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Abstract

This paper addresses the problem of orchestrating and gkehed
ing parallelism at multiple levels of granularity on hetgemeous
multicore processors. We present mechanisms and polioies f
adaptive exploitation and scheduling of layered paraifelion
the Cell Broadband Engine. Our policies combine eventedriv
task scheduling with malleable loop-level parallelismjathis ex-
ploited from the runtime system whenever task-level paliain
leaves idle cores. We present a scheduler for applicatiatts w
layered parallelism on Cell and investigate its perforngamgth
RAXML, an application which infers large phylogenetic seas-
ing the Maximum Likelihood (ML) method. Our experiments gho
that the Cell benefits significantly from dynamic methods &
lectively exploit the layers of parallelism in the systemrésponse
to workload fluctuation. Our scheduler outperforms the MEt-v
sion of RAXML, scheduled by the Linux kernel, by up to a faaibr
2.6. We are able to execute RAXML on one Cell four times faster
than on a dual-processor system with Hyperthreaded Xearepro
sors, and 5-10% faster than on a single-processor systemawit
dual-core, quad-thread IBM Power5 processor.

Categories and Subject Descriptors D.1.3 [Programming Tech-
niques]: Concurrent Programming- Parallel programming; D.4.1
[Operating Systems]: Process Management- Scheduling; @®&tf
formance of Systems]: -Design studies.

General Terms Design, Management, Performance.

Keywords IBM Cell, Programming Models, Process Scheduling,
RAXML.
1. Introduction

In the quest for delivering higher performance to scientifppli-
cations, hardware designers have began to move away from con
ventional superscalar processors and have embracedesitcinés
with multiple cores. Although most vendors are already ratirig

Permission to make digital or hard copies of all or part o thiork for personal or
classroom use is granted without fee provided that copiesiar made or distributed
for profit or commercial advantage and that copies bear thtis@ and the full citation
on the first page. To copy otherwise, to republish, to posteswess or to redistribute
to lists, requires prior specific permission and/or a fee.

PPoPP '07 March 14-17, 2007, San Jose, California.
Copyright(© 2007 ACM 978-1-59593-602-8/07/0003. . . $5.00

Alexandros Stamatakis

School of Computer &
Communication Sciences
Ecole Polytechnique
Fédérale de Lausanne
Station 14, Ch-1015 Lausanne,

Switzerland

Alexandros.Stamatakis@epfl.ch

Christos D. Antonopoulos

Department of Computer Science
College of William and Mary
McGlothlin-Street Hall
Williamsburg, VA 23187-8795
and Division of Research and Informatics
Greek Armed Forces

cda@cs.wm.edu

multicore processors, these processors are largely baseepb-
cation of simple scalar or superscalar cores. Unfortugageich
designs exhibit some well-known limitations, in both penfiance
and power. These limitations, in conjunction with the singtd de-
mand for higher performance, stimulated interest in uneational
designs, utilizing heterogeneous cores and specializeglexators

on the same chip. The Cell Broadband Engine (BE) is a rept@sen
tive of these designs, which has recently drawn consideratibén-
tion by industry and academia. Since it was originally destjfor
the game box market, Cell has low cost and a modest power bud-
get. Nevertheless, the processor is able to achieve urgeets
peak single-precision floating point performance, a priyperhich
makes Cell suitable for high-end computing. IBM announced r
cently the development of a new Petaflop system with 16,000 Ce
CPUs, due for delivery in 2008.

The potential of the Cell BE has been demonstrated in a number
of recent studies [8, 21, 27]. The Cell has eight high-fremyespe-
cialized execution cores with pipelined SIMD capabilitiaad an
aggressive data transfer architecture. The processoevasha the-
oretical peak performance of over 200 Gflops for single-isien
FP calculations and has a peak memory bandwidth of over 25 Gi-
gabytes/s. These performance figures position Cell ahedbeof
competition against even the most powerful general-p@posl-
ticore microprocessors. Cell has already demonstratedeissjve
performance ratings in applications and computationaiddsrwith
highly vectorizable data parallelism, such as signal pssice,
compression, encryption, dense and sparse numerical lkdB)e
11, 22].

This paper explores Cell from a different perspective, ngme
that of multigrain parallelization. Cell is quite unique as a proces-
sor, in that it can exploit orthogonal dimensions of task dath
parallelism on a single chip. The processor includes an SMveP
Processing Element (PPE) and 8 Synergistic Processingelitsm
(SPEs). The PPE can serve as a general purpose multithreaded
ecution engine, or as a scheduler of computations off-ldade
SPEs. The SPEs themselves provide the bulk of the Cell’s com-
putational power, thanks to their pipelined SIMD architeet

A programmer is faced with a seemingly vast number of options
while developing parallel code on Cell. Functional and ddta
compositions of the program can be implemented on both tite PP
and the SPEs. Typically, the programmer is expected to flaee
workload almost entirely on SPEs for higher performancend-u
tional decompositions can be achieved by splitting tashaden
the PPE and the SPEs and off-loading tasks from the PPE to SPEs
at runtime. Data decompositions may exploit the vectorsuoft



the SPEs, or exploit parallelism at two levels, using loopotepo-
sition across SPEs and vectorization within SPEs. Funatiand
data decompositions can be static or dynamic, and they dHomul
orchestrated carefully to fully utilize the SPEs. Althoutjie Cell
vendors already provide programming support for using sofme
the aforementioned parallelization strategies, selgdtie most ef-
fective strategy and actually combining and schedulingregt par-
allelism on Cell can be an arduous task for the programmer.

To simplify programming and improve efficiency on Cell, we
present a set of dynamic scheduling policies and the agsdcia
mechanisms. The purpose of these policies is to allow thé-app
cation to exploit the proper layers and degrees of paraiteliin
order to maximize efficiency on the Cell’s computationalesgrin-

presents our runtime system and scheduling policies, alatiy
their experimental evaluation. Section 6 summarizes tipepa

2. Related Work

We briefly summarize published research on Cell, which igefu
performance analysis of various aspects of the procesadngus
compiler/runtime support environments and a few applicatiase
studies.

