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Abstract. Heterogeneous multi-core processors invest the most signifi-
cant portion of their transistor budget in customized “accelerator” cores,
while using a small number of conventional low-end cores for supplying
computation to accelerators. To maximize performance on heterogeneous
multi-core processors, programs need to expose multiple dimensions of
parallelism simultaneously. Unfortunately, programming with multiple
dimensions of parallelism is to date an ad hoc process, relying heavily on
the intuition and skill of programmers. Formal techniques are needed to
optimize multi-dimensional parallel program designs. We present a model
of multi-dimensional parallel computation for steering the parallelization
process on heterogeneous multi-core processors. The model predicts with
high accuracy the execution time and scalability of a program using con-
ventional processors and accelerators simultaneously. More specifically,
the model reveals optimal degrees of multi-dimensional, task-level and
data-level concurrency, to maximize performance across cores. We use
the model to derive mappings of two full computational phylogenetics
applications on a multi-processor based on the IBM Cell Broadband En-
gine.

1 Introduction

To overcome the performance and power limitations of conventional general-
purposemicroprocessors,many high-performance systemso!-load computation
to special-purpose hardware. These computational acceleratorscome in many
forms, ranging from SIMD co-processorsto FPGA boards to chips with multiple
specializedcores.We considera computational acceleratorasany programmable
device that is capable of speeding up a computation. Examples of high-end
systemsutili zing computational acceleratorsare the Cell Broadband Enginefrom
IBM/Son y/T oshiba [2], CrayÕsXD1 [3], the Starbridge Hypercomputer [4], and
SGIÕsFPGA-based NUMA node [5].

The migration of parallel programming models to accelerator-basedarchitec-
tures raisesmany challenges.Acceleratorsrequire platform-speciÞcprogramming
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interfacesand re-formulation of parallel algorithms to fully exploit the additional
hardware. Furthermore, scheduling code on acceleratorsand orchestrating par-
allel execution and data transfers betweenhost processorsand acceleratorsis a
non-trivial exercise[6].

Considerthe problem of identifying the most appropriate programming model
and acceleratorconÞguration for a given parallel application. The simplest way
to identify the best combination is to exhaustively measurethe execution time
of all of the possible combinations of programming models and mappings of
the application to the hardware. Unfortunately , this technique is not scalableto
large, complex systems, large applications, or applications with behavior that
varies signiÞcantly with the input. The execution time of a complex application
is the function of many parameters.A given parallel application may consist of
N phaseswhere each phase is a!ected di! erently by accelerators.Each phase
can exploit d dimensionsof parallelism or any combination thereof such as ILP,
TLP, or both. Each phaseor dimensionof parallelism can useany of m di!eren t
programming and execution models such as message passing, shared memory,
SIMD, or any combination thereof. Accelerator availabilit y or usemay consistof
c possibleconÞgurations,involving di!eren t numbersof accelerators.Exhaustive
analysisof the execution time for all combinations requiresat least N ! d! m ! c
trials with any given input.

Models of parallel computation have beeninstrumental in the adoption and
useof parallel systems.Unfortun ately, commonly usedmodels [7,8] are not di-
rectly portable to accelerator-basedsystems.First, the heterogeneousprocessing
common to these systemsis not reßectedin most models of parallel computa-
tion. Second,current modelsdo not capture the e!ects of multi-grain parallelism.
Third, few modelsaccount for the e!ects of using multiple programming models
in the same program. Parallel programming at multiple dimensions and with
a synthesis of models consumesboth enormousamounts of programming e!ort
and signiÞcant amounts of execution time, if not handled with care.To overcome
thesedeÞcits,we present a model for multi-dimensional parallel computation on
heterogeneousmulti-core processors.Considering that each dimension of paral-
lelism reßects a di!eren t degreeof computation granularit y, we name the model
MMGP, for Model of Multi- Grain Parallelism.

MMGP is an analytical model which formalizes the processof programming
accelerator-basedsystemsand reducesthe need for exhaustive measurements.
This paper presents a generalizedMMGP model for accelerator-basedarchitec-
tures with one layer of host processor parallelism and one layer of accelerator
parallelism, followed by the specialization of this model for the Cell Broadband
Engine.

