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Object-oriented programming languages provide many software engineering benefits, but these
often come at a performance cost. Object-oriented programs make extensive use of method in-
vocations and pointer dereferences, both of which are potentially costly on modern machines.
We show how to use types to produce effective, yet simple, techniques that reduce the costs of
these features in Modula-3, a statically typed, object-oriented language. Our compiler performs
type-based alias analysis to disambiguate memory references. It uses the results of the type-based
alias analysis to eliminate redundant memory references and to replace monomorphic method in-
vocation sites with direct calls. Using limit, static, and running time evaluation, we demonstrate
that these techniques are effective, and sometimes perfect for a set of Modula-3 benchmarks.
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1. INTRODUCTION

In object-oriented languages, programmers make extensive use of pointers, type hierar-
chies, and virtual method invocations to improve code reuse and correctness. These fea-
tures have a cost. For example, without alias analysis, the compiler must assume all pointer
dereferences are potential aliases and may not reorder them. Compilers need to reorder in-
structions to effectively exploit the underlying hardware, which may have multiple issue
functional units, and elaborate pipelines. An effective alias analysis disambiguates mem-
ory references, and enables the compiler to reorder pointer accesses.

Virtual method invocations are costly as well. Method invocations obscure which pro-
cedure is actually being invoked. In programs written in pure object-oriented languages,

This work was supported by the National Science Foundation under grants CCR-9211272, CCR-9525767, and
ITR CCR-0085792 and by gifts from Sun Microsystems Laboratories, Inc., Hewlett-Packard, and Compag.
Kathryn S. McKinley is supported by an NSF CAREER Award CCR-9624209. Amer Diwan was supported

by the Air Force Materiel Command and ARPA award number: F30602-95-C-0098. Any opinions, findings, and
conclusions or recommendations expressed in this material are the authors and do not necessarily reflect those of
the sponsors.

Portions of this paper appeared previously [Diwan et al. 1996; Diwan et al. 1998].

Authors’ addresses: A. Diwan, Department of Computer Science, University of Colorado, Boulder, CO 80309;
email: diwan@cs.colorado.edu. K. McKinley and E. Moss, Department of Computer Science, University of
Massachusetts, Amherst, MA 01003-4610; emifickinley,mos$@cs.umass.edu.

ACM Transactions on Programming Languages and Systems, Vol. TBD, No. TDB, Month Year, Pages 1-41.



2 . Amer Diwan et al.

method look-up is costly in itself because method invocations are frequent [Chambers
1992]. However, in programs written in hybrid object-oriented languages, method invo-
cations are typically less frequent and therefore do not have a significant cost. However,
for all object-oriented languages, method invocations inhibit optimization. If analysis can
resolve method invocations to direct calls, the compiler can replace the method invocation
with a direct call, a tailored call, or an inlined call. The additional control-flow information
provides fodder for an optimizing compiler to improve performance.

To alleviate the performance degradation resulting from pointer dereferences and method
invocations, we present a range tgpe-basedilias analysesTBAA). TBAA uses pro-
gramming-language types. Our alias analysis techniques range from a simple inspection
of the type hierarchy to interprocedural flow-insensitive analysis. We determine the effec-
tiveness and usefulness of our alias analyses with respect to two optimizatidnsdant
load elimination(RLE) andmethod resolutionrRLE combines loop-invariant code motion
and common subexpression elimination of memory references. Method resolution re-
places monomorphic method invocations with direct calls. To better understand the impact
of TBAA on method resolution, we consider three different algorithms for method resolu-
tion and extend two of them withBAA. These method resolution algorithms range from
a simple inspection of the type hierarchy to a new interprocedural flow-sensitive context-
insensitive analysis. While there are obvious interactions between pointer analysis and
method resolution, we pick a fixed order for the analyseza followed by method reso-
lution analysis. Previous work proposes a few of our alias analyses and method resolution
techniques, but our evaluation reveals new insights about these and our new algorithms.

We evaluate the effectivenesstgaA for RLE and method resolution using static, dy-
namic, and limit analyses. This evaluation methodology is more thorough than most of
the previous work on alias analysis. Our results show that there is surprisingly little room
for improvementintrBaA for our benchmarks. For example, a better alias analysis would
perform better thamBAA for method resolution in at most three of our 10 benchmark pro-
grams. Although others have proposed using types in similar ways, we believe we are the
first to demonstrate their unanticipated effectiveness for important optimizations. We also
modify our analyses to work on incomplete programs and demonstrate that the effective-
ness offBAA andRLE is not compromised, but that method resolution is not effective on
incomplete programs. We have implemented our analyses in a traditional optimizing com-
piler for Modula-3. The speed and simplicity of these analyses also makes them practical
for statically compiled Java programs. For Java programs that use dynamic class load-
ing, our modifications for incomplete programs are applicable, but will probably be less
effective.

The remainder of this paper is organized as follows. Section 2 gives a brief techni-
cal background on types. Section 3 describes our type-based alias analysis algorithms.
It discusses three progressively more precise alias analyses based on type declarations,
field declarations and other high-level properties, and flow-insensitive data-flow analysis.
Section 4 describes two usesT#AA : RLE and method resolution. It also describes algo-
rithms for method resolution, the most aggressive of whichnegen. Section 5 presents
our experimental methodology. Section 6 evaluatesa using static, dynamic, and upper
bound evaluation for each ai_e, method resolution, and inlining enabled by method res-
olution. Section 7 evaluataBAA using our optimizations when the entire program is not
available for analysis. Section 8 considers how our techniques apply to other optimizations
and object-oriented languages, particularly C++ and Java. Section 9 discusses related work
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Table I. Kinds of Memory References

[ Notation [ Name | Description |
p.f Qualify Access field of objectp
p° Dereference| Dereference pointgy
pli] Subscript Array p with subscript

in alias analysis and method resolution. Section 10 concludes.

2. BACKGROUND

We now present some assumptions and terminology that we will use in the rest of the paper.
All of our analyses assume the entire program is available unless otherwise stated. Section
2.1 describes what memory references look like in the language that we analyze, Modula-
3 [Nelson 1991]. Section 2.2 describes how method invocations give rise to polymorphism
in Modula-3 programs.

2.1 Memory Reference Basics

Table 1 lists the three kinds of memory references in Modula-3 programs, their names,
and a short description of eaéhWithout loss of generality, we assume that all pointer
dereferences are explicit and that a variable declared to be of object or array type actu-
ally contains the object or array rather than a pointer to the object or array. Modula-3
has implicit pointer dereferences, but at the intermediate representation level all pointer
dereferences are explicit.

We call a non empty string of memory references, for exarapleb[ i ] . ¢, anaccess
path(AP) [Larus and Hilfinger 1988] and assume that object fields have different names.
We define:

Typdp): The static type oAP p.
Subtypel): The set of subtypes of type which includesT.
REF T: A pointer to an object of typé.

In Modula-3 and other type-safe languages, a variable of Rghe T can legally point to
objects of typeSubtypefl). Each of our alias analyses refines the type of objects to which
anAP (memory reference) may refer.

2.2 Polymorphism through Subtyping

Statically typed object-oriented languages support polymorphism through subtyping. A
variable of typeS whereS is a subtype of supports all the behavior @fand may extend

it. Thus, the program can use an object of tf§aghenever an object of typeis expected.

In particular, a variable with declared tyREF T may point to objects that are subtypes

of T.

Consider the Modula-3 type hierarchy in Figure 1, which defines a tymndV, a
subtype ofU. V has all the behavior dfl (in particular, themmethod) but has a different
implementation ofn(mV instead ofilJ). V also supports the method, whicHJ does not.
Invoking themmethod on a variable with declared tyBEF U may invoke one of three
procedures:

1These types of memory references are, of course, not unique to Modula-3.
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TYPE U = OBJECT
f: U
METHODS
m:= mJ
END;
(* Vis a subtype of U*)
TYPE V = U OBJECT
METHODS
n:=nvV,
OVERRI DES
m:= nv,
END;

Fig. 1. A Modula-3 type hierarchy.

(1) my, if the variable is currently a pointer to an object of tyye
(2) nv, if the variable is currently a pointer to an object of tygeor
(3) error,ifvariable is currently a pointer of typdeULL.

In general, invoking a method on a variable of tyReF U (the receive) can call any
procedure that overrides that methodSobtype@J). The NULL type, which contains a
single valueNl L, is a subtype of all reference types in Modula-3 and overrides all methods
with aner r or procedure. While&NULL is a type in Modula-3 antll L is a value, we will
abuse these terms and UddLL to mean both the type and the value when it is clear from
the context.

A polymorphicmethod invocation site calls more than one user proceduteaime
For example, consider invoking thgr i nt method on each element of a linked list in
a loop. If the list links objects of different types with different implementations of the
print method, then theri nt method invokes different procedures depending on the
type of the list element.

A monomorphiomethod invocation site always invokes the same user procedure (or
error), for all possible program executions. The receiver need not always be the same
type but the method implementation must be the same. To continue the linked list example,
if the list links objects of only one type, then tpe i nt method will always invoke the
same procedure.

We will call a method invocation siteun-time monomorphid, over some set of pro-
gram runs, it always invokes the same method implementation. Thus a monomorphic site
will always be run-time monomorphic, but a run-time monomorphic site may be polymor-
phic because it may invoke a different method implementation in some execution not yet
considered. Whether a method invocation site is monomorphic is undecidable in general;
we will thus find a conservative estimate. A method invocatiorsslvedf it is identified
as being monomorphic. Section 4.2 gives algorithms for resolving monomorphic sites.

3. TYPE-BASED ALIAS ANALYSIS

This section describes type-based alias analysesA) in which the compiler has access
to the entire program except for the standard librariéa.A assumes a type-safe program-
ming language such as Modula-3 [Nelson 1991] or Java [Sun Microsystems Computer
Corporation 1995] that does not support arbitrary pointer type casting, which is supported
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TYPE
T = OBJECT f, g: |INTEGER, END;
S1 = T OBJECT ... END
S2 = T OBJECT ... END;
S3 = T OBJECT ... END
VAR
t: REF T,
s: REF Si;
u:  REF S2;

Fig. 2. Type hierarchy example.

in C and C++. We first describe three progressively more powerful versiorsaaf and
then conclude with their complexity.

