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ABSTRACT
The emergence of grid and a new class of data-driven applications
is making a new form of parallelism desirable, which we refer to
as coarse-grained pipelined parallelism. This paper reports on a
compilation system developed to exploit this form of parallelism.
We use a dialect of Java that exposes both pipelined and data paral-
lelism to the compiler. Our compiler is responsible for selecting a
set of candidate filter boundaries, determining the volume of com-
munication required if a particular boundary is chosen, perform-
ing the decomposition, and generating code. We have developed
a one-pass algorithm for determining the required communication
between consecutive filters. We have developed a cost model for
estimating the execution time for a given decomposition, and a dy-
namic programming algorithm for performing the decomposition.
Detailed evaluation of our current compiler using four data-driven
applications demonstrate the feasibility of our approach.

1. INTRODUCTION
This paper focuses on language and compiler support for a rela-

tive new form of parallelism, which we refer to as coarse-grained
pipelined parallelism. Here, the processing associated with an ap-
plication is carried out in several stages. These stages are executed
on a pipeline of computing units, each of which handles the inter-
mediate results obtained from the previous stage. Typically, the first
stage in this pipeline is the unit where the input data is available,
and the last stage is where the final results are viewed.

Two recent trends are making this form of parallelism feasible
and desirable. The first trend is the emergence of grid computing.
A grid environment facilitates better sharing of data and compute
resources. Particularly, the availability of data repositories and ac-
cess to data collection instruments and sensors is creating a new
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scenario for execution of many applications.
The second trend is the emergence of a new class of data-driven

or data-intensive applications. This class includes scientific data
analysis, data mining, data visualization, and image analysis. These
applications have so far not received much attention in the system
software community. These applications are typically both com-
pute and data intensive, and require fast or even interactive response
time. Therefore, these applications are a suitable target for paral-
lelization.

A coarse-grained pipelined execution model is a good match for
execution of such data-driven applications in scenarios where the
data is available on a repository or a data collection site on the
internet, and the final results are required on a user’s desktop. It is
usually not possible to perform all analysis at the site hosting such
a shared data repository or a data collection instrument. Similarly,
networking and storage limitations make it impossible to download
all data at a single site before processing. Thus, the application
needs to be broken into a process or stage that executes on the site
hosting or collecting the data, one or more stages that executes on
clusters or SMP machines, and a final stage that executes on the
user’s local machine.

A number of challenges arise in developing data-driven appli-
cations executing in such an environment. The computation as-
sociated with an application needs to be decomposed into stages,
paying attention to both the amount of computation in each of the
stages and the volume of communication between them. Moreover,
the decomposition decisions are dependent on the environment in
which the application will be executed. Another problem is that the
code for each of the processing stages needs to be written to iterate
over a packet or buffer of data that is received from the previous
stage. Finally, we need to exploit shared or distributed memory
parallelism which may be available at one or more of the stages.

Thus, we believe that high-level language and compiler support
for exploiting coarse-grained pipelined execution of data-driven ap-
plications is clearly needed. We are not aware of any previous work
in this direction. Recently, some work has been done on runtime
support and scheduling for pipelined parallelism [9, 39, 44], but not
at the language/compiler level.

This paper describes and evaluates a compilation system we have
been developing for exploiting coarse-grained pipelined parallelism
for data-driven applications. Our language dialect exposes both the
pipelined and data parallelism. Our work is based upon the obser-
vation that data-driven applications from many domains, including
scientific data analysis, data mining, visualization, and image anal-
ysis, frequently involve generalized reductions. Thus, much of the



processing associated with different data elements is independent.
Such applications are, therefore, not only suitable for execution in
a pipelined fashion, but it is also feasible to exploit such parallelism
through a compiler.

For code execution, we use a user-level middleware called Dat-
aCutter [11, 9]. DataCutter has been developed at the University
of Maryland and the Ohio State University. DataCutter exports an
interface for specifying processing as a set of coordinating filters.
A filter can interact with other filters only through a set of input
streams and a set of output streams. Datacutter’s support for cre-
ating transparent copies allows exploitation of shared memory and
distributed memory parallelism.

We have carried out a detailed evaluation of our current compiler
using four data-driven applications. Two of these applications im-
plement algorithms for isosurface rendering, which is one of the
common visualization tasks. The two algorithms are based on z-
buffer and active pixels, respectively. Another applications is a key
data mining kernel, k-nearest neighbor search, and the last applica-
tion is virtual microscope, which processes digitized images.

The summary of the results obtained from our experiments is
as follows. We compared compiler decomposed versions against
versions that use pipelined parallelism in a default fashion, i.e.,
copy all data from source nodes to compute nodes, and perform
all processing there. The compiler decomposed version was faster
by between 10% and 30% for isosurface cases, by nearly 150%
for k-nearest neighbors, and by nearly 40% for virtual microscope.
The speedups obtained from increasing the width of the pipeline
were near-linear, with the exception of a small query on virtual mi-
croscope. For k-nearest neighbors and virtual microscope, we also
compared the compiler generated versions with manual implemen-
tation. For k-nearest neighbors, there was no significant difference
in performance. For virtual microscope, the compiler generated
version was slower by between 10% and 50%.

The rest of the paper is organized as follows. Background infor-
mation on our target class of applications and the runtime system
DataCutter is given in Section 2. Section 3 then sketches our lan-
guage dialect. In Section 4, we focus on the key compiler analysis
phases. A number of issues related to code generation are briefly
discussed in Section 5. Section 6 details the experimental results
we have obtained. We compare our work with related research is-
sues in Section 7, and conclude in Section 8.

2. BACKGROUND
In this section, we discuss the characteristics of our target class

of applications. We then describe an existing runtime system for
which our compiler generates code.

2.1 Target Data-Driven Applications
Our focus is on a variety of data-driven applications, arising in

domains like scientific data analysis, data mining, visualization,
and image analysis, and spanning both scientific and commercial
interests.

Processing and analyzing large volumes of data plays an increas-
ingly important role in many domains of scientific research. In
many applications, because of computational and storage require-
ments, and to ensure fault tolerance and high availability, datasets
are stored on storage systems distributed across a wide area net-
work, creating a science data grid [35, 34]. The types of datasets
that a data grid can store includes, among others, simulations of
time-dependent phenomena that periodically generate snapshots of
their state [14, 30, 40, 36, 31], archives of raw and processed re-
mote sensing data [33, 27, 32], and archives of medical images [3,
15]. A variety of analysis and processing can be performed on these

scientific datasets and images.
Business decisions today are increasingly driven by analysis of

data. Various data mining and On Line Analytical Processing (OLAP)
techniques are used in decision support systems. Grid technologies
are driving the creation of virtual organizations, which comprise
collections of institutions or entities sharing and analyzing infor-
mation [17]. These virtual organizations can be expected to use a
variety of business decision support functionalities that have been
commonly used in centralized organizations. Thus, we expect that
data mining and OLAP will be common operations performed in a
grid environment.