The input to MMGP is an explicitly parallel program, with parallelism ex-
pressedwith machine-independent abstractions, using common programming
libraries and constructs. Upon identiÞcation of a few key parameters of the ap-
plication derived from micro-benchmarking and proÞling of a sequential run,
MMGP predicts with reasonableaccuracy the execution time with all feasible
mappings of the application to host processorsand accelerators.MMGP is fast
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Fig. 1. A hardware abstraction of an accelerator-based architecture with two layers
of parallelism. Host processing units (HPUs) supply coarse-grain parallel computation
across accelerators. Accelerator processing units (APUs) are the main computation
engines and may support internally finer grain parallelism. Both HPUs and APUs
have local memories and communicate through shared-memory or message-passing.
Additional layers of parallelism can be expressed hierarchically in a similar fashion.

and reasonably accurate, therefore it can be used to quickly identify optimal
operating points, in terms of the exposedlayers of parallelism and the degreeof
parallelism in each layer, on accelerator-basedsystems.Experiments with two
completeapplications from the Þeldof computational phylogeneticson a shared-
memory multipro cessorwith two Cell BEs, show that MMGP models parallel
execution time of complex parallel codes with multiple layers of task and data
parallelism, with mean error in the range of 1%Ð5%,acrossall feasibleprogram
conÞgurationson the target system.Due to the narrow margin of error, MMGP
predicts accurately the optimal mapping of programs to coresfor the caseswe
have studied so far.

In the rest of this paper, we establish preliminary background and terminol-
ogy for intro ducing MMGP (Section 2), we develop MM GP (Section 3), and we
validate MMGP using two computational phylogeneticsapplications (Section 4).
We discussrelated work in Section 5 and conclude the paper in Section 6.

2 Modeling Abstractions

In th is section we identify abstractions necessaryto allow us to deÞnea sim-
ple, accuratemodel of multi-dimensional parallel computation for heterogeneous
multi-core architectures.

2.1 Hardware Abstraction

Figure 1 shows our abstraction of a heterogeneous,accelerator-basedparallel
architecture. In this abstraction, each node consists of multiple host processing
units (HPU) and multiple accelerator processingunits (APU). Both the HPUs
and APUs have local and shared memory. Mul tiple HPU-APU nodes form a
cluster. We model the communication cost for i and j , where i and j are HPUs,
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APUs, and/or HPU-APU pairs, using a variant of LogP [7] of point-to-p oint
communication:

Ci,j = Oi + L + Oj , (1)

whereCi,j is the communication cost , Oi , Oj is the overheadof sendand receive
respectively, and L is communication latency.

2.2 Program Abstraction

Figure 2 illustrates theprogram abstraction usedby MMGP. Wemodel programs
using a variant of the Hierarchical Task Graph (HTG [9]). An HTG represents
multiple layers of concurrencywith progressively Þner granularit y when moving
from outermost to innermost layers.Weusea phasedHTG, in which wepartition
the application into multip le phasesof executionand split each phaseinto nested
sub-phases,each modeled as a single, potentially parallel task. The degreeof
concurrency may vary betweentasks and within tasks.

Task2

Subtask2

Subtask3

Main Process

Time

Main Process

Subtask1

Subtask2

Subtask3

Subtask1

Task1

Task1 Task2

Task2

Fig. 2. Program abstraction for two parallel tasks with nested parallelism.

Mapping a workload with nested parallelism as shown in Figure 2 to an
accelerator-basedmulti-core architecture can be challenging. In the generalcase,
any task of any granularit y could be mapped to any type combination of HPUs
and APUs. The solution spaceunder theseconditions can be unmanageable.We
conÞnethe solution spaceby making someassumptionsabout the program and
the hardware. Fir st, we assumethat the application exposesall available layers
of inherent parallelism to the runtime environment, without however specifying
how to map this parallelism to parallel execution vehiclesin hardware. Second,
we assumehardware conÞgurations consist of a hierarchy of nested resources,
even though the actual resourcesmay not be physically nested in the architec-
ture. For instance, the Cell Broadband Engine can be consideredas2 HPUs and
8 APUs, where the two HPUs correspond to the PowerPC dual-thread SMT
core and APUs to the synergistic (SPE) accelerator cores.This assumption is
reasonablesince it represents faithfully current accelerator architectures, where
front-end processorso!-load computation and data to accelerators.This assump-
tion simpliÞesmodeling of both communication and computation.
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3 Model of Multi-grain Parallelism

This section provides theoretical rigor to our approach. We begin by modeling
sequential execution on the HPU, with part of the computation o!-loaded to
a single APU. Next, we incorporate multiple APUs in the model, followed by
multiple HPUs.

