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.






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].
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