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Abstract

Management of program data to reduce false shar-
ing and improve locality is critical for scaling perfor-
mance on NUMA multiprocessors. We use HPF-like
directives to partition and place arrays in data-parallel
applications on Hector, a shared-memory NUMA mul-
tiprocessor. We present experimental results that
demonstrate the magnitude of the performance im-
provement attainable when our proposed array man-
agement schemes are used instead of the operating sys-
tem management policies. We then describe a com-
piler system for automating the partitioning and place-
ment of arrays. The compiler uses a number of tech-
niques that exploit Hector's shared memory architec-
ture to e�ciently implement distributed arrays. Ex-
perimental results from a prototype implementation
demonstrate the e�ectiveness of these techniques.

1 Introduction

In order to achieve scalability, state-of-the-art
shared memory multiprocessors are employing a hi-
erarchical memory structure in which shared memory
is physically distributed, and a scalable low latency in-
terconnection network is used to support distributed-
shared memory. This structure makes memory access
time dependent on the distance between processor and
memory. Hence, these multiprocessors are referred to
as Non-Uniform Memory Access (NUMA) multipro-
cessors. Examples of NUMA multiprocessors include
the Stanford Dash [7], the KSR1 [5], and Toronto's
Hector multiprocessor [12].

NUMA multiprocessors are programmed using a
shared memory programming model. In this model,
application programmers are not concerned with the
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management of data in shared memory. Tasks such as
the placement, partitioning, replication and migration
of data across the physical memories in the system are
typically delegated to the operating system, as a part
of its page management policies [6, 11].

In this paper, we advocate that user-level data man-
agement is as important in NUMA multiprocessors
as in distributed memory multiprocessors. Operat-
ing system policies deal with application data at the
page level. This is too coarse of a grain to exploit
locality of reference that exists in applications due to
�ne grain sharing of data, and leads to considerable
false sharing. Data must be partitioned, placed and
possibly replicated in order to enhance data locality
and minimize false sharing. We present supporting
experimental results from the Hector multiprocessor
using four application kernels: matrix multiplication,
LU factorization, Successive Over Relaxation (SOR),
and Simplex linear optimization. The results indicate
that in all four applications, the partitioning, place-
ment and replication of data across the physical mem-
ories of the multiprocessor have a strong impact on
performance. The results also suggest that the most
suitable scheme for partitioning data depends not only
on the nature of the application, but also on the num-
ber of processors and the size of the data; parameters
that sometimes are not known until run-time.

Delegating data management to the programmer
has its drawbacks, nonetheless. Typically, it is not
apparent to the programmer how to partition pro-
gram data, nor how to replicate shared data in or-
der to minimize the execution time of an application.
The programmer is forced to experiment with several
data partitioning, data placement and data replication
schemes to arrive at the most suitable one. In each
case, the programmer must restructure the applica-
tion program in order to re
ect the particular scheme
used. This is a time consuming and an error prone
process that reduces programmer's productivity.



In order to automate the tasks of data management
we have designed a compiler system for the Hector
multiprocessor. The compiler targets large-scale scien-
ti�c applications that use large regular arrays of data
in nested loops. The compiler accepts directives for
regular partitioning and distribution of arrays, sim-
ilar to those used in High Performance Fortran [3].
The compiler's analysis of input programs is largely
based on compilation techniques for distributed mem-
ory multiprocessors. However, the compiler takes ad-
vantage of the shared memory architecture of Hector
to e�ciently implement and manage storage for dis-
tributed arrays.

The remainder of this paper is organized as follows.
In section 2 an overview of the Hector multiprocessor
is given. In section 3 the four applications we use
in our study and the results of their parallelization
on Hector are described. In section 4 our compiler
system and results from a prototype implementation
are described. In section 5 relevant work is reviewed.
Finally in section 6 concluding remarks are presented.

2 The Hector multiprocessor

Hector [12] is a scalable shared memory multipro-
cessor which consists of a set of processing modules
connected by a hierarchical ring interconnection net-
work, as shown in Figure 1. Four processing modules
are connected by a bus to form a station. Stations are
connected by a local ring to form a cluster. Clusters
are then connected by a central ring to form the sys-
tem. Each processing module consists of a Motorola
88000 processor with 16 Kbytes of fast cache and a 4-
Mbyte local portion of shared memory. A processing
module accesses non-local portions of shared memory
over the ring interconnect. Hector has no hardware
mechanisms for cache consistency. Our experiments
have been conducted on a 16-processor cluster con-
sisting of 4 stations on a single local ring.