3.1 Modeling sequential execution

As the starting point, we consideran accelerator-basedarchitecture that consists
of oneHPU and oneAPU, and a program with onephasedecomposedinto three
sub-phases,a prologueand epiloguerunning on the HPU, and a main accelerated
phaserunning on the APU, as illustrated in Figure 3. O!-loading computation

HPU_1

APU_1

shared Memory

Phase_1

Phase_2

Phase_3

(a) an architecture with one HPU and one APU (b) an application with three phases

Fig. 3. The sub-phases of a sequential program are readily mapped to HPUs and APUs.
In this example, sub-phases 1 and 3 execute on the HPU and sub-phase 2 executes on
the APU. HPUs and APUs communicate via shared memory.

incurs additional communication cost, for loading code and data, in the caseof
a software-managedAPU memory hierarchy, and committing results calculated
from the APU. We model each of thesecommunication costswith a latency and
an overheadat the end-points, as in Equation 1. We assumethat APUÕsaccesses
to data during the execution of a procedure are streamed and overlapped with
APU computation. This assumption reßectsthe capability of current streaming
architectures, such as the Cell and Merrimac, to aggressively overlap memory
latency with computation, using multi ple bu!ers. Due to overlapped memory
latency, communication overhead is assumedto be visible only during loading
the code and arguments of a procedureon the APU and during committing the
result of an o!-loaded procedureto memory, or sendingthe result of an o!-loaded
procedure from the APU to the HPU. We note that this assumption does not
prevent us from incorporating a more detailed model that accurately estimates
the non-overlapped and overlapped communication operations in MMGP. We
leave this issue as a subject of future work. Communication overhead for o!-
loading the code and arguments of a procedure and signaling the execution of
that procedureon the APU are combined in one term (Os), while the overhead
for returning the result of a procedurefrom the APU to the HPU and committi ng
intermediate results to memory are combined in another term (Or ).
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The execution time for the o!-loaded sequential execution for sub-phase2 in
Figure 3, can be modeled as:

Tof f l oad (w2) = TAP U (w2) + Or + Os (2)

where TAP U (w2) is the time neededto complete sub-phase2 without additional
overhead.We can write the total execution time of all three sub-phasesas:

T = TH P U (w1) + TAP U (w2) + Or + Os + TH P U (w3) (3)

To reducecomplexity, wereplaceTH P U (w1)+ TH P U (w3) with TH P U , TAP U (w2)
with TAP U , and Os + Or with Oof f l oad . We can now rewrite Equation 3 as:

T = TH P U + TAP U + Oof f l oad (4)

The program model in Figure 3 is representativ e of one of potentially many
phasesin a program. Wefurther modify Equation 4 for a program with N phases:

T =
N∑

i =1

(TH P U,i + TAP U,i + Oof f l oad ) (5)

3.2 Modeling parallel execution on APUs

Each o!-loaded part of a phasemay contain Þne-grainparallelism, such as task-
level parallelism in nested procedures or data-level parallelism in loops. This
parallelism can be exploited by using multip le APUs for the o"oaded workload.
Figure 4 shows the execution time decomposition for execution using one APU
and two APUs. We assumethat the code o!-loaded to an APU during phasei ,
has a part which can be further parallelized acrossAPUs, and a part executed
sequentially on the APU. We denote TAP U,i (1, 1) as the execution time of the
further parallelized part of the APU code during the i th phase.The Þrst index
1 refers to the useof one HPU thread in the execution. We denote TAP U,i (1, p)
as the execution time of the samepart when p APUs are used to execute this
part during the i th phase.We denoteasCAP U,i the non-parallelizedpart of APU
code in phasei . Therefore, we obtain:

TAP U,i (1, p) =
TAP U,i (1, 1)

p
+ CAP U,i (6)

Given that the HPU o!-loads to APUs sequentially , there exists a latency gap
between consecutive o!-loads on APUs. Similarly, there exists a gap between
receivingor committing return valuesfrom two consecutiveo!-loaded procedures
on the HPU. We denote with g the larger of the two gaps.On a system with p
APUs, parallel APU execution will incur an additional overheadas large aspág.
Thus, we can model the execution time in phasei as:

Ti (1, p) = TH P U,i +
TAP U,i (1, 1)

p
+ CAP U,i + Oof f l oad + p ág (7)
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Fig. 4. Parallel APU execution. The HPU (leftmost bar in parts a and b) offloads
computations to one APU (part a) and two APUs (part b). The single point-to-point
transfer of part a is modeled as overhead plus computation time on the APU. For mul-
tiple transfers, there is additional overhead (g), but also benefits due to parallelization.
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Fig. 5. Parallel HPU execution. The HPU (center bar) offloads computations to 4
APUs (2 on the right and 2 on the left).

