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ABSTRACT

With the advent of the many-core era of computing, nding pardelism has
become a key battleground to the performance of computer algthms. Traditional
methods focused on providing users with synchronizationipritives, standard thread-
ing models, and shared memory models. However, it was cleaatlthese models were
limited in performance. Thus, many new forms of synchronigan and parallel models
were designed focusing on the big three types of parallelisaata, task, and data ow.

Nevertheless, all these models (1) only solve a particularbmet of problems, (2)
provide limited extendability for addressing new forms of grallelism, (3) and require
a new languages with poor ne-grain performance.

As an approach to nd a unied solution to these problems, Tapstry is an
easily extendable portable compiler-free runtime. It is d#gned to quickly explore
new or traditional synchronization and execution models fanulti-core and many-core

architectures by separating synchronization and threadgimodels.
The main contributions of this thesis are:

1. Design of the Tapestry runtime and model to explore syncbnization features
or execution models that supports the mixing of all of the bighree types of
parallelism.

2. Proposal of extendable threaded dependency model of axean that expands
traditional threads, and the creation of optimizations to &tend traditional models
to support ner-grain parallelism.

3. Implementation of Tapestry runtime library using only C++ 98 for 2 di erent
platforms and 3 di erent operating systems with better perdrmance and scala-
bility than OpenMP Tasks and Cilk Plus.

Because of these aspects, my preliminary studies with Tapgshave shown

that the performance and scalability of the three types of pallelism can be improved

XVii



through the use of ne-grain optimizations and careful quesi design. And through
other studies, | have shown the bene ts of data ow synchromation to reduce operat-
ing noise caused by thread context switching. Tapestry hagbn enormously bene cial
in these aspects of study allowing optimizations to be eagibpplied across all syn-
chronization and threading models showing signi cant immvements can be made to

industry level parallel software such as OpenMP and Intel @i Plus.
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Chapter 1
INTRODUCTION

Within the last decade, CPU speed improvement has slowed dtasilly (Figure

1.1) due to major physical barriers in design. These are summaed as the following
[1]:

1. Shrinking chip geometry and increasing clock frequencguse transistor leakage
current to increase. This leads to excess power consumptiand heat.

2. Higher clock speed advantages are negated in part by memdagency since the
performance gap between the CPU and memory has been incragsat a rate of
50% each year for decades. The memory access time simply carkeep pace
with increasing clock frequencies.

3. The traditional serial architecture is becoming less e @nt as processors became
faster due to the Von Neumann bottleneck: a shared bus betweeata and
program memory limits the throughput between CPU and memorgompared to
memory size.

4. Finally, resistance-capacitance delays in signal trangsions are growing as fea-
ture sizes shrink.

The solution to these problems was to divide and conquer bydaking up work
and distributing it across many smaller processing element Thus, the current trend
in computing is increasing core count to add parallelism toasks. This can be seen
in AMD and Nvidia GPUs[2, 3], Intel processors and acceleratorg[5], and CPUs by
Tilera, Tl, AMD, ARM, and IBM[ 6, 7, 8, 9, 10].

Moreover, it is clear as core count increases that future ntanes will be vastly
di erent than current uni ed bus systems with shared memory These new systems
will utilize some hierarchy or mesh like network and will nosupport uni ed memory

access among all processors on a chip due to the complexithisTas evidenced in the
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Figure 1.1: Frequency Wall: The MIPS per CPU for Intel CPUs (caulated based
on publically available processor data) shows that CPU fregncy which is a major
contributor to CPU performance has stopped increasing at aund 2005, but the MIPS
per die are still increasing due to core count increasing amdher optimizations such
as faster interconnects.

development of Tilera iMesh technology], HyperTransport extensions for high node
count[11], and the IBM Cyclops64 crossbar interconnectp).

One such abstract machine that represents possible futureachine design is
presented in Figurel.2 This abstract machine contrast heavily with Intel QuickPdh
Interconnect (QPI)[13] and HyperTransport many-core machines in the fact that it
has a hierarchical interconnects whereas current Intel/AMDmachines implement a
hardware level point to point connection between the core3.hese technologies cannot
scale due to increasing complexity as core count increase hig is the reason why
HyperTransport provides extensions to support core count gater than 32 on boards
using special routing logic that does not guarantee uni ed emory access[l].

In addition, fundamental to dividing work to execute on multple processors is

the parallel execution model for these machines. Traditiah models were designed for



Figure 1.2: Future Abstract Machine: Future machines will mdslikely contain

blades/nodes that are connected with some sort of switchirfigbric such as In niband.
However, within a blade a central interconnect will only be amected to main mem-
ory with any number of controllers and special synchronizgiunits (SU) to sidestep
the Von Neumann Bottleneck. These SUs are full featured prosess with branching
etc. Their task is to distribute work to the simpler computatonal cores (CUs) and
synchronize with other SUs. These CUs most likely will not feate branch prediction.

serial execution environments with shared memories that dacontext switching. Syn-
chronization between threads occurred via mutual exclusimn shared memory regions
or with barriers. Naturally, these models could be easily eehded to support systems
with multiple cores and a uni ed memory. Nonetheless, theseadels required explicit
synchronization by the programmer on speci ¢ memory regierand were designed with
the notion of a uni ed shared interconnect. It is clear that hese models cannot work
as memory access becomes non-uniform and not available tbpabcessors. In addi-
tion, these models do not provide a way for threads to diregtlsynchronize instead of
synchronizing on memory areas. Directly synchronizing omiteads is key to providing

performance and power reduction on systems via smart schédg.



To solve these problems, this thesis introduces a C++ runtimknown as Tapestry
designed to explore new execution models. From Tapestrylaent feature set, a model
of execution is derived. This model extends traditional tleads to support many-core
uni ed bus systems with traditional memory and new systems ihout uni ed buses
or uni ed memory access guarantees between all cores. Thtles model of execution
and framework attempts to provide a way to utilize future mahines e ectively without
compromising performance on currently available systems.

For Tapestry to achieve this, the execution of threads is detmined by the
availability of input arguments to those threads. Those inpts can come from other
threads and are explicitly known to the scheduler. Threadshtis have inter-thread
dependencies which can be used to schedule threads e edtiwsithout guarantees of
uniformed memory access. In addition, for inter-core commication without shared
memory, these dependencies allow for explicit point to pdicommunication of data
through arguments without the need for a separate messagespag framework. Fi-
nally, the model supports fork/join parallelism which is the standard used in shared
memory systems. Hence, Tapestry's model can easily supparture machines without
compromising current machine performance.

This is why the model is an expression of the theories of dataw, and the
framework and execution model provides many of the feature$ a@ata ow by adding
them to the threading model and implicitly tying them to the threads themselves.
They provide information to scheduler and allow for point topoint communication.

Moreover, Tapestry aims to be a modular compiler free intex€e for creating and
running threads with many synchronization features. It als aims to x the shortcom-
ings of previous models such as EARTH{]] by providing a truly portable runtime that
can be executed across all types of architectures with manyatures. These features
can be used to evaluate various execution models across @as architectures.

In addition, Tapestry di erentiates itself from other modds of computing which
implicitly handle data movement using frames or allocated emory by allowing data ow

features to be expressed as part of a thread. This means thaalaw features are not



just part of the threading model and can be handled by the undkging runtime allowing
for all types of optimizations to apply dynamically. Thread that use these features
become inherently tied to their data; hence, these threadseageared for ne-grain
data-centric execution. Data and the computing thread arei¢d together in data-
centric approach. Whereas, in traditional models, threadsr @omputations are central
to the execution and data are fed into those computation thies by the programmer's
design as opposed, to the runtime doing this. This data-cemt execution can be varied
at runtime allowing for dynamic, static, or hybrid executims unlike previous runtimes.
Moreover, these threads can be moved near their data and extd as opposed to

moving the data to them.

1.1 Features

The Tapestry models provides a number of key advantages owuie existing
model of threading found in conventional operating systemf®r shared memory sys-
tems (POSIX Threads etc). Firstly, that standard model of theading's way to handle
dependencies has a number of thorny issues solved by expligpendencies between
threads. The standard model only allows dependencies to banuled at the pro-
grammer level using either some form of mutual exclusion oy lmanually scheduling
threads to avoid con icts. Dependencies met with mutual exasion require some form
of preemptive scheduling either voluntary or real-time; dterwise, a deadlock can form
when resources run out. Additionally, mutual exclusion of mmory is not guaranteed
in the future for many-core chips because keeping memory ipng between cores can
be costly especially with thousands of cores. Moreover, mgi mutual exclusion or
manually scheduling the threads would con ict with the scheule determined by the
operating system or runtime.

Explicit dependencies do not have these issues. Dependentgtching can be
handled by the scheduler using some established protocoldgend results to requested
thread's input. The scheduler can use information about tharguments to determine

how to adapt during runtime. For instance, it could favor loality of dependencies to



avoid long latencies. Additionally, the model does not need@eemptive scheduler to
handle dependencies because only threads that have theipdadencies met can run.
Finally, the dependency matching occurs in the scheduler. €hefore, the user does not
interfere with the scheduler. This allows the scheduler tond a more optimal schedule.
Allowing dependencies to be handled without manually scheling simpli es
the work of the programmer. The programmer does not need to ihdle dependency
matching using explicit mutual exclusive regions nor do thyeneed to manually handle
the scheduling themselves. The programmer just needs to iodte a thread should run

before another using a member function.

1.2 Challenges

A number of challenges exist by placing the dependencies hetscheduler. This
adds additional information to the scheduling and is usuallhandled by having two
gueues, one for tasks waiting for dependencies to be met ambther for tasks ready
to execute. The two simplest ways to check the waiting queus 1o do so only when a
dependency is met or after a certain amount of time has elapseBoth have varying
advantages. However, it is more optimal to only touch memory len you need to.
Additionally satisfying dependencies as they come allows filhve scheduler to maximize
parallelism by keeping the ready queue as busy as possibleut,Bvaiting to Il tasks
may give the scheduler more information about how to distrilte work. Either way,
when a task is ready it is moved from the waiting queue to the aely queue.

Implementing the dependency matching is another key chatige. It needs to be
fast. A simple approach is to use a counter and compare it agat the total number
of dependencies known. This can be easily done quickly withtrinsics on current
processors. However, future processors may not guaranteattin-memory atomics
will be available across chips or cores. Potentially theseuwd be available within local
memory which will allow threads to utilize atomics within a ertain small block of

processors which in turn forces dependencies to be local.s§lbly there will be some



implementation within hardware to allow dependency matcimg. In either case, the

matching needs to be fast and perhaps have access across thelevchip.

1.3 Problem Statement

With the advent of the many-core era of computing approachingrogramming
computers is becoming increasingly challenging. These teages are caused by the
lack of parallelism found in the Von Neumann model of computgn The current trend
of multi-core computing focuses on adding threads to this el and changes the
fundamentals of programming forever. Threads in the contexf current multi-core
systems are designed only for task level parallelism and asaly suitable for coarse
grain parallelism. They even lack thread-level dependensypport as described in this
chapter. Threads themselves are dependency free, but the my they access can
be shared. This adds complexity to programs. Additional prdbms arise as threads
make their move to many-core machines. Some such problemeliie nding enough
parallelism, power e ciency of threaded solutions, speeguof algorithms, and lack of
shared memory. Furthermore, no framework or runtime existas a transitory step to
move from simple multi-core systems to more complex systemvgh many more cores.
Key to nding parallelism in these many-core systems is takg tasks and data and
breaking them into ner and ner parts so that it can be run corcurrently.

The objective of this thesis is to explore along these idedsjt more speci cally

to:

1. Facilitate an integrated solution to many of these problas.

2. Provide a solution/software to move from a shared memory uiti-core system to
a many-core system.

3. Expand the current idea of a thread and parallelism to inade a more data-centric
ne-grain approach.

4. Facilitate new ideas on thread-level dependencies.
5. Expand ideas on locality and reuse in many-core machines.

6. Explore optimizations for current synchronization andecution models.



1.4 Contributions

Runtime systems are important for both many-core systems drcurrent gen-
eration multi-core systems. For current systems they allowxpression of new pro-
gramming models on top of existing operating systems. Fortfue systems they allow
for the exploration of new execution models on other systertfsough simulation and
the evaluation of their programming model. However, currentuntime systems are
quite rigid in their design. They couple the features of the ppgramming model with
that of the runtime system and tie their designs tightly to a peci ¢ hardware. This
is detrimental to portability and the evaluation of programming models and execu-
tion systems. Furthermore, runtime systems have a number pgfoblems when used
to evaluate speci c programming execution model featuredn general, programming
models use a source to source compiler to translate simplede into very complicated
runtime syntax. If the programming changes, code changes stwccur in both the
runtime and compiler. Not only that, the programming model rquires extensions to
popular languages such as C or the use of pragmas.

The main contribution this thesis makes is an open source ceiter free modu-
larized runtime to allow exploration of various programmig models:

Design of the Tapestry runtime and model to explore synchraration features

or execution models that supports the mixing of all of the bighree types of
parallelism.

{ Separation of threading and synchronization model from theperating sys-
tem or runtime design. | propose a model for runtime design wre the
synchronization model is independently designed from thewer level de-
sign. The synchronization model can use independent coderantime/OS
level synchronization to provide synchronization featuse The synchroniza-
tion model can also run on top of various runtimes or operatqisystems.

{ Compiler free voluntary preemptive scheduling. | proposeew ideas on how
to handle voluntary-preemptive scheduling at the runtimedvel without the
use of a compiler that saves stack information. This is indepdent of the
architecture and does not use low level assembly or the amaliion binary
interface (ABI).



{ Stackable scheduling. | propose a new scheduling concepattallows new
schedulers to be run on top of old schedulers. This allows tlséack infor-
mation and scheduling information of old schedules be savedile a new
scheduler runs on top. The new schedule may favor other thim¢han the old
and run temporarily. The old schedule can resume after the was nished.

Proposal of extendable threaded dependency model of exeontthat expands
traditional threads, and the creation of optimizations to &tend traditional models
to support ner-grain parallelism:

{ I propose a locality aware optimization that uses a lock-feeand synchronization-
free local queue to improve performance of fork/join algahms with abun-
dant work on multi-core systems.

{ Ipropose a locality aware optimization that directly exectes threads in local
stack space to improve performance of fork/join algorithmsvith abundant
work on multi-core systems.

{ | propose a locality aware optimization that directly exectes threads in
local stack space and skips the runtime to improve performee of fork/join
algorithms with abundant work multi-core systems.

{ I propose a locality aware optimization for fork/join that kips the scheduler
on join operations and directly executes work.

Proposal and implementation of a new high throughput inputestricted deque
that is lock free and cache-aware with better scalability thn locked queues and
Intel Cilk Plus' queue.

Proposal and implementation of a new methodology for comeil free work steal-
ing with support for blocking operations that is cache-awax.

First third party runtime to be ported to the C66X.

Implementation of the compiler free Tapestry runtime usingonly C++ 98 for
2 di erent platforms and 3 di erent operating systems that is an alternative to
Cilk/Cilk Plus or OpenMP Tasks with better performance and salability:

{ A compiler free Open Source alternative to Intel Cilk Plus vih comparable
speed and performance that is faster than MIT Cilk without is limitations
(legacy libraries can be parallelized). My runtime suppostall the features
of Cilk divide and conquer parallelism, but is compiler freand up to 15
times faster on x86-64. Furthermore, it has performance um t3x faster
than Intel Cilk Plus on x86-64 for less than 8 cores. In addin it has
better scalability and performance for 48 cores. Finally, itan parallelize
legacy code unlike Cilk.



{ New optimizations that bypass the scheduler for Cilk/ Cilk Pus divide
and conquer algorithms (what Cilk is designed for) and incase ne grain
performance of divide and conquer algorithms by up to 3x.

Created C++ Thread Dependencies that have the features of delets and EARTH
with optimizations:

{ The proposal, implementation, and evaluation of data drive threads. The
idea is tying work units to threads which allows the schedulg of work to
be done dynamically or statically by the scheduler withouthe need for a
compiler or programmer to handle this.

{ C++ methodology/implementation to determine thread deperency count
and type based on the function signature statically. | propge a technique
that uses templates, function pointers, member function paters, and func-
tion signature information including pointers to allow forrepresentation of
arguments as dependencies or as classical arguments for Cprograms.

{ A portable compiler free implementation of codelets that qaport all the
features of 5. The runtime supports all the features of the execution
model described by 15 and more.

{ Dynamically creating EARTH-like thread continuations to alow for code
optimizations. The runtime supports continuations like EAR'H. However,
the runtime expands the idea to allow for threads to create #fm on the .

{ Allowing multiple continuations to be spawned from the samehread which
introduces new optimizations.

{ A simple and easy way to change locality, parallelism, anddd balancing by
utilizing the idea of data driven threads in conjunction wih the scheduler.

Using the runtime, | evaluate the idea of data-centric threasl Current thread
models require the programmer to explicitly handle data m@ment and requires them
to handle task management within a thread. This stems from #h fact that threads
can have a number of de ciencies in their design for expresgi massive parallelism:
First and foremost, if thread creation time is too large, thrads cannot be used to
divide work, but rather work must be divided up within the thread. This means
the programmer will handle the movement of data and the schating of work. This
is complicated in current multi-core systems and will be ememore complicated as
core counts increase, chip divisions become more complaxj aon-uniformed memory

access are taken into account. Second, preemptive scheaicauses OS noise and this
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is compounded as thread count increases. In current cachesbd systems, as thread
count increases so does cache thrashing. Furthermore, ifetlthread count exceeds
the current system memory size, paging (retrieving memorydm secondary storage)
also increases. These can exponentially increase the tinoe &lgorithms with many
threads to nish. Further, memory size per core on future manrcore systems must
likely will be very small and a preemptive schedule does nolgee a bound on the
number of threads in memory at once. This is a huge problem. Fily, current system
threads have no way to express dependencies at the threadele Dependencies must
be handled within the thread manually by the programmer usig locks or some other
form of memory. Tying dependencies to the thread would givéé runtime or scheduler
more information to be able to better schedule threads.

This thesis proposes coupling threads, dependencies, aratadto alleviate the
former problems with thread design. Speci cally it introdues the idea that threads are
tasks of work and not just units of computation. These ideasxpand on thread-level

dependencies and are wholly unique.

1.5 Summary
The rest of this thesis covers all the all aspects of Tapestfyom the execution

model to the runtime:

Chapter 2 provides relevant background information to help understad the
model.

Chapter 3 explains the execution model derived from the Tapestry ruihe.
Chapter 4 presents an overview of the Tapestry runtime.

Chapter 5 provides a detailed explanation of the features of the rumte.
Chapter 6 explains details on the lower level runtime.

Chapter 7 contains benchmarks that compare the runtime to other runtnes.
Chapter 8 describes all work that is related to the current runtime.

Chapter 9 concludes the work and talks about potential future directins for
research.
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Chapter 2
BACKGROUND

The model of execution and framework that will be introducedn this thesis
known as Tapestry has features that are the evolution of mangoncepts of the past.
Its history can be traced to the multi-faceted idea of data @v and its fusion with the
Hybrid Von Neumann machines of the late 1980s. As the Tapestryafnework is an
expression of the ideas in data ow, its future has become eahched in data ow's
ideals. Thus, it is important to understand data ow's histay to see why Tapestry's

future is rich.

2.1 Dataow

Data ow was a departure from many of the ideals of Von Neumanarchitectures
(uni ed bus assumption with a single processor). In data owarchitectures there is no
program counter, and the execution of instructions is soleldetermined based on the
availability of input arguments to those instructions. These principles came about
as reaction to the shifting trend toward multitasking in the late 1960s. Data ow's
features were primarily designed to provide abundant patdalism for multitasking.

Despite providing many new strengths, data ow had a numberfoveaknesses.

2.1.1 Historical Perspective

The theory of data ow language execution stemmed from the ed for paral-
lelism which was fueled by the trend of multitasking in the lee 1960s 16]. This need,
coupled with the desire to represent programs in a simpli ednanner laid the bases
for data ow's features [L7]. Data ow in general is a computer architecture model that

is painted as heavily contrasting to the popular and now ubigtous Von Neumann
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architecture model. The three main features of data ow arel) no program counter or
global store, 2) the execution of operations is driven onlyylthe availability of input
arguments, and 3) programs are represented by graphs.

The rst model of data ow was known as static data ow and included only
pipelined parallelism, but overtime the exchange of ideaerti ed a model with maxi-
mum parallelism further progressing it into what is known aslynamic data ow. The
model began its infancy in the late 1960s and grew from the iegendent, but semi-
nal works of Karp and Miller [18], Rodriguez[L9], and AdamsR(. However, the idea
of data-driven computations was rst introduced in the orignal version of Karp and
Miller's paper in 1964 according to Jack Denni2[l].

In 1972, the rstversion of the data ow language was introdaed by Jack Dennis
[22]. This language brought together the features of many oldé&anguages and schemas
that used similar ideas, but was wholly unique in expressiansf Jack Dennis' ideas for
parallelism. A subsequent static data ow architecture modl blossomed in 1975 to
execute such a language. As a result, this solidi ed the statmodel as fundamental to
the theory of executing of data ow languages?3. That same year, Arvind introduced
a new way to interpret data ow languages which was crucial taéhe development of
dynamic data ow [24]. The 1980s saw further progression of these ideas. Finalily,
the mid 80s and early 1990s some data ow machines were proddd25].

But due to the poor performance of data ow machines in compeon with Von
Neumann ones, only the remnants have lived on in current ar¢actures. However,
with the development of massive many-core machines with thsands of cores, the

idea has been resurrected and fused with traditional Von Newann architectures.

2.1.2 Features

Although data ow's past is checkered, it still is important to understand the
unigue benets of parallelism it provides through its featves. Data ow contrasts
heavily with control ow. Data ow focuses on the movement oflata through a program

and the relations of that data to di erent components of a prgram. In general in
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data ow, multiple components can be active at once taking irdata or producing it.
In contrast, control ow focuses on which component of a pragm will be executed
at a certain time. Order is important in control ow programs. Whereas, in data ow
components execute once they are ready and in no particulader.

Data ow's concept relies heavily on graphs to represent iteatures. A data ow
graph is a direct graph with vertices called actors and edgealled arcs. Arcs leaving
a node are called the output arc of that node. Arcs coming intdhait node are known
as input arcs to that node. At the end and beginning of a progma graph there will be
arcs that are not connected to any actors. These are the inpahd output arcs of the
program graph.

The most fundamental component of data ow is the actor. The eor is a
single computation which takes in data and produces new dat#éctors are similar to
instructions in the Von Neumann architecture. However, acter only have a partial
order determined by their dependencies. An actor can be thdutgof as the most basic
unit of computation and thus cannot be any smaller. Any numbepof actors can be
executed at once as long their dependencies are met. Depemnies are created by
connecting outputs of one actor to the inputs of another. Dat moves across these
connection arcs and is known as tokens.

Data ow is a natural, simple, and a generic way to represent program. Pro-
grams are naturally represented by their dependencies angeanot written in a speci ¢
language, but represented by a data ow graph. This graph isegeric to all the various

programs across any data ow machine and has seven basic astoThese are the:
N-ary function - Computes a function with N inputs.

Unary function - Computes a function with 1 input.

T-gate and F-gate - The input token moves to the output once a Trd- token is
present.

Deterministic Merge - Depending which T or F token is preserin the control
line, the token on the T input or F input is correspondingly meed to the output.

Nondeterministic Merge - Moves inputs non-deterministict to the output.
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Split node - Duplicates input tokens to the output.

Switch node - Moves the input token either to a T output or F ouput depending
on what token is on the control line.

Data ow programs can be composed of any number of these adoiTo execute
a program, these actors need rules. The rules are simple: asd as an actor instance
has all its inputs and no tokens on its output it can execute. fie actor is an enabled
state when this is true. Once the actor instance executes apdoduces a hew output
token, it is said to have red. These rules are the fundamentawo general classes of
data ow: static and dynamic. In static, two tokens cannot ocupy the same arc at the
same time. Thus, when ring in static data ow, the output arcs of a token must be
empty so they have space for the new tokens. In dynamic datang multiple tokens
can be present per arc and colors are used to di erentiate. Ea color represents a
di erent execution of the same instructions. Tokens waitig must have the same color
to allow an actor to re.

There are special ring rules for merge actors. If there is gnnput and no output
on an nondeterministic merge actor, it can re. Similarly fo the deterministic one,
the actor may re if there is a boolean token on the switch linand the corresponding
input line has a token. These special rules allow data ow toupport conditionals and

loops.

2.1.3 Static Data ow

Static data ow follows all the rules mentioned above: one te@n per arc and
one instance of the same actor ring, but it has a simple and eg way to interpret a
data ow graph through its rules about graph instancing. Thee rules however limit its
potential parallelism because a section of the graph that executed repeatedly such
as in recursion or with a loop execution cannot execute in plel.

In the static data ow interpretation, only one instance of agraph ever exists,
meaning that each node of a graph is unique and cannot have tple copies of the

same node running. Because of this, recursion and functioalls are challenging to
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implement. In general on most recursion, if the same insta@of a graph is used for the
recursive call it can result in a deadlock. However, this is hthe case if the algorithm
is implemented with tail recursion. Function calls also ha the same problem where
if two calls occur simultaneously it can result in a deadlock

The limit on instancing of actors (one instance per actor caanly be running)
also reduces the amount of parallelism available for loopgcursion, or wherever the
graph needs to be reused. Because parallelism is inhererfdyind in data ow, it is
essential for these areas to execute fast. Two di erent stions have been proposed to

limit these problems:

Pipelining the execution of the actors.

Duplicating the graph.

For pipelining, the graph of code needs to be organized so tharanches are
the same size. In addition, it must be cycle free. Data shoulok available and ready
so that the iterations may execute one after another as quigkas possible. This is
called pipelined parallelism. It is the responsibility of he architecture or compiler
of the data ow language to guarantee a mapping that will reduin this. Otherwise,
there will be stalls or bubbles in the program execution whicwill slow down its total
execution time R6]. Another key aspect essential to fast executions, is to makere
that graphs are constructed in a pipelined fashion to guaréee the most parallelism
possible R7]. For duplicating, subsequent iterations or recursive dalto a graph would
be duplicated. However, this will work well only if the numberof iterations can be
determined at compile time.

These solutions put much emphasis on the compiler and rely &y on the
compiler optimizing code. Therefore, building an e cient aad good compiler is major
challenge of static data ow.

Even with pipelining, static data ow still has the major disadvantage of lacking
the ability to reuse the same graphs. Hence, recursive callanaot be implemented

without duplication on graphs of known size.

16



2.1.4 Dynamic Data ow

The dynamic data ow interpretation of graphs builds o the fundamentals of
the static interpretation, but allows for more parallelism. The idea stems from U-
Interpreter interpretation of graphs ( Arvind [24]) by associating each token with a
tag or color. Dynamic data ow creates multiple instances o graph by allowing each
actor to have many instances. The tokens are linked to eachsiance of the actor.
These ideas provide the basis and fundamentals to create uesion and function calls.
The implementation details are left to the designer. Howevem general on a function
call, a new token is created with a tag or color. Within that furction all tokens will
have that color until they are returned.

Because there are multiple instances of nodes, this meansxmaum parallelism
can occur in loops due to the fact the same node in a loop can exte at the same
time as another iteration without waiting for another instance to nish. This assumes
dependencies do not exist across iterations of a loop. Swniy, recursive calls and
multiple function calls can occur in parallel.

Nevertheless, in actual hardware token matching is di cult b implement be-
cause the scheme can be costly and too complex. Each token ta$e matched to
other tokens. This requires storing memory for every tokerf-urthermore, if matching
is implemented with an associative search, this would regaieach token to be checked

against all others.

2.1.5 Semi-Dynamic Data ow

Semi-Dynamic data ow is the convergence between the feats of static and
dynamic data ow to address the shortcomings of both. Variosl implementations
exist[28, 29, 37, but in these models the dominant idea is to use static dataw within
a function and dynamic data ow to schedule functions. This dows for recursive level

parallelism, but not loop level.
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2.1.6 Problems with Data ow

Data ow provides very ne-grain execution, but synchronimng is not freeB1].
As the number of actors synchronizing increases, so does tlustc The cost can be
high for such ne-grain synchronization. Most instructiors take two pieces of data,
and that means there is on average two synchronizations p@struction which can be
quite costly.

Another complex issue with data ow machines is their desigrof parallelism.
Sequential code must execute in order using dependenciesacltinstruction is depen-
dent on the other instruction in the code, which causes thenotbe issued into the
execution unit one at a time as they wait for their dependenes to be met. If the pro-
cessing pipeline is N length and each takes one cycle, thermteastruction will have
to wait a minimum of N cycles before executing. This means th@ocessor utilization
is 1/N and the execution will take around N times as long compad to a conventional
Von Neumann machine.

Lastly, data ow machines do not exploit locality of data or bcality of reference
e ectively. In conventional machines, data is short livedt is consumed then discarded.
So, conventional machines will exploit this by having a fewes of registers that are quite
fast because they are stored close to the processor unlikexantional memory. When
the program is executed, most data is stored and used withitnése registers because
its life is short term. Furthermore, caches are added to aidhithe reuse of larger sets
of data and enhance code with temporal (accesses to the sawmmation will occur close
together) or spatial locality (accesses to locations in maary are close). This known
as locality of reference.

In data ow locality of data occurs between creation of a toke and its use by
another actor. The locality is de ned by the time between thearrival of the rst
token and the nal token to execute an actor. In empirical stdies it has been shown
this time is small in most cases. Therefore, data ow would Imet from a way to
do token matching using registers close to the processor acdmpilers. Yet, this is

hard to exploit because the non-determinate order of tokeman increase their average
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lifetimes. This makes it hard for the compiler to analyze angredict the lifetime of

the tokens.

2.2 Hybrid Von Neumann/ Data ow Machines
Hybrid Von Neumann machines add data ow properties to threads.The two

methodologies of doing such include combining data ow aa®into a thread or adding
data ow synchronization into the thread model. The rst methodology groups data ow
actors into a more conventional Von Neumann ideology allowgnsynchronization to
occur on the edge of groups. The actors within the group aredmred sequentially.
The second methodology adds signaling to threads of a Von Neainm machine so they
can synchronize much like a groups of data ow actors in the st methodology. Both
these methodologies reduce the synchronization of reguldata ow by a factor equal
to the average number of instructions per thread. Also this deices space used for
these signaling mechanisms. This can be substantial in reding synchronization costs.
Furthermore, this idea increases locality of data ow progims allowing for registers to

be used within threads much like they are in Von Neumann maches.

