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Abstract

Programming languages like Fortran or C define exactly the layout of array elements in
memory. Programmers often use that definition to access the same memory via variables
declared as arrays of different types. This is done, for instance, to access a dice of larger
array or to access an data as a linear array, so that subscript computation is simpler giving
performance improvements on some architectures and allowing the use of single procedure to
perform some operation (e.g., copying) on variables of different types. For many real programs
this practice makes changing the layout of an array impossible without violating the semantics
of the program since the same memory block may be accessed via avariable of a different type
— such an access will now receive wrong array elements.

On the other hand, changing array layout is often necessary to obtain good parallel per-
formance or even to improve sequential performance by providing better cache locality. The
techniques that achieve that range from manually inserted array distribution directives to auto-
matic compiler transformations.

Our paper demonstratesthat the problem of changing array layoutsin the presenceof multiple
variablesof different types accessing the same memory can be solved with our algorithmsfor 1)
detecting overlapping arrays, 2) using procedure cloning to reduce overlapping, 3) array type
coercion, and 4) code structure recovery. We describe the algorithms used in our compiler and
present experimental results showing speedups which are not possible with other techniques.



1 Introduction

In this paper we describe how to decide whether changing the mapping of an array affects other
datain a computer program. Our discussion will refer to Fortran programs, but similar techniques
can be applied to other programming languages. It may be desirable to change a layout of an array
for one of the following reasons:

e Dataremapping may be used to improve cache re-use for accessesto that array.

e Data distribution may be specified to improve performance of a program parallelized using
HPF directives.

We will usetheterm “array layout” to refer to refer to both array mappings and distributions.

Theimpact of array remapping and distribution may be large. Choosing the right mapping on a
shared-memory machine may improve performance of both sequential and parallel programs|[5, 1,
9, 11]. The importance of the right array layout is even greater for NUMA (non-uniform memory
access) parallel machines. Modern NUMA machines like Origin2000 provide mechanisms for
specifying array layout [14]. In many cases data locality may be improved without changing
the default array layout by loop transformations [13, 12, 15, 4]. However in some cases loop
transformations cannot be applied due to data dependencies or synchronizationin explicitly parallel
program.

To change an array layout without changing the meaning of the program we must know if two
arrays may access the same memory areas. The natural name for this property would be “aliasing.”
In our paper we use the term “overlapping.” We decided against using he word “aliasing,” since it
has an accepted meaning in programming language research which is not as wide as our meaning
of overlapping. We say that two arrays overlap even if those two arrays cannot exist at the same
time. Aliasing on the other hand describes a property at a given point of a program execution.

There exist techniques which let the compiler automatically choose! an array mapping [5, 1,
9, 11] or distribution [8, 10]. These techniques lose much of their effectiveness in the presence of
aliasing or more generally in the presence of overlapping. Given an expression which references
an array element, FORTRAN 77 calculates the address of a memory location which contains that
element using fixed, language specified rules (column-major layout). When the compiler changes
the layout of an array, some action must be performed to make references to the same memory
area via a different variable consistent with the new mapping. Thisis necessary to ensure that the
transformed programis semantically equivalent to original program. Therearetwo basic approaches
to this problem:

e Perform dynamic remapping (redistribution) and ensure that during the time that the layout
of an array is different from the standard FORTRAN 77 layout, the array is not accessed
via some other name. To ensure correctness, we still have to perform alias analysis. That
alias analysisis much simpler than the complete overlap analysis tackled in our paper. This
technique has a drawback of extra overhead caused by the dynamic remapping.

1The same problem exists of courseif the mapping or distribution is specified explicitly by the programmer. Therefore
our techniques may be applied with equal effectiveness as an aid for programmers who are willing to explicitly handle
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e Changes are performed statically, at compile-time. This approach is preferred whenever
possible since no extra overhead isincurred. The drawback of this technique that for some
programsit is not possible to disambiguate array overlapping.

Hybrid solutions are of course possible. We present an algorithm for performing static changes to
array layouts by interprocedural analysis of overlapping arrays. Our algorithm generates an Array
Overlap Graph. Inthat graph each vertex correspondsto one array name. Thereisan edge between
two verticesif and only if the two arrays overlap.

