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Abstract. Although task and data parallelism have been usually con-
sidered mutually exclusive approaches to parallel programming, many
applications may benefit from mixing both forms of parallelism. In this
work we tackle this issue using two benchmark applications implemented
using OpenMP and llc.
The llc language is the result of our study in the opportunities to ex-
tend OpenMP to deal with multi-level parallelism and distributed mem-
ory architectures. As in OpenMP, in llc parallelism is expressed using
compiler pragmas. The llc compiler produces code for both shared and
distributed memory platforms. We present computational results for our
experiments using a Sun E15000 and a Intel Pentium IV-based Beowulf
cluster.

1 Introduction

The use of tools and languages that exploit high performance computers and
resources is nowadays limited. The main reason for this limitation is the amount
of knowledge and skills necessary to exploit these resources. The community
of technicians and scientists having needs of high performance computing is
not interested in learning new sophisticated tools or languages. If the parallel
computing community wants to make the use of our techniques widespread,
additional efforts must be made in the way of providing high level tools to the
end users.

No doubt in recent times OpenMP [1] has become the dominant high level
standard tool to develop parallel applications for shared memory architectures.
The simplicity of the OpenMP model where a parallel program is built from its
sequential counterpart by adding compiler pragmas is one of the main reasons
for its success. Despite the broad triumph that OpenMP has reached during its
life, some of its aspects still require attention, design and development efforts.

In this paper we investigate the advantage of mixing task and data paral-
lelism. Data parallelism occurs when the same operation is applied to different
data, while task parallelism appears when multiple independent code segments
are run concurrently. Although many applications can benefit from both forms of
parallelism [2], task and data parallelism have been usually considered mutually
exclusive approaches to parallel programming.



Closely related to the ability to mix these two forms of parallelism is the
capacity to exploit multiple levels of parallelism. Although the OpenMP speci-
fication allows some form of nested parallelism, most of the compiler implemen-
tations simply serialize any nested parallel region [3], [4], [5].

From our point of view, to identify and build a set of representative applica-
tions that constitute a benchmark to measure the quality of different compiler
implementations is another aspect that requires the attention of the OpenMP
community. While it is not difficult to find benchmarks that pay attention to
other features in the language [6], [7] there is a need of benchmarks measuring the
capacity to exploit multi-level parallelism or to mix task and data parallelism.

In this work we have implemented two applications that can benefit from
mixing task and data parallelism and we use them to measure the performance
obtained on two different platforms using OpenMP and llc.

llc is the result of our research in the opportunities to extend OpenMP to
deal with multi-level parallelism and distributed memory architectures. As in
OpenMP, in llc parallelism is expressed through the introduction of compiler
pragmas in the code. Wherever it is possible our pragmas are compatible with
those existing in OpenMP. For the llc experiences we use llCoMP, our llc
prototype compiler. llCoMP is a source to source compiler that translates the
source C code annotated with llc pragmas into C code augmented with calls to
MPI [8] functions.

Instead of developing our test applications from scratch we have used two
applications from the CMU task parallel suite [9]. This set of programs were
collected as realistic example applications from diverse domains that take ad-
vantage of mixing task and data parallelism.

The remainder of the paper is organized as follows: In section 2 we summa-
rize the llc language and its underlying computational model. In section 3 we
describe the experiments that we have performed. The implementations and the
computational results obtained are discussed in section 4 and section 5 offers
conclusions and comments on future work.

2 The llc language

In llc the programmer has different ways of expressing the parallel execution of
a body. In this work we will limit our attention to the parallel for construct.

The OTOSP model (One Thread is One Set of Processors) is the theoretical
computational model underlying to llc. The model helps to understand how we
map the parallel constructs of the language in real parallel architectures.

Let us imagine a machine composed of an infinite number of processors,
each with its own private memory and a network interface connecting them.
The processors are organized in sets. At any time, the memory state of all the
processors in the same set is identical. An OTOSP computation assumes that all
the processors in the same set have the same input data and the same program
in memory. The only difference among the processors is an internal register, not



available to the programmer, containing an integer, the NAME (number) of the
processor.

