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ABSTRACT

This paper presents extensions to Steensgaard’s and An-
dersen’s algorithms to handle Java features. Without care-
ful consideration, the handling of these features may affect
the correctness, precision, and efficiency of these algorithms.
The paper also presents the results of empirical studies.
These studies compare the precision and efficiency of these
two algorithms and evaluate the effectiveness of handling
Java features using alternative approaches. The studies also
evaluate the impact of the points-to information provided
by these two algorithms on client analyses that use the in-
formation.

1. INTRODUCTION

Program analyses and optimizations for Java programs
require reference information that determines the instances
whose addresses can be stored in a reference variable. Re-
searchers have suggested the use of points-to analysis algo-
rithms, originally developed for analyzing C programs, for
the computation of the reference information for Java pro-
grams. Java has features, however, that are not present in
the C language. Without careful adaptation of these al-
gorithms for Java programs, these features may cause the
algorithms to compute incorrect information. These fea-
tures may also affect the ways in which Java programs are
written, and thus, may significantly affect the precision and
efficiency of the algorithms on these programs.

To evaluate the effectiveness of these points-to analysis al-
gorithms for computing reference information for Java pro-
grams, we studied two flow-insensitive, context-insensitive
algorithms—Steensgaard’s [18] and Andersen’s [2]. Steens-
gaard’s algorithm has almost-linear time complexity and
computes much more precise information than the worst-
case approximation. Andersen’s algorithm, despite its cubic
worst-case time complexity, can efficiently compute pointer
information for large C programs [15]. In addition, studies

show that Andersen’s algorithm may compute information
that is close in precision to that computed by expensive
flow-sensitive, context-sensitive algorithms [12, 13].

This paper discusses extensions to Steensgaard’s and An-
dersen’s algorithms to handle important Java features. Our
extensions account for the common ways in which Java pro-
grams are written and attempt to improve the precision and
efficiency of these two algorithms in analyzing such pro-
grams. Compared to other approaches [16, 19] that extend
Steensgaard’s or Andersen’s algorithms for Java, our ap-
proaches for handling this, collections, and maps can be
more precise, and our approaches for handling fields can be
more efficient.

The paper also presents several empirical studies. The
studies evaluate the efficiency and the precision of Steens-
gaard’s and Andersen’s algorithms, and evaluate the effec-
tiveness of using alternative approaches for handling Java
features. The studies also evaluate the impact of using
points-to information provided by these algorithms on vir-
tual call resolution and escape analysis. Our studies are the
first to show that, by carefully handling features such as
this, collections, and maps, both algorithms can compute
much more precise points-to information than the worst-
case approximation. Our studies are also the first to show
that, by simplifying field handling in Andersen’s algorithm
to take advantage of encapsulation present in Java programs,
the efficiency of this algorithm can be significantly improved
without losing precision. Our studies also show that the use
of points-to information can significantly improve the preci-
sion of virtual call resolution, and can provide useful escape
information for optimization.

2. EXTENDING POINTS-TO ANALYSES FOR
JAVA

This section discusses the extensions to Steensgaard’s and
Andersen’s algorithms to handle several important Java fea-
tures. Because of space limitation, we omit the discussion of
handling other Java features, such as reflection, that must
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able references (labeled with “*”) or instance field references
(labeled with field names). For efficiency, Steensgaard’s al-
gorithm uses one node to represent the instances that may
be referenced by the same variable or the same field. For
example, in Figure 1(b.1), instances created at both state-
ments 10 (h10) and 11 (h11) are represented using one node
because they are referenced by this1 (this of A’s construc-
tor). In contrast, Andersen’s algorithm uses one node to rep-
resent one instance (see Figure 1(c.1)). In both algorithms,
an instance can be represented by at most one node.

Both Steensgaard’s algorithm and Andersen’s algorithm
process statements in each method in an arbitrary order.
When the algorithms process a method call, they use a set
of assignments to simulate the parameter passing and the
return of the target method. The algorithms process only
the reference assignments — assignments to fields or vari-
ables of reference types. After an algorithm terminates, the
information contained in the points-to graph must be safe at
each reference assignment: the set of instances referenced by
the left side of the assignment subsumes the set of instances
referenced by the right side of the assignment.