Some vertices may be aso marked astaboo. Arrayswhich aretaboo cannot be safely remapped.
The meaning of the graph is that the layout of an array affects all arrays which belong to the same
connected component. Note that thisis a conservative approach. In the following sections we give
examples in which two arrays which belong to the same connected component could be remapped
independently. We also present techniques which break those “false” paths between vertices of an
Array Overlap Graph.

We observe that it is desirable to make the connected components as small as possible. Their
size can be minimized by accurate analysis and by selective procedure cloning. Our algorithm also
coercesthetypesof all arraysto the same type. We choose an array in a component which has most
structure (the largest number of dimensions) and coerce all other arraysto that type. The reason for
thisisthat data remapping and distribution optimizations work best when given most flexibility.

Rather than starting by presenting a complete algorithm, we will first show a simple case and
than gradually refine the algorithm to handle more realistic cases. Section 2 shows how to construct
an Array Overlap Graph in asimple way. Section 3 describes the use of selective procedure cloning
to improve the accuracy of the graph. To use an Array Overlap Graph for data layout changes,
it is desirable to coerce all overlapping arrays (i.e., al arrays in a connected component) to the
type with “most structure” We present an algorithm for type coercion in Section 4. Quality of
the optimized code can be improved by code recovery. This technique is described in Section 5.
We choose a set of benchmarks whose locality is not optima and which cannot be optimized by
loop transformations due to data dependencies and which cannot be optimized by data remapping
without our techniques. We use have implemented techniquesin our compiler based on the Polaris
compiler infrastructure [3]. Experimenta results which show improvements in speed for those
benchmarks are presented in Section 6. For the lack of space in this extended abstract, we do not
include complete, formal algorithms for our analysis and transformations.

2 Array Overlap Graph

The main idea of array overlap analysisis similar to existing techniques for detecting aliases. For
straightforward array overlap analysiswe could simply use one of the aliasanalysisalgorithmsif we
extended it so that arraysin different scopes are being considered. Aliasanalysis of FORTRAN 77
programs is simpler than general alias analysis due to the absence of pointers.

In our model we assume that array overlap can be introduced in the following ways:

e Aliasing between aformal parameter and an actual parameter.

e Aliasing between global arrays viathe use of common blocks.
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e Aliasing introduced by the EQUI VALENCE statement of FORTRAN 77.

We represent overlapping arrayswith an array overlap graph. Each vertex of the graph corresponds
to an array (alocal variable of a procedure, aformal parameters, or aglobal variable). An edgeis
inserted when one of the three situation described above is detected during program analysis.

A connected component in our graph represents a conservative approximation of all possi-
ble names for arrays which are allocated in the same region of memory and share information.
Remapping of an array will possibly affect other arrays in the same connected component. The
uncertainty implied by the word “possibly” is caused by the fact that our graph is a conservative,
safe approximation of the “overlaps’ relation. Each edge corresponds to a real overlapping, but
the transitivity does not necessarily imply real overlapping. Let us call the algorithm described in
this section the Smple Algorithm. Our experiments have shown that the accuracy of the Simple
Algorithm is insufficient to perform effective layout changes of arraysin real programs. There are
two main reasons for the inaccuracies introduced in the graph by transitivity:

e Different arrays may be passed as parameters to a procedure and will end up in the same
connected component via the corresponding formal parameter.

e Arrays may have different sizes. For instance two slices of a bigger array may directly not
overlap, but since each of them overlaps with that bigger array, our algorithm assumes that
all arraysin the connected component overlap.

The former problem is much more common in real programs, so we describe it more detail
and show our solution in Section 3. The latter problem can be illustrated by the example shown in
Figure 1. ArraysA and B occupy non-overlapping areasin memory. The simple algorithm presented

PROGRAM P
REAL WORK( 200)

CALL Q(WORK(1), 10, 10)
CALL R(WORK(101), 100)
STOP

END @
SUBROUTINE A, N, M

REAL A(N, M) /

o ~
SUBROUTI NE R(B, K)

REAL B(K)
END Figure 2: Array Overlap Graph
Figure 1: Example which shows that the

analysis may beinaccurate.

in this section will build a graph with two edges: (A, WORK) and (B, WORK) as shown in Figure 2.
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By transitivity, we will conclude that A and B are overlapping. While for many programs, we have
to consider A and B as “overlapping’? even though they do not share memory, in some casesiit is
possible to use interprocedural array section data-flow analysisto prove that A and B do not share
any information. For the lack of space, we do not give further detailsin this extended abstract.

