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Abstract
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Abstract

Recent years, the node architecture of high performance computing (HPC) systems is
becoming more and more complex. On one hand, HPC systems are often coupled with
different kinds of processors such as central processing units (CPU) and accelerators (or
coprocessors). This kind of system is called a heterogeneous system. Accelerators are
often used in the field of HPC because they can accelerate some applications by up to
several orders of magnitude, compared to CPUs. On the other hand, more and more cores
are integrated into the HPC systems. The many-core architecture of the systems allows
a computation code to be executed in a highly-parallel fashion. To efficiently exploit
the computing power of a many-core system, parallel programming using many threads is
essential. Currently, there exist several parallel programming models. One popular model
is OpenMP which is the de-facto standard for shared memory parallel programming. It
introduces thread league and thread team for hierarchical parallelism. A thread league is
a league of thread teams, and a thread team is a team of synchronizable threads.

To deal with the heterogeneity of an HPC system, processor selection mechanisms are
required to effectively select an appropriate processor to execute a given application. On
the other hand, to deal with the many-core nature of an HPC system, load balancing
mechanisms are required to keep all the available cores as busy as possible. Therefore,
this dissertation focuses on discussing processor selection and load balancing mechanisms.

In the HPC field, the applications are also becoming complex to enable more advanced
simulations. Furthermore, the processor selection and load balancing mechanisms are of-
ten written in the applications, which further increases the complexity of the applications.
In many applications, the iterative computation of a particular loop nest consumes most
of the execution time. Such a loop nest is called a hotspot of the application. This disser-
tation focuses on such hotspots because it is expected to improve overall performance of
an application by improving the performance of the hotspot. This dissertation targets at
wrreqular applications, in which the execution time of each iteration of the hotspot changes
drastically. In this dissertation, a hotspot of an application is executed either on a CPU
or an accelerator, and the OpenMP target constructs are used to offload the hotspot to
an accelerator.

The objective of this dissertation is to keep HPC applications separated from pro-




Abstract

cessor selection and load balancing mechanisms. This dissertation specifically focuses on
processor selection and load balancing mechanisms because they are important to deal
with heterogeneity and many-core nature of an HPC system. The research approach is
to move processor selection and load balancing mechanisms out of the applications, and
to integrate those mechanisms into the OpenMP specification. In this way, the applica-
tions become easy to maintain in long-term software development because they do not
explicitly contain the two complex mechanisms.

This dissertation discusses one processor selection mechanism that is based on compiler
directive customization. This dissertation also discusses two load balancing mechanisms
that are thread management and workload management. Thread management is to adjust
the number of threads, and workload management is to adjust the number of iterations.

First, this dissertation discusses runtime processor selection for heterogeneous systems.
Suppose that one application is available for execution, OpenMP directives have already
been inserted into the application, and programmers want to avoid as many code modi-
fications as possible. Then, the processor appropriate for the execution depends on the
application features. One example of application features is the problem size that usually
affects the number of iterations of the hotspot. If the problem size is large, an accelerator
should usually be used. Otherwise, CPU execution is usually a better choice. In general,
a different version of the given application is suitable for each processor. In the case where
the problem size varies, programmers need to manually adjust different problem sizes and
maintain various code versions. In order to automatically select the appropriate processor,
this dissertation proposes directive customization to generate various code versions, each
of which is suitable for a different processor. To customize existing directives and define
new ones, an XML format is proposed to express the specifications of the directive, such
as directive name and clause name. A code translation framework, Xevolver, as well as
a directive parser, is used to transform source code associated with customized directives
to various code versions. In this dissertation, a runtime processor selection mechanism
based on the problem size is discussed as an example of processor selection. In the case
of selecting processors based on other features, different directives would be required.
Therefore, this dissertation discusses the necessity of directive customization.

Second, this dissertation discusses the importance of dynamic thread management
for OpenMP programming on many-core systems. When an application is executed us-
ing many threads, the overhead of synchronization among threads often becomes non-
negligible. Usually, the synchronization overhead increases with the number of threads.
In this dissertation, multiple thread teams are used for execution to reduce the number of
threads participating in synchronization and thereby reduce the synchronization overhead.
The current OpenMP specification (version 5.0) allows static adjustment of the number

of threads in each thread team, and all thread teams have the same number of threads.
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A conventional approach is to assign the maximum number of threads that allows a given
system to execute an application in order to maximize the parallelism. However, the
conventional approach might be ineffective because synchronization overhead is not taken
into account. If the overhead overwhelms the performance gain from using more threads,
the performance degrades by using more threads. Thus, there exists an optimal number
of threads that leads to the best performance. This dissertation shows that it is better
to adjust the number of threads in each team individually for irregular applications. It
means that the optimal number of threads in each team can be different. This is because
there is load imbalance across thread teams in the case of irregular applications, and one
solution to tackle the load imbalance is to use a different number of threads in each team.
In this dissertation, a static thread team size adjustment method is used to emulate a
dynamic one. The evaluation results show that adjusting the number of threads in each
team individually achieves a higher performance than the conventional approach. This
shows the importance of dynamic thread management for OpenMP thread teams.

Third, this dissertation discusses the advantages of dynamic workload management
among OpenMP thread teams. One more solution to tackle load imbalance across thread
teams is workload management, which is to adjust the number of iterations assigned
to each thread team. This dissertation uses a static workload management mechanism
to mimic a dynamic one, so as to estimate the upper bound of performance gain of
dynamic workload management excluding real scheduling overhead. It also estimates
the scheduling overhead according to two assumptions. The first one is that inter-team
scheduling overhead can be estimated using the intra-team scheduling overhead. The
second one is that the inter-team scheduling overhead increases exponentially with the
number of thread teams. By considering the estimated scheduling overhead, the evaluation
results show that dynamic workload management across thread teams achieves a better
performance in comparison with static workload management.

In conclusion, the performances of OpenMP codes are improved without major code
modifications if runtime processor selection, dynamic thread management, and dynamic

workload management are integrated into future OpenMP specification.
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Chapter 1

Introduction

1.1 Background

The clock frequency of a processor has been tremendously improved over last several
decades. Thanks to the improvement, the performance of a processor has been boosted
significantly. However, as Sutter mentioned: ”The free lunch is over” [1]. Nowadays,
increasing the clock frequency is becoming more and more difficult. What is worse, since
increasing the clock frequency alone is not sufficient any more to achieve high performance
for parallel applications, other approaches must be employed. One promising approach
to improve performance is to use a large number of relatively-low-frequency cores in a
computing system, so-called a many-core system. Today, many-core processors such as
Intel Xeon Phis [2] and NVIDIA Graphic Processing Units (GPUs) [3] are widely used in
the field of high performance computing (HPC).

In order to clearly define the terms used in this dissertation, Table 1.1 shows the
terminology in this dissertation. A hotspot is a loop nest that consumes most of the
execution time of an application. This dissertation focuses on the hotspot of a given
application because it is expected to improve overall performance of the application by
improving the performance of the hotspot. An wrreqular application is an application,
in which each iteration of its hotspot consumes a different execution time. An irregular

application can have multiple phases. One phase is a time period, during which multiple
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Table 1.1: The terminology in this dissertation.

Term Definition
Hotspot A kernel loop that consumes most of the execution time
of an application.

Irregular application | An application in which each iteration of its hotspot
consumes a different execution time.

Phase A time period during which multiple iterations are executed.
Each phase has a different performance characteristic.
Thread team size The number of threads in a thread team.
Load The amount of computation.

Thread management | Adjustment of the number of threads.

Workload management | Adjustment of the number of iterations.

iterations are executed while performance characteristics are unchanged. Thread team size
is the number of threads in a thread team, and a thread team is a bunch of synchronizable
threads. Load is the amount of computation. Thread management is adjustment of the
number of threads, and workload management is adjustment of the number of iterations.

Recent years, the node architecture of HPC systems is becoming more and more
complex. HPC systems are often coupled with different types of processors such as central
processing units (CPU) and many-core accelerators (or coprocessors). Such a system is
called a heterogeneous system. In the heterogeneous system, each type of processor has
its own performance characteristic, and thus choosing which type of processor to execute
a given application is a challenge. Accelerators are often used in the field of HPC because
they can accelerate some applications by up to several orders of magnitude, compared to
CPUs. One reason of the significant performance improvement is due to the many-core
architecture that allows a computation code to be executed in a highly-parallel fashion.

In the HPC field, applications are also becoming more and more complex to enable
more advanced numerical simulations. In addition, various mechanisms are often incorpo-
rated into a numerical simulation code so that the simulation can exploit the performance
of its target system. As a result, the code complexity further increases in comparison
with simply programming a numerical computation model.

More specifically, this dissertation targets irreqular applications since irregular appli-

cations can be commonly seen in real-world applications and encounter load imbalance
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1| for(int d = 0; d < numDomain; ++d){

2 for(int r =0; r < numRegion[d]; ++r){
3 for(int i =0; i < numElem[r]; ++i){
1 /*Loop body*/

5 }

6 }

7|}

Figure 1.1: An example of irregular applications.
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Figure 1.2: Fork-Join execution model of OpenMP.

easily. However, the performances of irregular applications using OpenMP have been
rarely studied. Figure 1.1 shows an example of irregular applications. In the exam-
ple, the lengths of inner loops depend on the loop index variables of their outer loops.
Thus, the execution time of each outermost loop iteration can change drastically. In this
dissertation, an application consists of multiple phases, and each phase has a different per-
formance characteristic. Therefore, the execution strategy (e.g., the number of threads
used for execution) of one phase is potentially different from that of another phase.

Due to the heterogeneity and many-core nature of a recent HPC system, parallel pro-
gramming is essential to exploit the computing power of such a system. Nowadays, several
directive-based parallel programming models, such as OpenMP [5] and OpenACC [7], have
been developed. Among the programming models, OpenMP is the de facto standard for
shared memory parallel programming.

The most basic execution model of OpenMP is called the fork-join model, as illus-

3
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1| #pragma omp target

> | #pragma omp teams num_teams (4) thread_limit (60)
s | #pragma omp parallel for

al for(i = 0; 1 < X; i++)A

5 /*Loop bodyx*/

6| F

Figure 1.3: A code example using target and teams constructs.

trated in Figure 1.2. When a thread encounters a teams construct, it creates master
threads, each of which is corresponding to one thread team. Each master thread creates a
team of threads when a parallel construct is encountered (Fork). When a thread finishes
its work, it waits for the other ones at an implicit barrier at the end of the parallel region.
When all threads arrive at the barrier, they join the master thread of the team (Join).
The OpenMP specification introduces thread league and thread team for hierarchical par-
allelism. A thread league is a set of thread teams. OpenMP specification version 4.0 [6] or
later allows programmers to use target constructs for offloading computations to acceler-
ators. Moreover, it allows programmers to use teams and parallel constructs for creating
multiple thread teams on the accelerators. A teams construct must be contained within
a target construct. One thread team works independently from other spawning threads
and their teams. The maximum number of created thread teams can be specified using
a num_teams clause, and the maximum number of threads in each team can be specified
using a thread_limit clause. A code example using target and teams constructs are shown
in Figure 1.3.

In this dissertation, the hotspot of an application is executed either on a CPU or an
accelerator. OpenMP target constructs are used to offload a hotspot to an accelerator.
A novel point of this dissertation is to use multiple thread teams to execute an irregular
application. The reason of using multiple thread teams is that using multiple thread
teams can reduce thread synchronization overhead compared to using a single thread
team. In general, the synchronization overhead increases with the number of joining

threads [69,90]. Since the threads in a team need to synchronize while the threads across
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teams do not need to synchronize, using multiple thread teams can reduce the number of
threads joining the synchronization, and thus reduce the synchronization overhead. More-
over, irregular applications may require frequent thread synchronization during parallel
execution. Therefore, it is better to use multiple thread teams rather than a single one

to execute irregular applications.
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1.2 Research problem and objective

A research problem is that advanced mechanisms are often written in HPC applications,
which messes up the applications and makes the applications difficult to maintain. This
dissertation focuses on two types of mechanisms. One is a runtime processor selection
mechanism and the other one is a load balancing mechanism. Processor selection and load
balancing mechanisms are obviously important because a processor selection mechanism
can deal with heterogeneity of an HPC system, and a load balancing mechanism can keep
all available cores of an HPC system busy. Here, a load balancing mechanism employs
either thread management or workload management. Thread management is to adjust the
number of threads in a thread team, and workload management is to adjust the number
of iterations assigned to each thread team.

In the current OpenMP specification (version 5.0), selecting a processor to execute a
hotspot is left to programmers. The programmers might need to severely modify an appli-
cation while keeping a particular processor configuration in mind so that the application
can select an appropriate processor at runtime. Particularly, an irregular application may
have several phases, and each phase is suitable for a different processor to be executed. It
means that an irregular application may require a different processor for a different phase.
This may further complicate the application. As a result, the application itself is messed
up, and thus the maintainability of the application would be severely degraded. Accord-
ingly, this dissertation discusses runtime processor selection without major modifications
of the original application.

In the case of execution using multiple thread teams, the current OpenMP specification
has two notable behaviors. First, by default, a number of running threads are equally
divided and assigned to each thread team, and thus each team has an equal team size.
The team size must be specified before executing an application and stays constant until
the end of the execution. Second, a loop is parallelized by evenly dividing the loop
length and assigning the iterations to each thread team. This kind of division is effective

when each iteration of the loop has the same execution time. However, this is not the
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computation cost:

||
loop length:
Iteration number: I
! ]
L [ [ [
| | | |
4 8 12

16

one thread:
0

IO Ntz vz

Team 0 Team 1l Team?2 Team 3

Figure 1.4: The occurrence of load imbalance when executing one phase of an irregular
application with multiple thread teams. The numbers represent the iteration number.

case for irregular applications. Since each iteration has a different execution time, load
imbalance across thread teams inevitably occurs. Figure 1.4 illustrates how equal division
can cause the load imbalance in one phase of an irregular application. In this figure, each
thread team has four threads, and the loop length is equally divided and assigned for each
team. Let’s assume that iterations 4-7 and 8-11 are the ones with the highest and lowest
execution times, respectively. Since team sizes are the same across thread teams, load
imbalance severely occurs between teams 1 and 2.

