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Abstract

In the prospect of the upcoming exascale era with millions of execution units, the question
of how to deal with this level of parallelism efficiently is of time-critical relevance. State-
of-the-Art parallelization techniques such as OpenMP and MPI are not guaranteed to solve
the expected problems of starvation, growing latencies, and contention. On the other hand,
new parallelization paradigms promise to efficiently hide latencies and contain starvation and
contention.

In this thesis an insight into ParalleX, a new, experimental parallel execution model, is given.
ParalleX defines semantics and modes of operations for parallel applications ranging from large
heterogeneous cluster to shared memory systems. Despite the discussion of mechanisms for
distributed as well as shared memory systems, this thesis will be restricted to implementations
and performance measurements on shared memory machines. The focus of this thesis lies in
the implementation of a dynamic Data Flow processor within the ParalleX execution model,
which presents a novel parallelization strategy. The viability of this approach is evaluated for a
standard stencil-based problem, the Jacobi Method. Two applications of this algorithm will be
discussed, one based on a regular and another based on an irregular grid. In order to evaluate
the developed mechanisms, implementations with HPX (High Performance ParalleX), the first
feature-complete, open-source implementation of ParalleX, and OpenMP, the quasi-standard
for programming paradigm for shared memory machines, are compared. The performance of
these applications will be evaluated on a multi-socket NUMA node.
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1. Introduction

High Performance Computing (HPC) is currently undergoing major changes, provoked by the
increasing challenges of programming and managing increasingly heterogeneous multicore ar-
chitectures and large scale systems. Estimates show that at the end of this decade Exaflops
computing systems consisting of hundreds of millions of cores and exposing billion-way par-
allelism may emerge. This thesis describes an experimental execution model, ParalleX, that
addresses these challenges through changes in the fundamental model of parallel computation
from that of the communicating sequential processes [1] (e.g. MPI) to an innovative synthesis
of concepts involving message-driven work-queue execution in the context of a global address
space.

The focus of this thesis lies in the description of a Data Flow extension for the High Per-
formance ParalleX (HPX) runtime system [2]. HPX is the first open source implementation of
the concepts of the ParalleX execution model for conventional systems (SMPs and commodity
clusters).

As an application for the developed Data Flow extension, implementations of the Jacobi
Method for shared memory systems is presented. One for a regular and one for an irregular
grid. In order to evaluate the viability of this approach, implementations of the same algorithm
with OpenMP [3] will be presented. OpenMP is the de-facto standard for shared memory
systems, and exhibits good performance behavior for the discussed applications. This allows
the comparison and analysis of this novel and experimental approach against a well-known,
highly optimized solution. The benchmarks will be conducted on a multi-socket NUMA node
with a total of 48 cores. Unfortunately, the scaling behavior on more cores could not be
evaluated due to the lack of appropriate hardware.

The remainder of this thesis is structured as following: Chapter 2 gives an introduction to
the ParalleX execution model. Chapter 3 gives an insight in the ParalleX implementation, the
High Performance ParalleX runtime system. Chapter 4 deals with the implementation of Data
Flow within the HPX runtime system. Chapter 5 introduces the Jacobi Method, describes the
examined applications and provides a detailed explanations of the reference OpenMP and the
novel HPX implementation. Chapter 6 provides an analysis of the performance behavior of the
implementations discussed in the previous sections, and Chapter 7 concludes the thesis and
provides suggestions for future work.
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2. The ParalleX Execution Model

This section discusses the specific elements of the ParalleX execution model and derives the
need for such a novel approach.

In the history of HPC, there have been different phases, which are characterized by an
improvement in technology and a specific programming paradigm. These phases include vector
computing, SIMD arrays and CSP. With upcoming new technology we are reaching massive
multicore structures and trends suggest we reach the exascale era by the end of this decade
comprising hundreds of millions of cores and multi-billion way parallelism [4]. Managing these
massively concurrent systems efficiently will be one of the challenges of this decade.

Parallel efficiency is expressed by how much speedup a specific program is able to achieve,
in other words how well it scales. Generally, two forms of scaling exist, strong scaling and
weak scaling. Strong scaling is the time variance for a fixed problem size when adding more
and more parallel resources. Weak scaling is characterized by keeping the problem size per
processor fixed. Both are important metrics for parallel programs [5].

In order to utilize as much parallelism as possible an application has to support both strong
and weak scaling, which requires a high percentage of parallel work executed. This implies, for
the best case if a application is executed with N processor, it either runs N times faster or can
handle N times more data. However, this is merely a theoretical limit. In the general case,
scalability is limited by current hardware architectures and programming models. This can be
summarized by the term SLOW [4]:

Starvation: Insufficient concurrent work to maintain high utilization of resources
Latency: Time-distance delay of remote resource access and services

Overhead: Work for management of parallel actions and resources on critical path which
is not necessary in sequential variant

Waiting for contention: Delays due to lack of availability of oversubscribed shared re-
source

In order to overcome these impeding factors, ParalleX tries to improve efficiency by reducing
average synchronization and scheduling overhead, improve utilization through asynchrony of
workflow, and employ adaptive scheduling and routing to mitigate contention (e.g., memory
bank conflicts). Scalability will be increased, at least for certain classes of problems, through
data directed computing using message-driven computation and lightweight synchronization
mechanisms that will exploit the parallelism intrinsic to dynamic directed graphs through their
meta-data. As a consequence, sustained performance will be improved both in absolute terms
through extended scalability for those applications currently constrained, and in relative terms
due to enhanced efficiency achieved. Finally, power reductions will be achieved by reducing
extraneous calculations and data movements. By combining already existing ideas into a new
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set of governing principles ParalleX is defining the semantics of this new model. The key aims
of ParalleX are:

a) Expose new forms of program parallelism to increase the total amount of concurrent oper-
ations.

b) Reduce overheads to improve efficiency of operations and, in particular, to make effective use
of fine-grain parallelism where it should occur (this includes, where possible, the elimination
of global barriers).

c¢) Facilitate the use of dynamic methods of resource management and task scheduling to exploit
runtime information about the execution state of the application and permit continuing
adaptive control for best causal operation.

ParalleX is solidly rooted in the governing principles discussed in the following sections.
Section 2.1 explains the preference of hiding latencies instead of latency avoidance. Fine-grain
parallelism instead of Heavy-weight threads will be the focus of Section 2.2. Replacing global
barriers with constrained based synchronization is the topic of Section 2.3. Section 2.4 will
embrace adaptive locality control instead of static data distribution. The preference of moving
work to data instead of moving data to work is the focus of Section 2.5. The chapter will be
closed with the Section 2.6 dealing with the favor for message driven computation over message
passing.

2.1. Latency Hiding

While it is impossible to design systems with zero latency, development of recent and past sys-
tems is going into optimizations that target the minimization of these latencies. One example
for this is the development of InfiBand, which is a low latency, high-speed network technol-
ogy [6]. Other examples can be found in all modern processors, which implement memory
hierarchies [7].

These existing latencies are only slowing down applications whenever the need to wait for a re-
source to complete the operation occurs. As such, hiding these latencies through asynchronous
operations, which allows the idle-time to be overlapped with other, possibly unrelated, work.
There are modern systems which already implement similar techniques. For example asyn-
chronous APIs to program web services (such as NodeJS [8]), pipelined instruction execution
in processor cores, asynchronous receive and send operations in MPI [9], and many more.

Enabling and advertising asynchronous operations throughout the whole system stack is what
ParalleX proposes to make latency hiding an intrinsic concept of operation in the programming
model.