Steensgaard’s algorithm processes a reference assignment
by merging the node that represents the instances referenced
by the left side of the assignment with the node that rep-
resents the instances referenced by the right side of the as-
signment. In this way, after the assignment is processed,
the information contained in the points-to graph remains
safe at this assignment. Therefore, Steensgaard’s algorithm
processes each reference assignment only once. In contrast,
Andersen’s algorithm processes a reference assignment by
adding edges to the points-to graph so that the set of in-
stances referenced by the left side of the assignment sub-
sumes the set of instances referenced by the right side of
the assignment. However, because the set of instances ref-
erenced by the right side may change after the assignment
is processed, Andersen’s algorithm may have to revisit the
assignment and add more edges to ensure that the points-to
information remains safe at this assignment. Such process-
ing continues until no new edge is added to the points-to
graph. This approach causes Andersen’s algorithm to be
more expensive but more precise than Steensgaard’s algo-
rithm.

Virtual Method Calls. We present two approaches for
handling virtual method calls in a points-to analysis. The
first approach computes the set of invokable methods at each
virtual method-call using algorithms such as class-hierarchy
analysis (CHA) [8] or rapid type analysis (RTA) [3]. This
approach is simple and requires minor modification to the
points-to analysis. The second approach starts the analy-
sis from main() and discovers, during the analysis (on the
fly), the targets of each virtual method call that can be
reached from main() or from class initialization methods.*
This approach may be more expensive but may compute
more precise information than the first approach.

To use the second approach, a points-to analysis com-
putes, for each reference variable v, a set of virtual method
calls that invoke methods through v (for ease of explanation,
we assume that the program is formatted in such a way that
virtual method calls are invoked through variables). During

1Similar approaches have been used to resolve indirect calls
through function pointers in points-to analysis of C pro-
grams (e.g., [10, 11]).
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Figure 1: Java example and its points-to graphs.

the analysis, when a new instance o of type T is added to
v’s points-to set (the set of instances that may be referenced
by v), if o is the first instance of type T in the set, then the
algorithm reprocesses each virtual call that invokes meth-
ods through v. If the algorithm discovers a new target at
a call, it binds the actual parameters of the call to the for-
mal parameters of the new target. If the new target has
not been processed previously, the algorithm processes each
statement in the new target.

Fields. We discuss two approaches for handling fields in
points-to analysis. The first approach treats the fields of
instances using an approach similar to those used for fields
of structures in C, and computes a points-to set for each
instance field [16, 19]. To do this, within a method m() of
class A, the analysis treats this as a formal parameter. If a
field £ of A is accessed in m(), the analysis treats such access
as an access to this.f. At a method call r.m() (method
callm() is treated as this.m()), the analysis binds r to this
to pass the receiver instance into m(). Figures 1(b.1) and
1(c.1) depict the points-to graphs constructed for Program
1 by Steensgaard’s and Andersen’s algorithms, respectively,
using this approach. The graphs show that Steensgaard’s
algorithm may compute very imprecise information because
instances pointed to by this of a method m are forced to
be represented by one node.

We propose a second approach that computes one points-
to set for each class field. At each statement in which a
field of an instance is accessed using expression r.f (f is
declared in class A), the algorithm treats such an instance
field access as class field access A.f and drops r.2 Such
simplification can improve the efficiency of both algorithms.
The simplification also lets the algorithms avoid computing
the points-to set for this in the analysis if such a points-to
set is not needed for the computation of the points-to sets
of other variables.®> The points-to set of this is needed in a
method m for the computation of the points-to sets of other
variables in the following cases: (1) this is used in m as the
right side of an assignment or an actual parameter; or (2)
m calls another method m; through a direct method call—a
call in the format of mi() or this.m;()—and the points-to
set of this is needed in m; or the points-to analysis will

*Reference [20] uses a similar approach to handle field ac-
cesses.

3The points-to set for this in method m can be computed,
after the analysis, by collecting the receiver instances at each
call to m.



discover the targets of the direct method call on the fly. In
other cases, the points-to set of this in m is not needed.
Given a call r.m(), if the points-to set of this in m() is not
needed, then the points-to analysis ignores r and considers
only the bindings between actuals and formals. Otherwise,
the analysis treats this as a formal parameter and also binds
r to this.

