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Abstract

Heterogeneous systems are ubiquitous nowadays in the field of High Per-
formance Computing (HPC). Heterogeneous devices suitable for parallel com-
puting such as graphical processing units (GPU), x86 many core processors
(Xeon Phi), accelerated processing units (APU), reconfigurable computing
units (FPGA) and other types of specialized co-processors have been shown
to be better performing or more energy efficient than CPUs for many types
of data parallel applications. Usually, these devices are unevenly distributed
over cluster nodes leading to asymmetric cluster configurations - especially in
computational labs.

Programming heterogeneous clusters is a major challenge. Emergence of the
OpenCL standard for heterogeneous computing has alleviated the problem of
porting applications to different heterogeneous devices. But, OpenCL alone is
not sufficient. Other parallel and concurrent programming paradigms have to
be used in conjunction with OpenCL in order to enable efficient distribution of
work over cluster nodes. Moreover, different behavior of the individual compute
devices with respect to execution time and energy consumption has to be taken
into account in order to meet the demands of the user for higher performance
and energy-efficient computing.

The aim of this thesis is to deal with the problem of heterogeneous computing
in cluster systems by providing a framework which supports partitioning and
distribution of parallel programs into cluster nodes and by guiding the execution
process to achieve better performance while lowering energy consumption. In
particular, the results of this thesis are:

(i) A Workload Partitioning Approach which partitions the applications into
medium-grain same-size work chunks and enables efficient distribution of
work in heterogeneous asymmetric clusters while ensuring easier handling
of device failures and poor performance,

(ii) A Heterogeneous Cluster Computing Framework - clusterCL - which
supports our partitioning approach by providing an abstraction layer to
the programmer and hiding the intricacies of programming asymmetric
heterogeneous clusters,

(iii) A Set of Optimal Algorithms for Work Distribution that take into ac-
count execution time and energy consumption in a Time-Energy solution
space and steer the execution process towards high performance, energy-
efficiency or reasonable trade-offs between execution time and energy con-
sumption,

(iv) Evaluation of the Validity and Efficiency of our Approach based on exper-
iments with eleven HPC applications and two synthetic parallel programs
from different scientific domains and benchmarks which are executed in
three different mid-size asymmetric cluster systems with numerous het-
erogeneous devices of different types.
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Zusammenfassung

Heterogene Systeme sind heutzutage im Bereich High Performance Comput-
ing (HPC) weit verbreitet. Heterogene Computing Devices wie Grafikprozes-
soren (GPU), x86 Manycore-Prozessoren (Xeon Phi), Accelerated Processing
Units (APU), rekonfigurierbare Recheneinheiten (FPGA) und andere Arten
von spezialisierten Co-Prozessoren haben sich für Parallelrechner und unter-
schiedliche daten-parallele Anwendungen als leistungsfähiger oder energieef-
fizienter erwiesen als CPUs. Meist sind diese Computing Devices nicht gle-
ichmäßig über die Clusterknoten verteilt, wodurch asymmetrische Clusterkon-
figurationen entstehen - vor allem in kleineren Computer-Labs.

Die Programmierung heterogener Cluster ist eine große Herausforderung.
Die Verbreitung von OpenCL für heterogenes Computing hat das Problem der
Portierung von Anwendungen auf verschiedene heterogene Devices erleichtert.
Aber OpenCL allein reicht nicht. Zusätzlich müssen parallele und nebenläufige
Programmierparadigmen in Verbindung mit OpenCL angewendet werden, um
eine effiziente Verteilung der Arbeit auf die Clusterknoten zu erreichen. Weit-
ers müssen unterschiedliche Charakteristiken bezüglich Ausführungszeit und
Energieverbrauch der einzelnen Computing Devices berücksichtigt werden, um
Leistungs- und Energieeffizienz-Anforderungen gerecht zu werden.

Ziel dieser Arbeit ist es, heterogenes Rechnen in Clustersystemen zu erle-
ichtern und ein Framework anzubieten, das Partitionierung und Verteilung par-
alleler Anwendungen auf Clusterknoten unterstützt und durch Steuerung des
Ausführungsprozesses bessere Laufzeit bei gleichzeitig niedrigerem Energiever-
brauch erreicht. Die Ergebnisse dieser Arbeit sind insbesondere:

(i) ein Workload Partitioning Ansatz, der die Anwendungen in mittlere, gle-
ichgroße Arbeitspakete unterteilt und eine effiziente Verteilung in hetero-
genen, asymmetrischen Clustern ermöglicht, wobei gleichzeitig eine ein-
fachere Handhabung von Geräteausfällen und Performanz erreicht wird,

(ii) ein heterogenes Cluster Computing Framework - clusterCL - das unseren
Partitionierungsansatz unterstützt, indem es eine Abstraktionsschicht zur
Verfügung stellt, um die Details der Programmierung asymmetrischer,
heterogener Cluster zu verbergen,

(iii) ein Set optimaler Algorithmen für die Arbeitsaufteilung, die
Ausführungszeit und Energieverbrauch in einem Zeit-Energie-
Lösungsraum berücksichtigen und den Ausführungsprozess Richtung
Laufzeit, Energieeffizienz oder einem Kompromiss zwischen beiden leiten,

(iv) Auswertung der Validität und Effizienz unseres Ansatzes auf der Grund-
lage von Experimenten mit elf HPC-Anwendungen und zwei synthetis-
chen Benchmarks aus verschiedenen wissenschaftlichen Bereichen und
Benchmark-Suiten getestet auf drei mittleren, unterschiedlichen und
asymmetrischen Clustersystemen mit heterogenen Computing Devices.
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CHAPTER 1
Introduction

The necessity for more computational power has been recognized since the be-
ginning of the computer era. With the increasing complexity of algorithms
and applications which help to solve scientific problems and address industrial
challenges, the efforts to increase computational power have been central to the
invention in computing technology. This has driven chip manufacturers to pro-
duce CPUs which were faster and cheaper in order to meet the demand of the
market. Until a few years ago, the mainstream in High Performance Computing
/ Supercomputing has been homogeneous clusters and supercomputers consist-
ing of many nodes with powerful CPUs. Now, the mainstream has shifted
toward Heterogeneous Computing where heterogeneous devices such as GPUs
augment the role of the CPUs in solving composite problems which otherwise
would take a long time to be processed by CPUs alone. The latest supercom-
puter machines contain heterogeneous devices along with the CPUs, with most
of the top ten supercomputers as of late 2018, being based on heterogeneous
hardware [Top18].

Heterogeneous devices have a very different architectural design from CPUs,
e.g. GPUs have a massive number of lightweight cores, APUs combine a CPU
and a GPU in a single die, Xeon Phi has many x86 compatible cores connected
via a ring bus, FPGAs have arrays of logic blocks which differ significantly from
the design of a CPU. These architectural differences prevent the execution of
x86 software in these devices. Unlike complex designs of CPUs, heterogeneous
devices are built as special-purpose processors with a clear strategy in mind to
tackle specific problems. GPUs as the most prominent representatives of het-
erogeneous devices have been primarily designed to support a massive number
of floating-point calculations per video-frame due to pressures from the fast-
growing video-gaming industry. Thus, GPUs are equipped with hundreds of
small, basic floating-point execution units designed to maximize throughput.
Owing to the specific underlying architectures of those devices, some types of
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1. Introduction

programs such as data-parallel applications can be executed in these devices
much faster [KH12]. Another advantage of using heterogeneous devices is that
they are usually much more energy-efficient. Processing units of those devices
have a much simpler design requiring less energy to be powered efficiently.
These two advantages have made heterogeneous devices hardware of choice for
building High Performance Computing systems.

However, there ain’t no such thing as a free lunch. These systems are very
hard to program. Heterogeneous devices have been in a different path of de-
velopment in comparison to CPUs which are designed to optimally execute
complex sequential codes [GHK+12, KH12]. Differences in hardware charac-
teristics between CPUs and heterogeneous devices prompted the development
of new programming platforms to support execution in heterogeneous plat-
forms. Initially, a programming model supporting general-purpose program-
ming in GPUs, CUDA [nVi19a], has been developed by nVidia. It is used
to execute data-parallel applications exclusively in CUDA-enabled devices, be-
ing the GPUs produced by nVidia [KH12]. The urge to support other types
of accelerators and GPUs led to an open standard, OpenCL [Khr14], man-
aged and supported by a consortium of major industry manufacturers, the
Khronos Group. OpenCL as an open-source standard for general-purpose par-
allel processing in various processors left behind the era of non-portability of
applications in heterogeneous systems, enabling applications to be executed in
all OpenCL-supported processors. However, performance portability remains
an issue to this day. Developing efficient and portable applications requires
hand-optimization of the code to compensate for differences in the architec-
tural design of the targeted processors [OWG13].

In simpler heterogeneous platforms such as computers that host a CPU and
a GPU, the computing process is handled by OpenCL where CPU issues com-
mands to coordinate the execution process and move data, while the GPU
executes the parallel code. Most of HPC programs programmed in OpenCL
target single devices or to an extent single node cluster systems. In a clus-
ter system, this leads to the idleness of the rest of the system, resulting in
under-performance due to the inability to utilize all available computing re-
sources. It has been shown in [GPCF14], that aggregated performance from a
whole system decreases execution time in both homogeneous systems and het-
erogeneous systems. Therefore, aiming for execution of parallel applications by
distributing work in all available cluster resources is very important. Nonethe-
less, supporting execution in a cluster system is very difficult with challenges
such as the impact of data transfers, workload balance, and programming sup-
port. Inter-node communication is inevitable and being an extra layer of data
transfers it may significantly affect the overall execution process, especially for
data-intensive applications. Achieving workload balance is another challenge in
heterogeneous systems due to different computing capacities of the devices and
variable memory capacities and organizations. Next, many programming plat-
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forms should be mixed into a hybrid programming approach to provide support
for executing applications in a cluster. Such a hybrid programming approach
with MPI and OpenCL complicates programming considerably, even in the
context of symmetric nodes with identical hardware configurations. Typically,
MPI codes assume symmetric nodes resulting in an even distribution of work
onto the nodes making it easier to ensure load balance. However, nowadays
most of the heterogeneous clusters in computational labs are asymmetric with
different kind of accelerator devices requiring new strategies in dealing with
such systems. In this thesis, we focus on handling heterogeneous asymmetric
clusters while providing an abstraction layer for the programmer and enable
seamless computing of HPC applications.

Due to the redundancy and the massive number of processing cores, espe-
cially in GPUs, data-parallel applications can harvest better the performance
of the heterogeneous architectures. Many threads created by heterogeneous
devices allow for much finer granularity of execution. However, except for
embarrassingly parallel applications, different applications may have different
computational behavior in different devices. Transforming these applications
to execute in different devices of the cluster system requires work partition-
ing. Differently, from the homogeneous systems where workload partitioning is
often trivial, many obstacles arise from partitioning applications in heteroge-
neous systems, mainly due to computational behavior of the applications and
device characteristics. Hence, partitioning strategies have to be used carefully
and must take into account the characteristics of the targeted application such
as data access patterns. Distribution of work follows partitioning, with static
and dynamic approaches used to guide the scheduling of work in devices and
improve performance. However, considering only load balance and execution
time is not sufficient anymore. In addition to runtime efficiency, heterogeneous
devices raise an important issue – energy efficiency. Depending on the com-
putational characteristics of an application, runtime and energy efficiency may
differ considerably between different types of compute devices. Optimizing in
the direction of the execution time or in the direction of energy consumption
neglecting the other dimension is not enough. Efficiency considerations have to
take both dimensions into account at the same time leading to new optimiza-
tion problems. We consider in detail those optimization problems in this thesis
and provide optimal solutions for work distribution.

1.1. Problem Statement

Our goal is to efficiently execute data-parallel applications in heterogeneous
asymmetric clusters by optimizing for execution time and energy efficiency.
Targeted architectures in this thesis are mainstream nowadays, while program-
ming them is a very complex task. Applications that most benefit from het-
erogeneous architectures are very diverse with features that require specially
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tailored strategies to improve performance. Finally, optimizing only for per-
formance is not enough. Current systems consist of devices of variable energy-
efficiency coefficients, hence optimizing in the direction of energy efficiency is
necessary.

In this thesis, we address these issues guided by the following research ques-
tions which reflect the problems of programming and optimizations in those
environments.

RQ1. How to assign the right amount of data/work to heterogeneous
devices? OpenCL kernels are usually written to be executed in a single
heterogeneous device. Hand optimizations of the parallel program target-
ing a specific device are usually sufficient for performance improvement.
Harvesting performance from multiple heterogeneous devices requires a
more sophisticated approach. Application data has to be partitioned
between devices and considering the heterogeneity and diversity of the
devices, partitioning and distribution of work is not a trivial problem.
Hence, the approaches, strategies and methods for partitioning and dis-
tributing of work have to be cautiously analyzed and devised to target
both the hardware architecture and application characteristics specifi-
cally. An important issue in this context is ensuring workload balance
either between devices or between cluster nodes in order to ensure syn-
chronized completion of execution in the whole system.

RQ2. How to support partitioning and scheduling? OpenCL and MPI
as parallel programming platforms for heterogeneous platforms cannot
by themselves solve all the problems. OpenCL enables porting of ap-
plications to devices and MPI supports data transfers between nodes.
However, between them, there is a whole middle layer which does not
exist. In the absence of this layer, the programmer is required to take
care of many tasks such as handling different devices, partitioning and
distribution of work, coordination of execution, workload balance, deal-
ing with communication overhead, handling device failures and merging
results to name a few. Bridging this gap would provide scientists and en-
gineers with an abstraction layer towards the hardware architecture of the
system and programming complexities of such systems. It would allow
them to focus on translating domain-specific problems into data-parallel
applications which further can be handled automatically by a framework.

RQ3. How to deal with applications with different kind of dependen-
cies? The vast majority of data-parallel applications do not fit into the
category of embarrassingly parallel programs. They are not easily decom-
posable into small independent tasks. Partitioning of data-domain into
smaller chunks may result in inter-device communication since the code
logic of the application may require accessing data which are not read-
ily available in device memory. This would lead to extra communication
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overhead in order to ensure computing correctness. Since heterogeneous
devices do not act like a CPU and explicit commands have to be issued
to check and monitor execution, the overhead in communication and co-
ordination will increase, raising the programming complexity. Moreover,
data-parallel applications usually consist of many data-parallel regions of
code introducing data-dependency problems between these regions. All
these problems are application-centric stemming from application char-
acteristics. Therefore, it is vital to analyze different patterns of compu-
tational behavior of data-parallel applications in order to come up with
more generic categories of applications for which a set of comprehensive
strategies dealing with dependencies can be applied.

RQ4. How to optimize program execution taking both execution time
and energy consumption into account? Heterogeneous devices be-
sides being more time-efficient than CPUs in executing massively parallel
programs, have been shown to be also more energy efficient. This comes
mainly as a result of simpler designs of the processing elements of these
devices, which are more energy-efficient. Design of the accelerators and
especially of GPUs is driven by increasing performance per Watt, which
makes energy consumption an important factor of the computing process
in heterogeneous clusters. Both runtime efficiency and energy efficiency
inevitably need to be considered when optimizing execution and devis-
ing work distribution strategies. Depending on which direction the opti-
mization is steered, different scheduling strategies are possible. A good
approach in this context would enable optimal mapping decisions taking
into account user goals and constraints that can be calculated efficiently
and if required dynamically while the program is executing.

RQ5. How to recommend reasonable trade-off solutions between time
and energy? Workload partitioning process is constrained by the gran-
ularity of parallelism. For applications which exhibit high arithmetic
intensity and large datasets even the heterogeneous devices struggle to
perform. This tilts the partitioning decisions towards finer grain paral-
lelism, leading to smaller chunks of work assigned to devices. With the
number of chunks outnumbering the number of devices by orders of mag-
nitude, optimizing work scheduling strategies becomes difficult. The set
of scheduling solutions reflecting all possible mapping decisions becomes
enormous and examining each of those solutions takes a lot of time. This
is the most simple approach towards recommending a trade-off solution
between performance and energy consumption for work scheduling. How-
ever, selecting a solution with an exhaustive search algorithm is impracti-
cal. A better approach would be to reduce the set of solutions to contain
only feasible solutions and from there select a solution which would be
the best trade-off between execution time and energy consumption.
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1.2. Contributions

The work on this thesis has been focused in answering a set of problems intro-
duced in the field of Heterogeneous Computing as outlined in Section 1.1. The
main contribution of this thesis is a framework that bridges the current gaps to
better utilize heterogeneous architectures with a special focus on a work par-
titioning approach that can ensure workload balance in an asymmetric cluster
while enabling and recommending scheduling solutions which are optimized for
runtime efficiency and energy consumption. More precisely, the contributions
of this work are as follows:

C1. A generalized approach for workload partitioning in heterogeneous asym-
metric clusters that ensures workload balance

C2. Design and implementation of a framework to support seamless comput-
ing in heterogeneous clusters

C3. Analysis of computational patterns of HPC applications and implemen-
tation of mechanisms to handle applications with dependencies

C4. Optimal scheduling algorithms to optimize for performance and energy-
efficiency

The first major contribution is our approach in handling workload parti-
tioning for data-parallel applications in heterogeneous systems. Our approach
is based on a strategy to ensure workload balance between the cluster nodes
instead of a customized approach which ensures synchronized completion at
device level. Data chunks created by this partitioning process can oscillate in
size between fine grain to coarse grain partitions taking into consideration the
arithmetic intensity and the size of the dataset for a particular application.

To overcome the gaps between programming models for heterogeneous clus-
ters, we have implemented a framework that provides an abstraction layer for
the underlying architecture of the system. The framework is split into three
major components which correspondingly control the partitioning and work dis-
tribution process, coordinate the execution in nodes, handle device failures, and
steer the execution process in the devices. The programmer is only required to
specify data and choose one of the partitioning strategies that fits better for the
application, while the other part is handled automatically by the framework.

Beyond the challenges posed by hardware architecture of the heterogeneous
systems and the programming support, application characteristics play a major
role in influencing the execution process both in terms of performance and the
practicality of programming. We have analyzed computational patterns of a
broad range of HPC applications with a special focus on inter-device (intra-
kernel) and inter-kernel dependencies. We have extended the framework to
support computing for generic multi-kernel HPC applications by implementing

8



1.3. Outline of the Thesis

synchronization mechanisms to ensure data coherency while minimizing the
impact of additional data transfers.

Finally, we have designed optimal algorithms that target work distribution
in clusters with a higher degree of heterogeneity and asymmetrical configura-
tion. The algorithms take into account two objectives for optimization of the
computing process: performance and energy efficiency. The scheduling process
can be steered in any of the directions, while it can also recommend a distribu-
tion strategy that is based on the trade-off of getting better performance while
conserving energy. The algorithms have been implemented and support work
distribution decisions of the framework.

Publications and submitted manuscripts that are based on the work presented
in this thesis are as follows:

1. V. Raca and E. Mehofer, Device-Sensitive Framework for Handling Het-
erogeneous Asymmetric Clusters Efficiently, 26th IEEE International
Symposium on Computer Architecture and High Performance Computing
(Florianopolis, Brazil), Oct 2015, pp. 181–188.

2. V. Raca, E. Mehofer, Efficiency Considerations in Heterogeneous Clus-
ter Systems, 18. Kolloquium Programmiersprachen und Grundlagen der
Programmierung - KPS 2015, (Pörtschach am Wörthersee, Kärnten, Aus-
tria), Oct 2015.

3. V. Raca, E. Mehofer, and M. Hudec, Optimal Time and Energy Efficient
Work Distributions in Heterogeneous Systems, 24th Euromicro Interna-
tional Conference on Parallel, Distributed, and Network-Based Processing
(PDP) (Heraklion, Greece), Feb 2016, pp. 440–447.

4. V. Raca, E. Mehofer, Implementing HPC Applications with a Framework
supporting Heterogeneous Asymmetric Clusters, [submitted 2019]

5. V. Raca, E. Mehofer, clusterCL: Comprehensive Support for Multi Ker-
nel Data-Parallel Applications in Heterogeneous Asymmetric Clusters,
[submitted 2019]

6. V. Raca, E. Mehofer, B. Scholz, W.U. Seeun, Optimal Scheduling for De-
ploying Work Packages on Heterogeneous Distributed System, [submitted
2019]

1.3. Outline of the Thesis

This thesis is organized in four parts, as shown in Figure 1.1.
Part I, respectively Chapter 2 gives an overview of the current hardware

technologies and systems, programming models for heterogeneous clusters and
describes data-parallel applications which are the object of this work.
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Part II: Programming Approach for Heterogeneous Clusters

Part I: Foundations and Motivation

Ch. 2: Heterogeneous Hardware Architectures and Programming
Support

Ch. 3: Workload
Partitioning and

Distribution

Ch. 4: clusterCL: A
framework for

Heterogeneous
Cluster Computing

Ch. 5: Programming
Support for Generic

Data Parallel
Applications

Part III: Optimal Work Distribution in Heterogeneous Clusters

Ch. 6: Efficiency-
oriented Scheduling

Strategies

Ch.7: Optimal Time
and Energy Work

Distributions in
Heterogeneous Syst.

Ch. 8: Analysis of the
Time/Energy Solution

Space For Work
Distribution

Part IV: Conclusions

Ch.1: Introduction

Ch. 9: Conclusion

Figure 1.1.: Outline of the Thesis

Part II consists of three chapters where we present in detail and evaluate our
programming approach for heterogeneous asymmetric clusters. In Chapter 3,
we focus on the approaches for workload partitioning as means to ensure work-
load balance in a cluster system. Chapter 4 presents our clusterCL framework
which provides an abstraction layer to the programmer for the underlying hard-
ware architecture. In Chapter 5 we analyze some features of HPC applications
and introduce strategies to handle generic applications with dependencies.

Part III is focused on work distribution and scheduling strategies which pro-
vides the programmer with a platform to schedule work, taking into account
both execution time and energy efficiency. Chapter 6 sets the requirements
and the optimization model for the clusterCL framework, while optimal algo-
rithms satisfying different optimization criteria are presented in Chapter 7. In
Chapter 8, we discuss different strategies for recommending solutions based on
a trade-off between execution time and energy efficiency.

Finally, in Part IV we conclude with a summary of our findings and discuss
the future directions of programming support for heterogeneous architectures.
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CHAPTER 2
Heterogeneous Hardware

Architectures and
Programming Support

In this chapter we give an overview of the state of the art heterogeneous hard-
ware architectures and the programming support that enables the execution of
applications on these platforms. We also tackle separately in this chapter the
application domain, particularly data-parallel applications which has benefited
most from the use of heterogeneous devices.

2.1. Heterogeneous Hardware Architectures

Heterogeneous hardware architectures nowadays are present in almost all com-
puting systems, starting from small embedded systems to the biggest supercom-
puters of the world. These systems include special-purpose processors which
differ in many aspects from the design and the architecture of the traditional
CPUs. Although the goal has never been to replace the role of the CPUs in
computers and other computing systems, heterogeneous devices are getting an
ever-increasing share while complementing CPUs in the computing process, es-
pecially for applications or parts of applications for which those devices have
special circuitry and are specialized to process data faster. Further, using a
combination of many of those devices for running applications have been shown
to increase performance despite increased communication mainly due to data
transfers in new routes such as inter-node communication in a cluster system.

In the next sections, we introduce the hardware architecture which we target
in our work. We discuss heterogeneous technologies and the cluster systems
consisting of multiple heterogeneous devices and asymmetric configurations.
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2.1.1. Heterogeneous Devices

Since the single-core era has reached its physical limitations, new approaches
mainly multi-core and many-core have been explored [CDDE13]. Exploiting
the capabilities of various processors as accelerators has resulted in reaching
high performance and at a much smaller price (at least in terms of energy con-
sumption). This has benefited many fields of science and engineering, mainly
contributing to high performance matrix-oriented computations in scientific
computing, but also providing for multimedia processing, embedded systems or
real-time systems [CDDE13, GHK+12].

Heterogeneous devices have a completely different underlying architecture
and have been in a different path of development in comparison to CPUs which
are designed to execute complex sequential code optimally. In Figure 2.1 we
have shown a high-level architectural organization of a CPU, GPU, and an
FPGA. The CPU in the figure consists of four powerful cores with a shared
cache, DRAM, and control unit. Its cores have a complex design which serves
to compute programs that require execution of the code containing complex
logic. GPUs, on the other hand, consist of multiple streaming multiproces-
sors which in turn contain many smaller cores. These cores are basically
arithmetical-logical units (ALU) that can process simple computations. All
cores of a streaming multiprocessor usually share a control unit and cache.
Access to the graphic DRAM (GDRAM) is possible from all compute units.
FPGAs consist of many programmable logic blocks which can be reconfigured
in such a way to perform combinatorial functions or act as simple logic gates.

CORE 1 CORE 2

CORE 3 CORE 4

Shared cache

Memory

CPU

MemoryControl

GPU

PLB PLB PLB

PLB PLB PLB

PLB PLB PLB

I/O I/O I/O

I/O I/O I/O

I/O

I/O

I/O

I/O

I/O

I/O

FPGA

Figure 2.1.: Hardware architecture of a CPU, GPU and a FPGA

The most striking difference between a CPU and GPU from the organiza-
tional point of view is the difference in the amount of ALUs. GPUs can schedule
a large number of threads which execute on those small cores. The number of
cores in a GPU is usually in the hundreds with the number of threads that
can be scheduled in the thousands. This makes GPUs a preferred device for
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executing codes which contain a massive amount of simple parallel instructions.
Lets consider Figure 2.2. In this figure, we see two types of applications App
1 and App 2 — squares present code blocks. Multiple squares in a horizontal
row depict a highly parallelizable code region. Let us assume for the sake of
simplicity that those regions are iterative loops of simple instructions. From
the figure we understand that App 1 has more parallelizable code regions than
App2. Further, those regions in App 1 have a greater amount of repetitions
than in App 2. Hence, App 1 is more suited to be executed in a GPU through
loop fission and transformation than in a CPU while the opposite can be ob-
served for App 2. Moreover, a mixed approach is possible where sequential
regions are executed in the CPU, while parallel regions are transformed and
executed in a GPU.
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Figure 2.2.: Variability in execution time and energy consumption for CPU
and different types of devices

On the right side of the figure 2.2 we see four different devices with respective
execution times t1, t2, t3, t4 and energy consumption e1, e2, e3, e4 for a specific
application. If we simplify the case to the most basic settings, we would in
general have App 1 execute faster in a heterogeneous device due to its parallel
regions of code, while App 2 being an application with mostly sequential code
would execute faster in a CPU. As per energy consumption, this is less clear
even in the most basic settings since the energy consumption is not usually
correlated with performance and is based on the actual utilization of different
units of the CPU or GPU. For this example, we used the most basic settings
while there are many hardware, software and application-specific constraints
which affect the computing process. Heterogeneous devices besides consisting
of more processing units do not share many other features with the CPUs
such as they have different instruction set architectures, memory organizations,
communication interfaces, programming approaches, and so on. Therefore,
execution time and energy consumption are influenced by many factors among
which also the application characteristics. Most importantly, many of these
factors impact the two dimensions differently.

13



2. Heterogeneous Hardware Architectures and Programming Support

2.1.2. Heterogeneous Asymmetric Clusters

Large clusters consisting of heterogeneous computing nodes with different com-
puting devices provide the opportunity to scale-up the performance. The hard-
ware model we target in our work is shown in Fig. 2.3. The system consists of
asymmetric cluster nodes with distributed memory, which are connected with
Infiniband/Ethernet with a front-end node. Cluster node 1 and cluster node
2 are configured with five devices. Cluster node 1 hosts three GPUs of dif-
ferent types (e.g. an nVidia Tesla K20m, an nVidia Tesla V100 and an AMD
Radeon Instinct MI25) and two digital signal processors (DSP) of the same
type. Cluster node 2 has a similar configuration hosting four GPUs, two of
each type and an accelerator of type 2 (e.g. Intel Xeon Phi). Cluster node 3
hosts four identical FPGAs, while cluster node 4 consists of two accelerators
of different types. It is clear from different amounts of devices in each node
and from the diversity of the types used in the nodes that this cluster structure
is asymmetric, much more different from the monolithic structures of the past
homogeneous systems. However, these are not the only reasons for asymme-
try. In cluster node 1 GPU Type 2 is not supported by some programming
platform used by the programmer while Accelerator Type 2 in cluster node 4
is broken and has not been replaced yet resulting in a temporary asymmetry.
Such situations occur rather often in practice preventing an even distribution
of work over all cluster nodes.
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CPU GPU Type 1 GPU Type 1 GPU Type 3 GPU Type 3 Acc. Type 2
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Figure 2.3.: Hardware architecture of a cluster with asymmetric nodes

Besides the heterogeneity and the asymmetric structure of a cluster, there
are other issues which are important when dealing with cluster systems. One
of the most important is the impact of data transfers in the overall execution
process. Data transfer in a distribute-memory architecture as presented in Fig-
ure 2.4 occur in two levels: from the CPU DRAM to the device memory and
from front-end to the cluster nodes including here also the inter-node commu-
nications. Typically the heterogeneous devices are discrete cards with separate
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DRAM connected via PCIe to the CPU. This type of connection requires ex-
plicit data transfers. Throughput in this channel of communication is much
lower than between CPU and DRAM, respectively between processing units
and device memory in heterogeneous devices. Additionally, latency is much
higher in PCIe channel. However, data transmission rate between the cluster
nodes via InfiniBand or Fast Ethernet is the slowest in the whole system cor-
responding only to a fraction of the throughput of the internal transfers within
a device or PCIe transfer rate. Differences in transmission rates can be a de-
cisive factor in performance, especially when executing some types of parallel
applications which require a lot of data while having low arithmetic intensity.
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Figure 2.4.: Data transfer channels in a cluster system

2.2. Software Architecture

A cluster system as described in the previous section requires multi-paradigm
programming models to support application execution. Since none of the stan-
dards (MPI, OpenMP, OpenCL, CUDA etc.) offer a platform which would
enable heterogeneous computing in heterogeneous architectures, a combina-
tion of several platforms is required to handle these systems. From a bottom-
up approach, a programming model to support execution of the applications
in heterogeneous devices is required. Currently, there exist a few program-
ming models that enable low-level heterogeneous computing with the most well
known being CUDA and OpenCL. Many studies [KSA+10, FVS11, SCL+12]
have looked into performance comparison between CUDA and OpenCL tech-
nologies for different heterogeneous devices and different applications. The
results show small differences in execution time between the two. The advan-
tage of using OpenCL over CUDA to execute parallel applications lies with the
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OpenCL’s ability to work with different hardware (CPU, GPU, Accelerators)
from different vendors while CUDA is a proprietary programming model of
nVidia which works only with nVidia GPUs.

