Dynamic vs. Static Optimization Techniques
for Object-Oriented Languages

Urs Holzle

Ole Ageseh

Abstract: Object-oriented programs can be optimized either dynamically, i.e., based on run-time information, or
statically, i.e., based on program analysis alone. Two promising optimization techniques for object-oriented languages
are type feedback (dynamic) and concrete type inference (static). We directly compare the two technigues, evaluating
their effectiveness on a suite of 28.8 programs while keeping other factors constant.

Our results show that both systems inline >95% of all sends and deliver similar overall performance with one
exception: 8LF's automatic coercion of machine integers to arbitrary-precision integers upon overflow confounds
type inference and slows down arithmetic-intensive benchmarks. We also show that a system combining the two
optimizations can combine their strengths and outperform each individual optimization.

We discuss several other issues which, given the comparable run-time performance, may influence the choice between
type feedback and type inference.

1. Introduction

The dynamic dispatch present in object-oriented languages impairs many static code analysis and optimization tech-
nigues because they rely on statically knowing a program’s call graph. Thus, calls not only slow down the program
through the calling overhead per se but also through optimization opportunities destroyed by dynamically-dispatched
calls. To make matters even worse, object-oriented programs tend to contain more calls at the source level than proce-
dural programs since the object-oriented programming style encourages factoring code into small pieces to obtain
fine-grained reuse. Because traditional compilers are unable to remove dynamically-dispatched calls (a.k.a. message
sends), object-oriented programs usually exhibit a higher calling frequency than procedural programs. The frequent
calls, combined with the scarce opportunities for traditional code optimizations, can lead to poor run-time perfor-
mance.

Thus, the key to efficient implementation of object-oriented languages is to eliminate dynamically-dispatched calls by
statically binding or inlining them. However, to inline a dynamically-dispatched call, the compiler must know the
method being invoked by the call. Unfortunately, the method is often unknown, even in statically-typed languages.
Consider the following C++ code fragment:

GraphicalObject* obj;

obj->moveTo(0, 0);

Despite the type declaration, a C++ compiler cannot statically binchélveTo call because it does not know the
object’s exact class (e.g., whether it is an instance of Blaisé or classRectangle ), and thus it cannot deter-

mine whethePoint::moveTo  or Rectangle::moveTo will be invoked. Recently, however, two techniques
have emerged which promise to enable better optimization of dynamically-dispatched calls by providing the compiler
with precise information about the class of the receiver:
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www.cs.ucsb.edu/~urs. Ole Agesen, Computer Science Department, Stanford University, Stanford, CA 94305;
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» Type feedbacknonitors previous executions of the program to determine the set possible receiver classes, and
» Concrete type inferenamputes the set of possible receiver classes by analyzing the program’s source code.

A priori, each technique can potentially outperform the other in its ability to support optimization of object-oriented
programs:

» Type feedback may generate better code because it takes into account the relative frequencies of receiver classes
rather than treating them all as equally likely.

» Type inference may generate better code because it can completely eliminate dispatch for many message sends.

Previous studies have reported the effectiveness of type inference and type feedback (e.g., [PC94a] and [HU94a]) but
direct comparisons have been impossible because important other factors were different, including programming
language, compiler technology, and choice of benchmarks. The main contribution of this paper is a comparison which
is:

« direct, because we have been able to connect both type feedback and type inference to the same compiler back
end, use the same run-time system, and execute the same suite of benchmarks in both cases;

« realistic, because both the type feedback system and the type inferencer represent high-quality implementations
of these concepts (the underlyingL&93 system has been shown to significantly outperform commercial
Smalltalk implementations [HU94a]); and

« comprehensivebecause it discusses many aspects of performance rather than focussing just on raw execution
performance.

With the exception of a recent study by Dean et al. [DGC95], which compared a very simple form of static analysis,
Class Hierarchy Analysis, to profile-driven optimization techniques, we believe that the present study is the first one
to compare dynamic and static optimizations for object-oriented languages, let alone to evaluate their combination.

In the remainder of this paper, we briefly summarize the two techniques (section 2), quantitatively compare them step
by step (section 3), describe and evaluate their combination (section 4), and qualitatively discuss their relative
strengths and weaknesses (section 5). In section 6 we review related work, and finally offer our conclusions in
section 7.

2. Background

2.1 &ELF

SELF [US87] is apure object-oriented languagell data are objects, and all computation is performed via dynami-
cally-dispatched message sends (including all instance variable accesses, integer arithmetic, and control structures
like if andwhile ). SELF merges state and behavior: syntactically, method invocation and variable access are indis-
tinguishable—the sender of a message does not know whether the message is implemented as a simple data access or
as a method. Consequently, all codeefgesentation independesince the same code can be reused with objects of
different structure, as long as those objects correctly implement the expected message rotscplurs seman-

tics result in very frequent message sends; in this respect, it is even harder to implement efficiently than Smalltalk.

2.2 Terminology

The term “type” commonly refers to several distinct concepts, such as abstract types (interfaces), concrete types
(implementations), or sets of classes. To avoid possible confusion, we will use the following terminology throughout
this paper:

» A classis a data structure that exactly describes the implementation of its instances, i.e., their size, layout, and the
implementations of all methods defined for that class. Each object has exactly one class, and all instances of a class
share the same implementation.



Classes need not be visible at the language level. For exaraptettt® language used in the study, is prototype-

based and thus has no notion of classes in the language. Nevertheless, the implementation maintains internal de-
scriptors to keep track of each object’s layout and methods, and these descriptors are equivalent to what we term
“class” here.

» A typeis a set of classes, possibly including timjknown class. Thus, a type likd?pint } denotes “an object
of classPoint " whereas Point , unknown } denotes “an object of clag®int or any other class.” The latter
kind of type, though theoretically equivalent tonknown}, is used by type feedback for reasons that will
become clear shortly.

The remainder of this section briefly reviews type feedback and type inference; both systems have been described in
more detail elsewhere ([Age94a], [Age95], [HU94a], [HO194]).

2.3 Type feedback

The key idea of type feedback (also called profile-guided receiver class prediction) is to extract type information from
previous executions and feed it back to the compiler (Figure 1). This feedback can happen dynamically (i.e., while
the program is running) or statically (after execution completes, as in traditional profile-based optimization). Type
feedback uses an instrumented version of a program to record the pragpe psofile which is a list of receiver

classes (and, optionally, their frequencies) for every single call site in the program. To obtain the type profile, the
standard method dispatch mechanism is extended in some way to record the desired information, e.g., by keeping a
table of receiver classes per call site.

program
source
\ optimization
compiler ™ | executable
program
type
information

Figure 1. Overview of type feedback.

Based on the type feedback information, the compiler can predict likely receiver classes. For example, if type feed-
back indicates thaibj 's class always waBoint , the compiler could transform the cabj->moveTo(0, 0)
into the following code:

if (obj->class == #Paint) {
/* inlined copy of Point::moveTo */
obj->x = obj->y = 0;

}else {
/* handle non-Point case here */

}

ForPoint receivers, the above code sequence will execute significantly faster since the original virtual function call
is reduced to a simple load instruction and a comparison. Inliningakie To method not only eliminates the calling
overhead but also enables the compiler to optimize the inlined code using dataflow information particular to this call
site.

The implementation of type feedback in theL§93 optimizing compiler has been described elsewhere ([H5194],
[HU94a]). With type feedback, theeG-93 compiler can inline more message sends and achieve better performance
than previous compilers [HU94a]. For example,rS93 executes a suite of three medium-sized (400-1,100 lines)
and six large (4,000-15,000 lines) programs 1.5 times faster thamith®Bcompiler [HU94a]. For two medium-
sized programs that are also available in Smalltaks-93 is about three times faster than ParcPlace Smalltalk.

In contrast to a type inference system (and to previaus §/stems), 8.F-93 performs very little dataflow (or type-
flow) analysis in an effort to keep the compiler small and fast. The compiler only performs trivial propagation of
result and argument classes during inlining. For example, when inlining théogenti the compiler will keep



track of the fact thatoo 's argument is the integer 1. On the other hand, when compiling the statg¢mients
i i+ the compiler will tes} s class even if a simple dataflow analysis would reveaj tiaequal ta .

2.4 Type inference

Concrete type inference or constraint-based analysis [PS91][APS93][PC94a], unlike type feedback, does not rely on

executing the program. Given the program source, this global analysis statically computes a type for every expression

in the program. The types, as in type feedback, are sets of classes, but unlike the types obtained by running an instru-
mented program, the types computed by type inference never containktimvn class and arsafeapproxima-

tions:

* If the type {Class 1, Class », ...,Class ;} is inferred for some expressidf it is guaranteed that durirzgy
execution of the programyerytime E is evaluated, the result is an objecCtdss 4, Class », ..., orClass ;.