In many cases, by avoiding the computation of points-to
sets for this, Steensgaard’s algorithm using the second ap-
proach may be more efficient and more precise than using
the first approach. For example, the graph in Figure 1(b.2)
computed by Steensgaard’s algorithm using the second ap-
proach is smaller but contains more precise information than
the graph in Figure 1(b.1). Andersen’s algorithm using the
second approach may be more efficient but less precise than
using the first approach. The loss of precision is caused by
treating the same field of different instances in the same
way. However, if the reference fields of each instance are
always modified within the methods of the instance, the
information computed by Andersen’s algorithm using the
second approach is equivalent to that computed using the
first approach. For example, the points-to graph in Figure
1(c.2) computed by Andersen’s algorithm using the second
approach contains information that is equivalent to the in-
formation contained in the graph in Figure 1(c.1). In Java
programs where encapsulation is strongly encouraged, we
expect to see little difference in the precision of information
computed by Andersen’s algorithm using either approach.

Collections and Maps. Besides arrays, a Java program
frequently uses a collection (e.g., Vector) or a map (e.g.,
Hashtable) to store and retrieve data. Because methods for
a collection or a map may be provided in native code, it
is difficult to analyze these methods. Even if the methods
are provided in byte code, analyzing these methods not only
adds extra cost to the analysis, but also causes a context-
insensitive points-to analysis to be less precise. For example,
data stored in one Vector instance may be returned by invok-
ing elementAt() on another Vector instance because these
data are referenced by the return statement of elementAt (),
which is shared by all instances of Vector.

We solve this problem with user-provided models. A model
instructs the algorithm to make a conservative assumption
when processing calls to methods of a collection instance or
a map instance. A model describes different slots where data
can be stored in an instance. For example, in a hash table
instance, keys are stored in a key slot and values are stored
in a value slot. The model also describes a set of operations
that store data into or retrieve data from slots. Given such
models, when a new instance of a collection or a map is
instantiated, the slots associated with the instance are also
created. When the algorithm processes a method call on an
instance, the algorithm first determines, using user-provided
information, the set of operations that can simulate the ac-
tions of the method. The algorithm then processes these op-
erations on the slots associated with this instance. Because
the slots for different instances are separated, the algorithm
can distinguish the data stored in different instances.

For example, Figure 2(a) shows the description of a model
for the collection. The description is very similar to the def-
inition of a class. Besides a slot and five operations, the
model also consists of two instances, “iterator” and “ar-
ray”, and a sequence of initialization assignments described
in “INIT()”. “iterator” is used to represent the instance re-

MODEL collection { v.add(p);
SLOT elements; €7
INSTANCE iterator: collection;

INSTANCE array: Object[]; v.store(p)

INIT() {
iterator.elements=elements; é]
array[]=elements; v.dements=p

OPERATION store(source) {

elements = source;

(b)

}

OPERATION retrieve(dest) {
dest = elements;

} g=v.elementAt(0);

OPERATION storeAll(source) { {7
elements = source.elements,

} v.retrieve(q)
OPERATION retrievelterator(dest) {
dest=iterator; é]
} _
OPERATION retrieveArray(dest) { ov-elements
dest=array;
} }
@ ©

Figure 2: The model for collection.

turned by a method call to iterator () (the algorithm treats
“iterator” as a collection). “array” is used to represent the
array instance returned by a method call to toArray(). The
initialization assignments are used to copy data from slot
“elements” into “iterator.elements” and “array”. When the
algorithm processes an instantiation statement that creates
a collection instance, the algorithm also creates an instance
for “iterator” and an instance for “array”. The algorithm
then processes the initialization assignments.

Figure 2(b) shows the steps taken by the algorithm to
process statement v.add(p) that stores an instance refer-
enced by p into the Vector referenced by v. The algo-
rithm uses “store” operation to simulate the action of add ()
method, and replaces “store” operation with its body. Thus,
v.add(p) will be treated as assignment v.elements=p. Fig-
ure 2(c) shows the steps taken by the algorithm to pro-
cess statement q=v.elementAt (0) that retrieves an instance
from Vector referenced by v. The algorithm uses “retrieve”
operation to simulate the action of elementAt(), and re-
places “retrieve” operation with its body. Thus, the algo-
rithm treats q=v.elementAt (0) as assignment q=v.elements.
These two examples show that instances stored into different
Vector instances can be distinguished.

Casting. Andersen’s algorithm for Java can benefit from
the fact that casting is checked at runtime. Given a reference
assignment p=(A)q, only instances of type A or a subtype of
A can be returned by the casting. Thus, Andersen’s algo-
rithm propagates only the instances whose type is A or a
subtype of A from g’s points-to set to p’s points-to set. This
approach improves both the precision and the efficiency of
the algorithm.

