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Summary. For data-parallel languages such as High Performance Fortran to
achieve wide acceptance, parallelizing compilers must be able to provide consis-
tently high performance for a broad spectrum of scientific applications. Although
compilation of regular data-parallel applications for message-passing systems have
been widely studied, current state-of-the-art compilers implement only a small num-
ber of key optimizations, and the implementations generally focus on optimizing
programs using a “case-based” approach. For these reasons, current compilers are
unable to provide consistently high levels of performance. In this paper, we de-
scribe techniques developed in the Rice dHPF compiler to address key code genera-
tion challenges that arise in achieving high performance for regular applications on
message-passing systems. We focus on techniques required to implement advanced
optimizations and to achieve consistently high performance with existing optimiza-
tions. Many of the core communication analysis and code generation algorithms in
dHPF are expressed in terms of abstract equations manipulating integer sets. This
approach enables general and yet simple implementations of sophisticated optimiza-
tions, making it more practical to include a comprehensive set of optimizations in
data-parallel compilers. It also enables the compiler to support much more aggres-
sive computation partitioning algorithms than in previous compilers. We therefore
believe this approach can provide higher and more consistent levels of performance
than are available today.

1. Introduction

Data-parallel languages such as High-Performance Fortran (HPF) [29, 31]
aim to make parallel scientific computing accessible to a much wider audi-
ence by providing a simple, portable, abstract programming model applica-
ble to a wide variety of parallel computing systems. For such languages to
achieve wide acceptance, it will be essential to have parallelizing compilers
that provide consistently high performance for a broad spectrum of scientific
applications. To achieve the desired levels of performance and consistency,
compilers must necessarily exploit a wide variety of optimization techniques
and effectively apply them to programs with as few restrictions as possible.

Engineering HPF compilers that provide consistently high performance
for a wide range of programs is a challenging task. The data layout directives
in an HPF program provide an abstract, high-level specification of maxi-
mal data-parallelism and data-access locality. The compiler must use this
information to choose how to partition the computation among processors,
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determine what data movement and synchronization is necessary, and gener-
ate code to implement the partitioning, communication and synchronization.
Accounting for interactions and feedback among these steps complicates pro-
gram analysis and code generation. To achieve high efficiency, optimizations
must analyze and transform the program globally within procedures, and
often interprocedurally as well.

The most widely studied sub-problem of data-parallel compilation is that
of compiling “regular” data-parallel applications on message-passing systems.
Data-parallel programs are known as “regular” if the mapping of each array’s
data elements to processors can be described by an affine mapping function
and the array sections accessed by each array reference can be computed
symbolically at compile time. Even within this class of applications, state-
of-the-art commercial and research compilers do not consistently achieve
performance competitive with hand-written code [16, 24]. Although many
important optimizations for such systems have been proposed by previous
researchers, current compilers implement only a small fraction of these op-
timizations, generally focusing on the most fundamental ones such as static
loop partitioning based on the “owner-computes” rule [39], moving messages
out of loops, reducing the number of data copies, and exploiting collective
communication. Furthermore, even for these optimizations, most research
and commercial data-parallel compilers to date [7, 10, 15, 16, 17, 19, 24,
32, 33, 35, 42, 45, 46] (including the Rice Fortran 77D compiler [24]) per-
form communication analysis and code generation for specific combinations
of the form of references, data layouts and computation partitionings. While
such “case-based” approaches can provide excellent performance where they
apply, they will provide poor performance for cases that have not been explic-
itly considered. More importantly, case-based compilers require a relatively
high development cost for each new optimization because the analysis and
code generation for each case is handled separately; this makes it difficult to
achieve wide coverage with optimizations, which in turn makes it difficult to
offer consistently high performance.

In this paper, we describe techniques to address key code generation chal-
lenges that arise in a sophisticated compiler for regular data-parallel applica-
tions on message-passing systems. We focus on techniques required to imple-
ment advanced optimizations and to achieve consistently high performance
with existing optimizations. With minor exceptions, these techniques have
been implemented in the Rice dHPF compiler, an experimental research com-
piler for High Performance Fortran. Although this paper focuses on compila-
tion techniques for regular problems on message-passing systems, the dHPF
compiler is being designed to integrate handling for regular and irregular
applications, and to target other architectures including shared-memory and
hybrid systems.

The principal code generation challenges we address are the following:
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— Flexible computation partitionings: Higher performance can be achieved if
compilers can go beyond the widely-used owner-computes rule to support a
much more flexible class of computation partitionings. More general com-
putation partitionings require two key compiler enhancements. First, they
require robust communication analysis techniques that are not limited to
specific partitioning assumptions. Second, they also require sophisticated
code generation techniques to guarantee correctness in the presence of ar-
bitrary control-flow, and to generate partitioned code with good scalar
efficiency. The dHPF compiler supports a much more general computation
partitioning (CP) model than in previous data-parallel compilers. We de-
scribe the communication analysis and code generation techniques required
to support this model.

— Robust algorithms for communication and code generation: The core com-
munication analysis, optimization, and code generation algorithmsin dHPF
are expressed in terms of abstract equations manipulating integer sets
rather than as a collection of strategies for different cases. Optimizations we
have formulated in this manner include message vectorization [14], message
coalescing [43], recognizing in-place communication [1], code generation for
our general CP model [1], non-local index set splitting [32], control-flow
simplification [34], and generalized loop-peeling for improving parallelism.
By formulating these algorithms in terms of operations on integer sets,
we are able to abstract away the details of the CPs, references, and data
layouts for each problem instance. All of these algorithms fully support
our general computation partitioning model, and can be used for arbitrary
combinations of computation partitionings, data layouts and affine refer-
ence subscripts.

— Simplifying compiler-generated control-flow: Loop splitting transforma-
tions, performed to minimize the dynamic cost of adding new guards, pro-
duce new loops with smaller iteration spaces which can render existing
guards and loops inside redundant or infeasible. This raises the need for an
algorithm that can determine the symbolic constraints that hold at each
control point and use them to simplify or eliminate branches and loops
in the generated code. We motivate and briefly describe a powerful algo-
rithm for constraint propagation and control flow simplification used in
the dHPF compiler [34]. In a preliminary evaluation, the algorithm has
proven highly effective at eliminating excess control-flow in the generated
code. Furthermore, we find that the general purpose control-flow simpli-
fication algorithm provides some or all of the benefits of special-purpose
optimizations such as vector-message pipelining [43] and overlap areas [14].

Our aim in this chapter is to motivate and provide an overview of the
techniques we use to address the challenges described above. The algo-
rithms underlying these techniques are described and evaluated in detail
elsewhere [1, 34]. In the following section, we use an example to describe
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the basic steps in generating an explicit message-passing parallel program
for HPF. We also use the example to show why integer sets are fundamen-
tal to the problem of HPF compilation, and describe the approaches used
in previous data-parallel compilers for computing and generating code from
integer sets. In Section 3 we describe a general integer-set framework under-
lying HPF compilation, and the implementation of this framework in dHPF.
The framework directly supports integer set based algorithms for many of
our optimizations, and these are briefly described in the subsequent sections.
In Section 4, we define our general computation partitioning model and how
we support code generation for it. In Section 5, we provide an overview of the
principal communication optimizations in dHPF and then briefly describe the
key optimizations that were formulated in terms of the integer set framework.
In Section 6, we motivate and describe control-flow simplification in dHPF,
and present a brief evaluation of its effectiveness. Finally, in Section 7, we
conclude with a brief summary and discussion of the techniques described in
this chapter.

2. Background: The Code Generation Problem For HPF

The High Performance Fortran standard describes a number of extensions to
Fortran 90 to guide compiler parallelization for parallel systems. The language
is discussed in some detail in an earlier chapter [29], and we assume the
reader is familiar with the major aspects of the language (particularly, the
data distribution directives). Throughout this paper, we assume a message-
passing target system although many of the same analyses are required or
profitable for shared-memory systems as well.

2.1 Communication analysis and code generation for HPF

To understand the basic problem of compiling an HPF program into an
explicitly parallel message-passing program, and to motivate our use of a
general integer-set framework for analysis and code generation, consider the
simple example in Figure 2.1. The source loop represents a nearest-neighbor
stencil computation similar to those found in partial differential equation
solvers. The two arrays are aligned with each other and both are distributed
(block,block) on a two-dimensional processor array. To generate an explic-
itly parallel code for the program, the compiler must first decide (a) how
to partition the computation for each statement in the program, (b) which
references might access non-local data due to the chosen partitioning, and
(c) how and when to instantiate the communication to obtain this non-local
data.

Assume the compiler chooses an “owner-computes” partitioning for the
statement in the loop, i.e., each instance of the statement is executed by the
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CHPF$ processors P(3,3)
CHPF$ distribute A(block,block) onto P P(1,1) |P(1,2) | P(1,3)
CHPF$ distribute B(block,block) onto P
do 10 j=2,N-1
do 10 i=2,N-1
A(i,j) = 0.25%
(B(i-1,j)+B(i+1,j) +
B(i,j-1)+B(i,j+1))

P(21) | P(2,2) | P(2,3)

P(31) | P(3,2) | P(3,3)

10 continue

(a) HPF source code (b) Processor array P(3,3)

Local section for P(2,2)

(and iterations executed)\

Non-local data P(2,2) P(2,3)
accessed by P(2,2)

lterations that access _——

non-local data -~~~
(c¢) Communication and iteration sets

Fig. 2.1. Example illustrating integer sets required for code generation for
Jacobi kernel

processors that own the value being computed, viz., A(i, j). In this case, each
of the four references on the right hand side (RHS) accesses some off-processor
elements, namely the boundary elements on the four neighboring processors.
Since the array B is not modified inside the loop nest, communication for
these references can be moved out of the loops and placed before the loop
nest.

In order to generate efficient explicitly parallel SPMD code, the compiler
must compute the following quantities, and then use these to generate code.
These quantities are illustrated in Figure 2.1:

1. the sections of each array allocated to (owned by) each processor;

2. the set of iterations to be executed by each processor (conforming with
the owned section of array 4);

3. the non-local data accessed from each other processor by each reference
(the off-processor boundary sections shown in the figure);

4. the iterations that access non-local data and the iterations that access
exclusively local data. (These sets are used by advanced optimizations
such as those described in Section 5.3.)
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All of these quantities can be symbolically represented as sets of integer
tuples (representing array indices, loop iterations, or processor indices), or
as mappings between integer tuples (e.g., an array layout is a mapping from
processor indices to array indices). These sets and mappings are defined in
Section 3. The sets may be non-convex, as is the set of iterations accessing
non-local data shown in Figure 2.1.

To generate a statically partitioned, message-passing program, any data-
parallel compiler must implicitly or explicitly compute the above sets, and
then use these sets to generate code. The compiler typically generates SPMD
code for a representative processor myid by performing the following tasks
in some order (the resulting code is omitted here):

1. Synthesize a loop nest to execute the iterations assigned to myid.

2. For each message, if explicit buffering of data is necessary, synthesize
code to pack a buffer at the sending processor and/or to unpack a buffer
at the receiving processor.

3. Allocate storage to hold the non-local data, and modify the code to access
data out of this storage (note that different references access non-local
data in different iterations).

4. Allocate storage for the local sections for each array, and modify array
references (for local data) to index appropriately into these local sections.