At the beginning of any computation, all the infinite processors in the ma-
chine are in the same set, they execute the same (sequential) thread and have
identical values stored in their local memories. When this set of processors
reaches a parallel for, the group executing it is divided in subgroups. Each
processor in the set decides in terms of its NAME to which subgroup it is at-
tached. When the execution of a parallel for finishes, all the processors in the
subgroups executing it are joined again together to form the original set.

Before the execution of a parallel for, the memory of the set of processors
contains exactly the same values. When a parallel for is executed, the memory
is divided in two parts: the one that is going to be modified and the one that
is not changed inside the body of the construct. Variables in the latter part are
available inside the body for reading. The others are partitioned among the new
subgroups.

To guarantee that after returning to the previous group, the processors in
the parent set have a consistent view of the memory and that they will behave
as the same thread, some mechanism must be provided. When a subgroup is
created, each processor in the subgroup sets up a partnership relation with one
or more processors in the other subgroups. When sets are merged together,
partner processors exchange the memory areas they have modified inside the
parallel for.

The OTOSP model allows parallel constructs to be nested arbitrarily: each
time a set of processors reaches a parallel construct, the set is divided, and this
division process can be applied recursively.

The equations determining the formation of the subgroups in the division
process are simple enough to allow an efficient implementation. Also the commu-
nication patterns between partner processors in the subgroups can be optimized.
For details about these aspects, please refer to [10].

1 int ffts ( complex ∗a , int ∗ brt , complex ∗ w ) {
2 int i ;

4 #pragma omp parallel for private (i )
5 #pragma l l c result (&a [ i ∗ n ] , n )
6 for ( i = 0 ; i < n ; ++i )
7 fft(&a [ i ∗ n ] , brt , w ) ;
8 return 0 ;
9 }

Listing 1. A parallel loop in llc

Let us use the simple code in listing 1 to study how llc implements the ideas
of the OTOSP model. The parallel for at line 4 indicates that the iterations
of the for loop at line 6 are independent, and consequently can be split among
the processors in the current set.

In the OTOSP theoretical model there are always processors available to
deal with a parallel construct because the machine is arbitrarily large. In a



real scenario, when a set of processors reaches a parallel for construct two
situations are possible. The number of processors in the current group can be
larger or smaller than the number of loop iterations (tasks) to be done. If there
are more tasks than processors (as is the usual case), the original set will be
divided in subsets with a single processor on each. Each group (processor) will
then compute several tasks. In the case of more processors than tasks, several
processors belonging to the same set will replicate the computation of the same
task.

As we can see in listing 1 llc extends OpenMP syntax and semantics to deal
with distributed memory computing. Whenever an OpenMP pragma with the
required semantics exist we use it (note the use of the omp and llc prefixes in
the pragmas). In fact, the clause private in line 4 is kept only for compatibility
with OpenMP, since it is not required: all the storages are private in the OTOSP
model.

The clause result in line 5 is associated with the parallel for in the pre-
vious line. It has the purpose of informing the compiler of the new “ownership”
of the part of the memory that is going to be modified. The clause indicates
that the memory area starting at &a[i * n] and whose size is n is owned (and
potentially could be modified) by the set of processors performing thread i.

For additional details concerning the llc language, its compiler and the
OTOSP model please refer to [5] and [11].

3 Experiments

We decided to use the CMU task parallel suite [9] as target for our experiments
because these programs share some positive features for our interests: they can
benefit from a mix of task and data parallelism, they are representative in dif-
ferent application domains, have a manageable size, they are simple and finally,
the source code is available.

for ( i = 0 ; i < ITERS ; i++) {
T1 ( ) ;
T2 ( ) ;
. . .
TN ( ) ;

}

Listing 2. General form of the codes

The general form of the programs in the CMU task parallel suite appears in
listing 2. An outer loop performs several iterations over different input data sets.
The body of the loop consists of calls to tasks routines that typically include data-
parallel statements. Depending on the application, there may be dependences
across iterations of the outer loop and among the tasks subroutines.

For the experiments we have chosen two of the five test programs present
in the suite: the 1D fast Fourier transform (FFT) and the Multibaseline stereo
imaging code. Complete C sources for these implementations can be obtained
from [11].



3.1 The FFT algorithm

The discrete Fourier transform (DFT) is an important tool with plenty of ap-
plications in diverse fields of science and engineering. A DFT is a matrix-vector
product y = Fnx where x and y are complex vectors and Fn = (fpq) is an n× n
matrix such that fpq = wpq

n , with wn = cos(2π/n)− i sin(2π/n) = e−2πi/n and
i =

√
−1.

