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Abstract

The power wall is driving parallelism to play an increas-
ingly important role in software development. How-
ever, parallel software development is complicated by
several challenges that are absent in serial software de-
velopment. We argue that these challenges emerge from
three factors that influence the design and performance
of parallel software. These factors are: the distribu-
tion of computation, the distribution of data, and the
communication that occurs to transfer data and coordi-
nate computation. Industry and the research commu-
nity have development several programming models to
address these factors. In this paper we survey how five of
parallel programming models address the factor of com-
putation distribution. Our survey is structured in terms
of four interpretive criteria, and we discuss a number of
evaluative criteria can be used to judge programming
models. After our survey, we discuss the impact the
other two factors (distribution of data and the use of
communication) have on computation distribution and
hypothesize on what other challenges programmers face.

1 Introduction

Since the 1970s Moore’s Law has resulted in a trend
of exponentially growing processor performance [33].
There are commercial and research interests motivating
a continuation of this trend [5, 8]. Additional comput-
ing performance drives the sale of new hardware; new
software can leverage such hardware. For example, ad-
ditional computing resources enable quicker and more
accurate results in scientific simulation software.
Historically, faster clock speeds have driven this per-
formance trend. However, clock speeds have approached

a number of physical barriers [33, 5]. One barrier is the
power wall: the unsustainable exponential power growth
that occurs with increases in processor operating fre-
quency. Increased power usage is not only costly but also
results in additional emitted heat. Dissipating exces-
sive amounts of heat requires sophisticated and expen-
sive cooling systems. One way of increasing computing
performance without hitting the power wall is to con-
currently utilize multiple processing units. Given this
fact, it seems likely that as the role of clock speeds sub-
sides the role of parallelism will rise. This is supported
by the rising trend of multicore processor production.
The increasing availability of multicore machines, along
with improvements in network technology, has also in-
fluenced the development of cloud computing services
and the production of ever-larger compute clusters.

Although these trends indicate a future abundance of
parallel computing resources, these resources are use-
less in the absence of software to properly utilize them.
Parallel software faces several challenges unseen in se-
rial software. These challenges are made evident upon
reflection of the architectural differences between serial
and parallel machines. The Von Neumann model has
long been used to illustrate the architecture of a se-
rial computer. In this model a computer consists of
a single processing unit (that contains a control unit
and an arithmetic logic unit) tied to a single memory
store. Parallel machines, of course, have multiple pro-
cessing units, and sometimes these machines have mul-
tiple stores. Parallel machines also have some type of
interconnect present between multiple processing units.
The addition of multiple processing units implies that
software must distribute itself across these units in or-



der to effectively utilize them'. The addition of mul-
tiple memory units implies that parallel software must
also distribute its data across these units. A communi-
cation interconnect is necessary to coordinate computa-
tion across multiple units and to transfer data. These
three factors of parallel programming: the distribution
of computation, the distribution of data, and the use of
communication, influence the design and performance
of parallel software. In this paper we choose to focus
specifically on one: the distribution of computation.

Several programming models exist to help program-
mers and compiler writers face the challenges of parallel
software development. In this paper we compare how
these models address the issue of computation distribu-
tion and discuss how these models can be evaluated and
compared. In Section 2 we outline criteria for this com-
parison and evaluation. In Section 3, we apply the crite-
ria against the surveyed approaches. We summarize our
analysis in the tables listed in Appendix A. The struc-
ture of these tables reflects the structure of our survey.
After our survey, in Section 4, we discuss how compu-
tation distribution interacts with the two other factors
(data distribution and communication). In Section 5
we end this paper with summarizing and concluding re-
marks.

2 Interpretive and evaluative cri-
teria

When it comes to the distribution of computation, dif-
ferent programming models have different assumptions,
limitations, and strengths. To aid in understanding
these assumptions, limitations, and strengths we com-
pare these models along various criteria. There are two
types of criteria we consider: interpretive criteria and
evaluative criteria. Interpretive criteria are used to de-
scribe a model, evaluative criteria are used to judge it.
In this paper we focus our interpretive criteria on how
computation distribution is addressed.

2.1 Interpretive criteria

Specifically, the interpretive criteria we consider are: 1)
how the distribution of computation across processing
elements is specified in a programming model, 2) how
the distribution of computation across time is specified

1Software may not always be able to utilize all processing units
at peak efficiency. Indeed, if the inherently sequential portion of
software greatly exceeds the parallelizable portion, the overhead
incurred by parallelism may outweigh the improved performance
of the parallelizable part. This limitation indicates a need to in-
crease the parallelizability of software. Gustafson’s law suggests
that parallelizability can be increased through an increase in prob-
lem size [18].

in a programming model, 3) how computation is struc-
tured in a programming model, and 4) how compilers or
runtimes of a programming model realize a distribution
of computation. In this subsection we discuss these cri-
teria, and in Section 3 we will use them to survey five
existing programming models.