Kistler et. al [17] present results on the performance of the
Cell's on-chip interconnection network. They show a seaksx-
periments that estimate the DMA latencies and bandwidthedif C
using microbenchmarks. They also investigate the systdmbse

cluding both the SPEs and the PPE. We explore the design andior under different patterns of communication between llatar-
implementation of our scheduler using RAXML [26] as a case age and main memory. Williams et. al [28] present an analjtic

study. RAXML is a computational biology application whiat i
fers large phylogenetic trees, using the Maximum Likelidh¢lL)
criterion. The RAXML algorithm is extremely computatiotyain-
tensive. The code is embarrassingly parallel at the tas-lend
exhibits intrinsic loop-level parallelism within each kasThere-
fore, it is a good candidate for parallelization on Cell. Roreal
world biological analysis, RAXML typically needs to exeelle-
tween 20 and 200 distinct tree searches and between 100G0@I 1,
bootstrapped analyses. Each of those searches represdntiea
pendent task, with single-nested loops that are both géirble
and vectorizable. This paper makes the following contidng:

o We present a runtime system and scheduling policies that ex-

ploit polymorphic (task and loop-level) and layered paatidim

on Cell. Our runtime system is adaptive, in the sense that i
chooses the form and degree of parallelism to expose to the

hardware, in response to workload fluctuation. Since thietrig

choice of form(s) and degree(s) of parallelism depends non-

trivially on the workload and on the input, our runtime syste
unloads an important burden from the programmer.

¢ We show that dynamic multigrain parallelization is a neeegs

optimization for sustaining maximum performance on Cell,

since no static parallelization scheme is able to achiegé hi
SPE efficiency in all cases.

e We present an event-driven multithreading execution engin

which achieves higher efficiency on SPEs by oversubscribing

the PPE.

e We present a feedback-guided scheduling policy for dynam-

ically triggering and throttling loop-level parallelismciss

SPEs on Cell. We show that work-sharing of divisible tasks
across SPEs should be used when the event-driven multithrea
ing engine of the PPE leaves half or more of the SPEs idle. We

observe benefits from loop-level parallelization of ofétted

tasks across SPEs. However, we also observe that loop-level
parallelism should be exposed only in conjunction with low-

degree task-level parallelism. Its effect diminishes aigree
of task-level parallelism in the application increasesatime.

framework to predict performance on Cell. In order to tesirth
model, they use several computational kernels, includiegsd
matrix multiplication, sparse matrix vector multiplicati, stencil
computations, and 1D/2D FFTs. In addition, they proposeanic
architectural modifications that can increase the perfogaaof
Cell when operating on double-precision floating point edats.
Our work considers the performance implications of mudtigr
parallelization strategies on Cell, using a real-worldatiat appli-
cation from the area of computational biology.

Eichenberger et. al [11] present several compiler tectesdar-
geting automatic generation of highly optimized code foil.Ce
These techniques attempt to exploit two levels of paraleli
thread-level and SIMD-level, on the SPEs. The techniquesidie
compiler assisted memory alignment, branch predictioiM5I

t parallelization, OpenMP thread-level parallelizationd@ompiler-

controlled software caching. The study of Eichenbergesletioes
not present details on how multiple levels of parallelisra ex-
ploited and scheduled simultaneously by the compiler, wilar
guidelines for the programmer. Scheduling layered andmoly
phic parallelism is the central theme of this paper. The atenp
techniques presented in [11] are also complementary to tirf& w
presented in this paper. They focus primarily on extractirgh
performance out of each individual SPE, whereas our workkfes
on scheduling and orchestrating computation across SPEs.

Although Cell has been a focal point in humerous articles in
popular press, published research using Cell for realdvetiPC
applications beyond games is scarce. Hjelte [16] preseritaple-
mentation of a smooth particle hydrodynamics simulatiorCetl.
This simulation requires good interactive performancecsiit lies
on the critical path of real-time applications such as etéve sim-
ulation of human organ tissue, body fluids, and vehiculdfitra
Benthin et. al [4] present an implementation of ray-tracaigo-
rithms on Cell, aiming also at high interactive performariBader
et. al [3] present an algorithmic model of Cell and use the ehtal
implement an efficient index ranking algorithm.

3. RAXML-VI-HPC

RAXML-VI-HPC (v2.1.3) (Randomized Axelerated Maximum
Likelihood version VI for High Performance Computing) [268]

To put our study in a broader context, we present comparisons a program for large-scale ML-based (Maximum Likelihood]j13
of the Cell BE against a dual-processor SMP system with Hy- inference of phylogenetic (evolutionary) trees using iipldtalign-

perthreaded Xeon processors and against a single-prod&do
Power5-based system. The Power5 is a leading dual-coregproc
sor with 2-way SMT cores. We observe that Cell outperformtt bo
platforms. Taking into account cost and power efficiencyl ©e
hibits great promise as the processor of choice for highsgstems
and challenging applications.

ments of DNA or AA (Amino Acid) sequences. The program is
freely available as open source code at http://icwww.dpflstamatak
(software frame).

Phylogenetic trees are used to represent the evolutioniary h
tory of a set ofn. organisms. An alignment with the DNA or AA
sequences representing thoserganisms (also called taxa) can

The rest of this paper is organized as follows: Section 2 pro- be used as input for the computation of phylogenetic trees |

vides a brief overview of recent work on Cell. Section 3 diss
RAXML. Section 4 outlines the architecture of Cell. Sectidn

phylogeny the organisms of the input data set are locateteat t
tips (leaves) of the tree whereas the inner nodes represéntte



common ancestors. The branches of the tree represent tiee tim
which was required for the mutation of one species into amth
new one. The inference of phylogenies with computationahme
ods has many important applications in medical and biokdgie-
search (see [2] for a summary). An example for the evolutipna
tree of the monkeys and the homo sapiens is provided in Fiure
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Figurel. Phylogenetic tree representing the evolutionary relation
ship between monkeys and the homo sapiens.

Due to the rapid growth of sequence data over the last years,
it has become feasible to compute large trees which often- com
prise more than 1,000 organisms and sequence data fromakever
genes (so-called multi-gene alignments). This means tig-a
ments grow in the number of organisms as well as in sequence
length. The computation of the tree-of-life containing regenta-
tives of all living beings on earth is still one of tigeand challenges
in Bioinformatics.

The fundamental algorithmic problem in computational phy-
logeny is the immense amount of alternative tree topologigish
grows exponentially with the number of organisms e.g. for
n = 50 organisms there exi€.84 x 10°° alternative trees. As a
comparison, the number of atoms in the universe is apprdeimna
10%°. In fact, it has only recently been shown that the ML phy-
logeny problem is NP-hard [9]. In addition, ML-based infece
of phylogenies is very memory- and floating point-intensisech
that the application of high performance computing techegjand
new parallel processor architectures can contribute faogmitly to
the reconstruction of larger and more accurate trees.

Nonetheless, over the last years there has been significant

progress in the field of heuristic ML search algorithms witle t
release of programs such as IQPNNI [20], PHYML [15], GARLI
[29] and RAXML [24, 26].