3 Improving Graph Accuracy by Procedure Cloning

To make our Array Overlap Graph useful, we have to deal with avery common inaccuracy present
in the graphs created by the Simple Algorithm from Section 2. In virtually all applications of
significant size, it is easy to find a pattern like the one shown in Figure 3 (this code fragment,
extracted from the NASA7 benchmark, is part of SPEC CFP92 [7] benchmark suite). As can be

SUBROUTI NE CHOTST (ER, FP, TM

PARAMVETER( | DA=250, NMAT=250, M=4, N=40, NRHS=3)
COMMON / ARRAYS/ A(0:1DA, -MO, 0:N),

$  B(0:NRHS, 0:NMAT, O:N),

$ AX(0:1DA -MO, O:N),
$

BX( 0: NRHS, 0: NMAT, 0: N) CHOTST. A
LA = (1DAD) * (M) * (N+1) ST acPY. B
LB = (NRHS+1) * (NVAT+1) * (Nt1) / '
. CHOTST. B
CALL COPY (LA, AX A
CALL COPY (LB, BX, B)
END CHOTST. AX ~_
SUBROUTI NE COPY (N, A, B) / COPY. A
REAL*8 A(N), B(N)
DO100 | =1, N CHOTST. BX

B(I) = A(I

100 OG\ISH ?\lUE (1) Figure 4: Array Overlap Graph

RETURN
END

Figure 3: Code fragment from CHOL SKY.

seen in Figure 4, the Array Overlap Graph created by the Simple Algorithm does not allow us to
remap the array CHOTST. B® without remapping CHOTST. A at the same time.

Giventhiscode, itisindeed illegal to change the mapping of CHOTST. B without other changes
to the program. The analysis of the program shows that the best locality of memory accesses could
be achieved by changing the layout of CHOTST. B and leaving CHOTST. A in the column-major

2They are overlapping in the sense that if we change the layout of A then we have to change the layout of WORK and
consequently we must change the layout of B.

30ur notation prefixes an array name with the procedure name to make clear which array we are referring to. Thus
CHOTST. B meansarray B declared in the subroutine CHOT ST.
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mapping (thisis due to accesses which are not shown in the included code fragment). We solve
this problem by procedure cloning. For our working example from Figure 3, we create an exact
clone of the procedure COPY and change one of the calls to use this new version of COPY. The
transformed code is shown in Figure 5. We can see in the corresponding Array Overlap Graph

SUBRQUTI NE CHOTST (ER, FP, TM

CALL COPY (LA AX, A) CHOTST. A ~e—— CCPY. B
CALL COPYL (LB, BX, B)

=P CHOTST.B <€—— COPYL. B
SUBROUTI NE COPY (N, A, B)

END CHOTST. AX <-—— COPY. A

SUBROUTI NE COPY1 (N, A, B)
END CHOTST. BX <e——® COPY1. A

Figure 6: Array Overlap Graph
Figure 5: Code fragment from CHOLSKY after 'ou & Lverap Lrep

cloning.

(shown in Figure 6) that the dependency between CHOTST. B and CHOTST. Aisgone.

A hasty conclusion from this simple example may be that we should clone al procedures at
al call sites. Even a shallow examination of this idea shows that not only is complete cloning not
possiblefor languageswhich allow recursive procedure calls, but it isnot desirable to unnecessarily
increase the code size of an application even if recursion is not aproblem. Larger code size means
increased storage requirements and increased load time, but most importantly, it means a larger
memory footprint of the application. Thisof coursewill likely degrade the performanceat al levels
of memory hierarchies due to increased cache miss ratio and increased virtual memory paging.
A small increase in code size is justified if the benefit of changing array layouts outweighs the
associated cost.

