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Abstract

The central component of standard approaches to compile-time program analysis
is an abstract domain for approximating program values. Importantly, the domain
must be chosen so that an iterative fixed point computation over the domain ter-
minates. This requirement represents a substantial restriction on the accuracy of
the analysis. Furthermore, it leads to complex and often chaotic behavior.

We present an alternative approach to program analysis, called set based analysis.
A key feature of set based analysis is that reasoning about a program’s run-time
behavior is reduced to reasoning about constraints on sets of program values. Set
based analysis incorporates just a single notion of approximation: all dependencies
arising from the treatment of program variables are ignored. The main advantage of
set based analysis is improved accuracy, due to the absence of an abstract domain.
Additionally, the use of a very simple and uniform notion of approximation leads to
program analysis that is easier to understand and less sensitive to minor program
modifications.

The core part of this thesis presents an algorithm for set based analysis. Impor-
tantly, the standard iterative fixed point algorithms used in the program analysis
literature can not be used for set based analysis (they do not terminate). We there-
fore employ a fundamentally different technique, based on the use of constraints
on sets of values. Using these constraints, we develop algorithms for the analy-
sis of logic, imperative and functional languages (the underlying program values
in each case are data structures). A prototype implementation is described. Al-
though a straightforward implementation of the set constraint algorithm leads to
very poor performance, very substantial improvements have been obtained using
appropriate representation schemes and minimization techniques. This prototype
provides strong evidence that practical analysis based on set based techniques is
within reach.

An underlying philosophy of set based analysis is the separation of the definition of
program approximations from algorithmic considerations. This is reflected in the
use of constraints to define program approximation, and set constraint algorithms
to compute it. The constraints used form a flexible and declarative intermediate
language for defining and reasoning about program approximations.
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Chapter 1

Thesis Summary

We describe an approach to compile-time program analysis which essentially
treats program variables as sets of values. Specifically, for each program vari-
able X and program point yx, we introduce a set variable which is intended to
capture the set of values for X at point u. Then, using these set variables,
set constraints are written to capture relationships inherent in each pro-
gram statement. For example, consider an imperative program statement!
X := cons(Y, X). If u is the program point just before this statement and
v is the program point just after this statement, then we introduce set vari-
ables X# XV Y* V¥ to capture the values of X and Y at points y and v
respectively, and we write the constraints

XY 2 cons(Y*, X*)
yro2 Y

The first constraint specifies that A’¥ must contain all values of the form
cons(vy,v2) such that v; is contained in * and v; is contained in X’¥.
The second specifies that }¥ must contain all values from J“. Note that
these constraints approximate the variable relationships contained in X :=
cons(Y, X) by ignoring dependencies between the values of X and Y.

Such a construction of constraints may be used to reduce the problem of
obtaining information about the run-time values of each program variable
into the problem of reasoning about a collection constraints between sets

! cons denotes the list construction function.
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of program values. If this reduction process is to be used as the basis of
a program analysis, two issues must be addressed. First, what is the re-
lationship between the program and the corresponding set constraints (in
particular, in what sense are the constraints “correct”), and second, how can
we “solve” the constraints to obtain useful information about a program’s
run-time behavior. In essence, these are the two main components of the

thesis.

To address the first question, we show that the use of set constraints
corresponds to a very simple and intuitive notion of program approximation
which can be characterized as follows: the one and only approximation made
is that all inter-variable dependencies are ignored. This correspondence is
established for a variety of languages and operational semantics. In each
case, the basic plan is the same. Starting with an operational semantics,
a collecting semantics defined by specifying a notion of “program point”
and then projecting the operational semantics onto these program points
(this simply involves collecting the environments for each program point).
This definition of collecting semantics is, by itself, of little value for defining
program approximation. We therefore develop a constraint formulation of
the collecting semantics: given a program, we show how environment con-
straints may be constructed such that the least model of the environment
constraints corresponds to the program’s collecting semantics.

The advantage of the environment constraints is that they can be re-
interpreted in a number of different ways. Such an alternative interpre-
tation is used to define set based program approrimation. In essence, we
show how the constraints may be interpreted so that inter-variable depen-
dencies may be ignored by treating program variables as sets. Then, the set
based approximation of a program is defined to be the smallest such “set”
interpretation which is a model of the constraints. That is, the least (stan-
dard) model of the environment constraints gives the program’s collecting
semantics, and the least set model gives the set based approximation of the
program. Since a set based model is a (standard) model, it follows that the
set based approximation of a program is correct in the sense that it contains
the program’s collecting semantics.

To complete the correspondence of a program and its set constraints, we
show that, when interpreted using set based models, the environment con-
straints for a program are equivalent to the set constraints for a program.
This proves two things. First it shows that any model of the set constraints




provides a “safe” approximation of a program’s run-time behavior. Second
it shows that the least model of the set constraints is the set based approxi-
mation of a program, and so computing the least model of the set constraints
corresponds to an analysis of the program in which the only approximation
made is that all inter-variable dependencies are ignored.

The central technical part of the thesis addresses the issue of “solving”
set constraints. What we wish to compute is a representation of the least
model of the set constraints of a program which is explicit in the sense that
properties of the model are immediately evident. For example, it should be
straightforward to inspect the representation to find out if the set assigned
to some set variable consists only of non-empty lists. To achieve this goal,
we develop an algorithm that reads in a collection of set constraints obtained
from a program, and essentially produces a description of the least model
in the form of a regular term grammar for each set variable appearing in
the constraints. This has two important corollaries. First it proves that
set based approximations are recursive (in the sense that the problem of
determining elementhood in the set based approximation of a program is
decidable). Second, it shows that set based program approximations are, in
fact, regular languages. This has important implementation consequences.

The main contributions of the thesis can be loosely classified as: the
definition of set based program approximation; an algorithm for computing
set based program approximations; the development of effective implemen-
tation strategies for set based analysis, and an outline of possible extensions
to set based analysis. We now expand on each of these in turn.

Definition of Set Based Approximation

One of the advantages of set based analysis is that it employs a simple and
intuitive definition of program approximation. This is motivated by a desire
to separate the definition of program approximations from the algorithms
used to compute it, and leads to declarative program analysis which is eas-
ier to understand and reason about. In contrast, most approaches in the
program analysis literature provide only an implicit algorithmic definition
of program approximation, and this typically results in analysis that is dif-
ficult to predict.

Perhaps the main advantage of set based analysis is that the definition
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of approximation is very uniform. In particular, there is no approximation
of the underlying domain of values. This leads to important advantages in
terms of accuracy (particularly for reasoning about data-structures). More-
over, we believe that this uniformity has implications for the stability and
scalability of the analysis. In contrast, abstract interpretation approaches
to program analysis employ an abstract domain and this domain must be
chosen so that the iterative fixed point computation terminates. This re-
quirement represents a substantial restriction on the accuracy of the analysis,
and often leads to complex and chaotic behavior.

The Set Based Analysis Algorithm

The algorithm for computing set based approximations is based on the use
of set constraints. While constraints have been used before to reason about
programs, our algorithm advances previous work in a number of ways. First,
the constraints we use yield substantially more accurate program approxi-
mations than the constraints in previous works. In particular, a number of
previous algorithms have excluded intersection. While the inclusion of inter-
section significantly complicates the set constraint algorithms, it also leads
to much more expressive constraints. The previous works that have used
intersection employ an approximate form of union and have not provided
complete algorithms.

Second, we develop a general framework for using constraints to ana-
lyze programs over a variety of languages and operational semantics. This
is carried out using a single constraint formalism. In contrast, previous
works have been tied to a particular language and operational semantics.
Moreover, we extend the application of constraints to the analysis of logic
programs under top-down operational models.

Third, we use constraints to compute a specific program approximation
which is defined independently of set constraints. In contrast, most previ-
ous works that involve constraints (or, equivalently, various term grammar
formalisms) have employed constraints for the purpose of computing some
program approximation. Hence, proving the correctness of such algorithms
requires showing that the algorithm computes a safe approximation of pro-
gram’s run-time behavior. However, our algorithm is designed to compute
ezactly the set based approximation of a program, and so establishing the




algorithm’s correctness involves establishing equivalences, not just a con-
tainments.

Implementation of Set Based Analysis

A straightforward implementation of the set constraint algorithm leads to
poor performance. However, we show that very substantial improvements
can be made using appropriate representation schemes and minimization
techniques. Although much work remains, we can now analyze programs of
the order of a hundred lines in about 5 seconds?. This prototype provides
strong evidence that practical analysis based on set based techniques is
within reach.

Extensions to Set Based Analysis

The basic set based analysis definitions and algorithm deal with computing
an approximation of the run-time values of program variables. However,
the ideas of set based analysis are not restricted to this kind of analysis.
We shall sketch extensions to set based analysis for modes and structure
sharing, functional programs, and finally, an extension for capturing some
information about inter-variable dependencies.

3Using SML of New Jersey on a Sun Sparc 1+.
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Chapter 2

Introduction

2.1 Program Analysis

Compile-time program analysis is about analyzing a program to determine
properties of its run-time behavior. Such analysis is a central component
of an optimizing compiler because information about run-time behavior is
prerequisite for many code optimization techniques. One important kind of
analysis involves finding the possible run-time values of variables. That is,
it seeks to establish invariants such as “when this statement is executed,
the value of the variable X is always positive”. Such information can be ex-
ploited during compilation to identify redundant tests or unreachable state-
ments in a program, or to find efficient representations of data. For example,
when compiling a statement that involves taking the square root of X, if it
is known that X will always be positive, then at run-time there is no need
to check that the square root operation is well defined. As another example,
consider compiling a statement that involves extracting the first element of
the list L. If it is known that L is always a non-empty list, then at run-time
there is no need to check that the extraction is well defined.

Finding the possible run-time values of variables is only one kind of useful
information that can be obtained from a program. Others include available
subexpressions, live variables, aliasing, sharing, strictness (for functional
programs) and modes (for logic programs). In this thesis we concentrate
on the run-time values of variables, with particular emphasis on accurate
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X:="5;

@ Program Point | Values for X

while X <0 do @ {~5}
® ® {-5,...,0}
X=X+1 © {"4,...,1}
© () {1}

@

Figure 2.1: Program 1 and Its Collecting Semantics

treatment of data structures. This analysis is fundamental in the sense that
it is applicable to almost all classes of languages, and its results can be used
to directly improve other kinds of analysis.

To see how information about the run-time values of variables may be
computed, consider the program in Figure 2.1. In this program, @, ®, ©
and @ are used as textual markers to indicate points in the program. Point
@ indicates the point just after execution of the statement X := =5, points
® and © indicate the points immediately before and after the statement
X := X + 1, and point O indicates the point after execution of the entire
while-do statement. The accompanying table in figure 2.1 shows the result
of tracing the execution of the program and collecting the values of the
variable X at each program point. This is often called a collecting semantics
since it collects together information about each point in the program. Such
an analysis is global in the sense that the program properties discovered
depend on the program as a whole; information about the execution of
a specific statement cannot be obtained by considering the statement in
isolation.

Now, the information just computed in Figure 2.1 is exact in the sense
that it corresponds exactly to what happens when the program runs. In
general this is not possible because it entails solving the halting problem.
Moreover, even if a particular program can be analyzed exactly, it is usu-
ally not feasible to do so. Approximation therefore plays a central role in
program analysis. What is desired is an approximation that is correct in
the sense that it contains all possible values encountered at run-time. In
other words, if a variable X takes a value v at some program point during
program execution, then we require that the set of values for X specified by
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the approximation at this point must contain the value v.

2.2 Program Analysis by Abstract Interpretation

Most of the approaches for computing such approximations employ abstract
interpretation or “pseudo-evaluation”, which is a technique that dates back
to the early 1960’s and was used in some of the first compilers [29, 52].
The basic idea is to replace the underlying collection of computation values
by a collection of approximate values, and then replace computation by
approximate computation over the approximate values. In the case of the
previous program example, the underlying values of the computation are the
integers. Consider replacing this with the approximate values pos, neg and
int, respectively denoting the set of positive integers (including zero), the set
of negative integers (also including zero) and the set of all integers. Analysis
can then be performed by a “symbolic execution” of the program using these
approximate values. The effect of this is to simulate the program’s actual
executions. Specifically, information is associated with each program point
about the possible values for X that may be encountered at that point.
This information is then repeatedly propagated from one program point to
the next until propagation of information from each program point does not
yield any new information, and a “consistent” state is reached. We illustrate
this using the program from Figure 2.1. Initially the approximate value of
X at each program point is the empty set of values.

1. The value ~5 is approximated by neg, and so the value of X at point
@ is approximated by neg.

2. Propagate from @ to ®: since any value in neg is less than or equal
to 0, the value of X at @ is approximated by neg. Note that the
propagation of the information at @ to @ does not yield anything
since none of the values approximated by neg satisfy X £ 0.

3. Propagate from ® to ©: since adding 1 to neg gives int, the value of
X at © is approximated by int.

4. Propagate from © to : the information at @) is updated to pos. Note
that propagation of information from © to @ does not yield any new
information.
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= a.b.nil; Point Environments
g =6 ® | {[L~a.b.nil, X}
while (L # nil) do ® [La.b.nil, X
® [L—b.nil, Xw—a]
X := car(L); © [Lb.nil, Xw—a]
L := cdr(L); [Lenil, Xw—b)
®© o {[Lsnil, Yrb])

Figure 2.2: Program 2 and Its Collecting Semantics

A key observation is that if a consistent state is reached, and this is the
case after the four steps shown above, ther the approximation obtained is a
correct approximation of the program’s actual executions in the sense that
it contains all of the actual run-time values for X. Now there are many cor-
rect approximations of a program. For example, the approximation defined
by associating all possible values with each program point is conservative.
However such an extreme approximation does not say anything useful about
the program. It is usually desirable to obtain the smallest (or most accurate)
approximation that is correct.

The example program in Figure 2.1 has only one variable, and so to
capture the executions of the program, it was sufficient to associate a set of
values for this variable with each program point. In the general case, where
there is more than one program variable, the only essential change is that a
set of environments is associated with each program point instead of a set
of values. To illustrate this, consider the program in figure 2.2. This main
loop of this program computes the last element of the list L. The operators
car and cdr are the usual LISP operators for decomposing lists (car(L) gives
the first element of L and cdr(L) gives the “rest” of L). The symbols a,
b and c¢ denote atomic constants, and a.b.nil denotes the list consisting of
a followed by b. Again @, ®, © and @ indicate points in the program.
The accompanying table in Figure 2.2 gives the environments encountered
at these points during program execution.

Consider an abstract interpretation over this program. Suppose that
the underlying collection of values for this program consists of constants a,
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Point | Actual Environments Abstract Interpretation
@ {[L~a.b.nil, Xr—c]} {[L—list, X —const]}

[L—ab.nil, X(]
[L—b.nil, Xw—a]

{[L~ non-empty, X+>any]}

®

[Leb.nil, Xw—a] .

© { (Lonil, Xwb] } {[L—list, X —any]}
()

{[L—empty,Y—b]} {{L—empty, X —any]}

Figure 2.3: Abstract Interpretation of Program 2

b and ¢, and lists constructed from these constants. One very simple col-
lection of approximate values for analyzing this program consists of const,
empty, non-emply, list and any respectively denoting the set of constants,
the empty list, the set of non-empty lists. the set of all lists, and the set of
all values. Environments can be approximated using mappings from vari-
ables into approximate values. For example, the approzimate environment
[Llist, X+ const] reprasents the set of environments in which L is bound
to some list and X is bound to some constant. To analyze Program 2
using this approximation of environments, note that at point @), the envi-
ronment [L—a.b.nil, X+—c] is approximated by [L+— non-empty, X+ const].
Propagating this information to point ®) yields [L+>non-empty, X — const],
and this in turn gives [L—list, X—any] at point ©. Further propaga-
tion steps lead to the results summarized in Figure 2.3. Note that when
[L—non-empty, X —any)] is added to point ®), [L—list, X+ const] is deleted
because it is subsumed by [L— non-empty, X —any].

In summary, abstract interpretation involves replacing the underlying
values of the computation by a collection of approximate values in such a
way that program analysis can be performed by doing “approximate” com-
putation using the approximate values. The choice of approximate values
determines the character of the whole analysis. For example, the analysis
just given for Program 2 was not particularly interesting because the collec-
tion of approximate values used was very simple. More accurate analysis is
possible if extra approximate values are used. For example, suppose that for
each natural number n, an extra value len(n) is added, denoting the set of
lists of length n. Analyzing Program 2 using this new collection of approx-
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Point | Actual Environments Revised Abst. Int.
@ {[L—a.b.nil, X—¢]} {[L—len(2), X const]}
® [L—a.b.nil, Xw—c] [Lslen(2), X+ const]
[L-b.nil,  Xw—a] [Llen(1), Xwany]
© [Lb.nil, Xra) [L-len(1), Xw—any]
[L—nil, Xw—b] (L, Xw—any]
(o) {[L—nil,Y—b]} {{L~, X —any]}
Figure 2.4: Revised Abstract Interpretation of Program 2
Point Environments Abst. Int.
L := b.nil; ® {[Lrb.nill} {[L—len(1)]}
®hﬂ e d [L—b.nil] [L—len(1)]
whte true do o [L—a.b.nil] [Llen(2)]
® [L—a.a.b.nil] [Llen(3)]
L:=qal; . ?
© .
© {} {}

Figure 2.5: Program 3 and Its Abstract Interpretation

imate values starts by approximating the environment [L—a.b.nil, X+ c]
at point @ by [L—len(2), X const]. Repeatedly propagating this infor-
mation successively adds [L—len(2), X+ const] to @, [L—len(1), X—any]
to ©, [L—len(1),X—any] to ®, [L—empty, X+>any] to ©, and finally
[L—empty, X+>any] to ©. The result of this analysis is summarized in
Figure 2.4. Note that for some program points there are multiple abstract
environments, and this means that the analysis can capture some informa-
tion about the dependencies between the values of program variables. We
shall return to this issue later.
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2.3 Limitations of Abstract Interpretation

Clearly an arbitrary number of approximation values can be added, and
with each new approximation value, the ability of the abstract interpreta-
tion to distinguish between sets of environments is enhanced, and so the
analysis improves in accuracy. However a fundamental problem arises: as
more approximation values are added, the exhaustive propagation becomes
more expensive and eventually does not terminate. For example, consider
Program 3, which appears in Figure 2.5. Here points @), ® and © respec-
tively indicate the points just after the assignment L := b.nil, just before
execution of the L := a.L, and after the entire while-do loop. The collecting
semantics of this program associates an infinite collection of environments
with point 8. Now, when this program is analyzed using the collection of
approximate values just described, the following propagation steps are per-
formed. First, the environment [L—b.nil] is approximated by [L+—len(1)] at
point @. Propagating this information to point ® yields [L—len(1)]. Sub-
sequent propagation steps lead to the addition of [L—len(2)], [L+len(3)],
[L—len(4)), ... to point @. This propagation process does not terminate.

Although Program 3 is somewhat artificial, since it is easy to see that
the loop in this program does not terminate, the situation illustrated by
this program frequently arises. Typically the conditions that appear in a
program are too complex to analyze exactly, and often the approximations
used are tantamount to replacing the condition with true. More abstractly,
program analysis must effectively deal with non-termination and infinite col-
lections of values for two main reasons. First, we cannot in general statically
determine whether a program will terminate. Even if a program is guaran-
teed to terminate, it is rarely feasible to analyze the program exactly, and
the process of approximating the behavior of a program typically introduces
non-terminating computation. Second, program analysis is usually carried
out in some initial context or environment that involves descriptions of in-
finite sets of values. For example, we may wish to analyze the while loop
of Program 2 in the context where L is an arbitrary list consisting of the
constants a and b and X is an arbitrary value.

Since the treatment of infinite sets of values is a necessary part of pro-
gram analysis, a fundamental questions arises: how can the exhaustive prop-
agation process be made to terminate? Clearly if there are only a finite
number of approximate values, then the propagation process always termi-
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nates. This is because the propagation process is monotonic — each step
serves to increase the information at each point — and so there can only be a
finite number of increments of the information at each point. However less
restrictive approaches are possible. To describe these, we first formulate the
exhaustive propagation process as an iterative least fixed point computation.

In essence, the process of propagating information from one program
point to another can be characterized as a function. Specifically, let F de-
note the function which, when given an association of information with pro-
gram points, computes the result of updating this association by performing
a “single-step” propagation of its information. The exhaustive propagation
of information from one point to the other then essentially corresponds to
starting with the association 1 that associates the empty set with each pro-
gram point, and then exhaustively applying the function F until no new
information is obtained. That is, the exhaustive propagation process corre-
sponds to iteratively computing the least fixed point of F by constructing
the sequence

L, F(1), F(F(L)), F(F(EF(L)), .-

Note that this correspondence is not exact since the repeated application
of F corresponds to a specific order of propagation of information from one
point to another. However the iterative fixed point computation provides an
important characterization of the termination properties of the exhaustive
propagation process in the following sense: exhaustive propagation only
terminates when the iterative fixed point computation terminates.

Now, the function F maps from and into associations of information with
program points. Let D denote the set of such associations. These associa-
tions can be ordered according to the amount of information they contain.
The association 1, which associates the empty set with each program point,
is the smallest association. More generally, if A, and A; are associations
then we write A; C A, when, for each program point, the information of
A, is at least that of A;. According to this ordering, F is an increasing
function in the sense that A C F(A). This means that the iterative fixed
point computation is increasing in the sense that LC F(1) € F(F(L)) C
F(F(F(1))) C :--. Clearly the iterative fixed point is guaranteed to termi-
nate if D is finite. Termination is also guaranteed if D does not contain any
sequences of elements of the form A; C A3 C A3 C --- such that each A; is
distinct association. That is, termination is guaranteed if D does not have
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Point Environments Revised Abst. Int.

L := b.nil; ) {{L—b.nill} {[Lrb.nil]}
@ . [L—b.nil]
while true do [L—a.b.nil]

® ® [L—a.a.b.nil] {{Zrlen+(1)]}

L:=a.L; .
©

© {} {}

Figure 2.6: Revised Abstract Interpretation of Program 3

any infinite ascending chains.

As an example where D is infinite but has no infinite ascending chains,
consider the abstract interpretation of Program 3 using approximate values
of the form len+(n) denoting lists of length n or more. Again, environments
are approximated by using mappings from variables into approximate val-
ues. The set D of associations is infinite, but does not contain any infinite
ascending chains, and so iterative fixed point computation over D always
terminates. As an example, the analysis of Program 3 terminates, and is
presented in Figure 2.6. Note that, for termination reasons, it is important in
this example to maintain the information at each point in a non-redundant
form. Consider, for example, the situation when the approximate envi-
ronment at @ is [L—len+(1)] and a propagation step computes the “new”
approximate environment L+ len+(2)] for @. Since this new information
is already subsumed by [L—len+(1)], the information at @ need not be
changed.

In short, only certain collections of approximate values can be used in
an abstract interpretation. Although the set of associations D need not be
finite, it must be essentially finite in the sense that only a finite number of
elements of D are visited in any fixed point computation. This is a very sig-
nificant restriction. It is worth noting that there are methods for obtaining
terminating algorithms even when the collection of approximate values does
not satisfy such a finiteness criteria. This is achieved by computing some-
thing other than the least fixed point of the propagation function 7. One
such technique is widening [13]. To illustrate widening, consider analyzing
Program 3 using the approximate values of the form len(n) and len+(n),
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where the former denotes lists of length n, and the latter denotes lists of
length at least n. Now, the analysis of Program 3 using these approximate
values is identical to the analysis outlined in the table of Figure 2.5, and
does not terminate. The reason is that the propagation process successively
adds the sequence of approximate environments [L—len(1)], [L—len(2)]
[L—len(3)], ... to point B. In essence, the effect of widening is to avoid
such infinite sequences by guessing their limit point.

Specifically, let I denote the information associated with a program
point, and suppose that the propagation process determines that this in-
formation should be updated with the new information I’. Normally, the
information for the program point is updated to I U I’ (for the above anal-
ysis of Program 3, this is obtained by taking the union of the approximate
environments in J and I’ and then removing any redundant approximate
environments). However in widening, the program point is updated with
IVI', where V is a function that approximates the combination of I and I'.
For example, an appropriate V for analysis of Program 3 would inspect I
and I’ and check to see if there are approximate environments of the form
[L—len(i)] € I and [L—len(j)] € I’ such that i < j. If so, then the envi-
ronment [L—len(j)] in I’ would be replaced by [L+len+(i)] before joining
I' with I. This means that the analysis of Program 3 proceeds as follows:

o Initially the environment [L+b.nil) is approximated by [L—len(1)] at
point @.

o Propagate from @ to ®: update ® to {{L—len(1)]}.

¢ Propagate from @ to ®): this yields the new approximate environment
{[L—1en(2)]} at B, and so widening is used to obtain
{[Lmlen(1)]}V{[L—len(2)]} = {[L+len+(1)]} for ®.

Intuitively, the intent of V is to determine if I and I’ form the start of a
possible infinitely increasing sequence of approximate environment sets, and
if so, to “round-up” to some appropriate set of environments. Of course,
this “rounding-up” could overshoot the limit of the sequence, and cause the
computation to return something other than the least fixed point of ¥. To
see this, consider the Program 4 in Figure 2.7. This program is essentially
the same as Program 3 except that it terminates after two iterations of
the while-do loop. Now, using the same approximate values as those just
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L := b.nil; Point | Environments
@ @ | {[L—b.nill}
while len(L) # 3 do i

: o |{ it}
L:=a.L; o
© © {[L—a.b.nil}}
Figure 2.7: Program 4 and Its Collecting Semantics
Point | Environments Widening No Widening
@ {[L—b.nil}} {[L—len(1)]} | {[L—len(1)]}
[L—b.nil) (L len(1)]
® { [Lsa.b.nil] } {{len+(1)]) { [Lrlen(2)] }
© {[L~a.b.nil]} | {[L—len(3)]} | {[L—len(3)]}

Figure 2.8: Abstract Interpretation of Program 4

used to analyze Program 3, and using the same widening operator V, the
analysis of Program 4 proceeds identically to that of Program 3, and the
result of the analysis appears in the second column of the table in Figure
2.8. The analysis without widening terminates in this case, and its result
is given in the third column of the table. For this example the widening
operator over-approximates when the approximate environment [L— len(2))
is added to point ®, and hence the analysis does not yield the least fixed
point of ¥, but rather some arbitrary approximation of it. A complementary
technique of narrowing has been developed that partly compensates for the
over-approximation inherent in widening [13], however this is not sufficient
to regain the least fixed point.

In summary, abstract interpretation requires that the collection of ap-
proximate values be essentially finite in character to ensure termination of
the iterative fixed point computation. The techniques of widening and nar-
rowing can be used to address this restriction, but at the cost of introducing
extra approximation — that is, widening introduces another level of approx-
imation over and above that introduced by the use of approximate values.
Due to the ad hoc nature of widening and narrowing, it is difficult to give a
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formal characterization of the restrictions on the collection of approximate
values necessary for termination. However the following general observation
can be made: abstract interpretation (with or without widening and nar-
rowing) explicitly constructs a succession of elements from D in order to find
the least fixed point of F (or some approximation thereof), and this succes-
sion of elements must be finite. This implies that only a finite part of the
function space of F can be investigated during this fixed point computation.

This observation has two important implications. First, the finitary na-
ture of abstract interpretation implies that there is a fundamental limitation
on the accuracy of this approach to program analysis. There are decidable
kinds of analysis that cannot be computed using abstract interpretation
(even with widening and narrowing). The set based analysis considered in
this thesis is one example.

Second, the finitary nature of abstract interpretation means that there
are typically very subtle interactions between the collection of approximate
values used and the operations of the language being analyzed. This fre-
quently leads to chaotic and unintuitive behavior. In particular, it is often
very difficult for a programmer to determine what an abstract interpretation
based analysis will yield.

For example, consider Program 5 in Figure 2.9, which flattens out and
reverses the input list L so that, on termination, FL is 4.3.2.1.nil. Sup-
pose that the basic values of this program are integers, characters and lists.
Consider an abstract interpretation of this program in which, corresponding
to the basic values, there are approximate values int, char and atomic re-
spectively denoting the sets of integers, characters and non-list values. Also
add a family of approximate values list(a) where a ranges over approximate
values. For example, list(int) and list(list(int)) are both approximate val-
ues with the obvious meanings. Now, we might expect that the analysis
of Program 5 using this collection of approximate values might lead to the
approximation of FL at point © by list(int). However this is not the case
because at point B the program variable L is in general bound to a list
whose elements are integers and integer lists. Since there is no approximate
value corresponding to such lists, L must be approximated by list at this
point, and it follows that the best that can be obtained for F'L at point
© is list(atomic). In essence, the problem relates to the intermediate val-
ues computed by a program. Even though this collection of approximate
values is sufficiently expressive to represent the results of a computation, it
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L := (1.2.nil).(3.4.nil);
FL := nil;
®
while(L # nil) do
®
if car(L) = nil then
L := ddr(L);
else if islist(car(L)) then
L := car(car(L)).cdr(car(L)).cdr(L);

else
FL := car(L).FL;
L := cdr(L);
©

Figure 2.9: Program 5

is not sufficiently expressive to represent intermediate parts of the compu-
tation. Such a lack of uniformity is unavoidable in abstract interpretation
approaches. Program 5 is a very simple program and it is quite easy to iden-
tify why the expected result was not obtained. However, in large programs
this is not usually possible. These deficiencies of abstract interpretation -
lack of uniformity, predictability and stability — are particularly relevant for
scaling up abstract interpretation based approaches to large systems.

To address these deficiencies, this thesis seeks an approach to program
analysis that is:

¢ declarative: we desire a simple definition of approximation that has
an intuitive relationship to program meaning and is independent of
algorithmic considerations;

e accurate: the approximation must be meaningful for program analy-
sis; and

o decidable: there must be algorithms to compute the approximation.
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2.4 Approximation of Values and Variables

At the heart of program analysis is the notion of program approximation.
The example abstract interpretations given in the previous two sections have,
for simplicity of presentation, focussed on approximation of the underlying
values of computation. For example, in the analysis of Program 1, the
integers were approximated using pos, neg and int. In the analysis of Pro-
gram 2, atomic constants and lists were approximated using const, empty,
non-empty, list and any. These approximate values were then used to ap-
proximate environments by simply considering mappings from variables into
approximate values. What was not considered in these previous examples
was the possibility for introducing approximation in the treatment of envi-
ronments. For example, given a collection of approximate values such as pos,
neg and int, one can either approximate environments by using collections
of mappings from variables into approximate values, or one can approximate
environments using a single mapping from variables into approximate values.
The essential difference between these approaches is that the former captures
some dependencies between possible variable values, whereas the latter ig-
nores all dependencies between variable values. Consider approximating the
environments {{X+—~1,Y—1},[X+—3,Y—"3]}. Using the former approach,
this is approximated by {[X+> neg,Y — pos],[ X+ pos,Y—neg]}. Using the
latter approach, it is approximated by {[Xint,Y—int]}. It is also possible
to extend the ability to represent variable interdependencies further and, for
example, approximate these environments by the formula X = Y.

In other words, approximation can be introduced in two ways: in the
treatment of the underlying values, and in the treatment of variables. Ap-
proximation may be introduced in the treatment of values through the use
of approximate (or abstract) values that are essentially finite descriptions
of sets of program values. Intuitively, approximation in this case appears
when set of values are “rounding up” to the nearest approximate value dur-
ing the abstract interpretation process. In contrast, approximation may be
introduced in the treatment of variables by forgetting some of the depen-
dencies that arise in the treatment of variables. To illustrate the kinds of
dependencies that may arise, consider again the question of representing
{[X~~1,Y~1],[X—3,Y—"3]}. As noted previously, we could choose to
represent these environments using {[X—> neg,Y — pos],[ X+ pos,Y — neg]}
(which captures some dependencies between X and Y) or {{X—int,Y—int]}
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(which ignores all dependencies between X and Y'). As another example of
dependencies introduced through the treatment of variables, consider the
program statement Y := pair(X,X). When such a statement is analyzed,
there is a choice of how the two occurrences of X are to be treated. For
example, if the approximate environment before execution of this statement
maps X into pos, then we could represent the result for Y by pair(pos, pos)
indicating the Y is a pair whose first and second components are positive
numbers, or by “pair(v,v) A v € pos” indicating a dependency between the
arguments of pair. We shall collectively refer to all dependencies that may
be introduced by variables as inter-variable dependencies. We remark that
the notion of inter-variable dependency was first considered by Jones and
Muchnick [33]], who used the term independent attribute analysis.