Some studies [GTO13, KHD+17] have used mixed platforms for programming
CPUs and heterogeneous devices, with the multithreading OpenMP [Ope19b]
used for CPU execution to harvest the performance of multi-core processors and
OpenCL used to program GPUs and accelerators. [SFSV12, SCL+12, SPB16,
LPB18] have compared and discussed the performance of OpenCL and OpenMP
and the results show that OpenCL and OpenMP are most of the time on par
for CPUs, while other studies show that either OpenCL or OpenMP are slightly
better. However, multithreading libraries as OpenMP or pThreads may be used
for another purpose. With many devices on the same node, a multithreading
library is required to handle device requests promptly, such that no device waits
for the other to complete explicit data transfer or program execution.

In a cluster system communication between cluster nodes is necessary. The
most widely used standard for communication is the Message Passing Interface
(MPI) [MPI12]. It has been shown that MPI, although error-prone, can pro-
vide good performance in communication between cluster nodes and is highly
scalable [HSdSM10].

In our work, we use a combined software architecture of MPI, OpenMP and
OpenCL to target heterogeneous clusters. In the next sections, we give a short
overview of these programming models.

2.2.1. OpenCL

Differences in hardware architecture between CPUs and GPUs required a new
approach towards programming massively parallel processors. The necessity
to support a broader range of GPUs and accelerators produced from different
vendors led to an open standard, OpenCL, managed and supported by a consor-
tium of major industry manufacturers, the Khronos Group. OpenCL provides
an API which is general enough to support execution in different architectures.

Along with the API, the OpenCL framework provides a language, libraries
and a runtime support for software development. OpenCL runtime support
is responsible for host-device communication and generates device-specific bi-
naries out of the OpenCL kernels, while its programming language, a re-
stricted version of C99 language with extensions to support data-parallel codes
[GHK+12], offers a hardware abstraction layer, enabling the development of
kernels without prior knowledge of the underlying architecture of a computing
device.

The OpenCL platform model specifies a host-accelerator model where the
execution has to be coordinated by a host (CPU), while the data-parallel code
(OpenCL kernel) is executed on one or more devices using vendor-specific im-
plementations of the OpenCL API. As shown in Figure 2.5, each accelerator
is modeled as a Compute Device. Compute devices are divided into Compute

16



2.2. Software Architecture

CPU

DRAM

MEMORY

HOST

HOST
MEMORY

GLOBAL 
MEMORY

MEMORY
LOCAL 

MEMORY

PRIVATE 
MEMORY

DEVICE 1 DEVICE 2

COMPUTE
DEVICE

COMPUTE
UNIT

PROCESSING 
ELEMENT

Figure 2.5.: OpenCL Terminology

Units (e.g. streaming multiprocessors in GPU) and further divided into Pro-
cessing Elements (e.g. GPU cores).

OpenCL Memory Model resembles a data-parallel execution model. Besides
host memory (DRAM), a memory hierarchy is defined for compute devices with
global memory shared by all processing elements, constant memory which is at
the same level as global memory but for read-only access. Each compute unit
has its own local memory which can be shared among work-group threads,
while processing elements have their own private memory which is accessible
only by the work-item executing in the processing element.

The execution in OpenCL supported processors is coordinated by the host
program, which enqueues to the targeted computing device an N-dimensional
index-space of kernel instances (NDRange) mapped to the processing elements
of a computing device in the form of threads of execution (work-items). These
work-items are grouped into work-groups which are assigned to compute units
[GHK+12, KH12, TKS+11, MGM+11].

Below is given a simple example adding two arrays in C and OpenCL. In
C a loop is required to go over array elements. In OpenCL, each thread exe-
cutes a single kernel instance in this case adding an element from each array.
Parallelism granularity can be adjusted according to the requirements.

Listing 2.1: C version

1 void addArray ( i n t ∗a , i n t ∗b , i n t ∗c , size_t n )
2 {
3 f o r ( i n t i = 0 ; i < n ; i++)
4 {
5 c [ i ] = a [ i ] +− b [ i ] ;
6 }
7 }
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Listing 2.2: OpenCL version

1 __kernel void addArray(__global int ∗a ,
2 __global int ∗b , __global int ∗c , size_t n)
3 {
4 int tID = get_global_id(0) ;
5 c [ tID ] = a [ tID ] + b [ tID ] ;
6 }

2.2.2. Multithreading

Multithreading libraries provide support in creating threads within the con-
text of one process. Many libraries support multithreading with the POSIX
threads or pThreads [fS09] providing a standard library for multithreading.
Higher-level languages such a Java, C++, Python enable developers to use
multithreading. Other programming languages are built around the concept of
concurrent programming and multithreading and expedite programming with
threads such as OpenMP, CILK [Int17] and TBB [Int19]. However, in our con-
text, multithreading is used to concurrently manage device within a node such
that explicit OpenCL calls to instruct device drivers for an operation are han-
dled concurrently by the process. For this purpose, any programming language
or language extensions and libraries that support concurrent programming can
be used.

2.2.3. MPI

When it comes to communication between cluster nodes or simply communica-
tion between processes in distributed-memory architectures, MPI is the most
widely used parallel programming protocol. In Figure 2.6, the process of com-
munication between two cluster nodes is shown. Data are sent from one process
to the other via the network with the mediation of the system buffers. MPI
calls typically are point-to-point communications involving two processes, one
being the sending and the other receiving [Lib19].

node 1

process 1

node 2

process 2

network

send

receive

Figure 2.6.: MPI Communications

MPI also supports multithreaded MPI calls. In Figure 2.7 we have shown
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the differences between single-threaded MPI calls where only the master thread
in the sending process is allowed to issue MPI calls, and on the bottom a mul-
tithreaded approach where each thread in the sending process is allowed to
issue MPI calls. Testing results of [TG07] show that for some implementations
of MPI such as MVAPICH2 [Uni19] and OpenMPI [Con19] using the multi-
threaded approach has resulted in performance improvement.
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Figure 2.7.: MPI threading support

2.3. Application Domain

Applications that work best with heterogeneous devices, particularly GPUs
are data-parallel applications. Data parallel applications are mostly found in
scientific fields such as physics, chemistry and biology among others, but there
are also applied engineering fields which have applications that are categorized
as data-parallel application.

All programs

Concurrent
programs

Parallel
programs

Concurrent
programs

Parallel 
programs

Figure 2.8.: Parallel programs as subset of concurrent programs and all
programs [GHK+12]
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Figure 2.9.: Data parallel applications

Data parallel applications usually have a large dataset upon which same or
similar operations are performed. This is a perfect setting for GPUs which
consist of hundreds of cores. It can provide thousands of threads that execute
in parallel fashion while the same code logic applies to all running threads.
Data parallel applications according to Flynn Taxonomy [Fly72] on parallel
computer architectures are categorized as Single Instruction Multiple Data,
or in a more general way Single Program Multiple Data (SPMD). Parallel
programs are a subset of concurrent programs, since all parallel programs share
the same properties of concurrent programs, although as shown in Figure 2.8
the opposite does not apply [GHK+12].

In Figure 2.9a, we have shown the execution process of an embarrassingly
parallel application. These applications are the most basic data-parallel appli-
cations since the decomposition of the application into smaller parallel task is
pretty straightforward and almost effortless. These mini-tasks are than mapped
easily to processing elements of an accelerator.

However, most of the data-parallel applications are not embarrassingly par-
allel, and they usually consist of code logic that leads to some form of depen-
dencies or communication between the decomposed units of the application. A
simple case is Direct Coulomb Summation depicted in Figure 2.9b where the
electrostatic potential is measured in a grid that encompasses atomic charges.
Each of the black squares in the figure is a grid point where the influence of
electrostatic potential is measured. Red circles show atoms which have their
positions and charges. From a programmer point of view, each grid point can
be assigned to a thread which would iterate over all atoms by calculating dis-
tances and influences from a particular charge. As long as all atom data and
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grid data can be put in the device memory, this application is embarrassingly
parallel. However, the number of atoms which are used for calculation can
be very big and a good strategy to follow would be to partition the data and
work between many devices. This strategy would increase performance since
the workload can be distributed between devices. Nevertheless, the workload
partitioning and distribution can introduce dependency issues no matter which
strategy we use to partition data.

We deal in depth with partitioning strategies and work distribution for data-
parallel applications in the rest of this thesis and our work is focused in pro-
viding solutions for partitioning and distribution of work in heterogeneous ar-
chitectures.
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CHAPTER 3
Workload Partitioning and

Distribution

In this chapter, we discuss the approaches, strategies and methods for partition-
ing data-parallel applications and adapting workload for heterogeneous clusters.
As a means of achieving better performance, we discuss the general work dis-
tribution approach that augments our work partitioning approach. We discuss
in detail our work on work scheduling strategies and optimizations taking into
account performance and energy efficiency in Part III.

Exploiting heterogeneous clusters requires applications to be partitioned, so
the burden of computing is distributed among cluster’s heterogeneous devices.
This does not just increase resource utilization in the cluster but increases
the performance since smaller workloads can be computed much faster and
merged into the final output. However, contrasting from almost always trivial
approaches of workload partitioning in homogeneous systems, the difficulty
of workload partitioning in heterogeneous systems increases enormously with
many factors to be taken into account such as the architectural designs of the
devices, diversity of the devices in the system and configuration of the cluster
among others.

Unlike for single device computations where the whole data domain is trans-
ferred to the device, partitioning and distribution of work in a multi-device
asymmetric cluster system require addressing many challenges that arise in
such settings. The problem domain has to be decomposed and depending on
application characteristics, costly data transfers between devices and cluster
nodes may be induced. However, the aggregated performance of all compute
devices in a system usually is superior to the performance of the fastest de-
vice in the system despite communication overhead. An exception are heavily
data-intensive applications.

Work distribution follows and augments the workload partitioning process
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in improving overall execution performance. Work distribution strategies are
crucial for avoiding the delay and unsynchronized completion of execution in
cluster nodes and devices as well as in mitigating the effects of data transfer in
computing.

Contributions

We present a workload partitioning approach for heterogeneous systems that
partitions the workload into large number of same-size medium-grain chunks
that can be mapped to heterogeneous clusters with different distribution strate-
gies. Main advantages of our approach are as follows:

(a) workload balance between compute nodes can be ensured with distribution
strategies

(b) device failures and poor performance of the devices can be handled quickly
via rerouting chunks which can fit in all devices of the system

(c) new optimizations strategies for performance and energy efficiency can be
implemented through this approach to steer the execution towards better
performance and better energy-efficiency

Related Work

The related work is grouped into two categories: workload partitioning and
work distribution.

Workload partitioning. Several works have proposed different methods
for work partitioning in heterogeneous systems [LHK09], [GO11], [LSPM13],
[GDF14], [SVL+16]. In [LHK09], Luk et. al. propose a method of adaptive
mapping of work to the devices to find the best work distribution. Grewe et.
al. [GO11] propose a machine learning approach to determine workload distri-
bution in the presence of GPU contention, while Kofler et. al. [GDF14] use
an offline training approach based on static and dynamic features of programs
to decide on work distribution. Lee et. al. [LSPM13] propose SKMD frame-
work which enables work partitioning for single node setting between CPUs and
GPUs based on a heuristic method taking into account data transfer costs and
execution time. Shen et. al [SVL+16] present an approach based on modeling,
profiling and prediction techniques to determine optimal workload partition-
ing. All of these studies are based on parallel applications which are either
single kernel applications or multi-kernel applications that have no inter kernel
dependencies which would result in communication between devices or synchro-
nization with the host.

Work distribution. Besides workload partitioning for HPC applications,
distribution of work has been studied in several papers [Aug11], [PBAL13],
[WWO14] and [LSM15]. These studies are mainly focused on dynamic task
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scheduling. StarPU [Aug11] is a runtime system providing task-based schedul-
ing for heterogeneous systems. Similarly, OmpSs [PBAL13] is a framework that
requires annotating serial applications with directives in order to provide asyn-
chronous execution of tasks in heterogeneous architectures. In [WWO14] Wen
et. al. propose a task scheduling scheme which can schedule multiple kernels
in different devices. In a similar fashion Lee et. al. [LSM15] propose a sys-
tem for mapping different kernels to different devices while data are migrated
based on the order of execution. These studies differ from ours since they are
based on task-aware (kernel-level) partitioning and scheduling of applications
to different devices while our approach is based on data-aware work distribution
where the kernels are executed in serial fashion and inter-kernel dependencies
are maintained.

3.1. Workload Partitioning

Scientific communities and engineering industries are perpetually hungry for
performance. This demand cannot usually be fulfilled only by exploiting the
performance of new, more powerful devices. An approach relying on a com-
bination of processors and devices is required to achieve high performance.
Partitioning of work among all CPUs in homogeneous systems has been at the
center of High Performance Computing since the beginning. Large cluster and
supercomputers hosting thousands of CPUs are used to speed up the execution
process by partitioning applications into chunks and assigning them to CPUs
while aggregating the results received from CPUs. Many benchmarks that are
used to test the performance of cluster systems and supercomputers follow the
principle of work partitioning to utilize all system CPUs. The same principle
applies to heterogeneous systems.

To illustrate the performance increase from workload partitioning, we present
in Figure 3.1 some measurements in our cluster CORA. CORA consists of seven
identical nodes, each hosting a pair of Tesla C2050 GPUs and one Tesla C1060
GPU and nodes are interconnected with Fast Ethernet. The experimental set-
tings are based in single device execution for Tesla C2050 and Tesla C1060
and are compared to the aggregated performance from workload partitioning
in different configurations of the cluster. We use matrix multiplication routine
(GEMM) to test for performance in different settings. We observe that Tesla
C2050 is more than twice faster than Tesla C1060 for single device execution
of GEMM (57.34s vs. 125.7s). If we partition GEMM, so the workload is
distributed between devices, we observe a significant decrease in the overall
execution time. A single node execution consisting of two Tesla C2050 and one
Tesla C1060 (cf. Figure 3.1, CORA x1 NODE) with work distributed among
them is 2.41× faster compared to a single device execution of the whole work-
load in the fastest device of the system (23.79s vs. 57.34s). Further, configura-
tions with two and three nodes (cf. Figure 3.1, CORA x2 NODES and CORA
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x3 NODES) reduce further the overall execution time being 1.82× (13.04s vs.
23.79s), respectively 2.35× (10.1s vs. 23.79s) faster than the execution in a
single node setup. The speedup is smaller in the three-node version mainly
because of the relatively short time of execution, considering that the setup
and communication influence the execution process.

125.7

57.34

23.79

13.04

10.1

0 50 100 150

NVIDIA Tesla C1060

NVIDIA Tesla C2050

CORA x1 NODE

CORA x2 NODES

CORA x3 NODES

Execution time (sec)

Figure 3.1.: GEMM: Single Device Execution vs Workload Partitioning in
CORA cluster

Additionally, we look at the potential overhead from the partitioning process
itself. In Figure 3.2 we present the execution time and relative speedup for
Direct Coulomb Summation (DCS) and Correlation Matrix (COR) in an ex-
periment where first we execute the whole problem size with one device (non-
partitioned execution), and then partition it into same-size data chunks and
queue the partitioned chunks in the same device (partitioned execution). There-
fore, we do not expect speedups; we just want to measure the overhead of the
partitioning process. A small overhead from the partitioning process itself as
well as from potential communication latencies is to be expected. For both
applications, we use non-optimized kernels. As a baseline for speedup, we take
the non-partitioned execution and compare with the partitioned execution.

For DCS we observe that the partitioned execution introduces a small over-
head as expected such as for executions in devices Tesla C2050, C1050 and
Tesla V100 (see Figures 3.2a and 3.2b). In some cases such as with the CPU
and Tesla K20m it appears like the partitioning process is not causing any
overhead and counter-intuitively speeding up the execution. In this case, our
investigation shows that the speedup comes as a result of differences in process
initialization and setup, hence no real speedup from the execution process itself.
On the other hand, for COR we observe the opposite as shown in Figures 3.2c
and 3.2d. In all devices, with the exception of the CPU the partitioned exe-
cution is much faster than the non-partitioned execution and the speedup is
not negligible. Moreover, the speedup does not come as a result of differences
in setup time but from the execution process itself. Although, it looks like an
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(d) COR: Relative Speedup

Figure 3.2.: Non-partitioned vs. Partitioned Execution in the same device

anomaly and an unexpected outcome, the reason behind the speedup is the
computational behavior of the application. COR is an imbalanced applica-
tion where the workload is concentrated in the upper triangular matrix which
represents its dataset. Each work-item processes a row of the matrix of differ-
ent length, causing the application to have an imbalanced spread of workload
among threads. In the partitioned version we have partitioned the triangular
matrix over the columns. As a result, this partitioning strategy has effectively
produced a more balanced workload distribution between work-items. We will
encounter in the later chapters similar problems not restricted to the domain of
imbalanced data-parallel applications, where the selected partitioning strategy
can impact the execution process significantly.

In general, the partitioning process itself and the cost of communications for
data transfers between cluster nodes introduce an overhead in the execution
process which, as seen from the previous examples inhibits us from achieving
ideal speedups. However, the decrease in overall execution time from using
many devices instead of only one is significant making partitioning a beneficial
strategy for accelerating data-parallel applications despite the intricacies of the
partitioning process and difficulties in programming heterogeneous clusters.
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3.1.1. Partitioning Approach

Workload partitioning in homogeneous systems is simpler than in heterogeneous
systems. Having all of compute devices (CPUs) with the same characteristics,
workload partitioning is reduced to partitioning the application in same-size
chunks which are assigned to all CPUs. This automatically ensures workload
balance among CPUs of a compute node and further among compute nodes
themselves. Partitioning is more difficult for heterogeneous systems. In Fig-
ure 3.3 we show the speedup of execution for different heterogeneous devices
and a CPU compared to a baseline, which is the slowest device in the system.
All devices are executing the same application with the same problem size.
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Figure 3.3.: Single Device Execution for Correlation Matrix in different
heterogeneous devices and CPU

From the figure, we see the huge disparity in execution time between de-
vices. The heterogeneity and diversity between devices can influence the work-
load partitioning greatly with significant consequences in the overall execution
process. Many factors contribute to this. First, the devices differ in per-
formance, memory organization, micro-architecture and other characteristics
making the workload balance between the devices very challenging. Second, we
target asymmetric clusters, consisting of different amounts and types of devices,
making it difficult to achieve workload balance between the cluster nodes. Fi-
nally, the application’s computational behavior influences both the partitioning
strategies and execution time. For complex HPC parallel applications, parti-
tioning induces communication between devices and nodes, which generates
a lot of overhead in correctly and precisely mapping data accesses in a dis-
tributed memory architecture. Hence, a partitioning approach that addresses
these issues is necessary.

In the domain of data-parallel applications workload partitioning and data
partitioning usually point to the same thing. The general definition for data-
parallel applications assumes that the same instructions apply to each data
point of the application’s dataset. Therefore, in most cases, workload partition-
ing reflects data domain partitioning. An exception are imbalanced applications
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[SVL+16], which due to application characteristics have different workloads per
data point.

Most of the studies for single-node settings prefer custom-size partitioning of
data domain [LHK09], [LSPM13], [SVL+16]. In these papers different strategies
such as profiling techniques and machine learning are used to adapt the data
chunks to device capabilities better, although for a very small number of devices,
usually a CPU and a GPU. In [BBD+19], Beaumont et. al. propose a method
to support workload partitioning for a smaller number of heterogeneous devices,
however in another paper [BBRR02] they show that the problem of workload
partitioning for heterogeneous platforms with many devices is NP-Complete.

In general, data-parallel applications for heterogeneous systems can be par-
titioned using a custom-size data chunks approach, or same-size data chunks.
The first approach for partitioning data-parallel applications is based on the
assumption that the amount of work assigned to a device has to be tuned
or predicted to reflect the computing power of the device. This can be ap-
proximated based on device’s hardware characteristics, profiling information,
or tuning. However, considering that the computing process in the devices is
also influenced by the application structure, tuning workload partitioning to
ensure workload balance can become quite complex. The second approach is
similar to the strategy used in homogeneous systems where the work is par-
titioned in same-size data chunks. Since the partitioning process is the first
step towards execution of data-parallel applications in a multi-device cluster
it influences heavily the upcoming processes, especially distribution and as a
consequence workload balance. We consider that in a cluster setting with a
large number of devices, workload balance between cluster nodes should take
precedence over the synchronized completion between devices. Therefore, a
partitioning approach which shifts part of the problem of workload balance
from the partitioning to distribution decisions might be useful.

We base our work on our partitioning approach, which breaks down data-
parallel applications, respectively their datasets into medium-grained same-size-
fits-all data chunks. The data chunks produced by this approach are almost
never coarse-grained as in the custom-size partitioning approach but fluctuate
between fine-grain and coarse-grain based on the arithmetic intensity on one
hand and data intensity of particular applications on the other hand. Contrast-
ing from the coarse-grain custom-size partitioning, our approach partitions the
application such that the number of data chunks created by this process is al-
ways larger and in most cases orders of magnitude larger than the number of
the devices in the system. Considering the big amount of data chunks to be
distributed in a heterogeneous asymmetric cluster, workload balance becomes
a problem of distribution strategies which have to ensure that faster devices get
more data chunks than slower ones, balancing the work between devices and
further between compute nodes of the cluster.

We have illustrated the major differences between the two approaches in Fig-
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Figure 3.4.: Partitioning approaches: custom-size coarse-grain approach and
same-size medium-grain

ure 3.4. On the left side, we see the custom-size approach where the partitioning
has been tuned or predicted based on the hardware characteristics of the sys-
tem’s devices. We see that the largest portions of work have been assigned to
devices Dev3 and Dev4, while the smallest ones to Dev1 and Dev2. There are
only four data chunks each for one device which are launched at the same time.
On the right side of the figure, we see the same-size medium-grain partition-
ing approach. The partitioning has resulted in many data chunks which are
launched in different load phases to the devices, ensuring that the workload
balance is achieved through the distribution of work instead of partitioning
tuning.

Our workload partitioning approach produces same-size medium-grain data
chunks, which are encapsulated into work packages (WP). We use this term to
refer to this type of data chunks through the rest of this thesis. Work packages
are composed of a header and payload resembling the TCP/IP networking
packets. The payload may retain the n-dimensional structure of data akin to
the original data domain.

Shown in Figure 3.5 is a work package created by the workload partitioning
process. The header includes information and instructions for the work pack-
age, which is essential for routing and failure handling. Each work package is
given an ID which is used for logging and tracing by the runtime. Partitioning
information stores data about the number of original dimensions, size of the
payload and offset of the payload which indicates the displacement from the ori-
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Figure 3.5.: Workload Partitioning: Work Package

gin of the original data domain. This is usually required by the OpenCL kernel
where the computation is based on the spatial coordinates. Routing instruc-
tions are used to set the target node/device by the scheduler and is updated by
the runtime for rerouting purposes when a device failure occurs. Work package
status is an enum updated whenever a work package is conveyed from one stage
to another, while iteration count keeps the number of iterations completed for
iterative applications and applications with dependencies. Finally, device pro-
filing information is stored by the computing component after each successful
work package computation and conveyed to the scheduler (dispatcher).

In Table 3.1 we have shown some of the advantages of using work pack-
age approach for programming heterogeneous clusters. The main advantage of
this work package approach is that achieving workload balance between cluster
nodes is not entirely related to the partitioning sizes and the problem after
partitioning shifts towards the work distribution strategy, which is more man-
ageable. Partitioning is very complex with custom-size approach since it needs
tuning of many hardware, software and application-centric characteristics to
achieve workload balance between devices.

Table 3.1.: Complexity of handling different tasks with work package and
custom-size approaches

task work package custom-size data chunks

partitioning & workload balance medium very complex
device failures simple complex
poor performance simple complex
optimizations for performance
and energy efficiency complex extremely complex

Work package approach is superior also when it comes to handling device

33



3. Workload Partitioning and Distribution

failures and erroneous computations. Unlike in the custom-size partitioning ap-
proach, a cluster node discovering a device failure can reroute the work package
to another device without having to deal with device capacity or other hardware
limitations, since all work packages fit in all devices of the system. Further, it is
also better at handling poor performance of devices. A non-performing device
can be removed from computation and work packages rerouted to other devices.
Besides the workload balance and handling failures, the work package approach
excels at another very specific aspect. Since all work packages are the same
size, we can measure the execution time and energy consumption of a work
package for each device type of the system. With the profiling information,
we can devise work distribution strategies that optimize for energy efficiency
in addition to performance. This is extremely complex with the custom-size
approach since the optimization problem becomes very complex and changing
the size of the chunk affects both execution time and energy consumption.

3.1.2. Partitioning Strategies

In the previous section, we have dealt with partitioning workload from the per-
spective of hardware architecture by adjusting the chunks to ensure workload
balance in asymmetric heterogeneous clusters. Another aspect that is crucial
to the performance of data-parallel applications is the application structure.
Not all datasets of an application can always be partitioned since data ac-
cess patterns of an application can affect this process profoundly. Partitioning
some datasets might transform applications in such a way that the intensity of
data transfers or communications is increased to the point where it dominates
execution and makes partitioning infeasible.

The execution process will be influenced depending on what we decide to par-
tition. This decision might introduce synchronizations and barriers or commu-
nications between devices that are required to keep data coherency during the
execution. Hence, from the programmer point of view, this decision amounts
to a partitioning strategy.

Depending on application characteristics, and especially the data accesses of
application’s kernels, a decision has to be made whether it makes more sense
to partition input, output, or both data domains. For instance, if the data
access map is scattered over the input data domain for each output data point,
perhaps it is more sensible to partition the output domain and replicate the
input over all devices or vice versa. To illustrate this process, we present in
Figure 3.6 the partitioning strategies for the DCS application, which we have
discussed in Section 2.3.

DCS kernel has two datasets: input data domain which contains data about
the atoms and output domain which reflect the spatial positions of the grid
points and accumulate the influence of the electrostatic field in that point (see
Figure 3.6a). There are three possible partitioning strategies, including parti-
tioning only input, only output or both data domains. Which decision would
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Figure 3.6.: Partitioning strategies for DCS

harvest more performance from heterogeneous architectures is hard to tell with-
out analyzing the computational behavior of the application. DCS, for each grid
point calculates distances from the grid point to atoms and computes the in-
fluence of atom’s charges to that grid point. The partitioning strategy to be
taken in this case depends on which amount is bigger, the amount of atoms or
grid points while also the complexity of operations that are performed on data
plays an important role. As shown in Figure 3.6b if the workload partitioning is
based on input data, the output arrays would be replicated in all devices, while
the work packages generated by input partitioning are distributed in different
devices. The output arrays resulting from devices are aggregated at the end of
the computing process. Conversely as shown in Figure 3.6c, if output array is
partitioned, input arrays are replicated to the devices while output work pack-
ages are distributed in devices. Output work packages are finally merged at
the end of the computing process. Partitioning of both data domains in this
case is also possible (see Figure 3.6d).

For other applications that consist of many input and output data domains,
the partitioning can be partial or complete in relation to input and output. In
the case of partial partitioning, only a few or some of the input and/or output
arrays are partitioned, whereas complete partitioning translates as either all
input and/or output arrays are partitioned.