2.2.1 The Super Actor Machine

The Super Actor Machine ( SAM ) was a hybrid Von Neumann/ Data ow
execution model and abstract machine. Programs for the mddeere designed to be
written in a high level language and then translated into a da ow graph. Actors were
grouped together into super actors using an algorithm to mimize the arcs across the
boundaries of actors using a translator. The actors were théranslated into threads to
be loaded on the machine. The machine was very much a data owachine and used
an innovative feature called a register cache to reduce dtin the data ow scheduling

unit.

2.3 EARTH Model
The E cient Architecture for Running THreads ( EARTH ) [ 14] model of mul-

tithreading as the successor of SAM falls within the class of Hgid Von Neumann /
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Data ow models. The model was designed for o the shelf compents and uses a
higher level language called Threaded C to translate codetonthe EARTH language
speci cations. Threads can be spawned in the EARTH model ugirthe invoke keyword
on a function call. These threads' frames contain signalingformation to support some
data ow properties. These properties are token-like invation of threads. The main
di erence with other hybrid models and EARTH is that EARTH can link function
frames to other threads using a grouping called a threadedquedure. This means
multiple threads under a threaded procedure will share theame function frame.
When a grouping isinvoked the initial function in the frame will always run.
It can do two unique things: spawn new functions to run in pailéel using invoke
and setup other functions that is part of its threaded proceare frame to run after
a certain amount synchronizations/signals occur from othethreads. However, the
running thread still needs to spawn threads to signal the frae to run the new threads.
The signal information and data to be lled must be passed eXigitly to other threads
by the programmer and needs to be called by that thread unlesscompiler is used
to mitigate the programmer's responsibility for making a peallel application. Once
all signals are met, the dependent function can run. Signali can be reinitialized and

allows for reuse of memory.

2.4 Codelet Model
The Codelet Model of execution][5] extends upon the basic design of EARTH.
The main dierence here is it allows for availability of a resurce to be part of the

signaling information for a thread.

2.4.1 Inspiration

Codelets draw their ideas from data ow, EARTH, and previous wik in paral-
lelism. The execution model emphasizes a generic represéion of code with depen-
dencies via graphs much like in data ow. These event drivenrgphs are heavily inspired

by the execution of a generic data ow language and borrow miiderminology from
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there. The model also proposes the use of various featuresirEARTH with software
pipelining techniques leveraged from data ow. However, theechniques described in
the execution model document[5] focus only on software pipelining of instructions in
classical architectures. Lastly, the concept of codelet adist of instructions has many
roots in traditional computer programs.

The Model for Codelets borrows actors, ring rules, and depelency arcs from
data ow. The codelet graph can be thought of as a subset of a @eow graph, but
semantically rede nes actors and tokens. Furthermore, thenodel's ring rules are
more explicit than data ow, and are much more realistic beazse they take into account
resource constraints for the availability of ring. Finally, arcs for dependencies between
codelets also comes from data ow.

Similarly, codelets borrow the idea of threaded proceduresd split-phase con-
tinuations from the EARTH model of execution [L4]. In addition, the implementation
of the model would benet from the features of data ow pipelning combined with
classical software pipelining. Under the codelet model, thaded procedures may be
split further into codelets. This is similar to threaded pr@edures containing threads
in EARTH. Each threaded procedure can be thought of as a task wdii allows for
task level parallelism. Each task can run in parallel and benvoked. Further, sup-
port for suspending and continuing threads later once data iavailable will come in
the form of split-phase continuations. Such continuationsise much less space than
traditional thread suspensions. In addition, the model imigmentation would bene t
from software pipelining to increase parallelism. In stati data ow, pipelining means
keep data owing between codelets with minimal stalls in thepipeline and making
sure code graphs are constructed in a pipelined mann@6] 27]. Static data ow ac-
complishes this via novel compiler techniques to guarantelata is available when it is
needed by actors]7]. The model is looking for inspiration in these ideas to inease
the performance of programs de ned in the codelet model.

Lastly, the model's actors can be thought of as similar to tmitional threads,

but with dependencies. These actors are much more coarsa#grthan their data ow
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brethren, but should be much more ne-grain than traditiondoperating system threads

at the kernel or user space levels to support ner-grain pallalism.

2.4.2 Features

The codelet model is heavily inspired by data ow, but in paricular dynamic
data ow. The model can be thought of as a hybrid data ow modekhat is intended
to run on many-core Von Neumann systems. Speci cally the moldakes the concept
of an actor and extends it so the actor can have multiple ingtctions instead of one
action like in data ow. The model builds on previous work doa on EARTH.

Actors can be run in parallel as long as their dependencies anet and su cient
resources are available for them to run. Actors are groupedtinsubgraphs called
Threaded Procedures, and it is best to execute these subgnapn parallel. Each actor
is intended to run on traditional Von Neumann cores in parallewhen possible. These
actors are thought of as the smallest unit of computation a ¢e can do and thus need
to be scheduled appropriately.

The actors are much like traditional operating system threds. However, they
are non-preemptive and have dependencies to indicate whé®y should run. Depend-
ing on the implementation of the model, threads may voluntally yield for high latency
applications.

Much like data ow, programs can be represented by genericaphs with depen-
dencies represented as arcs between the actor nodes. Datasdetween these nodes
as tokens. However, the rules for the execution of actors mbjirdi er with four stages
of execution compared with the two for enabled and red for da ow:

Dormant - Does not have all its input tokens.
Enabled - Has all its input tokens.
Ready - Is enabled and resources are available to run it.

Firing - Has been scheduled to run.

Of these stages, mainly a Ready stage is added to indicate tegstem has

available resources to execute the codelet. This indicatds codelet model is much
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closer to a practical implementation compared with data owwvhich ignores such details.
The dormant stage is redundant as it just means not enabled. |Alhese stages are
dependent on token inputs and outputs. Unlike in the data ow nodel, tokens are not
simply data, and can represent an event. These events may i@spond to a system
node going down or other events and do not contain any data. Albugh the code
within the actors can be much larger than in data ow, speciakcontrol actors from
data ow have been added to allow token level control. Mainlyncluded in the model
are the:

The decider (the switch node for data ow)

The conditional merge

T-gate and F-gate

These actors allow conditional and loop schemes to occur sule the codelets
and not just inside. Conditionals and loop schemes allow artype of code to be
designed using the graph model and are very important to allogeneric representation
of code. Without them, programs would need to be built from wiiin each codelet,
and dependencies would be handled at the graph level.

Finally the model also de nes a way to functionalize a graph isimilar manner
that a function is de ned by a set of instructions in a traditional Von Neumann ar-
chitectures. The model can de ne a graph as a Threaded Proagd. These threaded
procedures can be called within the code like traditional fictions, and their graphs
will be duplicated so they can run in parallel. The model indiates these threaded
procedure graphs can be automatically produced by a compilthrough analysis of
traditional functions composed of instructions. In additon to that, these procedures

may require additional constraints to run such as locality foavailable arguments.

2.4.3 Parallelism

Much of the design and function of the codelet model relies qrarallelism.
Hence, a key question for performance of the model should beowhto reduce par-

allelism to favor locality? It is known that dynamic data ow produces maximum
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parallelism, but on a machine with limited resources this myabe overwhelming even
with many cores. According to the Codelet Model paper, paralism is a key chal-
lenge. This is very contradictory because dynamic data owan execute new instances
of actors as long as there are no dependencies. The codeletlehgaper claims that
software pipelining will be useful for achieving paralledm. Much like traditional meth-
ods pipelining loops can be achieved through duplication a€tors for simple cases, but
may require new methods.

For pipelined loop level schemas on traditional code if eaibration is analogous
to the creation of a codelet, at runtime pipelining would be éne cial. This means
parallelism can be a challenge. This is also a challenge faargllelism versus the
bene t of keeping codelets local.

Many software pipelining papers does not address these spechallenges nor
do they provide an adequate level of parallelisn8®, 33, 34, 35. The compiler frame-
work also needs to be good enough to model accurately the maoore chip so that
software pipelining is possible. The model proposes the useSingle-dimension soft-
ware pipelining (SSP) 6, 37, 38, 39; speci cally the multi-core version with extensions
for many-core machines4(].

Under SSP, the algorithm selects the most pro table loop, sipli es the loop
nest into a 1D loop, performs modulo scheduling, and makesrsuesources for par-
allelism are met. Under the parallel version, wherever the lsedule was delayed due
to the resource constraints, the delay is executed in parallusing Lamport clocks.
Speedup was good for a shared memory system with on-chip lo@an, but the num-
ber of threads run in parallel is only up to 140. This is quiteimited compared with
the number of threads available for future many-core systesn Therefore, for massive

many-core systems this idea still needs to be investigated inore depth.

2.5 Runtime Systems
A number of parallel runtimes exist that decouple parallel ppgramming from

the underlying hardware to a certain degrees: Cilk, Cilk Pk} Habanero C, Habanero
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Java, Intel Thread Building Blocks (TBB), Kernel for Adaptive, Asynchronous Paral-
lel and Interactive programming (KAAPI), and the SWift Adaptive Runtime Machine
(SWARM). All these runtimes use special compilers to supportheir features of syn-
chronization and spawning semantics except TBB.

Cilk [4]1], an extension to the C language from MIT, is similar to regal thread-
ing libraries in semantic use. However, the language is mudmsgler. Threads can be
asynchronously spawned using the special keywasgdawnand can be waited on using
the keywordjoin. The language requires the special keywoulk to label functions as
spawnable. The major advantage of Cilk is its simplicity andesign. The runtime uses
work stealing ( which it popularized ) 2] with guaranteed space bounds and optimal
load balancing. Furthermore, the runtime cannot execute ¢mcy code nor have ne-
grain synchronization using joins. Much of these problemsene later recti ed when
Cilk's technology was bought by Intel and created a closed swe derivative known as
Cilk Plus [43. Cilk Plus adds parallel loop constructs and allows for legy code, but
at the cost of its space bound requirements.

Habanero Java44] is a spin-o of X10 semantically and uses the features of X10
in the language with a work stealing runtime. It providesasyncand nish statements
which are similar to Cilk's cilk and join, but the nish statements allow a little ner
control. In addition to joining, it supports exible ne-gr ain barriers ( phasers ) and
locality aware constructs ( places ). Habanero C brings many these features to C by
extending C semantically. This makes the underlying runtim very similar in concept
to Cilk, but with support for phasersand in the future places

TBB [45, 46] is a C++ library that provides a task based approach to threding.
In general a number of constructs are provided to make paralism simpler through
parallel loop constructs and concurrent access containet$ neither of these are pro -
cient for the algorithm, task level creation is possible bynheriting the task class and
overriding methods. This task parallelism allows a spawn dnjoin syntax. For more
advance algorithms, there is a task level continuation avable ( similar to EARTH's

) which requires the user to explicitly pass class instanceaé variable information to
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child threads so they can |l out the data and signal the othetthreads. TBB requires
shared memory via the new keyword to achieve these e ects. fobermore, TBB uses
a scalable memory allocator and work-stealing popularizdyy Cilk [47].

KAAPI [ 48] is based upon the features of Cilk and extends its basic dgsifor
data dependencies. However, KAAPI is a derivative of C++ with spcial keywords for
spawning (fork ) and a special type quali er for shared data €hare). Its data sharing
is based upon global memory using these share keywords. Thedr level API is an
extension of the POSIX Threads APIl. KAAPI uses a data ow-like gaph to represent
closures. XKAAPI makes KAAPI simpler by making it a C only library. XKAAPI
allows for data ow like dependencies by using special tengiés with the KAAPI++
interface in conjunction with overloading a special structte. These templates are
similar to the concept of data-driven futures that are part 6the new C++ 11 spec.

Finally SWARM[49], a closed source runtime provided by ET International,
allows for thread spawning, joining, and signaling of othethreads like in EARTH. In
addition, it provides a way to continue the execution of a thead like that provided
by TBB. The signaling and data movement management is expiity done by the
programmer much like that in TBB. The major advantage of SWARMis that it can run
across di erent computer nodes via communication through CP/IP. SWARM claims
better performance than OpenMP$0] on certain applications on a shared memory

system.

2.6 Architectures

Tapestry is portable and can run on three di erent architectires x86-64, x86-
64 with cache coherent Non-Uniform Memory Access(ccNUMA), and Teg Instru-
ments' C66X processor with three di erent operating systes1Windows, Linux, and
SYS/BIOS. In this section, we will describe the Tl architectue and the AMD Interlagos

architectures.
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2.6.1 C66X Processor

The C66X architecture as seen in Figur@.1is multi-core digital signal proces-
sor that allows for general purpose computations and targeindustrial automation,
medical imaging, and high performance computing among oththings. The 6678 in
particular has eight cores and can achieve 160 GFLOPs operagiat 1.25 GHZ per core.
Each core has 32 KB of L1 Data Cache and 32 KB of L1 program cachich can
be con gured as SRAM(internal addressable memory) or cachi addition, each core
has 512KB of L2 memory that can also be con gured as SRAM or caehMoreover,
there is 4MB of shared memory known as Multicore Shared MenyofMSM) separated
from the cores available that can con gured as shared L2, Lache, or SRAM. Finally,
o -chip DDR3 is available for bigger programs. Only L1D and R within the same
core are coherent. If the MSM is con gured as shared L2, it isoh coherent. In addi-
tion, between cores nothing is coherent. If L2 is con guredsashared memory it is not
coherent either. Finally, DRAM is not coherent. It is up to the wser to manage the
consistency themselves. The C66X has 128-bit SIMD instruohs for xed or oating
point computations. The processor can execute up to 8 institions per cycle. Floating
point wise, each core can only compute 1, 2, 3, or 4 per cycledahusing double pre-
cision, 1 every cycle. Power wise it is rated at 10 watts opeirag at 1:GHZ which puts
it in the ultra low range. The system also contains a limited mmber of locks and has
no atomics. The major challenges with this system are managimemory consistency

issues and handling atomicity for data dependencies acrasyes.

2.6.2 AMD Interlagos Processors

The Interlagos processor is a NUMA server processor. The 6234qessor used
by this thesis has 12 cores. The particular board utilized bthis thesis is the has 48
cores, 4 sockets, and 8 NUMA nodes. The unique feature of the Irégos processor is
that it decouples the FPU from the cores and shares 1 FPU per 2 esrwith two 128 bit
wide fused multiply-add capability (FMAC) pipelines in whatis known as a module.

Each NUMA node consists of 3 modules or 6 cores. The advantageehds that 1
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Figure 2.1: Texas Instruments C66X Architecture
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core can fully utilize both FMACCS with 256 bit instructions a 2 cores both issuing
128 bit instructions. This means, the processor can execudedoubles per cycle for
every two cores. In addition, the microarchitecture introdces new FMA4 instructions
to allow for fuse-multiply additions. Using FMA4 allows the pr@essor to execute
8 doubles per every 2 cores. The NUMA nodes on the machine areencbnnected
with HyperTransport[5]] for a large number of processors with 6 cores per node. The
interconnect con guration can be seen in Figur@.2 Nodes connect to themselves have
a distance of 1. Each connected node has a distance of 1.6 andes not connected
directly have a distance of 2.2. This means the nodes take &i&d 2.2 times longer than
connecting to themselves. The main considerations for piiding good performance on
this machine are utilizing the bandwidth provided by the 8 mmories banks while
balancing the low-latency of inter-node memory. In generait is better to get more
throughput, by using the 8 memory banks when utilizing all 48ores instead of pushing

all memory operations into 1 node.
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Figure 2.2: AMD Interlagos 6234 NUMA Node Distances: Nodes connedtin this
picture have a distance of 1.6 and unconnected nodes have stalce of 2.2. Cores are
numbered in consecutive order with 0-5 being on node 0, 6-12 mode 1, and so forth.
Notice, that some cores in the same chip have a longer distartban others. That is
because there are 6 cores per die. So each processor has 2 diesse two dies are
connected via HyperTransport.
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Chapter 3
THREADED DEPENDENCY EXECUTION MODEL

The Threaded Dependency Execution Model (or Tapestry modelas designed
to combine the features of execution on shared memory sysemith that of the need
to execute programs on many-core systems that may not sharemory. The Tapestry
model speci cally allows for fork/join parallelism to be cobined with data ow-like
semantics to achieve a program execution that is fork/joingata ow-like, or a combi-
nation of the two within or across nodes by modifying the exisig notion of threads
to contain dependencies. The model allows programmers tackde problems using any

combination of programming models to achieve performance any type of system.

3.1 Threaded Dependency Model Overview

Currently in computing, dependencies are described at thastruction level. If
a dependency exists between two threads, they occur at thestruction level. If one
thread depends on another thread the dependent thread musemanually started up
after the other thread nishes.

Threaded dependencies are a way to automatically describd®at a thread's re-
sults can be the input to other threads, and those threads shldl start only after that
thread has nished copying its result into their argument Ist. There are number of ad-
vantages for this. First and foremost, dependencies on a tlakallow for programmers
to express complex dependency relationships between thitea Second, this gives the
threads a partial order, and the scheduler can handle the thad scheduling instead of
the programmer. Third, ne-grain parallelism can be easilyexpressed by breaking a

serial program up in terms of threads and dependencies.
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To get a better understanding of threaded dependencies, angeic model is
provided in the following sections that summarizes how idedrom previous works are
combined into are more versatile execution model (The Tapeg model). The model
has number of features and introduces many new challengesctamputing.

In the model, threads are the smallest unit of processing thaan be sched-
uled. They can be thought of as set of instructions that are gaentially-executed
(Instruction-level Parallelism may apply), can voluntarly yield execution, and be
atomically-scheduled. Threads usually contain argument® do work upon and re-
turn a value. These may be of any type. In addition, the argunmés may come from
other threads. Thus, these arguments can represent dependes between threads.
Furthermore, the dependencies may form loops or self-loop§hreads can also be
waited on for the result of their work.

The Tapestry model combines standard threads with that of da ow without
losing the traditional semantics incorporated in threadig models found in classical
parallel architectures. The idea is that a thread can be thaght of as an actor in
data ow. Its arguments can be thought of as arcs going into tt thread or actor. Its

return can be thought of as an arc leaving the thread or actor.

3.2 Actors as Threads

Actors represent a set of serial instructions and are similan concept to that
of Macro-data ow[52] and its predecessors, but may be voluntarily suspended rrio
loops, may be referenced by other actors, and be joined orelik fork/join parallelism.
These actors can be thought of as threads and are naturallypresented by a standard
function or method with inputs into them being represented & arguments. Hence,
actors are represented very simply.

Thus, the basic building block of the Tapestry model is the ttead or actor as
seen in Figure3.1 The thread allows for all sorts of parallelism concepts ihaling
parallel loops found in OpenMP%3], divide and conquer found in Cilk§i1], the actors

found in data ow[54], loops found in TIDeFlowp4], the codelets found in Codelet
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Figure 3.1: Tapestry Actor: The Tapestry actor represents a ttead. Each actor
is described by a function representing serial code with iop arguments into that
function. On return that function's results will be availabe to its dependent threads.
An actor is enabled once all its inputs are available. Howevethe actor may not be
scheduled to run until resources are available or if the usde ned a speci ¢ constraint
such as execute only on X processor.

Model[15], pipeline parallelism, and software pipelining. The stat of a Tapestry actor
is de ned by the function it executes, the availability of its arguments, the availability
of system resources, user de ned constraints, and if the actis part of a loop.
Actors in Tapestry can be created during runtime by other acts which di ers
completely from EARTH and TIDeFlow which are static. Furthernore, multiple graphs

can be executing at once in the Tapestry model.

3.2.1 Methods

An actor represented by a method (not a function) in Tapestry@quires a class
stored in memory. Tapestry dictates that threads with a metbd executing on a speci ¢
class at a certain memory location most be only be executed &k that memory
location is available to that method. This means executingio methods using the same
class memory across two separate physical memory locatiaeasnot possible unless a
global shared memory is employed. This makes sense becalisgvang the memory to
exist across separate nodes introduces all types of probkan copying the memory and

how to update the memory copy across multiple nodes. Not onlyeathese challenging
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problems, allowing this behavior would introduce much ineciency into method actors.

3.2.2 Merge and Switch Actors

In data ow and the Codelet model, there are special actors bethought of as
the conditional input (like a multiplexer) and conditional output (like a demultiplexer).
The input actor has multiple inputs with one output. The condtional input actor only
has one operation: to choose an input depending on what is dmetits condition line
and place the choice on its output. Similarly, the conditioal output actor has one input
and multiple outputs. Depending what is on the actor's condibn line, the actor's job
is to take the input and choose which output line to place thenput on.

The problem with these actors is that they come from data ow ad only perform
a few specialized operations. Most likely in conventionalystems, the work they do
is much smaller than the time to start and stop these actors. hiee, they have large
amount of potential overhead.

To remedy this problem, Tapestry allows any actor to be de n@ as a conditional
input, conditional output, or both. However, the ring rules for a conditional input
actor are still fairly complex compared to any other actor irdata ow and much harder
to represent because its condition is only used during ringnot within the body like
the conditional output).

So, to simplify the work of conditional input for loops et cetra, Tapestry in-
troduces a special conditional input actor, that allows fothe condition for the next
input selection to be decided within the body of the actor. Tpestry calls this the
intra-conditional input actor. The actor works by being intialized to select a certain
line initially. It will only re if that line has a token on it. During ring, the actor
can modify the next line selection depending on whatever aditions the programmer
chooses. In Sectio.5.1 | show how a standard data ow loop can be simpli ed with

these notions.
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3.2.3 Executing Actors

Executing actors is similar to that of data ow: an actor can k& scheduled or
red when all its input arguments or tokens are available asohg as all resources and
constraints are met. When an actor runs, it consumes its inpuarguments. An actor
without inputs can be immediately scheduled. When an actor ishes execution (on
function return), it will write results to its output arcs if any exist as long as it isn't
continued on as another thread. The actor is then deallocateunless it is part of a
loop or has references to it. A full list of executing statesna conditions is described

in Section3.3.

3.2.4 Special Signals

During execution of an actor, the user may generate three spal signals that
may modify the resulting state of a thread on return:continue, loop end and exit.
The rst signal, called continue will cause the executing actor on return to transform
into new actor retaining any output dependencies. New inputependencies may be
created. Because the actor is transformed into a new actot,will no longer signal its
dependents (produce tokens). This creates a split-phasamisaction. The other signal,
loop endwill cause an actor that is part of a loop to stop executing oneturn. This
signal is used for joining on program loops and allows for tlreemory of a Tapestry
loop graph to be freed. This signal is generated by default oon-loop threads. Finally,

the user can end the execution of a program with thexit signal.

3.3 States

An actor in Tapestry may be in one of seven states as seen in aistate machine
in Figure 3.2 These states represent how an actor lives and dies in a pragrexecution.
When an actor is de ned by a programmer, it enters thavaiting state. In this state,
the actor waits until all it dependencies are met which can oilude resources and
constraints. Once this information is provided, the actorransfers to theschedulestate

and waits to be scheduled. Once scheduled, the actor exesutieiring therunning state.
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Figure 3.2: Tapestry Finite-State Machine: Tapestry actorsan be in seven di erent
states. These states allow for actors and actor graphs to beused and decommissioned
if there are no references to them in memory.
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If the actor did not initiate a split-phase transaction by the time it nishes executing,
the actor will enter the signal state and signal its dependents. Otherwise it enters the
loop state. This state causes the actor to loop again and enter theaiting state if the
actor or runtime did not assertloop end If loop endis asserted, the actor enters the
alive state which waits for its reference count to go to zero. Oncédis happens, the
actor enters thedeadstate and can be deallocated. In thevaiting state, the runtime

can cause a waiting actor to end.

3.4 Arcs

Arcs in a Tapestry program represent dependencies betweernass. These de-
pendencies can be references, pointers, or any other datpdy These types are copied
between output of an actor into the input of other actors. Thg, if the Tapestry model
is used on a non-shared memory system these pointers or refees may not be valid.
This is di erent from EARTH and TIDeFlow which require shared memory[lL4, 54]. In
addition, the model can allow for multiple tokens per arc. Hoewer, this can be costly
to implement. Thus, a simpli ed version of the model may onlysupport one token per
arc. In the one token per arc version, the stipulation is theaor must wait for each
dependent actor to nish before it signals. For self-loopsSgction3.5), the stipulation
is that it will always signal itself even if not nished becase the actor cannot be n-
ished. However, a race condition can occur if the self signalnot the last signal to be
executed for pipelines (Sectior3.6). Thus, for self-loops that initiate a pipeline, the

self-signal must be the last signal executed.

3.5 Loops

Tapestry loops were designed for any type of loop construati: do while while,
or for loops. In addition, the ending condition of a loop can be det@ined at runtime
just like in regular loops. This is in contrast to the TIDeFlowmodel that only allows for

a static number of loop iterations determined at the start ok program. Furthermore,
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D S

int loop(int 1) int loop(int i) int file(int i)
{ { {
if (i>50) if (I>50) char a;
loopEXxit(); loopEXit(); a =read(i);
write(i);

return ‘? return ? return :
}
ﬁlj (81 alj

(a) Self-Loop (b) Loop

Figure 3.3: Tapestry Actor Loop: The Tapestry model provideswo basic loop con-
structs for a program graph. The self-loop ira works by causing the actor execute
50 times if the initial input is 0. This actor can have other cod inside it; so, it does
actual work instead of just looping. Figureb shows the a basic two actofor loop that
can be generalized to have more actors.

Tapestry can have multiple loops running and supports splphase transactions on
loop actors.

The basic two loop constructs are the self-loop and a loop oftars as seen in
Figure 3.3 Self-signaling has a special stipulation for the one tokeyer arc version of
Tapestry as indicated in Section3.4. To stop a loop from repeating, the actor must
signal the loop will exit. On whichever actor the loop exit ginal occurs in the loop, it
is the job of that actor to signal its dependents to stop waitig.

Since each actor in a loop requires input dependencies, tmgans the body of a
standard loop will only have one actor per loop chain ever exgting. Loops like those
in Figure 3.3 most likely are more e cient as serial code. However like in GgnMP
or TIDeFlow, the programmer can create multiple parallel adrs that can execute
simultaneously. In addition, the stages of the loop body doot have to barrier like in

TIDeFlow.
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These loops however cannot be nested with another programagh without
causing them to wait for additional inputs. But, they are sinple and useful for outer
program loops. The next section describes how a more comgaedoop can be formed

with Tapestry.

3.5.1 Composable Loops

The main conditions for a loop to be composable in data ow idat it must have
a conditional input and conditional output. The problem hee is that for one token
inputted into a loop schema from some source must result in @h loop to execute
a number of times, and once the loop nishes, it returns one ken to that source.
This requires a conditional input into the loop and a condibnal output. This means
four actors are needed to achieve a classical data ow loop asen in Figure3.4a
However, the condition, conditional input, and conditionaloutput are very ne-grain
and not suitable for a modern threaded systems. They have adeioverhead a reduce
processor availability. Furthermore, they needlessly cgrticate a program graph and
increase program memory requirements.

Tapestry solves these problems by allowing any actor to be arditional input,
conditional output, or both. In addition, the intra-conditional input actor can be used
to further simplify things. Thus, Tapestry can achieve a comosable loop with one
actor as seen in Figure8.4e Figure 3.4 explains how a data ow loop can be merged
into one actor step by step.

The nal note here is that Tapestry requires the actor when akng a loop to use
the loop exit signal. This indicates that the loop is no longereferencing any memory
and may be freed if no other actor has a reference to it. In addin, this allows a

programmer to join on a loop of executions.

3.5.2 Loop Nest
Tapestry supports loop nests like data ow, but also throughhe simpli ed com-

posable loop scheme described in Sectidrb.1 Loop nests only require one actor per
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(a) Data ow Loop (b) Output/Cond. Merge

(c) Output/Subtract Merge (d) Input/Cond. Merge (e) Input/Output Merge

Figure 3.4: Data ow Loop Reduction: Data ow and the Codelet nodel require four
actors to achieve a composable loop as seen in Figure a. Thdages can be reduced
easily into one actor in Tapestry. In guresb, ¢, d each actor is merged until only one
remains. Inb, the x>0 is moved easily moved into the conditional output node sieat
can do multiple instructions. Inc, the subtract is moved into the output which outputs
x-1 on the T line and x on the F line. Ind, the condition is merged into the conditional
input and forms a intra-conditional input. The line F is set & default switch, and
changes on output depending if the input0. Finally in e, the input/output nodes are
merged. 40



Figure 3.5: Tapestry Loop Nest: This is just a basic i/j loop nds The input stores
two ints i and j. The inner purple loop is ran 50 times for eachteration of the green
outer loop. This loop nest is composable and allows for othprograms or loops to
nest it.

nest. In addition, the outer loop does not need to use a compde loop actor. The
most basic loop nest can be seen in Figugb.

Loop nests are important for many scienti ¢ applications sch as stencils, matrix
multiplication, and LU decomposition. Tapestry can suppdrthese within an actor or
outside of one.

In addition, each loop in the nest is required to call a loop éxsignal even if

composable to allow memory to be dynamically freed if no reénces are available.

3.5.3 Software Pipelining

Software pipelining is a technique to optimize loops by redering instructions
to reduce overall execution time by allowing certain instretions to occur in parallel.
Software pipelining was designed for very long instructioarchitecture ( VLIW ), but
is e ective in modern architectures that have some form of gtruction level parallelism
(ILP). Compilers have techniques to achieve automatic-defare pipelining.

Similarly, thread loops in Tapestry can bene t from paralldization by allowing
certain threads to be duplicated and execute in parallel. Hawver, this can be thought
of as more general problem of how to best parallelize a looghvilependencies between

iterations, but applied at the thread level. It is very simibr to problem faced by
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5 s
int loop(int i) void file(int i)
{ {
if (I>50) char a;
loopEXxit(); a =read(i-1);
write(i-1);
return @EED; return ;
}

Figure 3.6: Tapestry Pipeline: This is a modi cation of the lop in Figure 3.3bto be
a pipeline. In this case the loop actor and le actor can exetai simultaneously.

