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Abstract. Media and scienti�c simulation applications have a large
amount of parallelism that can be exploited in contemporary multi-core
microprocessors.However, traditional pointer and array analysis tech-
niques often fall short in automatically identifying this parallelism. This
is due to the allocation and referencing patterns of time-slicing algo-
rithms, where information 
o ws from one time slice to the next. In these,
an object is allocated within a loop and written to, with source data
obtained from objects created in previous iterations of the loop. The ob-
jects are typically allocated at the samestatic call site through the same
call chain in the call graph, making them indistinguishable by traditional
heap-sensitive analysis techniques that usecall chains to distinguish heap
objects. As a result, the compiler cannot separate the source and des-
tination objects within each time slice of the algorithm. In this work
we discuss an analysis that quickly identi�es these objects through a
partially 
o w-sensitive technique called iteration disambiguation. This is
done through a relativ ely simple aging mechanism. We show that this
analysis can distinguish objects allocated in di�eren t time slices across
a wide range of benchmark applications within tens of secondseven for
complete media applications. We will also discuss the obstacles to au-
tomatically identifying the remaining parallelism in studied applications
and proposemethods to addressthem.

1 In tro duction

The pressureof �nding exploitable coarse-grainedparallelism has increasedwith
the ubiquit y of multi-core processorsin contemporary desktop systems.Two do-
mains with high parallelism and continuing demandsfor performanceare media
and scienti�c simulation. These often operate on very regular arrays with rela-
tiv ely simple pointer usage,which implies that compilersmay be able to identify
coarse-grainedparallelism in these applications. Recent work has shown that
contemporary analysesare capable of exposing a large degreeof parallelism in
media applications written in C [14].

However, there are still obstaclesto be overcome in analyzing the pointer
behavior of theseapplications. A signi�can t percentage of theseapplications are



based on time-sliced algorithms, with information 
o wing from one time slice
to the next. The code of these applications typically consists of a large loop,
often with multiple levelsof function calls in the loop body, whereeach iteration
correspondsto a time slice.Results from a previous iteration(s) are usedfor com-
putation in the current iteration. While there are typically dependencesbetween
iterations, there is usually an ample amount of coarse-grainedparallelism within
each iteration, or time slice, of the algorithm. For example, in video encoding
applications, there is commonly a dependencebetweenthe processingof consec-
utiv e video frames,a fundamental time sliceof video processing.However, there
is signi�can t parallelism within the video frame, wherethousandsof sub-pictures
can be processedin parallel.

From our experience,time-slicedalgorithms typically operateby readingfrom
data objects that are written in the previous time slice, performing substantial
computation, and writing to data objects that will be used by the next time
slice. The primary step of parallelizing the computation of the time slice lies in
the disambiguation betweenthe input and output objects of the time slice.This
provesto be a challenging task for memory disambiguation systemstoday. The
di�cult y lies in the fact that the code is cyclic in nature. The output objects
of an iteration must becomethe input of the next iteration. That is, the input
and output objects are coupled by either a copying action or a pointer swap-
ping operation during the transition from one time slice to the next. Without
specialized
o w sensitivity, a memory disambiguation systemwill concludethat
the input and output objects cannot be distinguished from each other.

Three di�eren t coding styles exist for transitioning output objects to input
objects in time-sliced algorithms:

1. Fixed purp ose: The data objects operated on are allocated in an acyclic
portion of the program and designatedspeci�cally asinput and output struc-
tures. At the end of an iteration, the data in the output structure are copied
to the input structure for use in the next iteration. Previous parallelism-
detection work [14] assumesthis coding style.

2. Swapp ed bu�er , or double-bu�ering: Two or more data objects are created
in the acyclic portion of the program and pointed to by input(s) and output
pointers. At the end of an iteration, the pointer valuesare rotated.

3. Iterativ e allo cation : A new data object is allocated and written during
each iteration of the primary program loop and assigned to the output
pointer. At the end of the iteration, the output object of the current it-
eration is assignedto the input pointer in preparation for consumption by
the next iteration. Objects that are no longer neededare deallocated.

