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Abstract

Compilation of shared memory programs for distributed memory
architectures is a vital task with large potential for speedups over
existing techniques. The simplicity of the shared memory model
increases programmer productivity, however due to the cache-
coherence problem this model does not scale well to large numbers of
processors. Naive emulation of shared memory on distributed
memory architectures is feasible, but introduces large inefficiencies.
In this paper a new method is introduced, which solves this problem
for a common type of parallel loop. Improving the result by
aggregating messages and eliminating dynamic locality checks for
affine array indices.

1. Introduction

This paper contributes to solving the problem of compilation for distributed
memory, by introducing a new optimization for parallel for loops with affine array
indices. Parallel for loops are useful in parallel programs because of their conceptual
simplicity and are quite common especially in scientific computing, a predominate
application of large scale parallel computing. Affine array indices (arrays accessed
by any linear functions of a loop's induction variable) are also quite common in
scientific computing, and the most general type of array access that can be
reasonably statically analyzed. These types of loops are the bottleneck for a great
deal of numeric calculations, optimizing them would give great speedup.

Previous approaches to this problem attempt to analyze the memory footprint of
arrays using polyhedra [2, 5, 8,9, 10, 12, 18]. Boundaries are traced for each array
use and these are intersected with the data distribution (usually block). The loop is
then duplicated for each resulting polyhedron, inside each polyhedra each array use
has a uniform memory bank, which is statically analyzable, allowing for good
message aggregation and elimination of dynamic locality checks. The polyhedral
method is a powerful framework for shared memory architectures [12].



Footprint methods require careful tracking of polyhedra, which becomes very
complex on non-trivial programs. The complexity is further compounded when
these polyhedra are in intersected with data distributions for distributed memory.
Due to this complexity, existing methods tend to restrict inputs to simple index
functions. The polyhedral method navigates these issues for shared memory, but
provides no guidance for intersecting polyhedra with data distributions, so all of
these challenges remain when compiling for distributed memory.

The proposed approach utilizes a cyclic distribution. The memory bank used by
arrays with affine array indices repeats every N iterations of a loop (where N is the
number of memory banks the array is cyclically distributed over). Therefore if a
loop is unrolled by a factor of N, affine array indices can be statically analyzed since
they are linear functions of the loop induction variable. In practice, a cyclic
distribution causes excessive memory communication since adjacent memory
locations are no longer on the same bank. A block cyclic distribution can be used to
mitigate this cost, using a block cyclic distribution requires an additional
transformation for the proposed approach to be general enough to handle it
correctly.

The proposed approach overcomes these drawbacks because it does no footprint
analysis. Multiple dimensions, multiple statements, and complex array indices cause
no increase in complexity of the analysis so long as all array indices are still affine
functions of the loop induction variables. Only low level unrolling and static
evaluation of affine functions are needed for analysis. Since no footprint analysis is
performed the issue of intersecting polyhedra with the data distribution disappears.

Automatic compilation using the proposed method is a work in progress. It is
planned to be implemented in Chapel as an LLVM pass. However some results are
given by performing the method by hand on C code for the UPC compiler, yielding
significant speedup and reduced communication.

2. Background

In a typical scheme for compilation to distributed memory, a parallel loop (referred
to here as a forall loop) is compiled to be executed in parallel by assigning some
iterations to each processor in a block fashion. For any memory access, an “if” check
is performed since this memory could be local or on another node, requiring a
message to get the memory. It may perform a transformation like this, from:

forall i=0:99
alil=ali+2]-3

Transformation to execute the code in parallel with a block distribution of size
100/N:



for 1'=0:ceil (100/N)
1i=i'"+S$*ceil (100/N)
break if i>99
alil=ali+2]-3

Transformation to use distributed memory:

for 1'=0:ceil (100/N)
1i=i'"+S$*ceil (100/N)
break if i>99

if is_local(&al[i+2])

a_get=local get(&a[i+2])
else

a_get=remote get(&al[i+2])
a_set=a get-3
if is_local(&ali])

local set(&a[i], a_set)
else

remote set(&a[i], a_set)

Here $ is processor id number, the notation a:b: c means from a to ¢ with step size
of b. local/remote get/set perform the actual low level function described by their
name.

This transformation has two major drawbacks. What once was a simple and fast
array lookup now is wrapped in an “if” statement at every iteration of the loop. With
branch miss prediction this could be expensive. Secondly messages that must be
sent to lookup or set memory are only handling one element at a time. There is a
large overhead for such a message, whereas there is less overhead per element if
messages are sent that request multiple elements at once.

