Hybrid Analysis: Static & Dynamic Memory Reference
Analysis

Silvius Rus

rus@tamu.edu
Texas A&M University

ABSTRACT

We present a novel Hybrid Analysis technology which
can efficiently and seamlessly integrate all static and run-
time analysis of memory references into a single framework
that is capable of performing all data dependence analy-
sis and can generate necessary information for most associ-
ated memory related optimizations. We use HA to perform
automatic parallelization by extracting run-time assertions
from any loop and generating appropriate run-time tests
that range from a low cost scalar comparison to a full, refer-
ence by reference run-time analysis. Moreover we can order
the run-time tests in increasing order of complexity (over-
head) and thus risk the minimum necessary overhead. We
accomplish this by both extending compile time IP analysis
techniques and by incorporating speculative run-time tech-
niques when necessary. Our solution is to bridge ’free’ com-
pile time techniques with exhaustive run-time techniques
through a continuum of simple to complex solutions. We
have implemented our framework in the Polaris compiler by
introducing an innovative intermediate representation called
RT_LMAD and a run-time library that can operate on it.
Based on the experimental results obtained to date we hope
to to automatically parallelize most and possibly all PER-
FECT codes, a significant accomplishment.

1. INTRODUCTION

The analysis of memory reference patterns is one of the
most important phases performed by an optimizing com-
piler. Memory access analysis is crucial for parallelization
and locality enhancement. In many scientific codes, auto-
matic parallelization is obtained by employing various forms
of array data dependence analysis techniques. It is widely
accepted that good parallel code requires the detection and
exploitation of parallelism at all hierarchical levels of the
code (loop structure) with an emphasis on outer, large gran-
ularity loops. This requires inter-procedural data depen-
dence analysis. While procedure inlining removes the re-
quirement for actual inter-procedural analysis techniques,

Permission to make digital or hard copies of all or part of this work for
personal or classroom use is granted without fee provided that copies are
not made or distributed for profit or commercial advantage and that copies
bear this notice and the full citation on the first page. To copy otherwise, to
republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee.

Copyright 2001 ACM X-XXXXX-XX-X/XX/XX ...$5.00.

Lawrence Rauchwerger

rwerger@cs.tamu.edu
Texas A&M University

Jay Hoeflinger

jay.p.hoeflinger@intel.com
Intel-KAI Corporation

the blow-up in code size makes this approach practical only
for small codes. Some true inter-procedural analysis tech-
niques have been developed and incorporated into research
compilers such as Parascope [6], SUIF [9] and Polaris [11]
among others. In [15] we have developed a framework for
inter-procedural analysis of memory access patterns which
can perform a global data dependence analysis and thus ex-
tract good quality parallelism. In essence, it is based on an
aggregation of individual references into concise access de-
scriptors called LMADs (linear memory access descriptors).
This compacted information can be propagated and aggre-
gated to a global scope in a fairly scalable manner.

The results of classic compiler analysis are by nature con-
servative for several reasons. Algorithms are not sufficiently
powerful to deal with all cases encountered in practice which
is frequently. First, due to their inability to perform accu-
rate symbolic analysis, there are many practical cases com-
pilers cannot handle. Another fundamental reason for con-
servative compiler decisions is the static unavailability of
crucial information. Certain values become available only
after execution has started or are compute dependent. This
problem has become more important recently due to the
dynamic nature of modern simulations and the ascendancy
of Java. Many optimizations, most notably parallelization,
often cannot be performed at compile time because the ac-
cess pattern is either too complex for current data depen-
dence algorithms or is simply statically unavailable. The
challenge posed by the dynamic nature of both modern and
some older applications has been addressed in recent years
through run-time techniques. In essence, all run-time meth-
ods detect sections of code that can be run safely in parallel
by recording and analyzing a (compressed) trace of all rele-
vant memory accesses during program execution. We have
developed such techniques that can extract at run-time ei-
ther full parallelism (DOALL parallelism) [19, 5] or partial
parallelism [18].

There is, however, a fairly clear separation between compile-
time and run-time techniques. Static compiler technology
uses analytical methods to draw conclusions about entire
sections of memory references and iteration spaces. Run-
time techniques use, for the most part, an exhaustive anal-
ysis method of all points referenced and thus can be very
expensive. To date, there is very little static partial infor-
mation that flows from the compiler to the run-time opti-
mization system. Attempts have been made to integrate the
two approaches [24, 14] but with limited applicability.

In this paper we present a new Hybrid Analysis (HA)
system, which represents a unified inter-procedural frame-



subroutine FOO(A,N)
integer A(100)

Program Main
integer A(1:100%100)

Do j=1,N READ *,A(:),N
A(j) = A(j+40) Do i=1,N
Enddo Call FOO(A((i-1)*100+1) ,N)
Return Enddo
Figure 1:

work that can seamlessly integrate compile-time and run-
time analysis. This integrated IPA system minimizes run-
time overhead by performing as much analysis as possible
statically, and then passing the partial results for the stati-
cally indeterminate cases to the run-time system.

1.1 Stateof theArtvs. IPHybrid Analysis

In this section we present several examples extracted from
real codes which, for the most part, could not be analyzed
by the most advanced commercial and research compilers.
We contrast the current conservative results with those pos-
sible using our Hybrid Analysis (HA) framework. The
main idea is that when the compiler cannot complete its
analysis statically, it should reformulate it in function of the
static unknowns and generate the code that will finish off
the analysis at run-time. This combination of static and
dynamic analysis can generate aggressively optimized code
with minimum run-time overhead. We henceforth refer to
this approach as Hybrid Analysis (HA).

In each of the following cases we sketch the ’ideal’, mini-
mum run-time overhead check and also sketch our own re-
sults. We further briefly present previous work in this do-
main and then summarize our main contributions.

In the pseudo-code example in Fig. 1. the value of N
is unknown at compile time and thus neither the loop in
subroutine FOO nor the outer loop in MAIN is statically
parallelizable. However, a simple dependence test of the
loop in FOO can generate a run-time assertion to check if
the maximum write offset is smaller than the minimum read
access. This assertion can then be propagated through the
outer loop in MAIN up to the point where N is read in. The
run-time check takes the form of simple scalar comparisons
between N and 40 and N and 100.

Fig. 2 shows a more complex situation for both inner and
outer loops. Because the values of C(i) in FOO are unknown,
we cannot conclude whether array TMP is privatizable, i.e.,
whether all uses of TMP are covered by a write for every
iteration. The privatization transformation is input depen-
dent. In this situation most compilers known to us take the
conservative approach of issuing sequential code. However,
a compiler could collect loop level information, propagate it
to the MAIN program level and then generate a run-time
assertion to analyze the contents of the crucial array C(I).
The outcome of this analysis will decide whether TM P is
privatizable and thus if the loop in MAIN is parallel. As we
will show later, in this particular example, such a run-time
assertion is equivalent to the generation of an inspector loop
of the array C. Its results can then be reused (the technique
is known as ’schedule reuse’ [21]).