Hurricane [11] is the operating system of Hector,
and it provides application programmers with light
weight processes to express and manage parallelism.
The processes run in a single address space and share
the same global variables, thus providing programmers
with an easy mechanism to share and communicate
data.

Hurricane plays a central role in shared data man-
agement on Hector. Since there are no mechanisms for
cache consistency in hardware, the operating system
maintains the data in the caches in a consistent state.
The memory manager of Hurricane implements a sin-
gle writer multiple reader (SWMR) consistency proto-

col for each page in memory. The manager keeps track
of how pages are being accessed by the processors. A
page is initially cacheable and remains in that state
as long there is only a single writer to it, or as long
are there are only multiple readers of it. Otherwise,
the page becomes uncacheable, and can be accessed
only from main memory. Once a page has become
uncacheable, it remains as such until the programmer
explicitly resets its state back to cacheable.

The operating system also controls the placement
of data in the physically distributed shared memory
via two page placement polices. The First-hit policy
places a page in the physical memory of the �rst pro-
cessor that generates a fault to the page. The round-
robin policy places pages in the physical memories of
the system in a round-robin fashion as the processors
generate faults to pages. In both cases, once a page
has been placed in a memory it remains there until
the programmer explicitly resets its state, and then it
can be re-placed using one of the above two policies.
Pages are not replicated in memory.

3 The experiments

In this section the four application kernels used in
our experiments are described, and the results ob-
tained from the Hector multiprocessor are presented.
The application kernels are: matrix multiply, LU fac-
torization, SOR and Simplex.

Matrix Multiply. This is a standard matrix mul-
tiplication kernel that computes the product of two
square matrices a and b as follows:

for i=1,n

for k=1,n

r = a[i][k] % register allocated

for j=1,n

c[i][j] += r*b[k][j]

The kernel is parallelized by having each processor
compute an equal portion of the output matrix c.

LU factorization. This kernel decomposes an n� n

square matrix a into a lower and an upper triangular
matrices using Gauss-Jordan elimination with pivot-
ing and row exchange. The main part of the kernel
can be expressed as follows:

for k=1,n-1

% find index of pivot

ipivot =index(max(a[k][k],n-k))
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Figure 1: The Hector multiprocessor.

% exchange pivot and current rows

exchange(k,ipivot)

for i=k+1,n

% compute multipliers

m[i]= -a[i][k]/a[k][k]

% perform Gauss-Jordan elimination

for i=k+1,n

for j=k+1,n

a[i][j]=a[i][j]+m[i]*a[k][j]

The kernel is parallelized by having each processor
perform the Gauss-Jordan elimination computations
on an equal portion of the submatrix below and to
the right of the pivot in each of the k iterations.

SOR. The successive-over-relaxation kernel is an algo-
rithm for iteratively solving partial di�erential equa-
tions. The main part of the kernel is shown below.

repeat

for i=2,n-1

for j=2,n-1

b[i][j]=(a[i-1][j]+a[i+1][j]+

a[i][j-1]+a[i][j+1])/4.0

for i=2,n-1

for j=2,n-1

a[i][j]=b[i][j]

until convergence

This kernel is parallelized by assigning an equal
subset of the array b to each processor.

Simplex. This application kernel solves an m�n linear
programming problem using the well-known simplex

method. The method uses an (m+ 1)� (n+ 1) matrix
t, referred to as the simplex tableau, and it iterates
over that tableau until a solution is found. The details
of the method can be found in [10]. The main part of
each iteration is:

% find pivot column

pc = index(min(t[m+1][*]))

% find pivot row

pr = index(min(t[*][n+1]/t[*][pc]))

% perform Gauss-Jordan elimination

for i=1,m+1

for j=1,n+1

if i != pr

t[i][j] = t[i][j] -

(t[i][pc]/t[pr][pc])*t[pr][j]

else

t[pr][j]=t[pr][j]/t[pr][pc]

The kernel is parallelized by having each processor
perform an equal subset of the Gauss-Jordan elimina-
tion computations. One processor is designated as a
master, and in addition, it performs the computations
necessary to �nd the pivot column and the pivot row
in each iteration of the kernel.

The performance of the four applications on Hector
is shown in Figure 2. The performance is reported
in terms of the speedup of each application, which is
de�ned as the ratio of the sequential execution time
to the parallel execution time of the application.

