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infarmation b used 1o generate an execulable that makes extensive use
of 8 rustise system called Active Data Repository (ADR).
I this paper, we preseat advanced techniques that can enhance the
of compiler generated data intensive codes. We show how
charscierization of sccess patterns into dense and sparse and choosing
executionstrategy for each leads to better performance. We
also show how demand-driven outpul space allocation on each processor,
managed through a sparse data-structure, can reduce the number of tiles
that need ta be allocated on each processor and enhances performance.

Kevwonis— dats parallel compilers, data intensive applications,
uifing, cluster of workstations.

[. INTRODUCTION

More powerful computers make it possible for scientists
and engineers to mode! and simulate physical phenomena in
increasingly greater detail. Associated with that, the low cost
of storage makes il possible to store more and more of these
simulation datasets as well as increasing amounts of data col-
lected from a variety of sensors attached to devices such as
satellites or microscopes. Analysis and processing of these
very large datasets are becoming very important components
in many fields of science and engineering. Examples of such
large datasets include collections of raw and processed sen-
sor data from satellites [21], output of long running simula-
ate snapshiots of their state (18], and archives of medical im-

w2l
A large fraction of the applications that make use of such
o ? ol b want characteristics. First, the

represents attributes associated with points in some mult-
dimensional coordinate system. Both the input and the out-
put are often disk-resident. Applications may use only a
subset of all the data available in inpul and output. Ac-
cess to data items is described by a range query. namely
a multi-dimensional bounding box in the underlying multi-
dimensional space. Only the data items whose associated co-
ordinates fall within the query box are retrieved. The process-
ing performed by such applications is also highly stylized. It
basically consists of retrieving the input elements for the re-
gion of interest, mapping these inpul points into outpul points
and aggregating the values of input that map to the same out-
pul.

One very simple example of such application is the Virtual
Microscope [2], [13]. Large quantities of microscope slides
are kept digitized at high resolution in some storage device
Users want to browse some slides looking for interesting fea-
tures on the images. The browsing happens in low resolu-
tion and the users switch to higher resolutions as they believe
they see an interesting feature. What the system is domg 15
aggregating the portion of the stored high resolution grid the
user is looking at into a low resolution output grid. Natu-
rally, the user for such a system can be another program that
is automatically analyzing the datasets. Other typical appli-
cations are satellite data processing for earth science applica-
tions [1], [11], [24] and simulation systems for water contam-
ination studies [ 18], airplane wake turbulence [19] or flame
sweeping through a volume [23].

We are developing a compiler which processes data inten-
sive applications written in a dialect of Java and compiles
them for efficient execution on cluster of workstations or dis-
tributed memory machines (4], [3], [14]. For our prototype
implementation, we have chosen a dialect of Java with data-
parallel extensions based on Titanium [25]. The prototype
compiler makes extensive use of the existing runtime sys-
tem ADR (Active Data Repository) 7], [8]. [10] for optimiz-
ing the resource usage during execution of data intensive ap-
plications. ADR integrates storage, retrieval and processing



fum on Lot

48 SBAC-PAD'2000 12"

of multi-dimensional datasets on a distributed mﬂmﬂr}:‘ mt:;
chine. While a number of applications have been deve t;]; =
using ADR'’s low-level API and high performance has e
demonstrated [9], [24], developing apglmatmns in this s };n-
requires detailed knowledge of the design of ADR. In mhlc
parison, our proposed data-parallel extensions o Java en ah

programming of data intensive applications at a 1much higher
level. It becomes the responsibility of the compiler to utilize
the services of ADR for memory management, data retrieval
and scheduling of processes.

We have previously worked on techniques to extract the
necessary information from data parallel Java programs [‘_11-
[3], [14]. We extract a set of functions (including subscript
functions used for accessing left-hand-side and right-hand-
side object collections, aggregation functions, and range
functions) from the given data intensive loop by using the
technique of interprocedural program slicing.