To aleviate this problem we have developed an agorithm for selective cloning which only
clones procedureswhen doing so will improve the accuracy of the Array Overlap Graph. To further
reduce the code size, after the data remapping (or distribution) optimizations have been performed
weexamine, for every procedure, all clones and merge those which resulted in the same mapping for
al itsformal parametersand local variables, and which call equivalent clonesat every corresponding
cal site.

The algorithm uses the concept of an overlap graph signature (OGS) which is assigned to
every procedure. The basic ideais that the OGS describes the overlapping relation between formal
parameters to the procedure. At every call site we find the overlapping relation between actual
parameters and search the list of clones to the callee which have the same relation between its
formal parameters. If we find one, we use the clone, otherwise we create a new clone and set its
OGS to what we just computed for the actual parameters.
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4 Coercingthe Typesof Overlapping Arrays

So far we have shown how to find a good approximation for the overlapping relationship. We
have to do more to change the layout of arrays effectively. This section shows our approach
to coercing al arrays in a connected component of the Array Overlap Graph to the same type.
Since all overlapping arrays are coerced to the same type, we can guarantee correctness of data
transformations by applying the same transformation to all arraysin a connected component of the
Array Overlap Graph.

Consider again the codein Figure 5. The graph in Figure 6 shows that we can safely changethe
layout of CHOTST. B aslong aswe change COPY1. B accordingly. But those arrays have different
types: CHOTST. B hasthree dimensions and COPY1. B— only one.

For a given connected component of the Array Overlap Graph we find an array with “most
structure” In our approach by “most structure” we mean “the largest number of dimensions.”
Note that it is possible that overlapping arrays have incompatible types. Consider as an example
P(3,7) and Q) 5, 4) — the only common type we could coerce those references to would be a
linear (one-dimensional) array.* Thishowever would makethe array not suitablefor layout changes.
In that case our analysis gives up and marks all arraysin a connected component with incompatible
types as taboo. Taboo arrays cannot be subject to any layout changes. This situation is of course
possible, but — not surprisingly — very uncommon in real programs.

Coercing array types is performed by propagating types along edges until al arrays have
the same type. Note that for aliasing caused by procedure parameter aiasing, the type may be
propagated either from the caller to the callee or from the callee to the caller. For other types of
aliasing (EQUI VAL ENCE statement and common bl ocks) the direction of type coercionisirrelevant.
The rest of this section shows how the type coercion is performed. We use examples throughout
the section to better convey the essence of the algorithm. All examples are taken from standard
benchmarks to emphasize the relevance of the discussion to real programs.

We first consider the simpler case in which both arrays start at the same memory address. This
case is described in Section 4.1. In Section 4.2 we extend the agorithm to handle partial array
overlapping. Partial overlapping iscommon dueto the practice of passing array sicesto procedures
which only need a portion of an array.

4.1 Arrayswith the Same Base Address

We continue with our example from Figure 5. First we have to modify the call to COPY1 to include
all values needed to express the type of CHOTST. B.

Wechooseall subscriptsof therecovered typeto start from thedefault valuefor agivenlanguage®

“We can of course convert any array to any type by first linearizing it and then recovering the necessary structure. For
our example, assume that we want to coerce Qto have the same type as P, so that the new typeisnow Q (3,7). A
reference (i, j ) would befirst linearizedto @ ’ (i +5* (j - 1) ) and then the reference using the new type would be
Q (MOD(i +5*(j-1)-1, 3)+1, (i+5*(j-1)-1)/3+1). We expectthat theindex computation would become
too expensive. The discussion is not very interesting since we have not yet seen an application which would require that
type of coercion.

SThisis an arhitrary decision with agoal of making the transformed source code more readable for programmers used
to the particular language. Any lower bound could be used. All calculations must be made for lower bounds equal to
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(for Fortran thisvalueis 1). Using aconstant lower bound saves us passing the parametersfor lower
bounds. In this example, the recovered type will be

REAL*8 B(NRHS+1, NVAT+1, N+1)

In general we would have to add CHOTST. NRHS, CHOTST. NMAT and CHOTST. N to the
parameter list, but as an optimization, if array bounds are compile-time constants, we use them
directly rather then passing them as parameters. In our example all those values are constant, so the
new type of COPY1. Bis

REAL*8 B(4, 251, 41)

As another optimization (which is not applicable in this example), we always check if avalue
is aready present in the parameter list before we add a new argument.