Note that the distinction between approximations of values and approxi-
mations of inter-variable dependencies is sometimes obscured by interactions
between inter-variable dependencies and values. For example, the environ-
ments {(X+-"1,Y—1],[X—3,Y—"3]} could be approximated by the for-
mula (X =~ Y)A((X=Y-2)V(X =Y 46)), and even though there
may be some underlying approximation of values, the expressive power of
the inter-variable dependencies mechanism allows the actual values of X and
Y to be completely recovered, and so, in effect, there is no approximation
of the values.

Most program analysis algorithms incorporate approximation of the un-
derlying values as well as approximation of inter-variable dependencies. (For
efficiency reasons, analyzers often completely omit reasoning about inter-
variable dependencies [33].) A fundamental question is: what are the min-
imal notions of approximation required for the decidability of the resulting
analysis? Some approximation of inter-variable dependencies is necessary
because exactness on such dependencies essentially gives exact program anal-
ysis. What has not been addressed is whether or not program analysis is
decidable when ignoring inter-variable dependencies is the only approxima-
tion used. Furthermore, can this be used as the basis of a practical program
analysis system? We will show that ignoring inter-variable dependencies is
sufficient for decidability and can be used for practical program analysis.
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2.5 Set Based Analysis

The set based approach to program analysis has its origins in the use of
constraints to perform type analysis of programs [32, 48, 63]. In essence, set
based analysis involves first writing set constraints (a calculus for express-
ing relationships between sets of program values) to describe the run-time
behavior of a program, and then solving these constraints to find their most
accurate solution. The fundamental difference between set based analysis
and abstract interpretation approaches is that set based analysis does not
use an iterative fixed point computation over an (essentially finite) collection
of approximate values. In particular, there are no depth bounds or other a
priori restrictions on the sets of values that can be manipulated during the
analysis.

If one takes a very broad view of abstract interpretation as a framework
for defining program approximations (as opposed to the more algorithmic
iterative fixed point view), then set based analysis can be formulated as an
abstract interpretation. However, the corresponding iterative fixed point
computations do not terminate, and so iterative fixed point computation
cannot be used in set based analysis. One of the main issues addressed by
this thesis is the development cf algorithms to show that set based analysis
is decidable.

Set Constraints

Consider analyzing a program in such a way that inter-variable dependencies
are ignored. That is, we wish to avoid using reasoning such as “variable X
takes value g iff variable Y takes value b, and X takes value ciff Y takes value
d”. Instead, we wish to reason about the program by considering the sets of
values that each program variable can assume, and ignoring dependencies
between the elements of these sets. In essence, program variables are treated
as sets, and this is the motivation for describing such analysis as set based
analysis. Specifically, for each program variable X and program point u,
we introduce a set variable X to denote the set of values of the program
variable X at the point x. Then, by inspecting the program, we construct
constraints between these set variables to capture the relationships between
program variables that are contained in P. We shall now illustrate how these
constraints may be constructed. Note that the constraints demonstrated in
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1. L := cons(a, cons(b, nil));

2. X:=g¢
o—e

3. while (L # nil) do
e——

4. X := car(L);
e—

5. L := cdr(L);
o—o
O—e

Figure 2.10: Program 2 (Revisited)

this section are only suggestive of how this may be done, and the actual set
constraints used in set based analysis are somewhat more complicated and
more accurate.

Consider again the imperative program in Figure 2.10; fo~ clarity, the
following discussion uses cons for lists rather than the infix “.” notation.
Introduce set variables to denote the values of each variable at each pro-
gram point. For example, let £& and X® respectively be the set variables
corresponding to L and X at program point @ (that is, just before execu-
tion of statement 4), and let £© and A© respectively be the set variables
corresponding to L and X at point ©. Now corresponding to statement 4,
X := car(L), consider the following constraints:

£ > r®
A D ar(L9).

The first constraint specifies that the values for L after execution of state-
ment 4 must include all those before the execution of statement 4. The sec-
ond constraint specifies that the values for X after execution of statement 4
must include the car of values of L before statement 4. The symbol car in
this last constraint denotes the set-wise version of the program symbol car.
Specifically, where S is a set of values, car(S) denotes {v; : cons(vy,v;) € S}.
Note that these constraints could have been expressed using set equality
rather containment. However, the use of containment yields constraints
that express a minimal notion of consistency between the sets at each pro-
gram point. It also simplifies the treatment of converging paths of control
flow. We shall return to this issue later, but first we give the rest of the




24 CHAPTER 2. INTRODUCTION

L® D cons(a,cons(b,nil)) AX® D ¢

L® 2 L®nhni x® > x®
L2 D> L9 nnil xX® > xo
£e > [® X® D car(L®)
LO D cdr(L®) X0 > x©
L2 2 L® nnil A® > x®
L2 D LO nnil xX® o 0

Figure 2.11: Set Constraints for Program 2

constraints for the program.

Consider statement 5. Introduce set variables L& and AX® to describe
the values of L and X at point @), and construct the following constraints:

L2 D cdr(L®)
>

The first constraint specifies that the values for L after statement 5 must
include the car of all values for L before statement 4, and the second specifies
that the values for X after statement 5 must include all values for X before
the statement.

Adding constraints for the remaining statements leads to the following
collection of constraints in Figure 2.11, where the symbol nil in the set
constraints denotes the singleton set of values {nil}, nil denotes the set
of all values different from nil, and N has its usual set theoretic meaning.
Note the treatment of the while-do statement. For example, the constraint
L® D L® n'nil corresponds to the possibility of flow of control from point @
to point B, and states that the values for L at @ must contain the L values
at @ that are different from nil. Similarly the constraint £& D £© n nil
corresponds to the possibility of flow of control from point @ to point ®.

These constraints represent an approximation of the relationships im-
plicit in the imperative program. They are conservative in the sense any
assignment of sets to the set variables that satisfies each constraint is guar-
anteed to contain all of the possible values encountered at run-time. It is
therefore natural to consider the least such assignment of sets because this
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yields the most accurate information. For the constraints in figure 2.11, the
least assignment of sets that satisfies the constraints is

L® — {cons(a,cons(b,nil))} A% o {c}

L® — {cons(a,cons(b,nil)), cons(b,nil)} A9 — {a,b,c}
Le — {cons(a,cons(b, nil)), cons(b, nil)} X — {a,b}
L9 — {cons(b,nil),nil} X® o~ {a,b}
L® w {nil} A® — {a,b,c}

This clearly represents an approximation of the values that are encountered
at run-time. For example, at point ®, the only value encountered at run-
time for X is b, but this is approximated here by {a,b,c}. The reason for
this approximation is the dependencies between L and X have been ignored,
so that the relationship “L takes value nil iff X takes value b” is ignored. In
general, we shall refer to an assignment of sets to set variables that satisfies a
collection of constraints as a model of the constraints. The above assignment
is the least model of the constraints in Figure 2.11.

As noted earlier, the constraints we have used for modeling programs
could have been expressed using set equality rather than containment. For
example the equality

e = (£® nn_il) U (L@ nnd)

could be used in the place of the two constraints L& O £® N nil and
L® D LP9 Nnilin Figure 2.11. However, the use of containment has a
number of advantages. First, it yields constraints that have a more intu-
itive reading — they correspond to minimal consistency relationships between
the sets at each program point. The use of equality is in some sense an
over-specification of the relationships inherent in the program. (One mi-
nor advantage of equality is that it reduces the number of models of the
constraints, but note that the constraints still would not define a unique
model.) Second, the use of containment simplifies the construction of the
constraints because it allows constraints to be constructed on a statement
by statement basis, rather than having to predetermine the possible paths
of control into a program point. Third, the correctness of the set constraints
(and the justification that they embody a natural and intuitive notion of ap-
proximation) employs environment constraints, which are like set constraints
except that they describe relationships between sets of environments at each
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—p(f(X,Y)). <@, /(f(X,Y)), ®.
p(f(X,Y)) —¢(X,Y). f(X,Y)) < ©, ¢(X,Y), ®.
q(a, b). q(a,d) ~ ®.

g(c,d). g(c,d) — ®.

Figure 2.12: Program 6 (With and Without Program Points)

program point instead of between sets of variable values. The use of con-
tainment rather than equality in these environments constraints is crucial
for defining notions of program approximation. Since the set constraints
are derived from these environment constraints, the use of containment in
set constraints is a matter of consistency and convenience. Fourth, the use
of containment simplifies the presentation of the algorithms for solving set
constraints because it allows the form of the constraints to be significantly
simplified.

Note that for convenience of presentation, certain aspects of the behav-
jor of the program have been omitted from the constraints in figure 2.11.
The main omission is the treatment of program errors. For example, follow-
ing a statement such as X := car(L), the values for L must be of the form
cons(: - -), because otherwise an error must have occurred during the execu-
tion of car(L). The more accurate set constraints described in the body of
this thesis shall take into account such reasoning. Implicit in this reasoning
is an assumption that after a computation encounters an error condition, we
can ignore the remainder of its execution. Specifically, it is assumed that ei-
ther (i) when such an error occurs the program aborts, and so control never
reaches the point following the statement X := car(L) with the non-cons L
value, or (ii) if an error occurs, then we are not interested in the subsequent
execution of the program, and so it is permissible for the analysis to be “un-
safe” with respect to executions because any compiler optimizations made
on the basis of such information can only alter the behavior of a program
after an error has occurred.

We now show how constraints may be used to analyze logic programs.
Consider the logic program in Figure 2.12. Figure 2.12 also contains a ver-
sion of this program annotated with program points @, ®, ©, ©, ® and ®.
The points @, ©, ® and @ represent the points at the end of the execution
of the goal or rule in which they appear. The points @ and © denote the
points just before execution of p(f(X,Y)) and ¢(X,Y) respectively. Sup-
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pose that we wish to analyze this program to determine the set of ground
instances of the bindings for each program variable during a PROLOG style
top-down left-to-right execution of the program. As before, the first step
in the construction of the constraints is the introduction of set variables
X® Y® x® 3® .. to collect the values for each program variable at each
program point. Four new set variables Call,, Call,, Ret, and Ret, are also
introduced. To explain the purpose of these variables, recall that top-down
left-to-right execution of a program involves repeatedly applying the fol-
lowing step: inspect the left-most atom of the goal and choose a (suitably
renamed) program rule such that the left-most goal atom and the head of
the rule unify and let their most general unifier be 8, replace the left-most
goal atom with the body of the rule, and apply 6 to the resulting goal. In
essence, the left-most goal atom acts like a procedure “call”. Such a call
is completed (or “solved”) when all of the subgoals introduced by the call
have themselves been completed, and this is analogous to a procedure re-
turn. Now, the variables Call, and Call, respectively correspond to the
ground instances of the calls made to the predicates p and g during pro-
gram execution, and Ret, and Ret, respectively correspond to the ground
instances of the returns involving p and ¢ during program execution.

To illustrate how constraints are constructed, consider the second rule
of the logic program. In essence, this rule says that one way to solve a call
of the form p(f(X,Y)) is by calling ¢(X,Y). Hence, the values for variable
X at point © (just before the calling of ¢(X,Y)) are those values of X
such that p(f(X,...)) is an element of Call,, and this can be written as the
constraint

X0 2 {x:3v (p(f(X,V)) € Call,)}.

At point @), the value of X must be such that p(f(X,---)) is an element of
Call, and ¢(X,Y) is an element of Ret,, and this can be written as

X0 3 {X :3Y (p(f(X,Y)) € Call, A q(X,Y)E€ Rety)}.

This rule also contributes to the sets Call, and Ret,. Specifically, the body
of the rule initiates a call to g, and the rule as a whole may be used to solve
a call to p. This leads to

Call, 2 ¢(X®, YO)
Ret, 2 p(f(X®, Y9))
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p(f(X®, Y®))

9(X®, Y©)

p(f(X9, Y?))

q(a,b)

q(c,d)

T

T

{X :3Y (p(f(X,Y)) € Cally)}

{Y : 3X (p(f(X,Y)) € Call,)}

{X :3Y (p(f(X,Y)) € Call,)}

{Y : 3X (p(f(X,Y)) € Callp)}

{X :3Y (0(f(X,Y)) € Call, A g¢(X,Y)€ Ret,)}
{Y:3X (p(f(X,Y)) € Call, A ¢(X,Y)€ Ret,)}

Figure 2.13: Set Constraints for Program 6

The complete constraints for the logic program appear in Figure 2.13,
in which the symbol T denotes the set of all values. Note that there are no
constraints for points ® and ® because there are no variables in the rules
in which these points appear. The least assignment of sets to set variables
that satisfies the constraints is given by:

Call,
Call,
Ret,
Ret

-]

888

Lo d

111

1111

{p(f(s1,82)) : 31 and s, are values}
{g(s1,82) : 51 and s, are values}
{p(f(a,b)),p(f(a,d)),p(f(c,b)),P(f(c,d))}
{a(a,%),q(a,d),q(c,?),q(c,d)}

{s:sisavalue} JY® + {s:sisa value}

{a,c} W - {b,d}
{s:sisavalue} @ — {s:sis a value}.
{a? c} w = {bv d}
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Solving Set Constraints

The purpose of set constraints is to capture consistency conditions between
set variables in such a way that the relationships between the variables in
a program are safely approximated. In other words, the constraints are
constructed so that any assignment to the set variables that satisfies the
constraints is correct in the following sense: if A'# is the set variable cor-
responding to program variable X at point u, and if program variable X
assumes value v at point u during some program execution, then v appears
in the set assigned to A'*. Although any model of the constraints yields
correct information, the least model (which is guaranteed to exist) is pre-
ferred because it is the most accurate and has a canonical definition. Thus,
the problem of analyzing a program can be reduced to computing the least
model of a collection of set constraints.

Since the least model of such constraints may be infinite, computing this
model entails constructing a representation of a potentially infinite object.
Moreover, for such a representation to be useful, it must be explicit in the
sense that the structure of the model is self-evident and questions relating
the membership and non-emptiness can easily be answered. A key result
of this thesis is that the sets assigned to variables in the least model of a
collection of set constraints are regular sets of terms in the sense that they
can be described by regular term grammars. Regular term grammars are a
generalization of regular grammars to terms. For example, the regular term
grammar

L = nil
L = cons(1,L)

defines the set of all lists of 1’s. Regular term grammars form the core of
our explicit representation of models. Specifically, the algorithm presented
in this thesis for solving set constraints, inputs a collection of constraints
constructed from a program, and outputs, for each set variable appearing
in the constraints, a regular term grammar describing of the set of terms
assigned to that variable in the least model of the constraints.

In summary, the process of constructing set constraints from a program
is essentially just setting up the analysis problem, and is analogous to writing
out the definition of the semantic operator F in an abstract interpretation
based analysis. The real work of analyzing the program is carried out by the
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algorithm to construct a representation of the least model of the constraints.
This latter process of solving the constraints takes the place of the iterative
fixed point computation in an abstract interpretation style analysis. Note
that in abstract interpretation style analysis, the use of constraints is some-
what optional — although the constraints are always implicitly present, they
do not have to be explicitly constructed. On the other hand, set based anal-
ysis places a greater emphasis on constraints. This is mainly because the
algorithm for solving the constraints is not based on the notion of locally
propagating information from one program point to another, but rather the
algorithm reasons about the program as a whole. Such reasoning is most
conveniently carried out using constraints.

2.6 Overview of Thesis

This thesis is structured in three parts. Part I deals with the definition of set
based analysis. It justifies the process of constructing set constraints from
a program that has been informally outlined in the previous section, and
shows how these constraints correspond to reasoning about a program by
ignoring inter-variable dependencies. Starting with an operational seman-
tics, we define the notion of collecting semantics. This collecting semantics
is defined directly in terms of the operational semantics by simply collect-
ing together the appropriate objects (environments or term equations) for
each program point encountered during program execution. Although such
a definition of collecting semantics is simple and natural, it sheds little light
onto how collecting semantics may be approximated and computed. The
next step is therefore a constraint formulation of the collecting semantics.
Given a program, we show how environment constraints may be constructed
such that the least model of the environment constraints corresponds to the
program’s collecting semantics. The main advantage of the environment
constraints is that they can be re-interpreted in a number of different ways.
Such an alternative interpretation is used to define set based program ap-
proximation. In essence, we show how the constraints may be interpreted
so that inter-variable dependencies may be ignored through a process of
treating program variables as sets. Then, the set based approximation of
a program is defined to be the smallest such “set” interpretation that is a
model of the constraints. That is, the least (standard) model of the envi-
ronment constraints gives the program’s collecting semantics, and the least
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set model gives the set based approximation of the program.

The same basic plan of operational semantics, collecting semantics, en-
vironment constraints and set based approximation is carried out for both
imperative and logic programs (under a variety of execution strategies). The
operational semantics, collecting semantics and environment constraints for
imperative programs are given in Chapter 3. The corresponding chapter
for logic programs is Chapter 4. Chapter 5 defines the set based interpre-
tation of the environment constraints, and thus defines set based program
approximation.

Part II describes how set based approximations may be computed. Chap-
ter 6 introduces set constraints, which is the key formalism for computing
set based approximations. Most importantly, this chapter shows how envi-
ronment constraints may be converted to set constraints such that the least
set model of the environment constraints corresponds to the least model
of the set constraints. In other words, this translation shows how the set
based approximation of a program may be represented as the least model
of a collection of set constraints. Chapter 7 then presents an algorithm for
solving set constraints. This algorithm is presented in a number of stages.
First, a generic set constraint algorithm is presented that abstracts the key
features of the algorithm. Then, an instance of the algorithm is defined
that deals with intersection and projection. Finally the complete algorithm
is presented for solving the kinds of set constraints obtained when environ-
ment constraints are translated to set constraints. The last chapter of part I1
describes experience with a prototype implementation. A naive implemen-
tation of the basic set constraint algorithm is completely unusable except
for very small collections of constraints. However substantial progress has
been made by using specialized representation techniques and dealing with
the redundancy that is typically present. Although much work remains, the
results obtained so far demonstrate that practicality is within reach.

Part III describes some extensions to set based analysis. While the main
body of this thesis deals with the problem of analyzing a program to de-
termine the possible values that variables can be bound to during program
execution, many of the techniques developed can be applied to other anal-
ysis problems. In particular, many of the algorithms preserve numerous
structural properties of a program, and it is in fact easy to modify the al-
gorithms to compute instantiation information (for logic programs) as well
as information about sharing. This is the subject of Chapter 9. Chapter
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10 shows how the techniques of set based analysis can be extended in an-
other direction — by adding a limited ability to reason about inter-variable
dependencies. The motivation for this work is that some kinds of analy-
sis require both accurate treatment of data-structures as well as reasoning
about inter-variable dependencies. The algorithm presented in this chap-
ter combines the ability of set constraints to reason about data-structures
can be combined with the ability of abstract interpretation to reason about
inter-variable dependencies in a way that is more accurate than just running
both algorithms. The last chapter of part III is Chapter 11 where we outline
the application of set based analysis to functional programs, with particular
focus on the language ML. This chapter is largely illustrative, showing con-
nections between set based analysis and type inference in subtype systems,
as well as relationships to control flow analysis.

Much of the work in this thesis unifies and extends joint work in earlier
papers such as [21, 22, 23, 24, 25, 26]. For details about these papers and
how they related to this thesis, and for details about related work by other
authors, see Sections 5.6 and 7.7 (the former deals with work in the area
of program approximations, and the latter deals with work in the area of
decidability results and algorithms for set constraints).




Part 1

Set-Based Approximation

The general scheme for obtaining set based approximations can be described
as follows. Starting with a collecting semantics for a program, the first step
is to characterize this semantics in terms of consistency conditions between
the collections of environments identified by the semantics. This is achieved
by introducing a variable to represent each environment collection, and then
constructing environment consirainis on these variables to capture consis-
tency conditions between neighboring program points, in such a way that
the least model of these constraints is exactly the collecting semantics. The
next step consists of reinterpreting the environment constraints of the pro-
gram so that each environment variable becomes a mapping from program
variables into sets of values. The set based approzimation of a program is
then defined to be the least model of the environment constraints under
this new interpretation.

This part consists of four chapters. The first two chapters present a va-
riety of operational semantics and corresponding collecting semantics and
environment constraints for the two main language paradigms considered
in this thesis — imperative and logic programs. The purpose of these chap-
ters is to provide essential definitions. Most of the ideas they contain have
appeared elsewhere in the literature in one form or another. One exception
is perhaps the heavy emphasis on constraints, in contrast with the more
usual denotational semantics approach. The third chapter in this part con-
tains the definition of set based approrimation and is the core chapter of
this part. The concluding chapter contains a discussion of this definition.

33




Chapter 3

Imperative Programs

We consider a simple imperative language over data structures with assign-
ment, conditional and iteration statements. An operational semantics for
this language is presented using a rewrite relation. A collecting semantics
is then defined by specifying an appropriate notion of program point, and
then projecting the operational semantics onto these points. Although this
definition of collecting semantics is a very natural one in the sense that it
directly captures the notion of what “happens” at each program point, it
provides little insight into how a program may be analyzed. This motivates
an alternative characterization of the collecting semantics using environ-
ment constraints that express notions of local consistency between neigh-
boring program points. The environment constraints are similar in spirit to
equational formulations of collecting semantics used widely in the program
analysis literature.

35
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3.1 Imperative Programs

The underlying values of the language are data structures. Specifically, there
are constructors such as niland cons to build up data structures, projections
such as car and cdr to decompose data structures, and some basic primitives
for testing the outermost constructor of a term. The language is untyped.
We now describe the details.

Let var and ¥ be disjoint sets, respectively denoting the set of program
variables and the set of data constructors. Each data constructor is assumed
to have a unique arity. A data constructor with arity 0 is called a constant.
Corresponding to each data constructor f of arity » > 1, there are n pro-
jection operations, denoted f('l;, ooy f(;; For example, car and cdr may be
denoted by cons(‘l') and cons(',}) respectively. An (imperative program) term
is either a variable from VAR or of the form f(t;,...,%,) or _f(;)l(tl), where
n > 0, f is an n-ary data constructor from X, each t; is a term, and in the
projection case, 1 < j < n. An atomic program condition is of the form
s = t or matchy(t) where f is a data constructor from ¥ and s and ¢ are
program terms constructed from program variables and projection symbols.
A program condition is any combination of atomic program conditions using
the usual boolean connectives A, V and -.

An imperative program P is a sequence of program statements, Seg,
defined as follows

Stat = X:=t
| if cond then Seg
| while cond do Seq

Seq = Stat
| Seq;;Seqs

where “;” is an associative sequencing operator. Figure 3.1 contains an ex-
ample imperative program that computes the last element of the list a.b.nil.
If Stat is of the form if cond then Seq or while cond do Seg, then Seg is
called the body of Stat. The expressions first(Seg), second(Seg) and last(Seq)
respectively denote the first, second and last statements in Seg, if they exist.
The expression tail(Seg) denotes the sequence Seq’ whenever Seg is of the
form Stat;Seq’. In the context of a program P, each statement occurrence
in P is assumed to be labeled with a unique integer; labels are denoted by
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1. L := cons(a, cons(b, nil));
2. X :=¢

3. while (match a,(L)) do
4. X := car(L);

5. L:= cdr(L);

Figure 3.1: Program 2 (Revisited)

a, 3, v (possibly subscripted). Writing Stat™ denotes the unique statement
occurrence in P with label o. Writing ®Seg® denotes that Seg is a sequence
of statements such that first(Seq) is labeled with a and last(Seg) is labeled
with . If Stat® and Stat? appear as statements somewhere in P and Stat?
appears immediately after Stat®, then Stat* and StatP are consecutive state-
mentsin P. For example the program in Figure 3.1, statements 1 and 2 are
consecutive statements and so are statements 4 and 5.

3.2 Operational Semantics

We now present an operational semantics for imperative programs. A value
is a program term that contains only symbols from ¥. For example, nil,
cons(a,nil) and cons(a,b) are values, but cdr(cons(b,nil)) and cons(X,Y)
are not. An environment p is a mapping from VAR into values. We shall
write [X;—vy,..., X, v,] to denote an environment that maps X; into v;,
i = 1l.n. The expression p[X+—v] denotes the environment that maps X
into v and maps all other variables Y into p(Y). An environment can be
extended to become a partial function from program terms ¢ to values as
follows:

hd P(f(tl,“"tn)) = f(P(tl),-..,P(tn))-

. f(:)l(t') = v if p(t') = f(v1,...,vs) for some values vy,...,0,.

For some program terms ¢, such as cons(car(nil),Y), p(t) is not defined.
The notation p b ¢ shall be used to indicate that p(t) is defined.
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Note that environments are defined to be total functions from (the pos-
sibly infinite set) VAR into values. The reason for adopting this somewhat
non-standard definition is twofold. First, it leads to greater uniformity in
later definitions, such as those dealing with the semantics of logic programs
(Chapter 4). Second, this definition means that all environments have the
same fixed domain, and this results in some significant simplifications in
later definitions, particularly those involving environment constraints and
the translation of environment constraints to set constraints.

We now specify the meaning of program conditions. First define that a
program condition cond is defined under p, denoted p > cond, if p bt for
each program term t appearing in cond. Now, for environments p such that
p b cond, define the relation p |= cond as follows.

o pEs=t iff p(s)=p(2)
¢ p k= matchy(t) iff p(t)is of the form f(vy,...,v,).
e p = cond; A cond; iff p = cond; and p = cond,.
¢ pl=cond; V cond; iff either p |= cond; or p | cond,.
e pl=—~cond iff itis not the case that p = cond.
Since p |= cond is only defined if p b cond, both p |= car(nil) and p |

—car(nil) are undefined. In what follows, we shall only write the expression
p | cond when it is clear from context that p &> cond.

A state is a pair of the form (p : Seq) where p is an environment and Seg
is either a sequence of statements or the special symbol empty denoting the
empty sequence of statements. The sequencing operator “;” is extended in
the obvious way to deal with empty: Seq;empty = Seq = empty;Seg. The
meaning of an imperative program is defined via a rewrite relation on states.
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(p: X :=t;Seq) — (p[X—p(t)]: Seq) ifp bt
s N, et if p b cond
(p: (if cond then Seq’);Seq) — (p: Seq';Seq) and p k= cond.
Lre n. . if p > cond
(p: (if cond then Seq');Seq) — (p: Seq) and p | —cond.
(p: (while cond do Seq');Seq) p b cond

— (p:Seq’;(while cond do Seq’);Seq)  and p = cond.

if p b cond

. . (AN .
(p: (while cond do Seg');Seq) — {p: Seq) and p | ~cond.

A derivation is a sequence of rewrite steps of the form
{po: Sego) — (p1: Seqy) — -+ — (pn-1:Segq_1) = (pn : Seq,).

We frequently write (po : Segg) —* {pr : Seq,,) or (po : Seqg) =" (pn : Seq,,)
to denote the existence of such a derivation from (po : Segg) to {(pn : Seq,).
We shall consistently use pg to denote the starting environment of a deriva-
tion.

The program terminates on environment pq if there is a maximal deriva-
tion of the form (pg: P) —* (p: Seg). Since there is at most one rewrite
step applicable to a state, there is at most one such derivation. If the final
state is of the form (p: empty) then the program is said to terminate with
environment p. If the final state is not of this form then the program is said
to terminate with an error. This is the case, for example, if the program
attempts to evaluate a term such as car(nil). There is no special “error”
value, but rather an error corresponds to a state from which no transition
is possible.

Although statement labels have been ignored in the above definition of
rewrite steps and derivations, it is straightforward to extend the definitions
so that — relates states of the form (p: Seg) where Seq is a sequence of
labeled statements. For example,

(X :=1%(Y :=b)2:p) = ((Y:=b)":p[Xisa])
— (empty: p[X+>a][Y —b])
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is a valid derivation. In what follows, we shall implicitly assume that deriva-
tion involve labeled statements.

3.3 Collecting Semantics

The operational semantics described in the previous section defines how
a program is executed. Importantly, given a program P and a starting
environment po, it defines the environment resulting from the computation
of P starting with pg. That is, the operational semantics can be thought
of as a mapping from a program P into its meaning [P] where [P](p0) is
the environment p such that (P : po) —* (empty: p). Note that [P] is, in
general, a partial function.

However, such a view of the operational semantics does not say anything
about what happens during the execution of the program. For example,
it does not describe the values that a program variable may take during
execution. Such information is clearly central to program analysis. What is
required therefore, is a view of the operational semantics that makes explicit
what happens during program execution. That is, we need to collect the
environments encountered at each point in the program during the program
execution, and this is called a collecting semantics.

The notion of collecting semantics is the starting point of all formal treat-
ments of program analysis. Our collecting semantics is just an explication
of information already implicit in the operational semantics. In essence, the
operational semantics is projected onto the notion of program point. As an
aside, we note that since a collecting semartics describes what happens part
way through a computation (including computations that lead to an error or
do not terminate), a natural semantics style presentation of the operational
semantics [37, 54] would be significantly less convenient than the transition
style system we have employed.

We first establish a notation for referring to points in a program. As
mentioned earlier, we assume that each statement occurrence in a program is
uniquely labeled. Now, with each statement occurrence Stat®, we associate
two program points fa and Ja to respectively indicate the execution states
just before and just after Stat” is executed. A collecting interpretation for an
imperative program is an association of a collection of environments to each
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program point. The collecting semantics of an imperative program is the
specific collecting interpretation that associates with each program point
the collection of environments encountered at that point during program
execution.

To see how the collecting semantics may be formalized, first observe that
the execution of a program P starting with environment pg is completely
characterized by the maximal derivation of the form

(po: P) — (p1:Seq;) — (p2:Seqp) — --- (3.1)

Now, consider collecting the environments for a program point of the form
Ta. That is, we wish to collect all of the environments encountered in the
derivation (3.1) just before statement o is executed. This can be simply
stated as:

{p: (po: P) —* (p: Stat™;Seq)}.

The collection of environments for a program point |a is more involved
because first the notion of “just after statement execution” must be for-
malized. To this end, define a reflexive transitive ordering on sequences of
statements: Seq, > Seq, if

Segq, is of the form Seg;Seq, for some Seg.

In other words Segq, > Seg, if Seg, is equal to Seg, or else Seg, is a final
subsequence of Seq;. For example Stat,;Stat,;Stats > Stat;;Stats, but
it is not the case that Stat,;Stat;;Stats > Stat,;Stat;. Also define that
Seq, > Seq, if Segq, > Seq, and Seq; # Seg,. Now, suppose that derivation
(3.1) has the form:

(po: P) =™ (pn : Stat®;Seq) — (pns1: Segny1) =~ (Pnti: Seqppi) = -+

The transition from state (p, : Stat®;Seq) starts an execution of statement
Stat*. Now, the execution of this statement could be completed in one step
(this is the case, for example, if Stat® is an assignment), and then the state
(Pn+1: Se€gn4q) is in fact (pay41: Seg). On the other hand, Stat* may take
more than one step to execute (this is the case, for example, if Stat® is a
while-do statement whose condition is satisfied by p,), and then the state
(Pn+1:Segp41) will be such that Seq,,; > Seq. In fact the execution of
Stat™ continues while the subsequent states (pn4i: Seg,,;) are such that
Seq,.; > Seq. Two possibilities arise: either (a) Seg,,; > Seg for all i,
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and Stat™ never completes execution, or (b) Seg,,; = Seq for some j > 1,
and this means that Stat® completes execution when state (pn4;: Seg) is
reached. In case (b), pn+;j is an environment encountered just after Stat®
has completed execution. So, corresponding to each point |a, we wish to
collect environments py4; such that

{po: P) —>™ (pn : Stat®;Seq) —* (pm : Seqn+j> (3.2)

where Seg,.; is Seq and Seg,,; > Seq for 1 < i < j. For notational
convenience, we write (p; : Seq;) =, (Pm : Seqy,) if there exists a deriva-
tion (p;:Seq;) — -+ — (pm:Seq,,) where Seg; > Seq, 1 < i < m.
(We shall also sometimes omit the length of the derivation and just write
(p1:5eq1) =%, (Pm : Segm).) Using this notation, the set of environments
defined by (3.2) can be more concisely described as the set of p such that

(po : P) =™ (p’ : Stat®;Seq) —»{;q (p: Segq)

To give some intuition about this definition, note that the property
(¢’ : Stat™; Seq) —%,, (p: Seq) holds iff there exist environments p,...,p;-1
and statement sequences Seg,...,Seg;_; such that

(p': Stat™;Seq) — (p2: Segy;Seq) — +-- — <Pj—1 : Seg;_y :Seq) — (p: Seg).