In this paper, we present advanced techniques that can en-
hance the performance of compiler generated data intensive
codes. Two specific techniques we present are:

Performing Local Reductions: We show how characteriza-
tion of access patterns into dense and sparse and choosing ap-
propriate execution strategy for each leads to better perfor-
marnce.

Tiling Output Space: We show how demand-driven output
space allocation on each processor, managed througha sparse
data-structure, can reduce the number of tiles that need to be
allocated on each processor and leads to better performance.

The rest of this paper is organized as follows. The Sec-
tion II describes briefly the programming language used. In
section III we show how characterization of access patterns
into dense and sparse and choosing appropriate execution
strategy for each leads to better performance. In Section IV,
we show how demand-driven output space allocation on each
processor, managed through a sparse data-structure, can re-
duce the number of tiles that need to be allocated on each pro-
cessor and lead to better performance. We compare our work
with related work in Section V and conclude in section VI,

II. DATA PARALLEL DIALECT OF JAVA

We now describe our current solution towards providing
high-level language support for data intensive computations.

We borrow two concepts from object-oriented parallel sys-
tems like Titanium [25], HPC++ [5] and Concurrent Aggre-
gates [12].

« Domains and Rectdomains are collections of objects of
the same type. Rectdomains have a stricter definition, in
the sense that each object belonging to such a collection
has a coordinate associated with it that belongs to a pre-
specified rectilinear section of the domain.

+ The foreach loop, which iterates over objects in a do-
main or rectdomain, and has the property that the order
of iterations does not influence the result of the associ-

& S

ter Archit clure

[ng =040 Fe
. rranc I -
d Hi L

utations. We further extend the semanticg ¢
foreach to include the possibility of updates to reducyj,,

. bles, as we explain later.
v.?rm:;fi o a Java interface caltfsd‘Reducimea;face. Any
}Ve m{u- : uc;iass implementing this interface acts as 3 .
jhjif;?fl’;rfibfe [15]. The Sema:ntics of a rf:..ductinn Variable
: .u.-: alogous to that used in version 2.0 of High Performance
is ai-an%HPF'Z] (15] and in HPC++ [5]. A reduction varihj,
E:.: the property that it can only be updatec Insice s foregy
loop by a series of operations that are associative and cop,
mutative. Furthermore, the mte_fnrfedmte value of the redye.
tion variable may not be used within the loop, except for self.
es. :
ude?;ura I outlines an example code with our chosen exten-
sions. This code shows the essential computation in a virtyy|
microscope application [13]. A large digital image is stored
in disks. This image can be thought of as a two llihmensmf:ml
array or collection of objects. Each rfiemem_m this collection
denotes a pixel in the image. T‘hf: interactive user supplies
two important pieces of information. The ﬁ_rst is a bound-
ing box within this two dimensional box, [[}IS implies the area
within the original image that the user is interested in scan-
ning. The first 4 arguments provided to the main are integers
and together, they specify the points 1owend and hiend,
the two extreme corners of the rectangular bounding box. The
second information provided by the user is the subsampling
factor, an integer denoted by subsamp, which tells the gran-
ularity at which the user is interested in viewing the image.
A querybox is created using specified points lowend and
hiend. Each pixel in the original image which falls within
the querybox is read and then used to increment the value
of the corresponding output pixel.

ated comp

I1I. EXECUTION MODELS FOR LOCAL REDUCTIONS

In this section, we show characterization of access pat-
terns into dense and sparse and choosing appropriate execu-
tion strategy for each leads to better p REncE e fataly

Initially, we present a general strat
applicable to both dense and s ' ]
very efficient execution for codes wi
it also incurs significant overhea
we introduce a modificati
monotonicity of the subs n
cient for dense access patterns,

The main challenge in executi
comes from the fact that
St




Interface Reducinterface {
/I Any object of any class implementing
J/ this interface is a reduction variable