The key idea in type inference, and one that sets it apart from traditional data-flow analysis, is to compute control-
flow and data-flow information simultaneously. This is necessary to analyze dynamically-dispatched sends precisely
because:

 to determine the methods that a send may invoke, the possible classes (i.e., the type) of the receiver must be
known, and

« to determine the type of a send, the methods it may invoke must be known.

Figure 2 shows a typical situation during type inference. A sehjezmoveTo(0,0) , is being analyzed. Previous
inference has determined that the receiver expressipn,may evaluate to Boint object, so the send is analyzed

by connecting it to &emplatefor thePoint::moveTo  method. A template is a representation of the control- and

data flow within a method; if the method contains sends, these will yield connections to other templates. When a send
is connected to a template, the types of the actual arguments, in this case lsitapbr{ }, are propagated into the
corresponding formal arguments in the template. The type returned by the invoked method is determined by propa-
gating the formal argument types through the template to its output. Finally, the result type of the template becomes
the type inferred for the send connected to it.

obj->moveTo(0,0)

Point::moveTo
template

resul

type of send =PRoint}

Figure 2. Type inference analyzes a send by connecting it to a template for the invoked method.

As type inference proceeds, new classes of objects may be found to be possible receivers of previously analyzed
sends. For example, the type inferencer may discover an assignmeRectagle object to the variablebj .
Subsequently, it must be assumed that the sbpdmoveTo(0,0) can invoke eithePoint::moveTo  or
Rectangle::moveTo . This situation is handled by connecting the send to templates for both of these methods
and collecting the result types from each of them, as shown on Figure 3.

Type inference starts in a designatedin methodequivalent to thenain() function in a C program) and from

there traces sends to other methods, creating templates for these as they are encountered, and recursively processing
their sends. Eventually, when all possible method invocations have been analyzed, type inference terminates and a
type is available for every expression in the program.

Polymorphism increases code reuse by allowing a piece of code to work on several kinds of objects. For example, a
sort routine that can sort any vector of objects implement#igs‘ polymorphic. Polymorphic code is harder to
analyze precisely because the different uses need to be kept distinct. To accomplish this, our type inference algorithm



obj->moveTo(0,0

Point::moveTo Rectangle::moveTo
template template

resul resul

type of send =Roint , Rectangle }
Figure 3. How type inference analyzes a send that may invoke multiple methods.

is polyvariant i.e. may analyze each method more than once. Expressed in terms of templates, polyvariance means
that several templates may be created for a single method, with different sends invoking the method being routed to
different templates. Several polyvariance strategies, varying widely in precision and efficiency, have been proposed;

see [Age94a] for an overview. The strategy used in this paper, the Cartesian product algorithm, computes the Carte-
sian product of the actual argument types and analyzes each combination separately. Details can be found in [Age95].

2.5 Summary and comparison

Both type feedback and type inference operate with types that are sets of classes, and both systems produce types that
are approximations. However, the approximations differ in nature. Type feadthdetestimatethe exact types, i.e.,

computes lower bounds—no matter how long a given expression is observed, the possibility that it may yield an
instance of a new class next time remains. Type inference, on the otheoVvenedtimateshe exact types, i.e.,

computes upper bounds. Type inference simply must approximate to remain computable. For example, finding the
exact type of this conditional statement is hard (or at least was until recently):

if “Fermat’s last theorem is true” then point else rectangle;

The lower bounds versus upper bounds distinction has important consequences for how the types can be applied
during compilation. We discuss this issue in sections 3 and 5.

The other major difference between type feedback and type inference is that the falynamig; i.e., requires the
program to be executed, whereas the lattstatic. This difference has consequences for the system as a whole, as
will be discussed in section 5.

3. Quantitative evaluation

3.1 Implementation overview

To measure the usefulness of type inference for optimization, we combined and extended two existing systems: a type
inferencer and application extractor written ELS and a 8LF compiler written in C++. The interface between the
two systems is a “snapshot” (image) containing a type-annotated benchmark program.

We first modified the application extractor, described in [AU94], to output benchmark programs together with their
type information. The normal functionality of the extractor is to identify a set of methods and objects that are suffi-
cient to run a given application and write them outms Source code. The modified extractor additionally annotates

each object with its “group ID,” an integer representing the object’s class. All objects with the same group ID are
guaranteed to have the same implementation as far asitheviBual machine is concerned. Furthermore, each
method is annotated with a “method ID,” an integer serving as an index into an array of templates. Each template is a
vector describing the inferred type for the method receiver, its result, and each of the expressions in the method. In
the extracted format, a type is represented as a vector of group IDs. The extractor places all of these data structures at
the end of the file containing the program source itself. Finally, ghe Brtual machine is invoked to convert the



source file to a binary snapshot containing all the objects, methods, and type information. This snapshot is the only
input to the type-inference-based compiler.

We then modified the optimizingeS--93 compiler to take advantage of this type information and to not use type
feedback. Using the template array and several auxiliary arrays, the compiler searches for applicable templates when-
ever it compiles a particular source method. In general, the type inferencer may generate more than one template per
method, each of them for a particular combination of receiver or argument types [Age95]. Using its internal type
information about the method’s receiver and arguments, the compiler discards all templates that do not match (e.g.,
because they specify an incompatible receiver or argument type). Then, it merges the remaining templates by
merging their entries and translates the resulting types into its internal type representation. While compiling the
method, the compiler then uses this type information to inline messages. All other optimizations usually performed
by the &LF compiler, such as customization, splitting, and copy propagation, are performed as usual.

Whenever the compiler has a choice between using the information obtained from the type inferencer or its own
information (obtained, for example, by simple local propagation or by optimizations such as constant-folding), the
compiler chooses the more precise information. For example, the compiler might know that the result of the expres-
sion 3 + 4 is the constant 7 (and thus of tyijme(ger }) whereas type inference would give its type bedger

Biginteger }. Thus, the type inferencer benefits from the same local analysis that the standard system uses, so that
the two can be fairly compar%d

Two limitations of the current £2F virtual machine affect the type-inference-based compiler. First, the virtual
machine requires that all methods be customized to their receiver [CUL89]. Consequently, methods will be custom-
ized to a specific receiver even if the type inferencer does not require it. Second, the run-time system, unlike the type
inferencer, does not support multiple dispatch. Therefore, the compiler sometimes must merge templates that differ
only in their argument types.

To evaluate type feedback, we used an essentially unmodified version of the cerresystem which is based on
the ELF-93 compiler [HU94a]. To enable an unbiased comparison, we made sure that the compiler used exactly the
same optimization parameters and heuristics as the compiler using type inference.

3.2 Benchmarks and systems

To evaluate the relative performance of type inference and type feedback, we executed a suite of 23 benchmarks (see
Table 1). The benchmark programs can be divided into three groups:

» “Tiny” is a set of very small integer benchmarks on which one would expect type inference to do particularly well
since these programs do not use polymorphism. They are included for reference only.

« “Small” is a set of small benchmarks which primarily operate on integers and arrays and contain little
polymorphism. These benchmarks are intended to represent the kernels of computationally intensive programs.

» “Large” is a set of application programs which were written by several different programmers and exhibit a variety
of object-oriented programming styles. These programs most closely approximate typicgbBications. One
of them PrimMaker ) uses dynamic inheritance, i.e., objects that change their inheritance structure on the fly.

Because the programs in the Large suite are the most realistic, we will examine their behavior in detail throughout
this paper while summarizing the programs in the other two sets. Full data on all benchmarks is given in the
appendix.

To illustrate the various effects and trade-offs of type inference and type feedback, we measured several systems (see
Table 2). The first two systems use type inference. Tl is the standard configuration running unchanged source code
with unchanged semantics; like Smalltalk, this system automatically converts “small” (30-bit) integers into arbitrary-
precision integers if overflows happen (except for RSA, none of the benchmarks actually use arbitrary-precision inte-
gers). Since the type inferencer performs no range analysis and therefore cannot rule out overflows, the automatic
conversion means that the result of adding two objects of typeger } is the pessimistic typelfiteger

2 \We believe that any optimizing compiler would use comparable or better local analysis, so that it would be unrealistiocsto compa
a type inference system with purely global analysis to any other system.



Appl.