We will discuss the partitioning strategies for a broad range of HPC appli-
cations and in more depth in Chapter 5.
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3.1.3. Spatial Partitioning

HPC applications usually consist of multidimensional datasets. The partition-
ing process retains the multidimensionality of the dataset, although it enables
partitioning in a smaller number of dimensions than the original data domain.
For instance, as shown in Figure 3.7 three-dimensional datasets can be par-
titioned in many ways: as smaller cuboids, as two-dimensional slices, two-
dimensional blocks partitioning through columns and rows, two-dimensional
blocks that include complete rows, two-dimensional blocks that include com-
plete columns or as one-dimensional arrays.

a) cuboids b) 2D slices c) 2D blocks

d) 2D row-wise e) 2D column-wise f) 1D arrays

Figure 3.7.: Partitioning multidimensional arrays

Tuning Work Package Payload Sizes

An initial work package payload size can be tuned further to increase the per-
formance of execution per work package. The initial probe (sample of work
package payload) is tested in a selected number of devices of the cluster, each
representing a device type. Profiling information is gathered which along with
the execution time and data transfer times also contains power consumption
data. Power consumption data are used when the scheduling strategy is a
multi-objective optimization problem taking into account both execution time
and energy consumption. Decreasing or increasing the size of the payload may
result in performance gain in terms of overall execution performance.

Another issue is that different devices may often yield highly different execu-
tion times depending on computational behavior of the application and hard-
ware characteristics. The tuner in this case aims to get a better balance in
execution times between devices by testing a set of finite payload sizes while
maintaining the workload balance between cluster nodes with scheduling strate-
gies.

We experiment with many HPC applications within the scope of this thesis.
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Experimental data with regards to tuning work package payload sizes are pre-
sented in more detail in Section 5.4.4. Our observations show that tuning work
package payload sizes is highly beneficial, especially for certain types of appli-
cations such as imbalanced applications where the workload among work-items
varies.

3.2. Work Distribution

Work distribution strategies are very important for accelerating executions and
reducing energy consumption. We consider applications with a workload that
is partitioned into work packages which are assigned to devices to be processed.
Runtime efficiency and energy efficiency basically boils down to the problem of
mapping work packages to devices. Different work distributing strategies are
possible resulting in different solutions exhibiting different efficiency character-
istics. An assessment of a solution heavily depends on the requirements of the
programmer.

Device D1 Device D2 Device Dm

DISPATCHER

Distribution strategies

S1      D1(14), D2(25), ... Dm(32)

S2      D1(18), D2(21), ... Dm(16)
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Results
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data domain WP1 ...WP2 WPn

WP1 ...WP2 WPn

...

Figure 3.8.: Work package distribution
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Usually, the number of work packages are orders of magnitude greater than
the number of available devices in the system. This problem, coupled with
different performance and energy consumption numbers for each of the devices
leads to the requirement for a strategy in distributing work packages. Different
types of mappings are realized by the dispatcher which manages the distribution
of work packages. As shown in Figure 3.8, the dispatcher can perform different
distribution strategies (S1, S2, ...) which define different mappings; e.g. strat-
egy S1 requires that 14 WPs are assigned to device D1, 25 WPs to D2, and
so forth, whereas strategy S2 requires that 18 WPs are assigned to device D1
and 21 WPs to D2. The output is constructed from the partial results of the
processed work packages.

In principle, to achieve the best performance all devices have to be used
for computation. However, there are situations where this might lead to sub-
optimal solutions. Consider a system as depicted in Fig. 3.9 with four devices
with different processing times for work packages as indicated by the different
lengths of the bars and 12 equal-sized work packages. In Fig. 3.9a, the work
packages are distributed at runtime to the devices just on-request basis. Un-
fortunately, device 3 gets assigned the last work package 12, since the other
devices are still busy.

(a) Simple request-based assignment (b) More sophisticated assignment ap-
proach

Figure 3.9.: Different mappings of work packages onto devices

However, a better distribution of work packages exists, as shown in Fig. 3.9b.
Although device 3 finished processing and is idle, it should not request another
work package, but leave it to faster devices. Thus a simple on-request work
package scheduler is not sufficient and more sophisticated techniques are re-
quired.
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3.3. Summary

Further, optimizing distribution process by only taking into account the com-
puting performance is not sufficient, considering that energy-efficiency is an im-
portant factor in heterogeneous systems. Hence, multi-objective optimizations
of mapping decisions are necessary. We tackle this issue in more depth in chap-
ters 6, 7 and 8 where we identify the optimization problems, provide efficient
solutions and recommend trade-off solution of time and energy for mapping
decisions.

3.3. Summary

In this chapter, we discussed in detail the problem of workload partitioning
and distributing work onto devices of a heterogeneous, asymmetric cluster. We
have presented our workload partitioning approach based on same-size medium-
grain work packages, the advantages of which can be used to maintain workload
balance, handle device failures, and poor performance. We analyzed strategies
for partitioning HPC applications and discussed the importance of applica-
tion characteristics in workload partitioning decisions. Moreover, we laid the
groundwork to support optimizations for a broad range of distribution strate-
gies taking into account both execution time and energy efficiency.
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CHAPTER 4
clusterCL: A Framework for

Heterogeneous Cluster
Computing

The high variety of heterogeneous devices used for computation in nowadays
high-end computers has introduced new challenges in programming such sys-
tems. The programmer is confronted with new issues arising in heterogeneous
systems, such as partitioning and dispatching data to keep compute devices
busy and achieve load balance, an issue easily handled in homogeneous sys-
tems. Heterogeneity is not limited to compute devices, but also includes clus-
ter nodes with different hardware configurations leading to asymmetric cluster
architectures. In such a hierarchical system OpenCL is not sufficient anymore.
Support is required to distribute the work efficiently onto the non-identical
cluster nodes. The different behavior of the individual compute devices with
respect to execution time and energy consumption has to be taken into account
to meet the demands of the user.

A hybrid programming approach with MPI and OpenCL complicates pro-
gramming considerably, even in the context of symmetric nodes with identical
hardware configurations. Typically MPI codes assume symmetric nodes result-
ing in an even distribution of work onto the nodes making it easier to ensure
load balance. However, nowadays most of the heterogeneous clusters in compu-
tational labs are asymmetric with different kind of accelerator devices requiring
new strategies in dealing with such systems. Achieving load balancing in hetero-
geneous asymmetric clusters is a complicated process that goes beyond simple
data partitioning and requires a thorough analysis of hardware properties of
the computing devices and examination of the code.

Moreover, considering only load balance and execution time is not sufficient
anymore. In addition to performance, it is of key importance to take energy
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consumption into account as well. It can be a reasonable strategy to exclude
bad performing devices from execution to save energy without degrading the
overall execution time substantially. In this chapter, we focus on the perfor-
mance of the framework and deal with the problem of energy consumption
only in extreme cases, e.g. in terms of excluding devices which consume a lot
of energy. Optimization problems which consider both performance and en-
ergy consumption as part of a distribution strategy are analyzed thoroughly in
Part III.

Our starting point is an OpenCL kernel code with parameter transfer speci-
fications and partitioning information. The goal of the framework is to support
partitioning and distribution of the work over the heterogeneous cluster nodes
and to execute it without requiring the programmer writing MPI code or im-
plementing dynamic work distribution strategies. The problems which have to
be dealt within such an environment are manifold. The work has to be parti-
tioned and data have to be copied to and from the compute devices. Since the
communication links between nodes can be bottlenecks, prefetching of work is
required to ensure a smooth operation of the devices. Smart scheduling and
queuing strategies of work packages among accelerators are required taking ef-
ficiency considerations into account like execution time or energy consumption.
This includes proper strategies for non-performant devices as well as handling of
device failures with appropriate recovery actions to enable a successful program
termination.

clusterCL provides a transparent view on the different compute devices alle-
viating the programmer from dealing with the hardware architecture and de-
vice execution behavior explicitly. Besides efficiency considerations, the device-
sensitive feature includes in addition handling of device failures and appropriate
recovery actions. Experiments show that our framework succeeds in distribut-
ing the work onto compute devices efficiently.

Contributions

Whereas most of the related work is concerned with OpenCL and solutions
within cluster nodes, our framework targets the problems arising from a het-
erogeneous, asymmetric cluster environment. The main contribution of this
work is to deal with these problems in an efficient way and to take from the
user substantial programming burden when launching kernels in such a system.
More precisely, the contributions are as follows:

(a) a framework that provides an abstraction layer to the programmer for the
hardware and software architecture

(b) smart scheduling and queuing of work packages among accelerators taking
efficiency considerations into account

(c) prefetching of work to hide communication overhead
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(d) recognizing and dealing with non-performant devices and device failures

(e) showing the practicality of our framework, by increasing programmer pro-
ductivity through eliminating some tasks such as coordinating dispatch
or input/output reconstruction

In particular, our framework is novel in taking efficiency considerations into
account, excluding automatically non-performant devices, and identifying de-
vice failures and performing corresponding recovery actions to enable successful
completion of the computation.

Related Work

The related work can be classified into three main categories: (i) single device
optimizations, (ii) single node frameworks, and (iii) cluster frameworks which
are closest to our work.

(i) Single device optimizations: The objective of these research efforts is to
optimize a generic OpenCL code for different, heterogeneous devices improving
in this way portability. One of the first papers which discussed compiler trans-
formations in the context of CUDA to support efficient GPU codes has been by
Ryoo et al. [RRB+08]. Much work has been done for single device optimiza-
tions and the state-of-the-art has been pushed considerably. These research
efforts can be seen orthogonal to our work, since we do not stress optimizations
for individual devices, but address an efficient use of the whole cluster.

(ii) Single node frameworks: The objective of this research efforts is to pro-
vide support for devices located in a single node. Lutz et al. [LFC13] present
a framework to optimize stencil computations for multiple GPUs on the same
PCIe network. Similarly, Kim et al. [KKLL11] propose an OpenCL framework
for multiple GPUs in a single node.

(iii) Cluster frameworks: One of the first efforts in this direction have been
undertaken by Duato et al. [DPS+10] for CUDA and Barak et al. [BBNLS10]
for OpenCL. A more recent approach is SnuCL [KSL+12] which enables viewing
of remote devices as part of a local context while abstracting the communication
between cluster nodes. libWater [GPCF13] is similar to the SnuCL approach,
though it provides more efficient communication between cluster nodes, which
is handled transparently by its runtime. Hybrid OpenCL [AONM11] is based
on FOXC runtime and enables communication between different OpenCL im-
plementations in the context of distributed computing, while our framework
targets HPC clusters. dOpenCL [KSG12] allows using of different compute
devices in any of the cluster nodes in a single application. It provides a cen-
tral device manager which manages the assignment of the devices. clOpenCL
[ARPS13] uses a wrapper library similar to dOpenCL targeting HPC clusters.
DistCL [DGAJ13] is similar to our approach, as it intends to abstract the
multiple-devices in a cluster providing the programmer a single-device view for
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launching a kernel. However, DistCL runs its experiments across a symmetric
cluster and only with one GPU per cluster, which is quite different from our
asymmetric approach. VOCL [XBZ+12] provides a virtualization framework
for GPU clusters using remote GPUs through proxy processes in cluster nodes.
pVOCL [LLA+13] utilizes the VOCL framework and provides means for re-
ducing energy consumption on a cluster. However, this approach is restricted
to GPU clusters and it does not take into account actual energy consump-
tion of applications, but it is based on a table power model which needs to be
provided by data center administrators. Whereas the cluster approaches pre-
sented so far have their origin in OpenCL, HeteroMPI [LR06] is an extension
to MPI to support heterogeneous networks of computers. HeteroMPI provides
the functionality to enable an application developer to deal with a heteroge-
neous environment and to realize a required behavior, but does not support the
programmer with advanced features.

None of the above-presented approaches are taking efficiency parameters in
a cluster environment into account excluding automatically inefficient devices
or recognize device failures and undertake recovery operations.

4.1. Framework for asymmetric heterogeneous
clusters

In this section, we describe the architecture and the features of our framework.

4.1.1. Software architecture of our framework

Our software architecture is based on MPI, a thread library, and OpenCL. The
communication and orchestration between the front-end node and cluster nodes
is done via MPI. As shown in Figure 4.1 for each cluster node a pair of threads
is created, handling concurrently MPI calls for sending work packages to the
cluster nodes, sendWP(), and for receiving processed work packages from the
nodes, recvWP(). Cluster nodes run OpenCL and steer all the local compute
devices. For handling device requests promptly, a multithreaded approach has
been realized: the cluster node runs for each compute device a thread and
additionally one thread for MPI requests.

The key task of our framework is to distribute the work over the heteroge-
neous cluster nodes taking efficiency considerations automatically into account.
Fig. 4.2 shows the three components of our framework with the main modules.

The supervisor component runs on the front-end node, whereas the coordina-
tion component and computation component are executing on the cluster nodes.
Basically, the supervisor component steers the computation and distributes the
work into the cluster nodes. This is done by partitioning the workload into
same-size work packages and dispatching them to the cluster nodes. Thus we
focus on application classes for which such partitioning is viable.
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Figure 4.1.: Software Architecture

A prefetching mechanism has been implemented through the prefetcher mod-
ule with the aim of hiding the communication between the supervisor com-
ponent and the coordination component. Work packages received by the
prefetcher module are handed over to the coordination and deployment mod-
ule which distributes them to the computation components. The computation
component is responsible for setting up all OpenCL resources and objects which
are required for launching a kernel on a device realized by the kernel launcher
module.

Figure 4.2.: Block diagram with main framework modules

Since the time required for some device to handle a work package is not known
in advance, a tracking facility has been realized. The performance monitor
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measures execution time and energy taken by compute devices to process work
packages.

Another important feature of our framework is the handling of device failures.
Resilience to faults is an important topic which has to be addressed with vari-
ous strategies. There are many reasons for failures which can occur at different
levels like at node level or at device level. The most common fault-tolerance
technique is based on checkpoint and rollback recovery. Our failure handling
does not replace the checkpoint-rollback-recovery strategy, but our framework
helps to reduce the number of expensive recovery actions by handling device
failures at nearly no additional costs. Device failures occur when an error is
detected by the computation component during the kernel launching or execu-
tion process. Such failures are reported to the coordination component which
terminates the corresponding computation component, releases all resources
associated with it, and initiates recovery actions by reassigning unprocessed
work packages to other compute devices.

Supervisor component

The supervisor component runs on the front-end, initiating the computation
process on all cluster nodes. Its main function is to partition the workload
and to dispatch the work packages to the cluster nodes. Figure 4.3 presents
a detailed modular view of the supervisor component. Modules depicted with
dashed lines require more in-depth analysis and are discussed and evaluated in
more depth in separate chapters.
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Figure 4.3.: Detailed modular view of the Supervisor Component
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As an initial step, the supervisor component analyzes the data domain and
the chosen workload partitioning strategy. The programmer is required to
provide data domain specifications as outlined in Table 4.1. Kernel specification
and sequence of kernel execution for multi-kernel applications is also analyzed at
this step, where the programmer is required to specify the dependencies between
kernels. Concurrently an analysis of the cluster composition is evaluated based
on the data provided by the cluster nodes. The supervisor component builds an
accelerator descriptor table summarizing the characteristics of compute devices
available for computation in the cluster. Based on the gathered application
characteristics and cluster composition, an agreement on services with cluster
nodes is achieved delineating which devices will be used in the execution process
and how the data will be transferred. This agreement is passed on to the
partitioner and dispatcher module of the supervisor component.

Table 4.1.: Data domain characteristics
Data domain
characteristics Description

kernelArgumentID Represents the order of parameters in kernel header
isArray Determining if data are array or primitive values
dataType Type of data to be processed
nDim The number of dimensions for multidimensional datasets
sizePerDim The length of data in each dimension
isPartitionable Indicates if the dataset is to be partitioned or replicated
flag Indicated the access rights to the data
inputOutput Indicates if data are to be considered as input or output

The partitioner module runs an analysis guided by the entries of the de-
scriptor table and the information provided by the programmer regarding the
kernel structure. A partitioning decision is taken and initial workload chunks
are created and submitted to representative devices for each device type. Since
all devices of the same type are expected to process the workload the same way,
the profiling information from the selected devices from each device type is suf-
ficient for decision making. A small number of probes with different payload
sizes is tested in the devices with the aim to decrease discrepancies in perfor-
mance or energy consumption between device types. Finally, the payloads are
encapsulated into work packages and conveyed to the dispatcher.

The role of the dispatcher module is to supply all cluster nodes with work
packages produced by the partitioning process. It takes into account the deci-
sions of the partitioner and decides about the distribution strategy. The default
operation mode is a dynamic on-demand distribution strategy that can ensure
workload balance. However, as we will see in the later chapters, the dispatcher
relies on advanced mapping decisions which can produce optimized distribution
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strategies that take into account performance and energy consumption at the
same time. All work packages dispatched are tagged using unique numbers by
the supervisor component to keep track of the submitted work packages. The
descriptor table keeps information about the destination and status of each
work package dispatched. The dispatcher module also receives feedback in-
formation from the coordination components of each cluster node about their
status, e.g. when computing devices have been excluded from the computa-
tion process. This information enables the dispatcher module to update the
accelerator descriptor table regarding the status of the compute devices and
submitted work packages.

The synchronization module typically deals with intra-kernel and inter-kernel
dependencies. Intra-kernel dependencies occur as a result of the partitioning
process where kernels might require access to data which are not readily avail-
able in the device memory, while inter-kernel dependencies occur in-between
kernel launching operations in the course of multi-kernel execution sequence.
Chapter 5 tackles in detail the problem of dependencies and synchronizations
for HPC applications and the impact of partitioning strategies in the execution
process.

The result of the computation process has to be arranged by the supervisor
component based on the partial results which are returned from the coordi-
nation component for each of the cluster nodes. All work packages returned
contain the identification tag by which the supervisor component can check
them and construct the output.

Coordination component

The coordination component runs on the host and constitutes the middle layer
between front-end and compute devices, i.e. it realizes the interface to the
front-end node and the interface to the compute devices. Its function includes
receiving work packages from the front-end node, coordinating the deployment
of work packages to the compute devices, and dealing with inefficient devices
and device failures. Partial results of the computation are collected by the
coordination component and delivered to the supervisor component. Figure 4.4
presents a detailed modular view of coordination and computation components.

In order to respond to device requests immediately multiple OS threads are
created on the host: the host runs for each compute device one thread which
runs the computation component and one additional thread for MPI requests.
The coordination component initiates the OpenCL runtime on the cluster node
and queries for available platforms and compute devices. It monitors their
status and other characteristics used for work distribution decisions.

Each coordination component is required to identify the devices cluster node
hosts and to probe their characteristics. Hardware characteristics are crucial
for making workload partition decisions. A list of characteristics probed by the
coordination component is given in Table 4.2.
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Components

A prefetching mechanism has been implemented through the prefetcher mod-
ule, with the aim of hiding the communication between the supervisor compo-
nent and the coordination component, by prefetching extra work packages while
the devices are still busy processing. The prefetcher receives work-packages
from the supervisor component. Since these work packages are stored locally,
the prefetcher is responsible for negotiating the number of work packages sent
by the dispatcher in a round. The amount is initially determined based on the
computing capacity of the cluster node, while it is tuned afterwards by taking
into account the collective performance of the compute devices.

The coordination and deployment uses OpenCL Runtime to discover plat-
forms and create OpenCL device objects and contexts in the particular cluster
node. The coordination and computation components use these objects for
managing with other OpenCL objects created later on the process. Work pack-
ages received by the prefetcher module are handed over to the coordination and
deployment module which distributes them to the computation components.

The performance of each compute device is measured and compared with
other device types. If the performance of one accelerator is much lower than
others, the efficiency and failure analyzer module proposes to the coordination
and deployment module to exclude a device from the computation process.
This decision is based on efficiency considerations given by the programmer.
A similar procedure is applied in case of device failures. Decisions which ex-
clude devices from the computation process are communicated to the supervisor
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Table 4.2.: Hardware characteristics
Hardware
Characteristics Description

Number of Compute Units The amount of streaming multiprocessors
Number of Processing Elements The amount of cores
Global Memory Capacity Size of the global memory
Local Memory Capacity Size of the memory of streaming multiprocessors
Private Memory Capacity Number of registers
Threading Capacity The maximal number of threads that can be invoked
Work Group Sizes The maximal number of threads per work group

component to adjust work package dispatching.

Computation component

Its basic function is to steer the kernel launching procedure and to collect the
results of the computation process for each submitted work package.

The computation component is responsible for setting up all OpenCL re-
sources and objects which are required for launching a kernel on a device. The
first part of this component code consists of instructions which create objects
that are used through the whole process lifetime and are not changed (kernels,
command queues, buffers). The second part contains a loop which iterates over
OpenCL commands for data transfers, kernel deployment and kernel execution.
The loop stops after the coordination component signals stop of processing due
to no more work packages received or abort due to inefficiency or failure. The
result work packages are forwarded to the coordination component.

The performance and failure monitor module reports to the coordination
component the performance data collected after each execution and any erro-
neous behavior.

4.2. Dynamic On-Demand Work Distribution and
Handling of Device Failures

4.2.1. Prefetching mechanism

Communication and data transfers are performed at two levels: 1) between
the front-end and the cluster nodes via InfiniBand/Ethernet and MPI, and 2)
locally within a cluster node between the host and compute devices via PCIe
and OpenCL. The communication volume is dominated by the data distributed
to the devices. Above all, the communication between the front-end and the
cluster nodes can be a bottleneck requiring special techniques to prevent per-
formance degradation.
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To resolve this problem, we have implemented a prefetching mechanism for
work packages. While a compute device is busy with processing a work package,
the request for the next work package is issued. The framework contacts the
front-end and transfers the data such that they are locally in the node available
when they are needed. In this way, the communication overhead is hidden by
computation and idle time of devices is reduced.

The number of work packages stored in a node reflects the computational
power of the installed devices. Due to asymmetric cluster architectures, the
number of work packages kept locally by the prefetching mechanism may vary
from node to node.

Local prefetching realizes the prefetching of work-packages from the host of
a cluster node to the compute devices. It relies on the OpenCL out-of-order
execution property of the command queues. When this property is set, OpenCL
does not force the execution of the commands in a sequential order and further,
it may execute the commands concurrently [Khr14]. Taking this into account,
we have created two separate buffers in each of the devices, which are to be
filled by the incoming work-packages. Based on the out-of-order property of
the OpenCL command queue, our implementation assumes that the command
for writing to a second buffer runs concurrently with the execution of the kernel
which uses the data on the first buffer, ensuring prefetching of the incoming
work packages in the device.

4.2.2. Dealing with poor performance and high energy
consumption

Efficient execution of an application on a heterogeneous cluster is highly depen-
dent on identifying and handling various performance obstacles. In our frame-
work, an efficient execution is considered both in terms of execution time and
energy consumption. Usually, these two quantities do not push in the same di-
rection, since compute devices having a good performance often consume more
energy and vice-versa.

Whereas measuring execution time is trivial, measuring energy consump-
tion is more intricate and is done dynamically by querying the devices. Cur-
rently, major manufacturers such as NVIDIA and Intel provide APIs supporting
queries for different device states including utilization, error status, energy con-
sumption and other parameters. We calculate the energy consumption per work
package and create a list of most energy-efficient devices based on the following
formula:

Eworkpackage[Ws] = Pavg[W ] ∗ Texecution[s] (4.1)

The power draw of a device P [W ] is measured at different times during
the execution of the work package in a compute device. Numbers from these
readings are averaged when the processing of the work package is finished. Total
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energy consumption in [Ws] is calculated combining averaged power draw Pavg
and the execution time Texecution of the work package. Based on these obtained
values, we determine the energy efficiency of the devices for specific kernels.

The coordination component includes a mechanism which identifies devices
with low performance or high energy consumption and excludes such devices
from execution. Let us first discuss identifying such devices in more detail
followed by a paragraph which addresses the exclusion of devices from the
execution process.

Identifying Inefficient Devices for Exclusion

We distinguish between two different reasons for device exclusion:

1. poor performance, or

2. high energy consumption.

Both reasons are discovered by the coordination component by analyzing per-
formance data and comparing them with framework parameters. In default
operation mode with dynamic on-demand distribution strategy (no advanced
mapping decisions) framework uses two parameters to make decisions on per-
formance and energy consumption: one external parameter visible to the pro-
grammer (performance parameter) and one internal parameter controlled by
the framework (energy-efficiency parameter).

When the computation process starts, work packages are assigned to the
computational devices and runtime measurements are performed which are a
prerequisite for our efficiency analysis.

For performance analysis, the programmer is requested to set the perfor-
mance parameter which specifies a relation between the measured execution
times. The parameter is used as a threshold for realizing device exclusion.
Consider Fig. 4.5 with work packages P1 to P7 that have been assigned to a
cluster node with 4 compute devices and 3 different device types. For instance,
in Fig. 4.5 the parameter is set to 4 which means that a device executing a
kernel four times slower than the fastest device shall be excluded from future
computation for that kernel. Since device 1 is identified as the fastest device
with execution time t1 and has already processed four work packages while
device 4 is still processing the first one, device 4 is labeled as non-performant
and is a candidate for device exclusion.

On the other hand, the most energy-efficient version can be determined by
our framework using the energy-efficiency parameter which is based on the
execution time for a work package and the measured power draw. By taking
formula (4.1) into account and identifying the most energy-efficient devices,
the framework will decide on the primary device to be used for the rest of
the computation. Although using only one device type for computations may
decrease the degree of heterogeneity in the cluster, the system still remains
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heterogeneous unless the most energy-efficient device is the CPU which means
that no accelerator is used at all.
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Figure 4.5.: Example for device exclusions and recovery actions

Realizing Exclusion of Devices.

If a device has been labeled as exclusion candidate, the following actions are per-
formed. First, the computation component of that device is terminated and all
resources and objects associated with it are released. Second, the unprocessed
work packages are reassigned to other compute devices by the coordination
component. Additionally, when the decision for the exclusion of a device from
the computation process is taken, the prefetching mechanism is instructed to
adapt the number of locally stored work packages to the new configuration.

4.2.3. Handling of Device Failures

Nowadays, resilience to faults is an important topic which has to be addressed
with various strategies. There are many reasons for failures which can occur
at different levels like at node level or at the device level. The most com-
mon fault-tolerance technique is based on checkpoint and rollback recovery
([You74, Dal06]): the application state is saved periodically throughout execu-
tion, and when a failure occurs, execution can be resumed from the most recent
checkpoint.

Our failure handling does not replace the checkpoint-rollback-recovery strat-
egy, which can handle successfully e.g. node failures, but our framework helps
to reduce the number of expensive recovery actions by handling device failures
at nearly no additional costs. Device failures occur when an error is detected
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by the computation component during the kernel launching or execution pro-
cess. This includes OpenCL runtime errors and problems that may be reported
through OpenCL events mechanism when queried for a specific command. In
Fig. 4.5 a computation failure occurs for device 3 for work package 3. This
failure is reported to the coordination component which terminates the corre-
sponding computation component, releases all resources associated with it, and
initiates recovery actions as described above.

A special case of device exclusion occurs when a computing device does not
respond after the kernel has been launched for execution and no performance
parameter has been set by the user. For such non-responsive devices, it is
unclear whether they are very badly performing or some hardware failure oc-
curred. These cases are discovered by the coordination component when all the
work packages submitted for computation have been processed except some
long-running cases. In order to recover from such situations, these devices are
excluded from computation and the work packages are reassigned as well.

4.3. Experiments and discussions

In this section, we present the results from our experiments regarding the effi-
ciency of our framework and the strategies for handling non-performant devices.
Further, we evaluate and compare clusterCL with a hand-coded implementation
in a broad range of features.

We have tested our framework against our two distributed-memory clusters
PHIA and CORA. PHIA consists of 8 nodes. Each of the nodes has two Intel
Xeon E5-2650 CPUs with 8 cores, two NVIDIA Tesla K20m GPUs and two Intel
Xeon Phi 5110p co-processors. Nodes 7 and 8 have different configurations
hosting four NVIDIA Tesla K20m GPUs and four Intel Xeon Phi 5110 co-
processors, respectively. CORA consists of 7 nodes, each of them containing
two NVIDIA Tesla C2050 and one NVIDIA Tesla C1060 along with two Intel
Xeon quad-core X550 CPUs.

Our initial experiments are based on the analysis and visualization of a molec-
ular dynamics code. In order to prove the usability of our framework in dis-
tributing the workload efficiently among cluster nodes and compute devices, we
have experimented with various problem sizes of the OpenCL kernel and differ-
ent hardware configurations. In the second part where we compare clusterCL to
a hand-coded implementation, besides DCS, we use a stencil routine, Alternat-
ing Direction Implicit (ADI) and two synthetic data-parallel routines, the first
a data-intensive application and the second a compute-intensive application.

4.3.1. Evaluation of clusterCL

In this section, we show the experimental results of the evaluation of various
aspects of clusterCL. We discuss the efficiency of our approach by showing
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how well it scales in our clusters. Further, we evaluate the effects of workload
distribution and the effects of prefetching. Last part evaluates the impacts of
device exclusions in the execution process.