Two obvious ways of executing an application that processes
datasets available in grid-based data repositories are, downloading
all data at the user’s local machine, or performing all computa-
tions at sites hosting data repositories. However, neither of these
two options is feasible in most situations. Sufficient storage space
and/or network bandwidth is not likely to be available to download
all data. At the same time, a node hosting a data repository is not
likely to offer sufficient computing power to execute the entire ap-
plication.

Therefore, a natural option for executing these applications is to
use a pipeline of computing resources, where the site hosting the
data repository is the first stage and the user’s local machine where
the results are required is the final stage. Typically, one or more
clusters and/or SMP machines serve as the intermediate stage(s).

Mapping of our target class of applications to the pipelined model
is facilitated by an important observation. Our study of a variety
of scientific and commercial data intensive applications shows that
generalized reduction operations are very common in the process-
ing structure. This observation applies across a large number of sci-
entific data intensive applications [14, 30, 36, 31, 33, 27, 32], data
mining algorithms [25] including association mining, clustering,
and decision tree construction, OLAP applications involving alge-
braic and distributed aggregations [19], and key visualization algo-
rithms such as the ones for isosurface rendering [29]. Processing
for generalized reductions consist of three main steps: (1) Retriev-
ing data items of interest, (2) Applying application-specific trans-
formation operations on the retrieved input items, and, (3) Mapping
the input items to output items and aggregating, in some application
specific way, all the input items that map to the same output data
item. Most importantly, aggregation operations involve commuta-
tive and associative operations, i.e., the correctness of the output
data values does not depend on the order input data items are ag-
gregated. For simplicity, we can refer to the first two steps as local
processing, and the third step as global combination.

The common structure described above has an important impli-
cation. Different steps involved in local processing can be per-
formed independently on different sections of data. This enables
exploitation of pipelined parallelism, as well as shared memory or
distributed memory parallelism available at an intermediate stage
of the pipeline.

2.2 DataCutter Runtime System
Our compiler targets a user-level middleware called DataCut-

ter [11, 9]. Datacutter has been developed at the University of
Maryland and the Ohio State University. DataCutter supports pro-
cessing over distributed, heterogeneous environments by allowing
decomposition of application-specific data processing operations
into a set of interacting filters. By generating code for the filter-
stream interface that DataCutter supports, our compiler avoids deal-
ing with many low-level tasks, like process initiation and interpro-
cess communication. Moreover, DataCutter’s support for transpar-
ent copies of filters allows flexible shared memory or distributed



memory parallelization.
In the filter-stream programming model, an application is repre-

sented as a set of interacting components, referred to as filters. Data
exchange between any two filters is described via streams. The in-
terface for filters consists of an initialization function (init), a pro-
cessing function (process), and a finalization function (finalize). A
stream is an abstraction used for all filter communication, and spec-
ifies how filters are logically connected. All transfers to and from
streams are through a provided buffer abstraction. A buffer repre-
sents a contiguous memory region containing useful data. Streams
transfer data in fixed size buffers. Filter operations progress as a
sequence of cycles, with each cycle handling a single application-
defined unit-of-work. A work cycle starts when the filtering service
calls the filter init function, which is where any required resources
such as memory or disk scratch space are pre-allocated. Next the
process function is called to continually read data arriving on the in-
put streams in buffers from the sending filters. The finalize function
is called after all processing is finished for the current unit-of-work,
to allow release of allocated resources such as scratch space.

DataCutter also provides support for transparent copies. Trans-
parent copies allow a finer level of parallelism via multiple copies
of a single filter. The filter runtime system maintains the illusion of
a single logical point-to-point stream for communication between a
logical producer filter and a logical consumer filter. When the log-
ical producer or logical consumer is transparently copied, the sys-
tem decides for each producer which copy to send a stream buffer
to. Schemes like round-robin allocation are used to achieve load
balancing.

3. LANGUAGE DIALECT
We use a Java-like language, with a set of constructs to expose

both the pipelined and data parallelism to the compiler. This sec-
tion describes the set of constructs we use. To explain this set of
constructs, we use isosurface construction with z-buffers as an ex-
ample. The outline of the code using this example is shown in
Figure 1.

Isosurface rendering is a key visualization problem [29]. The in-
put to an isosurface construction algorithm is a three-dimensional
grid, a scalar isosurface value, and a two-dimensional viewing screen
with an angle associated with it. A scalar value is associated with
every point in the grid. Typically, it denotes certain physical prop-
erty such as density or pressure. The goal is to view a surface, as
seen from the given viewing angle, which captures the points in
the grid where the scalar value matches the given isosurface value.
Such a surface is referred to as the isosurface.

The following steps are used. The grid is processed as a set of
cubes, where a scalar value is associated with each corner point. If
the isosurface value is greater or lower than the values at each of
the eight end points of the cube, it is assumed that the isosurface
does not pass through this cube. Otherwise, a set of triangles is
generated to approximate the surface passing through the cube.

Next, each such triangle is transformed from the original grid
coordinates to the viewing coordinates. Then, it is projected to a
two-dimensional image plane (the screen) and clipped to the screen
boundaries. Subsequently, the triangles (polygons after the above
processing) are accumulated onto a z-buffer. A z-buffer stores a
color and distance associated with each pixel or point in the 2-
dimensional viewing screen. As polygons are accumulated onto
a z-buffer, the color associated with the least distance is chosen.

Overall, this algorithm is well suited for execution in a pipelined
fashion. The processing associated with different cubes and trian-
gles is independent. Moreover, after triangles are extracted from
a set of cubes, these triangles can be processed independent of the

other cubes. Similarly, after triangles are processed to extract poly-
gons, these polygons can be accumulated independent of other tri-
angles or polygons. The accumulation function is associative and
commutative, i.e., the final result obtained does not depend upon
the order in which triangles or polygons are processed.

The language constructs we use expose the above facts to the
compiler. Our constructs include both data parallel constructs, and
a special construct to denote the feasibility of performing pipelined
processing. Initially, we review the data parallel constructs.

We borrow two concepts from object-oriented parallel systems
like Titanium [45] and HPC++ [12].

� A Rectdomain is a collection of objects of the same type.
Moreover, each object belonging to such a collection has a
coordinate associated with it, which belongs to a pre-specified
rectilinear section.

� The foreach loop iterates over objects in a rectdomain, and
has the property that the order of iterations does not influ-
ence the result of the computations. We further extend the
semantics of foreach to include the possibility of updates to
reduction variables, as we explain later.

In our isosurface example, one-dimensional Rectdomains are used
to denote collections of cubes, triangles, or polygons. The foreach
loop is used to imply that the order of processing each cube, trian-
gle, or polygon, does not impact the correctness of the result.