We modify all array references by first linearizing the reference and then generating the proper
subscripts by using a combination of integer division and modulo operations. In the computation,
we use two conceptsdefined in[6]: amapping vector and asubscript range vector. Every recovered
subscript expression is obtained by first dividing the linearized subscript expression by the mapping
vector entry for this dimension and then computing the remainder of the division by the subscript
range vector entry for the same dimension (all those operations must be performed on zero-based
subscripts). This can in general lead to subscripts which are expensive to compute, but we have
developed optimizations which completely eliminate all division and modulo operations for the
cases which occur in practice (see Section 6 for a partial list of programs used to evaluate our
technique).

Two optimizations are used by usto simplify subscript computation:

e We eliminate the need to linearize multidimensional arrays before coercing them to the new
type. Thistechniqueis described in Section 4.2.

e We recover the code structure to match the new array type. Section 5 demonstrates this
technique.

4.2 Arrayswith Different Base Addresses

Consider the example in Figure 7. This code fragment is extracted from one of the Perfect
benchmarks— ADM (the same program is now part of SPEC95 as 141.apsi). We want to propagate
thetypeof DKZIVH. DKZMto SMOOTH. F andthento HORSMT. F. Thefirst part followsthe approach
described in Section 4.1. We do not have to add new parameters to the call to SMOOTH since they
are all aready present. The reference F( MLAG) is converted by Polarisinto F( 1+1 | * NX*NY)
as part of the induction variable elimination. Code structure recovery (see Section 5) fails for this
loop, so we corvert this reference to the new type by using division and modulo. The recovered
reference (before simplification) is

F(MOD( 1+ 1 * NX* NY- 1, NX) +1,
MOD( ( 1+ 1 * NX* NY- 1) / NX, NY) +1,
( 1+ 1% NX* NY- 1) / ((NX* NY) +1)

zero, so often we have to convert the subscript to a zero-based one and then after the necessary cal culations, we convert
it back to a one-based subscript.



SUBROUTI NE DKZMH( DKZM NX, NY, NZ)

REAL DKZM NX, NY, NZ)
CALL SMOOTH( DKZM NX, NY, NZ)
END

SUBROUTI NE SMOOTH( F, NX, NY, NZ)
REAL F(1)
MLAG=1
DO | 1=1, NZ- 2

MLAG=M_AGHNX* NY

CALL HORSMT( NX, NY, F( MLAG) )
END DO
END

SUBROUTI NE HORSMT( NX, NY, F)
REAL F(NX, NY)

DO J=1, NY
DO | =2, NX- 1
F1=F(I,J)
END DO
END DO
END

SUBROUTI NE DKZMH( DKZM NX, NY, NZ)
REAL DKZM NX, NY, NZ)

CALL SMOOTH( DKZM NX, NY, NZ)

END

SUBROUTI NE SMOOTH( F, NX, NY, NZ)
REAL F(NX, NY, N2)
MLAG=1
DO | 1=1, NZ- 2

MLAG=MLAG+NX* NY

CALL HORSMT( NX, NY, F, 1+1 | , N2)
END DO
END

SUBROUTI NE HORSMT( NX, NY, F, SUB, NZ)
REAL F(NX, NY, N2)

DO J=1, NY
DO | =2, NX- 1
F1=F(1, J, SUB)
END DO
END DO
END

Figure 7: Code fragment from ADM be-
fore type coercion.

Figure8: Codefragment from ADM after
type coercion.