Many compiler analyses,even somethat are 
o w-sensitive, will seethe point-
ers in the latter two categoriesasaliasing within the loop. This is true when con-
sidering the static code, sincethe stores in one iteration are writing the objects
that will be read in the next iteration. When the dynamic stream of instruc-
tions is considered,however, the pointers and any stores and loads from them
are independent within a single iteration of the loop. In media and simulation
applications, this is where much of the extractable loop-level parallelism lies.



The goal of our work is to create a targeted, fast, and scalableanalysis that is
cycle-sensitive, meaning that it can distinguish objects allocated or referenced
in cyclic patterns. We will addressthe third category; the �rst is adequately
disambiguated by traditional points-to analysis and the secondcan be handled
by tracking the independenceof the pointers via alias pairs [10] or connection
analysis [4].

Figure 1 shows an example of this within a video encoder. At least two re-
lated images exist during MPEG-style P-frame encoding: the frame currently
being encoded and reconstructed and the frame(s) that was/werepreviously re-
constructed. During motion estimation and compensation, the encoder attempts
to achieve a closematch to the desired,current imageby copying in piecesfrom
the previous reconstructed frame. In terms of memory operations, it readsdata
from the previous frame and writes it to the current frame. In the reference
MPEG-4 encoder [11], these objects can come from the same static call sites
and calling contexts and must be disambiguated by determining that they were
created in di�eren t iterations of a control 
o w cycle.
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Fig. 1. An example of cycle-sensitivity enabling parallelism.

In the loop shown in Figure 1(a), the pointers prev and recon will point
to the sameobject at the circled assignment. Within the middle shadedregion,
however, the two pointers will always point to di�eren t objects, since recon is
allocated in the current loop iteration and prev is not. Thus, loops within this
region, such as those within VopMotionCompensat e as shown in Figure 1(b),
can have their iterations executedin parallel. The goal of our analysis, iteration
disambiguation, is to distinguish the most recently allocated object from older
objects that are allocated at the same site. This and similar casesrequire an
interprocedural analysis to be e�ectiv e becausethe objects and loops involved
nearly always span numerousfunctions and loop scopes.

We �rst cover related work in Section 2. We then describe the analysis in
Section 3. Section 4 shows analysis results for several benchmark programs. We
concludewith some�nal comments and future work.



2 Related Work

The intent of iteration disambiguation is to quickly distinguish objects that come
from the samestatic call site and chain, but di�eren t iterations of a control 
o w
loop. It is designedas an extension of a more general pointer analysis system.
By doing this, the analysis is able to capture caseswhich general analysesare
incapable of distinguishing or cannot accomplishin an inexpensive manner. For
an overview of previous work in pointer analysis, we refer to [8].

The closest existing work to iteration disambiguation, in terms of disam-
biguation results, is connectionanalysis,asproposedby Ghiya and Hendren [4].
It attempts to overcomethe limitation of basic points-to analysis and naming
schemesby using a storelessmodel [3] to determine the sets of interacting, or
connected,pointers that may alias. At each program point and for each calling
context, the analysis maintains the sets of connected local and global pointer
variables. Each pointer's connection set approximates the set of other pointers
with which it may alias. Connectionsare removed,or \killed", for a pointer when
it is assigned,and replaced with the connection information of the right-hand
expression,if any. At a given program point, disjoint connection sets for two
pointers indicates that they have not interacted in any way and do not con
ict.
Interprocedural analysis is handled by exhaustive inlining.

Connection analysis distinguishes new and old objects in a loop by making
a newly-allocated object be initially unconnected to anything else. The basic
exampleshown in Figure 1 can be disambiguated by connectionanalysisbecause
the assignment to the variable recon kills recon 's connectionto previousobjects.
However, control 
o w within the loop body can foil connection analysis. When
a variable is assignedon only somepaths through a loop, its connectionsare not
killed on the other paths. This leads to pointer aliasing of the variable and its
connectedvariables after the paths merge.This casehas beenobserved in video
encoders and obscuresparallelism in those applications.