Some of the largest published ML-based biological analy-
ses to date have been conducted with RAXML [14, 18, 19, 23].
The program is also part of the greengenes project [10] (gree
genes.lbl.gov) as well as the CIPRES (CyberInfrastrucfore
Phylogenetic RESearch, www.phylo.org) project. To thet lufs
the authors’ knowledge RAXML-VI-HPC has been used to com-
pute trees on the two largest data matrices analyzed under ML
to date: a 25,057-taxon alignment of protobacteria (lenfjth63
nucleotides) and a 2,182-taxon alignment of mammals (fengt
51,089 nucleotides).

The current version of RAXML incorporates a significantly-im
proved rapid hill climbing search algorithm. A recent perf@nce
study [26] on real world datasets with 1,000 sequences reveals
thatitis able to find better trees in less time and with lowenmory
consumption than other current ML programs (IQPNNI, PHYML,
GARLI). Moreover, RAXML-VI-HPC has been parallelized with
MPI (Message Passing Interface), to enable embarrasgiaghl-
lel non-parametric bootstrapping and multiple inferenoaesdis-
tinct starting trees in order to search for the best-known tkle
(see Section 3.1 for details). In addition, it has been peiztd
with OpenMP [25]. Like every ML-based program, RAXML ex-
hibits a source of fine-grained loop-level parallelism i tike-
lihood functions which consume over 90% of the overall com-
putation time. This source of parallelism scales partidylavell
on large memory-intensive multi-gene alignments due tceiased
cache efficiency. Finally, RAXML has also recently been @dto
a GPU (Graphics Processing Unit) [7].

3.1 TheMPI Version of RAXML

The MPI version of RAXML is the basis for its porting and fueth
parallelization on Cell. The MPI code exploits the embasirag
parallelism that is inherent to every real-world phylogémanaly-
sis. In order to conduct a “publishable” tree reconstruttaertain
number (typically 20—200) of distinct inferences (treersbas) on
the original alignment as well as a large number (typicallp-1
1,000) of bootstrap analyses have to be conducted (seedfdhf
example of a real-world analysis with RAXML). Thus, if thetaset
is not extremely large, this represents the most reasoagipl@ach
to exploit HPC platforms from a user’s perspective.

Multiple inferences on the original alignment are required in
order to determine the best-known (best-scoring) ML tree (se
the term best-known because the problem is NP-hard). Thiwis
tree which will then be visualized and published. In the cake
RAXML, each independent tree search starts from a disttadiisg
tree. This means, that the vast topological search spaversed
from a different starting point every time and will yield finaees
with different likelihood scores. For details on the RAXxMéeasch
algorithm and the generation of starting trees, the readesferred
to [24].

Bootstrap analyses are required to assign confidence values
ranging between 0.0 and 1.0 to the internal branches of the be
known ML tree. This allows to determine how well-supported
certain parts of the tree are and is important for the biaali
conclusions drawn from it. Bootstrapping is essentiallgsmilar
to multiple inferences. The only difference is that inferes are
conducted on a randomly re-sampled alignment for everydbiag
run, i.e. a certain amount of columns (typically 10-20%) ds- r
weighted. This is performed in order to assess the topaddbgic
stability of the tree under slight alterations of the inpatal For
a typical biological analysis, a minimum of 100 bootstrapsis
required.

All those individual tree searches be it bootstrap or migtip
inferences, are completely independent from each othercand
thus be exploited by a simple master-worker scheme.

4. TheCédll Broadband Engine

The main components of the Cell BE are a multithreaded Power
Processing element (PPE) and eight Synergistic Proce&dag
ments (SPEs) [12]. These elements are connected with ahipn-c
Element Interconnect Bus (EIB). The SPEs are placed in atis:al
tances around the bus.

The PPE is a 64-bit, dual-thread PowerPC processor, with Vec
tor/SIMD Multimedia extensions [1] and two levels of on4ghi
cache. The L1-l and L1-D caches have a capacity of 32 KB, while
the L2 cache has a capacity of 512 KB. In this work we use a Cell



blade with two Cell BEs running at 3.2 GHz, and 1GB of XDR
RAM (512 MB per processor). The PPEs run Linux Fedora Core 5.
We use the Toolchain 4.0.2 compilers.

The SPEs are the primary computing engines of the Cell proces
sor. Each SPE is a 128-bit processor with two major companent
a Synergistic Processor Unit (SPU) and a Memory Flow Coletrol
(MFC). All instructions are executed on the SPU. The SPU in-
cludes 128 registers, each 128 bits wide, and 256 KB of softwa
controlled local storage. The SPU can fetch instructiors data
only from its local storage and can write data only to its |star-
age. The SPU implements a Cell-specific set of SIMD instonsti
All single precision floating point operations on the SPU faitly
pipelined, and the SPU can issue one single-precisionfipatint
operation per cycle. Double precision floating point oderet are
partially pipelined and two double-precision floating goipera-
tions can be issued every six cycles. Double-precision Ffpe
mance is therefore significantly lower than single-prexidtP per-
formance. With all eight SPUs active and fully pipelined bieu
precision FP operation, the Cell BE is capable of a peak perfo
mance of 21.03 Gflops. In single-precision FP operation Gk
BE is capable of a peak performance of 230.4 Gflops [8].

The SPE can access RAM through direct memory access
(DMA) requests. The DMA transfers are handled by the MFC.
All programs running on an SPE use the MFC to move data and
instructions between local storage and main memory. Datesir
ferred between local storage and main memory must be 128-bit
aligned. The size of each DMA transfer can be at most 16 KB.
DMA-lists can be used for transferring large amount of datarge
than 16 KB). A list can have up to 2,048 DMA requests, each for
up to 16 KB. The MFC supports only DMA transfer of blcks that
are 1,2,4,8 or multiples of 16 bytes long.

The EIB is an on-chip coherent bus that handles communitatio
between the PPE, SPE, main memory, and 1/O devices. The EIB
is a 4-ring structure, and can transmit 96 bytes per cycleafo
bandwidth of 204.8 Gigabytes/second. The EIB can supporé mo
then 100 outstanding DMA requests.

5. Scheduling and Runtime Support for
Multigrain Parallelization on Cell

In this section we present our scheduling policies and timair
plementation as a runtime environment on Cell. We use RAXML
to evaluate the policies. We first discuss briefly the optatian

of RAXML bootstraps for the Cell SPEs (Section 5.1). We dis-
cuss our event-driven multithreading scheduler for tasiel par-
allelization in Section 5.2. In Section 5.3, we discuss alapive
loop scheduler and its implementation. Section 5.4 prespoli-
cies and mechanisms to adaptively merge task-level andlé&vah
parallelism.