3.1 TBAA Using Type Declarations

To use type declarations to disambiguate memory references, we simply examine the de-
clared type of an access pad, and then assume th&P may reference any object with

the same declared type or subtype. This versioreafa we callT-TBAA. More formally,

given twoAP sp andq, T-TBAA determines that they ardiasesif and only if T-TBAA (p,

g) evaluates to true:

T-TBAA (p, 0) = SubtypefTypdp)) N SubtypeSTyp€q)) # 0.

Consider the example in Figure 2. Singt is a subtype ofl, variables of typeREF T
can point to objects of typREF S1. Thus,

SubtypefTypdt ~ )) N SubtypeSTypds”™)) # 0
SubtypefTypdt ~ )) N SubtypeSlypgu”)) # 0
SubtypefTypds™ )) N Subtypeflypgu”)) = 0.

In other wordst = ands”™ may refer to the same location, ahd andu™ may refer to
the same location, big™ andu”™ may not refer to the same location, since they have
incompatible types. Note thatTBAA is not transitive.

3.2 Using Field Access Types

We next improve the precision afTBAA using the type declarations of fields and other
high-level information in the program. This versionTdAA we call TF-TBAA. TheTF-
TBAA algorithm appears in Table Il. GiveAP 1 andAP 2, it returns true ifAP 1 and
AP 2 may be aliases. It uségldressTakewhich returns true if the program ever takes the
address of its argument. For exameldressTakdip. f ) is true if the program takes the
address of field of an object thap can possibly referAddressTakeg[ i ] ) returns true
if the program takes the address of some element of an arrag taat possibly refer. In
Modula-3, programs may take the addresses of memory locations in only two ways: via
the pass-by-reference parameter-passing mechanism, and WWaThkstatement, which
creates a temporary name for an expression. Note, that unlilgaA, which needs only
the type hierarchyAddressTakeactually needs to look at all the instructions in the pro-
gram. For simplicity, we assume that aggregate accesses, such as assignments between two
records, have been broken down into accesses of each component.

The eight cases in Table Il determine the following.
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Table Il. TF-TBAA (AP 1, AP 2) Algorithm

Case | AP1 ] AP 2 | TF-TBAA(AP 1,AP 2) |
1 p p true

2 p. f g9 (f =g) A TF-TBAA (P, Q)

3 p. f q AddressTake(p. f) A T-TBAA (p. f, Q")

4 pli] q AddressTakgp[i]) A T-TBAA (p[i],9")
5 p. f qli] false

6 pli] | ofil | TF-TBAA (p,0)

7 X y X=y

8 (otherwise) | p q T-TBAA (p, Q)

1. IdenticalAP s always alias each other.

2: Two qualified expressions may be aliases if they access the same field in potentially the
same object. Note that this case recursively usesBAA to more precisely handle the
aliasing of access paths sucheasx. g anda. y. g.

3-4: A pointer dereference may refer to the same location as a qualified or subscripted
expression only if their types are compatible and the program may take the address of
the qualified or subscripted expression.

5: In Modula-3, a subscripted expression cannot alias a qualified expression.

6: Two subscripted expressions are aliases if they may subscript the samaaiTapA
ignores the actual subscripts. Note that this case recursivelyT#seBAA to more
precisely handle the aliasing of access paths sueh agi ] anda. y[j].

7: Two distinct variables are never aliases

8 (otherwise): For all other cases AiP's, including two pointer dereferencas;-TBAA
usesT-TBAA to determine aliases.

The Java programming language will have similar rules though we will need additional
mechanisms to handle programs that use dynamic class loading and reflection. For C++
the rules must be more conservative to handle arbitrary pointer casts and pointer arithmetic.

3.3 Using Assignment

T-TBAA is conservative in the sense that it assumes that the program uses types in their full
generality. For instance, a program might use a list package capable of linking objects of
different types, and in fact link objects of only one type. We thus improve-oBAA by
examining the effects of explicit and implicit assignments to determine more accurately the
types of objects aAP may refer to in a flow-insensitive manner. We call this algorithm
TM-TBAA. Unlike T-TBAA, which always merges the declared type offdh with all of

its subtypesTM-TBAA only merges a type with a subtype when a statement assigns some
pointer to subtypé& to a variable declared to be of tyREF T. As an example, consider
applyingT-TBAA to the following program using the type hierarchy in Figure 2:

VAR
t: REF T NEW (T);
s: REF S1 := NEW (S1);

T-TBAA assumes thdt™ ands™ may refer to the same location. By inspecting the code
however, it is obvious that ands never point to the same locatiomM-TBAA proves
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(* Step 1: put each type in its own set *)
for all pointer typesREF T do
Group := GroupJ {{T}}

(* Step 2: merge sets because of assignments *)
for each implicit and explicit pointer assignment=b do
let Typga) beREF Ta andTypegb) beREF Tb;
if Ta# Tbthen
let Ga, Gb € Group, such thata € Ga, Tb € Gb
Group := Group {Ga} - {Gb} + {Gau Gb}

(* Step 3: ConstrucTypeRefsTabl¥)
for each typeREF T do
letg € Group,T € g
TypeRefsTab({@) = g N Subtypedl)

Fig. 3. Selective type merging.

independence in this situation as follows: if the program never assigns a value 8lype
S1 to alocation of typdREF T (directly or indirectly), thern © ands”™ cannot possibly be
aliases. If there is any such assignmami; TBAA ignores the control flow and assumes
an alias. We call these assignmemisrges

Figure 3 presents the algorithm to merge types selectively for complete prograhves.
algorithm produces aypeRefsTablevhich takes a declared typeas an argument and
returns all the types potentially referenced byfdh declared to be of typ&. Given two
APs p andqg, TM-TBAA determines that they are aliases if and onlyM-TBAA (p,Q)
evaluates to true:

TM-TBAA (p,q) = TypeRefsTab(@ypdp)) N TypeRefsTab{@ypdq)) # 0

In Figure 3, each sek = {T1,..., Tk} in Grouprepresents an equivalence class of types
such that arAP with a declared typ& € T may refer to any object of typd such that

U € T. For example, given the sét = {T1,T2} € G oup, AP s with declared typ&1
may refer to any object of typ€l or T2.

Step 1 initializesGroup such that each declared type is in an independent set. Step 2
examines all the assignment statements and merges the type sets if the types of the left- and
right-hand sides are differeAtStep 2 does not consider the order of the instructions and
is thereforelow-insensitive Step 3 then filters out infeasible aliases fr@mup, creating
asymmetryn the TM-TBAA relationship? For instance, aAP with declared typd&REF T
in Figure 2 may point to objects of tyfeor typeS1, but anAP declared aREF S1 may
not point to objects of typ&. The final result of Step 3 is tHe/peRefsTable

Figure 4 uses the type declarations in Figure 2 to illustrate how the selective merging
algorithm works. Step 1 initializes each declared type to be in a set of its own, as shown in
Figure 5(a) where each oval represents a s@roup. Figure 5(b) show&roupafter Step
2 merges type$ andS1, the types for the first assignment; and Figure 5(c) shows that the
second assignment causes Step 2 to m&2gsith T andS1. S3 remains in a set by itself.

2A more precise but slower formulation maintains a separate group for each type. In our experiments the differ-
ence between the two variations was insignificant.

3This step is similar to Steensgaard’s algorithm [Steensgaard 1996].

4Steensgaard’s algorithm [Steensgaard 1996] applied to user-defined types would not discover this asymmetry.
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VAR
sl: REF S1 := NEW(S1);
s2: REF S2 := NEW(S2); |_Type | TypeRefsTab{@ype) |
s3: REF S3 := NEW(S3); T T,S1, S2
t: REF T, S1 S1
BEG N S2 S2
t :=sl1; (* Statement 1 *) 33 33
t :=s2; (* Statenent 2 *)
END: Step 3:TypeRefsTable
Fig. 4. Example toillustratem-TBAA.
(a) Step 1: (b) Step 2: After statement 1(c) Step 2: After statement .

DG
bl
O

Fig. 5. Selective merging for Figure 4.

Step 3 of the merge algorithm then creates asymmetry for the subtype declarations in the
TypeRefsTablas shown in Figure 4. Notice that-TBAA determines thaAP s declared
to point toT may not point to objects of typ83, but T-TBAA assumes they may.
We obtain the final version of ourBAA algorithmTFM-TBAA by usingTM-TBAA in-
stead off-TBAA in the TF-TBAA algorithm of Table II.

3.4 Complexity of Analyses

The complexity of the slowestBAA (TFM-TBAA) is dominated by Step 2 afv-TBAA

(Figure 3). This step makes a single linear pass through the program and at each pointer
assignment unions two sets of types. The complexitysafa is thusO(nx |T|), wheren

is the number of instructions in the program dmdlis the number of types in the program.

If we use a fast union-find data structure [Tarjan 1975] (instead of our current bit vector
set implementation) we can further reduce the complexity of this analysis to near-linear
time. The time taisethe results of th@BaA may, of course, be more than near-linear. For
instance, computing all thenay-aliaspairs usingrBAA, or any othepoints-toanalysis,
takesO(€?) steps, where is the number of memory expressions in the program and each
step requires querying the results of the points-to analysis.
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2

[.. = a".b"[i]] [ :

Fig. 6. Eliminating loop-invariant memory loads.

4. USING TBAA

Most compiler analyses and optimizations can benefit from alias analysis. In this section,
we describe two optimizations, redundant load eliminat®ie] and method resolution,
that useTBAA.

4.1 Redundant Load Elimination

RLE combines variants of loop-invariant code motion and common subexpression elimina-
tion [Aho et al. 1986], but applies them to loads instead of computation. We expetd
be a profitable optimization, since loads are expensive on modern machines and architects
expect they will only get more expensive [Hennessy and Patterson 1995].

Similar to register promotion [Cooper and Lu 19971 hoists a memory reference out
of aloopifitis loop invariant and is executed on every iteration of the loop, leaving it up to
the back end to place the hoisted memory reference in a register. For example in Figure 6,
the access path” . b is redundant on all paths, and loop-invariant code motion moves it
into the loop header. As shown in Figureri,E also eliminates common subexpressions
of memory references. A memory expression at stateséntedundant if it is available
on every path t&. RLE therefore improves performance by enabling the replacement of
costly memory references with fast register references. Stneeoperates on memory
references, its effectiveness depends directly on the quality of the alias information and
back end. To enablrLE across callsRLE is preceded by a mod-ref analysis that sum-
marizes the objects (in terms of types and fields) that are referenced and modified by each
call. For example, in order to hoist a memory reference out of a loop containing aicall,
needs to know whether the call may change the value of the memory reference. Note that
even thougRLE uses interprocedural mod-ref information, it does not eliminate redundant
loads across procedure boundaries.