2.2. Fine Grained Parallelism

By demanding latency hiding as discussed above, the ideal mode of operation would be schedule
asynchronous operations which might be very short-living, for example fetching the contents
of a memory cell. To support this the need for very lightweight threads with extremely short
context switching times arises (optimally in the range of a few cycles). Unfortunately, this is
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not possible with today’s architectures. However, for conventional systems, we can increase
the granularity of threads by decreasing the overhead of context switches and therefore better
utilize our available resources and increasing parallel efficiency.

For today’s architectures there already exist a few libraries providing exactly this type of
functionality: non-preemptive, task-queue based parallelization solutions. Examples are Intel’s
TBB [10], Microsoft’s PPL [11], Cilk Plus [12], and many others. Of course, HPX implements
its own thread management, which will be outlined in Section 3.1. The possibility to suspend
a current task if some preconditions for its execution are not met (such as waiting for I/O
or the result of a different task), seamlessly switching to any other task which can continue,
and to reschedule the initial task after the required result has been calculated, makes the
implementation of latency hiding almost trivial. On the contrary, OpenMP [3], which is used
as a baseline comparison (see Section 5.1.1 and Section 5.2.1), is based on data-parallelism.
However, the most recent specification adds supports for tasked-based parallelism.

2.3. Constrained Based Synchronization

The two previous sections describe the basic ingredients for the principle parallel execution of
a program on a single multiprocessor machine in the ParalleX model. However, the means of
organizing and synchronizing different threads of execution has not yet been discussed.

Synchronization

Computation ce Computation ce Computation

Synchronization

Figure 2.1.: A typical computation flow of a algorithm with global barriers.

When looking at the two dominating programming models for either shared memory systems
(OpenMP) or distributed memory systems (MPI) and how they handle synchronization between
threads or processes, the most frequent technique used is global barriers. Figure 2.1 shows a
graphical representation of how a computation with global barriers looks like. In OpenMP
for instance, an implicit global barrier is inserted after each loop parallelized as the system
synchronizes the threads used to execute the different iterations in parallel. In MPI each of the
communication steps imposes an explicit barrier onto the execution flow as (often all) nodes

Implementation of Data Flow for the ParalleX Execution Model 5



2. The ParalleX Execution Model

have to be synchronized. This programming model proves to be perfect for algorithms that have
uniform workload for the different parallel tasks and expose embarrassingly parallel properties
when performing the task. As soon as parallelism gets too fine-grain, or synchronization in
each individual parallel section is required, global barriers become inefficient. Additionally,
once the execution times of the different computations varies, the parallel work is bound by
the longest executing task.

A closer analysis of a couple of key algorithms used in science applications reveals that these
global barriers are not always necessary [13]. In many cases it is sufficient to synchronize a
small subset of the threads. Any operation should proceed whenever the preconditions for its
execution are met, and only those. Usually there is no need to wait for iterations of a loop to
finish before you could continue calculating other things, all you need is to have those iterations
done which were producing the required results for a particular next operation.

The solution ParalleX offers is to provide constraint based synchronization primitives, the so
called Local Control Objects (LCOs) [2][4]. A LCO is an abstraction for different responsibilities
in the ParalleX model. Those range from synchronization of concurrent data access that would
lead to race conditions otherwise, to the event-driven creation and suspension of threads of
control. In essence, LCOs are possibly user defined entities that allow event-driven creation or
reactivation of threads. They are an abstraction of a multitude of different functionalities for
event driven thread creation, protection of data structures and automatic on-the-fly scheduling
of work. The following models are mentioned in the ParalleX model:

Semaphores

Mutex

Future [14][15]

Data Flow [16]

Section 3.2 will provide a more in-depth discussion of LCOs by providing an overview of
the possible implementation with HPX. Many HPX applications, including the Jacobi Method
applications detailed here, utilize Local Control Objects (LCOs) to simplify parallelization and
synchronization.

2.4. Adaptive Locality Control

In order to efficiently address starvation and contention on a distributed memory machine, the
need for an global address space arises. With MPI, which is today’s prevalent programming
model for distributed memory machines, it is the programmers responsibility to decompose the
data on all the nodes the application is running and pass data through messages. Implementing
an adaptive, dynamic data distribution scheme with MPI is very tedious and difficult.

An attempt to overcome this shortcoming was the development of PGAS (Partitioned Global
Address Space). A couple of specialized languages and programming environments based on
PGAS (Partitioned Global Address Space) have been designed to overcome this limitation, such
as Chapel [17], X10 [18], UPC [19] and Co-Array Fortran [20]. However all systems based on
PGAS rely on static data distribution. This works fine as long as such a static data distribution
does not result in heterogeneous workload distributions or other resource utilization imbalances.

6 Implementation of Data Flow for the ParalleX Execution Model
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In a distributed system these imbalances can be mitigated by migrating part of the application
data to different localities (nodes). One of the first attempts to solve this and related problems
was the Linda coordination language [21].

To fight these limitations, the ParalleX model defines the Active Global Address Space
(AGAS). It incorporates the notions of a global, possibly distributed, uniform address space
and adds the capability of data migration to flexibly support dynamic and adaptive global
locality control.

2.5. Moving Work to Data

When it comes to running applications in a distributed memory machine, it is inevitable to
transfer bytes from one part of the system to another. It seems obvious that the size of these
messages should be minimized. In the current standard MPI model, the data is exchanged
from one compute node to another such that a process running on that node is able to crunch
the data. The larger the amount of data gets that has to be transferred back and forth, the
more time the application has to spend communicating. This leads to a decrease in utilizing
the precious parallel compute resources, and therefore has a negative impact on the strong
scaling characteristics of the application.

On the other hand, encoding a certain operation which is to be executed on a specific piece
of data often leads to smaller messages and as such to less network traffic. For that purpose,
the ParalleX model describes the notion of parcels [2]. Parcels are an advancement of Active
Messages [22]. They encode a globally unique identifier provided by AGAS (see Section 2.4),
which represents the object on which the action is to be executed, and an additional workload,
which usually contains arguments for the aforementioned action. Additionally every parcel
carries a continuation, which is used to chain multiple operations.

2.6. Message Driven Computation

ParalleX adopts a message-driven approach. The main entities communicating in a ParalleX
system are localities - sets of resources with a bounded, guaranteed response time for operations
(currently, this is a node in a conventional cluster). Message-driven communication is one-sided
and asynchronous. The receiver does not explicitly wait to receive data, but instead reacts
asynchronously to incoming messages. This asynchrony additionally emphasizes the claim to
hide latency. Other systems like Charm++ [23] are adapting Active Messages and proving the
validity of this concept.

Implementation of Data Flow for the ParalleX Execution Model 7
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3. The High Performance ParalleX
Runtime System

High Performance ParalleX (HPX [2][24][25]) is the first open-source implementation of the
ParalleX execution model. HPX is a state-of-the-art runtime system developed for conven-
tional architectures and, currently, Linux and Windows-based systems; e.g. large Non Uniform
Memory Access (NUMA) machines and clusters. Strict adherence to Standard C++11 and the
utilization of the Boost C++ Libraries [26] make HPX both portable and highly optimized. It
is modular, feature-complete, and designed for optimal performance. This modular framework
facilitates simple compile or runtime configuration and minimizes the runtime footprint. HPX
supports both dynamically loaded modules and static pre-binding at link time. The design of
HPX as an implementation of ParalleX tries to overcome conventional limitations outlined in
Chapter 2.