In order to deal with the load imbalance across thread teams, this dissertation presents
two approaches. The first one is thread management, and the second one is workload
management. Fach of the two approaches has its own advantages and disadvantages, as
illustrated in Figure 1.5. Current OpenMP divides a loop length evenly among thread
teams. In the case of irregular applications, such a kind of loop length division leads
to a different execution time of each thread team. Thread management aims to balance
the execution times of thread teams by adjusting the number of threads in each team. It
introduces a small runtime overhead as shown later in this dissertation. However, it cannot
finely adjust the the number of iterations assigned to each thread team. In addition, the
execution time does not necessarily reduce even if the number of threads increases. Hence,
adjusting the number of threads in each thread team may not lead to load balancing among

thread teams. On the other hand, workload management aims to balance the execution

7
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execution time: L 1 L 2 Y !
- L ] L] L] L] L}

loop length:

one thread: = — — —  — = " = e

; i 3
one thread team: [t “,_E
<

oz bszod | Bz | B ol | ool | ezzid |

(a) Thread management (b) Workload management

Figure 1.5: The differences between thread management and workload management.
Thread management adjusts the number of threads in each thread team, while work-
load management adjusts the number of iterations assigned to each thread team.

times of thread teams by finely adjusting the number of iterations assigned to each team
while keeps the thread team size unchanged. However, it may introduce a large runtime
overhead. Therefore, if the runtime overhead of workload management is smaller than
the performance gain, workload management can be used to tackle load imbalance across
thread teams. If the runtime overhead of workload management is so large that it kills
performance gain, thread management should be used to tackle the load imbalance.

The processor selection and load balancing mechanisms directly written in an applica-
tion severely mess up the application, and make the application difficult to maintain. The
objective of this dissertation is to separate processor selection and load balancing mecha-
nisms from HPC applications. The research approach is to move processor selection and
load balancing mechanisms out of the applications, and to integrate those mechanisms
into the OpenMP specification. In this way, the applications become easy to maintain
in long-term software development because they do not explicitly contain the two com-
plex mechanisms. Consequently, this dissertation discusses three topics that are processor

selection, thread management, and workload management.




1.2. Research problem and objective

First, this dissertation discusses runtime processor selection for heterogeneous systems.
Suppose that one application is available for execution, and it can be executed either on
CPU or accelerator, using OpenMP directives. Then, the processor appropriate for the
execution depends on the application features. One example of application features is
the problem size that is strongly correlated with the loop length of a hotspot in many
cases. It is assumed that an irregular application may have different code versions, each
of which has a different problem size. Generally, each code version may require a different
processor. If the problem size is large, an accelerator should usually be used. Otherwise,
CPU is usually used. In the case where the problem size varies, programmers need to
manually adjust the problem sizes and maintain all code versions. In order to select an
appropriate processor at runtime, this dissertation proposes directive customization to
generate various code versions, each of which is suitable for a different processor. It is
assumed that OpenMP directives have already been inserted into a given application, and
thus directive customization can use the existing directives and change the behaviors of
the directives. To customize existing directives and define new ones, an XML format is
proposed to express the specification of the directive, such as directive name and clause
name. A code translation framework, Xevolver [9,10], as well as a directive parser, is used
to transform source code associated with customized directives to various code versions.
In this dissertation, a runtime processor selection mechanism based on problem size is
discussed as an example of processor selection. Therefore, this dissertation discusses the
necessity of directive customization for runtime processor selection.

Second, this dissertation clarifies the benefits of dynamic thread management for
OpenMP programming on many-core systems. When an application is executed us-
ing many threads, the overhead of synchronization among threads often becomes non-
negligible. Usually, the synchronization overhead increases with the number of threads.
In this dissertation, multiple thread teams are used for executing an irregular application.
The current OpenMP specification allows static adjustment of the number of threads in
each thread team, and all thread teams have the same number of threads. A conventional

approach is to assign the maximum number of threads that allows a given system to
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execute an application in order to maximize the parallelism. However, the conventional
approach might be ineffective because synchronization overhead is not taken into account.
If the overhead overwhelms the performance gain from using more threads, the perfor-
mance degrades by using more threads. Thus, there exists an optimal number of threads
that leads to the best performance. This dissertation shows that it is better to adjust
the number of threads in each team individually for irregular applications. It means that
the optimal number of threads in each team can be different. This is because there is
load imbalance across thread teams in the case of irregular applications, and one solution
to tackle the load imbalance is to use a different thread team size. In this dissertation,
a static thread team size adjustment method is used to emulate a dynamic one. The
evaluation results show that adjusting the number of threads in each team individually
achieves a higher performance than the conventional approach by considering runtime
overhead.

Third, this dissertation clarifies the advantages of dynamic workload management
among OpenMP thread teams. One more solution to tackle load imbalance across thread
teams is workload management. This dissertation uses a static workload management
mechanism to mimic a dynamic one, so as to quantitatively discuss the upper bound of
performance gain of dynamic workload management excluding real scheduling overhead.
It also estimates the scheduling overhead according to two assumptions. The first one
is that inter-team scheduling overhead can be estimated using the intra-team scheduling
overhead. The second one is that the inter-team scheduling overhead increases expo-
nentially with the number of thread teams. By considering the estimated scheduling
overhead, the evaluation results show that dynamic workload management across thread
teams achieves a better performance in comparison with static workload management.

Accordingly, the contributions of this dissertation are threefold. First, it provides a
mechanism for runtime processor selection on heterogeneous systems. Second, it clarifies
the benefits of dynamic thread management across OpenMP thread teams. Third, it

clarifies the advantages of dynamic workload management across OpenMP thread teams.

10



1.3. Organization of the Dissertation

1.3 Organization of the Dissertation

The rest of the dissertation is organized as follows. Chapter 2 proposes an approach for
runtime processor selection using directive customization. Chapter 3 discusses thread
management across OpenMP thread teams. Chapter 4 discusses dynamic workload man-
agement across OpenMP thread teams. Chapter 5 gives concluding remarks of this dis-

sertation.
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Chapter 2

Runtime Processor Selection on

Heterogeneous Systems

2.1 Introduction

Recent years, HPC systems are becoming more and more heterogeneous. They are often
coupled with various types of processors. For example, one of the top 500 supercomput-
ers [11], Tianhe-2 [12], is equipped with Intel Xeon Processors and Xeon Phi Processors.
In such an HPC system, a different processor has a different performance characteristic.

The problem settings of processor selection are described as follows. First, this chapter
assumes that different processors (CPUs and accelerators) are available to execute an
irregular application, and the problem size is determined when executing the application.
An irregular application may have different code versions, each of which is written for a
different problem size. In general, each code version is suitable for a different processor.
Second, this chapter assumes that OpenMP directives have already been inserted into the
application for parallelizing the application.

A conventional approach to processor selection is to allocate data-parallel computation
on accelerators while allocating non data-parallel computation on CPUs. It is not always
the best solution since it underestimates the computing capability of CPUs. CPUs might

achieve comparable performances with accelerators even for some data-parallel computa-
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2.1. Introduction

if (USE_CPU == 1){
#pragma omp parallel for
for(Index_t gnode = 0; gnode < numNode; ++gnode){
/*Loop body*/
}
}
else if (USE_GPU == 1){
#pragma omp target data map(to: nodeElemStart[:lenl])
\ map(to: nodeElemCornerList[:1len2])
{
#pragma omp target teams num_teams (TEAMS)
\ thread_limit (THREADS)
# pragma omp distribute parallel for
for(Index_t gnode = 0 ;gnode < numNode; ++gnode){
/*Loop bodyx*/
}

Figure 2.1: An example where processor selection mechanism is written in the application.

tions.

Processor selection often needs various code versions of a given application, because
each processor requires a different code version. Moreover, code transformation is re-
quired to generate various code versions. It is because a given application needs to be
transformed in various ways to adapt for various processors. Many code transformations
are provided as the forms of compiler directives, because using compiler directives does
not severely mess up a given application. Usually, a compiler directive is associated with
one code transformation, and the transformation behavior can be changed by changing the
parameter values in the directive. Overall, to generate various code versions for processor
selection, various code transformations are required, and thus various compiler directives
are also required. One technical challenge is how to generate various code versions with-
out using various compiler directives, but using only one directive. The merit of using
only one directive is that programmers do not need to maintain all code versions.

The research problem of this chapter is that programmers need to implement a pro-

cessor selection mechanism in their applications, which messes up the applications and
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makes the applications difficult to maintain. Figure 2.1 shows an example where a proces-
sor selection mechanism is written in the application. In the example, the code sections
of CPU and GPU are explicitly separated by using an if-else statement. An omp parallel
for directive is used in the CPU section, and an omp target teams directive is used in
the GPU section. In this way, the loop body is duplicated, and thus the number of code
lines is almost doubled. Therefore, a processor selection mechanism written in a source
application makes the application difficult to maintain.

The objective of this chapter is to avoid severely modifying an application for runtime
processor selection. To this end, this chapter proposes directive customization. The
main idea behind the proposed approach is that directive customization can customize
the existing compiler directives in a given application, and change their behaviors of the
existing directives to generate various code versions without messing up the application
itself.

The current OpenMP specification does not provide any mechanism for processor
selection. Note that this chapter does not extend the OpenMP programming model itself.
However, this chapter extends the processor selection mechanism in the current OpenMP
specification. In the current OpenMP specification, programmers need to decide which
processor to be used to execute a computation kernel. In this chapter, a source code
can be transformed into various code versions by using customized directives, and a code
version associated with an appropriate processor is selected at runtime.

Directive customization basically requires two key components. The first component is
a directive format to express the directive specification, such as directive names and clause
names. This chapter proposes an XML format to express the directive specification. The
second component is a translation framework. This chapter uses Xevolver [9,10] and a
customizable compiler directive parser (CCDP) to translate a source code annotated with
customized directives into various versions, based on translation rules written in external
files. The generated code versions can be executed on various processors. More details
about the proposal can be found in Section 2.4.

The contributions of this chapter are threefold. First, this chapter presents an ap-
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proach to runtime processor selection using customized compiler directives. Second, this
chapter proposes an XML format to express directive specifications. Third, this chapter
introduces a directive parser that can parse a directive string into XML elements.

The rest of this chapter is organized as follows. Section 2.2 describes the related work.
Section 2.3 shows a motivating example for runtime processor selection. Section 2.4
presents the proposed approach to runtime processor selection. Section 2.5 shows the

evaluation results, and Section 2.6 gives concluding remarks of this chapter.
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2.2 Related work

This section describes the related work. It includes three parts. The first part discusses
related work with directive-based programming models. The second part presents related
work with code transformation, and the third part discusses some approaches to processor

selection.

2.2.1 Directive-based programming models

To ease the programming of HPC systems, directive-based programming models become
popular. Widely-used directive-based models include OpenMP [5] and OpenACC [7].
XcalableMP [15,16] is a directive-based parallel programming language for distributed-
memory systems. It provides global-view and local-view programming models to paral-
lelize a sequential program, and also supports OpenMP + MPI [17] hybrid programming.
The OmpSs [18,19] programming model is to extend OpenMP with new directives and
clauses to support asynchronous parallelism and heterogeneity. Though the latest version
of OpenMP has already supported such features, OmpSs can be considered as a precedent
of heterogeneity support.

Several researches have extended existing compiler directives to new ones. Lee et
al. [20] have extended the OpenMP directives for programming and tuning for GPUs,
which are called OpenMPC directives. XcalableACC [21] is a directive-based language
extension which is a combination of XcalableMP and OpenACC. OpenMPD [22] is another
directive-based extension of a data parallel language. It supports typical parallelization

patterns based on data parallel paradigm and work sharing.

2.2.2 Code transformation

ROSE [23] [24] provides a common infrastructure to support user-defined tools, so that
the users do not need to develop complicated implementations of code analysis and trans-
formation operations. It provides various high-level helper functions to do user-defined

code transformations by manipulating the Abstract Syntax Tree (AST), which describes
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how to handle loops, statements and expressions. For example, those functions can help
users set the lower and upper bounds of a loop, and insert, remove or replace an expres-
sion in the original code. As a result, ROSE users can implement their own translators
using those helper functions. In addition, the ROSE compiler allows users to create new
compiler directives. However, they need to develop and maintain their own directive
parsers in C++. Therefore, if users create their own directives using the ROSE compiler,
additional programming efforts and maintenance costs are required for such a directive
parser in addition to the application code.

Several script languages [26-29] have been proposed to support code transformation.
One of the noticeable script languages is the POET [25] language. POET stands for
Parameterized Optimizations for Empirical Tuning. The POET framework is essentially
a POET interpreter coupled with some transformation libraries. It can transform the
input codes in various ways, according to parameter values and the translation rules
written in external POET script files. The POET script language is used to describe the
translation rules of the transformations in the POET framework.

Although POET provides the POET language [28] [30] to describe the customized
translation rules, it does not support the definition of custom compiler directives. There-
fore, even if programmers define a special transformation rule, they cannot use a special
compiler directive to annotate the code to be transformed.

Xevolver [9,10] is an extensible programming framework that can expose an AST as
XML data to programmers in a text format. The original Xevolver implementation is built
on top of the ROSE compiler infrastructure, and achieves inter-conversion between ROSE
Sage III ASTs and XML ASTs. Thus, Xevolver can use user-defined code transforma-
tions as well as a large number of code transformations provided by the ROSE compiler.
Figure 2.2 shows the workflow of the Xevolver framework to transform the source code.
Firstly, a source code written in C or Fortran is parsed into ROSE Sage III ASTs using
the ROSE parser. Then, Sage III ASTs are converted to XML ASTs. After that, XSLT
(eXtensible Stylesheet Language Transformations) [13] [14] rules are applied to the XML

ASTs to convert them into new XML ASTs. XSLT is used to describe the translation
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Figure 2.2: The workflow of the Xevolver framework.

rules in external files. The new XML ASTs are then transformed back into ROSE Sage
IIT ASTs, which are finally unparsed into optimized versions of the source code using the
ROSE unparser. Different XSLT translation rules would result in different optimized ver-
sions of the source code. This chapter uses the Xevolver framework to generate different

code versions that are suitable for execution on different processors.

2.2.3 Processor selection

Some studies [31] [32] have proposed methods for selection of embedded processors.
Martin-del-Brio et al. [31] have presented an approach to embedded processor selection.
Their target systems are embedded systems. Their approach is based on self-organizing
maps [33,34], a neural network commonly used for visualizing large databases using the
form of two-dimensional maps. The resulting 'microprocessor maps’ is a valuable tool
for the design engineer to select a specific microprocessor or micro-controller device for
a particular embedded application. On the other hand, although this chapter basically
assumes a heterogeneous HPC system with many cores, the proposed approach can be
applied not only to HPC systems but also to embedded systems.