3.3 Modeling parallel execution on HPUs

Sincethe compute intensiveparts of an application areo!-loaded to APUs, HPUs
are expected to be idle for extended intervals. Therefore, HPU multithreading
can be used to reduce idle time on the HPU and provide more sourcesof work
for APUs.

Figure 5 illustrates the execution timeline when two threads sharean HPU,
and each thread o!-loads parallel code on two APUs. We use di!eren t shade
patterns to represent the workload of di!eren t threads.

For m concurrent HPU thr eads, whereeach thread usesp APUs for distribut-
ing a single APU task, the execution time of a single o!-loading phasecan be
represented as:

Tk
i (m, p) = Tk

H P U,i (m, p) + Tk
AP U,i (m, p) + Oof f l oad + p ág (8)

where Tk
i (m, p) is the completion time of the kth HPU thread during the i th

phase.Similarly to Equation 6, we can write the APU time of the k-th thr ead
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in phasei in Equation 8 as:

Tk
AP U,i (m, p) =

TAP U,i (m, 1)
p

+ CAP U,i (9)

The execution time of each HPU thread is a!ected by architecture and soft-
ware factors. For a multi-threaded HPU where threads shareon-chip execution
resources,these factors include contention betweenHPU threads for shared re-
sources,context switch overhead related to resourcescheduling, and global syn-
chronization betweendependent HPU threads. Considering all three factors, we
can model the i -th phaseof an HPU thr ead as:

Tk
H P U,i (m, p) = ! m áTH P U,i (1, p) + TC SW + OC OL (10)

In this equation, TC SW is context switching time on the HPU and OC OL is
the time neededfor global synchronization. The parameter ! m is intro duced to
account for contention between threads that share resourceson the HPU. On
SMT and CMP HPUs, such resourcestypically include one or more levelsof the
on-chip cache memory. On SMT HPUs in particular, shared resources include
also TLBs, branch predictors and instruction slots in the pipeline. Contention
between threads often intro duces artiÞcial load imbalance due to occasionally
unfair hardware policies of allocating resourcesbetweenthreads.

Combining Equations (8)-(10) and summarizing all phases,we can write the
execution time for MMGP as:

T(m, p) = ! m áTH P U (1, 1) +
TAP U (1, 1)

m áp
+ CAP U + N á(OOf f l oad + TC SW + OC OL + p ág) (11)

Due to limited hardware resources(i.e. number of HPUs and APUs), we
further constrain this equation to m ! p " NAP U , where NAP U is the number of
available APUs. As described later in this paper, we can either measuredirectly
or estimate all parameters in Equation 11 from micro-benchmarks and a proÞle
of a sequential run of the program. Given a parallel program, MMGP can be
applied using the following process:

1. Estimate OOf f l oad , ! m , TC SW and OC OL using micro-benchmarks.
2. ProÞle a run of the sequential program, with annotations of parallelism in-

cluded, to estimate TH P U (1), TAP U (1, 1) and CAP U .
3. Solve a special case of Equation 11 (e.g. 7) to Þnd the optimal mapping

betweenapplication concurrency and available HPUs and APUs.

4 Experimental Validation and Results

WeuseMMGP to derivemulti-dimensional parallelization schemesfor two bioin-
formatics applications, RAxML and PBPI, on an IBM QS20BladeCenter with
two Cell BEs. RAxML and PBPI construct evolutionary trees from DNA or AA
sequences,using di!eren t optimalit y criteria for approximating the best trees.
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4.1 Parameter Approximation

MMGP has six free parameters, CAP U , Oof f l oad , g, TC SW , OC OL and ! m . We
estimate four of the parametersusingmicro-benchmarks. ! m capturescontention
betweenprocesses or threads running on the PPE. This contention dependson
the scheduling algorithm on the PPE. We estimate ! m under an event-driv en
scheduling model which oversubscribes the PPE with more processesthan the
number of hardware threads supported for simultaneous execution on the PPE,
and switchesbetweenprocessesupon each o!-loading event on the PPE [6]. The
reasonfor using oversubscribing is the potential imbalancebetweensupply and
demand of computation betweenthe PPE and SPEs.