Performance Monitor

Performance
Counters

Process Manager Migration Manager

Interconnect

AGAS Address

Translation

90

LCOs

Parcel Port 1v/[%ction
anager
Parcel Thread § § S § 5
Handler Manager

Thread

Parcel Transport Layer Pool

Figure 3.1.: Architecture of the HPX runtime system. HPX implements the supporting func-
tionality for all of the elements needed for the ParalleX model: Parcels (parcel-
port and parcel-handlers), HPX-threads (thread-manager), LCOs, AGAS, HPX-
processes, performance counters and a means of integrating application specific
components.
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The remainder of this chapter will explain the key parts of the HPX runtime system. The
current implementation of HPX supports all of the key ParalleX paradigms: Parcels, PX-
threads, Local Control Objects (LCOs), the Active Global Address Space (AGAS), and PX-
processes (see Fig. 3.1). Section 3.1 will focus on the HPX thread subsystem. Section 3.2 briefly
introduces the implementation of LCOs. Although not relevant to the applications presented
in this thesis a short overview of the Parcel Transport layer will be given in Section 3.3 and
the AGAS service will be outlined in Section 3.4. The Performance Monitor, Process Manager
and Migration Manager will not be discussed.

3.1. Threads and their Management

As outlined in Section 2.2 the efficient management of lightweight threads is one of the most im-
portant parts in a ParalleX implementation and thus the HPX runtime system. It is responsible
for managing millions of thousands of threads. HPX makes that possible by implementing a
lightweight user level threading module. This module implements a M : N mapping of threads,
where M is the number of user level threads and N the number of available Operating System
(OS) threads. Due to the inherent characteristic of being implemented in user space, HPX
threads are cooperative, meaning they need to voluntarily suspend execution. This is handled
by the LCOs, which are discussed in more detail in Section 3.2.

HPX threads are first class objects in the global address space, which would even enable
remote management. However, this is avoided due to high costs involved (migrating the whole
thread context is potentially very expensive). Instead, migration of work is realized via con-
tinuation by sending a parcel (see Section 3.3).

Due to the very central role of thread management, the performance is of course crucial. One
way the thread manager achieves high performance is by avoiding calls into the underlying OS
kernel completely. This has the effect that the HPX application can run for the whole time
slice provided by the OS scheduler, and that HPX threads avoid expensive calls into the OS
kernel. HPX uses one thread queue per OS thread. This queue is implemented with a lock-free
FIFO queue algorithm. Once one OS-thread local queue is empty, thread items from other
OS-thread queues will be stolen.

Figure 3.2 shows a comparison of HPX to other user level thread libraries. Qthreads [28] is
one of the possible lightweight user level threads implementations in Chapel [29]. TBB stands
for Intel Thread Building Blocks [10], which offers a rich and complete approach to express
parallelism in a C4++ program. SWARM is a commercial ParalleX implementation [30]. The
benchmark consists of running 500000 independent threads doing arbitrary work [27]. The
graphs show that HPX is able to outperform the competing solutions once the number of the
OS-threads exceeds 12. When using less then 12 threads Qthreads, TBB and SWARM show
similar performance behavior while HPX is far behind. However, using up to 12 OS-threads,
HPX is able to increase the number of threads executed per second, while the other solutions
are massively derogating. Adding more OS-threads shows a decrease for all solutions, but HPX
is still performing best. This performance allows HPX to fulfill the premise of the ParalleX
execution model to allow for fine-grain parallelism on conventional systems.

10 Implementation of Data Flow for the ParalleX Execution Model
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Figure 3.2.: The number of millions of threads executed per second. The graph shows that
HPX is able to outperform the other investigated libraries once more than 12 cores
are in use [27].

3.2. Local Control Objects

As mentioned in the previous section, the synchronization of HPX threads is done via LCOs.
LCOs as implemented in HPX are user defined, first class objects living in the global address
space. With modern object oriented paradigms, the four basic LCOs (see Section 2.3) can
be composed and combined to form all varieties of different objects to control thread state.
Chapter 4 will provide a deeper discussion of Data Flow as an LCO.

Listing 3.1 shows the base class definition of an LCO. The base_lco class is a hpx: : component,
which means it is a object managed through AGAS (see Section 3.4). A user-defined LCO
merely has to overload the pure virtual set_result function (Line 4) and implement it.

template <typename Result>
struct base_lco : hpx::component<base_lco<Result> >
{
virtual void set_result(Result r) = 0;
HPX_COMPONENT_ACTION (base_lco, set_result, set_result_action);
};

Listing 3.1: Outline of the LCO base class

Implementation of Data Flow for the ParalleX Execution Model 11



3. The High Performance ParalleX Runtime System

As example LCO, futures will be discussed in this section. Futures hold a promise to a value
that will be computed by a (possibly remote) action. Figure 3.3 depicts a possible control
flow of a future invocation. As soon as a future action is created, a corresponding work

Future: schedule_thread(action)

Future: set_result(r)

Figure 3.3.: Possible Control Flow for a future LCO. At point 1 the future is created, the thread
continues to execute. Another thread gets created and eventually scheduled and
run in the background. At 2, the calling thread is requesting the result. Since
the thread invoking the action hasn’t delivered the result yet, the thread gets
suspended (dashed line) until the result is set.

item will be enqueued in the localities thread manager (in case of a remote action, a parcel
is created; see Section 3.3 for more information on parcels). Eventually, the work item is
dispatched and the action is executed. The call to the get function suspends the calling thread
until the future value is eventually executed. Altogether, the future is a perfect example of
message-driven computation, enabled by event-driven suspension and rescheduling of HPX
threads. In the implementation of a future in terms of the base_lco, an action gets scheduled
as a lightweight HPX-thread containing the set_result_action (Line 6 in Listing 3.1) as a
continuation. Additionally, threads, which are waiting on the result are queued, until the
set_result_action continuation is triggered. In the overloaded set_result function, the result is
stored inside the future, and the waiting threads are woken up. This implementation forms the
basis to realize constrained based synchronization (see Section 2.3) and asynchronous message
driven computation (see Section 2.6).

3.3. Parcel Transport

Whenever a HPX application needs to pass messages between localities, parcels are involved
(see Section 2.5).

Arguments

Destination | Action | Argument 1 Argument N | Continuations

Figure 3.4.: The structure of a HPX Parcel
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Figure 3.4 shows the structure of a parcel in HPX, they consist of 5 parts: the global identifier
for the destination address (resolved by AGAS, see Section 3.4), the action to be performed, the
arguments to pass to the invoked action and a list of continuations to trigger after the action is
executed. A continuation is implemented as a LCO (see Section 3.2) which enables the multiple
ways of chaining computations. The Data Flow implementation shown in Section 4.2 uses this
extensively.

Parcels are executed whenever an action has to be invoked on a remote locality. Parcels
enable distributed control flow. As such, they are the semantic equivalent to locally executed
threads.

3.4. Active Global Address Space

The Active Global Address Space (AGAS) service currently implemented in HPX represents a
128-bit address space, which spans all involved compute nodes. The AGAS service consists of
two naming layers. The primary naming service maps 128-bit unique, global identifiers (GIDs)
to a meta-data that can be used to locate an object on a particular locality. The higher level
symbolic namespace, maps symbolic names to GIDs. This is the basic foundation, which will
enable data migration in the near future. The current AGAS implementation is a centralized
service. Research in making it decentralized is being conducted and will be a key point in
making the AGAS service scalable over thousands of compute nodes.
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4. Data Flow

This chapter discusses the implementation of the Data Flow LCO for the ParalleX execution
model. Data Flow was first described as a complete processor [31][32][33] to efficiently describe
fine-grain, data-driven parallelism with the help of a tagged-token based system. Attempts
on formulating an early processor designs have been done, but have been abandoned due to
performance problems. The main driver application was signal processing, which is perfectly
suited for a data driven application: The next processing step can only be started once every
operation before has been completed.

With the ParalleX execution Model and the HPX implementation, a new possibility in
implementing Data Flow semantics is given. In the remaining section, the main principle of a
Data Flow processor is explained (Section 4.1), and the implementation with HPX is discussed
in Section 4.2.