2.2 Previous Approaches to Communication Analysis and Code
Generation

To compute the above sets and to generate code using them, the primary
approach in most previous research and commercial compilers has been to
focus on individual common cases and to precompute the iteration and com-
munication sets symbolically for specific forms of references, data layouts
and computation partitionings [7, 10, 15, 16, 17, 19, 24, 32, 33, 42, 46]. For
example, to implement the Kali compiler [32], the authors pre-compute sym-
bolically the iteration sets and communication sets for subscripts of the form
¢, 1+ ¢ and ¢ — 1, where 7 is a loop index variable for BLOCK and CYCLIC
distributions. The Fortran 77D compiler also handled the same classes of
references and distributions, but computed special-case expressions for the
iteration sets for “interior” and “boundary” processors [24]. (In fact, both
these groups have described basic compilation steps in terms of abstract set
operations [23, 32]; however, this was used only as a pedagogical abstraction
and the corresponding compilers were implemented using case-based analy-
sis.) Li and Chen describe algorithms to classify communication caused by
more general reference patterns (assuming aligned arrays and the owner-
computes rule), and generate code to realize these patterns efficiently on a
target machine [33]. In general, these compilers focus on providing specific
optimizations aimed at cases that are considered to be the most common
and most important. The principal benefits of such case-based strategies are
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that they are conceptually simple and hence lend themselves well to initial
implementations, they have predictable and fast running times, and they can
provide excellent performance in cases where they apply.

Three groups have used a more abstract and general approach based on
linear inequalities to support code generation for communication and itera-
tion sets [2, 3, 4, 5]. In this approach, each code generation or communication
optimization problem is described by a collection of linear inequalities repre-
senting integer sets or mappings. Fourier-Motzkin elimination [41] is used to
simplify the resulting inequalities, and to compute a range of values for indi-
vidual index variables that together enumerate the integer points described
by these inequalities. Code generation then amounts to generating loops to
iterate over these index ranges. In the PIPS and Paradigm compilers, these
techniques were primarily used for code generation for communication and
iteration sets [3, 5]. In the SUIF compiler, these techniques were also applied
to carry out specific optimizations including message vectorization, message
coalescing (limited to certain combinations of references) and redundant mes-
sage elimination [2].

The advantage of using linear inequalities over case-based approaches is
that each optimization or code generation problem can be expressed and
solved 1n abstract terms, independent of the specific forms of references, data
layouts, and computation partitionings. Furthermore, Fourier-Motzkin elim-
ination is applicable to arbitrary affine references and data layouts. The pri-
mary limitation of linear-inequality based approaches in previous compilers
is that they have limited their focus to problems that can be represented by
the intersection of a single set of inequalities. This limited the scope of their
techniques so that, for example, they would be unable to support our gen-
eral computation partitioning model, coalescing communication for arbitrary
affine references, or general loop-splitting into local and non-local iterations.
We considered all of these capabilities to be important goals for the dHPF
compiler. A second drawback of linear-inequality based approaches is that
each problem or optimization is expressed directly in terms of large collec-
tions of inequalities which must be constructed to represent operations such
as intersections and compositions of sets and mappings. It appears much eas-
ier and more intuitive to express complex optimizations directly in terms of
sequences of abstract set operations on integer sets, as shown in [1].

There is also a large body of work on techniques to enumerate com-
munication sets and iteration sets in the presence of cyclic(k) distributions
(e.g., [12, 17, 28, 35, 45]). Compared to more general approaches based on
integer sets or linear inequalities, these techniques likely provide more effi-
cient support for cyclic(k) distributions, particularly when k& > 1, but would
be much less efficient for simpler distributions, and are much less general
in the forms of references and computation partitionings they could handle.
Our goal has been to base the dHPF compiler on a general analysis frame-
work that provides good performance in the vast majority of common cases
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(within regular distributions), and requires such special-purpose techniques
as infrequently as possible. Such techniques can be added as special-purpose
optimizations in conjunction with the integer-set framework, but even in the
absence of these techniques, we expect that the set framework itself will pro-
vide acceptably efficient support for cyclic(k) distributions.

To summarize, we believe there are two essential advantages and one sig-
nificant disadvantage of the more general and abstract approaches based on
linear inequalities or integer-sets, compared with the case-based approaches.
First, the former use general algorithms that handle the entire class of regular
problems fairly well, whereas case-based approaches apply more narrowly and
must fall back more often on inefficient techniques such as run-time resolution
for cases they do not handle. In the absence of special-case algorithms, the
general approaches are likely to provide much higher performance. Support
for exploiting special-cases (e.g., for using collective communication primi-
tives) can be added to the the former if they provide substantial performance
improvements, but they should be needed in very few cases. Second, the more
abstract framework provided by linear inequalities (to some extent) and by
integer sets (to a greater extent) greatly simplifies the compiler-writer’s task
of implementing important optimizations that are generally applicable, and
therefore make it practical to achieve high performance for a wider class of
programs. By combining both generality and simplicity, we believe an ap-
proach such as that of using integer sets can provide higher and more consis-
tent levels of performance than is available today. In contrast, the principal
advantages of case-based approaches are that preliminary implementations
can be simple, and that they typically have fast and predictable running
times. For more general approaches, running time is the greatest concern
since manipulation of linear inequalities and integer sets can be costly and
unpredictable in difficult cases. This issue is discussed in more detail in later
sections.

3. An Integer Set Framework for Data-Parallel
Compilation

As discussed in the previous section, any compiler for a data-parallel lan-
guage based on data distributions can be viewed as operating in terms of
some fundamental sets of integer tuples and mappings between these sets.
This formulation is made explicit in dHPF and in the SUTF compiler [2], and
similar formulations have been discussed elsewhere [32, 23]. The integer set
framework in dHPF includes the representation of these primitive quantities
as integer tuple sets and mappings, together with the operations to manipu-
late them and generate code from them. The core optimizations in dHPF are
implemented directly on this framework. This section explains the primitive
components of the framework, and the implementation of the framework. The
following sections describe the optimizations formulated using the framework.
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3.1 Primitive Components of the Framework

An integer k-tuple is a point in Z*; a tuple space of rank k is a subset of
ZF. Any compiler for a data-parallel language based on data distributions
operates primarily on three types of tuple spaces, and the three pairwise
mappings between these tuple spaces [32, 23, 2]. These are:!

datay, : index set of an array of rank &,k > 0
loopy, - iteration space of a loop nest of depth &,k > 0
procg : processor index space in a processor array of rank k, &k > 1
Layout : {[p] — [a] : p € proc, owns array element a € datay }
Ref: {[i] — [d] : i € loopy, references array element a € datay }
CPMap: {[p] = [i] : p € procy executes statement instance i € loopy, }

Scalar quantities such as a “data set” for a scalar, or the “iteration set”
for a statement not enclosed in any loop are handled uniformly within the
framework as tuples of rank zero.? For example, the computation partitioning
for a statement (outside any loop) assigned to processor P in a 1-D processor
array would be represented as the mapping {[ ]—=1[pl :p= P}. Hereafter,
the terms “array” and “iterations of a statement” should be thought of as
including scalars and outermost statements as well. Note that any mapping
we require, including a mapping with domain of rank 0, will be invertible.

Of these primitive sets and mappings, the sets loop and proc and the
mappings Layout and Ref are constructed directly from the compiler’s in-
termediate representation, and form the primary inputs for further analyses.
These quantities are constructed from a powerful symbolic representation
used in dHPF, namely global value numbering. A value number in dHPF is
a handle for a symbolic expression tree. Value numbers are constructed from
dataflow analysis of the program based on its Static Single Assignment (SSA)
form [13], such that any two subexpressions that are known to have identical
runtime values are assigned the same value number [21]. Their construction
subsumes expression simplification, constant propagation, auxiliary induc-
tion variable recognition, and computing range information for expressions
of loop index variables. A value number can be reconstituted back into an
equivalent code fragment that represents the value.

Figure 3.1 illustrates simple examples of the primitive sets and mappings
for an example HPF code fragment. For clarity, we use different set variables
to denote points in different tuple spaces. The construction of the Layout
mapping follows the two steps used to describe an array layout in HPF [31],

! We use names with lower-case initial letters for tuple sets and upper-case letters
for mappings respectively.

2 A set of rank 0, {[]: f(v1,.-.,vn)}, should be interpreted as a boolean that
takes the values true or false, depending on whether the constraints given by
f(m7 e vn) are satisfied. Here v ... v, are symbolic integer variables.
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real A(0:99,100), B(100,100)
processors P(4)
template T(100,100)
align A(i,j) with T(i+1,j)
align B(i,j) with T(x,i)
distribute t(*,block) onto P
read(*), N
doi=1N

doj =2 N+1

A(i,j) = B(j-1,i) !on_HOME B(j-1,i)

enddo

enddo

symbolic N
AlzgnA :{[al,al]—>[t1,t2]:tlzal—i—l/\tz:az}
AlzgnB = {[bl,b2] — [tl,tg] 1ty = bl}
Disty  =A{[t1,t2] = [p] : 25p+ 1 <12 <25(p+ 1) AO<p<3}
Layouty = Dist;1 ) Align;‘1
= {[p] = [a1, az] : maz(25p+ 1,1) < ag < min(25p + 25,100) A
0<a; <99}
Layoutp = Dist;1 o AlignE;l
= {[p] = [b1, b2] : maz(25p+ 1,1) < by < min(25p + 25,100) A
1 < by <100}
loop ={[l1,l5]: 1<l <NA2<Ilp<N+1}
CPRef = {[11,12] — [bl,bQ] ZbQ = 11 A bl = 12 — 1}
CPMap = Layoutp o CPRef™! MNrange L00p
maz(2,25p +2) <ly < min(N + 1,101, 25p + 26) }

Fig. 3.1. Construction of primitive sets and mappings for an example pro-
gram. Align, Aligng, and Distp also include constraints for the array and
template ranges, but these have been omitted here for brevity.

namely, alignment of the array with a template and distribution of the tem-
plate on a physical processor array (the template and processor array are
each represented by a separate tuple space). The oN_HOME CP notation
and construction of C'PMap are described in Section 4.

3.2 Implementation of the Framework

Expressing optimizations in terms of this framework requires an integer set
package that supports all of the key set and map operations including inter-
section, union, difference, domain, range, composition of a map with another
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map or set, and projection to eliminate a variable from a map or set. We use
the Omega library developed by Pugh et al. at the University of Maryland for
this purpose [27]. The library operations use powerful algorithms based on
Fourier-Motzkin elimination for manipulating integer tuple sets represented
by Presburger formulae [37]. In particular, the library provides two key ca-
pabilities: it supports a general class of integer set operations including set
union, and it provides an algorithm to generate efficient code that enumerates
points in a given sequence of iteration spaces associated with a sequence of
statements in a loop [26]. (Appendix A describes this code generation capa-
bility.) These capabilities are an invaluable asset for implementing set-based
versions of the core HPF compiler optimizations as well as enabling a variety
of interesting new optimizations, described in later sections.