Shape analysisis a 
o w-sensitive analysiswhich attempts to analyzethe pat-
tern of pointer usageto expressrelationships betweendi�eren t instancesof the
same abstract heap object, examplesof which are presented in [5,6,15]. This
can improve pointer disambiguation for recursive data structures. Generally, the
possible types of structures must be known a priori to the analysis, with the
exception of [6]. The purposeof this work is not to identify the relationship be-
tweeninstancesof recursive structures, but to disambiguate \top-lev el" pointers
retained in local or global variables that refer to objects created in di�eren t it-
erations of a control 
o w cycle. Shape analysis generally doesnot focus on this
aspect of pointer behavior.

Two independently developed may-alias points-to analyses[16,17] can dis-
tinguish di�eren t elements of an array where array elements are initialized in
a loop using a monotonically increasing variable to index the array. In their
analyses,there can be no data transfer between the array elements, whereas
the objects targeted by iteration disambiguation are coupled through copying or
pointer assignment at the end of loop iterations. Their work is complementary
to ours and can be combined to provide greater precision.



3 Analysis

This section describes iteration disambiguation, a data
o w algorithm that dis-
tinguishes objects allocated in di�eren t iterations of a cycle at compile-time. It
does this by marking objects' referenceswith di�eren t ages. Intuitiv ely, if one
considersa loop body asa code segment observedduring dynamic execution, the
objects created outside of the segment or in previous instancesof the segment
are distinct from any objects created in the examinedsegment.

3.1 Example

Figure 2(a) shows the control 
o w graph for a simple example of an iteration
disambiguation opportunit y, while Figure 2(b) shows an unrolled version of the
loop to clarify the relationship betweenpointers a and b within each outer loop
iteration. We de�ne two memory objects A and B by their static allocation sites.
Since object B lies within a loop, its instancesare given subscripts to indicate
the iteration of the loop in which they were allocated.
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Fig. 2. Iteration disambiguation example.

In the �rst iteration of the loop in Figure 2(b), pointer a points to object
A, while pointer b points to object B1, created in block 2.1. These two pointers
do not alias within block 3.1 but do in block 4.1. There is a similar situation in
block 3.2, except that in this casea points to object B1, created in block 2.1,
while b points to object B2, created in block 2.2. Additional iterations of the
loop would be similar to the seconditeration. Although b aliaseswith a within
instancesof block 4, the two do not alias within any instanceof block 3: a points
to A or Bn � 1, while b points to Bn . The compiler can determine that loads are
independent from storeswithin the smaller loop in block 3 and can combine this



with array index analysis to determine that parallel execution is safe for those
loop iterations.

Another way of looking at this relationship is that object Bn is a separate
points-to object from previously created objects. We call the Bn object new,
while Bn � 1 and older objects are lumped together asaged. Objects becomeaged
at aging points, which are ideally just before a new object is created. Between
the aging points for an object, or between an aging point and the end of the
program, two pointers that point to thesetwo objects cannot alias for any n.

3.2 Algorithm

Our algorithm operates on non-address-taken local variables in the program's
control 
o w graph. A pointer analysis, run prior to the algorithm, annotates
variables with sets of objects they may point to. Points-to sets are represented
asa set of abstract object IDs, whereeach ID stands for an unknown number of
dynamic objects that exist at runtime. Intuitiv ely, the analysisdistinguishesnew
referencesto an abstract object createdwithin the body of a loop from agedones
that must have beencreatedprior to entering the loop or within a prior iteration
of the loop. Referencesare ambiguous when it becomesunclear whether they
refer to aged or newobjects. As long as the agesof two referencesare distinct
and unambiguous, they refer to independent dynamic objects within the scope
of an iteration of the most deeply nestedloop that contains both referencesand
the allocation for that object. The algorithm is described for a single abstract
object with a unique allocation site and calling context. When analyzing multiple
objects, analysesof separateabstract objects do not interact. The compiler may
choosethe objects which arepotentially pro�table; at this time every heapobject
allocated within a cycle is analyzed.

The analysis usesaging points in the control 
o w graph to delineate the
scope over which a referenceis considerednew. A referencebecomesaged when
it crossesan aging point. Aging points are placedat the entry point of each loop
and function containing the allocation. Placing aging points at the beginning
of loop iterations ensuresthat all newreferenceswithin the loop are to objects
created in the current loop iteration. New referencesoutside the loop point
to objects created in the last loop iteration. Aging at function entry points is
necessaryfor recursive function calls.