The curve labeled \Hurricane" shows the speedup
of each application using Hurricane's page-based cache
consistency protocol and data placement policies. The
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Figure 2: The performance of the four application kernels.

poor performance indicated by these curves is at-
tributed to false sharing and poor data locality. The
relatively large size of a page (4 Kbytes) makes many
data objects not shared by processors reside on the
same page. Independent references to the data by pro-
cessors cause the page to become uncacheable, which
increases access time to data and degrades perfor-
mance. In the case of matrix multiply, the a and b

matrices are both read-only, and hence, false sharing
is not an issue. The operating system page placement
policies do not take into consideration the data lo-
cality needed to achieve scaling performance. In all
the applications, one of the processors is initially re-
sponsible for program I/O and initializations. Conse-
quently, the majority of program data is either placed
in one physical memory under the �rst-hit policy, or
placed scattered across the physical memories under

the round-robin policy. In both cases, data is not nec-
essarily located in the physical memory of the proces-
sor using the data the most. This results in a large
number of non-local memory references and hence, a
degraded performance.

The remainder of the curves for each application
show the performance of the application after the
program has been manually restructured to eliminate
false sharing and enhance data locality. The programs
have been restructured to partition the data according
to how the data is used by the processors, and place
the pages containing data in the memory of the proces-
sor that uses the data the most. The various data par-
titioning schemes will be described in the next section.
Shared data (such as the pivot row in the Simplex ker-
nel, for example) has been replicated to further avoid
false sharing. The curves re
ect signi�cantly better



performance, which indicates the importance of elim-
inating false sharing and enhancing data locality.

The results also indicate that the data partition-
ing scheme has an impact on performance. For exam-
ple, column-block partitioning outperforms row-block
partitioning for the Simplex application. This is at-
tributed to the number of non-local memory references
incurred in each scheme, and to the impact the scheme
has on the communication patterns among the proces-
sors. In the Simplex application, a processor makes
O(n) non-local memory references to obtain the pivot
row under row-block partitioning. However, only the
master processor makes O(m) non-local memory ref-
erences under column-block partitioning. This results
in a smaller number of non-local memory references
since m � n in our linear programming problems. In
addition, since all the processor share the pivot row,
all processors must access a single physical memory to
obtain a copy of that row under row-block partition-
ing. This creates a \hot-spot" at which the processors
contend to access memory. However, under column-
block partitioning, the pivot row becomes distributed
among the processors, levitating the hot-spot.

Finally, the results indicate that the best scheme
for data partitioning depends on the number of pro-
cessors. For example, in the Simplex kernel, row-
block partitioning results in slightly better perfor-
mance than column partitioning up to 4 processors,
but in worse performance for a larger number of pro-
cessors. There is also similar dependence on the size of
the data, and the placement of data partitions on the
processors. However, due to space limitations, these
results are not presented here [13].

4 The compiler

4.1 Overview

The results presented in the previous section indi-
cate that user-level data management is essential for
achieving scaling performance on NUMA multiproces-
sors. However, the task of re-structuring programs to
partition, place and replicate data is a tedious and
error-prone one. Hence, we have designed and imple-
mented a prototype of a compiler system on Hector
which automates the task of restructuring programs
to re
ect desired array partitioning and distribution
schemes.

The compiler takes as input programs written in a
restricted version of the C programming language [13].
Parallelism in an input program is expressed using

forall statements. The compiler also takes as in-
put a scheme of data partitioning for each array in
a parallel loop nest and a speci�cation of processor
geometry. The compiler produces a Single Program
Multiple Data (SPMD) parallel program for Hector.
In this parallel program, arrays are partitioned, and
the partitions are placed in the physical memories of
the processors according to the speci�ed partitioning
schemes. Parallelism in the output program is ex-
pressed using the appropriate operating system calls
that create, manage and synchronize light-weight pro-
cesses. Each process executes the subset of the itera-
tions of parallel loops in the input program.

An array is partitioned by assigning a partitioning
attribute to each dimension of the array. The parti-
tioning attributes supported by the compiler are those
supported by the HPF language [3]. The BLOCK at-
tribute partitions the array in a dimension in equal
size blocks such that each processor has a contiguous
block of the array in that dimension. The CYCLIC

attribute partitions the array by assigning elements
of the array in a dimension to the processors in a
round-robin fashion. The BLOCK-CYCLIC attribute
�rst groups array elements in a given dimension in
contiguous blocks of equal sizes, and then CYCLIC-ly
partitions the blocks. The * attribute indicates that
the array is not partitioned in a dimension. Hence,
for a two-dimensional array, (BLOCK,*) speci�es row-
block partitioning, (*,CYCLIC) speci�es column-cyclic
partitioning, and (BLOCK,BLOCK) speci�es grid-block
partitioning of the array.

The processor geometry speci�es an arrangement
of the processors in the form of a multi-dimensional
mesh. This allows the compiler to determine the num-
ber of processors allocated to each dimension of a par-
titioned array, and hence, to map array partitions onto
processors.