Exceptions. We propose an approach that uses assign-
ments to simulate the passing of exception instances from
the throw statements to the corresponding catch statements.
Our approach utilizes the control-flow information provided
by Sinha and Harrold’s algorithm [17]. This algorithm pro-
vides information about the possible types of the raised ex-
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Figure 3: Intuitive comparison of algorithms.

ception at a throw and information about where the control
flows after an exception of a specific type is raised. The
information can be used to create assignments that assign
the exception reference at a throw to the exception refer-
ence at a catch. A type filter is also associated with each
assignment to specify the types of the exceptions that can
be passed from the throw to the corresponding catch.

3. EMPIRICAL STUDIES

We implemented Steensgaard’s and Andersen’s algorithms
using Java Architecture for Bytecode Analysis (JABA)* that

analyzes the control flow and exceptions, simulates the changes

in the operand stack, and builds an abstract-syntax tree rep-
resentation for a Java program from the byte code. Our
implementation of the points-to analysis simulates the ef-
fects of method calls on instances of classes in java.lang,
java.util, and java.io, and thus, avoids analyzing the
byte code of these classes. Our implementation also care-
fully handles reflection using user-provided information.
Our implementation of points-to analysis for Java can be
instantiated into 12 algorithms depending on the approaches
for handling fields and virtual method calls. Figure 3(a)
shows the 12 algorithms (nodes) and the precision subsump-
tion relations (edges). The first letter in an algorithm’s
name indicates whether the algorithm is Steensgaard’s (S)
or Andersen’s (A). The second letter in the name indicates
whether the algorithm computes information for class fields
(C) or instance fields (I). The last three letters in the name
indicate how the algorithm handles virtual method calls: us-
ing CHA, using RTA, or discovering targets on the fly (Fly).
The target of each edge is at least as precise as the source
of the edge. Note that algorithms S-I-* are not comparable
with algorithms S-C-*, and S-C-Fly is not comparable with
the other S-C-* because of the difference in treating this.
We conducted several empirical studies on a set of Java
programs to evaluate the performance of these algorithms.
In some of the studies, we also collected the execution traces
by running each subject program on a typical input. The
traces are gathered using a profiler that is implemented us-
ing Java Virtual Machine Profiler Interface (JVMPI).? Ta-
ble 2(I) shows the sizes of the subjects (classes in libraries
excluded). All data are collected on a Sun Ultra-30 with
640MDb physical memory. Because of the space limitation,

*http://www.cc.gatech.edu/aristotle/, Georgia Tech.

Shttp://java.sun.com/products/jdk/1.2/docs/guide/jvmpi/,

Sun Microsystems, Inc.

(I)Steens (I1) Andersen

C- C- C- C- C- I- I-
program Cha | Rta Cha | Rta Fly Rta Fly
JavaSim 0.13 | 0.13 0.20 | 0.22 | 0.27 0.31 0.27
antlr 31.5 | 304 32.0 | 24.2 | 6.72 51.4 9.08
jar 0.25 | 0.20 0.36 | 0.27 | 0.30 0.36 0.31
javacup 2.94 | 2.13 9.38 | 8.87 | 9.48 10.4 11.3
javac 96.1 | 96.3 136. | 123. | 158. 1489 | 1480
jbf 1.50 | 1.63 1.94 | 2.84 | 2.11 2.58 2.52
jess 35.1 | 26.0 53.1 | 39.5 | 48.9 294. 344.
jfe 20.0 | 7.58 18.1 | 5.98 | 6.19 10.2 7.70
jlex 0.62 | 0.69 1.25 1.41 1.48 1.77 1.79
jtar 1.18 | 0.83 1.70 | 1.58 | 1.45 2.38 1.65
kawa 62.4 | 20.2 119. | 23.1 | 25.8 95.8 102.
raja 0.81 | 0.76 0.15 | 0.17 | 0.14 0.18 0.19
sablecc 19.4 | 21.5 48.7 | 52.4 | 81.7 | 218. 305.
toba 1.59 | 1.79 2.58 | 3.58 | 2.09 3.30 2.32

Table 1: (I) Time in seconds for Steensgaard’s, (II)
Time in seconds for Andersen’s.

this paper shows only the results for the seven algorithms
underlined in Figure 3(a).