Moreover, from the definition of —, this is a derivation iff (p’: Stat*) —
(p2:8eqp) = --- — <p,-._1 :Seqj_1> — (p: empty). Hence (3.2) is equivalent
to the existence of two derivations

(po: P) =™ (py : Stat®;Seq) and (pn : Stat®) =7 (pn4; : empty)

where the first derivation corresponds to execution reaching statement Stat®
and the second corresponds to the execution of Stat®.

Before presenting the complete collecting semantics, we address the issue
of starting environments. In the operational semantics, it was appropriate
to define program execution from some given starting environment po. This
was carried over in the above discussion of collecting semantics. However,
when performing analysis of a program, the initial environment may not be
known. This issue may be addressed in a number of ways. First, program
execution could be defined to start in a fixed initial environment (which,
say, maps all variables to nil). Second, programs could be defined to be-
gin with a sequence of assignment statements that initialize all program




3.3. COLLECTING SEMANTICS 43

points environments
11 {all environments}
11, 12 {[X+a.b.nil,Yv] : for any value v}
12 {[X—a.b.nil,Y ]}
13 | {{[X+a.b.nil, Y-, [Xb.nilY —a],[X+nil Y —b]}
14 {[X—a.b.nil,Y —c],[X—b.nil,Y —a]}
14,15 {{X—a.b.nil,Y —a],[X—b.nil,Y —b]}
15 {{X—b.nil,Y~a],[ X —nil  Y—b]}
13 {{Xrnil,Y—b]}

Figure 3.2: Collecting Semantics for Program 2

variables, and then the initial environment is essentially irrelevant. Third,
the collecting semantics could be defined with respect to a set S of start-
ing environments (although note that this introduces the issue of how S
is represented). Fourth, collecting semantics could be defined to be the
environments encountered over executions from all possible starting envi-
ronments. Of these four possibilities, the last two are the most reasonable.
For simplicity, we choose the last one, although note that the definitions
and algorithms presented in this thesis can easily be adapted to deal with
the third possibility if S is represented using regular tree grammars (see
Section 7.1). The collecting semantics of an imperative program P can now
be presented.

Definition 1 The collecting semantics CSp of an imperative program P is
the mapping:

ta = {p :3po s.t. {po:P)—* (p:Stat“;Seq)},

la - {p : 3po s.t. (po: P) =* (p': Stat®;Seq) —%,, (p: Seq)} 0

Figure 3.2 presents the collecting semantics for Program 2 (see Figure 3.1).

A definition of collecting semantics is the starting point of program anal-
ysis. In particular it provides the primary definition of correctness: an (ap-
proximate) analysis is correct if it yields a conservative approzimation of
the collecting semantics. In other words, an analysis is correct if, for each
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program point, the set of environments described by the analysis for that
point is a superset of the set of environments described by the collecting
semantics. However, this definition of correctness provides little jnsight into
how program analysis might be performed. We therefore present an alter-
native definition of collecting semantics that provides a more concrete basis
for computing information about the collecting semantics.

3.4 Environment Constraints

In essence, environment constraints characterize the collecting semantics of
a program by capturing a notion of “local consistency” between the col-
lections of environments associated with neighboring program points. We
begin by defining the general form and interpretation of the constraints used.
The following definitions are made in the context of a program P. An en-
vironment variable is a variable that ranges over sets of environments, and
shall be denoted by the symbol ¥. For each program point u, there is a dis-
tinguished environment variable denoted ¥#, whose purpose is to describe
the environments corresponding to point u. An environment ezpression is
either an environment variable or an expression of the form T, ¥[X > {]
or ¥[cond), where ¥ is an environment variable, X is a program variable, ¢
is a program term and cond is a program condition. Informally, T denotes
all environments, ¥[X + t] is used to model assignment statements and
VU[cond] is used to model if-then and while-do statements. An environ-
ment constraint is of the form ¥ D ee where ¥ is an environment variable
and ee is an environment expression.

The meaning of environment expressions and constraints is defined in the
context of an interpretation Z that maps each environment variable into a set
of environments. Such a mapping 7 is extended to map from environment
expressions into sets of environments as follows:

e ZI(T) = {all environments}.
o Z(¥[X —1t]) = {p[X—p(t)]:p€ O} where Ois {p € I(¥):p b t}.
o I(¥{cond]) = {p€O:pl cond} where O is {p € I(¥):p b cond}.

An interpretation 7 is a model of a collection of environment constraints if,
for each constraint ¥ D ee in the collection, Z(¥) D Z(ee). Interpretations of
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environment constraints are ordered componentwise: 7 C I’ if Z(¥) C I'(¥)
for all environment variables ¥.

Now, corresponding to an imperative program P, we construct envi-
ronment constraints to capture the local consistency conditions between
neighboring points in the program.

Definition 2 The environment constraints ECp corresponding to an imper-
ative program P consist of the following collections of constraints:

a) ¥NoT;

b) U8 > wle  if Stat* and Stat® are consecutive statements in P;

c) Wla D UT*[Xst] for each Stat® in P of the form X :=t;

¥18 2> ¥1%[cond]
d) ¥io D ¥io[-cond]
glo 2 0 25%]

for each Stat® in P of the form
if cond then # Seq™;

gla 2 gly
e) V18 D wio[cond)
Yl O y1[cond]

for eack Stat® in P of the form
while cond do #Seq”;

0

Before giving a formal statement of the correctness of these constraints, we
shall first provide some motivation for their construction. The constraint
in (a) corresponds to the adopted convention that programs start in an
arbitrary environment. The constraint in (b) expresses a simple containment
relationship for consecutive statements. The constraints in (c), (d) and
(e) correspond to assignment, conditional and iterative statements in the
program.

For example, consider again Program 2 from Figure 3.1. The constraint
corresponding to the statement X := car(L) is ¥4 D ¥T[X Hcons('ll)(L)],
denoting that ¥!4 contains the environments from ¥4 after they are mod-
ified to map X into the value of car(X). The complete collection of envi-
ronment constraints for this program appears in figure 3.3.

Environment constraints are stated as set containment relationships in-
stead of set equalities because containment leads to a much more flexible
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vit o T
vl > ¥ L—ab.nil
. \1,12 ) \I,ll

1. L := cons(a, cons(b, nil)); ¥i2 D ¥P[Xr]
2.X:=¢ 13 o yi2
3. while (matChcoﬂ(L)) do \1113 5 Tls
il Ve 2 pmtchen(L)
; := edr(L); vt > WT4[XHCO‘!13(-11)(L)]

yi1s o) yl4

wis > \I’TS[LHCWS(-;)(L)]

v > ¥B[-matcheons(L))

Figure 3.3: Program 2 and Its Environment Constraints

definition. In particular, the use of containment leads to a very weak notion
of local consistency, and so it admits the possibility of models of the con-
straints in which the environments associated to a program points may be
larger than necessary. In doing so, it allows approximations of the collecting
semantics to be models of the environment constraints. The use of equality
would essentially exclude this possibility.

Importantly, the environment constraints £Cp of a program P possess a
least model, denoted Im(£Cp). This follows from corollary 4 in Appendix
I, noting that the operators of the environment constraint calculus — that
is the constant T and the postfix operators [X—t] and [cond] - are all
monotonic operators over sets of environments. This least model provides
an alternative definition of collecting semantics.

Theorem 1 (Environment Constraint Correctness)
The collecting semantics of an imperative program P maps any program
point p into Im(ECP)(¥*). []

The proof of this theorem is developed in the next section. It is rather
lengthy and tedious and is included mainly for the sake of completeness.
Note that many accounts of program analysis in the literature simply start
with an equational version of the collecting semantics, and so the step of
proving the equivalence of the collecting semantics induced by an underlying
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operational semantics and the equational version of the collecting semantics
is effectively bypassed. However, we believe that an operational semantics
version of the collecting semantics is a more appropriate starting point for
program analysis, and so the issue of proving the equivalence of the two
formulations of collecting semantics must be addressed.

3.5 Environment Constraint Correctness

We begin with some initial properties of the operational semantics of im-
perative programs. The following two propositions are simple observations
about the definition of —. The first describes the ways in which a derivation
step can change the sequence of statements in a state. The second shows
that a statement must appear at the front of the statement sequence before
it can be removed.

Proposition 1 If (p, : Seq,) — (pp : Seqy) then either

(a) Seq, = Stat;Seq, for some statement Stat,

(b) Seq, = Seq;tail(Seq,) and first(Seq,) is a statement of the form
if cond then Seq such that p, b cond and p, |= cond, or

(c) Seqy, = Seq;Seq, and first(Seq,) is a statement of the form
while cond do Seg such that p, b cond and p, |= cond. ]

Proposition 2 If (po: Seqg) — (p1:Seqy) — -+ — (pn: Seq,) such that
Seqq > Seq and Seq,, # Seq then, for some k < n, Seq; = Seq.

Proof: Proposition 1implies that if (p, : Seq,) — (ps : Seq,) and Seq, > Seq
then Seq, > Seq. Consider applying this fact to the first step {po : Seqy) —
(p1: Seq,) in the above derivation. Since Segy > Seg, the fact implies that
Seq, > Seq. Hence, either Seq, > Seq or Seq; = Seq. In the latter case the
proposition is proved. In the former case, the fact can be applied again, this
time to the step (p; : Seq;) — (p2: Seg,). Repeating this argument proves
that either there is a k such that Seq, = Seg, or else Seg,, > Seq. Since it
is assumed that Seq,, }# Seq, the proposition is proved. ]
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The next two propositions deal with statements Stat that are either
if-then or while-do statements. They prove that the last statement in
the body of such a statement Stat can only be introduced by an execution
of Stat. These propositions provide an important connection between the
environments encountered after execution of the last statement in the body
of Stat and the environments encountered after the execution of Stat itself.

Proposition 3 Let Stat® be if cond then Seg and let last(Seg) be StatP.
If (po: P) —»* <p : Stat? ; Seq’ ) then there ezists an environment p’ such that
p' b cond, p' | cond and

{po: P) —=* (p': Stat*®;Seq’) "’Eq' <p : Statﬁ;Seq'>.

Proof: K (po: P) —* <p : Stat? ;Seq’) then there exists a derivation of the
form

(po: Seqo) — (p1:Seqy) = -+ — (pn-1:5eq,_1) = (pn: Seqy,)

where {pg : Seqq) is {po : P) and {p,, : Seg,,) is <p : Stat? ; Seq’ ) Now, pick the
largest i such that Seq; ¥ Segq,,. Such an i exists because Seg, (which is just
P) cannot be of the form Segq, ;Stat?;Seq,, and so Segq ¥ Seg,,. Also i is less
than n because Seq, > Seq,. By comstruction, Seq; #? Seq, and Seq,,, >
Seq,. Hence the i*® step in the derivation must introduce the statement
Stat®. From Proposition 1, the only statement that could introduce Stat?
is Stat®. Hence first(Seq;) must be Stat*, p; = pi41, pi b cond, p; | cond
and Seq;;, = Seg;rest(Seq;). Moreover, since Seq; > Seg,, i < j < n, and
Seq,, is Stat®;Seq', it must be the case that Seg; > Se¢’,i<j<n In
summary:

(po: Seqo) —* (pi : Stat*;Seq’) — (p; : Seq; Sea') =%, (p: Stat?;Seq').

0

Proposition 4 Let Stat® be while cond do Seg and let last(Seq) be Stat”.
If (po: P) =* <p:Statﬁ ;Seq’> then first(Seq’) is Stat® and there ezists an
environment p' such that p’' > cond, p' |= cond and

(po: P) =* (p': Seq’) —* <p : Stat";Seq').
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Proof: The proof similar to Proposition 3. Again, the assumptions of the
proposition imply the existence of a derivation of the form

(po: Sego) — (p1:Seqy) — -+ = (pn-1:Segn_1) — (pn:Seg,)

where (po : Seqo) is (po: P) and (p,: Seq,) is (p:.S’tatﬁ ;Seq’). Pick the
largest i such that Seq; # Seq,. By construction, Seq; # Seq,, and Seg;,; >
Seq,,. Hence the it* step in the derivation must introduce the statement
Stat®. From proposition 1, it follows that first(Seq;) is Stat®, p; = pis1,
pi b cond, p; |= cond and Seg;,; = Seq;Seq;. In summary:

{(po : Seqg) —* (p; : Seq;) — (pi: Seq;Seq;) —* (p:Statﬁ;Seq'>.

Now, since Seq; ¥ (Stat’;Seq') and (Seq;Seg;) > (Stat®;Seq'), it follows
that Seq must be of the form Seg, ;Seg; such that Seg,;Seq; = Stat®;Seq’
where Seg, is not empty. Since Stat? is the last element in Seq (and occurs
no where else in Seq), it follows that Seg, is Stat?. Hence Seg; = Seq’, and
the proposition is proved. []

Proposition 5 Let Stat® and Stat® appear as consecutive statements in P.
If {po : Py =* (p: Seq, ; Stat®;Seq,) then first(Seq;) = Stat®.

Proof: From the definition of consecutive statement, it must be the case
that either P or the body of some statement in P is of the form

Seq, ; Stat™;Stat? ; Seq,.

Since each statement in P has a unique label, it follows that if P or the body
of some statement in P is of the form Seg, ; Stat* ; Seg,, then first(Seg;,) must
be Stat®. Using this observation, the proposition can be established by a
simple induction argument on the length of derivations. In the base case of
a length 0 derivation, the sequence Segq,;Stat®;Seqg, is just P, and so it is
immediate that first(Seg,) is Stat®.

Now suppose that the proposition holds for {pg : P} =" (p, : Seg,.), and
suppose that

(po: P) =™ (pn: Seq,) — (Pn+l : Sequ-H)'

Consider the three cases of (p,, : Seg,,) = (Pn+1 : Seq,.4,) outlined in Propo-
sition 1. In case (a), Seg, = (Stat;Seq, 1), and so if Seq, ., is of the form
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Seq,;Stat®;Seq, then Seq, is Stat;Seq,;Stat*;Seg,, and so first(Seq;) =
Stat” follows directly from the induction hypothesis. In cases (b) and (c),
Seq, 4, is Seq;Seq,,; where Seq is the body of an if-then or while-do
statement and Seg),, is either rest(Seg,) or Seg,. Now, if Seg,,, is of
the form Seq,;Stat*;Seg, there are three possibilities: either (i) Seg =
Seq,; Stat®; first(Seq,);Seq’ for some Seq’, (ii) Seq = Seq,;Stat® or (iii)
Seq!, ., = Seq';Stat®;Seq, for some Seq’. In case (i), first(Seq,) is Stat’
because Seq is the body of some statement in P. In case (ii), Stat™ is the
last statement in Seg, which implies that Stat® and Stat? cannot be con-
secutive statements in P, and so this case is not possible. In case (iii),
Seq’; Stat™; Segq, is a subsequence of Seg,,, and so the fact that first(Seq,) is
Stat? follows from the induction hypothesis. 0

Now, the collecting semantics of a program P can be thought of as an in-
terpretation of the environment constraints £Cp. Specifically, let Z., denote
the interpretation that maps ¥* into the set of environments associated with
4 in the collecting semantics. Importantly, Z, is not only an interpretation
of £ECp, but it is also a model of £Cp.

Lemma 1 Z,, is a model of ECp.

Proof: Consider each possible form of constraint in £Cp in turn. First,
consider a constraint of the form ¥ O T. Such a constraint is trivially
satisfied since Z.,(¥') contains all environments, since the collecting se-
mantics is defined to be the collections of environments encountered when
the program is started in an arbitrary environment.

Second, consider a constraint of the form ¥1# D ¥!=, Such a constraint
is present in the environment constraints of P if Stat® and Stat? are con-
secutive statements of P. Suppose that p € Z.,(¥!*). Then by definition,
there exists an environment po such that (po: P) —* (p’: Stat®;Seq) —%,,
(p: Seq). By Proposition 5, the first statement of Seg must be Stat?, and
hence p € Z,(¥"P).

Third, consider a constraint of the form ¥!* O ¥1°[X ], correspond-
ing to a statement Stat® of the form X :=t. Now, suppose that p €
Z.,(¥1e[Xt]). Then, there is an environment p’ such that p’ € Z,(¥1),
p' btand pis p/[Xr>v] where v is p/(t). Hence {(pg: P) —* (p’ : Stat®;Seq)
and (p’: Stat*;Seq) — (p:Seq). Combining these two facts proves that
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(po: P) —* (p': Stat*;Seq) — (p: Seq) and so p € T ,(¥!*).

Fourth, consider a constraint of the form ¥1? 2 ¥1%[cond), correspond-
ing to a statement Stat® of the form if cond then #Seq”. Now, suppose that
p € I.(¥1*[cond]). Then p € Z(¥1*), p b cond and p | cond. Hence
(po: P) —* (p:Seq;Seq’) and so p € I,(¥1P) since the first statement in
Seq is Stat®.

Fifth, consider a constraint of the form ¥!* D ¥1®[~cond), correspond-
ing to a statement Stat™ of the form if cond then #Seg”. Suppose that
p € I.(¥1%[~cond]). This implies that p € Z,(¥'®), p b —~cond and
p = ~cond, and hence (pg: P) —* (p: Stat*;Seq’) — (p: Seg') and it im-
mediately follows that p € Z.,(¥!*).

Sixth, consider a constraint of the form ¥!® D ¥!7, corresponding to a
statement Stat® of the form if cond then #Seq”. Suppose that p € Z.,(¥!).
Hence (pg : P) —* (p': Stat”;Seq") =% (P Seq'). Applying Proposition 3
to (po: P) —* (p': Stat”;Seq’) proves that there exists an environment p”
such that

{po: P) —* (p" : Stat®;Seq') %, (¢’ : Stat”; Seq').

It follows that {po : P) —* (p" : Stat®;Seq') —%,,, {p: Seq'), and this implies
that p € Z,(¥'%).

Seventh, consider a constraint of the form ¥ O ¥!7 corresponding
to a statement Stat® of the form while cond do PSeg”. Suppose that
p € Zes(¥V7). Then (po: P) —* (p': Stat";Seq’) —%,.+ (p: Seq’). Apply-
ing Proposition 4 to {pg : P) —* (p: Stat”;Seq’) proves that there exists an
environment p” such that

(po: P) —* (p" : Seq') —* (p': Stat"; Seq'),

and that the first statement of Seq’ is Stat®*. Combining this with the fact
that (o' : Stat”;Seq’) —* (p: Seq’) proves that p € Z.,(¥1°).

Eighth, consider a constraint of the form ¥'% D ¥1°[cond], correspond-
ing to a statement Stat® of the form while cond do #Seq". Suppose that
p € I.,(¥1[cond]). This implies that p € Z.,(¥1), p > cond and p |= cond.
Hence there is a derivation (pg: P) —* (p: Seq’) such that the first state-
ment of Seg’ is Stat®. Combining this with (p: Seq’) — (p: Seq;Segq’) proves
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that p € Z,,(¥19).

Finally, consider a constraint of the form ¥{* D ¥1*[~cond] correspond-
ing to a statement Stat® of the form while cond do #Seg”. Suppose that
p € Z.o(¥1*[~cond]). This implies that p € Z.,(¥'*), p > —cond and p |
—cond. Hence there is a derivation (pg : P) —* {p: Stat®;Seq') — (p: Seq’)
and so p € Z,,(¥!*). In summary then, we have show that Z,,, the col-
lecting semantics of P, is a model of each of the constraints in £Cp, the
environment constraints of P. []

We now complete the proof that Z., corresponds to the collecting seman-
tics by showing that any model of the environment constraints must contain
Z.s. We begin by showing an important correspondence between the sets of
environments associated to points before and after program statements in
any model of the environments constraints.

Proposition 6 Let T be a model of the environment constraints for P. If
{po: P) =" <p:Seqa;Stat°’;Statﬁ;Seqb> then T satisfies W18 D wlo,

Proof: The proof is by induction on n. If » = 0, then (po: P) —"
(p:.’S'eqa;.S’tat"';.S'tat‘6 ;Seq,,) implies that Seq, ;Stat*;Stat?;Seq, is P, and
so Stat® and Stat® must be consecutive statements in P. Hence the envi-
ronment constraints for P include the constraint ¥17 D Wwle,

Now, suppose that the proposition holds for n and consider the case of
n+1. If (pg: P) -»"H <p : Seq, ; Stat® ; Stat® ;Seqb> then there exists a state
(pn : Seq,,) such that

(po: P) =" (pn : Seq,) — (p : Seg, ; Stat® ;Stat";Seqa>

Now, if Seg,, is of the form Seqf,;Stat";Statﬁ ;Segy then the proposition
follows from immediately from the induction hypothesis. If Seg, is not of
this form, then the first statement of Seg, must be an if-then or while-do
statement whose condition is satisfied by p,, and whose body introduces one
or both of the statements Stat® and Stat®. If first(Seg,) introduces both
statements, then Stat* and Stat® are again comsecutive statements in P,
and so ¥18 D ¥l js 3 constraint in the environment constraints of P.
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On the other hand, if first(Seg,,) introduces only one of Stat* and Stat®,
then it must be the case that Stat® is the last statement in the body
of first(Seq,). If first(Seg,) is an if-then statement, then (py: P) —™+!
(Pn+1: Segyyy) implies that

(po: P) =™ <p,. : Stat”; Stat? ;Seq) - <p,, : Seq'; Stat®; Stat? ;Seq>

where the body of Stat” is Seq’; Stat*. Now, on applying the induction hy-
pothesis to Stat” and Stat?, we have that T satisfies ¥18 D W!7, Moreover,
the environment constraints corresponding to Stat” contain the constraint
¥l D wlo, It follows that 7 must satisfy W18 D wla,

If first(Seg,) is a while-do statement, then (po: P) —* (ppn41: Seg, ;)
implies that

{po: P) =" (pn : Statp;Seq> - <p,.+1 : Seq’ ;Stat";Statﬁ;Seq>
where the body of Stat? is Seq’;Stat™. This implies that the environment
constraints contain ¥4 D ¥le. ]
Lemma 2 7., is smaller than any model of ECp.
Proof: To prove the lemma, we need to show that if Z is a model of £Cp
then

Z(v*) 2 Z.,(¥*) for all program points p.

To prove this, it suffices to show the following two properties

(i) ¥ {po: P) =™ (p: Stat*;Seq) then p € I(¥1®).
(i) If (po: P) =™ ™ (o’ : Stat™; Seq) —%,, (p: Seq) then p € I(¥!).

where m > 0 and 1 < n < m. These two properties shall be proved simulta-
neously by induction. The primary induction shall be m, with a secondary
induction on n. In the base case of m = 0, (i) reduces to pp € Z(¥™), and
this is trivially true since Z satisfies ¥1! D T. On the other hand, (ii) is
vacuously true since its preconditions cannot be met unless m > 1.

Now, suppose that for some m’, (i) and (ii) hold for all m < m’/, and we
seek proofs of (i) and (ii) when m = m’. First consider (ii). The proof for
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this case employs a secondary induction on n. In the base case of n = 1, the
assumptions of (ii) reduce to

(po: P) =™ =1 (o' : Stat*®;Seq) — (p: Seg).

From part (i) of the induction hypothesis, o' € Z(¥1*). Now, Stat* must
either an assignment statement, or an if-then or while-do statement whose
condition is not satisfied by p’. If the first case, let the statement be X :=t.
This means that p’ bt and p is p’[ X+ v] where v is p'(t). Now, Z must satisfy
the constraint ¥!* O ¥1*[X 1], and hence combining this with p' € Z(¥1*)
proves that p € Z(¥!*). On the other hand, if Stat® is an if-then or while-
do statement whose condition is not satisfied by p’, then since Z must satisfy
wle 3 ¥lo[-cond), it is again immediate that p = p’ € Z(¥!).

Now suppose that, for some n’ > 1, (ii) holds when m = m' and n < n’,
and assume that

(po: Py »™ =" (p': Stat™; Seq) —%,, (p: Seg).

Again, part (i) of the induction hypothesis implies that p’ € Z(¥1*). Now,
since n’ > 1, the statement Stat* must be an if-then or while-do statement
whose condition is satisfied by p’. Hence, it must either be the case that

(¢ : Stat®;Seq) — (o' : Seq'; Seq) =3 (p: Seq) o
(p’ : Stat™;Seq) — (p’: Seq’; Stat™; Seq) —»’_;.e;l (p: Seq)

where Seq’ is the body of Stat®. Consider these two possibilities in turn. In
the first case, let Stat? is the last statement in Seq. Proposition 2 implies
that there exists an environment p” and integers 7 > 0 and k > 1 such that
7+ k=n"~1and

(p': Seq'; Seq) —7 <p":Statﬂ;Seq> -»’g.eq (p: Seq) .
This implies that
(po: P) —»™ (p” : Statﬂ;Seq> —>’§,, {p: Seq).

Since k < n/, part (ii) of the induction hypothesis implies that p € Z(¥!4).
Now, 7 satisfies the constraint ¥!* D W14, and this proves that p € Z(¥!).

On the other hand, if the derivation has the second form, then proposi-
tion 2 can again be applied, this time to show that there exists an environ-
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ment p” and integers j > 0 and k > 1 such that j + k=n'—1 and
(p' : Seq'; Stat®;Seq) —7 (p" : Stat*;Seq) —%,, (p: Seq)
This implies that
(po: P) =™k (p": Stat™; Seq) —%,, (o: Seg).
Since k < n’, part (ii) of the induction hypothesis implies that p € Z(¥!*).

It remains to prove the inductive case for (i). Assume that (pg: P) —»™
(p: Stat™;Seq). Since m’ > 1, there exist p’, Stat® and Seq’ such that

(po: Py »™'~1 <p’ : Statﬁ;.S'eq’> — (p: Stat™;Seq).

Now, consider the cases of Stat?. If Stat® is an assignment statement or an
if-then or while-do statement whose condition is not satisfied by p’, then
Seq’ must be Stat*;Seq, and

(po: P) »™1 <p' : Stat? ;Stat";Seq) — (p: Stat*;Seq).

Now, (ii) has just been proved in the case where m = m’, and so p €
Z(¥!F). Furthermore, Proposition 6 proves that Z(¥1®) D Z(¥!6). Hence
p € I(¥1*).

On the other hand, if Stat? is an if-then or while-do statement whose
condition is satisfied by p’, then Stat® must be the first statement ap-
pearing in the body of Stat®. Hence the environment constraints contain
¥T* > w18, Moreover, (i) can be applied to the derivation {pg : P) —m'=1
(p’:Statﬁ;.S'eq'> to prove that p € Z(¥1%), and so p = p’ € Z(¥'®). This
completes the induction argument for (i), and thus completes the proof of
the lemma. []

Theorem 2 The collecting semantics I., of an imperative program P is the
least model of the environment constraints for P.

Proof: From Lemma 1, Z,, is a model of the environment constraints for
P. From Lemma 2, Z,, is smaller than all other models of the environment
constraints. It follows that Z_, is exactly the least model of the environment
constraints. []
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Chapter 4

Logic Programs

This chapter presents the background definitions on operational and collect-
ing semantics for logic programs. Three different semantics are considered:
top-down execution using the PROLOG left-to-right atom selection strategy,
top-down execution using a non-deterministic atom selection strategy (for
modeling certain aspects of parallel execution), and bottom-up execution.
Corresponding to each operational semantics, a collecting semantics is given.
In essence, this involves defining an appropriate notion of program point for
the operational semantics, and then collecting information about program
executions for each program point. The core part of the chapter deals with
constraint based formulations of the collecting semantics. These formula-
tions are similar in nature to equational formulations of collecting semantics
used in other works on logic program analysis. One difference is that we
use constraints instead of equations, and this leads to a more general and
flexible framework.

57
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4.1 Logic Programs

We begin with some preliminary definitions about logic programs. Let £
denote a set of function symbols, let II denote the set of predicate symbols
and let VAR be a denumerable set of program variables. It is assumed that
%, II and VAR are disjoint. Each function symbol f € £ and each predicate
symbol p € II is assumed to have a unique arity. A function symbol of arity
0 is called a constant.

A (logic program) term is either a program variable from VAR, or of the
form f(t;,...,tn) where n > 0, f is a function symbol from ¥ with arity
n, and each ¢; is a term. An atom is of the form p(t;,...,t,) where n > 0,
p is a predicate symbol from II with arity n, and each ¢; is a term. Atoms
shall be denoted by A, B or C. A ruleis of the form Ag—A,,...,A, where
each A; is an atom. The atom Ag is called the head of the rule and the
sequence A;,...,Ay is called the body of the rule. Each A;, ¢ > 1 is called
a body atom. In the case where n = 0, the rule is called a fact. Rules shall
be denoted by R. A term, atom or rule is ground if it does not contain any
program variables.

A logic program P is a finite set of rules. Each rule in a program P is
labeled with a unique integer, called a rule label. Likewise each body atom in
P is labeled with a unique integer called a body atom label. We again denote
labels by a, 8, ¥ (possibly subscripted). Writing R* € P indicates that the
rule R appears in P with label a. We say that the rule in P with label
a is Ag—ADY,..., A% if the rule R* € P has head Ao, body A4,,...,A4,
and body atom labels ay,...,a,. Similarly we say that the body of R® is
A, ..., A% if the body of R* € P is A;,...,A, and the labels of these
body atoms are ay,...,a, respectively. A is a body atom in P if a is a
body atom label and A is the body atom that appears in P with label a.
A% is a head atom in P if « is a rule label and the head of the rule R* € P
is A.

A substitution 6 is a mapping from VAR into terms. Note that this defini-
tion is somewhat non-standard. In the literature, substitution # is typically
required to satisfy 6(X) = X for all but a finite number of variables. How-
ever, for our purposes it is convenient to drop this restriction. Substitutions
shall be written in prefix notation. For example the result of applying 8 to
X shall be written as §(X). A substitution 6 can be extended to map from
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terms, (or atoms or rules) into terms (or atoms or rules, respectively) in the
usual way:

8(f(trseeesta)) T f(8(t1)s-..,0(tn).

A renaming is a substitution that is a bijection on VAR. If 0 is a renaming,
then 0~ denotes the substitution that maps #(X) into X for all variables
X.

An environment (or valuation) p is a substitution such that, for each
variable X € VAR, p(X) is a ground term (or value). Although “valuation”
is the more standard terminology in the context of logic programs, we use
“environment” to maintain consistency with previous definitions. If p is an
environment and ezp is term, atom or rule, then p(ezp) is a ground instance
of ezp. If p is an environment and @ is a renaming substitution, then po 6
denotes the environment that maps X into p(8(X)) for all program variables
X.

An equation is of the form s = t where s and ¢ are both terms or both
atoms. An equation conjunction E is a finite collection of equations, and is
written in the form s; =t A---As, = ¢, (the empty conjunction is denoted
by true). An environment p satisfies an equation s = t if p(s) and p(t) are
identical ground terms or atoms. An environment p satisfies an equation
conjunction if it satisfies each equation in the conjunction. We write p | E
to denote that p satisfies E.

Two atoms A and B are unifiable if A = B is satisfiable. A and B are
compatible if A and ( B) are unifiable for some renaming substitution 8. For
example, p(X) and p(f(X)) are compatible but not unifiable. Compatibil-
ity corresponds to unifiability where renaming can be performed to avoid
variable name clashes. Where ezp,,...,ezp,, n 2 1, is a sequence of terms,
atoms, rules or equation conjunctions var(ezp,,...,ezp,) denotes the set of
all program variables that appear in ezp,,...,ezp,.