Efficiency

In this experiment, we study the performance numbers when switching from
a single node solution to a multi-node cluster. Since we want to examine the
efficiency of our framework, we used two different scenarios in our PHIA clus-
ter: 1) allocating identical cluster nodes (experiments with nodes 1-6) and 2)
allocating cluster nodes with asymmetric internal configuration (experiments
including nodes 7 and 8).
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Figure 4.6.: clusterCL: Speedup in PHIA cluster

For both cases, a single node execution time is used as a baseline for the
speedups. In our CORA cluster we experimented only with the scenario with
identical cluster nodes. As shown in Fig. 4.6, our framework runs efficiently
in a multi-node environment. The speedup corresponds almost to the number
of nodes used for computations and it gradually increases with larger problem
sizes. In the experiments where we have used 7 nodes of the PHIA cluster (6
nodes with identical configuration and the 7th node consisting of four NVIDIA
GPUs) the speedup is 7.1 times, resulting from the higher performance of the
node 7 compared to other nodes with mixed configurations. This is also con-
firmed in the experiments with 8 nodes where the performance of the 8th node
is lower than that of other nodes, resulting in slightly lower overall performance
than observed in other scenarios.

Running the computations with small problem sizes like 32k× 32k on PHIA
cluster may delay the completion of the overall execution, since there are only a
small number of work packages to be dispatched. This problem also affects the
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Figure 4.7.: clusterCL: Speedup in CORA cluster

CORA cluster as shown in Fig. 4.7, but for the same problem size, the supervisor
component produces much more work packages of smaller sizes, based on the
compute capabilities of the devices hosted in CORA.

Data and workload distribution

This experiment is designed to show the differences in work distribution between
an asymmetric-aware and an asymmetric-oblivious strategy. The former, parti-
tions data and workload in smaller chunks (work packages) and supplies cluster
nodes on-request basis. The latter involves partitioning of data and workload
in equal sizes between the cluster nodes at the beginning of the process. Our
experiments are done on PHIA hardware.
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Figure 4.8.: Effects of the dynamic workload distribution

As shown in Figure 4.8, there is a big difference in the overall execution time
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between asymmetric-aware and asymmetric-oblivious distribution strategies in
asymmetric clusters. The solution with which does not take into account the
asymmetric configuration of the cluster is taking up to 40% more time to com-
plete for all problem sizes. This comes as a result of loading all the nodes with
the same amount of work and data without taking into account the performance
of the devices used.

Prefetching

In this experiment, we investigate the impact of the use of prefetching on com-
munication hiding.

As shown in Fig. 4.9, in the experiments using the prefetching mechanism the
amount of time required to transfer data from the front-end to cluster nodes
(transfer cost), relative to the overall execution time, is significantly lower in
comparison to the experiments not using the prefetcher. The transfer cost
shown in the experiments using the prefetcher comes mainly as a result of the
administrative overhead of thread management in the host and for setting up
OpenCL resources and objects.
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Figure 4.9.: Communication hiding using the prefetching mechanism in the
cluster nodes

The contribution in communication hiding of the local prefetcher between
the host on cluster nodes and compute devices for the applications such as
analysis of molecular dynamics is negligible in comparison to overall application
execution time. However, the local prefetcher may contribute significantly in
reducing transfer cost for kernel types which have a more balanced ratio between
the transfer and execution time.

57



4. clusterCL: A Framework for Heterogeneous Cluster Computing

Device Exclusion with Performance Parameter

In this experiment, we investigate the effect of setting the performance param-
eter to different values to exclude non-performant devices. The performance
parameter allows the programmer to find a compromise between execution time
and energy consumption.
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Figure 4.10.: Impact of the exclusion of devices from computation in overall
execution time and energy consumption

As shown in Fig. 4.10, when the performance parameter is set to 6, the
worst performing devices in our cluster are excluded. In this way, the energy
consumption can be reduced considerably, however with the consequence that
usually execution time will increase. In this case, the performance did not de-
grade more than 3% for any of the problem sizes, while the energy consumption
was reduced by 20%. For small problem sizes, we have observed even better
performance. However, that is because of eliminating the delay caused at the
end of the execution by the worst-performing devices. When excluding devices
that perform in the range between the best and the worst, i.e. by setting per-
formance parameter to 3, our measurements show that the overall execution
time is increased by 20%-25%, while the energy consumption was reduced by
50%.

4.3.2. Comparison of clusterCL to a hand-coded
implementation

In this section, we present the experimental results of the comparison of clus-
terCL and a hand-coded implementation for DCS, ADI, and two synthetic data-
parallel routines: DIR - data-intensive routine and CIR - compute-intensive rou-
tine. For each application, we realize two versions and compare them: a work
package (WP) approach based on our framework version and a hand-coded
non-WP version. Such a comparison is not so straight-forward and several as-
sumptions have to be made. For instance, the problem size of the hand-coded
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version is limited by the available memory, whereas the WP version supports
bigger problems as well. Thus bigger problems can not be used for comparisons
sacrificing an advantage of using our framework.

Computing Performance

In this section, we show the computing performance of the framework imple-
mentation (FWP) and a hand-coded implementation (HCI). These measure-
ments include: the overall execution time (OET) - where we measured the time
between MPI initialization and finalization; device computing times (DCT) -
measuring the time of writing and reading data to and from the device and
kernel execution time; communication time (CMT) - which includes measure-
ments of time spent for communication between front-end node and compute
nodes and between compute nodes; and setup time (SET) - which measures
the time required for reading data from file on the front-end node and OpenCL
Runtime initialization on the compute nodes.

Experimental results presented in Figures 4.11 - 4.14 show that the
framework implementation is superior in terms of overall execution time in
comparison to the hand-coded version for almost all applications. This is
even more evident for bigger problem sizes where the gap between the overall
execution times of two versions is prominent and gets wider continually.
On the other hand, as shown in all cases, the framework version based on
the WP approach competes with or lags behind the hand-coded version
for small problem sizes. This comes as a result of a trade-off where the
framework decides on the number of WPs produced taking into account their
sizes to preserve the estimated optimal performance of the devices. Since
the problem size is too small, the framework produces a smaller number
of WPs, not enough to keep the devices busy all the time. This helps in
hiding the communication between compute nodes and front-end node oc-
curring in parallel with computing process as observed for bigger problem sizes.

DCS. Experimental results for DCS are depicted in Figure 4.11. These mea-
surements show that the framework implementation is performing better than
the hand-coded version for all problem sizes. According to these results, the
framework implementation performs 30% faster than the hand-coded version
for the biggest problem size analyzed. In the case of DCS this holds even for
smaller problem sizes since the DCS code is a compute-intensive code. There-
fore, longer device computing times compensate for smaller number of WPs
produced by the framework.

For this class of applications, the communication time between cluster nodes
and the setup time are similar for both implemented versions. The reason be-
hind frameworks better performance in computing lies with a better estimation
of the WP sizes. This feature of the framework induces better workload balanc-
ing between computing nodes compared to the equally partitioned data chunks
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Figure 4.11.: Evaluation of performance of the framework and hand-coded
implementation for DCS

of the hand-coded version.
As shown in the Figure 4.11, the overall execution timeline is projected

lower than the combined times of setup, computing and communication in
the case of the framework implementation. This results from communication
hiding realized by the prefetching mechanism of the framework. While the
combined times show independently measured times for each of the processes,
the overall execution time does not account for the communication performed
in parallel while the devices are busy executing other WPs.

ADI. Next, we have experimented with ADI. Experimental results are shown
in Figure 4.12. These experiments show that the framework implementation
performs slightly better than the hand-coded version.
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Figure 4.12.: Evaluation of performance of the framework and hand-coded
implementation for ADI

The overall execution timelines follow the same pattern as in the case
of DCS for smaller problem sizes. For bigger problem sizes, in the case of
the hand-coded version, the communication dominates during execution. A
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different situation is observed with the framework implementation, where the
computation gets a larger share of the overall execution time. This is an
ADI-specific issue related to its code structure. Since the partitioning of data
is done row-wise, the number of threads created by the process is equal to the
number of rows, with many WPs created for bigger problem sizes. Considering
that the computational process sweeps along the rows, the computing time is
related to the length of rows. Thus the difference in computing time for smaller
data chunks such as WPs and bigger data chunks created by the hand-coded
version is not significant. This leads to a much larger accumulated computing
time in the case of WPs. However, since most of the WP transfer occurs while
the devices are busy computing, the overall execution time is not increased
proportionally.

DIR and CIR. Figure 4.13 and Figure 4.14 present the computing perfor-
mance for DIR and CIR types of applications.

In the case of DIR, the overall execution time is dominated by the communi-
cation time. Considering that the framework communicates back all the WPs
to the front-end at each iteration, while the hand-coded version performs only
the boundary data exchange, the latter outperforms the framework version for
all problem sizes. However, the performance gap, in this case, is much narrower
than what can be observed in experiments with other application classes where
the framework version performs better.
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Figure 4.13.: Evaluation of performance of the framework and hand-coded
implementation for DIR

Experiments with CIR show the opposite. The framework version outper-
forms the hand-coded version and the performance difference between the two
versions increases with the increase of problem sizes. Our experimental observa-
tions show that the framework version performs 48% faster than the hand-coded
version for the biggest problem size analyzed. Since this type of application is
compute-intensive, the framework is capable of hiding most of the communica-
tion between the front-end node and compute nodes. On the other hand, the
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hand-coded version struggles with synchronization between compute nodes re-
sulting from the imbalance of workload due to heterogeneity and asymmetrical
composure of the cluster.
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Figure 4.14.: Evaluation of performance of the framework and hand-coded
implementation for CIR

Scheduling Performance

In this section, we look at the scheduling performance, i.e. the comparison
of the implementation versions in their ability to utilize the computing de-
vices. This experiment examines ratios of computing time and communication
time to overall execution time, excluding the setup time which is similar in
both implementation versions. Fig. 4.15 shows those ratios for the framework
implementation for all the routines, while Fig.4.16 for the hand-coded imple-
mentation.

0% 20% 40% 60% 80% 100%

256

1024

1936

RATIO (exec time vs comm. time)

PR
O

BL
EM

 S
IZ

E 
(IN

 M
IL

LI
O

N
S)

EXECUTION TIME COMMUNICATION TIME

DCS
ADI
DIR
CIR

DCS
ADI
DIR
CIR

DCS
ADI
DIR
CIR

Figure 4.15.: Computing and communication time during computation
process: Framework Implementation

The most prominent characteristic that can be observed in this experiment is
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the steady increase of the execution time ratio in the framework implementation
with the increase of the problem size. For the hand-coded implementation, an
increase of the computing time ratio to overall execution time can be observed
for smaller problem sizes. However, this ratio remains unchanged with bigger
problem sizes, contributing to an increase in overall execution time.
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Figure 4.16.: Computing and communication time during computation
process: Hand-coded Implementation

4.4. Summary

In this chapter, we have presented a framework which supports programmers
to port single device OpenCL codes to multi-node clusters without requiring
writing MPI code or dealing with distributing the work onto the nodes explic-
itly. The framework is novel in providing optimizations towards execution time
or energy consumption, excluding non-performant devices or devices with high
energy consumption. Moreover, device failures are recognized and recovery
actions are undertaken to enable successful completion of the computation.
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CHAPTER 5
Programming Support For

Generic Data Parallel
Applications

Programming heterogeneous devices is enabled and simplified by a few program-
ming models such as CUDA [nVi19a], OpenCL [Khr14], OpenACC [Ope19a]
and OpenMP ≥ 4.0 [Ope19b]. Barring CUDA, other programming models offer
a uniform programming approach to various types of compute devices. Basi-
cally, a data-parallel kernel written for a device can be easily ported to any other
compute device that supports the original programming model. However, as
we have seen in the previous chapter, all of these programming models are only
partially useful when the performance gain is sought beyond the optimization
strategies for single device units.

In heterogeneous computing, the computational behavior of the application
is another obstacle. Apart from the embarrassingly parallel applications, most
of the data-parallel applications are very hard to partition. They have memory
access patterns or execution paths that require data exchange between devices
or synchronizations as a consequence of the application partitioning.

Several studies [LSPM13], [LSM15], [GPCF14], [SVL+16] have proposed ap-
proaches on how to provide programming support that enables execution in
cluster settings or deal with workload partitioning in such systems. However,
none of them engage in a wider perspective of handling complex scientific ap-
plications or ensuring workload balance in heterogeneous asymmetric clusters
which are a common setting in scientific laboratories.

In this chapter, we analyze the strategies which tackle these applications and
discuss implementation details of clusterCL which offer broader programming
support for complex HPC applications. With these extensions, clusterCL is
capable of handling a broader class of regular data-parallel applications and
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a more complex hardware configuration of cluster systems. We extend clus-
terCL to coordinate the execution in a cluster node between cluster nodes and
compute devices while steering the computing process for single or multi-kernel
applications by handling the synchronizations, dependencies or data restruc-
turing induced by the partitioning process.

Contributions

Whereas the base version of clusterCL discussed in the previous chapter is
capable of handling simple single kernel data-parallel applications, extensive
programming support is required when dealing with more complex HPC appli-
cations. Dependencies between work packages as well as dependencies between
kernels in multi-kernel executions both occur as a result of workload partition-
ing and the partitioning strategy chosen by the programmer. Our main con-
tribution within the scope of this work is extending clusterCL to support the
partitioning process and provide data coherency for the execution of complex
HPC applications. More precisely, the contributions of this work are:

(a) extensive programming support for seamless computing of data-parallel
applications

(b) classification of applications by taking into account partitioning strate-
gies, data access patterns and dependencies

(c) efficient handling of communications and synchronizations stemming from
partitioning of parallel applications with dependencies

(d) minimizing device idle time by overlapping execution with data transfer
(e) performance improvements from the tuning of partitioning sizes

Related Work

Many studies have shown the benefits of providing programming support
for heterogeneous cluster architectures in terms of performance gain and in-
creased programmer productivity [KSL+12], [ARPS13], [DGAJ13], [KSG12],
[GPCF14], [AONM11].

rCUDA by Duato et. al. [DPS+10] is among the first frameworks that have
been developed to support multi-device programming for nVidia GPUs. Sim-
ilar work based on OpenCL and extending the diversity of device platforms
have been proposed by Barak et. al. [BBNLS10]. Alves et. al. [ARPS13] pro-
pose a platform clOpenCL that enables deployment of simple OpenCL based
applications to different devices in a cluster environment. dOpenCL [KSG12]
provides a central device manager which manages the assignment of kernels
to devices. Similarly, Diop et. al. [EA12] developed DistCL to support dis-
tributed execution of OpenCL kernels in a GPU cluster. Aoki et. al [AONM11]
have implemented a framework which consists of a runtime that provides an
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abstraction layer for OpenCL implementations and a bridge program to con-
nect those implementations. SkelCL [SKG11] is a library providing algorithmic
skeleton that aims at alleviating programming GPU systems. All of those ap-
proaches have proved that enabling distributed execution of OpenCL kernels is
important and valuable. They are focused in providing an abstraction layer to
the programmer, without dealing in detail with intricacies of the data-parallel
applications. Our approach is an essential improvement to these studies since
clusterCL includes advanced features beyond simple OpenCL kernel deploy-
ments to the devices in cluster nodes.

Other works have tackled the problem of extending OpenCL platforms to
clusters using language extension to support communication via MPI [KSL+12],
[GPCF14] and recently [RBW+19]. In [KSL+12], Kim et. al. provide a frame-
work implementation, SnuCL, which enables programmers to view all of clus-
ters devices as if they are in the host node. However, the programmers should
be aware of simple MPI calls in order to transfer data between nodes. In a
similar fashion, Grasso et. al [GPCF14] provide a library, libWater, which han-
dles transparently communications and data transfer between compute nodes,
besides enabling distributed kernel execution to the devices. Rasch et. al
[RBW+19] developed a high-level C++ library which simplifies the develop-
ment of host code and provides optimizations for data transfer and memory
management. Although these works are very similar to our approach of pro-
viding an abstraction layer for the programmer, they differ fundamentally from
our framework, having that clusterCL require only parameter specification for
OpenCL kernels, while the process of partitioning, distribution and schedul-
ing of kernels and work packages is handled automatically by the framework
ensuring workload balance between cluster nodes.

In [SVMS15] Shen et. al. propose a multi-kernel partitioning approach for
heterogeneous single-node systems. Their work is closely related to ours in
terms of the partitioning of work for multi-kernel applications and dealing with
dependencies between kernels. However, our approach is different in many
aspects. Whereas in [SVMS15] they use a profiling and prediction technique
to determine the best work partitioning for specific devices, we use the work
package approach of fine-grain same-size data chunks and improve the overall
performance from distribution of work packages to the devices. This, in turn,
enables us to perform work package rerouting in case of device failures while
with custom-size partitioning this is much harder to achieve and sometimes
impossible. Further, our approach extends to clusters and our framework ex-
tends the optimization model to minimize the data transfer costs incurred from
inter-node communications.

The main difference of our approach and the works cited above is that clus-
terCL is a framework with many advanced features providing comprehensive
support for workload distribution for a broad range complex data-parallel ap-
plications in heterogeneous asymmetric clusters.
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5.1. Comprehensive Support for
Partitioning-Induced Dependencies of
Data-Parallel Applications

In the base version of clusterCL [RM15], we have shown how clusterCL enables
execution of single kernel HPC Applications, which generally require no data
transfer between the devices, a class of data-parallel applications similar to a
bag of tasks applications. In this section, we extend our approach to support
work partitioning and distribution for more complex data-parallel applications.
We have examined many HPC routines and real-world HPC applications in
order to come up with some general characteristics of applications.

Let us first discuss a general case of multi-kernel execution process using
clusterCL. Usually, data parallel programs consist of a few kernels which are
executed in a serial fashion, different from task-parallel programs which fre-
quently have a much more complicated execution sequence. Lets assume we
have an application with two kernels k1(a, b) and k2(c, d, e) where a, c are input
non-partitioned (replicated) arrays for the kernels, d is a partitioned input array
d1, · · · , dn which is modified by kernel k2 and b, e are partitioned output arrays
b1, · · · , bn; e1, · · · , en, respectively for kernels k1 and k2. We assume that work
has been partitioned into n work packages and that the cluster hosts m devices.
Number of work packages is bigger than the number of devices, n >> m.
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Execution time
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Figure 5.1.: Multi Kernel Execution with clusterCL

Figure 5.1 illustrates the execution process. There are two nodes, with the
first node having two devices and the second node has one device. Data transfers
are marked with arrows. With → we have marked data transfers to nodes or
devices while with ← are marked data transfers from devices to nodes or to
front-end. Darker rectangles represent data transfer from front-end to cluster
nodes and vice-versa, while lighter rectangles containing arrows represent data
transfers from cluster node to the device and vice-versa. Execution process of
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work packages in devices is marked with rectangles that contain no arrows. k1
and k2 depict execution of respective kernels in devices.

As shown in the figure, first we transfer non-partitioned input arrays a, c
which are replicated to all devices. This is followed by the partitioned input ar-
ray d in the form of work packages which are transferred on-demand basis or us-
ing a scheduling algorithm. Finally, computed output arrays b, e are transferred
to front-end in the form of processed work packages. For the sake of simplicity,
the figure shows the inbound and outbound data transfers as serial, although
clusterCL implementation is configured to support MPI THREAD MULTIPLE
for cluster-level communication which enables concurrent MPI calls, and out-of-
order queuing and execution to enable overlapping of data transfers from nodes
to devices with kernel execution. We can observe that device dev2 is the fastest,
while device dev1 of the second node, the slowest. Using the prefetcher, a few
work packages are stockpiled on each node, which ensures smooth operation
and minimizes device idle time.

In the course of execution of this application, two issues of great importance
have to be handled:

• intra-kernel dependencies

• inter-kernel dependencies

With intra-kernel dependencies we define data dependencies resulting from
kernel data access requirements after partitioning, e.g. kernel k2 processing
work package d1 in device dev1 of node1 requires access to data packed in work
package d3 which is processed by dev1 in node2, or it requires access to data in
work package d8 which hasn’t been dispatched yet by the front-end. In both
cases, data are not readily available in the dev1 memory. This computational
behavior represents intra-kernel dependencies, where the same kernel running
on all devices requires reading or writing to a memory space it does not manage.

With inter-kernel dependencies, we define dependencies which result from
data sharing between two different kernels of the same application. In this
case, a succeeding kernel may have a data access map which is different from
the data access map of the first kernel. For instance, kernel k2 which is executed
immediately after kernel k1 may require access to some data produced by kernel
k1, but since the kernel k2 has a different data access map, required data are not
readily available in the device memory. This behavior represents inter-kernel
dependencies and can be exhibited by multi-kernel applications.

Additionally, data-parallel applications may include an outer iterative loop
wrapped around the kernels such as HPC applications for iterative solvers and
data access patterns may change at each iteration.
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Figure 5.2.: Data Access Patterns

5.1.1. Intra-kernel Dependencies

Kernels of various HPC applications present with different data access patterns,
which in case of partitioning of data may result in data dependencies, a critical
factor for performance. Figure 5.2 shows various cases of data access patterns
that data-parallel kernels exhibit. Two-dimensional 4x4 matrices present arrays
of input and output. With squares we denote input data, while with circles
output data generated by the execution process. For each of the cases, we
have shown two different computations which generate two output data points.
Black figures represent elements accessed by one work-item, while white figures
represent elements accessed by another work-item.

Considering our work package approach communication between devices is
not only expensive in terms of performance, but also very difficult to manage.
Our goal is to analyze data access requirements of HPC kernels after the parti-
tioning process, in order to be able to devise workload and kernel partitioning
strategies which would result in no or minimal communication.

Local Access. Some types of data-parallel applications have a high degree
of parallelism. As shown in Figure 5.2a, each element of the output array is
generated by an element of the input array with the same index. We have used
2D-block partitioning, creating four work packages out of input and output
domain, which can be scheduled independently. This case can be extended
further such as if the whole row of a two-dimensional array is used to produce
an element of the output array. For such applications, workload partitioning
is simple and data to be accessed by the kernel code are always packed in the
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local work package which is available in the device memory.
Neighbor Access. Some kernel codes, after data partitioning require access

to neighboring elements which are packed in other work packages regardless of
the spatial partitioning method used. Most commonly, these applications are
scientific simulations such as heat propagation. In Figure 5.2b we have shown a
case where neighboring elements are used for calculation of each output element.
In such cases, there does not exist a partitioning method for which the kernel
code could be transformed to access only local work package data. However,
as depicted with a gray box in the figure, the so-called halo regions can be
used in these cases. For each work package created by the partitioning process,
the neighboring elements of the work package which need to be accessed by
the kernel code are packed together with the work package and deployed to
the devices. All output work package elements can be calculated without data
transfers between devices, although, a minor overhead for transferring halo
regions is to be expected. In most cases, halo regions account only for a very
small fraction of data compared to the amount of data packed in work packages.

Scattered Access. In some cases kernel code has a very scattered data
access map. Kernel code, as shown in Figure 5.2c requires access to distant
elements which cannot be covered by halo regions. A stepwise approach to this
problem is required. First, based on data access patterns, we look for a spatial
partitioning method which can transform the access requirements to local work
package access or work packages with halo regions. In some cases such as in
Figure 5.2c, data accesses are scattered and irregular but confined to a region
of the array. Black squares are located in the left part of the two-dimensional
array while white squares in the right part. However, if data are scattered in
such a way that no partitioning method results in local access, we next analyze
potential partitioning strategies - which of the data domains to be partitioned
makes more sense. For instance, if the input array (see figure 5.2) can fit into
the memory of the devices, the input array can be replicated to all devices,
while the output array is partitioned into work packages. In this case, for
each output work package, we will have all input data available in all devices,
while the workload has been split through output partitioning. Finally, in rare
cases where both of the previous approaches do not overcome the problem,
the computation is partitioned. Input and output are partitioned and for each
output work package, the kernel is executed over all of the input work packages
that contain the required data. At each execution stage (i.e. for each input
work package) partial output elements are created which are aggregated at the
end of the process. The last approach is used only as a last resort solution,
where the input data are too big to fit in the device memory and the only way
to execute the kernel is by data partitioning.

Alternating Access. Some kernels sweep over different regions of the array
in phases. For instance, in Figure 5.2d the kernel that produces an element of
the output array sweeps over all elements of one row, to switch later to sweeping
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through all the elements of one column. In these cases splitting the kernel code
into two or more kernels which run in sequence (kernel fission) can transform
the access requirements to local work package access. In the case shown in
the figure, in the first phase work packages are created based on a row-wise
partitioning of data. A synchronization barrier is inserted after the execution
of the first kernel, resulting in merging of the work packages in front-end. New
work packages are created based on a column-wise partitioning and dispatched
to devices where the output work packages are updated.

5.1.2. Inter-kernel Dependencies

Multi Kernel HPC Applications are data-parallel applications consisting of sev-
eral kernels which have to be executed across a limited number of big datasets.
Adapting clusterCL to support multi-kernel applications requires implementing
features which handle together workload partitioning and the kernel execution
schedule. In this section, we focus on inter-kernel dependencies where kernels
of an HPC application executing in a serial sequence share data between each
other.

Inter-kernel dependencies can be handled more simply than intra-kernel de-
pendencies. In the context of intra-kernel dependencies, accessing data in other
work packages occur during the execution process of the kernel. Data transfers
to support kernel access patterns in multi-kernel execution occur at well-defined
points between explicit calls for kernel execution and can be managed by the
CPU with synchronization mechanisms or work package rerouting.

We will refer to Figure 5.1 to illustrate inter-kernel dependencies in the con-
text of multi-kernel execution. Lets assume first that kernel k1 and k2 do not
share data between each other, i.e. no inter-kernel dependencies. Assuming
no intra-kernel dependencies exist the execution process is translated into a
sequence of kernels each accessing its own local data in the devices where they
are being executed. In this case, kernel k1 needs a to produce bi, 0 < i < n,
therefore a is first transferred, while kernel k2 needs c and di, 0 < i < n to
produce ei, 0 < i < n. c is transferred in the beginning while work packages di
are dispatched to devices before the commencement of execution for k2.

In most cases, the succeeding kernel requires the output of the preceding
kernel to produce its results. In cases where kernels share data between them,
the sequence of the execution is not disrupted as long as the data access maps
of the kernels match. For instance if kernel k2 uses output array bi to update
values of di, such that each element of di is updated by the corresponding
element of the bi, the update process is confined to local access and we get
d1 ← b1, · · · , dn ← bn. Since work package bi is already in the device memory
as a result of the execution of the kernel k1, k2 can access them directly to
update work packages di. In other cases, a synchronization barrier (inter-kernel
synchronization) is imminent.

Lets assume that output array b from kernel k1 is used as input c for kernel
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k2, such that c← b. According to the partitioning strategy we have used in the
case depicted in the Figure 5.1, c is a non-partitioned input array, therefore,
work packages of b can not replace c for kernel k2, since work packages of b
are spread over all devices, while c is replicated to all devices. If no other
partitioning strategy is possible, a synchronization barrier between kernels is
required to ensure merging of work packages b1, · · · , bn into b at front-end,
update and re-dispatch of c to devices in order to provide data coherence before
the commencement of execution of kernel k2.

Another case is when kernel k2 requires access to b but has another map of
data access. For instance, data access pattern shifts in the succeeding kernel
such that to update work package di the kernel requires access to data packed
in work package bi−1. In these cases, front-end may reroute processed work
packages bi to other devices and nodes as needed, instead of using the syn-
chronization mechanism which requires round-trips of work packages to and
from the front-end. A more challenging case is if the data access map changes
in such a way that rerouting is not useful. In these cases a synchronization
barrier is inserted between kernels, data are merged in the front-end, reparti-
tioned accordingly with data access requirements of the succeeding kernel and
dispatched to devices.

Although a synchronization barrier appears like a diminishing factor in terms
of performance, using the work package approach, its impact is highly reduced.
The transfer of work packages is realized while the devices are executing other
work packages. Therefore devices are not idle during the transfer process. An
exception is the transfer of last work packages to the front-end and the first
work packages to the nodes after synchronization for cases which require all
WPs to be present at the front-end before the commencement of merging or
repartitioning. Even in these cases, the transfer costs are mostly negligible,
especially when the execution time dominates data transfer time.

A special case of HPC applications that exhibit similar dependencies as multi-
kernel applications with inter-kernel dependencies are applications with itera-
tive kernels. They usually consist of one or more kernels which have to be
computed iteratively until some condition is true. For these applications, de-
pendencies may occur at the iteration step. Hence, a synchronization barrier at
the iteration step is required where merging and repartitioning of data is done.

5.2. Overlapping Data Transfers with Execution

Impact of the data transfer time on the overall execution time can be significant,
especially for data-intensive applications. Considering that our model targets
cluster systems, the process of preparing WPs from the process of execution in
the devices are separated by two links: transfer from front-end to nodes and
transfer from node DRAM to the device memory. The former is much slower
than the latter and the main contributor to overall performance degradation.
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We address this challenge with a prefetcher in order to minimize the effect of
data transfer over Fast Ethernet/Infiniband. The basic idea is to override the
dynamic on-demand fetching of WPs from the front-end by storing additional
WPs on the node to keep devices - ideally - always WP-busy. The prefetcher
fetches additional WPs while devices on the nodes are executing. However, the
number of stockpiled WPs has to be carefully calculated, since storing a larger
number of WPs might result in workload imbalance between cluster nodes.