Recursive functions require additional consideration. A new reference be-
comesagedat the entrance of a recursivefunction that may allocate it, and could
be returned from the function. This is e�ectiv ely traveling backwards acrossan
aging point, creating a situation where the samereferenceis both aged and new
in the sameregion. We avoid this error by conservatively marking an aged re-
turn value of a recursive function ambiguous when it is passedto callers which
are also in the recursion. 1

1 If a function could have multiple return values, the samesituation can occur without
recursion. We analyze low-level code that placesa function's return data on the stack
unlessit �ts in a single register. Our conservativ e handling of memory locations yields
correct results for multiple return values on the stack.



The example in Figure 2 obtained the aged referencevia a local variable
that was live acrossthe back edgeof the loop. However, many programs retain
pointers to older objects in lists or other non-local data structures and load them
for use. In order to detect these pointers as aged, the analysis must determine
that the load occurs before any newreferencesare stored to non-local memory.
Once non-local memory contains a newreference,the abstract object is labeled
escaped until control 
o w reaches the next aging point. Loads of an escaped
object return referencesthat are ambiguous instead of aged. E�ectiv ely, non-
local memory is an implicit variable that is either ambiguous (escaped) or aged
(not escaped). Escaped referenceanalysis runs concurrently with propagation
of newand aged referencemarkings.

Setup. There are several items that need to be performed prior to executing
the data
o w algorithm:

1. A heap-sensitive pointer analysis is run to identify dynamically-allocated
objects, distinguished by call site and calling context [2], and �nd which
variables may referencethe object(s). Figure 3(a) shows a code example
with initial 
o w-insensitive pointer analysis information.

2. SSAnotation is constructedfor each function in the program, with � -functions2

at loop entry points. Although constructing SSA notation prior to pointer
analysiscan improve the resolution of the input information via partial 
o w-
sensitivity [7], this is not necessaryfor the algorithm to function correctly.

3. Aging points are marked, for each abstract object, at the entry of each
loop or function containing an allocation of the object. This is a bottom-
up propagation and visits strongly connected components in the program
callgraph only once. In loops, � -functions that assignreferencesto objects
createdwithin the loopsareagingpoints. The input parametersto a function
that may create the object are also marked as aging points.

4. A data
o w predicate, representing age, is initialized for each pointed-to ob-
ject on each pointer assignment, including SSA's � - and � -functions, and
function parameter. The latter are treated as implicit copy operations dur-
ing interprocedural propagation. We initialize thesepredicatesas follows:

{ Pointer variables which receive the return addressof the allocation call
are marked with newversionsof the references.

{ The destination of � -functions are marked aged for an object if the
corresponding loop contains an allocation of the object.

{ Destinations of loads that retrieve a referencefrom memory are opti-
mistically marked aged. Unlike the previous two cases,this initialized
value may changeduring propagation of data
o w.

{ All other pointer assignments are marked unknown.
Figure 3(b) shows the results of SSA construction, marking of aging points,
and initialization of data
o w predicates for the example in Figure 3(a).

2 � -functions were proposedfor the Gated Single Assignment notation [1]. Unlik e that
work, it is not necessaryto know which referencesare propagated from the loop
backedges;we use the form simply to mark entries of loops.
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Fig. 3. Iteration disambiguation data
o w.

Propagation. Figure 3(c) shows the results of data
o w propagation for the
given example. Conceptually, the algorithm marks a referencereturned by an
allocation routine as new. This data
o w predicate propagatesforward through
the def-usechain until it reaches an aging point, after which it becomesaged.
This aged referenceis also propagated forward. If aged and newreferencesfor
the sameobject meet at control 
o w mergesother than aging points, the result
becomesambiguous. Separateabstract objects do not interact in any way; for
example, propagation from a0 to a1 remains newfor object A becausethere is
only an aging point for object B for that transition.

As mentioned previously, we desire that the analysis capture caseswhere
older object referencesare loaded from non-local memory. For this, the anal-
ysis identi�es regions of the program where newor ambiguous referenceshave
escaped to non-local memory. Referencesloaded from memory outside this re-
gion areguaranteedto beaged, but thoseloadedwithin the regionareambiguous
becausea potentially newreferencehas beenplaced in memory.