Fig. 3 shows a typical example when arrays (' M P in this
case) are indexed indirectly (subscripted subscripts). Be-
cause the contents of index array C' are input dependent,
classic static compilation generates sequential code. How-
ever, instead of being conservative a compiler using our pro-

subroutine F00(C,TMP,N,M,1lim)

integer C(*),TMP(*) Program Main

Do i=1,N
: int C(1:N),TMP(1:M
If (C(I).LT.lim) then L nteger C(1:N),TMP(1:M)
READ *,C(:),L,1lim
TMP(1:M) = ... READ 1O
Endif Call FOO(C,TMP,N,M,1im)
- = TP Enddo
Enddo
Return
Figure 2:

P Mai
subroutine F00(C,TMP,N) rogram fain

integer C(*),TMP(*)

EAD *,C(:),N
Do i=1,N R cG:)

L Do k=1,L
E ZZP(C(I)) o Call F0OO(C,TMP,N)
Rnt ° . = TMP(k)
eturn Enddo

Figure 3:

posed hybrid analysis (HA) can predicate the paralleliza-
tion of the main loop to the contents of array C and generate
the appropriate run-time assertion (to compare the contents
of C to the interval [1,L]). The result of the run-time analysis
can be reused because C and L are loop invariant.

The loop in routine FOO in Fig. 4 also uses subscripted
subscripts but, in contrast to the previous example, it com-
putes them within the loop. This produces a dependence
cycle between address and data computation and prevents
the compiler from inserting a run-time test before the loop.
However, our HA framework still isolates the fact that only
the contents of C need to be analyzed at run-time. In our
work [19] we show that speculative parallelization followed
by run-time analysis is probably the only viable solution for
such cases.

Finally, Fig. 5 illustrates an example of a loop where pri-
vatization is conditioned by the values taken by a recurrence
that has no closed form solution (the ’flip variable’ NA). The
'ideal’ HA output for NA would be a run-time test for the
initial value taken by NA in the inner loop. As we will later
show our compiler is not yet powerful enough to compute
the closed form solution of the recurrence (Mathematica can
though) and thus we will generate a small inspector loop
that will verify all values taken by NA.

Current State of Art

The generation of run-time assertions for a possibly more
aggressive optimization has been applied at least since the
introduction of vectorizing compilers. A simple check on
the length of the vector was used to make the dynamic de-
cision whether to use the vectorized or the scalar version

subroutine F00(C,TMP,N)
integer C(*),TMP(*)

Program Main

Do i=1,N READ *,C(:),N
TMP(C(1)) = ... Do k=1,L
C(i) = £(TMP(I)) Call F0O(C,TMP,N)
Enddo . = TMP(k)
Return Enddo

Figure 4:

integer C(1:100),TMP(1:M)

integer C(1:100),TMP(1:M)



subroutine RUN(W, D)
integer W(*), D(N,*)
Do i=1, 1024

Call RFFTF(W,D(1,i))
Enddo

subroutine RFFTF(CC,CH)
integer CC(*), CH(*)
NA =1
Do j=1, 10

NA = 1-NA

If (NA.EQ.O) then

subroutine RAD(CC,CH) Call RAD(CC,CH)

integer CC(*), CH(%)

. else
common /input/ G(10) Call RAD(CH,CC)
Do i=1,10 endif
CC(i) = 2*CH(i) + G(i) Enddo
Enddo

Figure 5:

of the code. Other simple scalar run-time checks verifying
parallelization have been used in [14, 11].

In later years various techniques for run-time paralleliza-
tion and partial redundancy elimination have been proposed.

[21] and, later [19, 18] have proposed either inspector/executor

or speculative methods that can trace and analyze the ref-
erences of a loop and decide before and respectively after
execution if the loop is parallel. Polaris has been the only
compiler that has benefited from this technology [24].

Inter-procedural analysis is present in many research com-
pilers [22, 7, 12, 8, 2, 9, 10, 20]. In Polaris [1] IPA has been
reported in [15, 11].

The use of run-time assertions within the IPA context is a
recent development and has been reported in SUIF [14] and
Polaris [11]. Both SUIF and Polaris generate relatively sim-
ple low cost assertions and are capable of solving problems
similar to those shown in Fig. 1. The coverage of the tech-
niques used is mostly restricted to the cases when a predi-
cate can be extracted outside the analyzed loop and a low
cost run-time test can be generated. In [14] the technique
is based on a predicated data flow analysis with empha-
sis given to combining predicates that affect parallelization
conditions. The result is low cost run-time assertions with
multi-version loops. When predicates are loop variant, se-
quential, and scoped only within a lower level procedure,
then conservative assumptions are made. This has the ad-
vantage of simplifying compile time analysis but does not
significantly reduce run-time overhead. In [11] the infras-
tructure is based on predicated memory access descriptors,
LMADs, which aggregate memory references and thus sim-
plify static analysis.

At the other end of spectrum in [24] the authors start from
exhaustive run-time parallelization techniques (the LRPD
test [19], which assumes no partial compiler information)
and reduce the complexity through predicated reference ag-
gregation and logical implication. Their emphasis is on cases
similar to those in Figs. 3-5 which generally require specu-
lative execution. Their results are good but do not extend
beyond the procedural level.

We should note that the value based analysis reported
in [13] which successfully parallelizes some important loops
is complementary to this work. It can disambiguate some
special cases of indirect addressing at compile time where
our analysis generates run-time tests.

1.2 Our Contribution

Our main contribution is the Hybrid Analysis technol-
ogy which can efficiently and seamlessly integrate all static

and all run-time analysis of memory references into a sin-
gle framework. This framework is capable of performing all
data dependence analysis and can generate necessary infor-
mation for all associated memory related optimizations. We
have used HA to perform automatic parallelization by ex-
tracting run-time assertions from any loop and generating
appropriate run-time tests that range from a low cost scalar
comparison to a full, reference by reference run-time analysis
(e.g., the LRPD test). Moreover we can order the run-time
tests in increasing order of complexity (overhead) and thus
risk the minimum necessary overhead. We accomplish this
by both extending compile time IP analysis techniques and
by incorporating speculative run-time techniques when nec-
essary. In essence our solution is to bridge ’free’ compile time
analysis with more expensive run-time techniques through
a continuum of simple to complex solutions.