}
public class VMPixel {
char{] colors;
void Initialize() {
colors[0] =0';
colors[1] =0
colors[Z] =0 :

sruid Accum(VMPixel Apixel, int avgf) {
colors{0] += Apixel colors[0)/avef ;
colors(1] += Apixel.colors[1 Vavgf |
colors[2] += Apixel.colors[2)favgl

}

E;uhlic class VMPixelOut extends VMPixel
implements Reducinterface;
public class VMScope {
static int Xdimen = ... |
static int Ydimen = .. |
static Point[2] lowpoint = [0,0];

sl,a:!c Point2] hipoint = [Xdimen-1,Ydimen-1];
static RmDn_ main(2] VMSlide = [lowpuint : hipoint];
static VMPixel(2d] VScope = new VMPixel[VMSlide);
public static void main(String[] args) { ¢
Point{2] lowend = [args(0] args[1]];
Point[2] hiend = [args(2],args[3 II;
int subsamp = args(4];
RectDomain[2] Outputdomain = [[0.0]:(hicnd -
lowend)/subsamp];
VMPixelOut[2d] Output = new VMPixelOut{Outputdomain] ;
RectDomain[2] querybox ; :
Point[2] p:
foreach(p in Outputdomain) {
Output[p).Initialize();

querybox = [lowend : hiend] ;
foreach(p in querybox) {
Point[2] q = (p - lowend)/subsamp ;
Output[q]. Accum({VScope(p] subsamp®subsamp) |

Fig. 1. Example Code

Based upon the experiences from data intensive applica-
tions and developing runtime support for them [10], [8], the
basic code execution scheme we use is as follows. The output
data-structure is divided into tiles, such that each tile fits into
the main memory. The input dataset is read disk block at a
time. This is because the disks provide the highest bandwidth
and incur lowest overhead while accessing all data from asin-
gle disk block. Once an input disk block is brought into main
memory, all iterations of the loop which read from this disk
block and update an element from the current tile are per-
formed. A tile from the output data-structure is never allo-
cated more than once, but a particular disk block may be read
to contribute to the multiple output tiles.

To facilitate the execution of loops in this fashion, our com-
piler first performs loop fission. For each resulting loop af-
ter loop fission, it uses the runtime system called Active Data
Repository (ADR) developed at University of Maryland [7],
[8] to retrieve data and stage the computation.

A. Loop Fission

Consider any loop. For the purpose of our discussion, col-
lections of objects whose elements arc modified in the loop
are referred to as left hand side or LHS collections, and the
collections whose elements are only read in the loop are con-
sidered as right hand side or RHS collections.

If multiple distinct subscript functions are used to ac-
cess the right-hand-side (RHS) collections and left-hand-side
(LHS) collections and these subscript functions are not known
at compile-time, tiling output and managing disk accesses
while maintaining high reuse and locality is going to be dif-

foreachir € R) {
O1[SL(r)]  op1 =

OmlS(r)]

Ai(h[Salr) -« In[Sr(ri])
Am (I Sr(r)y- - In[Sr(7)])

OPn =

Fig. 2. ADR's canonical loop

ficult. Particularly, the current implementation of ADR run-
time support requires only one distinct RHS subscript function
and only one distinct LHS subscript function. Therefore, we
perform loop fission to divide the original loop into a set of
loops, such that all LHS collections in any new loop are ac-
cessed with the same subscript function and all RHS collec-
tions are also accessed with the same subscript function.

After loop fission, we focus on an individual loop at atime.
We introduce some notation about this loop which is used for
presenting our solution. The terminology presented here 1s
illustrated by the example loop in Figure 2.

The range (domain) over which the iterator iterates is de-
noted by R.

Let there be n RHS collection of objects read in this loop,
which are denoted by I, . . ., In. Similarly, let the LHS col-
lections written in the loop be denoted by Oy, . . ., Om. Fur-
ther, we denote the subscript function used for accessing right
hand side collections by Sg and the subscript function used
for accessing left hand side collections by St.