Propagation of age markings for object referencesand detection of escaped
referencesproceedconcurrently . All propagation is donein the forward direction.
Age markings propagate via SSA def-usechains, while escape markings propa-
gate along intra- and inter-procedural control 
o w paths. Age propagation uses
a three-stagelattice of values,depicted in the legendin Figure 3. The least value
of the lattice is unknown. The other lattice valuesare aged, new, and ambiguous.
The join or union of an aged and a newreferenceis ambiguous, which means
that the compiler cannot tell the iteration relationship of the referencerelative



to other object referencesin the loop. The contents of memory are ambiguous
wherean object hasescaped; elsewhere,memory only contains aged references.
Age and escape markings increasemonotonically over the courseof the analysis.
The analysis provides a measureof 
o w-sensitivity if the basepointer analysis
did not support it: referencesthat remain unknownat analysis termination are
not realizable.

Age markings propagate unchanged through assignment and addressarith-
metic. The union of the ages is taken for referencespassedin to � -functions
or to input parameters of functions that do not contain an allocation call. New
and ambiguous agesdo not propagate through aging points. Function return
valuesare handled di�eren tly depending on whether the caller and callee lie in
a recursive callgraph cycle. For the nonrecursive case,return values are simply
propagated to the caller. For the recursive case,aged returns are converted to
ambiguous. This is necessaryto preserve correctness;since the call itself is not
an aging point but the callee may contain aging points, a newreferencepassed
into the recursive call may be returned as aged while other referencesin the
caller to the samedynamic object would remain new.

Propagation proceedsanalogously for escaped markings. The union of es-
caped markings is taken at control 
o w mergepoints. Escaped markings are not
propagated past aging points since all referencesin memory becomeaged at
those points. At the return point of a call where the caller and callee lie in a
recursive cycle, memory is conservatively marked escaped.

Age and escaped referencemarkings in
uence one another through load and
store instructions. Storesmay causea newor ambiguousreferenceto escape past
the bounds that can be tracked via SSA. For our implementation, this occurs
when a pointer is stored to a heapobject, global variable, or local variable which
is address-taken.At that store instruction, the analysissetsan escaped marking
which propagatesforward through the program. The region where this escape
data
o w predicate is set is called the escaped region.

The analysis optimistically assumesduring setup that loaded referencesare
aged. If a loadedreferenceis found to be in the escaped region, the analysismust
correct the reference'smarking to ambiguous and propagate that information
forward through def-use chains. Conceptually, the compiler cannot determine
whether the referencewas the most recent allocation or an earlier one, since a
newreferencehasbeenplaced in memory. An exampleof an escaped referenceis
shown in the bottom block of Figure 3(c). Agedreferencesdo not escape because
the default state of referencesloaded from memory is aged.

Iteration disambiguation preserves context-sensitivit y provided by the base
pointer analysis.The calling context is encoded for each object. When the anal-
ysis propagatesobject referencesreturned from functions, the contexts are ex-
amined and objects with mismatched contexts are �ltered out. The analysisalso
performs �ltering to prevent the escaped data
o w from propagating to some
unrealizable call paths: referencescan escape within a function call only if they
werecreatedin that function or passedin asan input parameter. Our implemen-
tation currently is overly conservative for escaped data
o w when a referenceis



an input parameter which doesn't escape on somecall paths. Handling this case
requires an analysis to determine which input parameters may escape, and the
casehas not beenprominent in studied applications.

3.3 Prop erties and Limitations

The iteration disambiguation algorithm explainedhereis only able to distinguish
the object from the current/y oungestiteration of a cycle from objects allocated
during previous iterations. In other terms, the analysis is k-limited [9] to two
ages. The bene�t of this is that the analysis is relatively simple and can be
formulated as an interprocedural, monotonic data
o w problem. In generalonly
the most recently allocated object is written, while older onesare read-only, so
a single agedelineation is su�cien t to identify parallelism.