Mastronarde et al. [35] have presented a processor selection scheme for video-decoding
applications. Their purpose of selecting a proper processor is to minimize the queuing
delays of multimedia applications. The queuing delays are important for delay-sensitive
multimedia applications because the derived video quality depends on processing jobs
before their deadlines. Their approach is limited to multimedia applications, while the

processor selection approach introduced in this chapter does not have such a limitation.
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Takizawa et al. [36] have proposed a runtime processor selection mechanism for energy-
aware computing. Their purpose is to maximize the energy efficiency. They can generate
various code versions using the SPRAT framework [37]. Each code version is correspond-
ing to one computing engine. According to the runtime behavior of a code, SPRAT can
dynamically switch the computing engine for executing each code so as to minimize the
energy consumption. Unlike the approach in [36], this chapter uses directive customiza-
tion to generate multiple code versions. Each code version is suitable for execution on a

particular type of processor.
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Table 2.1: The experimental environment for motivating example.

OS CentOS Release 6.7
Host Intel Xeon CPU E5-2690 @2.9GHz
Accelerator | Intel Xeon Phi 5110P, 60 cores in total
Compiler | Intel compiler version 16.0.2 with -O3 option

2.3 Motivation

A motivating example of processor selection is shown in this section. An irregular appli-
cation is used for preliminary evaluation. As a typical example of irregular applications,
a ray tracing code is used as a target code. The experimental environment is shown in
Table 2.1. The ray tracing algorithm [93] [94] is one of the basic techniques to generate a
photo-realistic image in computer graphics. It renders an image by tracing the paths of
rays when they encounter objects. Figure 2.3 shows an example of the hotspot of the ray
tracing algorithm, which is based on the code available at [95], and modified to render
multiple images by adding the outermost loop and changing the camera position and the
sampling rate. In the example, all objects in the scene are fixed, and the camera position
is changed to generate a movie. An iteration of the outermost loop generates one frame
of the movie. The computational cost of tray tracing depends on the camera position,
and hence the execution time of each iteration of the outermost loop drastically changes.
Accordingly, the modified version of the ray tracing program is an irregular application.

In this example, the performances of executions on a CPU and KNC (Intel Xeon Phi,
Knights Corner series) are compared, while the image sizes are changed from 4 x 4 pixels
to 512 x 512 pixels. The execution on CPU uses a single thread, while the execution on
KNC uses 240 threads. An OpenMP target construct is used to offload the hotspot to
the KNC. The results are shown in Figure 2.4. The horizontal axis represents the image
sizes, and the vertical axis represents the speedup ratio against the CPU version.

The results in Figure 2.4 show that the CPU works faster than the KNC when the
image size is smaller than 16 x 16 pixels, while the KNC works faster when the image size
is greater than 16 x 16 pixels. It means that different processors are suitable for executing

different problem sizes. However, it is difficult to appropriately select an a processor if
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#pragma omp target data map(alloc:c[O:wxh],temp[0:N][0:wxh])
for (int t=0;t<N;t++){

#pragma omp target teams num_teams (4) thread_limit (60)

{

Ray cam = change_camera_position_here (t);
for (int y=0; y<h; y++){
samps = change_sampling_rate_here (t, y);

for (int x=0; x<w; x++){ // Image rows
for (int sy=0, i=(h-y-1)*w+x; sy<2; sy++){
for (int sx=0; sx<2; sx++, r=Vec()){

for (int s=0; s<samps; s++){
/*Calculate radiance */
/* It depends on materials of objects*/
/* It also depends on camera position &

direction*/
}

/*Accumulate radiance */

Figure 2.3: A code example of ray tracing.

the image size is determined at runtime. Therefore, this example motivates a runtime

processor selection mechanism to efficiently run the application for any image size.
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Figure 2.4: Performance comparison of CPU and KNC.
2.4 Runtime processor selection using directive cus-
tomization

This section discusses runtime processor selection using directive customization. First
of all, an XML-based approach to directive customization is described. The XML-based
approach is used because it is easy to collaborate with the code translation framework,
Xevolver, which also uses XML-based ASTs. Then, processor selection based on directive

customization is discussed.

2.4.1 An XML-based approach to directive customization

This subsection presents an XML-based mechanism that allows programmers to customize
existing compiler directives. The mechanism consists of the CCDP and an XML format.
The CCDP can convert a directive string into XML elements, so that translation rules in
XSLT can easily handle parameters in the directive string. The XML format is used to
describe the specification of the customized directives, such as directive names, clauses,

and their arguments.
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Figure 2.5: The overview of the Xevolver-CCDP framework.

2.4.1.1 The overall framework for customization of compiler directives

The programming framework discussed in Section 2.4.1.1 is constructed by collaboration
between CCDP and Xevolver. Figure 2.5 illustrates the overall programming framework,
called the Xevolver-CCDP framework. In the Xevolver-CCDP framework, a directive
parser as well as C and Fortran parsers is provided. In addition, the specifications of
user-defined directives are described in an XML format. Then, the directive parser can
parse the directive strings and convert them into XML elements defined by the XML
format. Finally, the XML elements are used by Xevolver to configure its translation rules.
Note that the source code is also converted into an XML document, i.e., an XML AST.
As a result, it is expected that the translation rules in XSLT can handle the directives
and the source code in the same manner. Therefore, the Xevolver-CCDP framework can
transform the source code into various code versions that are suitable for various types of
Processors.

By using the proposed XML format to describe the directive specification, the Xevolver-
CCDP framework can separate the directive definition from the translation rules. It leads

to two advantages as follows: (1) The specification of a directive, such as its directive
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name, clauses, and parameters, can be clearly seen in the XML format. (2) The trans-
lation rules in the Xevolver-CCDP framework become reusable because analysis of a
directive string is given to the directive parser. The programmers do not need to rewrite
a new translation rule as long as the transformation rules are unchanged.

The CCDP converts a directive string into XML elements, based on the specifica-
tion described in an XML format. CCDP assumes that the syntax of every customized
directive follows that of an OpenMP directive. By converting the directive string into
XML elements, the clauses and parameter values of the directives can be clearly seen in
the XML elements. Then, the translation rules in XSLT can easily handle the param-
eter values that are expressed in XML. The CCDP is responsible to recognize different
components in a directive string according to different keywords set in the specification
description, and most importantly, to replace the parameter values in the specification
with the values in the directive string. This is to ensure that the parameter values written

in a directive appear in an output XML document.

2.4.1.2 The XML data format for customizing compiler directives

Suppose that the C language is used in application development. Then, a compiler direc-
tive may usually contain the following components: A symbol #, a keyword pragma, a
keyword indicating the directive type and a directive name. One or more clauses and their
parameter lists could be additionally written in the directive. For example, regarding an
OpenMP directive "#pragma omp parallel num_threads (5)”, the keyword pragma is fol-
lowed by the directive type omp, which indicates that it is an OpenMP directive. Then,
the directive name parallel appears after omp, followed by the clause name num_threads.
Finally, the clause takes a parameter list that is 4 in this case.

In order to describe different components of a customized compiler directive, several
keywords are provided in the XML format. The XML format is called the extensible
directive definition markup language (XDDML). Assuming that a compiler directive in
the C language starts with "#pragma”, the specification of a compiler directive requires

one or more keywords for directive names, clause names, and parameter lists. Therefore,
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1| <DEFS>

2 <DIRECTIVE name = "x">

3 <CLAUSE name = "y">

4 <PLIST>

5 <IDENTIFIER name = "z">
6 <LI value = "a"/>
7 </IDENTIFIER>

8 </PLIST>

9 </CLAUSE>

10 </DIRECTIVE>

1| </DEFS>

Figure 2.6: The XML format to express custom compiler directives.

Table 2.2: The Descriptions of the keywords.

Keyword Description Optional or not
DEFS Indicates the beginning and | No. It is mandatory
the end of a directive defini-
tion
DIRECTIVE | Indicates the name of a di- | No. It is mandatory
rective
CLAUSE Indicates the clause name of | No. It remains even if no
a directive clause in the directive. In
such case, the clause name
is blank
PLIST Indicates the parameter list | Yes. It can be omitted if
in a directive. It is used | the number of parameters is
when the number of param- | fixed
eters is unfixed
IDENTIFIER | Indicates the identifier in a | Yes. It can be omitted if no
directive identifier in the directive
LI Indicates the parameter list | Yes. It can be omitted if no
item parameter in the directive

several keywords are provided in the XDDML.

Figure 2.6 shows the XDDML to describe the specification of custom compiler direc-
tives. Using XDDML, the definition of a custom compiler directive is described in an XML
document with predefined keywords such as DEFS, DIRECTIVE, and CLAUSE. The root
element of a compiler directive definition file is expressed with keyword DEFS. Keyword
DIRECTIVE indicates the directive name. Keyword CLAUSE indicates a clause that

can appear in the directive string. Besides, there are keywords, such as PLIST, IDEN-
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TIFIER and LI, which indicate a parameter list, an identifier and a parameter list item,

respectively. Table 2.2 lists the descriptions of all the keywords.

1| <DEFS>

2 <DIRECTIVE name = "flatten">
3 <CLAUSE name = "param">

4 <LI value = "a"/>

5 <LI value = "b"/>

6 </CLAUSE >

7 </DIRECTIVE>

9 <DIRECTIVE name = "interchange">
10 <CLAUSE name = "loop">

11 <LI value = "x"/>

12 <LI wvalue = "y"/>

13 </CLAUSE >

14 </DIRECTIVE>
15| </DEFS>

Figure 2.7: Directive definition using XDDML.

1| for(i = 0; i < 50; i++){

2 X =i+ 1;

3 Y = 4 % i;

1 #pragma xev flatten param(1l, 1000)
5 for(j = X; j < Y; j++){

6 sum = sum + 3;

0| #pragma xev interchange loop(1l, 2)
un|for(i = 0; i < 100; i++)A{
=0; j < 100; j++){

12 fOI‘(j

13 sum = sum + 3;
14 }

15 }

Figure 2.8: Compiler directives in the original code.

The XDDML is designed to define OpenMP-like directives. Figure 2.7 shows an ex-
ample of the XDDML to describe the custom compiler directives annotated in the source

code shown in Figure 2.8. The directive string "#pragma zev flatten param(1, 1000)” is
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described using XDDML. The directive type is given as xewv, the directive name is indi-
cated as flatten, and the clause name is written as param. The directive string contains
two parameter values, 1 and 1000. Thus, in the specification description, two parameters
are specified using the keyword LI Note that the parameter values in the specification
description can be different from that in the real directive. Accordingly, in Figure 2.7,
the parameter values are designated as some variables, such as a and b, instead of 1 and
1000, respectively. The parameter values are explicitly listed in the description of the
directive specification. It allows XSLT rules to easily extract and even modify the pa-

rameter values, because the directive string is expressed using XML elements that can be

handled in XSLT rules.

2.4.2 Runtime processor selection based on directive customiza-
tion

As an example of directive customization, by using the XDDML, an OpenMP directive
"H#pragma omp parallel” is customized to have a special clause named ”cond”. The direc-
tive definition using XDDML is shown in Figure 2.9. This directive is used to automat-
ically generate three code versions, which are a single-thread version, a multiple-thread
version, and a KNC version, respectively. The generated code versions are illustrated in
Figure 2.10. The single-thread version contains no OpenMP directives, which means the
code is executed on CPU using a single thread. The multiple-thread version contains
the directive "#pragma omp parallel for num_threads(auto)”, which means the code is
executed on CPU using multiple threads. The KNC version includes an OpenMP target
directive "#pragma omp target”, which means the code is offloaded to an accelerator for
execution. The code transformation rule associated with the directive "#pragma omp
parallel cond(N1, N2)” is implemented using XSLT. The directive string contains two
parameter values, "N1”7 and “N27, which describe two thresholds. The thresholds are
given by programmers, and they can be obtained by offline tuning.

By comparing the two thresholds with the problem size N of a given application,
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1| <DEFS>

2 <DIRECTIVE name = "parallel'">
3 <CLAUSE name = "cond">

4 <LI value = "N1"/>

5 <LI value = "N2"/>

6 </CLAUSE>

7 <CLAUSE name = "num_threads">
8 <LI value = "a"/>

9 </CLAUSE>

10 </DIRECTIVE>

1| </DEFS>

Figure 2.9: The definition of the customized OpenMP directive.

one can select an appropriate processor to execute the application. Figure 2.10 shows a
simple example of selecting a code version for execution. If the problem size N is smaller
than the threshold N1, the single-thread version is selected. Else if the problem size N is
smaller than the threshold N2, the multi-thread version is selected. Otherwise, the KNC
version is selected. The three code versions are listed using 7if-else” statements as shown
in Figure 2.10. Therefore, only one of the three versions will be selected for execution at
runtime. The two thresholds N1 and N2 are important factors to properly select one type
of processors to execute the application. The values of the thresholds can be obtained
after one trial run of the given application.

In Section 2.4.2, processor selection based on the problem size is discussed as an
example of processor selection. In the case of selecting processors based on other features,

different customized directives would be required.
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1| 1f (N<N1){

2 /*single-thread version executed on CPUx*/
3 for(i=0;i<N;i++){

4 /*Loop bodyx*/

5 }

| }

7| else if (N<N2){

5 /*multi-thread version executed on CPUx*/
9 #pragma omp parallel for num_threads (X)
10 for(i=0;i<N;i++){

1 /*Loop bodyx/

12 }

|}

| elseq

15 /*KNC version executed on acceleratorx*/
16 #pragma omp target

17 #pragma omp paralle for

18 for(i=0;i<N;i++){

19 /*Loop bodyx*/

20 }

21 }

Figure 2.10: Three code versions generated by the customized OpenMP directive using
"if-else” statements.

2.5 Evaluations

2.5.1 Experimental setup

The system used for evaluation is the same as in Section 2.3. In the evaluation, three
target applications are used. They are ray tracing, Sieve of Eratosthenes (SoE), and
n-body simulation applications.

The SoE [38,39] is a simple algorithm to calculate prime numbers that are smaller
than a given number. It does so by iteratively eliminating the multiples of each prime
number. The kernel of the SoE code is shown in Figure 2.11, which is based on the code
available at [40]. It is an irregular code because the loop length of the inner loop depends
on the loop index of the outer loop. Therefore, each iteration of the outer loop costs a
different execution time.