Total

Towers 60
Tree 25 1,108

Name siz@ | sizd Description
AtAlIPut 3| 1,059 store 7 into all elements of 100,000-element vector
:E‘ SumTo 3 1,049 sums all integers between 1 and 10,000; repeated 100 times
= | Recur 3 1,047 tiny recursive benchmark
“ Tak 10| 1,058 derived from Tak benchmark in the Gabriel Lisp benchmark suite
Bubble 200 1,089 sort an array of 5,000 numbers with Bubblesort
Detabify 21 1,071 replace tabs by blanks in a string of ASCII characters
Intmm 30| 1,092 40x40 integer matrix multiply
Mergesort 50 1,169 sorts a 20,000-element array of integers using MergeSort
Perm 25 1,082 heavily recursive permutation program
% Puzzle 170 1,309 solves a tile placement problem
UE, Queens 35 1,094 solves the eight-queens placement problem 50 times
) Quick 35| 1,101 sort an array of 5,000 numbers with Quicksort
Quick2 35 1,180 like quick, but written in an object-oriented style

Sieve 25 1,053 computes prime numbers using the sieve of Eratosthenes (sieve size
1,116 solves Towers of Hanoi problem for 14 disks
sorts 5,000 random integers by inserting them into a sorted binary tree

8191)

DeltaBlue 500 1,35

Diff 300| 1,992
» SParser 400 1,44
% PrimMaker| 1,100 2,24
= |Richards 400 1,28
RSA 300 1,541
CParser 7,000 10,98

8 DeltaBlue constraint solver
compares two files using the same algorithm as the Unix diff utility
2 parser for tre.I$89 language

4 simulates a simple operating system
public-key encryption and key computation (uses Bigintegers)

4 parser for ANSI C; includes lexer, LALR(1) parser, and tree builder

L generates.&and C glue stubs from a description of external C functions

Table 1. Benchmark programs.

2 Approximate lines of codexcludingcode in standard classes suchrdsger , Array , andList . All line counts

exclude blank lines.

Lines of code that type inference shows to be part of the appli¢atioiling methods in standard classes. This size is
muchsmaller than the full &_F environment, but may still include some dead code. The line counts where obtained on
versions of the programs that include BigIntegers. Without Bigintegers, programs are consistently 450 lines shorter.

Name Description
TI SELF compiler modified to use type inference
Tl-int same as TI, but arbitrary-precision integer arithmetic is disabled
TF SELF compiler using type feedback
combined &LF compiler using both type inference and type feedback (see sectipn 4)
unoptimized &LF compiler with optimization turned off (no message inlining)

Biginteger }. The second system, Tl-int, prevents this pessimism by treating integer overflow as a failure that

Table 2. Systems studied.

halts the program, so that the result of adding two integers is always ofnypgef }. In all other aspects, Tl-int

is identical to TI. TF is the standardl$ compiler using type feedback and adaptive optimization. We do not distin-
guish between TF and TF-int because the two are virtually identical in performance. The “combined” system will be

discussed in section 4 and the “unoptimized” system is included for comparison.

Unless mentioned otherwise, all data in this paper are dynamic, i.e., take the relative execution frequencies of sends
into account. To streamline the exposition, we usually give only summary charts in the main text, but detailed data
can be found in the appendix. Box charts summarizing the large benchmarks can be found in Figure A-1 in the

appendix.



3.3 Execution time

Speed is the ultimate goal of an optimizing compiler, and thus we start our analysis with bottom-line performance
numbers; later sections will go into more details. Figure 4 shows the relative execution time of the benchmarks
compiled with TF and the two Tl systems. On average, Tl-int is fastest, executing the large benchmarks a median of
15% faster than TF. Tl is slower than TI-int, outperforming TF on only two of the seven large benchmarks. On the
small integer benchmarks, TI's performance is very poor, two times slower than TI-int. Apparently, the compiler
could not optimize these benchmarks well after predictinte§er , Biginteger } receivers for the extremely
frequent arithmetic operations. We investigate this deficiency of the Tl system in detail in section 3.5.
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Figure 4. Relative execution time of benchmarks.

The speedup of TI-int relative to TF should be taken with a grain of salt since TF could handle arbitrary-precision
integers if they occurred whereas Tl-int couldn’t. However, integer arithmetic is not a dominant component of the
large benchmarks, so the distortion of the results should be small.

As we will see later (in section 3.5), Tl usually removes more dispatches than TF, and that is the main reason for TI's
reduced execution timeES programs typically spend about 15% of their execution time in type tests implementing
message dispatch [H6194] which agrees well with the speedups measured here. Of course, other factors may also
contribute to performance differences (e.g., instruction cache misses) but a detailed analysis is beyond the scope of
this paper.

Although execution speed is important, it only summarizes the final outcome of many interacting processes. In the
next sections we will examine several performance-related issues in more detail. Table 3 contains an overview of the
detailed measurements presented in the remainder of this section.

3.4 Number of message sends

One of the main goals of optimizing compilers for pure object-oriented languages is to inline message sends. How
well do type feedback and type inference perform in this respect? Figure 5 shows that both techniques inline a large
fraction of message sends. For the smaller integer benchmarks, all configurations inline virtually all sends; usually,
less than 1% of the original sends remain. In the large benchmarks, somewhat more non-inlined message sends



Section| Data measured Motivation Main result

3.4 | non-inlined send$s message inlining is important for performance all systems inline equally well

number of dis- | ultimate goal of all optimizations is to eliminate | TI-int outperforms all others; Tl only margin-

35 patche8 dispatches (and the associated overhead) ally better than TF and sometimes worse (}')

degree of poly- | reflects improvements in precision of type infor; same as above
3.6 | morphism mation even if it doesn’t lead to complete elimina-
tion of dispatch

estimated numbeyextrapolate results to other languages where intee significant change; all systems optimize
3.7 |of dispatches in |gers and booleans aren’t objects (e.g., BETA, Glispatches as well as in origin@L$ system
other languages | Eiffel, Modula-3, Oberon)

Table 3. Overview of detailed measurements and results.

a “Dispatch” does not imply “call” in our terminology; see section 3.5.

remain, on average between 4% and 5% of the original sends. The data excludes non—dispa?tbi%nte:zhﬁey
could be inlined if desired, but the results are very similar when all sends are included.
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Figure 5. Number of non-inlined message sends relative to unoptimizesd S

A closer look at the large benchmarks reveals no striking differences between TF and TI for most benchmarks—both
inline virtually the same proportion of message sends on almost all programs. The reason for this parity in inlining
performance is simple: both systems have enough type information to inline virtually all sends. Thus, the remaining
sends were not inlined because the compiler estimated that it was not worthwhile, e.g., because the method was
considered too large. The number of remaining sends is therefore a function of the compiler’s inlining policy (which
was the same in all systems), and any variations are caused by factors unrelated to the type informétid'rtneper se
DeltaBlue benchmark may seem like an exception: TF inlines relatively more sends here. However, the graph exag-
gerates the differences between the systems somewhat since the absolute number of calls is often small. For example,
the seemingly large relative difference for DeltaBlue represents an absolute difference of less that 90,000 calls (see
appendix) and thus has little effect on performance given the overall execution time.

3 |.e., sends that do not require any dispatch. Examples include sends where type inference determined a single recetver class (b
did not inline the send), or implicit-self sends (which require no dispatch because of customization [CUL89]).

4 For example, the system using type feedback compiles methods in different order (since it adaptively optimizes the program
[H6194]) and thus generates a different set of methods.



3.5 Number of dispatches

A dispatchis the selection of the correct piece of code for a particular (receiver, message) pair. Even when a message
send is inlined, it may still require a dispatch if more than one receiver class could occur. In other words, whether or
not a send requires a dispatchndependentf whether it requires a call. Indeed, most dispatches select inlined
methods, since the vast majority of message sends are inlined as shown above. By measuring the number of
dispatches that a program performs, we can determine how successful the optimizer was in creating monomorphic
call sites where dispatch can be avoided. We include both inlined and non-inlined dispatches because both incur
similar overhead.

The SLF system implements all dispatches via type test sequences which sequentially compare the receiver against
predicted classes. For non-inlined sends, the type test is part of an inline cache or polymorphic inline cache [HCU91],
and for inlined sends it surrounds the inlined code; see Section 2.3 for an example.

Type inference can determine the exact receiver class for many sends. Since such sends no longer require a dispatch,
the overall number of dispatches is reddcen contrast, type feedback requires a dispatch test even if it predicts a
single class, because the receiver type always includeskhewn class. Therefore, one would expect TI-compiled
programs to execute strictly fewer dispatches than TF-compiled programs (as long as both systems use the same local
analysis to propagate type information within a compiled method).
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Figure 6. Dispatches remaining after optimization relative to unoptimized code.
As explained in the text, “dispatch” does not imply “call” but also includes the dispatch of inlined sends.

Figure 6 shows the number of remaining dispatches in optimized programs relative to the dispatches performed in
unoptimized programs. For the larger benchmarks, our expectations are confirmed: Tl-int performs the fewest
dispatches (a median of 14% of the dispatches performed by unoptimized programs), followed by TI (at 29%), and
TF (at 34%). Remarkably, TF, with its simple local analysis combined with customization and splitting, eliminates
two thirds of all dispatches. Comparing the optimization techniques directly rather than against unoptimized code,
Tl-int executes 2.4 times fewer dispatches than TF on the large benchmarks, and Tl executes 1.17 times fewer
dispatches than TF.

Unfortunately, TI's performance on the integer benchmarks squarely contradicts our expectations: on almost all
integer programs, Tl (i.e., type inference in the presence of arbitrary-precision Bigintegers) padoztispatches

5 Even when the receiver type contains multiple classes, it may still be possible to eliminate the dispatch if all recesveradass
to the same method. Whether or not it is advantageous to exploit such an opportunity is a non-trivial question (for & extensiv
discussion see [DGC95])).
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than TF. On average, Tl performs 8% more dispatches than TF, and one of the small benchmarks, Bubble, even shows
a disturbing 40% difference to TF (see the appendix for detailed numbers). What is going on?