With the device profiling information provided from the WP payload tuning
process and considering the maximal throughput of the link between front-end
and cluster nodes, the prefetcher has been upgraded to include calculation of
several factors such as the trade-off between device execution time and data
transfer time, number of nodes used in the computing, speed of all links and
the potential latency of front-end arising from serving several nodes.

We evaluate the efficiency of our prefetcher feature by measuring the device
WP-busy time and device idle time in Section 5.4.3.

5.3. Partitioning Strategies for HPC Applications

We have analyzed and tested 11 HPC applications from different benchmarks
and application suites: AMD Accelerated Parallel Processing SDK [AMD],
NVIDIA OpenCL SDK [nVi19b] and PolyBench [GXS+12]. Benchmark ap-
plications are summarized in Table 5.1. We have adapted these applications
and their kernels to allow for multi-device computation.

Table 5.1.: List of HPC applications ported to clusterCL
Application Code Domain

Direct Coulomb Summation DCS Scientific simulation
Correlation Matrix COR Data Mining
Covariance Matrix COV Data Mining
Binomial Options Pricing Model BOP Finance
Matrix-Matrix Multiplication GEMM Linear Algebra
Gram-Schmidt Process GSP Linear Algebra
Rank-K Matrix Operations SYRK Linear Algebra
Black-Scholes Model BSM Finance
Convolution CONV Scientific simulation
Biconjugate Gradient BICG Linear Algebra
Scalar, Vector and Matrix Multiplication GSMV Linear Algebra

Following we discuss in more detail the partitioning strategies and kernel
scheduling techniques for the listed applications in Table 5.1.

Direct Coloumb Summation. DCS is used to calculate the electrostatic
field for a given n-dimensional grid space based on the charges of the atoms
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within that grid space. It consists of an input array which stores atom charac-
teristics and an output array which stores data about the energy grid. For this
application, either the input or the output domain can be partitioned while the
mixed partitioning is impractical. Whichever domain is partitioned the other
must be replicated to all devices.

Correlation Matrix and Covariance Matrix. COR and COV compute
the correlation, respectively covariance matrix. Since the first three kernels
are lightweight, they can be executed by all devices, while the fourth kernel
requires output domain partitioning. Output domain is a triangular matrix
making column-wise partitioning and work package payload size tuning highly
advisable for better performance.

Binomial Options Pricing Model. BOP calculates binomial options
pricing for European Options. Output domain partitioning is the most benefi-
cial partitioning strategy.

Matrix-Matrix Multiplication. GEMM is a typical BLAS application.
Partial input and output domain partitioning is the most beneficial partitioning
strategy since a complete partitioning of both input and output introduces
redundant iterations over work packages slowing down the execution.

Gram-Schmidt Process. GSP is a linear algebra application used for
orthonormalization of a set of vectors in an inner product space. A complete
partitioning strategy is possible. However, an inter-kernel synchronization bar-
rier is required before the execution of the third kernel. A time-step loop over
the multi-kernel sequence is necessary, although it does not affect the synchro-
nization or the data transfer process.

Rank-K Matrix Operations. SYRK is a linear algebra application used
for symmetric rank-k update operations. A partitioning strategy similar to
GEMM is appropriate.

Black-Scholes Model. BSM is an implementation of option pricing model
for European Options in financial engineering. A complete partitioning of input
and output arrays is appropriate.

Convolution. CONV is an application used in the field of neural networks.
Our implementation is based on a 2D version of the application. A complete
partitioning of input and output arrays is appropriate.

BiConjugate Gradient Method. BICG is a linear algebra application.
A complete partitioning of input and output arrays is appropriate.

Scalar, Vector and Matrix Multiplication. GSMV is a linear algebra
application. Partial input domain and complete output domain partitioning
are possible.

5.4. Experimental Evaluation

In this section we present and discuss the results of the evaluation of clusterCL
framework with our benchmark suite (see Table 5.1) and three clusters.
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We focus our evaluation in the following aspects of the clusterCL framework
that show:

• The applicability of our approach, which is examined in section 5.4.2
where the speedup figures for symmetric clusters are analyzed.

• Workload balance among cluster nodes, including the impact of data
transfers in heterogeneous asymmetric configurations is examined in sec-
tion 5.4.3

• The benefits of partition tuning for WPs are shown in section 5.4.4

5.4.1. Experimental setup

Hardware Setup

In our experiments, we use 3 clusters: PHIA, EXA and CORA. Specifications
of the cluster systems used to evaluate clusterCL are summarized in Table 5.2.
All clusters are heterogeneous. Clusters PHIA and EXA have an asymmetric
configuration with cluster nodes hosting different types of compute devices,
while CORA is symmetric.

Table 5.2.: Cluster Systems

Cluster# of
nodes Interconnection Nodes Configuration

PHIA 8 InfiniBand QDR
(40 Gbps)

1 - 6 CPU: 2 x Intel Xeon E5-2650
GPU: 2 x NVIDIA Tesla K20m
OTH: 2 x Intel Xeon Phi 5110P

7 CPU: 2 x Intel Xeon E5-2650
GPU: 4 x NVIDIA Tesla K20m

8 CPU: 2 x Intel Xeon E5-2650
OTH: 4 x Intel Xeon Phi 5110P

EXA 4 InfiniBand FDR
(56 Gbps)

1 CPU: 4 x Intel Xeon Gold 6138
2 CPU: 2 x AMD EPYC 7501
3 CPU: 2 x Intel Xeon Gold 6130

GPU: 1 x Nvidia Tesla V100
4 CPU: 2 x Intel Xeon Gold 6130

GPU: 1 x AMD Rad. Inst. MI25

CORA 7 Ethernet
(1 Gbps)

1 - 7 CPU: Intel Xeon X5550
GPU: 2 x NVIDIA Tesla C2050

1 x NVIDIA Tesla C1060
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PHIA is interconnected with Infiniband QDR (40 Gbps) and consists of 8
nodes. First six nodes have an identical configuration hosting NVIDIA K20m
and Xeon Phi along with the Intel CPUs. Node 7 and 8 host K20ms or Xeon
Phi only. EXA is interconnected with InfiniBand FDR (QSFP, 56 Gbps) and
consists of 4 compute nodes with Intel and AMD CPUs, NVIDIA Tesla V100
and AMD Radeon Instict MI25 GPUs. CORA is interconnected with Fast
Ethernet and consists of 7 nodes which host NVIDIA Tesla C2050 and Tesla
C1060 GPUs.

We use OpenMPI 4.0.1 in EXA and CORA, and MVAPICH 2.2 in PHIA for
inter-node communications. For NVIDIA devices, we use NVIDIA’s OpenCL
implementation, for AMD devices - rOCM platform, and for Intel devices Intel’s
implementation of OpenCL.

Cluster configurations

We have used different cluster configurations to examine the behavior of the
clusterCL framework for our evaluation objectives. As shown in Table 5.3,
PSC1 - PSC6 are six symmetrical configurations of PHIA cluster consisting
of 1 to 6 nodes respectively, where we use all compute devices (CPUs, K20m,
Xeon Phi) to run experiments.

Other configurations are asymmetric, with PAC1, PAC2 and PAC3 consisting
of nodes 6, 7 and 8 of PHIA cluster. In PAC1 we have used GPUs and Xeon
Phi which are distributed unevenly among PHIA nodes 6, 7 and 8. In PAC2
we use only GPUs, therefore node 8 is not used since it does not contain any
GPU. In PAC3 we use only Xeon Phi, therefore node 7 is discarded since no
Xeon Phi are installed in that node. EAC1 is an asymmetric configuration of
EXA cluster consisting of nodes 3 and 4 with their respective compute devices,
NVIDIA Tesla V100 in node 3 and AMD Radeon Instinct MI25 in node 4. In
CAC1 we have constructed an artificial asymmetric configuration by utilizing
all three of available GPUs (two Tesla C2050 and one Tesla C1060) in the first
node, followed by two devices in the second node (only Tesla C2050s) and one
device in the third node (only Tesla C1060).

Applications with Different Problem Sizes.

We have experimented with applications from various benchmarks as detailed
in section 5.3. For the first two experiments we have used six different problem
sizes (PS1 - PS6), with problem sizes in the lower end (PS1 - PS3) that can
fit into the smallest device memory and problem sizes in the higher end (PS4 -
PS6) that cannot be computed without partitioning the data domain between
devices.
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Table 5.3.: Experimental configurations
Configuration Cluster Arrangement Details

PSC1
...

PSC6

PHIA
...

PHIA

Symmetric
...

Symmetric

PSC1: Node 1 (all devices)
...

PSC6: Nodes 1 - 6 (all devices)

PAC1 PHIA Asymmetric Nodes 6 - 8 (GPUs & Xeon Phi)
PAC2 PHIA Asymmetric Nodes 6 - 8 (only GPUs)
PAC3 PHIA Asymmetric Nodes 6 - 8 (only Xeon Phi)
EAC1 EXA Asymmetric Nodes 3 & 4 (GPUs)
CAC1 CORA Asymmetric Node 1 (all GPUs),

Node 2 (only Tesla C2050s),
Node 3 (only Tesla C1060)

5.4.2. clusterCL Speedup Analysis

In this experiment, we compare the performance of clusterCL, the processing
times and the speedup for some of the applications with different problem sizes
and cluster configurations. Since the application workload is partitioned into
many work packages, we use processing time to denote the maximal accumu-
lated handling time for all work packages assigned to the devices of the system.
Handling time includes writing data from the node to the device, execution
time in the device and time required to read the results from the device to the
cluster node.

Experiments are carried out in our PHIA cluster for cluster configurations
PSC1 - PSC6. For the speedup, we use a single node configuration (PSC1) as a
baseline to test the flexibility of the framework in work distribution for several
compute nodes with identical configuration (PSC2 - PSC6, see Table 5.3). A
dotted line is shown in all figures to denote the ideal speedup figures (theoretical
peaks for each configuration).

In Figure 5.3a we show the processing times for BOP. Different problem
sizes (PS1 - PS6) are plotted using different curves, from the smallest problem
size processing times (the bottommost curve) to the biggest problem size (the
uppermost curve). Processing times (vertical axis) are given for each of the
cluster configurations (PSC1 - PSC6) (horizontal axis). Figures on the right
such as Figure 5.3b show the relative speedup compared to baseline for problem
sizes (PS1, PS3 and PS6) - we have omitted problem sizes PS2, PS4, PS5
for the sake of readability. For most of the applications shown in Figure 5.3,
respectively figures 5.3a - 5.3j the speedup figures approach the ideal speedup,
especially with bigger problem sizes which show the strongest performance gain.
BOP speeds up to 5.17x over the baseline version, GEMM, COV, DCS and

78



5.4. Experimental Evaluation

0

25

50

75

100

125

150

175

200

PSC1 PSC2 PSC3 PSC4 PSC5 PSC6

P
ro

ce
ss

in
g 

T
im

e 
(s

ec
)

Cluster Configuration

PS1

PS2

PS3

PS4

PS5

PS6

(a) BOP: Processing Time

0

1

2

3

4

5

6

7

PSC1 PSC2 PSC3 PSC4 PSC5 PSC6

S
pe

ed
up

Cluster Configuration

PS1 PS3 PS6 ideal

P
ro

ce
ss

in
g

T
im

e
(s

ec
)

(b) BOP: Speedup

0

20

40

60

80

100

120

140

160

PSC1 PSC2 PSC3 PSC4 PSC5 PSC6

P
ro

ce
ss

in
g 

T
im

e 
(s

ec
)

Cluster Configuration

PS1

PS2

PS3

PS4

PS5

PS6

(c) GEMM: Processing Time

0

1

2

3

4

5

6

7

PSC1 PSC2 PSC3 PSC4 PSC5 PSC6

S
pe

ed
up

Cluster Configuration

PS1 PS3 PS6 ideal

1

1

1

1

P
ro

ce
ss

in
g 

T
im

e 
(s

ec
)

(d) GEMM: Speedup

0

50

100

150

200

250

PSC1 PSC2 PSC3 PSC4 PSC5 PSC6

P
ro

ce
ss

in
g 

T
im

e 
(s

ec
)

Cluster Configuration

PS1

PS2

PS3

PS4

PS5

PS6

(e) COV: Processing Time

0

1

2

3

4

5

6

7

PSC1 PSC2 PSC3 PSC4 PSC5 PSC6

S
pe

ed
up

Cluster Configuration

PS1 PS3 PS6 ideal

1

1

2

2

P
ro

ce
ss

in
g 

T
im

e 
(s

ec
)

(f) COV: Speedup

0

20

40

60

80

PSC1 PSC2 PSC3 PSC4 PSC5 PSC6

P
ro

ce
ss

in
g 

T
im

e 
(s

ec
)

Cluster Configuration

PS1

PS2

PS3

PS4

PS5

PS6

(g) DCS: Processing Time

0

1

2

3

4

5

6

7

PSC1 PSC2 PSC3 PSC4 PSC5 PSC6

S
pe

ed
up

Cluster Configuration

PS1 PS3 PS6 ideal
P

ro
ce

ss
in

g 
T

im
e 

(s
ec

)

(h) DCS: Speedup

0

40

80

120

160

PSC1 PSC2 PSC3 PSC4 PSC5 PSC6

P
ro

ce
ss

in
g 

T
im

e 
(s

ec
)

Cluster Configuration

PS1

PS2

PS3

PS4

PS5

PS6

(i) COR: Processing Time

0

1

2

3

4

5

6

7

PSC1 PSC2 PSC3 PSC4 PSC5 PSC6

S
pe

ed
up

Cluster Configuration

PS1 PS3 PS6 ideal

1

1

P
ro

ce
ss

in
g 

T
im

e 
(s

ec
)

(j) COR: Speedup

Figure 5.3.: clusterCL: Processing Time and Speedup for HPC Applications in
Symmetric Heterogeneous Clusters with different cluster configu-
rations 79



5. Programming Support For Generic Data Parallel Applications

6
0

5

10

15

PSC1 PSC2 PSC3 PSC4 PSC5 PSC6

P
ro

ce
ss

in
g 

T
im

e 
(s

ec
)

Cluster Configuration

PS1

PS2

PS3

PS4

PS5

PS6

(k) BICG: Processing Time

0

1

2

3

4

5

6

7

PSC1 PSC2 PSC3 PSC4 PSC5 PSC6

S
pe

ed
up

Cluster Configuration

PS1 PS3 PS6 ideal

P
ro

ce
ss

in
g

T
im

e
(s

ec
)

(l) BICG: Speedup

Figure 5.3.: clusterCL: Processing Time & Speedup for HPC Applications in
Symmetric Heterogeneous Clusters with different cluster configu-
rations

COR up to 4.99x, 4.91x, 4.7x and 4.55x respectively in a PSC6 configuration
for biggest problem size PS6. The gap between the ideal speedup and real
speedup figures is mainly due to inter-node data transfers. While for single-
node execution there are no WP transfers to other nodes, in other configurations
transfer of the WPs cannot be hidden by the prefetcher until the execution
commences in the devices. Upon the start of the computing process in the
devices, the prefetcher transfers other work packages while the devices are busy
executing, effectively minimizing the packet switching time. We observe from
the speedup figures that this gap is bigger for small problem sizes and smaller
for bigger problem sizes. As the problem size increases, so does the number
of work packages created by the partitioning process and the overall execution
time. Since we have the same configurations and the same number of devices,
data transfer time for the first work packages which cannot be hidden by the
prefetcher stays the same. Therefore, the impact of the time required to transfer
first work packages in overall execution time is reduced proportionally with the
increase in the number of work packages. It is worth noting that in all of these
experiments we can observe that the speedup curves for bigger problem sizes
are projected in such a way that strong performance is expected to be sustained
even for system configurations with more identical nodes and bigger problem
sizes.

In Figure 5.3d and Figure 5.3j for GEMM and COR for problem size PS3
it appears like speedup figures diminish as the scale of the system gets bigger.
Our observations show that this is due to scheduling. For this experiment, we
are using a work-stealing strategy where the device which finishes first gets the
next work package. Big differences in execution times among compute devices
(e.g. CPU executes a WP seven times slower than the GPU for GEMM) result
in workload imbalance due to the small number of work packages. In both
cases, the CPU is getting one of the last WPs and while other devices complete
execution, the whole process is delayed waiting for the CPU to finish processing.
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This can be seen in the respective figures which show the speedups for GEMM
for configuration PSC6, and for COR for configurations PSC5 and PSC6. This
problem can be solved by applying a static scheduling algorithm such as the
one proposed in our paper that deals with scheduling problems in heterogeneous
clusters [RMH16].

In Figure 5.3k and 5.3l we have shown processing time and speedup for
BICG over the baseline. As shown in the figure, the speedup over the baseline
is around 3x. These figures also resemble the results for GSMV, BSM, CONV
and SYRK applications which we omitted for readability reasons. In Figure 5.3k
we see that for system configuration PSC6 even for the bigger problem sizes
the overall execution time is under 5 seconds. These applications fall into
the category of data-intensive applications with low computing intensity. A big
ratio of data transfer time over execution time hampers the distribution process
and inhibits the prefetcher to supply enough work packages in time. In those
cases using of work package payload size tuner in conjunction with increasing
thread granularity can improve performance.

Finally, our observations show that achieving sustained performance in het-
erogeneous clusters requires adaptation of multiple factors such as workload
partitioning decisions and scheduling decisions with the aim of decreasing the
impact of data transfers in the computing process.

5.4.3. Workload Balance, Prefetcher Efficiency and Impact of
Synchronizations

In this section, we examine the efficacy of our approach in guaranteeing work-
load balance between cluster nodes for asymmetric configurations of heteroge-
neous clusters. Additionally, we show the work share between different types of
devices and discuss the efficiency of our prefetcher module in minimizing packet
switching time during the computing process. Impact of synchronizations in
the execution process is also investigated in this section. For this experiment,
we use asymmetric configurations of our three clusters as detailed in Table 5.3.

Figure 5.4 shows the workload balance between cluster nodes different ap-
plications such as GEMM, DCS, COR, BOP, BSM and GSP. Execution time
(vertical axis) is set in the logarithmic scale — triangles in the horizontal axis
act as placeholders for the nodes of a specific configuration. In Figure 5.4 for
PAC1 cluster configuration execution times are shown for each of the three
nodes, while execution times are shown only for two nodes for configurations
PAC2 and PAC3. In the case of PAC2, no GPUs are installed on node 8, so
execution takes place only in nodes 6 and 7. In a similar fashion in PAC3 no
Xeon Phi is installed in node 7, therefore execution takes place only in nodes 6
and 8. For EAC1 we show execution times for nodes 3 and 4 (nodes consisting
of heterogeneous devices), and for CORA we show execution times for nodes 1,
2 and 3.

Additionally, in Tables 5.4 - 5.9 we show the experimental data for the same
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Figure 5.4.: clusterCL: Workload Balance between cluster nodes in various
Asymmetric Cluster Configurations

group of applications. The first column-group shows the work share between
devices of different types for each configuration. The amount of each type
of devices in a configuration are specified in Table 5.3. The second column-
group shows average WP-busy time per device, which means the time devices
spent on processing work packages. The remainder, in this case, is device idle
time. Third column-group shows average execution time per work package for
a specific device type.

In Figure 5.4a we see the workload balance for GEMM in different cluster
configurations. For PAC1, we see that the relative standard deviation from the
mean (%rsd) of processing times is less than 3%, receptively all nodes finish
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processing within ±1.5 seconds, while the overall execution time of the appli-
cation is 32.89 seconds. For PAC2, PAC3, EAC1 and CAC1 configurations
%rsd is even lower at 0.58%, 0.98%, 1.33% and 2.04% respectively. In experi-
ments with other applications (see Figures 5.4b - 5.4f), we observe that relative
standard deviation from the mean in processing times between nodes is in the
range of 0.07% < %rsd < 1.5%, which as in the case of GEMM show a good
balance of workload among computing nodes. We also see few exceptions where
1.5% < %rsd < 5% which are usually associated with PAC1 configuration such
as for DCS, COR, BOP and GSP. According to our experimental data, dis-
crepancies in runtime between nodes in these cases have all come as a result of
work-stealing scheduling decisions, similar to the problem we have described in
the previous section for GEMM and COR for problem size PS3. This problem
can be fixed by using our best performance algorithm for work distribution,
which we will discuss in detail in Part III.

Another interesting observation is the discrepancies in processing time for
some types of applications in different types of devices. For PAC2 configuration
we use only Tesla K20m GPUs and for PAC3 we use only Xeon Phi. A close
observation of Figure 5.4d and 5.4f shows that some types of applications
such as BOP fit much better for a PAC2 configuration, respectively for a GPU
architecture, while we observe the opposite for GSP in PAC3 configuration,
which seems to fit better with a Xeon Phi architecture. This is supported by
experimental data in Tables 5.7 and 5.9 where the processing times per WP
are notably different between K20m and Xeon Phi. In a combined approach
with GPUs and Xeon Phi such as the PAC1 configuration, these substantial
differences in execution time do not degrade overall application performance
since a bigger amount of work packages shifts towards faster devices ensuring
workload balance and faster completion of execution. We observe this in case
of BOP where the GPUs have a bigger share of work packages (see Table 5.7),
while in the case of GSP the share of work packages is more balanced, tilting
more towards Xeon Phi (see Table 5.9).

Next, we investigate the efficiency of the prefetcher module. As shown in
Tables 5.4 - 5.9 the second column-group - average WP-busy time per device -
shows the device utilization during the computing process, i.e. the ratio of the
overall execution time during which the devices are not idle. We see that for all
of the applications, except for BSM, the utilization of the devices is more than
98% (in most cases more than 99.5%), which translates that the device idle
time, or packet switching time by the prefetcher is less than 2% of the overall
computing time for an application. This shows strong efficiency of clusterCL in
handling heterogeneous asymmetric cluster by overlapping data transfer with
execution and amortization of the impact of data transfers in computing.

On the other hand, for BSM (see Table 5.8) device idle time is relatively high.
BSM is a data-intensive application with very low arithmetic intensity and data
transfer times are orders of magnitudes higher than kernel execution times. The
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Table 5.4.: GEMM: Work share between devices
Work share (%) Avg. WP-busy time

per device (%)
Avg. proc. time
per WP (sec)

Tesla K20m Xeon Phi Tesla K20m Xeon Phi Tesla K20m Xeon Phi
PAC1 51.12% 48.88% 99.90% 99.70% 0.70 0.59
PAC2 100.00% - 99.94% - 0.70 -
PAC3 - 100.00% - 99.70% - 0.59

Tesla V100 AMD MI25 Tesla V100 AMD MI25 Tesla V100 AMD MI25
EAC1 77.46% 22.54% 100.00% 100.00% 0.06 0.21

Tesla C2050 Tesla C1060 Tesla C2050 Tesla C1060 Tesla C2050 Tesla C1060
CAC1 83.04% 16.96% 93.90% 96.89% 0.55 1.45

Table 5.5.: DCS: Work share between devices
Work share (%) Avg. WP-busy time

per device (%)
Avg. proc. time
per WP (sec)

Tesla K20m Xeon Phi Tesla K20m Xeon Phi Tesla K20m Xeon Phi
PAC1 66.96% 33.04% 98.95% 99.07% 1.59 3.23
PAC2 100.00% - 99.68% - 1.59 -
PAC3 - 100.00% - 99.74% - 3.23

Tesla V100 AMD MI25 Tesla V100 AMD MI25 Tesla V100 AMD MI25
EAC1 62.50% 37.50% 99.90% 99.97% 0.05 0.08

Tesla C2050 Tesla C1060 Tesla C2050 Tesla C1060 Tesla C2050 Tesla C1060
CAC1 89.29% 10.71% 99.63% 99.00% 2.16 9.53

Table 5.6.: COR: Work share between devices
Work share (%) Avg. WP-busy time

per device (%)
Avg. proc. time
per WP (sec)

Tesla K20m Xeon Phi Tesla K20m Xeon Phi Tesla K20m Xeon Phi
PAC1 49.78% 50.22% 99.81% 99.75% 1.53 1.26
PAC2 100.00% - 99.93% - 2.23 -
PAC3 - 100.00% - 99.90% - 1.24

Tesla V100 AMD MI25 Tesla V100 AMD MI25 Tesla V100 AMD MI25
EAC1 68.97% 31.03% 99.83% 100.00% 0.28 0.64

Tesla C2050 Tesla C1060 Tesla C2050 Tesla C1060 Tesla C2050 Tesla C1060
CAC1 64.51% 35.49% 99.77% 99.85% 4.81 4.39

slowest gear in cluster configurations is the transmission of data over Infiniband
or in case of CORA over Fast Ethernet. When a massive amount of data has
to be transferred to the nodes and computing intensity of the application is low
(e.g. data-intensive applications), the prefetcher is incapable of overlapping
data transfers with execution, i.e. eliminate packet switching time. In this
case, the data transfer time for one WP from front-end to the node was 60
times more than the execution of that WP in K20m, respectively 12 times
more than the execution in Xeon Phi. However, as long as the problem size
of the application is bigger than the capacity of one device or the collective
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Table 5.7.: BOP: Work share between devices
Work share (%) Avg. WP-busy time

per device (%)
Avg. proc. time
per WP (sec)

Tesla K20m Xeon Phi Tesla K20m Xeon Phi Tesla K20m Xeon Phi
PAC1 94.64% 5.36% 91.32% 99.96% 0.46 9.77
PAC2 100.00% - 99.70% - 0.46 -
PAC3 - 100.00% - 99.98% - 9.75

Tesla V100 AMD MI25 Tesla V100 AMD MI25 Tesla V100 AMD MI25
EAC1 67.86% 32.14% 99.91% 99.99% 0.03 0.08

Tesla C2050 Tesla C1060 Tesla C2050 Tesla C1060 Tesla C2050 Tesla C1060
CAC1 81.47% 18.53% 97.97% 97.55% 0.95 2.14

Table 5.8.: BSM: Work share between devices
Work share (%) Avg. WP-busy time

per device (%)
Avg. proc. time
per WP (sec)

Tesla K20m Xeon Phi Tesla K20m Xeon Phi Tesla K20m Xeon Phi
PAC1 50.67% 49.33% 17.19% 11.81% 4.E-04 2.E-03
PAC2 100.00% - 28.07% - 4.E-04 -
PAC3 - 100.00% - 32.57% - 2.E-03

Tesla V100 AMD MI25 Tesla V100 AMD MI25 Tesla V100 AMD MI25
EAC1 67.75% 32.25% 48.57% 32.89% 7.E-05 8.E-04

Tesla C2050 Tesla C1060 Tesla C2050 Tesla C1060 Tesla C2050 Tesla C1060
CAC1 56.14% 43.86% 1.69% 2.43% 1.E-03 6.E-03

Table 5.9.: GSP: Work share between devices
Work share (%) Avg. WP-busy time

per device (%)
Proc. time (range)

per WP (sec)
Tesla K20m Xeon Phi Tesla K20m Xeon Phi Tesla K20m Xeon Phi

PAC1 53.06% 46.94% 98.66% 99.2% 1.0E-05 - 27.3 2.0E-05 - 8.57
PAC2 100.00% - 99.12% - 1.0E-05 - 31.1 -
PAC3 - 100.00% - 98.94% - 2.E-03 - 10.1

Tesla V100 AMD MI25 Tesla V100 AMD MI25 Tesla V100 AMD MI25
EAC1 81.05% 18.95% 99.3% 99.15% 4.0E-06 - 1.32 2.0E-03 - 11.13

Tesla C2050 Tesla C1060 Tesla C2050 Tesla C1060 Tesla C2050 Tesla C1060
CAC1 64.71% 35.29% 94.52% 93.56% 3.0E-03 - 48.32 1.0E-02 - 112.34

capacities of all devices in one node, workload partitioning between the nodes
is unavoidable and lower device utilization numbers are acceptable in case of
data-intensive applications.

Finally, we examine the impact of synchronizations for applications with de-
pendencies. GSP is a compute-intensive imbalanced application with iterative
kernels, where the workload is determined by the iteration loop and spatial
coordinates of array elements. In this case in Table 5.9, we have shown the
range of processing times per work package in different devices instead of av-
erage processing times since different work packages have different workload
due to application imbalance. Before the commencement of execution of the
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third kernel, one of the arrays has to be merged and repartitioned by the front-
end, since the third kernel has a different access map to that array compared
to kernel 1 and 2. The overall execution times for GSP in PAC1, PAC2 and
PAC3 configurations are 130.36s, 811.36s and 143.97s respectively. The time
required for merging and repartitioning by the front-end is 0.45s±0.05s. Since
most of the work packages are transferred while devices are busy, only last work
packages sent to front-end before synchronization and first work packages dis-
patched to nodes after synchronizations account for the device idle time - data
transfer time which cannot be overlapped with execution by the prefetcher.
Average accumulated time for these transfers is 0.00144s±0.00002 depending
on cluster configuration. The total device idle time due to synchronization is
at most 0.46s in any of the configurations or 0.35%, 0.05%, 0.31% respectively
for PAC1, PAC2 and PAC3 configurations. The impact of synchronization in
overall execution time in this case is very small, mainly due to prefetching and
high arithmetic intensity of the application. Experimental data for WP-busy
time shown in Table 5.9 are slightly bigger than these numbers since they also
account for packet switching time in addition to synchronization.

