Optimizing Object-Oriented Languages
Craig Chambers
Summary by Jonathan Aldrich
May 30, 2001

1 Introduction

Object-oriented and functional programming languages pose new challenges for program analysis because
control flow can depend on data values. For example, object-oriented languages provide dynamic
dispatching. An expression of the form receiver.msg(args) may invoke one of severa different
method bodies, depending on the run-time class of the receiver object. In functional languages, a
function call through a variable of function type may invoke any function that is possibly stored in the
variable. Function pointers in C are another form of data-dependant call. These data-dependant function
calls can degrade performance in functional and object-oriented languages. The performance degradation
is due both to the direct cost of implementing the call and the indirect costs. Optimizations such as static
binding, inlining, and procedure specialization can reduce these costs, but can only be effectively applied if
an analysis can determine precisely which methods might be invoked at a given call site.

1.1 Call graph construction

Call graph construction is a kind of program analysis that determines which functions or methods might be
invoked at each call site in the program. Shivers [S88] called this control-flow analysis. Another nameis
closure andlysis in functional languages; it determines which closures each expression could refer to, thus
implicitly determining a call graph. In object-oriented languages, the call graph is constructed using class
analysis, an analysis that determines which classes an expression might belong to.

Call graph construction is challenging in part because of a circular dependency between control flow and
data flow. In higher-order (functional and object-oriented) languages, the function invoked at a cal site
may depend on the data that flows to the call site. However, in order to determine the data flow in a
program, a cal graph must be built. Thus, call graph construction in higher-order languages must
simultaneously build the call graph and propagate analysis data through the program.

In the rest of this paper, we will focus on object-oriented examples, but the same techniques can be used to
analyse functional programs.

1.2 ClassAnalysis

Class analysis computes for each object-valued expression the set of classes that the object might be an
instance of. Thus the domain of class analysisis the powerset of the set of al classes in a program, and the
partial order is given by the subset operator (assuming abstract interpretation conventions). Note that in
order to represent this set explicitly, the whole program must be available. For example, anaysis may
determine that a receiver object is an instance of one of the classes{ C;, C,, ... C,}. Ingenerd, if aclass
Ci isin an analysis set, subclasses of C; are not automatically in the set. The analysis is sound if, for all
possible executions of the program, the run-time receiver object is an instance of one of the computed
classes.

Class analysis can be performed intraprocedurally, by flowing class sets from one expression to another.
The analysis must assume that all procedure arguments and results of called procedures could have a class
type that is any subtype of the declared static type. At new statements the analysis can narrow the class
sets to a single class, and if a class test is used in an if statement (e.g., if (obj instanceof
Class) in Java), the class sets can be narrowed appropriately in the branches of the i £. The results of
class analysis can be used to inline or statically bind a method call site, and can even be used to constant-



fold class tests. Due to the conservative assumptions about method arguments and results, however,
intraprocedural class analysis is usually not very precise, and so interprocedural class analysis must be

applied.

1.3 Comparison to other analyses

It is interesting to compare class analysis to similar value analyses. Constant propagation computes the
actual value of a constant, not just its class, and is more precise in this way. However, class analysis is
more precise in that it can compute an arbitrary set of classes, while constant propagation either computes
the exact value of a constant or nothing at all. Class analysisis less precise than points-to analysis, because
the latter can compute that a reference points to a particular piece of data, rather than a general class of
data.

This shows that design of the analysis domain is a crucial decision in program analysis. The design of the
domain often determines the precision of the resulting analysis. One could improve the precision of class
analysis, for example, by adding a set of constant values to the domain below each singleton class set. This
would enable class analysis to perform constant propagation as well.

2 PreviousWork

The earliest class analyses were intraprocedural flow-sensitive analyses defined in Typed Smalltalk [J88]
and Self [CU90]. In that year, Shivers defined the O-CFA interprocedura context-insensitive flow-
insensitive control-flow analysis for Scheme [S88]. This analysis computes the set of closures that could
be present in each program variable; when the set for a function argument is augmented, the function is
reanalyzed with respect to the new data. Palsberg and Schwartzbach applied a similar algorithm to object-
oriented languages [PS91]. These analyses are al flow-insensitive as defined, but some flow sensitivity
can be regained by using an SSA intermediate form. The results of class tests can be used to further refine
these analysis in a flow-sensitive way.