2.1.1 The specification of how computation is
distributed across processing elements

Our first criterion is the specification of how compu-
tation is distributed across processing elements. Some
programming models have users explicitly specify how to
distribute computation across processing elements; oth-
ers have users define some strategy to guide a runtime
to realize a distribution. Still, in others, computation
distribution is automatically determined by a compile-
time analysis. Sometimes the implicit distribution of
computation is guided by an explicit definition of the
distribution of data. In our surveyed models we see all
of these approaches taken.

2.1.2 The specification of how computation is
distributed across time

For parallel architectures, computation must not only be
distributed across processing elements, but it must also
be distributed across time. A single processing element
can only be scheduled to execute one instruction at a
time?. Thus, it is not enough to simply have a task dis-
tributed for execution on a processing element, it is also
necessary that this task be executed at the proper time.
Often dependences exist between tasks — the result of
one task may be a prerequisite for the execution of an-
other. Improperly scheduled tasks can lead to programs
that have hard to debug race-conditions.

As with the specification of computation distribution
across processing elements, the specification of computa-
tion distribution across time can either be done implic-
itly or explicitly. An example of an implicitly specified
distribution across time might be a task graph where
edges show dependences — several schedules can follow
from analyzing this graph but no specific schedule is ex-
plicitly specified.

2.1.3 The structure of computation

Regardless of whether computation distribution is speci-
fied explicitly or implicitly programming models expect
computation to have some type of structure. Models
often have associated compilers or libraries to facili-

2Vector processors can apply operations to multiple pieces of
data concurrently, and many processors employ instruction level
parallelism, however the stream of instructions is still fed-in one
at a time.



tate with structuring computation. For example, in the
map-reduce [12] model, users split computation into two
types of tasks: mappers and reducers. Some map-reduce
libraries, such as Hadoop [3], aid in structuring compu-
tation by including abstract mapper and reducer classes
that programmers subclass to specify the mapping and
reducing tasks.

2.1.4 The realization of distributed computa-
tion

Although programming models help to structure and
specify computation, they are without practical bene-
fit if they do not include some mechanism that ensures
that the modeled computation is realized as specified
when executed. This mechanism can come in the form
of a compiler, a runtime system, or both. Generated
code from a compiler sometimes builds on-top of other
programming models. For example, some code genera-
tors output code in the MPI model. When this is the
case multiple mechanisms need are employed to realize
computation.

2.2 Evaluative criteria

The four interpretive criteria we identify can be used
to gain an understanding of how parallel programming
models address computation distribution. Another type
of criteria can be used to judge these approaches. We
call this type of criteria evaluative criteria. In this sub-
section we list several evaluative criteria for parallel pro-
gramming models. Although these identified criteria are
used evaluate programming models as a whole, they are
all affected by how programming models address the fac-
tor of computation distribution. Each of the criteria we
identify can best be described using a question they aim
to answer. We list these questions and the criteria they
associate with:

e Portability — How easily can a program written for
one platform be retargeted to work with another?
There is a diversity of architectures parallel pro-
grams can execute on (clusters, multicore systems,
GPGPUs, etc.). If the structure or specification of
computation is closely modeled after a single archi-
tecture it is unlikely that the model is portable.

e Ezxpressability — How many different types of com-
putation can be expressed in the model? The spec-
ification of computation distribution and the struc-
ture of computation impact the expressability of a
model.

e Performance — How quickly do programs imple-
mented in the model execute? Ultimately paral-

lelization is motivated by the need for performance
so this is an especially important criterion.

Testability — How easy is to verify that pro-
grams written in the model are implemented cor-
rectly? Non-deterministic behavior negatively im-
pacts testability. Also, it is often easier to test a
serial implementation than a parallel implementa-
tion, and a common way of testing parallel appli-
cations is to compare results with a known work-
ing serial implementation. Some models improve
testability by maintaining serial semantics, mean-
ing they can be used to model a computation that
can be understood and work as either a serial or
parallel program.

Fault-tolerance — How well can programs in the
model address failure of components? For example,
is the application able to recover in case of network
or server failure?

Composability — How well can the model be used
within another model? Perhaps it is the case that
one model is best at describing the overall structure
of a computation while another is best at describing
a particular aspect of that overall structure.

Interoperability — How well can the modeled pro-
gram interact with computations written in a dif-
ferent model? Interoperability is closely related
to composability. Conceptually, the difference be-
tween composability and interoperability is that
two composed models are combined to synthesize a
new computation, whereas two interoperating mod-
els are represented as two discrete, albeit interact-
ing, computations.

Clarity — Is it easy to read and understand com-
putations specified by the model? The opposite of
clarity is obfuscation. Clarity is desirable because it
impacts the maintainability of an application. The
tangling of an algorithm with optimization and par-
allelization details negatively impacts clarity.