5.1 SPE Optimizations
A straightforward adaptation of the MPI version of RAXML oeliC

spent inmakenewz (). These functions are the obvious candidates
for off-loading to SPEs. We off-load the functions as a groimp

a single code module loaded on each SPE. The advantage of hav-
ing a single module is that it can be loaded to the local stoxg
each SPE once and reused throughout the execution of theappl
tion, unless a change in the degree or form of parallelisnautbeel

on the SPEs is dictated by the runtime system. This observati

valid under the assumption that the code of all three funetiits

in the local storage of each SPE and still leaves enough dpace
allocating the stack, data and buffers.

The drawback of merging off-loaded functions is that thgdar
size of the code module reduces the space available on the SPE
for the stack and heap segments. In the case of RAXML, when all
three functions are off-loaded, the total size of the codprsat
in the off-loaded file is 117KB. The remaining space in thealoc
storage (139 KB) is sufficient for the stack and heap segments
since the working set of the SPE functions is small for rdialis
problem sizes. In the general case, off-loading should b&aled
dynamically to achieve a good trade-off between code Ibcaata
locality and overall performance.

Naive off-loading has a negative effect on performance for
RAXML. We measure the execution time of RAXML before and
after the three dominant functions are off-loaded, using tbmead
on the PPE and one SPE. The execution time of RAXML before
off-loading any function to an SPE with the £C input is 38.23s.
The execution time after off-loading the three functionsr@ases
to 50.38s. There are several reasons for the observed penioe
degradation:

e The off-loaded code is working on double-precision floating
point numbers, and the double-precision FP operationse&ire n
ther vectorized, nor fully pipelined in the original code.

e The SPE achitecture does not include dynamic branch predic-
tion. In the off-loaded code, 45% of the execution time iggpe
in condition checking, and the inherently random distridmiof
branch targets in the code makes the outcome of the conslition
hard to predict.

e The DMA transfers between the local storage and the main
memory are not optimized.

e The code uses expensive mathematical functions subbea9
andexp().

e The communication between the PPE and the SPEs is not opti-
mized.

We used this itemized list as a guideline for optimizing the
off-loaded code of RAXML on Cell. We implemented vectoriza-
tion of the ML calculation loops and vectorization of comalit-
als. We pipelined the vector operations, aggregated datsfers
and replaced the original mathematical functions with nuca¢
approximations of the same functions from the Cell SDK lijara
The specifics of these optimizations are beyond the scopliof t

is to execute multiple MPI processes on the PPE and to have thePaper. A detailed description is provided elsewhere [Se Bie-

major computational kernels of each process offloaded toPdh S
Each MPI process executes one RAXML bootstrap at a time. To
identify the parts of RAXML that are suitable for SPE execnti

we profiled the code executed by an MPI process usingphef
profiler. For all profiling and production run experimentepented

in this paper, we used the file &2C as input to RAXML. 42SC

cution time of the optimized SPE code of RAXML was reduced
from 50.38s to 28.82s, which corresponds to a speedup ool/&?2
single-threaded execution on the PPE.

5.2 Scheduling Task-L evel Parallelism

Mapping MPI code on Cell can be achieved by assigning one

contains 42 organisms. Each organism is represented by a DNAMPI process to each thread of the PPE. Given that the PPE is

sequence of 1167 nucleotides.

On an IBM Power processor, 98.77% of the execution time of
RAXML is spent in three functions which compute the likelido
76.8% of execution time is spent itewview (), 2.37% of execu-
tion time is spent irevaluate (), and 19.6% of execution time is

a dual-thread engine, MPI processes on the PPE can utiliaze tw
out of the eight SPEs via concurrent function off-loadinge W
consider two strategies to use the rest of the SPEs on Cedl. Th
first is multi-level parallelization, and more specificalbop-level
parallelization within the off-loaded functions and loaptdbution



across SPEs. The second is a model for event-driven task-lev
parallelism, in which the PPE scheduler oversubscribesPRE
with more than two MPI processes, to increase the avaitgtufi
computation for the SPEs.

We first examine the event-driven task parallelization nhode
since it provides an opportunity for coarse-grained paliattion.
We will refer to this model as EDTLP, for event-driven tagk|
parallelism, in the rest of the paper. In EDTLP, tasks cqoes! to
off-loadable functions from MPI processes running conenily

or in a time-shared manner on the PPE. These tasks are served

by running MPI processes using a fair sharing algorithmhsuc
as round-robin. The scheduler off-loads a task immediaiplyn
request from an MPI process, and switches to another MPEproC
while off-loading takes place. Switching upon off-loadimggvents
MPI processes from blocking the code while waiting for thagks
to complete on SPEs.

EDTLP can be implemented using a user-level scheduler to in-
terleave off-loading across MPI processes. The scheduigmiple

SPE

w

eee ||
ese
ses |
ese |

@

(b)

to implement and it can be integrated transparently in thgiraal

MPI code, provided that the tasks that need to be off-loadedra
notated. EDTLP overcomes the problem of crippling undérati

tion of the cores, both PPEs and SPEs, when PPE threads do no
have tasks to off-load, or when PPE threads wait for conedi
already off-loaded tasks.

Multiplexing more than two MPI processes on the PPE intro-
duces system overhead due to context switching and due to im-
plicit costs following context-switching across addrgsaces, such
as cache and TLB pollution. Furthermore, the granularitythef
off-loaded code is critical as to whether the multiplexirgsiccan
be tolerated or not. The off-loaded code should be coarsegimno
to mask the overhead of multiplexing. Our EDTLP schedul@sus
granularity control and voluntary context switches to addrthese
issues.

Formally, the EDTLP scheduler executes a task graph compris
ing PPE tasks and SPE tasks. The scheduler follows a depmnden
driven execution model. If the scheduler locates a task tofbe
loaded in an MPI process, it searches for an idle SPE, and if it
finds one, it sends a signal to begin task execution. If noSH&
is found, the scheduler waits until an SPE becomes available
tspe denote the execution time of a task on an SRE,. denote the
time needed to load the code of a task on the SPE{ang,, de-
note the time to send a signal from the PPE to an SPE to commenc
execution of an off-loaded task, or vice versa, to send dtrrem
an SPE back to the PPE. The scheduler selects to off-loas! ttaak
meet the conditionspe + tcode + 2 - tcomm < tppe, Wheretppe is
the execution time of the task on the PPE. Note that. = 0 ifa
task is executed on an SPE more than once and for all exesution
of the task other than the first. Our runtime system preloat®a
tated SPE functions to amortize the code shipping cost. dde ¢
remains on the SPEs, unless the runtime system decidesngeha
its parallelization strategy and either trigger or thmtitbop-level
parallelism. This issue is discussed further in Section 5.4

Since the scheduler does not know the length of the tasks
a-priori, it optimistically off-loads any user-designated task and
throttles off-loading for tasks that do not pass the granityldest.