4.1. Basics

The elementary Data Flow processor as described in [31] needs an elementary system which
is able to asynchronously propagate events and trigger certain actions and operators. The
system is completely message driven and the different, possibly parallel, parts of a program
only communicate with each other by returning a value, which is passed as a parameter to the
next computation. This allows for a elegant functional formulation of given problems.

The Data Flow processor therefore is designed to have basic dataflow links and operations
(see Figure 4.1 and Figure 4.2). The basic dataflow operations only prolong information:

(a) data link (b) control link

Figure 4.1.: Data Flow links. A distinction is made between data values and control values.
Whenever a value arrives on the incoming edge, it will get distributed to the
outcoming edges

Whenever a token arrives on the incoming edge, it will be carried on to the outgoing edges.
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4. Data Flow

This can be either data or control values. In order to sufficiently describe the control flow of a
generic program. The operations described in Figure 4.2. The solid dots represent data values

&
'

o

(a) Operator (b) Decider
! I
.

x i(wi

(e) Merge (f) Boolean Operator

Figure 4.2.: Elementary Data Flow Operations. The operation schematics in this figure show
the building blocks of the static Data Flow processor

and the hollow circles represent data links. Figure 4.2(a) shows the schematics of an arbitrary
operation. Once the input tokens arrive (solid dots), the operation is executed and the output
token is triggered. Figure 4.2(b) produces, based on the input tokens and the predicate P, a
boolean control token (hollow dots). Figure 4.2(c) and Figure 4.2(d) forward the input data
token based on the input control token. The T-gate produces the output on a true token,
and the F-gate when it gets triggered by a false token. The merge gate schematic shown
in Figure 4.2(e) selects the input token based on the triggered control token. The boolean
operator (Figure 4.2(f)) is used to compose control data values. The operations shown in this
section can be used to build static Data Flow programs, which are equivalent in power and
expressiveness as regular statement based languages.
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4.2. Implementation

Dataflow Object

Inputs =
8
T -
) é
5 8

g Output
Tn—1 §]
Tn Py
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Figure 4.3.: Schematic of a Data Flow object. A Data Flow object encapsulates a (customiz-
able) function F'(z1,xs,...,xy). This function takes N input arguments and pro-
duces an output result. The dataflow object is receiving each of the required input
arguments separately from different data sources (i.e. other dataflow objects). As
soon as the last input argument has been received, the function is scheduled for ex-
ecution and, after the result has been calculated, it is sent to all objects connected
to the output of the Data Flow object

The previous section covers static Data Flow. The HPX implementation in this thesis is
a dynamic, at runtime created Data Flow processor. Figure 4.3 shows the schematics of a
Data Flow object. It unifies the notion of the data link (see Figure 4.1(a)) and the Data
Flow operator. The inputs and output resemble a Data Flow data link, and F'(z1, s, ..., Zx)
is a Data Flow operation. It acts as a proxy for a result initially not known, because the
input arguments required for the computation of the result have not been computed yet. The
Data Flow object synchronizes the computation of an output value by deferring its evaluation
until all input values are available. Thus a Data Flow object is a very convenient means of
constraint-based synchronization of the overall execution.The inherent meta information of the
used data structures is leveraged (i.e. the structure of the computational grid) by creating
a structurally matching network of Data Flow objects. For this reason the execution of the
Data Flow network will always yield the correct result while the existing compute resources
are optimally utilized as every particular calculation of any intermediate result will happen ’at
its own pace’. The main advantage of such a Data Flow based execution is that it enables
minimizing the total synchronization and scheduling overheads.

The actual implementation of the Data Flow LCO is made up of two parts. The first part
consists of implementing the trigger for the required inputs and the second the actual execution
of the Data Flow action itself. For the Data Flow input trigger two possible options arise. For
the first, the similarity between a Data Flow object and a future (see Section 3.2) has to be
noted: Both provide a promise to eventually deliver a computed result. With the ability to
wait for results a naive implementation of the trigger, which spawns a thread that immediately
blocks until the input eventually is computed, is tempting. However, this approach turns out
to be inapplicable since for every input a HPX-thread is created, even though HPX is able to
handle millions of threads efficiently, it would create a huge overhead.

Implementation of Data Flow for the ParalleX Execution Model 17
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template <typename DataflowSource, typename DataflowObject, int N>

struct dataflow_trigger : base_lco<typename DataflowSource::result_type>
{
typedef typename DataflowSource::result_type result_type;
dataflow_trigger (DataflowSource source, DataflowObject object)
dataflow_source (source)
, dataflow_object (object)
{
// Connecting the dataflow trigger to the input Data Flow Object.
// This way, the set_result function of the trigger will be
// executed in the set_result continuation of this input.
dataflow_source.connect (this->id ());
3
void set_result(result_type r)
{
// When the set_result function for this input is triggered, the
// Data Flow object associated with this trigger will get notified.
dataflow_object.template set_input<N>(r);
b

DataflowSource dataflow_source;
DataflowObject dataflow_object;

Listing 4.1: Outline of the Data Flow Trigger Implementation

For the special purpose of handling Data Flow triggers a LCO is defined (see Listing 4.1). It
is tightly coupled with the actual Data Flow object, for which an implementation outline can be
seen in Listing 4.2. With this implementation, an efficient implementation has been achieved.
In contrast to the naive implementation idea, the created Data Flow Objects passively wait
until all inputs are available. This automatically happens through the mechanisms described
in Chapter 3. One of the important differences between Data Flow and future computation
can now be observed: While with futures, the applications need to actively pull to receive the
asynchronously computed results, Data Flow computation can happen completely automat-
ically. Results are being pushed forward and literally flow through the dynamically created
execution tree, allowing the HPX runtime system to perform further runtime optimizations.

As a simple example for a dynamically created Data Flow execution tree, Listing 4.3 shows
an implementation of a Fibonacci number calculation using the Data Flow LCO. In order
to overcome the missing Data Flow operations (decider, T-gate, F-gate, merge and boolean
operator), the Data Flow graph is constructed dynamically using regular C++ control flow
statements. Lines 1 to 5 define an identity function, which is used at the end of the recursion
and Lines 7 to 11 define a function, which is used to add two numbers, which are recursively
calculated. dataflow_base is a simple wrapper class holding the gid of the created Data Flow
objects. The remaining code constructs the Data Flow graph: If the input number is less than
2, the identity Data Flow function is created, otherwise the function is recursively called with
n-1 and n-2.
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4. Data Flow

1 template <typename Action>

2 struct dataflow : base_lco<typename Action::result_type>

3 {

4 typedef typename DataflowSource::result_type result_type;

5

6 template <typename A...>

7 dataflow (id_type id, A ... a)

8 action_id (id)

9 // Expanding the received parameters and creating dataflow_trigger

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

52 };

// objects managed by AGAS.
, trigger (
hpx::create<dataflow_trigger<A, dataflow, N> >(a, *this)...