To denote that accumulation onto a z-buffer involves associative
and commutative operations, we introduce a Java interface called
Reducinterface. Any object of any class implementing this inter-
face acts as a reduction variable [22]. The semantics of a reduction
variable are analogous to those used in version 2.0 of High Perfor-
mance Fortran (HPF-2) [22] and in HPC++ [12]. A reduction vari-
able has the property that it can only be updated inside a foreach
loop by a series of operations that are associative and commutative.
Furthermore, the intermediate value of the reduction variable may
not be used within the loop, except for self-updates.

The goal of the above three extensions is to give the compiler in-
formation about independent collections of objects (with no alias-
ing between the elements), parallel loops and reduction operations.
Though it is possible that advanced compilation techniques may be
able to infer some or all of this information automatically, for the
purpose of focusing our research effort on issues related to filter
decomposition and pipelined execution, we have chosen an experi-
mental framework that explicitly provides this information.

The construct
�������	�
���
��� �
�����

is used to capture the process-
ing associated with each packet. The processing associated with
each packet is assumed to be independent, except for updates to any
object that belongs to a class that implements the ReducInterface.
The size of each packet can be chosen at runtime. This is expressed
through the prefix ���

��������� ���������
�
to the variable

�
�
� ���� "!#�"�%$

.
In the code shown in Figure 1, the set of input cubes is divided

into ���
��������� ���������
� �

�
� ���� "!#�"�

packets. Each such packet is
processed independently, and a z-buffer is allocated and updated
for each packet. Subsequently, the z-buffers computed from each
of the packets are merged together. The z-buffer onto which all
intermediate z-buffers are merged is defined to implement the Re-
ducInterface, denoting that this merge is associative and commuta-
tive.

Though the above constructs make pipelined and data parallelism
known to the compiler, the compiler input code is much simpler in
several ways than the filter-stream code that DataCutter requires.
First, the boundaries between the filters are not specified in the in-
put code. These can be chosen by the compiler with the knowledge



Interface Reducinterface �
// Any object of any class implementing
// this interface is a reduction variable�

class CUBE �
VERTEX[] cube = new VERTEX[8];
� * member functions ... *

�
�
class TRIANGLE �

TRI POINT[] tri;
� * member functions ... *

�
�
class TRI LIST �

TRIANGLE[1d] data;
int tri cnt;
� * member functions ... *

�
�
class ZBUFFER�

Points[2d] data;
int winx, winy;
� * member functions ... *

�
�
class ZBUFFER Reduce Extends ZBUFFER

Implements ReducInterface �
void Merge two zbuffers(ZBUFFER recvzbuf) �

int i, j;
for (i=0; i � recvzbuf.winy; i++) �

for (j=0; j � recvzbuf.winx; j++) �
if (data[i].row[j].z � recvzbuf.data[i].row[j].z)

data[i].row[j] = recvzbuf.data[i].row[j];�
�

�
�

public class isosurface �
public static void main(String arg[]) �

float iso value;
RectDomain � 1 � CubeRange = [min n:max n];
InputCube InputData = new InputCube(CubeRange);
TRI LIST tri list = new TRI LIST();
Point � 1 � p;
int runtime define num packets;
int n = (max n - min n)/runtime define num packets + 1;
RectDomain � 1 � PacketRange = [1:runtime define num packets];
RectDomain � 1 � EachPacket = [1:n];

ZBUFFER Reduce zbuffer = new ZBUFFER(screen.winx,screen.winy);
ZBUFFER[1d] zbuffer1 = new ZBUFFER[PacketRange];

Pipelined loop(b in PacketRange) �
zbuffer1[b] = new ZBUFFER(screen.winx,screen.winy);
foreach (p in EachPacket) �

� * extract triangles *
�

InputData.getCube(p).ISO SurfaceTriangles(iso value, tri list);�

RectDomain ����� TriRange = [1:tri list.size()];
foreach (p in TriRange) �
� * process each triangle *

�
� * and compute an edge list *

�
�
� * Update a Z-Buffer *

�
edgetable.PZBUF Process table(zbuffer1[b], screen);

� * Merge into a single z-buffer *
�

zbuffer.Merge two zbuffers(zbuffer1[b]);�
�

�

Figure 1: Outline of Z-buffer Based Iso-surface Extraction Code

of the target execution environment. Second, the input code as-
sumes a global address space. In comparison, the code for each
filter that our compiler generates involves iterating over a buffer
(a linear set of bytes) that is received from another filter. Third,
the programmer does not need to worry about what values will be
communicated if a particular boundary is used, instead, this is de-
termined by the compiler.

4. COMPILER ANALYSIS
This section focuses on various phases of analysis performed by

our compiler. We give an overview of the compilation problem,
describe our algorithm for communication analysis, state our cost
model, and then describe an algorithm for filter decomposition.

4.1 Overview of the Compilation Problem
We focus on a single loop that iterates over a set of packets.

Within this loop, there may be several foreach loops, including one
or more loops that update a reduction object. We have a pipeline of
available computing resources. The first element in this pipeline is
always the data repository or data source, i.e., the computing unit
where data is available. The last element in this pipeline is where
the final results are desired. We denote the computing units in the
pipeline by �	��
��
����
���� . The connection between units ��� and
� ����� is denoted by � � .

Given such a loop over a set of packets and a computing envi-
ronment described above, we want to compute a mapping between
the computation in the loop to the computing units in our pipeline.
Stated in terms of our target runtime system DataCutter, we want
to decompose the computation into a set of

�
filters, and place one

filter on each unit in the pipeline.
Several problems need to be addressed here. First, we need to

select a set of candidate points within the loop, each of which can
serve as a filter boundary. Second, we have to choose

�����
fil-

ter boundaries among the candidate filter boundaries. The com-
piler may have to extract information from the program to make
the above decision. Finally, given the

�����
filter boundaries, we

need to generate code for each of the
�

filters.
We currently consider three types of candidate filter boundaries:

1) Start and end of a foreach loop, 2) A conditional statement, either
inside or outside a foreach loop, and 3) Start and end of a function
call within a foreach loop. We also assume that any loop that is
not a foreach loop must be completely inside a single filter. In our
target class of applications, such loops typically did not enclose a
significant amount of computation, and therefore, this restriction
did not limit us in anyway.

We represent the set of candidate filters boundaries and the code
between those by a candidate filter boundary graph. The nodes in
this graph are the candidate filter boundaries, with the exception of
a start node that pre-dominates all other nodes, and an end node
that post-dominates all other nodes. An edge in this graph con-



nects two candidate filter boundaries that are adjacent, i.e., control
in the original code can flow from the first boundary to the second
boundary, without reaching any other candidate filter boundary. If
there are candidate filter boundaries within a foreach loop, we per-
form loop fission and create separate foreach loops. This ensures
that there are no candidate boundaries inside a foreach loop. With
such loop fission, and because we require any other kind of loop to
be completely enclosed inside a filter, the candidate filter boundary
graph is always acyclic. A flow path in this graph is defined to be
any path from the start node to the end node.