To estimate ! m , we usea parallel micro-benchmark that computesthe prod-
uct of two M ! M arrays of double-precisionßoating point elements. Matrix-
matrix multiplication involvesO(n3) computation and O(n2) data tr ansfers, thus
stressingthe impact of sharing execution resourcesand the L1 and L2 cachesbe-
tween processeson the PPE. We usedseveral di!ere nt matrix sizes,ranging from
100! 100to 500! 500,to exercisedi!eren t levelsof pressureon the thread-shared
cachesof the PPE. In the MMGP model, we use! m =1.28, computed from these
experiments. We should point out that ! m is not a constant in the generalcase.
However, ! m a!ects only a small portion of the code (executed on the HPU).
Therefore,approximating ! m with a constant is a reasonablechoicewhich results
in fairly accurate MMGP predictions, as shown later in this section.

PPE-SPE communication is optimally implemented through DMAs on Cell.
In PBPI and RAxML, the o!-loaded code remainsin the local storageduring the
entire execution of the application. Also, the arguments for the o!-loaded func-
tions are fetched directly from the main memory by the SPE thread. Therefore,
the only PPE-SPE communication (Oof f l oad ) is PPE # SPE trigger signal, and
the signal sent back by each SPE after Þnishing the o!-loaded work. We devised
a ping-pong micro-benchmark using DMAs to send a single integer from the
PPE to one SPE and backwards. We measuredPPE# SPE# PPE round-trip
communication overhead for a single 4-byte packet to 70 ns. To measure the
overhead causedby various collective communications we usedmpptest [10] on
the PPE. Using a micro-benchmark that repeatedly executesthe sched yield()
system call, we estimate the overheadcausedby the context switching (TC SW )
on the PPE to 2 µs.

CAP U and the gap g betweenconsecutive DMAs on the PPE are application-
dependent and can not be approximated easily with a micro-benchmark. To
estimate theseparameters,we usea proÞle of a sequential run of the code, with
tasks o!-loaded on one SPE.

4.2 PBPI Outline

PBPI [11,12] is a parallel Bayesianphylogeneticinferenceimplementation, which
constructs phylogenetic trees from DNA or AA sequencesusing a Markov chain
Monte Carlo sampling method. The method exploits the multi-dimensional data
parallelism available in Bayesian phylogenetic inference (across the sequence
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and within the likelihood computations), to achieve scalability on large-scale
distributed memory systems, such as the IBM BlueGene/L [13]. The algorithm
usedin PBPI can be summarizedas follows:

1. Markov chains are partitioned into chain groupsand the data set is split into
segments along the sequences.

2. Virtual processorsare organizedin a two-dimensionalgrid; each chain group
is mapped to onerow on the grid, and each segment is mapped to onecolumn
on the grid.

3. During each generation,the partial likelihood acrossall columnsis computed
using all-to-all communication to collect the complete likelihood valuesfrom
all virtual processorson the samerow.

4. When there aremultiple chains, two chainsarerandomly chosenfor swapping
using point-to-p oint communication.

PBPI is implemented in MPI. We ported PBPI to Cell by o!-loading the compu-
tationally expensive functions that perform the likelihood calculation on SPEs
and applied a sequenceof Cell-speciÞcoptimizations on the o!-loaded code.

4.3 PBPI with One Dimension of Parallelism

We compare the PBPI execution times modeled by MMGP to the actual exe-
cution times obtained on real hardware, using various degreesof PPE and SPE
parallelism, the equivalents of HPU and APU parallelism on Cell. For theseex-
periments, we used the arch107 L10000 input data set. This data set consists
of 107 sequences,each with 10000characters. We run PBPI with one Markov
chain for 20000generations.Using the time base register on the PPE and the
decrementer register on one SPE, we were able to proÞle the sequential exe-
cution of the program. We obtained the following model parameters for PBPI:
TH P U = 1.3s, TAP U = 370s,g = 0.8s and CAP U = 1.72s.