Given a point r in the range for the loop, elements S (r)
of the LHS collections are updated using one or more of the
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.., I,[Sgr(r)), and other scalar values in

values I [Sgr(r)], - :
el A, the function used for updating

the program. We denote by

LHS collection O;.
Consider any element of a RHS

stract address is referred to as its /

is referred to as its r-value.

or LHS collection. Its ab-
.value and its actual value

B. Extracting Information

Our compiler extracts the followin
given data-parallel loop after loop fission.
1. We extract the range R of the loop by examining the do-
main over which the loop iterates.
2. We extract the accumulation functions used to update the
LHS collections in the loop. For extracting the function A;,
we look at the statement in the loop where the LHS collection
0, is modified. We use interprocedural program slicing with
this program point and the value of the element modified as
the slicing criterion.
3. For a given element e of the RHS collection (with its -
value and r-value), we determine the iteration(s) of the loop
in which it can be accessed. This is denoted by IterV al(e).
4. For a given element e of the RHS collection (with its I-
value and r-value), we determine the l-value of the LHS el-
ement which is updated using its value. This is denoted by
OutVal(e).

This can be extracted by composing the subscript function
for the LHS collections with the function /terVal.

g information from a

C. Storing Spatial Information
To facilitate decisions about which disk blocks have ele-
ments that can contribute to a particular tile, the system stores
additional information about each disk block in the meta-data
associated with the dataset. Consider a disk block b which
contains a number of elements. Explicitly storing the spatial
coordinates associated with each of the elements as part of
the meta-data will require very large additional storage and is
clearly not practical. Instead, the range of the spatial coordi-
nates of the elements in a disk block is described by a bound-
ing box.

A bounding box for a disk block is the minimal rectilinear
section (described by the coordinates of the two extreme end-
points) such that the spatial coordinates of each element in the
disk block falls within this rectilinear section.

Such bounding boxes can be computed and stored with the
meta-data during a preprocessing phase when the data is dis-
tributed between the processors and disks.

D. Sparse Execution Strategy

The following decisions need to made during the loop plan-

ning phase:
+ The size of LHS collection required on each processor

and how it is tiled.

>~ A3
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For each LHS strip T7:
Execute on cach Processor Fj:
Allocate and initialize strip Ty for Oy, | . O,
Foreach k € L
Read hlcchi._,g, i = 1,...,n from disks
Foreach element € in b, ;5
i = [erVal(e)
o = OutVal(e)
If(i € R)Alo € Ty)
Evaluate functions Ay, ..., A
Global reduction to finalize the values for T}

Fig. 3. Sparse Loop Execution on Each Processor

—_

« The set of disk blocks from the RHS collection whg,
need to read for each tile on each processor.
The static declarations on the LHS collection can be ysey

to decide the total size of the output required. Not all g,

ments of this LHS space need to be updated on all processqr;
However, in the absence of any other analysis, we can simp|y
replicate the LHS collections on all processors and perfom
global reduction after local reductions on all processors have

been completed.
Different strategies can be used for breaking up the repl;.

cated space into tiles which fit in the main memory. These
techniques are addressed in Section IV. For the purpose of
discussion in this section, we say that LHS domain is divided
into a set of smaller domains (called strips) {11, T3, ..., T,}.
Since each of the LHS collection of objects in the loop is ac-
cessed through the same subscript function, same strip min-
ing is used for each of them.

On a processor j and for a given RHS collection ;, the
bounding box of spatial coordinates for the disk block b;;;
is denoted by BB(b;;x). On a given processor j and fora
given LHS strip [, the set of disk blocks which need to read is
denoted by Lj;. These sets are computed as follows:

Lji = {k|(BB(bije) N T1) # ¢}

The generic loop execution strategy is shown in Figure 3.
The LHS tiles are allocated one at a time. For each LHS tile T},
the RHS disk blocks from the set Ljl are read successively.
For each element e from a disk block, we need to determine:

1. Ifthis element is accessed in one of the iterations of the
loop. If so, we need to know which iteration it is.

2. The LHS element that this RHS element will contribute
to, and if this LHS element belongs to the tile currently
being processed.

