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Abstract

I consider the problem of local type inference, where the types of local variables are inferred
within a method with otherwise complete static type information. Tbis is an important problem
for tools which manipulate languages, such as Java bytecode, where local type information does not
exist. Another application of local type inference would enable the design of programming languages
where the types of local variables need not be declared by the programiner. Even when programmer-
declared types for a local variable are available. it is pussible that these may not be as tight as
possible. Some analyses on programs, such as generation of a call graph, give more vseful results
when local variables are typed as tightly as possible. Finally local type inference can be seen as a
sub-problem in global type infereuce for object-oriented languages, where not even method signatures
are available.

| construct a new algorithm, built upward from a definition of optimal typing validity. I begin
by examining the Java bytecode verifier, which is perhaps the ‘most executed’ example of local type
inference algorithm. 1 consider how the bytecode verifier solves a similar problem to local type
inference, but is in some aspects quite different. I use some of these ideas iu the development of my
algorithm.

I derive a ‘core’ algorithm for local type inference in a language that obeys certain requirements,
and prove this correct. Then I go on to consider how the algorithm can be generalized further,
relaxing certain requirements on the target language. This yields a final algorithm, general encugh
for local type inference that is a specific target language: Jimple, which is ‘somewhere between’ Java
bytecode and Java source,

Through extensive experiments on over 295K Jimple methods, generated by a range of different
compilers. [ show that iny algorithm is typically around 4 to 5 times {aster than algorithms currently
it1 use. [ show that although my algorithm has exponential worst-case complexity, it exhibits linear
complexity in comumon cases. Other algorithms offer better worst-case complexity but are usually
slower in practice.

A paper on this project has been accepted at the ACM Conference on Object-
Qriented Programming, Systems, Languages and Applications (OOPSLA 2008).
A draft copy of that paper is attached. The role of the coauthors has been to
guide this research and help with the presentation of the paper, for instance with
a survey of the literature. All the novel ideas for the algorithm, its formalization
and its evaluation are my own.

This project text is shorter than 10,000 words; but all figures, equations,
algorithms and proofs should be considered ‘extra material’. These are included
in line with the text for ease of reference.
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Introduction

Ll"ype inference is the process of automatically inferring types for a computer program. This work
lfpeciﬁcaﬂy deals with {ocal type inference in object-oriented languages, where least static types are
inferred for local variables within a method, given all other typings such as method parameter types,
eturn types and public field types.

Some details of this work are specific to the Jimple programming language [7], where there is a
ipa‘:'ticular requirement. for local tvpe interence, though most of the algorithms presented could be easily
‘adapted to most modern object-oriented languages. Jimple was introduced with the Soot framework [7]
@s a statically typed, stack-less intermediate language hetween Java bytecode and Java source. Most
istatements in Jimple take at most three varinbles, so Jimple is sometimes described as a ‘threc-address
representation’. The intention of Soot's authors was to design a language that made it easier to analyze
iand transform Java bytecode. Java bytecode can be translated to Jimple more easily than it can be
tully decompiled to Java source, though Jimple also provides a useful intermediate stage in the full
:lecompilation of Java. One particular difference between Java bytecode and Jimple is tbat bytecode
uses an operand stack as well as a local variable array; Jimple only supports local variables. In bytecode
to Jimple conversion, elements on the operand stack are replaced by local variables, and then all local
variables are split as much as possible by flow analysis without inserting ‘copy’ statements. This splitting
does not, in general, result in Single Static Assignment (S5A) form becausc assignments to the same
variable are allowed in parallel branches of flow-control statements.

Finally, after the splitting step, a static type is assigned to each of the local variables. There is no
type information for the operand stack or local variable array in Java bytecode, so these static types
in Jimple mnst be inferred from the type informaticn that is available. The original objective for this
project was to develop a method for this final local type inference stage of the bytecode to Jimple
translation. In creating Scot, Gagnon et al. 2] designed an algorithm for local type inference in Jimple.
Their algorithm exhibits polynomial worst-case camplexity. [ present an algorithm that has theoretical
exponential worst-case complexity, but experiments show that it is typically linear and significantly faster
in most cases tested. Also wy algorithm is proved to find a tightest valid typing in all cases, whereas
experiments reveal that Gagnon's algorithm occasionally does not.

But most of the work I present is not limited to this specific application to Jimple. The algorithms
are general encugh Lo be used with any typleal object-oriented programming language. For example, the
newest, versions of Microsoft's C# and Visual Basic languages include local type inlerence, but only where
a variable is declared and defined on cne line. Using a more complete local type inference algorithm,
such as that presented here, declared static types would not be required at all, yet the compile-titne
verification and run-time performance benefits of strong typing would be maintained.

Another application of local type inference is in program analysis. Even if programmer-declared types
for local variables arc available, these may be weaxer than strictly necessary. This has an adverse aflect
on somie kinds of analysis, suchi as constructing a call graph using Class Hierarchy Analysis (CHA). Here
we need to determine which conerete methods can be invoked from each virtual function call b f(---}.
The ideul result is the set containing each method f in all classes ever referenced by 0 at the method
call. The challenge is finding out exactly which classes these are. In CHA the type of b is used. and we
know that b can ouly contain subtypes of the type ol &, so we find that the method called could be the
function f in any of these snbtypes. Clearly if b has a tighter type then there will be fewer classes that b
could teference, so a smaller and more nsefn! call graph is found. So local type infetence couid be used,
even where programmer-declared types are available, to find the tighlest typing for each variable and
thus the smallest call graph by CHA.

Tinally, the algorithms I present could form a subroutine of a global type inference procedure, where
the types in method signatures are also inferred. There is a large literature on the subject of global
type inference: the greatest advances were made by Palsherg and Schwartzbach [6]. In my conclusions |
briefly comment an possible future work, whers my algorithm could be extended to snlve the global Lype
inference problem.

———




1.1 OQOverview

[ begin in Section 2 by examining the Java Bytecode Verifier, and consider the similarities and differences
between the problems of bytecode verification and of local type inference. T then formally describe the
problem in relation to a ‘simplified language’, which excludes some typical features of object-oriented
languages such as arrays and multiple inheritance, [ first use intuition to develop an algorithm for this
simplified language, and present a proof that this algorithtn solves my formal description of the problem.

Next in Section 3 [ remove a significant restriction ou the simplified language by allowing multiple
inheritance. [ modify the formal description of the problem, and again nse intuition to give a more
general type inference algorithm. Finally 1 present a new proof, which is somewhat more complex.

Section 4 offers more generalizations to the algorithm, relaxing further the requirements ol the lan-
guage. This introduces support for Java-style arrays, modifications to methods that are not immediately
typable, and expressions that have more than one (least) type in the hierarchy. The general algorithm
given by this section is capable of local type inference ir the Jimple language and I implement this lor
evaluation. I use this implementation to conduct a thorough set of experiments in Section 5.

Section 6 summarizes some of the most closely related work and compares them to my algorithm.
Finally I conclude in Section 7, iu which I briefly comment on possible future work. I also present my
personal report, discussing the project, the challenges involved, and what I have learned in the process.

2 Algorithm Design and Development
2.1 The Java Bytecode Verifier

I begin by considering the Java bytecode verifier, which is j#/part of any Java virtnal machine following
Sun's specification [5]. The intended purpose of bytecode verification is to check that the bvtecode is
structurally well formed and wel! behaved at runtime. Part of this verification ensures that no local
variable or operand stack element could ever be used when it contains a value of an incompatible type.
Remember that the null type is allowed to be ‘used’ at compile-time wherever an object reference or
array is expected.

Briefly, this interesting part of the bytecode verifier works by developing a typing for the local variable
array and operand stack at each instruction in a method. If at any point the typing is not valid, based
on the conversions allowed by the specification, then the verifier lails. A pseudo-code algorithm [or the
bytecode verifier is given as Algorithm 1. In this pseudo-code, and through the rest of this discussion, [
ignore the Java bytecode operand stack. The actual bytecode verifier does perform similar verification
on the operand stack, bnt this work only considers lecal type inference in languages without snch a stack.
Indeed, the bytecode to Jimple translation inserts local variables to replace all operand stack locations.

Initially the verifier sets the typing at the first instruction of the method to contain initial types for
method parameter vanables. All other variables mmap to a special “top’ typs T indicating that the variable
is unusable. The typings of all other instructions are set to a special *bottom’ typing e, indicating that
the instruction has not yet been visited. The verifier then adds the first instruction in the method to
a worklist of instructions that need to be examined. While the worklist is not empty the algorithm
continues in a loop. It removes an instruction from the worklist, checks that the typing is valid, and
verification fails if not. It then creates a new typing, modeling how the instruction’s typing will change
alter execution of the instruction, This new typing is then merged with the typings of any possible
subsequent instructions considering control flow. Two types are merged by taking the least-cominon-
ancestor of the two types, which is the least type that can hold all vahies of both types.

So in the bytecode verifier, at each statement {instruction) we have a typing for the local variables,
though this typing is not generally valid at any other statements. For example, at one instruction local
variable x might contain a value of type Vector, and then at another instruction it may contain a String,
This is because we are dealing with Java bytecode and not Java source, so all variables do not nced a
single static type

So it turns cut that a correct local type inference algorithin wiil look a little different from the
algorithm of the bytecode verifier. Primarily we will probably not consider contrel flow. A valid typing
must be valid tor all statements, not just the statements that mighl ‘see’ that tvping.



Algorithm 1 Bytecode verification

1: for all instructions ¢ in method do

20 typing(i) = oL

3: end for

4: ¢ < { Brst instruction in method }

5 worklist < {i}

6 typing(i) < typing containing correct method parameter types, all other local variables map to T
7. while worklist # 0 do

8:  i:worklist < worklist

0. if ¢ is not well typed under typing(i) then

10: verification fails

11:  end if

12 ¢ < effect of ¢ applied to Ltyping (i)

13: for all instructions i,.., that can follow 7 in control flow do

14: if typing(iyes) = o1 then

15: typi”g(in(::ui} —a

16: worklist < inepy - worklist
17: else

18: for all local variables v do

15 if typing(ines}(v) and o{v) are both reference types then
20 a'(v) < least common superclass of typing(tnez: ) (v) and o(v)
21 else if typing(ine.) (v} # o(v) then
22: o'{v)<=T
23: end if

24: end for

26 if o' # 7 then

26: typingliyem) & o

27: worklist & ipepr - worklist

28: end if

29: end if

30:  end for
31: end while
32: Verification succeeds




2.2 Local Type Inference in a Simplified Language

We can begin to formalize the problem. Let T be a set of all types visible to the method. with a subtype
relation < between them. The set T must have an infimum and supremum. In this report I sometimes
refer to the infinum and supremum of all types in T as L (bottom, or untyped) and T {top, or failure)
respectively. L is a subtype of every type and T is a supertype of every type. It is usually possible to
extend the type hierarchy with new imaginary types L and T if real types d p32 ist, Sometimes properties
of the target language will ensure that these types are never provided by the type inference algorithms,
and I mention these cases when describing each algorithm later in this report. But. to give an example,
the fact that every variable is assigned at least once in Jimple means that no variable is ever typed at
L. Also {except for small integer types, which I consider mnch later) Jimple guarantees that no variable
is ever assigned incompatible types, so no variable is ever typed as T.

Next, let ¥V denote the set of local variables in the method. We define a typing as a mapping from
local variables to types V — T,

First of all 1 consider methods in a simphfied language that satisly some requirements. 1 formally
define these requirements later in this section, but the list below might be a useful summary. It turns
out that general Jimple methods satisfy none of these, so later in this report 1 generalize the algorithm
for them, removing each requirement in turn.

» The < relation on T forms a lattice, so any pair of types has a single Greatest-Lower-Bound {GLB)
and Least-Upper-Bound (LUB) (remember T inclndes L and T.) LUB is also known as least-
common-ancestor or join, and can be represented by the v operator. For the algorithms I preseat
the least-common-ancestor function Ica : T2 — T’ must be well defined. The requirement that types
fornt a lattice is actually a slightly weaker requirement than a total absence of multiple inheritance,
though there is certainly no single-valued {ce function for the Java {and Jimple) hierarchy. [This
requirement is removed in Section 3]

o A *valid’ typing does exist for the method. |[This requirement is removed in Section 4.1]

¢ Only single local variables or field references, and in particular not arrays, can appear on the
left-hand-side of assignment statements. [Java-style arrays are supported in Section 4.2]

o A single-valued monotonic tunction eval : £ x E — T i3 well defined. The intuitive meaning of
eval(g,e) is to infer the type ol expression e under typing o. [A multi-valued eval function is
supported in Section 4.3.3)

T now describe these requirements formally. We require that least~common-ancestor function lca must
satisty the following equivalence for all z,y,z € T

r<zAayLz=lcaly,y) & 2 {1)
By taking z = lca(x.y} we observe that for all c.y € T

x < leaz, y) Ay < lea(z, y) (2)

We can verify that the lca function is associative and commutative. In our simplified language, local
variables can appear in only one of two contexts:

o assignments of the form v = e, the set of which we name A,

o and uses, which can take several syntactic lorms, but alwavs couvert a variable » o some type £.
We model this use by the pair (v,t), and we denote the set of all uses as [J.

We can define a typing as a mapping from V to T, and a partial order < on typings as

o <oy =Vv e V.oi(e) < oa(v) (3)

We require that the language exhibits the following common definitions of typing validity:

& an assignment v = ¢ is valdd under a typing o if and only if cval(e.e) < o{v},



e a uge (v.1) is valid under a typing o if and only if a(v) <t

e a method (A.U}) is valid under a typing ¢ il and only if all assignments in A and all uses in {/ are
valid under o.

Here I introduce the eval : ¥ x £ — T function to formalize validity. [ shall require that the eval
function 'w/monotonic, 80

e

o, € gg =3 eval{o;,e) <eval{os,€) (4)

It is the definitions of typing validity, along with language-dependent lca and eval functions, which
provide the ‘link’ between type my algorithm and the target programming language. I make no other
assummptions about the language until I extend the algorithm to support additional language features in
later sections.

It is clear from the above definitions that the problem of local type inference for a method can be
defined as finding the least typing under which the method is valid. For convenience I write that a typing
o i3 ussignment-velid for a method if and only if every assignment is valid under o, formally

V(v :=e) € A eval{o,e) < o(v) (5)

Likewise a typing o is use-valid for a method if and only if every use is valid under o, formally

Vv, #) e Uolv) <t

It is obvious that a clear that maps all local variables to T is assignment-valid, so we know that
a least assignment-valid typing must exist. Now notice how the definition of assignment-validity (5) is
somewhat related to the definition of the ica function {1). I leave the proof that (under the simplified
language) the least assignment-valid typing is unique until Section 2.3.1, but it may seem intuitive to
the reader. For now I continue with an informal algorithm derivation, assuming that a unique least
assignment-valid typing exists.

With this assumption [ can make an important observation: if the least assignment-valid typing
is not use-valid, then there are no valid typings. We can see this easily by considering the least
assignment-valid typing o. 1f ¢ is not nse-valid then, for some nse (v, t}. o(v) £ t. Now all typings net
greater than ¢ are not assigntment-valid because ¢ is the least. Finally consider any typing ¢’ greater
than ¢. By definition, ¢ € o(v) so t € ¢'(v), so ¢’ is not use-valid either.

Armed with this observation 1 realize that is it sufficient to find the least assignment-valid typing and
then check that it is use-valid. This gives the least valid typing.

2.3 Finding the Least Assignment-Valid Typing

[n this section I present several *tries’ al an algorithm. After each attempt I explain what is wrong, giving
an example, and fix it to give another algorithm. This roughly follows my thougifprocess when T was
designing the algorithm. For the final algorithin, a formal proof of correctness follows in Section 2.3.1.

Suppose we maintain a typing o and iterate through the assignment statements individually, updating
o as we progress. A first attempt at an algorithm might look like the algorithm in Figure 1.