We implement our framework in the Polaris compiler by
introducing an innovative intermediate representation called
RT_LMAD and a run-time library that can operate on it. It
includes intersection, union, last-value assignment, aggre-
gated inspectors and aggregated LRPD tests for both dense
and sparse reference patterns. Additionally, we augment the
GSA representation in Polaris for inter-procedural use. Our
analysis is flow sensitive on any control flow graph. From
the experimental results obtained to date we believe that
we will be able to automatically parallelize all PERFECT
codes, a significant accomplishment.

2. HYBRID MEMORY ACCESSANALYSIS

Static analysis of memory access patterns, essential to
many optimizations and especially to parallelization, is ef-
ficient because it uses time and memory proportional to
the size of the program. It aggregates all references in a
symbolic representation, performs operations on them, and
draws conclusions about their shape, size and other char-
acteristics. In contrast, ‘pure’ run-time analysis of memory
access patterns, is proportional to the dynamic number of
individual memory references and is therefore a source of
(scalable) inefficiency. Dynamic references have been mostly
represented through enumeration of either all or, in some
cases, all unique, memory references.

In hybrid analysis, performed both at compile and at run-
time, the goal is to obtain definitive answers with a time and
memory budget as close as possible to that of static analysis.
For this, we need a flexible memory access descriptor that
can efficiently handle any memory reference pattern from
inefficient enumerated lists to almost fully aggregated sym-
bolic expressions. Such a flexible representation and its as-
sociated memory and analysis complexity seamlessly bridge
static and dynamic analysis. The border between what oc-
curs at compile time and what occurs at run-time depends
to a large extent on the power of current compiler algorithms
and, with their continuous improvement, can be smoothly
shifted towards better performance and less overhead.

Fig. 6 shows the two extremes that run-time analysis of
memory reference sets can span for the code in Fig. 1. To
prove the loop parallel, the analysis must show that the in-
tersection of the read and write memory reference sets is
empty (true for N<40). At one extreme (bottom), we have a
run-time test that analyzes every memory access and checks
if any read and write overlap. This is a bulletproof test, but
it can be costly as it is proportional to the dynamic number
of memory reference instances. At the other extreme (top),
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Figure 6: Compile-time to Run-time transition

we have a compile-time decision. If the value of N is known at
compile-time, this decision could be made then. If N is read
from an input file then the intersection of the READ and WRITE
memory reference sets cannot be computed at compile-time
and the conservative compile-time decision is not to paral-
lelize. Moving from the bottom to the top, we aggregate the
memory references into symbolic sets, the number of sym-
bolic sets decreases and the generated run-time test will be
based on sets rather than individual references.

While the ideal situation would be aggregate all the way
to the top and have a compile-time decision, in this par-
ticular case this is not possible because we lack the crucial
information about the value of N. We need to stop at the
second level and postpone the rest of the evaluation to run-
time. The time complexity of the run-time test is O(1) (only
one intersection left for run-time evaluation). To enable this
smooth transition between compile time and run time we in-
troduce a new data structure, the RT_LMAD. We will now
present its organization and usage in the realistic context of
complex control flow, recurrences and procedure calls.

2.1 Memory Access Representation:RT_LMAD

The RT_ LMAD, or Run-time Linear Memory Access De-
seriptor, is a symbolic and compact representation of mem-
ory reference sets in a program. It can represent symbol-
ically the aggregation of array memory references at any
hierarchical level (on the loop and procedure call graph) in
a program. It can represent the control flow (gates), inter-
procedural issues (call sites) and recurrences (when array
references, i.e., indices or gates, have to be expressed sym-
bolically as a recurrence with no closed form solution). Its
evaluation and subsequent optimization decisions can be:
(a) initiated and completed at compile time if all symbolic
values can be analyzed, compared, (b) initiated and com-
pleted at run-time - with associated run-time overhead, or
(c) initiated at compile time with partial but insufficient
results and completed at run-time.

Classic, compile time array reference representations have
been documented in the literature, e.g., [17, 9, 11]. For
practical reasons ! but without any loss of generality we have
chosen to use the triplet based LMAD as the elementary
building block for RT_LMADs.

In [11] we defined a Linear Memory Access Descriptor
(LMAD) as a representation of the subscripting offset se-
quence. Consider a loop nest of depth D with indices Iy, k =
1, D, where Iy = 0,Us. Consider a reference to memory
given by A(s1(1), sa(1), ..., sm(I)), where I=(I1, I, . .., I).
If the subscripting function can be written in a sum-of-
products form with respect to the individual loop indices,

Fo(s(D)) = fo+ fi(I) + foI2) + - + fm(Im) (1)

then, we can isolate the effect of each loop index on the

1Our Polaris compiler already uses LMAD representation.

subscripting offset sequence.

We define the isolated effect of any loop in a loop nest
on a memory reference pattern to be a dimension of the ac-
cess. A dimension k can be characterized by its stride, and
the number of iterations in the loop. The LMAD contains
a starting value, called the base offset and a set of dimen-
sions. For loop DO j in Fig. 1, the Read pattern on array A
is represented by a 1-dimensional LMAD, 40 + [1 : N —1].
The offset is 40, the stride of the single dimension is 1 and
the iteration count is V.

The RT_LMAD is a symbolic expression in which the
operands are LMADs. The operators identify operations
that are not closed with respect to the set of all LMADs:
(a) set operations U, N, and — (closure for U is achieved
in LMAD-only representation by using lists of LMADs in-
stead of individual LMADs), (b) the aggregation of memory
references per iteration to the loop level if the pattern de-
pends on a recurrence with no closed form solution, (c) the
representation of gated references if the gating expression
is a recurrence with no closed form solution, or (d) the ag-
gregation of the LMADs containing local variables to their
outside scope (outer procedure).

In most cases LMAD-only based analysis overcomes these
shortcomings by approximating the results of an operation
with a conservative LMAD. For example, sections of an ar-
ray are approximated with the entire array. Sometimes we
could generate a series of possible results of LMAD oper-
ations that are true under certain conditions which can be
verified at run-time. There is however no clear way to gener-
ate these 'truth’ conditions and/or or to limit their number.
It may in fact lead to an exponential growth of the number
of (gated) LMADs. (Instead of propagating one resulting
LMAD we have to propagate an entire list of LMADs with
their existence conditions).