We use the function IterV al(e) computed earlier to map

the RHS element to the iteration number and the function
OutVal(e) to map a RHS element to the LHS element.

E. Dense Execution Strategy

If there is more regularity in the data within a disk block,
and if there are updates to the output collection associated
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For each output tile Tj-
E:mmuthﬁomsmr!’,:
Aumumdiniﬁﬂimﬂfurﬂg,....am
Forcach k € Ly
Read blocks bk, i = 1,...,n from disks
mR=OD[bIJ.] n TI
Foreach element ¢ of A
Evaluate functions Ay, .. ., Am
Gl.oba]mdun:ﬁmlﬂﬁuhmﬂwvdu:siml'}

Fig. 4. Dense Loop Execution on Each Processor

e

with each iteration of the loop, we can improve upon the ex-
ecution strategy presented in Figure 3. Instead of computing
the iteration of the loop corresponding to each element, we
can iterate over the domain of input elements that intersect
with the range of the loop.

For each disk block b;;&. we compute the domain D{(bi;x ).
which denotes the subset of the domain Sg - R which is
resident on the disk block by;. If the subscript functions are
monotonic and invertible. we apply the function Sp - Sg'to
mhﬂ(bm}r.oob!ainu: ing domain in the LHS
region. These output domains that each disk block can con-
tribute towards are denoted as O D{b;;). Formally, we com-
pute the sets Lji. for each processor j and each output tile L,
such that

Ly = {j1¥i(OD(b;) N T0) # ¢}

If the subscript functions are not monotonic and invertible,
we can compute the sets L;; by using spatial bounding boxes
described earlier.

The loop execution sequence under this scenario is shown
in Figure 4.

F. Experimental Results
We conducted experiments o demonstrate that the appro-
priate choice of execution strategy makes significant differ-
ence in the performance of compiler generated code. We run
the experiments on a cluster of 400MHz Pentium II comput-
ers with 256 MB of main memory and 18 GB of local disk.
We experimented with two applications. The first applica-
tionis sat and abstracts the essential steps in any application
processing satellite data [10], [11]. The dataset for this appli-
cation involves spatial coordinates. Accesses 10 the dataset
are irregular and a large fraction of the iterations do not re-
sult in updates to any element of an output collection. The
second applicationused is vmscope and closely matches the
code shown in Figure 1. This application involves travers-
ing large microscope images and generating an output image
for a select region at a user specified magnification. It repre-
sents a class of application with regular input data, in which
the data contained on the disk block representsall the points
within the bounding box for the block. This is a dense code
with subscript functions that are monotonic and invertible.
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Fig. 5. Comparing sa t-dense and sat-sparse

We create two versions for each of the codes. vmscope—
dense and vmscope-sparse are versions of the virtual
microscope with dense and sparse execution strategies, re-
spectively. sat-dense and sat-sparse are the versions
of the satellite data processing application with dense and
sparse execution strategies, respectively.

The data for the satellite application we used is approxi-
mately 2.7 gigabytes. This corresponds to part of the data
generated over a period of 2 months, and only contains data
for bands 1 and 2, out of the 5 available for the particular
satellite. The data spawns the entire surface of the planet over
that period of time. The processing performed by the appli-
cation consists of generating a composite image of the earth
approximately from latitude O to latitude 78 north and from
longitude O to longitude 78 west over the entire 2 month pe-
riod. This involves composing over about 1/8 of the available
data and represents an area that covers almost all of Europe,
northern Africa, the Middle East and almost half of Asia. The
output of the application is a 313 X 313 picture of the surface
for the corresponding region.