The reason for the additional dispatch tests is subtle and requires a discussion of some detaitz BBthedh-

mizing compiler. One of the optimizations it performsriessage splittingCU90]. Splitting avoids dispatches by

copying parts of the control-flow graph. In the code shown in the left half of Figure 7, the serd ofequires a

dispatch since its receiver has tyfgrgle , Square }, i.e., can be either a circle or a square. Splitting, as shown in

the right side of Figure 7, duplicates (or “splits”) the send and moves the copies into the two branches. Now, the copy
of the send in the left-most branch has receiver tyfiecke } and the copy in the right-most branch has receiver

type {Square }. Since both copies of the send now have singleton receiver types no dispatches are required. To keep
code expansion at a reasonable level, the current system only splits a send if the amount of unrelated code that needs
to be copied (“other code” in Figure 7) is small.

x := aCircle X :=aSquare
other code other code
other code ‘
inlined code of “area” inlined code of “area”
method for circles method for squares
send(x, “area”)
before splitting after splitting

Figure 7. Splitting.

Integer Biginteger

temp := send(i, “<", J)

{true, false}

Biglnteger comparison; not inlined

integer comparison (inlined) because code is too big

‘ send(temp, “ifTrue:”, ...) ‘

Figure 8. Intermediate code for the expressianj ifTrue: [...] in TI.
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Now that we have introduced splitting, let us return to the question of why the Tl system performs more dispatches
than TF on the small integer benchmarks. Figure 8 shows a simplified code segment from the Tl system. The code
represents the expression

i <jifTrue: [..]

In this case type inference has determined the typesaoflj to be {nteger , Biginteger }. After compiling

thei<j  expression, the compiler encounters the senidnfe:  to the comparison’s result (ireS-, if state-

ments, writterifTrue:False: , are conceptually implemented by message sends). The compiler could optimize
this send by splitting théTrue: message intéour copies: two for thénteger case and two for thBigin-

teger case. However, in this case it elects not to split because it would have to duplicate too much code. Therefore,
the send off True:  needs a dispatch since its receiver typerige{ , false }. In the corresponding TF program,
however, thdiginteger  branch does not exist since only small integers occurred in the past; in its place, there’s a
conditional trap to catch thenknown case, should it ever occur. Consequently, since the conditional trap is much
smaller than thaBiginteger branch, code size limitations do not prevent the TF compiler from splitting the
ifTrue:  send. Thus, TF eliminates a dispatch that was not eliminated in the Tl system, and as a result TF performs
fewer dispatches than TI (but not fewer than TI-int which also sfilitse: ). Fortunately, at least the large (more
realistic) programs overall behave as expected (Figure 6).

While this particular example is specific taLg, the problem is more general and allows us to make two observa-
tions. First, this example shows that the value of type inference for optimization cannot be discussed in isolation from
other compiler optimizations—in any compiler, optimizations may interact in unpredictable (or at least counter-intui-
tive) ways. Second, the example illustrates that the precision of the type information itself isn't necessarily a good
predictor of performance. In the example, Tl has more precise type informatioramehj than TF ({nteger
Biginteger }vs. {Integer , unknown}), yet TF can produce better code since its information includes data on
the relative frequencies of receiver classes.

3.6 Average degree of polymorphism

The previous section discussed how often optimized programs achieved the optimum of zero dispatch overhead per
send. This section examines the “narrowness” of the receiver type information more generally by measuring the
degree of polymorphism exhibited by dispatches. We characterize polymorphism by determiramigy tbé a

dispatch, i.e., the number of possible receiver classes for that send. With type inference, arity is simply the cardinality
of the receiver type set. For example, a send with a receiver typgteddr , Biginteger } has an arity of two.

With type feedback, arity is the number of predicted receiver classes for a particular send, plus on@Kaptine

class. For example, a send predicted for integers has an arity of two since its receiveirnypgeis { , unknown }.

A perfectly monomorphic program will thus have an arity of 1. However, since boolean expressions have the type
{true ,false }in SeLF (rather than, sayHBoolean }), conditional tests may involve dispatches (although splitting
usually eliminates many of these). Consequently, very faw@Bograms are perfectly monomorphic.

Our measurements average the arity over all “logical sends” in the compiled program, regardless of how they are
implemented at run time (i.e., whether they are inlined or not). A send without a dispatch test is counted with arity 1;
thus, even if a send is completely optimized away to zero instructions, it will count as a send with arity 1. Thus,
average arity captures the degree of polymorphism remaining in the compiled program. Obviously, it is related to the
compiler’s success in removing dispatches entirely—programs with many eliminated dispatches will have a low
average arity. However, unlike the black-and-white measure of the previous section, where a dispatch is either elimi-
nated or not, average arity reveals more shades of gray. A system that reduces the average arity to 1.2 is arguably
better than another system with an arity of 1.4 since the first system’s type information is narrower. Even if both
systems currently eliminate the same number of dispatches, the first system is likely to eliminate more dispatches if
further optimizations were introduced.

Figure 9 shows the average arity of message sends in the benchmark pﬁ.o@hamsl is the lower bound on arity,

the y axis starts at 1 instead of 0. The figure shows that Tl-int's arity is about two times closer to the ideal (1.0) than
TF’s and that TI's arity is only slightly lower than that of TF. (The box chart in Figure A-1 in the appendix illustrates
this relationship well). In other words, type inference significantly reduces the degree of run-time polymorphism over
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Figure 9. Arity of type tests (degree of polymorphism).

TF, but only if arbitrary-precision integer arithmetic is disabled. The results roughly mirror those of Figure 6
(remaining dispatches), where TI-int removed twice as many dispatches as TF.

An average arity of 1.2 for the integer programs may seem very high, indicating that many sends require a dispatch
even in the optimized programseL® programsare unusually polymorphic since many common idioms involve
polymorphism. Four cases are particularly important: integer arithmetic may overflow into Bigintegers, booleans are
polymorphic (i.e.frue andfalse have two distinct typeshil is an object rather than a special value (so that a
reference containing eithail or some other object is polymorphic), and strings come in three varieties (canonical-
ized strings, mutable strings, and byte vectors). Thas; Brograms probably stress type inferencers more than
programs written in other languages. (CParser’s arity is especially high because it builds a parse tree with 200
different classes of nodes, one per non-terminal in the C grammar, using 300 different classes of action objects, one
per production in the C grammar.)

3.7 Extrapolating to other object-oriented languages

All data presented so far is specific #.8§ in which even integers and booleans are objects. How relevant is this data

to other object-oriented languages such as C++, Modula-3, or Oberon? An accurate answer, of course, can only be
obtained by reimplementing type inferencer, compiler, and benchmarks in those other languages. Since this task was
beyond our means, we instead used e System to shed some light on this question by excluding dispatches that
wouldn’t occur in other languages, namely, dispatches on integers, floating-point numbers, blocks (closures), bool-
eans, andiil . By excluding these dispatches, we simulate a hypothetizst®e language (which we will call

SELF++) where the basic data types are non-objects and where operations on them are non-dispatched. Consequently,
it would be impossible in &F++ to write a polymorphic method that accepted either an integer or a user-defined
Biginteger  object as the argument. While we do not claim tlatr&+ bears much resemblance to any real
object-oriented language, it provides at least an indicator of how much the data presented so far might be biased by
our use of 8LF as the experimental vehicle. To clarify the discussion, we will call dispatches involving primitive
objects (integers, floating-point numbers, booleansndnd “SELF dispatches” and all otherseS-++ dispatches.”

6 The data for unoptimized programs is not shown because it is too dependent on particular implementation choices made in the
SELF system. Each block literal (closure) has a different classsir, So that control structures liki€True: are highly
polymorphic in their arguments. This effect inflates the arity relative to a system where all n-argument blocks are inslasees of
NArgumentBlock (as is the case in many Smalltalk systems). The unoptimized programs actually implement control structures like
ifTrue: as message sends, artificially inflating their degree of polymorphism. In the optimizing systems most control structures
are inlined, and thus the effect afL8-style blocks is quite small.
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Figure 10. Dispatches in &.F++ relative to &LF.

From left to right, the three bars for each benchmark denote
unoptimized, TF optimized, and T| optimized code.

Since the semantics oES-++ do not permit transparent coercions of small integers into Bigintegers upon overflow,
the distinction between Tl and Tl-int disappears. Thus, in our studgLef$ versus BLF, we measured on three
systems only: TF, Tl, and unoptimized. One of our benchmarks, RSA, computes heavily with Bigintegers, and in its
present form would not run under theL&++ semantics which preclude mixed Integer/Biginteger arithmetic. Thus,
we omitted this benchmark from our comparison mfr$+ and &LF.