To implement this dynamic scheme, the code needs to maintain
PPE and SPE versions of off-loadable functions. This is &y ea
modification, since PPE implementations of all off-loadafinc-
tions are available in the original MPI code. The modificatio
comes at the expense of an increased code footprint on thelPPE
the scheduler does not find tasks to off-load, it blocks umtiew
off-loading request originates from a PPE thread.

Figure 2 illustrates an example of the operation of the EDTLP
scheduler. The example uses PPE and SPE task sizes which ar
representative of RAXML functions. We show the executiotwaf

Figure 2. Scheduler behavior for two off-loaded tasks, represen-
tative of RAXML. Case (a) illustrates the behavior of our BIPT
cheduler. Case (b) illustrates the behavior of the Lintedaler
ith the same workload. The numbers in the tasks correspond t
MPI processes, from which the tasks originate. The shadsd sl
indicate context switches.

off-loaded tasks, with a 1:3 length ratio. In case (a), ontask
is off-loaded by an MPI thread, the PPE switches context.rt a
time, two MPI threads can off-load tasks concurrently, hasve
multiplexing the MPI threads with EDTLP enables the schedid
use all 8 SPEs for a significant part of the coarse-grainedtiom,
and at least 4 SPEs for a significant part of the fine-grained-fu
tion. In case (b), the scheduler runs persistently one Miekithon
the PPE until all functions from that task are off-loadedeTim-
plication is that 6 out of the 8 SPEs remain idle most of thestim
In RAXML, the off-loaded tasks have durations up to26 Their
granularity is an order of magnitude finer than the grantyai the
Linux scheduler’s base time quantum, which is 10 ms. Theeefo
the OS scheduler is highly unlikely to switch context upondu
tion off-loading. The EDTLP scheduler resolves this profl¢hus

eachieving higher SPE utilization. The context switchingihead

on the PPE is 1.1s per switch. This overhead is low enough to tol-
erate up to 7 context switches while one RAXML task is running
We evaluate our EDTLP scheduler by comparing its perfor-
mance to the performance achieved with the Linux 2.6.17dche
uler and without user-level scheduling support on our Clltlb.
In this evaluation, we use the fully optimized version of RAx,
outlined in Section 5.1. This version off-loads the three bélcu-
lation functions to SPEs. From the total execution time @& pan-
parametric bootstrap analysis of RAXML, 90% is spent to corap

on SPEs and 10% is spent to compute and schedule tasks on the

PPE. The average SPE computing tim@6gs. The average PPE
computing time between consecutive offloads$ligs.

Table 1 summarizes the results of the experiment. The fitst co
umn contains the number of workers used, and the amount & wor
performed. RAXML is always executed in a massively paraiési
ting, with constant problem size (one bootstrap) per MPLpss.
The second column contains execution times of RAXML, when th
MPI processes on the PPEs are scheduled with the EDTLP sched-
uler. The third column contains execution times when the ptB}
cesses are scheduled by the Linux scheduler. Ideally, thedxr-
ecution time should remain constant. The reason why thi®is n
éhe case is the sub-optimal (90%) coverage of parallel cade e
cuted on the SPEs, contention between MPI processes sliagng
SMT pipeline of the PPE, and SPE parallelization and symihes



EDTLP | Linux Master SPE

1 worker, 1 bootstrap | 28.46s | 28.42s .. WorkerSPE1 Worker SF

2 workers, 2 bootstrap$ 29.36s | 29.23s master siids signal o WOrKSI1™**~**~“maser sendis signal 0 orker

3 workers, 3 bootstraps 32.54s | 56.95s For( ... ){

4 workers, 4 bootstrap$ 33.12s | 57.38s e For( ... }{ For( .. X

5 workers, 5 bootstrap$ 37.27s | 85.88s commit writen data . .

6 workers, 6 bootstrap$ 38.66s | 86.43s . commit witen daig o commit writen cat

7 workers, 7 bootstraps 41.87s | 114.92s } omanmen

8 workers, 8 bootstrap$ 43.32s | 115.51s }' . y
Table 1. Performance comparison for RAXML with different Wf'rk'e‘r}f-e‘""“{’“’f“f‘f:‘f’,@m??,‘?.’wgrkemsems're»su.ame';ag;;f;;""'HP

scheduling policies. The second column contains the eixactut e

times with EDTLP. The third column contains execution timéth

the Linux kernel scheduler. The input file is &C. Figure 4. Parallelizing a loop across SPEs using a work-sharing
model.

tion overhead. The EDTLP scheduler maintains the exectitios
within a factor of 1.5 of the optimal and achieves about 2ife8 struct Pass{

the performance of the Linux scheduler. volatile unsigned int vi_ad;

volatile unsigned int v2_ad;

5.3 Scheduling Loop-Level Parallelism //...arguments for loop body

The EDTLP model described in Section 5.2 is effective if the volatile unsigned int vn_ad;
PPE has enough coarse-grained functions to off-load to SREs volatile double res;
cases where the degree of available task parallelism isHasshe volatile int sigl2];

number of SPEs, the runtime system can activate a secondadbye
parallelism, by splitting an already off-loaded task asrouultiple
SPEs. We implemented runtime support for parallelizatibfon
loops enclosed within off-loaded SPE functions. We paliatie
loops in off-loaded functions using work-sharing constsigimilar

to those found in OpenMP. In RAXML, all for-loops in the three
off-loaded functions have no loop-carried dependencied obtain
speedup from parallelization, assuming that there aregnalle
SPEs dedicated to their execution. The number of SPEs teiva
for work-sharing is user- or system-controlled, as in OpénM/e
discuss dynamic system-level control of loop parallelismtier in

} __attribute__((aligned(128)));

Figure 5. The data structurass is used for communication
among SPEs. The, _ad variables are used to pass input arguments
for the loop body from one local storage to another. The eia
sigis used as a notification signal that the memory transfeifer t
shared data updated during the loop is completed. The Vatiab

is used to send results back to the master SPE, and as a depende
resolution mechanism.

Section 5.4.
As an example of loop-level parallelization, we use a loopfr  gples dependence-driven execution of multiple paraltgdéacross
functionevaluate (), shown in Figure 3. SPEs.
Note that the work performed by the master SPE thread, specif
for( i=... ) ically loop distribution across SPEs, can also be perforimethe
{ PPE. Consequently, the PPE would also collect the final tesul
term = xi[il.a * x2[i].a; from all SPEs involved in the loop parallelization. Coliectthe re-

term += x1[i].
term += x1[i].
term += x1[i].

x2[i].c * diagptable[i * 3];
x2[i].g * diagptable[i * 3 + 1];
x2[i].t * diagptable[i * 3 + 2];

sults in this manner, however, increases PPE-SPE comntiamica
especially when the distributed loop is a multi-level ndsieop.
Unnecessary PPE-SPE communication can be harmful forrperfo

*
*
*
*

0] 0o M

term = log(term) + (x2[il.exp) * log(minlikelihood); mance [5]. In order to off-load as much work to SPEs as possi-
ble [6], and to reduce PPE-SPE communication, we select & SP

sum += wptr[i] * term; to distribute loops to and collect the results from other SPE
} In the example in Figure 3, the SPEs first perform a local

reduction. The master SPE accumulates the sum received from
worker SPEs in local storage and proceeds with executi@n aft
Figure 3. A parallel loop from functiorevaluate () of RAXML. worker SPEs have signaled completion of the loop.