4.2 Operational Semantics

We now present three different operational semantics for logic programs -
the first two are top-down semantics, and the last is a bottom-up semantics.
The motivation for presenting more than one operational semantics for logic
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programs is twofold. First, by using a variety of operational models, we are
better able to illustrate the process of constructing environment constraints
(and, subsequently, set constraints) from a program. Second, it provides
some evidence to support the wider claim that set based analysis is a general
methodology for analyzing programs and is not tied to a particular notion
of operational semantics. We begin with the top-down definition.

We begin by describing the two top-down semantics. First, define that
a goal is of the form «—A;,...,A,, n > 1, where each A; is an atom. Now,
given such a goal, the usual definition of logic program execution involves re-
peatedly reducing this goal using the rules of the program. Informally, this
process can be described as follows: given a goal Gg, a sequence of goals
Go,G1,- .. is defined such that each goal G;4; in the sequence is obtained
from its predecessor G; by selecting an atom A from G; and a (renamed)
rule Bo~B,,...,B, from P, unifying A and By to obtain a unifier 8, re-
placing A in G; by B,,...,B,, and then applying 6 to the result. We shall
instead adopt a CLP style formulation of program semantics [28]. This is
done for two reasons. First, it simplifies certain aspects of the presentation,
and second, it leads to a more general formulation that is directly applicable
to other CLP languages. The main difference in the CLP approach is that
to notion of unification is replaced by equations (and, more generally, con-
straints), and the notion of goal is generalized to include two components
— an equation conjunction and a sequence of atoms. We now present the
details.

An atom selection function is a function that maps any sequence of
atoms A;,...,A, into an index i, 1 < t < n. We say that A; is selected
from A;,...,A, and refer to A; as the selected atom. A (top-down) state is
of tne form (E : G) where E is a satisfiable equation conjunction and G is a
sequence of atoms (the empty sequence of atoms is denoted by empty). The
top-down operational semantics is defined using a rewrite relation between
statrs. Specifically, in the context of some atom selection function, there is
a derivation step (E:G) 5> (E':G') if

(i) G is Ay,..., A and the atom selection function maps G into ;
(ii) the rule with label a in P has of the form By« B;,..., B,;

(iii) @ is a renaming substitution such that var(6(R)) N var(E,G) = {};
(iv) G'is Al, oo ,A.‘_l, 0(31), cee ,0(8,), A,’.H, ooy Am, and
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(v) E'is E A (A; = 6(By)).

Note that, by definition of states, the equation conjunction EA (A = 6(By))
must be satisfiable, and this implicitly requires that A and 6(Bg) be unifi-
able.

A derivation D is a sequence of derivations steps of the form

(Eo:Go) -'-;-'-;.—,19 (E]iGl) W ver rm——— (E,.,!Gn).

We say that D is a derivation from (Eg:Go) to (E, : G,). Note that some
works on logic programming semantics define derivations to be maximal
(finite or infinite) sequences of derivation steps. However, for our purposes
it is more convenience to use finite derivations and to omit the requirement
of maximality. In particular this means that any subsequence of the steps
in a derivation is also a derivation.

The meaning of a program P is defined using the successful derivations,
which are the derivations that end in a state of the form (E : empty). Specif-
ically, a program P defines a function [ -], that maps goals «G into sets
of equation conjunctions as follows:

[~Glp & {E : there is a derivation from (true:G) to (E : empty)}.

By varying the atom selection function in the above definitions, different
operational semantics are obtained. If the selection function always selects
the leftmost atom from a sequence, then the usual PROLOG style left-to-right
semantics is obtained. To illustrate this selection function, consider the logic
program and goal in Figure 4.1. Consider the following derivation (in which
subscripts on derivation steps have been omitted for clarity) starting from
the state (true : —p(X))

(true : p(X)) — (E1:¢(Y),7(Y)) = (E2 : 7(Y)} — (E3: empty)
where E;, F; and Ej3 are given by

Ey: (p(X)=p(Y)).
Ey: (p(X)=p(Y)Ag(Y)=q(d)).
Ey: (p(X)=p(Y)Ag(Y)=q(d)Ar(Y)=r(b)).

This derivation is a maximal, and is in fact the only maximal derivation
for (true: —p(X)), modulo variable renaming. Now, consider a selection
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—p(X).
»(Y)—q(Y),r(Y).
q(b)-

r(a).

r(b).

Figure 4.1: Program 7

function that chooses an atom non-deterministically. Using such a selection
function, there are two additional maximal derivations from (true : p(X)):

(true : p(X)) — (Ex: q(Y),7(Y)) — (E7 : g(Y)), and
(true : p(X)) = (Ex: q(Y),7(Y)) — (E2: g(Y)) — (E3: empty)

where Ej and E7 are given by

Ey: (p(X)=p(Y)Ar(Y)=r(a)).
Ey: (p(X)=p(Y)Ar(Y)=r(b)).

We refer to the semantics induced by this non-deterministic atom selection
as the interleaving semantics since it allows arbitrary interleaving of the solv-
ing of atoms. Although this semantics is still sequential in nature, it does
capture the essence of certain aspects of parallel execution since it makes no
commitment to the order in which atoms are selected. In doing so, it pro-
vides a basis for illustrating how set based analysis might be used to analyze
parallel logic programs, without having to deal with the specific details of a
parallel logic programming language. The development of collecting seman-
tics and environment constraints shall use these two top-down semantics,
although it is possible to accommodate other atom selection functions.

We now present the third operational semantics for logic programs. A
(bottom-up) state is of the form (E : A) where E is a satisfiable equation con-
junction and A is an atom. Such a state is bottom-up derivable if, for some
n > 0, there is a rule R of the form A—A,,...,A, in P, renaming substi-
tutions 6, ..., 0,, and bottom-up derivable states (E; : By),...,{En: By)
such that

e var(R), var(6,(E,),6:(By)), ..., var(0n(Ey,),0,(By)) are all disjoint
sets, and
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o Eis (A1 = 8,(B1)) A B1(ED) A -+ A (An = 8a(Bn)) A 0a(Ey).

Thus, for example, if P is the program consisting of p(a) and ¢(X)—p(X’)
then (true : p(a)) and (X = a: ¢(X)) are both bottom-up derivable states.

As before, the meaning of a program P is defined as a mapping [ - ]
from goals into equation conjunctions. Specifically, each goal «—A4,,..., A,
is mapped into:

A1 =6,(B1) A O(Ey) the (E;: B;)
[—A,...,A:dp def A s A : are bottom-up
A, =0,(B,) A 6,.(E,) derivable

where the 6,,...,0, are renaming substitutions such that the sets var(R),
var (81(E1),61(B1)), -, var (8n(En), 0n(Bn)) are all disjoint.

We now compare our definition of bottom-up semantics with the more
usual definition of bottom-up semantics that is based on the T; function.
The T; function maps from and into sets of ground atoms and can be defined
as follows:

_ . Ao—A1,...,Apisarulein P
Te(S) = {P(Ao) : and p(4;) €S, i=1l.n }

In essence, given a set S of “assumptions”, T(S) is the set of consequences
that are derivable in one step using P. Hence T3 is often called the immediate
consequence operator. Now, T; is a continuous function, and hence it has a
least fixed point, denoted Ifp(Tp), which can be computed as the limit of the
sequence {},T,({}), Tp(Tp({})),- ... One of the main results of the standard
semantics of logic programs is that, given a program P, the set of successful
ground atoms, the least fixed point of T and the least Herbrand model of
P all coincide (see [7, 41]).

Our definition of bottom-up semantics is more operational in nature. It
is structured in a way that emphasizes similarities with the top-down opera-
tional semantics. This includes using equations (as opposed to using ground
atoms) and defining program semantics as a mapping from the program
goals into equations (as opposed to defining program semantics as a set of
ground atoms). A formal correspondence between our bottom-up seman-
tics and the T, semantics appears in the discussion following Lemma 6 on
page 99. However these differences between the two are not fundamental in
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«r(f(U)).
r(X)=p(X),q(X).
p(f(a))-

p(f(3)).

»(g(a)).

9(f(2)).

q(9(a)).

Figure 4.2: Program 8

nature.

Note that the definition of bottom-up derivable is closely related to the
variation of the T, function due to Jaffar and Lassez [28], which can be
described as follows. Let T be a set of goals and defined T,(Z) to be

s Al BRAN . _Ag—A,,...,Apisarulein P

{< /\ (0:(E;) A A; = 6;(B;)) Ao> T and (B Bi) €T, 1<i< n}
1<i<n

such that each 6; is renaming substitutions and the sets var(Ag,...,A4y),

var(1(E1),61(B1))s ..., var(0n(E,),0n(By)) are all disjoint. The least

fixed point of this function is exactly the set of bottom-up derivable states.

4.3 Comparison of Operational Semantics

To illustrate the differences between the three definitions of operational se-
mantics, consider the logic program and goal in Figure 4.2. The three def-
initions of semantics given in the previous section are all equivalent in the
sense that the equation conjunctions collected for each goal are equivalent.
For goal indicated ~r(f(U)), they all give the following set of equation
conjunctions (after simplifying r(f(U)) = r(X) into f(U) = X, etc.).

f(U)Y=XAX = fa) A X = f(2), }
) =XAX=f(b)AX = f(Z)

However the definitions differ in how this set is obtained, and this has im-
portant consequences for the corresponding collecting semantics as well as
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for approximation of these semantics. For example, the following is a valid
derivation in the top-down interleaving semantics

(true:r(f(U))) — (f(U)=X:p(X),q(X))
= (f(U)=XAX = f(2): p(X))
= (f(U)=XAX=f(Z)AX = f(a): empty)

whereas it is not a valid derivation in the top-down left-to-right semantics.
This means that properties of derivations relating to the equations encoun-
tered at points during program execution vary from semantics to semantics.
Hence the notions of collecting semantics arising from the two top-down se-
mantics shall differ significantly. There is even a greater distinction between
the collecting semantics arising from the bottom-up semantics because the
sets of program points used are different.

One useful way to compare all three semantics is to consider the equa-
tions collected for each goal and focus on the order in which the equations
are collected. Specifically, consider the equation conjunction

fU)=XAX=f(a)AX = f(Z)

which corresponds to the matching of r( f(U)) with r(X), p(X) with p(f(a)),
and ¢(X) with ¢(f(Z)). This equation conjunction can be viewed as the
composition of the three basic equations f(U) = X, X = f(Z) and X =
f(a); the difference between the three semantics is in the order in which
these basic equations are combined. We illustrate this in the following table,
where parentheses are used to indicate the order of the combination of basic
equations.

top-dow
leif:io-:ig?lt (f U)=XnrX= j(a)) N=12)

top-down (f(U) =XAX= f(“)) ANX = f(Z)
interleaving (f(U) =XAX= f(Z)) AX = f(a)

bottom-up | f(U)=XA (X = f(Z)A X = f(a))

Note that although the resulting equation conjunctions are equivalent in
each case, since A is associative and commutative, there are often important
differences when A is replaced by some approximate notion of conjunction.
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In particular, many works on program analysis can be understood by replac-
ing the operation of A by some conservative approximation of A, and this
new operation is in many cases not associative or commutative, and hence
the approximations of a program induced by the three different semantics
often differ. We have, for simplicity, ignored the treatment of disjunction.
However the basic observation about analysis of logic programs can be gen-
eralized as follows: exact operations are replaced by approximate operations,
and since the algebraic properties of the underlying operations (such as asso-
ciativity and commutative of conjunction and disjunction, and distributivity
of conjunction and disjunction) rarely hold for their approximate counter-
parts, the approximations induced by the various semantics do not usually
coincide.

4.4 Collecting Semantics

In program analysis, we are not primarily interested in the result of a compu-
tation, but rather in what happens during the computation. In the context
of logic programs, what we desire is information about the equations that
arise at various points during program execution. A collecting semantics
formalizes this notion by explicitly collecting the set of equations encoun-
tered at each program point. In other words, the collecting semantics serves
to make explicit information that is already implicit in the operational se-
mantics.

For the two top-down semantics, we shall define collecting semantics in
the context of an initial goal «—Gp. As for the imperative program case, this
represents a choice. We could, for example, define the collecting semantics
using a set of initial goals, or perhaps all goals. In the context of logic
program analysis, the use of a restricted set of initial goals seems most
appropriate, and we have used a single initial goal mainly for presentational
simplicity. We note that it is straightforward to extend the set based analysis
of logic programs to deal with a set of initial goals that is either finite or can
be described using regular term grammars. In what follows, it shall often
be convenient to treat the initial goal as part of the program, and treat the
goal itself as a rule without a head. In particular, the atoms in the initial
goal shall be referred to as body atoms.

We begin by discussing appropriate notions of program point for logic
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programs. Recall that each rule and body atom in a program has a unique
label. We also assume that the initial goal (if any) is labeled with a rule
label and that each atom of the initial goal is labeled with a body atom
label. These labels shall be used to denote program points as follows. A
rule label shall indicate the execution state just after the rule has finished
executing, or in other words, just after every body atom has been solved. A
body atom label indicates the state just before execution of the body atom,
or in other words, just before the body atom is selected. In essence, this
definition is just a formalization of the notion of program point employed
in the introduction (Chapter 3). However, there is a small difference in the
details. In particular, the use of textual markers @, ®, etc., is somewhat
inconvenient for dealing with programs in a uniform way, and so we have
chosen to use labels attached to program atoms. As an example, where
previously we may have written p(f(X,Y)) « @, ¢(X,Y), ® to indicate
that @ denotes the point just before execution of ¢(X,Y) and ® indicates
the point just after the execution of the rule body, we now write the rule

2. p(f(X,Y)) « ¢(X,Y)!

where the atom label 1 indicates the point just before the execution of
¢(X,Y), and the rule label 2 (which labels the entire rule) indicates the
point just after the execution of the rule body.

We also observe that the notion of program point captured in the above
formalization represents a choice among many possible approaches. It is
possible to consider more elaborate notions of program point that take into
account the context in which an atom is “called”. For example, consider
extending the notion of “program point” so that it includes an additional
label that indicates an atom’s “parent”. The issue of choosing a notion cf
program point arises in any approach to program analysis, and is largely
orthogonal to the details of set based analysis. We have chosen a notion of
program point that is simple, intuitive and has proven to be useful.

Note that a notion of program point that is appropriate for one oper-
ational model may not be particularly appropriate for another operational
model. For example, the formalization used here is appropriate for a top-
down left-to-right operational model because the atoms in the body of a
rule are selected in left-to-right order (and so the atoms can be thought of
as successive statements or procedure calls). It is marginally less appro-
priate for the top-down interleaving model because in this case there is no




68 CHAPTER 4. LOGIC PROGRAMS

notion of order between body atoms and the execution of body atoms can be
interleaved. It is even less appropriate for the bottom-up operational model
because in this model there is no notion of the state “before” a body atom is
selected. (In fact the collecting semantics corresponding to the bottom-up
semantics shall completely ignore the program points corresponding to body
atom labels).

Before defining the collecting semantics, we need some preliminary def-
initions. First, we extend the operational semantics to take into account
program labels. This involves using labeled atoms in states, and refining
the definition of derivation step so that when the body of a rule is inserted
into a goal, the labels on the body atoms are retained. Specifically, let
the rule used in a derivation step be Ag—~A7?,..., A%", and let the renam-
ing used is 6, then the new atoms introduced by the deri.ation step are
0(A7*), .-, 0(AT").

Now, consider a derivation D and suppose that D contains a step of the
form

(E:G) > (E':G").

Let G have the form A;,...,A,, and let the rule in P with label a be
Bo—Bj1,...,B2r. The goal G’ contains the atoms 8(Bf*),...0(Bg") that
do not appear in G. These new atoms are said to be introduced using §. We
also define that each of the atoms 6(B;),...0(B,) is called a child of the
atom A; selected from G. The transitive closure of the child relation is used
to define an descendant relation. Specifically, an atom A® is a descendant of
an at;om BP if either A® is a child of B” or else A% is a child of a descendant
of B”.

A derivation D solves an atom A% if A® is selected at some step in the
derivation and all of the descendants of A% are solved in subsequent steps of
D. A derivation D minimally solves an atom A if A* is solved by D but is
not solved by the derivation consisting of all but the last step of D. In other
words, A® is minimally solved in D if (i) A is selected from the j** state
in D, (ii) the last state in D does not contain any descendants of A%, and
(iii) all states between the j** state and the last state contain a descendant
of A®. Intuitively, this occurs when the subproof of A* (contained in D)
is completed by the last step of D. Strictly speaking, the notions we have
just defined require that atoms in a derivation to be labeled with auxiliary
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information such as the derivation step where they were introduced. Clearly
this can be done, and we omit the details.

The collecting semantics is defined using the class of derivations whose
first state is (true : Go). Let D be such a derivation. D is said to select A*
under renaming @ if A® is the atom selected from the last state in D and
A® is introduced using the renaming 6. In the case where the selected atom
A“ is an atom from the starting state (true :Go), D is said to select A*
under 8;4 where ;4 is the identity renaming substitution. The derivation D
returns from the rule R* under renaming 6 if some step of D is of the form
(Eq:Ga) 555> (Es:Gp) and the atoms introduced by this step are solved
in the subsequent steps of D and one of the introduced atoms is minimally
solved in the subsequent steps of D. In other words, the last descendant of
the atoms introduced by (E, : Ga) 55> (Es:Gb) is solved in the last step
of D. D returns from G§ under renaming ;4 if the last state of D has the
form (E : empty) and a is the label of Gy.

We can now present the collecting semantics corresponding to the top-
down and bottom-up operational models. In each case this consists of a
mapping CSp from (some subset of ) the program points into sets of equation
conjunction. We begin with the top-down collecting semantics. The follow-
ing definition is parameterized by the atom selection function; it serves to
define both the top-down left-to-right collecting semantics and the top-down
interleaving semantics.

Definition 3 Given an initial goal —Gy, the top-down collecting semantics
of a logic program P is the mapping CSp such that

there is a derivation from (true:Go) to }

def -1 .
CSp(a) = {0 (E): (E : G) that selects A* under

def _1, g . there is a derivation from (true:Go) to
CSp(B) = {0 (E): (E : G) that returns from RP under 6

where a ranges over all body atom labels and § ranges over all rule labels.

0

Crucial to this definition is the specific formulation of “selects” and “returns
from”. In particular, the definition of “selects” refers only to the last state
of the derivation. In other words, a derivation selects A” under 0 if A% is
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the atom selected from the last state of the derivation. This means that
the equation conjunction at the end of the derivation is the conjunction
encountered just as A% is about to start execution. Importantly, if an atom
A% is selected from some state other than the last state in a derivation
D, then by considering the sequence of derivation steps up to the point
that A is selected, we can construct another definition D’ such that A“ is
selected from the last state in D’. Similarly the definition of “returns from”
refers to rule uses that are completed during the last step of the derivation.
That is, a derivation returns from R* under 6 if the solving of the atoms
introduced by the indicated use R* is completed during the last step of the
derivation. Again, this is done so that the equation conjunction at the end
of the derivation is the conjunction encountered just after execution of the
rule has been completed.

Definition 4 The bottom-up collecting semantics of a logic program P is
the mapping CSp such that, for each rule R* with body A,,...,Aq,,

61(Ey) A (Ay = 61(B1))
CSp(e) = AveeA
0n(En) A (A = 0n(Br))

where 0y,...,0, are such that var(6(R)), var(E,, By), ..., var(En, B,) are
disjoint sets of variables. []

(Ey:B1),....{En:By)
are bottom-up derivable

To illustrate the differences between these different collecting semantics,
consider the logic program in Figure 4.3. An immediate difference between
the bottom-up and top-down collecting semantics is that the bottom-up
collecting semantics does not say anything about program points 1 and
2. The two top-down semantics differ at points 1 and 2. Note that for
point 6, each collecting semantics collects the singleton set consisting of the
equation conjunction W = f(X) A W = f(Z) (strictly speaking, the top-
dowr interleaved semantics also collects W = f(Z) A W = f(X), but since
A is commutative we consider this equation conjunction to be identical to
W= f(X) AN W= f(Z)).
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3. «p(W); a(W)>.
4. p(f(X)).
5. p(g(Y)).
6. ¢(f(2)).
program Top-Down Top-Down
point left-to-right interleaving Bottom-Up
true,
1 {true} { W = £(2) } -
true
W = f(X), - ' _
s e |
6 { W = f(X) } { W = f(X) } { W = f(X) }
AW = f(Z) AW = f(Z) AW = f(Z)
4,5,6 {true} {true} {true}

Figure 4.3: Program 9 and Its Collecting Semantics
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4.5 Environment Constraints

The main focus of this thesis is on analysis involving the possible values
that each program variable may assume (this kind of analysis is often called
typing analysis). However, set based analysis is by no means restricted to
such analysis. For example, mode analysis and sharing analysis can also be
performed using set based analysis techniques (see Chapter 9). The main
reason for focusing on the values of program variables is that it enables a
clearer presentation of the concepts of set based analysis. In particular, it
enables program semantics to be characterized using environments instead
of the more general notion of equations. In turn, this allows a fairly simple
characterization of the collecting semantics using environment constraints.

The environment constraints used for logic programs are closely related
to those used for imperative programs. As before, the operations in the
environment constraints are intimately connected to the operators of the
underlying semantics. However, since the operators involved in the seman-
tics of logic programs differ from those for imperative semantics, we require
some new environment constraint operations.

An environment variable is a variable that ranges over sets of environ-
ments, and shall be denoted by the symbol ¥. For each program point a,
there is a distinguished environment variable denoted ¥®, whose purpose is
to describe the environments corresponding to point @. An environment ez-
pression is an expression of the form [A; € B,.¥1,...,A, € B,.¥,], where
the A; and B; are atoms and the ¥; are environment variables. An environ-
ment constraint is of the form ¥ D ee where ¥ is an environment variable
and ee is an environment expression.

The meaning of environment constraints is defined in the context of an

interpretation I that maps each environment variable into a set of environ-
ments. If ee is [A; € By.¥y,...,A, € B,.¥,] then I(ee) is defined by

I(ee) E {p:p(A) € {0'(B): p' € T(¥)}, i = Ln}.

To explain this definition, first note that each expression B;.¥; essentially
represents a collection of ground atoms under an interpretation Z, as follows

I(B:.%;) = {p'(Bi): p' € I(¥:)}.
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Now, each element A; € B;.¥; can be thought of as a condition on environ-
ments p that holds whenever p(A;) is contained in the set of ground atoms
specified by B;.¥;. That is, A; € B;.¥; is satisfied by an environment p un-
der interpretation Z if p(A;) € Z(B;.¥;). Finally, the meaning of the entire
expression is just the set of environments that satisfy all of these conditions:

I({A) € By.¥y,..., An € BoWy]) = {p:p(A) € I(B:¥), i=1.n}.

Note that if n = 0 then Z([A; € B,.¥y,...,A, € B,.¥,]) simply reduces
to the set of all environments. Now, an interpretation Z is a model of a
constraint ¥ D ee if Z(¥) O Z(ee). An interpretation is a model of a
collection of environment constraints if it is a model of each constraint in
the collection.

We now present the environment constraints corresponding to each col-
lecting semantics. In each case, P is a program, and we seek environment
constraints £Cp such that the least model of £Cp coincides with CSp.

Definition 5 (Top-Down Left-to-Right Environment Constraints)
For each rule R* € P with body A}?,...,A%" and head Ao (if it ezists),
ECp contains the constraints

vz O [Ag€ Bp. W5, 4, ¢ Bl.wﬁ:,]

g D 'AoeBo.wﬂo]

W -

von Ao € Bo.UP A, € BL.UP, ... A,_, € B,,-l.wﬁv--:]
ve O [Age By, 4, € BLYP,... A, € Bn.wﬂn]

where By ranges over body atom labels such that Bg” is a body atom in P
and Ao and By are compatible, and the §3;, 1 > 1, range over rule labels such
that B? * is a head atom in P and A; and B; are compatible. []

If the rule R is a goal, then Ap does not exist, and the entry Ag € By. WP
is simply deleted from each environment expression. For example, the con-
straint ¥ D [Ag € Bo.¥%] becomes ¥ D [].

Intuitively, the top-down left-to-right constraints each have the form
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¥ei+1 D Ao € Bo. W5, 4y € By.¥A,..., A; € B;. 9P

where the first entry Ag € Bo.¥™ corresponds to the “calling” of the rule
a via the body atom Bg°, and the remaining entries A, € B;.¥% . .. ,Aj €
B,-.\Ilﬁi correspond to the “solving” of A;,...,A; via the rules §;,...,4;. In
other words, in the least model of the constraints, the environments encoun-
tered just before body atom Aj;4; are those such that the rule is “called”,
and all of the atoms to the left of A;;; have been solved. Figure 4.4 illus-
trates the construction of top-down environment constraints for Program 9,
whereas Figure 4.5 gives the top-down constraints for a slightly more com-
plex program involving recursion.

The environment constraints for the interleaved semantics are similar
to those for the left-to-right. The main difference is that when considering
a body atom A; in a rule Ag—A;,..., Ay, the entries in the environment
constraints corresponding to the solving of the body atoms to the left of A;
are omitted because the interleaved semantics specifies that goal atoms may
be selected in any order.

Definition 6 (Top-Down Interleaving Environment Constraints)
For each rule R* with body AY,...,A%" and head Ao (if it ezists), ECp
contains the constraints:

9% 2 [Ao€Bo¥h|, j=1.n
¥* D [Ao€ Bo.W%, Ay € B.¥A, ... A, € B, 9]

where g ranges over body atom labels such that Bg° is a body atom in P
and Ap and By are compatible, and the §;, i > 1, range over rule labels such
that Bf’ * i3 a head atom in P and A; and B; are compatible. []

Again, if R is a goal, then the entry Ay € Bo.¥ is simply deleted. Fig-
ure 4.6 illustrates the construction of the environment constraints for the
interleaved semantics using Program 10. Note that in the case of Program 9
(Figure 4.4), the constraints for the interleaved semantics are the same as
those for the top-down left-to-right semantics since the rules in Program 9
have less than two body atoms.

The environment constraints for the bottom-up semantics are essentially
stripped down versions of the top-down constraints. In particular, all entries
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¥ 2]
¥ 2 [p(W) € p(f(X))-¥']
—p(W)! g(W)2. ¥? 2 [p(W) € p(9(Y)).¥°]

3.
4. p(f(X)). 3 2 [p(W) € p(f(X)). ¥4, 9(W) € ¢(£(2))-¥°]
5. p(9(Y)). 3 2 [p(W) € p(g(Y))-¥5 (W) € q(£(2)).¥°]
6. 9(f(2))- ¥4 D [p(f(X)) € p(W). 9]

S 2 [p(9(Y)) € p(W). 9]
¥ 2 [4(f(2)) € q(W).¥?)

Figure 4.4: Program 9 and Its Top-Down Left-To-Right Constraints

2. «loop(a.b.nil,V)!
3. loop(W.nil,W).
5. loop(X.L,Y)«loop(L,Y)*.

vl D]

¥2 D [loop(a.b.nil,V) € loop(W.nil, W).¥3]

¥2 3 [loop(a.b.nil, V) € loop(X.L,Y).¥5]

¥3 2 [loop(W.nil, W) € loop(a.b.nil, V). ¥!]

¥3 2 [loop(Wonil, W) € loop(L,Y).¥4]

¥4 D [loop(X.L,Y) € loop(a.b.nil,V).¥]

¥4 2 [loop(X.L,Y) € loop(L,Y). "]

¥5 3 [loop(X.L,Y) € loop(a.b.nil, V). %} loop(L,Y) € loop(W.nil, W).¥3)
¥ D [loop(X.L,Y) € loop(a.b.nil,V).%} loop(L,Y) € loop(X.L,Y).¥%]
¥5 D [loop(X.L,Y) € loop(L,Y).%* loop(L,Y) € loop(W.nil, W).¥%]
¥5 D [loop(X.L,Y) € loop(L,Y).¥} loop(L,Y) € loop(X.L,Y).¥%|

Figure 4.5: Program 10 and Its Top-Down Left-To-Right Constraints




76 CHAPTER 4. LOGIC PROGRAMS

¥ 2]

¥ 2 (]
3. —p(W) q(W)2 g3 2 [p(W) € p(F(X)).¥4 q(W) € q(£(Z)).¥¢]
: :g((;f))))‘ ¥ 2 [p(W) € p(g(Y)).¥5q(W) € o(£(2)).¥°]
6. ¢(f(2)) ¥4 2 [p(f(X)) € p(W).¥]

¥° 2 [p(g(Y)) € p(W). ']

¥¢ 2 [¢(f(2)) € q(W).¥?]

Figure 4.6: Program 9 and Its Top-Down Interleaved Constraints

¥3 2 [p(W) € p(f(X)). ¥4 q(W) € o(£(2))-¥*]
3. —=p(W)s d(W). ¢ > [p(W) € p(g(Y)).¥% g(W) € o((2)).¥°]
4. p(f(X)). ¥t D[]
5. p(g(Y)). -
6. o(f(2)). v 21l

¥e D[]

Figure 4.7: Program 9 and Its Bottom-Up Constraints

dealing with the “calling” of the rule are deleted. This means that the only
relevant program points are those corresponding to rules and goals.

Definition 7 (Bottom-Up Environment Constraints)
For each rule R® with body AT*,...,A%", ECp contains the constraints:

ve > [A1 €B,.¥P ... A, € B,..\I!""]

where the B;, i > 1, range over rule labels such that Bf‘ is a head atom in
P and A; and B; are compatible. []

Figures 4.7 -nd 4.8 illustrate the construction of the bottom-up constraints
for programs 9 and 10.

We now address the correctness of the environment constraints, which es-
sentially states that the least model of a program’s environment constraints
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¥2 3 [loop(a.b.nil,V) € loop(W.nil,W).¥3]
2. «loop(a.b.nil, V)1 ¥2 D [loop(a.b.nil,V) € loop(X.L,Y).¥%)
3. loop(W.nil, W). ¥ D[]
5. loop(X.L,Y )—loop(L,Y)*. W5 2 [loop(L,Y) € loop(W.nil, W).¥?]

¥5 D [loop(L,Y) € loop(X.L,Y).¥%)

Figure 4.8: Program 10 and Its Bottom-Up Constraints

corresponds to the program’s collecting semantics. To formalize this state-
ment, first recall that environment constraints focus on the run-time values
of program variables (as opposed to other run-time properties such as vari-
able instantiation, aliasing or sharing between variables), and that these
values are captured using sets of environments. In essence, the environment
constraints of a program are written to capture minimal consistency condi-
tions (with respect to the operational semantics at hand) between sets of
environments associated with neighboring points in the program. The least
model of these constraints defines the smallest (or most accurate) consistent
assignment of environments to program points.

In contrast, the collecting semantics of a program defines a set of equa-
tion conjunctions for each program point. These equation conjunctions im-
plicitly contain information about the possible values of program variables,
in addition to other information. The information about variable values can
be made explicit by considering the environments that satisfy the equation
conjunctions. Specifically, for each program point a, the collecting semantics
CSp defines a set of environments

{p:pE E and E € CSp(a)}.

In essence, this set of environments is the same as the set of environ-
ments associated with a by the least model of the environment constraints.
However, for technical reasons, the correspondence is not exact. Rather, the
sets are equivalent only in the context of the program variables relevant to
the point a. Specifically, define var(a), the set of variables relevant to point
a, is defined as follows. If a is a rule label, then var(a) = var(R) where R is
the rule in P with label a. If a is a body atom label, then var(a) = var(R)
where R is the rule in P that contains the body atom with label a. Now,
where var is a set of program variables and p and p’ are environments, define
that p =4 o' if p(X) = p(X) for each X € var. Also, where S and S’ are
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sets of environments, define that S =.,, S’ if, for every environment p € S,
there is an environment p’ € S’ such that p =4, p, and vice-versa. Finally,
the correctness of the environment constraints can be stated as follows.

Theorem 3 (Environment Constraint Correctness)
The following correspondence holds under the top-down left-to-right seman-
tics, the top-down interleaving semantics and the bottom-up semantics:

Im(ECPY(¥%) =yar(a) {P: p |E E and E € CSp(a)}, for all points a.

The proof of this theorem is contained in the next section. Again the proof
is lengthy and tedious and is included mainly for the sake of completeness.
Note that since environment constraints reason at the ground level (that
is, they use environments as opposed to substitutions or constraints), an
important component of this proof involves proving that reasoning at the
ground level is adequate for the purposes of determining the possible run-
time values of program variables. In contrast, reasoning at the ground level
is not adequate for determining other run-time properties such as variable
instantiation, aliasing or sharing.