4.2 Resolving Method Invocations

This section describes techniques for resolving a method invocation site to a monomorphic
call which we then replace with a direct call or inline the called procedure. Many tech-
niques for method resolution do not use alias information [Fernandez 1995; Bacon and
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1 1
L] L]
2 3 — 2 —— 3
[ = a".b"[i]} [ = a".b"[i]} — [T.:_::at’;[i] ] [T.:_::at’.‘[j] }

Fig. 7. Eliminating redundant memory loads.

Sweeney 1996]. Here we describe three straightforward method resolution techniques that
do not use pointer analysis—type hierarchy analysis, intraprocedural type propagation, and
interprocedural type propagation—and then extend them taeise to analyze pointer
dereferences. We use the type hierarchy of Figure 1 as a running example to illustrate the
strengths and limitations of the analyses.

4.2.1 Type Hierarchy AnalysisOur algorithm for type hierarchy analysis{A) bounds
the set of procedures a method invocation may call by examining the type hierarchy decla-
rations for method overrides. For each typand each methoshdeclared or inherited in
T, type hierarchy analysis finds all overrideswin the type hierarchy rooted @t These
overrides are the procedures that may be called wiisninvoked on a variable of typ€E.
SinceNULL is a subtype of all object types in Modula-3 and it overrides all methods, type
hierarchy analysis can never narrow down the possibilities to just one; at best it determines
a method is one procedure or ther or procedure. If type-hierarchy analysis is used for
unsafe languages, such as C++, it may ignore the NULL case.

4.2.2 Intraprocedural Type PropagationOur algorithm for intraprocedural type prop-
agation analysistA) for method resolution is flow-sensitive and uses data-flow analysis
to propagate sets of types fragpe eventso method invocations within a procedure. We
first present the data-flow equations, and then show an example.

TPA is similar to reaching definitions. In our data-flow lattice, we use a power set of
the types; the initial type for a local variable is the empty serA first identifies and
propagates sets of possible types for each variable. All non local variables and parameters
initially have the maximum set of types consistent with their declaratitmthe program,
type eventgreate or change type information. The three distinguishing type events are
allocation (v« NEW (t)), implicit and explicit type discrimination operatorsType(v,

T)), and assignment (v u), which includes parameter bindings at callsTypeis an

explicit type discrimination event that checks/8 type is inSubtypegT). IsTypehas two

successors, and the appropriate one is picked based on whethel©rypsevaluates to
true. A statemenswith a type event generates and Kills types as follows:

51f a method can be shown to be invoked only via method calls, and not directly as a procedure,gbéf its-
gument's types can be further restricted to types having this particular method code body as their implementation
of a method.
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1p:=NEW(V);
|

F cond THEN
2 o := NEW(U);
3 o.m();

ELSE
4 o0 :=p,
5 o.m();

END;
6 0.m();

Fig. 8. Example to illustratgpPa.

GENTYPE (v < NEWt)) = (v, {t})

GENTYPE (IsTypév, T)) = (v, TypeOftv) N SubtypesT)) for true
= (v, TypeOfv) — Subtype&T)) for false

GENTYPE (V< U) = (v, TypeOfu))

KILLTYPE(V + NEW)) = (v, TypeOfv))
KILLTYPE(V < U) = (v, TypeOfv))

T denotes a set of typeisis a single type, and@lypeOfreturns the set of possible types of

a variable (for this program point, at this stage of the data-flow analysis). Note that there
are two cases for thisTypecase: one for3TYPE taking thetrue branch and the other

for it taking thefalsebranch. The data-flow equations for a statensamte similar to the
equations for reaching definitions:

IN(s) = UpePREDs CUT(P)
OUT(s) = GENTYPE(S) U (IN(s) — KILLTYPE(S))

Our implementation of type propagation propagates types only to scalars; it assumes the
conservative worst case (the declared type) for the allocated types of record fields, object
fields, array references, and pointer accesses. To demonstratehoverks, consider the
example in Figure 8.

Statement 2 contains an allocation type evemwA propagates the type to o, and
thus determines that the method invocation in Statement 3 calls progddustatement
4 contains an assignment type event, ard propagates the type ¢f to o, and thus
determines that the method invocation in Statement 5 calls procedlurEinally, TPA
merges the types af at the control-flow merge before Statement 6, yielding the e
V} for o, and thus cannot resolee mat Statement 6.

4.2.3 Interprocedural Type PropagatiorOur algorithm for interprocedural type prop-
agation analysisi{PA) for method resolution begins by using the resultg ek to build
a call graph. The call graph has an edge from a method invocation to each possible target
determined byrpA. The algorithm maintains a work list of procedures in depth-first order
that need analysis. The work list initially contains all procedures. A procedure needs anal-
ysis if new information becomes available about its parameters or about the return value of
one of its callees. WhemPA analyzes a procedure, it may put the callers and callees of the
procedure on the work list and update the call graph. In particular, analysis may eliminate
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some call graph edges if it refines the type of a method receiwes.terminates when the
work list is empty.

ITPA also keeps track of which procedures are called only via method invocations (i.e.,
not called directly). For these procedures, it elimin&ekL as a possible type for the first
argumentgel f). (If sel f has a pointer of typ&lULL, thener r or is invoked instead
of this procedure.)TPA propagates types only to scalars, and it assumes the declared type
for all data accessed through pointer traversal. It does not propagate side effects from calls
and assigns the declared type for any variable changed by the call. Variables potentially
changed by a call include variables declared in outer scopes, globals, parameters passed by
reference, and parameter aliases.

ITPA is context-insensitive: rather than analyzing for every combination of call site and
callee,ITPA merges the parameter types of all call sites of a procedure, and the return types
of all callees at a call site. This simplification yields a faster analysis (cubic instead of
exponential) but at the cost of some accuracy. Consider the following code:

PROCEDURE Cal lerl ()
t := P (NEW(T));
t.m();

PROCEDURE Cal | er2 ()
t := P (NEW(U);
t.m();

PRCCEDURE P (o: T): T =
RETURN o0;
A context-sensitive analysis would analyReeparately for each of its call sites and thus
determine that the method invocationGal | er 1 will call mT and that inCal | er 2 will
call mJ. Our context-insensitive analysis instead merges the parameter types for each caller
of P and thus does not resolve the method invocatior@ainl er 1 andCal | er 2. We
show in Section 6.2.2 that, for our benchmark suite, this loss in precision is not significant.

4.2.4 UsingTBAA to Resolve Method Invocationb this section, we extendPA and
ITPA with TFM-TBAA to obtainTPA-TBAA andITPA-TBAA, respectively. Whenevarra-
TBAA Of ITPA-TBAA encounter a pointer dereference, they invoke-TBAA to get the set
of locations referenced by the pointer dereferermai-TBAA summarizes this set com-
pactly using type information (e.g., fieldbf object typeO). TPA-TBAA or ITPA-TBAA then
propagates the types to or from the set of locations referenced by the pointer dereference.
Consider the following code segment:

v: T;

vi.f 1= <rhs>
For this exampleTPA-TBAA propagates the types af hs> to the fieldf of all possible
objects pointed-to by. In the worst case, this assignment propagates the type of the
<rhs>to fieldf of all subtypes ofT plus other variables if the program ever takes the
address of afi field (see Section 3.2). Sinc&M-TBAA computednay points taather
thanmust points tanformation, the analysis assumes that the aliases 6f may either
retain their old type or the new type frosr hs>. Such updates are callegeak updates
in the pointer analysis literature.
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Table lll.  Summary of Analyses

Analysis | EliminatesNULL | Complexity

THA No O(Nr x|Methods)

TPA Yes O(3 pNp *Vp)

ITPA Yes O(Np ¥ pNp *Vp)

TPA-TBAA Yes O(3 p(np* (Vp+Nr £Ng)))
ITPA-TBAA Yes O(Np ¥ p(np* (Vp+Nr %Nk )))

These analyses discover monomorphic uses of general data structures. Consider the
linked list package again. When a program links objects of a single type;TBAA
resolves the invocation of thgg i nt method on the list elements. However, if the program
allocates two distinct linked lists of the same type, but one with elements ofitgpe the
other with typel, this analysis does not recognize that each list is homogeneous. It infers
the type{T, U, NULL} for the elements in both lists. (The type of an object-typed field
always includeNULL, since all fields in Modula-3 are initialized at allocation, and thus
the first assignment to every object-typed field is always of tygeL .)

4.2.5 Summary and Complexity of Analysdsble Il summarizes the analysddim-
inatesNULL indicates whether the analysis can eliminisité_L as a possible type. In the
Complexitycolumn,np is the number of statements in procedprerp, is the number of
variables in procedurp, Nt is the number of types in the prograi; is the maximum
number of fields in any type, amd,, is the number of procedures in the program. The
complexity for all analyses except forHA is in terms of bit vector steps. The complexity
of THA is for one invocation offHA; THA is invoked on demand. These algorithms are
simple and therefore fast, as shown in @@mplexitycolumn.

THA achieves it low time bound because it only examines types and method declarations.
TPA achieves its time bound because itdistributive and furthermoreapid [Kam and
Ullman 1976]. It has the same complexity as reaching definitions for reducible programs;
Modula-3 programs are always reduciblerA stores the possible types of a variable as
a set, enabling set union and intersection operations on bit vectors. The length of the bit
vectors equals the number of object types in the program, and rarely exceeds 64 in our
experience and thus fits entirely inside an integer.

SincelTPA may analyze each procedure multiple times due to recursion and because
information flows forward through parameters and backward from return values, it may be
substantially slower thanpPA. In practice, we have found it to be quadratic in the number
of instructions, analyzing each procedure on average 2 to 4 times. Adeitrgincreases
the complexity because it propagates types not just to variables but also to aliases which
are represented by types and fields in types.