Given any flow path in our graph, we want to select
� � �

filter
boundaries. Our objective in selecting these

� ���
filter bound-

aries is to minimize the total execution time for the pipeline. For
this purpose, the compiler needs to extract the set of values that
will be communicated if a particular candidate filter boundary is
selected. The same information is also required for code genera-
tion. Analysis for this is presented in the next subsection.

Note that in our current work, we only perform static decomposi-
tion of the problem, i.e., the mappings of the tasks to the computing
units is not changed during the execution. While this is reasonable
for our current set of target applications, it could limit performance
in some cases. Considering dynamic decomposition of the problem
will be a topic for our future work.

4.2 Required Communication Analysis
We now present a one-pass algorithm for determining the re-

quired communication across all candidate filter boundaries.
Consider two consecutive candidate filter boundaries,

� � and
� � ,

and let
�

be the code between these. We use the following terms.� ����� ���
denotes the set of values that have been defined in the code

section
�

and are still live at the end of
�
. � ��� $�� ��� is the set of

values that are used in
�
, and are not defined in

�
. 	 ��
 � ��� ����� � �

and 	 ��
 � ��������� � � denote the communication required at poten-
tial filter boundaries

� � and
� � , respectively. In our model, all com-

munication occurs only between two consecutive filters. Then, we
have

	 ��
 � ��� ����� � ��
 	 ��
 � ��� ����� � � � � ����� ����� � ��� $�� ���

At the end of the last filter in the candidate filter boundary graph,
	 ��
 � �����

is initialized to be the null set. Thus, using the above
equation, and computed values of

� �	��� ���
and � ��� $�� ��� for code

segment between each pair of consecutive filter boundaries, we can
determine 	 ��
 � �����

for each candidate filter boundary using just
a single pass over the candidate filter boundary graph.

After computing these terms, we select only a subset of the filter
boundaries. An important observation is that the term
	 ��
 � ��������� � � computed as stated above still holds correct even
if a filter boundary is not inserted at

� � . To explain this, we con-
sider a series of three consecutive candidate filters in our graph,� � , � � , and

���
, with code segments between them denoted as

� �
and

� � . 	 ��
 � ��� ����� � � is computed using 	 ��
 � ��������� � �
and

the code segment
� � . Subsequently, 	 ��
 � ��� ����� � � is computed

using 	 ��
 � ��� ����� � � and the code segment
� � .

Now, suppose, after our analysis, we insert filter boundaries only
at

� � and
� �

, i.e., the code segments
� � and

� � are put in the same
filter. The computed value of 	 ��
 � ��������� � � is still correct. This
is because any value required for correct execution for the code in
the segment

� � is either generated inside the code segment
� � , or

in code segment before
� � . In the former case, it does not need to

be communicated any more, and in the latter case, it is captured in
	 ��
 � ��������� � � as computed originally.

Computing 	 ��
 � �����
sets requires the terms

� ���
and � ��� $

for each code segment that falls between two consecutive filter

boundaries. We use a simple one pass algorithm that assumes
structured control flow. Thus, the entire analysis for determining
	 ��
 � ��� �

at each filter boundary can be performed using only
a single pass over the program. Though our current implementa-
tion is in an off-line compiler, the analysis of the type described
here is likely to be implemented in Just-In-Time (JIT) compilers.
Therefore, the efficiency of analysis is important.

Analyze(Code Segment � ) �
Initialize ��������� � and !�"#�%$��&� � to �('*)+)
for all statements $ in � in the reverse order �

if $ is an assignment statement �
���,�-�&� �/.0��������� �214365879�:$,�
!�"#�;$���� �<.=�&!�"#�;$���� �?>@365879�:$,�A�214BC5?7D�&$#��

else if $ is a conditional block �
Analyze( $ )
!�"#�;$���� �<.0!�",�%$���� �214!�"#�%$��:$,��

else if $ is a loop �
Analyze( $ )
Insert Loop Range( ���,�-�:$,� )
Insert Loop Range( !�"#�;$��&$#� )
���,�-�&� �/.0��������� �21E�������&$#�
!�"#�;$���� �<.F�&!�"#�;$���� �?>G���,�-�:$,�A�H1I!�"#�;$��&$#��

��

Figure 2: Computing Generated and Consumed Sets Using a
Single Pass

The analysis performed on a code segment that falls between two
consecutive filter boundaries is shown in Figure 2. We view the
code segment

�
as a sequence of statements. A statement can be

either an assignment statement, a conditional statement, or a loop.
Our algorithm traverses this sequence of statements in the reverse
order. Initially, both

� ����� ���
and � ��� $�� ��� are initialized to be null

sets.
For an assignment statement

$
, ��JLK ��$ �

denotes variables mod-
ified by

$
and 	MJLK ��$ �

denotes all variables used by
$
. A variable

that is given a value in this statement is added to the
� ����� ���

set
and removed from the � ��� $�� ��� set. Any variable that is used in
this statement is added to the � ��� $�� ��� set. We assume that (poten-
tially conservative) alias information is available. In updating the� ����� ���

set, we use the must alias information, i.e., a variable can
only be added to this set if it is definitely defined. In updating the
� ��� $�� ��� set, we use the may alias information, i.e., any variable
that could potentially be used is added to this set.

A conditional statement
$

inside the segment
�

is handled as fol-
lows. First, we independently analyze the set of statements inside
the conditional block. The set of variables � ��� $���$ � is added to the
set � ��� $N� ��� . However, the set

� ������$ �
cannot be added to the set� ����� ���

, since the statements in the block
$

are enclosed in a con-
ditional. Note that a variable that is both defined and used in the
block

$
does not get added to the � ��� $�� ��� set.

For handling loops, we assume that a loop cannot be executed for
zero iterations. We compute

� ������$ �
and � ��� $���$ � set for the loop

body. If the variables in these sets are accessed using a function of
the loop index, we replace these variables by rectilinear sections,
derived from loop bounds. Then, the set

� ������$ �
is added to the set� ����� ���

and removed from the set � ��� $�� ��� . The set � ��� $���$ � is
added to the set � ��� $N� ��� .

There are two important aspects of our analysis that are not shown
in Figure 2. First, our analysis is applied interprocedurally. The



main issue in doing this is changing variable names from actual
parameters to formal parameters and vice-versa. Note that we per-
form context-sensitive analysis, i.e., a procedure included in multi-
ple code segments is analyzed independently each time.

Second, in storing and manipulating
� ���

and � ��� $ sets, we use
rectilinear sections, whose bounds may only be available symbol-
ically. We also keep track of fields of classes and handle nested
classes.