1 <untyped> x;
2 x = new Integer(5);
3  x = new String("Some String"};

1: for all assignments v := e do
2. g <ol eval(o, e)]
3 end for

Figure 1: Algorithm Attempt 1 and Counterexarmnple

Of conrse this is not sufficient. There may be several assignmenis with the same local variable « on the
left hand side. and we must ensure that v is given the least type that makes valid all such assignments. In
this case the least such type is Object. This is given by the least-eommon-ancestor funetiou lca : T2 T,
which we know is well-defined in this simplified language. Figure 2 shows a secoud attempt. This time



we start with all local variables typed as 1. I don’t attempt to prove this algorithm rigorously at this
stage, but given that ¥z € T, lca(l,z) = z, and remembering the associativity and commutativity of
lca, one might be persuaded that we are on the right track. Also, as long as each variable is at some
point assigned a value of some type other than 1, as is the case in Jinple. then the final typing will
never map any locals to L.

1: for all local variables v do

‘ 1 <untyped> x, ¥;
Z vl 2 = new Integer(5);
3: end for 2 X ~ “e" nLegeris’;
4: for all agsignments v := ¢ do Y= . . o
5. 0 < ol o lea(o(v), eva(a, €) 4 x = new String("Some String");
6: end for

Figure 2: Algorithm Attempt 2 and Counterexamnple

Indeed Figure 2 is closer but we're nat there yet. Since o is changing, in fact monotonically increasing.
then the value of eval(o,e) for any expression e might also be changing. This can happen when a local
variable appears in the expression on the right-hand-side of an assignment. In the example we would
type x as Integer on line 2, ¥ as Integer on line 3, then x as Object on line 4. So at the end line 3 is
no longer valid. What the algorithm should do in this case is return to reconsider line 3 whenever the
type of x changes.

ApPPLY ASSIGNMENTCONSTRAINTS (Algorithm 2) is a complete local type inference algorithm for the
simplified language. The algorithm takes a typing parameter o, and returns a singleton sel containing the
least assignment-valid typing that is greater than o. The reason for retnrning a singleton is to maintain
compatibility with more general versions of the algorithm that will return sets of typings instead. For
the current purpose we will always take o = ¢, the infimum of all typings, where every variable maps
to L. This parameter is used in later applications of the algorithm.

The algorithin maintains a set worklist of assignments that we still need to consider. Initially worklist
is set to all assignments in the method, and whenever a the type for a local variable v changes, we add
all assignments in depends{v) to worklist. depends : V — 24 maps each local variable v to (a superset
of) the set of assignments v’ := e, where eval(o. e) depends on o{v).

Algorithm 2 ApPLY ASSTGNMENTCONSTRAINTS (o) Version 1
Local type inference in the simplified language

1. for all local variables v do

N v L

1 end for

4: worklist <= all assignments

5 while worklist # { do

6:  {(v:=e):worklist < worklist
7.t <= lea(o(v),eval(o, e})

8 if t # o{v) then

9: alv) <=t

10: worklist « worklist # depends(v)
11:  end if

12: end while

13 return {o}

The reader may wonder whether this algorithm terminates. Again this is proved in Section 2.3.1, and
the proof depends on the monotonicity of the eval function (4). It is worth noting that the efficiency
of this algorithm can be optimized for a target language by controlling the arder in which elements are
selected from worklist. For example, in Jimple it is preferable to use a structure like a priority queue
for worklist, where elements are ordered by the order they appear in the method body. This is because
it is more usual for local variable assignments to precede uses.



2.3.1 Proof

In this simplifted language the type hierarchy (T, <) forms a lattice: a partially ordered set where every
nonempty subset has a single lowest-upper-bound {also called a least-common-ancestor) and a single
greatest-lower-bonnd. The usual notation is to denote the lowest-upper-bound, or join, of a subset X by
vX.

We can define a function

flo){v) = \/{eval{, o)l(v == ¢) € A} (6)

Since the evai(o, ¢) function is monotonic in ¢ {4), f is also monotonic. It can also be shown that
any assignment-valid typing is a prefix point of f:

floy<o

{ definition of < (3) }

Vo, f{o)(v) < o{v)

{ definition of f (6) }

Yo, \/{eval(a.e)\(v =e) € A} < olv)
{ definition of LUB }

Yu,V(v:=e) € A,eval(o.e) < o(v)

il

it

Vi{v:=¢) € A,eval(g,e) < alv)

So any assignment-valid typing is a fixed point of f. and any fixed point is an assignment-valid typing.
The idea is to find the least such fixed point, which is the least assignment-valid typing. Such a least
fixed point exists because of the Knaster-Tarski theorem [3], and we will find it by repeated iteration of
f on the infimum e of all typings.

fFUCflo)-))

The similarilies are clear between this theory and the implementation in APPLY ASSIGNMENTCONSTRAINTS{o | )
(Algorithm 2.} The key difference is the use of a worklist in the implementation, which is a simple opti-
mization to avoid evaluating eval and lca more than necessary.

3 Multiple Inheritance

Multiple inlieritance is a feature of the type hierarchy in most object-oriented languages. For example,

consider the Java (and Jimple) type hierarchy shown in Figure 3. Even though in Java mulliple super- .
classes are uot allowed, any class can implenient any number of interfaces. In this example types € and

D are subtypes of both juterfaces IA and IB.

1 void multInhrA() { 1 veid multInhrB() {

2 <untyped> x; 2 <untyped> x;

3 X = new C(); 3 X = new C();

Bl x = new D(); 4 x = new D();

5 3} 5 expectsAnIA{x);
6

W

Now examinc the the®Jimplelgiven in method multInhrA above. How should we type variable x?
Clearly IA and 1B are preferable to Object since they are tighter, but we have no reason to choose either.
Both of these are leas! assignment-valid typings. Now examine method multInhrB, where I add « use
(x, IA) in line 5. Now only one of these least assignment-valid typings is also use-valid, and this is clearly
the one to choose.

Pul. another way, the difficulty brought by multiple inheritance is that there is no longer a single-
valued least-common-ancestor function between pairs of types so the partial order of typings does not
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Figute 3: A Type Hierarchy with Muitiple Inheritance

form a lattice. Indeed, we can try choosing any of the five types as the value of lca{C, D) and it is easy
to check that the required property {1) of the lca function would nat hold.

I take the obvious approach to overcoming this difficulty by generalizing the algorithmm to support a
multi-valued lca function, so ica : 7% +— 27, The intuition is that lca(z, y) returns a set of least common
supertypes, and a type t is a supertype of both « and y if and only if it is also a supertypc of . The
formal requirement of a valid lca function becomes

r<zAy<z=€ lealo,y)t <2 (7)

In the second version of APPLY ASSIGNMENTCONSTRAINTS (Algorithm 3) I maintain a set of typings
instead of a single typiug. Each iteration involves an assignment and a single typing from the set.
We replace that typing with one or more new typings, each accounting for one of the least-cornmon-
supertypes.

Notice that the algorithm will return Z containing all least assignment-valid typings. But as illus-
trated by the multInhrB example earlier in this section these are not all guaranteed to be use-valid.
However we assume that a valid typing does exist, so we select any such typing from I to use, as all are
least and have equal merit,

3.0.2 Proof

With nmltiple inheritance in the picture, types no longer generally form a lattice. This is because lor
some sets of types, as exemplified by Figure 3, there is no single least-upper-bound. Instead we introduce
a step predicate on pairs typings. Intuitively o, ¢’ is in step if and only if ¢’ is still a potential assignment-
valid typing when we consider that the right-hand-sides of all assignments will be typed under a typing
al least as great as o. step is defined formally as
steplo,g’) = V(v = ¢) € 4,eval(a,e) < ¢'(v) (%)
We notice that step(s,a) if and only if o is assignment-valid. One other important property of the
step predicate is monotonicity in the second argument:
steplg, 'Y Ao’ < g = step(s,o") {9

This proof makes use of upward-closed sets of typings, which are defived as sets ¥ where

YoeLo<g =o' €N {10)

The idea is that we use an upward-closed set to represent all potential assigument-valid typings for
the method, iteratively removing known invalid typings (from an initial set with all possible typings) as

10




Algorithm 3 APPLYASSIGNMENTCONSTRAINTS(o) Version 2
Local type inference supporting multiple inheritance

1: for all local variables v do

2 ve L

3: end for

4 X« {o}

5 worklist(o) < all assignments

6: while 3o € T, workfist{c) # § do
7. Pick 0 € X, worklistig) # @

8 <X\ {o}

9: (v = e): worklist & worklist(o)
10: ¥ <=eval(g.e)

11:  for ail ¢ in lca(e (v}, t') do

12: if t = o(v) then

13: L<ZU{o}

14: else

15: o' < ofv—

16: worklist(o') < worklist(o) 4+ depends{v)
17: T«<=zu{s}

18: end if

19:  end for
20: end while
21; minimize &
22: return &

the algorithm progresses. Intuitively we want to find the largest upward-closed set of assignment-valid
typings. So we define a partial order on upward-closed sets, and we want to find the least set of typings
under this partial order.
L<y=58cCcy (11)
An important property of upward-closed sets is that the entire set can be represented by its minimal
etements, which we denote mnl(Z).
gdeml(L)iffvo,c e rho<a =o' =0 (12)

A property of mnl on upward-closed sets allows us to test for the set inclusion © € ¥ of two
upward-closed sets, when we only know mnl(¥) and "

TCX=mul(T) gy (13)

The = direction is trivial since mnl(Z} € . The <« directicn follows from the definition of upward-
closed sets (10). Every element ¢’ that is greater than some element ¢ of mni{XZ} must belong to Z, but
since also 0 € &' then o’ € .

We are now ready to define a function F. which is a generalization of the f function from Section 2.3.1.

F(Z) = {¢'|Fo € E. steplo,o') ho < o'} (14)

By the monotonicity of the step predicate we can see that F(X) is always upward closed. Also all
elements of F{Z) are greater than or equal to some element in I, so F{Z) C T and thus £ < F{IZ). We
finally need to show that any set of assighment-valid typings is a prefix point ol F:

11



FE)<E

{ definition of < (11} }

¥ C F(E)

{ inclusion of upward-closed sets (13) }
mnl(Z) C F(¥)

{ definition of F (14) }

Vo' € mnl{Z). 3o € E.steplo,0’yne <@
{ definition of mnl (12) }

Yo' € mnl{T}, step{a’, a”)

I

So any fixed point of F is an upward-closed set of assignment-valid typings, the least fixed point £
ol F is the set of all assignment-valid typings, and mnl(Z) is the set of least assignment-valid typings,
which is what Algorithm 3 gives,

The starting point for the least fixed point calculation is the least (in <) upward-closed set of typings.
This set may be denoted £, but is in fact the set containing every possible typing. In the same way as
Section 2.3.1 we can find the least fixed point by iteratively evaluating F:

F(FGF(Z1)-))

However a naive implementation of this iteration would be horrendously inefficient! Consider having
to maintain sets of typings as large as every possible typing! We can perform an extremely rough
calculation: the number of types in the Java rt.jar file is greater than but in the order of [0000. A
typical method with 10 local variables has 107%°% possible typings, so this would be the cardinality
of £;, and with conventional computing there is no way we could contemplate naive storage of the
upward-closed sets of typings.

Examining Algorithm 3 shows that we actually maintain a set of typings X' somewhere between
mnl(L) and £, so mnl{Z) C £' C T Tt is sufficient to maintain the set of minimal typings at each step,
but experiments show that ensuring we only maintain minimal typings is expensive. We minimize once
at the end.

4 Jimple-Specific Considerations

ApPLY ASSIGNMENT CONSTRAINTS provides the basis for local type inference in most object-oriented
languages. But different languages have particular quirks, which may not comnpletely satisty the require-
ments of the simplified fanguage used so far. The reader will soon realize that some of the problems
presented by these ‘quirks’ are somewhat difficult to solve in an efficient manner! My initial motivation
for this project was to improve the perfortance of local type inference in Jimple, and the generalizations
presented in this section are combined at the end to give a complete local type iuference algorithm for
Jimple.

4.1 Untypable Methods

In languages such as Jimple we are not guaranteed that a valid typing does exist. The reason for this is
due to the principle that it must be possible to translate all valid bytecode to Jimple. lgnoring the small
integer types, which I consider later, the byiecode to Jimple trauslator does split variables enough so that
an assignment-valid typing {not including T) does always exist, but it is not alwavs able to guarantee a
use-valid typing.

Gagnon et al. considered this at length and offered some examples of untypable Jimple methods.
These are shown in Figure 4. The untypableA method will successfully pass the bytecode verifier with
x dynamically typed as CA on line 6, CB on line & and Object an line 9. However there is no static
type for x that would be valid for all statements. The untypeableB method is another example which
is uutypable, this time due to mnltiple inheritauce. By inspection we can see that the program is well
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class CA extends Dbject { void £() { } }
class CB extends Object { wvoid g(} { } }
void untypableA() {
<untyped> x;
if (...
{x=new CAQ; x.£f(O; }
elsa
{ x = new CBQ); x.g0); }
x.toString(};
}
interface IA { void £{}; }
interface IB { veid g{); }
interface IC extends IA, IB { }
interface ID extends IA, IB { }
class CC implements IC { void £() { } void g(0 { } }
class CD implements ID { void £()} { } veid g{> { } }
class InterfaceDemo {
IC getC() { return new CC(); }
ID getD() { return new CD(); }
void untypableB()
{
<untyped> x;
if ( ... ) x = getC(); else x = gatD();
x.£0; x.gQ);
+
1

Figure 4: Examples of untypable Jimple methods, due to Gagnon &f ol. [2]

behaved, and the bytecode verifier passes because it leaves verification ol the Java invokeinterface
instruction until runtime. But again there is no static typing that will he valid for all statemnents.

In addition to analyzing the problem, Gagnon et al. also presented extensions to their algorithm,
which apply semantics-preserving program transformations to ‘fix’ untypable methods where required,
such that a valid typing is guaranteed to exist. 1 elected to use the same approach. Gagnon gave two
stages of transformations: stage A is only perapplied if the original method is untypable, and stage B
is only applied if the method remains untypable after stage A. After applying stage B a valid typing is
guaranteed to exist for every method.

The stage A transformation hixes cases like untypablea. This is similar to the methad for splitting
variables in control flow branches while obtaining Single Static Assignment (SSA)} form. But we are
allowed multiple assignments, so we do not need to worry about using ¢ fuuctions as in 35A form.
Wherever an object is instantiated within a control-flow branch we introduce a new variable for the
new object, and also immediately ‘copy’ this reference to the original variable. Now wherever the code
contains a use of the original variable, but in the scope of the same control-flow branch, we replace the
original variable with the new variable. This allows the new variable to be typed with a more specific
type than the old variable. As shown in my experiments (Section 5) Stage A does not fix all untypable
methods, an example being untypeableB.

The stage B transformation simply inserts casts wherever a use is not valid uncler a least assignment-
valid typing. These casts are guaranteed to succeed at runtime for Jimple {from verifiable bytecode), so
we are not altering Lhe program semantics. This stage will always produce a valid typing in Jimple since,
as we have already seen, a least assignment-valid typing (not using any 1 or T types) always exists.

JimMPLELOCALTYPEINFERENCE (Algorithm 4) shows how these transtormations can be arranged with
APPLYASSIGNMENTCONSTRAINTS. We first try running APPLY ASSIGNMENTCONSTRAINTS(o) )} on the
original method, and if no least assignment-valid typing is also use-valid (i.e. it requires at Jeast one cast to
make it so) then we apply the stage A transformation. We then re-run JIMPLELOCALTYPEINFERENCE(a 1)
and select a typing that now requires fewest casts. If this typing is still not use-valid then we apply the
stage B transformation by inserting casts wherever they are required. This is guaranteed to give a valid
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typing.