2.1.1 RT_LMAD Definition

The RT_LMAD is a representation of the memory access
pattern that takes into account the computation required
to evaluate it. An RT_LMAD can be viewed as a piece of
code that takes as input values from the program under
analysis and produces the set of memory references. We
store the RT_LMAD as a parse tree with respect to the
language presented in Fig. 7. RT_LMADs are expressions
in this language. These expressions have as operands lists
of LMADs. 2 The operators reflect the operations that
must be performed in order to evaluate the RT_LMAD to
a set of integers. RT_LMADy; = RT_LMAD; ® (DO i =
1,10) means that in order to evaluate RT_LM AD,, we must
evaluate RT_LM AD; for all iterations of DO i = 1,10,
and then perform set union on the results. Throughout the
remainder of this paper, we will use the set theory notation
(Uj-vlej) as an alternative of the RT_LMAD equivalent
(X; ® (j = 1,N)) to make it easier to represent formulae
containing recurrences.

Let us illustrate the use of RT_LMADs by following the
example in Fig. 5. The WRITE access pattern for array
W in routine RUN corresponds to array CC in RFFTF. CC is
not modified directly in RFFTF, but is passed to routine RAD,
first as CC, then as CH. Routine RAD writes only CC, with

*We can easily adapt our system to a different primary rep-
resentation by just replacing the LMAD data structure with
a new data structure that preserves its semantics (such as
systems of inequations).



T={n,U,—,(,),#,®,x, LM ADs, Gate, Recurrence, CallSite}
N ={RT_-LMAD}, S=RT_LMAD
P ={RT_LMAD — LMADs|(RT_LMAD)

RT_LMAD — RT_LMADNRT_LMAD

RT_LMAD — RT_LMAD U RT_LMAD

RT_LMAD — RT_LMAD — RT _LMAD

RT_LMAD — RT_LMAD#Gate

RT_LMAD — RT_LMAD ® Recurrence

RT_LMAD — RT_LMAD < CallSite}

Figure 7: RT_LMAD formal definition.

a pattern easy to represent as an LMAD, [1 : 10]. This
pattern can be translated at the first call site in routine
RFFTF as [1 : 10]. The second call site to RAD cannot generate
any WRITE access to CC, as it is passed inside as CH. In
order to summarize the access pattern for an iteration of
DO j=1,10 in RFFTF, we need to guard this LMAD with a
gate, corresponding to the condition NA.EQ.0. The problem
arises when we want to summarize the access pattern over all
iterations of DO j=1,10. Let us assume that our compiler
does not recognize NA as an induction variable (as is the
case in Polaris). Since NA is loop variant, and has no known
(to Polaris) closed form, it is not possible to represent it
through an LMAD. Using RT_LMADs, we will represent it
as: ([1:10]#(NA.EQ.0)) ® (j =1,10). We also notice that
NA is local to RFFTF. Since we need the value of the WRITE
pattern on W in RUN, we need to translate it into its context.
We represent it symbolically as

(([1 : 10]#(NA.EQ.0)) ® (j = 1,10)) < CallRFFTF(...)

Fig. 8 presents the same expression viewed as a parse tree.

| call RFFTF(...) |

1:10 | [NA EQ O]

Figure 8: Write descriptor for array W for an itera-
tion of loop DO i=1, 1024 in routine RUN, Fig. 5.

We define the evaluation of an RT_LMAD as the pro-
cess of finding the set of indices as known integer values
that it represents. Some RT LMADs can be evaluated at
compile-time (such as the ones that are made of an LMAD
containing only known integer values). The ones that cannot
be evaluated at compile-time can be translated into FOR-
TRAN code using an attribute grammar associated with the
language shown in Fig. 7.

2.2 Program Analysisusing RT_LMADs

Our HA framework is integrated into the Polaris com-
piler. A prepass brings the program into GSA form® and
builds the program’s control dependence graph (CDG) [3]
and Call graph. We also compute control dependence re-
gions (CDRegions) as defined in [4].Since our subsequent

3We extend the existing Polaris GSA to represent inter-
procedural use-def chains. We added a new class of ¢ func-
tions at routine entries for every formal parameter and com-
mon variable used in the routine.

analysis assumes these two graphs are acyclic, we ensure
the CDG is acyclic by transforming any loops with prema-
ture exits into WHILE loops with exactly one exit. The call
graph is assumed acyclic (Fortran does not allow recursive
procedures).

Sort Call Graph topologically
FOREACH subprogram
Sort CDG topologically
FOREACH CDG node
Process(CDG node)

Figure 9: High level view of the HA driver.

The HA driver (Fig. 9) performs a single pass over the
whole program . Across routines, it traverses the Call Graph
in reverse topological order. Within a routine, it traverses
the CDG in reverse topological order. Within a CDG re-
gion all nodes are ordered exactly as in the original program.
As the driver visits a CDG node, it is processed as follows
(see Fig. 10). First, in GetPrimaryInfo, we classify each
memory reference within the statement associated with the
CDG node. At CDG internal nodes (loop headers and con-
ditional branches), the driver invokes routines that perform
the aggregation across all iterations (for loops) and across
all branches (for conditionals). At call sites, the driver in-
vokes routines that translate the RT_LMADs summarizing
the called routine into the actual calling context. Last, mem-
ory reference are aggregated to the RT_LMADs associated
with the CDRegion containing the CDG node. Parallelism
detection and code generation are performed at loop header
level (after processing the loop body, but before processing
the header).

2.2.1 Reference Classification and Aggregation

We define a summary set as a symbolic description of a
set of memory references (locations). We use RT_LMADs
to represent memory accesses within a summary set. We
define three types of summary sets: ReadOnly (RO), Write-
First (WF) and ReadWrite (RW). The RO summary set
records all read-only memory locations within a section of
code, the WF summary set records all write-first memory
locations and the RW summary set all other memory loca-
tions referenced in a code section. An extensive description
of the classification of references in (RO, WF, RW) and its
use in parallelism detection is given in [11].

Thus, we now detail the previously presented generic pro-
gram traversal by explaining how we collect summary sets
while walking up the CDG and Call Graph.

4Except for self-loops in the CDG.

ALGORITHM AnalyzeCDGNode(C'DGNode)
Info+ GetPrimaryInfo(Statement(CDGNode))
CASE CDGNode OF
Recurrence: Info< AggregateRec(Rec,CDRegion(T))

Conditional:In fo+ AggregateCond(Cond,CDRegion(CDGNode,T)

CDRegion(CDGNode,F))

Call Site: Info<AggregateTrans(CallSite,CDRegion(Callee))
CALL AggregateToRegion(CDRegion(C'DGNode),CDGNode,Info)

Figure 10: HA driver core: aggregation. (T=TRUE,
F=FALSE) at CDG node level



AggregateCond generates the summary set for an IF block.
It guards the sets for the CD region on the TRUE branch with
the condition in the IF statement, and the FALSE branch
with the negated condition, then unites them. The op-
eration is performed separately for WF, RO, and RW. °
AggregateTrans generates the summary set for a subpro-
gram (subroutine or function) call site. It takes as input
the summary sets for the called subprogram and applies the
translation operator corresponding to the given call site to
WF, RO and RW respectively. Fig. 11 describes the other
aggregation algorithms. AggregateToRegion(a) aggregates
the summary set of a node to the summary set associated
with the CD region. It assumes the aggregation occurs in
program order.