The n-body simulation [41] is a simulation of particles’ movement under the influence
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1] for(i = 2; i < size; i++){

2 if (prime[i] = PRIME){

3 for(j =i + i; j < size; j += i){
4 prime[j] = NONPRIME;

5 }

6 }

7|}

Figure 2.11: The kernel loop of SoE.

Table 2.3: Some parameters used in n-body code.

TIME_LIMIT | TIME_STEP | Dataset
316 1 Dubinski

of physical forces, such as gravitational force. The Barnes-Hut [42-44] algorithm is a
typical method used in n-body simulation to reduce the computational complexity. In
the Barnes-Hut algorithm, the space of particles is divided into small cells, and only
interactions between particles from nearby cells need to be treated individually. Particles
in distant cells are treated as a large particle whose mass center is the center of the distant
cell’s center of mass. The cells are also refined to smaller ones in the case of many particles
per cell. In this way, the number of particle pair interactions is drastically reduced, and
thus the computational complexity is drastically reduced. Figure 2.12 shows an example
of n-body codes using the Barnes-Hut algorithm, which is based on the code at [45]. In
this code, an octree [46-48] is firstly constructed, and each node of the octree represents
a cell of particles. Then, the mass center of each node is calculated. Finally, the forces
are calculated and the particles are updated by applying the forces. The n-body (Barnes-
Hut) code is irregular because the particles’ distribution is irregular, and thus traversing
the octree costs a different time for a different node. Furthermore, it uses approximation
to calculate forces, and thus calculating forces costs a different time for a different node.
Some parameters used in the evaluation of n-body code are shown in Table 2.3. Note
that the dataset of particles used in the evaluation is Dubinski [49,50] dataset, which is
a typical dataset in n-body simulation.

Three code versions of each target application are generated. The single-thread version
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for(time =0.0; time <TIME_LIMIT; time += TIME_STEP)
{

// Construct octree

for (long i = 0; i < N; i++) {
octree_insert (&roots[idx], particles([i],
\ &node_count [idx]) ;

+

// Calculate the mass center

for (long i = 0; i < 8; i++) {
octree_transform(microot, &micmemptrs[i], &roots[i]);

}

// Calculating forces and updating particles

#pragma omp target map(tofrom:particles[0:N])

\ map(to:microot [0:total_nodes])

#pragma omp teams num_teams (2) thread_limit (120)

\ shared(N,max_lim, min_1lim)

#pragma omp parallel for schedule(static)

for (long i = 0; i < N; i++) {
physics_calc_force_mic(microot, microot, &particles[i]);
physics_apply_force (&particles[i], max_lim, min_lim);

3

Figure 2.12: An example of n-body codes using Barnes-Hut algorithm.

is executed on CPU using one thread. The multi-thread version is executed on CPU
using multiple threads. OpenMP parallel for directive is used for parallel execution, and
num_threads clause is used to assign the number of threads. The KNC version is executed

on Intel Xeon Phi using OpenMP target directive with 240 threads.

2.5.2 Evaluation results

The evaluation results of the ray tracing code are shown in Figure 2.13. The horizontal
axis represents image sizes, and the vertical axis represents the speedup ratios against
the single-thread version. The results show that the 8-thread version achieves the best
performance when the image sizes are smaller than 64 x 64 pixels, and the KNC version
achieves the best performance when the image sizes are larger than 128 x 128 pixels. The

8-thread version achieves up to 6.4x speedup against the single thread version when the
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Figure 2.13: Performance comparisons of different code versions of ray tracing.

image size is less than 64 x 64 pixels. The KNC version achieves up to 9.3x speedup
against the single-thread version when the image sizes are larger than 128 x 128 pixels.
This indicates that the CPU instead of the KNC should be selected when the problem
size is not large, because CPU provides enough parallelism for small and medium problem
sizes. On the other hand, the KNC should be selected when the problem size is large,
because the KNC instead of the CPU can provide higher parallelism for a large image
size. For a certain image size, the performances of single-thread, 2-thread, 4-thread, and
8-thread versions are saturated because the maximum parallel efficiency is achieved on
CPU for those code versions. In this case, N1 can be equal to 5, and N2 can be equal to
65.

The evaluation results of SoE are shown in Figure 2.14. The horizontal axis represents
size, and the vertical axis represents the speedup ratios against the single-thread version.
The performance results show that CPU performs better than KNC when the size is 1000,
while KNC performs better than CPU when the size is larger than 10000. In this case,

N1 can be equal to 0, and N2 can be equal to 1001.

32



2.5. Evaluations

14

1.2 M single-thread

1 -
0.8 -
06 -
0.4
0.2

0

1.00E+03 1.00E+04 1.00E+05 1.00E+06 1.00E+07 1.00E+08

M 2-thread

W 4-thread

m 8-thread

mKNC

Speedup ratio

Size
Figure 2.14: Performance comparisons of different code versions of SoE.

The evaluation results of n-body are shown in Figure 2.15. The horizontal axis repre-
sents the number of particles, and the vertical axis represents the speedup ratios against
the single-thread version. The performance results show that different code versions lead
to different performances. When the number of particles is medium such as 2048, CPU
achieves a better performance than KNC. If the number of particles is large such as
32768, KNC performs better than CPU because KNC provides higher parallelism for a
large number of particles. In this case, NI can be equal to 129, and N2 can be equal to
8193.

Note that the two thresholds introduced in Section 2.4.2 can be designated by pro-
grammers. In the evaluations, the thresholds N7 and N2 need to be set properly. In
order to find the two thresholds, N1 and N2, programmers need to do offline tuning.
With proper settings of the two thresholds, programmers can use directive customization
to select an appropriate processor (CPU or KNC) at runtime for the target codes with
various problem sizes.

The evaluation results show that NI and N2 are not sensitive to affect performance
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Figure 2.15: Performance comparisons of different code versions of n-body.

if the values of NI and N2 do not exceed a range. It is because NI and N2 are not
sensitive to affect processor selection decision. As long as the processor selection decision
is unchanged, the performance is unchanged.

If directive customization is used, a source program can be transformed into various
code versions without messing up the program itself. Conversely, if directive customization
is not used, programmers need to severely modify the program by duplicating code sections
as shown in Figure 2.1. In terms of the number of code lines, there is a big difference
between the manual code modification and the proposed directive customization approach.
Figure 2.16 shows the difference of the number of code lines for each target code. The
figure shows that the number of code lines is significantly reduced by using directive
customization. It implies that, by using directive customization, a source program can be

kept clean and easy to maintain.
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Figure 2.16: The difference of the number of code lines for each target application.
2.6 Conclusions

The objective of this chapter is to avoid severe code modifications for runtime proces-
sor selection. To this end, this chapter proposes directive customization. An OpenMP
directive is customized, and three code versions of a given application can be generated
using the Xevolver-CCDP framework. The code versions include a single-thread version,
a multi-thread version and a KNC version. They are listed one by one using if-else state-
ments. By comparing two given thresholds with the problem sizes of a given application,
an appropriate processor can be selected at runtime to execute the application.

This chapter demonstrates that combining code transformation and directive cus-
tomization can satisfy the requirements for runtime processor selection of existing irregu-
lar OpenMP codes. In addition, directive customization can help programmers to reduce
code modifications for runtime processor selection, and thus a given application can be

kept clean and easy to maintain.
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Chapter 3

Dynamic Thread Management for

Irregular Applications

3.1 Introduction

Nowadays, the architecture of HPC systems is becoming complex with more and more
cores integrated into the systems. Therefore, parallel programming is essential to exploit
the computing power of the HPC systems. However, parallel programming for HPC
systems is becoming more challenging because programmers often need to exploit massive
thread-level parallelism on the system.

Fortunately, the OpenMP programming model provides various compiler directives
and runtime library routines to help programmers to exploit thread-level parallelism.
The number of threads used for executing an HPC application is an important factor
for thread-level parallel execution. This is because a different number of threads leads
to a different parallel efficiency. Thus, programmers often need to adjust the number of
threads in order to achieve a high parallel efficiency, and thus a high performance.

Tuning the number of threads to execute an application remains challenging. This
is because it is difficult to know the optimal number of threads before execution. A
conventional approach is to use the maximum number of threads that allows a given

system to exploit the parallelism of an application as much as possible. However, it is not
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always a good solution. The synchronization overhead usually increases with the number
of threads joining the synchronization. If the overhead overwhelms the performance gain
from using more threads, the performance degrades by using more threads. Thus, there
exists an optimal number of threads that leads to the best performance.

This chapter focuses on irregular applications. It is difficult to efficiently parallelize
an irregular application with many threads, because load imbalance is inevitable and also
thread synchronization becomes expensive. This chapter demonstrates that the use of
multiple thread teams to execute an irregular loop is beneficial because it can reduce the
thread synchronization overhead at a certain level. However, use of multiple thread teams
does not completely solve the load imbalance among thread teams. Conversely, it might
exacerbate the load imbalance problem.

The research problem of this chapter is load imbalance across thread teams for irregular
applications. To solve the load imbalance across thread teams, this chapter discusses
dynamic thread team size adjustment, which is to adjust the number of threads in each
thread team at runtime.

The objective of this chapter is to investigate the benefits of dynamic team size ad-
justment on the performance of irregular kernels, under the assumption where the syn-
chronization overhead is large and use of multiple thread teams is thus beneficial to attain
efficient execution. To this end, this chapter uses a static team size adjustment method to
emulate a dynamic one. The upper bound of performance gain by introducing dynamic
thread team size adjustment is estimated by exploring the performances of many possible
team size combinations in each phase and accumulating the best performance of each
phase. Based on the upper bound of performance gain, the practical performance gain
is also discussed by considering the runtime overhead required for dynamic thread team
size adjustment.

The contributions of this chapter are twofold. First, this chapter presents a method to
emulate dynamic thread team size adjustment. Second, this chapter introduces a method
to estimate the upper bound of runtime overhead of dynamic thread team size adjustment.

The rest of this chapter is organized as follows. Section 3.2 reviews the related work.
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Section 3.3 gives motivating examples of dynamic thread team size adjustment. Sec-
tion 3.4 presents a way of estimating the performance gain from dynamic thread team
size adjustment. Section 3.5 shows the performance evaluation results, and Section 3.6

concludes this chapter.
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3.2 Related work

Schonherr et al. [54] have proposed an approach to dynamic thread teams in OpenMP
programming. They categorize threads in a thread team into active and idle threads. A
dynamic thread team is a team of which the number of active threads can be dynamically
adjusted. In their approach, they maintain the overall number of threads in a team
constant, and dynamically change the number of active threads while putting idle threads
into sleep. In this way, they can dynamically adjust the number of active threads in a
thread team without violating OpenMP specification. Their work considers adjusting the
number of threads in a thread team for multi-core systems. The purpose of their research
is to solve undersubscription and oversubscription problems. On the other hand, this
chapter aims to solve the load imbalance across multiple thread teams by adjusting the
thread team size. The idle threads in a thread team are migrated to other teams instead
of putting idle threads into sleep. This chapter discusses the benefits of extending the
OpenMP specification for dynamically changing the number of threads in multiple thread
teams.

Several studies [55-58] have provided various ways to adjust the number of threads
for many-core systems such as GPUs and Xeon Phis. They use different programming
models, either in CUDA [59] or OpenCL [60]. Wang et al. [55] have presented a dy-
namic thread block launch mechanism in CUDA programming. This mechanism allows
a thread to dynamically launch a thread block, and thus supports nested launching of
thread blocks. Lashgar et al. [56] have presented an approach to dynamically adjust the
number of threads in a warp for GPUs. Hsu et al. [57] have implemented a runtime opti-
mization mechanism that can adjust work-group size and merge work-items in OpenCL
programming. Yang et al. [58] have provided a way to manage parallelism from compiler’s
perspective. They designed a CUDA compiler that allows two thread blocks to merge into
one, as well as two threads merge into one. By doing so, the number of expensive global
memory accesses is expected to reduce, and data reuse is expected to increase, which

leads to performance gain. All those researches use programming models different from
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OpenMP. This chapter focuses on adjusting the number of threads in OpenMP thread

teams.

40



3.3. Motivating examples

Table 3.1: The system for preliminary evaluations.

OS CentOS Release 6.7
Host CPU | Intel Xeon CPU E5-2690
Accelerator | Intel Xeon Phi 5110P, 240 threads maximum
Compilation | Intel compiler version 16.0.2 with -O3 option

3.3 Motivating examples

Two motivating examples are shown in this section. The first example shows the impor-
tance of using multiple thread teams, and the second example shows the importance of
adjusting thread team size. Two irregular applications are used for the examples. One is
a ray tracing code that is the same as in Section 2.3, and the other is a SoE code that is

the same as in Section 2.5. The system used is shown in Table 3.1.

3.3.1 The importance of using multiple thread teams

This subsection shows that multiple thread teams rather than a single one are required to
efficiently execute an irregular code. Multiple teams in OpenMP are originally introduced
for nested parallelism. However, in this experiment, the purpose is not to provide such
nested parallelism. This subsection investigates the performance changes according to the
number of thread teams. Therefore, in the experiment, the execution times for different
image sizes are measured by changing the number of thread teams. The number of thread
teams and the thread count in each team can be specified using the OpenMP directives.
Although the number of teams varies from 1 to 60, the overall thread count is maintained
as 240 regardless of how many teams are created.

The results of the experiments are shown in Figure 3.1. Different curves represent
different image sizes. The horizontal axis represents the number of thread teams used
for execution, and the vertical axis represents the execution time in seconds. Figure 3.1
illustrates that a different number of teams lead to a different performance even if the
image size is unchanged. Furthermore, multiple teams outperform a single one across all
image sizes when the number of teams is less than 16. If the number of teams is too

large such as 60, it might lead to a worse performance than using a single team, because
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Figure 3.1: Performances with different numbers of thread teams across various image
sizes.

too few threads in each team hurt the parallelism in a team. Thus, the above motivating
experiment indicates that using multiple teams is potentially better than using a single

team for irregular loop nests.

3.3.2 The importance of adjusting thread team size

This subsection shows the importance of adjusting thread team size. The ray tracing and
SoE codes are executed using four thread teams. The image size is set to 256 x 256 pixels
for ray tracing, and the problem size of the SoE is set to 1.0 x 107. A thread team size
can be designated using a thread_limit clause in a teams construct. The execution time
is measured, while the team size is changed from small to large. Here, all thread teams
have the same team size.