A common way to achieve these benefits is with footprint analysis. Find which
ranges are on which processor; break the iterations into parts that handle each case.
For example if there are four processors with the data of 'a’ being distributed in a
block fashion, the code could be transformed to:

for 1i'=0:22
1i=1"+$*25
local set(&afi], local get(&ali+2])-3

for 1'=23:24
1i=1"+$*25
local set(&ali], remote get(&al[i+2])-3

The second loop could further be transformed to aggregate both remote_get calls:

a_buf = remote get(&al[25:26])
for 1'=23:24
1i=1"+$*25
local set(&afi], a buf[i'-23])-3



This is very near optimal code for this example. But this approach completely falls
apart for more complicated examples. Notice how the loop was duplicated. If there
were more statements in the loop, that required different points to be broken, even
more duplication would occur (in an exponential fashion). If the array was
multidimensional or its index function was more complicated than just a linear
function of i, complexity could become unmanageable.

2.1 Modulo Unrolling

Modulo Unrolling [1] is a technique for statically disambiguating memory banks
utilizing a cyclic distribution. The proposed method generalizes modulo unrolling
and introduces an additional optimization to improve communication costs (which
was not necessary in the original architecture which it was developed for due to fast
communication). The insight behind Modulo Unrolling is to use a cyclic distribution
with a size of N where N is the number of processors. Once a loop is unrolled by a
factor of N each affine array access will reside on the same memory bank.

Suppose N is 4, the previous example would become:

for 1=0:4:99

al[i+0]=a[i+2+0]-3
ali+l]=a[i+2+1]1-3
ali+2]=a[i+2+2]-3
al[i+3]=a[i+2+3]-3

Since the memory uses a cyclic distribution also size 4, the first array assignment
will always be to bank 1, first array access will be bank 3, second array assignment
will be bank 2, second array access will be bank 4, bank number is 1+(index mod 4).

In modulo unrolling each unrolled statement would be on a different processor, but
because we are targeting SPMD model and not MDMD, there is no need to actually
unroll the loop, we can use the processor number instead:

for 1=0:4:99
ali+$]=al[i+2+S]-

Since we know that 0=i*4 mod 4 for any integer i, and 2=i*4+2 mod 4. We can
statically disambiguate the memory banks. We know the array access will always be
non-local and the array assignment will always be local. Rather than doing a remote
get on every iteration, the messages can be aggregated to all occur at once before
the loop:

_buf = a[$+2:4:9942] #remote get of all needed elements
h=0
for 1=0:4:99

al[i+$] = buf[h]-3 #local get and set

h++ B



3. The Optimization

The basic idea behind the proposed optimization is to perform Modulo Unrolling,
but with a block-cyclic distribution (instead of a cyclic distribution) to reduce the
amount of communication, and message aggregation to reduce time spent doing any
remaining communication.

A block-cyclic distribution is not compatible with Modulo Unrolling, however, if
forall loops are transformed so that step sizes are a multiple of the block size, then
effectively the loop would “act” like a loop over a cyclically allocated array. Each
successive iteration would access the next memory bank, just like a step over a
cyclic array, therefore Modulo Unrolling could be used on such a loop. Note that
such a transformation is possible, and that it is legal since in a forall loop the order
iteration evaluations is unspecified. There is one additional cravat: Modulo
Unrolling requires array indices to be affine functions of the loop induction variable,
but after the loop transformation, array indices that were affine now have terms
that are not a function of the loop induction variable. However these extra terms are
constant throughout the loop (but not the program). If the calculations like which
bank to buffer from that were performed statically for Modulo Unrolling are now
performed dynamically, but before the loop starts, the benefit of Modulo Unrolling
can still be had, with very little extra overhead, since any dynamic logic is moved
from inside the loop to outside. This generalization to Modulo Unrolling could be
useful in other cases besides just the ones created by the initial transformation.

The idea behind message aggregation is if we can statically determine that an array
access inside a loop is going to be remote, rather than request it every iteration of
the loop, creating an excessive number of messages, and suffering the latency at
every iteration, just make all the memory requests before the loop and save them
into a local buffer. This transformation is completely straightforward for affine array
indices if you can pre-determine which memory bank the access will be from (which
Modulo Unrolling gives you).

3.1 Conventions and notes for the transformations

n = loop step size

s = starting loop value

e = ending loop value

B = block size

N = number of processors and memory banks
$ = processor id

# = comment

All non-inner forall loops converted to regular for loops (we will only optimize the
innermost loops).