{3

template <int N, typename T>
void set_input (T t)

{
// Saving the received inputs in order to forward them once all
// inputs are available.
if(all_triggers_completed<N>(t))
{
// After all inputs have been set. We asynchronously start the
// requested action, passing the id of this object as the
// continuation LCO to async_c. Thus, set_result will get called
// whenever the action finished execution
async_c<Action>(this->id (), action_id, inputs);
X
X
void set_result(result_type r)
{
// When this function is executed, it means that the action finished
// execution. The result is then forwarded to the connected targets.
for (hpx::id_type target, targets)
{
async<base_lco<result_type>::set_result_action>(target, r);
3
X
void connect (hpx::id_type target)
{
// Add the passed target to the vector of targets.
targets.push_back(target) ;
X

HPX_COMPONENT_ACTION (dataflow, connect, connect_action);

id_type action_id;

std::vector<hpx::id_type> trigger;

std::vector<hpx::id_type> targets;

// ... remaining definitions for saved inputs and functions for checking
// of all triggers have been completed

Listing 4.2: Outline of the Data Flow Object Implementation
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4. Data Flow

Figure 4.4 illustrates the complete Data Flow graph in the semantics outlined in Section 4.1
for a call to £ib(5). The roots of this graph are the end of the recursion and the leaf represents
the result of the computation. Once the Data Flow graph is constructed, the different depen-
dencies are implicitly present in the graph and once the data input triggered, the operation can
be executed. It is easy to see that the nodes on the same level can be processed embarrassingly

parallel.
1 int identity(int i)
2 {
3 return i;
4}
5 HPX_PLAIN_ACTION(identity, identity_action);
6
7 int add(int a, int b)
s {
9 return a + b;
10
11 HPX_PLAIN_ACTION (add, add_action);
12
13 hpx::1lcos::dataflow_base<int> fib(int n)
14 {
15 if(n < 2)
16 {
17 // return n;
18 return
19 hpx::1lcos::dataflow<identity_action >(
20 hpx::find_here ()
21 , N
22 )
23 }
24
25 // return fib(n-1) + fib(n-2);
26 return
27 hpx::1lcos::dataflow<add_action >(
28 hpx::find_here ()
29 , fib(n-1)
30 , fib(n-2)
31 )
32 }
Listing 4.3: Data Flow Example: Fibonacci Number Calculation
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Figure 4.4.: Example Data Flow schematics for the 5th Fibonacci number
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5. Application: Jacobi Method

The Jacobi Method is a numerical stationary iterative method. It is one example of a stencil-
based iterative method and is used to solve a linear system of equations given by:

Az =b, A e RY*N gz and be RY (5.1)

The Jacobi Method is a well-known numerical algorithm with well known parallelization tech-
niques for OpenMP. OpenMP is the de-facto standard for implementing stencil-based codes
on shared memory systems, and, for the algorithm discussed in this Chapter, exposes almost
perfect strong and weak scaling behavior. Thus the performance of the Data Flow LCO can
be evaluated and compared (see Chapter 4). Although the Jacobi Method is converging slower
than other iterative methods, the easy parallelization is an advantage. The Jacobi Method
is also used as a smoother and preconditioner for more advanced numerical algorithms like
Multigrid or Krylov-Space methods. However, the Jacobi Method was not chosen based on its
numeric properties but because of its well known performance characteristics.

In order to solve Equation 5.1 a fixed point iteration is applied in the following way:

Ar = b, where A=M—N (5.2)

& Mz = Nzx+b (5.3)
sz = M 'Nz+M'b (5.4)
(5.5)

So the algorithm can be formulate as follows:

2(©) given (5.6)
) = MINZ®) 4+ M1 else '

M is the diagonal part of the Matrix, and N everything but the diagonal. This fix point
iteration converges as long as A is symmetric and positive definite [34].

This chapter deals with two applications of this algorithm. Section 5.1 discusses the algorithm
for solving a uniformly discretized diffusion equation in 2D, a implementation for OpenMP and
HPX based on the Data Flow LCO is presented. Section 5.2 outlines the application of the
Jacobi Method to a highly irregular sparse grid obtained through a Finite-Element analysis.
Again, implementations for OpenMP and HPX are presented.
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5. Application: Jacobi Method

5.1. Uniform Workload

The first example application of the Jacobi Method in this thesis is derived from solving the
diffusion equation for a scalar function u(x,y). The first problem is a uniform grid, which is
derived by discretizing the diffusion equation for a scalar function u(z,y)

Au=f

on a rectangular grid with Dirichlet boundary conditions. After discretizing the differential
operator, the five-point stencil can be derived (without the loss of genericity, this thesis is
restricted to 2D in this thesis and a right-hand-side of constant zero) to be used for updating
one point:

Uora(x + 1, y) + vora(x — 1, y) n Uoa(2,y + 1) + uga(z,y — 1)
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Figure 5.1.: Uniform symmetric Matrix. The structure of the Matrix originating from dis-
cretizing the two-dimensional diffusion equation. The entries being non-zero are
the diagonal, one of the diagonal below and above and the diagonal starting N_y
off the diagonal

Figure 5.1 shows the structure of the matrix, which can be derived from that stencil. Due
to the uniform nature of that stencil, the matrix never gets explicitly formulated. Listing 5.1
shows an example implementation in C++ for that particular update, conforming to Equa-
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tion 5.6. The type grid<double> is a user defined type to represent the discretized solution.
It is a straightforward implementation of a linearized two-dimensional data structure. The
implementation can be found in Appendix A.1 Listing A.1.

typedef pair<size_t, size_t> range_t;
void jacobi_kermnel(
vector<grid<double> > & u
, range_t X, range_t y
, size_t dst, size_t src)
{
for(size_t j = y.first; j < y.second; ++j)
{
for(size_t i = x.first; i < x.second; ++i)
{
uldst](i,j)
= (ulsrcl(i+1,j) + ulsrcl(i-1,j)
+ ulsrcl(i,j+1) + ulsrcl(i,j-1))
* 0.25

Listing 5.1: Example Kernel for the Uniform Jacobi Method

This implementation of the kernel counts 4 double precision floating point operations (three
additions and one multiplication). It can be assumed that the cache is large enough, such that
three rows of the grid are resident in the cache. Thus, one memory transfer to write the result
back into main memory, and two for loading the cache-lines for the top and bottom elements
have to be done. Furthermore the destination grid element, and the elements in the x direction
are cache resident and can be read. According to that assumption, three memory transfers
have to be done for every iteration. This implies that this specific algorithm is memory bound.
These considerations act as a baseline for the performance considerations in Section 6.1. In
this example implementation of the kernel Low-Level optimizations are not taken into account.
Those optimizations are heavily discussed in the literature [35], and have no effect on the
outcome of this comparison. Additionally, no convergence test is performed in order to have a
fixed number of iterations for both implementations discussed.

5.1.1. OpenMP Implementation

OpenMP is the dominant shared-memory programming standard today. Developed since 1997
as a joint effort of compiler vendors, OpenMP has been used even prior to the multicore era as
a platform independent parallelization tool.

Listing 5.2 shows the OpenMP-parallel implementation of the Jacobi solver introduced in
this section. Initially, the two grids are initialized with 1 according to the Dirichlet boundary
conditions. The iterate over the grid is done in a block-wise fashion in order to use the cache
efficiently. In every inner loop, the function outlined in Listing 5.1 is executed on each single
block.

This algorithm uses standard C++ facilities almost exclusively and hints the compiler to
create a parallel section with #pragma omp for. Due to the nature of the Jacobi method, this
algorithm does not contain any data races. It is worth noting that with the directive #pragma
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omp for an implicit global barrier is introduced. This barrier is required to complete the
calculation in every thread so that the grids can be swapped before the next iteration starts.
However, as the workload of the calculation is equally distributed among each thread, this
barrier should have little to no effect. For better comparison, a version with dynamic work
scheduling has been compiled for this algorithm.
Since the Jacobi method is a memory-bound algorithm, performance of this implementation
is expected to scale well until the maximum memory bandwidth of one CPU is exhausted.