The performance evaluation results of ray tracing and SoE are shown in Figures 3.2
and 3.3, respectively. The horizontal axis represents the thread team size, and the vertical

axis represents the execution time, in both figures. Figures 3.2 and 3.3 show that different
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Figure 3.2: Performances with different team sizes for ray tracing. Four thread teams are
used for execution.

team sizes lead to different performances. The best team sizes for ray tracing and SoE
are 55 and 60, respectively. The figures also indicate that using a larger team size may
not always result in a better performance. This is because using more threads may
introduce larger synchronization overheads. There can be a transition point when the
synchronization overhead overwhelms the performance gain from using more threads.
The results in Figures 3.2 and 3.3 imply that the thread team size needs to be adjusted.
However, the best team size is unknown in advance of an application execution. Therefore,

this chapter discusses dynamic adjustment of thread team size for irregular applications.
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Figure 3.3: Performances with different team sizes for SoE. Four thread teams are used
for execution.

3.4 Performance estimation methodology

This section discusses a methodology for estimating the upper bound of performance gain

and the runtime overhead of dynamic thread team size adjustment.

3.4.1 Methodology for estimating upper bound of performance

gain from dynamic thread team size adjustment

This subsection introduces a method to estimate the upper bound of performance gain

from dynamic thread team size adjustment. The method is summarized as follows.

e A given application is assumed to be executed using multiple thread teams. The
application execution consists of multiple phases. The performance characteristic
of the application changes from phase to phase, and hence the thread teams size
should be adjusted for each phase. The numbers of thread teams and phases are

denoted as M and N, respectively.

e The execution time of each team for every phase is measured while the team size
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is changed. The thread team size for team j is denoted as s; (j = 0, M —1). A
thread team size vector v is defined as a vector of the thread team sizes, as shown
in Eq. (3.1).

V= (80,81,...,SM_1). (31)

The current OpenMP specification supports static adjustment of thread team size
vector. The thread team size vector is designated in advance of execution. Thus,
with a fixed thread team size vector, the application is executed from beginning to
end while measuring the execution time of each phase. The execution is repeated
while changing the thread team size vector. As a result, one can obtain the best
thread team size vector for each phase that can minimize the execution time of the

phase.

e The best execution times of all phases are accumulated to estimate the overall
execution time d that can be achieved if dynamic thread team size adjustment works
perfectly without any runtime overhead. In other words, d is the upper bound of

performance gain due to dynamic thread team size adjustment.

Let ti(v) be the execution time of phase i (i = 1, N) when the thread team size vector
is v. The execution time d of an application using dynamic thread team size adjustment
can be estimated using Eq. (3.2). In Eq. (3.2), the shortest execution time of each phase
is accumulated to estimate the overall execution time d, without considering any runtime
overhead. Thus, this equation can be used to estimate the upper bound of performance

gain from a dynamic thread team size adjustment mechanism.

d= Z min ¢;(v). (3.2)

To put it simple, Figure 3.4 illustrates the idea of estimating the upper bound of perfor-
mance gain due to dynamic team size adjustment. Suppose that an irregular application
has N phases. In each phase, the execution time changes with the number of threads.

There exists an optimal number of threads that leads to the shortest execution time in
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Figure 3.4: Illustration of estimating the upper bound of performance gain due to dynamic
team size adjustment.

each phase. The shortest execution times of all phases are accumulated to estimate the

upper bound of performance gain due to dynamic team size adjustment.

3.4.2 Methodology for estimating runtime overhead of dynamic

thread team size adjustment

This subsection presents a method for estimating the runtime overhead of dynamic thread
team size adjustment.

The main idea of dynamic thread team size adjustment is to dynamically migrate idle
threads from one team to another. In this approach, the thread migration is performed by
destroying the current thread teams and spawning new ones with different thread team
sizes. It is expected that the runtime overhead in such a case is larger than other cases
where thread migration is performed without destroying and spawning thread teams.

The performance improvement obtained from such thread migration substantially de-

pends on the algorithm employed for the team size adjustment. To determine the upper
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Figure 3.5: Three procedures of a parallel execution.
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Figure 3.6: Migrating one thread from team 0 to team 1 is performed by destroying teams
0 and 1, and then spawning new teams 0’ and 1’.

bound of performance improvement, this chapter assumes an oracle algorithm that can
achieve a perfect thread assignment in a single step. Furthermore, this chapter assumes
that the procedure of a parallel execution can be divided into three steps, as shown in
Figure 3.5. The first step is to start creating thread teams, the second step is to start
parallel execution, and the third step is to start destroying thread teams. Last but not
least, this chapter assumes that the time of spawning threads in a thread team is propor-
tional to the number of threads, which indicates that spawning more threads costs more
time.

Figure 3.6 illustrates the migration of one thread from one thread team to another. In
this figure, two thread teams, teams 0 and 1, are considered. Initially, teams 0 and 1 both

consist of three threads. To migrate one thread from team 0 to team 1, both teams are
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Figure 3.7: Execution procedure of teams j and j'. Team j has a step of destroying the
team while team j' does not have such a step.

first destroyed where the time of destroying team j is denoted as td(j), and then teams
0" and 1’ are spawned where the time of spawning team j’ is denoted as ts(j’). Note that
an oracle algorithm of dynamic thread team size adjustment is assumed. Therefore, team
j' has the best thread team size.

For N phases, the overall runtime overhead is estimated by summing up the runtime
overhead of each phase. For a specific phase, the runtime overhead is estimated by
choosing the maximum overhead of each thread team. For a specific thread team, the
runtime overhead is estimated by summing up the time of destroying the current team
and the time of spawning a new team. Eq. (3.3) shows the overall runtime overhead of N

phases, and each phase is executed using M thread teams.
N
overhead = Z max (td;(j) + ts:(j')). (3.3)
= 7

Here, td;(j) and ts;(j') represent the time of destroying team j in phase i and the time
of spawning new team j' in phase i, respectively.

During the execution of an irregular application, some threads finish their executions
earlier than other threads. As a result, more and more threads become idle in a certain
thread team as the execution proceeds. A challenge is to decide when to destroy a thread
team. When a thread team is destroyed, all the threads in the team forcefully exit a
parallel region and join the master thread of the team. However, destroying active threads
requires to unwind the stacks of the threads [63] and deallocate the memories [64]. This

is why destroying active threads is more expensive than destroying idle threads.
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Figure 3.8: The idea of implementation.

Note that thread migration occurs when at least one thread finishes its work and
becomes idle. In this approach, all teams are destroyed when the fastest thread in team
j is found idle. This ensures that the time of destroying team j is the longest because
as more threads in team j become idle, the time of destroying team j becomes smaller.
Therefore, the time for destroying a thread team is expected to be the longest if the team is
destroyed when the fastest thread in the team becomes idle. As a result, one can estimate
the upper bound of the runtime overhead for dynamic thread team size adjustment.

Figure 3.7 shows the execution procedure of teams j and j'. The time stamp of the
i-th (i = 1, 3) step is recorded as Pi. Moreover, the time stamp is recorded as P4 at the
end of a parallel execution. Accordingly, the td(j) and ts(j’) can be obtained by using
Eq. (3.4).

td(j) = P4(j) — P3(j),
(3.4)
ts(j') = P2(j') — P1(j").

In addition, since ts(j) is proportional to the number of threads in team j’ for a specific

application, one can estimate ts(j’) of different thread team sizes.

3.4.3 The idea of implementation

The idea of implementation is described as follows. When one thread in one team finishes

its work, it is put into sleep, and another thread in another team wakes up and becomes
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active. As Figure 3.8 illustrates, initially, each thread team has the same number of
running threads and sleeping threads. Each team is allocated to have the maximum
number of threads of a given system, since each team has the possibility to reach the
maximum number of threads. Some allocated threads are put into sleep. Each sleeping
thread will automatically wake up when a certain time period has elapsed. All teams
have their own data for thread management. The data are called the coordinated data
that are stored in a temporary memory. Subsequently, if one thread in a team finishes
its work, it updates a counter of available threads in the thread management data, and
also it is put into sleep. One sleeping thread in another team wakes up and checks if the
counter is larger than 0. In this case, the sleeping thread becomes active. If the counter
is smaller than 0, it is put into sleep again. In Figure 3.8, when one thread in team 0
finishes its work, it updates the thread management data, and it is put into sleep. One
sleeping thread in team 2 checks the counter, and becomes active.

In the implementation, a thread can be put into sleep using a function usleep(t). The
value of ¢ is a factor to affect the performance. If ¢ is too large, the sleeping threads cannot
efficiently wake up when one active thread finishes its work. On the other hand, if the ¢
is too small, the threads frequently access the coordinated data, which may introduce a

large overhead. This dissertation assumes that an appropriate value of ¢ is given by users.
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3.5 Evaluations

This section shows the evaluation results using the method described in Section 3.4.
Since each thread team works independently from the others, the execution time of each
team is measured individually when the team size is changed. The OpenMP version 4.5
is used in the evaluations. The OpenMP runtime system uses thread pooling [65, 66]
to implement thread destroy and creation. When a thread finishes its work, instead
of destroying the thread, it is put into sleep until awaken again. Additional threads
will be created when more threads are needed. However, this chapter assumes that the
team is totally destroyed. It is more expensive to totally destroy a team than to put
it into sleep. This is because destroying a team might need to destroy active threads.
Therefore, the overhead of destroying a thread team in this chapter is larger than that in
real implementations (e.g., GCC and Intel implementations). Even with considering the
larger overhead, dynamic thread team size adjustment can still improve performance as

shown later in the evaluation results.

3.5.1 Experimental setup

Three target applications are used for evaluation. They are ray tracing, SoE, and n-body
applications, which are the same applications as in Section 2.5.1. The system used for
ray tracing and SoE is a KNC system shown in Table 3.2. The system used for n-body
is a KNL (Knights Landing) system shown in Table 3.3. Note that the KNC system
has maximum of 240 threads, while the KNL system has maximum of 288 threads. The
ray tracing and SoE applications are executed using four thread teams, and the n-body
application is executed using either two or four thread teams. Eight phases are assumed
in the ray tracing code, and each phase renders an image of 256 x 256 pixels. On the other
hand, five phases are created in the SoE, and each phase calculates 1/5 of the problem
size of 1.0 x 107. For the n-body application, some parameters are shown in Table 3.4. A
typical dataset of Dubinski is used in n-body application, and the number of particles is

81,920. 316 phases are created. In each phase, an octree is constructed and the particles
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Table 3.2: The KNC system.

OS CentOS Release 6.7
Host CPU | Intel Xeon CPU E5-2690
Accelerator | Intel Xeon Phi 5110P, 240 threads maximum
Compilation | Intel compiler version 16.0.2 with -O3 option

Table 3.3: The KNL system.

OS CentOS Release 7.4.1708
Processor | Intel Xeon Phi CPU 7290, 288 threads maximum
Compilation | Intel compiler version 17.0.4 with -O3 option

in the octree are updated.

In the evaluation, the number of threads in each team can be different. It can be
designated using a num_threads clause in a parallel construct. The code in Figure 3.9
shows an example to change the thread team size and individually measure the execution
time of each team with a different team size.

In the evaluation, the way to adjust a thread team size vector is described as follows.
In the case of 4-team execution, for a given thread team size vector v = (sg, S1, S2, S3),
the value of s; (1 = 0, 1, 2, 3) is changed while (so + s1 + S2 + s3) is accumulated to
the maximum number of threads in KNC or KNL system. The value of s; changes from
20 to 180 for ray tracing, from 30 to 120 for SoE, and from 40 to 136 for n-body. The
granularity of changing s; is 20, 10, and 4, for ray tracing, SoE, and n-body, respectively.
In this way, one can adjust a thread team size vector, and explore as many vectors as

possible to find the best vector in each phase.

3.5.2 Performance gain by dynamic thread team size adjust-

ment

Figures 3.10 and 3.11 show the evaluation results of the ray tracing and SoE, respectively.
The figures show the execution times of each team for different phases when the team
size is changed. The horizontal axis represents the number of threads in a team, and the

vertical axis represents the execution time. Different colors represent different phases.
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Table 3.4: Some parameters used in n-body code.

TIME_LIMIT | TIME_STEP | Dataset | The number of particles | Phases

316 1 Dubinski 81,920 316
1| #pragma omp target device (0)
| #pragma omp teams num_teams (4)
s | {
O
5| if (omp_get_team_num() == 0){
6 double t0O0=omp_get_wtime () ;
7 omp_set_dynamic (0) ;
8 #pragma omp parallel for num_threads (100)
9 /*For Loop to be measuredx*/
10 double tOl=omp_get_wtime ();
11 double t0 = t01-t00;
2|}
13| else if (omp_get_team_num() == 1){
14 double tl10=omp_get_wtime ();
15 omp_set_dynamic (0) ;
16 #pragma omp parallel for num_threads (80)
17 /*For Loop to be measuredx/
18 double tll=omp_get_wtime () ;
19 double t1 = t11-t10;
20 }
21 | e e e e
22| }// end omp target

Figure 3.9: An example to change team size and measure execution time of each
phase. The clause num_teams is used to assign the number of teams. The routine
omp_get_team_num() is used to designate the team number. The clause num_threads
is used to designate the team size.

The results in Figures 3.10 and 3.11 show that the execution time varies from phase
to phase with a fixed team size. It is because the target applications are irregular. For
a particular phase, the execution time changes with the team size. This is because a
different team size leads to different thread-level parallelism. However, the execution
times of some phases (e.g., phase 4 in Figure 3.10(b)) are almost unchanged even if
the team sizes are changed. This is because ray tracing and SoE are not computation-
intensive applications so that changing the team size does not have significant impact on

performance. In Figures 3.10 and 3.11, the maximum team size does not always achieve
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size is changed.
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Figure 3.12: The execution times of 30 phases for n-body.

the best performance for most phases. One important point seen in the results is that the
best team size changes from team to team for a particular phase. Therefore, the thread
team size needs to be adjusted individually for each team.

For n-body code, execution times of 30 phases are shown in Figure 3.12 in the case of
4-team execution. The performance of proposed approach is obtained when the best team
size vector is applied in each phase. No runtime overhead is included in the performance
of proposed approach. The conventional approach is to divide the maximum number of
threads evenly and assign the same number of threads to each team. In Figure 3.12, the
horizontal axis represents the phase number, which is from phase 1 to phase 30, the vertical
axis represents the execution time in milliseconds. The results show that each phase has a
different execution time. It is because the n-body code is irregular. The results also show
that the proposed approach is equivalent to or better than the conventional approach for
all phases.