The basic work-sharing scheme is presented in Figure 4. Be- >-3-1 SPE-SPE communication
fore loop execution, a designated master SPE thread semgissh s  The SPE threads participating in loop work-sharing comssrare
to all designated SPE worker threads. After sending theasigine created once upon function off-loading. Communication agno
main thread executes its assigned portion of the loop. The ma SPEs participating in work-sharing constructs is impletedrus-
thread and all the workers fetch the chunk of data they need to ing DMA transfers and the communication structress, de-
execute their portions of the loop from the shared RAM. Globa picted in Figure 5.
shared data modified during loop executions is committed¥MR The Pass structure is private to each thread. The master SPE
Data needed by the master SPE upon loop completion to makethread allocates an array Péss structures. Each member of this
forward progress, is sent directly from the worker SPEs WRES array is used for communication with an SPE worker threadteOn
to SPE communication, in order to avoid the latency of commu- the SPE threads are created, they exchange the local aekli@fss
nicating through shared memory. SPE to SPE communicatien en theirPass structures. This address exchange is performed through



the PPE. Whenever one thread needs to send a signal to a timead
another SPE, it issues arfc_put () request and sets the destina-
tion address to be the address of Bags structure of the recipient.

In Figure 6, we illustrate the loop from Figure 3, paralleliz
with work-sharing among SPE threads. Before executingdbp,|
the master thread sets the parameters ofPthes structure for
each worker SPE and issues amfx_put () request per worker.
This is done insend_to_spe (). Workeri uses the parameters of
the receivedPass structure and fetches the data needed for the
loop execution to its local storage (functiéatch_data()). After
finishing the execution of its portion of the loop, a worketssine
res parameter in the local copy of the structiress and sends it
to the master, usingend_to_master (). The master accumulates
the results from all workers and commits the sum to main mgmor

Immediately after callingsend_to_spe (), the master partici-
pates in the execution of the loop. The master tends to haligha s
head start over the workers. The workers need to completraev
DMA requests before they can start executing the loop, irerord
to fetch the required data from the master’s local storagehared
memory. In fine-grained off-loaded functions such as thoseen-
tered in RAXML, load imbalance between the master and thé&wor
ers is noticeable. To achieve better load balancing, wéeenaster
to execute a slightly larger portion of the loop. A fully antated
and adaptive implementation of this purposeful load unizitey
is obtained by timing idle periods in the SPEs across meltipt
vocations of the same loop. The collected times are usedihimg
iteration distribution in each invocation, in order to redtdle time
on SPEs.

Table 2 shows the execution times of RAXML with one layer
of loop-level parallelism exploited in the off-loaded fuions. We
execute one bootstrap of RAXML, to isolate the impact of toop
level parallelism. The number of iterations in each paliakel
loop depends on the alignment length. For theA2 input file,
the number of iterations in each parallelized loop is 228.

1 worker, 1 bootstrap, no LLP 28.71s
1 worker, 1 bootstrap, 2 SPEs used for LILP20.83s
1 worker, 1 bootstrap, 3 SPEs used for LILP19.37s
1 worker, 1 bootstrap, 4 SPEs used for LILP18.28s
1 worker, 1 bootstrap, 5 SPEs used for LILP18.10s
1 worker, 1 bootstrap, 6 SPEs used for LILP20.52s
1 worker, 1 bootstrap, 7 SPEs used for LILP18.27s
1 worker, 1 bootstrap, 8 SPEs used for LLP24.4s

Table 2. Execution time of RAXML when loop-level parallelism
(LLP) is used in one bootstrap, across SPEs. The input file is
42.SC.

The results in Table 2 suggest that using up to five SPEs for
loop parallelization achieves speedup over loop executising

Master SPE:

struct Pass pass[Num_SPE];

Worker SPE:

struct Pass pass;

for(i=0; i < Num_SPE; i++){
pass[i].sig[0] 1;

while(pass.sig[0]==0);
fetch_data();

send_to_spe(i,&pass[i]); for ( ... )

} {
/* see Figure 3 */

for ( ... ) }
{

/* see Figure 3 */ tr->likeli = sum;
} pass.res = sum;

pass.sigl[1] = 1;

tr->1likeli = sum; send_to_master (&pass) ;

for(i=0; i < Num_SPE; i++){
while(pass[i].sig[1] == 0)
pass[i].sig[1] 0;
tr->likeli += pass[i].res;

}

commit (tr->likeli);

Figure6. Parallelization of the loop from functicswaluate () of
RAXML, shown in Figure 3. The left side depitcs the code exedu
by the master SPE, while the right side depitcs the code ¢xécu
by a worker SPENum_SPE represents the number of SPE worker
threads.

5.4 Adaptive Scheduling of Task-L evel and L oop-L evel
Parallelism

No single parallelization technique provides the bestqrariince
in all possible situations on Cell, a result which is expdctgven
the variable degree of parallelism available in differeshponents
of parallel workloads and the heterogeneity of the Cell éecture.

We implemented a unified dynamic parallelization strategy,
which exploits multiple layers of parallelism, by mixingcdamatch-
ing EDTLP with loop-level parallelization, under the caitof the
run-time system. We name this scheduling strategy multigvar-
allelism scheduling (MGPS). The goal of MGPS is to exploé th
best of two worlds (TLP and LLP), in response to workload ehar
acteristics. MGPS changes parallelization strategiessardution
policies on the fly, while the program executes.