4.3 Cost Model
Once the required communication across any potential filter bound-

ary is known, we want to decompose the loop over a set of packets
into a set of filters. The goal in performing this decomposition is
minimizing the predicted execution time. We now present the cost
model we use for this purpose.

Recall that we have a pipeline of
�

computing units, denoted
by �	��
���� �

 ��� and the connection between units ��� and ����� � is
denoted by � � . Consider any path from beginning to end in the
candidate filter boundary graph. Suppose, we have

�
candidate

filter boundaries, denoted by
� � 
������

 ��� . We assume that

���
� � �

, otherwise the problem becomes trivial.
The goal of the filter granularity analysis is to produce a mapping

� ����� 
 �	� �
� � � � 
 ��� � � �
, which denotes that

the candidate filter boundary
�
�

is inserted between the computing
units � � and � ��� � .

Given such a filter decomposition, we want to estimate the to-
tal execution time of the entire loop over the set of packets. This
depends upon the computation performed over the

�
computing

units, as well as the communication performed over
��� �

links.
We assume that each packet is of the same size, each computing
unit offers the same performance throughout the computation, and
each link offers the same bandwidth. In this case, either the same
computing unit or the same link will be the bottleneck for each
packet, i.e, each packet will spend the most time there.

Thus, the total execution time comprises two components, the
time taken by one packet to reach from the start of the pipeline to
the end, and the time taken by all but one packet at the bottleneck.
Let the loop iterate over � packets, the time spent by one packet
at the computing unit � � be denoted by � � � � � and the time spent
by one packet in the link � � be denoted by � � � � � . Then, if the
computing unit ��� is the bottleneck, the total execution time is

� � � � ��� � � � � � � ��
��� � � � ��� � � ��� ��

��� � � � � � �

Alternatively, if a link � � is the bottleneck, the total execution
time is given by

� � ��� ��� � � � � � � ��
����� � � ��� � � ��� ��

��� � � � � � �

For estimating the computation and communication times, we
currently use simple models. Computation time is determined us-
ing the number of floating point and integer operations in the code
and the processing power available at each computing unit. The
communication time is determined using the volume of the data
communicated and the bandwidth available.

4.4 Filter Decomposition
To solve the filter decomposition problem optimally, a brute-

force approach is to consider all combination of
� � �

filter bound-
ary placements over

�
candidates, and choose the one with the low-

est estimated execution time. In this approach, there are a total of
�
� � ��� ���� � placements that will need to be evaluated. This term is

exponential in the value of
�

. However, as we will show in this
section, dynamic programming can be used to solve the problem
efficiently and accurately.

We formulate the problem as follows. We have
�

computing
units in a pipeline �	��
���� �

 ��� , which are connected by

� � �
communication links � �

���� �

�� ��� � . We also have

�
candidate

filter boundaries, which divide the entire program into
� � �

atomic
filters

� �

������

 � � ��� . Now, we want to make the decision about how
to put these

� � �
atomic filters over the

�
computing units, such

that the total execution time for the pipeline is minimal. To get the
final results on the last computing unit � � , we can either put the
last atomic filter

� � ��� on it, or we can finish all the computations
in the first

� ���
computing units and then communicate the final

results to ��� . Similarly, after determining the placement of the
filter

� � � � , say on ��� , we can either put filter
� �

on ��� , or we can
finish all the work from

� � to
� �

before the computation reaches
��� , then forward the results of

� �
to ��� .

Let ��� � 
 ��� denote the minimum cost of doing computations up to� � on computing units �	��
����
� 
 � � , while the results of
� � are on � � .

That is to say, we insert the candidate filter boundary
� � between

computing unit � � and � � ��� . Thus, the lowest cost of completing
all

� � �
filters on

�
computing units would be ��� � � � 
 � � .

We can define ��� � 
 ��� recursively as follows. The atomic filter� � can either be placed on � � while all computations up to
� ��� �

are completed before it, or it can be finished on previous � � �
computing units and the results be forwarded to � � . So, we have

��� � 
 ��� 
 �����! ��� � � � 
 ��� � � � $"�  ��� �9����� � ��� 
"� � $	! ��� � � ���� � 
 � � � � � � � $"�  ��� ���$# � � � � � � 
&% ��� ��� � � �
Here, the function Cost comp takes the power of a computing unit
and the computation task of a filter as inputs, and returns the time
of execution. The function Cost comm takes bandwidth of a com-
munication link and the communication volume as parameters, and
outputs the time of communication. For the computing unit � � ,
the computing power is denoted by

��� ��� � , and for the link � � , the
available network bandwidth is denoted by

# � � � � .
Our algorithm is presented in Figure 3. In order to calculate��� � � � 
 � � , the algorithm needs to fill in all cells in the

� � �(' �)�
� � � � �

matrix. Since it takes * � � �
time to compute each cell, the

total execution time of the algorithm is * � ��� �
.

Even though we use a
� � �+' �,� � � � � �

matrix to record ��� � 
 ���
in the algorithm, we only need to consider the values in ��� � � � 
 ���
and �-� � 
 � � � � for computing ��� � 
 ��� . Also, we can store back��� � 
 ��� in the cells used by ��� � � � 
 ��� after ��� � 
 ��� is computed.
Thus, the algorithm only has a space complexity of * � � �

.

5. CODE GENERATION ISSUES
This section focuses on some of the code generation issues that

were addressed in our compiler implementation.
After the set of boundaries has been selected, the compiler needs

to generate code for each filter. In our model, each filter has one
input stream, with the exception of the filter that reads from the
data source itself. Also, each filter has one output stream, with the
exception of the filter that generates the final results. The following
two challenges arise. First, we need to decide how the data com-
municated from one filter to another is packed. Second, we need
to generate code for each filter that receives and unpacks from the
input stream, performs the computations, and then packs data for
the output stream.

As described in Section 4.2, our communication analysis phase
generates the 	 ��
 � ��� �

sets, which denote the communication
required between each pair of consecutive filters. Let the code
inside a filter

�
comprise of code segments

� � 
��
� � 
 � � between



Decompose �
Inputs:

A sequence of �21 � candidate filters � ����������� � � ��� which are devided by � filter boundaries � ����������� � �
A sequence of � computing units ! ��������� !�� with computing powers 	H�:! � � ��������� 	H�:!��2�
A sequence of � > � network links 3 ����������� 3 ��� � with bandwidths 
H��3 � � ��������� 
M��3 ��� � �

Goal:�
�
�21 � � ���

� * init *
�

for �
��� to ��
� � � ��� .��
for ����� to �21 ��
� � � ��� .���
�
� � ��� .0!�"�$�� � "����;� 	H�:! � � � �"!

$�#*�$� � �A�
� * compute T[1,j], � .&% ��������� � *

�
for �
��% to ��
�

� � ��� .'���&� � �(�
� � � > ��� 1L!�"�$�� � "��)� �*
M��3 � � � � �,+ "�):�$� �,� � � �
� � � �-� 1L!�"�$�� � "����;� 	H�:! � � � �.!