Figure 6 (a),(b), comparesmodeled and actual execution times for PBPI,
when PBPI only exploits one-dimensionalPPE (HPU) parallelism in which each
PPE thread uses one SPE for o!-loading. We execute the code with up to 16
MPI processes,which o!-load code to up to 16 SPEson two Cell BEs. Referring
to Equation 11, we set p = 1 and vary the value of m from 1 to 16. The X-axis
shows the number of processes running on the PPE (i.e. HPU parallelism), and
the Y-axis shows the modeled and measuredexecution ti mes. The maximum
prediction error of MMGP is 5%. The arithmetic mean of the error is 2.3% and
the standard deviation is 1.4. The largest gap between MMGP prediction and
the real execution time occurs when the number of processesis larger than 10,
(Figure 6 (b)). The reasonis contention causedby context switching and MPI
communication, when a large number of processesis multiplexed on 2 PPEs.
Nevertheless,the maximum prediction error even in this caseis closeto 5%.

Figure 6 (c),(d), illustrates modeled and actual execution times when PBPI
usesone dimension of SPE (APU) parallelism. Referring to Equation 11, we set
m = 1 and vary p from 1 to 16. MMGP remains accurate, the mean prediction
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(a) (b) (c) (d)

Fig. 6. MMGP predictions and actual execution times of PBPI, when the code uses
one dimension of PPE-HPU, ((a), (b)), and SPE-APU ((c), (d)) parallelism.

error is 4.1% and the standard deviation is 3.2. The maximum prediction er-
ror in this caseis 10%. We measuredthe execution time necessaryfor solving
Equation 11 for T(m, p) to be 0.4µs. The overhead of the model is therefore
negligible.

4.4 PBPI with Two Dimensions of Parallelism

Figure 7 shows the modeled and actual execution times of PBPI for all feasible
combinations of two-dimensionalparallelism under the constraint that the code
does not use more than 16 SPEs, i.e. the maximum number of SPEs on the
experimental platform. MMGPÕsmean prediction error is 3.2%, the standard
deviation of the error is 2.6 and the maximum prediction error is 10%. The
important observation in theseresults is that MMGP matchesthe experimental
outcome in terms of the degreesof PPE and SPE parallelism to use in PBPI
for maximizing performance. In a real program development scenario,MMGP
would point the programmer in the direction of using two layers of parallelism
with a balancedallocation of PPE contexts and SPEs betweenthe two layers.

In principle, if the di!erence betweenthe optimal and nearly optimal conÞg-
urations of parallelism are within the margin of error of MMGP, MM GP may
not predict the optimal conÞguration accurately. In the applications we tested,
MMGP never mispredicts the optimal conÞguration.We alsoanticipate that due
to high accuracy, potential MMGP mispredictions should generally lead to con-
Þgurations that perform marginally lower than the actual optimal conÞguration.

4.5 RAxML Outline

RAxML usesan embarrassingly parallel master-worker algorithm, implemented
with MPI. In RAxML, workers perform two tasks: (i) calculation of multiple in-
ferenceson the initial alignment in order to determine the best known Maximum
Likelihood tree, and (ii) bootstrap analysesto determine how well supported are
someparts of the Maximum Likelihood tree. From a computational point of view,
inferencesand bootstraps are identical. We use an optimized port of RAxML on
Cell, described in further detail in [6].
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Fig. 7. MMGP predictions and actual execution times of PBPI, when the code uses
two dimensions of SPE (APU) and PPE (HPU) parallelism. Performance is optimized
with a layer of 4-way PPE parallelism and a nested layer of 4-way SPE parallelism.

4.6 RAxML with Two Dimensions of Parallelism

We comparethe execution time of RAxML to the time modeled by MMGP, us-
ing a data set that contains 10 organisms,each represented by a DNA sequence
of 50,000 nucleotides. We set RAxML to perform a total of 16 bootstraps us-
ing di!eren t parallel conÞgurations. The MMGP parameters for RAxML, ob-
tained from proÞling a sequential run of the code are TH P U = 8.8s, TAP U =
118s, CAP U = 157s.The valuesof other MMGP parametersare negligible com-
pared to TAP U , TH P U , and CAP U , therefore we disregard them for RAxML. We
observe that a largeportion of the o!-loaded RAxML codecannot beparallelized
acrossSPEs(CAP U - 57%of the total SPE time). Due to this limitation, RAxML
does not scalewith one-dimensionalparallel conÞgurationsthat use more than
8 SPEs. We omit the results comparing MMGP and measuredtime in RAxML
with one dimension of parallelism due to space limitat ions. MMGP remains
highly accurate when one dimension of parallelism is exploited in RAxML, with
mean error rates of 3.4% for conÞgurationswith only PPE parallelism and 2%
for conÞgurationswith only SPE parallelism.