To illustrate the need for selectively combining TLP and LLP
we conduct a set of experiments, in which we generate a \@ryin
number of bootstraps in RAXML, ranging from 1 to 128, and sppl
static EDTLP and hybrid EDTLP-LLP parallelization schemes
When LLP is used, each loop uses two or four SPEs, and the
PPEs can execute four or two concurrent bootstraps respbcti
using EDTLP. This leads to a static multigrain scheme (EDTLP
LLP), where LLP is activated when four or less MPI processes a
active on the PPE. When LLP is deactivated, we use EDTLP to
off-load to all 8 SPEs. The combination of LLP and EDTLP in

one SPE. The maximum speedup is 1.58. Using five or more SPEthe static multigrain model is not our final MGPS scheme, esitic

threads for loop parallelization decreases efficiency. idasons

for the seemingly low speedup are the non-optimal coverdge o
loop-level parallelism (less than 90% of the original setis
code), the fine granularity of the loop for the specific prable
size, and the fact that the parallel execution of the loopsduces
global reductions, which constitute a synchronizatiortlboeck.
Higher speedup from LLP in a single bootstrap can be obtained
with larger input data sets. Alignments that have a largenimer

of nucleotides per organism have more loop iterations twilige
across SPEs [25].

lacks dynamicity and assumes prior knowledge of runtimeznm
properties. We are using it solely for illustrative purpese

Figure 7 summarizes the results with a varying number boot-
straps. Ther-axis corresponds to the number of performed boot-
straps, and thg-axis to the execution time in seconds. We compare
the EDTLP-LLP and EDTLP schemes.

As expected, the hybrid model outperforms EDTLP when up to
4 bootstraps are executed, since only a combination of EDardP
LLP can use more than 4 SPEs simultaneously (see Section 5.2)
With 5 to 8 bootstraps, EDTLP activates 5 to 8 SPEs solely for
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Figure 7. Comparison between the static EDTLP-LLP and
EDTLP scheduling schemes. The input file is8€. The number
of ML trees created is (a) 1-16, (b) 1-128.

task-level parallelism, leaving room for loop-level pdetism on

at most 3 SPEs. This proves to be unnecessary, since théeparal
execution time is dominated by the length of the non-pdia#id
off-loaded tasks that remain on at least one SPE. The hyhwitein
can simultaneously perform only 2 or 4 bootstraps. Theggfor
EDTLP outperforms the hybrid model for 5 to 8 bootstraps.ha t
range between 9 and 12 bootstraps, combining EDTLP and LLP
selectively, so that the first 8 bootstraps execute with EPEnd

the last 4 bootstraps execute with the hybrid scheme is the be
option. Note that this scheme is application-specific amglires

an oracle to dictate the runtime system when to use EDTLP or
EDTLP combined with LLP. Note also that the difference bewe
EDTLP and the hybrid scheme (EDTLP for less than 8 bootstraps
EDTLP-LLP for 9 to 12 bootstraps) will be smaller with 9 to 12
total bootstraps, than with 1 to 4 total bootstraps. In thngr case
LLP covers up to 11% (for 9 bootstraps), to 33% (for 12 boafss)

of the parallel computation, whereas in the latter caseetlase
always enough SPEs so that the entire parallel computatineflis
from LLP.

EDTLP becomes again the best choice with 13 to 16 bootstraps,
by the same argument that justifies its superior performavitte
5 to 8 bootstraps. As the number of bootstraps increasescte
sional benefit from LLP diminishes, since execution timeamé
nated by task-level parallelism.

Our experimental observations point to the direction of a dy
namic and adaptive user-level scheduler to benefit fromigralh
parallelism on Cell. We implemented MGPS, a dynamic sched-
uler, and tested its performance with RAXML. MGPS extends th
EDTLP scheduler with an adaptive processor-saving politye
scheduler is distributed, and it is executed by every MPtess
in the application. MGPS is invoked upon requests for task of
loading (arrivals) and upon completion of off-loaded tagkspar-
tures). Initially, upon arrivals, the scheduler conseway assigns
one SPE to each off-loaded task, anticipating that the eegfrELP

is sufficient to use all SPEs. Upon a departure, the schedoémks
the degree of task-level parallelism exposed by each MRiga®
(we will call it U), i.e. how many discrete tasks were off-loaded to
SPEs while the departing task was executing. This numbectsfl
the history of SPE utilization from TLP and is used to switeh b
tween the EDTLP policy and the EDTLP-LLP policy.Uf < 4,
andT is the number of tasks waiting for off-loading, the schedule
activates LLP WithL%J SPEs assigned to the parallel loops of each
task, if any. IfU > 4, the scheduler retains the EDTLP policy, or
deactivates LLP, if LLP was previously activated.

The scheduler is sensitive to the length of the history of , TLP
maintained to calculat&/. As a heuristic, we maintain a history
of 800 scheduler invocations. This gives the scheduler pmo
tunity of a hysteresis of up to 800 off-loaded tasks, befareidt
ing whether to activate LLP. The MPI process that completes t
800th, 1600th, ..., task, evaluatésand signals all other processes
to release the idle SPEs, i.e. all SPEs that were not usedguri
the last window of 800 off-loads. Depending on the valud/of
the scheduler triggers or deactivates LLP. The implemgmtadf
the scheduler is facilitated with a shared arena estalulibbéveen
MPI processes, to exchange signals and keep track of busdlend
SPEs at any scheduling point (arrivals and departures).

Switching between EDTLP and LLP is enabled by maintaining
dual copies of each off-loaded function which includes astene
parallel loop. In the complete adaptive scheduling schesaeh
off-loaded function has two or three copies, one PPE copg, on
non parallelized SPE copy, and, if the function encapssijaaeallel
loops, a parallelized SPE copy. Having multiple executabjgies
of functions increases the total size of the PPE and the SBE& co
However, the use of multiple copies reduces the use of dondis,
which are very expensive on the SPEs.

A drawback of the MGPS scheduler is that it initially needs
to monitor several off-loading requests from MPI processes
fore making a decision for increasing or throttling LLP. liet off-
loading requests from different processes are spaced, dbare
may be extended idle periods on SPEs, before adaptatios take
place. In practice, this problem appears rarely, first beeaappli-
cations spawn parallelism early in the code and this pdisitecan
be directly off-loaded to SPEs, and second because pésailéd
typically spawned in bursts from all MPI processes. MGPS-han
dles well applications with static loop-level parallelisa well as
applications with static hybrid parallelism, such as MRI&OMP
applications. To schedule applications that do not offfleaough
tasks to trigger adaptation, the scheduler uses timeruyts.

We compare MGPS against the EDTLP scheduler and the static
hybrid (EDTLP-LLP) scheduler, which uses an oracle for thteife
to guide decisions between EDTLP and EDTLP-LLP. Figure 8
shows the execution times of the MGPS, EDTLP-LLP and EDTLP
schedulers with various RAXML workloads. Theaxis shows the
number of bootstraps, while theaxis shows execution time.