5. METHODOLOGY

In this section, we describe the metrics we used to evaltete (Section 5.1), our com-

piler framework (Section 5.2), the benchmark programs we used in the evaluation (Section
5.3), and finally, we discuss how we order the different analyses in the compiler (Section
5.4).
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5.1 Metrics

We evaluaterBaA with respect toRLE and method resolution using static and dynamic
metrics, and dimit analysis. The majority of previous work on alias analysis uses only
static properties, such as the size of thay aliasandpoints-tosets [Banning 1979; Burke

et al. 1994; Hind et al. 1999; Chatterjee et al. 1999; Chase et al. 1990; Choi et al. 1993;
Cooper and Kennedy 1989; Deutsch 1994; Emami et al. 1994; Landi and Ryder 1991;
1992; Larus and Hilfinger 1988; Shapiro and Horwitz 1997b; Steensgaard 1996; Weihl
1980]. A few researchers recently have used dynamic evaluation such as measuring the
execution-time improvemedtie to an optimization that uses alias analysis [Hummel et al.
1994; Wilson and Lam 1995; Cooper and Lu 1997; Ghiya and Hendren 1998; Shapiro and
Horwitz 1997a). Static, dynamic, and limit evaluation have the following strengths and
weaknesses.

Static Evaluation. Static properties, such as the size of the may-alias sets, enable com-
parisons between the precision of two similar analyses. Static properties have, however,
two main disadvantages. (1) They cannot tell us if the analysis is effective with respect to
its clients. For example, even if an alias analysis determines that there are very few aliases,
it may not be good enough for an optimization because it fails to disambiguate the key
aliases. (2) Static properties do not enable comparisons betweeffeéhtvenessf two
analyses with different strengths and weaknesses. For example, two pointer analyses may
report the same number of aliases, but the analyses may disambiguate different pointers
and thus enable different optimizations. The main advantage of static evaluation compared
to the other metrics discussed below is that it is independent of program runs and inputs.

Dynamic Evaluation. Using dynamic evaluation, such as execution-time improvement,
complements static metrics, since execution-time improvements measure the ultimate im-
pact of an analysis (for example, the performance improvement due to pointer analysis
andRrRLE). However, one of their disadvantages is that the results are specific to the given
program inputs and to particular uses (suclkkeas or method resolution).

Limit Evaluation. Both static and dynamic evaluation have an additional significant
shortcoming: these properties do not tell us how much room for improvement there is in
the analysis being evaluated except in unusual cases, for example, when an alias analysis
disambiguates all memory references. For alias analysis, we would like to know if the
aliases really exist at run time, and if any imprecision in the alias analysis causes missed
opportunities for optimizations or other clients of the analysis. To detect such imprecision
and its impact, we also use a run-time limit analysis to determine missed optimization op-
portunities and their causes for a given program input. No previous work on alias analysis
uses this metric.

5.2 Compiler Framework

Figure 9 illustrates our compilation framework which is based on the SRC Modula-3 com-
piler [Kalsow and Muller 1995]. The front end reads a Modula-3 module and generates
a file containing a typed abstract syntax tres¥) for the compiled module. Thehole
program optimizewpP0) reads in theasTs for a collection of modules, analyzes and
transforms them, and then writes out the modifiedt for each module and a file with
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Fig. 9. Compilation framework.

Table IV. Description of Benchmark Programs

[ Name | Description
format Text formatter [Liskov and Guttag 1986]
dformat Text formatter [Liskov and Guttag 1986]
write-pickle | Reads and writes an AST
k-tree Manages sequences using trees [Bates 1994]
slisp Small Lisp interpreter
dom System for building distributed applications [Nayeri et al. 1994]
postcard Graphical mail reader
m2tom3 Converts Modula-2 code to Modula-3
m3cg M3 v. 3.5.1 code generator + extensions
trestle Window system + small application

the corresponding low-level stack machine code. The stack representation is the input
language for ascc [Stallman 1989] back endwpPo implements all optimizations and
analyses presented in this paper.

5.3 Benchmarks

Table 1V describes our benchmarks, and Table V gives the number of non comment, non
blank lines of code, the number of object types in each benchfharld the number of
method invocations at compile time. For the non interactive programs, Table V also gives
the number of instructions executed, the percent of instructions that are memory loads from
the heap, the percent of instructions that are memory loads from the stack and global area
(other), and the number of method invocations executed at run time. None of these pro-
grams were written to be benchmarks, but other researchers have used several of them in
their studies [Fernandez 1995; Dean et al. 1996]. Table V contains the data on the original
programs (i.e., without the optimizations proposed here) but witle’s standard opti-
mizations turned on, which include register allocation and instruction scheduling. Due to a
compiler bug inGcc, we were unable to perform the standard optimizations#inons,

60ne of the benchmarkg;treg has object types in generic modules. We only count the number of static object
types and not the number of times an object type is instantiated.
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Table V. Statistics of Benchmark Programs

% L oads Method inv.

Name Lines | #obj.types | Instructions | Heap | Other | Static | Dynamic
format 395 10 1,879,195 10 17 37 47,064
dformat 602 12 1,442,541 9 19 95 30,775
write-pickle 654 12 1,614,437 13 16 19 21,251
k-tree 726 3 50,297,517 10 21 13 714,619
slisp 1,645 6 11,462,791 27 9 223 67,253
dom 6,186 70 | (interactive) 222

postcard 8,214 41 | (interactive) 293

m2tom3 10,574 43 50,894,990 8 28 | 1821 473,559
m3cg 16,475 99 5,636,004 8 21 1808 32,850
trestle 28,977 181 | (interactive) 430

which explains its unusually large numberather loads The numbers in Table V do not
include instructions or memory references from the standard libraries.

5.4 Ordering the Analyses

In this work, we start by building the call graph using type hierarchy analysis, apply the
alias analysis, apply method resolution analyses and related transformations, and finally
performRLE. There are interactions between call graph building, method resolution, and
alias analysis, and this process could be iterative or the analyses could be combined. Ex-
ploring the interactions between these analyses is beyond the scope of this paper.

6. RESULTS

This section presents the results of evaluatingA using the metrics described in Section

5. Since we cannot get reproducible runs for the interactive benchmarks and our dynamic
and limit evaluations need multiple runs, we only present results using static metrics for the
interactive benchmarks. Section 6.1 presents results evaluating the effectivemeas of

for RLE. Section 6.2 presents results evaluating the effectivenessxf for method
resolution. Section 6.3 explores the cumulative impact of implementigg method res-
olution, and inlining. Finally Section 6.4 summarizes our results.

6.1 Evaluation of TBAA Using RLE

Sections 6.1.1, 6.1.2, and 6.1.3 evalusg@A with respect t(RLE using static, dynamic,
and limit evaluations respectively.

6.1.1 Static Evaluation.Table VI evaluates the relative importance of the three varia-
tions of TBAA: T-TBAA, TF-TBAA, andTFM-TBAA. The table contains the number of static
alias pairs determined by each analysis as a percent of all possible alias pairs. Since each
memory reference trivially aliases itself, we exclude these pairs from our calculations. In
the absence of an alias analysis, the compiler must assume that all possible alias pairs hold
(100%). Thentraproceduralcolumns gives the data for intraprocedural aliases—i.e., both
references in an alias pair must be in the same procedurelnférproceduralcolumns
give the data when an alias pair may contain references in different procedures. Note, that
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Table VI. Static Alias Pairs as a Percent of All Possible Pairs

Intraprocedural Interprocedural
Program T-TBAA | TF-TBAA | TFM-TBAA | T-TBAA | TF-TBAA | TFM-TBAA
format 31 27 27 11 8 8
dformat 24 16 16 19 11 11
write-pickle 24 13 13 11 4 4
k-tree 29 17 17 15 10 10
slisp 45 33 33 23 16 16
dom 39 25 25 9 7 7
postcard 39 15 15 6 1 1
m2tom3 41 23 23 3 1 1
m3cg 32 5 5 5 1 1
trestle 23 11 11 8 3 3

Table VII.  Number of Redundant Loads Removed Statically

[ Program [ Loads| T-TBAA (%) [ TF-TBAA (%) | TFM-TBAA (%) |
format 193 14.0 15.0 15.0
dformat 321 3.1 6.9 6.9
write-pickle 385 11.9 12.2 12.2
k-tree 1018 21.7 22.4 22.4
slisp 1066 3.4 3.5 3.5
dom 3773 8.7 11.2 11.2
postcard 4631 5.6 7.1 7.1
m2tom3 6444 5.7 6.1 6.1
m3cg 6765 7.7 9.1 9.1
trestle 12737 4.1 4.6 4.6

sinceTFM-TBAA is strictly more powerful tharrF-TBAA, andTF-TBAA is strictly more
powerful thanT-TBAA, static metrics are appropriate.

The table shows thatBAA based on field declarationsr-TBAA) is much more precise
than the basiaBaA (T-TBAA), and that selective type merging offers little added preci-
sion. Selective type merging reduces the number of intraprocedural and interprocedural
alias pairs forpost car d and reduces interprocedural aliases i@t g, but these im-
provements are so small that they do not show up in the table. In the next two sections
we show, that even though our analysis does not disambiguate all intraprocedural memory
references (i.e., the intraprocedural aliases are greater than zero), it may be precise enough
for some applications.

Table VII evaluates our alias analyses using another static metric: the percent of access
paths thaRLE removes statically in each of our benchmark programs for each variant of
TBAA. The first data column of Table VILpad3 lists the number of static loads in each of
the benchmark programs. We only list those loads that are visilHegponce a program
is compiled to assembly code, it may have more loads than the ones visible.tarhe
next three columns list the number of redundant loads removedbwgs a percent of total
static loads using the three levelst@&#aA. Even thougiRLE does not eliminate redundant
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Fig. 10. Impact oRLE.

loads across procedure boundaries, it does use interprocedural pointer alias information (in
the form of mod-ref information); thus, both intraprocedural and interprocedural aliases
affect this optimization.

By comparing Table VI and Table VII, we see that the reduction in alias pairs caused
by considering field declarations BAA translates into more optimization opportunities:
TF-TBAA finds more redundant loads thafrBAA. The improved precision of selective
merges (FM-TBAA) does not significantly decrease the number of alias pairs, nor increase
the number of redundant loads removed.

6.1.2 Dynamic Evaluation.This section measures simulated execution-time impact of
TBAA on RLE for our non interactive benchmarks. We measured execution times using a
detailed (and validated [Calder et al. 1995]) simulator [Emer et al. 1996] for an Alpha
21064 workstation with one difference: rather than simulating an 8K primary cache we
simulated a 32K primary cache to eliminate variations due to conflict misses that we ob-
served in an 8K direct mapped cache. Also, we measured only the execution time spent in
user code, since that is the only code that we analyze. Execution times are normalized with
respect to the execution time of the original program withraiet, but with all ofGcC's op-
timizations. Gcceliminates redundantloads without any assignments to memory between
them.)