One potentially significant disadvantage of using such a general represen-
tation is the compile-time cost of the algorithms used in Omega. In partic-
ular, simplification of formulae in Presburger arithmetic can be extremely
costly in the worst-case [36]. Pugh has shown, however, that when the un-
derlying algorithms in Omega (for Fourier-Motzkin elimination) are applied
to dependence analysis, the execution time is quite small even for complex
constraints with coupled subscripts and also for synthetic problems known
to cause poor performance [37]. These experimental results at least provide
evidence that the basic techniques could be practical for use in a compiler. In
dHPF, the Omega library has already proved to be a powerful tool for proto-
typing advanced optimizations based on the integer set framework. On small
benchmarks, the compiler provides acceptably fast running times, for exam-
ple, requiring about 3 minutes on a SparcStation-10 to compile the Spec92
benchmark Tomcatv with all optimizations. Further evidence for a variety of
real applications will be required to judge whether or not this technology for
implementing the integer set framework will prove practical for commercial
data-parallel compilers. The dHPF implementation will provide a testbed for
developing this evidence. If this approach does not prove practical, it is still
possible that a simpler and more efficient underlying set representation could
be used to support the same abstract formulation of optimizations, but with
some loss of precision.

Another significant and fundamental limitation is that Presburger arith-
metic is undecidable in the presence of multiplication. For this reason, the
Omega library provides only limited support for handling multiplication, and
in particular, cannot represent sets with an unknown (i.e., symbolic) stride.
Most importantly (from the viewpoint of HPF compilation), such strided sets
are required for any HPF distribution when the number of processors is not
known at compile time, and for a cyclic(k) distribution with unknown k. We
have extended our framework to permit these parameters to be symbolic, as
described below. Symbolic strides also arise for a loop with a non-constant
stride or a subscript expression with a non-constant coefficient, although we
expect these to be rare in practice. These are not supported by our frame-



12 Vikram Adve and John Mellor-Crummey

work, and would have to fall back on more expensive run-time techniques
such as a finite-state-machine approach for computing communication and
iteration sets (for example, [28]), or an inspector-executor approach.

To permit a symbolic number of processors or cyclic(k) distribution with
symbolic k, we use a virtual processor (VP) model that naturally matches the
semantics of templates in HPF [22]. The VP model uses a virtual processor
array for each physical processor array, using template indices (i.e., ignor-
ing the distribute directive) in dimensions where the block size or number
of processors is unknown, but using physical processor indices in all other
dimensions. Using physical processor indices where possible facilitates better
analysis and improves the efficiency of generated code. All of the analyses
described in the following sections operate unchanged on physical or virtual
processor domains. During code generation for each specific problem (e.g.,
generating a partitioned loop), we add extra enclosing loops that iterate over
the VPs that are owned by the relevant physical processor (e.g., the represen-
tative processor myid). For each problem, we use an additional optimization
step (consisting of a few extra integer set equations) to compute the precise
set of iterations required for these extra loops, and therefore to minimize
the runtime overhead in the resulting code. The details of our extensions to
handle a symbolic number of processors are given in [1].

4. Computation Partitioning

A computation partitioning (CP) for a statement is a precise specification
of which processor or processors must execute each dynamic instance of the
statement. The CPs chosen by the compiler play a fundamental role in deter-
mining the performance of the resulting code. For the compiler to have the
freedom to choose a partitioning well-suited to an application’s needs, the
communication analysis and code generation phases of the compiler must be
able to support a flexible class of computation partitionings. In this section,
we describe the computation partitioning model provided by dHPF and the
code generation framework used to support the model. The communication
analysis techniques supporting the model are described in Section 5.

4.1 Computation Partitioning Models

Most research and commercial compilers for HPF to date primarily use
the owner-computes rule [39] to partition a computation. This rule speci-
fies that each value assigned by a statement is computed by the owner (i.e.,
the “home”) of the location being assigned the value, e.g., the left hand
side (LHS) in an assignment. The owner-computes rule amounts to a simple
heuristic choice for partitioning a computation. It is straightforward to show
that this approach is not optimal in general [12]. An alternate partitioning
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strategy used by SUIF [2] and Barua, Kranz & Agarwal [6] requires a CP
to be described by a single affine mapping of iterations to processors, and
assigns a single CP to an entire loop iteration and not to individual state-
ments in a loop. This strategy is also not optimal, because (in general) it
does not permit optimal CPs to be chosen separately for different statements
in a loop.

A major goal of the dHPF compiler is to support more general computa-
tion partitionings. Doing so requires new support from the compiler’s com-
munication analysis and code-generation phases. Previous compilers based
on the owner-computes rule have benefited from two key simplifying assump-
tions: (1) communication patterns are defined by a single pair of LHS and
right-hand-side (RHS) references, and (2) all communication is caused by
reads of non-local data. The SUIF partitioning model also has the benefit
that each communication is defined by a single reference and a single CP
mapping (before coalescing communication), although write references can
cause communication too. This model has the additional benefit that code
generation is greatly simplified by having a common CP for all statements
in a loop (which will become clear from the discussion in Section 4.2). None
of these simplifying assumptions are true for the more general partitioning
model used in dHPF.

4.1.1 The Computation Partitioning Model in dHPF. The compu-
tation partitioning model supported by dHPF combines and generalizes the
features of both previous CP models described above (the owner-computes
rule and the SUIF model). Below we describe the key features of the dHPF
CP model including the implicit CP representation used by early phases in
the compilation and conversion to an explicit CP representation required for
communication analysis and code generation. In Section 4.2.1, we discuss
code generation for these general CPs and in Section 5 we discuss the role of
CPs in communication analysis.

In dHPF, a computation partitioning for a statement can be specified as
the set of owners of the locations accessed by one or more arbitrary data ref-
erences, Every statement (including control flow statements) can be assigned
a partitioning independent of every other statement, restricted only to pre-
serving the semantics of the source program. For a statement S enclosed in
a loop nest with iteration space 2, the CP of S is specified by a union of one
or more ON_HOME terms:

CP(9) : On ON_HOME A (fx(2)) (4.1)

An individual term ON_HOME Ag(fi (%)), specifies that the instance of S in
iteration i is to be executed by the processor(s) that own the array element(s)
Ak (fx(2)). This set of processors is uniquely specified by subscript vector f (2)
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and the layout of array A; at that point in the execution of the program.3

This implicit representation of a computation partitioning supports arbitrary
index expressions or any set of values in each index position in f(2). A data
reference Ag(fx(i)) in an ON_HOME clause need not be a reference existing
in the program. Even the variable A and its corresponding data layout may
be synthesized for representing a desired CP, though our implementation
is restricted to legal HPF layouts. With this representation, the CP model
permits specification of a very wide class of partitionings.

While early analysis phases in the dHPF compiler use this implicit CP
representation, communication analysis and code generation require that the
CP for each statement is converted into an ezplicit mapping of type CP M ap
defined in Section 3.1. The integer set framework is used to construct this
explicit mapping. This construction requires that each subscript expression
in fi (i) be an affine expression of the index variables, 7, with known constant
coeflicients, or a strided range specifiable by a triplet lb:ub:step with known
constant step. We construct the explicit integer tuple mapping representing
the CP for a statement as follows.

k=n
CPMap(S) = U (Layout ax, o Refk_l) ﬂr(mge loop. (4.2)
k=1

For each term ON_HOME Ay (fx(i)) in C'P(S), the composition of its layout
and inverse reference maps results in a new map that specifies all possible
iterations assigned to each processor by this CP term. We restrict the range
of this map to the iteration space given by loop. Taking the union over all
CP terms gives the full mapping of iterations to processors for statement
S. CPMap(S) specifies the processor assignment for the single instance of
statement S in loop iteration z. Figure 3.1 shows a simple example of the
construction of C'PMap. The mapping can be vectorized over the range of
iterations of one or more enclosing loops to represent the combined processor
assignment for the set of statement instances in those loop iterations.
Careful assignment of CPs to control-flow related statements (namely, DO,
IF, and GOTO statements, as well as labeled branch targets) is necessary to
preserve the semantics of the source program. In particular, a legal partition-
ing must ensure that each statement in the program is reached by a superset
of the processors that need to participate in its execution, as specified by its
CP. The code generation phase will then ensure that the statement is exe-
cuted by exactly the processors specified by the CP. The algorithms dHPF
uses to select computation partitions and ensure legality are beyond the scope
of this paper. In Section 4.2.1, we discuss the interaction between correctness

% In the presence of dynamic REALIGN and REDISTRIBUTE directives, we
assume that only a single known layout is possible for each reference in the
program. Multiple reaching layouts would require generating multi-version code
or assuming that the layout is unknown until run time (as done for inherited
layouts).
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constraints on CP assignments for control-flow related statements and code
generation.

To support dHPF’s general computation partitioning model, the com-
munication analysis and code-generation phases in the compiler must fully
support any legal partitioning. Supporting this partitioning model would be
impractical using a case-based approach; the dHPF compiler’s representa-
tion of computation partitionings using an abstract integer set framework
has proven essential for making the required analysis and code generation
capabilities practical.

4.2 Code Generation to Realize Computation Partitions

A general CP model such as that in dHPF poses several challenges for static
code generation. First, the code generator must ensure correctness in the
presence of arbitrary structured and unstructured control flow, without sac-
rificing available parallelism. Second, generating efficient parallel code for a
loop nest containing multiple statements that potentially have different it-
eration spaces is an intrinsically difficult problem. Previous compilers use
simple approaches for code generation and do not solve this problem in its
general form (as described briefly below), but Kelly, Pugh & Rosser have
developed an aggressive algorithm for “multiple-mappings code generation”
which directly tackles this problem [26]. A third and related difficulty, how-
ever, is that good algorithms for generating efficient code (like that of Kelly,
Pugh & Rosser) will be inherently expensive because of the potential com-
plexity of the iteration spaces and the resulting code. Ensuring reasonable
compile times requires an effective strategy to control the compile-time cost
of applying such an algorithm while still producing as high quality code as
possible. A fourth problem (not directly related to a general CP model) is
that static code generation techniques will not be useful for a code with ir-
regular or complex partitionings. Such cases require runtime strategies such
as the inspector-executor approach (e.g., [32, 18, 40]). However, regular and
irregular partitionings may coexist in the same program, and perhaps even in
a single loop nest. This raises the need for a flexible code generation frame-
work that allows each part of the source program to be partitioned using the
most efficient strategy applicable.

Before describing the techniques used in dHPF to address these challenges,
we briefly describe the strategies used to realize computation partitions in
current compilers, and the limitations of these strategies in addressing these
challenges. We begin with the second of the four problems described above
because the approaches to addressing this problem have implications for the
other problems as well. As in the rest of the paper, we focus on compile-
time techniques that are applicable when the compiler can compute static
(symbolic) mappings between processors and the data they own or commu-
nicate. If a static mapping is not computable at compile time, alternative
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strategies that can be used include run-time resolution [39], the inspector-
executor approach, and run-time techniques for handling cyclic(k) parti-
tionings. The latter two approaches are described in other chapters within
this volume [40, 38].