Algorithm 4 JIMPLELOCALTYPEINFERENCE Version 1
Local type inference including transformations to guarantee a solution

¥ < AppPLYASSICNMENTCONSTRAINTS (o) )
minCasts < min{CounTCASTSREQUIRED(g)|0 € L}
if minCasts > 0 then
Apply stage A transformation
¥ < APPLY ASSIGNMENTCONSTRAINTS{qd ) )
minCasts < min{ COUNTCASTSREQUIRED(z )|z € £}
end if
o 4= any element of X where countCasts(o) = minCuasts
: Insert casts to inake ¢) use valid
: return o

© | ;W e

—
=]

4.2 Arrays

So far our language has only allowed assignments of the form v := e. Jimple also includes array assign-
ments of the form v[i] := e. Intuitively one may be tempted to think we can safely ignore these. After
all, every variable that is used as the base of an array reference must contain a ‘suitable array’? Not
necessarily, as demcenstrated in the following snippet:

<untyped> X,
X = new String[1];
x[0] = new Object();

Cleatly there is a problem here, but the bytecode is verifiable because arrays in Java are covariant
{t1 <t =10 < #]].) In fact the Java VM is responsible for keeping track of array types. and would
throw an ArrayStoreException on line 3. If we do not consider line 3 then we would choose to type x
as String[1. We would then need to introduce a cast in statement 3, which would fail at runtime with
a ClassCastException. If we do consider line 3 then we would choose to type x as Object [1, no casts
would be required, and line 3 would fail at runtime with an ArrayStoreException. Since we must not
change program semautics, even when we introduce casts. then we must take the second option and type
% as Object(].
Fortunately the required changes to JIMPLELOCALTYPEINFERENCE are miuor. We simply replace
lines 9 and L0 of Algorithm 3 with
(thrs 1= €) r worklist & worklist(o)
if lhs matches v[i] then
vli] <= lhs
t' <= eval(o, e)]
else
v <= [hs
t' <= eval(z €)
end if

4.3 Primitive Types

The Java primitive types offer more difficulties for local type inference, due to Java's awkward handling
of the small integer types: beeclean, byte, char, short and int. The problems are particularly specific
to Java-related languages and do require some non-trivial solutions. In this section 1 discuss the problems
and my solutions in some detail, but to offer an overview:

s there exists verifiable bytecode for which no Jimple equivalent exists, even if we allow semantics-
preserving casts;
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e and for some assignments there is no single type ¢ such that the assigninent is valid if and only if
the left-hand-side is typed as an ancestor of t.

Java bylecode makes no distinction between the small integer types. At the bytecode level they are
all treated as int and can be used interchangeably, though as I discuss later in this section the semantics
are sometimes dubious. There are no implicit conversions allowed between the other primitive types
long, float and double. These rules are represented by the hierarchy shown in Figure 5a.

Java source allows some implicit ‘widening’ primitive conversions between the numeric types, bul no
implicit conversions to or from the boolean type. This hierarchy is shown in Figure 5b.

As we might expect, the Jimple type hierarchy for primitives, shown in Figure 5¢, lies somewhere
between Java bytecode and Java source. There are some implicit widening conversions allowed between
small integer types but not boolean. Explicit conversions in the form of casts are allowed between any
primitive types. Narrowing casts between the small integer types are compiled to bytecode as the integer
truncation instructions such at i2s, i2¢ and i2b. Casts between boolean and any small integer type
are ignored in the Jimple to bytecode compilation.

The JiMPLELOCALTYPEINFERENCE algorithm (Algorithm 4) is capable of typing all local variables in
Jimple, except those that hold small integer values. To make it do this we can type against the bytecode
hierarchy rather than the Jimple hierarchy. We can verify that the type of a local variable v depends
on the type of any small integer variable only if » is also a small integer variable. So we can use this
algorithin to find a least valid typing, requiring the insertion of fewest casts, but with all small integer
variables typed as int. This typing would not be valid under the Jimple hierarchy, but it dees mean that
a second stage can ignore all other variables, and only needs to worry about small integers. This section
deals with this second stage, where we begin with a least valid typing under the bytecode hierarchy. In
this stage we reconsider smnall integers and find a least valid typing under the Jimple hierarchy. Gagnon
et al. [2] also divide the problem into the same two stages, which allows convenient comparison in later
experiments.

4.3.1 Inserting Small Integer Casts

This difference between the bytecode and Jimple hierarchies leads to the first point of concern in typing
primitives. There exist conversions, such as int to byte and boelean to int, which are implicit in Java
bytecode but must be made explicit by inserting casts in Jimple. Without casts an assignment-valid
typing may not even exist for small integer types where the same variable is assigned both a boolean
and any other sinall integer type! As mentioned above, some of these casts have the effect of truncating
the value of the variable, which may clearly change the program semantics. However an important
observation made by Gagnon et al. [2] is that if all variables are ‘big enough’ to hold the values of all
types that are ever assigned to them. then any required casts will only affect program semantics when
the semantics were dubious {at run-time) to begin with. By dubious semantics Gagnon means using
a small integer variable with a value greater than expected, based on the static type information in
Java bytecode. Such static type information is available for variable uses in inethod invocations, field
assignments and return statements. So dubious semantics can occur at any of these sites. An example
code snippet always cxhibits dubious semantics:

<untyped> x;

X =5;
takesABoolean(x);
takesAnInt (x);

Line 3 is well-tvped under the bytecode hierarchy, even though a small integer value of 5 is passed
to the takesABoolean(boolean) method, which expects a boolean. This is ‘dubious’ because, without
examining the code, we cannot determine whether takesABoolean(5) behaves like takesABoolean(1l)
or takesABoolean(0), or maybe differently from both! It is not line 3 itself that is dubious, it is the
run-time event where takesABoolean is called with a parameter value not equal to 0 or 1. Dubious
semantics never occur on line 4 because the int type contains value 5.

There is no typing for the example given above that is valid under the Jimple hierarchy. If we
choose to type x as byte then lines 2 and 4 are valid but a cast is required on line 3. Similarly if we
c¢hoose boclean then line 3 is valid but lines 2 and 4 require casts. In the their Jimple type inference
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Figure 5: Primitive type hierarchies in different languages
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(a) The value set hierarchy {b) The augmeuted Timple hierarchy

Figure 6: Modified type hierarchies used by my algorithm

algorithm [2], Gagnou et al. accept that the semantics of the original program may be altered by inserting
casts, but only where the use would be dubious to begin with. So in the example above we type x as
byte and insert the cast at line 3.

I use the same idea and allow casts where required, after ensuring that the typing maps all small
integer variables to a least type that is ‘big enough’ to hold all values that could be assighed. But what
does ‘big enough’ mean? I write that, for two small integer types t; and ¢a, #; C #3 if and only if all
values of type #; are also values of ;. Now we can easily check that

o for all small integer types ¢1.t; except boolean, {; C ty =t; < g,
¢ for all small integer types ¢, boolean C ¢,
s and for all small integer types ¢, boolean Ct =t = boolean.

This partial order can be represented by the value-set hierarchy shown in Figure 6a. We can verify
that when t; € ty. although a cast may be required if ¢; is used where ¢; is expected, this cast will not
change (run-time) semantics unless the semantics of the use would be dubious anyway. I write that an
assignment (t := e) is value-set-valid under a typing o« if and only if eval(s,e) C . This is a principle
equivalent to assignment-validity but, since the C relation is not the same as <, assignment-validity and
value-set-validity are not the same. To see the difference consider the example below:

1  <untyped> x;
2 x = returnsAnlnt{};
3 x = returnsABoolean();

This is valid Jimple but there is no assignment-valid typing. If we type x as boolean then line 2 is
not assignment-valid, but if we type x as any other small integer tvpe then line 3 is not assignment-valid.
However we can type x as int and all assignmerits are value-set-valid. This suggests a strategy for typing
stnall integers, which guarantees a valid typing requiring the insertion of fewest casts. We find the least
value-set-valid typings under the Jimple hierarchy, and then select the typing thal requires the fewest
number ol casts,
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But how do we find the set of value-set-valid typings that are least under Lthe Jimple hierarchy? First
we apply Algorithm APPLYASSIGNMENTCONSTRAINTS agatnst the value-set hierarchy! This gives us the
set X that is least under the value-set hierarchy, but not under the Jimple hierarchy. But notice that
% is never empty, because typing all small integer variables as int is always value-set valid. Now any
typing ¢ € ¥ must also be least under the Jimple hierarchy. So we siuply need to find the set of least
typings (under <) from the set {¢'|30 € B0 C ¢'}.

By inspecting the hierarchies we can make an important abservation. Suppose that for some typings
gy. 0z we know gy C gy, Now there always exists a o} that is a boolean-eztension of o1 such that o] < 5.
I define a loolean-ezxtension of a typing o as any typing equal to ¢ except that variables mapping to
boolean nnder ¢ may also map to char or byte under a boolean-extension of . For example, the set
of boolean extensions of the typing {x : boolean, y : short, z : boolean} is

{x : boolean, y : sbort, z : boolean}, {x: byte, y : sbort. z : boolean}, {x: char.y: short, z: boolean},
{x : boolean, y : sbort, z : byte}, {x: byte, y : sbort. z : byte], {x : char, y ; short, z : byte},
{x : boolean, y : short, z : char}, [x : byte. y: short.z: char}. {x : cbar, y : short, 2 : char}

Algorithm 5 FINDBOOLEANEXTENSIONS(o)

1. ¥« {o}

2 for all local variables v do

3:  if o(v) = boolean then

1 for all t € {byte, char} do

5: o’¢:0hrh*ﬂ

6: {6'} <= APPLYASSIGNMENTCONSTRAINTS (o) {Using the value-set hierarchy! For a different
reason we shall see that version 3 is required in Jimple, which is introduced in the next
section.}

7: ¥ <= XU FINDBOOLEANEXTENSIONS{g')

8: end for

9:  end if

10: end for

11: return 3

As FINDBOOLEANEXTENSIONS {Alogrithm 5) I present a pseudo-code algorithm for finding the
boolean-extensions of a typing o. Notice that whenever we change a type we re-execute APPLY ASSIGN-
MENTCONSTRAINTS {under the value-set hierarchy) to account for the possible changes to expression
types in the method.

Now I am ready to present JIMPLESMALLINTEGERLOCALTYPEINFERENCE (Algorithm 6), an algo-
rithm for finding the least {(under the Jimple hierarchy <) value-set-valid typing, which requires the
insertion of fewest casts. JM€ first we find the set ¥’ of value-set-valid typings thal is least under the
value-set hierarchy {C}. We then take the union ¥ of all boolean-extensions of atl typings in %', We
finally minimize ¥ under the Jimple hierarchy and return this. Now we know that any casts required
by these value-set-valid typings will be acceptable, only changing program semantics if they are already
dubious. So I select any typing from ¥ that requires the insertion of fewest casts. -~

So we should be able to perform complete local type interence in Jimple by first using JIMPLELOCAL-
TyPEINFERENCE (Algorithm 4) and then JIMPLESMALLINTEGERLOCALTYPEINFERENCE (Algorithm 6.)

4.3.2 The Type of Short Integer Constants

But there is another big problem! Thus far APPLY ASSIGNMENTCONSTRAINTS has relied upon a well-
defined eval : £ x E — T function., which doesn’t exist for Jimple! The perpetrator for this is the humble
small integer constant expression. Consider the simple assignment

1 <untyped> x;
2 x =5;

Clearly local variable x could be typed as byte or char, and both such typings are hoth least
assignnient-valid and least value-set valid typings. So what is the single value of eval{{zx » 1}, 5)?
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Algorithm 6 JIMPLESMALLINTEGERLOCALTYPEINFERENCE (o)
Local type inference for Jimple small integers

Require: o is a least valid typing for all variables except small integers, requiring the insertion ol fewest
casts. All small integers are typed as int.
Ensure: The return valne is a least valid typing for all local variables, requiring the insertion of fewest
casts.
. for all local variables v do
if o(v) = int then
olv) = 1
end if
end for
I’ « APPLYASSIGNMENTCONSTRAINTS(o) {Using the value-set hierarchy! For a different reason
we shall see that version 3 is required in Jimple, which is introduced in the next section.}
Lep
8: for all ¢ € ' do
9 Y <« XU FINDBOOLEANEXTENSIONS{7)
10 end for
11 minCasts < min{ COUNTCASTSREQUIRED (o )| € E}
12; 7 4= any element of £ where COUNTCASTSREQUIRED{7) = rninCusls
13: Insert casts to make ¢ use valid
14: return o

A A A

=

Suppose eval({z — L}.3) = byte, then by the definition of assignment-validity (5), byte € char would
irply that line 1 is not assignment-valid under {& — char}, which is not a carrect model of Jimple. Of
course this saine argument would apply to any single-valued eval fnnction. So either we need a different
method or a different hierarchy! I consider both of these approaches.

First in Section 4.3.3 [ propose a generalized version of APPLY ASSIGNMENTCONSTRAINTS to support
a multi-valued eval function. This algorithm is equally efficient as earlier versions in languages without
a multi-valued eval function. However my experiments showed small integer constants are common in
typical Jimple, resultiug in the generation of many candidate typings. In Section 4.3.4 1 propose a ‘type
promotion’ algorithm for the small integer types, which uses a specially augmented type hierarchy to
enable a single-valued eval function. This is a very different algorithm for small integer typing that does
not rely on the value-set hierarchy, but consequently cannot guarantee to generate a typing requiring
the insertion of fewest casts. But if it can find a typing, which it can in almost all typical cases, then
that typing is guaranteed to be minimal. Finally in Section 4.3.5 I combine the two approaches to give
an algorithmm that uses type promotion in almost all cases, but reverts to the slower method when the
insertion of casts is required.

4.3.3 Supporting a Multi-Valued eval Function

Perhapa the mast obvious solusion would be to generalize eval : 32 x £ — 27, Intuitively this means
that expression e can be converted to all ancestors of each of the types in eval(a,e). We can adapt
the formal notion of assignment-validity: an assignment v := e i3 walid under a typing o il and only if
3t € eval(o, €),t < alv).

The proof of Section 3.0.2 can be generalized by changiug the definition of step (8} to

step(o,0’) = V(v =€) € A, 3t € eval{o.e),t < ¢'(v)

This leads to a modification of APPLY ASSIGNMENTCONSTRAINTS {Algorithm 7.)

Notice the extra loop added on line 10, sround the loop introduced in Section 3 to handle a multi-
valued lea function. The similarity of the two generalizations is clear. Remember that when we introduced
this first loop, we relied on the infrequency of lea giving multiple values, since the algorithm has the
potential for exponential blow-up. Unfortunately, in Jimple at least, assigning stnall integer constants to
local variables is very common, so it is not unusual for the eval function to give several values. Indeed,
experiments showed that Algorithm 7 performs much worse than the integer typing algorithm of Gagnon
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Algorithm 7 APPLY ASSIGNMENTCONSTRAINTS(o) Version 3
Local type inference supporting a multi-valued eval [unction

i: for all local variables v do

2 v 1L

3: end for

4 = {O’}

5. worklist(c) <« all assignments

6: while 3o € £, worklist(a) £ @ do
7. Pick o € ¥, worklistic) % ¢

8: & S\ {J}

9 (v:=e) worklist <= worklist(c)
10: for all ¢ € eval(g,e) do

11 for all t in lealo{v),#') do

12: if t = ¢(v) then

13: Zezu{e}

14 else

t5: o' <= afv—t]

16: worklist(o") <= worklist(c} + depends(v)
17: Eernu{a}

18: end if

19: end for

20: end for
21: end while
22: minimize ¥
23; return 2

et al [2], although this is not strictly a fair comparison, since their algorithm does not guarantee the
insertion of as few casts as possible.

4.3.4 A Type Promotion Algorithm

Remember we are tackling local type inference in two stages: firstly we treat, all small integer types as
the same type, and then we need only consider small integer types in the second stage. This two-stage
strategy is also employed by Gaghon et al. [2]. For their second stage they augment the Jimple hierarchy
by inserting types [0..1], [0..127] and [0..32767] as shown in Figure 6b. I cali these new types
imaginary types. Having augmented the hierarchy, Gagnon et ¢l. then use a method very similar to
their main algorithm, which I have summarized in Section 6. I choose to augment the hierarchy in the
satme way, but otherwise their algorithm is very different to what I develop in this section.

The most. obvious benefit of augmenting the primitive type hierarchy is that it allows a single-valued
eval function. The part of the eval function describing iuteger constants can be defined as shown in
Algorithm 8.

Now we can use any version of APPLY ASSIGNMENTCONSTRAINTS 1o find the least assignment-valid
typing for small integer variables under the augmented hierarchy. Under the augmented hierarchy the
lca and eval functions are always single-valued. So after this step we have only found an assignment-valid
typing. Clearly, belore we can return the typing, we must promote the imaginary types to Jimple types.
This promotion js achieved by examining local variable uses.