Figure 8 shows the actual and modeled execution times in RAxML, when
the code exposestwo dimensions of parallelism to the system. Regardlessof
execution time prediction accuracy, MMGP is able to pin-point the optimal par-
allelization model thanks to the low prediction error. Performanceis optimized
in the caseof RAxML with task-level parallelization and no further data-parallel
decomposition of tasks betweenSPEs. There is very little opportunit y for scal-
able data-level parallelization in RAxML. MMGP remains very accurate, with
mean execution time prediction error of 2.8%, standard deviation of 1.9, and
maximum predicti on error of 7%.
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Fig. 8. MMGP predictions and actual execution times of RAxML, when the code uses
two dimensions of SPE (APU) and PPE (HPU) parallelism. Performance is optimized
by oversubscribing the PPE and maximizing task-level parallelism.

Although the two codes tested are similar in their computational objective,
their optimal parallelization model is at the oppositeendsof the designspectrum.
MMGP accurately reßectsthis disparity, usinga small number of parametersand
rapid prediction of execution times acrossa large number of feasible program
conÞgurations.

5 Related Work

Traditional parallel programming models, such as BSP [14], LogP [7], and de-
rived models [15,16] developed to respond to changes in the relative impact
of architectural components on the performance of parallel systems,are based
on a minimal set of parameters, to capture the impact of communication over-
headon computation running acrossa homogeneouscollection of interconnected
processors.MMGP borrows elements from LogP and its derivatives, to esti-
mate performance of parallel computations on heterogeneousparallel systems
with multiple dimensionsof parallelism implemented in hardware. A variation
of LogP, HLogP [8], considersheterogeneousclusterswith variabilit y in the com-
putational power and interconnectionnetwork latenciesand bandwidths between
the nodes.Although HLogP is applicable to heterogeneousmulti-core architec-
tures, it doesnot considernestedparallelism. It should be noted that although
MMGP has been evaluated on architectures with heterogeneousprocessors,it
can also support architectures with heterogeneity in their communication sub-
strates.

Several parallel programming modelshave been developed to support nested
parallelism, including extensionsof commonparallel programming libraries such
as MPI and OpenMP to support nestedparallel constructs [17,18]. Prior work
on languagesand libraries for nestedparallelism basedon MPI and OpenMP is
largely basedon empirical observations on the relative speedof data communi-
cation via cache-coherent shared memory, versuscommunication with message
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passingthrough switching networks. Our work attempts to formalize these ob-
servations into a model which seeksoptimal work allocation between layers of
parallelism in the application and optimal mapping of these layers to heteroge-
neousparallel execution hardware.

Sharapov et. al [19] usea combination of queuing theory and cycle-accurate
simulation of processorsand interconnection networks, to predict the perfor-
manceof hybrid parallel codeswritten in MPI/Op enMP on ccNUMA architec-
tures. MMGP usesa simpler model, designedto estimate scalability along more
than one dimensionsof parallelism on heterogeneousparallel architectures.

6 Conclusions

The intro duction of accelerator-basedparallel architectures complicates the prob-
lem of mapping algorithms to systems,since parallelism can no longer be con-
sidered as a one-dimensionalabstraction of processorsand memory. We pre-
sented a new model of multi-dimensional parallel computation, MMGP, which
we intro duced to relieve usersfrom the arduous task of mapping parallelism to
accelerator-basedarchitectures. We have demonstrated that the model is fairly
accurate,albeit simple, and that it is extensibleand easyto specializefor a given
architecture. We envision three usesof MMGP: i) As a rapid protot yping tool
for porting algorithms to accelerator-basedarchitectures. ii) As a compiler tool
for assistingcompilers in deriving e#cient mappingsof programs to accelerator-
basedarchitectures automatically. iii) As a runtime tool for dynamic control of
parallelism in applications. Extensionsof MMGP which we will explore in future
research include accuratemodeling of non-overlapped communication and mem-
ory accesses,accuratemodeling of SIMD and instruction-level parallelism within
accelerators,integration of the model with runtime performanceprediction and
optimization techniques, and application of the model to emergingaccelerator-
basedparallel systems.
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