It is relatively straightforward to partition a simple loop nest that con-
tains a single statement or a sequence of statements with the same CP. The
loop bounds can be reduced so that each processor will execute a smaller it-
eration space that contains only the statement instances the processor needs
to execute. For loops containing multiple statements with different CPs, it
is important that each processor execute as few guards as possible to deter-
mine which statement instances it must execute in each iteration. Previous
compilers, such as IBM’s pHPF compiler[16], rely on loop distribution to
construct separate loop nests containing statements with identical CPs, so
as to avoid the need for run-time guards. There are two drawbacks to using
loop distribution in this manner. First, loop distribution may be impossible
because of cyclic data dependences in the loop. In such cases, compilers add
statement guards to implement the CPs and, except for Paradigm, don’t re-
duce loop bounds. The Paradigm compiler reduces loop bounds to the convex
hull of the iteration spaces of statements inside the loop, in order to reduce
the number of guards executed [5]. Second, fragmenting a loop nest into a
sequence of separate loops over individual statements can (a) significantly
reduce reuse of cached values between statements, and (b) significantly in-
crease the contribution of loop overhead to overall execution time. A loop
fusion pass that attempts to recover cache locality and reduce loop bound
overhead is possible, but complex. Both the IBM and the Portland Group
HPF compilers use a loop fusion pass, but apply it only to the simplest cases,
namely conformant loops [10, 16].

Kelly, Pugh & Rosser describe an aggressive algorithm to generate efficient
code without relying on loop distribution, for a loop nest containing multiple
statements with different iteration spaces [26]. Given a sequence of (possibly
non-convex) iteration spaces, the algorithm, MMCODEGEN, synthesizes a code
fragment to enumerate the points in the iteration spaces in lexicographic
order, tiling the loops as necessary to lift guards out of one or more levels
of loops. Thus, the algorithm provides one of the key capabilities required to
support our general CP model. The algorithm is briefly described in Appendix
A along with an example that highlights its capabilities.

As mentioned earlier, one potential drawback of an algorithm like MM-
CODEGEN is that it can be costly for large loop nests with multiple iteration
spaces. Because of the potential for achieving high performance, however, we
use the algorithm in dHPF as one of the core techniques for supporting the
general CP model, and develop a strategy to control compile-time cost while
still producing high quality code. To our knowledge, this is the first use of
their algorithm for code generation in a data-parallel compiler, and therefore
these issues have not been addressed previously.
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The techniques used in previous compilers to partition code in the pres-
ence of control-flow are not clearly described in the written literature. Some
compilers simply replicate the execution of control-flow statements on all pro-
cessors, which is a simple method to ensure correctness but can substantially
reduce parallelism in loops containing control flow [19]. Many other compilers
ignore control flow because loop bounds reduction and ownership guards will
enforce the appropriate CP for enclosed statements. However, this approach
sacrifices potential parallelism for the sake of simplifying code generation. In
particular, by not enforcing an explicit CP for a block structured IF state-
ment, all processors that enter the scope enclosing the IF will execute the
test, enter the appropriate branch, and execute CP guards for the statements
inside, even though some of the processors do not need to participate in the
execution of the enclosed statements at all.

4.2.1 Realizing Computation Partitions in dHPF. We have developed
a hierarchical code generation framework to realize the general class of par-
titionings that dHPF supports. Our approach is hierarchical because 1t oper-
ates on nested block structured scopes, one scope at a time. (A scope refers
to a sequence of statements immediately enclosed within a procedure, a DO
loop, or a single branch of an IF statement.) Key benefits of the hierarchical
code generation framework are (1) it supports partitioning of scopes that
can contain arbitrary control flow, (2) it supports multiple code generation
strategies for individual scopes so that each scope can be partitioned with
the most appropriate strategy, and (3) it uses a two pass strategy that is
effective at minimizing guard overhead without sacrificing compile-time effi-
ciency. Below, we first describe the hierarchical code generation framework,
and then describe strategies used in dHPF to generate code for a single scope
within this framework.

The hierarchical code generation framework. Briefly, the code generation
framework in dHPF operates as follows. Each scope in the program is han-
dled independently. The code generation operates one scope at a time, visiting
scopes bottom-up (i.e., innermost scopes first). Although the framework op-
erates one scope at at time, any particular strategy can partition multiple
scopes in a single step if desired. At each scope that has not yet been parti-
tioned, the framework attempts to apply a sequence of successively more gen-
eral strategies until one successfully performs the partitioning for the scope.

Control flow in the program is handled as follows. This discussion assumes
that a pre-processing phase has transformed all DO loops into DO/ENDDQO form
and and relocated all branch target labels to CONTINUE statements. The com-
piler computes partitionings for control-flow statements so that all processors
that need to execute any statement reach 1t, but as few processors execute
the control-flow statements as possible in order to maximize parallelism. In-
formally, the computation partitioning for an IF statement or a DO loop must
involve all of the processors that need to execute any statement that is tran-
sitively control-dependent on it. For an IF statement, the union of the CPs
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of its control dependents gives a suitable CP. For a DO loop, the the union
of the CPs of its control dependents gives a CP suitable for a single itera-
tion; a suitable CP for the entire compound DO statement can be computed
by vectorizing the iteration CP over the loop range. A GOTO statement is
assigned the union of the CPs of all control-flow statements on which it is
immediately control-dependent. Note that this will be a superset of the CPs
of the statements following the branch target. i.e., any processors that need
to execute the target statements will reach those statements (the condition
controlling the branch is satisfied). Finally, a branch target label is assigned
the CP of the immediately enclosing scope, for reasons discussed below.

In order to ensure correctness while preserving maximum parallelism in
the presence of control-flow, the code generation framework simply has to
ensure that the above assignment of CPs to control-flow related statements
is correctly preserved. In particular, any particular strategy used to partition
a scope must correctly enforce the CPs of all statements within the scope. The
only subtlety is that reducing the bounds of a DO loop does not enforce the
CP of the compound DO loop statement itself; that must be enforced when
partitioning the scope enclosing the DO loop (otherwise, extra processors
may evaluate the bounds of the DO loop).

The above handling of partitioned control flow statements yields a key
simplification of the framework, namely, that each block-structured scope can
be handled independently, even in the presence of arbitrary control flow such
as a GOTO that transfers control from one scope to another. In particular,
the CPs assigned to individual GOTO statements is simply enforced during
code generation, independent of the location and CPs of its branch targets.
A significant difficulty that must be addressed is that GOTOs are matched
with the correct branch targets (and labels). This can be difficult because
statements in different scopes and even statements in the same scope may
be cloned into different numbers of copies. (Statements can be cloned by
the tiling performed by MMCODEGEN to minimize guards, as shown in the
example in Appendix A.) We ensure that branches and branch targets are
matched, as follows.

Fortran semantics dictate that a GOTO cannot branch from an outer to
an inner scope; a GOTO can only branch within the same scope or to an outer
scope. The CP assigned to a GOTO may cause it to be cloned into multiple
copies. By assigning a labeled statement the CP of its enclosing scope, we
ensure that a label appears in every instance of that scope (in particular, in
a DO scope, every iteration of the enclosing scope will include the labeled
CONTINUE). Since every GOTO branching to this label must come from
the same or an inner scope, every cloned copy of the GOTO will be matched
with exactly one copy of the labeled CONTINUE. Furthermore, the GOTOs
that must match a particular copy of the label are exactly those that appear
within the same instance of the scope enclosing the label. This allows us to to
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renumber the label definitions and any matching label references. The details
of the renumbering scheme are described elsewhere [1].

The second key issue we address with the framework is controlling the
compile-time cost of using expensive algorithms such as MMCODEGEN, while
still ensuring that guard overhead is minimized. There are two features in
the framework that ensure efficiency. First, we take advantage of the inde-
pendent handling of scopes to apply MMCODEGEN independently one loop or
one perfect loop nest at a time. This ensures that the iteration spaces in each
invocation of MMCODEGEN are as simple as possible (though there can still be
multiple different iteration spaces). Second, the use of a bottom-up approach
greatly reduces the number of times MMCODEGEN is invoked, compared to a
top-down approach. The drawback however, i1s that the top-down approach
could yield much more efficient code. This tradeoff between the bottom-up
and top-down approaches arises as follows.

When generating code for a DO scope, the loop’s iteration space is often
split into multiple sections to enable guards to be lifted out of the loop. If
we used a top-down scope traversal order for generating code, information
about the bounds of the different sections could be passed downward during
code generation and exploited in inner scopes. However, a top-down strategy
would require many more applications of the partitioning algorithm than a
bottom-up strategy. For example, for a triply nested loop in which each loop
will be split into two sections by code generation, a top-down strategy would
invoke the loop partitioning algorithm seven times. A bottom-up strategy
would invoke it only three times. Because of the potentially high compile-
time cost of the former, we use a bottom-up code generation strategy.

We use two techniques to ensure the quality of the generated code de-
spite the trade-offs made above. First, an important optimization we apply
when generating code for individual scopes is to exploit as much known con-
textual information as possible about the enclosing scopes. Second, we use
a powerful, global control-flow simplification phase as the last step of code
generation, which further simplifies the control-flow in the resulting program.
The control-flow simplification algorithm is described in section 6. The use of
available contextual information during the bottom-up strategy is described
below. Together, these achieve much or all of the benefit of a top-down code
generation strategy in which full context information is available to code
generation in inner scopes, but at a fraction of the cost.

When generating code for a scope in the bottom-up strategy, we can
assume that code generation in the enclosing scope will ensure that only the
correct processors enter the current scope. For example, consider the loop
nest in Fig. 4.1. Statements s1, s2, and s3 each have a simple computation
partition consisting of a single ON_HOME clause. LoopC P; (1), represents the
CP for the j loop, which consists of the union of the CPs of the statements
in its scope vectorized across the range of the j loop. Inside the j loop, we
assume that the constraints in LoopCP;(i) hold because these constraints
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doi=1,N LoopCP;() = CPi(1:N)U LoopCP;(1:N)
Sl(l) CPy(i) = {[i]: proc. myid owns A;(f1(2))}
doj =1, M LoopCPj(i) = CPy(i,1: M)UCPs(i,1: M)
82(173) CP3(i,7) = {l[i,j]: proc. myid owns A2(f2(4,5))}
enfliﬁ;n CPs(i,7) = {[¢ 4] proc. myid owns As(fs(¢,7))}
enddo

Fig. 4.1. Example showing iteration sets constructed for code generation.

will have been enforced when partitioning the enclosing ¢ loop. Any code
generation strategy used for the inner scope can exploit this information.
Similarly, LoopC P;() represents the CP for the i loop, which consists of the
union of the CPs of the statements it contains, vectorized across the range
of the i loop. We assume that the constraints in LoopCP;() are true when
generating code for the ¢ loop.

Realizing a CP for a single scope. The first step in the process for parti-
tioning a scope is to separate the statements in the scope into statement
groups, which are sequences of adjacent statements that have homogeneous
computation partitions. Second, we use equation 4.2 to construct the explicit
representation of the iteration space for each statement group according to
its computation partitioning. Third, we use some available strategy to par-
tition the computation in the scope. When multiple strategies are available,
we currently apply them in a fixed sequence, stopping when one succeeds in
partitioning the scope. This permits a fixed series of strategies to be tried
(typically attempting specific optimizations and, if these fail, then finally
applying some general strategy).

We currently support two strategies for partitioning a loop: bounds re-
duction, or loop-splitting combined with bounds reduction for the individual
loop sections generated by splitting (the latter is described in Section 5.3).
For non-loop scopes (conditional branches and the outermost routine level),
we also use bounds reduction which reduces to inserting guards on the rel-
evant statements. Two alternatives applicable to loops or statement groups
with irregular data layouts or irregular references are under development,
namely, runtime resolution and an inspector-executor strategy.