Array accesses are targeted, in which all indices are affine functions of the loop
variable plus any expression that is constant throughout the loop.

Arrays of any dimension will work, however arrays shown in these examples are
only one-dimensional.

3.2 Transformation to enable optimization for block-cyclic distribution

Transform forall loops to have a step size that is a multiple of B. Now, when the new
forall loop is stepped through with step N*B, then affine expressions will be
constant mod N*B, resulting in the same bank being used.

Convert forall loops where n is not a multiple of B from:

forall i=s:n:e
{code}

to:

for k=0:1cm(B,n)/n-1
forall i=s+k*lcm(B,n) :1lcm(B,n) :e
{code}

3.3 Assigning iterations to processors

In order to get the best performance, iterations of the forall loop should be executed
by the processor that has most of the array accesses already local. This reduces the
amount of communication needed.

There may be many array references in the forall loop, for best performance, we
must attempt to calculate which bank has the most references in common. To do
this, we count all unique affine array accesses. The most common affine expression
in this count is called the owning expression. If the owning expression is a
function, say f, and f(i) = z, then processor number z is the owner of loop iteration i.

When counting unique affine array accesses, expressions are unique if they are used
by different arrays or are used in both a set and a get to an array. Basically anytime
they would cause additional memory to be passed. For example if the code was
a[i]+b[i], both expressionsare “i”, but itis used in different arrays, so both are
unique. If the code was a[i]+2*a [1] the memory used is the same, so only one is
unique. If the code was a[i]=a[1i]+1, both would be considered unique since one
is used in a get and the other in a set (the reason for this importance will be clear
later, a getrequires copying before the loop, and a set requires copying after the
loop, so they each cause message passing).



Note that these expressions need not solely be functions of just the loop induction
variable, they can also be functions of variables that are constant within the loop. In
this case it may be more difficult for the compiler to evaluate if expressions are
equivalent (for example is j+i+1 the same as j+1+i ? yes).

Putting this all together, let us find the owning expression for this code:

forall B:50
bli*2]+ali-1]1+al[il+al[i+]j]l+a[i*i]
]

0:
] i
-1l]l=ali-1]*ali]

1=
ali]=
bl[i-1

The counts for each unique affine array expressions are:

i = set afi], ali] = 2

i-1 = set b[i-1], al[i-1] = 2
i*2 = b[i*2] =1

i+j = al[i+j] =1

In this example, there is a tie for the most common expression so either could be
chosen as the owning expression. Note that a[i*i] was not considered since it is not
affine.

3.4 Final Transformation

Now that the groundwork has been created, the final transformation is not very
complex. The forall loop is converted to have a step size that is a multiple of N*B,
making any expression that is an affine function of the loop induction variable
constant mod N*B. Therefore arrays with affine indices will always access the same
memory bank. Now that the loop skips iterations, an outer loop is needed to iterate
through all of the original loop iterations.

The if statement is needed so that only the processor responsible for executing the
iteration executes it. When each processor is responsible for the same number of
iterations a further minor optimization is possible removing the if statement and
changing the outer loop step size. This is the common case, but it is not always so,
for example, when an array index is 2*i and there are 4 processors. Half of the array
will be allocated on processor 1 and half on processor 3, while none on 2 and 4. If
these were the only array accesses then only processors 1 and 3 would be doing the
work since that is where the data would reside.

forall i=s:n:e #where n is a multiple of B
{code}

to (note £ is the owning expression for code):

for j=0:N-1
if $ == mod(f(s+3j)/B, N)
{prebuf}



h=0
for i=s+j*n:n*N:e
{code*}
h++
{postbuf}

Here prebuf is copying to local buffers for the entire strided access of any accessed
arrays that could be non-local. Arrays are considered possibly local if it cannot be
statically determined that evaluating the array index from 0 to N-1 is equivalent to
the owning expression.

postbuf is copying from the local buffers to any non-local arrays that were written
to.