5.4.4. Partitioning Tuning

To test our approach for work package tuning as we have presented it in Sec-
tion 3.1.3 we use different problem sizes (PS1 - PS6) for selected HPC appli-
cations COR, GEMM, GSP and CONV. Whereas in the experiments above
we have used standard work package sizes (non-tuned), in this experiment we
use the tuner to test a set of different work package sizes and show the execu-
tion times for work package sizes WPS1 - WPS4, where WPS1 is the smallest
(usually 1/128 - 1/448 of the tested problem size for PS1 to PS6) and WPS4
the biggest work package size (usually 1/16 - 1/56 of the tested problem size
for PS1 to PS6). We use the PSC6 symmetric cluster configuration for this
experiment.

Figure 5.5 shows the execution times for different WP sizes. CORR and
GSPM, as shown in the figure have the most remarkable performance improve-
ments with speedups as much as 3x for the smallest tested WP size compared
to the biggest WP size for PS6. This huge speedup can be attributed mainly
to specific application characteristics. Both applications are imbalanced such
that different work-items have different amount of work to process. Reducing
the work package size balances better the workload among the work packages
and the work-items have a more uniform distribution of computation load.

In the case of GEMM where the workload between the work-items is bal-
anced, the differences in execution time are much smaller, however very impor-
tant for large problem size applications as shown in Figure 5.5b — switching
from the biggest tested WP size to the smallest results in a 21% performance
improvement.

Finally, we can observe that for data-intensive applications such as CONV
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Figure 5.5.: Effects of the WP Tuner in the overall execution time

(see Figure 5.5d), a bigger WP size is much more beneficial, since it increases
the kernel execution times, which effectively enables the prefetcher module to
better balance between execution time and data transfer time, respectively
decreasing the packet switching time. As shown in the figure, choosing the
biggest tested WP size over the smallest reduces the overall execution time by
almost 15%.

Based on the results from the Figure 5.5 we can conclude that for all types
of applications, compute-intensive, data-intensive and mostly for imbalanced
application, use of the WP Tuner is beneficial and improves the overall perfor-
mance in all cases.

5.5. Summary

Enabling the execution of multi-kernel data-parallel applications with depen-
dencies is a crucial element of our framework. In this chapter, we put our effort
in analyzing different application characteristics and patterns in order to group
similar applications into categories for which strategies that apply to the whole
group can be devised and implemented within the scope of clusterCL. We have
implemented synchronization and barriers which help ensure data coherency
over the whole system at well-defined points. We have analyzed the potential
partitioning strategies for a broad group of HPC applications and evaluated the
framework by showing the scalability, efficiency, workload balance, and perfor-
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mance improvement from the tuning of work package payload sizes. Hence, we
think our approach provides an effective and efficient way for executing HPC
applications in heterogeneous cluster architectures.
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Part III.

Optimal Work Distribution in
Heterogeneous Clusters
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CHAPTER 6
Efficiency-oriented Scheduling

Strategies

The importance of heterogeneous asymmetric clusters has grown steadily over
the last years. Such architectures pose new challenges with respect to execution
time and energy consumption. Work distribution for homogeneous systems has
been done typically by dividing the work by the number of compute nodes
and assigning equal-sized portions to each of them. Such an approach is not
adequate anymore for heterogeneous systems. Heterogeneity of devices raises
in addition to execution time a second issue – the energy consumed to fulfill a
task. A work distribution approach could, at its most basic function exclude
low-performing, high-energy-consuming devices from execution. However, op-
timization in one direction only, i.e. execution time or energy consumption,
does not meet the requirements. In this chapter, we discuss different work dis-
tribution approaches and lay the groundwork for optimizing executions based
on multi-objective functions.

In heterogeneous clusters, energy-efficiency is a very important issue in-
troduced by heterogeneous devices and it is gaining increasing attention.
Efficiency-oriented scheduling strategies besides performance should take into
account also energy consumption in a time-energy problem space.

In this and the following chapters, we consider applications with a workload
that is partitioned into work packages which are assigned to devices to be
processed. Runtime efficiency and energy efficiency basically boils down to the
problem of mapping work packages to devices.

Different work distribution strategies are possible, resulting in different solu-
tions exhibiting different efficiency characteristics. An assessment of a solution
heavily depends on the requirements of the programmer. When we optimize in
two directions, the mapping of work packages to devices results in a solution
space containing 4 distinguished solutions exhibiting optimality criteria:
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• best performance: one dimensional problem–energy consumption ne-
glected

• minimal energy: one-dimensional problem–execution time neglected

• minimal energy with restrictions to performance: two-dimensional prob-
lem

• best performance with restrictions to energy: two dimensional problem

In addition to the 4 solutions above, trade-off solutions between time and
energy can be considered as well. This chapter discusses all the different opti-
mization problems and presents the impacts in practice.

6.1. Energy-efficient Work Distribution

The goal of the framework is to assist a programmer to run an application
efficiently in a heterogeneous environment. Our strategy to deal with such
clusters is to partition the work into work packages which are assigned to com-
pute devices to be processed. As shown in Figure 6.1, the input is partitioned
in smaller data chunks called work packages which are equal-sized.
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work bundles
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Figure 6.1.: Work distribution process

The size of work packages is determined by taking various hardware and
application characteristics into account, like memory capacity or peak perfor-
mance. Usually, the number of work packages are orders of magnitude higher
than the number of available devices in the system. This problem, coupled with
different performance and energy consumption numbers for each of the devices
leads to the requirement for a strategy in distributing work packages.

Work distribution is done by mapping work packages onto compute devices.
Hence, different mappings result in different execution times and different power
draws. Depending on whether execution time or energy consumption is favored
by a programmer, some mappings fit better to the needs than others. In the
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following, we will discuss three examples which have the common property that
better performance is achieved at the cost of higher energy consumption. Or in
other words: longer execution times may help to save energy. These examples
show that getting better in one dimension may degrade the other dimension,
which means that optimization has to take both dimensions into account.

The first example is taken from a paper by Liu and Luk [LL12]. As shown
there, the FPGA is the most energy-efficient device for executing function
SGEMM (matrix-matrix operation C = αAB+βC) followed by GPU and CPU.
Using only the FPGA for processing SGEMM leads to the smallest amount of
energy consumption, but it may take about 40 times longer to complete than
using the GPU.

We have done a similar experiment on our PHIA cluster, which consists of 8
compute nodes with devices such as NVIDIA GPUs and Intel XEON Phi ac-
celerators arranged in an asymmetric configuration. Our experimental results
confirm that execution time and energy consumption can be influenced to a
great extent based on the devices used in computing. In Figure 6.2, we show
the execution time and energy consumption in normalized units for a molecular
analysis kernel with different problem sizes. As it is shown in Figure 6.2a, when
we use only most energy-efficient devices the execution time (circular markers)
increases in comparison to the program version where we use all available de-
vices of the system (triangular markers). The gap between the two execution
scenarios increases steadily with bigger problem sizes. However, in Figure 6.2b
it can be seen that energy consumption is reduced significantly when only the
most energy-efficient devices are used in computation (circular markers). The
figures show that for all problem sizes a loss in performance is rewarded by a
reduction of energy consumption.
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Figure 6.2.: Performance and energy figures in PHIA cluster for DCS

In addition to selecting devices for execution, the next example shows that the
distribution of work onto the selected devices plays an important role as well. To
demonstrate this, let us assume we have 5 equally-sized work packages and two
devices with the following time and energy values per work package T = {2, 5}
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and E = {10, 5}, i.e. 2 and 5 time units are taken for a work package on device
1 and 2, and 10 and 5 energy units on the devices, respectively. Further, a time
constraint is specified which requires that execution should finish within 10
time units. The following mappings of work packages onto devices are feasible
and fulfill the time constraint:

• If we assign 4 work packages to the first device and 1 work package to the
second device, the overall execution time equals to max{8, 5} = 8 units
of time, while the overall energy consumption equals to 10 ∗ 4 + 5 = 45
units of energy consumption.

• If we assign 3 work packages to the first device and 2 work packages to
the second device, the overall execution time equals to max{6, 10} = 10
units of time, while the energy consumption equals 10 ∗ 3 + 5 ∗ 2 = 40
units.

Both work distributions satisfy the time constraint. However, the second work
distribution is more energy-efficient than the first one.

6.2. Different Solutions Satisfying Optimality
Criteria

6.2.1. Best performance

We have dealt outwardly in the previous chapters with distribution strategies
that are directed towards best performance without taking into account the
energy consumption. The basic idea, in this case, is to use all resources avail-
able in the cluster to achieve best performance. An exception, as discussed in
Section 3.2, are some situations stemming from the dynamic on-demand work
distribution, which might lead to suboptimal execution. In these cases a slower
device might request one of the last work packages, delaying the overall ex-
ecution since all over devices have finished processing. However, as we will
see in the next chapter there exists methods to prevent such a scenario, es-
pecially using a static scheduling algorithm which would be fed with profiling
data from the work package probe testing and avoid assigning work packages
to the slowest devices at the end of execution.

6.2.2. Minimal energy

An optimization directed at achieving minimal energy consumption tends to
”serialize” the execution of an application. Minimal energy consumption means
that only the most energy-efficient devices are used. As a consequence, in a
heterogeneous environment only one type of devices with best energy-efficiency
will be used. If only one instance of that device type exists in a cluster, the
application will be executed on one device only.
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6.2.3. Minimal energy with restrictions to performance

Since the minimal energy approach yields an extreme solution, there is a need
for a relaxed approach. One possibility is to define a maximal execution time
which shall be met with minimal energy preventing in this way the ”serializing”
behavior. As shown in Figure 6.3a, the programmer sets a time constraint for
which the most energy-efficient distribution shall be found. All distributions
below the dotted line meet the time constraint with the circular point being
the most energy-efficient one.

6.2.4. Best performance with restrictions to energy

Similar considerations as above lead to the definition of a maximal amount
of energy which shall be met with best execution time possible. As shown
in Figure 6.3b, the programmer sets an energy constraint for which the most
time-efficient distribution shall be found. All distributions left to the dotted line
meet the energy constraint with the circular point being the most time-efficient
one.

(a) Minimal energy with time constraint (b) Best performance with energy con-
straint

Figure 6.3.: Optimization problems with constraints

6.2.5. Time-energy trade-off.

Next, we address the problem that no constraints have been specified by the
programmer. Our goal is to propose a ”good” solution by reasoning about
time-energy trade-offs.
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(a) All possible distributions (b) Pareto optimal distributions

Figure 6.4.: Set of possible solutions and Pareto front optimal solutions

Figure 6.4a shows the set of all possible distributions and Figure 6.4b the
corresponding Pareto front. It is reasonable to assume that a distribution of
the Pareto front with minimal distance from the origin is a good compromise
between execution time and energy consumption–the selected distribution is
highlighted with a circular point.

6.3. Summary

In this chapter, we discussed the problem of distributing work onto devices of a
heterogeneous, asymmetric cluster when both execution time and energy con-
sumption are taken into account. We presented different distribution strategies
and discussed their implications in practice.
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CHAPTER 7
Optimal Time and Energy

Work Distributions in
Heterogeneous Systems

Different strategies have been proposed for data-parallel HPC applications to
tackle the problem of work distribution, from static hand-tuning to dynamic
runtime techniques. HPC applications have the property that the data domain
can be partitioned into equal-sized work packages and can be distributed to
the parallel computational devices as outlined in Chapter 3 and 4. In this way,
faster computational devices complete jobs faster than slower devices assuring
a balanced work distribution.

The scheduling strategies for assigning work packages to computational de-
vices can be guided by different optimization goals. Usually, the scheduling
goal is to reduce execution time. However, for heterogeneous computational
devices, it is not adequate to focus on execution time only. Another scheduling
goal for assigning work packages is to reduce energy consumption. Unfortu-
nately, runtime efficiency and energy efficiency are often conflicting objectives
pushing in different directions, i.e. shorter execution time results in more energy
consumption and a reduction in energy increases execution time.

The work packages are assigned to the devices by the dispatcher module.
Different scheduling strategies can be realized by the dispatcher module. There
are four scheduling strategies of special interest:

A The most time-efficient solution stressing runtime-efficiency only

B The most energy-efficient solution stressing energy-efficiency only

C The most energy-efficient solution under a time constraint enforcing a
maximum makespan not to be exceeded
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D The most time-efficient solution under an energy constraint enforcing a
maximum energy limit not to be exceeded

Time 

Energy

Time 

Energy

time_const

ener_const
A

B

A

B

C

D

Figure 7.1.: Optimal solutions A, B, C, and D.

The four solutions A-D are illustrated in Figure 7.1. Each point in the di-
agram represents one mapping instance of work packages to compute devices
with associated makespan and energy consumption. Solutions A and B are
shown in both diagrams as lower and upper points, respectively. The left di-
agram illustrates solution C with time constraint time const, while the right
diagram solution D with energy constraint ener const. The blue points repre-
sent in both diagrams valid solutions.

In this chapter, we discuss these four optimization problems in detail and
present efficient algorithms which yield corresponding solutions for each of
them. Whereas the two extrema A and B can be determined without any
user input, C and D are based on the specification of constraints. For all opti-
mization problems, we succeeded to compute optimal solutions.

Contributions.

We present four optimal algorithms that solve bi-criteria optimization problems
in a Time-Energy solution space for work distribution based on our workload
partitioning approach. More precisely, the contributions of this work are:

(a) An algorithm that finds the optimal distribution of work packages for best
performance in a cluster setting, eliminating the work package assignment
problems which appear with simple on-demand work distribution that
delay the completion of the execution process,

(b) An algorithm which finds an optimal distribution of work to devices while
guaranteeing minimal energy consumption,

(c) An algorithm which within a time constraint (runtime deadline) finds the
best solution for work distribution which ensures minimal energy con-
sumption,
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(d) An algorithm which within an energy constrain (energy consumption bud-
get) finds the best solution for work distribution which ensures best per-
formance,

(e) Evaluation of algorithms using real-world HPC applications.

Related Work.

Computational clusters with heterogeneous devices introduce new challenges
with respect to execution time and energy consumption: Not only one-
dimensional optimizations in the direction of execution time or energy con-
sumption are more intricate, in addition both dimensions have to be taken into
account. We group the related work in three classes with the last one being
closest to our work.
System level power management. Etinski et al. [ECLV12] use DVFS to affect
CPU power consumption by running jobs with different CPU frequencies. Of-
fline scheduling algorithms involving bi-objective optimization for uni-processor
and multiprocessor systems incorporating speed scaling are considered in Bunde
[Bun06]. Rozycki et al. [RW15] deal with power-aware scheduling on identical
parallel machines, while Li [Li12] and Asghari et al. [AMW13] propose dif-
ferent strategies for balancing between energy consumption and performance
on multi-core servers. Another approach by Lama et al. [LLA+13] focuses
on turning on and off different nodes and migrating GPU workloads to achieve
better power management utilizing the VOCL framework. However, this model
is restricted to GPU clusters and it requires providing power usage data for dif-
ferent system configurations by the datacenter administrator. These research
efforts differ considerably from ours since we are targeting applications.
Application level power management on homogeneous systems Freeh et al.
[FLP+07] propose an approach in lowering energy consumption by dynami-
cally adjusting power-performance states in high-performance cluster nodes.
Gschwandtner et al. [GDF14] propose a method RS-GDE3 based on an evolu-
tionary algorithm to tune HPC codes for multi-processor systems. The main
difference to our work is that we address heterogeneous systems instead of ho-
mogeneous ones.
Application level power management on heterogeneous systems Wang et al.
[WR10] propose an approach of inter-processor work distribution using proces-
sor frequency scaling to minimize energy consumption in a CPU-GPU hetero-
geneous system. Balaprakash et al. [BTW14] focus on bi-criteria optimization
between time and energy or time and power for HPC codes in multi-processor
systems and Intel Xeon Phi. Work of Tarplee et al. [TFMS15] deals with gener-
ating Pareto front solutions for bi-criteria optimization similar to our trade-off
solutions but does not address finding solutions under constraints efficiently.

The main difference between our approach and the research efforts cited
above is that we introduce time constraints and energy constraints, discuss op-
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timality for executing applications and try to find optimal solutions efficiently.

7.1. Optimization Model

In this chapter, we present our optimization model and give a formal definition
of our optimization problem:

1. The input data space is split into a set of equal-sized work packages W
with cardinality n.

2. The hardware system consists of a set of heterogeneous devices D with
cardinality m.

3. Each work package w ∈ W is assigned to a device d ∈ D.

4. Each device d ∈ D has associated a pair (td, ed) with
td ... specifying units of time required to process one work package

on device d, and
ed ... specifying units of energy required to process one work package

on device d

5. The number of work packages assigned to device d is denoted by xd and
is the solution of our optimization problems.

In our optimization model, we only count devices which are used during
the execution of the application under consideration. Compute devices which
are not used can be switched off or put in an idle state or used by another
application depending on the support of the underlying hardware and operating
system.

7.1.1. Energy measurement functions

Whereas measuring execution time is well supported, the same does not apply
for determining energy consumption. The most accurate way to do such mea-
surements is by installing energy meters adjacent and connected to each of the
devices of the cluster. Since this is not practicable in many cases, we calculate
energy consumption by an aggregate function which sums up power readings at
several steps during the execution time of a work-package. These power read-
ings are done using functions provided in manufacturer APIs which support
querying for different device states and parameters. The energy consumption
for a device is calculated by

ed =
∑
i

Pi + Pi+1
2 ∗∆t, ∀d ∈ D (7.1)
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In formula (7.1), Pi stands for the power draw from the device (measured
in Watt) in the moment of the measurement, while ∆t is the time between
two measurements. Considering that the power draw fluctuates during the
computation process reflecting the utilization of the device by the kernel code
and data, more frequent power draw measurements will result in more accurate
data, i.e. the accuracy can be improved by setting ∆t to a smaller value.

Alternatively, values for td and ed can be predicted as well.

7.2. Optimal Solutions

7.2.1. Most Time-Efficient Solution Without Constraint

Let kwd ∈ {0, 1} be a binary variable which is set to 1 if package w is assigned
to device d, 0 otherwise. Thus the optimization problem for the most time-
efficient solution A without energy constraint can be formulated as follows:

minimize max
d∈D

(td ∗
∑
w∈W

kwd) (7.2)

with the following condition

xd =
n∑

w=1
kwd (7.3)

n∑
w=1

m∑
d=1

kwd = n (7.4)

ensuring that each work package is assigned to exactly one compute device.
This optimization problem can be solved efficiently by an incremental strat-

egy: Look for the most time-efficient device and assign work packages to it
until the accumulated execution times allow assignment to the second device or
third device, and so on. Algorithm (1) computes the optimal solution for that
optimization problem.

The algorithm takes as input work package processing times for each of the
m devices T = 〈t1, t2, . . . , tm〉. The entries of array X = 〈x1, x2, . . . , xm〉 denote
the same devices as T and are initialized to 0. A mapping of a work package
to a device is carried out if the accumulated execution time plus the processing
time for the work package is less than all other devices guaranteeing in this way
optimality. The optimality can be proved by showing that the loop invariant
”minimal execution time for assigned work packages” is maintained over all
iterations. The invariant is trivially true for assigning the first work package to
the fastest device. The invariant is also true for subsequent iteration as well,
since the algorithm takes all possibilities into account for assigning the next
work package. The algorithm calculates sequence X with the number of work
packages assigned to the corresponding devices.
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Algorithm 1: Most time-efficient solution A without constraint
input : time values T = 〈t1, t2, . . . , tm〉; number of work packages n;

number of devices m
output: result mapping X = 〈x1, x2, . . . , xm〉

1 function A(T, n,m)
// create array x with m elements initialized to 0

2 min← 1 while n > 0 do
3 for i← 2,m do
4 if (xmin + 1) ∗ tmin > (xi + 1) ∗ ti then
5 min← i
6 end
7 end
8 n← n− 1 xmin ← xmin + 1
9 end

10 return X ;

7.2.2. Most Energy-Efficient Solution Without Constraint

The most energy-efficient solution B without time constraint can be found quite
easily. This optimization problem reduces basically to the demand that work
packages must be mapped to the most energy-efficient devices only. The op-
timality can be proved quite easily by showing that the sum of the consumed
energy is minimal, if the individual terms are minimal. Let DE ⊆ D denote
the subset of most energy-efficient devices, i.e. for all d, d′

(ed = ed′ |d, d′ ∈ DE) ∧ (ed < ed′ |d ∈ DE , d′ ∈ D \DE) (7.5)

Instead of a single optimal solution, we have a set of optimal solutions: Each
element of the power set ofDE can be used as a possible mapping target for work
packages. One extreme case is to use only one device from the set DE while the
other extreme case results from splitting the work packages equally between all
the devices in set DE decreasing the overall execution time proportional to the
cardinality of set DE , which consists of devices with same characteristics, i.e.

xd = n/
∣∣∣DE

∣∣∣ (7.6)

where xd is the number of work packages mapped to device d and for the ease
of presentation ignoring a possible remainder which is straight-forward to be
handled.
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7.2.3. Most Energy-Efficient Solution Under a Time Constraint

Let Tc denote a time constraint—an upper time limit which shall not be ex-
ceeded. With xd denoting the number of work-packages assigned to device d,
the optimization problem of the most energy-efficient solution C under a time
constraint can be formulated as follows:

xd ∗ td ≤ Tc, ∀d ∈ D (7.7)

whereby the energy consumption shall be minimal

minimize
m∑
d=1

(xd ∗ ed) (7.8)

with the following condition
m∑
d=1

xd = n (7.9)

This optimization problem can be solved efficiently by a greedy approach. The
devices are sorted with the most energy-efficient devices first. Subsequently,
work packages are mapped to those devices in ascending order obeying for-
mula (7.7) until all work packages have been assigned or the time constraint
cannot be fulfilled. Algorithm 2 computes the optimal solution if solvable, and
error code −1 otherwise. The input of the function is a sequence of time and
energy values for each of the devices of the targeted cluster.

The algorithm takes as input time values T = 〈t1, t2, . . . , tm〉 denoting the
processing times for work packages for the devices, and energy values E =
〈e1, e2, . . . , em〉 denoting the energy consumption. E is sorted with the most
energy-efficient device first denoted by 〈e′1, e′2, . . . , e′m〉 with e′1 ≤ e′2 ≤ . . . ≤ e′m.
T is reordered accordingly such that at the same position in E and T the very
same device is referred to. The same applies to sequence X = 〈x′1, x′2, . . . , x′m〉
where each of the entries correspond to the same devices as in E and T .

Algorithm (2) starts from the most energy-efficient devices and assigns as
many work packages as possible that can be processed under the given time
constraint achieving in this way, an optimal solution. Since the algorithm ob-
viously obeys the time constraint, a proof only has to show that the solution
is the most energy-efficient one. As the devices with minimal energy consump-
tion are taken first, it can be shown that the sum of the consumed energy is
minimal as well. However, usually the number of work packages created by the
partitioning process will not amount exactly to the full processing capacity of
the available devices. Thus, two cases must be handled:
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Algorithm 2: Most energy-efficient solution C under a time constraint
input : time values T = 〈t1, t2, . . . , tm〉, energy values

E = 〈e1, e2, . . . , em〉; number of work packages n; time
constraint Tc

output: result mapping X = 〈x′1, x′2, . . . , x′m〉
1 function C(T,E, n, Tc)

// sort E resulting in 〈e′1, e′2, . . . , e′m〉
// reorder T resulting in 〈t′1, t′2, . . . , t′m〉
// create array X with m elements initialized to 0

2 d← 0
3 while n > 0 do
4 if d > m then
5 return −1 // run out of devices
6 end
7 end
8 if bTc/tdc < n then
9 xd ← bTc/tdc

10 end
11 else
12 xd ← n
13 end
14 n← n− xd;
15 d← d+ 1
16 return X ;
17 end

1. Number of work packages exceeds the processing capacity of the available
devices.
In this case, no solution exists which fulfills the constraint. For a solution
the time constraint must be relaxed by increasing the execution time.

2. Not all devices get work packages assigned.
Since it is a greedy algorithm, it may happen that all work packages have
been assigned and there are devices left over for which no work is available
anymore. This does not harm the optimality criteria and it is an optimal
solution. However, there exist further optimal solutions. If the number of
work packages assigned to devices of the same type differs, reassignment of
work packages within that device type class enforces an equal distribution
and represents an optimal solution as well. If the time constraint can be
fulfilled by using devices of only one device type, reassignment will result
in faster execution times. In that case, it can be chosen between two
different solutions, one solution which uses fewer cluster resources but
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takes longer to finish, and the other solution which uses more cluster
resources but executes faster. Both solutions fulfill the optimality criteria
and it depends on usage policy of the cluster which one is preferable.

7.2.4. Most Time-Efficient Solution Under an Energy
Constraint

In order to generate a mapping plan which delivers the most time-efficient
solution D under an energy constraint the following must hold:

m∑
d=1

xd ∗ ed ≤ Ec (7.10)

whereby the execution time shall be minimal

minimize max
d∈D

(xd ∗ td) (7.11)

with the following condition
m∑
d=1

xd = n (7.12)

with xd denoting the number of work packages assigned to device d.
Unlike the problems above, a solution to this problem can not be found by

step-wise assigning work packages to devices, since the final mapping must
satisfy the energy constraint as indicated by formula (7.10).

A simple algorithm for finding an optimal solution for this problem is to
evaluate all possible mappings of n work packages to m devices. Given that
the effort required to process work packages does not differ on identical devices,
the number of possible mappings which have to be tested equals to(

n+m− 1
m− 1

)

resulting in an intractable approach.
We can express our problem as the following mathematical program:

minimize maxd∈D td · xd
subject to

∑
d∈D ed · xd ≤ Ec∑
d∈D xd = n

xd ∈ N0 ∀d ∈ D

(7.13)

where xd are integer variables denoting the number of work packages performed
by each device. The first constraint ensures that the energy consumption is
limited by total energy capacity Ec. The second constraint ensures that all
work packages n are alloted to the devices. The last constraint is the integrality
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constraint of variable xd and ensures that work packages are allocated as a whole
to devices. A solution x to the mathematical program is called a schedule.

We can rewrite the above as an integer linear program as follows,

minimize λ
subject to

∑
d∈D ed · xd ≤ Ec∑
d∈D xd = n

td · xd ≤ λ ∀d ∈ D
xd ∈ N0 ∀d ∈ D
λ ∈ R+

0

(7.14)

where λ is the makespan of the schedule.

Optimal Bisection Algorithm

In this section, we develop an algorithm which solves Equation 7.14 optimally.
Instead of tackling the problem of minimizing makespan subject to a bound
on energy consumption directly, we apply a simple variant of a framework of
Hochbaum and Shmoys [HS87] which lets us reduce our original problem to
the ”dual” problem of minimizing energy consumption subject to a bound on
makespan. As we will see later, the dual problem is a simple packing problem
that is amenable to a greedy algorithm.

In general, given an optimization problem with two parameters—in our case,
energy consumption and makespan—there are two optimization problems that
can be obtained by optimizing one of the parameters subject to a constraint
on the other. One of the problems is called the primal problem and the other
is called the dual problem. The framework of Hochbaum and Shmoys [HS87]
allows one to use an exact algorithm for the dual problem to obtain an exact
algorithm for the primal (and vice versa) using bisectiona. Let us now explain
how to use this framework for our purposes.

For our setting, the primal problem is minimizing makespan subject to a
bound on energy consumption while the dual problem is minimizing energy
consumption subject to a bound on makespan λ. LetM(λ) be the dual problem,
i.e. minimum energy consumption for the makespan parameter λ. If there
does not exist a schedule which satisfies makespan λ, for example, when λ <
mind∈D td, then M(λ) is set to ∞.

aThe bisection (also known as interval halving or dichotomy) method has been used in
mathematics to find roots of a function. The method repeatedly bisects an interval and
chooses a sub-interval in which the root must lie. The intervals from which the methods
start from, and the chosen sub-intervals must have the property that one of the endpoints
is positive and the other one negative, i.e., a sufficient condition for the existence of a root
in the interval [BF11].
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Our original problem can be rewritten as:

minimize λ
subject to M(λ) ≤ Ec

λ ∈ R+
0

(7.15)

Thus, given an efficient procedure for computing M(λ), we can determine the
optimal value of λ for our original problem using bi-section on the search space
of λ.

Computing M(λ)

Now we show how to compute M(λ). Observe that a feasible schedule can
only assign at most b λtd c packages to device d ∈ D. Thus, we can express the
problem of finding a feasible schedule that minimizes energy consumption as
the following ILP:

minimize
∑
d∈D ed · xd

subject to
∑
d∈D xd = n

xd ≤ b λtd c ∀d ∈ D
xd ∈ N0 ∀d ∈ D

(7.16)

With a simple greedy algorithm, an optimal solution for M(λ) can be com-
puted. Suppose that the devices are sorted in ascending order of energy costs
and let ti and ei be the processing time and energy cost of the i-th device in
this order. The greedy algorithm iterates through the devices in this order and
assigns as many unassigned work packages to the current device d as possible
(up to b λtd c work packages) until all work packages are assigned. If it manages
to assign all work packages, it returns the energy consumption of this sched-
ule; otherwise, it returns ∞. See Algorithm 3 for a detailed description of the
algorithm.