The results of our measurements anrd+ are shown in Figure 10. For each benchmark, the left bar represents
unoptimized code, the middle bar TF-optimized code, and the right bar TI-optimized code. Within each bar, the gray
portion represents the dispatches that remain evealmrt+$, and the white portion represents the additiomaFS
dispatches to integers, booleans, etc. For example, about 65% of the dispatches in the unoptimized CParser program
involve primitive objects under theeS semantics, so that only about 35% (the height of the gray bar) of the
dispatches remain in the unoptimized program undergbet$ semantics.

Figure 10 demonstrates tha&tL$'s object model is responsible for a significant fraction of all dispatches. Typically,
more than half of all dispatches amL6dispatches in the large benchmarks, and almost all dispatches in the tiny and
small programs areebF dispatches. The larger programs show a clear difference between unoptimized and opti-
mized code: typically, optimized programs have a larger fractio®df+S dispatches. This difference is a result of
inlining and splitting. In the optimized programs, most control structures are inlined, eliminating many of the
dispatches to blocks that exist in unoptimized code. Furthermore, splitting eliminates many dispatches on boolean
results (e.g., infTrue:False: statements). Thus, many “trivial'E&r dispatches have been eliminated in opti-
mized code, which therefore contains a larger fractioreof-&+ dispatches.

Finally, let us compare the two optimization systems, TF and TI, based on Figure 10. For some benchmarks (e.g.,
DeltaBlue) Tl has a higher fraction ofi$++ dispatches than TF. However, a closer look at the data (or the box chart

in Figure A-1 in the appendix) reveals that while TI's variance is much higher, its mean and median are very close to
those of TF. Thus, we do not believe that the present data indicates a significant difference between TF and Tl in this
respect.

To further compare how well TF and Tl systems perform on the hypotheticat-6language, we measured the
fraction of dispatches that each compilation system can eliminate relative to the dispatches in unomimized S

code. Figure 11 summarizes dispatches remaining after optimizatioeLef+Sprograms (Figure 6 in section 3.5

gave corresponding data for regula@Ls programs). Each bar in the figure represents the fraction of dispatches
remaining after optimizing a benchmark with either TF or TI. For example, optimizing DeltaBlue with TF reduces
the number of dispatches by about 20% whereas Tl reduces the number of dispatches by about 60%. Overall, TF
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Figure 11. Remaining run-time dispatches iaL$++ (compare with Figure 6).
As in all other places, “dispatch” does not imply “call’—see section 3.5.

reduces dispatches by a median of 39% whereas Tl reduces them by a median of 77%. The figure also shows that
while TF's performance is fairly uniform, Tl displays bimodal performance characteristics: it does very well on some
programs (Diff, SParser, and PrimMaker) but considerably worse on others (CParser and Richards). Despite its larger
variation, Tl always eliminates more dispatches than TF for BLFS programs.

Are SELF++ programs more amenable to optimization tharFrprograms? For both TF and Tl, the answer is no. For
SELF, TF reduces the number of dispatches to 34% of those in unoptimized programs (section 3gayx+HqrasS
observed above, TF reduces the number of dispatches to 61%. Thu§1rBé&k= 1.8 times less effective in elim-
inating dispatches foresF++ than &LF. Similarly, Tl reduces the median number of dispatches to 14%imahd

to 23% in &LF++. Thus, Tlis23/ 14 = 1.6 times less effective in eliminating dispatches#orF&- than &LF.

In conclusion, the optimization effects for theL&++ system are quite different from those seen for the System.

Both TF and Tl are less effective (by about the same factor) in reducing the number of dispatetreisHn/ppar-

ently, dispatches to integers, booleans, and other primitive objects are easier to eliminate than dispatches to non-prim-
itive objects, at least for the benchmarks included in this study.

These results are only a rough extrapolation based on particular implementations of TF and Tl and on a particular
programming style. Based on the above data and our intuition, we predict that type feedback and type inference for
languages like C++, Modula-3, or Oberon will behave as follows:

» Type feedback will remove relatively few dispatches but will inline as many virtual calls as desired.

» Concrete type inference will be spectacularly successful on some programs but less so on others. In general, it will
eliminate more dispatches (but inline about the same number of calls) than type feedback.

« If the type of a frequently-executed expression is de facto monomorphic but theoretically polymorphic, as in
SELF's integer-BigInteger arithmetic or in a statement like
if unlikely_condition then return errorObj else return obj
type inference may not perform well without information on receiver class frequency.
We expect that type feedback and type inference, when applied to other languages, will perform in the range demon-
strated by our 8F and &LF++ systems, and that type feedback and type inference for a given language will have

quite similar performance overall, with a slight overall advantage for type inference. Of course, measurements of
implementations of the two techniques for other object-oriented languages are needed to substantiate these beliefs.
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We hope that the results presented here can be used as a starting point for similar investigations of other object-
oriented languages.

4. Combining type feedback and type inference

Given the relative strengths and weaknesses of the two approaches, it seems natural to combine their strengths to
avoid the weaknesses. At least as far as the elimination of dispatches and execution speed are concerned, such a
combination is possible as demonstrated below. In other aspects, such as code size or generality, the two approaches
are not necessarily complementary, as discussed in section 5.

To see how well the two optimizations work together, we implemented a “combined” compiler that uses type feed-
back to moderate the type information provided by type inference. As in the Tl system, all methods were annotated
with the inferred types, but like in the TF system, compilation is guided by dynamic optimization. That is, methods
are initially compiled without optimization and later optimized if executed frequently. The non-optimizing compiler
completely ignores the type inference and type feedback information since it performs no inlining anyway. The opti-
mizing compiler consults both type inference and type feedback data before deciding which cases of a send, if any,
should be inlined. Before describing exactly how the implemented compiler combines type feedback and type infer-
ence types, let us recall some general properties of these types.

Consider the receive® of some dynamically-dispatched send. bgpe(R) aype, (R) denote the types of
computed by type feedback (excluding theknown class) and type inference, respectively, andyetg, . (R)

denote the exact type Bf(which is generally not known to the compiler). Since type feedback computes subsets of
the exact types and type inference supersets (see section 2), we have:

type(R) Otype,, . (R Otype,(R).

To see the significance of these relations, consider the two situations that can arise when the compiler combines type
information from type feedback and type inference:

» Case 1:type(R) = type,(R) = type,,(R) . This case represents the optimal situation: type feedback and
type inference computed the same type, which must then be the exact type. Therefore, the compiler can use the
type feedback information, which includes frequency estimates for all the clasgesin (R) , and inline the
frequent case(s). Also, the compiler can safely ignoreitfk@own possibility, thus eliminating one type test
(only n—1 tests are needed to distinguish  classes).

Fortunately, this case is the most frequent: for the majority of all expressions type inference infers a type consist-
ing of a single class, which themustbe equal to the type feedback type, and the send can be compiled without
any dispatch.

» Case 2type(R) O {C,,C,, ...,C,} = type,(R) .Inthis case, the type computed by type feedback is smaller
than the type computed by type inference; the exact type must lie somewhere between the two. The compiler can
use the type feedback information, compiling for the predicted classegig (R) , and know that should the
unknown possibility occur, it must be one of the classe¢ @, C,, ..., C,} . In the special casekwhédn ,
the compiler will even know the exact class forih&nown case. For example, for most arithmetic expressions
in SELF programs, type feedback computes the typéefier , unknown} whereas type inference computes
{Integer ,Biginteger }.

Even though the compiler’s information in this case is better than in a pure TF system{ Gines, ..., C,}

is more precise tharufiknown }), in practice it may not be worthwhile to exploit the additional information:
cases that didn’t occur in the past are probably unlikely to happen in the future. Compiling them will increase
compiled-code space, but probably not improve performance significantly.

Now that we have described the theoretical properties of the type information available to the combined compiler, we
describe how our implemented compiler combines the type information it receives from the two sources:

« Iftype feedback information is unavailahléhe type inference information is ignored unless it consists of a single
class. The underlying assumption is that the type inference information may contain classes that don’t actually
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occur at run-time. By ignoring the information when the inferred type contains more than one class, the send will
remain non-inlined, but if it is executed often, the code will eventually be recompiled again, and at that point type
feedback information will be available so that an inlining decision can be made.

« If type feedback information is available and case 1 applies, the compiler proceeds as outlined under that case,
usingn—1 type tests to distinguish between the possible classes. If case 2 applies, the compiler ignores the
information computed by type inference and compiles based on type feedback only.

Other than that, the combined system is identical to the Tl and TF systems, i.e., shares the same inlining strategies
and code-generation parts. While the implemented compiler does not squeeze all the available information out of the
two sources of type information in all cases, it does handle the most frequent case, when type inference infers a type
consisting of a single class, optimally.

We measured two aspects of the combined system: how many dispatches it eliminates, and how fast the optimized
programs execute. The rest of this section will present these measurements and compare them against the corre-
sponding numbers for the Tl and TF systems. To keep the number of systems manageable, we omit Tl-int for the
dispatch measurements and give no numbers for a combined TF/TI-int system.