Efficiency. In this study, we compared the time required to
run each of the seven algorithms. Table 1 shows the results.
The time in the table excludes the time required to build
the abstract syntax tree from the bytecode using JABA. To
see the trends, we summarize the results in Figure 3(b). In
the figure, the number associated with each edge from A;
to Az shows the geometric mean of the ratio of the time re-
quired by As to the time required by A;. Note that when we
compute the numbers for the edge from A-I-Fly to A-I-Rta
and the edge from A-C-Fly to A-C-Rta, we exclude antlr
because it is an outlier: by discovering virtual call targets on
the fly, A-I-Fly and A-C-Fly analyze many fewer methods,
and thus, run 3-5 times faster than A-I-Rta and A-C-Rta
on antlr whereas the difference in running time on other
subject programs are much smaller. The results show that
the biggest efficiency gap appears between algorithms that
compute points-to sets for class fields and algorithms that
compute points-to sets for instance fields (about 10 times
for javac). This is not surprising because the latter must
compute many more points-to sets than the former. The re-
sults further show that, except for A-I-Rta and A-I-Fly, the
algorithms can efficiently compute points-to information for
large programs, and thus, can be used in practice.

Precision. In this study, we compared the precision of the
algorithms. We also compared them to the worst-case ap-
proximation: a reference variable of type 7' may refer to any
instance that is created in the program and whose type is T'
or a subtype of T'. For each algorithm A, we measured I¢[A],
the average number of receiver instances for each method
call, and C;[4], the average number of method calls that
are invoked on each instance computed using information
provided by A. These measurements reflect the impact of
the points-to information on subsequent data-flow analyses:
the larger the number, the less precise a subsequent data-
flow analysis will be. To compare the results for different
algorithms, when we compute I¢[A], we consider only the
virtual method calls in the code analyzed by all seven algo-
rithms, and when we compute C;[A], we consider only the
instances created by statements in the code analyzed by all
seven algorithms. Table 2(ILIILIV) shows the results. In
the table, each pair of numbers for algorithm A shows I¢[A]
and C7[A], respectively.

Figure 3(c) summarizes the results. In the pair of num-



(I) Subject Sizef (IT) Worst (II1)Steens (IV)Andersen
program Nodes Cls | Meths case C-Cha C-Rta C-Cha C-Rta C-Fly I-Rta I-Fly
JavaSim 3305 37 242 6.24/12.6 2.11/7.16 2.11/7.16 1.91/6.5 1.91/6.5 1.84/6.05 1.91/6.5 1.84/6.05
antlr 44065 | 148 1858 11.8/98.4 8.53/82.9 | 8.53/81.0 1.93/27.9 | 1.93/27.9 | 1.76/10.4 | 1.84/21.8 | 1.70/10.2
jar 2264 8 89 || 6.45/16.3 || 1.87/5.25 | 1.53/4.19 || 1.44/4.08 | 1.40/3.86 | 1.40/3.83 | 1.40/3.83 | 1.40/3.83
javacup 12778 | 35 372 || 5.85/50.3 || 3.18/25.4 | 3.18/25.4 || 2.54/20.5 | 2.54/20.5 | 2.53/20.5 | 2.50/20.3 | 2.50/20.3
javac 31346 151 1404 55.9/344. 53.8/335. 53.8/335. 47.0/291. 47.0/291. 47.0/289. 47.1/291. 47.0/289.
jbf 8730 45 548 13.0/69.8 5.53/32.9 | 5.53/32.5 4.71/27.7 | 4.71/27.7 | 4.71/27.7 | 4.71/27.7 | 4.71/27.7
jess 23412 | 207 1132 57.3/258. 48.6/227. | 44.4/186. 40.3/190. | 36.3/152. | 32.8/136. | 36.3/152. | 31.9/133.
jfe 31019 | 310 1837 28.7/148. 4.82/37.4 | 3.90/29.9 2.00/19.4 | 1.94/16.3 | 1.88/8.73 | 1.94/15.3 | 1.87/8.16
jlex 6629 20 134 4.31/46.6 1.39/13.8 1.39/13.8 1.19/11.8 1.19/11.8 1.19/11.7 1.19/11.8 1.19/11.7
jtar 6489 | 40 202 || 4.32/12.1 || 1.38/6.36 | 1.38/6.36 || 1.07/5.08 | 1.07/5.08 | 1.07/4.56 | 1.07/5.08 | 1.07/4.56
kawa 33388 | 319 1989 33.2/153. 20.3/125. 16.1/73.0 13.0/83.2 | 8.61/39.3 | 8.07/35.3 | 8.58/38.6 | 8.06/35.3
raja 6351 65 391 9.25/42.8 2.62/10.6 | 2.62/10.6 1.33/3.60 | 1.33/3.60 | 1.33/3.60 | 1.33/3.60 | 1.33/3.60
sablecc 28232 | 295 2025 23.7/143 12.5/76.3 | 12.5/76.3 7.29/44.2 | 7.29/44.2 | 7.16/43.4 | 7.28/44.1 | 7.15/43.3
toba 10376 | 26 196 || 6.31/29.9 || 1.41/13.5 | 1.41/13.5 | 1.37/13.3 | 1.37/13.3 | 1.37/13.3 | 1.37/13.3 | 1.37/13.3