OpenMP programmers when trying to parallelize loops that macontain loop-carried
dependencies. Thus, the Tapestry model can bene t from pdtalization of loop bodies

achieved through software pipelining-like techniques.

3.6 Pipelines

An actor that is not part of a loop, but is dependent on a loop cies a nat-
ural pipeline in Tapestry. Figure 3.6 shows a simple two stage pipeline. Pipelines
in Tapestry allow for true pipeline parallelism which is notaddressed in the Codelet
Model or TIDeFlow. In the model, pipelines allow for multiplestages of a pipeline to
be active and computing in parallel.

Pipelines in Tapestry are di erent from the pipeline paraklism described Orozco's
Thesis p4]. Contrary to TIDeFlow, Tapestry pipelines are true pipelires and do not
require multiple tokens per arc to achieve pipeline parallsm. This is discussed in
great detail in Figures3.8 and 3.9. In short, the pipeline parallelism in TIDeFlow is
limited by the length of time it takes to execute one loop iteation of a loop. If this time
is long, more tokens need to be initially placed on the inputot achieve the required

parallelism.
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Figure 3.7: Composable Pipeline: To make a pipeline composalhe input needs to
modi ed to be a intra-conditional input. The output is duplicated to the loop and the
pipeline.

Finally, pipelines in Tapestry can be made composable by usgirthe intra-

conditional input for the producer loop as seen in Figur8.7.

3.7 Split-Phase Transactions

Tapestry supports thread-level continuations from the EARH model. These
continuations are similar in concept to a join operation. Agin operation on a thread
causes a thread to suspend execution until the resulting #sad has nished execution.
To achieve this, the thread's stack information must be presved. However, this can
increase program memory requirements. A continuation alis the executing thread
nish execution and continue on as a new thread with conditios to start that contin-
uation (such as being dependent on a thread). This allows fgmin operations to be
broken up into a phase of before and after a join without the e of suspending the
thread and preserving its stack space.

A continuation in Tapestry however has special issue to adess because these
continuations occur on actors that can be within a loop. So augstion arises if those
actors when continued will be forever continued on subsequeterations or should the
continuations be treated as a temporary phase that is part dhe current executing
actor? The Tapestry model takes the latter stance. Tapestrgays that a split-phase

continuation of an actor should be seen as one actor that hasultiple temporary
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(a) Loop

(b) 1 Token Trace (c) 3 Token Trace

Figure 3.8: Loop Limited Parallelism: This example is taken rad modi ed from
Orozco's Thesis on Page 584]. This program works in both TIDeFlow and Tapestry.
The program loads some tiles, computes them, and stores thegsult. Notice, that the
arrows represent a full barrier of dependencies betweenleatage. Assuming one token
is inputted the parallelism of this example is quite limitedas seen in the program trace
in Figure b. Orozco points out this can be remedied by placing three toke on the
input (o -load to load edge) and leads to a form of pipelined arallelism as seen in the
trace in Figure c. However, this requires multiple tokens per arc which are mercostly
to implement. In addition, the amount of tokens one needs taitialize is dependent
on the total length of one full loop execution. If too little tokens are used it will lead to
stalls. Thus, a programmer or compiler would have to use sorheuristic to determine
the number of tokens to input initially. Both current implementations of TIDeFlow or
Tapestry do not support placing multiple tokens. However in @pestry, the loop can
be modi ed as seen in Figure3.9to be a pipeline and achieve true pipeline parallelism
without a compiler, user intervention, or multiple tokens fr arc.
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(a) Pipeline

(b) 1 Token Trace

Figure 3.9: Tapestry Pipeline Parallelism: In Tapestry thedop from Figure 3.8awas
modi ed to remove the back-edge because it limited the patalism. Notice in Figure
a, a self-loop is used to create a pipeline. The dependendieshis gure are spelled
out more clearly also. Unlike in the loop in3.8a once the load stage completes it can
immediately begin work again. In Figureb, the trace shows the overlapping of each
stage of the program to achieve classical pipeline paraitgh which does not contain
the stalls seen between the loads in the 3 token loop versidfiqure 3.89. To achieve
this parallelism, only one token per load is initially need& In addition, this can
be done with the one token per arc version of Tapestry and hasdyein the current
implementation.
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—— — — — — —

int odd(int i)
{

if (i>50)
loopEXit();

return @EED;

if (1%2!=0)
cont(&odd,i);

return @EED:

_________ - —
\ d . .
\\ y int odd(int i) .
/ {
if (1962!=0) \\ i if (1962!=0) if (i>50) \\
[ cont(&odd,i); L cont(&odd,i); loopEXxit(); |
\ AR /
\ ;|\ return @EED; /
/
~ ~ — -~ - ~ ~ — -~
(. é . é
(b) Even lteration (c) Odd lIteration

Figure 3.10: Split-Phase Transaction in a Loop: The split-pkse transaction occurs
depending on if the current iteration is even of odd. On a eveiteration as seen in
gure b, the loop operates normally. Yet, when the iteration is oddike in gure c,
the into actor initiates a continuation as the odd actor and o longer signals. The odd
actor completes the signaling.

phases. These phases are invoked within the actor dependimy certain conditions.

Figure 3.10shows how an actor behaves during continuations during a loop

3.8 References and Joins

The nal piece of the Tapestry model is that it supports refeences to other
threads within threads. These references may be used to rethe result of an execut-
ing thread. Thus, Tapestry supports tryJoins, joins, and tined joins on these references
to receive the results from a thread. These joins can be usadimplement futures. Fu-

tures may be used to form an EARTH-like execution and the Tapest model provides
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that model should support continuations on EARTH-like execubns with futures. In
addition, joins can be used in conjunction with other operabns. Finally, these threads

can start other threads.

3.9 Comparison to Other CAPSL Models

The Tapestry model is more general and less vague comparedhe other models
introduced by the Computer Architecture Parallel Systems Uaoratory ( CAPSL ) and
its predecessors. Figur&.11shows the interrelationship of the models introduced by
CAPSL. The Tapestry model supports traditional threading cacepts unlike EARTH,
TIDeFlow, or the Codelet model. These are very important compts to achieve per-
formance for shared memory systems. Moreover, Tapestryalls the programmer to
intermix the concepts to achieve performance on any type ofgem. A simpli ed ver-
sion of Tapestry is also available that does not support lospsince loop dependencies
can add complexity to a program and runtime. A full compariso is provided in Table
3.1

Tapestry introduces many new concepts: such as methods, imetl class mem-
ory grouping, single-actor composable loops, pipelinesyaactor conditional input/out-
put nodes, and de nes how split-phase transactions work imbdps. In addition, a full
nite-state machine is provided that shows how the executio model can be easily

implemented.

3.10 Scheduling

For the Tapestry model, the scheduler can be thought as a veapbstract and
general concept with one key idea: it will issue threads to &a available processor.
The schedule can be any schedule as long as the threads mamta partial order as
dictated by their dependencies and are suspended when dasaniot available from a
join request. The implementation can use a centralized queudistributed queues, or

a hierarchal queues, et cetera. Figurg.12shows a diagram for this model.
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EARTH | TIDeFlow | Codelets| Sim. Tapestry | Tapestry
Dependencies E X E X X
Split-Phase Trans. X X X X
Groupings (Memory) E E X X
Loops X X X
Composable Loops X X
Split-phase in Loops ? X
Pipelines ? X
Any-actor cond. 1/0O X
Methods X X
References X X
Join Operations X X
Memory Model Shared | Shared LC[C] N/C++ N/C++

Table 3.1: Summary of Execution Models: The rst thing to noé here is that depen-
dencies are coupled to threads or actors in TIDeFlow and Tapges and signaling is
part of the execution. Whereas, the other models have exptisignaling (E). In addi-
tion, the groupings in Tapestry are based on method memory drexecute in a shared
memory environment, but EARTH and codelets have threaded poedures that are
more explicit. How split-phase transactions work in loops af they do is not speci ed
in the Codelet Model (?). Furthermore, the Codelet Model sees like it can support
pipelines, but it is not speci ed. Finally, Tapestry only requires memory consistency
within a shared memory environment. It utilizes the C++ memay model.

Figure 3.11: Tapestry Features: The Tapestry model subsumel the features of the
Codelet model and fork/join parallelism.
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(a) Model Abstract Machine (b) Model Scheduling

Figure 3.12: Model of Threaded Dependencies: In gui® threads may form depen-
dencies as indicated by the solid lines, spawn other threads indicated by dash lines,
and join on other threads as indicated by the dash/dot linesThis information can be
used by some abstract scheduler that exists in some form assomachines that may
not share memory to form a schedule such as that in gurb. This schedule must
maintain ordering of threads in respect to dependencies theome in the form of joins
or arguments.
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3.11 Examples

Figure 3.13shows an example of three threads working on data without these
of dependencies. Each thread can execute concurrently asdaas it is issued to the
scheduler before another thread nishes. It is the job of thecheduler to determine
on which CPU and when a thread is executed. A C++ API is providedo better
understand: the member functionstart issues a thread to the scheduler angbin
waits for the thread to complete work. The keywordThread is used to declare a
variable as part of the thread class. The member variabBrgument is used to specify
an argument to the thread and the member variabléunction is used to specify the
function the thread will execute.

In the model, dependencies can be easily added and simplifde for the pro-
grammer. See Figure.14 for an example. The member functiordependsOns used
to indicate that a variable depends on argument thread. Theckeduler will handle
verifying if the thread can run or not after it is issued with e start command. Once

the thread nishes that dependency depends on, the dependagnwill execute.
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void ThreadFunction ( int argument )
f

argument = 5;
g

int main ( void )
f
Thread a, b, c;
int locationl, location2;

a.function = b.function = c.function = &ThreadFunction;
c.argument = a.argument = &locationl;
b.argument = &location2;

/IRun the threads
a.start();
b.start();

/IC needs to wait for a
a.join();

(¢

.start();

o

-join () ;
-join();

(9]

cout << "Results: " << locationl < " " <« location2 < endl;

return 0;

Figure 3.13: C++ Thread Example: Notice threadc must wait for thread a to nish

before working on the data at the same location. This meansrdada and b or b
and ¢ can execute concurrently, but nota and c. The programmer has to explicitly
handle the dependency themselves by correctly schedulifgetfunctions.
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void ThreadFunction ( int argument )
f

argument = 5;
g

int main ( void )
f
Thread a, b, c;
int locationl, location2;

.function = b.function = c.function = &ThreadFunction;
.argument = a.argument = &locationl;

.argument = &location2;

.dependsOn( a );

O T OO

.start();
.start () ;
c.start();

T o

a.join();
b.join();
c.join();

cout < "Results: " << locationl <« < location2 < endl;

return 0;

Figure 3.14: C++ Thread Dependency Example: Code from Figurd.13is simpli ed

using dependencies.
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Chapter 4
TAPESTRY OVERVIEW

Tapestry is a framework for designing new execution modelsynchronization
features, or runtimes. The current major component of Tapay is its framework
for threading and synchronization. However, | plan to add a gphical language and

simulation components to test new execution models.

4.1 Framework

The framework is divided into two components named Waft and Wfp. Tapestry
Watft is glue to allow for thread creation using runtimes, libaries, or low level OS system
components. Tapestry Warp is the model that allows for low &l or library supported
synchronization features to be used in conjunction with thlead level synchronizations.
See Figure4.1 for an overview of the Framework.

The aim of Waft is to use libraries or runtimes to facilitate hread creation,
running, and support the features of C++ style threads. Waftcan run on top of
any library for threading even if the library is in user or kenel space. Waft has
been successfully run on top of Pthreads, Windows Threads, KCPlus, OpenMP, and
my user created runtime Tapestry Fibers. Waft Threads have aumber of features
over standard C threads including groupings, inheritanceéhread context passing, and
variable argument length and type.

The aim of Warp is to support threaded dependencies, asyneplit-phase trans-
actions, joins, futures, promises, and mutexes. Threade@pgendencies are dependen-
cies expressed at the thread level. Threaded dependenciesl asyncs are used in
conjunction with thread creation to support thread level spchronization. Ayncs are

function calls that occur asynchronously of the executinghtead. Joins are way to

53



OS Threads

Figure 4.1: Tapestry Framework: The two major components ofhe framework are
Waft and Warp which make up the interface for the user. Waft idor thread creation

and can run on top the lower level threading libraries. Warp ses lower level mutex
libraries together with Tapestry Fibers to provide new synanization concepts such
as thread level dependencies.

wait for another thread to nish execution. Split-phase transactions allow a thread to
continue work after a speci ed condition is met. Futures arevay to indicate the data
will be lled in the future. If the data is used before it is lled, the thread will wait
for it to be lled. A promise is way to Il a future value and indicate it can be read.
Mutexes are just the standard way to synchronize access to mery which includes
locks and barriers.

Extending upon the design of dependencies in Chapt8& the framework in-
terface is very simple. Referencing Figuré.2b, threads are created using thdhread
class. The constructor takes a function, context, and any muber of arguments in those
orders. Contexts are optional, but can be used for sharing @aor to create a closure.
They provide a way for memory management within threads. Coexts are created
using classes as seen in Figude2a These contexts are a simple and e ective way to
do data management compared to Figurd.14 They can be created in shared memory
or if they are not passed to a thread, they will be constructewhen the thread is run

using local memory. They can be shared using the clabés pointer.
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1l class Storage 1/int main ( void )

2| f 2|f

3| private : 3 Storage shared(7), unShared(8);

4 int storage; 4

5 5 Thread a(&Storage ::up, &shared, 5);
6| public : 6 Thread b(&Storage ::up, &unShared,
7 2);

8 Storage( int storelnit ) 7 Thread c(&Storage ::up, &shared, 4);
9 f 8

10 storage = storelnit; 9 c.dependsOn( a );

11 g 10

12 11 a.start();

13 void up ( int amount ) 12 b.start();

14, f 13

15 storage = amount; 14 b.join();

16] ¢ 15 c.join();

17 16

18/ int get() 17 cout < "Results: " << shared.get()
19) f 18 < ' < unShared.get()

20 return storage; 19 < endl;

21 g 20

22 21 return O;

239 229

(a) Shared Data Class

(b) Tapestry Code

Figure 4.2: Tapestry Thread Example: The class Storage prods encapsulation or
data hiding as a context for any Thread. This includes membgito modify the internal

data of the class. In the code, contexshared is shared by threadsa and c. In the

running of the program, the shared context is initialized to/. When threada nishes

running, the shared context will have a value of 35. At this pat, the scheduler will

signalc to run and it will use the shared context and update it to 140. Niice c doesn't

need to wait ona, but a must run for ¢ to start. Thread b only ever usesunShared

which is initialized to 8 and becomes 16 by the timb is joined.
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Lastly, the most important feature is the addition of data diven dependencies.
The example in Figure4.2is expanded to use data driven dependencies as seen in Figure
4.3. On thread construction if all the arguments are not lled ou for a function, then
the remaining values will be lled in the future by another thread. Once a thread
dependency is created using thdependsOrmember function, the dependent threads
argument will be lled by the thread it depends on. The value eturned by the thread
it depends on will be the value that lls that argument. This is one of the main features
needed for data-centric threads. Of course these are justetlbasic extensions to the
dependency scheme presented in Chapt&r Chapter 5 describes all the features of the
Tapestry Threads.

The framework is very modular and portable which will be impant to future
exascale design. It quickly allows programmers to explonatéire designs or use current
features with future systems. It only requires a C++98 comper and does not need any
unigue language compilers nor does it extend the C++ languag On the modular side,
it separates synchronization features from thread level @ation and can be connected

to lower level libraries.

4.2 Wrapper Design

Tapestry employs a simple wrapper method to allow for C++ stie threads,
asyncs, dependencies, information hiding, et cetera. Tocaenplish this Tapestry cre-
ates a wrapper callback function void * ThreadRunner( void * argument ) as in
Figure 4.4that wraps a virtual callback function on the ThreadData clas. This virtual
callback function is implemented by various templates whicinherent the ThreadData
class allowing for any type and combination of arguments fa thread. Tapestry al-
locates memory for a templated inherited thread. Then, it @ates a tuple using a
void pointer to that memory and the ThreadRunnerfunction. This tuple is eventually
passed to a thread handler class that invokes the lower lewileading library such as

the operating system library or some runtime.
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int up ( int amount, int storage )
f
storage = amount;

return storage;
g

int main ( void )

f
Thread a(&up, 5, 4);
Thread b(&up, 2, 4);
Thread c(&up, 4);

c.dependsOn( a );

a.start();
b.start();

cout < "Results: " << c.joinValue <int> () <«
<< c.joinValue <int> () < endl;

return 0;

Figure 4.3: Tapestry Thread Data Driven Example: Expanding pon Figure 4.2, this

code uses pass by value to update the value that lives acrobsetads. The rst thing

to note, is the up thread function takes two arguments. When creating threadsush
asa, b, or c, if the argument passed is less than the arguments of the fuion, the

framework assumes those arguments are met by a thread depemcly. In this example,
a and b both do not have dependencies because all their argument aited when
created, butc will get the value of storage at later time since it is emptyc using the
dependsOmember function indicates this thread will be lled bya. Finally, the return

value is what value will be passed by the function to any depdant threads. Note:
the joinValue function just joins and returns the value returned from the hread.
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Figure 4.4: Tapestry Wrapper View: Here we see the thread memasystored in some
location such as the heap with a dependency list. Once a wragghread gets invoked
by the external library, it will statically cast the void * into the ThreadData * class.
Using inheritance, it will invoke the thread start function which will run the inherited
templated class's implemented run method. Once a thread cpietes, Tapestry will
copy the return argument from the thread into any dependenes in the dependency
list and decrement their dependency counter.

Tapestry's wrapper thread allows for the implementation ofll of Tapestry's
features without the use of a lower level runtime. The wrappehread will unpack and
run a thread using the thread's most parent class pointer tawoke a Thread callback
as an implemented virtual method. This method will run and reurn a result into the
memory location of the thread. Tapestry will then copy the raurn into the resulting
threads and decrement the dependency count.

Tapestry allows arguments to a thread to be lled by other theads using a
dependencies as explained above. Because Tapestry allonguments to be lled
by value in combination to other threads Iling them it needsa special design. To

accomplish this, templates allow for partial Iling of arguments at construction or
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template <class R, class C, class Al, class A2>
Thread( R (C:: funct)( A1, A2 ), C inst )
f
/ICode here. ...
g

Figure 4.5: Tapestry Argument Template: In this example we sdeow Tapestry deter-
mines argument, class, and return types from the partial sp®lization of the member
types on the member function pointer. Furthermore, we see dh the class type from
the member function pointer must match the class pointer tye passed in.

template <class R, class C, class Al, class A2>

Thread( R (C:: funct)( A1, A2 ), C inst, Al argl )
f

/[Code here...
g

Figure 4.6: Tapestry Partial Arguments: In this example we sethat Tapestry through
specialization on the function member pointer knows therera two arguments, but
argument one is already met and thus it should set up the threlaso there is only one
signal needed and that signal will store data at argument two

the user can Il them in with the special Il function. Additio nally, Tapestry uses
specialization on the function pointer or member function @inters passed into the
Thread constructor to determine the argument information it need$o store and how
many arguments will be met by threads as seen in Figure5. If the function pointer

has two arguments, but only one is passed to thEhread constructor Tapestry knows

that one argument needs to be met by another thread as seen irghie 4.6.

4.2.1 Optimizations
4.2.1.1 Fine-Grain Optimizations

Tapestry allows for locality optimizations when parallebm is overly abundant,
and it is advantageous to begin executing the work locallyf & thread has dependencies
Tapestry can skip the local queue and begin working on a threammediately and meet
its dependencies without the extra overhead of pushing andling from a queue. This
is called Locality Optimized ( LO ). Furthermore, if the thread has only fork/join style

dependencies like a regular recursive function call, Tapescan bypass its wrapper
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layer and begin executing the functions on the stack. Thislalvs for even more locality
and is known as Super Locality Optimized ( SLO ). The user carutn this at anytime
or allow a lower level runtime or thread system turn this on.

For instance, Tapestry Fibers have the ability to monitor theamount of paral-
lelism available by checking the amount of items in a threasl'local queue. It then can
turn on SLO or LO optimizations at runtime and signi cantly speedup code if a certain
amount of parallelism is achieved. In addition to these lotity aware optimizations,
we know on fork/join parallelism that the join should be at the top of the stack. Be-
cause of this, Tapestry can pop the thread directly o the stek and execute it directly
without requiring the scheduler to do this. This optimizaton is called Fast-Join (FJ).

Tapestry was speci cally designed so that a thread regardis of dependency
information could be called with the runtime or serially by auser. This allows for the
user to be able to optimize their code and allows for the LO an8LO optimizations
being possible including the Dynamic Continuation featurghat is a contribution of
this thesis. The Dynamic Continuation feature will be explaned in more detail in the

Chapter 5.

4.2.1.2 Other Optimizations

In addition to parallelism optimizations, Tapestry, when #iocating threads, can
use a built in memory manager. For recursive parallelism kkin regular recursive code,
Tapestry can employ a stack based memory manager with ultraw overhead and no
locking due to guarantee that a thread executing will not swaout onto another core.
For other types of parallelism, a random table based lock mery manager is available
with various level block sizes for memory locations.

Finally Tapestry can employ thread level caching or complain. Tapestry can
cache or store thread states, so when a redundant thread sas encountered Tapestry
can just use the results stored. This optimization will turntree search algorithms into
a graph search by default and reduce redundant computation$his caching can occur

at the thread level or throughout the whole system.
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4.2.2 Tapestry

Tapestry's implementation on shared memory systems spanaultiple layers.
The rst layer is Tapestry Warp and Waft. In Waft, Tapestry Th reads are implemented
using a combination of the heap and stack. The main di erenasompared with regular

threads are:

1. Storage

2. Invocation

Storage:

Each Tapestry Thread has two layers: the data of the residinghread and
context to invoke, join, and refer to a thread. Contexts or iterface, are up to the user
to decide where to store using thdhread keyword, but once a thread is created, its
arguments, function pointer, class context pointer, and geendency information are
allocated on the heap or via a memory manager. A reference taud data is stored in
the thread interface. If the interface context is copied, th thread data stays in memory
wherever it is allocated and only will ever have one copy. Teads also keep a reference
count to the data to determine if the data is being used. If theeference count falls to
0, then the thread will be deallocated and returned to the hgaor memory manager.
The thread data is passed to the lower level thread library toun, and the thread frame
is most likely allocated to the heap and has a limited stackz. The arguments for a
thread are copied to on the return from another dependent tlead, and the reference
count is decremented during this time.

When a thread is created, memory is allocated for the thread ing either a
resource manager or the heap. Once allocated, the data istimlized. Variable size
arguments are handled statically using templates which gtemtees up to nine argu-
ments can be passed of any size or type at the current time. 8ttures can be used to
pack multiple arguments coming from one thread or for greatesize inputs. Informa-
tion about argument type are gathered from the function poiter. If dependencies are

involved, space is allocated for a integer counter and anahinteger variable to store
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the number of dependencies. Because Tapestry uses functpminters and no special
syntax, legacy or library code is easily supported, and thuserial function calls are
allocated using the conventional stack or thread stack. Lagy or library code, can be
easily parallelized because of these feature also. The satita for calling a function to
be executed as a thread is determined by the lower layer. Uslyathis just means, the
function is executed on that threads stack, and it returns tohat thread after executing

that function.

Invocation:

Tapestry only uses the lower level thread runtime such as Pimad, Win32
Threads, or a runtime to execute the threads as speci ed by Pastry. Tapestry in
itself is decentralized on shared memory systems and eacheifd contains the infor-
mation about which thread they should signal and where. Sigling occurs through a
special counter that is atomically updated when dependerd are met. Once, all the
dependencies are met, the thread will be run using the lowaykr. If the thread has
no dependencies, it will be immediately run. Depending on ¢hlower layer implemen-
tation, it may be immediately run such as in Pthreads, but it ould also be placed into
a scheduling queue. If a thread is invoked with the start mends before dependencies

are met, the thread will not run.

4.3 Contributions

The two main contributions introduced in this chapter, are he framework de-
signed for exploring synchronization and threading feates that is independent of the
lower level libraries provided and the data-centric appraz to threads.

The portable framework that uses only C++ is essential for gdoring new exe-
cution models and providing a transitory step for future syiem designers. The modular
nature is essential for system level design.

Note, the importance of this idea for data-centric threads. tlis essential for

dependencies to be passed easily as part of the threading rlad allow for the runtime
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to determine how data needs to be moved to arrive to that threh In shared memory
this can be easily done. However, in future many-core systemghout shared memory,
the runtime may need to copy the data from local memory to othanemory. This idea
combined in unison with fast thread creation and keeping datlocal is essential for ne
grain parallelism in future exascale machines. And, ne graiparallelism is essential

to nding parallelism.
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Chapter 5
TAPESTRY THREADS

Tapestry Threads is a framework for developing execution rdels and runtimes
using only C++98. Threads is a C++ interface with glue that allows for the use
of various synchronization and threading primitives. Theriterface also combines the
features of Waft and Warp to allow for data-centric threads.It has many features, is
modularly designed, and contains a number of contributiondn the design of Tapestry

Threads, three separate components were created to build emegrated system:

1. Tapestry Waft: a threading model that provides glue to suport C++ style
threads including classes, inheritance, modularity, enpaulation, thread creation,
joining, asynchronous function calls, and continuations.

2. Tapestry Warp: a synchronization model to provide mute>s barriers, and thread
level dependencies.

3. Tapestry Fibers: A heavily optimized runtime written for srared memory systems
that uses work stealing/sharing to support fast thread cre#n.

5.1 Features

Tapestry features a number of important ideas to create a spte programming
environment. These include full support for all of C++ featues with threads, syn-
chronization constructs, thread level dependencies, dym& continuations, and simple
general parallelism. Tapestry threads are much simpler andore exible than stan-
dard C threads because they are created with C++ and includehte synchronization
features within the thread. Furthermore, Tapestry Threadssupport thread level de-
pendencies with dynamic continuations which adds even moexibility to the model.
Lastly, function level parallelism can easily be achieveditiv general parallelism applied

through the async keyword.
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5.1.1 C++ Threads
Threading in Tapestry uses all the features of C++ for threadcreation. This

allows for thread creation using either function pointersromember function pointers.

5.1.1.1 Thread Creation, Running, and Joining

Thread creation is di erent from standard C libraries and isakin to the thread-
ing feature in the yet to be supported C++ 11 standard. Threadcreation occurs via
the Thread class. The API for Thread creation can be somewhat complicatdo un-
derstand because it uses advance template features, butsirovides many advantages

compared to the standard C thread creation:

template < class R, class Al, ... class AN>
void Thread ( R ( functPtr )( A1, ... AN ), Al argl, ... AN argN );

Figure 5.1: Tapestry Thread Creation API

The constructor rst takes a function pointer (functPtr ) with a return type of
R that has argument types up toAN Next, the constructor takes a list of arguments
(argl to argN) to pass to that function when the thread is running. Note the egument
types passed are in the same order as function pointer signet and must match those
of the function pointer signature otherwise a compile timereor will result. An example
of thread creation with and without arguments is shown in Figre 5.3, Calling start()
will cause the current thread to be declared as ready to runnladdition, start( int
core) will suggest for the thread to run on a certain core. Threadsao return any
type of value which is di erent from the standard C threads. e value can be obtained

using thejoinValue member function:

template < class R >
R Thread::joinValue ( void );

Figure 5.2: Tapestry Thread Join API
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1{void thl1l( void ) 1
2| f 2|int th2( void )
3 cout < "Hi" < endl; 3| f
4 return ; 4 return 5;
59 5|9
6 6
7/int main ( void ) 7
8| f 8/int main ( void )
9 Thread thread( &thl ); 9| f
10 10 Thread thread( &th2 );
11 thread. start(); 11
12 thread.join(); 12 thread. start();
13 13
14 return O; 14 return thread.joinValue <int> ();
15/ g 15/g
(a) Creation (b) Returns
1|int th3( int argl, float arg2 )
2|f
3 int temp = static _cast <int> (arg2);
4
5 return argl + temp;
69
7
8/int main ( void )
9| f
10 Thread thread( &th3, 1, 2.1);
11
12 thread. start();
13
14 return thread.joinValue <int > ();
15/¢g

(c) Arguments

Figure 5.3: Tapestry Thread Creation Examples: In Figure, a thread is easily declared
using the class typeThread and passing a function pointer to it. Threads can be
declared ready to execute witlstart member function, and users can wait for a thread
to nish with the join member function. In Figureb, the value of returned by a thread
can be returned using thgoinValue member function which will wait for a thread to
nish running to get the value. Finally, Figure c shows how values for thread arguments
can be easily passed into a thread on declaratioargl will be 1. andarg2 will be 2.1.
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The value returned is statically cast to the typeR If the thread hasn't nished
running, the current thread will wait. An example of this is slown in 5.3band 5.3c

Finally, calling the member functionjoin( void ) on the thread variable will
cause the current thread to wait for it to nish as seen in5.3a Joins will cause the
current executing thread to yield the CPU if the thread they @& waiting on hasn't

nished.

5.1.1.2 Classes and Contexts

Unlike traditional C, thread creation can occur using membeiunction pointers:

template < class R, Class C, class Al, ... class AN>
void Thread ( R ( C:: functPtr )( Al, ... AN ), C context,
Al argl, ... AN argN );

Figure 5.4: Tapestry Thread API For Methods

It takes similar arguments to thread creation using normalunction pointers,
except it takes a classC context reference which will be used to call the member
function. The class context must have that member functionrad match the class of
the member function pointer. Additionally, the context to use is an optional argument

to the thread creation:

template < class R, Class C, class Al, ... class AN>

void Thread ( R ( C:: functPtr )( AL, ... AN ), Al argl, ... AN argN );

Figure 5.5: Tapestry Thread API For Methods Without A Context

If the context argument isn't passed to the thread, it will becreated when the
thread begins running on the local core or it will be placed ishared memory depending

on the architecture.
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Contexts, because they are classes, have all the same feagsuas C++ classes.
Information hiding, encapsulation, inheritance, polymagshism, et cetera are all sup-
ported. This allows for C++'s multi-paradigm approaches tobe applied to threads.
Figure 5.8 shows an example that applies information hiding and encayation to up-
date shared memory values via threads and contexts. This immgant because it allows
programmers to choose various paradigms or an inter-mixtirof them to solve the
problems. This exibility lets them use the best tool for a jd, since no one paradigm

solves all problems in the easiest or most e cient way.