Figure 12 shows how many dispatches remain in the code after optimizing the benchmarks by TF, Tl, and the
combined compiler. As in section 3.5 the height of a bar represents the number of dispatches remaining after optimi-
zation relative to the number of dispatches in unoptimized code. The combined system behaves as expected: in
general, it eliminates as many dispatches as the better of Tl and TF. On the tiny and small benchmarks, it performs as
well as TF (which is the one of TF and TI that eliminated most dispatched for these benchmarks), and on the large
benchmarks it performs as well as Tl (the one of TF and TI that eliminated most dispatched for the large bench-
marks).
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Figure 12. Dispatches remaining after optimization relative to unoptimized code.

No synergistic effects are visible in Figure 12: the combined system never significantly exceeds the performance of
the better of Tl and TF. On some benchmarks, the combined system actually performs slightly worse; for example, Tl
reduces the dispatches in SParser to 32% of those in the unoptimized SParser whereas the combined system reduces
them to 35% of the original dispatches. These small discrepancies probably stem from the different compilation

7 In our system, type feedback information may be unavailable for a call site when the call either was never executedgor when th
available information is considered untrustworthy because the method containing it is shared between many different callers tha
may be using it in different ways [H6194].
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approaches; recall that the combined system uses dynamic recompilation (like TF) and therefore may leave some
infrequently executed portions of a program unoptimized, whereas TI always optimizes the entire program.
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Figure 13. Execution performance of combined system.

Turning to execution speed, Figure 13 shows that the combined system performs slightly better than both Tl and TF:
its programs run 3-5% faster than the fastest program compiled by either Tl or TF. However, programs are still fastest
when compiled by Tl-int since they don't have to pay the overhead of generic integer arithmetic. The combined
system doesn’t handle generic arithmetic any faster than TF since type inferencdntdges { , Biginteger }

and type feedback predictlfeger , unknown }, causing the combined compiler to compile according to the type
feedback information only (Case 2 from above applies so the implemented compiler ignores the type inference infor-
mation).

To conclude, combining type inference and type feedback results in a system that consistently performs well,
exploiting the strengths of either approach depending on the characteristics of the benchmark. However, the combina-
tion does not exhibit synergistic effects in our implemented system: the combined system never significantly outper-
forms both Tl and TF.

5. Discussion

While raw execution speed is often an important consideration, and an easy one to quantify, other factors will also
influence the choice between type feedback or type inference. Indeed, since our measurements indicate that type
feedback and type inference can deliver comparable and high performance, these other factors will likely decide the
outcome. In this section we discuss the most important advantages and disadvantages of both kinds of systems in a
broader context. Table 4 outlines the main characteristics that will be discussed in more detail below.

Compilation time—providing high responsivenessWhen type feedback was developed ferrs a major goal was

to bless the programmer with high performaandthe absence of compilation pauses. The goal was met largely due

to the incremental nature of type feedback: type information is computed gradually and methods can be compiled one
at a time (after inline expansion, of course) [HU94b]. On the other hand, the style of type inference used in this work
is fundamentally a global analysis: the unit analyzed is an entire program. Obviously, inserting a global analysis into
the edit-compile-run loop (or the edit-continue loop of therSystem) will not go unnoticed by the programmer.

The FLF type inference system supports incremental recomputation of the types when a previously analyzed
program is modified locally [Age95]. While an incremental re-analysis is often an order of magnitude faster than a
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Characteristic Type Feedback Type Inference

| incremental, sub-second pauses; suitable for intergtbatch style”, multi-second to multi-minute pause

w

Responsiveness

"tive systems not (yet) suitable for interactive systems

may perform poorly if statically compiled with non- may perform poorly without dynamic information
Performance . 4

representative profile data
Application only inlines cases that occur frequently compiled code covers all cases; enables application
delivery extraction
Generality handles entire language; supports extensible systems cannot handle entire language; may not scale to very

large programs; doesn’t support extensible systems

can use same compiler for both development and | needs two separate compilers (one for development,

Implementation delivery one for delivery)

Table 4. Main characteristics of type inference and type feedback.

full analysis, it is still slower than the typical sub-second compile pauses of type feedback. Unfortunately, our experi-
mental type-inference-based compiler does not carry the incrementality through (as described in section 3.1), so we
have not been able to quantify how well an incremental type-inference-based system may support an interactive envi-
ronment. For these reasons, we consider type feedback the safer bet if interactiveness is a top priority.

Finally, while the type inference system is quite fast (using at most a few minutes of CPU time for the largest
programs we measured), it needs considerable amounts of memory during extraction. For example, the largest
programs measured here consumed about 80 Mbytes of memory during the type inference and extraction steps (out of
these 80 Mbytes, the standamlLSsystem in which the inferencer runs accounts for approximately 32 Mbytes).

Consistent performance.Both systems may occasionally display poor performance. If type feedback is imple-
mented statically (i.e., without run-time compilation), the quality of the generated code will depend on the quality of
the training runs that supply the type feedback information, i.e., how closely these runs represent typical usage. Simi-
larly, the static nature of type inference may lead to poor performance if very few of the statically predicted cases
actually occur at run tim&iginteger  arithmetic is a prime example of this problem: most arithmetic never over-
flows, but the type inferencer cannot prove this. For the small integer programs in our benchmarks, the missing
dynamic information led to a slowdown of a factor of two over Tl-int (recall Figure 4). For consistently good perfor-
mance, it may therefore be necessary to combine type inference with profile data in order to recognize such cases. On
the other hand, arbitrary-precision integer arithmetic represents something of a worst-case scenario for type inference
since integer arithmetic is a very frequent operation (e.g., émenjfoop includes it). In general, missing frequency
information may therefore have a smaller impact than shown in Tl (this is the reason why we included TI-int in the
study).

Application delivery. Type inference gives conservative and sound estimates of the types, and thus accounts for all
cases that can occur during any execution of the program. This conservatism makes it easy to compile and optimize
the entire program and ship an application as a stand-alone executable. In contrast, type feedback can at any given
time only deliver type information for the cases that have occurred hitherto; new soesiliiee! casesnay occur

at any time in the future. Since residual cases cannot be optimized prior to delivery, type feedback systems must deal
with them in some other way. One option is to compile the entire application with a non-optimizing compiler in addi-
tion to compiling the frequent cases with the type-feedback-based compiler. When a residual case occurs, the deliv-
ered application switches to unoptimized code for the duration necessary. Alternatively, the application can be
shipped with the full source code (or an equivalent representation of it such as byte codes), and an interpreter or a
compiler can then be used to handle the residual cases either by interpretation or dynamic compilation.

If the type profile obtained during type feedback training runs accurately reflects typical application use, residual
cases occur only rarely and they can probably be handled with sufficient efficiency by an interpreter. However, if a
user stresses an application in unforeseen ways and heavily exercises code that was not optimized for that particular
case, the resulting performance could be poor. For example, an application part optimized for graphical objects with
integer coordinates would execute slower if the user’s objects contained floating-point coordinates. However, ship-
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ping the application with an adaptively reoptimizing compiler, like the~83 compiler, would allow the residual
cases to execute just as efficiently as the normal cases (but at a higher space overhead for the optimizing compiler).

Application size. The form of compilation (static or dynamic) influences application size as much as the form of
optimization. First, let us consider static compilation. Since type inference is conservative, a type-inference-based
compiler can optimize the entire application and avoid residual cases: the optimized code is guaranteed to include all
possible execution paths but may also include paths that cannot be executed. A type-feedback-based compiler gener-
ates optimized code only for the paths that were actually executed, i.e., a subset of all possible program executions.
However, as explained above, it must also include unoptimized code to handle the residual cases. Thus, using type
inference results in more optimized code than using type feedback, but type feedback also incurs a space cost for the
unoptimized code necessary to handle residual cases.

With dynamic compilation, a type-inference-based compiler would always use more space since it has to keep around
the inferred information at run-time whereas the type-feedback-based system doesn’t. Both type feedback and type
inference might choose to optimize only part of an application in order to save space. Interpreting or dynamically
compiling the residual cases may save code space over compiling them statically with a non-optimizing compiler
since a byte-coded representation of an application usually is more compact than machine code. However, the size of
the interpreter or compiler must also be considered.

Finally, using a combination of static and dynamic compilation (or interpretation) might offer attractive space reduc-
tions. By statically optimizing (using type feedback or type inference) the critical parts of an application and rele-
gating the infrequently executed parts to non-optimizing dynamic compilation or interpretation, the amount of
optimized code can be kept low while overall performance remains high. Since this system performs no optimizations
dynamically, the run-time system can remain simple and small. Moreover, there is no need to collect type information
dynamically or keep around the types inferred by the type inferencer, further reducing the space requirements. Since
this approach depends on profile information to identify the time-critical parts, it no longer uses purely static optimi-
zation.