4.6 Environment Constraint Correctness

We now prove the correctness of the environment constraints for the top-
down left-to-right and interleaved semantics as well as for the bottom-up
semantics (Theorem 3). This involves establishing an equivalence between a
program’s collecting semantics and its environment constraints. In essence,
the definition of collecting semantics and the environment constraints differ
in two respects. First, they deal with different objects — the collecting se-
mantics deals with equation conjunctions and the environment constraints
deal with environments. Second, the structures of the definitions are dif-
ferent — the collecting semantics is based on a rewrite relation, whereas
the environment constraints use constraints that express local consistency
conditions. The proof of correctness of the environment constraints is corre-
spondingly in two parts. We begin by defining a ground collecting semantics
that uses environments instead of equation conjunctions. The first part of
the correctness proof then establishes a connection between the (original)




4.6. ENVIRONMENT CONSTRAINT CORRECTNESS 79

collecting semantics and the ground collecting semantics, and the second
step relates the ground collecting semantics with environment constraints.
We begin with the top-down environment constraints.

4.6.1 Correctness of Top-Down Constraints

In essence, the states of the ground semantics are constructed from states
that do not contain any program variables. Now, the equation conjunction
of such a state is just a conjunction of equations between ground expres-
sions, and these are simply true (since the equation conjunction in a state is
required to be satisfiable), and hence can be omitted. Therefore, the states
of the ground semantics are just sequences of ground atoms, that is, ground
goals (we shall often abuse notation and omit the “—” part of a goal). In the
context of some atom selection function, we define that there is a derivation
step G -—> G', where G and G’ are ground goals, if

(i) Gis AD*,..., AZ™ and the atom selection function maps G into i;
(ii) the rule with label a in P is Bo—B?!,..., BS;
(iii) p is an environment such that A; = p(By), and

(iv) G'is AD',..., AT, p(BSY),...,p(BE-), AT .. ., A2m;

A ground derivation is a sequence of derivations steps of the form

Gy ——> G ——> v ——> Ghn.

1,21,P1 2:62,0 n, Gn, Pn

Let D be a ground derivation and suppose that D contains a ground deriva-
tion step of the form G +——> G'. Let G have the form A,,...,A,, and
let R be Bo—B,...,B:. Now, the ground goal G’ contains the new atoms
p(B1),...p(By), which do not appear in G. Each new atom p(B;) is called
a child of the atom A; selected from G. An atom A? is a descendant of an
atom BP if either A is a child of B? or else A® is a child of a descendant

of BA.

A ground derivation D solves an atom A® if A is selected at some step
in D and all of the descendants of A* are solved in subsequent steps of D.
A ground derivation D minimally solves an atom A% if A® is solved by D
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but is not solved by the ground derivation consisting of all but the last step
of D.

The ground collecting semantics is defined using the class of ground
derivations whose first goal is a ground instance of the initial goal Gg. Let
D be such a derivation. D introduces A* at step k using environment p if
either (a) the kt* step of D is G 35> G’ and A% is an atom that appears
in G’ but not in G, or else (b) k£ = 0 the first goal of D is p(Go) and A*
appears in p(Gp). Similarly, D uses rule R* and environment p at step k
if either (a) the k* step of D is G ~—=> G’ and R is the rule in P with
label a, or else (b) k = 0, the first goa.l of D is p(Go) and the label of Go
is a. D is said to select A* under renaming 0 if A% is the atom selected
from G, and A® is introduced using p. The derivation D returns from the
rule R* under environment p if, for some k > 0, the atoms introduced by
step k are solved in the subsequent steps of D, one of the introduced atoms
is minimally solved in the subsequent steps of D and D uses R* (a rule or
goal) and environment p at step k.

Now, in analogy to the collecting semantics CS defined using derivations,
a ground collecting semantics can be defined using ground derivations.

Definition 8
Given an initial goal Gy, the top-down ground collecting semantics of a logic
program P is the mapping GCS such that

def _ there is a ground derivation from Gj that
GCSp(a) = {p " selects A* under p ’

. there is a ground derivation from Gy that
" returns from RP under p

gcsp(B) ¥ {p

where a ranges over all body atom labels, § ranges over all rule labels and
o ranges over ground instances of Go.  []

We now prove the CSp and GCSp are essentially equivalent. We be-
gin by proving two important connections between derivations and ground
derivations. These connections shall only hold if the atom selection function
satisfies the following property: the atom selection function maps A;,...,A,
into ¢ iff it maps 6(A,),...,0(A,) into i, where @ is an arbitrary substitu-
tion. In other words, we require that the atom selection function selects
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atoms only on the basis of their place in the sequence and their predicate
symbol. This is clearly the case for the selection function used in the top-
down left-to-right semantics (which always selects the leftmost atom). In
an intuitive sense, it also holds for the atom selection function used in the
interleaved semantics, since in this case the atom selection function non-
deterministically chooses one of the atoms from the goal. However, since
the application of the atom selection function to a goal is not uniquely de-
fined, the property is perhaps more accurately stated as: the atom selection
function may map A,,...,A, into ¢ iff it may map 8(A4,),...,0(A,) into
i, where 6 is an arbitrary substitution. Before stating the next proposition,
we recall that the composition p o @ of an environment p with a renaming
substitution @ yields the environment that maps each program variable X
into p(8(X)).

Proposition 7 Let D be a derivation of length n ending in state (E : G).
If p = E then there ezists a ground derivation D' such that, for j = 1..n,
the jth steps of D and D' are respectively

(Ea:Ga) 1> (Es:G) and p(Ga) —agas—> PG

Proof: The proof is by induction on the length of D. If D has length 0,
then it consists of a single state, call it (E:G). If p | E, then D’ can be
defined to be the single ground goal p(G), and this completes the base case.

Now, suppose that the proposition holds for derivations of length n, and
consider a derivation of the form

(Eo:Go) = > (En:Gn) i (E:G).

11,031,817 tn,an, fn”

Suppose that p = E. This implies that p |= E,, and by the induction
hypothesis, it follows that there exists a ground derivation

P(Go) T - e P(Ga)

$3,41,P1 n,an, Pn

such that each p; is po 6;. It remains to show that there is a derivation step
p(Gp) —===> P(G). Let G, be A;,...,An, and let the rule in P with

s,a,pof

label @ be By—By,...,B,. Since (E,:Gpn) vz5> (E:G), we have

G = Al""9At'-lso(Bl)9"-70(Br)’A|'+l’°'-’Am
E = E,A(A;=06(Bp))
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Hence, the difference between p(G,) and p(G) is that p(A;) in p(G,) is re-
placed by p(8(B,)),...,p(8(B,)) in p(G). Now, since p |= E, it follows that
p(A:) = p(6(Bo)). Hence p(8(R)) is equal to p(A;)—p(6(B1)), . --,p(6(Bn)),
and it follows that p(G,) 5> 0(G). [J

Proposition 8 Let D' be a ground derivation of length n starting from
ground goal Gly. If Gy is @ sequence of atoms such that Gy is a ground
instance of Go, then there erists a derivation D from (true : Go) to (Ey : Gy)
and an environment py, = E, such that, for j = 1..n, the jt* steps of D and
D’ are respectively

(Ea:Ga) vz> (Eb:Gh) and p(Gs) w575> p(Gh)
such that p =yar(a) Pn 0 6.

Proof: The proof is by induction on the length of D’. If D’ has length 0,
then it consists of a single ground goal, call it G. If G is a sequence of atoms
such that Gg is a ground instance of G, then there exists an environment p
such that Gj is p(Gy). Clearly p |= true, and so assigning D to be derivation
consisting of the single state (true : Go) completes the base case.

Now, suppose that the proposition holds for derivations of length n, and
consider a ground derivation of the form

> ... > G > G'.

'
0 Tenm® nan, Pw n Tae

Suppose that Gy is a sequence of atoms such that Gj is p(Go). By the
induction hypothesis, there exists an environment p’ and a derivation

(Eo:Go) === ' —==> (Ea:Gn).

1,21,0; ‘n.an,bn
such that o’ |= E,, G = p'(G)), and pj =yar(a;) p' © 6j, Where j = 1..n.
It remains to show that there is an appropriate derivation step of the
form (En:Gn) wz5> (E:G). Now, let G, be A4,,...,Am, so that G}, is
p'(A1),-..,0'(Am). Also let the rule in P with label a be Bo—B,,...,B,.
Since G!, —> G,

n s,a,p

G' = p(A1)...,0'(Aic1),p(Br), ..., p(B:), 0/ (Ai41)s- -, P'(Am).

Now, let 6 be a renaming substitution such that var(6(R)) N var(E,G) =
{}, and define G and E as follows
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G
E

AtyeenyAic1,8(B1), ..., 0(By), Aig1s- -« r Am
En A (A; = 6(Bo)).

This defines the derivation D, and it remains to show that there exists an
appropriate environment p” such that D and D’ have the necessary relation-
ship. Define p” as follows:

wos | P(X) i X €var(EnGn)
F(X) = {z(O‘I(X)) otherwise.

Since var(Ep,Go) C var(Ey,G;) € -+ C var(E,,G,), it follows that
p"(G;) = p'(Gj), j = 1..n. Hence, p"(G;) = G}, j = 1..n. Also, p"(6(B)) =
p(671(8(B))) = p(B1), I = 1..r, and s0 p"(G) is

p’(Al)a LEXX) ’(Ai-l), P(Bl), cee ’p(Br)9 p’(At'-l-l), oo 7P'(Am)
and hence p"(G) = G'. In summary, the j** steps of D and D’ have the
respective forms

(Ea:Ga) 55> (Es:Go) and p"(Gh) -5 "(Gh)

UTCT 25,05

and so it only remains to show that p; =4, (a;) P"00;, 1 < j < n+1.
Now, for j < n, X € var(a;) implies that 6;(X) € var(E,,G,), and so
p" 0 8;(X) = p"(8;(X)) = p'(6;(X)) = pj(X) (this last step follows from
Pji =var(aj) P’ © ;). Finally, in the case where j = n + 1, pj =yar(a;) P © b;
reduces 0 p =yar(q) " 0 8, which follows immediately from the definition of
pll. D

Using these propositions, the following correspondence between CSp and
GCSp can be established.

Lemma 3 Let CSp and GCSp be the collecting semantics and ground col-
lecting semantics for an initial goal Go. Then, for each program point a,

GCSp(a) =yar(a) {P: P E for some E € CSp(a)} (4.3)

Proof: The proof proceeds in two parts, according to whether a is a rule
label or body label. First consider the case where a is rule label, and let R
be the rule in P with label a. If p € GCSp(a) then there exists a ground
instance Gj, of the initial goal Gy, and a ground derivation D' from G}, that
returns from R® under p. Let n be the length of D. Clearly there must
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be some k, k < n such that the k** step of D’ is of the form G, > G|
such that each atom introduced during this step is solved in D’ and one of
the atoms introduced is minimally solved. Now, Proposition 8 implies that
there exists a derivation D from (true : Go) to (E, : Gy,) and an environment
p' such that the k™ step of D is (Es : Ga) 5> (Es:Gs), p' 00 =yar(a) £
and D solves the atoms introduced by the k** step, and minimally solves
one of them. Hence D returns from R* under # and so §~1(E,) € CSp(c).
Now, p’' |E E,, and so p’ 08 |z §71(E). It follows that p’ 0 @ is an element of

the set on the right hand side of (4.3).

Conversely, if p = E for some E € CSp(a) then there exists a derivation
D from (true:Gy) to (E,:G,) that returns from R® under # and F is
6-1(E,). From p = E and the fact that E is §71(E,), it follows that
pof~! E E,. Again, let n be the length of D and let k be such that the
kth step of D' is of the form (E, : Ga) ~=5> (E:G}) and each body atom
introduced during this step is solved in D’, and one of them is minimally
solved. Now, proposition 7 implies that there exists a derivation D’ from
p(Go) to p(Gy) such that the k step of D is p(G,) ——=> P(G}) where
P’ =var(a) P © 071 06 and D’ solves the atoms introduced by this step and
minimally solves one of them. Hence D’ returns from R* under p and so

p € CSp(a).

The second part of the proof deals with the case where a is the label of
a body atom in P; the proof here closely parallels that for the first part. If
p € GCSp(a) then there exists a ground instance Gj of the initial goal G,
and a ground derivation D’ from Gj, to G/, that selects A% under p. That is,
the atom selection function maps G', into i and the i** element of G/, is A*
such that A% is introduced using p. Now, Proposition 8 implies that there
exists a derivation D from (true:Gp) to (E, :G,) and an environment p’
such that the i*? element of G, is of the form B* and is introduced using
renaming 8 where p’ 0 6 =,,,(4) p. By the assumption that substitutions do
not affect the operation of the atom selection function, the i** atom of G, is
selected. This implies that D selects B* under 8 and so 8~1(E,) € CSp(a).
Since p’ |= E,, it follows that p’ 0 8 |= 6~1(E,). Hence p’ 0 8 is an element
of the set on the right hand side of (4.3).

Conversely, suppose that p |= E for some E € CSp(a). Then there exists
a derivation D from (Ep : Go) to (E, : G,) that selects an atom of the form
A® under 6 such that E is §71(E,). That is, the atom selection function
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maps G, into i and the i** element of G, is A% and this atom is introduced
using 0. Since p | 671(E,) it follows that po 6! | E,. Proposition 7
implies that there exists a derivation D' from p o 8-1(Gp) to p o 6~1(Gy)
such that the i** element of p(G4) is introduced using p 0 61 0 . By the
assumption on the atom selection function, the i** atom of p(G,) is selected.
This implies that D selects p(A*) under p and so p € CSp(a). []

To complete the correctness proof of the environment constraints, we
shall now relate GCSp with the least model of the environment constraints.
Specifically, where Z,., denotes the interpretation that maps each ¥ into
GCSp(a), we show that Zy., = Im(ECp). The proof of this consists of two
parts. The first part proves that Z,., is a model of £Cp. The second part
proves that, for any model Z of £Cp, Zye, C Z.

We begin by proving the following proposition on combining parts of
derivations. Note that this proposition only holds for atom selection rules
satisfying the following criteria: if an atom A is selected from a ground goal
G, then there exists a ground derivation starting from G that solves A before
selecting any of the other atoms in G. In general, this condition may not
be satisfied, and this will mean that the lemma will not hoid. In this case,
environment constraints can be used to obtain a conservative approximation
of the collecting semantics, but cannot to be used to characterize it exactly.
However in the case of the left-to-right and interleaving selection functions,
the criteria is satisfied, and the environment constraints correspond exactly
to the collecting semantics.

Proposition 9 If D is a ground derivation from G to G’ such that A is
selected from G' and D' is a ground derivation that solves A, then there
erists a ground derivation D" from G to G" that minimally solves A where
G" is the result of deleting A from G'.

Proof (for left-to-right semantics): Let G’ be A;, A;,...,A,. The proof
uses the ground derivation D’ to construct a ground derivation D” from G
to Az,...,Ay. In particular, we shall construct a derivation D” of the form

Go ‘lnal"l> Gl '2v°2v92> G2 § -¢3'a T
3 3

where each goal G; in this derivation has the form Seg;, A3,..., A, such that
Seg; contains exactly the set of descendants of A; that appear in G;. That is,
(a) if A; or any of its descendants appear in G, then they appear in Seg;, and
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(b) any atom in Seg; is either A; or a descendant of A;. The construction
of D" proceeds as follows. The initial ground goal Gy is just G and it is
clear that if Segq is set to be A; then conditions (a) and (b) are satisfied.
Now, suppose that G;_; can be written as Seg;, A,,...,A, such that (a)
and (b) are satisfied, and consider defining the i** step of D". If Seq;_, is
empty then the construction of D” is complete. Otherwise, let Seg;_; be of
the form B, Seg}_,; that is, B is the first atom in the sequence Seg;_, and
Seq’_, contains all but the first atom in Seg;_,. Since the selection function
at hand is the leftmost selection function, B is selected from G;_;. By part
(b) of the invariant, B is either A; or a descendant of A;. Now, since A;
is solved in D’, it must be the case that A; and all of its descendants are
selected at some step in D’. Hence D’ must contain a step of the form
Ga 55> G such that the rule with label o has the form Co—C;,...,C;
where p(Co) = B. Now, define the ith of D" to be G;—1 = G; where
Gi is p(C1),--.,p(Cr), Seq’_;,Az2,...,An. Clearly (a) and (b) are satisfied
when Seg; is p(Cy),-..,p(Cr), Seqi_,, and this completes the description of
the procedure to construct D”.

Eventually this procedure must reach a point such that G; does not
contain A; or any of the descendants of A;. This is because the number
of steps in the construction of D” is bounded by the number of steps in
D'. Hence eventually Seq; is empty, and this yields a derivation G —*
Az,...,A,, which is just G with the selected atom A, deleted. []

Proof (for interleaving semantics): Again let G’ be A, A4,,..., A,.
The main difference between this proof and the given above for the left-
to-right semantics is that any of the atoms A; may be selected. Suppose
that the atom selection function selects A; from G’. Then, we need to con-
struct a ground derivation D" from G to A;,..., A1, Ai41,...,An. Again,
this construction is guided by D’. The only difference is that this time
the constructed ground derivation D” consists of ground goals of the form
Ay,...,Ai_y,Seq;,Ait1,...,An. The construction process is a straightfor-
ward adaptation of that for the left-to-right case. []

Lemma 4 I, is a model of ECp.

Proof (for left-to-right semantics): Let G be the initial goal, and
consider a constraint in £Cp. Now, this constraint could either correspond
to (a) a rule in P or (b) the initial goal Go. We consider these cases in turn.
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Suppose that the constraint corresponds to a rule R with label a,4;, and
let R be of the form Ap—A7J?,...,A%". Then the constraint must be of the

form

¥ei+1 D [Ao € Bo. U, Ay € BLUM,..., A; € B;.¥P] (4.4)

where 0 < j < n, B is a body atom label such that Bg" is a body atom in
P and Ap and By are compatible, and the §;, ¢ = 1..j, are rule labels such
that Bf" is a head atom in P and A; and B; are compatible. Now, suppose
that p is an element of Zy, ([Ao € Bo.W A, € B ,... A € Bj.lllﬂi]).

This means that (a) p(A4o) € Zyes(Bo-¥P) and (b) p(Ai) € Iyes( Bi.¥5),
i=1.7.

From (a), there exists a p’ € Z,, (W) such that p(Ag) = p(Bo). By defi-
nition of p’ € Z,es(¥), there exists a ground instance G} of Go and a ground
derivation D from G to G such that G is of the form p'(Bg),Ch,...,Ch.
Now, let D’ be the ground derivation that combines D with the following
addition ground derivation step

pl(BO)1 Alv s 1Am T P(Al), o ,P(An), Cls s aCm-

il,an,p

Clearly D is a ground derivation from Gy to p(A1),...,p(An),C1,...,Cnm.

From (b), there exist p; € Zcs(¥5) such that p(4;) = pi(B;), i =
1..j. By definition of p; € Z,.s(¥#), each p; is such that there is a ground
derivation D; from some ground instance of G such that D; minimally solves

pi(Bi)-

In summary, there exists a ground derivation D’ from Gj (a ground
instance of the initial goal Go) to p(A4:1),...,p(An),C1,y...,Cm, and, for
each i, there exist derivations D; that minimally solve each p(A;). Now,
Proposition 9 can be applied to combine D’ with D; to produce a ground
derivation Dj from Gp to p(A2),...,p(An),C1,...,Cm. Proposition 9 can
again be applied, this time to D] and D; to produce a ground derivation
from Gy to p(A3),...,p(An),C1s...,Cm. Repeating this process proves that
there is a ground derivation D} from Gy to p(A4j41),...,p(4n),C1,...,Cm.
Now, if j < n then Dj selects p(A;41) under p and 50 p € Zyes(¥/42).
On the other hand, if j = n, then Dj returns from R®»+! under p and so
p € Tges(ans1). Hence in either case the constraint is satisfied.
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Now suppose that the constraint corresponds to the initial goal Go. The
argument that such a constraint is satisfied by Zy, is essentially a repeat of
the argument for constraints corresponding to rules. Let Go be of the form
—A},...,A%", and let the label of this goal be an4;. Then the constraint
must be of the form

ve D [A; € ByWA,..., A; € B W),

where 1 < j < n, the 8;, ¢ = 1..j, are rule labels such that Bf‘ is a
head atom in P and A; and B; are compatible. Now, suppose that p is an
element of Z,., ([41 € B).¥%,..., A; € B;.¥%]). This means that p(4;) €
Zges(B;.¥5), i = 1..j. Hence, there exist p; € Zyes(¥P) such that p(4;) =
pi(B;), i = 1..j. By definition of p; € Z,.,(¥%), each p; is such that there
is a ground derivation D; from some ground instance of G such that D;
minimally solves p;(B;). Moreover, p(A,;),...,p(An) is an instance of G,
and hence there is a derivation (of length 0) from an instance of Gy to
P(Al), s ’p(An)‘

In summary, there exists a ground derivation D’ from some instance of
Go to p(A,),...,p(A,), and, for i = 1..j, there exists a derivation D; that
minimally solves p(A;). Again, proposition 9 can be repeatedly applied to
show that there is a ground derivation D} from Gj to p(4;j41),-..,p(4x)-
Now, if j < n then D] selects p(A;41) under p and s0 p € Zyes(¥*7+1).
On the other hand, if j = n, then D} minimally solves Go under p and so
P € Zges(any1)- Hence in either case the constraint is satisfied. []

Proof (for interleaving semantics): The proof for interleaving semantics
closely follows the structure of the proof for left-to-right semantics. Let Go
be the initial goal, and consider a constraint in £Cp. Now, this constraint
could either correspond to (a) a rule in P or (b) the initial goal Go. We
consider these cases in turn. Suppose that the constraint corresponds to a
rule R with label an41, and let R be of the form Ag—A7?,...,A3". Then
the constraint must have one of the following two forms

g4 D [Ao € Bo.wﬂo]
gt D [Ao€ BoW”, A€ BLYA,... An € B4

where 1 < j < n, fp is a body atom label such that Bg" is a body atom in
P and Ap and By are compatible, and the f;, i = 1..n, are rule labels such
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that Bf’ * is a head atom in P and A; and B; are compatible.

Consider a constraint of the first form, and suppose that p € Z([Ap €
Bo.U%]). Then there exists an environment p' € Z,.,(¥") such that
p(A¢) = p'(Bo). By definition of p' € Zy,(¥™), there exists a ground
instance Gg of Gp and a ground derivation D from Gj to G such that G
selects p’(Bg°) via p. Let G be (,...,Cp, and it must be the case that
there exists an i < m such that C; is p(Ap). Hence, D can be extended,
using the rule Ag—A7?,..., A" with environment p, into a derivation D’
from Gg to Cy,...,Ci—1,p(AT?),...,p(A%"),Cit1,...,Cm. Since the atom
selection function of the interleaved semantics may select any of the atoms
from this goal, it follows that p € Z(¥%s), j = 1..n.

Now consider a constraint of the second form, and suppose that p €
I([Ao € Bo.¥%,A; € B,.¥%,..., A, € B,.¥%"]). This means that (a)
P(Ao) € Tyes(Bo.¥%) and (b) p(A;) € Zyes(Bi.¥5), i = 1..n. Reasoning as
before, (a) implies that there exists a ground derivation D from Gj to G
such that Gy is an instance of Gy and G is of the form C,,...,Cy where,
for some i, 1 £ i < m, C; is p(Ag). Clearly D can be extended to give a
ground derivation D’ from Gj to

Cl»- .. ,Ci—l’P(A;n)v .. ’P(A:")aci+h~ . -va-

Also, (b) implies that there exist p; € Z,.s(¥?) such that p(4;) = pi(B;),
i = 1..n. By definition of p; € I,c,(\ll"" ), pi is such that there is a ground
derivation D; from some ground instance of Gp such that D; minimally
solves p;(B;), and hence minimally solves p(A4;). The derivations 7’ and
D; can be combined using proposition 9 (see the proof for the left-to-
right semantics for more details) to obtain a derivation D” from Gj to
C1,-..,Ci-1,Cit15..-,Cm. Clearly D” returns from R°»+! under p and
sop€ cha(an-l'l )'

Now suppose that the constraint corresponds to the initial goal Gy. Let
Go be of the form —~Af*,..., A2, and let the label of this goal be an4;.
Then the constraint must have one of the following two forms

¥ 2 (]
Yansr D [AleBl.\PB‘,...,AneBn-wﬁ"]
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where 1 < 7 < n and the §;, i = l..n, are rule labels such that B,-ﬁ" isa
head atom in P and A; and B; are compatible. The argument that such
a constraint is satisfied by Z,., is essentially a repeat of the argument for
constraints corresponding to program rules. The main observation is that,
for any environment p, there is a single step derivation D consisting of the
goal p(Af?),...,p(A%"). This implies that p € Z,,(¥°/) since any atom in
the goal p(A7?),...,p(A3") may be selected in the interleaved semantics.
Moreover, if p € [A) € B;.¥# ..., A, € B,.¥Pr] then we can show that
there exist derivations D;, j = l..n, such that D; solves p(A;), and then
proposition 9 can be applied to combine D with the D; to prove that p €

Lges(¥on+1).  []
Lemma 5 IfZ is a model of ECp then Iy, C I.

Proof (for left-to-right semantics): Let G be the initial goal and let 7
be a model of ECp. To prove the lemma, we need to show that if p € Z,,(¥?)
then p € Z(¥°) where a ranges over all program labels. Recalling the
definition of GCSp, this can be reduced to the following property: if D is a
ground derivation from some ground instance Gy of Gp then

(a) if D selects A* under p then p € Z(¥°), and
(b) if D returns from R* under p then p € Z(¥?).

We shall prove this using an induction argument whose hypothesis is:
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Let D be a ground derivation and suppose that the sequence
of goals in D is Gy, G}, ...,G' where Gy is a ground instance
of Gy. If, for some n, 0 < n < N, it is the case that

(0) all atoms A® in G/, that are solved by D are such that
A € Z(B.¥P) for some head atom B? in P,

then the following conditions hold for all k£ < n:

(1) if D selects A* and D introduces A* at step k using p
then p € Z(¥?), and

(2) if D uses rule R* and environment p at step k and the
atoms introduced by step k are solved in the subsequent
steps of D then p € Z(¥?).

In essence, parts (1) and (2) of this hypothesis are a restricted form of (a)
and (b). Note that in the case where n = N, part (0) of the induction
hypothesis becomes vacuously true, and parts (1) and (2) are equivalent to
(a) and (b). Hence, if n = N, then the induction hypothesis is equivalent to
the lemma.

We prove the hypothesis by induction on n. In the base case n = 0 and
G, is an instance of the initial goal Gp. Let Gp have the form A7?,..., A2"
and let the label of Gp be a,4+;. Then G/, has the form p(Af?),...,p(A%")
where p is some environment. Assume that (0) holds, and consider (1) and
(2). Since k < 0, the only possible value for k is 0.

To prove (1), suppose that D selects A* and D introduces A® at step
0 using p’. This means that A must appear in Gj, and so there exists a
j such that A is p(A;"). Now, D follows a left-to-right execution strategy

and so it is easy to verify that D must solve A{*,..., A;77". This is because
if Gy contains any descendants of Aj?,.. .,A;’_"_]‘ then these descendants

must appear to the left of p(A;’) and hence p(A;’) could not be selected

from Gn. Since D solves A?,..., A;77", assumption (0) can be applied to

prove that for all ¢, 1 < i < j, there exists a head atom Bf" in P such that
p(AS%) € I(B;.¥5). Now, corresponding to Go, ECp contains the constraint

v 2 [Al € Bl-‘I’ﬁl,...,AJ‘_I € Bj_l_\llﬁj-x]_




92 CHAPTER 4. LOGIC PROGRAMS

Clearly p € I([A1 € B1.¥#,...,A;y € B;_1.¥Pi-1]), and since T is a
model of £Cp, it follows that p € Z(¥).

To prove (2), suppose that D uses rule R* and environment p at step 0
and the atoms introduced by step 0 are solved in the subsequent steps of D.
This implies that D is empty and that all atoms in G are solved. Arguing
as above, assumption (0) can be used to show that for all ¢, 1 < i < m,
there exists a head atom B in P such that p(A%) € Z(B;.¥%). Since £Cp
contains the constraint

gern 2 [A1€ BL¥f, .. 4, € B,.4P).
and it follows that p € Z(¥*).

To prove the inductive case, suppose that for some n’ the hypothesis
holds for n = n’ — 1, and we seek to prove that the hypothesis when n = n’.
Assume that (0) holds. Let the step from Gn-1 to G, be of the form

Cly.o oy CI > p(ATY),...,p(A2r),CP%,...,Cn

N lapgl,p

where the rule in P with label a,4; is Ag—A7?,..., A" such that p(4,) =
C;. Now, consider the derivation D’ consisting of the first n — 1 steps of
D. Clearly D' is a derivation from Gg to Gj,_, that selects C]*. Now, the
hypothesis is assumed to hold for n = n’ — 1, and when applied to derivation
D', condition (0) is vacuous and so (1) implies that p’ € Z(¥™) where p’ is
the environment used to introduce C7*. Let Cj be the body atom in P with
label v;. Then p(Ag) = Cy = p'(C}) and hence

p(Ao) € Z(C1.¥™) (4.5)

Now, corresponding to the rule Ag—Af?,..., A%, ECp contains constraints
of the form ¥or+1 D [Ag € Bo.¥» A, € B,.¥A ... Ay € B,..VP)
where 7’ ranges over 1..r, By ranges over body atom labels such that Bg°
is a body atom in P and Ap and By are compatible, and the §;, ¢ > 1,
range over rule labels such that Bf’ ‘ is a head atom in P and A; and B;
are compatible. Now (4.5) establishes that there is a body atom B2 in P
such that p(Ao) € Z(BE®). Combining this with the fact that I satisfies all
constraints in £ECp proves that, for ' = 1..r,

if p(A;) € Z(B),...,p(Aw) € I(B%') then p € Z(¥°r'+) (4.6)
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where f;,..., 0, are body atom labels. Note that the condition that A; and
B; are compatible, which is associated with the construction of an environ-
ment constraint, is subsumed by the condition p(A;) € Z(B%) and hence
does not appear in (4.6).

Before proving (1) and (2), we first establish that condition (0) holds for
G!._;. This is necessary because the assumption that the hypothesis holds
for D in the case where n = n’ — 1 is a statement of the form: if (0) holds
with n = n/ — 1 then (1) and (2) hold with n = n’ — 1. Hence, to make use
of this assumption, we shall have to show that “(0) holds with n = »n’ — 1”.
Specifically, we need to show that

all atoms A% in G,r—; that are solved by D are such that
A% € I(B.¥") for some head atom B” in P.

To prove this, let A* be an atom in C?,...,C" that is solved in G. Now,
if A® is not C]* then A* appears in G/, and so (0) implies that A* €
Z(B.¥") for some head atom B in P. On the other hand, if A% is C7* *+hen
P(ATY),...,p(A2") must be solved in G. Now, the assumption (0) (for G,,)
implies that, for i = 1..7, p(A%) € I(B;.¥%) for some head atom B’ in P.
Combining this with (4.6) proves that p € Z(¥?r+1). Since A = C; = p(Ao),
this implies that A € Z(A.¥o"+1).

Now, consider (1) and (2). If ¥ < n, then (1) and (2) follow from the
induction hypothesis and the fact that (0) holds for G7,_; (which has just
been proved). Now consider the case where k = n. To prove (1), suppose
that D selects A” and D introduces A® at step k using p’. Since k = n, it
must be the case that r > 1, o’ = pand A% is p(A;j) for some j in the range
1..r. Since D follows a left-to-right execution strategy, it is easy to verify

that D must solve p(A{'),..., p(A;i]‘). This is because if G contains any
Ajml

descendants of p(A7"),...,p(A, 7") then these descendants would appear to
the left of p(A;?) and hence p(A;?) could not be selected from Gy. Since D
solves A7!,... ,A;i;’, assumption (0) can be applied to prove that for all i,
1 <1< j, there exists a head atom B‘-ﬁ “in P such that p(A%) € Z(B;.U5%).
Hence (4.6) implies that p € Z(¥*/).