User-control — How much control do developers
have in addressing the realization of modeled com-
putations? Models that heavily hide implementa-
tion details from developers have low user-control.

User-responsibility — How much are developers
required to specify before a computation can be
realized? All other things being equal, models
that have computation distribution specified im-
plicitly or determined automatically have lower
user-responsibility than models that require an ex-
plicit specification of computation distribution.



def rowOrder (mn) {
for row in 1..n {
forall col in 1..n {
yield (row, col);
}

def colOrder(n) {
for col in 1..n {
forall row in 1..n {
yield (row, col);
}

}

// To change to column order simply change
// the iterator referenced by the for-loop:
for (row,col) in rowOrder (10) {

writeln("at index: ", row, " ", col);

}

Figure 1: Row and column parallel iterators in Chapel

3 Surveyed models

To gain an understanding of the various ways computa-
tion distribution can be addressed we use the interpre-
tive criteria outlined in Section 2 to analyze five existing
parallel programming models. We also evaluate the im-
pact these approaches have on portability. Our results
are summarized in Appendix A. The five models we sur-
vey are: 1) iterated loops in the Chapel programming
language, 2) Sequoia, 3) the map-reduce model in Gran-
ules, 4) a language called Id Nouveau, and 5) Tang and
Xue’s model for distributing tiled computations. In the
following subsections we examine each of these systems.

3.1 Chapel iterators

Chapel [10] is one of the DARPA High Productivity
Computing System (HPCS) languages [25]. The HPCS
languages include features that aim to improve program-
mer productivity in the domain of parallel application
development. One such feature is Chapel’s iterator [21].
Iterators address the temporal issue of computation-
distribution by making the traversal of elements orthog-
onal from the loop body that operates on those elements.

Iterators are referenced at the top of foror forallloops.
Internally, they are written in a fashion syntactically
similar to functions; as such they have the same ex-
pressibility as function. However, instead of returning
values like a function, they yield values to loop-bodies.
Conceptually control-flow of an iterated loop enters the
iterator and executes the loop-body at the specified yield
points. If a yield is within a parallel section of code (such
as nested inside of a forall loop), the parallel yields will

result in parallel instances of the loop-body being exe-
cuted. Yield’s may be embedded in Chapel’s on state-
ments to explicitly specify what processor a loop-body
should execute on.

Iterators improve program clarity by enabling a sep-
aration of the specification of how to iterate over val-
ues from the specification of what operations are per-
formed on each iteration. The visitation order of loop
indices can impact performance. For example, loop-
optimizations, such as tiling, reorder the iterations of
loops to improve cache locality. The best iteration or-
der for a computation is often influenced by the archi-
tecture it executes on. Thus simplifying the process of
modifying an algorithm’s schedule will also improve pro-
gram portability. In [21] Joyner et. al demonstrate how
the scheduling of a Smith-Watermann algorithm can be
switched from a non-tiled schedule to a tiled schedule
through the use of iterators.

In Figure 1 we show our own example of two iterators.
The rowOrder iterator will sequentially step through
each row of an n by n index space and operate on the
elements of each row in parallel. The colOrder iter-
ator will sequentially step through each column of the
n by n space and operate on the elements of each col-
umn in parallel. The loop in our example references the
rowOrder iterator, but it could easily be modified to use
the colOrder iterator.

The use of iterators can have an undesirable impact
on performance. Iterator’s may require an amount of
computation that wouldn’t be seen in a loop nest with
hard-coded boundaries; this is especially the case for
iterators written in a generic fashion. For example, con-
sider a generic, recursively defined, n-dimensional tiling
iterator. The recursive nature of such an iterator would
incur overhead from call-stack manipulation. The re-
cursive use of iterators, however, does demonstrate that
they are composable entities with other iterators.

Currently, it is also the responsibility of programmers
to decide on what iterator is best suited for a given
computation/architecture. One potential area for fur-
ther research is to study how iterators can be chosen
automatically. This could be done either at compile or
runtime. However, dynamically switching iterators at
runtime is complicated by the fact that iterators are not
expressible as first class entities in the Chapel language.
However, this limitation can be overcome by wrapping
iterators within objects, which are first class entities.

3.2 Sequoia

Sequoia [16] is a programming language designed for
the development of memory-hierarchy aware programs.
Memory-hierarchies are arrangements of memory pools
ordered in terms of response-time. For example, multi-



core processors typically have a fast access to L1 cache,
a slower access to L2 cache, and an even slower access to
main memory. Programs that frequently access values
outside of cache will spend significant portions of time
idling [13]. Additionally some architectures, such as the
Sony/Toshiba/IBM Cell Broadband Engine [30], have
memory pools that are local to individual processing el-
ements (synergistic processing elements in the Cell). In
architectures that have local memory pools it is com-
monly the responsibility of programs to transfer of data
to and from the local memory pools as needed. This is
the case in the Cell and compute clusters. Thus proper
use of the memory hierarchy is important for both pro-
gram performance and portability.