tThe statistics may differ from that reported in other works for a subject because (1) all interfaces, as well as the classes imple-
menting collections and maps (e.g. in sablecc), are excluded, (2) different versions are used.

Table 2: (I) Subject size, (II) Worst case precision, (III) Precision of Steensgaard’s, and (IV) Precision of

Andersen’s.

bers associated with an edge from A; to Az in the figure, the
first is the geometric mean of the ratio Ic[A2]/Ic[A1], and
the second is the geometric mean of the ratio Cr[A2]/C1[A1].
The study shows that Steensgaard’s algorithm computes sig-
nificantly more precise information than the worst-case ap-
proximation. This result agrees with the comparison of the
worst-case approximation to Steensgaard’s algorithm on C
[12].° However, this result is quite different from that re-
ported in Reference [19], in which the precision of Steens-
gaard’s is close to the worst-case approximation. Although
the precision is measured differently, another major factor
that may contribute to the difference is that our implemen-
tation of Steensgaard’s computes more precise information:
our implementation avoids computing points-to sets for this
and handles collections and maps more precisely. The study
also shows that Andersen’s algorithm may compute signif-
icantly more precise information than Steensgaard’s. How-
ever, as expected, there is no significant difference between
algorithms that compute information for class fields and al-
gorithms that compute information for instance fields. This
result suggests that the high cost of computing information
for instance fields in Andersen’s algorithm is not worthwhile.

Virtual Call Resolution. In this study, we compared
the effectiveness of resolving virtual method calls using the
points-to information provided by the seven algorithms we
considered. Given a virtual method call r.m(), we can obtain
the set of invocable methods in two steps. We first collect
the types of the instances in the points-to set of r. We
then search for methods with signature m() in the types
that we collect in the first step. These methods are the
invocable methods for the method call. A virtual method
call is resolved if there is only one invocable method.

Let C be the set of virtual method calls that we con-
sider, and R, be the set of virtual calls that are resolved
using approach x (x can be CHA, RTA, or one of the seven
algorithms). Given an algorithm A, we measured the per-
centage of virtual calls that can be solved by A but not by
CHA (JRa—Rcual*100/|C|). We also compared the results
with that computed using RTA. To compare different algo-
rithms, we considered only the method calls that appear in
the code that is analyzed by all seven algorithms. The left-
side of Table 3 shows the results. In each pair of numbers,
the first number is computed by counting the number of

SResults are more dramatic on C because types are unsafe
in C.

virtual method call statements in the code, and the second
number is computed by counting the number of virtual call
invocations in a trace generated by the profiler. The table
shows that, for several programs, resolving virtual method
calls using points-to information can be significantly more
precise that resolving virtual method calls using CHA or
RTA. This is consistent with the findings in Reference [16].
However, except for antlr and jar, the absolute difference
for the results computed with various points-to analysis al-
gorithms is insignificant. This suggests that Steensgaard’s
algorithm is good enough for virtual call resolution. Note
that for toba, because a call statement that reads bytes from
a stream has been executed many times, resolving such a call
greatly increases the percentage of resolved virtual method
invocations.

Escape Analysis. In this study, we compared the effective-
ness of computing escape information using the points-to in-
formation provided by the seven algorithms.” We measured
the percentage of instances that are local to a method (an
instance I is local to a method m if I is instantiated in m
and cannot be returned to m’s callers). To compare differ-
ent algorithms, we considered only the instances that are
explicitly created using new statements in the code that is
analyzed by all seven algorithms.