Symbolic simplification (which is also part of the Polaris compiler) yieldsF(1, 1, 1+11).
Therefore the new modified call statement is:

CALL HORSMT(NX, NY, F(1, 1, 1+I1))

In this example the base addresses of SMOOTH. F and HORSMT. F are different. We coerce
their types by modifying the call to pass the address to the start of SMOOTH. F rather than to aslice
of it. But now we have to add new parametersto the call to pass the offset in SMOOTH. F whichis
implied by F(1, 1, 1+11). We should pass all subscripts as additional parameters to the call.
Asan optimization we eliminate compil e-time constants and subscripts which are equal to the lower
bound in the particular dimension (recall that we always recover types so that they start from 1).
In our case the first two subscripts of F(1, 1, 1+11) can be eliminated by any of the above
optimizations. We only haveto add ( 1+I 1) tothe parameter list (thisisin addition to passing NZ
which is needed to declare the array). The new lists of actual and formal parameters are:

CALL HORSMT(NX, NY, F, 1+ 1, N2)
SUBROUTI NE HORSMT( NX, NY, F, SUB, NZ)

In general, to coerce original, two-dimensional array referencesto the new type and account for
the lost offset between the base addresses of the two arrays, we have to:

1. Linearizethe old reference: F(1+(1-1) +(J- 1) *NX).
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2. Addtheoffset: F(1+(1 - 1) +( J- 1) * NX+SUB* NX* NY) .

3. Apply the right combination of modulo and division operations and perform symbolic sSim-
plification to obtain: F( 1, J, SUB) . Note that to perform this simplification we have to use
the fact that therange of | is(2...NX — 1) and that therange of J is(1...NY).

Therecovered codeisshownin Figure 8. For thisexample, it is possibleto perform the coercion
in afaster way and our implementation uses this as an optimization. Our compiler checks that the
dimensions of the old type of HORSMT. F are identical to the two leftmost dimensions of its new
type. Therefore we can leave the left two subscripts of every reference to HORSMI. F unchanged
and simply add the missing subscript for the third dimension.

5 Code Structure Recovery

This section describes an optimization for a specia case which is common enough to deserve a
custom treatment.

Consider again the example from Figures 3 and 5. We have shown in Section 4.1 how to coerce
the array COPY1. B to the type of CHOTST. B. If we then use the standard way of transforming
every reference to COPY1. B by using division and modulo operations, we will obtain the new
version of COPY1 shownin Figure 9 (here we assumed that COPY1. A was coerced to the type of
CHOTST. BX). Thesubscriptsto both COPY1. Band COPY1. Aarebeing calculated in an expensive

SUBROUTI NE COPYL(N, A, B) SUBROUTI NE COPYL(N, A, B)
INTEGER4 |, 10, 11, 12, N INTEGER4 |, 10, 11, 12, N
REAL*8 A(4,251,41), B(4,251,41)  REAL*8 A(4,251,41), B(4, 251, 41)
DOl =1, N DO10 = 1, 41

B(1+MOD( |- 1, 4), DO11 = 1, 251
> 1+MoD((1-1)/4,251), DO12 =1, 4
> 1+(1-1)/1004) = B(12,11,10)=A(12,11,10)
> A(1+MOD(1-1, 4), END DO
> 1+MOD((1-1)/4,251), END DO
> 1+(1-1)/1004) END DO
END DO
RETURN RETURN
END END

Figure9: Procedure COPY1 without code Figure 10: Procedure COPY1 with code
structure recovery. structure recovery.

way. We note that trip count of theloop | is equal to the size of the arrays. In this special we can
replacetheloop nest of the depth corresponding to the number of dimensionsof the original type (in
our example — one) with aloop nest which matches the new type (of depth three in our example).
We call this code structure recovery, since it is complementary to the data structure recovery [6].
Procedure COPY1 after applying code structure recovery is shown in Figure 10. This special case
is common enough that our compiler recognizesit and performsthe necessary code transformation.
Currently our implementation attempts it only if the original loop nest is of depth one, the array
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type before coercion has only one dimension and at least one of the references to that array has a
subscript which is equal to the loop index variable.

In our example of CHOTST. B and COPY1. Bin Figure 5 our analysis first computes the sizes
of both arrays. To do this, we express the size of COPY1. B in the terms of variables in the
caler (i.e.,, CHOTST). We match the formal parameter N with the actual parameter LB. Then we
use data-flow analysis to substitute the expression which is used as the actual parameter until it
is expressed exclusively in terms of compile-time constants and formal parameters of CHOTST
(since only compile-time constants and formal parameters may be used in the declaration of array
dimensions). If this part of the analysisfail, we are not able to recover the code structure. Once we
have expressionsfor the sizes of COPY1. B beforeand after coercion, we symbolically comparethe
two expressions. If their values are equal, we replace the original loop nest with a new one which
matches the new type of the array.