To prove (2), suppose that D uses rule R* and environment p’ at step k
and the atoms introduced by step k are solved in the subsequent steps of D.
Since k = n, it must be the case that a is a,4+1, p = p’ and the subsequent
steps of D solve p(A7'),...,p(A2"). From the assumption that (0) holds
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for G', it follows that for each i, i = 1..r, p(4;) € Z(B;.¥%) for some head
atom B% in P. Hence (4.6) implies that p € Z(¥°r+1). ]

Proof (for interleaving semantics): The proof for the top-down inter-
leaving semantics is very similar to that for the top-down left-to-right case.
The induction hypothesis used is identical and the base and inductive cases
for (2) are also the same. The only difference is in the base and inductive
cases for (1) where the proof is in fact simpler than in the left-to-right case.

Recall that in the base case » = 0 and G, is an instance of the initial
goal Gy. Let Go have the form AJ?,..., A%" and let the label of Gg be a,41.
Then G/ has the form p(A7?),...,p(A2r) where p is some environment.
Assume that (0) holds, and consider (1). Since k¥ < 0, the only possible
value for k is 0. Suppose that D selects A* and D introduces A* at step 0
using p'. This means that A* must appear in Gj, and so there exists an ¢
such that A% is p(A]"). Now, the environment constraints corresponding to
Go include the constraint ¥ 2 []. and it follows that p € Z(¥<¢).

The proof of (2) when n = 0 given previously for the left-to-right seman-
tics is in fact independent of the selection strategy at hand. Hence it can be
used here without modification; we omit the repetition. This completes the
base case.

Now suppose that for some n’ the hypothesis holds for n = n’ — 1, and
we seek to prove that the hypothesis when n is n’. Assume that (0) holds.
Let the step from G,,—; to G, be of the form

CH,..oy,Clr => C,...,C T, p(ADY), ..., p(A27),CTY,...,CY

§,Qr41,P -

where the rule in P with label a,4; is Ag—Af?, ..., A2" such that p(4o) =
C1. Now, consider the derivation D’ consisting of the first » — 1 steps of
D. Clearly D’ is a derivation from Gj to G/,_; that selects C}*. Now, the
hypothesis is assumed to hold for n = n’ ~ 1, and when applied to derivation
D’, condition (0) is vacuous and so (1) implies that p' € Z(¥") where p’ is
the environment used to introduce C}*. Let C! be the body atom in P with
label 4;. Then p(Ag) = C; = p'(C}) and hence p(Ag) € Z(C;.¥"%). Now,
corresponding to the rule Ag—A7?,..., A%, £Cp contains constraints of the
following two forms:
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0]

e [Ao € Bo.q,ﬂo]
Porsr D [Ao € Bo.V%, A, € B1.YA,.. . A, € B"‘I’ﬁr]

where j ranges over 1..r, fo ranges over body atom labels such that Bg° isa
body atom in P and Ag and By are compatible, and the 3;, i > 1, range over
rule labels such that Bf’ ' is a head atom in P and A; and B; are compatible.
Now we have just established that there is a body atom Bg" in P such that
p(Ao) € I(B%). Combining this with the fact that Z satisfies all constraints
in £Cp proves that,

(a) p € Z(¥%), j=1l.r
(b) if p(41) € Z(B2),...,p(A,) € I(BF) then p € Z(¥*r+)

where B4,...,08, are body atom labels.

(4.7)

As in the left-to-right case, we begin by proving that condition (0) holds
for G;,_,. That is, we prove that all atoms A* in G,/_; that are solved by
D are such that A* € Z(B.¥7) for some head atom B” in P. To prove this,
let A* be an atom in C*,...,C}" that is solved in G. Now, if A is not C}"
then A* appears in G}, and so (0) implies that A® € Z(B.¥") for some head
atom B” in P. On the other hand, if A* is C7* then p(AJ!),...,p(A2")
must be solved in G. Now, the assumption (0) (for G,) implies that, for
Jj=1l.r, p(A;j) € I(B;.¥P) for some head atom Bf’ in P. Combining this
with part (b) of (4.7) proves that p € Z(¥®r+1). Since A = C; = p(Ap), this
implies that A € I(Ao.¥or+1).

Now, consider (1) and (2). If £ < n, then (1) and (2) follow from the
induction hypothesis and the fact that (0) holds for G _; (which has just
been proved). Now consider the case where k = n. To prove (1), suppose
that D selects A* and D introduces A* at step k using p’. Since k = n, it
must be the case that r > 1, p' = pand A% is p(A;"" ) for some j in the range
1..r. That p € I(¥%/) follows immediately from part (a) of (4.7).

Again, the proof for the inductive case of (2) that was given for the left-
to-right semantics is independent of the selection strategy at hand, and can
be used here without modification. This completes the inductive case. []
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Theorem 4 (Correctness of Top-Down Constraints)
For all programs P and all labels a in P,

lm(ch)(‘I’a) Zvar(a) {P :pEEandE€ CSP(a)}

Proof: Let a be a label in P. From Lemma 4 and Lemma 5 it fol-
lows that Im(ECp)(¥?*) is equal to Z,,(¥*). By definition, Zye,(¥*) is
just GCSp(a). Finally, Lemma 3 proves that GCSp(@) =uur(a) {P: P F
E and E € CSp(a)}, and this completes the proof.

4.6.2 Bottom-up Semantics

The proof of correctness for the bottom-up semantics is similar to that for the
top-down semantics, although it is substantially simpler. Again we define
a ground notion of derivability corresponding to the earlier definition of
bottom-up derivability. Specifically, a ground atom —A is ground bottom-
up derivable if there is a ground instance A—A,,...,A, of a rule in P
such that the ground atoms A4,,...,A, are bottom-up derivable. As before,
ground bottom-up derivability is closely linked to bottom-up derivability.

Proposition 10 If (E: A) is bottom-up derivable and p |= E then p(A) is
ground bottom-up derivable.

Proof: The proof proceeds by induction on the definition of bottom-up
derivable. Let (E;: B;}, i = 1..n, be bottom-up derivable states that satisfy
the proposition, let A—A;,...,A, be a rule in P, and let 4, ..., 6, be
renaming substitutions such that var(A, 4,,...,A4;,), var(61(E1),01(B1)),
<oy Va7T(0,(Ey),0,.(By)) are all disjoint sets. Under these assumptions,
we need to show that (E : A) satisfies the proposition, where E is (A; =
01(B1)) A 61(Ex) A -+ - A(An = 0,(Bn)) A 0,(E,). To this end, assume that
p |E E. This implies that p is a model for each E; and it follows that p(B;)
is ground bottom-up derivable, ¢ = 1..n, because each (E;: B;) is assumed
to satisfy the proposition. p = E also implies that p(A;) is identical to
p(6:(B;)). Hence p(A)—p(A1),...,p(A,) is a ground instance of a rule in
P, and it follows that p(A) is ground bottom-up derivable. []
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Proposition 11 If A is ground bottom-up derivable then there ezists a
bottom-up derivable state (E : B) and an environment p such that p = E
and p(B) is A.

Proof: The proof proceeds by induction on the definition of ground bottom-
up derivable. Let A,,...,A, be ground bottom-up derivable states that
satisfy the proposition, let A—A;,...,A, be a ground instance of a rule in
P, and we seek to show that the proposition holds for A. Since A,,...,A,
satisfy the proposition, it must be the case that for each i, i = 1..n, there
exists a bottom-up derivable state (E;:B!) and an environment p; such
that p; | E and pi(B;) is Ai. Also, since A—A;,...,A, is a ground in-
stance of a rule in P, there exists a rule in P of the form B«B;,..., B,
and an environment py such that A = pg(B) and A; = pgr(B;), ¢ = l..n.
Let 6, ..., 6, be renaming substitutions such that ver(B, B,,...,B,),
var(61(E1),60:1(By)), ..., var(0,(Ey),0,(B;)) are disjoint sets, and define
E to be (B; = 6;(B1)) A y(E1) A --- A(By = 0,(BL)) A 0,(E,). Define an
environment p as follows:

_J pi(67(X)) if X € var(6i(E;),0:(B!)), 1<i<n
p(X) = { ZR((X )( : otherwise

By definition, p(8;(X)) = pi(671(6:(X))) = pi(X) for each variable X ap-
pearing in E;, and hence p = 6;(E;) iff p;  E;. It has already been
established that p; | E; and so p = 0;( E;), ¢+ = 1..n. Similarly, the defini-
tion of p implies that p(6;(B})) = pi(B}), i = 1..n. Combining this equality
with previously established equalities proves that

p(0:(B)) = pi(B!) = Ai = pa(Bi) = p(B;), i=1.n

and it follows that p satisfies each equation B; = 6;(B}), and hence p | E.
Moreover, p(B) = pr(B) = A. Hence (E : B) is a bottom-up derivable state
and p is an environment such that p |z E and p(B)is A. []
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Using ground bottom-up derivable, a ground collecting semantics can
now be defined.

Definition 9 The ground bottom-up collecting semantics of a logic program
P is the mapping GCSp such that, for each rule label Q,

. the rule in P with label a is A—A,,..., A, and
" p(A1),.-.,p(An) are ground bottom-up derivable [

gcSp(a) ¥ {p
g

Using the previous two propositions, which relate ground derivations with
derivations, the following correspondence can be established.

Lemma 6 For all rule labels a,
GCSP(a) =yar(a) {P:p = E for some E € CSp(a)}.

Proof: The first part of the proof shows that for any environment p in the
set on the left hand side of this equation, there exists an environment p'in the
right hand side such that p =var(a) P'- Suppose that p € GCSp(a) and let the
rule with label @ be A~4,,..., 4,. This implies that p(A;),...,p(A,) are
ground bottom-up derivable. Hence, by proposition 11, there exist bottom-
up derivable states (E;: B;) and environments pi such that p; | E; and
pi(B:) is p(Ai), i = 1.n. Now, let 6, ..., 0 be renaming substitutions
such that var(4, 4,..., A,), var(6y(E1),0,(By)), ..., var(0n(E,),0.(B,))
are all disjoint sets. By definition, (E : A) is bottom-up derivable where E
is (Al = 01(31)) A 01(E1) A=A (An = "(B,.)) A 0,.(E,.). Now, define an
environment p’ as follows:

v {25700 LEerwEn. 1xisr

Using reasoning similar to that used in Proposition 11, it is easy to verify
that p’ is a model of each 6;(E;) and that p/(4;) = p'(6:(B;)), i = 1..n. This
implies that p’ |= E, and so p’' € {p: p |= E for some E € CSp(a)}. Since
P’ =var(a) P> the proof for this direction is complete.

Conversely, suppose that p = E such that E € CSp(a). If the rule
in P with label a is A—A4;,...,A,, then by definition of CSp, there must
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exist bottom-up derivable states (E; : B;) and renamings #;, 1 < i < n, such
that var(4, Ay, ..., As), var(61(E1),61(B1)), ..., var(0n(Es),0n(Bys)) are
disjoint sets, and such that E is (A1 = 61(B1))AO1(E1)A- - -N(Aqn = 0,(Bn))A
0.(E,). Since p | E, it follows that p |= 6;(E;), ¢ = 1..n. This implies that
po8; k= E;. From Proposition 10 it follows that p o 6,(B,),...,p 0 0(Bys)
are all bottom-up derivable. Also, p | E implies that p(A4;) = p o 8i( B;),
and hence p(4;),...,p(A,) are bottom-up derivable. Thus p € GCSp(a),
and the lemma is proved. []

Note that the set of ground derivable goals corresponds to the usual
bottom-up semantics of logic programs [7] defined using the T}, function (see
section 4.2 on page 63). Specifically, — A is ground bottom-up derivable
iff A € Ifp(Ty). The above theorem can now be used to show that the
bottom-up semantics defined in Section 4.2 is equivalent to the standard T,
bottom-up semantics in the following sense:

lfp(T,) = {p(A) : (E : A) is bottom-up derivable and p |= E}

We now complete the proof of the correctness of the bottom-up seman-
tics. Recall that the proof so far has connected bottom-up collecting se-
mantics with bottom-up ground collecting semantics. The remaining part
of the proof connects the ground collecting semantics with the environment
constraints, and consists of two lemmas. Again Z,., denotes the mapping
such that Z,.,(¥) = GCSp(a). We begin with the following easy property.

Proposition 12 If AS is @ head atom in P then each atom in Z,,(Ao.¥*)
is ground bottom-up derivable.

Proof: Let Ag—A,,..., A, be the rule in P with label a and suppose that
A € T;cs(Ao.¥™). This implies that there is an environment p such that p €
Z,es(¥?) and A = p(Ao). Now, p € I,.,(V?) implies that p(4;),...,p(A4n)
are ground bottom-up derivable. It immediately follows that p(Ao) is ground
bottom-up derivable, and since A = p(Ap), this completes the proof that A
is ground bottom-up derivable. []

Lemma 7 I, is a model of £ECp.

Proof: Each constraint in £Cp is of the form
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ve > [A, €BYA, ... A€ B,..wﬂ-]

such that the rule in P with label @ is Ag—A;,..., A, and each F; is a rule
label such that Bf‘ is a head atom in P and B; and A; are compatible. Now,
suppose that p € Z,,([4; € B1.¥A,...,A, € B,.¥P). Hence p(4A;) €
Zyes(B;.¥5), i = 1..n. Proposition 12 implies that each p(A4;) is bottom-up
derivable and it is immediate that p € Zys(a). []

Lemma 8 IfZ is a model of ECp then T, C T.

Proof: The proof uses induction on the definition of ground bottom-up
derivability. To establish the basis for this induction, we first refine the
definition of bottom-up derivability. Specifically, define that p(A) is ground
bottom-up derivable with indez k if there is an environment p and a rule
in P of the form A—A,,..., A, such that each p(A;) is ground bottom-up
derivable with index k; and ¥ = 1 + ky + --- + k,. Clearly A is ground
bottom-up derivable iff there exists a k¥ > 1 such that A is ground bottom-
up derivable with index k. The lemma is now established by proving the
following hypothesis:

For all rule labels a and environments p, if the rule in P
with label a is A—A,,...,A, and each p(A;) is bottom-up
derivable with index k; < k, then p € Z(¥?).

It is easy to verify, using the definition of GCSp, that if this hypothesis
holds for all k then Z,,, C Z. The proof of the hypothesis proceeds by
induction on k. Suppose that the hypothesis holds for all k£ less than &’
where &’ is some non-negative integer, and we seek to show the hypothesis
when k& = k'. Let a be a rule label, let A—A4,,...,A, be the rule in P
with label a and let p be an environment such that each p(A;) is bottom-up
derivable with index k; < k. This means that for each i there is a rule label
B and an environment p’ such that the B—B,,... B, is the rule in P with
label 8, p'(B) = p(A:) and, for each j, j = 1..n, p/(B;) is ground bottom-up
derivable with index I; < k;. Since the hypothesis is assumed to hold for
k;, it follows that o’ € Z(¥#) and so p(A;) € I(B.¥?). In summary then,
for i = 1..n there exists a head atom C}* in P such that p(A;) € Z(C;.¥™).
Now, by construction, £Cp contains the constraint
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¥ D [A1 €eCh.¥M, .. A, € Cn.'ln”].
Since 7 is assumed to be a model of £Cp, it immediately follows that p €
Z(9*). [
Theorem 5 (Correctness of Bottom-Up Constraints)

For all programs P and all rule labels a in P,
Im(ECp)(¥®) =var(a) {P:p k= E and E € CSp(a)}.

Proof: This theorem follows immediately from lemmas 6, 7 and 8. []
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Chapter 5

Set Based Approximation

Environment constraints provide a flexible framework for reasoning about
programs. In particular, by re-interpreting the basic constructs of the con-
straints, we can define approximations of a program’s collecting semantics.
Such an approach is used in this chapter to define the set based approxima-
tion of a program. We begin by developing interpretatisns of the environ-
ment constraints that do not contain inter-variable dependencies. Central
to these interpretations is the treatment of program variables as sets, and
this is formalized using set environments, which are mappings from pro-
gram variables into sets. The resulting interpretations are called set based
interpretations. The set based approzimation of a program is defined to be
the smallest set based interpretation that is a model of the program’s envi-
ronment constraints. That is, the smallest (standard) interpretation of the
environment constraints gives the collecting semantics of the program, and
the smallest set based interpretation of the environment constraints gives
the set based approximation of (the collecting semantics of) the program.

A key part of this chapter involves formalizing inter-variable dependen-
cies. While this notion is fairly clear at an intuitive level, it has no a priori
definition. In fact there are a number of potential definitions, and these are
outlined during the development of set based interpretations. Importantly,
there is one definition that is more natural than the others, and this defini-
tion is used as the basis for set based program approximation. This provides
a key justification of our claim that set based approximation makes exactly
one approximation: all inter-variable dependencies are ignored.

103
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5.1 Summary of Environment Constraints

We begin by summarizing the form of the environment constraints used to
characterize the collecting semantics of programs. We first consolidate some
of the basic definitions for logic and imperative programs. Let ¥ denote a
common set of function symbols that subsumes the function symbols used in
imperative programs as well as the function and predicate symbols used in
logic programs. Let VAR denote a common set of program variables for both
logic and imperative programs. Note that VAR is infinite. A program term
is either a program variable or of the form f(t;,...,t;) or f(';l(tl) where
each t; is a program term, f € £ and 1 < j < n. Note that the definition of
program term encompasses both logic and imperative program terms as well
as logic program atoms. A value is a program term constructed only from
symbols in . An environment is a mapping from VAR into values. Again
we shall write [Xj+v;,...,X,—v,] to denote an environment that maps
X; into v;, ¢ = 1..n. We shall frequently abuse this notation in examples
and write expressions such as {[X+—v},Y—>v;],[X+—v3,Y —v4]}, denoting
the infinite set of all environments that either map X to v; and Y to v, or
else map X to v3 and Y to v,.

An atomic program condition is of the form s = t, ~(s = t), matchy(t)
or ~(matchs(t)) where X is a program variable, f is a function symbol from
¥ and s and t are program terms. A program condition is a disjunction
of conjunctions of atomic program conditions. Note that this definition of
program condition is, strictly speaking, a restriction of the previous defini-
tion since it only allows “disjunction normal form” program conditions to
be written. This is done for convenience. Moreover, it is an inconsequen-
tial restriction since any program condition can be easily rewritten into an
equivalent disjunction of conjunctions of basic program conditions.

An environment variable is a variable that ranges over sets of environ-
ments, and is denoted by the symbol ¥. For each program point u, thereis a
distinguished environment variable denoted ¥*, whose purpose is to describe
the environments corresponding to point g. An environment ezpression is
either

e an environment variable ¥;

¢ the constant T;
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¢ ¥[Xt], where X is a program variable and ¢t is a program term;
o ¥[cond], where cond is a program condition;

e [A € By.¥,,...,A, € B,.¥,], where the A; and B; are program
terms.

An environment constraint is of the form ¥ D ee where ee is an environment
expression.

We now review the meaning of environment constraints. First, the mean-
ing of program terms is defined. Given an environment p, the meaning p(2)
of a term t is defined by extending p as follows:

o p(f(tr,..-,ta)) = flp(t1),...,p(tn))-
o p(fy ) = v if p(¥')= f(v,...,vs) for some values vy,...,vn.

Note that p( f(:)l (t')) is undefined if p(t') is not of the form f(v;,...,v,). We
write p b t if ¢ is defined under p. Next, the meaning of program conditions
is defined. As mentioned previously, each program condition is written as a
disjunction of conjunctions of atomic program conditions. We write p > cond
if p b t for each program term t appearing in cond. Now, where p is an
environment such that p b cond, the relation p |= cond is defined as follows:

p k= s = tiff p(s) = p(t);
p | (s =t) iff p(s) # p(t);
p | matchy(t) iff p(t) is of the form f(vy,...,vn);

p | ~(matchy(t)) iff p(t) is of the form g(vy,...,v,) wWhere f # g;
p = condy A cond iff p = cond; and p | cond;

p £ condy V cond; iff either p = cond; or p |= cond,.

If it is not the case that p > cond then p |= cond is not defined. Finally, an
interpretation of environment constraints is a mapping from each environ-
ment variable into a set of environments. Given such an interpretation Z,
the meaning of an environment expression is defined as follows:
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o Z(V) is already defined.

e I(T) = {all environments}.

o I(¥[Xt]) = {p[Xrop(t)]:p € O} where O is {p € I(¥):p b t}.

o I(¥[cond]) = {p € O :p|= cond} where © is {p € Z(¥) : p b cond}.
o I([A1 € B,.¥,,..., A, € B, .V,]) = {p:p(4A) € I(B;.¥;), i = 1..n}.

The expression Z(B.¥) denotes the set of ground atoms {p(B) : p € Z(¥)}.
An interpretation is a model of a conjunction of environment constraints £C
if Z(¥) 2 Z(ee) for each constraint ¥ D ee in EC.

5.2 Inter-Variable Dependencies in £Cp

What we ultimately desire is a simple, intuitive and decidable definition
of an approximation to a program’s (collecting) semantics. One natural
way to obtain such an approximation is by developing a notion of approzi-
mate interpretation of the environment constraints. Given such a notion, an
approximate semantics can be defined using the smallest approximate inter-
pretation that is a model of the constraints. That is, the least (standard)
model of the environment constraints defines the program’s ezact seman-
tics, and the least approximate model defines the program’s approzimate
semantics.

In essence, this is the approach used to define the set based approxima-
tion of a program. Specifically, to obtain a notion of program approximation
that ignores inter-variable dependencies, we develop an interpretation of the
environment constraints that is free of such dependencies. Now, recall that
environment constraints are interpreted by starting with a mapping 7 from
environment variables into arbitrary sets of environments, and then extend-
ing this mapping in an obvious way to map environment expressions into
sets of environments. Inter-variable dependencies arise in two places in this
interpretation. First, they may be present in the collections of environments
specified by Z. Second, they may be present in the process of extending 7 to
map from environment expressions into sets of environments. We consider
these possibilities in turn.
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Inter-Variable Dependencies in Sets of Environments

We begin our development of an interpretation of the environment con-
straints that ignores inter-variable dependencies, by considering the inter-
variable dependencies that may be present in collections of environments.
For example, suppose that one of the collections of environments specified
by an interpretation is the following collection of environments

{{X ~ a,Y » B),[X — ¢c,Y — d]},

where it is assumed that the only program variables of interest are X and Y.
Inter-variable dependencies are present in this collection of environments in
the sense that whenever X takes the value a, then it must be the case that
Y takes the value b, and whenever X takes ¢, Y must take d.

Intuitively, a collection of envirrnments is free of inter-variable depen-
dencies if fixing the value of one or more variable does not affect the values
that other variables may take. More concretely, let © be a collection of envi-
ronments and suppose that we choose an environment p from © and modify
p so that it maps X into v where v is one of the “possible values” for X. If ©
is free of inter-variable dependencies, then we expect that the modified envi-
ronment p[X+—v] should also be an element of ©. For example, consider once
again the collection of environments {[X—a,Y —b],[X+¢c,Y—d]}; denote
this collection by ©. On choosing [X—a,Y )] from © and modifying this
environment to map Y into d (one of the “possible values” for Y'), we obtain
the environment [X+—a,Y—d] and this is not contained in ©. Hence, as
expected, O is not free of inter-variable dependencies. However, a collecting
of environments that is free of inter-variable dependencies can be obtained
by augmenting © with the environments [X—a,Y—d], [X—c,Y—b].

More formally, let © be a collection of environments and define, in the
context of O, that v is a possible value for X if there exists an environment
p in O such that p(X) = v. Now, consider the environments j such that
there exists an environment p in © and for each X either (a) g agrees with
p on X or else (b) p(X) is a possible value for X. Define that O is free
of inter-variable dependencies if © contains all such environments g. This
provides a fairly direct formalization of the above intuitions about inter-
variable dependencies. However, observe that case (a) of the construction of
p is redundant because if /(X)) = p(X) then p(X) is a possible value for X.
Hence, © is free of inter-variable dependencies if © contains all environments
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p such that, for each X, p(X) is a possible value for X. More compactly, ©
is free of inter-variable dependencies if

pe© iff forall X, p(X)is a possible value for X.

If a collection © satisfies this condition, then © can be completely described
by the sets of possible values that it defines for each program variable. In
other words, such a collection © can be viewed as a specification of a set
of values for each program variable. Hence, collections © that are free of
inter-variable dependencies can be characterized as set based collections of
environments.

Definition 10 (Set Based Environment Collections) A collection ©
of environments is set based if there ezists a mapping F from program vari-
ables into sets of values such that

p€O iff p(X)e€ F(X) for all program variables X. []

For example, {[X+a,Y -], [Xra,Y—d], [Xe,Y-b], [Xe,Yd]} is
set based because it can be represented by the function F that maps X into
{a,c} and Y into {b,d}.

The mapping F in Definition 10 can be thought of as a representation of
the O. In most cases, there is only one set mapping F that represents a set
based collection ©. However, in the boundary case where © is the empty
set, there are many possible choices for F since any F that maps at least
one program variable into the empty set is a candidate. It is convenient to
refine the notion of set mapping to obtain a unique representation of set
based collections of environments as follows.

Definition 11 (Set Environments) A set environment g is a mapping
from program variables into sets of values such that if p maps some program
variable into the empty set then it maps all program variables into the empty
set.

Clearly a collection © of environments is set based if there exists a set
environment g such that p € © iff p(X) € o(X) for all X. Moreover, there is
a one-to-one correspondence between set based collections of environments
and set environments. It is convenient to identify a set environment with
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the collection of environments it represents. To this end, we shall frequently
treat a set environment g as a set of environments and write p € g to denote
that p(X) € o(X) for each program variable X.

Now, as a first step towards a definition of program approximation that
ignores inter-variable dependencies, we define a notion of program approx-
imation based on set environments. Specifically, where P is a program, let
approz , denote the least interpretation that is both a model of £Cp and
maps each environment variable into a set based collection of environments.
Since approz, is a model of £Cp, it follows that it must be larger than
Im(ECp). It follows that Im(£Cp) C approz, and so appror, is a safe
approximation of the collecting semantics of P. '

The definition of approz, leads to a very simple definition of program
approximation; however it is not decidable. The reason is that although
approz, removes inter-variable dependencies in the collections of environ-
ments, it does not remove dependencies that may be introduced through the
action of program variables. For example, consider the imperative program
consisting of the single statement X := pair(X, X). The environment con-
straints corresponding to this program are ¥!! 2 ¥M[Xwspair(X, X)) and
¥ > T. For this program, Im(SCp) and approz, coincide and both map
!l into the set based collection of environments

[X—{pair(v,v) : v is a value}].

Hence dependencies may be introduced by variables even though the collec-
tion of environments Z(¥) does not contain inter-variable dependencies. It
is these kinds of dependencies that lead to the undecidability of approz,.

Dependencies Introduced By Program Variables

To describe the kinds of dependencies that may be introduced through the
action of program variables, we must first consider dependencies in sets
of values. A set of values contains dependencies if there are relationships
between the components of each value. For example, consider the two sets
of terms {f(a,b), f(c,d)} and {f(g"(a),g™(b)) : n > 0}, where g" is used to
abbreviate n applications of g, so that g?(c) denotes g(g(c)). Both of these
sets contain dependencies. Such dependencies may be present in the sets of
values variables may be bound to at run-time. Some of these dependencies
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logic program imperative program
p(pair(X, X)). .
Y := pair(X,X);
- o(Y). pair(X, X)
q(pair(a, b)). Y := pair(a,b);
q(pair(c,d)). if match,ir(X) then
- q(¥). Y := pair(c,d);

Figure 5.1: Different Ways of Introducing Dependencies

are explicitly introduced by the action of program variables, while others
are introduced through the merging of different computation paths. To
illustrate this, consider the four programs in Figure 5.1. In both of the top
two programs, the set of values for Y after program execution is {pair(v,v):
v is a value}; the dependencies in these two examples are introduced by
the variable Y. In contrast, after execution of either of the bottom two
programs in Figure 5.1, the value of Y is either pair(a,b) or pair(c,d);
the dependencies here are introduced by merging computation paths. Note
that the dependencies introduced by variables may be infinite in nature,
whereas the dependencies introduced by the merging of computation paths
are essentially finite. This has important decidability implications.

At the heart of set based analysis is the tradeoff between infinite sets
of values, dependencies and decidability. First observe that since we do
not employ an approximation of the underlying computation values, we
must deal directly with infinite sets of values. Also note that the notion of
intersection is inherently present in set based analysis because a conditional
expression of the form X =Y naturally leads to the intersection of the sets
of values for X and Y. Now, as we have just noted above, the action of
variables may introduce dependencies that are unbounded in nature. Such
dependencies imply that sets of the form {f(g"(a),g"(d)) : » > 0} may
arise. This is suggestive of the expressive power of context free grammars.
Since the intersection of two context free grammars is not recursive, it is
not surprising that unbounded dependencies must be curtailed to obtain
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decidability.

A more concrete explanation of the undecidability of approz ,, is based on
the observation that the semantic constructs of the language are sufficiently
powerful that reasoning involving unbounded dependencies can still be car-
ried out, even though inter-variable dependencies cannot appear in sets of
environments. Specifically, let P be an imperative program, and consider
coding P as an essentially equivalent imperative program that involves only
one variable. To do this, let X;,...,X, be the variables in P, and let Env
be a new variable that shall range over lists of length n, representing envi-
ronments. Let Env’ denote car(cdr'~}(Env)) (to access i** element of list in
Env) and let [sy,...,s,] denote the list of length n whose elements are, in
order, sj,...,8,. Now, construct a program P’ from P by first replacing all
assignment statements X; := ¢t by Env := [Xy,...,Xi—1,t, Xi41,5- .., Xn),
and then replacing all occurrences of X; by Env’, 1 < i < n. Clearly
the resulting P’ is equivalent to P in the sense that if P starts execu-
tion from environment [Xj—u;,...,Xp,—u,] and reaches program point
p with environment [X;-v;,...,Xpv,] then execution of P’ starting
from environment [Enves[u;,...,un]] reaches point u with environment
[Env—(vy,...,v,]]. Moreover, P’ contains only one variable. It follows
that Im(ECp') = approz ... Hence, any oracle for deciding p € approz p.(¥#)
can be used to decide p € Im(EC,)(¥*).

A similar kind of construction is possible for logic programs. The im-
portant observation here is that approz, still allows an equality predicate
to be defined. Specifically, let P be an arbitrary logic program. First
rewrite P into an equivalent program that contains only unary predicate
symbols (this can be easily done by introducing new function symbols f, of
every arity n, and then systematically rewriting each atom p(sy,...,s,)
into p(fa(81,...,8,))). Second, rewrite each rule p(s)—B,...,B, into
P(X)e—eq(X,s),By,...,B, where X is a variable that does not already ap-
pear in the rule. Third, add the rule eg(X,X). Call the resulting program
P’. Clearly P’ mimics P in a very straightforward manner. Moreover,
approz ,» and Im(EC./) coincide in the following sense: for all head atoms
A* in P

appro:c,:(‘l"‘) =var(A) lm(ch')(W“)'

In both of these constructions, the key observation is that variable depen-
dencies appear in approz, when an environment is applied to a term with
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multiple occurrences of a variable. Such dependencies must be eliminated if
a decidable program approximation is to be obtained.

The approach for eliminating these dependencies is based on the use of
set environments. Recall that set environments were introduced to repre-
sent set based collections of environments. Not only can set environments
be treated as collections of environments, but they can also be treated as
environment-like mappings. Whereas an environment is pointwise in the
sense that it specifies a single value for each variable, a set environment is
set-wise in the sense that it specifies a set of values for each variable. In
analogy with environments, there is a natural notion of changing the binding
of a variable in a set environment. Specifically, where g is a set environment
and S is a set of values, the notation g[X+—S] denotes the set environment
that maps all variables into the empty set if either S or o(X) is the empty
set, and otherwise is the set environment that maps X into S and agrees
with ¢ on program variables different from X.