The compiler consists of two main phases: program
analysis and parallel code generation. The two phases
are described in the sections below. The description
focuses on the unique aspects of our compiler and its
implementation of distributed arrays.

4.2 Program analysis

The purpose of program analysis is to map array
partitions to processors, to determine the subset of
parallel-loop iterations executed by each processor,
and to classify array references that appear in par-
allel loops as either local or non-local. The is done
using the array partitioning schemes and the proces-
sor geometry speci�ed in the input program, and by
applying the owner-compute rule [4]. The analysis is
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Figure 3: Local partition allocation.

largely based on that of Fortran D [4], and hence, will
be only overviewed here. The analysis consists of three
main steps. In the �rst step, the array partitioning
schemes and the processor geometry are used to deter-
mine a local array index set for each partitioned array
on each processor. This de�nes the portion of each
array that is to become local in the physical memory
of each processor. In the second step, the local array
index sets and the subscript expressions in LHS array
references in a parallel loop are used to determine a
loop index set for that loop on each processor. This
set describes the subset of the iterations of that loop
to be executed by each processor. In the third step,
loop index sets and the subscript expressions in RHS
array references in a parallel loop are used to classify
the RHS array references. References that only access
array elements in the local partition of the array are
referred to as local references; references that access
array elements in non-local partitions of the array are
referred to as remote references. Unlike program anal-
ysis for distributed memory machines, there is no need
to translate array index sets into local index sets for
each processor since arrays reside in globally shared
memory.

4.3 Parallel code generation

The parallel code generation phase of the compiler
generates code to allocate in each physical memory a
local region for each array partition that is to reside
in that memory. It also generates code to create, co-
ordinate and synchronize light-weight processes which
execute iterations of forall loops in parallel as deter-
mined by program analysis.

The distributed allocation of arrays gives rise to
two problems. First, a reference to an array element
must be made into an equivalent reference within the
region containing the array element in either local or

remote memory. This is necessary since the array is
segmented in shared memory, yet is accessed by the
program as if it were stored in a contiguous form.
We refer to this as reference translation. Second, the
cacheability of local array partitions must be main-
tained, even when some of the array elements in a lo-
cal partition are accessed by more than one processor.
This is necessary to assure that in during the parallel
execution of a loop nest, data accessed by a processor
is in a cacheable state. The compiler uses operating
system calls to restore the cacheability of pages that
become uncacheable.

The need to translate array references and to main-
tain cacheability can result in overhead that a�ects
the performance of a parallel program, and hence,
must be performed e�ciently. The compiler takes
advantage of the shared memory of Hector and uses
pointer manipulation and a number of memory allo-
cation schemes to e�ciently translate references and
maintain the cacheability of distributed arrays. The
suitability and performance of each scheme depends
on the partitioning scheme of the array.

In order to make the translation of local references
e�cient, the pointer to the local region of the array is
o�set by a constant amount that depends on the size of
the local region and the relative position of the region
in the array. This is shown in Figure 3 for a 256 �
256 array with BLOCK partitioning in both dimensions
and a 4 � 4 processor geometry. Local references to
the local portion of an array are performed with no
overhead.

The translation for remote references can be done
in a number of ways. If the data partitioning scheme
is such that all but one of the dimensions of an array
reside in one physical memory, then remote regions of
the array can be accessed by directly using the point-
ers to these regions. We refer to this scheme as remote
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region binding. This is the simplest scheme since it
requires no additional pointer processing or memory
allocation. However, the scheme makes it prohibitive
to maintain the cacheability of array partitions during
the execution of a parallel loop. Since remote array
elements are accessed directly, the cacheability of the
pages containing these elements has to be restored on
every access. Since this is done using expensive oper-
ating system calls, the cost of maintaining cacheability
becomes prohibitive.

If remote region binding is not possible, then an im-
age array is used to translate remote references. The
image array is a physically contiguous array of point-
ers of the same size as the distributed array, and which
is initialized so that reference to an element in the im-
age array give the address of corresponding element of
the distributed array. All references to the distributed
array in the body of a parallel loop are replaced by a
de-reference operation of the corresponding element in
the image array. This translation scheme adds over-
head to each remote reference due to the additional
memory accesses to the image array. This overhead
is incurred regardless of whether the element accessed
by the reference is in the local or a remote array par-
tition. However, since the image array is only read by
the processor after it has been initialized by the com-
piler, it can be made cacheable to all the processors.
If a large portion of the image array remains in the
cache, the resulting overhead becomes minimal. The
use of the image array, nonetheless, adds considerable
memory space overhead to the program. The scheme
has the same problems in maintaining cacheability as
remote region binding.