Lemma 1. Algorithm 3 returns Et = M(λ).

Proof. As we observed earlier, a schedule with makespan at most λ schedules at
most b λtd c work packages on device d ∈ D. Thus, there exists a feasible schedule
with makespan at most λ if and only if

∑
db λtd c ≥ n. Since Algorithm 3 packs

as many unassigned work packages onto each device that it considers, it returns
Et =∞ if and only if

∑
db λtd c < n. Therefore, it returns Et = M(λ) in the case

that there is no feasible schedule with makespan at most λ. In the remainder of
the proof, we consider the case that there is a feasible schedule with makespan
at most λ.

Let xi be the number of work packages assigned to device i by Algorithm 3.
We have that x is a feasible solution to ILP (7.16) by construction. Since
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Algorithm 3: Packing algorithm for makespan λ

1 function M(λ)
// Number of packages left to execute on remaining

devices
2 w ← n;

// Set i to first device
3 i← 1;

// Set total energy consumption Et to zero
4 Et ← 0;
5 while i ≤ m ∧ w > 0 do

// compute number of packages on device i

6 xi ← min{
⌊
λ
ti

⌋
, w} ;

// update energy consumption
7 Et ← Et + xi · ei ;

// update remaining work
8 w ← w − b ;

// switch to next device
9 i← i+ 1;

10 end
11 if w > 0 then

// Makespan insufficient for packing
12 Et ←∞ ;
13 end
14 return Et ;

Et =
∑m
i=1 xi · ei, it remains to prove that any other feasible solution y 6= x to

ILP (7.16) has energy consumption
∑m
i=1 yi · ei ≥

∑m
i=1 xi · ei. To do this, we

use a greedy exchange argument (cf. [KT06]), that is, we show that there is a
transformation φ that transforms y to another feasible solution z = φ(y) such
that z is “closer” to x and

∑m
i=1 yi ·ei ≥

∑m
i=1 zi ·ei, where the distance between

any two solutions a and b is defined to be

dist(a, b) =
m∑
i=1
|ai − bi|.

Let us first see how to finish the proof given such a transformation φ. De-
fine z(0) = y and z(j) = φ(z(j − 1)). We have that dist(x, y) ≤ 2n be-
cause each feasible solution schedules exactly n work packages in total. Since
dist(x, z(j)) < dist(x, z(j − 1)), for some k ≤ n, we have dist(x, z(k)) = 0, and
thus z(k) = x. Moreover, z(j)’s energy consumption is at most that of z(j− 1)
for each 0 < j ≤ k. Thus, we get that the energy consumption of x = z(k) is
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at most that of y = z(0), as desired.
We now turn to proving the existence of z = φ(y) that satisfies the above

properties. Define imin = min{i : xi 6= yi} and imax = max{i : xi 6= yi},
i.e. device imin (imax, resp.) is the one with the least (most, resp.) energy cost
among the devices to which x and y assigns different numbers of work packages.
Since x 6= y and both assign exactly n work packages to devices, we have that
imin < imax. Moreover, Algorithm 3 assigns as many work packages as it can
to the devices with lower energy costs, so we have

ximin ≥ yimin + 1 (7.17)

and
ximax ≤ yimax − 1. (7.18)

Now, consider the solution z defined as follows:

zi =


yi for i /∈ {imin, imax}
yi + 1 for i = imin

yi − 1 for i = imax

Essentially, z is obtained from y by taking a work package that is assigned to
device imax and assigning it to device imin. First, we show that z is a feasible
solution to ILP (7.16). By Inequality (7.18) and the fact that x is a feasible
solution, we have that zimin = yimin + 1 ≤ ximin ≤ b λ

timin
c. For i 6= imin, we

have that zi ≤ yi ≤ b λti c since y is a feasible solution. Clearly, z also assigns
a total of n work packages. Thus, z is indeed a feasible solution. Second, we
have that

∑m
i=1 yi · ei ≥

∑m
i=1 zi · ei because z is obtained from y by taking a

work package that is assigned to a device with energy cost eimax and assigning
it to a device with energy cost eimin ≤ eimax (because imin < imax). Finally, we
show that dist(x, z) < dist(x, y). By construction of z, we have

|xi − zi| =


|xi − yi| for i /∈ {imin, imax}
|xi − yi| − 1 for i = imin

|xi − yi| − 1 for i = imax

where the last two equalities are due to Inequalities (7.17) and (7.18), respec-
tively. Therefore, we have dist(x, z) < dist(x, y).

Lemma 2. Function M(λ) is a monotonic decreasing function for a given
problem instance, i.e.,

∀λ1, λ2 ∈ R+
0 : λ1 ≤ λ2 ⇒M(λ1) ≥M(λ2). (7.19)

Proof. The lemma statement trivially holds if M(λ1) =∞. Suppose M(λ1) <
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∞. Let x∗1 and x∗2 be optimal solutions to ILP (7.16) with makespan param-
eter λ1 and λ2, respectively. We have that M(λ1) and M(λ2) are the energy
consumptions of x∗1 and x∗2, respectively. Since λ1 ≤ λ2, we have that x∗1 is
also a feasible solution to ILP (7.16) with makespan parameter λ2. Therefore,
by optimality of x∗2 for ILP (7.16) with makespan parameter λ2, we have that
M(λ1) ≥M(λ2).

Bisection Approach and Makespan Bounds

After solving the dual problem, which is a prerequisite for applying the bisection
approach, we proceed with the bisection technique. In each bisection step,
we assume that the lower-bound of the makespan parameter constitutes an
infeasible solution, i.e. M(λ) > Ec, and the upper-bound constitutes a feasible
solution, i.e. M(λ) ≤ Ec. Thus, we can find the boundary between an infeasible
and feasible solution that represents an optimal solution for λ. Since processing
times td are assumed to be integers, the optimal λ is also an integer, and so the
total number of bisection steps is at most logarithmic in the size of the search
space of λ. The boundary can be perceived as the root which is found by our
adapted bisection method.

We now derive lower and upper bounds on the parameter λ to be used by
the bisection algorithm. A lower bound on λ can be deduced by an averaging
argument as follows. Suppose x is a feasible schedule with makespan at most λ.
On the one hand, we have xd ≤

⌊
λ
td

⌋
for all d ∈ D. Applying the triangularity

inequality, we obtain:
∑
d∈D xd ≤

∑
d∈D

⌊
λ
td

⌋
. On the other hand, since the

packing equality
∑
d∈D xd = n must hold, we obtain n ≤

∑
d∈D

⌊
λ
td

⌋
≤
∑
d∈D

λ
td

.
Hence, we obtain the following lower bound for the parametric makespan λ,

n∑
d∈D

1
td

≤ λ.

The largest makespan that the bisection algorithm needs to consider is that
of the schedule that minimizes energy consumption. Such a schedule assigns
all n work packages to the device with the cheapest energy cost. Recall that
we sorted the devices in non-decreasing order of energy cost. Thus, t1 is the
processing time of the device with the cheapest energy cost, and the makespan
of the schedule that minimizes energy consumption is n ·t1. Hence, we conclude
with the following upper and lower bounds on λ:

n∑
d∈D

1
td

≤ λ ≤ n · t1. (7.20)

Consider Figure 7.2 for illustration. The initial lower and upper bounds are
given by 〈λ1, λ2〉 with λ1 being an infeasible solution and λ2 a feasible one.
Since mid-point λ3 is a feasible solution, the new lower and upper bounds are
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λ1 λ2λ3λ4λ5λ6
λ

M(λ)

feasible solutions 

E

Figure 7.2.: Bisection Approach

〈λ1, λ3〉. The next mid-point λ4 is feasible as well yielding 〈λ1, λ4〉. Mid-point
λ5, however, is infeasible resulting in 〈λ5, λ4〉, narrowing in this way the given
global energy budget of E.

Bisection Algorithm

The optimization problem of Equation (7.15) can be solved in log number
of invocations of function M(λ) using a bi-section algorithm as outlined in
Algorithm 4. If the lower bound is a feasible solution, the algorithm does not
perform bi-section and terminates with the lower bound as an optimal solution
for λ. If it is an infeasible solution, a feasible upper-bound is assumed and the
bi-section is performed. In each iteration the invariant holds that the lower-
bound is an infeasible solution and the upper bound is a feasible solution.

The running time of our algorithm consists of sorting the devices according
to their energy costs and the bisection algorithm. Sorting takes O(m logm)
time. Let us now analyze the running time of the bisection algorithm. First,
we deduce an upper bound on the number of iterations k performed by the bi-
section algorithm using the lower and upper bound of Inequality (7.20). Since
we assumed integer values for processing times and the search range halves in
each iteration, we have that

k ≤
⌈

log2 n+ log2

(
t1 −

1∑
d∈D

1
td

)⌉
≤ dlog2 ne+ dlog2 t1e .
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Each iteration of the bisection algorithm consists of a single invocation of Al-
gorithm 3 which takes O(m) time since it involves packing at most m devices.
Therefore, the total time taken is

O(m(logm+ logn+ log t1)).

Algorithm 4: Most time-efficient solution D under an energy constraint
1 function D(Ec)
2 λl ←

⌊
n∑m

i=1
1
ti

⌋
;

3 if M(λl) > Ec then
// Lower-bound is infeasible; upper-bound is feasible
// This invariant stays intact in each iteration

4 λu ← n · t1;
5 while λu − λl > 1 do

// Compute mid-point

6 λm ←
⌊
λu−λl

2

⌋
;

7 if M(λm) ≤ Ec then
// Mid-point is feasible

8 λu ← λm ;
9 else

// Mid-point is infeasible
10 λl ← λm ;
11 end
12 end

// Return upper-bound as optimal solution
13 return 〈λu,M(λu)〉
14 else

// Return lower-bound as optimal solution
15 return 〈λl,M(λl)〉
16 end

7.3. Experimental Evaluation

In this section, we present the results from our experiments regarding the fea-
sibility of the proposed work distribution solutions in balancing between exe-
cution time and energy consumption in a heterogeneous asymmetric cluster.

We have tested our optimization approaches in our distributed-memory clus-
ters PHIA and EXA. Hardware characteristics of those clusters have been sum-
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marized in Table 5.2. Experiments are run using PSC6, PAC1 and EAC1
cluster configurations which are detailed in Table 5.3. PSC6 consists of six
PHIA nodes with 12 nVidia Tesla K20m and 12 Xeon Phi devices distributed
evenly in a symmetrical arrangement. PAC1 consists of three PHIA nodes with
6 nVidia Tesla K20m and 6 Xeon Phi distributed unevenly in an asymmetrical
arrangement. EAC1 consists of two EXA nodes each with one device, a nVidia
Tesla V100 and an AMD Radeon Instict MI25 respectively.

Our experiments are based on our benchmark suite, which is detailed in
Table 5.1.

7.3.1. Optimal solutions A, B, C and D

We first investigate the optimal solutions for a synthetic data-parallel program.
It is a single kernel application consisting of a stencil code. This experiment is
done using all 8 PHIA nodes in an asymmetric arrangement. In Figure 7.3, we
have shown the overall execution time and energy consumption for each of the
optimization problems A,B,C, and D.
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Figure 7.3.: Optimal Work Distributions for a Synthetic Parallel Program

Fastest execution using algorithm A takes 9.53hrs, and the required energy
consumption is 42kWh. On the other hand, aiming for minimal energy con-
sumption using algorithm B reduces energy consumption to 39kWh but extends
execution to 22.5hrs. In this particular case, distribution strategies are more
sensitive towards runtime where for small reductions in energy consumption,
the execution is delayed significantly. As we will see with other experiments,
sensitivity towards runtime or energy consumption depends on the application
and hardware arrangements. Using algorithms with constraints, we can miti-
gate this problem by setting deadlines (runtime constraints) or energy budgets
which must not be exceeded. For instance, for this application a time constraint
can be set at 13hrs, which using algorithm C can ensure that the execution will
be finished within that deadline with minimal energy consumption for such set-
tings - 41.19kWh. Alternatively, a user preference can be to complete execution
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as soon as possible but without exceeding an energy budget of 40kWh. Minimal
execution time obeying the energy constraint, in this case, is 18.52hrs.

In the following experiment, we calculate optimal solutions A, B, C and D
for selected HPC applications DCS, GEMM, BOP, and GEMV.
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Figure 7.4.: Optimal Work Distribution with Algorithms A, B, C and D

In Figure 7.4, we show the results of this experiment in normalized time and
energy units. Optimal solutions C and D are calculated using arbitrary runtime
and energy constraints within the bounds of solutions A and B. In Tables 7.1
- 7.4, we present detailed experimental data comparing the share of processed
work packages between devices with the share of energy consumption by these
devices. We have omitted the experimental data for solution B since it only uses
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the most energy-efficient devices, therefore work share and energy consumption
share would be 100% in all cases. We also omitted PAC1 experimental data,
since they are similar to PSC6 data, and both configurations use the same
devices.

In Figure 7.4a, we present all optimal solutions for PSC6, PAC1, and EAC1
for DCS. We note that for a PSC6 cluster configuration, optimal solutions are
more sensitive towards energy consumption. Solutions A and B are 3 energy
units and 1.5 time units away from each other. Moving towards a faster exe-
cution costs 50% more in energy consumption per each time unit. In PAC1,
we see a similar distribution of solutions. However, the most noticeable change
is with EAC1 configuration, where the execution time can be halved without
a remarkable change in energy consumption. In this configuration, only two
devices are used and as shown in Table 7.1, V100 is almost twice as fast and
slightly more energy-efficient than MI25. As we move from solution B which
uses only V100 to solution A, work packages are shifted towards MI25 reduc-
ing significantly overall execution time, while overall energy consumption is
increased only by the difference in energy consumption between the devices.

Table 7.1.: Work vs. Energy Consumption Share: DCS

Work Packages (%) / Energy Consumption Share (%)

A C D

PSC6 K20m 67.86% / 46.70% 85.71% / 71.35% 91.07% / 80.90%
Phi 32.14% / 53.30% 14.29% / 28.65% 8.93% / 19.10%

EAC1 V100 64.29% / 55.02% 74.11% / 66.04% 85.71% / 80.31%
MI25 35.71% / 44.98% 25.89% / 33.96% 14.29% / 19.69%

In Figure 7.4b, we see that for GEMM solutions are more runtime sensitive.
For PSC6 and PAC1 we observe the same pattern where the difference between
solution A and B in terms of runtime are big. In both cases, the runtime can be
halved without a noticeable change in energy consumption. We use 24 devices
in PSC6 and 12 devices in PAC1, half of them are K20m and the other half are
Xeon Phi. By observing experimental data in Table 7.2, we see that Xeon Phi
is faster than K20m as reflected by the work share, however less energy-efficient
than K20m. For solution A, Xeon Phi takes a bigger share of work. However,
since K20m is more energy-efficient, algorithm B executes all work packages
in K20m devices providing a solution with minimal energy consumption but
with a significant slowdown of execution. EAC1 configuration has a balanced
distribution of solutions.

In Figure 7.4c, we see the opposite case where for BOP, solutions for clus-
ter configurations PSC6 and PAC1 are highly sensitive to energy consumption.
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Table 7.2.: Work vs. Energy Consumption Share: GEMM

Work Packages (%) / Energy Consumption Share (%)

A C D

PSC6 K20m 42.86% / 36.78% 64.29% / 58.27% 75.00% / 69.95%
Phi 57.14% / 63.22% 35.71% / 41.73% 25.00% / 30.05%

EAC1 V100 78.13% / 45.87% 92.86% / 75.53% 91.07% / 70.77%
MI25 21.88% / 54.13% 7.14% / 24.47% 8.93% / 29.23%

Table 7.3.: Work vs. Energy Consumption Share: BOP
Work Packages (%) / Energy Consumption Share (%)

A C D

PSC6 K20m 97.32% / 54.03% 99.11% / 78.73% 100% / 100%
Phi 2.68% / 45.97% 0.89% / 21.27% 0% / 0%

EAC1 V100 16.52% / 44.51% 14.29% / 47.54% 8.26% / 91.74%
MI25 83.48% / 55.49% 85.71% / 52.46% 26.74% / 73.26%

As backed by experimental data in Table 7.3, from the work and energy con-
sumption share between devices, we can extrapolate that Xeon Phi is highly
inefficient both in terms of execution time and energy consumption. However,
in case of algorithm A no constraints on energy consumption can be set, there-
fore the algorithm assigns few work packages to Xeon Phi which slightly reduces
execution time while significantly increasing energy consumption compared to
solution B. EAC1 configuration does not reflect this sensitivity since the dis-
crepancies in execution time and energy consumption between the devices are
minimal leading to a balanced distribution of solutions.

Table 7.4.: Work vs. Energy Consumption Share: GEMV

Work Packages (%) / Energy Consumption Share (%)

A C D

PSC6 K20m 32.14% / 35.95% 3.57% / 4.20% 14.29% / 16.49%
Phi 67.86% / 64.05% 96.43% / 95.80% 85.71% / 83.51%

EAC1 V100 75.00% / 49.38% 80.36% / 57.09% 89.29% / 73.05%
MI25 25.00% / 50.62% 19.64% / 42.91% 10.71% / 26.95%
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In Figure 7.4d for GEMV we see a similar situation as in the case of GEMM
for all cluster configurations. The only exception as we can observe from ex-
perimental data in Table 7.4 is that Xeon Phi is much faster and more energy-
efficient than K20m compared to the tests run for GEMM.

7.4. Summary

This chapter addressed the problem of distributing work onto heterogeneous
devices, whereby both execution time and energy consumption are taken into
account. We defined four different problems A–D which are of particular inter-
est for users. We succeeded to provide optimal solutions for all of the optimiza-
tions problems. Moreover, as shown in experimental section for different cluster
configurations, the combined approach of workload partitioning into same-size
medium-grain work packages and use of algorithms A–D for mapping work
packages to devices reduces the complexity of work distribution in asymmet-
ric clusters requiring equivalent effort as for work distribution in symmetric
clusters.
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CHAPTER 8
Analysis of the Time/Energy

Solution Space For Work
Distribution

In the previous chapter, we presented various solutions for our two-dimensional
optimization problem. We started with the two extrema A and B which span
the two-dimensional solution space. Within this solution space, many different
mappings are possible. We particularly emphasized the two approaches C and
D which are derived by specifying constraints.

In principle, the essence of solution A is to use as many devices as possible.
The solution can be approximated by a dynamic scheduling approach based on
distributing work packages to devices on request. However, optimality cannot
be guaranteed by a runtime approach. Solution B basically results in a mapping
which reduces the degree of parallelism, since the most energy-efficient devices
are used only. This can even lead to serializing an application by using only one
device out of the set of the most energy-efficient ones. Therefore in many cases,
solution B will not meet the requirements of a programmer. A strengthening of
the solution is required to restrict the ”serializing” behavior. This is achieved
for solutions C and D by introducing a time and energy constraint.

In this chapter, we analyze the Time/Energy solution space and particularly
focus on feasible solutions - mapping decisions which provide the best trade-offs
between time and energy for work distribution based on our workload parti-
tioning approach. Within the scope of this work, we extend our algorithm to
a multi-objective version that enumerates Pareto optimal solutions, i.e. eco-
nomical solutions which represent good trade-offs and constitute the Pareto
Frontier. We also investigate the feasibility of constructing an approximate
Pareto Frontier from which one can view the nature of the curve that repre-
sents trade-off regions between time and energy and decide for the best work

119



8. Analysis of the Time/Energy Solution Space For Work Distribution

distribution strategy. Finally, we propose methods to recommend reasonable
solutions from the Pareto Frontier set in cases when the user does not provide
any constraints for any of the objectives.

Contributions

The main contribution of this work is the analysis of the bi-dimensional solution
space. Since solutions of interest are part of the Pareto Frontier, we compute
the Pareto Frontier to get a better understanding of the multi-objective op-
timization problem and to be able to propose reasonable solutions balancing
performance and energy costs. More precisely, the contributions of this work
are as follows:

(a) analysis of the feasible region of the bi-dimensional solution space

(b) computing Pareto Frontier based on the point-by-point approach

(c) efficient approximation of Pareto Frontier based on closed-line segments

(d) recommending a reasonable trade-off solution between time and energy

(e) experimental evaluation of the algorithms and construction methods

Related Work

Minimizing energy and makespan is an instance of classical multi-objective op-
timization problems[MA04, Deb14, ST93]. We group the related work in three
parts covering related work in homogeneous cluster systems, heterogeneous
cluster systems, and other domains. The main difference to our work from
most research efforts is that we are explicitly interested in optimal solutions for
data-parallel HPC applications executed in heterogeneous platforms.

Homogeneous systems. Optimizing makespan and energy in single- and multi-
node homogeneous computational clusters has been studied in many papers.
Freeh et. al. [FLP+07] propose an approach in lowering energy consumption by
dynamically adjusting power-performance states in high-performance homoge-
neous cluster nodes. He et. al. [HLCL05] tackles the bi-objective optimization
problem for job-shop scheduling in homogeneous systems, while Durillo et. al.
[DNP13] deal with the trade-off between energy-efficiency and makespan for
workflow scheduling in systems with CPUs. The main difference to our work
is that we deal with heterogeneous clusters.

Heterogeneous systems. Pineau et. al. [PRV11] and Li et. al. [LW12]
consider minimizing energy consumption by scheduling tasks to machines and
ensuring completion of tasks within a runtime constraint in heterogeneous ar-
chitectures. We consider the inverse problem, which is more intricate, as shown
in [RMH16].
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Li et. al. [LLQ09] propose a heuristic method based on the MinMin algo-
rithm to minimize energy consumption in a heterogeneous system by dynam-
ically controlling the power state of each cluster node. Wang et. al. [WR10]
propose a CPU-GPU inter-processor work distribution approach in a machine
using DVFS to minimize energy consumption. Our problem differs, since we
base our scheduling decisions on energy measurements, rather than dynamically
changing the power states of the machines to meet a specific objective.

Balaprakash et. al. [BTW14] focus on energy-makespan optimizations specif-
ically for multi-processor systems and Intel Xeon Phi. Friese et. al. [FKM+13]
use evolutionary algorithm NSGA-II for bi-objective optimizations in a sys-
tem with two types of CPUs. However, our optimization model targets larger
heterogeneous cluster with a much higher degree of heterogeneity, including
non-conventional processors.

Young et. al. [YAB+13] use various heuristic scheduling algorithms to allo-
cate resources in an energy-constrained system for tasks with individual dead-
lines. They focus on completing as many tasks as possible by not violating the
hard deadlines of the tasks. Our approach is different since instead of focusing
on executing as many tasks as possible by not violating individual task dead-
lines, our optimization problem requires that all the work packages must be
computed without violating the energy constraint.

Closest work to ours has been recently published by Tarplee et. al.
[TFM+16]. The paper focuses on bi-objective optimizations between makespan
and energy in heterogeneous clusters for bag-of-tasks applications, whereas we
are targeting data-parallel HPC applications. The main goal of their work is
to compute a Pareto Frontier with approximate makespan-energy trade-offs,
while we compute Pareto optimal solutions. The bisection algorithm generates
optimal solutions for the whole set of trade-offs between makespan and energy,
as well as for energy-constrained optimizations. In addition we provide an ef-
ficient approximate algorithm which is based on a set of line segments finding
solutions close to the optimum, whereas their approach is based on weighted
sum technique and convex filling algorithm.

Other domains. Similar research work in multi-objective optimizations has
been done in other domains [YWM+01, NDPB13] or with different optimiza-
tion objectives [DJSS07]. Yang et. al. [YWM+01] provide an energy-aware
task-scheduling method for embedded systems, while Nesmachnow et. al.
[NDPB13] deal with minimizing energy consumption in grid systems. Optimiz-
ing makespan and reliability for a set of heterogeneous machines is discussed
in [DJSS07], with special emphasis on the probability of failure of such ma-
chines. The main difference from these research works is that we are targeting
heterogeneous computational clusters.
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8.1. The Solution Space of Special Interest

In the previous chapter, we have proven that for a given energy constraint
Ec, we can find a minimal makespan by minimizing the energy function M(λ).
However, the minimal makespan solution found by the bisection algorithm con-
stitutes a singular optimal packing solution with makespan λ and an energy
consumption M(λ). Using an incremental approach to energy constraint Ec
from solution B to solution A, we can find a set of intermediate solutions. This
set of solutions permit the exploration of the solution space.
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Figure 8.1.: Solution space for varying Ec

A typical solution space is shown in Figure 8.1b. Each of the singular solu-
tions has been computed by Algorithm 4 introduced in Chapter 7. If each of
these solutions is a Pareto optimal solution, i.e. for each of the points in the
figure no other solution can be found which are better off in both dimensions,
the solution space constitutes a Pareto Frontier (a set of all Pareto optimal
solutions). Moreover, the solution space in Figure 8.1 reveals an interesting
artifact: it has distinct line segments. This can be seen clearly in the figure at
the breakpoints P1 to P4 where the slope of the curve changes. This raises the
question if the curve is indeed piece-wise linear and if it can be constructed in
a piece-wise fashion. We will tackle in detail these questions in the following
sections.

bFigure 8.1 does not show all optimal solutions, only a selected representative sample in
order to provide better visualization of the optimal solution space
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8.1.1. Pareto Frontier

Computing the points of the Pareto frontier can be phrased as a multi-objective
optimization minimizing makespan and energy simultaneously as the following
mathematical program:

minimize (λ,M(λ))
subject to td · xd ≤ λ ∀d ∈ D∑

d∈D xd = n
xd ∈ N0 ∀d ∈ D
λ ∈ R+

0

We say that a solution of the above mathematical program with makespan
and energy (λ,M(λ)) is pareto optimal if there is no other solution (λ′,M(λ′))
such that λ′ < λ and M(λ′) < M(λ). This solution is defined as a Strong
Pareto Optimum (SPO) for which there are no other solutions with smaller
makespan or energy. A Weak Pareto Optimum (WPO) is a solution for which
either the makespan or the energy can be improved, i.e. for a solution (λ,M(λ))
there is at least one solution where λ′ ≤ λ and M(λ′) < M(λ) or λ′ < λ and
M(λ′) ≤M(λ) [Jur08].

For a given system, the Pareto frontier or Pareto set is the set of parame-
terizations (allocations) that are all Pareto efficient (Pareto optimal). Finding
Pareto frontiers is particularly useful in engineering. By yielding all of the po-
tentially optimal solutions, a designer can make focused trade-offs within this
constrained set of parameters, rather than needing to consider the full ranges
of parameters.

Lemma 3. Suppose that there exists a feasible schedule with energy at most
E. Then, given energy parameter E, Algorithm 4 computes a strong Pareto
optimal solution.

Proof. Let λ∗ be the minimum makespan possible among all feasible schedules
with energy at most E. By construction, Algorithm 4 finds a schedule with
makespan λ∗ and energy M(λ∗) ≤ E. Since M(λ∗) ≤ E, the optimality of λ∗
implies that there can be no schedule with makespan less than λ∗ and energy
at most M(λ∗). Similarly, M(λ∗) is the minimum energy possible among all
feasible schedules with makespan at most λ∗, so there can be no schedule with
energy less than M(λ∗) and makespan at most λ∗. Therefore, the schedule
found by Algorithm 4 (see Chapter 7) is a strong Pareto optimum.

We prove that our algorithm computes strong Pareto optimal solutions. Un-
fortunately, the effort can be rather high since it requires iterative execution
of the bisection algorithm to find all Pareto optimal solutions. Hence, in the
next section, we analyze if there are alternative ways to approximate a Pareto
Frontier faster.
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8.1.2. Analysis of Pareto Optimal Mapping Decisions

Figure 8.2 depicts all Pareto optimal solutions for a given system, with points
A and B representing two extreme solutions: most time-efficient solution
A(λA,M(λA)), and most energy-efficient solution B(λB,M(λB)).
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Figure 8.2.: Pareto Frontier

The Pareto Frontier in the figure leads us to some interesting observations:

Observation 1. Pareto Frontier is made up of a certain number of line segments with
slightly different slopes. Our experimental data show that in each line
segment, a different amount of devices has been used for mapping work
packages, making the number of devices a property for mapping decisions.

Observation 2. Pareto solutions are non-collinear with the segments that can be drawn
between breakpoints of the line segments. From the Figure 8.2 we can
observe that apart from the first line segment from solution B towards
solution A, in all other segments the Pareto optimal solutions are slightly
offset from the line drawn between two breakpoints.

In this section, we will analyze the feasibility of finding the breakpoints of
the Pareto Frontier, which would enable us to construct an approximate Pareto
Frontier. We will tackle an important question in this context: Can we accu-
rately construct a Pareto Frontier? These two observations will play a crucial
role in our efforts to efficiently construct an approximate Pareto Frontier in a
piece-wise linear fashion.