Shivers k-CFA family of analyses extends the 0-CFA analysis to be context-sensitive [S88]. In these
analyses, a function is analyzed separately for each calling context, where a calling context is a call string
of k enclosing functions. These analyses have aso been applied to object-oriented languages [OPS92].
Plevyak and Chien defined an adaptive version of k-CFA that begins with 0-CFA and iteratively refines the
analysis by increasing k at particular program points to avoid loss of precision [PC94]. Agesen defined an
analysis using the functional approach to interprocedural analysis [SP81]. His Cartesian Product Analysis
(CPA) analyzes each function once for each unique tuple of argument classes[A95]. The analysis function
is then encoded with partial transfer functions.

One might think that the functional approach is always superior to cal strings for the following reason: Call
strings may not do enough work, because a particular bound on the call-string depth may not be enough to
capture the difference between different contexts. At the same time, call-strings often wastes considerable
analysis effort by reanalyzing a procedure multiple times with essentially the same analysis information. In
contrast, the functional approach always does exactly the right amount of work to distinguish between
different calls to the same function, given a particular choice of an analysis domain.

The call strings approach does have one advantage, however: there’'s a natural way to bound call strings at
k levels deep. It's much harder to bound the functional approach when the domain is infinitely wide (or
just too large). One can limit analysis to k partial transfer functions, but that is more arbitrary than k levels
of call-string context because it means that the order of analysis matters.

Another area of precision is creation-point sensitivity: does the analysis distinguish between objects created
at different points in the program source? The advantage of creation-point sensitivity is that the analysis
can detect when generic data structures are used in a parameterized way. For example, the analysis can
distinguish a list of integers from a list of reals if they are created at different program points, and avoid
assuming that an integer could be read out of the list of reals. A limitation is that different creation points
may have the same parameterization, but the analysis will waste work distinguishing them. In addition,
since a “factory method” may be used to create generic data structures with different parameterizations, the



analysis may need to include an arbitrary amount of context from the creating procedure to be precise
enough.

3 A Unifying Framewor k

Grove and Chambers developed a generic framework for describing call graph construction a gorithms,
adlowing their precisions and costs to be compared both theoretically and practically
[GCO01][G98][GDDC97]. The language in the framework has first class, nested functions as well as
objects, and can express all of the analyses described above.

The framework describes context sensitivity in terms of contours. A contour is one instance of a calling
context, and can aso be thought of as an analysistime specialization of a procedure. An analysis of a
function for a particular call string would be an example of a contour when using call strings for context
sengitivity. Every contour has a contour key which describes the context to which it applies, and analysis
data that has been computed for that contour. For example, in the contour described above, the call string
might be the contour key, and the analysis data would include the classes of the formal parameters.

Contours are created to represent procedure contexts, class contexts, and instance variable contexts. As
described above, a procedure contour might represent all invocations with a particular call string suffix, or
it might represent al invocations with a particular tuple of argument classes (in the CPA algorithm). A
class contour might represent all instances of a class that were created at a particular program point. An
instance variable contour typically uses the same contour key as the enclosing class.

In order to perform analysis within the framework, a client must specify the domain of class keys, the
domain of procedure keys, and two functions. The PKS function selects and returns a contour for a
particular invocation. It is given the calling procedure contour, the call site identifier, a set of class
contours for each argument position, and the name of the callee procedure. The CKS function selects and
returns a contour for a particular object creation. It is given the creation site id and the contour of the
creating procedure.

3.1 Examples

0-CFA 0-CFA+cp 1-CFA k-CFA CPA SCS
ProcKey {1} {1} CallSites Seqf(CallSites) Tuple( Tuple(Set(
ClassContours) ClassContours))
ClassKey {1} CreationSites {1}, 0r [similar to [similar to [similar to 1CFA]
CreationSites 1CFA] 1CFA]
[x ProcKey]
Cost on) on®) polynomial polynomial polynomial exponential

Table1l. Common analyses expressed in the unifying framework.