The memory hierarchy’s importance motivates several
constructs in the Sequoia language. These constructs
enable programmers to have control over the movement
and placement of data in the hierarchy. Sequoia’s block-
ing primitives are used to partition arrays into smaller
chunks. In Sequoia, when tasks are called and passed
partitioned data, they will be compiled to perform com-
munication within the memory hierarchy as needed. Re-
cursively called tasks are meant to compute on data in
a successive level of the memory hierarchy.

The unit of computation in the Sequoia language is
the task. Tasks are defined as having two variants: an
inner variant and a leaf variant. The inner variant de-
composes input data into chunks amenable to a succes-
sive level of the memory hierarchy. In the inner variant,
tasks decompose data for a successive memory-hierarchy
level and recursively call themselves to operate on that
data. The leaf variant is performed when computation
should no longer be decomposed.

The inner variant of a task is expressed using a C-
like language that has access to a tunable parameters.
Tunable parameters are used to determine how to parti-
tion data for a successive layer of the memory hierarchy.
The values of these parameters are architecture depen-
dent and specified inside of a Sequoia mapping specifica-
tion files. Sequoia’s mapping specification files contain a
number of instance structures. Each successive instance
structure is meant to correspond to each successive level
of the memory hierarchy. Given n instance structures a
Sequoia computation will recursively decompose its in-
put data n times, using the tunable parameters each in-
stance structure defines to specify how to perform this
decomposition.

Sequoia’s mapping specification files simplify the
porting of programs from one architecture to another. A
new architecture may include a different memory hierar-
chy, which can be abstracted by a new mapping specifi-
cation. When porting from one architecture to another a
Sequoia program will have to be recompiled using a new
mapping specification and a compiler targeted for the

new architecture, however, the algorithm code should
not require modification.

In [16] Fatahalian et al., evaluate the portability of
Sequoia by implementing, and comparing the scalabil-
ity of several numerical benchmarks on both a machine
with a Cell processor and on a 16 node cluster of In-
tel P4 Xeons. The scalability of most benchmarks was
comparable across the two architectures. However, the
SAXPY and SGEMV benchmarks performed poorly on
the Cell. Fatahalian et al. argue this is due to these
computations being bandwidth-bound.

One current limitation of the Sequoia system is that
its blocking primitives only operate on arrays of data,
and they can only produce rectangular blocks. Com-
putation in Sequoia also appears limited to working
with algorithms that expressed in a divide and conquer
manner on data. Some task parallel programs, such
as master-worker computations, may not easily be ex-
pressible in the Sequoia model. The fact that commu-
nication is not exposed to the programmer in Sequoia
has advantages and disadvantages. This non-exposure
improves code clarity but limits user-control and may
make certain optimizations, such as communication ag-
gregation, unexpressible. Nevertheless, Sequoia has a
clear strength in its ability to abstractly represent the
memory-hierarchy and its separation of architecture-
dependent details from task specification improves clar-
ity and portability.

3.3 Map-Reduce and Granules

Granules [28, 29] is a streaming-based runtime for cloud
computing. It enables the concurrent execution of tasks
on a distributed set of resources. The granules sys-
tem includes support for the map-reduce model. Map-
reduce [12] performs computation on a large dataset by
having concurrent mapping tasks operate on indepen-
dent chunks of the dataset. Mapping tasks emit results
that are then combined by one or more reducer tasks.

More generally, Granules models computations as a
series of tasks that operate on various datasets. Datasets
can come in different forms — files, databases, network
packets, etc. Granule’s tasks can be connected together
as a graph that streams data from one task to another.
These graphs have a directed structure and can contain
loops.

The nodes of graphs in Granules represent computa-
tional tasks. Computational tasks are the fundamen-
tal unit of computation in Granules. They operate on
one or more datasets and have an associated scheduling
strategy. The strategy is described in a 3-dimensional
parameter space. The axes of this space are: the counts
axis, the data-driven axis, and the periodicity axis. The
count axis specifies the number of times a task should



be executed, the data-driven axis specifies whether the
task should be executed when data is available from one
of its associated datasets, the periodicity axis specifies
if the task should be executed on a periodic basis (for
example, every 500 milliseconds). Complex scheduling
strategies can combine these three. For example: exe-
cute some task up to 20 times, every 500 milliseconds,
when data is available. Scheduling strategies can also
be specified to execute until some termination condition
is met.

Resource running the Granules runtime system have
a pool of worker threads that manage and interleave the
concurrent execution of tasks. The runtime is respon-
sible for dispatching and managing these tasks, as well
as establishing and managing streams so tasks can com-
municate through its NaradaBrokering substrate.