In the main loop code*, known local array accesses now have their dynamic if check
removed, just load the local memory. Replace all non-local array usages with their
buffered equivalent. For example, if it is known that a (i *2+3] will reside non locally,
the expression a [i*2+3] will be converted to just buf[h] (where buf is the buffer
that message aggregation copied all elements to be looked up into during the
prebuf}

3.5 Example #1
#N=4, B=2

#original code
forall i=0:99
alil=ali+2]-3

#after transformation for handling block cyclic
for k=0:1
forall i=k:2:99
alil=al[i+2]-3

#counting affine array accesses
# [1] = 1, [i+2] = 1, tie, choosing as owning expression: f(i)=i

#after final transformation

for k=0:1
for j=0:3
if $ == mod((k+3j*2)/2, 4)

_bufl = a[(k+]*2:8:99)+2]

h=0

for i=k+j*2:8:99
alil] = bufl[h]-3
h++ B

3.6 Example #2

#N=8, B=4



#original code

forall i=3:2:999
alil=b[i*2]+ali]
bli-1]l=ali-1]1*ali]

#after transformation for handling block cyclic
for k=0:1
forall i=3+k*4:4:999
alil=b[i*2]+ali-1]+a[i]
bli-1l]=al[i-1]*a[i]

#counting affine uses
# [11=2, [i*2]=1, [i-1]=2
# tie between [i] and [i-1], choosing as owning expression: f(i)=i-1

#after final transformation
for k=0:1
for j=0:7
if $ == mod( (2+k*4+73)/4, 8)
_bufl a[3+k*4+3*4:32:999]
_buf2 bl (3+k*4+3*4:32:999)*2]
h=0
for i=3+k*4+3*4:32:999
_bufl[h] = buf2[h]+a[i-1]+ bufl[h]
b[i-1] = a[i-11* bufl[h]
h++ B
a[3+k*4+3*4:32:999] = Dbufl

4. Results

A Jacobi benchmark is used (repeated simultaneous averaging of neighbors in a 2d
array). The algorithm was implemented in UPC and Modulo Unrolling with message
aggregation is performed by hand for comparison. The UPC code is compiled with
network=UDP to force the program to do message passing instead of using the
shared memory actually present on the systems tested.

On UMIACS cluster (8 cpu) Array size=100x100, iterations=200 (results are in

seconds)

Block distribution 0.12
Cyclic distribution 0.39
Modulo Unrolling (cyclic) 0.07
Array size=500x500, iterations=20

Block distribution 0.28
Cyclic distribution 1.12
Modulo Unrolling (cyclic) 0.13

On Mac Book Pro (4 cpu) Array size=100x100, iterations=10

| Block distribution | 0.14




Cyclic distribution 27.24

Modulo Unrolling (cyclic) 0.13

Array size=500x500, iterations=1

Block distribution 0.09

Cyclic distribution 74.53

Modulo Unrolling (cyclic) 0.33

Total number of messages sent, Array size=100x100, iterations=1, Threads=4
Block distribution 588

Cyclic distribution 88167

Modulo Unrolling (cyclic) 199*

Total data sent, Array size=100x100, iterations=1, Threads=4 (numbers are in KB)
Block distribution 4.59

Cyclic distribution 696.79

Modulo Unrolling (cyclic) 696.79*

*The UPC trace tool did not correctly record aggregated message calls since they use
a low level function. These numbers are hand calculated. For data sent, it is known
that the same total amount of information must be sent whether Modulo Unrolling is
used or not.

Modulo Unrolling with message aggregation always yielded a significant speed up.
However in some cases a plain block distribution without Modulo Unrolling
outperformed it. This is because this benchmark uses abundant adjacent array
accesses, which do not require much communication for block distributions,
however they do require large amounts of communication for cyclic distributions.
This is precisely the motivation for transformations and generalization of Modulo
Unrolling, to enable it to use block-cyclic distribution to get the benefit of a block
distribution, reduced communication, while maintaining the speedup of Modulo
Unrolling. At this time the transformation of the Jacobi benchmark to block-cyclic
distribution with Modulo Unrolling has not been handwritten, so this benchmark is
not yet shown.

5. Conclusion

The optimization presented is general enough to optimize common types of loops in
parallel programs. The method avoids complexities of traditional analysis involving
footprint analysis, by using simple unrolling and a cyclic distribution. A cyclic
distribution will usually result in increased communication, but by adding an
additional transformation the original optimization can work for block cyclic
distributions too, mitigating the increase in communication. The final result of the
optimization is code that can statically determine locality of memory for all affine
array indices, maintain minimal total communication and aggregate messages to




reduce message cost for communication that is required. The result is highly
efficient code, which could be produced automatically with relatively simple
algorithms.

6. Future Work

The optimization has yet to be implemented in a compiler. Future plans are to add
support the Chapel programming language. Chapel supports LLVM byte code output
so an LLVM pass can be written to perform the actual optimization. Further
optimizations may be possible such as strip mining: rather than aggregate all
messages into one per buffer, the loop could be strip mined, allowing for better
overlaying of communication and computation.
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