A fast Fourier transform is an efficient algorithm that exploits the struc-
ture in Fn to compute the DFT product in O(n log n) time. Higher dimensional
FFTs can also be defined. The interested reader may refer to [12] for a detailed
description of different FFT algorithms.

1 for (k = 0 ; k < ITERS ; k++) {
2 dgen ( xin , N ) ;
3 tpose ( xin , aux , N ) ;
4 ffts ( aux , brt , w , N , LOGN , N / 2 ) ;
5 scale ( aux , v , N ) ;
6 tpose ( aux , xin , N ) ;
7 ffts ( xin , brt , w , N , LOGN , N / 2 ) ;
8 tpose ( xin , aux , N ) ;
9 chkmat ( aux , N ) ;

10 }

Listing 3. Bailey’s “6-step” FFT implementation

The 1D FFT algorithm used in the CMU suite is the Bailey’s “6-step” algorithm
[13] and the code in listing 3 shows the basic steps.

If we consider the size of the input signal as the product of two numbers,
n1×n2, then the 1D FFT can be computed using smaller independent 1D FFTs.
The input vector can be reshaped as an n1×n2 matrix with n1 being the width
with sequential memory accesses and n2 being the height with non-sequential
accesses (in listing 3, n1 = n2 = N). Then the basic structure of Bailey’s “6-step”
FFT algorithm is:

1. Transpose the input data set, considered as a n1 × n2 complex matrix, into
a n2 × n1 matrix (line 3 in listing 3).

2. Perform n1 individual n2-point one dimensional FFTs on the resulting n2×n1

matrix (line 4 in the code).
3. Multiply the resulting n2 × n1 complex matrix Aij by e±2πijk/n (line 5).
4. Transpose the resulting n2 × n1 matrix into a n1 × n2 matrix (line 6).
5. Perform n2 individual n1-point one dimensional FFTs on the resulting n1×n2

matrix (line 7).
6. Transpose the resulting n1 × n2 complex matrix into a n2 × n1 matrix (line

8).

The 1D FFT in the CMU benchmark iteratively computes a certain number
(ITERS) of “6-step” FFTs on synthetic input data set (generated by dgen in
line 2). Therefore, the input parameters for this program are the number of
iterations and the size (N) of the input signal.



3.2 The Multibaseline stereo imaging code

Binocular stereo vision is a method used to obtain three-dimensional information
of a scene. Stereo vision is computationally intensive and the spatially repetitive
nature of the method lends itself to parallelization. The main drawback of stereo
is the problem with image point correspondence. The trade-off between accuracy
(which is aided by a wide baseline, or separation between the cameras) and
ease of correspondence has been mitigated using multiple cameras or camera
locations. This approach has been named multibaseline stereo.

1 for ( count = 0 ; count < ITERS ; count++) {
2 getdata ( ref , m1 , m2 , curbesterr , curbestdisp ) ;
3 for ( curdisp = 0 ; curdisp < 16 ; curdisp++) {
4 gendiffimg ( ref , m1 , m2 , diffimg , curdisp ) ;
5 updatedispimg ( diffimg , curbesterr , curbestdisp , curdisp ) ;
6 }
7 testdata ( curbestdisp ) ;
8 dumpimg ( curbestdisp ) ;
9 }

Listing 4. The multibaseline stereo algorithm

The implementation of the multibaseline stereo code in the CMU suite [14] is
an adaptation from a previous data-parallel implementation [15] that provides
better accuracy through the use of three cameras. Listing 4 shows the source code
for the algorithm. The input to the algorithm consists of three m × n images.
Two of them are match images and the third is a reference image. For each of
16 disparities (loop in line 3) the first match image is shifted by d pixels, the
second is shifted by 2d pixels. Function getdata in listing 4 generates synthetic
images and perform these shiftings. A difference image is formed by computing
the sum of squared differences between the corresponding pixels of the reference
and the shifted match images (function gendiffimg in line 4). Next, an error
image is formed by replacing each pixel in the difference image with the sum of
the pixels in a surrounding 13 × 13 window. A disparity image is then formed
by finding, for each pixel, the disparity that minimizes the error. Finally, the
depth of each pixel is displayed as a simple function of its disparity. Function
updatedispimg in listing 4 sums the difference image over the moving window
and updates the current best error and best disparity images.