By using the method described in Section 3.4, the overall execution time of dynamic

thread team size adjustment can be estimated. Figure 3.13 shows the performance of
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Figure 3.13: Comparison of conventional approach, proposed approach, and runtime over-
head, for ray tracing and SoE.

proposed approach against the conventional approach, for ray tracing and SoE. For the
ray tracing code, dynamic thread team size adjustment improves performance by about
3%. For the SoE code, the performance improvement is about 4%. The performance
improvements are not significant because both ray tracing and SoE are memory-bound
applications [67], and thus changing the number of threads does not significantly affects
the performance.

Figure 3.14 shows the performance of proposed approach against the conventional ap-
proach for n-body code. In the case of 2-team execution, the performance improvement
is about 20.5% excluding the runtime overhead. In the case of 4-team execution, the per-
formance improvement is about 23.5% excluding the runtime overhead. The performance
gain of n-body is significant because adjusting the number of threads significantly affects
the performance.

After team size adjustment, the best team size vectors are shown in Tables 3.5, 3.6,

and 3.7, for ray tracing, SoE, and n-body, respectively. The tables show that the number
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Figure 3.14: Comparison of conventional approach, proposed approach, and runtime over-
head, for n-body.

of threads in each team can be different after team size adjustment, which is different
from the standard OpenMP specification. Therefore, the OpenMP specification should
support a different thread team size in each team in the case of using multiple teams, in

order to balance the execution times of teams.

3.5.3 Runtime overhead

This subsection presents the results of estimated runtime overhead of dynamic thread
team size adjustment by using the method described in Section 3.4.2. To destroy a
thread team, the OpenMP cancellation constructs are used.

The runtime overheads of ray tracing and SoE are shown in Figure 3.13, along with the
performances of proposed approach and conventional approach. The runtime overheads of
ray tracing and SoE are 0.5 seconds and 0.4 seconds, respectively. The runtime overhead
of n-body is shown in Figure 3.14. In the case of 2-team execution, the overhead is

28 milliseconds. In the case of 4-team execution, the overhead is 30 milliseconds. The
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Table 3.5: The best thread team size vector of the ray tracing for all phases.

Thread team size vector
Phase 2 (20,60,80,80)
Phase 3 (40,40,60,80)
Phase 4 (60,40,60,60)
Phase 5 (120,40,20,60)
Phase 6 (60,60,40,40)
Phase 7 (60,60,40,40)
Phase 8 (60,100,40,40)

Table 3.6: The best thread team size vector of the SoE for all phases.

Thread team size vector
Phase 1 (70,40,60,70)
Phase 2 (50,70,50,70)
Phase 3 (50,50,70,70)
Phase 4 (40,50,80,70)
Phase 5 (40,90,40,70)

overhead of n-body is obviously smaller than that of ray tracing and SoE, because the n-
body code is run on the KNL system but not on the KNC system. The results demonstrate
that the overhead can be negligible in comparison with the performance of proposed
approach, for the three target applications.

The evaluation results show that, even with overestimating the runtime overhead, dy-
namic team size adjustment can improve performance of irregular applications. However,

the performance improvement is small in the case of memory-bound applications.
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Table 3.7: The best thread team size vector of the n-body for 10 phases in the case of
4-team execution.

Thread team size vector
Phase 1 (64,72,72,80)
Phase 2 (60,80,80,68)
Phase 3 (68,72,76,72)
Phase 4 (68,68,80,72)
Phase 5 (76,76,68,68)
Phase 6 (72,76,72,68)
Phase 7 (72,76,72,68)
Phase 8 (68,76,72,72)
Phase 9 (68,68,80,72)
Phase 10 (64,76,76,72)

3.6 Conclusions

The objective of this chapter is to clarify the benefits of dynamic thread team size adjust-
ment on the performance of irregular applications. The motivating examples show that
the thread team size needs to be carefully adjusted to achieve a higher performance. In
this chapter, the methods to estimate performance gain and runtime overhead of dynamic
thread team size adjustment are presented.

The evaluation results show that, even if the runtime overhead is considered, dynamic
thread team size adjustment can still improve the performance of irregular applications
in comparison with the conventional approach. Moreover, the runtime overhead of thread
management is negligible in comparison with the total execution of an application, which
implies that migrating OpenMP threads from one thread team to another introduces a
low overhead.

In this chapter, an oracle algorithm for dynamic thread team size adjustment is as-
sumed. Such an algorithm can achieve a perfect thread team size adjustment in a single
step, which is not practical. Thus, the future work includes research on developing a more

practical algorithm for dynamic thread team size adjustment.
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Chapter 4

Dynamic Workload Management for

Irregular Applications

4.1 Introduction

As in Chapter 3, this chapter assumes that the hotspot of an irregular application is ex-
ecuted on a KNC using multiple thread teams. However, unlike Chapter 3, this chapter
assumes that each thread team always has the same number of threads, and the number
of threads of each team is unchanged during the execution. For load balancing, an ap-
plication is parallelized by unevenly dividing the loop length into chunks, each of which
is assigned to one thread team for execution. Since load imbalance occurs across thread
teams for irregular applications if a loop length is evenly divided for parallelization, this
chapter deals with the load imbalance by using workload management, which is to adjust
the number of iterations assigned to each thread team.

The current OpenMP specification has already supported both static and dynamic
loop scheduling mechanisms that are within a thread team, and also supports a static
scheduling mechanism across thread teams. In this chapter, a scheduling mechanism is a
workload management mechanism to adjust loop iterations. When multiple thread teams
are used to execute an application, it is strongly required to have dynamic workload

management across thread teams to handle the load imbalance across teams. Note that
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this chapter does not extend the OpenMP programming model itself. However, this
chapter extends the way of dividing loop length in the current OpenMP specification. In
the current OpenMP specification, the loop length for each team is evenly divided. In
this chapter, the loop length for each team is dynamically changed.

This chapter has two general assumptions. First, for a specific application, the over-
head of inter-team dynamic scheduling can be estimated using the overhead of intra-team
dynamic scheduling of a single-team execution. This assumption implies that the data
exchange overhead among thread teams is similar to that among threads. Since thread
teams as well as threads can share a memory region, it is expected that the data ex-
change overhead among teams does not greatly differ from that among threads. Second,
the overhead of inter-team dynamic scheduling increases exponentially with the number
of thread teams. The results in [69] have shown that the overhead of intra-team dynamic
scheduling is likely to increase exponentially with the number of threads. Similarly, the
second assumption is considered reasonable. In this chapter, a scheduling overhead only
refers to a dynamic scheduling overhead, and no scheduling overhead is assumed in static
scheduling.

In OpenMP, intra-team dynamic scheduling methods use task pooling [70, 71] algo-
rithms, which allow a scheduler to assign loop iterations chunk by chunk to the threads in
a team. The chunk size is the number of iterations in the chunk, and it can be tuned to
improve performance. Usually, the overhead of dynamic scheduling decreases as the chunk
size increases, as discussed in [69]. Hence, the intra-team dynamic scheduling overhead
is maximum when the chunk size is 1. Though a large chunk size reduces the schedul-
ing overhead, it might lead to further load imbalance. Thus, the chunk size needs to be
tuned with considering a trade-off between the effects of workload management and the
scheduling overhead.

The objective of this chapter is to clarify the benefits of dynamic workload management
across thread teams. In this chapter, a static workload management method is used to
emulate a dynamic one. Moreover, the inter-team scheduling overhead is estimated by

using the intra-team scheduling overhead.
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The contributions of this chapter are twofold. First, this chapter clarifies the benefits
of dynamic workload management across thread teams for irregular applications. Second,
this chapter discusses the overhead of inter-team dynamic workload management under
the aforementioned assumptions.

The rest of this chapter is organized as follows. Section 4.2 describes the related work.
Section 4.3 discusses the emulation method of inter-team dynamic workload management.
It also discusses a method to measure the overhead of intra-team dynamic workload
management. Section 4.4 shows the evaluation results, and Section 4.6 gives concluding

remarks.
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4.2 Related work

This section describes the related work of dynamic workload management. Unlike the
related work in Section 3.2 that mainly focuses on adjusting the number of threads, the

related work in this section mainly focuses on scheduling the number of iterations.

4.2.1 Scheduling methods in OpenMP

Currently, the OpenMP specification supports both static and dynamic scheduling mech-
anisms within a thread team. Programmers can easily specify a scheduling mechanism by
using a schedule clause in the OpenMP directive. However, only a static scheduling mech-
anism is supported across different thread teams. For irregular codes, static scheduling
cannot solve the load imbalance across teams. Thus, this chapter examines the benefits

of dynamic scheduling across thread teams.

4.2.2 Co-scheduling for heterogeneous systems

Many researches focus on dynamic workload management for heterogeneous systems.
Wang et al. [72] have proposed an asymptotic profiling method to schedule loop iterations
between a CPU and a GPU. Ren et al. [73] have proposed a method to test various work
distributions between a CPU and a GPU to find the most efficient distribution. Boyer
et al. [74] have presented a dynamic workload management mechanism that requires no
offline training and responds automatically to performance variability. Other approaches,
such as in [75-77], use modest amounts of initial training to distribute computations.
Scogland et al. [78] also have proposed a dynamic workload management mechanism
across CPUs and GPUs. They consider different computation patterns of the accelerated
code region. All those researches only concern about how the computations should be
distributed in the heterogeneous systems. They do not care about fine-grained workload
management either on CPUs or accelerators. Unlike other researches, this chapter focuses
on dynamic scheduling of the iterations across thread teams on an accelerator. Although

KNC is used as an example of the accelerator, the dynamic scheduling mechanism is
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applicable to other accelerators.

4.2.3 Scheduling for irregular applications

Some related studies use dynamic scheduling for irregular applications. Durand et al. [79]
have proposed a new OpenMP loop scheduler that is able to perform dynamic workload
management while taking memory affinity into account for irregular applications. Min et
al. [80] have presented BANBI, a dynamic scheduling method for irregular programs on
many-core systems. It is specifically designed for stream programs. Their applications do
not use OpenMP accelerator constructs for execution on a target accelerator. They mainly
schedule the iterations among different threads or different cores. On the other hand, this
work uses high-level OpenMP accelerator constructs for offloading the computations to
an accelerator. As in Chapter 3, this chapter uses multiple thread teams to execute the
codes. However, unlike Chapter 3, this chapter discusses workload management across

thread teams instead of thread management.

4.2.4 General-purpose scheduling and domain-specific schedul-
ing
In addition to some centralized scheduling methods [72,81] for dynamic workload man-
agement, work stealing [82-85] is a popular scheduling method. Tt is proved that work
stealing is efficient for scheduling some multi-threaded executions. Prokopec et al. [86]
have presented a work-stealing algorithm for irregular data-parallel applications. Their
method allows workers to decide the computation distribution in a lock-free, computation-
driven manner. However, work stealing requires data synchronization whenever a steal
happens. Frequent steals might introduce huge overhead, and thus degrade performance.
In addition to general-purpose scheduling methods, some studies have proposed domain-
specific scheduling mechanisms for dynamic workload management. Their domains vary
from fluid dynamics [87] to linear algebra [88]. None of those works addresses dynamic

workload management across OpenMP thread teams.
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4.2.5 Overhead in OpenMP

Extensive studies [69,89-92] have been performed to measure the overheads of OpenMP
work-sharing and mutual exclusion directives in the literature. Bull [90] has measured
the synchronization overheads of some basic OpenMP constructs, and it also has intro-
duced a method to measure the overhead of intra-team dynamic scheduling. This chapter
uses the idea in [90] to measure the intra-team dynamic scheduling overhead. More de-
tails are described in Section 4.3.2. Fredrickson et al. [69] have presented performance
characteristics (e.g., synchronization and scheduling overheads) of OpenMP constructs
on a large symmetric multiprocessor using various benchmark suites. The results in [69]
have shown that intra-team dynamic scheduling overhead is likely to increase exponen-
tially with the number of threads. Based on the results, this chapter makes a similar
assumption that inter-team dynamic scheduling overhead exponentially increases with

the number of thread teams.
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4.3 Methodology

4.3.1 Emulation of inter-team dynamic workload management

This subsection presents a methodology to emulate a dynamic workload management
mechanism across thread teams.

Since inter-team dynamic scheduling has not been supported by the current OpenMP
specification, a static workload management mechanism is used to mimic a dynamic one.
This chapter assumes that a given application is executed through multiple phases (e.g.,
N phases, from phase 1 to phase N). A workload ratio 7 (j = 0, M-1 and M is the
number of thread teams) is defined using Eq. (4.1), where ¢; is the number of iterations

executed by team j, and ew: is the total number of iterations executed by all teams.

€j
L= 4.1
Tj el (4.1)

A workload vector v is defined as a vector of workload ratios, as shown in Eq. (4.2).

V= (To,’l"h...,’)"M,l). (42)

For each phase, a workload vector should be adjusted so that all teams finish their compu-
tations at the same time. However, the current OpenMP specification does not support
dynamic adjustment of the workload vector. Thus, with a fixed workload vector, the
application is executed from beginning to end while the execution time of each phase is
measured. The execution is repeated while changing the workload vector. As a result,
it is possible to obtain the best workload vector for each phase that can minimize the
execution time of the phase. By summing up the shortest execution times of all phases,
it is possible to obtain the upper bound of performance gain due to dynamic workload
management without any runtime overhead.

For example, if ti(v) represents the execution time of phase ¢ (i = 1, N) when the

workload vector is v, the upper bound of performance gain d of an application using
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Figure 4.1: Illustration of estimating the upper bound of performance gain due to dynamic
workload management.

dynamic workload management can be expressed using Eq. (4.3).

d= Z min ¢;(v). (4.3)

To put it simple, Figure 4.1 illustrates the idea of estimating the upper bound of
performance gain due to dynamic workload management. Suppose that an irregular
application has N phases. In each phase, the execution time changes with the workload
ratio. By exploring as many workload ratios as possible, it is possible to find the optimal
workload ratio that leads to the shortest execution time in each phase. The shortest
execution times of all phases are accumulated to estimate the upper bound of performance
gain due to dynamic workload management.