ALGORITHM AggregateToRegion(CDRegion, CDGNode, Info)
(WF1, RO1, RW1)+ CDRegion

(WF2, RO>, RW2)<— Info

WF =WF U(WFQ — (RO1 U RWhY))

O = (R01 — (WFz U RWZ)) U(R02 — (WF1 ] RWl))
RW = RW; U(RW2 - WFl) U(R01 n WFz)
CDRegion < (WF,RO,RW)

(a)
ALGORITHM AggregateRec(Rec, CD RegionTrue)
(WF;, RO], RW;)< CDRegionTrue
WF =N, (WF; - UJ‘1 (RO, U RWy,))
RO =Y, RO; — UM, (WF}, U RWy,)
RW =L, (RO U RWy) — (WF U RO)
RETURN (W F, RO, RW)
()]

Figure 11: Summary Sets Aggregation Algorithms

When aggregating the summary set for a recurrence given
the summary set per iteration (Fig. 11 (b)) we have the
choice of either assuming no order between iterations or
making an assumption about the type of parallelism used.
For example, when aggregating an inner loop to the outer
loop we can either assume that all iterations of the loop
nest can be executed concurrently (one level parallelism of
the coalesced loop nest, as in [11]) or, we can assume that
the outer loop sees the inner loop as having executed se-
quentially. Because most modern parallel machines support
nested parallelism we view every loop as executing its iter-
ations sequentially (on its own cluster). This assumption
allows the aggregation algorithm to consider the parallelism
of each loop level assuming the enforcement of all data de-
pendences for the inner nest. This strategy will allow more
aggressive parallelization.

Assuming no order in inner loops, then in the example
from Fig. 5 the equation for quantifying W F across recur-
rence j = 1, N would be WF = U}_, WF; — U}, (RO; U
RW;). If we apply this equation to inner loop DO j in
routine RFFTF then we will find the outer loop DO i=1,
1024 in routine RUN sequential. When assuming a sequen-
tial order for the inner loop the equation for W F becomes
WF =J; N (WEF; =i} (ROx URWY})), and the outer loop
is found parallel

This formula seems to have quadratic complexity (j =
1,NAk=1,5—1). We reduced its complexity in the code

5There can be nodes in the CDG of a FORTRAN program
with more than two branches, resulting from statements
such as COMPUTED GOTO. We have replaced them during a
preprocessing phase with semantically equivalent IF blocks.

0
GD
| call RFFTF(...)

/@/

\1-10 \ \NA.EQ-o\ k=1,

=1, 10

'_\

\1_10 | [NA.NE.O]

Figure 12: WriteFirst descriptor for array W in in an
iteration of loop DO i=1,1024, routine RUN in Fig. 5.

generation phase Section 2.2.3, by 1ntr0ducmg the concept
of Lower Partial Union. Any term |J;_ Xk that shows in
a DO j recurrence is a Lower Partial Umon The idea is to
compute the lower partial unions at the same time we ag-
gregate the other descriptors, which yields linear complexity
(analogous to partial sum computation).

Fig. 12 presents the WF component of the summary set
obtained by summarizing the memory access shown in Fig. 5
on array W in an iteration of loop DO i=1,1024 routine RUN.

2.2.2 Parallelism Detection

In this paper, we focus on global program analysis using
RT_LMADs for extracting course grain parallelization. The
decision when a loop can be executed as a DOALL is mainly
conditioned on proving that memory references across itera-
tions do not cause data dependences. If only anti or output
dependences are discovered then the privatization transfor-
mation can remove them. If low dependences are present
only in a reduction operation then known reduction paral-
lelization algorithms can be used.

The loop parallelization detection algorithm takes as in-
put the summary sets of memory access over the whole loop
body (RO, WF, RW) for all the symbols referred in the
loop and produces a triplet of values that represent the
compile-time parallel decision for this loop: dep_fa (there
are loop carried flow or anti dependences), dep_o (there are
output dependencies), and is_red (there are reductions).
Because this triplet is expressed symbolically, we used a
ternary logic with the values NO, MAYBE and YES. Thus,
(dep-fa,dep-o,is_red) = (MAY BE,Y ES, NO) means there
are variables that may have flow or anti dependences (it
could not be decided at compile-time), there are variables
that have output dependencies and there are no reductions.

Algorithm ClassifyRec (Fig. 13) finds the decision triplet
by accumulating decisions taken per symbol referred in the
loop. The usage of operator M AX (where NO < MAY BE <
YES) reflects that a loop carried dependency for a sin-
gle symbol is enough to classify the loop as serial. Func-
tion DEP(X) returns YES if RT_LMAD X is not empty,
NO if it is empty, and MAYBE if the decision cannot be
taken at compile-time. CheckReduction is a pattern match-
ing based reduction recognition algorithm. It checks, for
every RW descriptor associated with this symbol, whether
all its originating statements follow a reduction pattern:
A(ind)=A(ind)+expression.

For every symbol we also compute: individual privatizable
memory areas per iteration j (W F}); last value set to be out-
put by iteration j (WEF; — (Uff:j+1 W Fy)); signal possible



ALGORITHM ClassifyRec(Rec, SymbolList)
(dep_fa,dep-o,is_red) «+ (F,F,F)
FOR ALL Symbol IN SymbolList DO
(s_dep-fa,s_dep_o,s_isred) +
ClassifySymbol(Rec, Per Iteration Info (Symbol))
dep_fa = MAX (dep-fa,s-dep_fa)
dep_o = M AX (dep-o,s_dep_o)
isred = MAX (is_red, s_is_red)
RETURN (dep_fa,dep_o,is_red)

ALGORITHM ClassifySymbol(Rec, Per Iteration Info)
(WF;, ROj, RW;)< Per Iteration Info
(dep_fa,dep_o,is_red) < (F,F,F)

IF (CheckReduction(Symbol, Rec)=T) THEN is_red=T
dep-fa = DEP((UjZ, WF) ﬂ(ngl RO;))

dep_fa = MAX(dep_fa, DEP((U;—; WF;) N(U}=; RO;)))
dep_fa = MAX (dep_fa, DEP(UN_, WF;) (U, RW;))

dep_fa = MAX (dep_fa, DEP((U;Z, RW; N(U—] RW))))

dep-o = DEP(UY, WF; ((UIZL W)
RETURN (dep_fa, dep_o,is_red)

Figure 13: Parallel Classification Algorithms

false sharing if ||WF; — W Fj11|| < CacheLineSize.