First, we analyze changes in the slope of the function when we add new
devices in the computing process. Assume that the first device is the most
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energy-efficient device and there is no other device with the same energy con-
sumption. With that assumption the solution (n · t1, n ·e1) for n work packages
is a Pareto optimal solution. It represents the most energy-efficient solution,
which requires a single device. By increasing the energy constraint Ec of our bi-
section algorithm, we will obtain solutions with one or more devices by trading
energy for a better makespan.

For each solution, we observe that k most energy-efficient devices are used
to assign work packages with packing Algorithm 3 for M(λ). Hence, a solution
has an additional property, i.e., the number of devices required to produce this
solution. Considering the monotonicity of the function M(λ), with decreasing
makespan, the number of devices used for constructing a solution will increase.

Let us analyze how these mapping solutions are generated. We have shown
that Pareto optimal solutions lie in the domain interval between solution A
and solution B. Assume we have four devices d1, d2, d3, d4 sorted from the most
to the least energy-efficient. Their characteristics have been summarized in
Table 8.1. Assume we have 9 work packages to assign.

Table 8.1.: Execution time and energy consumption for the devices

device execution time per WP - td energy consumption per WP - ed
d1 20 20
d2 16 33
d3 13 45
d4 20 45

In Figure 8.3 we show the shifting process of work packages from one device
to the other (using only two of the most energy-efficient devices) and the impact
in makespan λX (left side) and total energy consumption M(λX) (right side).
Solution X in the figure corresponds to the solution B where device d1, being
the most energy-efficient, is processing all work packages and device d2 none.
Devices d1, d2 are sorted from the most energy-efficient to the least energy-
efficient, such that energy consumption per work package is e1 ≤ e2. We
assumed that execution time per work package in the devices is t1 > t2, since
otherwise solution B would coincide with solution A for all cases t1 ≤ t2. In
this case, achieving better performance requires shifting work packages from the
first device to the second. We denote with λ′X ,M(λ′X) makespan and energy
consumption after shifting the first work package to device d2. As depicted
with Solution X ′, makespan is reduced by ∆λ = |λX − λ′X | or in this case
equal to the execution time per one work package ∆λ = t1. On the other hand
total energy consumption is increased by ∆M(λ) = |M(λX)−M(λ′X)|, or the
difference in energy consumption between the two devices ∆M(λ) = |e1 − e2|.
The shifting process continues until the makespan cannot be lowered further, i.e.
the accumulated execution times of the devices are balanced. This leads to the
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last mapping solution for two devices X ′′′′′. In Figure 8.3 we have omitted the
shifting process for intermediate solutions X ′′−X ′′′′ for the sake of readability.
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Figure 8.3.: Change in makespan and energy consumption during the work
package shifting process for two devices
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Figure 8.4.: Pareto curve - WP mapping solutions for two devices

As shown in Figure 8.4 each shift from solution X to X ′′′′′ produces a Pareto
optimal solution, since in a two-device setting there are no other mapping
decisions for which one of the objectives can get better off without making the
other objective worse. Also, as shown in the figure 8.4 we can observe that for a
setting with two devices all Pareto optimal solutions are collinear with the line
drawn between the endpoints of the segment respectively solutions X and X ′′′′′.
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This is due to the constant rates of change from one Pareto optimal solution
to the next. For each shift, we have the same values for ∆λ and ∆M(λ), and
the slope of the curve is determined by the ratio ∆M(λ)

∆λ .
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Figure 8.5.: Change in makespan and energy consumption during the work
package shifting process for three and four devices

We expand our system to include devices d3 and d4 as shown in Fig-
ure 8.5. Devices are sorted according with the energy-efficiency key such as
e1 ≤ e2 ≤ e3 ≤ e4. Solution X ′′′′′ as depicted in the figure is the last solution
which minimizes both objectives for a system with two devices. At this point,
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8. Analysis of the Time/Energy Solution Space For Work Distribution

the only way to decrease the makespan is to include a third device in the com-
puting process. However, unlike in the settings with two devices, as shown with
solution Y , a single shift does not necessarily decrease the makespan, since the
makespan is equal to the maximal individual makespans among the devices.
Hence, Solution Y is not a strong Pareto optimal solution since the makespan
λY = λ′′′′′X , while M(λY ) > M(λ′′′′′X ) - making Solution Y a weak Pareto optimal
solution.

The next shift in order to decrease the makespan would be to shift one work
package from d1 to d3. In this case Solution Y ′ is a strong Pareto optimal
solution since for the new makespan value there are no shifting decisions which
would result in smaller energy consumption. Makespan decrease between two
Pareto optimal solutions is now ∆λ = |λ′′′′′X − λ′Y |, t1 ≤ ∆λ ≤ t2 while energy
consumption ∆M(λ) = |M(λ′′′′′X )−M(λ′Y )| = |(e1 − e3)|+ |(e2 − e3)|. Solution
Y ′′ is also a Pareto optimal solution, while Solution Y ′′′ is the last mapping
decision for the setting with three devices. As long as there are only three
devices Solution Y ′′′ is a strong Pareto optimal solution. However, if a fourth
device is added and it has identical energy consumption figures as the third
device, i.e. e3 = e4, a shift of one work package to the device d4 from device d3
would result in a decrease of makespan, without changes in energy consumption.
In our case Solution Y ′′′ is a weak Pareto optimal solution since Solution Z is
superior.
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Figure 8.6.: Pareto curve - WP mapping solutions for three and four devices

In Figure 8.6 we have plotted mapping decisions discussed above. Solutions
denoted with blue circles are strong Pareto optimal solutions, while weak Pareto
optimal solutions are denoted with red circles. From the figure, we can see that
Solutions Y and Y ′′′ are weak Pareto optimal solutions. Solution Y is inferior
to Solutions X ′′′′′ in terms of energy consumption, while Solution Y ′′′ is inferior
to Solution Z in terms of makespan. Solution Z ′ is the last mapping decision
for this setting.
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As shown above, generating a Pareto Frontier only by shifting work pack-
ages from one device to another is difficult, even if the devices are sorted by
energy-efficiency and the shifting process takes into account the makespan re-
duction. Also, we have shown that the breakpoints of the Pareto curve do not
always coincide with the first or last mapping decision for a specific number
of devices. However, these mapping decisions are always in the vicinity of a
strong Pareto optimal solution which defines the slope of the next line segment.
Therefore, one can construct an approximate Pareto Frontier by extrapolating
last mapping decisions at each step before adding a new device in computing.
An approximate λ for the last mapping decisions before each device inclusion
can be calculated by solving systems of equations which express balanced ac-
cumulated execution times between devices.

First, we assume that accumulated execution times are perfectly balanced at
these points:

x1 · t1 = x2 · t2
. . .
x1 · t1 = xk · tk
. . .
x1 · t1 = xm · tm

(8.1)

with the condition that all of the n work packages have to be assigned to m
devices

x1 + · · ·+ xk + · · ·+ xm = n (8.2)

For each of the settings with s, 0 < s ≤ m devices, we substitute equations 8.1
in the equation 8.2. We get the mapping decisions for all devices for each of
the s settings such that for the k-th device 0 < k ≤ s of the setting s we have

xsk = n∑s
i=1

tk
ti

(8.3)

or the approximate λ for a setting with s devices:

λ≈s = max
k=1..s

n · tk∑s
i=1

tk
ti

(8.4)

We say approximate λ since the relaxation above in 8.1 which assumes
that the accumulated execution times are perfectly balanced may skew λ when
accumulated times are not perfectly balanced. Having λ from the construction
method 8.4 for each setting we can use Algorithm 2 to get the mappings for
the most energy-efficient solution under a time constraint and calculate the
energy consumption at these points. We can draw lines between these points
and construct a curve which approximates Pareto Frontier.

Finally, we will address the second observation from the beginning of this
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section, which deals with non-collinearity of the Pareto optimal solutions with
lines drawn between the breakpoints of the Pareto Frontier. This jitter happens
due to the variable rates of change in increase/decrease of makespan and energy
consumption. An exception to this are settings with two devices. We noted
above that in the case shown in Figure 8.3, Pareto optimal solutions are collinear
with the line between two breakpoints as a result of a constant rate of change,
i.e. ∆λ and ∆M(λ) increase or decrease by the same amount on each shift.
Hence, ∆M(λ)

∆λ = const for all shifts, except when the last shift decreases λ less
due to the requirements for balancing accumulated execution times. Further,
as we increase the number of devices to more than two, the rate of change does
not remain constant as we have observed in Figure 8.5. We see there that the
values of ∆λ and ∆M(λ) are different for different work package shifts, making
the ratio ∆M(λ)

∆λ respectively the slopes between each two neighboring Pareto
optimal solutions variable. This variability causes all Pareto optimal solutions
to be slightly offset from the line drawn between two breakpoints of the Pareto
curve, even if the breakpoints coincide with Pareto optimal solutions.

As demonstrated above, one cannot compute a Pareto Frontier accurately in
a piece-wise linear fashion considering the uncertainty of the breakpoints and
the jitter in the approximated curve. However, construction of an approximate
Pareto curve which would allow us to view the nature of the Pareto Frontier
and see the trade-off regions between time and energy is feasible as long as
it requires less effort and computes faster. In section 8.3 we will compare
the runtime of Algorithm 4 for generating a Pareto Frontier and construction
method 8.4 for approximating it. We will also measure and discuss the accuracy
of the approximated Pareto curve.

8.2. Recommending Reasonable Trade-Off Solutions

Before coming to experiments, we want to tackle the problem of recommend-
ing trade-off solutions if the user does not specify any constraints. A trade-off
between execution time and energy consumption is required which leads to a
new problem: Is it possible to determine automatically without programmer
support ”good” solutions which represent reasonable compromises between ex-
ecution time and energy consumption.

A first idea would be to recommend solutions which are best trade-offs and
lie at the knee of the Pareto Curve. In Figure 8.7 we show three different cases
where Pareto optimal solutions (blue circles) are distributed in a balanced way
between time and energy (left); are more sensitive to towards energy consump-
tion such that a mapping with smaller makespan results in energy consumption
spike (middle); and more sensitive towards runtime (right). We have denoted
with U and marked it with a red circle the Utopian solution which we define as a
virtual mapping which combines time-efficiency as well as energy-efficiency. In
this way, Pareto optimal solutions that are closest to the Utopian solutions are
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best trade-offs between time and energy for a given system. The solution that
has the smallest distance from the Utopian solution can be recommended as the
best trade-off. This applies to all cases and takes into account the sensitivity
towards time or energy for particular settings and applications.

U

Reasonable 
Trade-Offs

U

Reasonable 
Trade-Offs

U

Reasonable 
Trade-Offs

A A

A

B
B B

Figure 8.7.: Reasonable Trade-Off Solutions

For scale-invariant recommendation which selects a solution without taking
into account the sensitivity of the Pareto curve towards time or energy, one can
use the Weighted Euclidean Distance (WED) such that

dxu =
√
we(ex − eu)2 + wt(tx − tu)2 (8.5)

where dxu denotes the Weighted Euclidean Distance from a solution x with
components (tx, ex) to the utopian point u with components (tu, eu). Weights
are set equal to the reciprocal of the variance of energy, respectively, execution
time in the set of solutions. This leads to a special case of the Mahalanobis
distance and implies that one can effectively transform both measurements on
the same scale. The advantage of such an approach is that one can avoid
meaningless effects (as simple Euclidean distance is not scale-invariant) due to
an arbitrary choice of units for time and energy that are not directly comparable
anyway.

8.3. Experimental Evaluation

In this section, we present the results from our experiments for runtime effi-
ciency of the Algorithm 4 and construction method 8.4 to produce a Pareto
Frontier. We also discuss the accuracy of the approximated Pareto curve by
evaluating the error of the approximated Pareto Frontier towards Pareto opti-
mal solutions. We experiment with different system configurations with 2, 3, 5
and 10 devices.

In this experiment we apply Algorithm 4 iteratively by decreasing the energy
constraint to generate all Pareto optimal solutions and we use the construction
method 8.4 and Algorithm 2 to find the breakpoints of the Pareto curve and
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Table 8.2.: Performance of Algorithms and Error of Approximation

m n
Alg.

Speedup
BIS/BPA

Mean Error
Range: 0 - 10

Maximal Error
Range: 0 - 10

Referenced
Figure

2 103 56.5× 6.38 · 10−4 1.28 · 10−3 8.8
3 103 141.14× 1.02 · 10−3 9.50 · 10−3 8.9
5 103 139.61× 6.90 · 10−4 4.50 · 10−3 8.10
10 103 119.74× 2.28 · 10−3 1.38 · 10−2 8.11

10 104 1572.15× 6.70 · 10−5 3.9 · 10−4 -
10 106 206910.46× 1.60 · 10−6 1.4 · 10−5 -

construct an approximate Pareto Frontier.
We measure the time required to generate the Pareto Frontier with iterative

application of bisection algorithm BIS, and the time required to construct an
approximate Pareto Frontier with the construction method 8.4 - the breakpoints
approach BPA.

In Table 8.2 we have summarized the results of the experiments. We show
there the speedup of the construction method BPA in approximating a Pareto
curve over BIS which generates a full set of optimal Pareto points. We observe
that as the number of work packages increases, approximation of the Pareto
Frontier is orders of magnitude faster than generation of the Pareto Frontier
by enumerating all Pareto optimal solutions. BPA approximation is influenced
only by the number of the devices and since in practice the number of work
packages exceeds the number of devices, approximating is much faster, such
as in the case of a setting with 10 devices and one million work packages -
approximation of the Pareto curve is done more than 200.000 times faster. We
presented in this table also the mean error and maximal error for each of the
experiments. We measure error as the Euclidean distance of a Pareto optimal
solution from the closest point on the approximated line. It appears as if with
the increasing problem size the error value gets smaller, but this comes as a
side-effect of normalization of the makespan and energy consumption values in
the range 0− 10. We will discuss in more detail below the errors and accuracy
of the approximation.

In Figure 8.8 we present the Pareto Frontier for a system with m = 2 devices
and n = 1000 work packages. Execution time and energy consumption values
have been normalized to a range between 0 and 10. Two blue points represent
the breakpoints of the Pareto curve found by the construction method BPA,
respectively the most energy-efficient and most time-efficient solution for a sys-
tem with two devices. The blue line segment between the two points depicts
the approximated Pareto curve. With orange triangles, we have denoted the
Pareto optimal solutions produced by BIS algorithm. Due to a large number
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Figure 8.8.: Pareto Frontier for a system with two devices

of mapping decisions which are Pareto optimal, these markers appear as super-
imposed on each other, forming a thick orange line segment. However, zooming
in into any part of the line shows us that these solutions are apart from each
other. In the zoomed-in circle, we see Pareto optimal solutions overlapping
with the line segment between two breakpoints.

In the bottommost part of the figure, we show the error of the approximated
Pareto curve for each of the Pareto optimal solutions. The horizontal axis of
the error chart matches with the horizontal axis of the Pareto chart. Hence
for each of the Pareto solutions, we show the error of the approximated curve,
respectively the Euclidean distance between the Pareto solution and the closest
point on the approximated line. For this experiment, we observe that BPA has
found both breakpoints, which coincide with Pareto optimal solutions. This is
backed up by error value, which is zero for both points. The intermediate
solutions have a small error value with mean error 6.38 · 10−4 and the maximal
error 1.28 · 10−3 which is observed for the second Pareto optimal solution from
the left of the chart. In a two-device setting where two breakpoints are found
accurately, we intuitively expect the error of the approximation to be zero since
as we discussed in previous sections the rate of change in such settings must
be constant. However, in this case, we observe a non-zero error. This comes
as a result of a different rate of change in the slope for the last Pareto optimal
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solution. Up to the balancing of the execution times between two devices (prior
to the last shift of a work package from the first device to the second), the
makespan is determined by the first device (most energy-efficient device) since
it has most of the work packages. For each shift, the makespan is decreased by
an amount equal to the execution time per work package for the first device.
However, the last shift may be a tipping point such that the makespan becomes
determined by the second device and the decrease in makespan is less than the
execution time per work package of the first device. This causes the rate of
change ∆M(λ)

∆λ to be smaller than in all other prior shifts where the rate of
change was constant. Since this point coincides with a breakpoint, it will skew
the slope of the approximated line, introducing an error for all Pareto optimal
points except the two extremes which coincide with the breakpoints. The error
is bigger for the Pareto optimal solutions that are nearest to the last Pareto
optimal solution (the leftmost point) and decreases to zero on the other end - the
first Pareto optimal solution (the rightmost point). This happens only in cases
when the makespan for the last Pareto optimal solution becomes determined
by the second device, while in cases when makespan remains determined by the
first device, the error is zero for all Pareto optimal solutions in a two-device
setting.
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Figure 8.9.: Pareto Frontier for a system with three devices
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We present the experiment with m = 3 devices and n = 1000 work packages
in Figure 8.9.

We observe that the Pareto Frontier is not a straight line anymore and be-
comes curvier as we add more devices. Three breakpoints of the curve marked
with three blue circles and produced by BPA coincide with Pareto optimal
solutions as we can see from the error chart where error drops to zero. In the
zoomed-in circles, we can see that optimal solutions in the right line segment
are collinear with the approximated line and we observe a similar error rate
for that part as in the experiment with two devices. Here also the makespan
has been determined by the second device on the last shift. On the left steeper
line segment, which consists of mapping decisions with three devices, we see
variable error values for different points. This is an expected result considering
the variability of the rates of changes in slope for mapping decisions with more
than two devices, as we discussed in the previous sections.
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Figure 8.10.: Pareto Frontier for a system with five devices

In a similar fashion is approximated the Pareto Frontier for five devices (see
Figure 8.10). In this case, BPA has found three breakpoints which coincide
with strong Pareto optimal solutions as we can observe from the error chart,
while two other breakpoints are weak Pareto optimal solutions. It is worth
noting that in these cases the error value is similar to the error stemming
from the collinearity of Pareto solutions with an approximated line between
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Figure 8.11.: Pareto Frontier for a system with ten devices

two strong Pareto optimums. Further, in this case, we observe that in the line
segment consisting of mapping decisions for two devices only, the makespan on
the last shift remains determined by the first device. Therefore, the error value
is zero for all solutions on that segment.

Finally, we present the Pareto Frontier for a setting with 10 devices in Fig-
ure 8.11. As depicted, Pareto Frontier appears almost like a smoothed curve.
BPA has found 10 breakpoints, 6 of which are strong Pareto optimums, one
of them depicted in the zoomed-in circle superimposed on a Pareto optimal
solution. Other breakpoints are weak Pareto optimums in the immediate vicin-
ity of the strong Pareto optimums. We see similar variable error values for all
settings with more than two devices.

Above, we have shown different cases of approximation of the Pareto Frontier,
and in all cases, we have observed that approximation is much faster and the
approximated line is very accurate with small error values that are in most
cases negligible.
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8.4. Summary

In this chapter we analyzed the bi-dimensional Time/Energy solution space
for work distribution. We focused on a special region of the solution space,
Pareto Frontier, which consists of mapping decisions that result in best trade-
offs between makespan and energy consumption. We have proven that with
bisection and packing algorithm introduced in the previous chapter we can
find strong Pareto optimal solutions and by executing them iteratively we can
generate a full set of Pareto optimal solutions - a Pareto Frontier. However,
this process can be time-consuming therefore we put our effort in constructing
an approximate Pareto Frontier by exploiting a property of the Pareto curve
where the slope of the curve changes sharply when new devices are added. Our
experimental results confirmed that approximating Pareto Frontier using this
technique is much faster and the approximation error very small. A method to
recommend reasonable trade-off solutions has also been discussed in this chap-
ter. This method of recommendation is based on the Euclidean distance and
selects a solution closest to a virtually superior point intersecting two extreme
solutions - the most time-efficient and most energy-efficient solution.
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CHAPTER 9
Conclusion

We conclude this thesis by summarizing our contributions and discussing pos-
sible direction of future research work.

9.1. Summary and Conclusions

In the course of work for this thesis, we have addressed some of the challenges
posed in the context of High Performance Computing in asymmetric heteroge-
neous hardware architectures. We have identified and discussed various prob-
lems in this context and introduced approaches and techniques which enable
efficient execution both in terms of execution time and energy consumption for
HPC applications in heterogeneous clusters.

In this thesis, we have presented a workload partitioning approach based on
work packages which expedites the partitioning and distribution process. By
acknowledging the shortcomings and complexity of custom-size coarse-grain
workload partitioning methods for heterogeneous platforms, we have proposed
a partitioning approach which partitions data into same-size medium-grain data
chunks. Partitioned data are encapsulated into work packages which include
instructions for routing and execution process as well as profiling information.
The main advantage of this approach is the simplification of the partitioning
process and easier handling of device failures and poor performance. Further, it
enables developing work distribution strategies to optimize for energy-efficiency
besides runtime efficiency.

To alleviate programmer burden dealing with multi-paradigm programming
models in heterogeneous systems, we have implemented a framework that com-
bines MPI, OpenMP and OpenCL and provides an abstraction layer to the
programmer. The framework supports workload partitioning and distribution
in heterogeneous clusters and coordinates execution while ensuring workload
balance between cluster nodes. To minimize the impact of data transfer in
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the execution process, we have introduced a prefetching mechanism which runs
in the cluster nodes and fetches work packages from front-end while devices
are busy executing. By recognizing the likelihood of node and device failures
during the execution process, we have implemented a failure handling proce-
dure which reroutes work packages to other hardware resources and augments
checkpoint-rollback-recovery fault-tolerance technique.

We have extended our programming approach to allow handling of more
complex HPC applications. We analyzed various application characteristics
and discussed challenges that may arise from intra-kernel and inter-kernel de-
pendencies. We discussed the implications of dependencies and computational
behavior of applications in partitioning strategies. As a result, we implemented
a synchronization mechanism that deals with dependencies and ensures data
coherency at all times during the execution process.

We discussed work distribution strategies based on our workload partitioning
approach, which take into account energy efficiency as an additional component
of the execution performance. We developed a set of algorithms which produce
optimal solutions, respectively work package to device mapping decisions that
minimize execution times or energy consumption. Two of these algorithms, A
and B, produce optimal solutions that coincide with extremes in the time/en-
ergy solutions space. The former assigns work packages to devices to ensure the
most time-efficient solution while the latter serializes execution to obtain the
most energy-efficient execution. We introduced constraints on both optimiza-
tion objectives, leading to algorithms C and D which produce optimal solutions
by minimizing one of the objectives while upholding the constraint in the other.

We have further shown that by using bisection and packing algorithm iter-
atively, we can minimize both optimization objectives at the same time and
generate a full set of optimal mapping decisions - the Pareto Frontier. Out of
this set of Pareto optimal solutions, we can recommend a reasonable trade-off
solution which combines runtime and energy-efficiency. Moreover, we analyzed
the prospects of approximating the Pareto Frontier, which allows faster explo-
ration of trade-off regions in order to speed up decision-making process on work
distribution strategies.

9.2. Future Work

In this section, we discuss the potential directions of future research work stem-
ming from different parts of this thesis.

Avoiding Bottlenecks in Data Transfers. Our work distribution ap-
proach has been designed to support medium-size heterogeneous clusters. The
front-end is tasked with the transfer of the work packages to cluster nodes and
receiving back processed work packages. We have seen from the experimen-
tal results that the prefetching mechanism running in cluster nodes minimizes
transfer costs and their impact on the execution process. However, we recognize
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the limitations of our approach for big size clusters and supercomputers. When
the number of cluster nodes increases, the latency of the front-end responding
to the requests of the prefetchers in cluster nodes also increases diminishing the
scalability. A potential improvement would be to create multiple supervisors
at different cluster nodes acting as front-end by serving a limited number of
cluster nodes. Supervisors would need to coordinate to ensure data coherency.

Augmenting clusterCL with Kernel Parameter Tuning Techniques.
Design and implementation of clusterCL are based on the idea of accelerating
execution from the distribution of work between many devices within a het-
erogeneous system. Complementary to our approach, there are research works
[FPB17], [NC15] which are focused on harvesting performance from hetero-
geneous devices by tuning various kernel parameters and ensure performance
portability. Expanding clusterCL to include these techniques may lead to an in-
crease in performance by lowering execution times of work packages in different
devices.

143



144



Bibliography

[AMD] AMD. AMD Accelerated Parallel Processing SDK. https://
developer.amd.com/tools-and-sdks/. [Online; accessed May-
2019].

[AMW13] Naser M. Asghari, Michel Mandjes, and Anwar Walid. Optimizing
energy management in multi-core servers. SIGMETRICS Perform.
Eval. Rev., 41(2):38–40, August 2013.

[AONM11] Ryo Aoki, Shuichi Oikawa, Takashi Nakamura, and Satoshi Miki.
Hybrid OpenCL: Enhancing OpenCL for Distributed Processing.
In International Symposium on Parallel and Distributed Processing
with Applications (ISPA), pages 149–154, May 2011.

[ARPS13] Albano Alves, Jose Rufino, Antonio Pina, and LuisPaulo Santos.
clOpenCL - Supporting Distributed Heterogeneous Computing in
HPC Clusters. In Euro-Par 2012: Parallel Processing Workshops,
volume 7640 of LNCS, pages 112–122. Springer Berlin Heidelberg,
2013.

[Aug11] Augonnet, Cedric and Thibault, Samuel and Namyst, Raymond
and Wacrenier, Pierre-Andre. Starpu: A unified platform for
task scheduling on heterogeneous multicore architectures. Con-
curr. Comput. : Pract. Exper., 23(2):187–198, February 2011.

[BBD+19] Olivier Beaumont, Brett A. Becker, Ashley DeFlumere, Lionel
Eyraud-Dubois, Thomas Lambert, and Alexey Lastovetsky. Recent
advances in matrix partitioning for parallel computing on hetero-
geneous platforms. IEEE Transactions on Parallel and Distributed
Systems, 30(1):218–229, Jan 2019.

[BBNLS10] Amnon Barak, Tal Ben-Nun, Ely Levy, and Amnon Shiloh. A
package for OpenCL based heterogeneous computing on clusters
with many GPU devices. In 2010 IEEE Conference on Cluster
Computing Workshops and Posters, pages 1–7, Sept 2010.

[BBRR02] Olivier Beaumont, Vincent Boudet, Fabrice Rastello, and Yves
Robert. Partitioning a square into rectangles: Np-completeness

145

https://developer.amd.com/tools-and-sdks/
https://developer.amd.com/tools-and-sdks/


BIBLIOGRAPHY

and approximation algorithms. Algorithmica, 34(3):217–239, Nov
2002.

[BF11] Richard L. Burden and J. Douglas Faires. Numerical Analysis.
Brooks Cole Pub., USA, 2011.

[BTW14] Prasanna Balaprakash, Ananta Tiwari, and Stefan M. Wild. Multi
Objective Optimization of HPC Kernels for Performance, Power,
and Energy. In High Performance Computing Systems. Perfor-
mance Modeling, Benchmarking and Simulation, volume 8551 of
LNCS, pages 239–260. Springer International Publishing, 2014.

[Bun06] David P. Bunde. Power-aware scheduling for makespan and flow. In
Proceedings of the Eighteenth Annual ACM Symposium on Paral-
lelism in Algorithms and Architectures, pages 190–196, Cambridge,
MA, 2006.

[CDDE13] Jesus Carabaño, Francisco Dios, Masoud Daneshtalab, and
Masoumeh Ebrahimi. An exploration of heterogeneous sys-
tems. In 2013 8th International Workshop on Reconfigurable and
Communication-Centric Systems-on-Chip (ReCoSoC), pages 1–7,
July 2013.

[Con19] OpenMPI Consortium. Open MPI: Open Source High Performance
Computing. http://mvapich.cse.ohio-state.edu/, May 2019.
[Online; accessed May-2019].

[Dal06] John T. Daly. A higher order estimate of the optimum checkpoint
interval for restart dumps. Future Generation Computer Systems,
22(3):303 – 312, 2006.

[Deb14] Kalyanmoy Deb. Multi-objective Optimization, pages 403–449.
Springer US, Boston, MA, 2014.

[DGAJ13] Tahir Diop, Steven Gurfinkel, Jason Anderson, and Natalie En-
right Jerger. Distcl: A framework for the distributed execution of
opencl kernels. In 2013 IEEE 21st International Symposium on
Modelling, Analysis and Simulation of Computer and Telecommu-
nication Systems, pages 556–566, Aug 2013.

[DJSS07] Jack J. Dongarra, Emmanuel Jeannot, Erik Saule, and Zhiao Shi.
Bi-objective scheduling algorithms for optimizing makespan and
reliability on heterogeneous systems. In Proceedings of the Nine-
teenth Annual ACM Symposium on Parallel Algorithms and Ar-
chitectures, SPAA ’07, pages 280–288, New York, NY, USA, 2007.
ACM.

146

http://mvapich.cse.ohio-state.edu/


BIBLIOGRAPHY
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[EA12] Barış Eskikaya and D. Turgay Altilar. Distributed OpenCL dis-
tributing OpenCL platform on network scale. Int’l Journal of
Computer Applications, vol. ACCTHPCA, ACCTHPCA(2):25–30,
2012.

[ECLV12] Maja Etinski, Julita Corbalán, Jesús Labarta, and Mateo Valero.
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