Figure 10 illustrates the simulated execution time impact®fA on RLE relative to
the original execution time for non interactive benchmarks. The graph has three bars for
each benchmark. Each bar represents the execution time @ue tand a different alias
analysis:T-TBAA (types only), TF-TBAA (types and fields), antFm-TBAA (types, fields,
and merges). Note that benchmark size increases from left to right on the graph.

ACM Transactions on Programming Languages and Systems, Vol. TBD, No. TDB, Month Year.



Using Types to Analyze and Optimize Object-Oriented Programs . 19

60 56
[ Redundant originally

W Redundant after RLE and TFM-TBAA

a
o
I

N
o
I

w
o

N
o

Percent of original heap referezs

10

format dformat  write-pickle ktree slisp m2tom3 m3cg

Fig. 11. ComparingBAA to an upper bound.

TBAA enablesRLE to improve program performance from 1% to 8%, and on average
3.6%. One of the benchmarks2tom3 performs slightly worse witlfF-TBAA than with
T-TBAA becaus®LE does not consider register pressure. Note that the three largest bench-
marks benefit the most froRLE. SincerLE is just one of many optimizations that benefits
from TBAA, the full impact ofrBAA on execution time should be higher. Also, contrary to
what the data in Table VI and Table VIl suggest, the three variantgaf have roughly
the same performancaes far asrLE is concerned These results make two important
points. First, a more precise alias analysis is not necessarily better; it all depends on how
the alias analysis is used. Second, static metrics such as alias pairs are insufficient by
themselves for evaluating alias analyses.

6.1.3 Limit Evaluation:How Much Precision Doe=BAA Lose in Order to Achieve its
Fast Time Bound.The speedups forLE are not impressive, and it is easy to contrive
examples whereBaAA fails to disambiguate memory references while many other alias
analyses succeed. To discover how effeckve is, Figure 11 compares heap loads that
are redundant at run tinbeeforeandafterapplyingrLE. A redundantload occurs when two
consecutive loads of the same address load the same value in the same procedure activation.
We measure these loads usingoM [Srivastava and Eustace 1994], a binary rewriting tool
for the Alpha. We instrument every load in an executable, recording its address and value.
If the most recent previous load of an address is redundant with the current load, we mark
it as redundant. (We describe this process in more detail elsewhere [Diwan 1996].) In
Figure 11, the bars labeled “Redundant originally” give the fraction of heap references
(loads) that are redundant in the original program, and the bars labeled “Redundant after
optimizations” give the fraction of heap references that are redundantaftersaa and
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RLE (this fraction is with respect to the original number of heap references). The number

above each bar gives the height of that bar. These results are specific to program inputs.
Figure 11 shows that our optimizations eliminate between 35% and 88% of the redun-

dant loads in these programs. Moreover, for 5 of the 7 benchmark programs, only 5%

or fewer of the remaining loads are redundant. Howeskr,sp andkt r ee still have

many redundant loads. To understand the source of all the remaining redundant loads, we

manuallyclassified them as follows:

(1) Hidden loads: RLE could not eliminate a redundant expression because it was im-
plicit in our high-level AsT) intermediate representation. For example, the subscript
expression for a Modula-3 open array involves an implicit memory reference to the
dope vector. While it is relatively straightforward to expose the hidden loads, it would
either lower the level of our intermediate representation or force us to use a multi level
intermediate representation.

(2) No PRE: RLE did not eliminate a redundant expression because it was only partially
redundant, i.e., redundant along some paths but not along ofPeetil redundancy
elimination(PRE) would catch these.

(3) No copy propagation: RLE did not eliminate a redundant expression because it con-
sisted of multiple smaller expressions and our optimizer does not do copy propagation
(recall thatrRLE eliminategextually identicakexpressions).

(4) Aliasfailure: RLE did not eliminate a redundant load because of an aliasTisas
could not disambiguate.

(5) Rest: we do not know the reason wiRE did not eliminate the redundant loads, since
we did not determine the reason for the entire list of redundant expressions (it is labor
intensive).

The first category results from a limitation of representation,meaa or RLE. Cate-
gories 2 and 3 are limitations in our implementatiorrRaE, rather tharrBaA. The fourth
categorysalias failure, corresponds to limitations afsaA. The fifth category may be a
limitation of RLE or TBAA or the representation. Each bar in Figure 12 breaks down the
Redundant after Optimizatiofr from Figure 11 into the above five categories. Note that
Figure 12 uses a different scale from Figure 11 to make it easier to read. The “alias failure”
segment is empty for all the programs and thus not included.

Figure 12 illustrates thatlidden loads(dope vector accesses to index open arrays) is
the most significant source of the remaining redundant loads. Although, we we did not
encounter a single situation when optimization failed because of inadequacies in our alias
analysis, there could be someRest On average, these loads are less than 2.5% of the
remaining loads. Thus, fatLE on these programs and their inputs, there is little room for
improvement in our simple and fast alias analysis.

6.2 Evaluation of TBAA Using Method Resolution

This section uses static, dynamic, and limit metrics to evaluate the effectiverness/of

for method resolution. The bar graphs in this section combine dynamic numbers, repre-
sented by the height of the bars, with the corresponding static numbers, written above each
bar. Note that we ussite to refer tostatic measurements, e.g., the number of resolved
method invocation sites, andvocationsto distinguishdynamicmeasurements, e.g., the
number of method invocations occurring at resolved sites over a run of a program. In
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these results, we use only the most aggressive versioaAf: TFM-TBAA. Section 6.3
comments on the results we obtain when weTsa@BAA.

6.2.1 Static and Dynamic Evaluatiorfigures 13 through 22 illustrate the percent of
method invocations resolved by each analysis for each of the benchmark programs. The
graphs have one bar for each level of analysis. Wi NULL regions in the bars corre-
spond to the percentage of method invocations at run time that analysis resolves to exactly
one procedure. Thignoring NULL corresponds to method invocations that analysis re-
solves to one user procedureanrr or . We obtained these numbers by doing static anal-
yses using each of our method resolution techniques and then scaling the results with the
method invocation frequency from a single run of the benchmark; thus, we are also able to
provide these numbers for the interactive benchmarks. The pair above the bar is the number
of static call sites (With NULL, Ignoring NULL). Thégnoring NULL component of the
pair includes th&Vith NULL component: it is the total number of method resolutions we
would resolve if we ignoretlULL. The pair includes all method invocation sites including
ones that may not execute in this execution.

The figures illustrate that type-hierarchy analysis resolves many method invocations for
most of the benchmark programs. In addition, the other analyses benefit different bench-
marks (though the benefit is not always visible in the dynamic number but rather in the
static pairs). TPA resolves very few additional method invocations compared with type
hierarchy analysis but remov&kJLL possibilities. Thus, type propagation is useful for
languages that have well-defined semantics foNltleL. case (such as Modula-3 and Java)
but is less useful for other languages (such as C#rA-TBAA improves ovemPA for two
benchmarksjomandtrestle
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ITPA also eliminates th&lULL possibility in several of the benchmarks, and resolves

additional method invocations (ovepA) in dom m3cg andtrestle ITPA-TBAA resolves
additional method invocations (overPA) in several of the benchmark prograngof
postcard m3cg andtrestlg though its benefit is visible only in the dynamic numbers for
domandm3cg Other runs may display more benefit frareaA. The bottom line is that
while THA resolves most of the method invocations, other resolution techniques, particu-
larly ones that involveBAA, are also useful for some benchmark programs, particularly
domandm3cg

To judge the execution-time impact of the analyses, we ran our non interactive bench-
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Fig. 21. m3cg Resolved method invocations. Fig. 22. trestle Resolved method invocations.

marks before and after resolution of method invocations on an Alpha 21064 simulator
(see Section 6.1.2). In the first experiment, the compiler replaced method invocations that
resolved to exactly one user procedure with direct calls. These are the method invocations
that make up th&Vith NULL region in Figures 13 through 22. The compiler did not con-
vert method invocations that resolved to one user proceduge oor , since that would
be inconsistent with Modula-3 language semantics. We found that the execution time im-
provement averaged less than 2% for the benchmarks even when the compiler inlined the
frequently executed resolved method invocations.

In the second experiment, the compiler replaced method invocations that resolved to one
user procedure ar r or with direct calls. Ignoring ther r or possibility is inconsistent
with Modula-3 semantics, but it facilitates comparison with languages such as C++. We
found that resolving the method invocations improved performance by 0 to 11%, with an
arithmetic mean of 4.6%.

These results show that unlike pure dynamically typed object-oriented languages, the
direct cost of method invocations here is small. The main cost of method invocations is
indirect: method invocations obscure control flow and thus inhibit compiler optimizations.

6.2.2 Limit Evaluation. Programs introduce potential polymorphism by merging con-
trol and data as follows:

—Control merges:

“Becauserestlg postcard anddomare interactive, we did not include them in this experiment.
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Table VIII. Cause of Information Loss

[ Source | Solution |
Data merge More powerful alias analysi
Control merge| Context-sensitive analysis
Unavailable Analyze libraries

—after a conditional statement
—at a call site with multiple targets due to the returns
—at a procedure with multiple callers
—at the return of a procedure with multiple return statements
—Data merges:
—at assignments through potential aliases (includes heap allocated data, pointers, and
array references)

If a merge results in the loss of type information and the affected variable is later used
to invoke a method, then that merge is the reason analysis failed to resolve the method
invocation. The method invocation may actually be polymorphic, or the analysis may not
be powerful enough to resolve it. For each method invocation that our analyses do not
resolve, our cause assignment algorithm findditsemergethat results in the loss of type
information for the receiver of the method invocation. The analyzer finds the merge by
following use-dethains [Aho et al. 1986] to the point where information is lost.

We use this information to expose the reason when our analyses fail. The reason suggests
which analyses or transformations may be effective on the unresolved method invocations.
For example, if a control merge obscures a type, a context-sensitive analysis may prevent
this loss of information. The cause analysis identifies three sources of information loss:
data merge, control merge, and code unavailaBlede unavailableneans that a method
could not be resolved due to the unavailability of library code. Table VIII suggests tech-
niques that may prevent the loss of information for each of the three causes of information
loss.

Now we address the following questions for the most aggressive version of our method
resolution analysisTPA-TBAA USINGTFM-TBAA:

(1) How does our analysis compare to a perfect analysis that resaglve®nomorphic
method invocations?