A loop is declared statically parallelizable if dep_fa is NO,
and statically serial if dep_fa is YES. If dep_fa is MAYBE,
a run-time test is generated. The per-symbol value of dep_o
specifies which symbols have an output dependence and the
value of W Fj gives the precise location for a symbol (in an
array) and per iteration j that can be privatized. A dep_o
value of MAYBE requires a run-time test.

2.2.3 Code Generation

We generate code that implements a run-time algorithm
that is semantically identical to the parallel classification al-
gorithm described above. The only differences are that the
decisions use boolean rather than ternary logic and the sets
are represented as lists of LM ADs (represented using FOR-

TRAN arrays in the generated code) rather than RT_LMADs.

We generate code to implement the ClassifySymbol and
ClassifyLoop algorithms. The loop over symbols in Classi-
fyLoop is unrolled. Only code to compute MAYBE valued vari-
ables is needed, as the others are already known at compile-
time. This phase is implemented as a simple code insert.
The code generated to implement the function DEP is a call
to a run-time library routine that checks whether a given
list of LMADs is not empty.

The code generation for RT_LMAD evaluation is a trans-
lation to FORTRAN of the language presented in Fig. 7.
The translation is based on an attribute grammar.The only
attribute we use is the run-time value of the RT_LMAD as a
list of LMADs made of known integer values. Gates trans-
late to IF statements, recurrences to DO loops. Set opera-
tions and CallSite nodes translate into calls to a run-time
support library that operates on lists of LMADs with known
integer values. The generated statements are inserted in the
code at the first point where all the values they use are de-
fined. In case the evaluation method is an inspector, we
clone the program slice [23] that computes the values refer-
enced by the RT_LMAD. '

Lower partial unions (such as Ji_} X, where j = 1, N)
are evaluated within the defining recurrence (e.g., D0 j=1,N).
The only difference from computing normal recurrence ag-

gregations is that the accumulation code is inserted at the
very end of the loop to ensure that the value used for the
lower partial union is Ui;ll Xk, and not |J;_, Xx. This
leads to linear time complexity for terms such as the one in
Fig. 12.

Parallel Execution Code

This section presents the code that manages parallel execu-
tion. We assume that at this point the dependence tests were
passed with success (independence was established). We use
the already computed per-iteration descriptors WF, RO,
and RW. For every processor p, we compute RT_LMADs
WF,, RO,, RW, by aggregating the descriptors within its
domain. The RT_LMADs evaluation strategy has been bi-
ased towards re-usable (hoisted) inspectors. For every run-
time parallelized loop we have generated three code sec-
tions: an initialization, the loop itself (to be executed as
a DOALL), and a postprocessing phase. If private storage
is required (for reductions and to eliminate memory related
dependencies), only the part of the RW),, section of reduction
variables needs to be initialized (zero-ed). If copy-in of read-
only variables is desired, the array section(s) corresponding
to RO, are copied in during initialization.

In the post-processing phase, WF, and RW, are known
and thus minimum accumulation (for reductions) and dy-
namic last value assignments (for privatized, live array sec-
tions) need to be performed. The usually high cost of 'clas-
sic’ dynamic last value assignment (equivalent to a cross-
processor maz reduction operation for all privatized arrays)
is reduced because the identity of the last writing iteration
can be computed from the W F}, through RT LMAD opera-
tions.

In general, the generated code is faster because it can
use the precise information given by the run-time evaluated
LMADs rather than rely on conservative, compile time es-
timates. Instead of operating on whole arrays we can op-
erate on precise array sections. For instance, for an array
A(1:10), and an LMAD WEF[3:7], we can call the routine
initialize(A, WF, 0) that will set elements from 3 to 7 in
array A to 0. Routines like initialize are implemented as
generic, fully parallel loops that follow the structure of the
given LMAD.

Optimizations

We use several methods to reduce the run-time evaluation
of RT_.LMADs: based on dataflow analysis (such as loop
invariant hoisting), based on control dependence analysis
(such as AND-ing mutually exclusive predicates), based on
set identities (such as (A—B)— A = ), and based on lattice
identities (such as A — T = (). Loop invariant RT_LMAD
hoisting is similar to the inspector re-use technique in [21].

Many other optimizations are performed at the run-time
library level, e.g., contiguous aggregation, coalescing and in-
terleaving introduced in [15] as compile time optimizations.

The choice between inspector/executor and speculative
execution is either dictated by the data dependence rela-
tions or by a performance model. When an array A is written
based on an index or conditional that contains references to
A, there may exist a cycle between the computation and ad-
dress. For arrays this situation cannot always be proven at
compile time (though a linked list traversal can be proven).
Then we have the choice to either distribute the loop and
isolate the statements that are in the cycle or to use the spec-



ulative parallelization strategy [19]. If we believe that the
statements that potentially form a data dependence cycle
are indeed sequential (e.g., linked list traversal) then specu-
lative execution will fail and loop distribution is the better
choice. The loop containing the cycle will be executed seri-
ally and its results will be used by the second, possibly par-
allel loop. When dependence cycles are not an issue, then
the decision is based on the ratio between the execution time
of an inspector loop and that of the entire loop. Small in-
spectors seem to perform well. A more detailed discussion
about these choices can be found in [16].

Regardless of the chosen strategy the run-time overhead
for dependence testing is reduced by the level of aggregation
that our HA framework achieves.

2.3 Complexity Analysis

‘We now show that the computational effort of HA is quite
manageable both at compile-time as well as at run-time thus
yielding a viable solution for full automatic parallelization.

2.3.1 Run-time Test Complexity

Memory usage. The additional memory required at
run-time is for the lists of LMADs used at run-time to
evaluate RT_ LMADs. Our RT_LMAD evaluation scheme
is similar to a register-based evaluation scheme for an arith-
metic expression. Instead of machine registers we use lists
of LMADs. In the worst case the number of our ’regis-
ters’ grows linearly with the number of memory reference
statements in the original code. However, throughout our
experiments, this number did not exceed 50. Also, this num-
ber is known at compile-time and they can be statically al-
located.The small number on top of some of the nodes in
Fig. 12 represents the ID of the ’register’ assigned to store
the result of the RT_LMAD evaluation at that particular
node. If the access pattern is found linear at compile-time
(as in direct indexing), then the size of a ’register’ is input
data invariant (the size of an LMAD is proportional to the
number of linear dimensions in the space it represents). If
the access pattern is found linear at run-time even though it
did not seem linear at compile-time (as in subscripted sub-
scripts that take linear values at run-time), then the size of
the ’register’ will still be constant. The size of the 'register’
increases only when a recurrence has a non-linear access
pattern that cannot be aggregated using LMADs even at
run-time. In the worst case, the size of a ’register’ can be
the same as the size of the data tested for dependences. We
have, so far, not encountered the worst case in our experi-
ments.

