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Abstract. This paper gives an overview of locality enhancement tech-
niques used by the Jasmine compiler, currently under development at the
University of Toronto. These techniques enhance memory locality, cache
locality across loop nests (inter-loop-nest cache locality) and cache local-
ity within a loop nest (intra-loop-nest cache locality) in dense-matrix sci-
enti�c applications. The compiler also exploits machine-speci�c features
to further enhance locality. Experimental evaluation of these techniques
on di�erent multiprocessor platforms indicates that they are e�ective in
improving overall performance of benchmarks; some of the techniques
improve parallel execution time by up to 6 times.

1 Introduction

Large-scale Shared-memory Multiprocessors (LSMs) are being increasingly used
as platforms for high-performance scienti�c computing.A typical LSM consists of
processors, caches, physically-distributed memory and an interconnection net-
work, as shown in Figure 1. The memory is physically distributed to achieve
scalability to reasonably large numbers of processors. Nonetheless, the hardware
supports a shared address space that allows a processor to transparently access
memory through the network. Caches are used to mitigate the latency of access-
ing both local and remote memory. The hardware also enforces cache coherence.
Examples of LSMs include the Stanford Flash [8], the University of Toronto
NUMAchine [17], the HP/Convex Exemplar [4], and the SGI Origin 2000 [6].

Today's parallelizing compilers are capable of detecting loop-level parallelism
in scienti�c applications, but often favor greater parallelism over locality, result-
ing in parallel code with poor performance [3, 5]. Hence, a key challenge facing
the parallelizing compilers research community today is how to restructure code
and data to e�ectively exploit locality of reference while maintaining parallelism.
This is particularly the case for LSMs, where the physically-distributed shared
memory and the use of high-speed caches dictate careful attention to memory
and cache locality, yet the large number of processors requires a high degree
of parallelism. To address this issue, we have investigated new code and data
transformations that enhance cache and memory locality in scienti�c programs
while preserving compiler-detected parallelism.We have prototyped these trans-
formations in the Jasmine compiler at the University of Toronto. The goal of this
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Fig. 1. A large-scale shared-memory multiprocessor.

paper is to give an overview of these transformations and to present recent exper-
imental evaluation of their e�ectiveness in improving the parallel performance
of applications on state-of-the-art LSMs.

There are 4 types of locality enhancement techniques employed by Jasmine.
They are: memory locality enhancement (described in Section 2); inter-loop-
nest locality enhancement (Section 3); intra-loop-nest locality enhancement (Sec-
tion 4); and machine-speci�c locality enhancement (Section 5).

2 Memory Locality Enhancement

The placement of data in the physically-distributed shared memory of a LSM
system has been traditionally delegated to the operating system. Page place-
ment policies, such as \�rst-hit" and \round-robin" place pages in memory as
these pages are initially accessed [9]. Unfortunately, operating system policies are
oblivious to applications' data access patterns and manage data at too coarse of
a granularity. It is too often the case that these policies fail to enhance memory
locality, cause contention and hot-spots, and lead to poor performance [1, 9].

Data partitioning is an approach used by compilers for distributed memory
multiprocessors, such as High-Performance Fortran (HPF), to map array data
onto separate address spaces. Although such partitioning of an array is not
necessary on a LSM because of the presence of a single coherent address space,
data partitioning can be used to enhance memory locality|the compiler can
place an array partition in the physical memory of the processor that uses this
partition the most. Furthermore, data partitioning can eliminate false sharing,
reduce memory contention and enhance cache locality across loop nests [15].
However, the task of selecting good data partitions requires the programmer to
understand both the target machine architecture and data access patterns in the
program [7]. Consequently, porting programs to di�erent machines and tuning
them for performance becomes a tedious and laborious process.

Hence, we designed and implemented an algorithm for automatically deriv-
ing computation and data partitions in dense-matrix scienti�c applications on
LSMs [16]. The algorithm derives partitions taking into account not only the
non-uniformity of memory accesses, but also shared memory e�ects, such as
synchronization, memory contention and false sharing. It is used by Jasmine to
place array data in the memory modules of a multiprocessor so as to enhance
memory locality, reduce false-sharing, avoid contention and minimize the cost of
synchronization. The algorithm consists of two main phases. In the �rst phase,
a�nity relationships are established between parallel loops and array data using
array references in the program. These relationships are captured by the Array-
Loop A�nity Graph, or the ALAG. Each node in this graph represents either



L1: for j = 1 to N−1
        forall i = j to N−1
          A(i,j) = (B(i)+B(i+1))*A(i,j+1)
        end for
      end for

L2: forall j = 1 to N
        for i = 2 to N
          A(i,j) = A(i−1,j) −B(j)+C(N−j+1,i)
        end for
      end for

(a) Example code.
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(b) Associated ALAG.