The right side of Table 3 shows the results of this study.
In each pair of numbers, the first is computed by examining
the new statements that create local instances and the sec-
ond one is computed by examining the instances created at
those statements at runtime. The table shows that points-
to information computed by these algorithms can effectively
support escape analysis. The table also shows that, for a
few programs (e.g., raja), Andersen’s algorithm computes
significantly better results than Steensgaard’s. However,
among different versions of Andersen’s algorithm, the dif-
ferences in the results are insignificant. This suggests that
any version of Andersen’s algorithm can be used for escape
analysis.

Summary. Our studies suggest that A-C-Rta or A-C-Fly
perform the best among the evaluated algorithms: they are
more efficient than, but as precise as, A-I-Rta and A-I-Fly,
and they compute more precise information than Steens-
gaard’s algorithm. Because A-C-Rta and A-C-Fly handle

"Reference [16] discusses the details about computing escape
information using points-to information.



Resolved % resolved by points-to analysis but not by CHAY % of method local instancest

by S-C- S-C- A-C- A-I- A-T- S-C- S-C- A-C- A-T- A-T-
program Cha Rta Cha Rta Cha Rta Fly Cha Rta Cha Rta Fly
JavaSim 100/100 0/0 0/0 0/0 0/0 0/0 0/0 51/0. 51/0. 51/0. 51/0. 51/0.
antlr 60.7/67.1 | 13.9/30.5 | 14.3/30.5 | 14.3 /30.5 | 19.7/31.2 | 19.9/31.5 | 20.0/31.9 47/2. 47/2. 49/2. 50/4 59/39
jar 85.7/58.0 2.85/0 6.79/0 | 13.5 /41.9 | 9.70/41.9 | 13.5/41.9 | 13.5/41.9 || 48/56 | 53/63 | 76/85 | 76/85 | 76/85
javacup 94.1/96.3 | 0.42/0.00 | 0.43/0.00 | 0.43 /0.00 | 0.53/0.11 | 0.53/0.11 | 0.53/0.11 24/33 | 24/33 | 24/35 | 24/35 | 24/35
javact 78.6/— 0.38/— 0.43/- 0.43 /- 2.06/— 2.09/- 2.09/- 33/— 33/— 40/- 40/— 40/-
jbf 92.7/43.0 0/0 | 3.61/24.1 | 3.61 /24.1 | 4.16/32.3 | 4.16/32.3 | 4.16/32.3 || 61/26 | 61/26 | 69/27 | 69/27 | 69/27
jess 69.0/95.7 | 3.78/1.47 | 3.83/1.47 | 3.96 /1.54 | 5.13/1.57 | 5.36/1.64 | 6.70/2.24 || 34/10 | 34/10 | 35/10 | 35/10 | 35/10
jfe 91.0/95.6 | 7.06/4.25 | 7.21/4.25 | 7.21 /4.25 | 7.21/4.25 | 7.21/4.25 | 7.25/4.25 || 61/55 | 61/55 | 67/55 | 67/55 | 68/56
jlex 99.2/99.9 | 0.38/0.02 | 0.57/0.03 | 0.57 /0.03 | 0.57/0.03 | 0.57/0.03 | 0.57/0.03 || 30/56 | 30/56 | 32/57 | 32/57 | 32/57
jtar 96.9/99.9 1.02/0 1.02/0 1.02 /0 1.02/0 1.02/0 1.02/0 || 60/23 | 60/23 | 70/27 | 70/27 | 70/27
kawa 83.7/95.6 2.43/0 2.57/0 2.75 /0 | 3.10/1.47 | 3.33/1.47 | 3.80/1.47 37/2. 37/2. 41/2. 41/2. 42/2.
raja 70.3/61.4 | 14.8/14.0 | 29.6/38.5 | 29.6 /38.5 | 29.6/38.5 | 29.6/38.5 | 29.6/38.5 11/15 | 11/15 | 42/65 | 42/65 | 42/65
sablecc 77.2/89.0 | 5.32/5.16 | 7.94/9.05 | 7.94 /9.05 | 7.97/9.65 | 7.97/9.65 | 11.2/9.65 27/13 | 27/13 | 36/13 | 36/13 | 36/13
toba 97.4/73.5 | 0.89/26.3 | 1.07/26.4 | 1.07 /26.4 | 1.07/26.4 | 1.07/26.4 | 1.07/26.4 78/32 | 78/32 | 79/36 | 79/36 | 79/36

tData for A-C-Rta and A-C-Fly are not shown because they are identifical to the data for A-I-Rta and A-I-Fly.
{Dynamic data are unavailable for javac because our profiler ran out of memory.