(2) What transformations could convert the remaining polymorphic method invocations
to direct calls?

Figure 23 answers the first question. Each bar gives the run-time data for one bench-
mark program. The height of a bar corresponds to the percentage of (dynamic) method
invocations that always call the same procedure in a run of the benchmark. Each bar
has two regions: the “Resolved” region corresponds to the method invocations from sites
resolved by analysis, and the “Unresolved” region corresponds to invocations from unre-
solved monomorphic method sites. The pair above each bar gives the number of static
method invocation sites corresponding to the two regions. Note that the numbers above the
bar only include those method sites that are executed in our runs. The “Unresolved” region
is an upper bound on the truly monomorphic method invocations (i.e., across all possible
runs of the programs) that are unresolved by our analyses, and thus on how much better an
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Fig. 25. Polymorphic method invocations.

oracle could do compared to our analyses. It is an upper bound, since method invocations
may actually be polymorphic on a different program execution or across executions.

Figure 23 shows, that for all benchmarks exdepree m3cgandtrestle our analysis re-
solves the vast majority of monomorphic method invocations; the analyses perform almost
as well as the oracle. For the benchmarks where our analyses are less effective, Figure 24
suggests which analyses may be successful in resolving these method invocations.

Each bar in Figure 24 breaks downamesolvedegion in Figure 23 into three regions,
one for each cause of analysis failure. The number above each bar is the number of static
method invocation sites represented by the bar.nk@cg the figure indicates that a more
powerful alias analysis may be successful in resolving more method invocations. On in-
spection of the source code wf3cg we found that an analysis would have to discover
the semantics of a stack in order to do better than our alias analysis, which is unlikely.
For trestleandk-treg the primary cause of analysis failure is control merges, and thus a
context-sensitive analysis may be effective in resolving more method invocations. Note,
that like the experiments faotLE, these experiments also suggest that there is little or no
room for improvement irrBAA as far as method resolution analyses and our benchmarks
are concerned.

Figure 25 addresses the second question: what transformations will be effective in con-
verting the polymorphic method invocations to direct calls? Figure 25 presents data for the
method invocation sites that call more than one procedure in a run of the benchmark and
thus cannot be resolved by analysis alone. These method invocations are a lower bound
on the polymorphic method invocations, since in another run of the benchmark additional
method invocations may be polymorphic, although relative execution frequencies may also
change. The number above each bar is the number of static method invocation sites corre-
sponding to the method invocations represented by the bar.
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Figure 25 illustrates that most run-time polymorphic method invocations arise because
more than one type of object is stored in a heap slot. Two techniques, explicit type test
[Calder and Grunwald 1994; d#’le and Ungar 1994] and cloning or splitting combined
with aggressive alias analysis, may be able to resolve these method invocations. Merges in
control are another important cause of the run-time polymorphism, especiattg$tie
and can be resolved by code splitting and cloning [Chambers and Ungar 1989; 1991; Hall
1991].

While the static number of run-time polymorphic sites in the benchmarks is usually
small, they are executed relatively frequently. For example, of the 30 method invocation
sites executed in a run édrmat, only 4 sites are polymorphic, but they comprise more
than 80% of the total method invocations executed. Across all the benchmarks, polymor-
phic sites are called 26 times more than monomorphic sites. Thus these Modula-3 pro-
grams have relatively few polymorphic method invocation sites, but they are executed very
frequently. This observation has implication for optimizations: the number of method in-
vocation sites where transformation is needed is small, and thus hopefully the code growth
induced by transformations such as cloning will be small.

6.3 Cumulative Results

In the previous section we evaluatedAA with respect to two optimizationsRLE and
method resolution. However, these two optimizations are synergistic: method resolution
can create new opportunities faLg, especially if resolved methods are inlined. In this
section, we explore this synergy to better understand the full impact of using for

these optimizations.

6.3.1 Cumulative Execution Time Resultsigure 26 shows the individual and cumu-
lative impact of method invocation resolutioMlifiv), RLE, and inlining. We present the
“basetinlining” column separately so that we can isolate the benefit of inlining resolved
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Table IX. Analysis Time in Seconds for Interprocedural Type PropagatiorrBmdTBAA

Time in seconds
Program Our optimizations| TBAA | Build
format 0.2 0.06 17.1
dformat 0.5 0.09 15.4
write-pickle 0.3 0.12 20.0
k-tree 1.1 0.26 23.7
slisp 3.1 0.93 24.0
dom 8.9 1.29 94.4
postcard 10.2 1.80 65.2
m2tom3 32.7 144 | 2734
m3cg 58.4 6.29 | 321.9
trestle 43.2 8.10 | 4205

method invocations from the benefit of inlining ordinary calls (which does not use any of
our analyses). “Miny-RLE+Inlining” should be compared to the “Basénlining” bar
and not to the original running time. In these experiments, we inlined all direct call sites
or resolved method invocation sites that contributed more than 0.8% of the total number
of calls in the run. We ran our analyses in the following orderm-TBAA, ITPA-TBAA,
inlining, andrLE.

This graph shows that our optimizations together have a significant impact on the speed
of our benchmark programs. In particular, tdév-+Rle+inlining bars show that our two
sets of optimizations improve program performance over “Baskning” by as much as
18% with an arithmetic mean of 8%. On comparing the bars, we see that the benefit of
combining inlining with our method invocation resolution arick is synergistic, i.e., the
performance improvement is greater than the sum of the improvements from the three
individual optimizations.

In two cases, we observe unexpected slowdown due to the optimizatioits:pickle
andslisp. Forslisp, method resolution anelLE give significant improvement (9%), but do-
ing inlining on top of these optimizations actually slows down the program compared to the
“base.” When we investigated further we found that the vast majority of the slowdown was
due to increased data-cache misses in the inlined version (there was also a small slowdown
due to increased instruction-cache misses). We speculate that these misses are caused by
inlining a large method, which increased the register pressure and eventually resulted in
more data-cache misses. We observed similar behaviomite-pickle Our inliner only
considers the frequency of execution when inlining; it should probably consider the size of
the procedure as well.

6.3.2 Cumulative Analysis and Optimization Tim&able IX gives the analysis time
for our most aggressive combination of analysgsa-TBAA usingTFM-TBAA. The first
data column Qur optimizationy column gives the time to performLE, method resolu-
tion, andTBAA. The second data colummgAA) gives the approximate time to perform
justTBAA. Since part off FM-TBAA happens on demand when a client requests alias infor-
mation, we cannot easily separate tim1-TBAA time from the method resolution time.

In our experiments, we found thatm-TBAA andTF-TBAA enabled the same optimiza-
tions. Because of our implementationtafM-TBAA and TF-TBAA, we incur much of the
overhead of the merging even when we aseTBAA. Thus, the analysis times far-
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TBAA are almost identical toFmM-TBAA. The second data column, which gives the total
time spent inTBAA, gives a sense for how much maximum improvement we can expect in
analysis time if we had implementgdAA differently so that we did not incur the overhead

of merging when we did not need it. The last colurfimie to build gives the total amount

of time to generate an executable of each program starting from the Modula-3 sources on a
350MHz Alpha 21164 workstation. This time does not include any optimizations or analy-
ses described in this papeBAA and the optimizations that depend on it increase the total
compilation time by only a small percent (up to 15%). However, we should to point out
that the Modula-3 compiler is a relatively slow compiler.

6.4 Summary of Results
This section evaluatetBAA using the following different metrics:

(1) Static alias pairs.

(2) Number of opportunities exposed bgAA for RLE.

(3) Number of method invocations resolved.

(4) Simulated execution-time improvement du&ta@ and method resolution.

(5) An upper-bound forBaA with respect tcRLE and method resolutiorRLE, method
resolution, and inlining.

(6) Analysis time.

Each of these metrics exposes different information albeat. The first metric static

alias pairs tells us two things. (1) For our benchmark programmy-TBAA offers little

or no improvement in precision oveF-TBAA. (2) TF-TBAA is potentially a much better
alias analysis tham-TBAA. Even thougttF-TBAA offers little performance improvement
over T-TBAA for RLE, it should probably be the algorithm of choice, since it does gives
more precise results without much added complexity, which may be important for other
optimizations that use alias analysis.

The second metriqjumber of opportunities exposed tgaa for RLE, reveals thatrF-

TBAA enables many more opportunities fare thanT-TBAA. The third metrichumber of
method invocations resolveaveals that on some programs our techniques resolve the vast
majority of method invocations but on several programs (most notaBlygandtrestle

our analyses fail to resolve the majority of method invocations.

The fourth metricexecution-time improvemeimmdicates how much an optimization or
analysis really matters to the bottom line: performance. Our experiments find that the
majority of the execution-time improvement dueRDE comes fromT-TBAA. TF-TBAA
improves performance only slightly. The results also illustrate that the execution-time
improvement resulting fromBAA andRLE or method resolution is relatively small: on
average 3.6% improvement faLe and 4.6% for method resolution.

If we had used only execution-time improvements to evaluate our analysis we might
conclude thatr-TBAA is the algorithm of choice. However, tmeimber of opportunities
metric tells us thatrF-TBAA is indeed significantly better thanTBAA. Perhaps with
different benchmark inputsF-TBAA would improve performance significantly more than
T-TBAA. If we had used only thexecution-time improvementetric or thenumber of
method invocations resolvadetric, we might conclude thatBaA is a very imprecise
alias analysis. Howeveupper-bound analysigeveals thatrBAA in fact performs about
as well as any alias analysis could perform with respeerttoand method resolution and
our benchmark programs.
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To summarize, each metric reveals different information alveat. For this reason,
we feel that static, dynamic, and limit metrics shoaltlbe used together in a thorough
evaluation of an alias analysis, or any compiler analysis for that matter.

7. ANALYZING INCOMPLETE PROGRAMS

In this section, we describe modifications to our alias analysis and method invocation res-

olution to produce conservative analyses when the entire program is not available, such as
during separate compilation or for Java programs that load classes dynamically. We evalu-
ate the modified analyses by comparing the performanee ®find method resolution to

their performance using the original algorithms.

7.1 Alias Analysis for Incomplete Programs

All prior pointer alias analyses for the heap are whole-program analyses, i.e., the compiler
assumes it is analyzing the entire program, including libraries, makicigseed-world
assumptionMany situations arise, however, in which the entire program is not available:
for instance, during separate compilation, or compiling libraries without all their potential
clients, or compiling incomplete programs.