For smaller applications, type inference using static compilation will probably produce the smallest executables
because there are no residual cases, avoiding the fixed cost of the interpreter or compiler. Larger applications, which
dwarf the fixed cost of the interpreter or compiler, may favor the combination of static optimizing compilation and
dynamic non-optimizing compilation (or interpretation). Since so many different aspects influence space usage, we
are not convinced that either system is inherently more space-efficient.

Of course, type inference can significantly reduce program size through its use in program extraction [AU94].
However, program extraction is performed in a separate step and applies equally well for application delivery, regard-
less of whether compilation is based on type feedback or type inference.

Generality. Although type inference systems for object-oriented languages have made much progress in recent years,
they are still unable to effectively handle certain language constructs (and indeed there is little hope they ever will).
Most of these limitations relate to reflective operations such as constructing new classes at run-time or sending
messages whose names are computed at run-time (“performs”). For programs using these features extensively, type
inference may not be effective. Furthermore, we currently have no experience with type inference on very large
programs (say, a few hundred thousand lines of code long), and thus it is unclear how well type inference will scale to
such programs.

Static analysis techniques like type inference require knowledge of the complete program, which can be a serious
problem in today’s extensible application environments. For one, many programs are dynamically linked, so that the
exact implementation of the dynamic link library is not available until run time (its interface is known but of limited
help to concrete type inference). Furthermore, many programs are extensible, i.e., allow the user to dynamically link
in application extensions provided by third parties. Adapting concrete type inference to work in such an environment
remains a major technical challenge.
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6. Related work

Type inference for dynamically-typed object-oriented languages has been an active field since the early eighties.
Suzuki pioneered the field in the Smalltalk community [Suz81]. He also used sets of classes as his basic types and
had the same goal of eliminating dynamic dispatch to improve execution efficiency. The type inference system was
an adaptation of Hindley/Milner style type inference, extended with support for assignable variables, union types,
and—most importantly—an iterative analysis technique to handle dynamically dispatched sends. Unfortunately,
Suzuki was unable to fully implement his system within the limitations of the Smalltalk-76 implementation and only
managed to test a simplified version of the inference algorithm on some of the number classes.

The Typed Smalltalk project [JGZ88] incorporated a type inferencer for Smalltalk which relied on explicit type decla-
rations inserted by the programmer; these types were specified as sets of classes. (A second, more abstract kind of
type was provided for type checking but was not used by the compiler). Unfortunately, the system was not completed
and the only published performance data concerned very small integer programs similar to our Tiny benchmark set.

More recently, Palsberg and Schwartzbach described a constraint-based analysis system for a Smalltalk-like toy
language [PS91], which was improved and implemented in cooperation with Oxhgj [OPS92]. Palsberg and Schwartz-

bach suggested the use of their types for optimization but did not implement such a system. The type inferencer used
here is a further development of the ideas originally proposed by Palsberg and Schwartzbach.

Plevyak and Chien independently improved Palsberg and Schwartzbach’s algorithm for Concurrent Aggregates
(CA), a concurrent, single-inheritance, dynamically-typed object-oriented language [PC94a]. Their system employs
an iterative analysis which in each iteration uses the types from the previous iteration to guide the analysis. The infer-
ence algorithm can clone classes during analysis to obtain high precision on catiavitblymorphism(Our algo-

rithm is less precise in this regard. It only clones classes based on observing initial values of their instances). Plevyak
and Chien'’s type inferencer has been used in the CA compiler to eliminate dispatches in the (non-object-oriented)
Livermore Loops [PZC95] and in object-oriented CA programs [PC94b][PC94c]. In the latter two studies, the
compiler was able to completely eliminate dynamic dispatch in six of the nine benchmark programs. Because of
language and application differences (in particular, different treatment of booleans, integers, and nil), it is hard to
compare these results to the results presented here or to estimate how well type feedback would perform in the CA
system.

Recently, Pande and Ryder have made progress in extending data-flow techniques to C++ [PR94]. The main goal of
their work is to extend dataflow analysis techniques to solve static analysis problems for C++. They state—and we
agree—that the first problem to solve is that of computing concrete type information, since without it, many other
analyses fall apart due to the lack of precise control-flow information for virtual calls (i.e., dynamically dispatched
sends). Similar to Palsberg and Schwartzbach, Plevyak and Chien, and the present system, the analysis starts with a
control flow graph without virtual invocations which is subsequently updated whenever new virtual methods become
invocable during type propagation. For C++, type inference is both harder and simpler than, say, foisSharder

because C++ is not type- and pointer-safe and has many language constructs that are difficult to handle. On the other
hand, C++ does not have user-defined control structures, closures, or dynamic inheritance. Preliminary results indi-
cate that their technique can eliminate a significant fraction of dispatches in small C++ programs containing a few
dozen call sites [PR94].

Traditional data-flow analysis techniques cannot be straightforwardly applied to object-oriented languages because
the existence of a control-flow graph is assumed prior to analysis. The strength of the analyses mentioned above
([PS91], [PC94a], [PR94], and [Age95]) is that they acknowledge this problem up-front and solve a combined
control-flow and data-flow problem. Vitek et al. demonstrated that this can also be achieved in a data-flow framework
[VHU92]: for each program point, they computed an abstract object graph, a sufficiently detailed approximation of
the full program heap to allow simulation of lookups. However, no data was given about the effectiveness of this
approach.

The FLF-91 compiler used iterative type analysis to eliminate dispatches [CU90]. Lik&th®3 compiler used
here, its analysis was local, i.e., restricted to a single method and the methods already inlined into it. However, its
analysis was significantly more powerful than the simple analysis usedriS.
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SELF compilers were the first ones to use type feedback for object-oriented programs [HCU91], [HU94a]. Other
systems have used some form of run-time type information for optimization. For example, Mitchell's system [Mit70]
specialized arithmetic operations to the run-time types of the operands (sim#ar#89% customization [CUL89]).

Similarly, several APL compilers created specialized code for certain expressions (e.g. [Joh79], [Dyk77], [GWT78]).
The HP APL compiler [Dyk77] specialized compiled code according to the specific operand types (number of dimen-
sions, size of each dimension, element type, etc.). This so-called “hard” code could execute much more efficiently
than more general versions since the cost of an APL operator varies greatly depending on the actual argument types.
If the code was invoked with incompatible types, a new version with less restrictive assumptions was generated (so-
called “soft” code). Garrett et al. [G+95] describe a compiler for the object-oriented language Cecil that uses type
feedback in combination with static compilation to eliminate dynamically-dispatched calls.

Dean et al. [DGC95] eliminate dynamic dispatch with a simple class hierarchy analysis that detects situations where
a method has no overriding definition in any subclass of the sending method holder. Their study is the only other
study we are presently aware of that compares a static analysis technique (class hierarchy analysis) to a dynamic tech-
nigue (type feedback). Because of the many differences betweerEithes\Stem described here and the Cecil
system, a direct comparison is hard. However, two differences in the results are noteworthy. First, class hierarchy
analysis provides only a small reduction in the number of dispatches relative to a system using customization (i.e., a
system resembling thee8-93 system used as the base of our study). This result isn’t that surprising since class hier-
archy analysis is a much simpler analysis than constraint-based type inference and thus probably provides less infor-
mation. Second, Dean et al. report that adding class hierarchy analysis to a system using type feedback speeds up
Cecil programs by a factor of two to three [DGC95], whereas adding type inference to type feedback had almost no
impact in our system. However, the profiles used to guide their type feedback system included information for only a
fraction of the call sites in the program, and therefore understated the benefits of type feedback. Subsequent measure-
ments that applied type feedback to all call sites (matching the way in whiehuSes type feedback) showed an
incremental performance improvement for class hierarchy analysis of only 20-30% for large programs [Dea95].

7. Conclusions

Both type feedback and concrete type inference are valuable techniques for optimizing object-oriented programs. We
have compared these two techniques, as well as their combination, in detail. To our knowledge, this is the first in-
depth comparison of a non-trivial static and a dynamic optimization technique for object-oriented programs. Our
comparison is particularly interesting for three reasons:

* First, it isdirect, because we eliminated other effects by using two identical compilers except for their source of
receiver class information.

» Second, it igealistic, since the compared systems are high-quality implementations. Both are based=or-the S
93 system which has been shown to provide excellent performance compared to a commercial Smalltalk
implementation [HU94a].

 Third, it iscomprehensivebecause it discusses many aspects of performance rather than focussing just on raw
execution performance and covers several variations of the systems.

Although the quantitative results are of course specifiete, $hey may nevertheless be interesting to implementors

of other languages. An experiment withL&++, a hypothetical 8 F-like language treating integers and other primi-

tive data types as non-objects (as do, e.g., Beta, C++, and Eiffel), indicated that the relative effectiveness of type feed-
back and type inference in such a system could be quite similar.

The specific quantitative results of this study include the following:

» Both techniques can deliver high performance and typically inline more than 95% of all sends in our suite of 23
SELF benchmarks. With the exception of arbitrary-precision arithmetic, the median performance of all systems
differed by only 15%.