5.1.2 Dependencies
Tapestry supports thread level dependencies. Dependerscage expressed through

the dependsOrmember function:

void Thread::dependsOn ( Thread& threadMaster );

Figure 5.6: Tapestry Dependency API

This function indicates that the calling thread is dependemnon threadMaster .
This meansthreadMaster needs to nish before the caller can begin executing. Pasgin
information to dependent threads can occur in four di erentvays: via sharing contexts,
shared variables, during thread creation, or by using the gendency passing design
that occurs by having a function pointer with more argumentshan get lled in during

thread creation:

template < class R, class Al, ... class ANl>
void Thread ( R ( functPtr )( Al, ... AN1 ), Al argl, ... AN2 argN2 );

Figure 5.7: Tapestry Dependency Design: The prototype ( *functPtr )( Al, ...
AN1 )is matched toargl to argN2 If an argument exists in the prototype, but isn't

passed into the constructor it is assumed to be met by anothérread.
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class Base 1| class Derived:
f 2| public Base
private 3|f
int x, vy; 4| private
5 int z;
public : 6
7| public :
8/ wvoid run ()
Base (): 9 f
x(0), 10 z =7,
y(0) 11 Thread basel( &Base ::run, this ,
f 12 5);
13 Thread base2( &Base::run, this ,
g 14 4 );
15
void runX( int x1 ) 16 basel. start();
f 17 base2.start();
X += x1,; 18
g 19 basel.join();
20 base2.join();
void runY( int yl ) 21
f 22 display () ;
y +=y1; 23 ¢
g 24
25 void display ()
void print() 26| f
f 27 print();
cout < "X: " < X 28 cout<< "Z: " < z << endl;
< "Y: " 29
y < endl; 30 return O;
g 31 g
g 32 g
(a) Base (b) Derived
(c) Diagram

Figure 5.8: Tapestry Context Inheritance: This example shasvhow contexts can be
used to create information hiding with threads. Basel and base2 threads run in
parallel and update thex and y values hidden from the derived class. The derived
class uses the member function print to display their values
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If the number of arguments passed is less than the number ofyaments in the
function pointer, then the remaining arguments need to be léd by another thread.
The signal information for this is stored in the class. Whatexr value is returned by
the dependency thread will be passed to the dependent threadsing the dependsOn
method will cause the dependencies to be lled in order. If thdependsOnis called
more than the argument count, then the thread will wait for those additional threads,
but not get any data from them. If the thread is started beforehe dependencies are
lled, the thread will wait until the dependencies are addedand run. When a thread
is run and it has dependencies, the signaling is taken careiwiplicitly by the Thread
class.

However, during thread creation there is a far more simple wagp add depen-

dencies if values are being passed to arguments:

template < class R, Class C, class Al, ... class AN >
void Thread ( R ( C:: functPtr )( A1, ... AN ),Thread& argl, ... Thread
& argN );

Figure 5.9: Tapestry Creation Via Dependency API

Threads the dependent thread need, are passed in during thds creation. Each
argument in the function pointer A1 to ANwill be lled by the subsequent thread
argument with the same number. This methodology can be mixedth the dependsOn
method.

Example code of thread level dependencies is shown in Figird 0 that uses

both methodologies described.

5.1.2.1 Dependency Loops and Pipelines
Tapestry supports dependency loops ( Figure.12) and self loops ( Figures.11
) of any kind including while and do while ( Figure5.13) . A dependency loop occurs

when a dependency saj depends on another dependency s& that in some form
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1ljint add ( int x, int y )
2| f
3 return x + vy,
419
5
6/ int main()
7 f
8 Thread t1( &dd, 1, 2 );
9 Thread t2( &dd, 1 );
int add ( int x, int y ) 10 Thread t3( &add );
f 11
return x +vy; 12 IIFills y
g 13 t2 .dependsOn( t1 );
14
int main() 15 IIFills x
f 16 t3.dependsOn( t1 );
Thread t1( &dd, 1, 2 ); 17
Thread t2( &dd, 1, t1 ); 18 IIFills y
Thread t3( &dd, tl1, t2 ); 19 t3.dependsOn( t2 );
20
tl.start(); 21 tl.start();
22
return t3.joinValue <int> (); 23 return t3.joinValue <int> ();
g 2419

(a) During Creation

(b) Using dependsOn

Figure 5.10: Tapestry Thread Dependencies: These two di arecodes use thread level
dependencies and are equivalent returning the value 7.
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depends on the results oA. This could occur further up the chain of dependencies
from B. Loops allow the same thread to execute multiple times.

Using a loop, data can be continuously passed to a thread tha dependent on
that loop e ectively creating a pipeline ( see Figureés.14). Results will not be written
to a thread if it is still executing. Thus, Tapestry acts likestatic data ow in this regard
and allows for pipeline parallelism.

To create a loop, thedependsOrmember function is used to cause dependencies
between threads to form a loop of dependencies like in Figubell where threada
depends on itself.

Loops need an initial value to start, but also have a dependey Tapestry
understands that if a thread has N arguments and 0 dependeasiwhen created that
those arguments may be just be initial inputs that can over witen. Thus, if a user
calls dependsOnafter all the arguments are lled, Tapestry will cycle its sbt to the
rst argument slot and use subsequent slots for each call wependsOn In this way
users can create initial values on the input lines.

Because a loop thread is not seen as dierent from a regularrtéad, users
need to indicate that the cyclic dependency is initially led and met for the starting
loop thread. This accomplished on start via thestartLoop member function which
will begin executing a thread regardless of any dependerig¢ may have. To stop
executing the cycling loop, Tapestry provides th&hread::exitLoop to end a loop's
execution from within the loop. Furthermore, any thread thacalls Thread::exitLoop
can be joined on with thejoinLoop and the joinValueLoop which work like their non-
loop counter parts, but will only stop blocking on aThread::exitLoop call. Regular
joining is also possible on the threads, but will stop blockg on the rst time a thread
is called. Allowing the programmer control over the exit contdon means they can
build any type of loop.

Finally, loops can have multiple parallel executing componeés. This can be used
to build parallel pipelines as seen in Figur®.15 These pipelines allow for classical

pipeline parallelism.
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llint a ( int i) 1lint main()
2|f 2|f
3 if (i >=0) 3| Thread t1( &, 50 );
4 return i 1; 4
5/ else 5/ tl1.dependsOn( tl1 );
6| f 6
7 Thread :: loopEXxit(); 7| tl.startLoop();
8 return i; 8
9 o9 9| return tl.joinValueLoop<int >();
O g 10| g
(a) Tapestry Self Loop Code (b) Tapestry Self Loop Code

(c) Tapestry Self Loop Diagram

Figure 5.11: Tapestry Self Loop Example: In this example depends on itself. The
user initially passes 50 to thea thread. The thread will continue signal itself to run
until loopExit is called.
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llint a ( int i)

2|f

3 if (i >=0)

4 return i 1;

5/ else

6| f

7 Thread :: loopEXxit() ;
8 return i;

9 ¢

10/ g

11

12|int b( int i, int j )
13| f

14  return i j/2;

15/ g

©O©OoO~NOOULDED WNPE

f

int main()
Thread t1( &, 50 );
Thread t2( &, 25 );

tl.dependsOn( t2 );
t2.dependsOn( t1 );
t2.dependsOn( t2 );

tl.startLoop();

return tl.joinValueLoop<int >();

(a) Tapestry Nested Loop Code

(b) Tapestry Nested Loop Code

(c) Tapestry Nested Loop Diagram

Figure 5.12: Tapestry Nested Loop Example: Tapestry fully sygorts any type of loops
and loops within loops. It is not restricted to the classicahile or do while loops.

This example creates a nested loop that depends on resultsrir an outer loop.
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1 1jint loop ( int i)

2 2|f

3| struct sensor; 3 return i 1;

4 419

5/ sensor read(int i ) 5

6| f 6/ int main()

7| return readSensor(i); 7| f

8|9 8/ Thread tl1( &loop, 50 );
9 9| Thread t2( &read );
10| bool write( char y, sensor x )| 10| Thread t3( &write, "test" );
11 f 11] Thread t4( &end );

12| return writeSensor( y, X ); 12

13| g 13 t2 .dependsOn( t1 );
14 14| tl1.dependsOn( t4 );
15/ int end(int i, bool result) 15| t3.dependsOn( t2 );
16| f 16| t4.dependsOn( tl1, t3)
171 if( i < 0) 17

18 Thread:: loopEXxit(); 18 tl.startLoop();

19 19

20| return i; 20| return t4.joinLoop ();
211 g 21 g

(a) Tapestry Do While Code (b) Tapestry Do While Code

(c) Tapestry Do While Diagram

Figure 5.13: Tapestry Do While Example: Here Tapestry createssensor application
do while loop that reads a sensor value and writes it to a le 5@mes. Notice, one
stage of the application can only be running at a time. This ae is modi ed to allow
for Pipeline Parallelism in Figure5.14
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R
()

12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28

Figure 5.14: Tapestry Pipeline Example: In this example all 4tages of the pipeline
can be alive becauséop will write its next increment into read as long as the last
read is done. Thus, at time T: a Tloop, a T-1 read, T-2 write , and T-3 end can be

struct
f

sensor;

int i;

/IOther stuff
g;
int
f

loop ( int i)

if (i < 0)
Thread :: loopEXxit();

return i 1;
g

sensor read(int i )
f
return

g

readSensor(i);

bool
f

write( char sensor x

y!
writeSensor( y, X );

if( x.i < 0)
return true
else
return false ;

)

©O©OoOO~NOO UL WNPE

void end( bool
f

result )

if ( result )
Thread::loopExit();
g

int
f

main ()

Thread
Thread
Thread
Thread

t1( &loop, 50 );
t2( &read );
t3( &write
t4( &end );

"test"

t2
t4
tl
t3
t4

t1
t1
tl
t2
t3

.dependsOn(
.dependsOn(
.dependsOn(
.dependsOn(
.dependsOn(

— N N N

tl.startLoop();

return t4.joinLoop ();

(a) Tapestry Pipeline Code

(b) Tapestry Pipeline Code

(c) Tapestry Pipeline Diagram

executing.
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liint a ( int i, int j ) 1
2|f 2
3 if( i <0& j < 0) 3
4 Thread :: loopEXxit(); 4
5 5/int main()
6| return i j; 6| f
79 7| Thread t1( &, 50, 1 );
8 8/ Thread t2( & );
9int b( int i) 9| Thread t3( &c );
10| f 10 Thread t4( & );
11| return i 1; 11} Thread t5( &d );
12| g 12
13 13| t4.dependsOn( t2 );
14/int c( int i) 14| t5.dependsOn( t3 );
15| f 15/ tl1.dependsOn( t2 );
16| return i 2; 16 tl.dependsOn( t3 );
17| g 17} t2.dependsOn( t1 );
18 18 t3.dependsOn( t1 );
19|void d( int i ) 19
20| f 20 tl1.startLoop();
21 if( i < 0) 21
22 Thread:: loopEXxit(); 22 t4 .joinLoop();
23| else 23] t5.joinLoop();
24 std::cout<< " |: " 24
25 < std::endl; 25 return O;
26/ g 26/ 9

(a) Tapestry Parallel-Loop Code (b) Tapestry Parallel-Loop Code

(c) Tapestry Parallel-Loop Diagram

Figure 5.15: Tapestry Parallel-Pipeline Example: In this exmple Tapestry creates a
parallel pipeline with a parallel loop execution.
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5.1.3 Synchronization

Tapestry provides a few basic synchronization features: nexes, timed mu-
texes, and atomics. These just wrap available OS api callschadd glue where needed
to provide better functionality.

Mutexes are the basic mutual exclusion and synchronizatidaature that comes
standard with all threading libraries. They provide protetion to shared data using

locking mechanism provided by the mutex:

void Mutex( void );
void Mutex::lock();
void Mutex::unlock();

bool Mutex::tryLock();

Figure 5.16: Tapestry Mutex API

Prior to accessing data that needs to be synchronized betwethreads protected
by a mutex, the lock or tryLock methods need to be called. Only one thread will
hold the lock at a time. ThetryLock method will return false if the lock is currently
locked by another thread and will not block. Once a thread isahe accessing the
shared data, it needs to call thainlock method to allow other threads acquire the lock
and subsequently access to the shared data. These can be wep to underlying OS
libraries or user implemented. On x86-64, these use the lowevel libraries provided
by Linux and Windows.

Lastly, the atomic interface provides an interface to lowelvel atomic operations

such as fetch-and-add.

5.1.4 General Parallelism
General parallelism can be expressed at the function leverunctions can be

executed asynchronously using thasync keyword:

78



template <class R, class Al, ... class AN>

static Future < R > Thread::async ( R ( funct)( A1, ... AN ), Al argl
. AN argN )
template <class R, class C, class Al, ... class AN>
static Future < R> Thread::async ( R (C:: funct)( A1, ... AN ), C
context, Al argl ... AN argN )

Figure 5.17: Tapestry Async API

Async supports both function pointers and function member pointes and will

begin execution of the function immediately. The future vale returned is the same type

as the return value of the function pointer. The value retured will voluntarily yield

until the result is available if accessed. The important feare of async is that it allows

free parallelism by giving the programmer a one line replatent to asynchronously

execute function calls. This can be seen in Figutel19

5.1.5 Parallel For

Tapestry supports embarrassingly parallel for statements

template <class Al, ... class AN>
Thread:: parallelFor ( int start, int end, int stride, int threadCount,
void ( funct)( Al, ... AN ), Al argl ... AN argN );

Thread:: parallelFor ( int start, int end, int stride, int threadCount,
void ( funct)( int ));

Thread:: parallelFor ( int start, int end, int stride, int threadCount,
void ( funct)());

Figure 5.18: Tapestry Parallel For API
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int square (int x )
f
return X X;
g
int main()
f
int x[50];
int checksum = 0;
for ( int i=0; i <50; i++)
x[i] = square( i );
for ( int i=0; i <50; i++)
checksum += x [i];
return checksum;
g

O©CoOoO~NOoOOUr~,WNE

int

int

square ( int x )

return x  X;
main ()
Future <int > x[50];

int checksum = 0;

for ( int i=0; i <50;

x[i] = async( &square

for ( int i=0; i <50;
checksum += x[i];

return checksum;

i++)

i++)

i),

(a) Serial Code

Figure 5.19: Tapestry Async Example: In Figurea, a simple checksum algorithm is

(b) Async Code

performed in serial. In Figureb, the code is parallelized usingsync. First, the x array

values are now declared asutures . Then, the square values are computed in parallel

with the async keyword. The values are added back to the checksum. Note, hattle
the code changes between the parallel and serial versions.
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The rst argument is assumed to be i-addressable. If no arguents are passed
into the loop construct and the rst argument to the loop fundion is an int, Tapestry
will place consecutive iterations of i into the each parallenvocation of funct's rst
argument. The loop construct supports up to 9 argumentsStride determines how
much each loop value moves forward. A negatigride will move backwards. Setting
the threadCount to Thread::coreCount will produce a completely static schedule with
the work distributed as evenly as possible over the cores.tt§gy the threadCount to
the absolute value ofensdtri% will produce a completely dynamic schedule with 1

iteration per thread. Anywhere in between those values and ¢hschedule will be a
hybrid.

5.1.6 Continuations

Threading usually applies at the function level with one stdcper thread and
no sharing between threads, but the use of classes and thestlmointer facilitates a
methodology to allow threads to share key variables whichlaws for a simple and
e cient way to break a thread into multiple executions. Thes classes are an easy
way for programmer to create a closure. Furthermore, contiations are an e ective
way to make a serial function more ne-grain by splitting thefunction. Additionally,
non-stack information and signaling information will be cpied by the scheduler when
using the continue statement.

The statements are:

template <class R, class C, class Al, ... class AN>
void Thread::cont ( Thread& argl, ... Thread& argN )

Figure 5.20: Tapestry Continuation API
Using continue(cont) will make the current thread continue a the threads in
the list. Continued threads can have new dependencies ther@nt thread did not

have. Continuing a currently executing thread multiple times is known as @ynamic

Continuation.
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The cont statement will copy the current executing threads signalip informa-
tion to a new thread that will be invoked with the function, cantext, and arguments
given. Additionally, the continue statement will cause the arrent thread not to signal
its dependents. This e ectively causes the current threadotcontinue as a new thread
with di erent information which includes a new context. If the context wishes to be
preserved, use the this pointer. The continue statement Wwispawn any dependent
threads of the continuing thread. An example of threads usingontinuations can be
seen in Figures.21 Using the Dynamic Continuation can lead to interesting execution
time optimizations.

Calling cont again after it has already been called causes another comttion to
occur, but no signaling information will be copied becausé¢ signaling information was
cleared on the rst call to continue. Programmers can add mersignaling information
by using the dependsOnThisstatement to add signaling information to the currently
executing thread. | call this real time signaling. See FigurB.22 for an example of
an optimization that uses real time signaling with dynamic ontinuations to create a
locality optimization. Additionally, because Tapestry's tiread model allows threads to
be a function, this means a programmer or runtime can decidethey want to execute

a thread locally at execution time.

5.2 Support for Many Execution Models
The Tapestry model supports the programming models of EARTHral Codelets

described in 15|, fork/join using general threading, and static graphs. Tis section
uses the basic serial Fibonacci code ( Figue23) and parallelizes it with various

programming models and describes the advantages and disaibages of each approach.

5.2.1 EARTH and Codelets
The EARTH threading model is data driven as described by Theald[14] and

has four unique attributes:

1. Multiple program counters.
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int b ( int x)
f
return X + Xx;

g

int a ( int x)
f
if(x< 2)
return x;
else
f
Thread t1( &, x 1);
Thread t2( & );
t2 .dependsOn( tl1 );
Thread:: cont( t2 );
t2.start();
return 0;

g

int main()
Thread t1( &, 3 );
tl.start();

return tl.joinValue <int> ();

(a) Continuation Code (b) Continuation Diagram

Figure 5.21: Tapestry Continuation Example: Threado(1) and b(2) are the contin-
uations of a(1) and a(2) respectively. Dashed lines represent continuations, det
represent signals, and solid represent creationa(2) and a(l) are spawned because
they are dependencies of thie continuation. Notice a(2) and a(1) 's signals are copied
to b(2) and b(1) respectively.
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int b (int x)
f
return x + X;
g
int a (int x)
f
if(x< 2)
return Xx;
else
f
Thread t1( & );
Thread::cont( t1 );
tl.dependsOnThis( );
tl.start();
return a( X 1);
g
g
int main()
f
Thread t1( &, 3 );
tl.start();
return tl.joinValue <int> ();
g

(a) Dynamic Continuation Code

(b) Dynamic Continuation Diagram

Figure 5.22: Tapestry RT Continuation Example: Threadb(1) and b(2) are the
continuation of a(1) and a(2) respectively. Dashed lines represent continuations,
dotted represent signals, and solid represent creations. th@ unlike in Figure 5.21
a(2) and a(1) are recursively called from the same thread. Thua(l) , a(2) , and a(3)
reside in the same thread. This means the a thread is spawnimgltiple continuations
and linking them together. a(2) and a(1) are recursively called because they are
dependencies of thé continuation. Notice a(2) and a(1) 's signals are copied td(2)

and b(1) respectively.
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int fib ( int n )
f
if(n< 2)
return n;
else
f
int x = fib (n 1)
int y=fib (n 2)
return X +Yy;
g
g

(a) Serial Fib Code (b) Serial Fib Diagram

Figure 5.23: Serial Fib Example: In this example we recursiyetompute the Fibonacci
sequence. Assuming the value of is passed into thefib function, the algorithm will
recursively call n-2 and n-1 until n <2. At which point it will return. The diagram
shows a call graph foffib(3) which should return a nal value of 2.

2. Programs are divided into small sequences of instructi®in a two-level hierarchy
of threads: Threaded Procedures and Fibers.

3. Execution order among threads is determined by data and mtool dependencies
speci ed in the program.

4. The local context for functions is allocated on the heap tlaer than the stack.

The second attribute just means that functions are broken upnto multiple
threads. These threads are like tasks in the fact they are tlikbuted and executed on
CPUs that are available. More threads will not be executing tin cores available. The
rst thread is always invoked and the other thread needs to bévoked via a signal.
The signal is stored in the local context. The primary di er@ce between Tapestry
and EARTH is that Tapestry allows signaling to occur at the thead level invocation.
There is a one to one mapping between threads and functions.

The thread level dependency mapping Tapestry provides is nfumore powerful
and has all the features of EARTH in conjunction with the use oflasses for contexts if

needed. In EARTH, context sharing is required to achieve pasgrof results of a ber
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to the next, but this is not the case in Tapestry. Tapestry dogn't need contexts for
such a simple example.

Codelets extend upon the ideas of EARTH and add resources angrsiling that
can be introduced as dependencies. This information coul@ Ipower requirements or
other information such as system failure. Tapestry fully suports this by allowing any
data type to be passed into the model.

The last idea to note, is that continuations are dynamic unke in the EARTH
model or Codelet model and allow for far more powerful expsgens and optimizations
not capable with these two models. Tapestry's continuatiaare more dynamic because
they allow a user to create multiple continuations from the &ame thread. This allows
for a thread to serially execute threads when bene cial inead of using the runtime.

According to Theobald the advantages of EARTH model comes from

The splitting of functions into multiple threads and assunmg they are non-
preemptive, which allows for long latency operations to belgced in a separate
thread from other operations and thus allowing the operatits to run concurrently
without blocking the processor.

Using thread level dependencies encourages movement of dathlocks, removes
data from the critical path, and encourages locality.

Using this model reduces context-switching.

However, the model has the disadvantage of creating more tagkers) in the
scheduling queue compared with the use of fork/join becaute fork/join model would
suspend the operation of execution and re-enable it for exgion. In general, most of
the claims by the EARTH model are unsubstantiated: long latecy operations can be
done by fork/join easily, fork/join encourages locality baed on the stack and arguments
passed to a thread can be easily blocked, and fork/join usiragvoluntary-preemptive
scheduler has minimal context switching. Compare Fibonacm the EARTH model
( Figure 5.24) to the fork/join (Figure 5.26) and you will see the EARTH version
produces roughly 2x the amount of threads. An async version ttfe EARTH model is

also available for Tapestry which uses data driven future®tdo a partial evaluation of
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thread arguments during runtime. This excludes the EARTH notpreemption property

( Figure 5.25) .

5.2.1.1 Comparison to EARTH

The dierence between EARTH in Tapestry is seen in the design.For the
EARTH model, all signaling infrastructure is setup by the prgrammer or an external
compiler. It must be explicit in the Threaded-C language. Iraddition, for EARTH
signals are stored in the frame of the Threaded Procedure fttion, must be manually
met, and shared amongst all bers. This is di erent from Tapstry which is designed
for simplicity for the programmer and designed for a more digbuted environment. For
Tapestry, the signal is stored directly in the class that ciaes the thread. Implicitly,
a thread stores all its dependencies it must signal and does when it nishes. The
thread doesn't share the signal space among other threads does it explicitly pass the
signal address around. In addition, Tapestry provides basshared memory through
the usage of methods and classes. Classes naturally grouge#us in a shared memory

environment.

5.2.2 Fork/Join

The fork/join model of parallelism means you create a numbeaf worker threads
in parallel from a central location and then join them back tacentral location to get a
result. Tapestry supports fork/join parallelism through the use of threads oasyncs.
Fork/join in the threading model uses synchronization intdace built into Tapestry.
This interface uses the lower level thread joining mechams if available. Whereas,
the async synchronization will use a synchronization mechanism sap#e from the
thread. Fork/join does not provide data dependencies clasally. Thus, thread level
dependencies are not part of the model described here.

The advantage of Fork/join is seen in its simplicity and famibrity. Seen in
the fact, that there is a regular convention for calling a fuation and getting its result

returned to a central location. Furthermore, compared witithe EARTH model it has
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int fibAdd ( int x, int y )
f
return x + y;
g
int fib ( int n )
f
if(n< 2)
return n;
else
f
Thread t1( &fib, n 1);
Thread t2( &fib, n 2);
Thread :: cont( &fibAdd, tl1,
t2);
return 0;
g
g
int fibFin ( int fib, int sol )
f
std::cout << " Fib " <« fib
< " is " < sol « std::endl;
return O;
g
int main()
f
int FIB = 30;
Thread t1 (&fib, FIB);
Thread t2 (&fibFin, FIB, t1);
tl.start();
return O;
g

(a) Tapestry EARTH Fib Code

(b) Tapestry EARTH Fib Diagram

Figure 5.24: Tapestry EARTH Fib Example: For the EARTH Fibonacci fpage 138
of [14]), each recursive call for thefib function is mapped to a thread:t1 and t2.
Furthermore, the addition of the values has been separatento its own function and
thread using theThread::cont to create a continuation of the current executindib .
The continuation is dependent on the recursively spawnedrdads,tl andt2. Remem-
ber when a continuation is called, the signaling informatiois copied from the current
thread to the continuation, and the current threads signaiig is canceled. The solid
lines represent thread spawns and the dotted orange repressignaling. For Tapestry
the signaling information is stored directly in the Thread &ass. In addition, signals are

met implicitly by the runtime.
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int fibAdd ( Future <int> x, Future <int> vy )
f
return x +y;
9
int fib ( int n)
f
if(n< 2)
return 1,
else
f
Future <int > x = async( &fib, n 1);
Future <int> y = async( &fib, n 2);
Thread:: cont( &fibAdd, x, y);
return O;
g
g

Figure 5.25: Tapestry EARTH Async Fib Example: Another way to do anEARTH
style separation of components as opposed to Figuse24is to wait on a future values
passed into a thread from asynchronous functions. The dience here is that the
fibAdd function will begin execution before all the future valuesra available. Whereas,
with dependencies the thread waits for all the values. Th&hread:cont function here
is analogous to spawning an new thread since no signal infaton is needed.
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int fib ( int n )
f
if(n< 2)
return n;
else
f
Thread t1( &fib, n 1);
Thread t2( &fib, n 2);
tl.start();
t2.start();
result = t1.joinValue <int >()
+ t2.joinValue <int >();
return result;
g
g
(a) Tapestry Fork/Join Fib Code (b) Tapestry Fork/Join Fib Diagram

Figure 5.26: Tapestry Fork/Join Fib Example: In this example wemap the recursive
calls of fib to threads and wait on and the return values for those threadbefore
adding the results. The solid yellow lines represent threagpawns.

a reduced amount of threads and because the model uses vcadumtpreemption, the
context switching is minimized to only when necessary. An exgle for Fibonacci is

provided in Figure 5.26 and usingasyncs in Figure 5.27.

5.2.3 Static

The Tapestry model supports full chaining of dependenciediaving dependent
threads to be added as dependencies to other threads. Thisans a static graph of
threads can be built in memory and run using the model. The Iédhreads at the
bottom of the graph just need to be started and the runtime wildiscover all the
dependencies and run them. A sample example is provided folbBnacci in Figure
5.28 The example chains together a simple addition thread usiragrecursive function
to compute Fibonacci. The programmer just needs to start thenal thread returned
and the code can run. The static version has large initialitan time and memory

requirements compared to the other models, but the run timehsuld be signi cantly
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int fib ( int n )
f
if(n< 2)
return n;
else
f
Future <int > x
Future <int> vy

async( &fib, n 1
async( &fib, n 2

~— —

result = x +vy;

return result;

Figure 5.27: Tapestry Fork/ Join Async Fib Example: This examp# is similar to the
that of Figure 5.26 except it uses asynchronous functions and future values togoluce
a fork/join style of parallelism.

faster because new threads are not being added during thaimg. Cache locality
should also be increased for the threads since new work idné& added. Lastly, context
switching is non-existent.

The static graph could also be produced by higher level langge such as the
Tapestry Weave graphical language proposed and work in a sian manner as static
data ow. The static model doesn't seem too useful otherwiseut it could be combined
with other approaches to create partial graphs so memory reigements do not become

too large or the creation of a graph does not become too costly

5.2.4 Hybrid

Because Tapestry allows for many di erent models of execof, these models
and features can be combined to produce more e cient desigtisan one model could
produce alone. The programmer can tackle the job in any way ¢ly desire. Figure
5.30shows a hybrid example that combines both static and fork/jo to reduce context
switching by 1/2 and is more e cient by looking ahead at a deph of one.

In addition to mixing of models, Tapestry allows serial cod® be easily mixed

with parallel code by having functions as the base unit of cedunlike EARTH and Cilk.
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0);

int fib ( int x, int y)
f
return x +y;
g
Thread link( int n )
f
if ( fib > 1)
f
Thread t1 = link ( n 2 );
Thread t2 = link ( n 1)
Thread t3 ( &fib, t1, t2
return t3;
g
else
return Thread ( &fib, n,
g

(a) Tapestry Static Fib Code

(b) Tapestry Static Fib Diagram

Figure 5.28: Tapestry Static Fib Example: This link function wil return a graph of
Fibonacci threads linked together in a data ow-like graph maner. This means the
values of the eacHib call will be signaled to their parent thread. The parent thrad
will only start once it has all its arguments.
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int fib ( int n )
f
if(n< 2)
return n;
else
f
Thread t2( &fib, n 2);
t2.start();

result = fib( n 1)
+ t2.joinValue <int> ();

return result;

(a) Tapestry Hybrid Serial Fib Code (b) Tapestry Hybrid Serial Fib Diagram

Figure 5.29: Tapestry Hybrid Serial Fib Example: Because Tapteg relies only on

function or member function to represent a Thread, the useao mix serial and parallel
calls to the same function. In this example, the left branchfofib recursive calls are
computed serially to keep the thread continuing work whiletiis alive and the left calls

are spawned as threads for others to work on in parallel.

This allows for code level optimizations that favor reusing thread with locality instead
of just killing its execution o and promoting parallelism. An example Fibonacci
fork/join using this is provided for in Figure 5.29 This a key concept that needs to be

explored in future exascale machines.

5.3 Hints and Metadata
Tapestry utilizes an extensive hint and meta system to alloior programmers
to provide hints to the lower runtime to change the behavior foalgorithms to favor

various goals.