The input parameters for the multibaseline stereo benchmark are the size of
the images (m× n) and the number of iterations performed (ITERS).

4 Implementations and computational results

The implementations of the FFT algorithm using both OpenMP and llc have
been quite straightforward. We have used pragma parallel for to parallelize
the external for loop and the same construction wherever it was possible in the
task subroutines. In the case of the FFT we turned into parallel the tpose, ffts
and scale routines. Listing 1 contains the code for the ffts routine in llc.



Fig. 1. Computational results for the FFT algorithm

Fig. 2. Computational results for the multibaseline stereo algorithm



As it was explained in section 2, the llc pragma result in line 5 ensures a
coherent view of the memory areas that have been modified by each processor
subgroup and it is unnecessary in the OpenMP implementation. In fact, OpenMP
compilers ignore it.

For the stereo algorithm, again we used pragma parallel for in the exter-
nal loop (line 1 in listing 4) and gendiffimg is the only task subroutine that
has been parallelized using llc. At first glance it is appealing to parallelism
also the for loop in line 3, but data dependences in the computation of the best
disparity image prevent from this parallelization in llc (each iteration of the
loop depends on the previous one).

In the case of OpenMP we have parallelized not only the loops in lines 1 and
3 and the gendiffimg routine, but also we have been able to exploit additional
levels of parallelism in the updatedispimg function, using locks to deal with the
data dependences. Nevertheless, most OpenMP compilers ignore nested parallel
regions, and therefore they only take advantage of the parallel for loop in line
1. To be fair in the comparison with llc we have checked that parallelizing in
OpenMP only the inner loop in line 3 delivers poorer performance than exploiting
parallelism in the outer level.

The experiments have been performed using two different platforms: a SMP
SunFire E15000 with 900 MHz UltraSPARC-III processors and a Intel Pentium
IV-based Beowulf cluster using a Myrinet interconnection network (1.2 Giga-
bit/sec).

In the SunFire we used the Forte C Developer compiler [16] with level 3
optimizations both for OpenMP and llc (MPI) versions. For the beowulf cluster
we used gcc and MPICH mpicc compilers with the same optimization level.

Figures 1 and 2 show respectively the results obtained for the FFT and multi-
baseline stereo algorithms in the SunFire E15K. The figures show the results for
both OpenMP and llc implementations. For the FFT we used N = 220 (float)
as input vector size with 16 and 32 iterations (ITERS). For the multibaseline
stereo, we used the same number of iterations and the size of the images was
500× 500 pixels (int).

The performance is similar for both implementations. The results show that
while llc takes advantage of multi-level parallelism, and it reaches linear speedup,
the Sun compiler does not.

Finally, figure 3 present the results for the llc implementations in the Intel
Beowulf cluster. The layered shape in this figure can be explained by the pro-
cessor division behavior in llc. The performance is similar for both algorithms
and it is almost linear.

5 Conclusions and future work

Two applications from the CMU task parallel suite have been ported to C to be
implemented using llc. We have used these codes to show that mixing task and
data parallelism is a valuable property in the way of achieving good performance.



Fig. 3. Computational results in the Intel Beowulf cluster

An appealing property of llc is that keeping the simplicity of the OpenMP
model, it can be targeted to both shared and distributed memory architectures.

In the near future we plan to measure the performance of our benchmarks
using different compilers, particularly those supporting nested parallelism.

We also project to try alternate parallel implementations of these test codes.
OpenMP and llc source versions allow some improvements if we produce dif-
ferent codes for each alternative. In this first approach we have addressed the
simplest way trying to imitate a non-expert user, and preserving the sequential
semantic of the codes.

We plan to continue implementing the remaining CMU task parallel suite
applications using llc and to carry out the corresponding experiments.

We think that setting up a common freely accessible and non-proprietary
standard benchmark suite should be a positive step for the development of
OpenMP. This suite should be accepted by researchers in the field as a way
for promoting discussion and interchange of results for different issues that re-
quire attention. In this direction we think that the FFT and multibaseline stereo
algorithms are two candidates to be considered.
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