The performance comparison for sat-sparse
and sat-dense is shown in Figure 5. The performance of
sat-dense version is yery poor and is nearly two orders of
magnitudes worse than the sat-sparse version.

We now describe the results from the vmscope applica-
tion. The dataset for this application is a 19,700 % 15,360
pixel image from a microscope. The application is generating
an image the corresponds to an area of 10,000 x 10, 000 of
that image. The dense execution strategy fits this application
very well, whereas, using the sparse execution strategy incurs
extra overhead of conditionals and applying subscript func-
tions multiple times. The vmscope-dense version outper-
forms the vmscope—-Spar se Version consistently by a fac-
torof 2.5 on 1,2, 4, and 8 processors.

Our results on these two applications show that it is crucial
to choose the correct execution strategy depending upon the
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Fig. 6. Comparing vms cope-dense and vmscope-Spa rse

characteristics of the application.
We believe that a set of heuristics can be used by the com-

piler 1o determine appropriate execution stralcgy. Two main
considerations are: .

. Are most of the elements in the bounding box of a disk
block actually present in the disk block 2 This can be es-
timated by comparing the size represented b]t the b?und-
ing box against the size of data actually resident in the

disk block.
. Are there any conditionals inside the body of the loop,

which may imply that only a fraction of the iterations re-
sult in an actual update to an element of the output col-

lection ?

V. ADVANCED WORK PARTITIONING AND MEMORY
MANAGEMENT

In the compiler generated code, the output space is repli-
cated on each processor. If this replicated output space does
not fit into the main memory of each processor, it needs (o
divided into tiles. As shown in Figure 3, each processor allo-
cates the same tile and performs the iterations it can perform
using the elements from the input blocks it reads. If the same

input block contributes to multiple tiles, it needs to be read
multiple times.

Consider a simple example. Suppose a program is exe-
cuted on 8 processors, each with 100 MB of available main
memory for output tiles. If the total size of output is | GB
and the output space is replicated on all processors, then the
output space needs to be divided into 10 tiles on each proces-
sor. The larger the number of tiles the output space is divided
into, the larger is number of disk blocks that may need to be
read for multiple tiles. This leads to significant overhead and
reduced performance. If the overlap between the output re-

gions that the input disk blocks on different processors update
is not large, most of the elements on each tile will not be up-
dated. This also means significant unnecessary overhead for

initializing and lat

memory aval
per of processors
are as follows:

er communicating the elements.

i tegy. Let the s

ropose an alternative stra e e

We p lable on each processor be M and leg 1, nﬂtq'l
by p. The main charactestics of gy Sll'a:leg‘
¥

. An overlap factor (F) is introduced denoting that ¢
menis of the replicated space actually updateq by diﬂ-’:—
enl processors do not usually overlap by more thay lh:;

factor. A
. The size of logical tile allocated on each Processor i

xp)/F.
. '(I'J:j; ﬁlz)ii not physically alloFated at once. As jn,
blocks are read, the corresponding outputrectilinesy s
tions are allocated.

The overlap factor is chosen based upon the ch‘”“ttsnc,
of the application. If the actual ovcr!afp between the Olfpy
space updated on different processors 1s larger than this fy.,
tor, virtual memory gets used. This leads to slower but core,
execution. Therefore, the choice of overlap factor is eruci)
for the performance, but not for the correctness.

The main challenge in this scheme is the managemeny o
the sparse data-structure created on Ea(.:h']::mccssor. When the
first input disk block is processed, an initial rectangle is alj;.
cated corresponding to the bounding box of the input blogk
For each subsequent input disk block that is read, the bound.
ing box is compared with the existing allocated rectangles g
that processor. The following three possibilities are consid.

ered:
+ Ifthe bounding box read is strictly enclosed inside an ex.

isting rectangle, no new allocation needs to be done.

« If the bounding box read does not overlap with any ex-
isting rectangle, space corresponding to this rectangle is
allocated and elements are initialized and updated.