Fig. 2. An example code and its ALAG.
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Fig. 3. Performance of benchmarks with and without CDP.

a parallel loop or an array dimension. Edges are introduced when the subscript
expression in an array dimension contains the iterator of a parallel loop. Fig-
ure 2 shows a short program segment and its associated ALAG. The nodes in
the ALAG are assigned initial distribution attributes and an iterative algorithm
is used to derive static partitions. These partitions may not be optimal for some
arrays that stand to be distributed di�erently in di�erent loop nests. Hence,
in the second phase of the algorithm, the static partitions for such arrays are
re-evaluated to determine if dynamic partitions are more pro�table. It is in this
phase the machine-speci�c parameters and shared-memory e�ects are taken into
account. The details of the algorithm are presented in [16].

The speedup (with respect to sequential execution) of 8 benchmarks applica-
tions on a 32-processor Convex SPP-1000 multiprocessor is shown in Figure 3.
The parallel speedup of the applications using our derived computation and data
partitions is superior to their speedup using operating system policies (about 2
times better on average for the applications). A more complete set of results
on overall performance, on the importance of taking shared memory e�ects into
account and on the computational e�ciency of our approach is presented in [16].



3 Inter-Loop-Nest Locality Enhancement

Programs often contain sequences of parallel loop nests which reuse a common
set of data. Hence, in addition to exploiting loop-level parallelism, a parallelizing
compiler must restructure loops to e�ectively translate this reuse into cache lo-
cality. Existing techniques employ loop transformations which exploit data reuse
within individual loop nests (e.g., tiling and loop permutations). Unfortunately,
the bene�t of these transformations is limited because there is often little reuse
within a loop nest, or because today's large caches are capable of capturing what
reuse exists [13]. In contrast, there exists considerable unexploited reuse between
loop nests; the volume of data accessed in one loop nest is normally larger than
the cache, causing data to be ejected from the cache before it can be reused in
a subsequent loop nest.

Loop fusion is used to combine a sequence of parallel loop nests into a sin-
gle loop nest and enhance inter-loop-nest locality. In addition, fusion increases
the granularity of parallelism when the resulting loop nest is parallel, and it
also eliminates barrier synchronization between the original loop nests. How-
ever, data dependences between iterations from di�erent loop nests may become
loop-carried in the fused loop nest, and may make the resulting fusion illegal, or
may prevent parallelization of the fused loop.

We present a transformation called shift-and-peel that enables the compiler
to apply fusion and maintain parallelism despite the presence of dependences
that would otherwise render fusion illegal or prevent parallelization [12]. The
transformation consists of two operation, which respectively overcome fusion-
preventing and serializing dependences. Figure 4 illustrates the application of
shifting and peeling to a pair of one-dimensional parallel loops. Backward de-
pendences (upward arrows) that prevent fusion are eliminated by alignment of
iterations spaces. Cross-processor forward dependences (downward arrows) that
prevent parallelization are eliminated by peeling their sink statements, as shown
in the �gure. Peeling enables the main blocks of fused iterations to be executed
in parallel. The individual peeled statements are collected into smaller indepen-
dent blocks that are executed after all main blocks have been executed. The
details of the technique are in [12].

The speedup of 3 applications on the Convex SPP-1000 is shown in Figure 5
and it indicates that shift-and-peel improves parallel performance by 10%-30%.
In one application, spem, there are 11 loop nest sequences which require our shift-
and-peel transformation to enable legal fusion and subsequent parallelization.
The longest sequence consisted of 10 loop nests, and most of the sequences
contain 4 or more loop nests. The total data size for the application is 70 MBytes,
which exceeds the total cache capacity of all processors and necessitates the use
of inter-loop-nest locality enhancement.

4 Intra-Loop-Nest Locality Enhancement

Complex loop nest structures often consist of an outermost loop surrounding an
inner sequence of loop nests. The shift-and-peel transformation enhances inter-
loop-nest locality for the inner sequence of nest by fusing it into a single loop
nest. This allows the reuse that may be carried by the outermost loop to further
be exploited using tiling. Tiling re-orders and blocks iterations of the original
loop into units of tiles to reduce the number of inner-loop iterations between uses



doall i   =  2,n-1
   a(i) = ...
end  do

doall i   =  2,n-1
    ...  = a(i-1) + a(i+1)
end  do

L1

L2

(a) Example loops.
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(b) Associated transformation.