Reference translation can also be performed by us-
ing a shadow region. The local region allocated in each
memory is enlarged to hold both local array elements
and a copy of the remote array elements referenced

by the processor. The part of the region used to hold
the copy of the non-local elements is the shadow re-
gion. This is shown in Figure 4 for a 256 � 256 ar-
ray with BLOCK partitioning in both dimensions and
a 4 � 4 processor geometry. Code is inserted at the
beginning of a parallel loop to copy the data from re-
mote memories into local shadow regions before the
execution of the parallel loop nest. Remote array ref-
erences become references to the local shadow region,
and are performed with no overhead. This scheme
adds the overhead of data copying and uses additional
memory space. Since array partitions must be rect-
angular, there can be signi�cant memory waste, espe-
cially if the remote elements are not in the immediate
spatial neighborhood of the data local to a processor.
However, it makes it easy to maintain cacheability.
Operating system calls are inserted after the shadow
regions have been copied to restore the cacheability
of both the array partitions and the shadow regions.
This code is executed only once per parallel loop for
all remote references within the loop.

Remote reference translation can be also performed
by using loop transformations such as loop peeling
and/or loop splitting [14]. A parallel loop nest is
split into multiple nests, such that in each nest ar-
ray references are either local or are directed to only
one remote memory, similar to remote region binding.
This allows the replacing array references in each nest
by ones that directly reference the appropriate local
or remote array partition. This translation method,
however, is not possible in all applications, and when
possible, can increase program overhead due to the
increased number of loop nests in the program.

4.4 Performance

The performance of the compiler-generated parallel
kernels on Hector is shown in Figure 5 using a number
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Figure 5: Performance of the compiler-generated parallel kernels.

of array partitioning and memory allocation schemes.
RRB refers to remote region binding, IA refers to image
array, and shadow refers to shadow regions. The re-
sults indicate that relatively scaling performance can
be obtained using the compiler on the applications.

In the matrix multiplication kernel, remote region
binding is used for both the A and B arrays. Since
both arrays are only read by the processors, cacheabil-
ity need not be maintained. The performance of the
kernel is only limited by its memory access patterns.

The performance of the SOR kernel can be used to
indicate the relative merits of the various translation
schemes described in the previous section. The best
performance is obtained by using the BLOCK attribute
on the rows of the arrays, and using shadow regions
to maintain cacheability. Similar performance can be
obtained by using remote region binding. The lack

of cacheability in this case does not signi�cantly a�ect
performance due to the small number of pages that be-
come uncacheable when the partitioning is row-block.
This is in contrast to the performance of the kernel
when column-block partitioning an an image array are
used. The number of pages that become uncacheable
is large, and that adversely a�ects performance.

The performance of the LU kernel does not scale
well. This is attributed to the row exchange step in
each iteration of the outer loop in the kernel. The two
rows that are exchanged may reside in di�erent pro-
cessors. Hence, it becomes necessary to restore the
cacheability of the a�ected pages each iteration. The
high cost of the operating system calls that restore
page cacheability in the sequential section of the ker-
nel degrades its performance. The performance of the
Simplex kernel is a�ected by similar factors.



5 Related work

A number of research groups have proposed imple-
menting high-performance compilers for distributed
memory multiprocessors based on user-speci�ed array
partitioning and distribution directives [1, 2, 4, 8, 9].
Our work extends the applicability of these directives
to NUMA multiprocessors with shared address spaces.
The work has speci�cally addressed e�cient imple-
mentations of array partitioning that take advantage
of the available shared address space. This has not
been addressed in previous work.

6 Conclusions

In this paper we have presented experimental re-
sults which indicate the importance of user-level data
management on NUMA multiprocessors. User-level
data management allows users to control how data is
partitioned, placed and replicated in a physically dis-
tributed shared memory. This signi�cantly improves
performance by eliminating false sharing and increas-
ing data locality.

We have developed a compiler system to automate
the mundane tasks of data management. The com-
piler accepts as input a data parallel program in which
parallelism is expressed using the forall statement,
as well as partitioning and placement schemes for ar-
rays. The compiler then generates a SPMD program
in which parallelism is expressed using appropriate op-
erating system calls, and in which data partitioning
and placement schemes are implemented. The com-
piler takes advantage of the underlying shared memory
architecture to e�ciently implement array partition-
ing and distribution. Future work will address the de-
velopment of performance models to provide the com-
piler with the ability to estimate the goodness of data
distributions. Future work will also address the sup-
port for dynamic data distributions to accommodate
changing data access patterns during run-time.
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