There is another important feature of the augmented hierarchy: a suitable promote : T2 + T function
exists. It is this that doesn’t exist for the entire Jimple type hierarchy, which is why this type promaotion
algorithm only works for small integers. The only crucial property of the promote function is that for
any tigw < thly-’u vt e T: (t!om <t< thagh == pTOTnOte(tfuw: thigh) < f) This l“'opel'ty has the fOHOw]]’lg

intuitive meaning:

If we know some lower bound type t,, for a variable v, we know thal v can never be
typed as tiy, and we know some upper bound type th.gn for v, then promote(fruw, thigr] is
also a lower bound type for the variable.
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Algorithm 8 eval{_, IntConstant(i}))
1. if0<i<1then
2:  return [0..1]
3: else if 2 < i< 127 then
2 return [0..127]
5: else if 128 < ; < 32767 then
6
7
8
9

. return [0..32767]
. else if 32768 < { < 65535 then
;. return char
c else if —128 <i < —1 then
10:  return byte
11: else if —32768 < i< —129 then
12: return short
13- else
l4:  rTeturn int
15: end if

Remember we always ‘know that v can never be typed as’ any imaginary type. The promote function
is the key to what [ have called the the type promotion algorithm for small integers. I provide the
pseudo-code as TYPEPROMOTION (Algorithm 9.) Here we start with an assignment-valid typing under
the augmented Jimple hierarchy. We then begin iterating through every local variable with an imaginary
type. For each such variable we consider every use, and using the promote function try to promote the
type toward a Jimple type, accounting for the constraints imposed by the nses. [f ever we reach a stage
where the typing is not use-valid then we fail, since this tells us that casts will certainly be required.
It, after considering all uses for some variable, the type of the variable has changed, then we re-apply
APPLYASSIGNMENTCONSTRAINTS using the augmented hierarchy to account for the effect this change
may have on the least assignment-valid typing.

After having found a valid typing this may still map some local variables to irnaginary types. In this
case we can choose any least non-imaginary supertype of the imaginary type. I simply apply a fixed
promotion,

4.3.5 A Final Algorithm

So defining a multi-valued eval function and using JIMPLESMALLINTEGERLOCALTYPEINFERENCE (Al
gorithm 6) is slow. TyPEPROMOTION (Algorithm 9) is fast, but cannot always provide a typing. My
solutien is to use type promotiou wherever possible, and then revert to JIMPLESMALLINTEGERLOCAL-
TYPEINFERENCE in the rare cases that casts ave required on small integer variables. This is guaranteed
to give the least valid typing haviug inserted the fewest casts. I present a pseudo-code description of this
algorithm as JIMPLELOCALTYPEINFERENCE version 2 (Algorithm 10.}

And this concludes the algorithm development section! JIMPLELOCALTYPEINFERENCE is at last
capable of finding the least valid typing for all Jimple code, requiring the insertion of fewest casts.

5 Experimental Evaluation

For all experiments 1 irmuplemented my algorithm as a drop-in replacement for the existing type inference
algorithm which forms part of the Soot framework [7]. This original algorithm is due to Gagnon et al. 2],
and provides a basis for performance comparison both in terms of execution lime as well as tightness of
the Lypings generated. The algorithms are invecked as part of the bytecode to Jimple translation.

I identified, with recommendations from the co-authors of the paper, a number of bytecode packages
to be used as , comprising 295598 methods in total. It was crucial that the bytecode tested was not all
compiled from Java source. Other bytecode sources may make relative use of different language features
such as multiple inheritance. The benchimarks chosen included bytecode compiled from the Java, Groovy,
Scheme and Scala languages. The benchmarks are listed in Figure 7.
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Algorithm 9 TYPEPROMOTION(¢
Type promotion algorithm for small integer types

Require: 7 is a least valid typing for all variables except small integers, requiring the insertion of fewest
casts. All small integers are typed as int.

Ensure: The return value is a least valid typing for all local variables, withoul inserting additional
casts. This algorithm fails if and only if one or more additional casts {between small integer types)
are required.

L for all local variables v do

2. if o(v) = int then

3: o)< L

4 endif

5. end for

6: {0} < ApPLYASSIGNMENTCONSTRAINTS(c) {Using the augmented Jimple hierarchy! Any version
will do, the return value is always a singleton set.}

7: for all uses {v,t) € U where ¢(v) < int do

g if olv) £t then

9: o is not use-valid; {ail

t:  end if

1 if efv) € { [0..11, [0..127], [0..327671 } then

12: o(v) < promote(o(v),t)

13:  end if

14: end for

15: for all local variables v do
16:  if o(v) = [0..1] then

17 o{v) < boolean

18:  else if o{v) = [0..127] then
19: o(v) 4= byte

20.  else if o(v) = [0..32767] then
21 o{v) < char

22:  end if

23; end for

24: return o

Algorithm 10 JIMPLELOCALTYPEINFERENCE Version 2
Complete local type inference for Jimple

I &« APPLYASSIGNMENTCONSTRAINTS(o, ) {Using the bytecode type hierarchy!}
2. minCasts < min{CouUNTCASTSREQUIRED ({0 )|z € &}

3: if munCasts > 0 then

4. Apply stage A transformation

5. L < APPLYASSIGNMENTCONSTRAINTS(o ) {Using the bytecode type hierarchy!}
6 minCasts < min{COUNTCASTSREQUIRED(7)|o € L}

7: end if

8: o <= any elemeut of ¥ where countCasts(o) = minCasts

9: Insert casts to make g) use valid under the bytecode type hierarchy

10: if o <= TYPEPROMOTION{o fails then

1: 7<= JIMPLESMALLINTEGERLOCALTYPEINFERENCE(T)

12: end if

13: return o
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All experiments were carried out with the rigor required for the conference paper. Each method in
each benchmark was tested independently 5 times using both the algorithm of Gagnon and my algorithm.
For each method the times taken were recorded and the typings generated were compared. The mean
of the middle 3 timings for each algorithm was taken. All experiments were run on the same quad-core
Intel Xeon 3.2GHz compnter with 4GB RAM running Linux 2.6.8 SMP and the Sun compiler and VM
version 1.5,

I present experiments in two sets A and B. In set A I evaluate the performance of the general type
inference algorithm, without the extensions to support Jimple small integer types. In set B I evaluate
the performance of the small integer typing stage separately. The motivation for the separation is that
the results in set A are interesting to all applications of local type inference, whereas the experiments in
sel B only evaluate a Jimple-specific enhancement.

5.1 Experiment Set A

First of all [ present experiments on JIMPLELOCALTYPEINFERENCE Version | (Algorithm 4) against the
bytecode type hierarchy. This supports multiple inheritance, fixing untypable methods and assignments
to arrays, bnt considers all small integer types to be the same. Gagnon’s algorithm is implemented in
snch a way that it is easy to disable the secondary small integer typing step completely, and all small
integer variables are also typed as int. So both algorithms are doing an equivalent ‘amonnt. of work’
and the comparison is fair.

Table 1 summarizes the results of experiment set A. I aggregate the individual results for each method
into summary values lor each benchmark, and then finally a summary over all benchmarks. Shown are
the number of methods iu each benchmark, the total (middle mean) time spent assigning types using
Gagnon’s algorithm, and the corresponding total for my algorithm. Fram these twa Limes [ deterntine the
relative improvement. The typings generated by each algorithm are compared (small integer variables are
ignored in this comparisen} and ] record the number of methods for which my algorithm found a tighter
typing. Of course, the optimality of my algorithm has been proved, so it never generates a weaker typing.
To obtain some indication of the extent of multiple inheritance in each benchmark I record the mean
number ol candidates generated by APPLY ASSIGNMENTCONSTRAINTS. Finally T record the number of
methods successfully typed after each of the stages ol transformations discussed in Section 4.1. Gagnon’s
algorithm uses these same stages, indeed he introduced them in [2], so each methed is typed at the same
stage in both my algorithm and Gagnon's.

# Old New # Mean # # No # #
Benchmark hethods  Time (s) Time (s) Improvement Tighter Cndts. Trans. Stg. A Stg. B
Tt 107792 84,48 10.77 T.84x 39 1.00032 107681 7T 34
tools 14180 13.07 2.37 5.02x i 1.00014 14160 17 3
abc-complete 33866 48(1.28 4.37 109.88x 52 1.00027 33865 1 n
jython 9192 6.67 1.25 5.35x 0 1.00000 9187 5 0
groovy 13799 10112 1.92 5.27x 7 LO0U0BT 13778 4 17
gant 707 1.75 (h.44 4.01x 0 1.00000 702 3 2
kawa 9226 770 1.58 1.88x 25 1.00618 9195 31 0
scala 65161 37.66 5.36 7.03% 117 1.00453 64865 296 f
cs0 2395 2.20 0.51 4.34% 6 1.00167 2392 3 (]
jigeaw 135877 11.50 1.84 6.24x 1 1.00007 13571 6 0
jedit 5980 5.74 1.09 5.26x 12 1.00318 5969 0 11
bluej 5690 5.37 0.98 5.48x D 1.00053 5690 0 4}
java3d 13453 17.86 2,46 7.26x ] 1.00037 13453 0 4]
jgf 557 3.61 0.43 7.50x 0] 1.00000 557 0 0
havoe 23 198.53 0.46 428.17x D 1.00000 23 4] Q
Total 295598 88G.53 35.87 24.72x 269 295088 443 67

Table 1: Performance comparison between both algorithms without typing ol stnall integer variables

From the results is is clear that my algorithm shows a typical improvernent ol around 6 times, but
in two cases abc-complete and havoc this improvement is much greater. [ examined these benclhimarks
and found that they each ¢ontain several huge (:>9000 Jimple statements) methods. This suggests that
my algorithm might show bigger improvements with increasing method size, so T investigate this further.

Figure 8 plots a point for of every one of the 295598 methods tested at the time spent inferring
types against method length (number of Jimple statements.) A cube-root scaling has been chosen for
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the y-axis, and this highlights that the theoretical polynomial complexity [2] of Gagnon's algorithm is
achieved in practice. My algorithm has a theoretical exponential comnplexity, but we can see that in
practice it is usually somewhat better than cubic.

Fignre 9 shows a similar plot, but this time containing only the points for my algorithm on a linear
y-axis. The apparent straight line of points indicates a linear complexity. Of course this is a commmon-case
and not a worsi-case complexity, since there are a significant number of points above this iine.

5.2 Experiment Set B

For these experiments T use the final JIMPLELOCALTYPEINFERENCE Version 2 {Algorithm 16). 1 also
enable the small integer typing stage of Gagnon’s algorithm. So the comparison is between complete
loval type inference algarithins for Jimple.

Soot Soot My My | Integer Total

Benchmark Time (s) % total | Time (s) % total [mprv. Imprv. # Tighter
rt 22,38 21.31 8.98 45.46 2.85x% 5. 44x 1061
toals 551 20.66 1.04 30.50 5.30x 5.45x 165
abc-complete 89,98 15.78 2.90 39.88 31.03x 78.43x 77
Jython 3.59 35.02 1.13 47.50 3.19x 4.32x 45
groovy 3.84 27.50 1.39 41.94 2.77x 4.22x 386
gant 0.59 25.06 0.39 47.30 1.49x 2.82Zx 70
kava 3.42 30.74 0.78 33.01 4.40x 4.72x 198
scala 6.28 14.30 2.56 32.30 2.46x 6.55% 190
cso 0.43 16.23 0.31 38.02 1.37x 3.21x 6
jigsaw 3.20 21.77 1.07 36.62 3.00x 5.05x 131
jedit 217 2743 0.56 34.09 3.84x 4.78x 170
bluej 1.12 17.28 0.46 31.88 2.44x 4.51x 78
javadd 5.60 23.89 1.58 39.15 3.54x 5.80x 264
gt 081 1830 024 33.90 3.33x  G.ldx 16
havoc 230.55 54.68 0.41 47.03 581.90x  B00.47x 0
Total 383.98 30.50 23.79 39.828 16.35x 21.38x 2057

Benchmark # My Stg. 1 # My Stg. 2 | # Soot Stg. 1 # Soot Stg. 2

rt 107792 D] 107792 0

tools 14180 0 14180 o]

abc-complete 33866 0 33866 M)

jython 5192 0 9192 0

groovy 13799 0 13799 a

gant 707 0 T07 0

kava 9202 24 9223 3

acala 65160 1 65161 0

cao 2395 0 2395 0

jigsaw 13577 0 13577 0

Jedit 5980 0 5980 ]

bluej 5690 0 5690 0

java3d 13433 0 13453 0

jgt 557 0 557 0

havoc 23 0 23 0

Tatal 295573 25 295595 3

Table 2: Performance comparison between bolh algorithms for typing of small inleger variables

The results (or set B are shown iu Table 2. For each algorithm 1 record the execution tinie of the small
integer typing stage, aud also the proportion of the total type inference time this represents. I then give
relative iinprovements of my algorithm for small integer typing alone as well as complete type inference. 1
also count the number of tighter typings found by my algorithm, though this number is not as meaningful
as it may at first appear, since Gagnon’s equivalent of an eval function does not always provide the tightest
type possible for expressions involving small integers. Finally 1 record the number of methods typed at
each of the two stages of small integer tvping in both algorithims. My stage 1 is the TYPEPROMOTION
algorithm and my stage 2 is the slower JIMPLESMALLINTEGERLOCALTYPEINFERENCE algorithm that
is only used when the insertion of small integer casts are required. Soot also uses two stages for integer
typing, but these are not comparable to mine.

My first table of results shows that both aigorithms spend a significant amount of execution time
typing small inseger variables. The Soot algorithm spends around 20% and my algorithm spends around
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30%. These comparisons show a similar, but slightly lesser typical improvement of 2 to 4 times for the
small integer typing stage alone. The overall improvement for the whole Jimple type inference algorithm
is 4 to 5 times.

From the second table we notice that all methods are typable using type promotion for small integer
types. and very few require inserting small integer casts. These are the Kawa and Scala benchmarks,
which both contain code not generated by a Java compiler. Indeed, one might expect code generated
by a Java compiler to be typable without requiring cast insertion, unless it had undergone some kind of
optimization or obfuscation.

6 Related Work

There has been a considerable amount of work on type inference for object-oriented languages, and it
is still an active topic for research. In this section I summarize two closely related papers that present
algorithms for the problem of local type inference in languages related to Java.

6.1 Gagnon et al.

As stated in the introduction, my initial motivation for this work was to improve the performance of
local type inference in the Java bytecode to Jimple procedure of the Soot framework [7]. The original
algorithm is due to Gagnon et wf [2]. I have referenced Gagnon’s work a number of times throughout
this report, and it has indeed been an extremely useful analysis of the problem. It was, after all, the
only type assignment algorithm ever implemented for Jimple. In my comparison below we will see that
the core of each algorithm is substantially different, though I do employ several of Gagnhon's ideas to
support some unusual quirks of Jimple.

First I compare the core of each algorithm, which I have presented in Section 2. This is the algorithm
for local type inference supporting multiple inheritance, but where each expression has a single least
type, and a valid typing always exists. Here Gagnon’s algorithm considers local variable assignments
and uses together, and builds a directed constraint graph. Fach nore takes one of two forms:

e hard nodes represent specific Java types, and are written as the type name such as String or
double;

e soft nodes represent the type of a local variable and are written as T'(v) where v is a local variable.

Edges in the constraint graph represent subtyping constraints. So the edge o «— b means that under
any valid typing node e will be a subtype of node b. The first part of the algorithm builds the complete
constraint graph for all assignments and uses. For example, in the example snippet below. line 2 acdds
the constraint String «— 7T'(x) and line 3 adds T(x) +— Object

<untyped> x;
x = new String("Some String"}; <
takesAnObject (x); coa!

i

Having built the coustraiut graph it is next ‘solved’ by applying several rules, which are guaranteed
to find a valid typing if it exits. However it is not guaranteed to be minimal. Gagnon’s algorithm is
clearly carefully designed and there did not seem to be much scope for improving their ideas, thus I chose
to hegin again from an initial specification of the problem. I managed to avoid constructing a potcntially
very large constraint graph, since I noticed that most methods could be typed ‘by hand’ withoul such a

graph.