To perform bounds reduction as part of the above strategies, we apply
Kelly, Pugh & Rosser’s MMCODEGEN algorithm to the sequence of iteration
spaces for the statement groups in a scope. Applying MMCODEGEN to the
iteration spaces for statement groups reduces loop bounds as needed and
lifts guards out of inner loops when statement groups with non-overlapping
iteration spaces exist. This results in a code template template with place-
holders representing the statement groups. Finally, we replace each of the
placeholders in the code template by a copy of the code for the correspond-
ing statement group. When labels are present in the code for the statement
groups, we renumber the labels to ensure unique numbers as discussed earlier.
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As an alternative to this base strategy for realizing the computation par-
tition for a scope, Section 5.3 describes a loop splitting transformation that
may be applied during code generation to any perfect loop nest that has no
carried dependences. From the perspective of the computation partitioning
code generation, this approach serves as an alternate partitioning method
which subdivides the iteration space for a DO into a sequence of iteration
spaces, and then generates code for each with the method described above
for a single scope. The purpose of the splitting transformation is described
in section 5.3.

Another much more specialized strategy we expect to add for loop nests
is a code transformation for coarse-grain pipelining. The transformation si-
multaneously performs strip-mining of one or more non-partitioned loops
and loop bounds reduction for partitioned loops. The last two optimizations
(loop-splitting and pipelining) illustrate that the hierarchical code genera-
tion framework provides a natural setting within which to perform any code
transformation that has the side effect of producing partitioned code, i.e.,
realizing the CPs assigned to statements in a scope.

5. Communication Code Generation

On message-passing systems, the most efficient communication is obtained
when the compiler can statically compute the set of data that needs to be
exchanged between processors to satisfy each non-local reference. For refer-
ences with statically analyzable communication requirements, a data-parallel
compiler must compute the set of non-local data to be communicated for
each non-local reference, and then use these sets to generate efficient code to
pack, communicate, unpack, and access the non-local data. In this section, we
describe implementation techniques for several key communication optimiza-
tions used in the dHPF compiler to synthesize high performance communi-
cation code for regular applications. Many of these techniques are based on
the integer set framework. For references with unanalyzable communication
requirements, typically due to non-affine subscripts, runtime techniques such
as the inspector-executor model must be used to manage communication. For
more information on such techniques, we refer the reader to Chapter 21 and
the references therein.

The dHPF compiler includes a comprehensive set of communication opti-
mizations that have been identified as important for high performance on
message-passing systems. The benefits obtained from these optimizations
(with very few exceptions) can vary widely between applications as well as
between different systems. This implies that a compiler may have to incor-
porate many different optimizations to obtain consistently high performance
across large classes of applications and systems. Previous commercial and
research compilers, however, have generally implemented only a few of these
techniques because of the significant implementation effort entailed in each
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case. The important communication optimizations in the dHPF compiler in-
clude the following.

Optimizations to reduce message overhead

— Message vectorization moves communication out of loops in order to re-
place element-wise communication with fewer but larger messages. This
is implemented by virtually all data-parallel compilers, but in case-based
compilers it is usually restricted to specific reference patterns for which
the compiler can derive (or conservatively approximate) the data sets to
be communicated [16, 24, 32].

— FEzploiting collective communication is essential for achieving good speedup
in important cases such as reductions, broadcasts, and array redistribu-
tion [33]. On certain systems, collective communication primitives may
also provide significant benefits for other patterns such as shift commu-
nication. The important patterns (particularly reductions and broadcast)
have been supported in most data-parallel compilers.

— Message coalescing combines messages for multiple non-local references to
the same or different variables, in order to reduce the total number of mes-
sages and to eliminate redundant communication. Previous implementa-
tions in Fortran 77D [24], SUTF [2], Paradigm [5], and IBM’s pHPF [11, 16]
have some significant limitations. In particular, coalescing can produce
fairly complex data sets from the union of data sets for individual refer-
ences. The previous implementations are limited to cases where the com-
bined data sets are representable with (or can be approximated by) regular
sections (in Fortran 77D, Paradigm and pHPF) or a single collection of in-
equalities (in SUIF).

— Coarse-grain pipelining trades off parallelism to reduce communication
overhead in loop nests with loop-carried, cross-processor data dependences.
It is an important optimization for effectively implementing parallelism in
such loop nests because the only alternative may be to perform a full array
redistribution, which can be much more expensive. To our knowledge, this
optimization has been implemented in a few research compilers [24, 5] and
one commercial one [16].

Optimizations to overlap communication with computation

— Dataflow-based communication placement attempts to hide the latency of
communication by placing message sends early and receives late so as to
overlap messages with unrelated computation. A few compilers including
IBM’s pHPF, SUIF, Paradigm, and Fortran 77D have used dataflow tech-
niques to overlap communication in this manner.

— Communication overlap via non-local index set splitting attempts to over-
lap communication from a given loop nest with the local iterations of the
same loop nest. This overlap generally cannot be achieved by the above
dataflow placement techniques. Non-local index set splitting (or loop split-
ting) separates iterations that access non-local data from those that access
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only local data. Communication can be overlapped with the local itera-
tions by first executing send operations for the non-local data required in
the loop, then the local iterations, then the receives, and finally the non-
local iterations. Loop splitting was implemented in Kali [32], albeit with
significant limitations as described in Section 5.3.

Optimizations to minimize data buffering and access costs

Mintmizing buffer copying overhead is essential to minimize the overall cost
of communication. This can be achieved in multiple ways. First, in most
message-passing implementations, when the data to be sent or received
is contiguous in memory, it can be communicated “in-place” rather than
copied to or from message buffers. Second, asynchronous send and receive
primitives can be used to avoid additional buffer copies between user and
system buffers by making user-level buffers available for the duration of
communication. Third, non-local data received into a buffer can in some
cases be directly referenced out of the buffer (if the indexing functions can
be generated by the compiler), thus avoiding an unpacking operation. All
of these techniques appear to be widely used in data-parallel compilers,
though the effectiveness of the implementations may vary.

Mintmizing buffer access checks via non-local index-set splitting. Access
checks (i.e., ownership tests) are required when the same reference may
access local data from an array or non-local data from a separate buffer on
different loop iterations. Loop-splitting separates out the local iterations
(which are guaranteed to access local data) from the non-local ones. Even
the latter may not need access checks if all non-local references now access
only non-local data. The alternative to this transformation is to copy local
and non-local data into a common buffer (as done in the IBM pHPF com-
piler [16]), which can be costly in time and memory usage. As mentioned
above, non-local index set splitting was implemented in a limited form in
Kali.

Qverlap areas for shift communication are extra boundary elements added
to the local sections of arrays involved in shift communication [14]. They
permit local and non-local data to be referenced uniformly, thus avoiding
the need for the access checks (or alternatives) mentioned above. Generally,
interprocedural analysis has to be used to determine the size of required
overlap areas globally for each array. Simpler implementations may waste
significant memory and may have to be controlled by the programmer.
Overlap areas have been implemented in several research and commercial
compilers.

The Rice dHPF compiler implements all of the above optimizations ex-

cept coarse-grain pipelining and the use of asynchronous message primitives
(both these are currently being implemented). Some other specific communi-
cation optimizations have been implemented in other compilers but are not
included in dHPF. IBM’s pHPF coalesces diagonal shift communication into
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two messages [16], whereas dHPF requires three. This is useful, for example,
in stencil computations that access diagonal neighbors such as a nine-point
stencil over a two-dimensional array. Chakrabarti et al. describe a powerful
communication placement algorithm that can be used to maximize opportu-
nities for message coalescing or to balance message coalescing with communi-
cation overlap [11]. SUIF uses array dataflow analysis to communicate data
directly from a processor executing a non-local write to the next processor
executing a non-local read [2], whereas dHPF must use an extra message to
send the data first to the owner and from there to the reader. The former
two optimizations can be directly added to the current implementation of
dHPF. The SUIF model is a different and significantly more complex com-
munication model compared to that used in dHPF, and there is little evidence
available so far to evaluate whether the additional complexity is justified for
message-passing systems.

One reason that it has been practical to implement a fairly large collection
of advanced optimizations in dHPF is our use of the integer set framework.
By formulating optimizations abstractly in terms of integer set operations,
we have obtained simple, concise, and general implementations of some of
the most important phases of the compiler (such as communication code
generation) as well as of complex optimizations like loop-splitting. These im-
plementations broadly apply to arbitrary combinations of affine references,
data distributions, and computation partitionings, because the analysis is not
dependent on specific forms of these parameters. In the remainder of this sec-
tion, we briefly describe the implementation of communication optimizations
that use the integer set framework. These include our entire communication
generation phase which incorporates message vectorization and coalescing,
the two optimizations based on non-local index set splitting and an algo-
rithm for recognizing in-place communication. A control-flow simplification
algorithm, which is also implemented using integer sets, is described in Sec-
tion 6.

5.1 Communication generation with message vectorization and
coalescing

The communication insertion steps in dHPF can be classified into two phases:
a preliminary decision-making phase that identifies and places the required
communication in the program, and a communication generation phase that
computes the sets of processors and data involved in each communication, and
synthesizes code to carry out the communication. In this paper, we primarily
focus on the communication generation phase which is based on the integer
set framework. We briefly describe the decisions made in the former phase,
since these directly feed in as inputs to communication generation.

The preliminary communication analysis steps in dHPF determine (a)
which references are potentially “non-local” | i.e.; might access non-local data,
(b) where to place communication for each reference, (c¢) whether to use a
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collective communication primitive in each case, and (d) when communica-
tion for multiple references can be combined. The first step is a very simple
analysis to filter out references that can easily be proven to access only lo-
cal data. The second step uses a combination of dependence and dataflow
analysis to choose the placement of communication so as to determine how
far each message can be vectorized out of enclosing loops, and to optionally
move communication calls early or late to hide communication latency [30].
The third step uses the algorithms of Li and Chen [33] to to determine if
specialized collective communication primitives such as a broadcast could be
exploited. (Reductions are recognized using separate algorithms.) Otherwise,
the compiler directly implements the communication using pairwise point-to-
point communication. The fourth step chooses references whose communica-
tion can be combined. Any two references whose communication involves one
or more common pairs of processors can be coalesced in our implementation.
In practice, however, it it is usually not beneficial to combine references that
should use different communication primitives, such as a broadcast with any
pairwise point-to-point communication. (One instance where it is profitable
is combining a reduction and a broadcast by using a special reduction prim-
itive like MPI_Al11Reduce, which leaves every processor involved with a copy
of the result.) We refer to the entire collection of messages required for a set
of coalesced references as a single logical communication event.

The code generation phase must then use the results of the previous phases
to synthesize vectorized and coalesced messages that implement the desired
communication for each logical communication event. For each reference, the
compiler first computes the set of data to send between pairs (or groups) of
processors; these communication sets depend on the reference, layout, com-
putation partitioning, and the loop level at which vectorized communication
is to be performed. Message coalescing requires computing the union of the
above communication sets for the coalesced references. We directly compute
the communication sets for each communication event using a sequence of
integer set operations, independent of the specific form of the reference, lay-
out, and computation partitioning. We then generate code from these sets
directly.

The integer set equations used to compute the communication sets for
each logical communication event are described in detail elsewhere [1]. We
briefly describe the key aspects of the algorithm here. The goal of the algo-
rithm is to compute two separate maps for a fixed symbolic processor index
m (where m is the index tuple for processor myid in the processor array to
which the data is mapped, and myid is the representative processor index of
the SPMD program).