The pro�tabilit y of iteration disambiguation dependson how long a newob-
ject stays in a local variable and is operated on beforeescaping.In studied media
and simulation applications, newreferencesare often created at the top of loop
bodies and escape towards the bottom of the loop after signi�can t computation
is performed. This exposesthe available parallelism within the primary compu-
tation loops. However, is not uncommon for a referenceto escape immediately
on allocation and not be retained in a local variable, which prevents bene�t
from iteration disambiguation. The common casefor this is sub-objects which
are linked into an aggregateobject, such as separatecolor planes of an image.
Possiblemethods for resolving theseobjects are discussedin the next section.

The presented algorithm's e�ectiv enessis also inversely tied to the distance
between the aging points and the allocation of the object, since all objects be-
tween the aging locations and the allocation are aged. These casesmight be
disambiguable if the aging point were relocated, but this causesmore complex-
it y in utilizing the analysis results.

4 Exp erimen ts

This section presents empirical results that show that iteration disambiguation
generally takesa small amount of time and can identify the distinction between
cyclic objects. We covered two categoriesof benchmarks. For the �rst, we chose
programs from SPEC CPU 2000and 2006,excluding those from 2000that have
newer versionsor equivalents in 2006,and those that the current version of our
compiler cannot complete, notably gcc and perl. For the secondcategory, we
usedseveral applications from MediaBench I as well as a few independent ones.
Our intent with the broad selectionis to show that the analysiscandisambiguate
referencesin application domainsother than media and scienti�c simulation. We
useFulcra [12] as our basepointer analysis.

4.1 Analysis Statistics

Figure 4 shows analysis statistics for the benchmark programs analyzed. The
bars represent iteration disambiguation's time to analyze, annotate, and count
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Fig. 4. Iteration disambiguation analysis time and object count.

statistics in seconds,on a 1.8 GHz Athlon 64. The dots connected by lines
represent the number of distinct cyclic objects, distinguishable by call site and
calling contexts. The number of heap objects is dependent on the degree of
cloning (replication per call site and path) [13] performed by the basepointer
analysis. For example, the MPEG-4 decoder and encoder applications have a
large number of nested allocation functions which create the large number of
objects seenin the �gure. The \lo west-level" objects tend to be replicated the
most, which a�ects someof our metrics.

In general the analysis is fast; for most programs, which have few cyclic ob-
jects, the analysis takesonly a few seconds.Even for programswith many cyclic
objects, such as 464.h264refand mpeg4enc,the analysis runs within 16 sec-
onds. The majorit y of analysis time is spent in the setup phaseand the time for
propagation of agemarkings and escaped data
o w is usually insigni�can t. The
primary outliers are two SPEC CPU2000 benchmarks, 254.gapand 255.vortex.
These benchmarks are over twice as large as the majorit y of the benchmarks
in the program, with a correspondingly higher setup time. The larger size also
increasesthe amount of code that escaped referencedata
o w must propagate
through. Finally, they have an unusually high number of referencesrelative to
the sizeof the codes.Unlike the other benchmarks, the time for agepropagation
and escaped referencedata
o w is on the sameorder as setup time.

4.2 Ob ject Classi�cations

There are two special object classi�cations which are exposedby the analysis.
First, someobjects allocatedwithin cyclesare usedastemporary storageand are
deallocated within the sameiteration. Thesecasesare interesting becausethey
represent privatization opportunies. In iteration disambiguation, these objects
arerecognizablesinceonly newreferencesareusedto load data from or storedata
to them. The percentage of only-new objects is shown in Figure 5. Benchmarks
that have no cyclic objects are omitted.
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Fig. 5. Iteration disambiguation results: proportion of only new and ambiguous objects.

Second,for somecyclic objects, there are either no newmarkings or no aged
markings. For these objects, iteration disambiguation has no useful e�ect. We
term these ambiguousobjects. In programs with inherent parallelism, these ob-
jects are commonly multidimensional arrays and sub-structures, which require
complementary analyseswhen detecting parallelism. As mentioned previously,
these lower-level objects are a signi�can t portion of the total object count due
to heap cloning, and thus increasethe apparent number of ambiguous objects
beyond a static count of call siteswhen heapcloning hasan e�ect. Even exclud-
ing this e�ect, direct inspection of several of the applications hasshown that the
majorit y of the heap objects are ambiguous.