+ If the bounding box read overlaps with an existing rect-
angle, the existing rectangle is expanded so that bound-
ing box of the new disk block is now enclosed inside it,

A. Experimental Results

We use the vmscope template described in the previous
section to evaluate the performance improvements achieved
using the demand-driven output space allocation scheme,
The dataset and experimental configuration is the same as
used for the experiments presented in the previous section,

Figure 7 shows the execution time for the two versions of
the virtual microscope application. The original version is
r'el-’en'ad 10 as vmscope-orig, and version with demand-
driven space allocation is referred to as vims cope-opt. The
graph shows the time for running each version on 1, 2, 4, and
8 processor configurations.

The total size of the output created by the dataset we used is
300 MB. This is not a very large dataset for evaluating the ef-
fect of tiling on a cluster where each node has 256 MB of main
memory. We assumed for our experiments that only 16 MB
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Fig: 7. Performance Improvement Through Demand-Driven Allocation

are available for allocating the output tile and calculated the
number of tiles accordingly. We expect to experiment with
much larger datasets for the final paper. The overlap factor
we assumed was 1.66.

Figure 7 shows significant performance improvements by
using the demand-driven space allocation scheme. The per-
centage improvement in the performance is 19%, 15%, 24%,
and 18% on 1, 2,4, and 8 processors. Clearly. the overhead in
managing and allocating a sparse data-structure is much less
than the benefits from not initializing entire tiles and fetch-

ing a larger number of disk blocks because of the increased
number of tiles.

V. RELATED WORK

Our work on providing high-level support for data inten-

sive computing can be considered as developing an out-of-
core Java compiler. Compiler optimizations for improving
1/O accesses have been considered by several projects, The
PASSION project at Northwestern University has considered
several different optimizations for improving locality in out-
of-core applications [6], [16]. Some of these optimizations
have also been implemented as part of the Fortran D com-
pilation system’s support for out-of-core applications [22].
Mowry et al. have shown how a compiler can generate
prefetching hints for improving the performance of a virtual
memory system [20]. These projects have concentrated on
relatively simple stencil computations written in Fortran, Be-
sides the use of an object-oriented language, our work 15 Sig-
nificantly different in the class of applications we focus on.
Our technique for loop execution is particularly targeted to-
wards reduction operations, whereas previous work has con-
centrated on stencil computations.

Our code execution models have several similarities to the
data-centric locality transformations proposed by Pingali ef
al. 117). We fetch a data-chunk or shackle from a lower level
in the memory hierarchy and perform the iterations from the

loop which use elements from this data-chunk. We have fo-
cused on applications where no computations may be per-
formed as part of many iterations from the original loop. So,
instead of following the same loop pattern and inserting con-
ditionals to see if the data accessed in the iteration belongs o
the current data-chunk, we compute a mapping function from
elements to iterations and iterate over the data elements. To
facilitate this, we simplify the problem by performing loop
fission, so that all collections on the right-hand-side are ac-
cessed with the same subscript function.

V1. CONCLUSIONS AND FUTURE WORK

Processing and analyzing large volumes of data play an in-
creasingly important role in many domains of scientific re-
search, However, high-level language and compiler support
for developing such applications have been 50 far lacking.

We are developing compiler and runtime technigues nec-
essary to generate efficient implementations of such applica-
tions from a high-leve! programming language. Through ad-
vanced compiler analysis, our system is able 1o extract nec-
essary information from the source code. This information is
used to generated an executable that makes exiensive use of
a runtime system called Active Data Repository (ADR).

In this paper, we have presented advanced techniques that
can enhance the performance of compiler generated data in-
tensive codes. We have shown how characterization of ac-
cess patterns into dense and sparse and choosing appropriate
execution strategy for cach leads to better performance. We
have also shown how demand-driven outpul space allocation
on each processor, managed throu gh a sparse data-structure,
can reduce the number of tiles that need to be allocated on
cach processor and enhances performance.
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