SendCommMap(m) = {[p] — [a] : array elements a that
proc. m must send to proc. p }

RecvCommMap(m) = {[p] — [a] : array elements a that
proc. m must receive from proc. p }
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DataAccessedMap =
{ [p1,p2]1->[b1,b2] :
max (1, 20%pl) <= bl <= min(20*p1+19, 58) &&
max (2, 20%p2+1) <= b2 <= min(20%p2+20, 59) };

nlDataAccessed ({ml1,m2}) =
{ [b1,b2] :
1 <=ml <= 2 &% bl = 20*ml &&
max (2, 20%m2+1) <= b2 <= min(20*m2+20, 59) };

SendCommMap ({m1,m2}) =

{ [p1,p2]1->[b1,b2] :
pl = mi1+1 && p2 = m2 && 0 <= ml1 <=1 && b1l 20*%m1+20 &&
max (2, 20%m2+1) <= b2 <= min(20*m2+20, 59) };

RecvCommMap ({m1,m2}) =
{ [p1,p2]1->[b1,b2] :

Pl = ml-1 && p2 = m2 && 1 <= ml <= 2 && b1l 20*m1 &&

max (2, 20*%m2+1) <= b2 <= min(20*m2+20, 59) };

Fig. 5.1. Example maps for communication due to reference B(i-1,j) in
the Jacobi kernel of Figure 2.1, assuming N = 60

To illustrate how these maps are computed, Figure 5.1 shows some of the
intermediate results and the final resulting maps for a single non-local ref-
erence B(i — 1,7) in the Jacobi kernel example of Figure 2.1, assuming
N = 60. (We chose this very simple example to make it easy to under-
stand the maps, although it does not illustrate the generality of our inte-
ger set formulation.) Here, the final SendCommM ap(m) specifies that pro-
cessor myid (whose index tuple is m = {mj, ms}) must send the bound-
ary values B(20m; + 20,20mq + 1 : 20mg + 20) to its right neighbor,
p:p1 = my + 1,ps = ma, except that processors with m; = 2 do not send
any data. RecvCommMap(m) specifies that processor myid must receive
the boundary values B(20mq,20ms + 1 : 20ms + 20) from its left neighbor,
p:p1 =mq — 1, ps = my, except processors with m; = 0 do not receive any
data. The min and maz terms in the maps exclude the communication of
edge elements that are not accessed. The key steps used to compute these
maps are as follows.

For a given reference, we first compute a map, DataAccessedMap, de-
scribing the entire set of data (local and non-local) accessed by each processor
p in all iterations of the loops out of which communication has been vector-
ized. This is done by composing the computation partitioning and reference
maps (see Figure 5.1). Then, for a read reference, the set of non-local data
accessed by the processor m (denoted nlDataAccessed(m)) is the difference
between the data accessed and the data owned by that processor. For a write
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reference, the set of non-local data accessed is the intersection of the data ac-
cessed by m and the data owned by all other processors p, since a write must
update all owners of the data. (In the absence of replicated data, this step
would be equivalent for reads and writes.) Now, the data that m must receive
from each processor p is the intersection of the non-local data accessed by m
and the data owned by p. The data that m must send to each processor p is
the intersection of the non-local data accessed by p and the data owned by
m. For a single reference, the last two results are exactly RecvCommMap(m)
and SendCommMap(m) respectively. To coalesce communication for multi-
ple non-local references (including both reads and writes), we simply take the
union of these maps over all coalesced references.

If any of the array elements accessed by a read reference is replicated, a
simple additional step is necessary to ensure that only a single owner sends
the element to each processor that reads it. Similarly, if the CP for a write
reference is replicated, a similar step ensures that only one writer sends the
data back to each owner. To avoid communication bottlenecks, we ensure
that all the owners (or writers) participate by providing data to different
groups of destination processors [1].

For the case of coarse-grain pipelining, we use another additional step
to account for the blocking of communication (i.e., the granularity of the
pipeline). Specifically, in the range of the above maps, we extend the dimen-
sion to be blocked from a single value to a range, using symbolic bounds to
represent the block of data communicated in each pipeline stage.

SendCommMap and RecvCommMap are used by the code generator
to synthesize communication. Several alternative communication strategies
can be directly supported. To implement pairwise, point-to-point communi-
cation we synthesize separate loops to iterate over the domain (processor set)
of each map. Note that these loops will enumerate exactly those processors
with which processor myid must exchange data. The algorithm described in
Section 5.2 is then used to determine whether data to be communicated is
contiguous in memory, or if this is not statically provable, to emit a logical
expression that checks this at run-time. In the latter case, we also synthe-
size a loop to iterate over the range of SendCommMap (i.e., the data to
be sent to p) and use it to copy the data to a buffer. When we check con-
tiguity at runtime, we generate both in-place and buffered communication
for a particular communication event. For the receiving end, data can be
received in-place if overlap areas are used and the communicated section is
contiguous. The receiver uses the same approach to determine whether to
receive data in place or into a communication buffer. We currently use the
MPI Bsend and MPI Brecv primitives for synchronous point-to-point commu-
nication, which guarantee sender-side buffering. This is a simple solution to
ensure that deadlock does not occur in cases where all processors have to
send and receive data, but it may introduce excess buffer copy operations
at the sender. We are currently extending our communication generation to
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use asynchronous message-passing primitives which can significantly reduce
buffer copying overheads at the sender and receiver.

It 1s straightforward to extend the above approach to exploit collective
communication primitives, in cases where these will be more efficient than
point-to-point communication. For example, using a broadcast operation sim-
ply requires eliminating the processor loop and using a single call to broadcast
the data set to all processors. The methods to determine if data is contiguous
and to generate the buffer packing code both remain unchanged. Reductions
require separate code generation steps to synthesize code to compute local
partial sums within each processor. The data set for a reduction is simply
the entire temporary variable (scalar or array) used to hold the local partial
sums. Thereafter, the code generation for buffering and communication steps
of a reduction are the same as above.

In summary, code generation for message vectorization and coalescing re-
lies on the integer set framework to compute the processor and data sets for
communication, and use these to synthesize code for explicit communication.
The algorithms are independent of the specific form of the reference, data
layout, and computation partitioning involved, and fully support the gen-
eral computation partitioning model in dHPF. Independent algorithms are
used to determine whether buffering is required, and to minimize the costs
of accessing buffered non-local data. These are described in the following
subsections.

5.2 Recognizing in-place communication

Whether compiling HPF for shared-memory or message-passing architec-
tures, avoiding excess data copies can boost performance. Here we describe a
technique developed to avoid data copies when generating code for a message
passing communication model based on MPI. Common MPI implementations
permit data to be sent or received “in-place” (avoiding an explicit data copy)
when the address range of the data is contiguous. To increase the likelihood
that communication can be performed in-place, we have developed a com-
bined compile-time/run-time algorithm for recognizing contiguous data based
on our capability of generating code from integer-sets.

A communication set for an n-dimensional Fortran array represents con-
tiguous data if there is some dimension k,1 < k£ < n such that, for the
high-order dimensions 1 < ¢ < k, the set spans the full range of array di-
mension ¢, along dimension k the set has a contiguous index range, and in
the low-order dimensions k + 1 < j < n, the set contains a single index
value. Using our integer-set representation for communication sets, we can
express these individual conditions as Boolean predicates, requiring up to
three predicates for each array dimension. The existence of a value k satisfy-
ing the above properties can be directly expressed as a logical combination
of these predicates, first eliminating those predicates that can be proven true
or false at compile time. We construct and express this logical expression as
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an integer set. If the entire expression can be proven true or false at compile
time, then we generate a single version of code for communicating contiguous
or non-contiguous data respectively (i.e., with and without buffer packing).
If the expression cannot be proven true or false, we synthesize code from the
integer set to test the condition at runtime. In this case, we generate both
versions of communication code (with and without buffer packing).

Directly checking the logical condition constructed above requires check-
ing O(n?) terms (conjunctions of predicates), at compile-time or runtime. We
can in fact reduce this cost to O(n) by using a single scan of the dimensions
(leftmost first) to find the first dimension k& which cannot be proved to span
the full range of the array dimension, and then checking the predicates for
k...n. If these predicates cannot be proven at compile time, we can syn-
thesize code to repeat this scan and check at runtime, when it can be done
precisely. In practice, however, the number of array dimensions n is typically
small, and many of the predicates are statically proven true or false. The cost
of evaluating the logical condition at run-time will usually be much smaller
than the cost of packing all but the smallest messages into a communica-
tion buffer. Therefore, we take the simpler approach (described above) of
constructing and evaluating the logical condition directly as a single set.

By combining compile-time and runtime decisions to identify contiguous
data, we obtain maximum efficiency when the data is provably contiguous
but also minimize the likelihood that explicit buffer packing will be needed
when this decision cannot be made until runtime. Furthermore, by basing the
analysis directly on an explicit integer set representation of the data, we can
apply it to arbitrary communication sets, independent of data layouts and
communication patterns.

5.3 Implementing Loop-Splitting For Reducing Communication
Overhead

As described at the outset of this section, loop-splitting (or iteration re-
ordering) techniques can be used to ameliorate two types of communication
overhead: the latency of communication, and the cost of referencing buffered
non-local data. Both techniques involve splitting a loop to separate the it-
erations that access only local data from those that may access non-local
data. After splitting, we can overlap communication for the loop with the
computation in the local iterations, which do not require the communicated
data. We can also reduce the number of ownership guards executed before
non-local references by eliminating the guards in the local iterations, and
perhaps some in the non-local iterations as well.

The only implementation of loop-splitting we know of is in Kali [32],
where the authors used set equations to explain the optimization but used
case-based analysis to derive the iteration sets (during compiler development)
for a few special cases restricted to one-dimensional data distributions. This
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approach is only practical for a small number of special cases. We have ex-
tended the equations in [32] to apply to an arbitrary number of non-local
references with any regular data layouts and any CP in our CP model, using
the sets and mappings described in previous sections. We first describe the
loop-splitting analysis for communication overlap, because the loop transfor-
mations in this case subsume the transformations required for splitting for
buffer access.

Loop-splitting in dHPF is applied one perfectly nested sequence of loops at
a time, for loops that satisfy the conditions below. The restriction to perfectly
nested loops is not essential, but slightly simplifies our implementation of
the code generation. The analysis described here can be used unchanged for
imperfect loop nests. We look for a maximal loop-nest that includes loops
for which it is legal to reorder the loop iterations, and also loops which we
can predict will not to be reordered. It is legal to reorder iterations of a
loop if it has no loop-carried data dependences and it does not enclose any
communication operations. We can predict that certain loops will not be
reordered, as follows. Note that for a read reference, a subscript in a non-
distributed array dimension will not cause the reference to be non-local. (In
a write reference, however, such a subscript could induce communication to
send the data back to all the owners.) Therefore, non-local index set splitting
will not reorder the iterations of a loop whose loop index variable is used
to index only local references and non-distributed array dimensions in non-
local RHS references. Therefore, we can ignore any dependences that may be
carried on such loops, and these loops can be safely included in the loop nest.