6.2 Knoblock and Rehof

Knoblock and Rehof [4] present an algorithm for local type inference (which they call type elaboration)
on a language called Jave Intermediate Representation (JIR). JIR is very similar te Jimple in that it is
also a statically typed, stackless representation of Java bytecode. One difference is that JIR is always
in Single Static Assignment (SSA) form. This means that all variables are split, by How analysis, to
the extent that they are assigned at one and only one statement in the code. If the same variable can
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be assigned at different branches of a control flow block then the variable is still split. In these cases a
special ¢ function may be used after the block to select whichever value was assigned. Jimple undergoes
simtlar variable splitting but not to the extent of reaching SSA form. Jimple allows each variable Lo
be assigned more than once in different branches of control flow statements, so avoiding the need for
¢ functions. There are some methods that are untypable in Jimple but would be typahle having being
converted to SSA form such as the untypabled example in Figure 4. My algorithm handles this by
applying tbe stage A transformation discussed in 4.1, which is based on the ideas of Gagnon et al. [2].

Knaoblock and Rehof’s algorithm requires that the type hierarchy form e lattice, so each pair of types
has a unique least-upper-bound and greatest-lower-bound. As I demonstrated in Section 3 the Java
type hierarchy oes not forni a lattice, which is why 1 generalized APPLY ASSIGNMENTCONSTRAINTS
to support the Java hierarchy. Instead Knoblock and Rehof choose to insert additional types where
required. ‘This may be acceptable for optimization purposes, as long as the environment allows the
program to be changed as a whole. But many analysis and decompilation applications will require the
program maintain its original type hierarchy, in which case Knoblock and Rehof’s algorithm would be
unusable.

It is difficult to compare the performance of my algorithm with theirs. Their experiments show typical
linear complexity, as do mine in Figure 9. They do not make available their implementation so T cannot
perform rigorous comparisons. It is worth noting that my experiments are somewhat mote extensive. 1
test more than ten times as many methods and my experiments include benchmarks generated {rom a
range of different source code languages. They only test benchmarks compiled from Java source.

7 Conclusions

I have successfully developed a novel local type inference algorithm from an initial specification of the
problem. I first provide an intuitive derivation of the algorithm and then offer a formal proof of correct-
ness. [ go on to offer generalizations to the algorithm, supporting more language features, and finally
achieve local type inference in Jimple.

I have carried out careful experimental evaluation to compare the performance of my algorithin to
that of Gagnon et al. [2], which is the only implemented alternative for local type inference in Jim-
ple. Experiments showed a typical 4-fold to 5-fold execution time improvement across a wide range ol
benchmarks, and a much greater increase where very large methods exist. Experiments were not con-
fined to code compiled from Java, and include code compiled from very different languages like Scala
and Scheme. My algorithm is proven to always give a tightest possibte typing. Experiments show that
(Gagnon's algorithm rarely but sometimes gives suboptimal typings.

The theoretical worst case complexity of my algorithm is exponential, whereas Gagnon’s algorithm
is polynomial. But experiments of execution time against method lengih show a typically linear trend
whereas Gagnon's show a cubic trend. My algorithm is very much optimized for type hierarchies in which
most pairs of types have a single least-common-ancestor, which probably includes most Java bytecode
in existence today. Of course if a language appeared that made much greater use of multiple inheritance
then my algorithm may not be appropriate. But as a practical ‘workhorse’ implementation I believe
this is seriously worthy of consideration. And this is supported by the decision of the Scot framework’s
maintainers to replace their existing type inference algerithm with mine.

7.1 TFuture Work

The greatest scope for future work is extending the application of my algarithm from local type inference
to global type inference. This involves inferring types for method signatures and public fields as well us
local variables. The global type inference problem is currently an area of active research, most of which
builds upon the work of Palsberg and Schwartzbach [6]. One could begin by treating method parameters,
return values and fields in the same way as local variables, and then using mny algorithm on the program
as a whole,
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7.2 Personal Report

Overall 1 am pleased with the outcome of this project, especially that OOPSLA thought the work worthy
of a conference paper. I believe there is no doubt it solves the problem that T began with: to ‘speed up
local type inference in Jimple'.

My main difficulty was the lack of a formal specification of the Jimple language. [ was forced
to examine the Soot source code to deduce the typing rules. Particularly useful was the code for the
original type assigner that is used in bytecode to Jimple translation, and the Jiinple to bytecode compiler
(soot.jimple.JasminClass.java.).

Haviug completed this project I uow have a much better understanding of the formal type systems in
object-oriented programming languages. 1 have learned techniques for adapting an intuitive derivation
of an algorithm into a formal description, and then proving correctness. [ have learned how to carry out
experiments with the rigor required for serious research. And, perhaps most importantly, [ have learned
how to plan and write a research paper as part of a small group.
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rt is the Snn Java 1.5 runtime library. The main interest of this benchmark is its size (L08K methods),
and the fact that it exercises many features of the Java language.

tools is the Sun JDK 1.5 tools library including javec. Again this benchmark is chosen because it is an
interesting piece of Java, albeit of modest size (14K methods.)

abc-completa is version 1.2.1 of the AspectBench Compiier for the Aspect] programming language
including Scot and Polyglot. This is interesting as a benchmark because it contains many large,
generated methods.

jython is version 2.2.1 of Jython, a Python implementation written in Java. This is chosen as a mid-sized
example of typical Java code.

groovy is version 1.3.4 of the compiler for the Groovy programming language. Again this is written in
Java and provides another benchmark containing typical Java code.

gant is version 1.1.1 of the Gant build system, similar to Ant but compiled to bytecode by Groovy
instead of jawac, This is an important experiment because the algorithm is designed to handle al!
valid bytecode, not just bytecode generated from Java source.

kawa is version 1.9.1 of the Kawa compiler for the Scheme programming language. Here part of the jar
is bootstrapped, again giving bytecode sequences that would not normally occur as the cutput of
Juvec.

scala is version 2.7.0 of the Scala compiler and runtime library, both of which are written in Scala, and
compiled by the Scala compiler {again, instead of jevac).

cso is & concurrency library, loosely inspired by the CSP calculus, written by Bernard Sufrin in Scala.
This benchmark is also compiled by Scala instead of javac.

jigsaw is version 2.2.6 of the W3(C’s Jigsaw web server implementation, and this is included as a typical
web application written in Java.

jedit is version 1.4prel3 of the jEdit text editor, an example ol an interactive application wrilten in
Java.

bluej is version 2.2.1 of the BlueJ IDE for the Java programming language, again chosen as an interactive
applicatiou.

java3d is version 1.5.1 of the Java 3D APIL As we shall see later in this paper, (numerical) primitive
types can pose a challenge for tvpe inference algorithms on Java bytecode, and this is a potential
example of that phenomenar.

jgf is version 2.0 ol the Java Grande Forum Sequential Benchmark Suite, again chosen for its use ol
primitive type operations.
havoc is a contrived exarnuiple of Java bytecode which t.akes unusually long for the JVM to verily, in Iact

it was designed |1] to be a denial-of-service attack on the Java bytecode verifier.

Figure 7: Experiment Benchmark Descriptions
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Abstract

Inference of static types for local variables in Java bytecode
is the first step of any serious tool that manipulates bytecode,
be it for decompilation, transformation or analysis. It is
important, therefore, to perform that step as accurately and
efficiently as possible. Previous work has sought to give
sclutions with good worst-case complexity.

We present a novel algorithm, which is optimised for the
common case rather than worst-case performance. It works
by first finding a set of minimal typings that are valid for
all assignments, and then checking whether these minimal
typings satisfy all uses. Unlike previous algorithms, it does
not explicitly build a data structure of type constraints, and it
is easy to implement efficiently. We prove that the algorithm
produces a typing that is both sound (obeying the rules of
the language) and as tight as possible.

We then go on 1o present extensive experiments, compar-
ing the results of the new algorithm against the previously
best known method. The experimeats include bytecode that
is generated in other ways than compilation of Java source.
The new algerithm is always faster, typically by a factor 6,
but on some real benchinarks the gain is as high as a factor of
92. Furthermore, whereas that previous method is sometimes
suboptimal, our algorithm always returns a tightest possible
type.

We also discuss in detail how we handle primitive lypes,
which is a difficull issue due to the discrepancy in their
treatment between Java bytecode and Java source. For the
application to decompilation, however, it is very important
to handle this correctly.

Categories and Subject Descriptors D.3.4 [Programming
Languages): Processors—Compilers

General Terms  Experimentation, Languages, Performance

Keywords type inference, program analysis
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1. INTRODUCTION

We discuss Jocal type inference: the problem of inferring
static types for local variables in an object-oriented lan-
guage. We assume the types of method signatures and fields
are given but type information for local variables is unavail-
able; this is precisely the case with Java bytecode, in which
method calls are fully resolved and fields are typed but lo-
cal variables have been “compiled away” into stack code.
We then wish o compute types for local variables that are
as tight as possible, in the sense that they are as low in the
inheritance hierarchy as the typing rules allow.

Motivation The motivating application is the conversion of
Java bytecode to a typed 3-address inlermediate representa-
tion for analysis, transformation and decompilation [8, 15].
At first it might seem trivial to infer types for locals from
bytecode, but this is not so because in bytecode, stack loca-
tions are given types depending on the control flow. By con-
trast, we wish to infer static types that are not flow-sensitive.
Gagnon et al. [8] investigated this problem in depth, and pre-
sented an algorithm that has good worstcase complexity,
which is at the heart of the popular Soot framework [26]. In
certain cases, however, that algorithm performs quite badly.
For example, when processing the abc compiler [1] with it-
self, 98% of the time is spent inferring types.

Another application is the use of this algorithm in general
type inference for object-oriented languages. This is a harder
problem than the one we are concerned with here, as the aim
is to infer all types, including those of methods. There exists
a vast literature on the subject, going back at least to Suzuki’s
paper on type inference for Smalitalk [25]. The key advance
was the framework of Palsberg and Schwartzbach {20], on
which most later works are based. That framework uses in-
traprocedural type inference, the problem considered here,
as a subroutine. Consequently, an improvement to that sim-
pler problem will also benefit more general type inference.

A third application is in language design. Popular lan-
guages like Visual Basic 9 allow a very limited form of type
inference for local variables, but enly by inferring the type
of the initialising expression. A truly efficient algorithm {or
the problem addressed here would make it possible to relax
that restriction, giving the tightest possible type if one exists,
and clear error messages when the type is ambiguous.



Contributions 'We shall present a novel algorithm for local
type inference, which 1s based on the following observation.
Write 1, < £y to indicale that ¢, is a subtype of #;. State-
ments induce constraints on the type of local variables. In
particular, an assignment v = E induces the constraint

el < bl

where [e] is the type of the expression e and [v] is the
type of the local variable v. In words, assignmenis induce
lowerbounds on the types of variables. All other vses induce
upperbounds of the form

M < ¢
for local variable v and some fixed type ¢. Therefore, to find
minimal types for variables, it suffices to first process only
assignments, and to find a minimal selution for those. Then,
in a second stage, the algorithm checks whether the minimal
solution satisfies all the otber constraints. Note that if a valid
typing exists, the minimal solution found in the first stage is
such a typing.

The above observation opens the door towards a much
simpler algorithm than those that have been considered be-
fore. Apart from being simpler to implement, it is also vastly
more cfficient, dealing very well with common cases. For
example, when we substitute our new algorithm for the one
of [8], we see a 92-fold improvement in execution time of
abe processing its own bytecode. On other benchmarks the
gain is even greater, up to a factor of 575. Not enly is the
new algorithm faster in practice, it also guarantees a tightest
possible result, whereas the algorithmn of [8] does not.

The contributicns of this paper are:

# a novel, fast algorithm for local type inference;

* a proof of its soundness and optimality;

¢ a careful discussion of implementation decisions;

» extensive experiments demonstrating its performance.

Overview The structure of this paper is as follows. First,
in Section 2, we discuss the algorithm in abstract form, and
we prove its comrectness. The proof that the least fixpoint is
a sound solution of the constraints induced by assignment
statemncnts is of particular intcrest. Next, in Section 3, we
discuss a number of implementation decisions, and we report
performance experiments for type inference in Section 4, vs-
ing the type hierarehy employed in Java bytecode. That hier-
archy is different from the Java source type hierarchy in the
way primitive types are treated, and this issue is investigated
in Section 5. We then proceed to present a further experi-
mental evaluation of such source type inference in Section
6. As we have already mentioned, there exists a vast body of
literature on type inference and its variations, and we review
the most pertinent previous works in Section 7. We conclude
in Section 8, and we point out opportunities for further work.

2. TYPE INFERENCE ALGORITHM

The key idea of the inference algorithm is to proceed in
two phases. In the first phase, we only consider assignments
where the left-hand side is a local variable, and we compute
a minimal type for each local variable by a simple fixpoint
iteration. The second phase then only consists of checking
the solution,

We first present the algorithm making the assumption
that types form a lattice. That assumption is not satisfied
for types in Java, so we show how to take the partial order
of Java type conversions and construct a lattice of typings.
That construction in terms of so-called ‘upwards-closed sets’
(which is standard) shows the algorithm is correct, but it
would be expensive to implement in practice. We go on,
therefore, to consider the representation of upwards-closed
sets by small sets of representative elemenis.

2.1 Lattice algorithm

Let (T, <) be the lattice of types. For now we shall not
dcfinc the notion of types further, leaving a more detailed
discussion till we consider Java types. A sample type latiice

o:o S

Figure 1. A type lattice

A typing o : V — T is a finite map from variables
to types. The set of all typings is itself a lattice, with the
pointwise order, given by

o1 <og = Wia(v) <aa(v)

The type evaluation mapping eval : ((V - T) < E) » T
evalvates an expression with a given typing, to yield the type
of the whole expression. We require that the type system of
the programming language is such that eval is monotonic:

o1 < oy implies eval{oq,e) < evaloq,e) )

Again, we do not specify eval further at this point, but we
shall discuss it in more detail in the next subsection, when
we relate it to the Java type system.



A typing o is said o be valid for an assignment instruc-
tion g of the form v ;= ¢ whenever

eval(z,e) < a(v)

A typing o is said to be assignment-valid if it is valid for all
assignment instructions a in the program.

A use of a variable v is a pair (v,) which models the
situation where v is used in a position where a variable of
type t is expected. A typing o is said to be valid for a use
{v,t) whenever

gv) < ¢

A typing ¢ is said to be use-valid if it is valid for all uses in
the program.

A typing o is valid if it is both assignment-valid and
use-valid. Our aim is to construct a smallest valid typing.
We shall do that by constructing a smallest assignment-valid
typing ., and then checking that that 7 is also use-valid. If
it is, then wr is the smallest valid typing. Conversely, suppose
that 7' is a smallest valid typing. Then n* < m and (because
7 is the smallest assignment-valid typing) m < 7',

Least fixpoint To compute the smallest assignment-valid
typing, define

Sl = V{eval(a, e)|(v:i=e) € P} )

In words, we take the least upperbound of eval(s, €} over all
assignments v := ¢ in the program.

We claim that o is a prefix point of f if and only if ¢ is
assignment valid. The proof is a simple calculation:

flo)<a
{ pointwise order on typings (1)}

Yv: flo)v) < o)
{dcfinition of f (2)}

v V{eval(o,e)|(vi=e) € P} < o(v)
{least upperbound}

Yy:¥(v:i=¢) € P:eval{o,e) < o(v)
{since every variable is assigned}

V(v :=e¢) € P:eval(o,e) < gfv)

The smallest assignment-valid typing exists by virtue of the
fact that f is monotonic, and so it has a lcast fixpoint by the
Knaster-Tarski theorem [14].

In conclusion, we can compute the smallest assignment-
valid typing by computing a least fixpoint of f. In doing so,
it would obviously be beneficial to track dependencies be-
tween variables, and keep a worklist of assignments that may
need to be revisited uwpon each iteration. We shall discuss
those and related issues later in Section 3. It is worthwhile to
note, however, how at this abstract level our type algorithm
is disarmingly simple.

22 Completing the partial order of typings

Write #; <: #2 1o indicate that a Java type #; can be converted
to Java type 1. A full spccification of this partial order can
be found in the Java Language Specification [9]. The above
algorithm ts cute, but at first sight it may appear useless in
the context of Java, because the partial order <: does not
have least upperbounds. One reason for the absence of least
upperbounds is multiple inheritance via interfaces in Java:
two classes A and B may implement the same two interfaces
Iand J.