In unsafe languages such as C++, alias analyses must assume that unavailable code
may affect all pointers in arbitrary ways (though if all code is written in ANSI C++ an
alias analysis can make better assumptions about pointers in unavailable code). For type-
safe languages such as Modula-3 and Java, the compiler can use type-safety and a type-
based alias analysis to make stronger type-safe assumptions about unavailable code. It can
assume that unavailable code will not violate the type system of the language. For example,
consider the following procedure declaration using the types declared in Figure 2.

PROCEDURE f (p: REF S1; q: REF S2) = ...

In an unsafe language, if some of the callerk afe not available for analysis, the compiler
must assume thg@t andq may point to the same object. For a type-safe language, a type-
based analysis can safely assume fhahdq cannot point to the same object since they
have incompatible types.

Two components ofBAA rely on properties other than the type system of the language:
AddressTakeand type merging. Since unavailable code may pass to available code the ad-
dress of a qualified expression or subscript expression we radidessTakens follows.

AddressTake(p) is true:

(1) if the program ever takgss address (for instance to pass it by reference or as part of
aW TH), or
(2) iff is a pass-by-reference formal anéndf have the same type.

Since Modula-3 requires the types of pass-by-reference formals and actuals to be identical,
the second clause needs to check only for tygeality, not typecompatibility Note that
this new definition ofAddressTakeronsiders instructions in the program for available
code (1) and considers only the type system for unavailable code (2).

Since unavailable code may cause merges of types, we mrake BAA more conser-
vative at merges. We merge any two types (related by the subtype relation) to which the
program has access, since unavailable code may assign them. Since Modula-3 uses struc-
tural type equivalence, unavailable code can access most types because it can construct its
own copy of the types. Exceptions to this ability &endedtypes in Modula-3. These
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Fig. 27. Simulated execution time using open- and closed-world assumptions

types essentially observe name equivalence and may not be “reconstructed” by unavailable
code.

Figure 27 compares the simulated running time improvement resultingdr@mvhen
assuming that the entire program is available (closed world) and assuming it is not available
(open world). The open-world assumption has an insignificant impact on the effectiveness
of TBAA with respect tacRLE. This result however reflects the results of Table ViII, since
TFM-TBAA, which is most affected by the open-world assumption, does not enable any
additional opportunities forRLE over TF-TBAA. With respect to the static metrics, we
found that they were the same for the open-world and closed-world assumptions with one
difference: M3CG had about 80 more alias pairs (interprocedurally) with the open-world
assumption than with the closed-world assumption. These additional alias pairs did not
reduce the effectiveness RLE.

We also need to modify method resolution analyses if the entire program is not available
for analysis. If some of the assignments and type hierarchy are unavailable for analy-
sis, only intraprocedural type propagation (along with the open-world versiorof) is
applicable. Type propagation must start with the assumption that on entry to each proce-
dure all non local variables and aggregate locations may have a type that type propagation
knows nothing about. However, given the assignments and conditional statements within
the procedure, intraprocedural type propagation may still be able to resolve some method
invocations.

Figure 28 compares the percent of dynamic method invocations out of all method in-
vocations that our analysis can resolve assuming the entire program is available (closed
world) and assuming some portion is unavailable (open world). The open-world assump-
tion dramatically limits the number of method calls that our analysis resolves.
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Fig. 28. Percent of resolved method invocations with open- and closed-world assumptions.

8. APPLICABILITY TO OTHER OPTIMIZATIONS AND LANGUAGES

This paper has demonstrated tmanA works for two specific optimizations that both can
benefit from locally precise information. We believe this property will make it effective for
other scalar optimizations such as dead-code elimination, constant propagation, schedul-
ing, and register allocation. This speculation needs further testing of course.

The analyses described here are language independent, but their usefulness depends on
both language and programming styf@aA, of course, depends greatly on type-safety in
programs. Thus it is unlikely to be useful farbitrary C or C++ code. However, if the
C++ code is written in a type-safe styleBAA can be applied to it. To our knowledge, at
least two groups of people have applied our ideas to languages other than Modula-3 and
found them to be effective: Reinig [1998] in their DEC C++ compiler and Nystrom et al.
[1999] in their Java optimizer. We discuss these further in related work.

While Java programs are type safe, they introduce a different set of challenges for
and associated optimizations. In particular, the exception model, memory model, and
threads severely limit the extent to which an optimization can reorganize code [Nystrom
etal. 1999].

The effectiveness of our method resolution analyses depends on programming style and
type-safety as well. For example, some C++ programming styles discourage the use of
virtual functions unless necessdryn essence, this style encourages the programmer to
attempt type-hierarchy analysis manually. In such situations, the impact of method res-
olution analyses will be limited compared to Modula-3 programs, where all methods are
virtual. We expect that our results will carry over to other statically typed object-oriented
languages such as C+ftthe programs are written using only virtual methods. However,
the execution-time improvement due to our analyses in C++ programs may be greater if

80nly virtual functions may be overridden in subtypes.
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these programs use multiple inheritance. Since there are no static types in dynamically-
typed languages, our results will not directly apply to them.

9. RELATED WORK

In this section, we distinguish our work from others that address alias analysis, method
resolution, and compiler optimization evaluation. For alias analyses, we focus on those
papers that present algorithms similar to ours or evaluate alias analyses using more than
static metrics.

9.1 Alias Analysis

Alias analysis must consider an unbounded number of paths through an unbounded col-
lection of data, and is therefore harder than traditional data-flow analyses. The literature
contains many algorithms for alias analysis [Banning 1979; Burke et al. 1994; Hind et al.
1999; Chatterjee et al. 1999; Chase et al. 1990; Choi et al. 1993; Cooper and Kennedy
1989; Deutsch 1994; Emami et al. 1994; Landi and Ryder 1991; 1992; Larus and Hil-
finger 1988; Shapiro and Horwitz 1997b; Steensgaard 1996; Weihl 1980; Hummel et al.
1994; Cooper and Lu 1997; Larus and Hilfinger 1988; Wilson and Lam 1995]. The key
differences between the algorithms stem from how they approximate the unbounded con-
trol paths and data. The approximation determines the precision and efficiency of the
algorithm, and these alias analyses range from precise exponential time algorithms to less
precise nearly linear-time algorithms.

Our work differs from previous work in three ways: (1) It is type-based instead of
instruction-based. (2) We evaluate our alias analyses with respect to two optimizations,
RLE and method resolution, rather than using static measurements as used by most work
on alias analysis [Banning 1979; Burke et al. 1994; Hind et al. 1999; Chatterjee et al.
1999; Chase et al. 1990; Choi et al. 1993; Cooper and Kennedy 1989; Deutsch 1994;
Emami et al. 1994; Landi and Ryder 1991; 1992; Larus and Hilfinger 1988; Shapiro and
Horwitz 1997b; Steensgaard 1996; Weihl 1980]. (3) For both our optimizations that bene-
fit from alias analysis, we use a limit study to demonstratethah is close to perfect for
our benchmarks and optimizations. Our limit studies are similar to those of Wall [1991],
which assumes a “perfect alias analysis” to find an upper bound on instruction-level paral-
lelism. Wall [1991] does not evaluate an existing alias analysis as we do, but just gives the
potential of a perfect alias analysis for instruction-level parallelism.

Aho et al. [1986] and Chase et al. [1990] were among the first to write that using pro-
gramming language types could improve alias analysis, but did not present algorithms that
did so and did not evaluate it. Our alias analysis is most similar to those of Rinard and
Diniz [1996], Steensgaard [1996], and Ruf [1995; 1997].

Rinard and Diniz [1996] use type equality to disambiguate memory references. The
type system they use is a subset of C++ that does not have inheritance and is thus weaker
than Modula-3’s or Java’s type systems. Steensgaard [1996] presents an instruction-based
alias algorithm that uses non standard types, not programming language types, to obtain
a nearly linear-time alias analysis. His type inference algorithm is similar to our selective
type merging; however, he does not use programming language types, and in particular in-
heritance, to prune the merge sets as we do. In terms of precision, Steensgaard’s algorithm
is not directly comparable toBAA, and there are many examples where Steensgaard does
better or worse thamBAA.
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Ruf [1995] compares a context-sensitive alias analysis to a context-insensitive one and
finds, for his benchmarks, that they are comparable in precision. Both algorithms are flow-
sensitive and are fairly simple versions of context-insensitive and -sensitive algorithms in
that they do not consider any shape information (such as Chase et al. [1990]). Both algo-
rithms considered by Ruf are more precise thianA, since they are flow-sensitive and
also support strong updates. Ruf finds that there is little difference for his benchmarks
between context-sensitive and context-insensitive versions of his analyses. Our work sug-
gests that the point of diminishing return for pointer analyses may come even earlier for
many applications than Ruf’s context-insensitive analysis.

Ruf [1997] shows how to use programming language types and non standard types (such
as those of Steensgaard [1996]) to partition data-flow analyses: each partition represents
code that can be analyzed independently, and thus a different analysis can be used on
each partition. In Ruf’s first algorithm, he uses only dependences between programming
language types; thus the kind of type information he uses is simifarsnA. Ruf uses his
scheme to partition programs for alias analyses, but does not use programming language
types in the analysis. Ruf's second algorithm does not use programming language types;
instead it uses non standard types (e.g., those of Steensgaard [1996]).

Wilson and Lam [1995] present a context- and flow-sensitive pointer analysis for C
programs. This analysis handles the entire C language and is thus quite complex. Wilson
and Lam introduce the use of partial-transfer functions for pointer analysis, which allow
even their context-sensitive analysis to reuse prior analyses of procedures. Wilson and
Lam evaluate their algorithm using static metrics and one dynamic metric: the speedup
due to automatic parallelization of two C programs which could previously not be fully
parallelized because of how they used pointers. This analysis is much more powerful than
anyTBAA butis not always practical even for modestly sized programs [Wilson 1997].

Cooper and Lu [1997] describe and evaluate register promotion, an optimization that
moves memory references out of loops and into registers. Register promotion, when it
includes the extension for pointer-based loads, is similar to the loop-invariant code motion
part of RLE except that promotion also hoists stores out of loops and not just loads. They
evaluate register promotion with two alias analyses: a trivial analysis and a flow-sensitive
alias analysis. Their flow-sensitive analysis is similar to the context-insensitive analysis of
Ruf[1995]. They used the number of instructions executed as their performance metric and
found that the more powerful alias analysis did not significantly improve performance. We
observe more performance improvement dueitg, which may be because we measure
object-oriented programs as opposed to the C programs used by Cooper and Lu. Calder
et al. [1994] show that C programs typically execute a smaller percentage of loads and
stores than C++ programs.