Fig. 4. The shift-and-peel transformation.

1.0

3.4

6.6

9.9

1.0

3.9

7.7

9.7

1.0

3.1

4.6

3.9

1.1

3.6

7.2

1.2

4.6

8.3 8.2

1.2

4.0

5.5

4.5

11.2

0

2

4

6

8

10

12

1 4 8
 

16
 

1 4 8
 

16
 

1 4 8 16

Applications

S
p
e
e
d
u
p

Original
Enhanced

tomcatv hydro2d spem

Fig. 5. The performance of applications with and without shift-and-peel.

of the same data. However, data dependences in a loop nest are often such that
tiling violates the semantics of the original loop. It becomes necessary to use loop
skewing to enable tiling, which introduces dependences that limit parallelism to
wavefronts in the tiled iteration space. Skewing also modi�es the data access
patterns such that there is data reuse between adjacent tiles, as well as the
data reuse that is captured within individual tiles, as shown in Figure 6 for the
well-known SOR kernel.

Traditionally, dynamic scheduling has been used to execute wavefront par-
allelism [18]. However, dynamic scheduling does not exploit the reuse between
adjacent tiles. We adapt block and cyclic static scheduling strategies in order to
exploit this reuse in tiled loop nests on LSMs [11]. Our strategies also enable the
use of small tiles to increase the degree of parallelism on each wavefront. The
strategies are described in [11].

The use of our block scheduling strategy for the Jacobi PDE solver kernel on
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a 30-processor Convex SPP-1000 demonstrates its advantage over the dynamic
strategy. The kernel consists of two inner loop nests and an outer loop which
carries reuse. The shift-and-peel transformation is required in order to fuse the
two inner loop nests. Loop skewing is required prior to tiling, which gives rise
to wavefront parallelism. Figure 7 shows the speedup of the original Jacobi, the
speedup after fusion but without tiling, the speedup after tiling with dynamic
scheduling and the speedup after tiling with our adapted block scheduling. The
best performance for a large number of processors is obtained by fusing and by
using our adapted block scheduling strategy. Although not shown in the graph
(for the sake of readability), dynamic scheduling with a small tile size performs
far worse.

5 Machine-Speci�c Locality Enhancement

Several research and commercial LSMs incorporate architectural features that
o�er additional opportunities for locality enhancement. For example, the NU-
MAchine multiprocessor [17] supports block transfers from memory to a third
level cache which operates at main memory speed, called the Network Cache
(NC). Similarly, the POW network-of-workstation multiprocessor [14] supports



coherent memory-to-memory prefetching in a single address space. The Jasmine
compiler exploits these features to reduce the latency of remote memory accesses
in parallel loops. This is done by transferring to the local memory of a processor
(i.e., the NC associated with a processor in NUMAchine, or the local workstation
memory in POW) the remote data which is accessed by iterations assigned to
the processor [10]. The data partitions automatically derived by our algorithm
(or otherwise speci�ed by the programmer) are utilized to determine local and
remote data for each processor. In addition, computation partitions and array
references are used to determine iterations of a parallel loop that access only lo-
cal data (referred to as local-computation) and iterations that also access remote
data. The iterations that access remote data are removed from the parallel loop
and are inserted after the local-computation. An asynchronous transfer of the
remote data is initiated before the local-computation to overlap remote access
latency with the local-computations and make remote data local.

The speedup of Jacobi on POW (8 RS6000 workstations connected by Fast
Ethernet and using the TreadMarks [2] software) is shown in Figure 8 with and
without computation-communication overlap. The performance of the �rst par-
allel loop in Jacobi is shown in Figure 8(a) and overall performance is shown in
Figure 8(b). The overlap transformation bene�ts both parallel loop performance
and overall performance by about 30%.
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Fig. 8. Speedup of 512 � 512 Jacobi with 640 iterations.

6 Concluding Remarks

Compiler techniques that enhance locality are critical for obtaining high perfor-
mance levels on LSMs. This paper gave an overview of code and data transfor-
mations used by the Jasmine compiler to enhance memory and cache locality.
These techniques address not only the relevant architectural issues of LSMs
(physically-distributed memory, cache, contention, etc.) but also characteristics
of real applications (sequences of loop nest and complex dependences). Exper-
imental evaluation of these transformations on state-of-the-art multiprocessors
demonstrates their e�ectiveness in improving overall performance of applica-
tions.
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