Figure 2. Partial type hierarchy with interfaces

Because there are no least upperbounds for Java types,
that are no least upperbounds for typings either. Now one
might think a suitable solution is to work with sets of types
(as in e.g. {20]) but that would defeat the purpose of our
inference algorithm: we want to find a typing that is correct
according to the rules of Java. To illustrate, consider the
situation above with class A and B that may implerent the
same two interfaces 7 and J, and take the program fragment

x=newA();y =newB();x =y;y = x;

Working with sets, the conclusion would be that both xand y
are assigned type {/,J}. In terms of Java typings, we would
however have to choose either type I for both x and y, or type
J, but I for x and J for y is not allowed. We need to track such
dependencies during type inference.

For that reason we shall work with sets of typings, or
more precisely upward-closed sets of typings. A set of typ-
ings X is said to be upward-closed when

cENAc <o impliess o' X
Upward-closed sets of typings are ordered by
n<yY = ¥C¥ 3)

The minimal elements of a set are those that have no
predecessors. Formally, we have ¢ € mnl(Z) when for all
o', the following equivalence holds:

deXAhd €< = =0 @
It is easy lo check that for upwards-closed ¥ and ¥, we have
LCY = mo(f}Cy ®)

In words, to check that ¥ is included in X', we only need to
consider the minimal elements of Z, as by virtue of upward-
closure, all the other elements of ¥ are then also in ¥’



Our aim is now to define a generalisation of the mapping
f in the previous section (2), which we vsed 1o compute
the minimal assignment-valid typing. Instead, we shall be
computing a least set of minimal assignment-valid typings.
That set will be least in the < order, so it is greatest in the
C order, and therefore all assignment-valid typings will be
represented in the result.

For brevily, define the (ollowing predicate on pairs (o, o)
of typings:

step(o,0') = VY(v:=e) € P:eval(o,e) < o' (v)

Itis easy to see that step(o, ) is a restatement of assignment-
validity of o. Now define a mapping F on upward-closed sets
of typings as follows:

F(Z) = {o'|FoecZ step(o, Y Aa<a'} (6)
Note that the result is indeed upward-closed. It is worthwhile
to compare this definition of F to that of the mapping f in
the previous section: it is a natural generalisation for the
situation where least upperbounds need not exist.

We now claim that to compute the least (in <) set of
minimal assignment-valid typings, all we need to do is to
take the least fixpoint of F; the minimal elements of that least
fixpoint are the desired typings. To prove that, we reason as
follows:

FE)<Z
{definition of < (3)}
2 CF(X)
{inclusion of upward-closed sets (5)}
mal() € F(T)
{definition of F (6)}
Yo/ cmml(T) : Jo € X : step(o, 0" Y Ao <o’
{definition of minimal (4)}
Yo' € mnl(L) : step(o’, 0’)

We conclude that a simple generalisation of our original
algorithm suffices to find the set of all assignment-valid
typings.

2.3 Representing upwards-closed sets

In practice, representing each upwards-elosed set of typings
explicitly is prohibitively expensive — consider the fact that
the computation of a least fixpoint will start with the bottom
upwards-closed set of typings, which by definition contains
all possible typings.

A seemingly obvious solution is to represent each upwards-

closed set only by its minimal elements. While that is cer-
tainly an improvement over keeping all elements, we have
found that the requirement that the results be minimal at
every step imposes an unduly large penalty in terms of com-
parisons. We want to keep the sets small throughout the al-
gorithm execution, certainly, but there is no harm in having
a few non-minimal elements.

To make this intoition precise, we define a new preorder
(a reflexive and transitive relation) on arbitrary (not neces-
sarily upwards-closed) sets of typings:

E<¥ = up(X) <up(X) (7

where up(A) = {0/ |30 € A : 0 < o' }. Thatis, < mimics
our partial order < on upwards-closed sets of typings, by just
working with sets of representative elements. We can in fact
implement the test for < without the expensive computation
of upwards-closed sets, for we have

LY = Vel :JoeT:0<o (8)

In words, for every typing in X', there exists a smaller repre-
sentative in T (ef. Figure 3). This preorder is very eommon
in programming language semantics and program analysis,
in particular since it is the order in the Smyth powerdo-
main [23].

Figure 3. Order on sets of typings: & < T’

Now say that two sets ¥ and ¥’ are equivalent if each is
at least as large as the other:

T~ = XY AYXE 9

Equivalent sets represent the same upwards-closed set (by
equivalence (7)), so via (8) we now have an effective test
for equality of upwards-closed sets, still just working with
representative elements. As a special case, note that any set
is equivalent to its minimal elements:

¥ ~ mnl(E) (10)
QOur aim, therefore, is to implement the above abstract al-
gorithm by keeping a set of typings I’ that is equivalent to
the set X the abstract algorithm would have computed in the
same step.

First we note that by monotonicity of F on <, we have
that F is monotonic on < also, and therefore F preserves
equivalence of sets of typings. Furthermore,

F(X)
= {definition of F (6)}
U,ex{o’ | step(o,0’) Ao <o’}



~  {union preserves equivalence, (10)}
Upegmal({e’ | step(a,0") A o < o' })

In words, this shows that we can implement F by selecting
minimal typings after doing one pass over all assignment
statements with a given lyping, making any updates to the
typing as necessary. It remains to show how one eould im-
plement the operation

next(c) = mul({o’|step(o,0') Ao <a'})

Clearly o' should map each variable to a minimal type satis-
fying the indicated predicate. Therefore, define a new func-
tion Ica on sets of Java types, such that lea(S) contains pre-
cisely the least commoen ancestors (i.e. supertypes) of the
types in S. To illustrate, with the hierarchy displayed in Fig-
ure 1, we have lea({C, D}) = {I,J}. With the definition of
Jea in hand, obviously we have

next(c) = {0’ | W:d'(v) c lea({o(e) | (v:=e) € P})}

In summary, we have shown that when & ~ ¥/,
F(Z) ~ F(¥) an

where F/(X'} = {¢' |30 € T/ : 0/ € next(c) }. Writing
Ifp(C, ¢) for the operator that returns a least fixpoint of ¢ in
preorder C, we conclude that

mul(ifp(<,F)) = mnl(fp(=, F')) (12)

This shows how to implement our abstract algorithm on
sets of representative elements, avoiding both the expensive
construction of upwards-closed sets of typings, and also
avoiding the need to reduce to minimal elements every time
the union operator is applied.

2.4 Second Phase

We have now seen how to infer a minimal set of assignment-
valid typings ¥ for a method. However, we are interested in
inferring vafid types, i.e. they should be both assignment-
valid and use-valid.

Suppose the method is typable (i.e. there exists some
valid typing), and let 7 be a minimal valid typing. By defi-
nition  is assignment-valid, and so ¢ < 7 for some o € &,
since all minimal assignment-valid typings are in . But
since variable uses induce upper bounds on types, if 7 is
use-valid then any smaller typing is also use-valid, and so o
is valid. By minimality of =, 7 < & which implies ©* = o,
and we have shown that all minimal valid typings are con-
tained in X.

Therefore, the second phase of our algorithm goes through
%, discarding each element that is not also use-valid. If after
this pruning ¥ contains only one type assignment, then this
is the optimal valid typing. If ¥ has several elements, then all
of them are minimal, and we pick one non-deterministically.
If X is empty, then there exists no valid typing, and the algo-
rithm fails.

3. IMPLEMENTATION

The previous section presented our type inference algorithm
at a high level of abstraction, and provided proofs of both
soundness and optimality — that is, we know that any in-
ferred types follow the typing rules and, moreover, are as
tight as possible.

In practice, some care needs to be taken (o ensure an im-
plementation remains efficient. In particular, as is vsual in
such cases, our fixpoint iteration makes use of a worklist, so
that iterations only revisit those statements that may influ-
ence the result.

3.1 Fixpoint Iteration with a Worklist

As in Section 2, for simplicity we will first assume that the
type hierarchy is a lattice (that is, we do not account for
multiple inheritance}, and later generalise this to the full
language.

As shown in Section 2.1, in the simpler case we need only
consider a single typing that is repeatedly refined, rather than
sets of typings. The data structure we use for the worklist is
a gueued set — it contains no duplicates, and elements can
be taken out in the order in which they were put in. The al-
gorithm would be equally correct with other representations
of the worklist, like sets (with non-deterministic order of re-
trieval} or lists (which may contain duplicates), but a queued
set leads to less work overall, as variables tend to be assigned
textually before they are used (there may be exceptions, due
to jumps).

We will also need information about dependencies be-
tween variables. Informally, the type of a variable v, depends
(or, rather, may depend) on the type of v2 if v2 occurs on the
right-hand side of some assignment to v,. We construct a
map depends such that depends(v) is a set containing all
assignments to some local with v on the right-hand side.

Given that, our implementation proceeds as shown in

Algorithm 1.

Algorithm 1 Type inference algorithm for a type [attice

1 for every local variabie v do

: | o(v) — L

3 worklist « set of all assignments to local variables;
4 while worklist is not empty do

5 (v := e} + head(worklist);

3 worklist «— tail(worklist);

7 t « lea(o(v), eval(o, e));

8 if t £ o(v) then

» L o(v) — &

10 worklist «— worklist 4+ depends(v});
i1 return o,

In words, we start off with the bottom typing (Lines 1 and
2). Next, we iterate over the assignments to local variables.
For each assignment v := e, the typing is updated (on



Line 7) to the least common ancestor (in lattice terms, the
least upperbound) of the type o(v) and the type of the right-
hand side under o, that is eval(c, ). Should this induce a
change in o (Line 8}, ail the assignments that depend on v
are queued for consideration in a later iteration (Lines 9 and
10). 1t is evident that the above camnputes the same result
as the abstract algorithm in Section 2.1, as taking the least
common supertype of a set of types is the same as taking the
pairwise least common supertype of elements of that set.

To extend this algorithm to the general case, we need to
consider sets of typings, each with an associated worklist,
and the fixpoint we are computing will be such a set of
Lypings. Write worklist (o) for the worklist of the typing o.
Note that we will represent upwards-closed sets of typings
by their minimal elements, as shown in Section 2.3.

Algorithm 2 General type inference algorithm
t for every local variable v do
2 | ofv) « 1
31 X {ok
4 worklist(o) < set of all assignments to local
variables;
while for some ¢ € £, worklist(o) # ) do

5
¢ | Picko € X where worklist(c) # #;

7| BB\ {o}

3 (v := e) « head({worklist(a));

9 | worklist(c) « tail{worklist(c));
1 | foreacht inlca(o(v), eval(o, ¢)} do
1 if £ = o(v) then
12 | T—Zu{e};

13 else
14 o —olu t];

15 worklist{c") —
worklist(o) + depends(v);

16 E—Eu{c'})

17 return %

We proceed as shown in Algorithm 2, which it is worth-
while to examine in some detail. Apain, we start with the
bottom typing (Lines | and 2), and put that in our set of
candidate typings (Line 3). The worklist for ¥ initially con-
sists of all assignment statements (Line 4). The ileration now
continues as long as there exists some non-empty worklist.
Let us now look at the way iteration steps are performed a
bit more closely. We pick a typing o that has a non-empty
worklist (Lines 6 and 7}, and an assignment v := ¢ from
that worklist (Lines 8 and 9). Then for each type ¢ in the set
of least common ancestors of o (v} and eval{c, ¢), we check
whether g needs to be updated (Line 11). If not, we just add
o 10 our current set of candidate typings (Line 12). On the
other hand, if an update is required, we create a new version
g’ of o that maps v (o ¢ (Line 14), and expand the worklist

1 class CA { void f() {} }
» class CB { void 2() {} }

void method () {

5 <untyped> X;

e HIEC ... ) {

; x = mew CA(); x.f();
s} else {

a x =mnew CB(); x.g();
10 }

n x.toString ()

iz}

Figure 4. A method with no valid type for x

of o accordingly (Line 15). Finally, we add ¢’ to the set of
candidate typings (Line 16).

From this description, it becomes evident that our algo-
rithm has a potential source of severe inefficiency, namely
the iteration in Lines 10 to 16, which could multiply the size
of the set of candidates each time it is executed. As we shall
see shorly through a series of experiments, that does not
happen in practice because it is very rare for lca to retumn
non-singleton resulis.

32 Arrays

So far we have only considered assignment statements of the
form v := e where v is a local variable. There is also another
case that must be handled in order to generate assignment-
valid typings for Java: assignments to array references. In
Jimple all array references take the form v|i} where v is a lo-
cal variable, so we need to eonsider assignments statements
of the form v[i] := e. The required modifications to Algo-
rithms 2 and 3 are minor: in the case of such assignments
we use ¢ — lea(o(v),eval{o, ¢) [1). Notice the [] notation,
indicating that we take the lca with the array type whose el-
emenis are of the type of the expression . If e has an array
type already then we are taking the lca with a multidimen-
sional array type.

3.3 Type Inference for Arbitrary Bytecode

The above algorithm infers a set of minimal typings, which
(by the proof we presented earlier in Section 2) are assignment-
valid. There is no puarantee, however, that the checking
phase (Section 2.4) is then going o succeed, even for Java
bytecode that is verifiable.

Let us consider the reasons why no valid typing might
exist. The problem stems from the fact that the bylecode
verifier does a simple flow analysis 10 estimate the type of
stack locations at each program point; in particular, each
stack location can have different types at different points,
while we are concerned with inferring a single type for each
vanable that is valid throughout the method. Consider the
code snippet in Figure 4 (this example is due to Gagnon et
al. |81). As far as the bytecode verificr is concerned, on line 7
x has type CA, and on line 9 it has type CB, while outside



the if statement it has type Object. However, none of these
types work throughout the whole method.

To deal with such a case, we transform the method body
into an equivalent form for which a valid typing exists.

Of course such transformations are undesirable, and so
we only apply them if the type inference algorithm finds
no valid typing. Following [8], we have two {ransformation
stages after the first type inference stage. The first is a partic-
ular variable-splitting transformation at object creation sites
that allows inferring types in some previcusly preblematic
cases at the cost of introducing more Jimple variables. In-
deed, our cxperitnents confirm the conjecture first voiced by
Gagnon et al. stating that in the vast majority of practical
cases this stage is sufficient to infer Lypes; more details are
given in Section 6.

Still, there are certain cases (e.g. Figure 4) which remain
untypable. The third stage, therefore, starts with assignment-
valid typings and introduces casts to make them use-valid.
In the presence of several possibilities, the one that requires
fewest casts is deemed preferable.

Now, if it is the case that an assignment-valid typing
exists, then the above two additional transformation steps
are guaranteed to find some validly typed solution — at least
validly typed according to the type conversions allowed by
Java bytecode.

4. EXPERIMENTAL EVALUATION

Algorithm 2 for local type inference was implemented as
part of the bytecode to Jimple pass of the Soot optimisation
and decompilation framework [26]. For this first set of ex-
periments we used the augmented value set hierarchy intro-
duced in Section 5, as opposed to the Java source type hierar-
chy. In particular implicit conversions are allowed between
all integer types (boolean, int, byte, short and char).
This is in fact not the case in the original Soot implementa-
tion of [8], and in Section 5 we show how to fix that.

In the experiments, we chose a wide variety of bench-
marks, totalling over 295K methods. A list of all our beneh-
mnarks is shown in Figure 5.

For each experiment, the bytecode to Jimple feature of
Soot was executed on each bytecode class file in the bench-
mark. Table | presents the total time spent inferring types
under our implementation of Algorithm 2 and, for compar-
ison, under the original Soot algerithm of Gagnon et al.
The separate integer typing stage of the original Soot al-
gorithm was carefully disabled. Our implementation is, in
fact, doing slightly more work (in finding an assignment-
valid integer typing under the avgmented value set hierar-
chy discussed later in Section 5) than necessary to provide
a precise comparison. Each experiment was run on the same
quad-core Intel Xeon 3.2GHz machine with 4GB RAM run-
ning Linux 2.6.8 SMP. Each benchmark was tested 5 times
independently, and the middie 3 results (selected indepen-
dently between the two algorithms compared) were aver-

aged. From these two times we determine the relative im-
provement. Also recorded are the number of methods tested
in each benchmark and the number of methods for which
Algorithm 2 finds a tighter typing (it never gives a weaker
typing). For each benchmark we present the mean number of
minimal candidate typings generated by Algorithm 2, which
is representative of the extent of multiple-inheritance. Fi-
nally we show the the number of methods typed at each of
the three stages of code transformations:

Stage 1 A valid typing exists for the original method so no
transformation is required.