Table 3: Left: Percentage of resolved virtual method calls. Right: Percentage of method-local instances.

mostly one-level references (only references to arrays, col-
lections, and maps are multi-level), these algorithms may
be implemented, without losing much precision, using an ef-
ficient approach similar to the one presented in Reference
[7]. Our future work will evaluate such an optimization.
The lack of difference between the information computed
by A-I-* and that computed by A-C-* can be interpreted
in two ways: (1) encapsulation present in Java programs
helps to simply and improve Andersen’s algorithm; or (2)
encapsulation lowers the precision of Andersen’s algorithm
because the accesses to the same field of different instances
cannot be distinguished. Our future work will investigate
the impact of encapsulation on other points-to analyses.

4. RELATED WORK

Rountev et al. [16] extend Andersen’s algorithm to Java
using annotated inclusion constraints that let the algorithm
compute information for instance fields and discover the tar-
gets of virtual calls on the fly. The algorithm uses stubs for
native methods and analyzes methods both in the applica-
tion and in library. The efficiency of the algorithm and the
impact on call graph construction, virtual call resolution,
and escape analysis have also been evaluated. Streckenbach
and Snelting [19] extend both Steensgaard’s and Andersen’s
algorithms to Java using a framework. The framework com-
putes information for instance fields and uses condition con-
straints to discover the targets of virtual calls on the fly.
They also propose a conservative approach to approximate
the effect of unanalyzed code. The approach puts all the
instances that are passed into unanalyzed code into one set.
When a statement in analyzed code calls a method in un-
analyzed code, the approach assumes that all instances that
are in the set and have appropriate type may be returned.
When a method in analyzed code can be called from unana-
lyzed code, the approach assumes that all instances that are
in the set and that have appropriate types may be passed
through formals. They also report empirical studies that
evaluate the efficiency, precision, and impact on virtual call
resolution and KABA, another client analysis.

Our work differs from these existing works in several as-
pects. First, we consider other alternatives to handle fields
and virtual calls. Our empirical evaluation of these alter-
natives reveals that simplifying field handling in Andersen’s
algorithm significantly improves its efficiency without los-
ing precision. It also reveals that finding targets using RTA
is almost as good as finding the target on the fly. Second,

we propose a more precise way to handle collections and
maps. Third, we propose an approach that avoids, if possi-
ble, computing points-to set for this. This approach may
help Steensgaard’s algorithm to compute more precise infor-
mation than Streckenbach and Snelting’s approach.

Various flow-insensitive type inference algorithms (e.g., [1,
3, 9, 14, 20, 21]) have been developed to determine the
types of the objects that may be pointed to by a pointer
in an object-oriented program. Such type information can
be used for resolving virtual method calls. Because the type
information can be inferred from the points-to information,
our work offers effective approaches that compute safe type
information for Java programs. In addition, because pointer
analysis distinguishes instances of the same class, using in-
formation provided by pointer analysis may compute more
precise type information than using a type inference algo-
rithm.

Recently, several escape analysis algorithms for Java [4,
5, 6, 22] have been developed. Our work offers another al-
ternative for computing escape information. Our empirical
studies show that this alternative may be efficient and effec-
tive.

5. CONCLUSION

This paper discussed various approaches for extending
two flow-insensitive, context-insensitive pointer-analysis al-
gorithms — Steensgaard’s and Andersen’s — to handle im-
portant features of Java programs. The paper also presented
a set of empirical studies that evaluate the effectiveness of
these approaches. Our studies show that, by careful han-
dling various Java features, Steensgaard’s algorithm and An-
dersen’s algorithm can efficiently compute much more pre-
cise information than the worst-case assumption. The stud-
ies also show that object-oriented programming style may
significantly affect the performance of points-to analysis al-
goritihms.

Our future work will include more extensive experimenta-
tion with these algorithms and their extensions. Given the
results of the empirical studies presented in this paper and
our previous experience with developing efficient points-to
analysis algorithms, we believe that both the precision and
the efficiency of these algorithms on Java programs can be
further improved. Our future work will also involve the de-
velopment of new algorithms for computing points-to infor-
mation for Java programs.
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