Just as environments are used to assign meanings to program terms
and conditions, we can use set environments to assign an alternative “set
based” meaning to program terms and conditions. For example, suppose
that X is the only variable of interest and consider an environment expres-
sion ¥[X— pair(X,X)] corresponding to an assignment statement. Sup-
pose that Z(¥) is the set environment {[X—{a,b}]}. Under the normal
interpretation, the environments in Z(¥) are considered one at a time and
applied to the program term pair(X,X) to obtain a binding for X. The
result is that Z(¥[X s pair(X,X)]) yields the collection of environments
{[X~ pair(a,a)],[ X+ pair(b,d)]}. However, if Z(¥) is applied to pair(X, X)
as a set environment, then each occurrence of X is treated as a set, result-
ing in {Xw pair(a,a), X pair(a,b), X pair(b,a), X+~ pair(b,b)}. Hence,
by using set environments to interpret program terms and conditions, we
obtain a natural method for eliminating inter-variable dependencies.

We now outline how this approach can be generalized to interpret ar-
bitrary environment expressions. This forms the core part of the defini-
tion of set based interpretation of environment constraints. In particular
we shall develop interpretations of the expressions ¥[X—t], ¥[cond] and
[A1 € B;.¥4,...,A, € B,.¥,]. In the remainder of this section, let Z
denote an interpretation that maps environment variables into set environ-
ments. Let A denote the operator that maps a collection © of environments
into a set environment, denoted .A(©), as follows
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A©)X) ¥ {p(X):p € O}.
Note that A(O) is the smallest set environment containing ©.

Consider first the set based interpretation of an environment expression
of the form ¥[Xw—t], corresponding to an assignment statement. The stan-
dard interpretation of such an expression is

I(Y[Xm—t]) = {p[Xrp(t)]:p € O} where O is {p € I(¥):p b t}.

Now, the set based interpretation of this expression is obtained by treating
© as a set environment g and applying g directly to the program term ¢
instead of applying © to t on an environment by environment basis. The
resulting set of values is then used to appropriately update p. Specifically,
we define that the set based interpretation of ¥[X—1] under Z is given by

Z(Y[X-1)) def o[ X p(t)] where p is A({p € Z(¥) : p > t})

Next consider an environment expression of the form ¥[cond] corre-
sponding to imperative program conditions. Now, the effect of [cond] is
to restrict environments in Z(¥). In the standard interpretation of con-
ditions, environments are applied to program terms one at a time, and a
notion of variable dependency can arise that is similar to the dependencies
arising in the interpretation of ¥[X+¢]. For example, suppose that f is a
binary function symbol and consider the program consisting of the single
statement if (f3}(Y)= X A f3}(Y) = X) then Seq. Let the label of the
first statement of Seg be 8 and let the last of the last be 4. The environment
constraints for this program consist of the constraints

yit > 7T

g o gn [fa}(Y):XAf(;}(Y)=X]

¥ o ¥ [ (g5l = X) V- (fa) = X)]
\I,Il 2 \pl‘Y

together with the appropriate constraints for Seg. For this program, approz
maps ¥ into the set of all environment and maps ¥'? into the collection
of environments

{{X~u,Y~ f(v,v)]: for all u and v}.

Again, dependencies are introduced through the treatment of distinct oc-
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currences of variables.

To ignore such dependencies, we develop an interpretation of environ-
ment expressions ¥[cond] using set environments. First consider the stan-
dard interpretation of an expression of the form ¥[cond]:

I(¥[cond]) = {p€O:pf cond}st. Ois {p € Z(¥):p b cond}.

This involves three components: (i) the process of collecting environments p
such that p € Z(¥) and p b cond into a set O, (ii) the relation p |= cond, and
(iii) the process of collecting environments p such that p € © and p |= cond.
These three components are replaced by set environment counterparts as
follows: (i) is replaced by the process of collecting environments p such that
p € I(¥) and p b cond into a set environment p, (ii) is replaced by the
relation p |=, cond that defines the notion of an environment p satisfying
cond in the contezt of set environment g, and (iii) is replaced by the process
of collecting environments p such that p € © and p |=, cond into a set
environment. We now outline the definition of p |=, cond; the full details
can be found in the next section.

Consider the atomic condition f l(Y) X. Such a condition essentially
represents two restrictions on an envxronment p. The left hand side of the
equality restricts the values of Y and the right hand side restricts X. In
other words, p |= f7)(Y) = X can be thought of as the combination of the
two restrictions (1) p(fZ1(Y)) € {p(X)} and (i) p(X) € {p(fZX(¥))}. In
the set based mterpretatlon of this basic condition, these two restnctlons
are explicitly separated, and the set environment p is used to interpret X in
(i) and fa;(Y) in (ii). Hence, p |=, (Y) X is satisfied if

P(fG3(Y)) € o(X) and p(X) € o(fZ}(Y))
Using this interpretation, consider again the environment expression
VI [fY) = X A fRH(Y) = X],

and suppose that Z(¥1) is the set of all environments. Instead of obtain-
ing the set {{X—u,Y— f(v,v)] : for all u and v}, we now obtain the set
{[X—u,Y— f(v1,v2)] : for all u, v; and v;}. Hence dependencies are no
longer introduced.

The interpretation of an atomic condition —(s # t) can similarly be
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obtained. Again p |= ~(s # t) can be split into (i) Jv(p(s) # v A v € {p(t)}
and (ii) 3v(p(t) # vA v € {p(s)}. The set based interpretation of this basic
condition uses p to interpret ¢ in (i) and s in (ii). Specifically, p =, ~(s # t)
holds if

Jv(v € o(t) Av # p(s)) and Fv (v € o(s) A v # p(1))-

In other words, whenever a term is used in such a way that a new value
is built up, then a set environment is used to interpret the term (since
otherwise infinite dependencies may be introduced). In contrast, if a term is
used for the purpose of restricting the values of program variables, then the
term is interpreted using a (normal) environment (because no dependencies
may be introduced by this process). Note that atomic conditions such as
match¢(s) and ~(match ¢(s)) serve only to restrict the values of the program
variables contained in s, and so they cannot introduce dependencies. Hence
set environments are not needed for their interpretation.

Finally, consider an expression [A; € B;.¥4,...,A, € B,.¥,] corre-
sponding to a logic program rule. Again the standard interpretation of this
expression may introduce dependencies through multiple occurrences of a
variable. For example, consider the logic program consisting of the rules
eq(X, X) (labeled with 1) and the goal —eq(Y, pair(Z, Z)) (labeled with 2).
The bottom-up environment constraints for this program are

v oD
V2 2 [eq(Y,f(Z,2)) € eq(X,X).¥]

and approz, maps ¥? into the collection of environments
{[X—u,Y pair(v,v)] : for all u and v}.
Dependencies are introduced here through the two occurrences of Z.

Set environments can be used to eliminate such dependencies in a manner
similar to that used for environment expressions of the form ¥[X—t]. First,
recall that the standard interpretation of an expression of the form Z([4,; €
B,.¥,:,...,A, € B,..\I',.]) is

{p: for each i, p(A;) € {p'(B:) : p' € I(¥:)}}.

This contains the two kinds of components: (i) the application of a set
of environments Z(¥;) to the atom B; to obtain a set of ground atoms,
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and (ii) the collection of environments p. In the set interpretation of this
expression, components in (i) are replaced by the application of the set
environment Z(¥;) to the atom B;, and the component in (ii) is replaced by
the collection of environments p into a set environment. For example, the
constraint ¥2 D (eq(Y, f(Z, Z)) € eq(X, X).¥!] is interpreted as

2 2 A({e: pleq(Y, f(Z, 2))) € e(eq(X, X)) where o is I(¥")}).

More generally, the environment expression [A; € B;.¥,,...,An € By.¥,]
is interpreted under 7 as the set

I([A1 € By.Y,..., A, € B ¥,]) = A({p: p(A;) € I(¥:)(Bs)})

In summary, the use of set environments to interpret environment con-
straints corresponds to treating each variable as a set of values. Moreover,
the use of sets in the interpretation of environment constraints provides
a simple and natural way to ignore all dependencies that are introduced
through the action of variables. For this reason we equate set based anal-
ysis with analysis in which all inter-variable dependencies are ignored (and
no other approximations are made). Importantly, this uniform and intu-
itive reading of environment constraints leads to an accurate and decidable
analysis.

5.3 Set Based Interpretation of £Cp

We now present the complete details of the set based interpretation of the
environment constraints. We begin by summarizing some definitions in-
troduced in the previous section. A set environment p is a mapping from
program variables into sets of values such that if o maps some program vari-
able into the empty set then it maps all program variables into the empty
set. We identify set based collections of environments with set environments,
and write p € g to denote that p(X) € o(X) for each program variable X.
If o is a set environment and S is a set of values then go[X+—S] denotes the
set environment that maps all variables into the empty set if either S or
o(X) is the empty set, and otherwise is the set environment that maps X
into S and agrees with g on program variables different from X. A denotes
the operator that maps a collection © of environments into the smallest set
environment containing © and is defined as follows:
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A©)(X) ¥ {o(X):p€0).

Note that the fixed points of A are exactly the set based collections of
environments.

Just as (pointwise) environments are extended to become partial func-
tions from program terms into values, so set environments are extended to
become functions from program terms into sets of values. Let g be a set
environment and let ¢ be a program term. If g is the set environment L that
maps all variables into the empty set then g(t) is the empty set, regardless
of t. Otherwise p(t) is defined as follows:

e If t is a program variable, then g(t) is already defined.

o If tis f(t1,...,2,) then o(t) is {f(v1,...,vs) : v; € o(t;)}.

o Iftis f;(s) then p(t) is {v; : f(v1,...,va) € 0(5)}-

We now use set environments to interpret program conditions. We define
a relation p |=, cond to be read as p satisfies cond in the contezt of the set
environment g. As noted previously, it is assumed that program conditions

are first written into disjunctive normal form. Let p be an environment, let
o be a set environment and define that:

e ples=t iff pls) € o(t) and p(t) € o(s).
o plEo~(s=1) iff Iv(veo(t)Av#p(s))and Iv(v € o(s) A v # p())-
p £ matchy(s) if p(s) is of the form f(vy,...,v5).

p e, ~match(s) if p(s) is not of the form f(vy,...,vn).

o p e, condy A condy iff p|=, cond; and p |=, cond,.

p e condy V condy iff either p =, cond; or p |=, cond;.

A set based interpretation I is a mapping from each environment variable
into a set environment. Such a mapping can be extended to map from
environment expressions ee into a set environment as follows.
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e I(V) is already defined.
e I(T) = {all environments}.
o I(¥[Xrt]) = p[Xro(t)] where pis A({p € Z(¥):p b t})

° I(\Il[cond]) = A ({p: o I:fcﬁnd}) where g is A ({p: l‘: ij‘;():,;})

p(A1) € Z(¥1)(B1)
° I([Al € B;.¥,,...,A, € B,..‘I’n]) = A p: P
P(An) € I(Wn)(Bn)

Note that in the last part of this definition, each Z(¥;) is a set environment,
and so the expression Z(¥;)(B;) denotes the set of ground atoms resulting
from applying Z(¥;) to B;. A set based model of a collection of environ-
ment constraints is a set based environment that satisfies each constraint
in the collection. Using set based models, we can now define the set based
approximation of a program.

Definition 12 (Set Based Approximation) Let P be a program and let
ECp be the environment constraints of P. Then the set based approzimation
of P, denoted sbap, is the least set based model of ECp. []

Importantly, sbap is a model of ECp.
Proposition 13 For all programs P, sbap is a model of ECp.

Proof: The proposition is proved by showing that any set based model of
ECp is a model of ECp. To this end, let Z be a set based interpretation.
Now, when 7 is extended to map from environment expressions into sets
of environments, either the set based interpretation rules can be used, or
else Z can be treated as a (normal) interpretation and the rules for (normal)
interpretation used. Let SET(Z, ee) denote the set of environments obtained
when the environment expression ee is interpreted under Z using the set
based interpretation rules. Let NML(Z, ee) denote the set of environments
obtained when the environment expression ee is interpreted under Z using
the (normal) interpretation rules. To prove the proposition, if is sufficient
to show that SET(Z, ee) 2 NML(Z, ee).
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Clearly if ee is either an environment variable or T then SET(Z,ee) =
NMIL(Z,ee). Before proving the remaining three cases, it is convenient to
prove that

if p € o then p(t) € o(2) (5.8)

where ¢ is a program term and g is a set environment that is defined on t.
This fact can be easily establish by structural induction on t.

Using (5.8), it is now straightforward to complete the proof. First sup-
pose that ee is ¥[X—t]. If p € NML(Z,¥[X+t]) then there exists an
environment p’ such that p’ b ¢, p’ € Z(¥) and p = p'[X+—p'(1)]. Now, let
o be A({p € Z(¥) : p b t}). Clearly p' € o and so p'(t) € p(t) by (5.8). It
follows from the definition of p[ X+ S] that p € o[ X p(t)].

Now consider an environment expression of the form ¥[cond]. Using
(5.8) it is easy to verify the following property by structural induction on
cond:

if p b cond, p |= cond, and p € p then p =, cond (5.9)

where cond is a program condition and g is a set environment. To complete
the proof for ¥[cond], suppose that p € NML(Z, ¥[cond]). This implies that
p € I(¥), p b cond and p |= cond. Let o be A({p € Z(¥): p b cond}).
Clearly p € g and so p |=, cond by (5.9). Hence p € SET(Z, ¥[cond)).

Finally, consider [A; € B;.¥,,...,A, € B,.¥,] and suppose that p €
NML(Z,[A € By.W,,...,A, € B,.¥,]). This implies that for i = 1..n,
there exists an environment p; such that p(A;) = pi(B;) and p; € I(¥;).
From (5.8) it follows that p(A4;) € Z(¥;)(B;). Hence p € SET(Z, ¥{cond)).

i

This proposition implies that sba, D Im(SCp). Since we have already
proved that Im(SCp) corresponds to CSp (see Theorem 1 for imperative
programs and Theorem 3 for logic programs) it follows that sbap is a con-
servative approximation of the collecting semantics of a program in the fol-
lowing sense:
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Theorem 6 (Correctness of sbap)
e For imperative programs P, sbap O CSp.
o For logic programs P,
5bap(¥) =yar(a) {P: P = E and E € CSp()}, for all labels a.

We conclude this section by noting that the uses of A in the definition of
set based interpretation could have been removed without altering the defi-
nition of sbap. They have been retained to emphasize that various objects
in the definition are set environments. To see why they do not affect sbap,
first number the four occurrences of A in order so that the first occurrences
appears in the interpretation of ¥[X 1], the second and third (numbered
left-to-right) appear in the interpretation of ¥[cond] and the last appears in
the interpretation of [4; € B,.¥,,...,A, € B,.¥,]. Now, consider the sec-
ond and last occurrences of .A. These occurrences ensure that the set based
interpretation of an environment expression is always a set based collection
of environments. However, when determining whether a set envirorment
is a model of a constraint ¥ D ee, the difference between retaining these
occurrences and omitting them reduces to the difference between the

Z(¥) 2 A(See,r) and Z(¥) 2 Seez

where S.. 1 is a set of environments dependent on ee and Z. Since Z(V¥) is
required to be a set environment, these two formulas are equivalent.

Now consider the first and third occurrences of .A. These occurrences
are applied to environment sets of the form ({p € Z(¥): p b t}) or ({p €
Z(¥) : p b cond}) to ensure that a set environment is obtained. However,
the following proposition shows that if Z(¥) is a set based collection of
environments, then ({p € Z(¥) : p b t}) and ({p € Z(¥) : p b cond}) will
also be set based collections of environments and so the application of A
will not have any effect.

Proposition 14 Let © be ¢ set based collecting of environments and let
ti,...,t, be program terms. Then {p € © : Ax=1.,p b ti} is a set based
collection of environments.

Proof: The proposition is established by showing that
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-A({P € Q: /\k:l..rp >4 tk}) g {P € O: /\k=1..rP g tk}

Let p € A({p € © : Ak=1.,p > t}), and it remains to show that p € {p €
O : Ak=1..p b ti}. From the definition of A it follows that there exists
an environment px such that px € {p € © : Ag=1.,p D t;}. Since each
px € © and O is set based, it follows that p € ©. Hence to show that
p € {p € O:Ak=1.rp b t}, it suffices to show that p b tx, k = 1..7. The
proof of this proceeds by structural induction on each #;. The induction
hypothesis is that p b tx and that either

(a) for some program variable X, px b t; and p(tx) = px(tx), or

(b) there exist subterms sy,...,8, of t; such that for any environment p/,
p' bt implies that p’ b s;, & = 1..n, and p'(t) = f(p'(51),--.,P'(5n)).

First suppose that ¢ is a variable, say X. Then p bt and p(tx) = px(tx),
and so the induction hypothesis holds with condition (a).

Now suppose that t; is of the form f(s;,...,3,). Since each s; satisfies
the induction hypothesis, it follows that each p(s;} is defined and so p b #.
Also, it is immediate that for any environment p', p’ bt implies that p’ > s;,
i = l..n, and p'(tx) = f(p'(51),...,0'(sn))- Hence t; satisfies condition (b).

The remaining case is where #; is of the form f(;)l(s). Now, on applying
the induction hypothesis to s, it follows that p &> s and s satisfies either (a) or
(b). First suppose that s satisfies (a). Then p(s) = px(s) for some program
variable X, and since px b f(;)l(s), it follows that px(s) must be of the form
f(--+). Hence p( f(;)l(s)) is defined and is in fact equal to px( f(;)l(s)), and
so t; satisfies case (a). Now suppose that s satisfies (b). Then there exist
subterms s;,...,3, of s such that for any environment p’, p’ b s implies
that p' b s;, ¢ = 1..n, and p'(s) = g(p'(s1),--.,p'(sn)). This has a number
of consequences. First, since px b fG)‘(s), it must be the case that f = g.
Second, since p b s, it must be the case that p b f(;)l(s) is defined, and
furthermore, that p( f(;)l (8)) = p(s;). On applying the induction hypothesis
to sy, it is clear that ¢ respectively satisfies (a) or (b) if s; satisfies (a) or

(b).- [J
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5.4 Alternative Definitions

The basic goal of set based analysis is to obtain a very simple definition of
approximation based on the notion of ignoring dependencies arising from
the behavior of variables. However this notion can potentially be realized
in a number of different ways and the definition of set based program ap-
proximation presented in the previous section represents a choice among a
number of possible definitions. We now outline the major alternatives and
compare them with set based analysis. In particular, we shall argue that
the set based analysis is the most natural choice, given the requirements of
decidability, accuracy and simplicity.

Language Restrictions

Perhaps the simplest definition of approximation that employs the idea of
ignoring inter-variable dependencies is approz,. We have already shown
that approz, is not decidable and that it does not ignore all inter-variable
dependencies. In essence, the language operations are sufficiently powerful
that unbounded dependencies can be introduced even when all collections of
environments are free from inter-variable dependencies. One way to address
this problem is to restrict the language so that the language operations
cannot by themselves introduce unbounded dependencies. This approach
was used in an early version of set based analysis for imperative programs
reported by Heintze and Jaffar in [23]. In essence, this paper obtains a de-
cidable program approximation based on approz, by restricting imperative
programs in the following two ways:

(i) Assignment statements must have the form X := f(X,...,X,) where
the X; were distinct;
(ii) Program conditions must have one of the following forms:

(a) X =Y where X and Y are program variables;
(b) matchs(X) where X is a program variable, or
(c) a negation of (a) or (b).

Intuitively, these restrictions ensure that multiple occurrences of program
variables cannot occur in a term. For example, a statement such as Y :=
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pair(X, X) cannot be written. This implies that, in isolation, conditions and
assignments cannot introduce inter-variable dependencies. In other words,
the only form of inter-variable dependency that arises is such programs is
dependency between variable values in collections of environments. Since
approz , ignores all such dependencies, it follows that for programs satisfying
(i) and (ii), the approximation approz , is free of inter-variable dependencies.
In fact, for such programs we can show that approz, = sbap. Hence, the set
based approximation of imperative programs described in this thesis can be
viewed as a conservative extension of the approximations defined in [23].

The main drawback of using this subclass of imperative programs defined
by (i) and (ii) is that it is unreasonably restrictive. Although any imper-
ative program P can be transformed (by “unfolding” complex assignments
and conditions) into a semantically equivalent program P’ that satisfies (i)
and (ii), the transformation from P to P’ forgets much of the structure
of P and this has a detrimental effect on the accuracy of the analysis. In
particular, we can show that approz,. D sbap. Despite this drawback, this
approach does have one appealing property. In essence the approximation
approz , corresponds to a Hoare-style reasoning about an imperative pro-
gram using assertions that do not express information about inter-variable
dependencies. Specifically, consider an assertion language consisting of for-
mulas of the form &; A --- A ®, where each ®; is a formula containing at
most one free variable. Let ®* be the strongest assertion that can be proved
for the point u and let p = ¥ denote that p satisfies the formula &. Then
p = @ iff p € approz,(¥*).

We finally note the imperative language used in this thesis employs a
moderate language restriction. Recall from Chapter 3 that atomic program
conditions of the form s = t are such that s and ¢ are constructed from
program variables and projection symbols. A more general language could
be defined in which s and ¢ are arbitrary program terms. However, sbap
for this language would not be decidable. Intuitively this is because the
combination of function symbols and projection symbols allows a form of
unbounded dependency to be introduced. To illustrate the reason for this,
let f and g respectively be unary and binary function symbols, let cond be
the program condition

9y 90y (X)) f) (9 (X)) = Y
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and consider the set based interpretation of the environment expression
¥[cond]. Suppose that Z(¥) is the set environment that maps X into the
set of all values and maps Y into the singleton set {g(a,a)}. Then, using
the definition of set based interpretation, Z(¥[cond]) is the set environment
that maps X into {g(f(a), f(a))}. This example can be easily modified to
show that sets of the form {g(f"(a), f*(a)) : n > 0} can be formed in sbap,
and also to show that sbap for this extended language is undecidable (for a
related discussion, see Section 7.6 page 197).

Although our restriction on atomic program conditions of the form s = ¢
is very significant from a decidability point of view, it is inconsequential
from a programming point of view because complex conditions such as the
condition g( fa;(ga;(X ), f(';;(g(’zl (X))) = Y are rarely written in programs.
We note that the restriction could be substantially relaxed to admit con-
ditions s = t where s and ¢ do not contain combinations of function and
projection symbols. Also note that it is easy to translate from an arbi-
trary condition s = t into an equivalent condition that is in our language.
For example g( f("l';(ga;(X ) f(';;(g('zl)(X ))) = Y could be translated into
Fay @ (X)) = 953 (Y) A f3)(95(X)) = g5)(Y)- Moreover, such a trans-
lation results in little loss of information in practice.

More Direct Use of Set Environments

We now present an alternative interpretation of environment constraints
that employs set environments in a very direct manner. Consider an en-
vironment expression of the form ([A; € B,.¥,...,Ax € B,.¥,]. The
standard interpretation of such an expression under an interpretation 7 is:

{p: for each i, p(A;) = pi(B;) for some p; € Z(¥;)}.
A very natural way to modify this interpretation to use set environments is
U{e: for each i, p(A;) = pi(B;) for some g; C Z(¥;)}.

where U denotes the pointwise union of a set of set environments and C
denote subset on set environments (again defined pointwise). Such an ap-
proach can be extended in a straightforward manner to the other kinds of
environment constraints. Moreover, it is arguably simpler than the definition
of set based interpretation, and it is easy to verify that it is more accurate.
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1. p(f(e,a)).
2. p(V) « oV, f(W,W), f(s(W), s(W))).
3. ¢(X,Y,X) < p(Y).

¥, 2 []

¥, 2 [oV, (W, W), f(s(W),s(W))) € ¢(X,Y, X).97]
Vs 2 [p(Y) € p(f(a,a)).¥)

s 2 [p(Y) € p(V). 97

Figure 5.2: Undecidability of Modified Set Based Interpretation

Unfortunately it leads to an undecidable notion of program approximation.
In essence, this is because inter-variable dependencies may arise and these
lead to unbounded dependencies. To see this, consider Figure 5.2, which
contains a logic program and its bottom-up environment constraints. Using
the alternative interpretation just outlined, the least interpretation that is
a model of these constraints is

¥! - {all environments}
N [VH{ f(s™(a),s™(a)) : n > 0}, Wrs{f(s"(a),s"(a)) : n > 0}
| A [XH{a.ll values}, Y —{f(s"(a),s"(a)) : n > 0}]

It is easy to modify this example to prove that the program approximation
arising from this interpretation of environments expressions is undecidable.

Ignoring All Dependencies

Set based analysis ignores all inter-variable dependencies, but it does retain
certain notions of dependency that are not related to the treatment of vari-
ables. For example, consider Figure 5.3, which shows an imperative program
along with sbap for this program at some selected program points. The set
of values for X specified by sbar at point 13 exhibits inter-argument depen-
dencies in the sense that whenever the first argument of consis 1, the second
argument is cons(2, nil), and whenever the first argument is 2, the second
argument is nil. If inter-argument dependencies are ignored, then this set
would be enlarged to include cons(2, cons(2,nil)) and cons(1,nil). An im-
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point sbap at selected points
11, 12 | X » {cons(1, cons(2, nil)) }

1. X := cons(1, cons(2, nil)); :
2. while X # nil do B | xe { cons(1, cons(2, nil)) }
3. X :=cdr(X); cons(2, nil)

B |xw- { cons(2, nil) }

nil

Figure 5.3: Inter-Argument Dependency Example

portant difference between these two kinds of dependency is that ignoring
inter-variable dependencies is sufficient for obtaining decidable program ap-
proximations — it is not necessary to ignore inter-argument dependencies.
Intuitively, this is because, given a program P, the inter-argument depen-
dencies that are present in approz, are of a bounded nature in the sense
that they are due to the (finite) collection of program terms that appear in
P. In other words, no essentially new dependencies can be generated. In
contrast, dependencies introduced through variables are potentially infinite,
such as those introduced through a statement such as X := pair(X, X).

Several approaches to program approximation based on ignoring inter-
argument dependencies have been proposed in the literature (see for example
[48, 68]) and we shall consider these in greater detail in Section 5.6. Since
ignoring inter-argument dependencies implies that inter-variable dependen-
cies are ignored, it follows that such approaches are strictly less accurate
than set based approximation.

5.5 Examples

We now give some examples of the set based approximations. First we
present some imperative program examples. Figure 5.4 contains the envi-
ronment constraints and set based approximation of the program consisting
of the single statement X := pair(X, X). Figure 5.5 contains the constraints
and set based approximation of an imperative program for computing the
last element of a list. Note that in the set based approximation of this pro-
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gram, the set of values for Y at the end of the program is {a,b,c}. This is
clearly an approximation of the run-time behavior of the program since the
only possible value for Y at the end of program execution is c.

The remaining two figures give examples involving logic programs. Fig-
ure 5.6 presents the bottom-up set based approximations of two logic pro-
grams and illustrates that inter-variable dependencies are ignored in set
based approximations, but inter-argument dependencies are not ignored.
Finally, 5.7 presents the top-down set based approximation of a logic pro-
gram that computes the last element of a list. Note that the set based
approximation this program is exact in the sense that the set assigned to
V at point 2 is {b} and this is precisely the possible values for Y at this
point. Intuitively, this is because the set of possible “calls” (this is given
by the union of the sets loop(a.b.nil,V).¥! and loop(L,Y).¥*) is computed
exactly, and the only possible way that loop(W.nil, W) can match this set is
with W = b. Moreover the rule loop(X.L,Y )~loop(L,Y) cannot generate
any new answers for the second argument to loop. Note that the bottom-up
set based analysis of this program would not be exact.
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gl 5> T ¥ s [Xis{all values}]

¥ D YN [Xepair(X, X)) wit [ H{pm.r(mvz):?m sad oy }]

Figure 5.4: Set Based Approximation of X := pair(X, X)

¥ o> T
vl 3 YN [La.b.nil]
iz o gl
1. L := cons(a, cons(b, nil)); W2 > ¥P[Xed]
2. X :=g¢ g3 o g2
3. while (match on,(L)) do g3 5 gls
4 Xi= car(L) ¥ D ¥P[matchona(L)]
5. L= cdr(l); yit > \Il"[XHcons('ll)(L)]
\I,TS o) ‘I,u
¥ D WB[Lisconspy(L)]
¥13 > ¥B[~matchoon,(L))
program point | set environment
11 [L+{all values}, X+ {all values}]
11, 12 [L—{a.b.nil}, X+{all values}]
12 [Lo—»{a.b.m’l}, XH{C}]
13 [Lr{a.b.nil,b.nil, nil}, X+—{a,b,c}]
14 [L—{a.b.nil,b.nil}, X+—{a,b,c}]
14, 15 [L—{a.b.nil,b.nil}, Xr{b,c}]
15 [Lr{b.nil, nil}, X—{d,c}]
13 [L—{nil}, X—{a,b,c}]

Figure 5.5: Set Based Approximation of Program 2
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— g(X).
g(Y) — p(Y).
?(f(a,d)).
?(f(c,d)).

¥ 2 [g(X) € ¢(Y).9?)

2 2 [p(Y) € p(f(a,b)).93)
¥2 D [p(Y) € p(f(c,d)). ¥4
¥ 2 (]

¥ D[]

B N

¥~ [X—{f(a,b), f(c,d)}]
V2 [Y={f(a,}), f(c,d)}]
¥3 i {all environments}
¥4 {all environments}
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1. « ¢(X).

2 ¢o(f(",Y2)) ~ p(f(11,Y2))-
3. p(f(a,b)).

4. p(f(c,d)).

¥ D [¢(X) € ¢(f(1,Y2)).¥%]

¥2 2 [p(f(11,Y2)) € p(f(a,})).¥3)
¥? 2 [p(f(11,Y2)) € p(f(c,d)). ¥4]
¥3 D[]

¥ D[]

e [ 1@ 1),
¥ [X {f(a,d),f(c,b) }]

¥? — [Yi-{a,c}, Y2~ {b,d}]
¥3 - {all environments}
¥* — {all environments}

Figure 5.6: Bottom-Up Set Based Approx. of Two Logic Programs
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2. « loop(a.b.nil,V)1.
loop(Wonil, W).
5. loop(X.L,Y) « loop(L,Y)*.

@

[

[loop(a.b.nil, V) € loop(W.nil, W).¥3)]

[loop(a.b.nil,V) € loop(X.L,Y).¥%}

[loop(W.nil,W) € loop(a.b.nil,V).¥?]
[loop(W.nil,W) € loop(L,Y).¥*]

¥4 D [loop(X.L,Y) € loop(a.b.nil, V). ¥}

¥4 D [loop(X.L,Y) € loop(L,Y). ¥4

¥5 D [loop(X.L,Y) € loop(a.b.nil, V). %! loop(L,Y) € loop(W.nil,W).¥3]

¥5 3 [loop(X.L,Y) € loop(a.b.nil, V). %! loop(L,Y) € loop(X.L,Y).¥%]

U5 3 [loop(X.L,Y) € loop(L,Y).¥* loop(L,Y) € loop(W.nil, W).¥?)

¥5 3 [loop(X.L,Y) € loop(L,Y).%?* loop(L,Y) € loop(X.L,Y ). ¥"]

=]
~
v vV Iv

¥!  [Vis{all values}]

V2 s [Viar [B)]

¥ o (Wi {b}]

¥4 s [X—{a,b}, Y={all values}, L—{b.nil,nil}]
V% [X+—{a,b}, Y={b}, L{b.nil,nil}]

Figure 5.7: Top-Down Set Based Approximation of Program 10
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5.6 Related Work

In the literature, the notion of program approximation appears both in the
areas of types and program analysis. For the purposes of the following dis-
cussion, the distinction between these two areas is somewhat artificial, and
it is more useful to classify these works according to the underlying approach
used to obtain program approximation. Broadly speaking, two approaches
have been used, one based on abstract interpretation and the other based
on the use of closure operations and constraints. We shall refer to these as
abstract interpretation and non-abstract interpretation approaches, respec-
tively. We note that this terminology is somewhat loose because if one takes
a very broad view of abstract interpretation, then many of the non-abstract
interpretation approaches can be viewed as abstract interpretation. The
essential difference between the two approaches is that the abstract inter-
pretation approach employs (a variant of) an iterative fixed point compu-
tation to compute the program approximation, whereas in the non-abstract
interpretation approach the program approximation cannot be computed
by an iterative fixed point computation (even with the aid of widening and
narrowing), and so very different computation techniques must be employed.