$�# �*� �,� � �
� * compute T[i,j], �;.&% ��������� �M1 � , � .�� ��������� � *

�
for ����% to �21 �

for �
��� to ��
� � � ��� .'���&� � �
� � � � > ��� 1L!�"�$�� � "����/�*
H�&3 � � � � ��+ "�):�$� � � � � �
� �(> � � �-� 1L!�"�$�� ��"����;� 	H�:! � � � �.!
$�# �*� � � � ��

Figure 3: Dynamic Programming Algorithm for Filter Decomposition

consecutive candidate filter boundaries. By processing the sets
� ��� $�� � � � 
���� ��
 � ��� $�� � � � , we can compute the set � ��� $���� � , which
denotes the values that are consumed inside the filter

�
.

Initially, we focus on how the code for each filter is generated.
Consider the code in the input language that corresponds to this
filter. We primarily focus on collections of objects that are read
or written in a foreach loop in this code. Let � be a class whose
collection is accessed inside a foreach loop. We initially determine
all fields of � that are read or written in the code for this filter.
Then, we create a new class � which includes only these data
fields. Before executing an iteration of the foreach loop, we allocate
an object of type � . Then, any fields of � that are communicated
from the previous filter are unpacked from the received packet and
copied to the allocated object.

Next, we discuss how our compiler decides to pack the elements
within the set 	 ��
 � �����

. Suppose, for example, the class � has
two fields, / and 0 , that are communicated, and each packet in-
cludes

 �
�
���

objects of type � . In this simple case, there are two
ways in which the packet can be arranged. The first will be

1  �
�
��� 
 � �
� / 
 � � � 0 
�� ����
 �,243�5 �76 � / 
 �8283�5 �96 � 0 �

and is referred to as the instance-wise method. The second will be

1  �
�
��� 
 � ����$��"� � 
 � ��� / 
��
� ��
 �,243�5 �76 � / 
 � ��� 0 
����
� �8283�5 �76 � 0 �

and is referred to as the field-wise method. The value
� ����$��"� �

denotes the offset for getting the first instance of the field 0 , and
is stored for easing the unpacking. For more general examples,
where multiple classes, more than two fields, and/or nested classes
are involved, we can use a combination of these two basic methods.

If a field is included in the set 	 ��
 � �����
at the boundary of

two filters
� � and

� � , it could be used in
� � , or in any of the fil-

ters following
� � . In the former case, the field belongs to the set

� ��� $���� � � , and in the latter case, it does not. If two or more fields
are used in

� � , then it is clearly more efficient to pack them in the
instance-wise fashion. However, if one field is used in the receiving
filter, and another is packed again and sent to the next filter, then
the field-wise method turns out to be more efficient. In parts (a)
and (b) of Figure 4, we show unpacking code for instance-wise and

field-wise methods, respectively.
Thus, for packing fields of objects, we use the following ap-

proach. For each filter that has an output stream, we sort the fields
of classes by the first filter whose � ��� $ set they belong to. The
fields that are used for the first time in the same filter are packed in
the instance-wise fashion. For the fields that are used for the first
time in different filters, we use the field-wise fashion, sorting by
the order in which they are first read.

Figure 4, part (c), shows code for a filter that involves both un-
packing and packing. Here, the input includes three fields / , 0
and : from class � , among which / and : are used by the current
filter, thus packed together in the instance-wise fashion. Because
the field 0 is used by later filters, so it is packed separately in the
field-wise fashion. After processing, the current filter creates a new
data-structure

$ �
� $"�
, whose / field is required by one of the fol-

lowing filters. Together with � � 0 ,
$ �
� $ � � / is packed as field-wise

and forwarded.

6. EXPERIMENTAL RESULTS
The techniques described in this paper have been implemented

in a prototype compiler, which is based on the Titanium [45] in-
frastructure. This section reports the results we obtained from our
current compiler. Initially, we describe the applications we used,
the versions we created, and the configurations in which the appli-
cations were executed. Then, we present the results obtained from
each of the applications.

6.1 Applications
We have used four data-driven applications. Two of these ap-

plications implement algorithms for isosurface rendering, which is
one of the common visualization tasks. The third algorithm is a key
data mining kernel, k-nearest neighbor search, and the last applica-
tion is virtual microscope, which processes digitized images.

We now describe these applications in more details. The ba-
sic isosurface rendering problem was described in Section 3. Z-
buffer and active pixels are two of the popular algorithms used for
this purpose [29]. The initial steps, i.e. extraction of triangles and
transformations on triangles, are identical in these two algorithms.



t = new T();
Inptr = Inbuf.getPtr();
memcpy(&count, Inptr, sizeof(int));
Inptr += sizeof(int);
for(int i=0; i � count; i++) �

memcpy(&( t > � x), Inptr+0+i*(sizeof(t.x)+sizeof(t.y)), sizeof(int));
Inptr += sizeof(int);
memcpy(&( t > � y), Inptr+sizeof(t.x)+i*(sizeof(t.x)+sizeof(t.y)), sizeof(int));
Inptr += sizeof(int);
� * some processing on t *

�
�

(a)

t = new T();
Inptr = Inbuf.getPtr();
memcpy(&count, Inptr, sizeof(int));
Inptr += sizeof(int);
for(int i=0; i � count; i++) �

off = 0;
memcpy(&( t > � x), Inptr+off+sizeof(int)+0+i*(sizeof(t.x)), sizeof(int));
off = 0;
for (int k=0; k � 1; k++) � * order of y is 1 *

�
�

memcpy(&size, Inptr+off, sizeof(int));
off += size;�

memcpy(&( t > � y), Inptr+off+sizeof(int)+0+i*(sizeof(t.y)), sizeof(int));
� * some processing on t *

�
�

(b)

t = new T();
Inptr = Inbuf.getPtr();
memcpy(&count, Inptr, sizeof(int));
Inptr += sizeof(int);

� * unpacking *
�

for(int i=0; i � count; i++) �
off = 0;
memcpy(&( t > � x), Inptr+off+sizeof(int)+0+i*(sizeof(t.x)+

sizeof(t.z)), sizeof(int));
off = 0;
memcpy(&( t > � z), Inptr+off+sizeof(int)+sizeof(t.x)+

i*(sizeof(t.x)+sizeof(t.z)), sizeof(int));
� * some processing on t and transform it to s *

�
� * put s in s list *

�
�
� * packing *

�
Outptr = Outbuf.getPtr();
memcpy(Outptr, &count, sizeof(int));
Outptr += sizeof(int);
head = Outptr;
Outptr+=sizeof(int); � * save for size info *

�
for(int i=0; i � count; i++) �

memcpy(Outptr, &(s list > � get(i) > � x), sizeof(int));
Outptr += sizeof(int);�

size=Outptr-head;
memcpy(head, &size, sizeof(int));
head = Outptr;
Outptr+=sizeof(int); � * save for size info *