Although a dynamic workload management mechanism has not been implemented
for the OpenMP programming model, Eq. (4.3) can be used to estimate the benefits of
introducing such a mechanism. Based on the estimation, it is possible to discuss whether

the performance gain could be larger than the scheduling overhead.
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#pragma omp parallel
for(j = 0; j < repeats; j++){
#pragma omp for schedule(schetype, chunksize)

for(i = 0; i < itersperthread * omp_get_num_threads();
\ i++){

/*Loop bodyx/
}

Figure 4.2: Loop (nest) L1 parallelized by OpenMP directives.

1| for(i = 0; i < itersperthread; i++){
2 /*Loop body*/
s| }

Figure 4.3: Loop (nest) L2 executed using a single thread.

4.3.2 Scheduling overhead

In this chapter, two assumptions have already been discussed in Section 4.1. Based on the
first assumption, the overhead of inter-team dynamic scheduling for two-team execution
is estimated using the overhead of intra-team dynamic scheduling. Then, the overhead of
inter-team dynamic scheduling for more than two teams is further estimated based on the
second assumption. By combining the performance model in Eq. (4.3) with the estimated
scheduling overhead, it is possible to discuss the performance gain of inter-team dynamic
workload management with runtime overheads.

A method to evaluate the overhead of intra-team dynamic workload management is
described in [90]. This chapter employs the same method to evaluate the intra-team
dynamic scheduling overhead. The method in [90] is briefly described as follows. Assume
that a loop (nest) is parallelized using an OpenMP parallel for constructs, denoted as
Loop (nest) L1, as shown in Figure 4.2. A serialized version of the same loop (nest) is also
assumed, denoted as Loop (nest) L2, as shown in Figure 4.3. The goal is to measure the
scheduling overhead of Loop L1. First, the execution time t1 of Loop LI can be measured.
Then, the execution time ¢2 of Loop L2 using a single thread can be measured. Finally,

the scheduling overhead ¢ is given by Eq. (4.4).
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If the loop body shown in Figures 4.2 and 4.3 is replaced with the ray tracing loop
nest, the intra-team scheduling overhead of the ray tracing code can be measured. The
scheduling type can be designated as dynamic. To find the upper bound of the overhead,

the chunk size is assigned as 1. Note that the intra-team scheduling overhead can be used

to estimate the inter-team scheduling overhead.
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4.4 Evaluations

4.4.1 Experimental setup

Three target applications are used for evaluation. They are ray tracing, SoE, and n-body
applications, which are the same applications as in Section 2.5.1. The system used for
evaluations is a KNC system shown in Table 3.2. The ray tracing is executed using two
teams as well as four teams, the SoE and n-body are executed using four teams. Eight
phases are used in the ray tracing code, and each phase renders an image of 256 x 256
pixels. On the other hand, five phases are created in the SoE, and each phase calculates
1/5 of the problem size of 1.0 x 107. A typical dataset of Dubinski is used in n-body
application, and the number of particles is 81920. 316 phases are created in the n-body
code. In each phase, an octree is constructed and the particles in the octree are updated.
In the evaluation, the overall thread count is maintained as the maximum number of
threads regardless of how many teams are created, and each team has the same number
of threads. However, the workload ratio of each team ranges from 5% to 95%, and
increases by 5%.

The performances of six different mechanisms shown in Table 4.1 are evaluated. SS
stands for single-team execution with static scheduling, which means a single-team execu-
tion where static scheduling is used within the team. SD stands for single-team execution
with dynamic scheduling, which means a single-team execution where dynamic scheduling
is used within the team. MSS stands for multiple-team execution with static scheduling
across teams and within each team, which means multiple-team execution where static
scheduling is used across teams and within each team. MSD stands for multiple-team
execution with static scheduling across teams and dynamic scheduling within each team,
which means multiple-team execution where static scheduling is used across teams and
dynamic scheduling is used within each team. MDS stands for multiple-team execution
with dynamic scheduling across teams and static scheduling within each team, which
means multiple-team execution where dynamic scheduling is used across teams and static

scheduling is used within each team. MDD stands for multiple-team execution with
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Table 4.1: Six mechanisms.

Scenarios | Description
SS Single team, Static scheduling within the team
SD Single team, Dynamic scheduling within the team
MSS Multiple teams, Static across teams, Static within each team
MSD Multiple teams, Static across teams, Dynamic within each team
MDS Multiple teams, Dynamic across teams, Static within each team
MDD Multiple teams, Dynamic across teams, Dynamic within each team

dynamic scheduling across teams and within each team, which means multiple-team exe-
cution where dynamic scheduling is used across teams and within each team. In the six
mechanisms, SS, SD, MSS, and MSD have already been supported in the current OpenMP
specification. Their performances can be evaluated in a straightforward way. The intra-
team scheduling method provided by OpenMP is employed for SD and MSD. However,
MDS and MDD have not been supported by OpenMP. Thus, the methodology described
in Section 4.3 is used to estimate the performances of MDS and MDD. In the evaluation,
the performances of SD, MSD and MDD already include intra-team scheduling overheads.

However, the performance of MDD does not include inter-team scheduling overhead.

4.4.2 Performance gain of inter-team dynamic workload man-

agement
4.4.2.1 Performance results of ray tracing

In the evaluation, by changing the camera position and direction from phase to phase, a
movie of several images can be created. Two movies are created by moving the camera in
two different ways. MDS-1 and MDD-1 are used to represent the two mechanisms for the
first movie, while MDS-2 and MDD-2 are used for the second movie. For each movie, the
iteration space of loop y is statically divided into M (M is the number of teams) parts.
Each part is executed by a corresponding thread team. An example is shown in Figure 4.4
when the number of teams M = 2. By varying the workload vector, the execution time
with each vector is measured.

The evaluation results using two teams are presented as follows. Table 4.2 lists the
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for(int t=0;t<N;t++){ // N phases
Ray cam = change_camera_position_here (t);
if (omp_get_team_num() == 0) {
for (int y=0; y<h*workload_ratio; y++){
samps = change_sampling_rate_here (t, y);

for (int x=0; =x<w; x++){
for (int sy=0, i=(h-y-1)*w+x; sy<2; sy++){
for (int sx=0; sx<2; sx++, r=Vec()){
for (int s=0; s<samps; s++){
/*Calculate radiance */
/* It depends on materials of objectsx/
/* It also depends on camera position &
direction*/

}
/*Accumulate radiance */
111}
} //End if
else if (omp_get_team_num() == 1) {
for (int y=h*workload_ratio; y<h; y++){
samps = change_sampling_rate_here (t, y);

for (int x=0; =x<w; x++){
for (int sy=0, i=(h-y-1)*w+x; sy<2; sy++){
for (int sx=0; sx<2; sx++, r=Vec()){
for (int s=0; s<samps; s++){
/*Calculate radiance */
/* It depends on materials of objectsx/
/* It also depends on camera position &
directionx*/
}
/*Accumulate radiance */
383
} // End else if
} // End t=0,N

Figure 4.4: Statically dividing the iteration space of loop y when M = 2.

best workload vectors in each phase of MDS and MDD, for both movies. In Table 4.2, the
best workload vector in each phase is different from (0.5, 0.5), except in Phase 8. It means
that load imbalance exists in almost all the phases. Figures 4.5 and 4.6 show the execution
times for phases in various mechanisms. Figures 4.5 and 4.6 show the results for the first
movie and second movies, respectively. In these figures, different curves represent different

mechanisms. MDS and MDD can be either optimal or suboptimal. The optimal MDS
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Figure 4.5: The execution times for phases of the first movie. Two teams are used for
the execution. MDS and MDD can be either optimal or suboptimal. The optimal MDS
means that the best workload ratio in each phase is used, and the suboptimal MDS means
that the second-best workload ratio in each phase is used to discuss the performance gain
with imperfect prediction.
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Figure 4.6: The execution times in each phase of various mechanisms for the second movie.
Two teams are used for the execution.
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Figure 4.7: Performance comparison of six mechanisms for both movies when two teams
are used for execution.

(MDD) means that the best workload ratio in each phase is used, and the suboptimal
MDS (MDD) means that the second-best workload ratio in each phase is used to discuss
the performance gain with imperfect prediction. In Figures 4.5 and 4.6, execution times
vary from phase to phase for a specific mechanism. This is because the ray tracing code
is an irregular application. Moreover, the optimal MDD is the best mechanism among
the six mechanisms, for both movies. In the rest of this chapter, unless otherwise stated,
MDS (MDD) represents the optimal MDS (MDD).

Figure 4.7 shows the total execution times for both movies when two teams are used for
execution. The average execution times of both movies are also shown. Figure 4.7 shows
that dynamic scheduling within a thread team is always better than static scheduling.
This is because dynamic scheduling improves the load balance within a thread team.
Moreover, MDS outperforms MSS, and MDD outperforms MSD, for both movies. On
average, MDS achieves 14.5% performance improvement in comparison with MSS, and

MDD achieves 10.9% performance improvement in comparison with MSD. Thus, dynamic

75



4.4. Evaluations

Table 4.2: The best workload vectors in each phase for both movies when two teams are

used for execution.

Best workload vector MDS-1 MDD-1 MDS-2 MDD-2
Phase 1 (0.7,0.3) | (0.65, 0.35) | (0.65, 0.35) | (0.65, 0.35)
Phase 2 (0.6, 0.4) (0.6, 0.4) | (0.65, 0.35) | (0.65, 0.35)
Phase 3 (0.7,0.3) | (0.65,0.35) | (0.7,0.3) | (0.65, 0.35)
Phase 4 (0.7,0.3) | (0.65, 0.35) | (0.65, 0.35) | (0.65, 0.35)
Phase 5 (0.25, 0.75) | (0.35,0.65) (0.2, 0.8) | (0.35, 0.65)
Phase 6 (0.3, 0.7) (0.3, 0.7) | (0.35, 0.65) | (0.35, 0.65)
Phase 7 (0.35,0.65) | (0.4, 0.6) | (0.35,0.65) | (0.35, 0.65)
Phase 8 (0.5, 0.5) (0.5, 0.5) | (0.35,0.65) | (0.35, 0.65)

scheduling across thread teams improves performance in comparison with static scheduling

when two teams are used for execution. This is because the execution times across thread

teams are more balanced.

20
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Figure 4.8: The execution times in each phase of various mechanisms for the first movie.
Four teams are used for the execution.

The evaluation results using four teams are presented as follows. The best workload

vector in each phase is summarized in Table 4.3, for both movies. Figures 4.8 and 4.9
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Figure 4.9: The execution times in each phase of various mechanisms for the second movie.
Four teams are used for the execution.

show the execution times of phases for the first movie and second movie, respectively.
Figure 4.10 shows the total execution time of each mechanism for both movies when
four teams are used for execution. The average execution times of both movies are also
shown. Figure 4.10 shows that MDS outperforms MSS, and MDD outperforms MSD, for
both movies. On average, MDS achieves 16.5% performance improvement in comparison
with MSS, and MDD achieves 11% performance improvement in comparison with MSD.
Thus, dynamic scheduling across thread teams improves performance in comparison with

static scheduling when four teams are used for execution.
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Table 4.3: The best workload vectors in each phase for both movies when four teams are

used for execution.

MDS-1 MDD-1
Phase 1 | (0.5,0.25,0.15,0.1) | (0.5,0.25,0.15,0.1)
Phase 2 | (0.55,0.25,0.1,0.1) | (0.55,0.25,0.15,0.05)
Phase 3 | (0.55,0.25,0.15,0.05) | (0.5,0.25,0.15,0.1)
Phase 4 | (0.4,0.3,0.2,0.1) (0.45,0.3,0.15,0.1)
Phase 5 | (0.15,0.2,0.3,0.35) | (0.15,0.2,0.25,0.4)
Phase 6 | (0.1,0.15,0.2,0.55) (0.1,0.15,0.25,0.5)
Phase 7 | (0.1,0.15,0.3,0.45) (0.15,0.2,0.3,0.35)
Phase 8 | (0.25,0.25,0.25,0.25) | (0.25,0.25,0.25,0.25)
MDS-2 MDD-2
Phase 1 | (0.5,0.25,0.15,0.1) | (0.5,0.25,0.15,0.1)
Phase 2 | (0.55,0.25,0.15,0.05) | (0.5,0.25,0.15,0.1)
Phase 3 | (0.5,0.25,0.2,0.05) | (0.5,0.25,0.15,0.1)
Phase 4 | (0.4,0.3,0.2,0.1) (0.4,0.3,0.2,0.1)
Phase 5 | (0.1,0.15,0.25,0.5) | (0.15,0.2,0.25,0.4)
Phase 6 | (0.15,0.2,0.25,0.4) | (0.15,0.2,0.25,0.4)
Phase 7 | (0.2,0.2,0.3,0.3) (0.15,0.2,0.25,0.4)
Phase 8 |  (0.2,0.2,0.3,0.3) (0.15,0.2,0.25,0.4)
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Figure 4.10: Performance comparison of six mechanisms for both movies when four teams

are used for execution.
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Figure 4.11: Execution time of each phase for different mechanisms. The code is SoE.

4.4.2.2 Performance results of SoE

In the evaluation, each phase is executed by four thread teams, while the iterations as-
signed to each thread team are changed using the dynamic workload management method
described in Section 4.3.1. Figure 4.11 shows the execution time of each phase for dif-
ferent mechanisms. In Figure 4.11, the horizontal axis represents different phases, from
phase 1 to phase 5. The vertical axis represents the execution time in milliseconds. Dif-
ferent curves represent different mechanisms. Figure 4.11 shows that, for a particular
mechanism, execution time varies from phase to phase. This is because SoE is an ir-
regular application. Moreover, different mechanisms lead to different performances for
a particular phase because different scheduling methods are used. Figure 4.12 shows
the performances of six mechanisms. Figure 4.12 shows that MDS outperforms MSS by
17.8%, and MDD outperforms MSD by 15.3%. MDD is the best mechanism among all
the mechanisms. Therefore, dynamic scheduling across teams is crucial to balance the

execution times across teams.
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Figure 4.12: Performances of six mechanisms. The code is SoE.

4.4.2.3 Performance results of n-body

Figure 4.13 shows the execution time of each phase except phase 1 for different mecha-
nisms. Four thread teams are used. The execution time of phase 1 is much longer than
those of other phases because it includes offloading overhead, and thus the execution time
of phase 1 is not shown in Figure 4.13. The horizontal axis represents the phase number,
which is from 2 to 316. Different curves represent different mechanisms. In Figure 4.13,
it is surprising to find that MSS performs better than MDD in phases 2 to 25 while
MDD still performs better than MSD in those phases. Hence, the overhead of intra-team
dynamic scheduling is so large that it kills performance gain in phases 2 to 25.