« Information about the run-time frequency of receiver classes is important for performance, as was demonstrated
most clearly by BLF's arbitrary-precision integers where type inference could not rule out the possibility of
arithmetic overflows whereas type feedback could quantify them as infrequent. Consequently, small integer-
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intensive programs compiled with type inference (TI) ran 70% slower than with type feedback (TF). It should be
noted, though, that arbitrary-precision integer arithmetic represents a worst-case scenario for type inference, since
Biginteger  occurs in types everywhere arithmetic is performed (including in critical loop counters). For larger
programs less dominated by arithmetic, this shortcoming of type inference had a smaller overall effect.

» Without arbitrary-precision integer arithmetic, TI-int performed 2.5 times fewer dispatches than TF and improved
performance by a median 15%. With arbitrary-precision integer arithmetic, Tl performed 1.3 times fewer
dispatches than TF on the large benchmarks but on some integer benchmarks pertoedisgpatches than TF.

* Combining type feedback with type inference produced a system that always performed well but never
significantly outperformed the closest other system (usually TI).

Both static and dynamic optimization techniques have their strengths and weaknesses. Type inference can reduce the
number of dispatches executed (but may also increase them—see section 3.5), works statically (without any depen-
dence on run-time information), and reduces application size through program extraction. On the downside, it may
perform poorly in some situations (see above), is not yet suitable for interactive use, and does not support extensible
programs. Type feedback is well suited to interactive systems, provides consistently high performance, and scales
well to large and extensible systems. On the other hand, it usually removes fewer dispatches and depends on run-time
information (or representative profiles, if using static feedback). Since we found the absolute performance differences
to be relatively small, these other factors may be decisive when choosing between the two approaches.
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Appendix A. Detailed Data

In the tables below, “calls” is the total number of calls (dispatched or not), “static calls” is the number of non-
dispatched calls (a subset of “calls”), “dispatches” is the total number of dispatches (whether inlined or not, see
section 3.5), “avg. arity” is the dynamic average arity of all sends, and “time” is the CPU time (in seconds) on a
40MHz SPARCstation-10 workstation (most benchmarks were repeated 25 times to get more accurate timings).

Benchmark calls static calls dispatches avg. arjty time
AtAllPut 1,600,054 1,000,034 1,200,080 217 16.24
Recur 3,932,167 2,949,082 2,949,110 2.44 31.83
SumTo 15,003,637 8,002,122 17,002,921 2.29 76.61
Tak 572,495 333,954 572,488 231 8.16
Bubble 4,949,143 3,047,322 3,917,196 2.17 44.35
Detabify 2,323,037 1,295,022 1,673,021 1.92 26.92
IntMM 2,191,730 1,340,65p 1,478,013 252 1943
MergeSort 13,787,215 8,050,6/6 13,471,760 2.06 171.86
Perm 2,482,648 1,677,576 1,617,831 2.33 30.05
Puzzle 21,704,318 12,577,749 17,269,270 5.12 256.93
Queens 1,873,879 1,060,564 1,543,504 2.86 17.25
QuickSort 2,394,931 1,481,793 1,791,956 2.17 21.85
QuickSort2 3,974,03p 2,702,648 2,756,506 2.56 38.90
Sieve 6,086,477 3,723,942 4,975,860 2.15 45.68
Towers 2,029,491 1,342,206 1,145,272 241 181627
Tree 1,667,752 620,558 1,891,346 1,97 34.21
CParser 4,146,255 2,544,773 2,529,170 4.76 31.79
DeltaBlue 2,200,062 1,250,828 1,443,229 2.59 39.95
Diff 9,639,507 5,766,326 6,385,795 472 144,10
SParser 319,256 185,806 173,674 5.15 0.01
PrimMaker 2,331,941 1,291,980 1,516,633 4.67 50.80
Richards 8,504,293 4,741,143 5,908,623 2.06 116.31
RSA 212,595,415 124,215,649 157,813,545 5.56 n/a

Table A-1. Detailed data for unoptimized programs
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Benchmark calls static calls dispatches avg. arjty time
AtAllPut 2 1 400,003 1/33 1.98
Recur 46,802 46,801 32 1.00 0.54
SumTo 2 1 4,000,402 1.24 3.73
Tak 63,622 63,616 238,540 1/42 0.42
Bubble 30 20 1,901,670 1.49 2.02
Detabify 1,000 1,000 446,003 1{27 0.71
INtMM 1,660 1,614 1,076,377 173 2.94
MergeSort 71,978 31,952 7,089,219 1.53 7.03
Perm 43,752 43,587 821,755 151 0.99
Puzzle 45,434 21,816 9,812,253 1.65 B8.29
Queens 5,822 5,765 659,212 1.53 0.76
QuickSort 4,455 4,446 1,012,541 1.57 1.13
QuickSort2 4,441 661 1,504,432 1.55 1.52
Sieve 313,802 11 2,233,812 1.47 2.41
Towers 65,576 65,570 1,112,289 1.97 1.36
Tree 80,681 75,674 916,537 1,53 3.14
CParser 238,823 71,281 1,364,869 1.85 6.06
DeltaBlue 43,13y 16,400 639,298 1.49 1.88
Diff 137,120 122,525 2,276,197 1.36 8.54
SParser 12,083 7,6P6 70,727 1.43 1.34
PrimMaker 113,874 16,697 532,530 141 V.73
Richards 217,612 29,454 1,824,197 1.43 3.66
RSA 6,968,50( 5,508,500 40,675,365 1.28 16[7.52
Table A-2. Detailed data for type feedback
Benchmark calls static calls  dispatches avg. arity time]
AtAllPut 1 - 400,004 1.33 2.06
Recur 46,810 46,870 33 1100 D.54
SumTo 100 - 6,000,603 1.35 3.98
Tak 63,610 63,609 6 1,64 0.32
Bubble P 2 885,120 171 1.85
Detabify 1,00¢ 1,000 65,003 1.23 Q.52
INtMM 1,606 1,606 326,402 1.85 1/88
MergeSort 71,915 71,914 1,636,111 1.57 5.52
Perm 43,307 43,307 201,6R2 1/59 0.87
Puzzle 21,379 21,353 4,833,156 179 V.24
Queens 5,751 5,700 323,204 1.64 0.70
QuickSort 4,436 4,436 446,510 1|75 1.00
QuickSort2 627 626 533,312 1.71 1.19
Sieve 10 10 81,923 1.40 1.25
Towers 65,561 65,561 751,748 2/16 1.60
Tree 80,665 75,665 594,582 1/52 2.99

Table A-3. Detailed data for Tl-int
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Benchmark calls static calls  dispatches avg. arity time
CParser 394,647 149,3p3 859,453 1.82 4.80
DeltaBlue 114,622 20,044 207,683 1(40 1.57
Diff 203,030 125,925 298,296 1.80 6145
SParser 7,366 4,941 23,747 1.36 1.23
PrimMaker 70,202 21,229 102,888 1]20 6.36
Richards 217,50p 29,430 1,338,814 1.32 8.56
RSA 7,066,669 5,510,379 31,928,807 .22 20B.79
Table A-3. Detailed data for Tl-int
Benchmark calls static calls  dispatches avg. arity time]
AtAllPut 1 - 400,004 1.33 1.63
Recur 46,81( 46,800 33 1.00 0(54
SumTo 100 : 6,000,603 1.35 3/98
Tak 63,610 63,609 302,148 1.64 0.80
Bubble 510 2 2,659,018 1.71 3/32
Detabify 1,000 1,000 384,003 1.23 0173
IntMM 1,606 1,606 1,196,414 1.85 243
MergeSort 149,843 84,202 7,095,791 1,57 12.80
Perm 68,507 68,507 908,153 1.59 1.88
Puzzle 2,230,997 21,353 12,314,671 1.79 5p.18
Queens 5,751 5,700 772,304 164 1.35
QuickSort 4,434 4,436 1,148,074 1[75 2.86
QuickSort2 24,862 627 1,662,329 171 4.73
Sieve 10 1d 1,895,853 1.40 2163
Towers 65,561 65,561 1,193,963 2]16 1.66
Tree 80,665 75,6656 815,871 162 3.50
CParser 402,583 149,303 1,229,806 1.82 5.24
DeltaBlue 131,581 20,045 498,803 140 2.69
Diff 207,925 125,924 1,854,196 1.30 8/91
SParser 7,546 5,001 54,8p9 1,36 1.42
PrimMaker 73,888 23,332 289,021 1,20 7.01
Richards 217,502 29,430 1,601,904 1.32 B.87
RSA 7,066,669 5,510,379 31,928,807 1.22 208.09

Table A-4. Detailed data for TlI
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Figure A-1. Box-chart summaries of data for large benchmarks

Box charts show the range of data (vertical lines) as well as the 25% and 75% percentiles
(end of the boxes) and the median (horizontal lines). The mean is indicated with a dot ().

29