1 vector< grid<double> >

2 u( 2, grid<double>(N_x, N_y, 1) );

3 size_t src = 0;

4 size_t dst = 1;

5 for(size_t iter = 0; iter < max_iter; ++iter)
6 {

7 #pragma omp for shared(u) schedule(static)

8 for(size_t y=1; y < N_y-1; y+=block_size)

o {

10 for(size_t x=1; x < N_x-1; x+=block_size)
11 {

12 jacobi_kernel (

13 u

14 , range_t(x, min(x+block_size, N_x))
15 , range_t(y, min(y+block_size, N_y))
16 , dst, src);

17 }

18 }

19 swap (src, dst);

20 }

Listing 5.2: OpenMP - Uniform Jacobi Method

In case of applications that are memory-bound, locality and contention problems can occur
on NUMA systems if no special care is taken for the memory initialization. Memory-bound
code must be designed to employ proper page placement, for instance by first touch [35]. In
order to accommodate both use-cases, an interleaved memory policy is used. That means that
pages will be allocated using round robin on the NUMA nodes. This decreases the overall
performance for this application, but is the most practical way of placing memory for the non-
uniform workload application (see Section 5.2). Additionally, thread migration was prevented
by an explicit pinning of all active threads via the Likwid tool suite [36]. Without applying
these techniques, OpenMP would fail to scale properly on NUMA architectures.

5.1.2. HPX Implementation

The HPX implementation of the uniform workload eliminates the implicit global barriers in-
troduced by parallelizing the iteration loops using OpenMP. This is achieved by using LCOs as
introduced by ParalleX (see Chapter 2) and implemented in HPX (see Chapter 3). In particular
the Data Flow LCO (see Chapter 4) is used to ensure a fluid flow of computation.

The Jacobi Method can then be formulated with the help of Data Flow by explicitly spec-
ifying the dependencies. In the case of the algorithm outlined above (See Listing 5.1), the
constraints are that the elements of the old grid have been computed so that data races can
be neglected. In the case of the OpenMP Listing, this has been ensured by the implicit global
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barrier (See Listing 5.2). The HPX implementation solves this by explicitly calculating the
block-wise dependencies. Figure 5.2 illustrates the dependencies of one grid element.
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iter-1: ) ite/
(|J(1
ij)
" 4
(i J'*l)

Figure 5.2.: Jacobi Iteration dependencies. As can be seen, a grid element depends upon
the neighboring elements and that the previous element computation has been
completed.

In Listing 5.3 the block-wise dependency calculation is shown:
e The current item has to be calculated in order to be able to continue (Line 8)
e The left item, iff index is not on the left boundary (Line 10)
e The right item, iff index is not on the right boundary (Line 12)
e The top item, iff index is not on the top boundary (Line 14)

e The bottom item, iff index is not on the bottom boundary (Line 16)

1 typedef hpx::lcos::dataflow<void> dataflow_t;
2 vector<dataflow_t> get_deps(
3 grid<dataflow_t> const & deps

4 , size_t x, size_t y

5 , size_t dst, size_t src)

6 {

7 vector<dataflow_t> r;

s r.push_back(deps(x,y));

9 if (x>0)

10 r.push_back(deps[srcl(x-1,y));
11 if (x+1<deps.N_x)

12 r.push_back(deps[src]l(x+1,y));
13 if (y>0)

14 r.push_back(deps[srcl(x,y-1));
15 if (y+1<deps.N_y)

16 r.push_back(deps[srcl(x,y+1));
17

18 return r;

19

Listing 5.3: HPX - Uniform Dependency Calculation
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Listing 5.4 shows the full implementation of the Jacobi Method with HPX. It is still 100%
C++ Standard compliant, but implements a complete novel approach to parallelism. Instead
of hinting the compiler to parallelize the loop, the parallelism is hidden inside the Data Flow
LCO. This Data Flow LCO is responsible for activating a new thread once all dependencies
have been met (see Listing 5.3). On Line 5 a new object is created and registered with AGAS
(see Chapter 3) and wrapped inside a special datatype. The iterations look exactly like in
Listing 5.2 but are now used to create the Data Flow tree. At first, of the current iteration
(Line 22) need to be determined. The call to u.apply (Line 24) creates the Data Flow object.
With hpx::bind (Line 25) a function object is created that will be executed once the passed
dependencies (Line 31) are met. This complies to the “moving work to data” paradigm imposed
by the ParalleX execution model (see Chapter 2). Interestingly, whether the object lives on
the current system or on a remote location is completely irrelevant for this code to work.

typedef dataflow_base<void> dataflow_t;
typedef vector<grid<double> > vector_t;

hpx::components::dataflow_object <vector_t>
u = new_<vector_t>(hpx::find_here(), 2, grid<double>(N_x, N_y, 1));

size_t N_x_block = N_x/block_size;
size_t N_y_block N_y/block_size;

© 0w N9 O g W N =

-
[=}

vector<grid<dataflow_t> > deps (2, grid<dataflow_t>(N_x_block, N_y_block));

-
=

size_t dst = 0;
size_t src 1;

,_.
IS
]

[
)

for(size_t iter = 0; iter < max_iter; ++iter)

16 {

17 for(size_t y = 1, y_block = 0; y < N_y-1; y += block_size, ++y_block)
18 {

=
t

19 for(size_t x = 1, x_block = 0; x < N_x-1; x += block_size, ++x_block)
20 {

21 vector<dataflow_t>

22 iteration_deps = get_deps(deps, x_block, y_block, dst, src);
23 deps (x_block, y_block) =

24 u.apply(

25 hpx::bind(jacobi_kernel,

26 hpx::placeholder::_1

27 , range_t(x, min(x+block_size, N_x))

28 , range_t(y, min(y+block_size, N_y))

29 , dst, src

30 )

31 , iteration_deps

32 )

33 }

34 }

35 swap (dst, src);

36 }

37 hpx::wait (deps);

Listing 5.4: HPX - Uniform Jacobi Method

Implementation of Data Flow for the ParalleX Execution Model 29



1
2
3

© 0w N O Ut

10
11
12
13
14
15
16
17
18
19
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It is important to note that after the loops are finished, the system will have already started
working in the background. By making these changes the removal of the implicit global barrier
imposed by OpenMP has been achieved. It was replaced with constraint based LCOs, which
control, with the help of the runtime system, all the introduced parallelism.

Just like the OpenMP implementation, the HPX implementation is also memory bound.
Except for pinning the operating system threads to the according cores, no other precautions
to accommodate NUMA architectures have been done. Due to the aggressive thread stealing
of the HPX thread-manager (see Chapter 3) an optimal NUMA memory placement strategy
cannot be found. Although, this thread stealing also implies the possibility to hide latencies
induced by inter-node memory traffic, it cannot compensate the intrinsic bandwidth limits of
current computing platforms.

5.2. Non-Uniform Workload

The second application of the Jacobi Method is chosen to show how different workloads on
an element update influence our implementations. A matrix obtained from a Finite Element
Method is chosen. The matrix is obtained from a structural problem discretizing a gas reservoir
with tetrahedral Finite Elements [37][38]. The matrix is saved in a compressed row storage
format to efficiently traverse it in the Jacobi Method Kernel. The implementation of the sparse
matrix data structure can be found. An implementation of the sparse matrix data structure
can be found in Appendix A.2 Listing A.2. As the uniform workload application, this problem
is memory bound. The resulting stencil is dynamic, and dependent on the number of entries
in each row. The chosen matrix has a minimum of one entry per row, and a maximum of 228
entries. The mean are 23.69 entries, with at least one element on the diagonal. The structure
of the matrix can be seen in Figure 5.3.

typedef pair<size_t, size_t> range_t;

void jacobi_kernel_nonuniform(crs_matrix<double> const & A
, vector<vector<double> > & x, vector<double> const & Db
, pair<size_t, size_t> range, size_t dst, size_t src

)
{
for(size_t i = range.first; i < range.second; ++i)
{
double result = bl[i];
double div = 1.0;
const size_t begin = A.row_begin(i);
const size_t end = A.row_end(i);
for(size_t j = begin; j < end; ++j)
{
if(j == i) div = div/A.values[j];
else result -= A.values[j] * x[src][A.indices[jl];
}
x[dst][i] = result * div;
}
}

Listing 5.5: Example Kernel for the Non-Uniform Jacobi Method
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Figure 5.3.: The structure of the Serena Matrix. This figure shows a spy plot of the the Serena
Matrix [37]

Based on these properties, it can be assumed that the diagonal element of the matrix, and
the element of the source grid are cache resident. Based on these numbers, the mean memory
transfers for this problem are 47.38 (2 for the destination grid and the right hand side, 22.69
for the matrix elements and 22.69 for the source grid). These numbers are the baseline for the
performance discussion in Section 6.2.