The Granules runtime is meant in facilitating cloud
computing applications. Cloud computing services cen-
ter around delivering resources, such as software, com-
putation, and storage services, in an elastic manner.
Availability of elastic resources scale up and down as
the application requires them to. The Granules runtime
is responsible for managing and allocating tasks along
such resources.

In [29] Granules is evaluated by comparing the per-
formance of various benchmarks (k-means, matrix-
multiplication, mRNA sequencing, etc.) against
Hadoop, Dryad, and MPI. There are several limita-
tions to the map-reduce model, including the fact that
mapping tasks are meant to be stateless and pleasantly
parallel. However, Granules is more expressible than
other map-reduce frameworks in that it can operate
on streaming data and does not require a synchroniza-
tion step between mapping and reducing phases. Most
cloud-computing applications are written to be state-
less; the statelessness of these applications enables the
re-launching of tasks in case of failures. The ability to
re-launch tasks in case of failure improves application
fault-tolerance.

3.4 Id-Nouveau

Id-Nouveau [31] is a language and compiler that gen-
erates parallel code from programs that have serial se-
mantics. It is a functional language, but uses an array
construct called an I-structure. I-structures work like ar-
rays in imperative languages but have elements that can
only be written to once. In the Id-Nouveau program-
ming model, programmers specify a domain decomposi-
tion for these arrays and this decomposition is used to
determine a computation distribution. The Id-Nouveau
compiler aims to distribute computation so that it has
a locality of reference. In other words, computation is
close to the data it operates on.

Parallelism in Id-Nouveau is not explicitly stated by
the programmer but implicitly determined from the
dependencies on data. This is simplified due to Id-
Nouveau’s single-assignment semantics. If a task ac-
cesses an element of an array that has not yet been as-
signed, it will block until a value of that element has
been assigned.

Domain decompositions in Id-Nouveau are defined in
terms of array mappings. These mappings consist of
three functions: map, local, and alloc. The map function
specify what processor owns the array index, the local
function specifies where in that processors memory the
element resides, and the alloc function is used to allocate
instances of arrays with the mapping of a given size.

In [31] Rogers and Pingali demonstrate the use of
Id-Nouveau by implementing a Gauss-Seidel computa-
tion in the language and comparing Id-Nouveau’s gen-
erated parallel version against a hand-written parallel
version. There compiler performs several optimizations,
such as communication aggregation, that enable the per-
formance of the generated version to be comparable to
that of the hand-written. One striking limitation of the
Id-Nouveau model is that computations must operate
on data that is structured as arrays. Like Sequoia, it is
unclear how well Id-Nouveau’s approach works for irreg-
ular applications. It is also unclear if data can be reused
in the Id-Nouveau system. The write-once semantics of
arrays makes the data dependences of the computation
evident but these semantics, outside of some mechanism
to ensure reuse of data, may be too wasteful to be prac-
tical.

3.5 Tang and Xue’s model for tiled code
generation

Tang and Xue [34] discuss compiler techniques for gen-
erating tiled, message-passing, SPMD code. Iteration
space tiling (sometimes known as blocking) is an opti-
mization technique that restructures loops by aggregat-
ing iteration points into a series of tiles [35]. Processors
execute iteration points within a tile atomically, that is
a processor executes all of the points within a single be-
fore moving on to execute the next. In Tang and Xue’s
model, tiles have an n-dimensional rectangular shape.
Tang and Xue discuss how to use their described com-
piler techniques to convert a modeled sequential pro-
gram into a modeled tiled sequential program, and how
to convert that modeled tiled sequential program into a
message passing SPMD program. The initial sequential
modeled program represents a program as single state-
ment that assigns a value to an array. The statement
is nested in a set of for loops whose boundaries are cal-
culated by affine expressions. The assigned value of the
array is calculated by an function. All array accesses



in the function must be indexed by affine expressions.
Specifically, the program is modeled as such:

for(il = Ll; 1< Ul; i1++)

for(i, = Lyp; in< Up; in++)
— 7 7 —

A(J(7)) = FIAAU(T = @), o A(S(T = 7))
Where:
e A is an array.
e i1 through i, are loop index variables.

e [, through L, and U; through U, are affine ex-
pressions of the loop index variables above them.

e F'is a (side-effect free) function.
e f is an affine expression of loop variables.
e i is a vector of the loop variables i1 through i,.

° d_i through d_; are constant dependence vectors. It
is assumed that for all & 1..r di, € Z™. It is also
assumed that r > n.

However, the authors do claim that the techniques
they describe can be broadened to work with multiple
array variables appearing in multiple statements in a
loop nest, and that these statements may be guarded
by conditionals. From this modeled sequential computa-
tion, Tang and Xue proceed to describe how to generate
tiled code when given a tile-size vector (an n-dimensional
vector of positive integers) that specifies the size of the
tiles.

The authors proceed to describe how a computation
distribution can be calculated according to a tile allo-
cation function. This function cyclically assigns tiles to
processors along m dimensions. It is assumed that pro-
cessors are modeled as an m-dimensional mesh where m
is less-than or equal to the dimensionality of the mod-
eled iteration space.