Figure 4.14 shows the standard deviation of execution times of phase 60 to 316, for
various mechanisms. The execution time of phases 60 to 316 occupies more than 70% of
overall execution time of a particular mechanism. Thus, phases 60 to 316 are analysed as
a representative of all phases. Figure 4.14 shows that the standard deviation of MSD is
smaller than that of MSS, which means intra-team dynamic scheduling reduces irregularity
of n-body code. The irregularity of an application is defined as the standard deviation of

execution times of all phases. Moreover, the standard deviation of MDD is smaller than
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Figure 4.13: Execution time of each phase for different mechanisms in the case of 4-team
execution. Phase 1 is not included in the results.

25

=
(€]

Standard deviation
o
[V, ]

MSS MsSD MDS MDD

Figure 4.14: Standard deviation of execution times of phases 60 to 316 for various mech-
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Figure 4.15: The overall execution times of various mechanisms for n-body.

that of MSD, which means inter-team dynamic scheduling further reduces irregularity of
n-body code. Overall, dynamic scheduling, either intra-team or inter-team, reduces the
irregularity of an application.

For a particular mechanism, by summing up the execution times of all phases ex-
cept phase 1, the overall execution time of the mechanism is shown in Figure 4.15. The
results in Figure 4.15 show that MDS is 23.4% better than MSS, and MDD is 14.4%
better than MSD. That is, dynamic scheduling across thread teams performs better than
static scheduling across teams. MSD is merely 2% better than MSS while MDS is 23.4%
better than MSS. That is, inter-team dynamic scheduling has more significant impact
on performance than intra-team dynamic scheduling. One interesting point is that MDS
rather than MDD is the best mechanism among all the mechanisms in Figure 4.15. This
is because the n-body code is becoming less irregular after inter-team dynamic schedul-
ing is performed, and thus intra-team dynamic scheduling does not introduce significant
performance gain but merely scheduling overhead that degrades performance.

One way to select MDS or MDD is to check standard deviation of execution times of

82



4.4. Evaluations

threads within a team after performing MDS. If the standard deviation is close to zero,
MDS is selected. Otherwise, MDD is selected.

In summary, either intra-team or inter-team dynamic scheduling reduces the irregular-
ity of an application. Intra-team dynamic scheduling is used for balancing the execution
times within a team, and inter-team dynamic scheduling is used for balancing the execu-
tion times across different teams. Both of them can be used when load imbalance exists
within a team and across different teams. However, performing both intra-team and
inter-team dynamic scheduling does not necessarily achieve the best performance. When
an application becomes less irregular after inter-team dynamic scheduling is performed,
intra-team dynamic scheduling introduces a large overhead that might degrade the perfor-
mance. Usually, it is not possible to know the optimal workload vector beforehand. With
dynamic scheduling, it is possible to dynamically find the best workload vector across
thread teams, though it unavoidably suffers from scheduling overhead. Section 4.4.3 dis-

cusses the inter-team scheduling overhead.

4.4.3 Scheduling overhead

This subsection shows the inter-team scheduling overhead that is estimated based on the
assumptions shown in Section 4.1.

The overhead evaluation results of ray tracing are shown in Table 4.4 in comparison
with MDD. In the case of two-team execution, the overheads are 0.26 seconds and 0.28
seconds for the first and second movies, respectively. On the other hand, in the case of
four-team execution, the overheads are estimated as 2.18 seconds and 2.35 seconds for the
first and second movies, respectively. Since the chunk size is chosen as 1, the overheads
can be considered the maximum overheads. Table 4.4 shows that, in the case of two-team
execution, the overheads are around 0.46% and 0.45% of the execution times of MDD
for the first movie and the second movies, respectively. Thus, the scheduling overheads
are considered negligible. In the case of four-team execution, the overheads are around

4.3% and 4.1% of the execution times of MDD for the first movie and the second movies,
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Table 4.4: The overheads of ray tracing, for both movies.

Time (s) | 1st movie | 2nd movie
2-team execution | Overhead 0.26 0.28
2-team execution MDD 56.748 62.29777
4-team execution | Overhead 2.18 2.35
4-team execution MDD 51.1996 57.643

Table 4.5: The overheads of SoE and n-body.

Time (ms) | Overhead | MDD

SoE 152 2923.1

Time (ms) | Overhead | MDS
n-body 355.8 5739.286

respectively. With considering the scheduling overhead, MDS outperforms MSS by 13.8%
on average of two movies, and MDD outperforms MSD by 7.2% on average of two movies.

The scheduling overheads of SoE and n-body are shown in Table 4.5. The scheduling
overhead of SoE is estimated as 152 milliseconds, which is around 5.2% of the execution
time of MDD. By considering the scheduling overhead, MDS outperforms MSS by 14.5%,
and MDD outperforms MSD by 11.1%, for the SoE code. The scheduling overhead of
n-body is estimated as 355.8 milliseconds, which is around 6.2% of the execution time
of MDS. By considering the scheduling overhead, MDS outperforms MSS by 18.6%, and
MDD outperforms MSD by 8.6%, for the n-body code. Therefore, the evaluation results
show that dynamic workload management is a promising way to improve performance
with considering scheduling overhead.

Since the overhead of dynamic workload management across thread teams increases
exponentially with the number of thread teams, it becomes riskier to use more thread
teams because the overhead might kill the performance gain from dynamic workload
management. Therefore, if the number of thread teams is so large that the overhead kills
the performance gain, thread management introduced in Chapter 3 instead of workload

management can be a solution to deal with load imbalance across thread teams.
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4.4.4 Normalized performance

The performance model expressed by Eq. (4.3) assumes that the workload vector is per-
fectly predicted in each phase. However, in practical use, it is difficult to predict the
optimal workload vector in each phase to obtain the optimal performance. If the work-
load vector decided by the proposed mechanism is not optimal, the performance gain
would be less than the optimal one. The performance gain under the assumption of im-
perfect performance prediction is discussed. As an example, suppose that a sub-optimal
workload vector in each phase is predicted instead of the optimal one. In such a case,
the normalized performances of MDS and MDD for the ray tracing are summarized in
Figure 4.16 for both movies, and the normalized performances of MDS and MDD for
the SoE are summarized in Figure 4.17, where the normalized performance is given by

Eq. (4.5).

Optimal execution time
Normalized per formance = P : : — X 100%. (4.5)
Suboptimal execution time

The normalized performance indicates how close the suboptimal execution time is to the
optimal execution time. Figures 4.16 and 4.17 show that the normalized performances
are quite high (no less than 95%) for ray tracing and SoE. These results indicate that
the performance gain is obtained even if the prediction is not perfect. The performance
gain with the sub-optimal workload vector is almost comparable to that with the optimal
one. Since the workload ratio is divided by a granularity of 5%, the results also indicate
that the granularity is good enough so that an accurate sub-optimal performance can be
predicted.

In this chapter, the inter-team dynamic workload management mechanism is emulated
by using a static one, and thus the obtainable performance improvement heavily depends
on how accurate the workload vector is predicted in each phase. In practical use, such
a prediction can be performed using empirical parameter tuning. By executing a given
program while changing its workload vector and measuring the performance, it is possible

to obtain an appropriate parameter configuration that can achieve a high performance.
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Figure 4.16: Normalized performances of MDS and MDD for ray tracing.

However, the search space of a workload vector significantly increases with the number of

thread teams and the granularity of the workload ratio. Thus, how to prune the search

space is a challenge. This can be a future work of this dissertation.
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Figure 4.17: Normalized performances of MDS and MDD for SoE.
4.5 Comparison of thread management and workload
management

Both thread management and workload management are introduced to solve load im-
balance across thread teams. The runtime overhead of dynamic thread management is
negligible compared to the total execution time of an application. On the other hand, the
overhead of dynamic workload management is non-negligible, and it increases exponen-
tially with the number of thread teams. Therefore, it is risky to use dynamic workload
management when the number of thread teams is large, because the overhead would be
too large to kill the performance gain from dynamic workload management. In such a
case, dynamic thread management can be an alternative way to solve load imbalance
across thread teams.

Thread management and workload management have their own advantages and disad-
vantages. Dynamic thread management has a weaker capability to solve load imbalance
than dynamic workload management. However, the runtime overhead of dynamic thread

management is smaller than that of dynamic workload management. Therefore, for a
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given application, dynamic thread management can be employed first to deal with load
imbalance. Then, if load imbalance still remains, workload management can be further

employed. This is a kind of greedy strategy to solve load imbalance.
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4.6 Conclusions

The objective of this chapter is to clarify the benefits of dynamic workload management
for irregular applications. This chapter uses a static workload management mechanism
to emulate a dynamic one. Moreover, the scheduling overhead of inter-team dynamic
workload management is estimated based on two simple assumptions.

The evaluation results demonstrate that dynamic workload management, either intra-
team or inter-team, can reduce the irregularity of a given application. The evaluation
results also demonstrate that performing both intra-team and inter-team dynamic schedul-
ing at the same time does not necessarily achieve the best performance. When an ap-
plication is becoming less irregular after inter-team dynamic scheduling is performed,
intra-team dynamic scheduling might merely introduce an overhead that degrades the
performance.

This chapter shows that, at a cost of some runtime overhead, load imbalance can be
solved using dynamic workload management across thread teams. However, the runtime
overhead of dynamic workload management increases exponentially with the number of
thread teams. Therefore, dynamic workload management may not improve performance
when a large number of thread teams are used.

The future work of this dissertation includes automatically tuning workload vectors to
predict the best one. Since the search space of a workload vectors increases dramatically
with the number of thread teams and the granularity of workload ratios, pruning the
search space is a challenge. This chapter assumes that only one user is using a target
system. Thus, this chapter only deals with application-level load balancing. A system-
level load balancing, which assumes multiple users are using a target system at the same

time, can be a future work.
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Chapter 5

Conclusions

Nowadays, an HPC system is becoming more heterogeneous, and many cores are inte-
grated into the system. This dissertation discusses two types of mechanisms to deal with
the heterogeneity and many-core nature of an HPC system. One type is a processor se-
lection mechanism, and the other one is a load balancing mechanism that employs either
thread management or workload management.

A research problem is that processor selection and load balancing mechanisms are often
written in HPC applications, which messes up the applications and makes the applications
difficult to maintain. The objective of this dissertation is to separate processor selection
and load balancing mechanisms from HPC applications. The research approach is to move
processor selection and load balancing mechanisms from applications to the OpenMP
specification. In this way, the HPC applications become easy to maintain in long-term
software development because they do not explicitly contain the two complex mechanisms.

Chapter 2 discusses runtime processor selection. The problem is that programmers
need to severely modify an application for runtime processor selection. The objective of
this chapter is to achieve runtime processor selection without messing up the application.
To this end, this chapter proposes directive customization for runtime processor selection.
The evaluation results show that, by customizing an existing OpenMP directive, three
code versions are generated, and each version is suitable for a different processor. Different

processors are thus selected at runtime by selecting one of the three versions based on the
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problem size. This chapter demonstrates that combining code transformation and direc-
tive customization can satisfy the requirements for runtime processor selection of existing
irregular OpenMP codes. In addition, directive customization can help programmers to
reduce code modifications for runtime processor selection.

Chapter 3 discusses dynamic thread management across OpenMP thread teams. For
execution of irregular applications, the performance changes with thread team size. Thus,
the team size needs to be adjusted to find the optimal one. The objective of this chapter is
to clarify the advantages of the thread management approach to solve the load imbalance
across thread teams for irregular applications. This chapter uses a static thread man-
agement method to mimic a dynamic one. The evaluation results show that, even if the
upper bound of the runtime overhead is considered, dynamic thread team size adjustment
still can improve the performance of irregular applications in comparison with the con-
ventional approach. Moreover, the runtime overhead of thread management is negligible
in comparison with the total execution of an application, which implies that migrating
OpenMP threads from one thread team to another induces only a small overhead. This
chapter demonstrates that dynamic thread management cannot significantly boost per-
formances of memory-bound irregular applications, since changing the number of threads
does not significantly affect the performance.

Chapter 4 discusses dynamic workload management across OpenMP thread teams.
The objective of this chapter is to clarify the benefits of dynamic workload management
across thread teams. To this end, this chapter investigates the ideal performance gain and
runtime overhead of dynamic workload management. This chapter uses a static workload
management mechanism to emulate a dynamic one across thread teams. Moreover, the
scheduling overhead of inter-team dynamic workload management is estimated based on
two simple assumptions. The evaluation results show that dynamic workload manage-
ment across thread teams is a promising way to improve performance. The evaluation
results also show that, performing both intra-team and inter-team dynamic workload
management at the same time is not always the optimal choice. This chapter demon-

strates that, at a cost of some runtime overhead, load imbalance can be solved using
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dynamic workload management across thread teams. However, the runtime overhead of
dynamic workload management increases significantly with the number of thread teams.
Therefore, dynamic workload management may not improve performance when a large
number of thread teams is used.

One of the new findings of this dissertation is that multiple thread teams can out-
perform a single team if the application is irregular and if load balancing is properly
achieved. It is because using multiple thread teams reduces the number of threads joining
internal synchronizations. The second new finding is that dynamic thread management
has a lower overhead in comparison with dynamic workload management, especially when
the number of thread teams becomes large. The third new find is that performing both
intra-team and inter-team dynamic workload management at the same time is not always
the best choice. When the irregularity of an application becomes low after inter-team
dynamic workload management is performed, intra-team dynamic workload management
might introduce merely an overhead that degrades the performance.

One general conclusion of this dissertation is that the performances of OpenMP
codes are improved without major code modifications if runtime processor selection, dy-
namic thread management, and dynamic workload management are integrated into future
OpenMP specification.

In Chapter 3, an oracle algorithm for dynamic thread team size adjustment is assumed.
Such an algorithm allows a perfect thread team size adjustment in a single step of adjust-
ment, which is not practical. Thus, one future work of this dissertation is to develop a
more practical algorithm for dynamic thread team size adjustment. Another future work
is to automatically tune workload vectors to predict the best one. Since the search space
of workload vectors increases drastically with the number of thread teams and the gran-
ularity of workload ratios, pruning the search space is a challenge. This dissertation only
deals with application-level load balancing, which assumes that only one user is using a
target system. One more future work of this dissertation is to discuss system-level load

balancing, which assumes that multiple users are using a target system simultaneously.
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