�
off = 0;
for (int k=0; k � 1; k++) �

memcpy(&size, Inptr+off, sizeof(int));
off += size;�

for(int i=0; i � count; i++) �
memcpy(Outptr, Inptr+off+sizeof(int)+0+i*(sizeof(t.y)), sizeof(int));
Outptr += sizeof(int);�

size=Outptr-head;
memcpy(head, &size, sizeof(int));

(c)

Figure 4: Examples of Unpacking: Instance-wise (a) and Field-wise (b), and Full Generated Code (c)

However, they differ significantly in how the triangles or polygons
are projected to a screen. In the z-buffer approach, an image is cre-
ated corresponding to a set of triangles in a packet or on a processor.
Then, these z-buffers or images are merged to create the final im-
age. The active pixel algorithm removes some of the computational
and memory inefficiencies associated with the z-buffer algorithm.
Essentially, it uses a sparse representation of the dense z-buffer, and
avoids allocating, initializing, or communicating a full z-buffer.

We implemented these two algorithms using our language di-
alect. In our discussion, they are referred to as z-buffer and
active-pixel, respectively. The code in our input language
dialect was nearly 1400 lines for each of these.

Our third application is k-nearest neighbor search, referred to as
knn. It is one of the basic data mining problems [21]. Here, the
training samples are described by an n-dimensional numeric space.
Given a new point, the goal is to find the

!
training samples that are

closest to the new point.
The final application we used is virtual microscope [15], denoted

by vmscope. A virtual microscope is designed to interactively
view and process digitized data arising from tissue specimens. The
input data is a high-resolution digitized image. This application
emulates the usual behavior of a physical microscope, including
continuously moving the stage and changing magnification or res-
olution.

The code in our language dialect for both knn and vmscope
was relatively small, i.e., under 200 lines.

6.2 Experiment Design
Our overall goal was to demonstrate that compiler generated

pipelined code is efficient, and can effectively use a pipeline of
computing units.

In the long run, we expect that pipelined parallelism can be ex-
ploited in wide-area networks. However, this is going to require
high bandwidth networks and certain level of quality of service
support. Recent trends are clearly pointing in this direction, for
example, the five sites that are part of the NSF funded Teragrid
project expect to be connected with a 40 Gb/second network [38].
However, for our study, we did not have access to a wide-area
network that gave high bandwidth and allowed repeatable exper-
iments. Therefore, all our experiments were conducted within a
single cluster. We assumed that input data is available on only a
subset of the nodes, and final results are required or viewed on a
single node. The cluster we used had 700 MHz Pentium machines
connected through Myrinet LANai 7.0.

We used three different pipeline configurations. In the first con-
figuration, the data is available at a single node, another node is
available for computations, and the results are required at yet an-
other node. This configuration is designated as the 1-1-1 config-
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Figure 5: Results from Z-Buffer Based Isosurface Rendering,
small dataset

uration. In the second configuration, data is available at 2 nodes
in the cluster, another 2 nodes are available for computations, and
the final results are required at another node. This configuration
is designated as the 2-2-1 configuration. In the third configura-
tion, referred to as the 4-4-1 configuration, data is available at 4
nodes, another 4 nodes are available for computations, and the final
results are required at another node. These three configurations are
also referred to as configurations with pipeline widths of 1, 2, and
4, respectively.

To evaluate our compiler, we created two or three versions for
each of our applications. One version is denoted as Default,
and reflects a simple way of using pipelined parallelism. Here,
the nodes hosting the data only read the data and transmit it to
the compute nodes. The final results are generated on these com-
pute nodes, and then copied on the node where they are viewed.
Our experiments contrasted these versions with versions in which
more intelligent decomposition is performed by the compiler. Such
latter versions are referred to as Decomp. Typically, these ver-
sion performed more computations on either or both of the data
source nodes and the node where the results were required, and re-
duced the volume of data that had to be communicated between the
nodes. For knn and vmscope, we also compared the performance
of compiler generated code with the manually written DataCutter
codes, where similar decomposition was performed. For these two
applications, the compiler and manual versions are referred to as
Decomp-Comp and Decomp-Manual, respectively.

6.3 Isosurface Algorithms
We now describe the results we obtained from the two isosurface

algorithms, z-buffer and active-pixels.
We used two datasets to evaluate both of these algorithms. These

datasets were generated by an environmental simulator ParSSim [4]
and were previously used by Beynon et al. in the context of Data-
Cutter [10]. These datasets comprised grid data for 10 time-steps,
and were 1.5 GB and 6 GB, respectively. The two datasets are re-
ferred to as small and large datasets. We report experiments
on processing a single time-step, the data corresponding to which
is 150 MB and 600 MB, respectively.

As we stated previously, we created two versions, Default
and Decomp, for both the algorithms. We did not have access to
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Figure 6: Results from Z-Buffer Based Isosurface Rendering,
large dataset

 

0

5

10

15

20

25

30

35

40

1 2 4

Decomp Default

Width of the pipeline 

time 

Figure 7: Results from Active Pixel Based Isosurface Render-
ing, small dataset
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Figure 8: Results from Active Pixel Based Isosurface Render-
ing, large dataset

comparable manual versions. The Default version reads data in
packets, each of which comprises a set of cubes, from the nodes
hosting data and copies them to compute nodes. Compute nodes
receive data in packets, and perform all processing. In the Decomp
version, the compiler places some preprocessing of the cubes at the
nodes where the data is. In particular, a loop that checks whether all
corners of a cube have an isosurface value greater or lower than the
specified isosurface value is placed at data nodes. Besides reducing
the amount of computation that needs to be performed on compute
nodes, this reduces the volume of data that needs to be copied from
data nodes to compute nodes.

Figure 5 shows experimental results from z-buffer, using the
small dataset. We show results on three configurations, 1-1-1,
2-2-1, and 4-4-1. Compiler based decomposition consistently
gives 20% improvements on all three configurations. By increasing
the width of the pipeline, we get significant speedups. With a width
of 2, the compiler decomposed version gives a speedup of 1.92, and
with a width of 4, the speedup is 3.34.

Figure 6 shows experimental results from z-buffer, using the
larger dataset. Again, the performance improvements from the
compiler decomposed versions are between 20% and 25%. For the
compiler decomposed version, a speedup of 1.99 is obtained with
the pipeline width of 2, and a speedup of 3.82 is obtained with the
pipeline width of 4.

The results from active-pixel algorithm are presented in
Figures 7 and 8. We see almost the same trends. The Decomp
versions outperform the Default versions by between 15% and
25%. The speedups obtained from increasing the width of the
pipeline are quite close to linear.

6.4 k-nearest Neighbor
For our experiments with knn, we used a 108 MB dataset com-

prising 4.5 million three-dimensional points. We used two test
cases, with values of

!
being 3 and 200.