A novel aspect of Tang and Xue’s work is that data is
distributed according to a computer owns rule. In some
systems computation distribution follows from data-
writes according to an owners-compute rule. That is
computation is distributed so processors only modify
data that is local to them. Tang and Xue’s work is
done in an opposite fashion: a computation distribution
is first applied and a data-distribution follows to ensure
that data is allocated to the processor that modifies it.

There are quite a few limitations in this work. Most
notably: the restriction that dependences and loop-
boundaries be affine expressions, the restriction that
tiles be rectangular, the restriction that processors must
fit an m-dimensional mesh, and the restriction that

the only tile allocation function is one that cyclically
allocate tiles to processors. Portability is somewhat
addressed in that program can be regenerated using
smaller or larger tile sizes to suite the architecture they
are ported to. However, to best utilize architectures
that have complex memory hierarchies multi-level (or
hierarchical tiling [9]) may be necessary.

3.6 Other Models

Although we evaluate five programming models in this
paper, there exist several others. The current dominant
model of High Performance Computing is the Message
Passing Interface (MPI). MPI includes constructs to en-
able programmers to conduct point-to-point and collec-
tive communication on distributed architectures. Due to
the explicit nature of communication in the MPI model,
some have criticized it as being low level and complex
— referring to it as the assembly language of parallel
programming [15]. Nevertheless, MPI is one of the most
portable and successful parallel programming models to-
date [17].

Communication is simplified in parallel programming
for shared memory architectures. A popular shared-
memory programming model is OpenMP [11]. OpenMP
includes a set of compiler directives to mark sections of
code for parallel execution. OpenMP’s approach of us-
ing compiler directives enables it to build ontop of exist-
ing languages. There are implementations of OpenMP
that operate with C, C++, and Fortran compilers [2].
Although most implementations of OpenMP are lim-
ited to working on shared-memory architectures, some
researchers have looked into extending it to work on
clusters [32, 20].

Other languages, such as Co-Array Fortran [27] at-
tempt to simplify parallel programming by making com-
munication one-sided. In a one-sided communication
model a process can access off-processor data without
explicitly coding message exchanges on the sending and
receiving processes.

Other languages for parallel programming include the
DARPA HPCS languages [25]: X10 [14], Fortress [6],
and Chapel [10]; the Partitioned Global Address Space
(PGAS) Languages: Titanium [36] and Unified Paral-
lel C (UPC); and languages for general purpose GPUs:
CUDA [26] and OpenCL [1].

4 Discussion

The models we analyze address the issue of computa-
tion distribution in different ways. However, computa-
tion distribution is not an isolated parallel programming
issue — the other two factors we mentioned in the in-
troduction (data distribution and communication) influ-



ence how computation should be distributed. Likewise,
the distribution of computation can have an influence
on these factors. In this section we give a broader view
of how computation distribution fits into the develop-
ment of parallel programs and discuss what makes one
programming model more amenable to working with ex-
isting code base than another.

4.1 Task and data parallelism

In some programming models the distribution of compu-
tation is implicitly determined from an explicitly defined
data-decomposition. For example, Id Nouveau’s array
mappings not only explicitly distribute data and com-
putation, but are also used by the Id Nouveau compiler
to determine how to distribute computation according
to an owner-computes rule. On the other hand, in Xue
and Tang’s tiling model, the model is first distributed
into tiles, and then a distribution of data is determined
using a computer-owns rule.

Programming models can be classified according to
the emphasis they place on data versus computation
distribution. Models that expose parallelism by having
threads work on partitions of a data set are called data-
parallel [19]. On the other hand, programming models
that have parallelism specified via tasks are called task-
parallel. Models that explicitly expose data distribution
and implicitly determine computation distribution often
present a data parallel view to the programmer. Simi-
larly, models that explicitly expose computation distri-
bution and implicitly determine data distribution often
expose a task parallel view.

Sometimes, models have aspects that are task parallel
and others asspects that are data parallel. The map-
reduce model is a good example of a model that is both
task and data parallel. In map-reduce computation is
defined in terms of two types of tasks: a mapping task
and a reducer task. However, the mapping tasks them-
selves are data-parallel as they operate on a partitioning
of some input data-set.

Chapel’s iterators could also work in both a task-
parallel or data-parallel context depending on what’s
being iterated over. For example, if values in an ar-
ray are being iterated over and the loop-body operates
on the iterates values then the iterator is being used in
a data-parallel manner. If instead, the iterator is be-
ing used to iterate over nodes in a task-graph then the
iterator is being used in a task-parallel manner.