In Listing 5.5 the implementation for the non-uniform jacobi kernel is shown. Instead of
the fixed stencil in Listing 5.1, the stencil is now given by the non-zero entries of the current
row in the given matrix. This is what determines the non-uniform workload in the different
block-wise updates.

5.2.1. OpenMP Implementation

Listing 5.6 shows the OpenMP implementation of the Jacobi solver for the non-uniform prob-
lem. It can be observed, that it is almost the same as before (see Listing 5.2). The differences
are the explicitly saved matrix and the call to the different kernel. In order for OpenMP to
better cope with the dynamic workload, a binary with with dynamic work has been compiled.
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vector<vector<double> > u(2, x);

-

2
3 high_resolution_timer t;

4 size_t src = 0;

5 size_t dst = 1;

6 t.restart () ;

7 for(size_t iter = 0; iter < max_iterations; ++iter)
s {

9 /*x

=
[=}

* Alternatively, dynamic scheduling can be enabled by commenting out
11 * the following line and comment the other pragma.
12 #pragma omp parallel for shared(u) schedule(dynamic)

13 *%/

14 #pragma omp parallel for shared(u) schedule(static)
15 for(int i = 0; i < x.size(); i += block_size)
16 {

17 jacobi_kernel_nonuniform(

18 A

19 , u

20 , b_

21 , pair<size_t, size_t>(i, min(i + block_size, x.size()))
22 , dst

23 , Src

24 )

25 }

26 swap (old, new_);

27 }

Listing 5.6: OpenMP - Non-Uniform Jacobi-Method

5.2.2. HPX Implementation

The HPX implementation of the non-uniform Jacobi Method in Listing 5.9 is subject to more
changes. Some of the differences are the explicitly saved matrix and the dataflow application
of the nonuniform kernel (see Listing 5.5) instead of the one outlined in Listing 5.1. Due to
these changes, the iteration and creation of the Data Flow objects changes.

1 struct lse_data

2 {

3 lse_data(

4 crs_matrix<double> const & A, vector<double> const & x

5 , vector<double> const & b)

6 : ACA), x(2, x), b(b) {}

7 crs_matrix<double> A; vector<vector<double> > x;

8 vector <double> b;

9 };

10 void jacobi_kernel_nonuniform_lse(lse_data & lse, range_t range,
11 size_t dst, size_t src)

12 {

13 jacobi_kernel _nonuniform(lse.A, lse.x, lse.b, range, dst, src);

14 }

Listing 5.7: HPX - LSE Data Structure
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Another significant difference is the data structure, which holds the matrix, left hand side,
and right hand side information (see Listing 5.7). This is needed in order to efficiently store the
necessary information in the global address space. A wrapper function is created that forwards
the call to the right kernel and unpacks the LSE elements.

The dependency calculation in Listing 5.8 now determines which of the neighboring blocks
contain the depending elements.

1

2 vector<vector<size_t> > calc_dependencies(vector<range_t> block_ranges)
3 {

4 vector<vector<size_t> > dependencies(block_ranges.size());

5 for(size_t b = 0; b < block_ranges.size(); ++b)

6 {

7 for(size_t i = block_ranges[b].first; i < block_ranges[b].second; ++1i)
8 {

9 size_t begin = A.row_begin(i);

10 size_t end = A.row_end(i);

11 for(size_t ii = begin; ii < end; ++ii)

12 {

13 size_t idx = A.indices[iil];

14 for(size_t j = 0; j < block_ranges.size(); ++j)

15 {

16 if (block_ranges[j].first <= idx &&

17 idx < block_ranges[j].second)

18 {

19 if (find (dependencies [b].begin(), dependencies[b]l.end (), j)
20 == dependencies[b].end())

21 {

22 dependencies [b].push_back(j);

23 }

24 break;

25 }

26 }

27 }

28 }

29 }

30 return dependencies;

31 }

Listing 5.8: HPX - Non-Uniform Dependency Calculation

The algorithm in Listing 5.9 then computes the Jacobi iterations by looping over the calcu-
lated block ranges (Line 2 to 8), extracting the correct dependencies for the current block and
applying the appropriate Data Flow object.

1
2 vector<range_type> block_ranges;

3 for(size_t i1 = 0; i < x.size(); i += block_size)

4 A{

5 block_ranges.push_back(

6 range_type (i, min(x.size(), i + block_size))
7 )
s }
9

vector<vector<size_t> > dependencies(calc_dependencies(block_ranges));
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typedef dataflow_object<lse_data> object_type;
object_type lse(new_<lse_data>(find_here(), A, x, b_).get());

size_t src = 0;

size_t dst = 1;

typedef dataflow_base<void> dataflow_t;
typedef vector<dataflow_t> dataflow_grid_t;
vector<dataflow_t> deps (2, promise_grid_type(dependencies.size()));

for(size_t iter = 0; iter < max_iterations; ++iter)
{
for(size_t b = 0; b < block_ranges.size(); ++b)
{
vector<dataflow_t> iteration_deps(dependencies[b].size());
for(size_t p = 0; p < dependencies[b]l.size(); ++p)
{
iteration_deps[p] = depsl[src][dependencies[b]l[pl];
}
deps [dst] [b]

= lse.apply(
hpx::bind(jacobi_kernel_nonuniform_hpx,
hpx::placeholder::_1
, block_ranges[b]
, dst, src
)
, iteration_deps
)
}
swap (src, dst);
}
hpx::wait (deps);

Listing 5.9: HPX - Non-Uniform Jacobi Method
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This chapter evaluates the performance of the implementations discussed in Chapter 5. The
benchmarks were run on a multi-socket AMD Istanbul platform. The nominal specifications of
this machine are:

e 8 Sockets, one AMD Opteron 8431 each socket 6 Cores per socket (48 Cores in total):
— Base speed: 2.4 GHz
— L1 Cache Size: 128 KB (per Core)
— L2 Cache Size: 512 KB (per Core)
— L3 Cache Size: 6144 KB (shared)

e 2 GB RAM per Core (96 GB RAM in total)
e Maximum 8.5 GB/s Memory Bandwidth per socket.
e Theoretical double precision peak performance: 230 GFLOPS/s

Apart from the nominal numbers, the STREAM benchmark [39] was run to measure the
maximum memory bandwidth. Figure 6.1 shows the result of the STREAM benchmark Copy
test. Due to memory bound nature of the discussed algorithm (see Section 5). These exper-
imental results are used as the basis of the subsequent considerations. Deriving from theses
numbers, the maximum achievable speedup is 4.88 and scaling beyond four cores cannot be
expected. Additionally, the implications of non-optimal memory placement can be observed
by considering the difference between the theoretical bandwidth and the measured. By placing
the allocated memory pages in a round-robin fashion (interleaved) a good estimate on how
much performance can be expected in our benchmarks was acquired.

6.1. Uniform Workload

For the uniform problem (Section 5.1), weak scaling and strong scaling tests have been per-
formed. For weak scaling, the number of points on the y-axis were kept constant at 100000,
and for every core 1000 grid points on the x-axis were added. For strong scaling, a problem
size of 10000x100000 (N_x = 10000 and N_y = 100000) has been chosen. The block_size has been
chosen to be 1000 such that one tile calculation fits easily into the level-2 cache of our plat-
form. Additionally, the problem size has been chosen big enough such that enough work for
all processors can be assumed. The algorithm has been run for 100 iterations.