We used three versions. In the Default version, all input data
is forwarded in packets to compute nodes. In both Decomp-Comp
and Decomp-Manual versions, the volume of data to be trans-
mitted is reduced. These two versions only differed in how the data
received in a packet was iterated on.

The results are presented in Figures 9 and 10. In both the test
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Figure 9: Results from k-nearest neighbors, k = 3
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Figure 10: Results from k-nearest neighbors, k = 200
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Figure 11: Results from Virtual Microscope, Small Query
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Figure 12: Results from Virtual Microscope, Large Query

cases, the performance difference between Decomp-Comp and
Decomp-Manual versions is insignificant. The Default ver-
sion is consistently slower by almost 150% in all cases. This is be-
cause of the large volume of data that is transferred by this version.
All versions achieve good speedups as the width of the pipeline
is increased. With the Decomp-Comp version and

! 
��
, the

speedups are 1.89 and 3.38 with pipeline width of 2 and 4, respec-
tively. Similarly, with

! 
 '����
on the same version, the speedups

are 1.87 and 3.35, respectively.

6.5 Virtual Microscope
The last application we experimented with is vmscope. We

used a 800 MB image for our experiments. A query specifies a
rectangular region and a subsampling or resolution factor for the
desired output. We used two queries. The first, referred to as the
small query, required a � � ' � � � ' output with a subsampling
factor of 2. The second, referred to as the large query, required a'������!� '����	�

output with a subsampling factor of 4.
Like knn, we generated three versions. Decomp-Manual and

Decomp-Comp versions reduced the volume of data that had to be
copied from the data sources to compute nodes. These two versions
again differed on how the data received in a packet is iterated on.

The results from the small and large queries are presented
in Figures 11 and 12, respectively. For small query, the amount
of data processed is quite small. It is hard to achieve a good load
balance between the different data nodes and the different com-
pute nodes. As a result, the speedups are very limited. With a
pipeline width of 1, the Decomp-Comp version is slower than the
Decomp-Manual version by nearly 20%, but is faster than the
Default version by nearly 40%. The same trend is seen between
these versions as the pipeline width is increased, but the relative dif-
ferences are smaller. This is because load imbalance is the biggest
factor contributing to the performance in these cases.

The main difference between compiler generated and manual
code is as follows. In this application, only every

$
�
� $"��� � 6�


el-
ement along each dimension is picked from the original image. In
the compiler generated version, a conditional is used for this pur-
pose whereas the manual version simply uses a stride in reading
from input buffers. Since the application does not involve a lot of
computation, this made a significant difference in the performance.

For large query, a good load-balance could be obtained, and
therefore, good speedups were obtained. However, because of a
larger subsampling factor, the differences between manual and com-
piler versions are even larger. The compiler decomposed version is
consistently faster than the default version by nearly 40%.

7. RELATED WORK
We are not aware of any previous work on developing language

and compiler support for coarse-grained pipelined parallelism, or
for data-driven applications in a distributed environment.

Several efforts have targeted runtime support for coarse-grained
pipelined parallelism. The Stampede project [39] has focused on
interactive multimedia applications, which have several common
characteristics with the applications we have targeted. The support
offered is in the form of cluster-wide threads and shared objects.
They do not include high-level language or compiler support, but
can handle more dynamic applications. Yang et al. have devel-
oped a scheduler for vision applications which are executed in a
pipelined fashion within a cluster [44]. They include support for
meeting real-time constraints, but require low-level programming
of applications.

Several other projects offer support which is somewhat similar
to our target runtime system, DataCutter. This includes the Re-
mos project from CMU and active streams and related efforts from
Georgia Tech [13, 24, 37]. We believe that the techniques we are
developing can also be used to offer high-level interface to these
systems.

Our work has some similarities with the StreamIt effort at MIT [41].
Though the set of applications that have been experimented with
are different, streaming applications have some similarities with
the data-driven applications we are targeting. Our language is at a
higher-level, but we can only handle applications that involve gen-
eralized reductions. Also, the target architecture of the two efforts
are quite different.

There is very little compiler work in the context of grid comput-
ing. One other project that we are aware of is from Adve et al. [1].
They have focused on language and compiler support for adapting
applications to resource availability in a distributed environment.
In comparison, our work focuses on a very different set of appli-
cations. We require fewer extensions in our language support, but
do not include the support for modifying the precision of computa-
tion in adapting to resources. The GrADS Project focuses on opti-



mizing programs that invoke functions from standard libraries [7].
In comparison, our focus is on exploiting coarse-grained pipelined
parallelism that we defined earlier. The grid computing community
has generally focused on providing services, protocols, low-level
APIs, system-level middleware systems and user-level middleware
systems [5, 8, 16, 18, 20, 28, 43]. In the past, several research
projects have focused on the use of heterogeneous environments
for parallel computing. A representative project is HenCE [6]. Our
work is distinct in supporting a high-level language that hides het-
erogeneity from the programmers.

A significant part of the analysis our compiler performs is com-
munication analysis. Though communication analysis has been
studied extensively as part of SPMD compilers [2, 23], our analysis
is different because of supporting a different form of parallelism. A
large body of work exists on compiler support for instruction-level
or fine-grained pipelined parallelism [26]. Our work considers a
very different target environment. Wang et al. have worked on
analysis of communication pipelines [42]. The cost model we have
used is derived from their work.

8. CONCLUSIONS AND FUTURE WORK
In this paper, we have addressed a number of design and al-

gorithmic issues in providing high-level programming support for
coarse-grained pipelined parallelism. Our basic premise has been
two-fold. First, we believe that the availability of data repositories
and data collection instruments on the internet is making this form
of parallelism desirable and feasible for a variety of data-driven ap-
plications. Second, we believe that language and compiler support
will be crucial for exploiting such parallelism, as manual decom-
position of the processing is time-consuming and error-prone.

The results from our current compiler have been very encourag-
ing. We have shown that compiler-based decomposition of appli-
cations can achieve significantly better performance as compared
to what we considered the default way of using pipelined paral-
lelism. Note, however, that it is currently not easy to implement
such default pipelined parallelism, either. Most often, all data is
downloaded on compute nodes, and then processing is performed.
This is generally much slower than what we used as the baseline
in our experiments. By using the support for transparent copies in
our target runtime system DataCutter, we have also achieved good
speedups from increasing the width of the pipeline.

In the future, we will like to expand our work in many directions.
First, we will like to consider data resident in multiple data repos-
itories. Second, we will like to consider an environment where
available compute and communication resources can change at run-
time. Generating code that can adapt to such changes is an inter-
esting problem. Our cost models also need to be evaluated further.
Automatically choosing the packet size is another issue. We will
also like to expand the set of applications, particularly, including
applications that do not involve generalized reductions.
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