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1 Introduction

The problem of loop and data partitioning for distributed memory
multiprocessors with global address spaces has been studied by
many researchers.[1] is one of them, see that paper for more. The
goal of loop partitioning for applicationswith nested loops that ac-
cessdataarraysisto divide theiteration space among the processors
to get maximum reuse of datain the cache, subject to the constraint
of having good load balance. For architectures where non-local
memory references are more expensive than local memory refer-
ences, the goal of data partitioning is to place data in the memory
where it is most likely to be accessed by the local processor. Data
partitioning tiles the data space and places the individual datatiles
in the memory modules of the processing nodes.

In this paper we will present a solution to the problem of de-
termining loop and data partitions automatically for programs with
multiple loops and data arrays. We assume that parallelism in the
source program is specified using parallel do loops. This can either
be done by a programmer, or by a previous dependence analysis
and parallelization. Thefull version of thiswork isin [2].

We have applied our algorithm to cache-coherent multiproces-
sorswith physically distributed memory. Weintroduce acost model
that will estimate the cost of executing a loop given the loop par-
titions and the partitions of data arrays accessed by the loop. This
cost model is based on architectural parameters such as the cost of
local and remote cache misses. The cost model is used to drive an
iterative solution to the global problem.

We note that the demands of cache and data locality often con-
flict. The agorithm itself uses an iterative improvement method
to arrive at a solution. We initially begin with a cache optimized
solution as demanded in [1], and the heuristic method then deter-
mines the best data partitions given the loop partitions. Then the
loop partitions are re-eval uated given the new datapartitions. These
forward and back phases of the algorithm are run until some thresh-
old number of iterations, and the best solution found until then, as
determined by the cost model, is used.

2 Loop Partitioning Overview

This section gives a brief summary of the method for loop parti-
tioning to increase cache reuse given in [1]. We use this method as
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Figure 1: Iteration space partitioning is completely specified by thetile at
the origin.

the starting point for loop and data partitioning. The method han-
dles programs with loop nests where the array index expressions
are affine functions of the loop variables. In other words, the index
function can be expressed as,

ji) = iG+i €

where G isal x d matrix with integer entries and @ is an integer
constant vector of length d, termed the offset vector. Thus accesses
of theform A[2i+j,100-i] and A[j] are handled, but not A[:?], where
i,j arenested loop induction variables.

A loop partition L is defined by a hyperparallelepiped at the
origin as pictured in Figure 1. The footprint of an iteration tile L
with respect to an array reference is the set of points in the data
space accessed by the loop tile as a result of the reference. This
footprintisgiven by LG.

[1] shows how L can be chosen to minimize the number of
cache misses. In the cost model we also refer to the data partition
D. D represents how the data space is tiled. Thisis represented as
atile at the origin of the data space just like L is represented as a
tile at the origin of the iteration space. An array referencein aloop
will have good locality when LG = D.

3 The Cost Model

In order to eval uatethe combined cache and datalocality of loopand
data partitionswe useacost functionto compare different solutions.
This function takes, as arguments, a loop partition, data partitions
for each array accessed in the loop, and architectural parameters
that determinetherelative cost of cache misses and remote memory
accesses. It returns an estimation of the cost of array referencesfor
the loop.

To beginwith, we can expressthe cost dueto memory references
in terms of the architectural parametersin the following equation:



Ttotal_access = TR(nremote) + TL(nlocal) + TC (ncache)

whereTr,T1, Tc are theremote, local and cache memory ac-
cesstimesrespectively, and nyremote, Riocal , Reache @€ the number
of references that result in hits to remote memory, local memory
and cache memory. These depend on the loop and data partitions.

The full thesis [2] shows how we can express the above simple
formula in terms of the partitioning variables defined in [1]. The
derivation uses a series of intermediate functions, and is somewhat
involved. An exact formulais very hard to compute, but we have
made some assumptions which are almost always true in practice,
giving arelatively smple formula.

4 The Multiple Loops Heuristic Method

This method uses a commonly used natural representation of a
program with many loops accessing many arrays, namely, abipartite
graph G = (V1, Vg, E). We picture the loops as a set of nodes V; on
the left hand side, and the data arrays as a set of nodes V; on the
right. An edge ecE between aloop and array nodeis present if and
only if the loop accesses the array.

4.1 Iterative Method

The basic method is the following. We begin with an initial 1oop
partition arrived at by the singleloop optimization method described
in Section 2. Thenwefollow an iterative improvement method with
each iteration having two phases: thefirst (forward) phase findsthe
best data partitions given loop partitions, and the second (back)
phase re-evaluates the values of the loop partitions given the data
partitions just determined.

Specificaly, in the forward phase we set the data partition of
each array to be one of the data partitions induced by the loops
accessing it. The choiceisto pick the data partition induced by the
largest loop accessing it. There are some details and changes to
this basic strategy which we discussin [2]. In the back phase we
set the loop partition of each loop to be one of the loop partitions
induced by the arrays accessed by the loop. We use the cost model
to evaluate the alternative loop partitions and pick the one with the
minimum cost.

These forward and backward phases are repeated, each time
using the cost model to determine the estimated array reference
cost for the current partitions. After some number of iterations,
the best partition found so far is picked as the final partition. A
parameter to be determined is how many iterations should be used.
[2] showsthat the length of the longest acyclic pathinthegraphisa
reasonable bound. In practice this heuristic seemsto perform quite
well.

5 Results

We have implemented the algorithm described in this paper as part
of our compiler for theMIT Alewifemachine. The Alewifemachine
implements a shared global address space with distributed physical
memory and coherent caches. The nodes contain sightly modified
SPARC processors and are configured in a 2-dimensional mesh
network. The approximate Alewife latencies are: 2 cycle cache
hit, 11 cycle local memory hit, 40 cycle remote access assuming
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Figure 2: Speedup for conduct. Problem size 153 x 133, double precision.

no contention. The last number will be larger for large machine
configurations.

As an example, we ran the conduct routine from the SIMPLE
application on the Alewife machine simulator. It has 20 loop nests,
and 20 arrays. A dtatic partition for the data is used. We ran the
conduct code using three different data partitions:

global This is obtained by using the algorithm described in this
paper.

local Thisis the result of partitioning asin [1] for cache locality,
looking at one loop at atime.

random Thispartitionjust all ocatesthe dataacross processorswith
no regard for data locality.

Figure 2 showsthe speedups obtained for the global, local, and
random partitions. We see that the global partitioning heuristic
provides a significant increase in performance over local, which
itself is significantly faster than using arandom data partition. We
will havemoredatafor afinal paper soon,including alarger problem
size and larger number of processors, as well as results of varying
remote memory latency.
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