Since any write reference as well as any read reference may be non-local
in dHPF, our goal is to separate the iterations of a loop nest into four sec-
tions: those that access only local data (locallters), and those that only
read, only write, or read and write non-local data (rlROTters, nlWOIters
and nl RW Iters respectively). These sets are computed using a sequence of
integer set equations, taking as input the basic sets and maps of Figure 3.1
and the non-local data set, nl DataAccessed(m), computed as an intermedi-
ate result for the communication sets as described in Section 5.1. The detailed
equations are explained in [1]. The key step is computing the iterations that
access non-local data for each given reference. The non-local data set for
the reference describes the non-local data accessed by the processor myid.
Composing this map with RefMap~! gives the iterations that access these
non-local elements. For example, consider the reference B(i-1,j) in the Ja-
cobi kernel of Figure 2.1. We compose RefMap™! = {[b1,bs] — [l1,12] : b1 =
ly — 1 Aby = I3} with the non-local data set nlDataAccessed(m) shown
in Figure 5.1. This yields precisely the set of boundary iterations that ac-
cess non-local data due to that reference: {[l1,l2] : 1 < my < 2Al =
20xmy + 1 A maz(2,20 x mg + 1) < ly < min(20 x my + 20,59)}. By taking
unions over non-local read and write references respectively, we directly get
the set of iterations that read non-local data and the set of iterations that
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SEND data for non-local reads SEND data for non-local reads

execute nlIWOIters execute nlWOIters

SEND data for non-local writes execute locallters

execute locallters RECV data for non-local reads

RECV data for non-local reads execute nlROIters U nlRWlters

execute nlROIters SEND data for non-local writes

RECV data for non-local writes RECV data for non-local writes
(a) if nl RW Iters is empty (b) if nlRW Iters is non-empty

Fig. 5.2. Generated code for overlapping communication and computation.

write non-local data. These sets may not be disjoint, but from these two
sets and the CP, the four desired sets can be directly computed. The code
for these individual loop sections is directly synthesized from the respective
integer sets by using MMCODEGEN.

We schedule the communication and computation for this loop nest in
the sequence shown in Figure 5.2. Both read and write communication la-
tency would be overlapped with some computation if all non-local writes are
performed first, then local iterations, and finally non-local reads. This is pos-
sible when nlRW Iters is empty, as shown in Figure 5.2(a). If nlRW Iters
is non-empty, however, these iterations both read and write non-local data,
and these must be placed after the RECV for non-local reads and before the
SEND for non-local writes. Therefore, we can overlap either read or write
communication with locallters, but not both. A simple heuristic could be
used to choose between the two alternatives, by comparing how early read
data is produced and how late write data is consumed. For now, however, we
simply overlap read communication with nlWO/ters and locallters, and we
merge nl RW Iters with nlWOTters, as shown in Figure 5.2(b).

The goal of the second optimization based on loop-splitting is to minimize
the number of ownership guards executed before non-local references. A ref-
erence would not need a guard if it accesses only local or only non-local data
in all iterations of the enclosing loops. Therefore, in a loop with r non-local
references, the ownership guards could be completely eliminated by splitting
the index space into 2" — 1 non-local subsets, plus the local section. To avoid
this exponential behavior, we can simply split the loop into one local and one
non-local subset, and use guards only in the non-local section if necessary.
If splitting is being applied for communication overlap, that actually creates
three non-local sections instead of one, and no further transformations are
required. In any case, references in the local iterations do not need ownership
guards . A reference in a non-local loop section also does not need such guards
if 1s the set of iterations in that section is identical to the set of non-local
iterations due to that reference alone.
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parameter (N=64)

real a(N), b(N), £(N,N,N)
CHPF$ processors p(4)
CHPF$ template t(N,N,N)
CHPF$ distribute t(*,*,block) onto p
CHPF$ align f£(i,j,k) with t(i,],k)

CHPF$ align a(k) with t(*,%,k)
CHPF$ align b(k) with t(*,* k)
do j=1,N
do k=2,N
c SEND f(1:N,j,k-1) ! ON_HOME £(1:N,j,k-1)
c RECV f(1:N,j,k-1) ! ON_HOME £(1:N,j,k)
do i=1,N

! ON_HOME £f(i,j,k)
£f(i,j,k) = (£(i,j,k) - a(k) * £(i,j,k-1)) * b(k)
enddo
enddo
enddo

Fig. 6.1. HPF source for a fragment from the Erlebacher benchmark, showing
the preliminary placement of SEND and RECV and the CPs assigned.

Code generation for the loop transformations described above is inte-
grated into the hierarchical code generation framework described in Section 4,
as an alternative computation partitioning strategy. This is because code gen-
eration from the local and non-local sets has the side-effect of enforcing the
CPs assigned to the statements in the loop (including reducing the loop
bounds and introducing guards if necessary). This follows because each of
the four loop sections is a subset of the iterations assigned to processor myid
by these CPs. Thus, the combination of the integer-set-based analysis and
the hierarchical code generation framework made it quite simple to add even
these relatively complex optimizations in the compiler.

6. Control flow simplification

6.1 Motivation

Several of the strategies for partitioning computation can split a loop’s iter-
ation space to avoid adding computation partitioning guards inside the loop.
By splitting the iteration space, such guards can be added between sections
of the loop instead of inside, which can dramatically reduce the dynamic ex-
ecution frequency of guards. However, after a loop has been split, the smaller
resulting iteration spaces provide a sharper context that may make some
conditionals or loops nested inside redundant or unsatisfiable. We illustrate
these effects with an example later in this section.
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do j =1, 64
1 if (pmyidi >= 1)
2 k = 16 * pmyidl + 1

!--<< Iterations that access only local values >>--
3 if (16 * pmyidl <= k - 2) ! INFEASIBLE
COMPUTE f(1:64, j, k)

4 if (16 * pmyidl == k - 1 &% pmyidl >= 1) I TAUTOLOGY
RECV £(1:64, j, 16%pmyidi)

!1--<< Iterations that read non-local values >>--

5 if (16 * pmyidl >=k - 1) !'TAUTOLOGY
COMPUTE f(1:64, j, k)

6 do k = 16 * pmyidl + 2, 16 * pmyidl + 16

7 if (16 * pmyidl == k - 17 .and. pmyidl <= 2) !INFEASIBLE

SEND f£(1:64, j, k - 1)

!--<< Iterations that access only local values >>--
8 if (16 * pmyidl <= k - 2) !TAUTOLOGY
COMPUTE £ (1:64, j, k)

9 if (16 * pmyidl == k - 1 &% pmyidl >= 1) ' INFEASTBLE
RECV £(1:64, j, 16%pmyidl)

!1-—<< Iterations that read non-local values >>--
10 if (16 * pmyidl >=k - 1) 'INFEASIBLE
COMPUTE f(1:64, j, k)
enddo
if (pmyidi <= 2)
k = 16 * pmyidl + 17
11 if (16 * pmyidl == k - 17 .and. pmyidl <= 2) !TAUTOLOGY
SEND f(1:64, j, k - 1)
enddo

Fig. 6.2. Skeletal SPMD code for Fig. 6.1 with partitioned computation.

If individual code generation steps attempted to exploit full contextual
knowledge to avoid or eliminate guards and empty loops, they would have to
be significantly more complex. Furthermore, implementing such an approach
would also require rebuilding or incrementally updating analysis information
after each code generation step. We use Instead, we use a simpler and less ex-
pensive approach in which we make no effort to avoid control-flow complexity
that arises as a result of interactions between the different optimization steps,
and instead use a separate post-pass optimization to eliminate excess con-
trol flow. This approach has two major advantages: existing code generation
algorithms can be simpler, and the post-pass control-flow simplification can
use powerful algorithms that exploit global information about the program.
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do j =1, 64

if (pmyidl >= 1) then
k = 16 * pmyidl + 1
RECV £(1:64, j, k-1)
!1-—<< Iterations that read non-local values >>——
COMPUTE £(1:64, j, k)
endif !(pmyidl >= 1)

do k = 16 * p_myidl + 2, min(16 * p_myidl + 16, 63)
!--<< Iterations that access only local values >>--
COMPUTE £(1:64, j, k)

enddo 'k

if (p_myidl <= 2) then
k = 16 * p_myidl + 17
SEND f(1:64, j, k - 1)

enddo !j

Fig. 6.3. Skeletal SPMD code for Fig. 6.2 after simplification.

The foundation for control flow simplification in dHPF is an algorithm for
globally propagating symbolic constraints on the values of variables imposed
by loops, conditional branches, assertions, and integer computations. Sev-
eral previous systems have supported strategies for computing and exploiting
range information about variables [20, 8, 9, 25, 44]. Two key differences that
distinguish our work are that we handle more general logical combinations
of constraints on variables (not just ranges) and we use these constraints to
simplify control flow. In this section, we present an example that illustrates
how a sequence of code generation steps results in superfluous loops and con-
ditionals and then provide a brief overview of our control-flow simplification
technique. Our algorithm is described and evaluated in detail in [34].

To illustrate some of the principal sources of excess control-flow in dHPF,
Fig. 6.1 shows source code for a loop from the Erlebacher benchmark, in-
cluding the CPs and the initial placement of communication chosen by the
compiler. The assignment statement is given the CP oN_HOME £(i,j,k),
and communication for the non-local reference £(i,j,k-1) is placed inside
the k loop because of a loop-carried flow dependence for array f£. Fig. 6.2
shows the skeletal SPMD code after CP code generation (the entire i loop
has been shown as “COMPUTE f£(1:64,j,k)” to simplify the figure). Exami-
nation of the code in Fig. 6.2 shows that many of the guard expressions are
infeasible or tautological.

The causes of excess control flow in this example are as follows:

1. The guards on lines 8 and 10 are initially generated by splitting the i
loop into local and non-local iterations. At this time it is not known what
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sections of the k loop will finally be generated. We cannot apply non-local
index set splitting to the & loop because of the loop-carried dependence.
However, when MMCODEGEN is applied to reduce loop bounds for the k
loop, the loop is tiled into 3 sections (k = 16 * pmyidi+ 1, {16 pmyid1+
2 <k < 16+ pmyidi+ 16}, and k = 16 x pmyid1+ 17), so that additional
guards are not required within the loop to enforce the different CPs of the
three inner statements. The guards on lines 8 and 10 now get duplicated
on lines 3 and 5, along with their enclosed COMPUTE blocks. Now, in the
refined context of these k loop sections, the guards on lines 3 and 10 are
always false, and those on lines 5 and § are always true.

2. When the k loop is split as described above, the SEND and RECV place-
holders are duplicated (as shown) during CP code generation because of
the CPs assigned to the communication placeholders. The CPs assigned
to placeholders, shown in Figure 6.1, simply specify that the owner of
£(1:N,j,k) must receive data (since it will execute the i loop), and
the owner of £(1:N, j,k-1) must send data (since it owns the data be-
ing read). These CPs are imprecise in that the SEND and RECV should
actually execute only in the boundary iterations. Precise CPs for com-
munication are difficult to compute and express in any general manner
since communication patterns can be quite complex. Instead, we rely on
the communication generation phase to insert guards to ensure that only
required communication occurs. Those guards are the ones shown on lines
4, 7,9 and 11. Although the loop context created when partitioning the
k loop makes these guards infeasible or redundant, the communication
code is generated without precise knowledge of this refined loop context.

It is important to note that the excess guards that arise in the code gener-
ation steps described above are not due to poor code generation algorithms.
In the first case, they result from a sophisticated loop transformation that
reduces the dynamic execution frequency of guards. In the second case, avoid-
ing eliminating redundant guards when instantiating communication would
require full knowledge of sharper context created by earlier code generation
steps.