Debray et al. [1998] describe an alias analysis for executable code. They evaluate their
algorithm by measuring the percentage of loads eliminated using loop-invariant code mo-
tion andPRE of loads. They do not present execution time improvements or a limit study
for their alias analysis.

Shapiro and Horwitz [1997a] evaluate the impact of four flow-insensitive alias analyses
on a range of applications. The four alias analyses are naive, Steensgaard [1996], Anderson
[1994], and their own alias analysis [Shapiro and Horwitz 1997b], whose precision is ap-
proximately between Steensgaard’s and Anderson’s. With the exception of “naive,” which
is weaker tharrBAA, the other analyses are incomparable wlaA . It is easy to contrive
examples that show the superiority of one over the other. For instance, mrRHkBAA
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or TFM-TBAA, Shapiro and Horwitz’s algorithms do not separate fields in their analyses.
Shapiro and Horwitz compare the pointer analyses by counting optimization opportunities
rather than the performance impact of the optimizations.

Ghiya and Hendren [1998] use their pointer analysis, caltethection analysjgo im-
prove scalar optimizations, particularly loop-invariant removal, location-invariant removal,
and common-subexpression elimination, and present running time improvements. The
combination of loop-invariant removal and common-subexpression elimination is similar
to RLE. Connection analysis is a very weak pointer analysis, but since it is flow-sensitive,
in some cases it may be more powerful thaaA . Their paper evaluates connection anal-
ysis by measuring the number of opportunities for their optimizations and by measuring
the running time performance improvement that results. They do not present a limit study.

Lucassen and Gifford [1988] use a type-based analysis to discover expression scheduling
constraints. One key difference between our work and theirs is our focus on experimental
evaluation of type-based analyses.

Since the first publication of some of our algorithms [Diwan et al. 1998], two groups
have appliedrBAA to other languages. Reinig [1998] describes how tose in the
DEC GEM C and C++ compilers. Reinig applies and usBsA intraprocedurally and
assumes that the code is compliant with the ANSI standesdA may be turned off if
the code violates the ANSI standard). Reinig shows tisata, combined with other op-
timizations in GEM, yields small improvements in the generated code at an insignificant
cost. We think that one of the reasons that they observe less benefit than we do is because
the type system in our language (Modula-3) is much richer than the type system in the
language of Reinig’s experiments (C), and thus we have better information than type-safe
C programs.

Nystrom et al. [1999] apply the “incomplete program” versionterA to Java pro-
grams in a bytecode-to-bytecode optimizer and use it for intraproceeREadf memory
referencesPRE of memory references is more powerful thare in that it can eliminate
not just fully redundant memory references but also partially redundant ones. They ap-
ply their optimization only intraprocedurally (and using only intraprocedural information)
since any call can potentially result in a thread switch. They get execution time improve-
ments of up to 9% (but usually much less—average 1%) for their programs. They find that
Java’s exception model significantly hinders their ability to optimize Java programs.

9.2 Other Related Work on Method Invocation Resolution

Fernandez [1995] and Dean et al. [1995] evalugpe hierarchy analysifor Modula-3

and Cecil respectively. They find that type hierarchy analysis is a worthwhile technique
that resolves many method invocations. Our work confirms these results. In addition to
type hierarchy analysis, we evaluate a range of other techniques.

Chambers et al. [1996] describe and evaluate a range of transformations and analyses for
resolving method invocations in object-oriented languages. Their paper combines many of
the ideas in other papers discussed in this Related Works section; it also serves as an ex-
cellent overview of the area. Specifically, Chambers et al. describe class hierarchy analysis
and an analysis similar toPA (called intraprocedural class analysis). They do not evaluate
these algorithms using a limit study and do not study the impact of pointer analyses on
method resolution.

Palsberg and Schwartzbach [1991], Agesen aalzle [1995], and Plevyak and Chien
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[1994] describeype inferencd for dynamically typed object-oriented languages. Agesen
and Hilzle’s and Plevyak and Chien’s analyses are more powerful than ours, since they are
context-sensitive (polyvariant). They are also more complex and expensive. Polyvariant
analyses can be used in conjunction with transformations to resolve polymorphic method
invocations. Chambers [1992], Calder and Grunwald [1994]zld and Ungar [1994],

Dean et al. [1994], and Grove et al. [1995] describe transformations for converting poly-
morphic method invocations to direct calls, which we did not perform. Plevyak and Chien
discuss reasons for loss of type information, but do not present any results. We present
detailed data, giving reasons for loss of type information.

In work done concurrently with ours, Bacon and Sweeney [1996] and Aigner alateH ™
[1996] evaluate techniques for resolving method invocations in C++ programs. Bacon and
Sweeney evaluate three fast analyses, including type hierarchy analysiapaidype
analysis(RTA), for resolving method invocations in C++ programs. Bacon and Sweeney
also use a limit study to evaluate their analyses. Bacon and Sweeney evaluate flow-
insensitive analyses. Aigner anaHIe evaluate type feedback and type hierarchy analysis
and find that they are both effective at resolving method invocations. Our analysis is flow-
sensitive and uses alias analysis, and is thus more precise.

Driesen and ldizle [1996] report on the direct cost of virtual function calls in C++
programs. They find, that in “all virtual” versions of programs, the median direct overhead
of virtual functions is 13.7%. These numbers are somewhat higher than what we observe
for Modula-3 programs, and may be caused by C++’'s multiple inheritance, which makes
virtual function calls more expensive.

Shivers [1991] describes and classifies a range of analyses to discover control flow
in Scheme programs. Our interprocedural type propagation and OCFA are both context-
insensitive. However, Shivers’s analysis is optimistic with respect to the call graph while
ours is pessimistic. While Shivers focuses on powerful (and slow) analyses—OCFA is the
least powerful analysis he considers—we focus on simple and fast analyses. Interprocedu-
ral type propagation is the most complicated analysis we consider.

Pande and Ryder’s [1995] algorithm performs pointer analysis at the same time as
method invocation analysis. Plevyak and Chien’s [1994] type inference algorithm also
does some pointer analysis. Both algorithms are flow-sensitive and at least somewhat
context-sensitive and are thus more powerful tianA but much slower. On a SPARC-

10, Pande and Ryder’s algorithm can take 23 minutes to analyze programs that are less than
1000 lines of code (median 36 seconds). Our most aggressive analysis takes 43 seconds
to analyze 28,977 lines of code on a DEC 3000/400 (median 6 seconds, with a number
of larger benchmarks than theirs). Subsequent work [Chatterjee and Ryder 1997a; 1997b;
Chatterjee et al. 1999] improves the scalability of their analyses. We show, that for our
benchmarks and optimizations, our simple analyses are effective, and that there is little
to be gained by more powerful analyses. This result originates in part from Modula-3's
language semantics, which restricts aliasing; a more powerful alias analysis may be more
useful for C++ than for Modula-3, but to our knowledge this need has not yet been demon-
strated for significant applications.

DeFouw et al. [1998] describe a parameterized framework that integrates a range of
analyses for method resolution. This framework can encompass fast and simple analyses

9“Method resolution” and “type inference” are terms that have been used to describe the same kinds of analysis
in object-oriented languages.
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such as RTA [Bacon and Sweeney 1996], Steensgaard-like analyses [Steensgaard 1996],
and 0-CFA [Shivers 1991] (which, as discussed above, is a more precise versien)of
DeFouw et al. use this framework to evaluate a range of analyses, including those just men-
tioned and some new analysis opportunities that their framework exposes. For their evalu-
ation they use several static and dynamic metrics, including number of method invocations
resolved and execution speedup. They do not use any limit study for their evaluation. They
find that for Java programs there is little or no difference between the different analyses.
However, for Cecil programs there is a significant difference between the analyses for the
small programs and modest difference between the larger programs. Even on the larger
programs, they get most of their benefit from the simpler analysis. Our results support
theirs: for many applications, a fast and simple alias analysis may be sufficient.

A key difference between our work and that of all others is that we present results that
give the reason when analysis fails, and place upper bounds on how well more powerful
analyses or transformations can possibly do.

9.3 Evaluating Optimizations

Larus and Chandra [1993] introduce a technique, compiler auditing, that uses studies to
test compiler optimizations. This technique is very similar to our limit studies, and in
particular their method of auditing redundant loads and stores is similar to the oracle we
use to evaluateBaA andRLE. One difference is that Larus and Chandra are pessimistic
about procedure calls whereas we are optimistic.

10. CONCLUSIONS

We described and evaluated three algorithms that use programming language types to dis-
ambiguate memory references. The first analysiBBAA, uses type compatibility to de-
termine aliases. The secontk-TBAA, extends the first by using additional high-level
information such as field names and types. The thiralj-TBAA, extends the second with

a flow-insensitive analysis. We show that the algorithm that uses only type compatibility
gives the vast majority of performance improvementthough the other two analyses improve
on it with respect to the static metrics (and thus may vyield greater performance improve-
ments for other programs or runs). We evaluated these pointer analyses with respect to two
clients of pointer analysis: redundant load eliminatirng) and method resolution.

TBAA with RLE produces modest performance improvements;TBata is precise for
our benchmarks; a more precise analysis could only emalHéo eliminate on average an
additional 2.5% of redundant references, and at most 6%. Becauagerelies on type-
safety, it can be conservative in the face of incomplete, type-safe programs without losing
effectiveness. Our results show, that as faras is concernedTBAA performs just as
well with an open-world assumption as with a closed-world assumption.

TBAA with method resolution is quite effective. On average, our analyses resolve more
than 92% of the method invocation sites that are amenable to analysis. Applying method
resolution and inlining improves the running time of the benchmark programs by up to
11%. Combined witlRLE, the improvements are even higher. For method invocations that
are unresolved by our analyses, we determine the reason for analysis failure. We find that
for the most partrBAA is precise for method resolution, but for some programs, a more
precise alias analysis may be justified. FinallgAA with method resolution performs
much worse with the open-world assumption than with the closed-world assumption.
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In summary, we have shown that simple, fast type-based analyses are an effective tool for
optimizing object-oriented programs, and for a selection of optimizations, they are close
to perfect.
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