Then every array reference which has a subscript equal to the original loop index is replaced
by a reference with subscripts which are the loop variables of the new loop nest. At the start of
the loop body we also compute the value of the variable which used to be the index variable of the
original loop as afunction of the new loop variables. Thisvalueis used in all other occurrences of
the original loop variable. Thisassignment isnot present in Figure 5 because it was removed by the
dead code elimination phase.

Accessing multidimensional arrays may have higher costs than accessing linear arrays. There-
forein our compiler we record which arrays have been remapped during the optimization phase and
all procedureswhich do not contain references to any remapped array are being replaced again with
the original procedure. For instance in the Cholesky decomposition kernel, afragment of which we
show in Figure 5, initially array COPY. B is being coerced to the type of CHOTST. Aand COPY. A
is being coerced by CHOTST. AX. However, since none of those arraysis being remapped, after the
optimization phase, the original version of COPY is being used again in the call:

CALL COPY (LA, AX, A

6 Experimental Results

Our paper does not describe how to use array remapping or distribution for locality optimizations
or parallelization, nevertheless we have decided to include some preliminary results we got on
small (hundreds lines of source code) benchmarks. To optimize larger programs, we have to
refine our algorithms for unified data and control transformations [5]. That problem is however
beyond the scope of this paper. To demonstrate the benefits of our techniques, we found a set
of programs which cannot be optimized by existing locality optimizations. Loop transformations
cannot be applied because of data dependenciesand data transformations cannot be used without the
techniques described here dueto array overlapping. For our benchmarkswehad to apply most of the
techniques described in this paper. The resulting speedups were obtained by applying unified data
and control transformations [5]. We ran the programs sequentially on a DEC AlphaStation 2100
using standard data sizes supplied with the benchmarks. The standard datasizesare small for cache
sizes found in contemporary computers. For instance, the primary cache of the Alpha processor in
our AlphaStation has the size of 16KB. The array sizesin our benchmarks are comparable with the
cache size, therefore we expect even bigger performance gains for larger data sets — especidly if
they exceed L2 cache sizes.
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Figure 11: Speedups for selected benchmarks

Our benchmarks include four kernels from the SPEC CFP92 [7] benchmark suite: vpenta,
cho, gmtry and btrix. The fifth benchmark — dkzm — is a code fragment extracted from one
of the Perfect [2] benchmarks — ADM (the same program is now part of SPEC95 as 141.apsi).
Our benchmark includes all operations performed on the DKZMarray. That array is accessed via
different names— we had to include five procedures which perform work on DKZMand some other
procedures which declare that array but never useit in away other than passing it as a parameter to
some other procedure.

Our optimizations cut the execution time by 14%-45%. Relatively small improvement for dkzm
is an effect of the data size. Standard input data define the array DKZMto be of size64 x 1 x 16
which corresponds to 8KB. The primary data cache in our processor is twice that size, therefore
even an unoptimzed version of the benchmark ends up having the array in the cache most of the
time. Aswe noted above, we expect even better speedups for larger data sets.

7 Conclusions

Techniquesdevel oped by usallow safe changesin the layout of arraysin the presence of overlapping
caused by parameter passing, common blocksand EQUI VAL ENCEstatements. Overlappingimplied
intheoriginal program may bereduced by procedure cloning while minimizing the number of copies
of clones of every procedure. Coercing all overlapping arraysto the type with most structure allow
the largest flexibility possible in data remapping and distribution. Since all overlapping arrays are
coerced to the same type, we can guarantee correctness of data transformations by applying the
sametransformation to all arraysin a connected component of the Array Overlap Graph. Symboalic
expression simplification and code structure recovery make subscript computation inexpensive.

The implementation of those techniques made possible data transformations for programs
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which previously could not be optimized with data remapping or parallelized with the use of data
distribution directives. Our optimizing compiler implements the techniques described in the paper.
We observe good speedupsfor the chosen set of benchmarks transformed with our compiler.
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