4.2 Impacts

Computation distribution, data distribution, and com-
munication do not work in isolation. Choices in each of
these factors have impacts on the others. Some com-

plicated choices include: how to coordination computa-
tion, when and how to replicate of data, when and how
to replicate computation, and when and how to reuse
data. To gain a better understanding of how these fac-
tors impact each other, we explicitly list a few of these
impacts.

Data distribution and communication impact each
other in the following manners:

e Communication is often necessary to initially dis-
tribute data from an original source to the location
where it is specified to be distributed to.

e Communication is required for a processor to re-
trieve a piece of data that is not in its local memory.

e Data may be replicated to avoid excess communica-
tion from processors that otherwise wouldn’t have
local copies of the data. This duplicates data to
avoid communication.

Computation distribution and communication impact
each other in the following manners:

e Communication is required to synchronize compu-
tation running on separate processing elements.

e If two processing elements require the result of
some computation, that computation might inde-
pendently be run on the two processing elements to
avoid having a communication of a result from one
processing element to the other. This duplicates
computation to avoid communication.

Data distribution and computation distribution im-
pact each other in the following manners:

e The re-use of memory requires that computation be
scheduled so it will not be dependent on an over-
written values; this is to say computation schedul-
ing must be cognizant of anti-dependences.

e As discussed in Section 4.1, some models can have
computation distribution implicitly follow from
data-distribution and others can have computation-
distribution follow from data-distribution.

4.3 Separation and program portability

Porting an application requires that its architecture de-
pendent portions be modified to operate with the new
architecture. If all architecture dependent portions are
encapsulated inside of a library, runtime, or compiler,
and there exists a copy of that library, runtime, or com-
piler for the targeted architecture, then programmer’s
will not have to rewrite code. If this is not the case then
code will have to be rewritten. For example, there exist



libraries for the map-reduce model that operate on both
multicore machines and clusters, as such, retargetting
a map-reduce from one to the other will not require a
rewrite.

Some approaches, such as Chapel’s Iterators and
Sequoia’s mapping specification files address program
portability by placing architecture dependent parts of
an application in an orthogonal specification from the
algorithm. Porting the application to a new architecture
will require changes, but only in this cleanly separated
part.

4.4 Applying models to existing appli-
cations

The ease of restructuring an existing code-base to func-
tion in a parallel programming model is dependent on
how closely the structure of that computation matches
the structure the model assumes. For example, many ex-
isting computations are written in terms of loop nests.
As such, restructuring an existing loop nest to work
with Chapel iterators would not be difficult. However,
Chapel, like Id-Neouveau and Sequoia, requires that
computation be written in the model’s own program-
ming languages. As such, porting an application writ-
ten in a different language will require a transliteration
at best and a rewrite at worst.

Some programming models, such as preprocessing
tools like OpenMP [11], or libraries such as Hadoop [3],
or STAPL [7] (an STL like library for parallel programs)
operate on-top of popular language like C or Fortran.
When this is the case not all algorithm code will have to
be rewritten if that code is in the model’s base language.
However, as previously stated, how much of a rewrite is
needed is proportional to how closely the structure of
the existing computation matches the model’s assumed
structure of computation.

5 Conclusions

In this paper we discuss four interpretive criteria that
can be used to describe and compare how programming
models address computation distribution. We also dis-
cuss several evaluative criteria that can be used to judge
and compare these models. The four interpretive criteria
we describe are: 1) the specification of computation dis-
tribution across processing elements, 2) the specification
of computation distribution across time, 3) the assumed
structure of computation, and 4) the realization of com-
putation distribution. We apply these criteria to gain
understanding of five programming models; our results
are summarized in Appendix A. However, computation
distribution does not work in isolation. Due to the fact
that communication and data distribution also impact

computation distribution, a deep understanding of how
a model addresses these two other factors is necessary for
a deep understanding of how computation distribution
fits into the larger picture. We do not explicitly evalu-
ate data-distribution and communication in this paper,
however, in Section 4 we do discuss how computation
distribution is impacted by these two other factors.

5.1 Where to go from here

Throughout Section 3 we survey the strengths and lim-
itations of several programming models. Future work
could, of course, focus on overcoming these limitations.
A greater insight into these limitations could be reached
by expanding this survey to look at the two other factors
of parallel programming: data distribution, and commu-
nication. New models could also be developed based off
of what is learned from an expanded survey.

Another type of survey that would be useful would
be to examine the common types of parallel compu-
tations that exist, as well as the common techniques
that are employed to structure and implement these
computations. Some groups [22, 4] are studying just
that, formalizing these techniques as design patterns.
In [24] Krieger, Stone, and Strout study how program-
ming models address implementation details that occur
when realizing some of these parallel programming pat-
terns. It would be useful to extend this work to evaluate
these models in terms of the criteria outlined in this pa-
per.
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A Summary of programming models survey

In this appendix we include a table for each of the five surveyed programming models. These tables describe the surveyed
models in terms of the interpretive criteria outlined in Section 2. We also evaluate the impact the model’s approach to
computation distribution has on portability.