We observe benefits from using MGPS for up to 28 bootstraps,
where LLP can be exploited by the scheduler in up to 4 conntirre
bootstraps. Beyond 28 bootstraps, MGPS converges to EDTLP,
and both are increasingly faster than the static multigedTLP-
LLP scheme, as the number of bootstraps increases. Thddwep-
parallel code in MGPS incurs additional overhead for logdime
parallel loop code on idle SPEs, potentially replacing thage of
an earlier off-loaded function on the SPEs and scheduliadabp.
Code replacements occur whenever the runtime system needs t
switch between a version with parallelized loops and a versf
the same function without parallelized loops, or vice verlas
overhead is not noticeable in overall execution time. Sohatw
to our surprise, the overhead is lower than the overhead iofjus
conditionals to select between versions of each functi@addd
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Figure 8. Comparison between the MGPS, EDTLP and static
EDTLP-LLP schedulers. The input file is £C. The number of

Figure9. Comparison between MGPS, EDTLP and EDTLP-LLP
on two Cell processors. The input file is &C. The number of

ML trees created is (a) 1-16, (b)1-128. The curves of MGPS and ML trees created is (a) 1-16, (b) 1-128. The curves of MGPS and

EDTLP overlap completely in (b).

in the same SPE code image. This is an after-effect of the slow

handling of branches on the SPEs.

5.5 Paralldizing Across M ultiple Cells

Figure 9 shows the performance of the MGPS, EDTLP-LLP and
the EDTLP schedulers with RAXML on two Cell processors that
reside on a single blade. We use the same input fileS@2 as in
the single-processor experiments. The results are gtiaditpiden-
tical to the results obtained with one Cell processor. Th& EP
LLP model performs better with up to 8 bootstraps, since 8-add
tional SPEs are available across the two Cells for LLP. Bdy®&n
bootstraps, task-level parallelism dominates and EDTLfopas
better. MGPS outperforms both EDTLP-LLP and EDTLP.

The reader may point out that since RAXML needs 100 to
1,000 bootstraps for real-world biological analysis, riguliin par-
allelization is obsolete. Our evaluation indicates thathwnore
than 100 bootstraps, EDTLP is clearly the best option. Thelte
of parallelization across two Cell processors provide anteu
argument. For a fixed number of bootstraps, two Cells delier
most twice the performance of one Cell. As the applicati@taed
to multiple Cell Processors in the same blade or across lade
running fewer bootstraps per Cell is better than clustebngt-

straps in as few Cells as possible. With 100 bootstraps, MGPS

with multigrain (EDTLP-LLP) parallelism will outperform lpin
EDTLP if the bootstraps are distributed between four or nuioral-
Cell blades. Taking into account future system scaling Mi@&PS
scheme is justified in the range of interesting problem sfpes
RAXML, even at modest system scales.

5.6 Comparison of Cell with Other Processors

As a last point in our evaluation, we compare the performaice
the Cell implementation of RAXML and the MPI implementation

EDTLP overlap completely in (b).

of RAXML on systems with commercial multicore and SMT micro-
processors. More specifically, we ran RAXML on two platforms

o A system with two Intel Xeon processors with Hyper-threadin
technology (2-way SMT), running at 2GHz, with 8KB L1-D
cache, 512KB L2 cache, and 1MB L3 cache.

e A system with one 64-bit Power5 processor. The Power5 is a
quad-thread, dual-core processor with dual SMT cores ngnni
at 1.65 GHz, 32KB of L1-D and L1-I cache, 1.92 MB of L2
cache, and 36 MB of L3 cache.

For all experiments, we use 42C as an input file. Figure 10
illustrates execution time versus the number of bootstréysile
conducting the experiments on IBM Power5, we use both cores,
and on each core we use both SMT execution contexts, i.alafot
four MPI processes runs on the Power5 processor. Since tele In
Xeon processor has only two execution contexts, we use tted In
Xeon processors (lying on a 4-way SMP Dell PowerEdge 6650
server), and on each processor we activate both executitexts.
This modification stirs the comparison in favor of the Xeon.

One Cell processor clearly outperforms the Intel Xeon bygda
margin, even if two Xeons are used to run RAXML with the same
problem size. Cell performs slightly (5-10%) better thaa tBM
Power5, once the problem size is scaled to 8 or more boosstrap
Although the margin of difference between Cell and Power5 is
narrow, Cell has an edge over a general-purpose high-erggsor
such as Power5, since it also achieves better cost-penfmenand
power-performance ratios.

6. Conclusions

We investigated policies and mechanisms pertaining tockdhe
ing multigrain parallelism on the Cell Broadband Engine. p¥e-
posed an event-driven task scheduler, striving for higtiézation
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Figure 10. RAXML performance on systems with different multi-
threaded and multicore microprocessors: A dual-procesgstem
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of SPEs via oversubscribing the PPE. We have explored thdi-con
tions under which loop-level parallelism within off-loadieode can

be used. We have also proposed a comprehensive scheduling po
icy for combining task-level and loop-level parallelismt@omi-
cally within MPI code, in response to workload fluctuatiorsituy a
bio-informatics code with inherent multigrain paralletisas a case
study, we have shown that our user-level scheduling palioig-
perform the native OS scheduler by a factor of 2.6.

Our MGPS scheduler proves to be responsive to small and large
degrees of task-level and data-level parallelism, at bath &ind
coarse levels of granularity. This kind of parallelism isroononly
found in optimization problems where many workers are spivn
to search a very large space of solutions, using a heurigigML
is representative of these applications. MGPS is also @piate
for adaptive and irregular applications such as adaptiv&mefine-
ment, where the application has task-level parallelisrh wériable
granularity (because of load imbalance incurred while rmgsh
subdomains with different structural properties) and,ams im-
plementations, a statically unpredictable degree of tes#lparal-
lelism (because of non-deterministic dynamic load balageihich
may be employed to improve execution time). N-body simatadi
and ray-tracing are applications that exhibit similar pdjes and
can also benefit from our scheduler. As a final note, we observe
that MGPS reverts to the best static scheduling scheme daiae
codes with a fixed degree of task-level parallelism, sucHaskbd
linear algebra kernels.

To simply port RAXML to Cell, we added 1000 lines of code to
the application. To optimize the off-loaded code and to enpént
the SPE-SPE communication code used for loop-level péisaiie
we needed an additional 900 lines of code. To implement th®BIG
scheduler we added 280 lines of code. The scheduler is pertab

and we have already deployed it in PBPI, another compuiation
phylogeny package, based on Bayesian inference.

In future work, we intend to incorporate memory-relatederia
into our SPE scheduling policies. RAXML simplified the megnor
management problem, since the major off-loaded functianse h
small memory footprints and leave enough space for dataepssc
ing on the SPEs. At the same time, RAXML exhibits a very simple
data access pattern, with little sharing of data betweds tasded
on SPEs. We intend to eliminate the assumption of fixed-sizte S
code footprints during exploration of scheduling policieshe fu-
ture. We also plan to stress test our runtime system moreps ap
cation codes become available on Cell.
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