5.3.1 Hints

Programmers can optimize using the Tapestry framework to pvide ne-grain
or coarse-grain execution with any style of threading or sghronization. In particular,
the model allows the programmer to choose how they wish to apize their work-

load. They can use a fast dynamic ne-grain approach or a tréibnal static approach
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int fib( int x, int y )

return x + vy;

int fib ( int n )

if(n< 2)
return n;
else
f
int result = 0;
Thread t2( &fib, n 2);

if(n>2)
f

Thread tla( &fib, n
Thread tib( &fib, n
Thread t1( &fib, tla, tlb);
tl.start();
if(n>3)
f
Thread t2a( n 2
Thread t2b( n 2
Thread t2( &fib, t2a, t2b);
t2.start();
result += t2.joinValue <int> ();
g
else
f
Thread t2( &fib, n 2);
t2.start();
result += t2.joinValue <int> ();
g
result += tl1.joinValue <int> ();
g
else
f
Thread t1( &fib, n 1);
Thread t2( &fib, n 2);
tl.start();
t2.start();
result += tl.joinValue <int> ();
result += t2.joinValue <int> ();

g

return result;

Figure 5.30: Tapestry Hybrid Fib Example: This builds a partialstatic graph forn >1
b calls with a join on the result of that graph. See Figure5.31for more information.
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Figure 5.31: Tapestry Hybrid Fib Diagram: Notice thatfib(2) 's leaf nodes are stati-

cally signaling it. This is becausdib(3) created a subgraph of all 3 nodes and linked
them together. Then,fib(3) joins on that subgraph. Thus, this example mixes static
and fork/join models.

via sharing of work without changing the program. In additio, the model does not
preclude optimizations for favoring locality vs paralleBm. And, the model supports
optimizations by mixing programming paradigms and extendig them. The approach
of how the underlying layer supports these optimizations vees. For instance, in shared
memory systems locality enhances caching e ects whereasnany-core chips it reduces
system wide tra c. At the moment these features can be dynangially varied during
runtime.

The runtime hint system allows switching on or o features dung runtime.
By default, the system will favor locality and dynamic load klancing (work stealing).

However, a number of hints are available to change how the sgst works:
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/[Favors locality over parallelism

Runtime :: Hint(Hint : : LOCAL) ;

/IFavors parallelism over locality

Runtime :: Hint(Hint : : PARALLEL) ;

/IFavors dynamic load balancing over static scheduling
Runtime :: Hint(Hint : : BALANCE) ;

/IFavors static scheduling over load balancing

Runtime :: Hint(Hint ;: STATIC) ;

Figure 5.32: Tapestry Hint API

During the execution you can also set the total number of theals for the current

problem or block size of threads during the current executiousing the special hint

interface:

/[Current Problem Size
Runtime :: Hint(Hint::SIZE, int size );
/ISize of thread chunks
Runtime :: Hint(Hint::BLOCK, int size );

Figure 5.33: Tapestry Hint Size API

For static scheduling, block size speci es how you wish to chk the threads
to other processors and allows a combination of dynamic anthsc scheduling. If no
block size is given the scheduler will set the block size edwa the Hint::Size divided
by the processor size. This will produce a completely statictsedule. If neither are
given, scheduler will set the size of blocks to two times the@ count.

For dynamic load balancing (work stealing), changing the btk size will change
the number of threads stolen by other processors at a time, bwarying the problem

size will not a ect the scheduler.

Further, for more ne-grain control to parallelism, the pragrammer can change
the parallelism factor:
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Runtime :: Hint(Hint : :PFACTOR, int amount );

Figure 5.34: Tapestry Parallelism Factor API

A higher parallelism factor means more parallelism with zerbeing the lowest
and one hundred the highest. You can think of it as a percentag

Furthermore, because these features can be dynamically ieat, the programmer
can easily build algorithms that varies these features dung execution and build even
more optimal solutions.

Depending on the lower level runtime these keywords may nobanything. For
instance, if the lower layer uses Pthread or Windows threadfie¢se hints will not do

anything since neither can utilize the information.

5.3.2 Metadata
The system also employs simple metadata wrappers to deserithreads and
data more extensively to the scheduler. The scheduler caneuthis information to

determine how the system will handle the data passed into teads.

Thread :: Metadata(Thread & threadToWrap, std:: String dat a, std:: String
datal, ... std::String dataN );

Metadata :: start( Metadata& dataToStart );

Figure 5.35: Tapestry Metadata API

5.4 Modular Components
Tapestry is modularized with an extensive interface layerwlt on top of Warp

and Fibers that is exible and allows hint information to be pased to the lower layer.

5.4.1 Scheduling

Scheduling is implemented within the lower layer runtime.
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5.5 Implementation

Tapestry has been implemented in C++ using the current stanard and is
portable to all major operating systems including Windows, inux, and SYS/BIOS.
Tapestry's current runtime supports the dominant shared nmory systems, but its
modular nature allows it to be ported to other systems with ofponal ability to turn
o features of the model not easily supported by other archéctures. The interfaces
provided by Tapestry just need to be implemented on other anttectures to support

these features.

5.5.1 Tapestry Fibers Shared Memory

Tapestry Fibers is a very bare shared memory implementatiorf basic threads
that is designed for speed and e ciency, with minimal interhces, simple and fast
gueues, and simple scheduling. Tapestry Fibers threads sw@ppa void argument
pointer, joining, and voluntary preemption.

Tapestry Fibers provide interfaces to add a thread, join on ahtead using a
join value passed in the corresponds to a thread, or wait on aread using your own
variable to signal that waiting should end. These interfaceare simple. Both the join
and wait interfaces simply take a pointer to a boolean valueThe join interface will
free the boolean as it is assumed it came from the scheduledathe wait will not.
Adding the thread just takes in a reference to the thread whicltontains a function
pointer and argument pointer.

In addition the implementation utilizes work stealing in cajunction with work
sharing using a two level queue system allowing for many typ®f scheduling. More

details will be further explained in Chapter®6.
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Chapter 6
TAPESTRY FIBERS

Tapestry's lower level runtime is designed to be a portablend a con gurable
implementation of scheduling for threaded work. It doesn'se any external libraries
except the standard threading packages available for Linuoe Windows operating sys-
tems. Its design uses a number of features to allow for con gation between dynamic
work stealing and static scheduling with block level granatity being allowed to change.
The runtime is modular allowing for various schedulers or gues implemented by users.
Furthermore, the design proposes the use of pushing a newesthler on the stack to

allow for work stealing via voluntary preemption without the need for a compiler.

6.1 Design

Tapestry Fibers employs a two level queue system if desiredthvinterfaces to
push threads into the queue as seen in Figu@&l The queue system implemented
employs a xed size local queue on each core that can only becassed by the local
core and a secondary queue that shares work with other cor@he local queue is lock
free and does not use any lock-free algorithms since only thare it is on can access it.
A minimal overhead lock-free queue is important for ne-gra execution. The other
gueue uses a locking mechanism or some algorithm to guarantecan be stolen from
by multiple other cores. This locking mechanism only occui@n pops, because writes
are ordered on X86-64. The scheduler can be tuned to share saan@ount of initial
work. Primarily it utilizes work stealing to load balance the system. The local queues
are much faster to access than the shared queues and promateality. However, the
local queue can be turned o if parallelism is more importanthan locality. Such as in

the case of many-core architectures where locality couldeate starvation.
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Figure 6.1: Tapestry Fibers Framework: Each core contains aating and local queue.
Both queues together can be thought of as a one contiguous gee The top is locked
and the bottom is free of any synchronization. Local threadsake work from the
bottom and work stealing at the top.

Initially, the runtime will push work into the share queue uril it becomes full,
and then it will push work into its local queue. The size of theshare queue was
empirically decided to be two times the number of cores. As Igras work is available
in the local queue the local core scheduler will use work frothere otherwise it will
get work from the share queue, and if no work is available thedal scheduler will steal
work from another queue.

Queues are designed as simple stacks to promote locality aredluce overhead
associated with deque maintenance. However, deques are lawde to be used to allow
for better divide and conquer parallelism a la Cilk style. Wik is pushed into the share
gueue until the share size is reached. Then, work is pushetbithe local queue. If the
share queue ever drops below the share size, the local cork push new threads into
the share queue. In the deque version, both queues are a dedué the other cores
steal from the top. In addition, the local core will push its l@al top deque data onto the
share queue when the share size falls below the minimum requient. Local threads
push and pull from the bottom, and other cores pull from the tp. This allows other

cores to steal larger workloads near the top of the tree. Stew from the top enhances
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e ciency for divide and conquer algorithms. Starvation is ot a problem because tasks
apply only to one application and are not scheduled with a tien quantum.

In the shared memory system the optimizations ags and hintshange how the
implementation occurs or what happens during runtime. |If lcality is favored, the
system will share data equal two times the local processorut before storing the
data in its local queue. If the share queue ever falls belowishamount, the scheduler
will put new work from its stack into the local queue. On the dter hand, if sharing
is favored, the processor will only place work in its share gue and never use its local
gueue. The parallelism factor is used to override these satis, and set the share
percentage of work equal to the PFACTOR. E.G., if 50 is usedyvery other thread
added will go into the share queue. If 100 is used, all the tlads will go into the share
queue.

If dynamic scheduling is favored, the runtime will not diviee work and share it
to others, but let them steal. Stealing load balances the dgn; however, if a static
schedule is favored, the system will share its work evenly tihers by using a simple
procedure of giving each processor a chunk of two times theeaount of threads. The
block size design follows that described in Chaptér.

Finally each queue item is designed to be small as possible., 8® system
employs an argument void* and a void ( void * ) function pointe to allow for minimal

space and overhead using a partial direct queue without a édist.

6.2 Modularity

Tapestry Fibers is divided into interfaces for executing, stling, waiting on
threads, and hint systems. Each of these interfaces exeauigork on the queue using
a standardized interface. This means queue types can be Baswapped out without
recoding the implementations of the Fibers' interfaces. Fthhiermore, they do not have
any external library dependencies except the standard oing system thread libraries
such as Pthreads. Tapestry Fibers' interfaces use the undgrig modular components

and interfaces to interact with queues and wait for threadsat nish.
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Fibers has a few basic interfaces for passing hints, creatitigeads, and waiting
on threads. Most of the work for Tapestry is done in the threaavrapper layer. These
interfaces provide standard level thread creation seen ipdical C style thread libraries.

To add a simple thread use the following api:

struct Threadltem
f
void  ( function )( void );

void argument;

addThread ( struct Threadltem & thread )

Figure 6.2: Tapestry Fibers Thread Creation API

The following will wait on bool value to be true before it retuns. It will cause

a new scheduler to be pushed on the stack until join is true.

void joinThread( volatile bool join )

Figure 6.3: Tapestry Fibers Join API

Hints can be simple passed to the runtime using the hint systebuilt in:

void addHint( hint::HintType hint )

Figure 6.4. Tapestry Fibers Hint API

6.2.1 Connecting Fibers and the Wrapper

Tapestry's uses a SystemThread level class to implement \@rs interfaces for
varying thread libraries. This SystemThread class is abstch so each implementation
can inherent it and implement their features. In theory Tapstry could switch between

runtime libraries on the y and use the best features of all thdibraries. However it is
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Figure 6.5: Tapestry Warp to Fibers: Using the interfaces proded by Fibers, Tapestry
warp pushes the wrapper thread into Fiber's queue at the bottomf the thread is not
stolen by another worker, the wrapper will eventually exed¢a and start the thread.

con gured to only run one library at once currently. The top nost layer in Tapestry
just uses void * ( void*) wrapper thread and passes that to th&ystemThread class.
It runs the system thread which causes the wrapper to be padsto Fibers as seen
in Figure 6.5 When a Thread joins another thread, Tapestry will invoke jai on the
system thread which just invokes the lower level layer to wiaon the current threads

return value.

6.3 Fine-grain Optimizations

To provide a fast execution of ne-grain tasks, the spawn andynchronization
features must have minimal overhead. For Tapestry Fibers spaing into local or share
gueue requires no locking mechanism because X86-64 does aotder writes and the
last write is used to indicate the item is available in the quee. Furthermore, pulling

data from the local queue for execution does not require ldok either. Removal of
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locks is essential for performance when the task executios so small that locking
takes longer than executing the task. Another optimizations that Tapestry Fibers
employs a partial direct task queue where there is only zerevkls of indirection to the
arguments and function pointers instead of the normal one. his allows for caching
e ects to occur on stealing because arguments and functioo the thread are stored
in the task. However, further arguments implemented in the yger level thread layer
to implement the variable arguments requires a level of indiction. We hope to move
this into the task queue to nd further bene ts.

Another important implementation is that Tapestry only runs one thread per
core to maximize cache bene ts. This guarantees tasks wilbhbe switched out by
the runtime during execution unless they are waiting which eans they will stay in
the cache will executing. Additionally, it is guaranteed tha&if a thread begins on a
certain core it will nish executing on that core thus minimizing memory movement
and maximizing cache e ects. To accomplish this, the threais kept in the stack and
when stored it is pushed onto the last suspended task from theore. This means the

execution bene ts from temporal locality when restoring taks.

6.4 High Throughput Queue

Tapestry allows you to swap in a high throughput input-resticted deque (algo-
rithm seen in Figure6.6) that has been designed for promoting locality on cache-ke$
systems. The deque uses the well known principles that makw@rslocks fast on X86-64
in addition to provided new ideas about promoting locality. The algorithm stores a
value to synchronize on at the location of every element in éhdeque. The queue will
perform an atomic swap on this values when popping from eithaide. This leaves
the front and back pointers not being locked on, but the locatems in the queue. In
principle reading these locks from memory will cause pultinthe values stored nearby
into the queue into memory. And in principle because x86-64dks the cache-line we
will only be locking on the value stored in the line which incides the local data we

want to execute. Thus, this data is inactive and doesn't madr if it is locked on. This
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is contradictory to known information that says to make the éck wide enough to tin
the cache-line to reduce false sharing and locking on unreld data causing unintended
blocks and serialization of code.

Because this queue is designed for dynamic work stealingteyss you can only
push data into one side only for the local core. The deque iloand synchronization
free for pushing due to write ordering on X86-64. In additiorseads on the local lock
values use dirty reads before atomically swapping to increa performance. On failure

the queue will back o and check other queues.

6.5 Work Stealing via Stack Pushing

Work stealing without a cactus stack and a compiler requiregarious imple-
mentations. In general, runtimes without compilers will us leap frogging or switch to
a new thread when it suspends. However, Tapestry implementsnew methodology
without the drawbacks of leap frogging or spawning a new thae. Tapestry when it
encounters a join point will cause the system to stop execng the current scheduler,
by pushing a new scheduler on the execution stack as seen indf&6.5. The scheduler
accesses the same queues as the original and will stop exegubnce the thread that
it is waiting to join on is ready. If a scheduler waits on a joirthat waits on other joins
this creates a problem where the scheduler stops working addes not do any useful
work because it waits for the buried joins to complete. Thuslapestry does not su er
from the buried join problem because a new scheduler is pldaan the stack that steals
work and begins executing that work. This means Tapestry casteal from any exe-
cuting core unlike leap frogging which is limited to stealig from it is stealer of a join.
Furthermore, Tapestry won't incur any overhead by context witching between multi-
ple threads: i.e. the waiting threads and the currently exeting one. The drawback
of Tapestry's stack pushing implementation is that it incrases space requirements by
having multiple schedulers stored on the stack in additionot the thread stack. How-

ever, this is limited for fork/join parallelism that the thr ead we want to join on will be

105



void push_front(Executionltem & value)
f
while ( (( volatile int )&front >lock)!=0U);
front = value;
front >lock=1U;
+front;
if (front = top)
front = bottom;
g

bool pop_front( Executionltem & item )
f
temp = front 1;
if ( ((volatile int )&temp >lock)==1U)
f
item = temp;
old = OS:: Atomics::swap(&temp >lock, 0U);
if (old = 1U)
f
if (front != bottom)
front;
else
front=top;
return true ;
9
g
return false ;

g

bool pop_back( Executionltem & item )
f
while (1)
f
temp = back;
if ( ((volatile int )&temp >lock)==1U)
f

item = temp;
old = OS:: Atomics::swap(&temp >lock, 0U);
if (old = 1U)
f
if (temp != top)
+back;
else
back=bottom;
return true ;
g

g
else

/IBreak and back off check other queues or do other work...

g
return false ;

Figure 6.6: Tapestry High Throughput Queue
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Figure 6.7: Tapestry Work Stealing via Stack Pushing: Duringa join operation
Tapestry Fiber's will block using voluntary blocking. This pcture shows how stack
pushing works to resolve work stealing with blocking operiains. On blocking, a new
scheduler is pushed on the stack. The scheduler with accessthe original thread
gueues will begin working on the work. Once a thread complat¢hat the scheduler is
waiting on, the scheduler will be pulled o the stack.

at the top of the stack. If it is stolen this means that the thrad's queue is empty and

needs to steal work.

6.6 TI C66x Port

The Texas Instruments' C66X DSP has a number of issues to cater when
porting Tapestry to it. First and foremost is that there is no ©ilared memory by
default. Second, the DSP does not have cache consistency elaahd the programmer
most invoke calls to a special APl to maintain consistency. Tild and nally, the DSP
has no atomic operations and a limited set of locks available

To handle shared memory allocation on the Tl DSP, Tapestry cogures the
DSP on boot to use 4MB of L2 MSM SRAM as a shared region. Any strugtes that
need to be shared will use the shared SRAM such as queues andelyy threads. In
general we can swap in the 512 MB of o chip DDR3 to be used as shd memory if

needed for bigger problem sizes. To further complicate mats, the TI DSP can use
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various memory managers for allocating memory. The four magers provided by the
SYS/BIOS operating system are:

HeapMem: allocates various size blocks.

HeapBuf: allocates xed size blocks.

HeapMultiBuf: internally uses xed size blocks to allocatebut has variable size
allocation.

HeapTrack: for detecting memory allocation and deallocatioerrors.

For Tapestry Fibers HeapBuf would perform the best with littleinternal frag-
mentation because each item in the queue is a xed size. HoweJegecause Tapestry's
threads can be various sizes or a xed size that is bigger thahe queue this would
cause a high level of internal fragmentation. HeapMem allowsr various size blocks,
but causes a high level of external fragmentation after blks become free and as the
link list is traversed the allocation time becomes non-deteinistic. HeapMultiBuf uses
multiple HeapBufs internally with various block sizes for ezh. It combines the speed
of HeapBuf with the exibility of HeapMem. This is good for Tapestry when using
one thread size coupled with a di erent size for each queueih. So Tapestry employs
HeapMultiBuf for xed applications where only one type of thead is used. It uses two
HeapBufs with sizes set to the local queue and the thread size.

Another problem, is that the TI chip only has cache coherencydiween L1D
and L2 cache within the same core. There is no coherency beanwd 1P and L2 within
the same core or L1 and L2 across cores. Nor any coherency betwkl, L2, and L2
Shared or external DDR3. Because of this the users most matiyaontrol cache line
write-backs, invalidations, and write-back invalidatiors when using shared memory.
Tapestry Fibers manages this by only write-back invalidatig the cache line for other
cores' shared queues on steals. It does a write-back on itsnoshared queue when
pushing or popping from it. For the upper layer, a dependenthread's memory only
needs to be invalidated when dependencies need to be met mfiethread runs. The
current running thread needs to be write-back invalidatedd indicate it has run and

returned a value.

108



Figure 6.8: Tapestry TI C66X Port: Tapestry employs a messaagy system for TI C66X.
In the system, because of a limitation on locks, and the need tmeet dependencies,
Tapestry randomly assigns a core to handle dependency linfor each thread. In the
gure, you can see how Tapestry will read which core will hald dependencies for
said thread and send packets to each core that needs deperades updated. Once all
dependencies are met, the core will push the thread into itsuque.
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Finally, because dependencies need to be met by Tapestry artete are not
any atomics and a limited number of locks, Tapestry employs messaging system to
send dependency updates to a managing core for a given threahen a thread is
created, the managing core is chosen at random. The depencdghandling is handled
within the wrapper layer whenever any thread runs. Tapestryill send messages to
the handling core for any given thread that is dependent on aently nished thread.
After which, it will check to see if there are any messages wiaig) in its message pump to
handle. At which point, it meets the dependency informatiorior that thread using the
message pump. Figur®.8 shows this. We chose this methodology primarily because
the other solution we designed would virtualize the locks faach thread mapping it
to a limited number of hardware threads. However, this wouldawuse lots of contention
on the locks for ne-grain parallelize tasks with a large nuiver of dependencies being

pushed through.

6.7 NUMA Considerations

When running Tapestry Fibers on a NUMA system, there are number aon-
siderations that need to be met. First, what is the type of algithm running on this
machine? If we store our queues in a local node memory for eadne, this will bene t
algorithms with good load distribution. Fork/join parallelism works well with this type
of con guration because most of the work is done by the locabe and cores who steal
choose cores closer before moving further away. However, tiaghly imbalanced work
where only one thread is spawning the work, interleaving thgueue memory across
the nodes provides increased throughput because of more nogyncontrollers. This in
turn provides better access to the thread queues. Furthermeg certain data structures
bene t from sharing them whereas others need only be local.apestry Fibers in this
sense is NUMA aware. It can be setup to use local memory for theeyes with in-
terleaved memory for the rest of the data structures, just terleaved memory for the
whole system, or just preferably local memory if possible.

Another consideration, his how to pin the cores to the machinelapestry was
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designed for consecutive pinning, but this makes all the teads reside in only a few
nodes when the system only uses a few cores. This limits thendavidth available to
these threads, but improves locality. Thus, Tapestry is NUMA &are in this sense also.
It can be con gured to pin threads consecutively, every othhenode in a round-robin

fashion, or not all.
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Chapter 7
EVALUATION

This section presents results for the performance of Tapegbn x86-64 on three
di erent x86-64 architectures when it is con gured to use tle Fiber runtime. | perform
micro-benchmarks and speci ¢ applications comparing aget Intel OpenMP and Cilk
Plus.

For my methodology, | average each point on each graph 10 timmanless other-
wise noted. | do not warm up programs before benchmarking kcse this introduces
caching e ects and produces false results. Furthermore,rfeach run | unload and
reload programs to stop runtimes or compilers from cachingilssequent results to the
same call. For runtimes, | start them up before collecting da because | am interested
in their performance on algorithms not startup costs. Finaj, it is noted that | choose
random data wherever applicable.

All benchmark code can be found in AppendiB. In addition, more case studies
other than Bulldozer one presented here are provided in Appdit A. They provide
more details and analysis on Tapestry dependencies, perf@nce of Tapestry depen-
dencies when used as glue for OS threads, performance of Bpen a hyper-threading

environment, and redundant graph elimination performancéene ts.

7.1 Benchmarks

Tapestry was evaluated with six di erent benchmarks. Most bthe benchmarks
are very ne-grain. It is compared against Cilk Plus and InteOpenMP. The memory

requirements are given for Help-First and Work-First thread spwning.
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7.1.1 Fibonacci

Fibonacci numbers are integers given by the following seriek 1; 2; 3;5; 8; 13; :::
This can be modeled with the recurrence relatiorf, = F, 1 + F, 2, and seed values
occur at F; = 1 and F, = 1. Naturally, this recurrence relationship can be easily
calculated with a recursive function call. The branch factois 2. To parallelize the
benchmark, recursive calls td-, , are asynchronously parallelized while calls tB, 1
are recursively called.

The maximum memory requirements for the serial program arevgn by n
stack frame where stack frame is the size of Fibonacci funaticstack frame. When
parallelized, the requirements are the same if the asyncimaus calls are immediately
done by the current thread (Work-First) or left to be completal by other threads (Help-
First). For these cases the requirements are (thread spaceores n)+ (stack frame
cores n) because traveling to a leaf node will need stack space verspawning threads

at each recursive call. This benchmark is very regular.

7.1.2 N-Queens

For the N-Queens benchmark, the goal is to place n queens on a m board
without having two queens attack each other. The goal of thiproblem is to nd
every possible solution for a given board size. The benchrkautilizes recursion to
place queens in position on the board. The benchmark has belesavily optimized
with bit- elds to reduce the memory requirements and to knowwhich positions have
already been visited. Furthermore, it only calculates halthe board and mirrors the
rest. In the worst case the branching factor is n, but this is ever reached because
our benchmark marks o places where the queen cannot be pldcelo parallelize the
benchmark, the recursion for the rst branch of each node is de recursively, but all
other branches are done asynchronously.

The maximum memory requirements for the serial program areivgn as n
stack frame. If the program immediately executes a thread & memory require-

ments are (thread space cores n) + (stack frame cores n) otherwise it will
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be (thread space cores (n? n))+(stack frame cores n).

7.1.3 N-Puzzle

N-Puzzle is a benchmark that is a classical search problem. rRbe problem,
there exists a n n board with n 1 pieces on the board that represent a picture
if placed in the correct order. These pieces can only be movby sliding them into
the empty slot on the board. The goal of the game is to form a piore by ordering
the pieces correctly through sliding. This problem can be s®d in a number of ways,
but for the benchmark we nd the optimal solution (least numter slides) from a given
state using iterative deepening depth- rst search (IDDFS)IDDFS visits nodes in each
level of a tree iteratively, but in a depth- rst manner. First, it visits level 0 using
depth rst, then level 1, so forth up to level n. This benchmak does a tree search, but
can be easily turned into a graph search with Tapestry's redidant graph elimination
optimization. At most the branching factor is 4 and at leasttiis 2. To parallelize the
benchmark, the recursion for the rst branch of each puzzleade is done recursively,
but all other branches are done asynchronously.

The maximum memory requirements for the serial program areivgn as d
stack frame. If the program immediately executes a thread & memory require-
ments are (thread space cores d) + (stack frame cores d) otherwise it will
be (thread space cores d 3)+ (stack frame cores d) where d is the depth of

the solution in the graph.

7.1.4 Quicksort

Quicksort is a divide and conquer sorting algorithm. Given aandom array of
integers of size n, the algorithm chooses a random pivot poim the array. It swaps
the numbers greater than or equal to the pivot point to the rigt with those on the left
e ectively creating two lists. Then, it recursively sorts @ch list on the left and right
with same idea until it reaches the leaf nodes. This algorith can be easily parallelized

by allowing one branch each node to be done in parallel.
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This leads to an e ective memory requirement of the serial pgram to be:
(n stack frame)+(n integer size). The parallel version has a memory requirentisn

are (thread space cores n)+ (stack frame cores n)+(n integer size)

7.1.5 Monte-Carlo

Monte-Carlo simulation is an embarrassingly parallel algithm to produce a
distribution of possible outcomes for use in risk analysi$t works by using a probability
distribution for each factor that is uncertain. It then calailates results with di erent
random variables from the probability function. Each iteréion of these outcomes are
typically calculated with a loop. Thus, each outcome valuedrause it is independent
of previous calculations can be calculated in parallel. Hemcthe parallel version can
easily break up each calculation to be done in parallel.

The memory requirements for the serial version is just stadkame size since it
only expands one iteration at a time. The parallel version fiires cores stack frame size+
thread space for Work-First, but requires for Help-First: core stack frame size +

thread space n where n is the number of steps in the algorithm.

7.1.6 Matrix Multiplication

Matrix multiplication is a standard mathematical computation that is done
which takes two matrices and produces a resulting matrix. Tie computation is used
in a number of various scienti ¢ applications. The standardparallelization technique
for this is to break the matrix into smaller blocks and compw each block in parallel.
This can be done by griding the matrix in memory or by breakingach matrix into small
blocks of memory and storing consecutively block by block. HE latter will increase
inter-block locality; whereas, the former increase intrédock locality. In addition, the
block size should be chosen to increase caching e ects. Fetmore, multiple levels
of blocks or grids can be used for each cache level to enhanedgrmance. Finally, a

register tile with vectorization enhances performance sigcantly.
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The memory requirements for the program are 3n n+cores stack frame size+

thread size block count for all the matrices and the execution of the thiads.

7.2 Platforms

Tapestry was compared on three x86-64 platforms: Core 2, @oi7, and Bull-
dozer for various applications. In addition, it was ported @ C6678 and veri ed for
correctness.

Three di erent application suites for x86-64 machines areusnmarized in Figure
7.1and Figure 7.2 The benchmarks show that its performance is generalizakite any

x86 machine independent of application or machine and better on par to Cilk Plus.

7.2.1 x86-64: Core 2

The particular model used in the benchmarks is the Core 2 Duo6E00. The
architecture has 2 cores clocked at 2.4 GHz, contains a 32 KB data and program
cache per core, a 4 MB shared L2 cache, and a front-side busttisaclocked at 1066
MHz. The machine contains 6GB of memory and has a peak perforntz of 19.2
GFLOPS and Composite Theoretical Performance (CTP) of 3760dillions of Theo-
retical Operations Per Second (MTOPSHY|.

7.2.2 x86-64: Core i7

The particular model used in the benchmarks is the Core i7-@6k. The archi-
tecture has 4 Hyper-threaded cores clocked at 3.4 (3.8 Max) GHmntains a 32 KB L1
data and a 32 KB L1 instruction cache per core, a 256 KB L2 caclper core for data
and instructions, and a 8 MB of shared L3 cache. The machinertains 8GB of mem-
ory and has a peak performance of 108.8 GFLOPS and CTP of 1360ATOPS[56.
With turbo, the max peak is 122 GFLOPS and the CTP is 152000 MTOPS

7.2.3 x86-64: Bulldozer
The processor is the 6234 with 12 cores clocked at 2.4 ( 3.0 M&Hz, 16 KB
L1 data cache per core, 64 KB L1 instruction caches shared byeey two cores, 2 MB
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Figure 7.1: Performance Summary Part 1: The baseline is thegsential kernel. Two

threads were used on Core 2. Eight threads were used on the €ar. Forty-eight
threads were used on Bulldozer.
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QUICKSORT SPEEDUP SUMMARY
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Figure 7.2: Performance Summary Part 2: The baseline is thegsential kernel. Two

threads were used on Core 2. Eight threads were used on the €ar. Forty-eight
threads were used on Bulldozer.
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of L2 caches shared by every two cores, and 8MB of L3 cachesrgtidy every 6 cores.
The board | use has 4 6234 for 48 cores and 8 NUMA nodes with 128 GBremory.
The CTP per processor is 217866 MTOPS and | calculated the geperformance to
be 2.4X8X24 = 460.8 GFLOPS. With turbo, this is 576 GFLOPS. The ardkecture is

described in more detail in Sectior2.6.2

7.2.4 TI C6678

The TI processor has 8 cores and was con gured to be clocked Ja5 GHz,
have 32 KB L1 data and a 32 KB L1 instruction cache per core, 5KB of L2 cache
per core, 4 MB of shared memory on chip, and 512 MB of o -chip m®ry. It has
a peak performance of 160 GFLOPS. The architecture is desaibin more detail in

Section2.6.1

7.3 Case Study on Bulldozer

These tests compare the various components of the TapestrygHi Throughput
Input-Restricted deque in addition to that Cilk Plus' scalaility on a 48 core AMD
Opteron 64-bit 6234 machine at 2.4 GHz with 128 gigabytes ofrma The machine is
unique in the fact it has cache-coherent Non-Uniform Memory Aess (ccCNUMA) with
4 sockets and 8 NUMA nodes. The system uses Scienti ¢ Linux 6. rFall the test |
use Parallel Studio XE 2011 with O3 optimizations on.