Stage 2 A variable-splitting transformation is used at object
creation sites.

Stage 3 The least number of safe casts are nserted where
required.

Note that the original Soot algorithm also uses the three-
stage technique, and the same stage is always used in both
algorithms,

Algorithm 2 is typically around 6 times faster in the
benchmarks tested, however two cases stand out where a
dramatic improvement is found. On closer examination we
notice that both abc-complete. jar and havoc. jar con-
tain several huge (>9000 Jimple statements) methods. It is
interesting, therefere, to measure the performance of the re-
spective algorithms as a function of the size of the method
bodies being processed. These results are plotied as Figure 6.
Note that the vertical axis has a cube-root scale — as noted
in {8}, the asymplotic complexity of Soot’s type inference
algorithm is cubic, and the plot shows that this is indeed at-
tained in practice.

For clarity, the data points corresponding to Algorithm 2
are shown on their own in Figure 7; the scale here is linear.
It is easy to see that the overwhelming trend in the commoen
case is linear; there are a few outliers (which are still low
compared to the other algorithm), and they usually corre-
spond to cases where multiple inheritance induced muhiple
candidale typings.

Table 1 validates our earlier remark that multiple inheri-
tance is extremely rare in real-world programs: the seventh
column lists the mean number of minimal typings for each
method, and in the vast majority of cases this is 1. Note
that typically it is non-javac sources (kawa, scala, ceo) that
show an abnormally high value, and indeed this seems cor-
related with a comparatively lower relative improvement,

The numbers also show that almost all methods can be
typed by applying only stage 1 of the algorithm, and the ma-
jority of methods requiring stage 2 stem from scala. In to-
tal, in our benchmarks (which were chosen to present chal-
lenges to a type inference algorithm) enly 0.1% of methods
required the second stage, and 0.02% the third.



Tt is the Sun Java 1.5 runtime library. The main interest of this
benchmark is its size (108K methods), and the fact that it

exercises many features of the Java language.

tools is the Sun JDK 1.5 tools libray including javac, Again
we chose this benchmark because it is an interesting piece
of Java, albeit of modest size (14K methods.)

abc-complete is version 1.2.1 of the AspectBench Compiler

for the Aspect] programming language including Soot and
Polyglot. This is interesting as a benchmark because it con-
tains many large, generated methods.

jython is version 2.2.1 of Jython, a Python implementation

written in Java. This is chosen as a mid-sized exampie of

typical Java code.

groovy is version 1.5.4 of the compiler for the Groovy pro-
gramming language. Again this is written in Java and pro-
vides another benchmark containing typical Java code.

gant is version 1.1.1 of the Gant build system, similar to Ant
but compiled to bytecode by Groovy instead of javac. This is
an important experi ment because the algorithm is designed
to handle all valid bytecode, not just bytecode generated
from Java source.

kawa is version 1.9.1 of the Kawa compiler for the Scheme
programming language. Here part of the jar is bootstrapped,
again giving bytecode sequences that would not normally
occur as the output of javac.

scala is version 2.7.0 of the Scala compiler and runtime li-
brary, both of which are written in Scala, and compiled by
the Scala compiler (again, instead of javac).

cso is a concurrency library, loosely inspired by the CSP cal-
culus, written by Bemard Sufrin in Seala. This benchmark
is also eompiled by Scala instead of javac.

jigeaw is version 2.2.6 of the W3(’s Jigsaw web server imple-
mentation, and this is included as a typieal web application
written in Java.

jedit is version 1.4prel3 of the jEdit text editor, an example
of an interactive applieation written in Java

bluej is versicn 2.2.! of the BlueJ IDE for the Java program-
ming language, again chosen as an interactive application.

java3d is version [.5.1 of the Java 3D API. As we shall sce
later in this paper, (numerical} primitive types ean pose a
challenge for type inference algorithms on Java bytecode,
and this is a potential example of that phenomenon.

jgf is version 2.0 of the Java Grande Forum Sequential Bench-
mark Suite, again chosen for its use of primitive type opera-
tions.

havoc is a contrived example of Java bytecode which takes un-
usually long for the JVM to verify (6], in fact it was designed
to be a denial-of-service attack on the Java bytecode verifier.

Figure 5. Benchmark descriptions

Benchmark #Methods Old Time (5) New Time(s) Improvement #Tighter Mean#Cndis. #Stg. 1 #51g. 2 #5ig.3
rt 107792 84.48 10.77 7.84x M 1.00032 107681 77 3
tools 14180 13.07 237 5.52x 5 1.00014 14160 17 3
abc-complete 33866 480.28 437 109.88x 52 1.00027 33865 | Q
jython 9192 6.67 125 5.35x 0 1.00000 9187 5 0
groovy 13799 10.12 1.92 521 7 1.00087 13778 4 17
gant 707 1.75 0.44 4.01x 0 1.00000 702 3 2
kawa 9226 7.70 1.58 4.88x 25 1.00618 9195 A 0
scala 65161 37.66 5.36 7.03x 117 1.00453 64865 296 0
cso 2395 220 0.51 4.34x 6 1.00167 2392 3 0
jigsaw 13577 11.50 1.84 6.24x 1 1.00007 13571 6 0
jedit 5980 574 1.09 5.26x 12 100318 5969 0 I
bluej 5690 5.37 0.98 5.48x o 1,00053 5690 0 0
java3d 13453 17.86 2.46 7.26x 5 1.00037 13453 0 0
jgf 557 3.61 048 7.59x 0 1.00000 557 0 1]
havoc 23 198.53 0.46 428.17x 0 1.00000 23 0 0
Total 295598 886.53 35.87 24.72x 269 295088 443 67

Table 1. Performance comparison between both algorithms under the augmented value set hierarchy

5. INFERRING JAVA SOURCE TYPES

So far, we have operated on the assumption that the type
system used is that of Java bytecode. If the purpose is just to
have a typed intermediate representation of bytecode, with
the zim of analysis or optimisation, that is just the right
choice. However, the framework in which we are conducting
our experiments (Sool) has another purpose, namely decom-
pilation of bytecode to Java source. For that application, i
is desirable thal the inferred types are correct with respeci to

the type system of the Java source language.

In respect to integers, the legal widening conversions be-
tween primitive types in Java source (which are identical to
those in Jimple source) are rather different to Java bytccode
(cf. Figure B). The narrowing conversions allowed in Jimple
source are identical to Java source, with one essential excep-
tion: Jimple allows casts between boolean and any integer
type, while Java does not allow boolean to be cast to or from
any other type. In bytecode, all integer lypes of less than 4
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Figure 6, Comparison of the two algorithms; runtime against method size; cube-root plot.

bytes are represented as int, and the only differencc is the
range of values — they can be used interchangeably. The
larger primitive types are separate, but there are instructions
for converting between them (which at the Jimple and at the
Java level level look like casts).

The reason this causes problems is that it is possible to
have verifiable bylecode withoul an assignment-valid typing
with respect to the source type hierarchy. Consider the fol-
lowing sequence of statements, which is perfectly valid in
bytecode: x = (a < b); x = 2;. The first statement assigns a
boolean 1o x, the second a value that cannot be a boolean, and
since neither is a supertype of the other there is no typing
that makes both assignments work.

Integer type inference is further complicated by the fact
that it is not clear how Lo define the eval function with this
hierarchy, as in x = §;, the right-hand side could have the
types boolean, byte or char (or, of course, their supertypes).
Thus, the fact that Jimple uses the source type hierarchy
(for the sake of decompilation) works against us here — it
would be much more convenient if we could simply infer int
whenever such an integer type is expected!

To address this issue, we consider an augmented type hi-
erarchy (called the value set hierarchy) for the integer types,
as shown in Figure 9. Essentially, we introduce three vir-

boolean
{10..11

Figure 9. The angmented value set hierarchy

tual types (called value set types) based on the value ranges
of integer constants: [0..1], [0..127] and [0..32676].
These don't correspond to real source types, but allow us to
defer the decision of whether, for example, the integer con-
stant 0 is a boolean, byte or char iemporarily. We also make
the observation that the value set type [0..1] actually co-
incides with boolean, so we cembine the two, ensuring that
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booleans are assignable to other integer types. With the value
set hierarchy, any value that can be assigned safely to a vari-
able of type ¢ can also always be assigned lo any ancestor
type of ¢.

Thus, we can now give a procedure for inferring integer
types: Generate the least typings that are assignment-valid
under the value set hierarchy (such typings need not be
assignment-valid in Jimple without inserling casts, but any
such casts are guaranteed to preserve semantics since they
move up in the value set hierarcby). Resultant typings may
contain value set types which we must promote to concrete
types and, again, insert casts where required under the source
type hierarchy. This gives a valid Jimple typing.

Algorithm 3 Type promotion algorithm
Input; A typing ¢ possibly containing value set types
1 for each variable vse (v, t) where o(v) < int do
2 | ifo(v) £ t then no valid typing exists; fail ;
3 | if o(v) is a value set type then
4 \' o(v) «— the least ¢’ > o(v) such that all
ancestors of ¢’ are comparable to ¢;

s for each local v where o(v) is a value set type do
¢ | switch o(v)do

7 case [(0..1]

8 | o(t) — boolean

9 case [0..127]

10 | o(v) « byte

n case [0..32767]

P} | o(v) < char

13 return o;

Concretely, the first stage of type inference runs the algo-
rithm described in Section 2 while lumping all small integer
types together into int. As observed above, we could stop
al this point if the purpose of type inference is optimisation,
and hence bytccode types suffice. The second stage revis-
its all variables typed as iat, and applies the main algorithm
in conjunction with the value set hierarchy (treating non-int
types as fixed). We then proceed to type promotion, as shown
in Algorithm 3.

We consider in turn each use of an integer-typed variable
(lires 1-4); if it is incompatible with the current typing,
then no valid typing can exists and the algorithm fails. If
the variable has a value set type, it is promoted to the least
type such that all ancestors of that type are comparable to
the use (and so can be converted, if necessary). For example,
suppose we have a variable v typed as [0..1]. Ifwefind a
use (v, boolean) then we type v as boolean. If we find a
use (¥, int) then we type v as [0..127], and i we find a
use (v, byte) then we type v as byte. We can note from the
augmented hierarchy chosen that this step will never omit a
potential concrele type from consideration.

Some variables may still have value set types, so we pro-
mote those to a suitable concrete type (lines 5-12) and thus
obtain a valid typing. By ‘suitable’ we mean it can be veri-
fied that this step will never introduce invalid assignments or
uses, whatever the program or typing.

If the type promotion fails, then we roll back to the initial
assignment-valid typing with value set types and proceed to
the second stage of integer typing (cf. Algorithm 4). The
1dea is that each variable currently typed with a value set
type actually needs to be typed with a concrete Java type,
and so before checking uses we generale a set of candidates
consisting of every valid combination of least concrele types.
Applying use constraints may introduce casts, so we simply
choose the candidate that requires fewest casts. A subtlety
lies in the fact that each time we promote a value set type to
a concrete type, we must re-apply Algorithm 2 to propagate
assignment constraints (although we can restrict it to only
integer-typed variables, and set the initial worklist to the
dependencies of the promoted variable).

It is clear that the set of candidates can grow exponen-
tially in the number of integer-typed locals. Luckily, the
type promotion algorithm (Algorithm 3) suffices in almost
all cases. If we were to drop the requirement for inserting
the fewest casts, which is the approach taken by Gagnon
et al. [8] in the second stage of their integer typing algo-
rithm, then this exponential-time algorithm could be reduced
lo simply applying a single pre-defined promotion to all
value set types. A suitable such promotion would be the one
used at the end of the type promotion algorithm: [0..1] —
boolean, [0..127] — byte and {0..32767] — short.

Algorithm 4 Second stage integer typing
Input: A typing # possibly containing value set types
1 candidates — {o};
1 while Some ¢ € candidates uses value set types do

3 Remove ¢ ¢ candidates using a value sct type;

a | Pick v where o(v) is a value set type;

5 switch #(v) do

6 case (0. .1]

7 new « {a[t —boolean|, o|v —hyte],
cjv —charl};

8 case [0..127]

’ | new « {a[v —byte],o(v —ehar]};

10 case [0..32767]

n i | new « {ofu —char|,o[v —short]};

12 new « the result of Algorithm 2 on new;

13 | candidates « candidates U new;

14 return candidates;

Let us examine Algorithm 4 in some detail. We initialise
the set of candidates 1o contain our assignmenl-valid typ-
ing (line 1), and then iterate until each candidate only uses
concrete types. While there exists some typing o giving a



value set type to v, we remove il from the set of candidates,
and create new typings for each least concrete supertype of
v (lines 3-11). Algorithm 2 is run on each typing contained
in this way, potentially raising the types of other variables,
and the results are added to the candidate set (lines 12-13).

As mentioned above, the resulting set of candidates is
then checked against uses, introducing casts as necessary,
and the typing with fewest casts is returned. Note that such
casts are usually acceptable, since they either move up the
value set hierarchy (thus preserving values), or, if the casts
are narrowing, then the semantics of the underlying bytecode
must have been dubious to begin with.

It is interesting to note the distinct similarities between
this second stage algorithm and the handling of multiple
inheritance in Algorithm 2. The reason we chose to separate
it out was simply the dramatic increase of performance given
in almost all cases by the type promotion algorithm. While
multiple inheritance in reference types is relatively rare in
practice, [0. . 1] -valued inleger constants are very common
in bytecode — indeed, every conditional jump uses such a
constant. The next section shows the performance cost of
inferring precise integer types.

6. EXPERIMENTS WITH SOURCE
TYPES

We repeated the experiments of Section 4 to determine the
effect of integer type inference (under the Java source hier-
archy) on the performance of the algorithm. Once again, this
pait of the algorithm is not strictly necessary if all we want
to do is, say, class hierarchy analysis. On the other hand,
it is a crucial component of a decompiler. It is interesting,
therefore, to determine the exact cost of this additional func-
tionality, so it can be judiciously invoked.

The results of our experiments are displayed in the two
parts of Table 2:

» The top part in Table 2 presents the average times spent
inferring integer types in our algorithm with type pro-
motion, and the percentage thal represents of the total
time for type assignments. The next two columns give the
same numbers for the algorithm of Gagnon et al.. The two
next columns show the improvement of our integer type
inference method over the one in Soot, and the improve-
ment for the complete type inference process (including
integer typing —— Section 4 only considered type infer-
ence for the bytecode type hierarchy). The final column
lists for how many methods the new algorithm found a
tighter typing (of course, it can never find a less tight typ-
ing, as it is optimal).

The bottom part of Table 2 gives an indication of the use
of different stages of the two type inference frameworks.
Both algorithms use two stages to infer integer types, but
these two stages are not trivially related.

Let us now examine these numbers in some detail. First,

in both the Soot algorithm and the new algorithm, the cost
of dealing with integer types is considerable, accounting for
30.5% and 39.9% of the total time spent in type inference. In
fact, for some of our benchmarks, the percentage is as high
as 47%, so almost half the time of lype inference is spent
just on getting the integer types right. This underlines the
importance of only using the source hierarchy for primitive
types when necessary. The “Integer Improvement” column
demonstrates that the new method of dealing with integer
types performs better than the one in Soot in all cases, de-
spite the fact that it finds a tightest possible typing, whereas
Soot’s algorithm does not. The latter point is illustrated by
the final column, which shows that a small but significant
fraction of the methods gets a suboptimal typing in Soot.