4.3 Analysis results

Prior to discussing the analysis results, we break the categoriesof aged and
ambiguous referencesinto subcategoriesto gain a better understanding of the
results and program properties. They are:

{ Lo op Aged : The referencewaspassedvia a local variable acrossthe backedge
of a loop, or entered a recursive function that may allocate the object.

{ Loaded Aged : The reference'ssource is loaded from memory in a region
where a newor ambiguous referencehas not escaped.

{ Merge Am biguous : The ageof the referenceis ambiguousdue to a control

o w or procedurecall merge in which new and agedreferencesof an object
mergevia data
o w, such as for conditional allocations.

{ Escap e Am biguous : The ageof the referenceis ambiguous becauseit was
obtained via a load in a code region wherea newor ambiguousreferencehas
escaped. We also include agedreferencesreturned from a recursive function
to callers within the recursion in this category.

{ Com bination Am biguous : This represents a mergeof an escape-ambiguous
referencewith other typesof references.



Figure 6 showsstatistics of the resultsof iteration disambiguation. Resultsare
shown as a percentage of the total static, heap-referencingmemory operations,
in an assembly-lik e representation, for each program. When a memory operation
may accessmultiple cyclic objects, an equal fraction is assignedto each object.
Referencesto objects that are only newhave beenomitted becausethey in
ate
the apparent utilit y of the analysis. A signi�can t percentage of both new and
aged referencesindicates likely independenceof operations within a loop body.
Applications that have no useful cyclic objects have beenomitted.

Although a more appropriate test of this analysis would be to show the
amount of parallelism exposedby the analysis, we do not attempt this for this
work. The objects of interest in many time-sliced applications are children ob-
jects of the top-level objects that iteration disambiguation can operate on, and
are identi�ed as ambiguous objects. We currently do not have an analysis to
prove that children are unique to a parent object, so the amount of extractable
parallelism is small. In the future we hope to show the di�erence in application
performancewhen the additional analysesare integrated into our framework.
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Fig. 6. Iteration disambiguation results: percentages of referencetypes.

The high percentage of escape and combination ambiguous referencesindi-
cate that many static operations on heap objects usereferencesthat have been
stored to and then loaded back from memory prior to an aging point. This is
expected for programs that build up large aggregatestructures and then oper-
ate on them, such as the larger SPEC CPU benchmarks. Despite the fact that
ambiguous objects tend to make up the majorit y of objects, they do not always
dominate the referencesbecauseof fractional counting per memory operation.
We observed a tendency for operations to be one type of reference,becausethe
objects they referenceusually have similar usagepatterns.

Media programshave a high percentage of ambiguousreferencesbecausethe
majorit y of operations work on data substructures linked to top-level structures.
As previously mentioned, escaped referencesare often multidimensional arrays



and can be addressedwith the appropriate analysis.Another casethat is missed
by iteration disambiguation is sub-structures of a cyclic object linked into an
aggregatestructure. We are currently developing a complementary analysis to
addressthis shortcoming.

One interesting caseis 464.h264ref,which is a video encoder application and
thus expectedto do well with iteration disambiguation. However, it hasa smaller
percentage of newreferencesthan most applications. The reasonis the common
use of an exit-upon-error function, which both calls and is called by many of
the allocation and free functions used in the application. This creates a large
recursion in the call graph, which has the e�ect of aging newreferencesrapidly.
In addition, we discoveredthat approximately half of the loadedaged references
becomeescape ambiguous if the analysisdoesnot prevent data
o w propagation
through unrealizable paths, such as calls to exit() .

5 Conclusions and Future Work

This paper discussesiteration disambiguation, an analysis that distinguishes
high-level, dynamically-allocated, cyclic objects in programs. This cyclic rela-
tionship is common in media and simulation applications, and the appropriate
analysis is necessaryfor automatic detection and extraction of parallelism. We
show that we can disambiguate a signi�can t percentage of referencesin a sub-
set of the presented applications. We also explain someof the reasonswhy the
analysis was not able to disambiguate more referencesin caseswhere we would
expect a compiler to be able to identify parallelism.

For future work, we will be developing complementary analyseswhich will
enablea compiler to automatically identify parallelism within programsthat are
amenableto parallel execution.Theseinclude array analyses,analysesthat iden-
tify structure relationships such astrees,and value 
o w and constraint analyses.
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