7.3.1 Runtime Micro-benchmarks
Tapestry when con gured using a runtime could be less e cienthan compiler-
based runtimes because those runtimes can use static opuations. Furthermore,

Tapestry's decoupling of layers could also introduce overld in the execution of tasks.

7.3.1.1 One Thread Overhead
In the rst test, | compute the overhead of spawning and nisling a thread. |

compare this to Cilk Plus and OpenMP. The test spawns an emptyread individually
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Spawn Join Total
Tapestry 31.73 ns| 10.86 ns| 42.59 ns
Intel Cilk Plus | 41.46 ns| 02.31 ns| 43.77 ns
Intel OpenMP | 29.39 ns| 14.70 ns| 44.10 ns

Table 7.1: Overhead of One Thread: In this test | spawn emptyhteads on one core
using task parallelism and calculate the overhead spawnirgnd joining on 1 thread.
Cilk Plus most likely executes the spawned thread immedidieand executes the con-
tinuation later. Whereas Tapestry spawns the thread and exates during the join.
These numbers were averaged over 100 million iterations.

and joins on it. | compute this 100 million times and averagehe results. It is worth

noting | use OpenMP's task framework and not data parallel foloops for this test.
Tapestry's overhead is on par to both OpenMP and Cilk Plus asen in Table

7.1 From this information, | can extrapolate Tapestry has abotithree times as much

overhead to create a task as executing it.

7.3.1.2 Parallel Scheduling Overhead

In this test | spawn a number of empty threads in a loop and joiron all of
those. | look at the serial execution vs using all the cores dhe machine. This test
shows the overhead of load balancing work from one core acradl cores on Tapestry,
Cilk Plus, and OpenMP. The results are shown in Figur&.3. Tapestry and OpenMP
provide parallel for constructs to provide better load balacing for this type of work.

The results show that Cilk Plus performs signi cantly bette. Perhaps, Cilk
Plus is using a back-o on stealing which results in less mavent of the work which

improves performance for ne-grain workloads that are lessalanced.

7.3.1.3 Dependency Overhead

The nal two benchmarks, test the performance creating 100 #lion parallel
tasks with dependency logic and the time it takes to executed@ million threads that
form a chain of dependencies in serial. The results show thatan spawn one depen-
dency task in 163.75 ns and execute a dependent thread eveB3B9 ns. This means

| can spawn dependency tasks 3 times faster than | can execthem.
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Figure 7.3: Parallel Spawn: This test di ers from Table7.1 by spawning the number of
threads on the x-axis all before joining on them. Whereas, thaher test only spawns
1 thread at a time and joins it. The much higher overhead on Tagstry for 48 cores vs
Cilk Plus is most likely due to Cilk Plus doing a back-o on stals.
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Figure 7.4: Fibonacci Scalability: A Fibonacci number of 44 wasalculated.

7.3.2 Runtime Benchmarks

In these benchmarks | test the performance of the runtime ugj various appli-

cations.

7.3.2.1 Fibonacci Scalability

| compute Fibonacci of 44 on this test. The results seen in Figaii7.4 show
that Tapestry's performance exceeds that of Cilk Plus. It gpears Tapestry's speedup
is function of a line whereas Cilk Plus' speedup is only a fumen of a line up to 16
cores and starts to fall o. The fall o0 appears to get worse asores are added and be
asymptotic. OpenMP is also linear up to around 16 cores andli&o like Cilk Plus.
In addition, the linear property of Tapestry's deque does ricappear to fall o up to
48 cores. Fibonacci is very ne-grain which bods well for negrain applications.

| note that Tapestry's results appear to have two outliers taard the upper
core count. Finally, Tapestry's SLO implementation achiewepretty good performance

in this test, but the performance is not linear and appears tdéall o as core count
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increases. This is expected because SLO limits parallelismfavor of locality and

should create more starvation as core count increases if thbeoblem size is not big
enough. In addition, | note the performance of using splitfgase transactions on the
code produces results that are much slower than the fork/jeimodel. This is most likely
caused by the combination of the overhead of more memory topresent dependency

logic and overhead caused by the smaller size of tasks whelit$pto ner-grain parts.

7.3.2.2 N-Queens Scalability

| use a board size of 16 for these tests. Like the Fibonacci tetite results in
Figure 7.5 show that Tapestry's performance exceeds that of Cilk PlusLike before,
Tapestry's speedup is linear whereas Cilk Plus' speedup isly linear up to 16 cores
and starts to fall o. The fall o appears to get worse as coresare added and be
asymptotic. OpenMP is also linear up to around 16 cores andli&o like Cilk Plus.
In addition, the linear property of Tapestry's deque does ri@ppear to fall 0 up to 48
cores for this coarser task. Here SLO scales well again, bulldab . In addition, the
performance di erence between the two is much smaller. N-Qeles is pretty ne-grain
and less balanced than Fibonacci. However, comparatively N-@ens is more coarse
than Fibonacci. The split-phase transaction versions appeto be about half the speed
of Cilk Plus. Once again, the di erence in performance is mbkkely due to additional

memory overhead and overhead caused by having ner tasks.

7.3.2.3 Quicksort Scalability

| sort on a size of 55 million for these tests. Figuré.6 shows that the scalability
of quicksort is pretty limited. This is due to the fact that quicksort has to reach a
depth of 7 before 48 cores can work on it. Another limiting faot is that the amount
of work grows ner and ner the deeper the graph is traversed.Which means that
the amount of work for the rst thread at the top is equal to the amount of work
divided among its children at a depth of seven. This createssequential bottleneck

and multiple bottlenecks till a depth of 7 is reached. Here theesults indicate that Cilk
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Figure 7.5: N-Queens Scalability: A board size of 16 was used.

Plus' performance is worse than Tapestry. SLO performs welut falls o as more

cores are added. Our implementation for dependencies regsi a barrier thread to
indicate all threads are nished which require 55 million theads register to the barrier.
This has signi cant overhead due to contention on the depemrticy met variable. So
our results took too long too nish. Results indicated it apeared to be around 20X
slower than the fork/join version. Performance most likelymprove if | utilized a split-

phase transactions to create a tree-like barrier that is versimilar to the Fibonacci and

N-Queens split-phase addition operation, but does no usefuork.

7.3.2.4 Monte Carlo Scalability

Here our number of paths is 192. Like the other two tests, for thembarrassingly
parallel algorithm with very coarse thread work, Tapestry Bgins o slow, butitis linear
whereas Cilk Plus starts to fall o at 16 cores. Tapestry's p#ormance exceeds that
of Cilk at 38 cores. Tapestry again is slower initially due tdhe fact its threads are

pinned. See Figurer.7.
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Figure 7.6: Quicksort Scalability: 55 million integer numbies were sorted.

Figure 7.7: Monte Carlo Scalability: 192 paths were calculatl. The Tapestry depen-
dency version uses a barrier thread to end the program. Whegaegular Tapestry
joins on each thread.
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7.3.2.5 N-Puzzle Iterative Deepening Scalability

The solution to the puzzle is at a depth of 20 for a 3x3 board. E1N-Puzzle
test (Figure 7.8) uses lterative Deepening Depth-First search to expand a gra and
search for the solution to a N-Puzzle. Iterative Deepening ectively visits the nodes
in breadth- rst order, but with space bounds equal to that ofdepth- rst search. In
this search | am building a graph and searching it together inn@ step. The test is
pretty ne-grain since the nodes for the N-Puzzle do not do mincwork. In the best
case, each node has two synchronizations. Similarly, in theorst case there are four
synchronizations.

The test shows that Tapestry and Cilk Plus' performance is meh more scalable
that of Intel OpenMP. The jagging in the graph is caused by thdact the test will
cancel the search once a solution is found and more threadsdmot guarantee at a
depth of 20 that a solution will be found quicker. In terms of prformance SLO does
well. For this test we did not produce a threaded dependencyssion. It would require

a split-phase transaction or barrier thread.

7.3.2.6 Matrix Multiplication Kernel Static Scalability

The problem size for this test is 16640x16640 double preoisimatrices. This
allows the machine to gain caching e ects due to alignment dnis big enough to
guarantee enough work across 48 cores. For my matrix muliigdtion tests on the AMD
machine, | choose a custom kernel after evaluating the sdaility and performance of
it compared with the Intel Math Kernel Library (MKL) BLAS dgem m and the AMD
Math Core Library (ACML) dgemm using FMA4 instructions. My kernel on one core
gets around 10 GFLOP/s, the MKL library produces only around 5 GLOP/s, and
AMCL does about 16 GFLOP/s. Both are linked to serial libraries In addition, my
kernel with Pthreads gets better scalability than MKL using astatic schedule up to 24
cores, but worse than AMCL. Whereas, the MKL library at lines when linked with
OpenMP at 24 cores and the results for AMCL become inconsistet note here that

the scalability of my kernel is better initially if I don't pi n the threads to cores instead
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Figure 7.8: N-Puzzle Iterative Deepening Scalability: Solidn was at a depth of 18 for
a 3x3 puzzle.
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Figure 7.9: Matrix Multiplication Kernel Static Scalability: 16640x16640 matrices were
used.
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Figure 7.10: Matrix Multiplication Kernel Static FLOP/s: 16640x16640 matrices were
used.

of pinning to consecutive cores. This is due to the NUMA layoutfahe node which
allows greater bandwidth when not pinning. The baseline fdahe scalability graph seen
in Figure 7.9is the 16 GFLOP/s AMCL sequential version. In these tests my keel
utilizes the 128-bit wide FMA4 instructions is compiled with R5I's pgcc 12.9 with O3
and fastsse optimizations on.

My kernel performs griding with a size set 256x256 doubles fine grid width
and height. In addition, | register tile each grid block. | close a tile size of 2x4
empirically. It was the best performing. Furthermore, the iled multiplication is vec-
torized with FMA4 instructions. Figure 7.10shows the GFLOP/s per core. My kernel
achieves a performance of 267 GFLOP/s on 48 cores whereas MHKilyoachieves 95
GFLOP/s. AMD's reaches 302 GLOP/s but only at 35 cores and incaistently. The
max scalability of these tests is around 24X due to the macharhaving only one FPU
per 2 cores and AMD achieving near peak on 1 core because itiaék the 256-bit wide

instructions.
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Figure 7.11: Matrix Multiplication Scalability: 16640x16@l0 matrices were used.

7.3.2.7 Matrix Multiplication Scalability

Using my matrix multiplication kernel presented in the last sction, | took the
kernel and applied it to Intel OpenMP, Cilk Plus, and Tapesty using the same problem
size. Here | am using a fully dynamic schedule with Cilk Plus @nTapestry, but
OpenMp uses a completely static schedule. The rst thing to ate is the scalability
of Tapestry when compared with Cilk Plus, OpenMP, and Tapesy when not pinned
as seen in Figure7.11 Tapestry has linear speedup. However, Cilk Plus, OpenMP,
Tapestry Unpin have almost perfect speedup till 24 cores wheethey take a signi cant
dive in performance. This is because none of these librarigi® threads to cores; so,
the threads can be scheduled by the every other core by the Ohe performance hit
is probably due to sharing a FPU and the L1 instruction cache bgvery two cores.
Tapestry when pinned is doing so to every other core to ach&wa similar speedup.
Cilk Plus gets around 263 GFLOP/s and Tapestry gets around 27GFLOP/s as seen
in Figure 7.12 Finally, OpenMP only achieves about 250 GLOP/s.
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Figure 7.12: Matrix Multiplication with Cache-based Atomic Deque FLOP/s:
16640x16640 matrices were used.
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Chapter 8
RELATED WORK

8.1 Microsoft Task Parallel Library

The Task Parallel Library (TPL) [57] is a library to provide APIs and parallel
types (such as a concurrent stack) to Microsoft .NET Framew&r4 System Threading
and System Threading Tasks namespace to simplify adding jgdlelism and concurrency
to applications. These are much in the same vein as Intel's Bfor C or C++, but for
Microsoft .NET. TPL's underlying runtime will scale the conarrent work dynamically
striving for the most e cient use of processors and resourse To accomplish this the
TPL handles work partition, thread scheduling, state managment, and other low-
level details. However, it is noted that the TPL, like all .NET @de is run in a virtual
machine akin to Java's. Language support includes VB.NET, C#, ad F#.

Microsoft is advocating that TPL is much better way to write parallel code in-
stead of using their standard System Threading and System Tiéading Tasks interfaces
to manually handle things. Furthermore, to e ectively use he TPL they recommend
that users have a basic understanding of locks, deadlocksidarace conditions. The
TPL is divided into three areas: Data Parallelism, Task Partelism, and Data ow.

Data Parallelism is similar to the type of parallelism tradiional OpenMP ex-
ploits where the same operation is performed on di erent dat To accomplish this,
TPL provide parallel for and foreach statements that can be overloaded to control/-
monitor loop states, maintain thread-local state, controthe degree of concurrency, et
cetera. The data of these loops are partitioned so multiplehteads can operate on
di erent segments concurrently.

Task parallelism is similar to OpenMP's task framework or Gk and is designed

for more independent tasks that are running concurrently. dsks run on top of regular
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threads. The framework uses work stealingT] for load balancing of threads and hill
climbing[58] to adjust the number of threads to maximize throughput of tle tasks.
Furthermore, the framework supports nesting or creating athildren tasks as well as
continuing tasks a la EARTH style as opposed to the use of caflbks to accomplish
this.

Lastly, the Data ow Library promotes an actor based prograrming model with
coarse-grained data ow or pipelined tasks. The model all@or the linking of op-
eration blocks together to communicate asynchronously angerform tasks as data
becomes available. For instance, they could be used to presemages frame by frame
as they come in from a camera using a pipeline to increase thghput.

Tapestry di ers from this because Tapestry does not use a viral machine,
works for more ne-grain tasks, utilizes C++, and aims to wok on distributed ma-

chines.

8.2 Intel Concurrent Collections

Intel Concurrent Collections (CNC) B9 is a library for C++ programs where
semantic dependencies of an algorithm are de ned to give ander. This is akin to
data ow, where the user expresses high-level computatidreteps including inputs and
output, but not where these steps should be executed. Thesep#ndencies indicate
what steps can be done in parallel. The underlying runtime ahtuning layer will
handle where and when these steps will be completed.

Code within each computational step is written with C++ standard constructs.
Data is local to a computational step or is explicitly produed, received, and consumed.
The CNC model supports the big three levels of parallelism:ath, task, and pipeline.
The point of CNC is to keep the interface the same across manyetent architectures
such as shared memory and distributed systems while the umbjéeng runtime may
change or support various scheduling dynamics such as statir dynamic.

Like the TPL, the point of CNC is to ease the transition to paralel architectures

for programmers not familiar with parallelism. This is seernn the fact that the user
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does not worry about parallelism, but just expressing theitodes dependencies through
separation of the application and the optimization of said @plication.

CNC uses three constructs to achieve algorithmic construoti: tag-collections,
steps, and item-collections. Tags indicate what items areeeded for a step to begin.
Steps are the actual computation. And items are what are proded or taken in for
each step. Dependency information between steps is gleantgdiag prescriptions.

Tapestry di ers from CNC because Tapestry is a true actor basemodel that

works for more than just consumer/producer style applicatins.

8.3 OpenMP

OpenMP [53 is extension to the C language using only preprocessor ditiges
to parallelize code. Speci cally, pragmas are used to insict the compiler to generate
parallel regions. Speci cally, the parallelism uses forkdin concept or parallelism where
the master thread forks a number of slave threads to completeork. The slave threads
will join back into a master thread once the work completes. Aen, the master will
create more slave threads. It requires a special library arabmpiler to achieve these
e ects otherwise the code will run in serial. OpenMP is espiatly known for its data
parallelism constructs to achieve good performance on sedmemory machines. These
allow for parallel loop constructs, parallel blocks, sharg data, expressing if conditions,
reductions, critical sections, locks, barriers, atomic @vations, scheduling, et cetera.
Some of these constructs are only available when using thentime library routines
and types instead of the compiler directives. These includecks, timing functions,
scheduling, and setting up the environment.

OpenMP 3.0 introduced task level parallelism to its model. nl general, tasks
can be spawned and joined on using the pragmas OpenMP is papulor. This style
of parallelism is similar to Cilk.

OpenMP has number of well-known drawbacks that include thesguirement of
a compiler, no compare and swap, lack of mechanisms to the ntapeads to processors,

and a large startup time.
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Tapestry di ers from OpenMP because it does not require a cquiler and sup-

ports dependencies.

8.4 Habanero C

Habanero-C (HC) is a language developed by Rice University thellbws closely
to the design of Habanero-Java. The language is very similar talCexcept it adds a
exible barrier called phasers, Data-Driven Futures, and Hirarchical Place Trees. The
futures are very similar to those provided in C++ and Tapesty. They can be used to
simulate data ow-like dependencies by indicating that a thead should wait to start
based on those futures; However, those futures are not parttbe thread and require
explicit signaling. This means the signaling could be aliad, is dependent on branch
conditions, and could be met anywhere at any time by any threl In addition, these
futures require waiting.

Tapestry is di erent from HC because Tapestry doesn't requé a compiler and
supports dependencies on threads without the need for pregtion. | addition, because
the dependencies are tied to the thread the scheduler can belsoose how to run the
thread. Tapestry does not require the runtime to wait for thethreads to be met, but

utilizes direct signaling to start a thread.

8.5 Unied Parallel C

Uni ed Parallel C (UPC) [60, 61] is an extension of ANSI C to allow for par-
allelism that is based on the partitioned global address spa (PGAS) programming
model [62] (distributed shared memory programming model). UPC exterslthe fea-
tures of C to include parallelism using SPMD with global memyg access that can be
local and remote. To accomplish this UPC virtualizes the adéss space across proces-
sors into one space. Writing and reading to memory is done wiimple statements
like in C, but the shared keyword must be used to indicate that the variable resides
in or points to the global address space. UPC uses a simple pgekloop construct

to parallelize workloads and allows for synchronization atrol via barriers, locks, and
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memory consistency control. It builds upon the experienced Split-C, AC, and PCP.
Because UPC is pretty simple and the performance has shown te lgood, vendors
have developed UPC compilers for commercial purposes.

Speci cally, HP, SGI, Sun, and Cray platforms have compilersAlso, an open-
source implementation and compiler known as MuPC is availebfrom Michigan Tech-
nological University for X86 Intel Architecture. Additionally, BUPC for various plat-
forms including X86-64 Intel Architecture are available fronthe University of Califor-
nia Berkley. Furthermore, GNU UPC (open-source) is availabland supports various
architectures including the Cray T3E.

UPC key features include e cient mapping from language to madane architec-
ture, minimization of thread communication overhead by eXpiting data locality, and
simpli ed remote memory access.

UPC has a distributed shared memory programming model that isimilar to a
regular shared memory model, but also has the ability to makese of data locality.
Speci cally, the distributed shared memory model divided$ address space into various
partitions where each memory partition has an a nity to a ceitain thread. This means,
that a shared object that has an a nity for a certain thread will reside in that thread's
local shared memory space.

The UPC view of memory is partitioned into private and shared gaces. Each
thread has its own private space, as well as a portion of theafed space. The shared
space is divided into a number of partitions per thread of whh each has an a nity to
a particular thread i.e. the partition is located in the thread's logical memory space.
The use of the newshare keyword for shared data allows for easy blocking of shared
data and arrays across these threads.

A UPC shared pointer can reference any location in the sharedidress space.
Whereas a private pointer may reference only addresses in ltcal portion of the
shared space or its private space. Both static and dynamic mery allocations occur
via mallocs or by using special keywords in the compiler. Boare supported for shared

and private memory.
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Data distribution in UPC is pretty simple. Because of the distbuted shared
memory programming model, UPC can share data among its thremdising simple
typing information. For instance, to share an array of size Mqually among the threads,
the user simply de nes the array as shared using thehare keyword, and UPC will
distribute the array elements in a round robin fashion.

Finally, because shared memory is accessible by all threadggnchronization
features are present in UPC to give a sequence or order to theeass of memory. UPC
allows the user to switch between strict or relaxed memory psistency models at the
variable level, in code sections, or for the scope of the ewstiprogram. In addition to
this, users can use locks to guarantee access of certain daganly one thread. Lastly,
barrier are available to synchronize all threads at certaipoints in the program before
new steps can be done.

Tapestry di ers from UPC because it does not require a compil@nd supports

dependencies.

8.6 X10

The X10 programming languagef3 designed for parallelism using a PGAS
similar to UPC, but is far more complex and unique allowing fomultiple styles of
programming. It came from out of the DARPA-led High Productivity Computing
Systems program (HPCS). In general, X10 borrows its style from number of lan-
guages, but focuses on asynchrony, locality, atomicity, drorder. Speci cally, order
is created through type-safe, class-based, and object oted design. Furthermore,
it supports fork-join programming, GPU programming, SPMD omputations, phased
computations, MPI-style communication, active messagin@nd cluster programming
[63]. X10 implementations are available for Power and x86 basedchitectures as well
as all major operating systems including Linux, AlX, MacOS, Cgwin, and Windows.

X10 couples a more abstract version of the PGAS model with palall program-
ming. In X10, a computation is divided among a set of places. Elaplace holds a part

of the data and contains one or more operations that act on thdata. The type system
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is constrained in the form of dependent types6fl] for object-oriented programming.
A dependent type depends on a value. These dependent typesneoin the form of
parent and child relationships for operations. These rel@nships are used to prevent
deadlocks that can occur when two or more process wait for bamther to nish before
they can complete. Operations can spawn children operati®who themselves may
have children. Parents can wait on children, but children gaot wait on their parents.
Thus, waiting is cycle free. X10 also features global distuited arrays, ways to do
unstructured and structured parallelism, and user de ned pmitive structure types.
Tapestry di ers from X10 because it does not require a compi@and supports

dependencies.

8.7 Chapel

Chapel p5 is parallel programming language developed by Cray Inc. g@sirt
of HPCS. Chapel was designed to improve the programmabilityf targe-scale parallel
computers while matching or exceeding the performance andrability of current pro-
gramming models. It is open-source with contributions fronacademia, industry, and
scienti c computing centers. Chapel is designed to improviine productivity of high-
end programmers while also being a portable parallel prognaing model. That means
Chapel can be used on desktop multi-core machines as well ammodity clusters.

Chapel supports using high-level abstraction for task pallalism, data paral-
lelism, and nested parallelism to create a multithreaded egxution model. Like X10,
Chapel allows for reasoning and specifying placement of dand tasks on architectures
using local types in order to tune for locality. Chapel, likeother parallel programming
models, has a global-view of data with user de ned aggregataplementation opera-
tions on distributed data structures allowing them to be exgessed in a natural manner.
Chapel has a multi-resolution code allowing users to writeewy abstract code, and they
then can add more detail incrementally until the code is as @$e to the machine as
they need. To help facilitate rapid prototyping and code rese, Chapel supports object-

oriented design, type inference, and features for generimgramming.
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Cray Inc. designed Chapel from the ground up rather than exeling an existing
language. Chapel was made to be easy to learn for users of C,+#C+ortran, Java,
Perl, Matlab, and other popular languages because it is an parative block-structured
language. However, Chapel's parallel features are most ditly in uenced by ZPL,
High-Performance Fortran (HPF), and the Cray MTA/Cray XMT extensions to C and
Fortran.

Tapestry di ers from Chapel because it does not require a cqiter and supports

dependencies.

8.8 Fortress

Fortress 6] like X10 and Chapel was designed for HPCS and is a programming
language for high-performance computing designed with fargh programmability like
all programming languages. Like Chapel, Fortress has beeesigned from scratch
without ties to legacy language semantics or syntax. Like loér HPC languages, par-
allelism is built into the core of the language as well as thebdity to specify locality
and do transactions. Fortress also enables compiler optirations across library bound-
aries with a component system and a test framework that fag#te program assembly
and testing. Fortress has a small core language with much dfe language encoded
(e.g. arrays and other basic types) in libraries atop the cerfor extendibility and fu-
ture proo ng. That means future additions to the language ca be easily supported.
Additionally, Fortress supports mathematical notation, satic checking of properties
including physical dimensions or properties, static typehecking of multidimensional
arrays and matrices, and de nitions of domain speci c libraes.

Fortress is a general-purpose programming language. Itgpport for large-scale
parallelism and management of data locality, its use of ma#imatical notation for
syntax, and its static checking of units and dimensions (amg other things) make it
particularly well suited to high-performance computing. Brtress is also designed to be
both highly parallel and have rich functionality containedwithin libraries, drawing from

Java but taken to a higher degree. For example, the for loop isgarallel operation,
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which will not always iterate in a strictly linear manner degnding on the underlying
software and hardware. However, the for loop is a library fution and can be replaced
by another for loop of the programmer’s liking rather than bimg built into the language.

Fortress' syntax emulates mathematical notation as closehs possible. It has a
novel type system to better integrate functional and objeebriented programming. It
allows for speci cation of data distribution through the u® of special data structures,
it supports static checking of physical units and dimensi@; it supports embedding of
domain-speci ¢ language syntax in programs, and it includea component system to
facilitate the process of compiling, linking, and deployimp programs. Syntactically, it
most resembles Scala, Standard ML, and Haskell. Fortress isibhg designed from the
outset to have multiple syntactic stylesheets. Source coadan be rendered as ASCII
text, in Unicode, or as a prettied image. This will allow for spport of mathematical
symbols and other symbols in the rendered output for easieeading.

Tapestry di ers from Fortress because it does not require aompiler and sup-

ports dependencies.

8.9 Coarray Fortran & Coarray Fortran 2.0

Co-array Fortran [67, 68 (CAF) extends Fortran 95 for Single Program Multiple
Data (SPMD) parallel processing. It adds architecture-inépendent syntax that can
be used for distributed memory, shared memory, and clusterathines. It is an explicit
notation for data decomposition that strives to be Fortranlike.

Speci cally, the CAF SPMD parallel programming model uses ansall set of ex-
tensions to Fortran 90 to support access to non-local dataiang lightweight and exible
synchronization primitives, pointers, and dynamic allod#on of shared data. Executing
CAF programs because they are SPMD are a static collection afyanchronous process
images. CAF programs explicity manage locality, data and coputation distribu-
tion like MPI programs, but it is a shared-memory programmig model based upon
one-sided communication. The idea is that, CAF programs canirdctly reference

0 -processor values using extensions for subscripted nefaces rather than explicitly
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coding messages to exchange o -processor data. Becauseotendata access and syn-
chronization are part of language, communication and synabnization are amenable to
compiler-based optimizing transformations. The model hake following shortcomings
according to Rice: there is no support for processor subsetsarrays must be declared
as global variables, the coarray extensions lack any notiaf global pointers, reliance
on named critical sections for mutual exclusion hinders dedle parallelism, Fortran
2008's sync images statement doesn't provide a safe syncfization space, there are
no mechanisms to avoid or tolerate latency when manipulatindata on remote images,
and there is no support for collective communicatior6p.

To address the shortcomings of the model, Rice University i®deloping a clean-
slate redesign of the Coarray Fortran programming modeb$]. Rice's design for Coar-
ray Fortran, which they call Coarray Fortran 2.0, is an expresive set of coarray-based
extensions to Fortran designed to provide a productive paltal programming model.
Compared to the emerging Fortran 2008, Rice's new coarrayded language extensions
include some additional features:

The ability to process subsets known as teams, which suppadarrays, collective
communication, and relative indexing of process images fpair-wise operations.

Support for topologies, which augment teams with a logicabcnmunication struc-
ture.

Allow for dynamic allocation/deallocation of coarrays and ther shared data.

It allows for local variables within subroutines: declarabn and allocation of
coarrays within the scope of a procedure is critical for lilary based-code.

Team-based coarray allocation and deallocation is added.
Global pointers are added in support of dynamic data structes.

There is enhanced support for synchronization for ne contd over program ex-
ecution.

Safe and scalable support for mutual exclusion, includingdks and lock sets.

Addition of events, which provide a safe space for point-togint synchronization.

Tapestry diers from CAF because it does not require a compite supports

dependencies, and utilizes C++.
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8.10 Global Arrays

The Global Arrays (GA) [70] toolkit is designed to be an e cient and portable
shared-memory programming interface for distributed-meany computers. Each MIMD
program consists of a number of processes distributed acg@ny number of comput-
ers. Each process can asynchronously access logical bladkdistributed dense multi-
dimensional arrays without explicit cooperation or commuigation. The GA model
exposes programmers to the non-uniform (NUMA) characterisscof high performance
computers indicating local shared data is faster to accedsain remote. The primary
target architectures for which GA was developed are massiygarallel distributed-
memory and scalable shared-memory systems.

GA can complement the message-passing programming modehea than ex-
plicitly replacing it (i.e. the strengths of both can be utilzed to enhance performance),
and GA supports legacy libraries which means existing meggapassing libraries can be
taken advantage for use in GA programs. This includes the M&mge Passing Interface
(MPI).

The GA toolkit provides the typical shared memory style protamming environ-
ment with a distributed array data structure known as a globharray. A global array
can be used as if it was stored in shared memory. The global@ayrobject encapsulates
all the details of data distribution, addressing, and data ecess from the programmer.
However, users can obtain information about the data distriltion and locality if data
locality is important.