Table 1 shows how the analyses discussed above can be expressed in this framework. 0-CFA is context-
insensitive; thus there is only one contour key for procedures and classes, denoted by a class key set {1}.

0-CFA can be enhanced using the set of creation points as the class key, enabling the analysis to treat data
structures polymorphically without any worst-case analysis cost. For 1-CFA, the procedure key is the call
site that the procedure was called from, and k-CFA generalizes this to a sequence of call sites. Asinthe O-
CFA case, these analyses can be run with the class key set {1}, or they may use the creation points as class

keys, or they may use both the creation point and the procedure key of the calling function as a class key.
The CPA analysis uses atuple of class contours as the key for procedures.

A novel instance of this framework is the simple class sets algorithm (SCS). Instead of using a tuple of
classes as the procedure contour key, it uses a tuple of sets of classes. This makes SCS potentially take
exponential time. However, simple class sets works better than CPA in practice, because when a function
is called with a number of different classes in each argument position, SCS will just analyze the function
once, while CPA will analyze it once for every tuple of classes in the cartesian product of the argument
class sets.



3.2 Linear-timeanalyses

Unfortunately, none of the interprocedural algorithms described above scale to large programs. Recently, a
good deal of work has gone into developing algorithms that compute relatively precise results, yet run in
near linear time. The simplest such analysis is Class Hierarchy Analysis (CHA), which determines the set
of classes in the program, and assumes that each expression may be an instance of the set of classes that
inherit from its static type [DGC95]. Rapid Type Analysis (RTA) analysis improves on CHA by
computing the set of classes that may be instantiated at run time [BS96]. Classes that are never created, or
whose only creation sites are statically unreachable, may not be part of any class sets. Steensgaard’s alias
analysis [S96] shows how to compute better aias information than is attainable through RTA using
unification techniques. Steensgaard’s analysis can be applied to object-oriented programs as well,
producing a linear time bound if an intermediate dispatching function is placed between callers and callees
of aparticular method name (to eliminate the possibility of O(n®) edgesin the call graph).

3.3 Blending Unification with Propagation

A new set of algorithms was developed that blends unification with propagation to produce a linear-time
analysis that is still reasonably precise in practice [DGC98]. Consider an assignment X :=y in a program.
In the 0-CFA analysis, this assignment can be modeled by inserting an inclusion constraint between the
values of x and y, so that x may point to any class that y may point to. Steensgaard’s algorithm models this
assignment with an equality constraint, so that x and y must point to the same classes. The equality
constraint enables Steensgaard’'s analysis to run in near-linear time, but loses considerable precision by
ignoring the directionality of assignment.

The key idea of the new algorithms is to use an inclusion constraint with an integer bound. Whenever a
data value is passed along the constraint, the bound is decremented, and when it reaches zero, the inclusion
constraint becomes an equality constraint. If the bound is 0, we have Steensgaard’'s analysis, and an
infinite bound corresponds to 0-CFA. A constant bound k improves the precision of the analysis while till
remaining linear. In practice, using a constant bound achieves about half of the optimization benefit of 0-
CFA at atiny fraction of the cost.

4 FutureWork and Conclusions

A number of precise interprocedural algorithms have been proposed for constructing call graphs in object-
oriented and functional languages. We have discussed a unifying framework that allows these analyses to
be compared according to precision and cost [GC01]. Recent work in the area has focused on devel oping
linear-time analyses that scale to large programs without losing precision.

There are anumber of open questions and areas for future work:

= Can one do better using a constraint-based formalism? This might enable graph optimizations such
as collapsing cycles, etc., allowing more precise analyses to scale to larger programs.

» |sthere away to extend the linear-time algorithms to make them context sensitive, perhaps using
polymorphic type based analysis?

» |sthere a way to analyze the contents of data structures more precisely? For example, can arrays
be modeled in a more detailed way than as an unordered bag of objects? Isthere a way to recover
the parameterization on generic data structures?
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