The performance is measured in Mega Lattice Site Updates per second (MLUPS). One lat-
tice site is one element of the grid. Based on the performance characteristics of the benchmark
platform, the maximal achievable performance can be calculated. The update of one lattice in
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Figure 6.1.: Measured memory bandwidth on the benchmark platform. The shown data allows

to derive that the best possible speedup when scaling from 1 to 48 cores on this
particular system is 4.88 ( 256%) Further, this figure shows that increasing the num-
ber of utilized cores per socket beyond four does not yield any performance benefit

(the scaling numbers for six cores per socket are smaller than those for four cores).

the uniform grid requires three memory transfers, thus 24 bytes are transferred. Dividing the
measured peak memory bandwidth by those numbers, leads to an expected maximum perfor-
mance (shown as blue lines in all figures). For the OpenMP implementations, the performance
has been measured with static and dynamic work scheduling.

All of the benchmarks show the same weak scaling behavior for the uniform testcase. It can
be observed that the HPX implementation is able to perform and scale as good as the OpenMP
implementation (Figure 6.2(a)).

Weak scaling on the entire system (Figure 6.2(b)) is similar to scaling on one core. When
utilizing the complete machine, the presented implementations are able to reach the expected
performance almost everywhere. HPX performance starts to decline after using more than
5 sockets. This is due to the currently non-optimized NUMA placement (a maximum of 9%
slower).

For strong scaling, OpenMP is able to perfectly use the resources of the system, while HPX
is around 15% slower (Figure 6.3(a)) when using only one socket. This behavior is expected
and can be explained with runtime overheads of the HPX runtime system, which cannot be
amortized by such a highly regular workload. The scaling behavior however is consistent for
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Figure 6.2.: Weak scaling of the uniform problem. The measured results for the OpenMP
and HPX applications are compared with the measured maximum bandwidth (as
derived from Figure 6.1). Both, the OpenMP and HPX applications have similar
qualitative scaling behavior. All three implementations show good weak scaling.
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Figure 6.3.: Strong scaling of the uniform problem. The measured results for the OpenMP
and HPX applications are compared with the measured maximum bandwidth (as
derived from Figure 6.1). On one socket HPX is constantly slower, this behavior
is consistent with our expectations. The OpenMP application can leverage almost
the full memory bandwidth. When adding more and more parallel resources, the
HPX implementation is able perform as good as the OpenMP one.
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Figure 6.4.: Strong Scaling of Non-Uniform workload. These figures show that both implemen-
tations have similar qualitative scaling behavior. When running on one socket, the
HPX application runs consistently slower than the OpenMP application. However,
the difference is much smaller than in the uniform case. On the entire machine,
it can be seen that the HPX application is able to gain ground with an increasing
number of parallel resources utilized for the runs.

both implementations.

Figure 6.3(b) shows the performance of both implementations for the entire system. For both
runs, interleaved memory placement is used. It can be seen that the OpenMP implementations
are able to almost reach the expected performance. The HPX implementation shows the same
scaling behavior. However, the MLUPS for the HPX can not reach the performance of the
OpenMP implementations. Overall it is marginally slower. Changing the scheduling of the
OpenMP work chunks, only influences the results minimally.

6.2. Non-Uniform Workload

The Jacobi Solver for the irregular grid discussed in Section 5.2 was run for 1000 iterations and
a block_size of 50000 has been chosen such that the level-2 cache is employed appropriately.

The expected MLUPS for the non-uniform application were derived from the mean number
of entries in one row in the sparse matrix (see Section 5.2). Thus a mean number of memory
transfers of 47.38, which means that 379.04 bytes are transferred for one lattice update. Again,
dividing the measured peak memory bandwidth by those numbers, leads to an expected max-
imum performance. For the OpenMP implementations the performance has been measured
with static and dynamic work scheduling.

The performance behavior of the non-uniform problem on one socket (Figure 6.4(a)) shows
similar properties than the regular problem. Due to the workload imbalance, the constrained
based parallelization technique is able to gain ground. The HPX implementation is now only
6% slower than the OpenMP one.

In Figure 6.4(b) the benefits of the constrained based implementation with HPX can be
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seen very clearly. The more parallel resource are added to the system, the better the HPX
implementation is able to perform. It can be observed that a maximum of 17% performance
gain (24 cores) over the OpenMP implementation with static scheduling can be reached. This
can be explained by the fact that different timing behaviors due to the irregular mesh lead to
imbalanced workloads on the different threads. While HPX is able to dynamically schedule
work items, the implicit global barrier of OpenMP needs to wait until all blocks are finished.
However, when using the dynamic work scheduler of OpenMP, both parallelization paradigms
are mostly on par. The OpenMP implementation is still able to slightly outperform HPX.
While HPX offers a solution that leads to acceptable performance for equally distributed and
highly irregular workload, we need to manually adapt the OpenMP pragma and compile two
different versions of our program to get the maximal achievable performance.
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7. Conclusion

This thesis describes the ParalleX execution model with its implementation, the High Perfor-
mance ParalleX runtime system. A Dataflow LCO has been developed and applied to a well
known algorithm. The performance and scaling characteristics of two different applications
of a Jacobi solver for a linear system of equations have been evaluated. One application is
using a very regular, uniform grid, whereas the other solves the linear system of equations on
a highly irregular grid. Both applications have been implemented using OpenMP and HPX.
The results presented confirm that the data driven, task-queue based, fine-grain parallelism
and the constraint based synchronization methods as implemented in HPX show no significant
loss of performance for this class of algorithms. It can be seen that both approaches, using the
OpenMP paradigm and the ParalleX model, lead to comparable results. While OpenMP is
able to achieve better results than HPX in the general case, it should be noted that OpenMP
has been in development and production for almost 15 years and as such was subject of various
optimization. HPX on the other hand did not yet leave the experimental stage. Version 0.8, a
public pre-beta has been released on March, 23rd, 2012.

While this thesis didn’t discuss distributed memory systems it should be noted that for-
mulating an algorithm with HPX that is able to run on clusters is easy to implement. The
exchange of ghost zones can be formulated in terms of Data flow and the communication will
be automatically overlapped with computation. Such an approach will lead to highly complex
implementations if implemented with conventional methods such as MPI and OpenMP.
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A. Additional Implementations

A.1. Grid Data Structure

1 template <typename T>
2 struct grid

3 {
4
5
6
7
8
9

10
11
12
13

15 };

grid(size_t N_x, size_t N_y)
data(N_x * N_y)
, N_x(N_x), N_y(N_y)

{3}
T & operator () (size_t x, size_t y)
{
return datalx + N_x * y];
}

vector<T> data;
size_t N_x;
size_t N_y;

Listing A.1: Grid Data Structure

A.2. Sparse Matrix Data Structure

1 template <typename T>
2 struct crs_matrix

3 {

© 0 N O Ut e

10
11
12
13
14
15
16
17
18
19
20
21

typedef vector<T> values_type;

typedef typename values_type::reference reference;

typedef typename values_type::const_reference const_reference;
typedef vector<size_t> indices_type;

size_t row_begin(size_t i) const

{
return rows[i];
}
size_t row_end(size_t i) conmnst
{
return rows[i+1];
}

size_t col(size_t j)
{

return indices[j];
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35

A. Additional Implementations

}
T & operator[](size_t j)
{
return values[j];
}
T const & operator[](size_t j) const
{
return values[j];
}
vector <T> values;

vector<size_t> indices;
vector<size_t> rows;

Listing A.2: Sparse Matrix Data Structure
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