The basic shared memory operations supported include thepigal get, put,
scatter , andgather . These operations are complemented by atomic read-and+iement,
accumulate (reduction operation that combines data in lo¢anemory with data in the
shared memory location), and lock operations. These opei@is are only supported
when access data in global arrays rather than arbitrary memy locations. Thus, at
least one global array has to be created before data transf@perations can be used.
These GA operations are one-sided and will complete regagdé of actions taken by

the remote processes or processor that own the referencethdan particular, GA does
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not o er or rely on a polling operation or require inserting ay other GA library calls
to assure communication progress on the remote side. The GArkry supports two
di erent programming styles: task-parallel and data-pardel.

Tapestry di ers from UPC because it adds dependencies to thads these de-
pendencies do not need global memory to communicate. Howevé&apestry can be

complemented by the model.

8.11 HPX

The HPX runtime system is a modular, feature-complete, and p@®rmance-
oriented representation of the ParalleX execution model. e model is targeted at con-
ventional parallel computing architectures such as SMP ned and commodity clusters.
HPX incorporates routines to manage lightweight user-threds in addition to providing
an Active Global Address Space (AGAS). HPX is implemented in C++1%nd utilizes
over 20 Boost and candidate Boost libraries.

The four principal properties exhibited by ParalleX are:

Exposure of intrinsic parallelism, especially from metaata, to meet the concur-
rency needs of scalability by systems in the next decade.

Intrinsic system-wide latency hiding for superior time angower e ciency.

Dynamic adaptive resource management for greater e ciendyy exploiting run-
time information.

Global name space to reduce the semantic gap between apglma requirements
and system functionality both to enhance programmability ad to improve overall
system utilization and e ciency.

HPX provides an experimental conceptual framework to explerthe goals of
ParallelX. The evolution of ParalleX has been, in part, motiated and driven by the
needs of the emerging class of applications based on dynauwhiected graphs. Such
applications include scienti ¢ algorithms like adaptive mseh re nement, particle mesh
methods, multi-scale nite element models and informaticselated applications such
as graph explorations. They also include knowledge-orieat applications for future

web search engines, declarative user interfaces, and maehintelligence.
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Tapestry di ers from HPX because it does not need a global adéss space, and

it does not need external libraries.
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Chapter 9
CONCLUSION & FUTURE WORK

9.1 Conclusion

Overall Tapestry provides many contributions to softwareuntime design. Using
it as a standard thread runtime without considering its plehora of features, Tapestry's
performance and scalability are on par or exceed that of indtry level software. In
addition, Tapestry provides an intuitive simple extensiorto the standard C threading
model allowing for data driven threads and synchronizatioof work at many di er-
ent levels. These features include the control of the runtiemand all the features of
codelets. Tapestry also allows for a new features called @mic split-phase trans-
actions and multiple continuations on these codelets. Ldgt Tapestry is modular,
portable, compiler free, and can be run on top of any type of thading model using
any type of synchronization features.

Additionally, Tapestry's design allows for extension and gtoration of new mod-
els of execution that are not limited to traditional thread, work stealing, or Codelet
Model of execution. This means Tapestry can adapt and changéere other in exible

models of execution will break as new architectures are inuced in the future.

9.2 Future Work

For the future, | would like to provide a simulation framewok to run Tapestry on
to explore various future exascale architectures e ects deatures provided by Tapestry.
Furthermore, | would like to provide a graphical language sasers can build codelet
graphs within their programs without the use of language seamtics. | would like
to perform more ne-grain optimizations to Tapestry Fibers,provide a framework to

pipeline Threaded Dependencies, explore using Tapestry ion on top other models,
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allow for dynamically switching between runtimes in real the, provide a tool to analyze
sequential program performance to provide information ofandidate functions that can
bene t from Tapestry's fork/join ne-grain performance, and another tool translate

sequential programs automatically into Tapestry using théork/Join model.

9.2.1 Threaded Dependencies

Although much of the framework for codelets comes from meshirdata ow
with EARTH, more concepts are still need to be explored more thoughly to further
di erentiate the model. These are: how to ensure data ow piplining (token level),

codelet pipelining, and nally how these two optimizationsnteract.

9.2.1.1 Data Pipelining

The movement of tokens through the execution of loops, for mggng, and in
many other cases will bene t execution time immensely if pglined correctly. A simple
but interesting question arises, how should the model haralpipelining of data to
bene t the overall execution of program assuming no codeleuglication?

Previous work in static data ow pipelining shows pipelinig loops in data-driven
architectures does not need a scheduler for operations. Hrcbe simply achieved by
creating a structure connecting the operations of the loopday and the hardware
structures responsible for the loop iterations2, 71, 72]. In the codelet model a
similar scheme should allow e cient execution of paralleldops that are data-driven.
Such a structure would in theory even allow for dynamic pipgling of loops. For the
codelet model consideration, codelets connected togethea loop need to be mapped
to a module that would facilitate the reuse of codelets withda duplication and allow
the connection mapping to be pipelined ideally. A simple andasy way to avoid this
problem however, is by duplicating codelets for consecugivterations. But this doesn't
facilitate the reuse of data structures between iterationand could be costly for loops

with many codelets by resulting in too much parallelism. TH solution would only allow
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for static software pipelining because special signalingstructions would be needed to
indicate another codelet can run and would require scheduod).

Another possible solution would require the use of centraéd module wherever
each codelet is executing. This does not need scheduling mdxhieved. In this scheme
the module would be a special hardware structure used to mapdrdsses of codelets to
executing units, but it could be created in the executing stwfare. This model would
allow within a close area of processors to dynamically exeéeleach iteration of a loop
with data reuse. This would facilitate software pipeliningsimilar to ones found in
static data ow schema. The module would most likely need to ap dependency arcs
to special FIFO queues to be able to enable these features. Asdoas there were
enough modules per area of processors the communicationteagould be small and
not congested. Overall this solution has the bene t of only @eding to be implemented
at the system code level. This means it does not require corgpisupport. However,
the downside is the use of a speci c module of code in the systenay be slower than

a static solution due to the overhead of the module.

9.2.1.2 Codelet Pipelining

Pipelining can be also tackled at the codelet level withouthinking about how
to meet the data-driven demands, but at a scheduling level tacilitate codelet parallel
execution as opposed to data reuse. Such solutions wouldgeduraditional instruction
level software pipelining and expand their concepts to margore. These solutions are
static only and would require duplicating actors and would nichave reuse of signaling
slots. When codelets execute in a loop schema, if the numbercotelets per iteration
is increased and reordered, the number of codelets per itéoa execution increases.
Thus, parallelism increases in theory. However, codeletsosid work like data ow, and
thus each iteration of codelets should be able to execute amd) as dependencies are
met.

It is important for a many-core system to have much paralledim, and we advo-

cate that parallelism could be increased with these technigs. And these technique
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should help traditional code loops that create codelets. Ehmain idea being explored
here is Single-dimension software pipelining at the multere level as done by Douillet
[40]. In general these ideas require Lamport clocks and shouldnrwell across many
cores. Basically the pipeline schedule produced by SSP is kep up and scheduled
across many cores with the synchronization being done by themport clocks. It ap-
pears this idea can be generalized to other software pipafig algorithms other than
SSP. This is the only known multi-core software pipeliningadution at the time and is
very coarse grain. So a very important question to answer igjll this solution provide
a benet when instructions are coarsened in size like in cddes? |.E. will enough
parallelism exist for bene ts? Or is locality more importat?

Perhaps a hybrid solution the combines Douillet's ideas witthe features of dy-
namic data-driven pipeline will prove even more bene cialCode could be reorganized
statically using an SSP-like algorithm and given a schedul&@hen, we chunk the itera-
tions to be run in parallel. However, instead of using the Lamgt clocks to synchronize
we could establish a centralized module to execute N amourit @hunks at a time on
N number of cores that are connected in pipelined loop. Thisonld allow the bene ts
of parallelism with the locality and reuse of data-driven gielining. This would reduce
parallelism amount of a maximum parallel schedule though.t'$ my personal belief
that data should be kept local as much as possible and pardiéen should be focus on

using processors close to data as possible.

9.2.2 Additional

Finally, I would like to provide a detailed analysis of perfanance per optimiza-

tion to detail how each optimization contributes to perfornance.
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Appendix A
ADDITIONAL BENCHMARK RESULTS

This section benchmarks Tapestry with many di erent con guations. It pro-
vides more details and analysis on Tapestry dependenciegrjormance of Tapestry
dependencies when used as glue for OS threads, performarfcéapestry in a hyper-
threading environment, and redundant graph elimination pgormance bene ts.

For all these tests | benchmark only on X86-64. Initially, | compare Tapestry
dependencies when it is con gured to use the Tapestry Fibersintime for Core 2
and Core i7. During the Core 2 tests, | compare Tapestry Rumtie System using
dependencies to the fork/join model. | vary for Tapestry thead count and core count
showing that Tapestry is fully scalable. Lastly, | evaluatélapestry dependencies when

used with operating system threads compared to just operagy system threads

A.1 Case Study for Core 2
These benchmarks are run using Core 2 platform and test eveoptimization
available to Tapestry instead of just he best to see how thesmtimizations a ect

performance.

A.1.1 Runtime Micro-benchmarks

In this section we compare the performance of dependenciesthat of threads
for the same code. We note the performance of the dependeneysion to that of the

none dependency version and show its slowdown based on walativity.

A.1.1.1 Serial Overhead for Dependencies

In this gure we show that slowdown compared to the none depdency ver-

sion comparing Locality Overdrive to Locality Overdrive dpendencies and regular to
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Figure A.1: Serial Overhead for Dependencies

regular dependencies with memory optimizations on. In thigest, | do thread creation
where recursion is used to create dependent threads vs ustdependencies to do the
same. This test is designed to compare only the overhead watlt the extra work fac-
tors due to split-phase transactions. We can see the overldeaf dependencies is very

low for LO and not terribly bad without any optimizations.

A.1.1.2 Fibonacci Overhead for Dependencies

In this Fibonacci test we expand upon the recursive algorithray breaking each
operation into two which makes the work even ner. As expectedhe dependency
version is about 1.5 to 2.5x slower (Figuré.2) due to having to execute two times the

amount of threads at a even ner scale than the recursive veos.

A.1.1.3 N-Queens Overhead for Dependencies
Similar to the Fibonacci test, we break the recursive algohim into ner parts

and do about double the amount of work. We note that N-Queens much coarser
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Figure A.3: N-Queens Overhead for Dependencies
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Figure A.4: Quicksort Overhead for Dependencies

compared to Fibonacci. As expected the results show that N-Queeperforms around

1.5 to 2x slower as indicated in Figure\.3.

A.1.1.4 Quicksort Overhead for Dependencies

For this test, the Quicksort is 1.3 to 1.5x slower using the ggegate thread
as shown in FigureA.4. Each thread has to signal the thread which creates lots of
contention on the aggregate thread. If we switched the impigentation into a tree

barrier, the performance probably would be much better.

A.1.1.5 Monte Carlo Overhead for Dependencies

In Figure A.5, the results show that overhead is minimal and in some cases
dependencies out perform threads. This is because when misg, the rst available
core can execute the nish thread to report the results wheas in the non-dependency

version, the core that created the threads waits to be wokemd told everyone is done.
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Figure A.5: Monte Carlo Overhead for Dependencies

Furthermore, the Monte-Carlo test is very macro scaled so &overhead of the signaling

iS minimized to the amount of work.

A.1.2 Runtime Benchmarks

In this section we benchmark the Super Locality Optimizatio (SLO) and Local-
ity Optimization (LO) for fork/join algorithms on a dual cor e and quad core machines
to show the advantage of our optimizations for multi-core nzhines. We compare well
known runtime systems against Tapestry when it is con guredith the Tapestry Fibers
runtime system. The two runtime systems we compare againstealntel Cilk Plus and
Intel OpenMP. These tests only use the Fork/Join model here. IAthe algorithms are
exactly the same across all three runtime systems. All thesest use the fast stack
based memory optimizations. All the test in this section run Whdows 8 using a Core
2 Duo at 2.4 GHz with 6GB of ram except the scalability tests neahe end of the
section which use a Core I7. For both systems, | use the ParllIStudio XE 2011

compiler for Windows on these tests with O2 optimizations.
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Figure A.6: Fibonacci Fork/Join

A.1.2.1 Optimizations for Dependencies

Memory optimizations refer to the use of a memory manager itead of the
system memory manager to allocate memory for the dependesgi A dynamic split-
phase transaction means that one branch is completed recauedy for the operation

using dynamic continuations, and the other is spawned as artad.

A.1.2.2 Fibonacci Fork/Join

The Fibonacci test is a recursive very ne grain test with litle data passed
between threads. Here the results show that Tapestry and CiRlus are signi cantly
faster than OpenMP's task framework for recursive tasks. Wean see that by bypassing
the lower runtime and binding the current threads to runningcore with a Locality
Optimization (LO), we are able to achieve signi cant relatve speedup compared to
Cilk Plus and OpenMP. Additionally, when forcibly binding een further and skip the

Tapestry Thread creation using a recursive call to implemeihe function with Super
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Figure A.7: N-Queens Fork/Join

Locality Optimization (SLO) we nearly double the speed agaiand achieve a nearly
5% gain over the sequential implementation.

The results seen in FiguréA.6 show that Tapestry's performance is on par with
Cilk Plus for fork/join Parallelism for just a small task. The results indicate that
skipping the scheduler using LO increases performance otk Plus and skipping
memory management using SLO increases further performanc8ince our model of
parallelism is similar to Cilk Plus' these optimizations cald be employed to improve

Cilk Plus' performance for very ne grain tasks.

A.1.2.3 N-Queens Fork/Join

Here the benchmarks as seen in Figurd.7 indicate that for coarser tasks
OpenMP is still signi cantly slower than Tapestry and Cilk Plus for a natural di-
vide and conquer algorithm. Furthermore, Tapestry is stillable to achieve around a

10% speedup over the sequential for relatively small and ¢gr problem sizes.
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Figure A.8: Quicksort Fork/Join

A.1.2.4 Quicksort Fork/Join
Quicksort, with its natural mixture of coarse and ne-graintasks, interestingly
shows that OpenMP, Cilk Plus, and Tapestry works as well as &guential implemen-
tation. However, Tapestry's performance with optimizatios is impressive with around
1.7 speedup over the sequential task for all problem sizesseen in FigureA.8.
Tapestry out performs Cilk Plus on a mix of coarse and ne graitasks using

the SLO and LO optimizations.

A.1.2.5 Monte Carlo Fork/Join
Our static scheduler for OpenMP already performs on par witlCilk Plus as
indicated in Figure A.9, but the Hybrid scheduler that uses macro threads with varical

sizes for loop work per thread outperforms all the scheduser
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A.1.2.6 Monte Carlo Starvation

As referenced in FigureA.10, Tapestry LO and SLO performs well in this task
taking 2-5% hit over Tapestry for these embarrassingly paltal large tasks despite the
potential for starvation introduced by the optimizations. Tapestry dependencies also
perform well. For this task we see a 5-8% slowdown over our foop versions.

In the following sections, we compare dependencies in rung threads to the
slowest runtime (OpenMP). We note that runtime threads are mch faster than operat-
ing system threads. In all these algorithms we are comparakgoin to a dependency
divide a conquer approach that uses split phase transactioms a special aggregate
threads. We can apply three static optimizations to dependeies: LO, Memory, and
Dynamic Split Phases. SLO is not applicable because it is itgmented by replacing
thread glue with recursive calls which is not possible wheredendencies need to be

met.

A.1.2.7 Fibonacci Dependencies

As seen in FigureA.11, the two most important optimization here are the Dy-
namic Split Phase which reduces the amount of work signi cély and LO which reduces
scheduler overhead. If memory management is not used, thetiopzations have little
a ect on the performance alone. However, they increase theff@mance by 2x. We
are producing about two times the amount of threads as the tead only version which

speaks volumes on the performance.

A.1.2.8 N-Queens Dependencies

Figure A.12 shows the performance is still very good for a more coarseigraask
like N-Queens with a board size of 16. We see a similar pattero which optimizations
are the best compared with the Fibonacci. In this benchmark, evare still producing
about double the amount of work due to the Dynamic Split Phasgansaction compared

with the thread only version.
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A.1.2.9 Quicksort Dependencies

The dependency quicksort uses an aggregate thread to indieahe work is
nished. It produces the same amount of work as the threadedevsion, but with less
memory requirements because the threads do not need to staslound unless we use the
stack based memory management with hints. The performanckavn in Figure A.13
is on par with the sequential version and OpenMP. It is withinl0% the performance

of Cilk Plus and 70% of Tapestry Threads only.

A.1.2.10 Monte Carlo Dependencies

In the Monte Carlo test we compare an embarrassingly paralleask using de-
pendencies. The Tapestry dependencies are created in a l@oml use an aggregate
thread to indicate the work is nished. The Static Dependenies For version creates
a number of macro threads equal to the number of cores with tHer work evenly
split between cores. The Hybrid Dependencies For version ates more dependencies

with less work allowing for some to be stolen. A completely damic version would
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Figure A.14: Monte Carlo Dependencies

equivalent to the Tapestry dependency version. The resultse good as seen in Figure
A.14.

A.1.3 OS Benchmarks

These tests are con gured to use Tapestry as an over all lay&s operating
system threads. Tapestry's layer provides new features thé strict C style threads
including the use of dependencies. We evaluate the perfommea of using fork/join
synchronization in comparison of using dependencies. Thasique tests are designed
to show the advantage of using dependencies in a context sshing environment for a
large number of threads. The baseline is fork/join for all th operating system tests. |
run these tests in Windows 8 64-bit using an Intel Core 2 Duo at£ GHz with 6GB
of ram. | use the Parallel Studio XE 2011 compiler for Windows othese tests with

nO2 optimizations.
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Figure A.15: Spawn Test: The baseline is fork/join.

A.1.3.1 Spawn Test

This test spawns threads from a loop. Each thread computes armdom number,
then spawns an additional worker thread that updates the vak. The random number
threads wait for its results back from the worker, updates jtand print the result. For
the dependency version of the test, we create three threadbe random number thread,
the update thread, and the print thread. A print thread depemls on a update thread
which depends on a random number thread. For this dependensynchronization
pattern the dependency version produces 33% more threadsjt lguarantees it will
have at most only half the number of threads alive at once. Thireduces the memory

requirements in a half. The results for this test are seen in ¢ure A.15.

A.1.3.2 Fibonacci

This test performs a recursive Fibonacci with each thread beg a separate
recursive call. So for b = N, there will be two threads spawnedvith b=N-1 and

N-2. However, we optimize here and call one thread using redors without spawning.
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Figure A.16: Fibonacci: The baseline is fork/join.

For the dependency version, the addition and spawning are lgpinto two separate
threads. The addition thread is dependent on the two spawndtireads. The addition
thread can be thought of as a continuation of the spawning tead. Because of this,
the thread signaling information needs to be copied over vihe dynamic split-phase
transaction. Additionally, the dynamic split-phase transation allows for one recursive
call to be done without spawning. Due to this fact, the deperahcy version is spawning
twice the number of threads, but at most requires one half thememory. This test is
very ne grain, with barely any operations performed. The rsults for this test are seen
in Figure A.16.

A.1.3.3 N-Queens

The N-Queens benchmark is similar to Fibonacci. It is a recuk& back o
algorithm. We only do half the board to take care of rotationsand re ections. For
each position we mark o where a queen is and has already bedaged and recursively

place more queens until we nd a solution or not. When a solutiois found: a 1 or 0
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Figure A.17: N-Queens: The baseline is fork/join.

is returned, and those values are added up similar to the Fibaoci application. The
di erence here is that N-Queens can spawn a variable and larggumber of threads for
each thread which reduces in size as you move toward the leafles. Furthermore, the
test is less balanced meaning certain threads can producermaevork than the other
threads. Also the implementation uses bit- elds and is far nme coarse grain than
Fibonacci due to the thread spawning work and board updatingThe results for this

test are seen in FigureA.17.

A.1.3.4 Quicksort

The last test done is a quicksort recursively. Each block ohé sort is done by
a thread. So initially the work is very coarse, but as the algithm proceeds toward
the leaf nodes, it becomes much ner. Each thread waits for #ir child to nish using
a join. The dependency version uses an aggregate thread whal threads signal to
indicate their work is nished; thus, they do not need to wait The results for this test

are seen in FigureA.18.
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Figure A.18: Quicksort: The baseline is fork/join.

All the results show a superior advantage for using dependeées vs the fork/join
model for ner-grain parallelism in preemptive operating gstem environment with
speedups in the range of 80 to 400 times with much less memogguirements. Analysis
indicates, the advantage comes from the fact that the forkgin model keeps parent
threads alive while children work thus increasing the ovellanumber of threads alive at
any given one time which increases the amount of time spentitext switching between
threads. However, in the dependency mode parent threads waikit after completing
all useful work leaving the operating system to context swéh only on threads doing
useful work. In general, the fork/join models are much easi¢o code because one

doesn't need to split threads to handle end states.

A.1.4 Tree Reduction Tests
These tests show the bene t of reducing a tree based searcioim graph one

automatically by the Tapestry runtime.
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Figure A.19: Fibonacci Automatic Tree to Graph Reduction Speegu

A.1.5 Fibonacci Automatic Tree to Graph Reduction Speedup

Using Tapestry's redundant graph elimination optimizationso that calls to the
same thread with same data are only called once and connectedother states i.e.
redundant states are eliminated, we see signi cant reductn in Fibonacci's workload
over the sequential and thus a signi cant improvement in sp as shown in Figure
A.19. Optimal is speedup achieved by the user employing manualdigction of states

by creating a manual graph vs the Tapestry runtime doing thigor them.

A.2 Case Study for Core i7
These were benchmarks run on the Core i7 using hyper-threadi We only run

application speci c tests on these machines.

A.2.1 Runtime Benchmarks

The next scalability tests use a Core i7 using up to 8 threadsnahe 4 core

machine because the machine has hyper threading support.
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Figure A.20: Fibonacci Scalability: A Fibonacci number of 40 wasalculated.

A.2.1.1 Fibonacci Scalability

Here we see that Tapestry's performance is not much di erentdm Cilk Plus
until we add in the Super Locality Optimization ( Figure A.20). We are 5 to 6 times
faster than Cilk Plus with this locality aware optimizations. This indicates very regular

ne-grain tasks bene t much from these optimizations.

A.2.1.2 N-Queens Scalability

This application is more coarse-grain and less regular. Asesein Figure A.21,
for this application we see that Tapestry still does well. Irparticular, it scales well
with or without optimizations and is on par with Cilk Plus. The speedup relative to
the recursive version is very good with both Tapestry and GilPlus almost meeting the
sequential performance. However with optimizations turrteon, Tapestry out performs
the sequential at 2 cores and achieves a 2.5x speed up overdbguential when all cores

are utilized.
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Figure A.21: N-Queens Scalability: A board size of 16 was used.

A.2.1.3 Quicksort Scalability

Here the relative scalability is lower for SLO which can be refenced in seen in
Figure A.22 based on the initial performance on one node. Tapestry hitsspeedup of
4.03x on this 4 core machine. | note the work begins coarse andow quantity and
becomes much more available over time but more ne. The coarsvork makes up the
bulk of the work performed which a ects performance by limihg the overall speedup
gain within the bounds of the rst couple of iterations. In adlition, the overhead as

tasks become ner also attributes to slowdown.

A.2.1.4 N-Puzzle Scalability
The benchmark as seen in Figur&.23 shows the performance is not very regular.

However, Tapestry SLO still outperforms in all cases.
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Figure A.23: N-Puzzle Scalability: Solution was at a depth of 1®r a 3x3 puzzle.
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Appendix B
BENCHMARK CODE

B.1 Fork/Join Benchmarks
B.1.1 Thread Spawn

int threadSpawnB( int v )
f

return v+1;

int threadSpawnA( int v )
f

int result = _spawn_. threadSpawnB( v );

_sync_;

return result;

void threadSpawnTest( void )

f
for ( int i = 0; i < COUNT; i+ )
f
_spawn. threadSpawnA( 1 );
g
_sync_;
g

B.1.2 Fibonacci
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int
fib( int in )
f
if ( fib < 2)
return fib;
else
f
int x = _spawn_ fib( in 2)
int y= fib ( in 1);
_sync_;
return X +y;
g
g

B.1.3 N-Queens

int nqueens(unsigned int

unsigned int LeftDiag, unsigned int

unsigned

int

int found =

int i =

int res

unsigned
unsigned
unsigned
unsigned

unsigned

0;

ults

int
int
int
int

int

[BOARD 1];

copyRowsToBeFilled;
copyColsToBeFilledl;
copylLeftDiagl;
copyRightDiagl;
copyRowsToBeFilledl;

copyRowsToBeFilled = RowsToBeFilled;
if ( copyRowsToBeFilled!= 0 )

176

RowsToBeFilled, unsigned int

RightDiag ,

ColsToBeFilled,

unsigned int

row)



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
51
52

r = ( ((signed )RowsToBeFilled) & RowsToBeFilled);
RowsToBeFilled & ~( r );
if ( row < MAX 1)
f
copyColsToBeFilledl = ColsToBeFilled | r;
copyLeftDiagl = (LeftDiag j r) > 1;
copyRightDiagl = (RightDiag | r) < 1;
copyRowsToBeFilledl = MASK & ~( copyColsToBeFilledl j copyLeftDiagl
j copyRightDiagl );

while ( RowsToBeFilled = 0 )

£
r = ( ((signed)RowsToBeFilled) & RowsToBeFilled);
RowsToBeFilled & ~( r );

if ( row < MAX 1)
f

unsigned int copyColsToBeFilled = ColsToBeFilled | r;

unsigned int copyLeftDiag = (LeftDiag j r) > 1;

unsigned int copyRightDiag = (RightDiag j r) < 1;

unsigned int copyRowsToBeFilled = MASK & ~( copyColsToBeFilled |

copylLeftDiag j copyRightDiag );

results[i] = _spawn. nqueens( copyRowsToBeFilled,

copyColsToBeFilled, copyLeftDiag, copyRightDiag, row+1);

i++;

else

found += 1;
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66
67
68
69
70
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72
73
74
75
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84
85
86
87

g
int size = i;
if ( copyRowsToBeFilled !'= 0)
f
if ( row < MAX 1)
f

found += nqueens( copyRowsToBeFilledl, copyColsToBeFiledl,

copyLeftDiagl, copyRightDiagl,

else

found += 1;

_sync.
for (i=size 1; i >= 0; i )

f

found += results[i];

return found;

void nqueensTop( )

f
unsigned int RowsToBeFilled, ColsToBeFilled, LeftDiag,
unsigned int solutions, solutionsOdd = 0;

rows = ColsToBeFilled = LeftDiag = RightDiag = O;

int half = BOARD >> 1;
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88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112

RowsToBeFilled = (1 < half) 1,
timer.start();
solutions = _spawn. 2 nqueens (RowsToBeFilled, ColsToBeFilled,
LeftDiag, RightDiag, rows) ;
if ( MAX& 1) //half of middle column for odd
f
RowsToBeFilled = 1 < (MAX > 1);
rows = 1;
ColsToBeFilled = RowsToBeFilled;
LeftDiag = (RowsToBeFilled > 1);
RightDiag = (RowsToBeFilled < 1);
RowsToBeFilled = (RowsToBeFilled 1) > 1;
solutionsOdd = 2 nqueenscilk (RowsToBeFilled, ColsToBeFilled,
LeftDiag, RightDiag, rows) ;
g
_sync_;
solutions+=solutionsOdd ;
g

B.1.4 Quicksort

void qSort(int begin, int end)
f
if (begin != end) f
end; /I Exclude last element (pivot) from partition
int middle = std:: partition(begin, end,
std :: bind2nd(std :: less<int >(), end));
using std::swap;

swap( end, middle); /I move pivot to middle

179



10
11
12
13

© 00 N o g bdM WN P

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28

_spawn. gSort(begin,

middle) ;

gSort(++middle, +end); // Exclude pivot and restore end
_sync_;
g
g
B.1.5 Monte-Carlo
static const int nopt=30;
static const int maturities[] = f 4, 4, 4, 8, 8, 8, 20, 20, 20, 28, 28,
28, 40, 40, 40, 48, 48, 48, 60, 60, 60,
68, 68, 68, 80, 80, 80, 88, 88, 8y;
static const int nmat=5700;
static const int n=nmat+1;
static const double delta = 0.25; / LBOR interval /
static const double swaprates[] =f .045, .05, .055, .045, .05, .055,
.045, .05, .055, .045, .05, .055,
.045, .05, .055, .045, .05, .055,
.045, .05, .055, .045, .05, .045,
.05, .055, .045, .05, .055, .045,
.05g;
void scalarKernel(double LO, double z, double lambda, double V)
f
double b, s, swapval;
double sqez, lam, conl, vscal, vrat;
int i, j;
double B[nmat], S[nmat], L[n];
for (i=0;i <n;i++) f
L[i] = LO[i];
g
for (j=0; j <nmat; j++)
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sgez = sqrt(delta) z[j];

v_scal = 0.0;

for (i=j+1; i <

n; i++)

lam = lambdali

conl = delta lam;
+= conl L[i]/(1.0+delta LJ[i]);

v_scal

vrat = exp(conl v_scal + lam (sqez 0.5 conl));

swapval = B[k] + swaprates[i] S[k]

i

f

1];

1,

100.0 swapval;

L[i] = L[i] wvrat;
g
9
b=1.0;
s = 0.0;
for (j=nmat; j <n; j++) f
b = b/(1.0+delta L[j]);
s = s + delta b;
B[j nmat] = b;
S[j nmat] = s;
g
v_scal = 0.0;
for (i=0; i<nopt; i++) f
int k = maturities[i]
if (swapval < 0.0)
v_scal +=
g

/I apply discount

for

(j=0; j <nmat;

j+) f
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65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81

v_scal = v_scal/(0.0+delta L[j]);
g
v[0]=v _scal;
g
void monteSpawn (double z, double v, double LO, double lambda ,
int npath)
f
int path;
for (path=0; path <npath; path++)
f
_spawn. scalarKernel (L0, &z[path nmat], lambda, & [path]);
g
_sync_;
g
B.1.6 N-Puzzle
class nPuzzle
f
int empty;
char board[SIZE SIZE];
unsigned int row;
unsigned int col;
bool up, down, left, right;
public :
nPuzzle( int newEmpty, char newBoard[SIZE SIZE] ):
empty( newEmpty ),
row ( newEmpty / SIZE ),
col ( newEmpty row  SIZE ),
up ( true ),
down ( true ),
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left ( true ),
right( true )
f

memcpy(board , newBoard, sizeof (char) SIZE SIZE);

nPuzzle(int newEmpty, int swap,
empty( swap ),

row ( swap / SIZE),

col ( swap row SIZE) ,

up ( true )
down ( true ),
left ( true )
right( true )
£

char

newBoard [ SIZE SIZE]):

memcpy( board, newBoard, sizeof (char) SIZE SIZE );

std ::swap( board[newEmpty], board[swap] );

bool solution ()
f

return strncmp( board,goal, SIZE SIZE ) = O0;

nPuzzle slideLeft()
f

return nPuzzle( empty, empty 1, board );

nPuzzle slideRight ()
f

return nPuzzle( empty, empty+1l, board );
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g;

bool

f

nPuzzle slideUp ()
f

return nPuzzle( empty, empty

nPuzzle slideDown ()
f

SIZE, board)

return nPuzzle( empty, empty + SIZE, board );

bool canSlideUp () f
bool canSlideDown() f
bool canSlideRight() f
bool canSlideLeft() f

if ( cancel )

return false ;
if ( puzzle.solution() )
f

cancel = true ;

return true ;

bool up = false, down =

if (depth !'= limit)
f
depth++;

return
return
return

return

false ,

if ( puzzle.canSlideUp() )

row > 0 && up;

g

row < ( SIZE 1 ) & down; ¢
col < ( SIZE 1 ) && right; g
col > 0 && left; g

search( nPuzzle puzzle,unsigned int

left =
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86 up = _spawn_. search(puzzle.slideUp () ,depth);

87 if ( puzzle.canSlideDown() )

88 down = _spawn. search(puzzle.slideDown (), depth);
89 if ( puzzle.canSlideLeft() )

90 f

91
92 if ( puzzle.canSlideRight() )

93 f

94 left = _spawn. search( puzzle.slideLeft(), depth );
95 right = _spawn. search( puzzle.slideRight(), depth );
96 g

97 else

98 left = search( puzzle.slideLeft(), depth );

99 g

100 else

101 right = search( puzzle.slideRight(), depth );

102
103 _sync_;
104
105 return up jj down jj left jj right;
106] g

107
108 return false
109 g
110
111 void nPuzzleTop( )
112/ f
113
114 int i = iters;

115 char testStart[] = "310628457"
116
117 nPuzzle testPuzzle( 2, testStart );
118
119 double result=0;
120
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for (i; i>0; i )
f
limit = 0O;
cancel = false;
timer. start();
while ( !search( testPuzzle, 0 ) )

limit++;
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B.1.7 Matrix Multiplication

1

/I Title: Pthread Matrix Multiplication Block

1

/IFile: pthread _matmul _grid.c

1

/[IDescription:

[IThis program performs matrix multiplication on a randoml y generated
/Imatrix.The size of the matrix is passed in via command line . We
/lcreate a grid based on BLOXK size and divide up each of the bl ocks
/lamong threads as evenly as possible so at most any thread wi I
/lhave to compute 1 extra block. Block size should be chosen t o]
/Imaxamize cache performance and works well at 256x256. We d 0 a
/lwhole slew of optimizations to improve performance .We do register
/ltile using loop unrolling at 2x4 block increments, which a Iso should
/Ibe vectorized by the compiler. We do a zig zag access pattern to
/limprove locality and reduce cache conflicts among thread s. We do
/Iminimim address computations when multiplying. We set ea ch thread to
/lonly be used on 1 processor to improve locality.