Table 1: Interpretation of Chapel iterator model

Specification of
computation
distribution across
processing elements

Explicitly through on statements, can also be done in a more implicit manner by
following data-distributions (specified with Chapel’s distribution mechanism)

Specification of
computation
distribution across time

Explicitly stated in iterators, this specification is separated from the algorithm code
(the specification of what to do on each iteration).

Structure of
computation

A single program is written in the imperative Chapel programming language. Iter-
ators are used to specify the scheduling of loops. On each iteration, iterators return
some value (a piece of data or an index) that a loop-body operates on.

Realization of
distributed computation

Chapel compiler produces code to realize the specified loop.

Impact on program
portability

Different computation schedules may be more/less applicable to different platforms.
It’s possible to switch the scheduling simply by switching the iterator a loop uses.

Table 2: Interpretation of Sequoia

Specification of
computation
distribution across
processing elements

The mapping of computation to processing elements occurs implicitly in the Sequoia
model. The runtime system is responsible for realizing this mapping. Users specify
how to decompose data for each level of the memory hiearchy.

Specification of
computation
distribution across time

Scheduling in Sequoia is explicitly addressed by its mapping primitives and calls to
subtasks. The mapping details are separated from algorithm code.

Structure of
computation

Computation is specified by two variants: an inner variant that recursively splits
computation into smaller tasks, and a leaf variant that performs the actual compu-
tation.

Realization of
distributed computation

The runtime system follows mapping specifications and executes the inner variant
of code to partition computation, it is responsible for executing the leaf variant of
the partitioned computation on the appropriate processing element.

Impact on program
portability

Once written in the Sequoia model, the memory hierarchies of new systems can be
addressed by redefining the values in a mapping specification file.
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Table 3: Interpretation of Map-Reduce in Granules

Specification of
computation
distribution across
processing elements

The runtime system is responsible for this distribution, no such specification is
required. However, users do need to specify how to partition data-sets, and users can
explicitly define the arragment of mapping and reducing tasks (which the Granules
system will distribute across processing elements).

Specification of
computation
distribution across time

Users specify a scheduling strategy defined through parameters that state how many
times a task should be executed, whether the task should be scheduled as data is
available, and whether the computation should be scheduled on a periodic basis.
These parameters can be composed and qualified conditionally.

Structure of
computation

In the map-reduce model computation is split into a mapper, which operates on
data and outputs an intermediate result, and a reducer, which aggregates the in-
termediate results from the mappers.

Realization of
distributed computation

Granule’s runtime system is responsible for discovering computation resources and
distributing computation to these resources. The runtime system is also responsible
for governing the lifetime of an application and scheduling computation as outlined
in the specified scheduling strategy.

Impact on program
portability

Cloud computing is centered around the notion of scaling up and down as new
resources are needed or available. In this sense cloud computing applications dy-
namically retarget themselves as resources become available.

Table 4: Interpretation of Id Nouveau

Specification of
computation
distribution across
processing elements

Computation distribution is not specified in this model, however data is specified
with a domain decomposition. The distribution of computation follows from the
decomposition of data and the data-dependencies inherent in the computation.

Specification of
computation
distribution across time

Programs are written in a serial manner with a serial schedule (often specified
with for loops). The compiler is responsible for the scheduling of computation of a
parallel version, however whatever schedule is applied it is guaranteed to satisfy all
data-dependencies.

Structure of
computation

Programs are written as a serial program with data having an applied domain-
decomposition, computation distributions follows from the domain-decomposition.
Arrays have write-once semantics.

Realization of
distributed computation

The Id-Nouveau compiler analyzes the serial program to produce a parallel variant
of the program for each distributed machine. The analysis involves “compile-time
resolution” and several optimizations.

Impact on program
portability

Compilers for different machines could be tuned for other machines. The machine
model is fairly general.
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Table 5: Interpretation of Tang and Xue’s model for tiled code generation

Specification of
computation
distribution across
processing elements

The initial model does not have such specifications.

Specification of
computation
distribution across time

The initial model has computation scheduled by a series of nested loops. A tiled
model of the computation can be calculated that maps iteration points uniquely
into tiles and models the dependencies that exist between tiles.

Structure of
computation

Computation is specified as an array assignment nested inside a series of loops. The
loop-boundries must be affine expressions of proceeding loop indices. The assigned
value is computed from a function that only references other array values through
affine expressions.

Realization of
distributed computation

The system generates message-passing SPMD code that tiles the modeled iteration
space. The techniques Tang and Xue discuss can generate code that distributes
these tiles across processors in a cyclic manner across m-dimensions. It is assumed
that the processors are arranged as an m-dimensional mesh.

Impact on program
portability

Different architectures may operate best with different tile sizes. Recompiling a
program to have different sized tiles is a matter of changing a tile-size vector within
the model and recompiling under the new specification.
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