The time complexity is (worst case) that of the LRPD
test, i.e., proportional to either the number of distinct mem-
ory references or number of references for dense and sparse
access patterns, respectively. However, in practice, the ac-
tual complexity is orders of magnitude smaller, depending
on the degree of reference aggregation that the HA manages
to extract. Many times we need only constant time to eval-
uate a small number of conditions. Even with RT_LMADs
that take non-constant time to evaluate, our framework can
easily take advantage of value reuse (a.k.a. schedule reuse)
through aggressive hoisting.

2.3.2 Compilation Complexity

We will show that the memory and time used at compile-
time is O(>_, . StaticAccessCount(sym)) if no RT_ LMAD

sym

simplification is performed. Below, we give the time com-
plexity of our analysis of a single symbol assuming that the
symbolic forward propagation, range dictionary, and inter-
procedural SSA passes have already run.

The overall memory budget is composed of the storage
needed to keep the RT_LMAD internal nodes and the mem-
ory needed to store the primary representation objects (the
LMADs). We allow the parse trees for different RT_LMADs
to overlap in memory. This way the number of additional in-
ternal nodes needed to represent the result of any RT_LMAD
operation is constant. Every summary set update can cre-
ate 15 more RT_LMAD nodes, every recurrence 9 more, ev-
ery conditional can create 9 nodes, and every routine call
3 more (the number of nodes can be counted as the num-
ber of operators on the right hand side in Fig. 11). The
number of RT_LMAD parse tree nodes is upper bounded by
(15%*S+9%xL+9%I+3%C), when there are S statements, L
loops, I IF statements, C call sites that may have effect on
the access pattern. Storage for the primary representation
(LMADs) may increase exponentially (worst case) with the
number of static memory references. We avoid this by limit-
ing the number of LMADs that we store in an LMAD list to
a constant (50, for now). In our experiments, the limit was
never reached because most operations on LMADs either
produce an LMAD (not increasing the size), or are not ex-
act, in which case the result is represented as an RT_LMAD.
The size of an LMAD is proportional to the number of di-
mensions of the access pattern, which in practice is < 4.
Thus, total memory usage for computing the access pattern
on an array A is upper bounded by (12%* S +9* L+ 91+
3% C)*sizeof(RT_LMAD)+S # 50 * 4xsizeof(1D-LMAD), i.e.,
it is linear in the number of program statements that may
have effect on the access pattern.

Some of the optimizing transformations we apply to RT_LMADs

require bottom-up traversals of the associated parse trees
with constant-time pattern matching performed at every
node. Because the size of RT_.LMADs grows linearly, and
there are a linear number of aggregations, the time complex-
ity is upper bounded by

O(Z StaticAccessCount(sym)?)

sym

The quadratic behavior is not reached in practice because
the optimizing transformations performed reduce the sizes
of RT_LMADs as they are aggregated.

3. EXPERIMENTAL RESULTS

We have integrated our HA analysis in the Polaris com-
piler and compiled four difficult PERFECT benchmarks: ADM,
TRACK, DYFESM and MDG. We are not aware of any other auto-
matic parallelization technique that can deal with all these
codes uniformly. [14] reported 70% coverage on ADM based
on run-time tests. However, their approach cannot deal with
memory access patterns that are not linear with respect to
the index of the loop under analysis. Within the set of loops
they found parallel in ADM:RUN, the apparent dependences on
array SAVEX caused by the “flip variable” NA were eliminated
using loop peeling. Even though it helped in this particular
case, there is no mention to what triggered the use of peel-
ing and whether it is generally profitable. [13] reported 20%
parallel coverage on DYFESM. Their technique has the advan-
tage of being performed at compile-time. The description of



|| Program | Loops

| Cause of Difficulties

| (C—R)T | %Seq |

ADM RUN/d0-20,do-30,do_40 Rec. with no closed form, Each loop RT 50
RUN/do-50,do_60,do_100 spans 14 routines, Redimensioned arrays
DKZMH/do-30,do_60, WCONT/do-40 | Spans multiple routines CT 44
D?DTZ(?=C,T,U,V)/do-40
DYFESM | SOLXDD/do_4,do_10,do-30 Subscripted subscripts RT 17
SOLXDD/do_50,HOP /do_20
SOLVH/do_20 Input data determines privatization RT 9
BLCKMX/do-10,BLCKR0/do_10 Input data determines privatization RT 73
MXMULT/do-10,FORMRO0/do_20 Subscripted subscripts/complex reduction RT 73
MDG INTERF /do_1000 Privatization needs theorem proving RT 91
POTENG/do-1000,do-2000 Routine calls CT 8
TRACK | FPTRAK/do_300 Possible dependencies based on cond. induct. var. | RT 46
NLFILT/do_300 Partially parallel- input data sensitive RT 2
EXTEND/do_400 Possible dependencies based on cond. induct. var. | RT 50

Table 1: Loops parallelized at compile-(CT) or run- (RT) time, sequential percentage from application (%Seq).

their experimental results show that the index array prop-
erty that they exploit (Closed-Form Distance) does not show
in any of the other programs analyzed.

Our previous work [11] could parallelize only 13% of the
sequential execution at the same level of granularity at which
we obtain now 99%. The LRPD test obtains the same cov-
erage we do, but its run-time overhead is generally higher.

The four selected benchmarks contain large, deeply nested
loops with a wide variety of memory access patterns and
complex control and data dependences which could not be
analyzed using the existing technology in Polaris (Table 1).
ADM has loop nests spanning multiple routines and arrays
are reshaped. The access pattern in loops RUN/do_20, 30,
40, 50, 60, 100 is based on a recurrence (NA) that has
no closed form solution (in Polaris). There are also possible
dependences when input variables (NX,NY) are odd integers
> 1. Two arrays (SAVEX,SAVEY) are logically divided into
parts that have different access patterns within the same
loop. The run-time test generated by our HA pass takes
the form of an inspector for the evaluation of the recurrence
on NA.