I
/IJoshua Landwehr 4/09/2010 (snapcore@gmail.com)

1

/IGroup: Includes
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#define _GNU_SOURCE

Include: "stdio.h"

Description:

Standard C 1/O operations. We use the printf,

perror functions.

#include <stdio.h>

Include: "stdlib.h"

Description:

fprintf, and

Standard C library. We use the exit function and the
EXIT FAILURE constant.

#include <stdlib.h>

Include: "limits.h"

Description:

Characteristics of common variables. We use the LONG MAX and

LONG MN constants.

#include <limits.h>

Include: "errno.h"

Description:

/

187



59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93

Used for reporting errors. We use errno global variable and
RANCE constant.
/
#include <errno.h>
/
Include: "time.h"
Description:
Standard C time and data. We use the time, gettimeofday funct ion.
We also use the timeval struct.
/
#include <time.h>
/
Include: "pthread.h"
Description:
Includes functions for thread creation. We use pthread _create
and pthread _join functions. We also use the pthread _t struct.
/
#include <pthread.h>
#include <sched.l»
#include <math.h>
/[Constants: PRINT SIZE
/[The biggest size of NN matrix we will print
#define PRINT _SIZE 5
/
Constants: Random Bounds
RAN MAX Defines the maxmum bound of our random numbers.
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94 RAN MN Defines the minimium bound of our random numbers.
95 /

96j#define RANMAX 1.0

97|#define  RANMIN 1.0

98

99/#define BLOCK 256

100

101j#define ERROR_TOL 0.00001
102

103#define  matmul matmul _block
104
105 double  matrix _a;

106 double  matrix _b;

107 double  matrix _al;

108 double  matrix _b1;

109 double  matrix _c;

110 int requested matrix _size;
111 int num_blocks_p;

112
113//

114 //Group: Implementation
115/ //

116
117}/
118 Function: init _matrix _block
119
120 Description:

121 Fills a matrix with random numbers between RAN MAX and RAN _MN.
122

123 Parameters:

124 requested _matrix _size Total size of matrix
125 matrix location of matrix to init.

126

127 /

128 init_matrix _block (int requested matrix _size , double matrix)
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154
155
156
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159
160
161
162

163

int i,j;
double range = RAN_MAX RAN _MIN;
for (i = 0; i < requestedmatrix _size; i++)
f
matrix[i] = rand() range / RAND MAX + RAN _MIN;

Function: matmul _simple

Description:
Performs vanilla matrix multiplication on a contigous memo ry

location. Used for verification.

Parameters:

requested _matrix _size Size of matrix in 1 dimension

matrix _a location of matrix A.
matrix _b location of matrix B.
matrix _c location of matrix C.

/
void matmul _simple(int requested matrix _size , double matrix _a,

double  matrix _b, double matrix _c)

int i,j,k;
for (i = 0; i < requestedmatrix _size; i++)
f
register double a_temp = matrix _a + i requested matrix _size;

for (j = 0; ] < requestedmatrix _size; j++)

f
register double b_temp = matrix _b + j requested matrix _size;
register double c_ij = (matrix_c + j + i requested matrix _size);

for (k = 0; k < requestedmatrix _size; k++)
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165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
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198

c.ij += (a-temp + k) (b_temp+k) ;

g
(matrix _.c + j + i requested matrix _size) = c_ij;

Function: perform _block _-matmul _fin

Description:
Performs matrix multiplication on remaining elements of bl

that could not be fit in our register tile size.

Parameters:
requested _matrix _size Size of matrix in 1 dimension
z number of C elements across to calculate
X number of C elements down to calculate

c number of elements from A, B to use for C element.

matrix _a location of our starting fringe in A.
matrix _b location of our starting fringe in B.
matrix _c location of our starting fringe in c.

/

void perform_block_matmul _fin(int requested matrix _size , int

int c, double matrix _a, double

double  matrix _c)
int i, j, k;
for (i = 0; i<z; i++)
f

register double a_temp = matrix _a + i BLOCK;

for (j = 0; j<x; j++)

191

ocks

z,

int x,

matrix _b ,



199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233

register double
register double
for (k = 0; k<c; k++)
f

c_ij =

c.ij += (a-temp + k)

g
(matrix _.c + j + i

/ 8

Function: perform _block _-matmul _unroll

Description:

b_temp = matrix _b + j

(matrix _.c + j + i

BLOCK;
BLOCK) ;

(b_temp+k);

BLOCK) = ¢ _ij;

-8

Performs matrix multiplication on blocks using a 2x4 regist

tile .

Parameters:

requested _matrix _size

matrix _a location of matrix A.
matrix _b location of matrix B.
matrix _c location of matrix C.
i starting i element for this block
i starting j element for this block
k starting k element for this block
bl _i block for this bock
bl _j

bl _k

starting i

starting j block for this bock

starting k block for this bock

num _blocks _p blocks per row
/

void perform_block_matmul _unroll_8(int
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234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268

double matrix _a, double matrix _b ,
double  matrix_c, int i, int j, int
int bl_i, int bl_, int bl_k,

int num_blocks_p)

/lz number of C elements across to calculate
[Ix number of C elements down to calculate
/lc number of elements from A, B to use for C element.

/If any of these are true our block is bigger than elements to use
/lin that dimension: i,j,k
if (i+BLOCK > requested.matrix _size)
z = requestedmatrix _size i;
else
z = BLOCK;

if (jJ#BLOCK > requested matrix _size)
X = requested matrix _size j;

else
X = BLOCK;

if (kBLOCK > requested matrix _size)
C = regquested matrix _size k;

else
¢ = BLOCK;

[IOffset a,b,c into the correct blocks

matrix_a += bl _k BLOCK BLOCK + bl _i BLOCK BLOCK num_blocks_p;
matrix_b += bl _k BLOCK BLOCK + bl _j BLOCK BLOCK num_blocks_p;
matrix_c += bl _j BLOCK BLOCK + bl _i BLOCK BLOCK num_blocks_p;

/[Loop movement
int u_i=i;

int u_j=j;
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269

270 //stride of our tiles

271 int j_stride = 2;

272 int i_stride = 4;

273

274  /[Number of elements in i and j dimensions

275 int num.i = z/i _stride;

276 int num_ = x/j _stride;

277

278 //Move one C down

279 for (u_i = 0; u_i<num.i; u_i++)

280 f

281 i=u_i i_stride;

282 register double a_temp = matrix _a + i BLOCK;

283 /IMove one C across

284 for (u_j = 0; u_j<num_; u_j++)

285 f

286 /[Find real |j

287 j=u_j j_stride;

288 register double b_temp = matrix _b + | BLOCK;

289

290 /[Compute 2 Across and 2 Down thus 2x2 =

291 register double c_ij1 = (matrix_c + (j + 0) + (i + 0) BLOCK) ;
292 register double c_.ij2 = (matrix_c + (j + 0) + (i + 1) BLOCK) ;
293 register double c_ij3 = (matrix_c + (j + 0) + (i + 2) BLOCK) ;
294 register double c_.ij4 = (matrix_c + (j + 0) + (i + 3) BLOCK) ;
295 register double c_.ij5 = (matrix_c + (j + 1) + (i + 0) BLOCK) ;
296 register double c_ij6 = (matrix_c + (j + 1) + (i + 1) BLOCK) ;
297 register double c_ij7 = (matrix_c + (j + 1) + (i + 2) BLOCK) ;
298 register double c¢_ij8 = (matrix_c + (j + 1) + (i + 3) BLOCK) ;
299

300 //Accumulate tiles

301 for (k = 0; k<c; k++)

302 f

303 c.ijl += (a_temp + k + (0) BLOCK) (b_temp + k + (0) BLOCK) ;
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305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338

g

c.ij2 += (a-temp + k + (1) BLOCK) (b_temp + k + (0)
c.ij3 += (a_temp + k + (2) BLOCK) (b_temp + k + (0)
c.ij4 += (atemp + k + (3) BLOCK)  (b_temp + k + (0)
c.ij5 += (a_-temp + k + (0) BLOCK)  (b_temp + k + (1)
c.ij6 += (a_temp + k + (1) BLOCK) (b_temp + k + (1)
c.ij7 += (a-temp + k + (2) BLOCK)  (b_temp + k + (1)
c.ij8 += (a_-temp + k + (3) BLOCK) (b_temp + k + (1)

/[ISave results

(matrix ¢ + (j + 0) + (i + 0) BLOCK) = ¢ _ij1;
(matrix ¢ + (j + 0) + (i + 1) BLOCK) = ¢ _ij2;
(matrix ¢ + (j + 0) + (i + 2) BLOCK) = ¢ _ij3;
(matrix _.¢c + (j + 0) + (i + 3) BLOCK) = ¢ _ij4;

(matrix _.c + (j + 1) + (i + 0) BLOCK) = ¢ _ij5;
(matrix c + (j + 1) + (i + 1) BLOCK) = ¢ _ij6;
(matrix _.¢c + (j + 1) + (i + 2) BLOCK) = ¢ _ij7;
(matrix _c + (j + 1) + (i + 3) BLOCK) = ¢ .ij8;

/Me could not compute a elements as they did not fit in our str

if (z%i_stride = 0 jj x%j_stride =0 )

f

/[Finish missing elements wide (j) downward fringes
perform_block_matmul _fin(requested_matrix _size , z
X num._j j_stride , c,
matrix _a ,
matrix _b+num _j j_stride BLOCK,

matrix _ctnum _j j_stride);

/[Finish missing elements down (i) rightward fringes
perform_block_matmul _fin(requested_matrix _size ,
z num_i i_stride ,

num_ j_stride, c,
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339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373

matrix _a+tnum_i i_stride BLOCK,
matrix _b ,
matrix _c+tnum_i i_stride BLOCK);
g
g
/
Function: matmul _block
Description:
Divides matrices into blocks and allocates work based on the
start _id. Then it iterates through the blocks calling a lower
function to perform the actual matrix multiplication per bl
Parameters:
requested _matrix _size Size of matrix in 1 dimension
matrix _a location of matrix A.
matrix _b location of matrix B.
matrix _c location of matrix C.
start _id id of thread to perform this matrix multiplication.
/
void matmul _block(int block_i)
f
/lLocal loop block versions are used to indicate i and j for th
int i, j, k, block_j, block_k;
/Ibl _i is the col and bl _j is the row
int bl_i = block _i/(num _blocks_p);
int bl_j = block _i%(num _blocks_p);
//[Element in real full matrix
i = bl_i BLOCK;
j = bl _j BLOCK;
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375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408

for (block_k = 0; block_k < num_blocks_p; block_k++)
f
/[Element in real full matrix
k = block_k BLOCK;
perform_block_matmul _unroll _8(requested matrix _size , matrix_a,
matrix _b, matrix_c, i, j, k,
bl_i, bl_j, block_k,num_blocks_p);
g
g
/[Converts normal contigous matrix X passed into block vers ion Y
/lpassed out

int map_standard_to_block(int row_size, int x)
f
int num_blocks = (row _size)/(BLOCK) ;
if ((row_size)%(BLOCK))
num_blocks++;
int vy;
int row = (x)/row _size;
int col = (x)%row _size;
int block_row = (row)¥BLOCK;
int block_col = (col)¥BLOCK;
y = row/BLOCK num_blocks+col/BLOCK;
y =y BLOCK BLOCKt+block _col+block _row BLOCK;
return y;
g
/[Just do malloc and calloc for us
void malloc_blocks (int num_blocks)
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410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442

443

return malloc(sizeof (double ) num_blocks);

/lJust do malloc and calloc for us

void calloc_blocks (int num_blocks)

f

return calloc (num_blocks ,sizeof (double ));

Function: main

Description:
Performs parallel matrix multiplication where data is rand

generated. Argv[1l] should contain the NN size of the matrix

Parameters:
argc number of arguments passed to program.

argv an array of the arguments as char (c strings).

Return:
0 on success.
not 0 on failure.
/

int main(int argc, char argv|[])

f

struct timeval start_time;
struct timeval int _stop_time;
struct timeval com_stop_time;
float int_time;

float com_time;

198

omly



444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478

float tot_time;

float gflops, ptime, rtime;
long long flops;

/lUsed for error checking in strtol.
char input_end;

pthread.t threads_desc;

/Row and column size

[INMBC
double matrix _d;

unsigned int matrix _size;

/[Local loop vars

int i,j,k;

if (argc = 2)
f

int retval;

[/ Initialize the library /

requestedmatrix _size = strtol(argv[1l], &nput _end, 10);

/[Error checking.
if ((errno = ERANGE && (requested _matrix _size = LONG MAX jj
requested matrix _size = LONG MIN)) jj

errno != 0 & requested_-matrix _size = 0)
perror("strtol" );

exit (EXIT _FAILURE) ;

if (input_end = argv[1l])
f

fprintf(stderr, "No digits were foundnn");
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479 exit (EXIT _FAILURE) ;
480 g

481
482 if ( input_end != 'n0")

483 f

484 fprintf

485 (

486 stderr

487 "Further characters after number: %snn",
488 input_end

489 )

490 exit (EXIT _FAILURE) ;

491 g

492
493 if (requested.-matrix _size < 1)

494 f

495 fprintf(stderr, "Matrix Size < 1nn");
496 exit (EXIT _FAILURE) ;

497 g

498
499 matrix_size = sizeof (double ) requested matrix _size
500 requested matrix _size;
501
502 int num_blocks = (requested_matrix _size)/(BLOCK) ;
503
504
505 num_blocks_.p = (requested_matrix _size)/(BLOCK) ;
506
507 if (requested.-matrix _size¥BLOCK)

508 f

509 num_blocks++;

510 num_blocks_p++;

511 g

512 int total _blocks = num_blocks num_blocks;
513
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515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548

matrix_a = malloc_blocks (num_blocks num_blocks BLOCK BLOCK) ;
matrix_b = malloc _blocks (num_blocks num_blocks BLOCK BLOCK) ;
matrix_c = calloc_blocks (num_blocks num_blocks BLOCK BLOCK);

threads.desc = malloc(T sizeof (pthread_t));

srand ( time(NULL) );

/IMeasure Initialiaztion Time

gettimeofday(&start_time , NULL);

init_matrix _block (num_blocks num_blocks BLOCK BLOCK, matrix _a);
init_matrix _block (hum_blocks num_blocks BLOCK BLOCK, matrix _b);

gettimeofday(&int _stop_time , NULL);

/ITotal Blocks

for (i = 0; i < total _blocks; i++)

_spawn. matmul _block(i);
_sync_;
gettimeofday(&com._stop_time , NULL);
int_time = (int _stop_time.tv _sec +

(float )int _stop_time .tv _usec/1000000.0) (start_time.tv_sec +

(float )start _time.tv _usec/1000000.0);
comtime = (com _stop_time.tv _sec +
(float Ycom_stop_time.tv _usec/1000000.0)

(int_stop_-time.tv _sec + (float )int _stop_time .tv _usec/1000000.0);

tot_time = int _time + com _time;
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549 gflops = ((2 pow(requestedmatrix _size ,3)
550 pow(requestedmatrix _size ,2))/(com_time))/pow(10,9);
551 printf

552 (

553 "Intialization Time: %.3f nn" n

554 "Computation Time: %.3f nn" n

555 "Total Time: %.3f nn" n

556 "GFLOPs: %.3fnn",

557 int_time ,

558 comtime ,

559 tot_time ,

560 gflops

561 )

562

563 return O;

564 g

B.2 Dependency Benchmarks

B.2.1 Thread Spawn

1ljint threadSpawnB( int v )

2| f

3 return v+1;

419

5

6/ int threadSpawnA( int v )

7\ f

8

9 return v;

10/ g

11

12| void threadSpawnTest( void )
13| f

14 for ( int i = 0; i < COUNT; i+ )
15 f
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16
17
18
19
20
21

ga b W N =

_spawn_ threadSpawnB( 1 );

int result =
_spawn_ threadSpawnA( result );
g
_sync_; //Wait for threads to finish
g

B.2.2 Fibonacci

1);
2);

int fibAdd ( int x, int y )
f
return  x + y;
g
int fib ( int n)
f
if(n< 2)
return n;
else
f
int x = _spawn_ fib( n
int 'y = _spawn_ fib( n
_continue_ fibAdd ( x, y);
return 0;
g
g

B.2.3 N-Queens
int
f

NumberOfSetBits(int i)

i = (i & 0x33333333) + ((i

(((i + (i

return

>> 4)) & O0xOFOFOFOF)

i ((i > 1) & 0x55555555);

> 2) & 0x33333333);
0x01010101)>> 24;
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© 00 N o

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

unsigned int

f

return

int

nqueens unsigned int

unsigned int LeftDiag, unsigned int

value;

unsigned int r, c ;

int

int

int

found = 0O;

= 0;

results [BOARD 1];

unsigned int copyRowsToBeFilled;

int

aggregatenqueens (@unsigned int

value)

RowsToBeFilled, unsigned int

RightDiag ,

nCodelets = NumberOfSetBits(RowsToBeFilled);

ThreadAggregate aggregate
if (nCodelets 1> 0)

f

/ICreate a codelet that aggregates nCodelets values

aggregate = ThreadAggregate (&aggregatenqueens,

_continue_ ( aggregate );

aggregate .dependsOnthis ) ;

while ( RowsToBeFilled = 0 )

f

r

( ((signed )RowsToBeFilled) & RowsToBeFilled);

RowsToBeFilled & ~( r );

if
f

( row < MAX 1)

204
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41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75

unsigned int copyColsToBeFilled = ColsToBeFilled | r;
unsigned int copyLeftDiag = (LeftDiag j r) > 1;
unsigned int copyRightDiag = (RightDiag j r) < 1;

unsigned int copyRowsToBeFilled = MASK & ~( copyColsToBeFilled

j

copyLeftDiag j copyRightDiag );

results[i] = _spawn. nqueens( copyRowsToBeFilled,

copyColsToBeFilled, copyLeftDiag, copyRightDiag,

aggregate .dependsOn(results[i]);

i++;
g
else
f

found += 1;

return found;

void nqueensTop( )

f

unsigned int RowsToBeFilled, ColsToBeFilled, LeftDiag, RightDiag,

unsigned int solutions, solutionsOdd = 0;

rows = ColsToBeFilled = LeftDiag = RightDiag = O;

int half = BOARD >> 1;
RowsToBeFilled = (1 < half) 1,

ThreadAggregate threadEnd(&aggregatenqueens, 2);

205

row+1);

rows;



76
77 if (MAX & 1)

78 threadEnd. setSignalSize (2);

79| else

80 threadEnd. setSignalSize (1);

81

82| solutions = _spawn. 2 nqueens (RowsToBeFilled, ColsToBeFilled,
83 LeftDiag, RightDiag, rows) ;

84

85| threadEnd.dependsOn( solutions );
86| if ( MAX& 1) //half of middle column for odd

87 f

88 RowsToBeFilled = 1 < (MAX > 1);

89 rows = 1;

90

91 ColsToBeFilled = RowsToBeFilled;

92 LeftDiag = (RowsToBeFilled > 1);

93 RightDiag = (RowsToBeFilled < 1);

94 RowsToBeFilled = (RowsToBeFilled 1) > 1,

95

96 solutionsOdd = 2 nqueens (RowsToBeFilled, ColsToBeFilled,
97 LeftDiag, RightDiag, rows) ;
98

99 threadEnd.dependsOn( solutionsOdd );

1000 g

101

102 g

B.2.4 Quicksort

1jvoid gSort(int begin, int end, Thread threadEnd)
2| f
3 if (begin !'= end) f

4 end; // Exclude last element (pivot) from partition

5 int middle = std:: partition(begin, end,

6 std :: bind2nd(std :: less<int >(), end));
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24
25

using std::swap;

swap( end, middle); /I move pivot to middle
threadEnd >dependsOnSignalOnly( _spawn. gSort(begin, middle) );
gSort(++middle, +end); // Exclude pivot and restore end
g
9
B.2.5 Monte-Carlo
static const int nopt=30;
static const int maturities[] = f 4, 4, 4, 8, 8, 8, 20, 20, 20, 28, 28,
28, 40, 40, 40, 48, 48, 48, 60, 60, 60,
68, 68, 68, 80, 80, 80, 88, 88, 8y;
static const int nmat=5700;
static const int n=nmat+1;
static const double delta = 0.25; / LBOR interval /
static const double swaprates[] =f .045, .05, .055, .045, .05, .055,
.045, .05, .055, .045, .05, .055,
.045, .05, .055, .045, .05, .055,
.045, .05, .055, .045, .05, .045,
.05, .055, .045, .05, .055, .045,
.050;
void scalarKernel(double LO, double z, double lambda, double V)
f
double b, s, swapval;
double sqez, lam, conl, vscal, vrat;

int

i, g

double B[nmat], S[nmat], L[n];

for (i=0;i <n;i++) f

L[i] = LO[i];
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27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

for (j=0; j <nmat;

f

v_scal = 0.0;
for (i=j+1; i <n; i++) f
lam = lambdali j 1];
conl = delta lam;
v_scal += conl L[i]/(1.0+delta LJ[i]);
vrat = exp(conl v_scal + lam (sqez 0.5 conl));
L[i] = L[i] wvrat;
g
g
b=1.0;
s = 0.0;
for (j=nmat; j <n; j++) f
b = b/(1.0+delta L[j]);
s = s + delta b;
B[j nmat] = b;
S[j nmat] = s;
g
v_scal = 0.0;
for (i=0; i<nopt; i++) f
int k = maturities[i] 1;
swapval = B[k] + swaprates[i] S[k]
if (swapval < 0.0)
v_scal += 100.0 swapval;
g

jtt)

sqez = sqrt(delta) z[j];
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61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91

=

/I apply discount
for (j=0; j <nmat; j++) f
v_scal = v_scal/(0.0+delta L[j]);
9
v[0]=v_scal;
9
void endFunc()

f
/lprint results
g
void monteSpawn (double z, double v, double LO, double lambda ,
int npath)
f
int path;
Thread end(&endFunc);
end.setSignalSize (path);
for (path=0; path <npath; path++)
f
end.dependsOnSignalOnly(_spawn. scalarKernel (LO,
&z[path nmat], lambda, &v[path]));
g
_sync_;
g

B.2.6 Fibonacci Dynamic

int fibAdd ( int x, int y )
f

209



© 00 N o o b~ W

10
11
12
13
14
15
16
17
18

© 00 N o g bd WwWN PP

10
11
12
13
14
15
16
17

return  x + y;

int fib ( int n)

if(n< 2)
return n;

else

f
int x = _spawn_ fib( n 2);
_continue_ fibAdd ( x, this);

return fib( n 1);

g

g

B.2.7 N-Queens Dynamic

int NumberOfSetBits(int i)
f
=i ((i > 1) & 0x55555555);
i = (i & 0x33333333) + ((i > 2) & 0x33333333);
return  (((i + (i > 4)) & 0xOFOFOFOF) 0x01010101)>> 24;
g
unsigned int aggregatenqueensUunsigned int value)
f
return value;
g
int nqueens@nsigned int RowsToBeFilled, unsigned int ColsToBeFilled,

unsigned int LeftDiag, unsigned int RightDiag, unsigned int row)

unsigned int r, ¢

int found = O;
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int results [BOARD 1];

unsigned int copyRowsToBeFilled;
unsigned int copyColsToBeFilledl;
unsigned int copyLeftDiagl;
unsigned int copyRightDiag1l;
unsigned int copyRowsToBeFilledl;

int nCodelets = NumberOfSetBits(RowsToBeFilled) ;

ThreadAggregate aggregate

if (nCodelets 1> 0)

f
/[Create a codelet that aggregates nCodelets values
aggregate = ThreadAggregate (&aggregatenqueens,
_continue_ ( aggregate );

aggregate .dependsOnthis );

copyRowsToBeFilled = RowsToBeFilled;
if ( copyRowsToBeFilled!= 0 )
f
r = ( ((signed )RowsToBeFilled) & RowsToBeFilled);
RowsToBeFilled & ~( r );
if ( row < MAX 1)
f
copyColsToBeFilledl = ColsToBeFilled | r;
copyLeftDiagl = (LeftDiag j r) > 1;
copyRightDiagl = (RightDiag j r) < 1;

copyRowsToBeFilledl = MASK & ~( copyColsToBeFilledl |

nCodelets);

j copyRightDiagl );
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75
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77
78
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80
81
82
83
84
85
86
87

while ( RowsToBeFilled = 0 )

f

r = ( ((signed )RowsToBeFilled) & RowsToBeFilled);

RowsToBeFilled

if ( row < MAX
f

unsigned int
unsigned int
unsigned int

unsigned int

results[i] =

& ~(r);

1)

copyColsToBeFilled = ColsToBeFilled | r;

copylLeftDiag = (LeftDiag j r) > 1;

copyRightDiag = (RightDiag | r) < 1;

copyRowsToBeFilled = MASK & ~( copyColsToBeFilled j
copyLeftDiag j copyRightDiag );

_spawn. nqueens( copyRowsToBeFilled,

copyColsToBeFilled, copylLeftDiag, copyRightDiag, row+1l);

aggregate .dependsOn(results[i]);

i++;
g
else
f

found += 1;

g
int size = i;

if ( copyRowsToBeFilled !'= 0)

f
if ( row < MAX
f

1)

found += nqueens( copyRowsToBeFilledl, copyColsToBeFiledl,

else

copylLeftDiagl, copyRightDiagl, row+1);
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94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121

122

found += 1;

return found;

void nqueensTop( )

f

unsigned int RowsToBeFilled, ColsToBeFilled, LeftDiag,

unsigned int solutions, solutionsOdd = 0;

rows = ColsToBeFilled = LeftDiag = RightDiag = 0;

int half = BOARD >> 1;
RowsToBeFilled = (1 < half) 1,

ThreadAggregate threadEnd(&aggregatenqueens, 2);

if (MAX & 1)

threadEnd. setSignalSize (2);
else

threadEnd. setSignalSize (1);

RightDiag ,

solutions = _spawn. 2 nqueens (RowsToBeFilled, ColsToBeFilled,

LeftDiag, RightDiag,

threadEnd . dependsOn( solutions );
if ( MAX & 1) //half of middle column for odd
£

RowsToBeFilled = 1 < (MAX > 1);

rows = 1;
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125
126
127
128
129
130
131
132
133
134
135
136
137

ColsToBeFilled = RowsToBeFilled;

LeftDiag = (RowsToBeFilled > 1);

RightDiag = (RowsToBeFilled < 1);
RowsToBeFilled = (RowsToBeFilled 1) > 1,

solutionsOdd = 2 nqueens (RowsToBeFilled, ColsToBeFilled,
LeftDiag, RightDiag, rows)

threadEnd .dependsOn( solutionsOdd );

_sync_;

solutions+=solutionsOdd ;
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