Another source of excess control flow not illustrated by the example above
is the insertion of ownership guards for non-local references. As explained in
Section 5.3, we create one to three sections of non-local iterations, and insert
ownership guards in each of the non-local sections. However, if the iteration
set of any non-local section is non-convex, MMCODEGEN automatically tiles
the section into convex regions, potentially making some or all of the guards
in that section redundant. In each case, it is sensible to generate these guards
oblivious of their context and let a later control-flow simplification pass elim-
inate any that became unnecessary. This enables our guard insertion algo-
rithms to remain relatively simple without hurting performance. In the next
section we describe our global algorithm for eliminating superfluous control
flow.
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6.2 Overview of Algorithm

The algorithm for simplifying control flow is based on the property that each
conditional branch node (i.e., IF or DO loop) in a program guarantees certain
constraints on the values of variables for the statements control dependent
on the branch node. The goal of our algorithm is to collect and propagate
these constraints globally through the code and use this information to sim-
plify the control flow. Our algorithm combines three key program analysis
technologies, namely, the control dependence graph (CDG) [13], global value
numbering based on thinned gated single assignment form [21], and simplifi-
cation of integer constraints specified as Presburger formulae [27]. The former
two enable us to derive an efficient, non-iterative algorithm for propagating
constraints along control dependences, while the latter enables simplification
of logical constraints and code generation from the simplified constraints. The
information we collect is closely related to the concept of “iterated control
dependence” path conditions described by Tu and Padua [44].

Rather than computing constraints on variables directly, we compute con-
straints on value numbers representing unique values of variables. This allows
us to avoid invalidating constraints after redefinitions and SSA merge points
since each of these points simply yields a new value number for the variable.
Constraints on an old value number may be irrelevant but are never incor-
rect. Constraints on a value number V' at a given statement S in the program
are logical combinations of equalities and inequalities that hold true for V' at
S. We use integer sets of rank 0 to represent constraints; this enables us to
exploit the Omega library’s capabilities for symbolic simplification and code
generation.

Briefly, our constraint simplification algorithm operates in two passes as
follows. The first pass collects constraints at conditional branch nodes in a
single reverse-post-order traversal of CDG. This order ensures that all control
dependence (CD) predecessors of a node are visited before the node itself,
except for predecessors along back edges which form cycles in the CDG. At
each point in the traversal, we collect the constraints for a node as the inter-
section of the constraints enforced locally at the node with the disjunction
of the constraints that hold along paths from each of its control dependence
predecessors. Our single pass algorithm for collecting constraints computes a
conservative approximation in that it ignores constraints along back edges.*
Despite using a non-iterative strategy for collecting constraints, we are still
often able to extract useful constraints for loop-variant iterative values, par-
ticularly auxiliary induction variables recognized when computing value num-
bers. This includes relatively complex auxiliary induction variables that do
not have a closed form but are defined by a loop-invariant iterative function
(e.g., i =1ix%2).

* It is safe to ignore these constraints because our use of value numbers en-

sures that constraints along back edges will never invalidate existing constraints,
rather they would just add more information.
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The second pass makes a reverse preorder traversal of the CDG (visiting
CD dependents before ancestors), using the computed constraints to simplify
a procedure’s control flow. The bottom-up order we choose to simplify con-
straints is a convenience that simplifies bookkeeping by ensuring that code
transformations we apply at a node will not eliminate any conditionals that
we will subsequently reach later in our iteration. If the outgoing constraints
for a loop or conditional branch are unsatisfiable, its code 1s eliminated. If
the outgoing constraints at a conditional branch are implied by its incoming
constraints, the test is eliminated. Otherwise, the test may still be simpli-
fied given the known information in the incoming constraints. In this case,
the simplified constraints are used to regenerate a simpler guard using the
MMCODEGEN operation.

The algorithm also takes into account assertions specifying “known” con-
straints about program variables inserted into the code by the programmer
or previous phases of the compiler. These assertions provide a mechanism for
communicating information that a later compiler pass may be unable to infer
directly from the code. We refer the reader to [34] for the details of the overall
algorithm, including the handling of iterative constructs and assertions.

6.3 Evaluation and Discussion

Figure 6.3 shows the simplified code for the Erlebacher intermediate code
shown in Figure 6.2. In Figure 6.3, we see that all infeasible and tautologi-
cal guards have been eliminated, the latter being replaced by their enclosed
code. We also evaluated the algorithm for 3 benchmarks (Tomcatv from the
Spec92 benchmark suite, Erlebacher, and Jacobi) [34]. The algorithm elimi-
nated between 31% and 81% of guards introduced by the compiler for these
programs, yielding between 1% and 15% improvement in execution time on
an IBM SP-2. These improvement are achieved over and above the many
aggressive optimizations in dHPF and scalar optimizations performed by the
SP-2 node compiler. Overall, the control-flow simplification i1s able to com-
pensate for the lack of complete context information in the earlier code gener-
ation phases (and for the overly simple CPs for communication statements),
permitting the earlier phases to be simpler without impacting performance.

An interesting outcome we observed in our experiments is that the gen-
eral purpose control-flow simplification algorithm (in combination with our
CP code generation algorithm and loop splitting) provides some or all of
the benefits of much more specialized optimizations such as vector-message
pipelining [43] and overlap areas [14]. In particular, the pipelined shift com-
munication pattern for Erlebacher shown in Fig. 6.3 is exactly what vector
message-pipelining aims to produce, but the latter is a narrow optimization
and complex to implement, as explained in [34]. In dHPF, however, it results
naturally from loop-splitting, bounds reduction, and control-flow simplifica-
tion. As a second example, overlap areas are specifically designed to simplify
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referencing non-local data in shift communication patterns, but a compre-
hensive implementation of overlap areas requires interprocedural analysis.
Even without overlap areas, we obtained equally simple code for shift com-
munication patterns in both Tomcatv and Erlebacher, and nearly as simple
code in Jacobi. This happened because non-local loop-splitting and control-
flow simplification together eliminated all or most of the ownership guards
on non-local references, so that it was equally simple to access data out of
separate non-local buffers as out of overlap areas. In fact, the code for Tom-
catv without overlap areas slightly outperformed the code with overlap areas
(by about 3%) because overlap areas required an extra unpacking opera-
tion [34]. Overall, these results and the evaluation described above indicate
that the control-flow simplification algorithm can be a useful general-purpose
optimization for parallelizing compilers.

7. Conclusions

The motivation for the development of the Rice dHPF compiler is the need
for HPF compiler technology that approximates or exceeds hand-coded per-
formance across a broad spectrum of programs. Meeting our goal of offering
consistently high performance will require a large collection of optimizations
that are uniformly applicable to a wide variety of programs.

In this chapter, we described several static code generation techniques
that enable aggressive and robust optimizations in an HPF compiler, and
yet greatly simplify the implementation of many of these optimizations. We
described a computation partitioning model, a framework for analysis and
optimization, and a code generation strategy that are more general than
those used previously by HPF compilers. The key conclusions we draw from
this work are as follows. First, a uniform and comprehensive code genera-
tion framework can support a very general computation partitioning model,
and permit harnessing powerful code-generation algorithms that extract the
full performance of partitionings enabled by the model. Second, the use
of abstract set equations as the medium for expressing optimizations has
greatly simplified the construction of even complex optimizations, and there-
fore makes it practical to incorporate a comprehensive collection of opti-
mizations in a compiler. In addition, the high-level nature of these equations
makes the optimizations very broadly applicable (including any computation
partitionings in the general CP model), and increasing their overall impact.
Third, a global control-flow simplification algorithm can substantially reduce
excess control-flow in the generated code, permitting other code generation
algorithms to be significantly simpler. Finally, the synergy between some of
these general optimizations provides some or all of the benefits of much more
specialized optimizations such as vector-message pipelining and overlap areas.

The base technology (the Omega library) used to implement the integer
set framework is experimental, but it has proved invaluable for prototyping
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optimizations based on the framework. Further experience from using dHPF
on a wide variety of programs will be required to judge whether the technology
is efficient enough to be practical for commercial implementations. If this
approach proves too costly, it would be important to develop more efficient
but less precise set representations so that compilers could still obtain the
power and simplicity of the integer set formulations.

In this chapter, we have focused on the problem of compiling “regu-
lar” data parallel codes. Many applications have features that cause them
to fall outside this class, and in such cases different compilation strategies
and run-time support are more appropriate. Our hierarchical framework for
code generation enables different code generation strategies to be applied to
a scope, or in some circumstances even to a single statement. This capability
provides the flexibility needed to integrated alternate methods such as in-
spector/executor or run-time resolution to cope with programs that are not
statically analyzable.

Although the analysis and optimization described here focused on com-
piling for a message-passing target machine, most if not all of this technology
is directly applicable to uniform and distributed shared memory (i.e., SMP
and DSM) systems. Some of the optimizations built on the program analysis
framework are aimed at avoiding communication by maximizing data access
locality, which is essential for DSM systems as well. Furthermore, for shared-
memory systems built from commodity microprocessors, managing locality
by managing the memory hierarchy is essential for performance. The analysis
and code generation capabilities described here are guided primarily by array
layouts and provide the right leverage for exploiting locality and optimizing
for the memory hierarchy on this emerging class of systems.
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do i=1, 10
if (c .ge. 4 .and. i .le. 6)

L= {[5]:1<:<10 A doj=1,5
1<j<5A ¢>1} s1(i,J)
s2(1,j3)
o ) if (i .ge. 7 .and. c .ge. 4)
L = {[1,7]]1:1<i1<6 A doj=1,5
1<j5<5 A c>4} s1(i,7)
if (¢ .le. 3)
doj=1,5
known = {c>1} s1(i,j)
enddo !'i
(a) Two iteration spaces. (b) Code template from MMCODEGEN.

Fig. 7.1. Constructing a code template from iteration spaces.

Appendix A. MMCODEGEN

Here we briefly introduce Kelly, Pugh & Rosser’s algorithm for “multiple-
mappings code generation” [26], which we refer to as MMCODEGEN. This
algorithm is available as part of the Omega library, and serves as a cornerstone
for a variety of code generation tasks in the dHPF compiler. The inputs to
MMCODEGEN are as follows:

MMCODEGEN(; ... I,,known, effort) :

I... 1, : [lteration spaces for v statements.
known : A set of rank 0, giving constraints on global variables in ;... 1,
that will be externally enforced.

effort : Integer specifying to remove conditionals effort + 1 inner loops

From these inputs, MMCODEGEN synthesizes a code template that enumer-
ates the tuples in [ ... [, in lexicographic order, “<”  where the same tuple
in different sets is ordered as: (i € I;) < (i € I),j < k. The constraints in
known are assumed true and will not be enforced within the code template.
The innermost effort + 1 loops in the code sequence will not contain con-
ditionals. Figure 7.1 shows two iteration spaces and the corresponding code
template generated with ef fort = 0, i.e., one level of guard lifting. In the
code template, s1 and s2 are placeholders representing the first and second
statements, respectively. The digit suffix in the placeholder name represents
the index of the iteration space it represents.

When MMCODEGEN is applied to a set of rank zero, it degenerates to syn-
thesizing an IF statement that tests the constraints of the set. This variant
arises (for example) for generating guards to enforce CPs for statements out-
side loops, for control-flow simplification, and for code generation for testing
at runtime whether communication can be performed in place.