In DYFESM, most major loops exhibit an offset/length mem-
ory access pattern based on subscripted subscripts. Loops
SOLVH/do_20, BLCKMX/do_10 and BLCKRO/do_10 have also in-
put dependent access patterns. Some arrays exhibit differ-
ent access patterns to their subregions within the same loop
(MXMULT/do_10:MX, FORMRO/do_20:R0). Loops SOLXDD/do_4,
do_10, do_30, do_50 use subscripted subscripts but they
have been proven parallel at compile-time ([13]). We solved
them all at run-time using an inspector of the index arrays,
hoisted to the main program level.

In MDG, loop INTERF/do_1000 takes 90% of the execution
time. Even though the access pattern is input independent,
a deductive system would be required to make the necessary
inferences. Our HA limited the memory area with possi-
ble dependences to an interval of length 4 inside an array
(RL). The test grows linearly with the iteration count but
is lightweight per iteration and fully parallel. Because an
inspector would have to perform more than 1/3 of the work
of the loop we used speculative run-time testing.

In TRACK, loop NLFILT/do_300 is input dependent (array
NUSED) and, for some instantiations, partially parallel. It
was executed speculatively due to a potential cycle between
data and address computation.

In loop FPTRAK/do_300, array IHITS is read from 1 to
NTROLD and written at offset LSTTRK in every iteration. This
access pattern presents two aparent dependences: a flow de-
pendence from the write at offset LSTTRK to the read at any
offset between 1 and NTROLD, and an output dependence be-
tween any two writes at offset LSTTRK within different loop
iterations. We eliminated the flow dependence at compile-
time by proving that LSTTRK > NTROLD + 1. The
proof is based on computing the shortest path in a graph
having as nodes the GSA names in the subprogram. The
edges were weighted by the difference between related val-
ues. For instance, LSTTRK3 = LSTTRK> + 1 will add
an edge between LSTTRK>, LSTTRK3 of weight 1. The
shortest path gives the minimum distance between two val-
ues, in this case 1. The shortest path computation is done
on demand and is triggered by comparisons of values within
the subprogram range dictionary, being thus fully integrated
in Polaris. The output dependence can be solved at com-
pile time by proving that the shortest nontrivial path from
LSTTRKs3 to itself is positive. This analysis, though al-
ready implemented, is not yet fully integrated in our frame-
work. Therefore, we left this dependence to be tested at
run-time. The results show that the overhead induced was
very small.

Similarly loop EXTEND/do_400 presents a potential output
dependence on several arrays (IHITS, XH1, ...) with essen-
tially the same access pattern. The analysis reduces for-
mally to a last-value computation of the arrays that show
possible output dependences. The last-value computation
is performed inexpensively by using RT LMADs to aggre-
gate the private writes of every processor. A cross-processor
merge is performed to find the RT_LMADs that represent
the memory regions that must be committed by every pro-
cesor. The complexity of this operation was O(p) since the
RT_LMADs representing private writes turned out at run-
time to be contiguous disjoint 1-dimensional LMADs.

Table 2 presents the codes that were given as input to
our optimizing pass and their compilation time (seconds).
The second column contains the number of lines of code,
and the third one the static compilation time. The fourth
column presents the percentage of the sequential execution
time that was parallelized using only compile-time methods,
and the last column using HA methods. Parallel coverage
was measured at the highest level of granularity (whole data
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Speedups obtained for each application using four parallelization methods: by hand, based on Compile-

time Analysis only, based on Run-time Analysis only (LRPD for DYFESM, MDG and ADM, and R-LRPD for

TRACK), and based on Hybrid Analysis respectively.

Benchmark | Lines | Comp. time | CT Cov. | RT Cov.
ADM 4227 291 44 99.63
DYFESM 3435 45 0 99.72
MDG 938 47 8 98.87
TRACK 2157 143 0 98.00

Table 2: Compilation results

set). Polaris was run on a Pentium III PC, 800Mhz, with
512 MB RAM. As we can see, the compilation times are
practical.

Fig. 14 presents the speedups obtained by running the par-
allelized codes on a 16 processor Convex V2200. We used the
native HPUX £90 parallelizing directives as primitives. We
compared them against three sets of results: parallelization
by hand (done by programmer analysis and coding), par-
allelization based on compile-time analysis (using LMADs
only), and parallelization based on run-time analysis (us-
ing (R-)LRPD only). In DYFESM and ADM our run-time tests
are inexpensive because they are hoisted outside time step

loops with large iteration counts. Also, they are partially
aggregated at compile-time so that at run-time they are
proportional to just a fraction of the data set size. The
reference-by-reference LRPD test leads to smaller speedups
primarily due to initialization and analysis overhead pro-
portional to the whole data set. In addition, the static
analysis on which it relies (as it was implemented Polaris)
lacks interprocedural analysis and the inspector reuse tech-
nology. In MDG and TRACK the compile-time aggregation of
memory references is not significant. However, our analy-
sis generates light-weight tests by isolating the array region
with possible dependencies. Their overhead is very small
in TRACK. In MDG, the overhead is comparable to that of the
reference-by-reference LRPD test. There is a trade-off be-
tween operations with RT_LMADs and simple shadow ar-
rays: Individual RT_LMADs operations are more expensive
than references to shadow elements (dense LRPD test) but
a high degree of reference aggregation can reduce the overall
instruction count and memory consumption dramatically.
DYFESM shows poor speedups because its data set is very
small. TRACK is not fully parallel. ADM/APSI has used the



large input set from SPEC2000 but the granularity of the
parallelization is somewhat low. All speedups are scalable
and reflect a parallelization with practically full coverage.

4. CONCLUSIONSAND FUTURE WORK

We have presented a novel Hybrid Analysis (HA) tech-
nology which can efficiently and seamlessly integrate all static
and all run-time analysis of memory references into a single
framework. This framework is capable of performing most
data data dependence analysis and can generate necessary
information for associated memory related optimizations.
We have used HA to perform automatic parallelization by
extracting run-time assertions from any loop and generat-
ing appropriate run-time tests that range from a low cost
scalar comparison to a full, reference by reference LRPD
test. Moreover we can order the run-time tests in increasing
order of complexity (overhead) and thus risk the minimum
necessary overhead. We accomplish this by both extending
compile time IP analysis techniques and by incorporating
speculative run-time techniques when necessary. In essence
our solution is to bridge ’free’ compile time techniques with
expensive run-time techniques through a continuum of sim-
ple to complex solutions.

We have implemented HA in the Polaris compiler by in-
troducing an innovative intermediate representation called
RT_LMAD and a run-time library that can operate on it.
From the experimental results obtained to date we believe
that we will be able to automatically parallelize all PER-
FECT codes. To achieve good speedups we will need to
improve on a performance model that can better evaluate
the tradeoffs we are facing, e.g., LMADs vs. shadow arrays,
speculative execution vs. inspector/executor model, level at
which to test for parallelism, etc.
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