In terms of performance, our integer typing stage is 16x
faster than the Soot version, but this is mostly due to the
(contrived) havoc benchmark. The total improvement hov-
ers between 5 and 6 times, with two extremely high ratios
that push the overall runtime down 21-fold. The least im-
proved benchmark is gant, where we only gain a factor of
2382,

Moving to the bottom table, it is clear that type promotion
(Algorithm 3) is almost always effective in finding the types
required, and in fact only the Kawa and Scala benchmarks
require the use of Algorithm 4. Similarly the second stage of
Soot’s integer typing is invoked only for Kawa, albeit less
often. It is noteworthy that this concerns bytecode that is
not generated by a Java compiler, but instead directly from
Scheme.

The reader may wonder whether it would not be possi-
ble 1o forego the type promotion step, and instead always
directly use 4. Indeed, in theory that will yield correct re-
sults, but in practice that can give an exponential blowup in
the number of typings that need to be considered. In fact,
we conducted that experiment, and found that only two very
small benchmarks cso and jgf run W completion if type
promotion is omitted. We conclude, therefore, thal type pro-
motion is the key to efficient yet optimal handling of integer
types under the Java source type hierarchy. As mentionned
in Section 5, the problem of exponential biowup could be
alleviated by relaxing the requirement that we insert as few
casts as possible in the case of integers (this is the approach
taken by Gagnon ei al.).

At the beginning of this paper we stressed that the new
algorithm is designed to be cfficient for the common case. It
may now appear suspicious that according to the numbers in
Table 2, il is always better, This is however not the case, it is
just that all these benchmarks are whole jars, each consisting
of many methods. There are individual methods where our
method performs worse than the one in Soot, but that effect
is drowned out by the better performance on most other
methods.

All these benchmarks, and scripts for reproducing our
experiments, can be downloaded from [5].



Soot Soot New New || Integer | Total

Benchmark Time (s) | % total || Time(s) | % total Imprv. Imprv. | # Tighter
rt 22.88 21.31 898 45.46 2.55x 5.44x 1061
tools 551 29.66 1.04 30.50 5.30x 5.45x 165
abc-complete 89.98 15.78 290 39.88 31.03x 78.43x 177
jython 3.59 35.02 LI13 47.50 3.19x 4.32x 45
groovy 384 27.50 1.39 4194 277 4.22x 386
gant 0.59 25.06 0.39 47.30 1.49% 2.82x 70
kawa 342 30.74 6.78 33.01 4.40x 472x 198
scala 628 14.30 2,56 32.30 2.46x 5.55x 190
cso 043 16.23 0.3 38.02 1.37x 3.21x 6
jigsaw 3.20 21.77 1.07 36.62 3.00x 5.05x 131
jedit 237 2743 0.56 34.09 3.84x 4.78x 170
bluej .12 17.28 0.46 31.88 2.44x 4.51x 78
java3dd 5.60 23.89 1.58 39.15 3.54x 5.80x 264
igf 0.81 18.36 0.24 33.90 3.33x 6.14x 16
havoc | 239.55 54.68 041 47.03 581.90x | 500.47x 0
Total 388.98 30.50 2379 30.38 16.35x 21.38x 2957

Benchmark # Type Prom. | #QurStg. 2 || #8o0tStg. 1 | #Soot Stg, 2

rt 107792 0 107792 0

tools 14180 W] 14180 1}

abc-complete 33866 0 33866 0

jython 9192 0 9192 0

groovy 13799 0 13799 0

gant 707 0 707 0

kawa 9202 24 9223 3

scala 65160 i 65161 0

cso 2395 0 2395 0

jigsaw 13577 0 13577 0

jedit 5980 0 5980 0

bluej 5650 0 5690 )

javaid 13453 0 13453 0

jgf 557 0 557 0

havoc 23 0 23 0

Total 295573 25 205595 3

Table 2. Performance comparison for integer typing under the Java source hierarchy hierarchy

7. RELATED WORK

There exisls a rich literature on the topic of type inference
in object-oriented languages, [2-4,7, 10-13, 15,16, 18-21,
24, 25} to name but a few. Almost all of these take the
notion of type constraints as their starting point. What sets
the prescnt paper apart is the idea to first consider only thc
constraints that induce a lowerbound on typing, and find a
minimal solution for that restricted set of constraints. When
that minimal solution is found, it remains to do a check of
compalibility with the other constraints.

We now make a more detailed companson between the
results of this paper and three previous works, namely the
algorithm of Gagnon, Hendren and Marceau, the framework
of Knoblock and Rehof, and that of Apesen, Palsberg and
Schwartzbach.

Gagnon, Hendren and Marceau The original motivation
for this work was te try and improve on the performance of
the algorithm proposed by Gagnon et ai. [8). Gagnon’s work
was a milestone in object-oriented type inference, providing

the inference algorithm at the foundation of the widely used
Soot framework. Our entire understanding of the problem
was shaped by [8], and indeed we have adopied its frame-
work of applying transformations to deal with bytecode that
is verifiable yet cannot be typed statically.

The type inference phase of [8] works by constructing a
graph of type constraints. This graph has two kinds of node,
namely hard ones (which represent explicit types) and soft
ones (representing type variables). An edge a «— b means
a < b in our terms.

The construction of this graph is, in itself, quite expen-
sive. It contains all type constraints induced by Jimple in-
structions. An important difference with our algorithm is that
in first instance we only consider constraints that derive from
assignments; and even those are not explicitly represented by
a datastructure.

Solving the constraints means wransforming the graph by
merging soft nodes with hard nodes. Such a merging slep is
equivalent to inferring a type for a local variable. Mcrging
can be done in the following three ways



» merge all elements of a connected component in the
graph:
a<hbrb<a = a=b

® merge primitive types; if f is a primiltive type then

a<t = a=t

+ merge sofl nodes thal have only a single incoming edge
(say from p) with p.

In addition 1o these merging steps, during the solution pro-
cess one may remove transitive edges that are implied by
others: if we have edges 2 «— b « ¢, an edge a «— c is
redundant,

The above solution process is sound: when it succeeds,
the result is a valid typing. 1t is however not optimal in the
sense that there may exist a strictly smaller typing that is
also valid. Some heunistics are applied, in particular in the
choice of single-parenl constraints to merge, to improve pre-
cision. These heuristics contrast sharply with the algorithm
presented here, where there is a guarantee of optimality. In
Section 6, we demonstrated that while it is rare for the algo-
nthm of 8] to return suboptimal results, it does happen in
practice. It is sometimes suboptimal for reference types, but
more often for primitive types.

There is a price to pay for that optimality guarantee in our
algonthm, however, and that is in the worst-case complexity.
The algorithm of Gagnon et al. is clearly polynomial: the
number of constraints is polynomial, and each step of the
solution process is polynomial. By contrast, as we have
indicated in Section 2, our algorithm can take exponential
time. Indeed, in [8], it is argued that the problem of finding
an optimal typing is NP-hard. However, as is argued there,
for the type hierarchies found in practice, the exponential
behaviour does not occur. The experiments in Section 6
confirm that observation.

Overall, our experimenis in Section 6 also showed that
the new algorithin presented here outperforms that of [8].
Furthermore, it is apparent from Figure 7 that the running
time of the algorithm of Gagnon et al. is in practice cubic
in the length of the method, whereas ours is linear. From
the above discussion, the reasons for that performance dif-
ference are clear: our algorithm ellides the construction of
a constraint graph. While the solution process of [8] is al-
ways quite costly, requiring the identification of strongly
connected components, in our algorithm the most common
case is two iterations of the fixpoint computation in the first
stage.

Knoblock and Rehof A very thorough study of the prob-
lem of reconstructing types for local variables in Java byte-
cade was conducted by Knoblock and Rehof [15]. Like our-
selves, they start with thc observation that the problem is
easily solvable if types form a lattice, They then go on to ob-
serve that there exists a smallest lattice in which the original
type order is embedded, namely the Dedekind-MacNeille

completion. Where the type inference algorithm finds a type
that is not represented in the original program, a new type
definition is generated,

This is quite different from the framework of Gagnon
[8] where Lhe code is sometimes transformed to make it
typable, in the last resort by introducing casts. In [8] and
in our setting, the type hierarchy itself is never modified. We
believe that introducing new types is too drastic a structural
change to the program to be allowed by an analysis and
transformation framework, and that is dcfinitely the casc
when used in decompilation.

The type elaboration algorithm has some similarities with
that of [8] as well as ours, and it consists of the following
steps:

1. First, all type constraints are collected. As emphasised
earlier, we avoid the explicit representation of con-
straints, instead choosing to generate them on-the-fly
from instructions.

2. Next, the set of type constraints is closed to take account
of array types, again similar to [8]. In our setting, array
types are treated in virtually the same way as other ref-
erence types (we have commented on our array-specific
considerations in Section 3.)

3. The strongly connected components in the constrainl set
are collapsed, as in [B].

4. The new elements of the type hierarchy are introduced.
This has no direct equivalent in our algerithm or that
of [8], although at the level of primitive types, we do
introduce a few fictitious types in the augmented value-
sel hierarchy of Figure 9.

5. The lattice algorithm is run to find a minimal typing. This
is similar to Algorithm 1, the simple algorithm we started
out with.

6. The solution is ‘applied’, possibly introducing unsafe
narrowing conversions belween primitive Lypes. Obvi-
ously such unsafe narrowing conversions are undesirable,
and should be avoided. While this step is dismissed as an
afterthought in {15], it is a non-irivial contribution of the
present paper to solve it carefully, as detailed in Section
5.

A small unpleasant issue is that sometimes introducing
new types is nol permissible according to the Java lype
system, because multiple inheritance between classes is not
allowed. In the rare cases where the algorithm encounlers
such problems, it resorts to inferring the type Object and
inserting casts,

Knoblock and Rchof report good experimental results for
their algorithm, showing linear time growth of execution
time against sizes of method bodies; in view of Figure 7 that
compares very well against the algorithm of Gagnon et al..
The experiments in [ 15] are however rather less comprehen-
sive than those reported here (and those in [8]), as they tested



only 22,300 methods, against the 295,598 that we have ex-
perimented with. They do not report on tests that process
bytecode that was not generated from Java source, which in
our experience (and that of [8]) is crucial to test correctness,
especially for the handling of primitive types. Furthermore
there is no comparison in [15] of the qualily of the typings
against another algorithm, as we have done with [8] — there
are many subtle issues that an implementation must handle,
and it is very hard to get all the details right without at least
one other algorithm to compare against. Unfortunately there
is no publicly available implementation of [15], to compare
its performance against the algorithm of [8], and the one pre-
sented here. In view of the complexity of the datastructures
involved, it seems very unlikely, however, that it would out-
perform the very simple methods considered here. Further-
more, in [15], runtimes of up to 18s per method are reported
for a method of 200 KB that is the result of a parser gen-
erator. Our algorithm processes methods of similar size and
origin in 0.16s, which is much faster even allowing for a 10-
fold speed increase in processors.

We remarked earlier in Section 2.2 that the use of sets of
types, while predominant in the literature on object-oriented
type inference, are inherently imprecise for certain examples
where two types have multiple minimal common ancestors.
In the worst case, this worsens the time complexity of our
algorithm, but as we have shown, in practice the price for
precision is not prohibitive.

Palsberg and Schwartzbach In a seminal paper [20], Pals-
berg and Schwartzbach laid the foundation for most subse-
quent work on type inference for object-criented programs.
A year later, they followed it up with various improvements
(in particular to deal with collection types), and an efficient
implementation [18].

The problem considered by Palsberg and Schwartzbach is
more general and harder than the one considered here: given
a program with no type annotations, infer the types of local
variables and method signatures. Nevertheless, it is possible
to make some observations about the connections between
their work and the present paper.

The notion of types proposed im [20] is just a set of
classes. However, prior to the type inference process, the
inheritance hierarchy is expanded by augmenting each class
with all the members it inherits from its supertypes, and
making corresponding changes to statements in the code. As
noted in [20], this flattening can result in a quadratic increase
in the program size.

When presenting our algorithm, we already observed that
using sets of types is not adequate because our aim is to ob-
tain typings that are valid according o the Java type rules.
Recall, however, that we did use upward-closed sets of typ-
ings. In fact, flattening the class hierarchy as Palsberg and
Schwartzbach do corresponds to using upwards-closed sets

of types:
S<T = up(S) 2 up(T)

where up(X) = {t | 3s € X : s < t}. In our implementa-
tion, we used small sets of representative elements to com-
pute with upwards-closed sets. As a consequence we do not
pay the cost associaled with the expansion of the hierarchy
in [20], which was again employed in the implementation
paper [181.

Palsberg and Schwartzbach construct a graph representa-
tion of type constraints, named the trace graph. The nodes
of the trace graph are methods, and the edges represent po-
tential method invocations. Each node is decorated with a
set of local constraints, which are precisely the constraints
considered in the present paper. Additional constraints are
attached on edges: these are different in nature from the sim-
ple type inequalities found as local constraints, instead being
Hom clauses, relating assumptions about method arguments
to method results.

Viewed in this light, it becomes clear that the algorithm
we have presented here could be employed as a subroutine
in a more general type consiraint solver, doing the intrapro-
cedural analysis required to solve local constraints. Indeed,
as described in [18], one could construct the trace graph
on demand, and whenever a new node is visited, we sim-
ply solve its local constraints with the new algorithm pre-
sented here. In [4], Agesen, Palsberg and Schwartzbach ex-
tend their approach (o deal with dynamic and multiple in-
heritance. While the present paper has addressed multiple
inheritance, we have nol considered dynamic inheritance.

The algorithm of Gagnon et ai. [8] is in fact more simi-
lar to that of Agesen, Palsberg and Schwartzbach than to our
own, as it also operates on an explicitly constructed graph
of constraints. The worst-case time complexity of our al-
gorithm 15 worse than that of the constraints-based type in-
ference algorithms. The complexity blow-up occurs because
we maintain sets of typings, where a typing maps each vari-
able to one type. Consequently, when (due to multiple inher-
itance) a variable x is given m types, and y is given » types,
there are m x n typings maintained in our algorithm. This is
not a problem in practice because while multiple inheritance
is allowed in Java, its use is relatively rare. 1t is fair, there-
fore, to classify our approach to type inference as optimising
for the common case rather than the worst case.

It is natural to wonder whether the principal idea under-
lying the present paper {process lowerbounds first 10 ob-
tain minimal solution, then check upperbounds) can be ap-
plied to other constraint-based program analyses. While this
seems likely, we have not yet investigated that question in
any depth.

8. CONCLUSIONS AND FUTURE WORK

We have presented an algorithm for local wype inference,
and measured its performance in inferring types for local
variables in Java bytecode, Our algorithm outperforms the
previously best available solution for that problem (due to
Gagnon et al. [8]), especially on methods that contain many



statements. Not only does it exhibit better runtime efficiency,
its results are also guaranteed to be optimal, in the sense that
a tightest possible typing is returned. The key design princi-
ple we have used is to optimise for the common case, rathan
for the worst case. In particular, while our algorithm han-
dles multiple inheritance, it exploits the observation that in
practice, multiple inheritance is used relatively infrequently.

At a more technical level, one key idea is to first pro-
cess type constraints that impose lowerbounds (i.e. con-
straints from assignments), and find minimal solutions to
those. Next, in a second phase, we check use constraints
(which all impose upperbounds) and prune out minimal so-
lutions that do not satisfy those additional constraints. This
turns out to be very effective if the goal is to infer types ac-
cording to the type rules of Java bytecode. For use in a typed
intermediate language with the aim of optimisation, this is
the type inference algorithm to chose.

However, as pointed out by a number of previous works
18,15, 17,22}, when the purpose is decompilation, the re-
quirements on type inference are somewhat different. Here
we must consider the type hierarchy not as it is dictated by
bytecode, but as it is given by the Java source language. The
discrepancy lies in the way primitive types are treated: for
example boolean, byte and char are incomparable in source,
but all represented by integers at bytecode level. We have
shown how o handle that problem by augmenting the check-
ing phase of our algorithm to make appropriate adjustments.
The cost of having to do this is significant, however, some-
times taking up to 47% longer. It is therefore recommended
that when the purpose is optimisation and not decompilation,
the bytecode type hierarchy is used instead.

The main item of future work is to examnine the impact
of this local type inference algorithm in the context of inter-
procedural type inference, in particular for the efficient con-
struction of call graphs. Another is to examine other applica-
tions of constraint-based program analysis, and whether the
method given here can be generalised Lo such other analysis
problems.
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