Abstract Interpretation Approaches

In these approaches, program approximation is defined by specifying a col-
lection of approximate values in the place of the exact values. This induces
an approximate semantic function, and the program approximation is typ-
ically the least fixed point of this function. Algorithms for computing such
approximations usually take the form of some kind of iterative fixed point
computation. Importantly, the approximate values are chosen in such a way
that such an iterative fixed point computation is guaranteed to terminate.

In logic programs, this approach has been widely used in type inference
(38, 40, 67], sharing analysis {27, 51), instantiation analysis [45] and in various
combinations of these analyses [11, 15]. General frameworks for abstract
interpretation of logic programs have also been developed by Bruynooghe
[10] and also by Marriot, Sondergaard and Jones [44, 60].

Similarly, the idea of using a collection of approximate values to reason
about programs appears, often somewhat implicitly, in most of the work on
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analysis of imperative programs. The use of approximate values is made
more explicit in a number of the more formal accounts of this approach.
Early works in this area include papers by Sintzoff [58], Kildall [39] and
Wegbreit [66]. These ideas were further developed by Cousot and Cousot
[13, 14].

In functional programming, abstract interpretation has been used for a
variety of analyses including strictness analysis, sharing analysis, and bind-
ing time analysis (see, for example, the collection of papers [1]). There are
also connections with type systems, particularly those involving subtypes.
In such systems, the starting point is some given finite set of base types.
This set is then closed under a small finite number of type constructors,
usually including the arrow type constructor. The use of a finite predefined
set of base types, and the need to avoid infinite ascending chains of types,
is in spirit similar to the use of approximate values in abstract interpreta-
tion. In fact a number of type inference problems can be usefully viewed as
abstract interpretation (for example, the refinement types of Freeman and
Pfenning [17]).

Although there is much diversity in the above works for logic, impera-
tive and functional languages, one unifying factor is the use of a collection
of approximate values that is finite or, more generally, satisfies some kind of
finite ascending chain condition. Moreover, this condition is used to guar-
antee termination of the analysis.

In terms of accuracy, the program approximations defined by this kind
of approach are not directly comparable to set based approximations. For
some programs, abstract interpretation is more accurate. As an example, if
an imperative or logic program contains only constants (function symbols of
arity 0), then an abstract interpretation approach can be used to compute
the exact collecting semantics. This is because the domain of values is
finite, and so the collection of abstract value can be chosen to be all possible
sets of program values. However, the set based approximation of such a
program is, in general, an approximation to its meaning. Conversely, there
exist classes of programs for which sbap and CSp coincide, but such that no
abstract interpretation algorithm can compute CSp for each program in the
class. For example, consider a program in which all function symbols (and if
applicable, predicate symbols) have arity 0 or 1. For such programs sbap =
CSp. However no abstract interpretation based approach can be used to
compute exactly CSp for each program in this class. This is essentially
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because any regular language is ¢~fuable by a monadic program. Hence,
if an abstract interpretation is to be exact on all monadic programs, the
collection of abstract values used must be expressive enough to represent all
regular languages, and this leads to termination problems. A more detailed
account of this argument is presented in Appendix II.

In summary, the program approximations that arise in abstract interpre-
tation work can capture some information about inter-variable dependen-
cies, but they must embody other forms of approximation (to ensure that
the iterative fixed point computation terminates). On the other hand, set
based approximations ignore all information about inter-variable dependen-
cies, but make no other approximations.

For efficiency reasons, many abstract interpretation approaches ignore
all inter-variable dependencies. In this case, set based analysis is more ac-
curate than abstract interpretation. Moreover, abstract interpretation that
ignores inter-variable dependencies can be used to provide an alternative
definition of set based analysis as follows. Consider the class of all ab-
stract interpretations that ignore inter-variable dependencies. In essence,
each abstract interpretation in this class is defined by an abstract domain
that consists of a collection of descriptions for sets of program values. In
some sense, the choice of abstract domain in each case is somewhat ad koc,
since the accuracy of the analysis can always be improved by adding more
descriptions to the abstract domain. In contrast, set based analysis is opti-
mal in the sense that it corresponds to an inter-variable dependencies free
abstract interpretation over the abstract domain consisting of all possible
sets of program values. Clearly, traditional iterative fixed point techniques
cannot be applied to compute over this domain, and hence the set based
analysis algorithm must use very different techniques. We note that, given
a program P, the output of the set based analysis algorithm essentially de-
fines a finite domain that is optimal for the inter-variable dependency free
abstract interpretation of P. In other words, for every program P, the set
based analysis algorithm synthesizes a finite abstract domain Dp that is at
least as good as any (finite or infinite) abstract domain for analyzing P, and
moreover corresponds to the set based analysis of P. The optimal domain
Dp is clearly different for different programs.
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»(f(a,b))- T, S p(f(a,b))¥ p(f(b,a))
p(f(b,a)). T, € ¢X)
9(X) « p(f(X, X)) pX) € Ty

Figure 5.8: Program 11 and Its Set Formula

Non Abstract Interpretation Approaches

Instead of using a collection of approximate values to obtain a decidable pro-
gram approximation, these approaches approximate inter-variable or inter-
argument dependencies. They are usually based on the use of set formulas
(constructed from a program) or closure operators. Since there are close con-
nections between these approaches and set based analysis, we shall consider
this part of the literature in considerable detail.

We begin by discussing approaches to the approximation of logic pro-
grams. One of the early works in this area was by Mishra [48] and involved
the use of set formulas to approximate a program’s success set. Specifically,
a set formula was constructed from a given program P, and it was shown
that the greatest model of this formula was a superset of the success set of
P. We now illustrate the construction of these formulas. Figure 5.8 contains
Program 11 and its corresponding set formula. In this formula, the variables
T, and T, are intended to be the subsets of atoms in the success set of Pro-
gram 11 that involve the predicates p and g respectively. The variable X
denotes a set of values and is intended to capture the values of the program
variable X. The operator & is similar to set union except that it performs a
tuple closure and this serves to ignore inter-argument dependencies. For ex-
ample, {f(a,b)} ¥ {f(b,a)} is defined to be {f(a,a), f(a,b), f(b,a), £(b,})}.
More formally, if S; and S, are two sets of values, then S; ¥ .53 is (53 U S2)*
where x is defined to be the following closure operator:

S* % {¢:cisa constant in §} U U f((fa;(S))*,...,(f(::,-,ym)(S))*)
fer

where f(Si,...,Sn) denotes the set {f(s1,...,8,) : 8i € S;} and f(;)‘(S)
denotes the set {s; : f(s1,...,3,) € §}. An interpretation Z of a set formula
is defined by specifying a set of ground atoms for each variable of the form

T,, and a set of values for each program variable. Interpretations are ordered
pointwise as follow: Z D I’ if, for each variable, the set specified by 7 is
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larger than or equal to the one specified by Z’. An interpretation that
satisfies the formula is called a model. For example, the greatest model of
the set formula in Figure 5.8 is

T, — {p(f(a,a)),p(f(a,b))p(f(b,a)),p(f(b,0))}
T, ~ {q(a),q(b)}
X » {a,b}

Using the same kind of approximation, Yardeni and Shapiro [68] defined
a notion of program approximation based on the immediate consequence op-
erator Tp. Recall from Section 4.2, page 63, that the immediate consequence
operator T; is defined by

_ . Ag—A;,...,A,is arulein P
T.(5) = {P(Ao) Aot e rileis }

and that the least fixed point of this function, denoted Ifp(Ts) can be used
to defined a semantics of logic programs. Yardeni and Shapiro modified
this definition using the x operator. Specifically, an approximate immediate
consequence operator Yp was defined by Y3(S) = (T3(5))*. This gives rise
to an approximate program semantics Ifp(Yp). Clearly Yp(S) 2 T(S) for
each §, and it follows that Ifp(Yp) is a conservative approximation of P in
the sense that Ifp(Yz) 2 Up(Ts).

In [25], Heintze and Jaffar showed that the approximations defined by
the set formulas of Mishra and the Y; operator of Yardeni and Shapiro
are very closely related. In essence, the greatest model of the set formulas
corresponds to the greatest fixed point of Y. [25] also shows how the set
formulas can be re-engineered so that the correspondence becomes exact.
Specifically, it is shown how, from a program P, set formulas can be con-
structed such that a model of the set formulas is a fixed point of Y; and
vice-versa. (Strictly speaking, this correspondence may not be exact for a
small class of degenerate programs.)

In summary, the set formulas and the Y; operator both approximate
programs by ignoring dependencies between arguments of function symbols.
The advantage of using set formulas is that they provide a natural starting
point for development of algorithms. Partial algorithms were reported in
[48). The advantage of using Tp-like operators is that they provide a closer
connection with standard notions of logic program semantics, and hence give
better insight into the nature of the approximation.
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The notion of closure embodied in * is in some sense very extreme: it
forces all dependencies to be ignored. Moreover, it behaves in an unbounded
manner (see the recursive case in the definition of x), and this appears to in-
troduce substantial complexity. It has yet to be shown that approximations
using *, such as Ifp(Y;), are decidable. One reason for the extra complexity
is that the usual distributive laws do not hold when U is replaced by W.
That is, (51 ¥ S2) N S3 does not in general equal (53 N S3) ¥ (52 N S3).

In [21}, Heintze and Jaffar proposed a more accurate approximate conse-
quence operator, Tp. Instead of ignoring all dependencies, 7 approximates
programs by ignoring inter-variable dependencies. In essence, this work was
an early version of the bottom-up set based analysis of logic programs. To
define 7p, recall the definition of .4, which maps a collection of environments
© into the smallest set environment that contains ©. Specifically, .A(O) is
the set environment that maps each variable X into {#(X): 6 € ©}. Now,
we have already observed how set environments can be treated as mappings
from terms into sets of values. For example, if g is the set environment
{{X—{a,c},Y—{b,d}]} then o(f(X,Y)) denotes the set {f(a,b), f(a,d),
f(¢e,b), f(c,d)}. Using these definitions, Tp can be defined as follows:

def  Ao—Ay,...,An € P, and
TP(I) = {GEQ(AO)- 9=A({P=P(Al)GI,---,p(A,.)eI}) }.

where I is a set of ground atoms. Intuitively, 7p fizst collects together the
environments for a rule that instantiate the body atoms into elements in
I. Using this set of environments, it collects together the possible values
that each variable may be instantiated to, ignoring relationships between
these variables. A set environment is then defined as the mapping from
each variable into the corresponding collected set of values, and finally, this
set environment is applied to the head of the rule.

To illustrate the difference between Y; and 73, consider Figure 5.9, which
gives an example logic program and the corresponding least fixed points of
Ys, Tr and Tp. For simplicity, only the subsets of atoms with predicate ¢ are
given; we abbreviate these sets by Ifp(Ys)lq, Ifp(7e)l; and Ufp(Te)|, respec-
tively. For Yp, the approximation is at the level of arguments, and this is
reflected by the presence of subterms such as f(a,d) and f(c,d) in ifp(Yp)|,.
In contrast, Ifp(7p) does not contain such elements and is strictly smaller
than Ifp(Yp). lfp(7p) does however contain elements that do not appear in
lfp(Ty). This relationship holds in general. That is, for all programs P,
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Up(Ye)l, UP(TP)Iq ip(T)|,
q(f(a, b), a) | q(f(a, b), a) | q(f(a, b), a)

q(f(a, d), a)
P(f(a, b), a)- Q(f(c’ d): 3') Q(f(c’ d)’ a’)
?(f(c,d),b). q(f(c, b), a)

9(X,Y) »X,Y). q(f(c, d), b) | q(f(c, d), b) | q(f(c, d), b)
q(f(a, d), b)
q(f(a, b), b) | q(f(a, b), b)
q(f(c, b), b)

Figure 5.9: Differences between Ty, 75 and Y;

Up(Tp) C Ifp(7e) C Ufp(Yp). This just reflects the fact that appraoximations
defined by ignoring inter-variable dependencies are more accurate than those
defined by ignoring all dependencies.

In [25], Heintze and Jaffar defined a further operator whose accuracy is
between that of 7 and Y;. This operator, called Z;, differs from 75 in that it
treats each variable occurrence separate y. Specifically, an occurrence based
environment is a mapping from pairs (X, i) into values, where X is a variable
and i is an integer indicating a variable occurrence. We adopt the convention
that occurrences of variables are labeled left to right. For example, applying
{(X,1)a, (X,2)b, (X,3)-c, (Y,1)—d, (Y,2)—e}, to the sequence of
atoms p(X), ¢(X,Y) yields p(a), ¢(b,d). The A approximation operator
can now be adapted to map collections of occurrence based environments
into a set environment as follows: .A(©) maps each variable X into

{v: for all 4, there exists p € O s.t. p(X,i) = v}

The operator Zp can now be defined similarly to 7, except that environ-
ments are replaced by occurrence-based environments.

def . Ao—Ay,...,A, € P, and
Zrl) = {“E"(A")‘ 2=A({P=P(Ai)€I,ISiSn})}

The variable g ranges over set environments and p ranges over occurrence
based environments. In general Zp is less accurate than 7p (because it
ignores dependencies between different occurrences of the same variable)
but more accurate than Y; (because it does not ignore all inter-argument




138 CHAPTER 5. SET BASED APPROXIMATION

?(f(a,b)).

p(f(b,a))-

r(X) < p(f(X, X)).
s(f(Y, 2)) « p(f(Y, 2)).

P(f(a’ b))’ p(f(b, a))’
Po(Te) {SU@J»SUQJD}

() { P(f(@r8))s 2(f(,a)) }

s(f(a,)), s(f(a,b)), s(f(b,a)), s(f(b,b))

P(f(a’ a)), P(f(a" b)),
ifo(Z») | « r(a), r(b) .
{ s(f(a,a)), s(f(a,d)), s(f(b,a)), s(f(b,b)) J
[ p(f(a,a)), p(f(a,b)), p(f(b,a)), P(£(5,b)) ]
ifo(Ys) r(a), r(b) »
| s(f(a,a)), s(f(a,b)), s(f(b,a)), s(f(b,b)) ]

Figure 5.10: Differences between Tp, 7p, Zp and Y;

dependencies). Figure 5.10 illustrates the difference between T3, 75, Zp and
Y.

We now compare Yz, Zp and 7 to set based analysis. As has already
been mentioned, the work on 7 was essentially an early version of bottom-
up set based analysis for logic programs. Specifically, given a logic program
P, ifp(Te) corresponds exactly to the least set based model of the bottom-up
environment constraints of P. It follows that set based analysis is strictly
more accurate than the Y and Z; approaches to program approximation.

We now sketch the proof of the equivalence of Ifp(7p) and the least set
based model of bottom-up £Cp. First, the two approximations must be put
into the same form, since 7 defines an approximation to the set of successful
ground goals for P, whereas the least set model of bottom-up £Cp associates
a set environment to each program rule. However, 7 can be thought of as
associating collections of environments to each program rule in a natural
way. To see how this may be done, first recall the definition of 75.
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def _ Ag—Ay,...,Aq € P, and
R = {aeg('%)' e=A(l{p=p(As)€I, 1<isn}) }

Implicit in this definition is the computation of a set enviroiment corre-
sponding to each program rule. To make this explicit, consider replacing
the set I of ground atoms, with a set of pairs (B, ¢), where B is the head of
a program rule and g is a set environment. Then 7; can be defined by

Ap+—A;,...,Ap, € P and

() ¥ {(40,40)): ¢ _ {,,:,,(A,.)e U e®B), 1<i< n}
(B,o)el

where the least fixed point of this alternative function defines a collection of
pairs (B, g) such that taking the union of the sets g(B) over all these pairs
recovers the least fixed point of the original 7; definition.

The least fixed point of this definition is just the least solution of the
equation 73(I) = I, and so the least fixed point can be characterized as the
least solution of

Ag—A4Ay,...,A, € P and
I = {(A0,A(0)): 9={,,:,,(A,.)e U e(B), 1Sisn}

(B.o)el

where solutions to this equation are ordered as follows: I; < I, if, for all
head atoms By (31 91) € Il and (3,22) € 12 imPlies that 451 - 02.

Now, a solution I of this equation is a specification of a set environment
to each rule in P. Using the fact that each rule in a logic program is
assumed to have a unique label, I can be viewed as a specification of a set
of elements of the form g%, one for each rule R* in P. Using this notion,
the single equation above can be decomposed into a collection of equations,
one for each rule label a as follows:

o = A ({ p:p(A) € U 0°(head(R)), 1<i<n }) (5.10)

RPeP

where head(R) denotes the head of the rule R. Now, consider replacing
equality in these constraint by inequality to obtain the constraints:
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e* 2 A ({ p:p(Ai) € | oP(head(R)), 1<i< n}) (5.11)

RPeP

where a ranges over rule labels in P. Importantly, it can be shown that the
least model of (5.11) is the same as the least model of (5.10).

Now, consider the expressions p(4;) € Ugrsep 0°(head(R)). The only
components of Jpeep 0°(head(R)) that may contain a term of the form
p(A;) are those terms that match A;. Hence

RP € P and
p(Ai) e |J P(BP) iff p(Ai) €| J{ oP(head(R)) : head(R) and A.-}
RPeP are compatible

It follows that the constraints (5.11) are satisfied if and only if the following
constraints are satisfied:

e 2 {p: o) € A (BY)...,p(4a) € (B)} (5.12)

where the §; range over rule labels such that B is a head atom in P and
A; and B; are compatible.

Observe that the constraints (5.12) are virtually identical in meaning
to the set based interpretation of the bottom-up environment constraints.
In fact the only essential difference is that variables g? are used instead of
¥A. Recalling that R® € P indicates that the rule with label 8 in P is R,
it is now easy to see that bottom-up set based analysis of logic programs
corresponds to Ifp(7¢) in the following sense:

Proposition 15 Let P be a logic program, and let ECp be the bottom-up
environment constraints for P. Then

ip(Te) = |J sbap(¥P)(head(R)) []

RPeP

We conclude by discussing the use of non abstract interpretation ap-
proaches to the analysis of imperative and functional programs. The two
main works here are by Jones and Muchnick [32, 34] and Reynolds [63]. In-
stead of developing an approximate program semantics in the style of Yz or
Tp, these works focus on the use set constraints to obtain information about
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the possible run-time values of program variables.

In [32], an analysis is described for an imperative language with LIsP-like
data structures (this work was later generalized in [34]). The essence of this
approach is the construction of set constraints corresponding to a program
to capture the flow of values from one variable to another as the program is
executed. Underlying this work is the intuition of treating program variables
as sets of values and this is inherited by set based analysis. However, the
set constraints are constructed in such a manner that they can be solved
by a fairly straightforward algorithm. In particular the set constraints do
not contain a notion of intersection, and their only operation is projection
(corresponding to decomposition of data structures). Hence they are not ex-
pressive enough to capture a number of important components of programs.
For example, all information about the conditions in conditional statements
is completely omitted. Also information relating to well definedness of ex-
pressions is ignored (for example, after a statement X = car(Y’), it must
be the case that Y is of the form cons(:--) because otherwise the program
would have terminated with an error).

In contrast, the earlier paper [63] uses set constraints to compute data
type definitions for program variables in a first order functional language.
The constraints used are similar to those used in [32]. Again the only set op-
eration of the constraints is projection, and so the program approximations
obtained are considerably less accurate than set based approximations.

In summary, the set constraints used in [32, 63] are substantially simpler
than those used in set based analysis. This has the advantage that they
are much easier to solve. However, the program approximations that they
define are significantly less accurate than set based approximations. Another
major difference is that these approaches have viewed constraints as a tool
for obtaining information about the program, and the constraints themselves
incorporate a number of ad hoc approximations in addition to ignoring inter-
variable dependencies.

The general approach of [32, 63) has been extended by Jones [31] to
deal with higher order functions. This approach has been further developed
for binding time analysis [50], garbage collection [30] and globalization of
function parameters [56]. One presentational difference in these works is
the use of various extensions of regular grammars instead of constraints.
However there is a strong duality between such grammars and set constraints
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since there is a natural way to view set constraints as grammars and vice- .
versa. In particular, the technical details are broadly similar to [31, 32, 63].




Chapter 6

Set Constraints

Previous chapters have described how environment constraints can be used
to characterize the run-time behavior of programs. Subsequently, set based
program approximation was defined by treating program variables as sets of
values. As a first step towards computing set based approximations, we now
show how environment constraints may be translated into set constraints
such that the least set based model of the environment constraints corre-
sponds to the least model of the set constraints. This translation uses the
fact that, when interpreted using set based interpretations, certain aspects
of environment constraints may be significantly simplified.

We first describe the general form of the set constraints used and prove
some basic properties. Then, for each kind of environment constraint, we
give the translation into set constraints and show that is correct. In effect,
this translation reduces the problem of computing the set based approxi-
mation of a program into the problem of computing the least model of a
collection of set constraints.

143
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6.1 Set Constraints

We define a scheme for set based calculi. This scheme is defined in the
context of some alphabet ¥ of function symbols where each function symbol
f comes equipped with a unique arity denoted arity(f). The letters f, g and
h shall be used to denote function symbols. A function symbol of arity 0
is called a constant. A value is an expression constructed from the function
symbols in I, viz: f(v1,...,Verity(y)) is a value if each v; is a value. We shall
assume a countably infinite collection VAR of set variables. Set variables
shall be denoted X,), 2, etc., and shall be interpreted as sets of values.

The main parameter of the calculus scheme is a collection of operations
for combining sets of values. Specifically let OP be a collection of set op-
erations, where each operation op € OP has an associated arity denoted
arity(op), as well as a meaning function [op], which maps any sequence of
sets of values (S1,...,Sarity(op)) into a set of values. In the context of such
a collection of operations, define that a set ezpressions se is either:

a set variable;

one of the special constants T or L;

sep U sey;

f(se1,...,se,) where f is an n-ary symbol from I, or

op(sey,...,3e,) where op is an n-ary operation from OP,

where the se; are set expressions. Note that the constant T also appears
in environment constraints. However, it will always be clear from context
whether T represents an environment expression or a set expression. A
set constraint is of the form se; D se; or se; = se;. Collections of set
constraints shall be denoted by the symbol C. Where ezp,,...,ezp,, n >
1, is a sequence of set expressions or set constraints, var(ezp,,...,ezp,)
denotes the collection of all set variables that appear in ezp,,...,ezp,.

To define the meaning of set expressions, let Z be a mapping from each
set variable into sets of values. Then Z(se) is defined to be:

o I(X) if X is a set variable;
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o the set of all values, if seis T;

o the empty set {}, if seis 1;

o I(se; ) UZI(sey), if se is sey U sez;

o {f(v1,.--,vn) : v; € I(s€;)} if se is f(sey,...,s€s), Or
o [op](Z(ser1),-..,I(sen)) if se is op(sey,...,ses).

Z is a model of a constraint se; D se; or se; = se; if Z(sey) 2 Z(sez) or
I(se;) = I(se;) respectively. T is a model of a collection C of constraints,
denoted Z |= C, if 7 is a model of each constraint in the collection. Models
shall be ordered componentwise: I; 2 I iff Z)(X) 2 Z(X) for each set
variable X. We write Im(C) to denote the least model of C if it exists.

Note that the meaning Z(ee) of a set expression ee is defined in terms
of the meanings of the immediate subexpressions of ee, and it follows that
“equal” terms can be replaced in all contexts. Specifically,

Proposition 16 Let se be a set expression that contains se; as a subez-
pression. Let se' be the result of replacing se, in se by the set ezpression
sey. If I(se1) = I(sez) then I(se) = I(se').

Proof: By structural induction on se. []

We now give some example constraints. Let C denote the single con-
straint X 2 ¢ U f(f(X)), where c is a constant and f is a unary symbol.
C has many models, including the interpretation that maps all set variables
into the set {¢, f(c), f(f(c)),...}. Another model of C is the interpretation
7 defined by

— {,fz( )7f‘( )a} .fy X
= { {‘}: ‘ ’ ;f Yy ;: different from X

where f* abbreviates n applications of f. This model is smaller than the
first, and is in fact the least model of C.

Without using operators from OP, the constraints that can be formed
have a simple structure. In particular, it is fairly easy to reason about their
least model because the structure of the least model is readily apparent
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from the constraints. Specifically, if C is a collection of constraints involving
only set variables, L, T, union and function symbols, then there is a simple
polynomial time algorithm for determining v € Im(C)(X’) where v is a value
and X is a set variable. We shall discuss this further in the next chapter,
and also show that such collections C correspond to regular tree grammars,
or alternatively, regular tree automaton.

The most interesting aspect of set constraints lies in the set operators
that make up the parameter OP. One of the simplest set operators is
intersection, which is given its usual set theoretic interpretation so that if
I(&X) = {a,b,c} and Z(Y) = {b,c,d} then Z(X¥NY) = {b,c}. As an example
of the use of intersection, consider the following constraints:

X 2 aUf¥x)
Y 2 aufiy)
Z 2 AnYy

The least model of these constraints maps & into {a, f3(a), fé(a),...}, maps
Y into {a, f%(a), f4(a),...}, maps Z into {a, fé(a), f*%(a),...}, and maps all
other variables into {}. For convenience, we shall consider n-ary intersec-
tions, written N, where n > 2. The subscript n shall usually be omitted
and an expression Ny,(sey,...,se;) shall be written as se; N--- N sey,.

Another kind of operator is projection. Specifically, for each n-ary sym-
bol f € I, there are n projection operators, f(;)l, ey f(;} The meaning
of each operator f(t)l is defined by the function [ f(;)ll, which maps a set §

of value into {v; : f(v1,...,v,) € §}. For example, consider the following
constraint:

X 2 f(f(X)) Ua U f}(X)

The least model of this constraint maps X into {a, f(a), f(f(a)),.-.} and
maps all other variables into the empty set.

The next class of operators have arity 0. Their purpose is to allow a
very limited form of complementation to be expressed. Specifically, where
se is a ground set expression, define that 3¢ is a complement constant
that represents the complement of se. That is, for any interpretation Z,
Z(3€) = {v:v ¢ I(se)}. Since se is ground, complement constants 3¢ have
a fixed meaning over all interpretations. We choose not to introduce com-
plementation in its full generality because it is not monotonic. The limited
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form of complementation embodied in the complement constants proves to
be useful for reasoning about certain aspects of imperative programs such
as inequality and negated match conditions.

Although the ground set expression se in a complement constant 3¢ may
be arbitrary, we shall not use this generality in the constraints employed
to compute sbap. Specifically, we shall only use complement constants that
have the form a; U---U a, where each g; is either of the form fi(T,...,T)
or contains only function symbols. For notational convenience, we shall fre-
quently write complement constants in the form S where § is a set of ground
set expressions, so that if § is {a;,...,a,} then S denotes a; U--- U a,,. For
example, {nil, cons(T,T)} denotes nil U cons(T, T), which describes the set
of values whose top-mos: symbol is not nil or cons. We shall identify the
constant T with {}.

Note that if T is finite, then complement constraints S can be consid-
ered to be a notation for a somewhat unwieldy ground set expression. For
example, if £ is {f,g,a}, then m can be identified with the expression
g(T)U a U f(@) where @ denotes f(T)U g(T). We choose to use explicit
complement constants because it gives a slightly more general treatment,
and leads to more efficient algorithms.

The final class of set operators used in this thesis are quantified operators.
In essence, a quantified operator of arity n is a formulas with n holes. We
begin by defining these formulas. A quantified set ezpression is of the form
{X : conj} where X is a program variable and conj is a conjunction of
quantified conditions of the form s € se or st se where s is a program term
and se is a set expression. If conjis the empty conjunction, then {X : conj}
is identified with T. Now, a quantified operator is essentially a quantified
set expression with the set expressions missing. Specifically, a quantified
operator op consists of a program variable X and a sequence of m > 0
formulas, each of the form (s € ) or (st -). The result of applying op to a
sequence of set expressions sej,...,Sen, is

{X :conjy A---Aconjn}

where, for i = 1..m, conj; is (s € se;) if the it* formula in op is (s € -), and
conj; is (s t se;) if the it* formula in op is (s1-). For example, if op consists
of the program variable X and the sequence of formulas (f(X) € -),(X t )
then op(f(2),¥) is {X : f(X) € f(Z)A X € V}.
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The meaning of quantified operators is defined by giving a meaning to
quantified set expressions. Let Z be an interpretation that maps each set
variable into a set of values. Then Z({X : conj}) is defined to be {p(X) :
p € I(conj)} where p € I(conj) if

p>s A p(s)€I(se) for all s € se in conj,
and pbs A Fv(v#p(s) A veZI(se)) forallstsein conj.

Intuitively, p € Z(s € se) if p(s) is contained in the set of values that 7
assigns se, and p € Z(s 1 se) if Z(se) contains a value different from p(s).
For example, consider the following constraints:

¥ 2 {X:XtZAXeTM A Xev)
Y 2 aubucU f(a)
Z D ¢

The least model of these constraints maps Z into {c}, Y into {a,bd,c, f(a)}
and X into {a,b}. Note that if the constraint Z D a is added, then the least
model changes and X is now assigned {a,b,c}. This is because the least
model now maps Z into {a,c}, and so the disjointness condition X t Z is
becomes vacuous.

Intuitively, quantified conditions of the form s € se are elementhood re-
lationships, and are generated from atomic program conditions of the form
s = t, matchy(s) and ~matchs(s). Quantified conditions of the form st se
are “apartness” relationships and are generated from atomic program con-
ditions of the form —(s = t). For example, consider the program condition
X #Y. In essence, this shall be translated to

(X e X)A(XIDIAY €PN (Y 1X)

where X and )Y respectively denote the sets of values for X and Y at the
point just before execution of the conditional statement. The idea is that
the two apartness conditions capture the requirement that X and Y assume
distinct values. For example, if X is {a,b} and ) is {b}, then the only
possible values for X and Y after the conditional are a and b respectively.

To summarize, the set operators used to compute sbap include intersec-
tion, projections, complement constants and quantified operators. We note
that quantified operators may be viewed as a generalization of projections

because any expression f(:)l(se) can be translated into the quantified expres-
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sion {X;: f(X1,...,X5) € se} where f is n-ary and Xj,..., X, are distinct
program variables.

Central to our work on set constraints is the notion of least model. In
general, these models do not exist. For example, the constraint Y U)Y =a
has two minimal models as follows

{a} fZis X _J {a} ifZ2is)Y
L2 = { {} othe:wise L2 = { {} otherwise

but does not have a least model. However, in certain circumstances, a least
model is guaranteed to exist. Specifically, define that a constraint is in
variable-ezpression form if is has the form A" D se where X" is a variable
and se is a set expression. All of the constraints used in this thesis shall
have this form. Now, Corollary 4 of the Appendix I shows that the least
model of a collection of variable-expression form constraints exists if the set
operators appearing in the constraints are monotonic in all arguments. It is
easy to verify that all of the operators we have introduced are monotonic,
and hence the collections of constraints we shall consider will always have
least models.

Any constraint of the form X D se shall be referred to as a lower bound
for the set variable X’ because in any model of this constraint A" contains
at least se. The following two propositions establish some useful proper-
ties about lower bounds; both propositions are instances of more general
propositions that can be found in Appendix I (see propositions 48 and 49
respectively).

Proposition 17 Let C be a collection of constraints in variable-ezpression
form. If v € Im(C)(X) then C contains a lower bound on X of the form
X D se such that v € Im(C)(se). []

Proposition 18 Let C be a collection of constraints in variable-ezpression
form in which all set operators are monotonic. If X D se is the only lower
bound for X then Im(C)(X) = Im(C)(se). []

This last proposition implies that if A3,...,A, is a sequence of distinct
variables, then any collection of constraints of the form

Xl 2861,...,(1',; 288,,
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has the same least model as the constraints A; = sey,...,An = se,. Now,
consider an arbitrary collection of variable-expression form constraints and
suppose that the following step is repeatedly applied to the collection: re-
placing two constraints X D se and X 2 se’ by the single constraint
X 2 seU se'. The result is an equivalent collection of constraints of the
form A} 2 sey,...,&Xn D se, where X},..., A, are distinct variables. It
follows that variable-expression form collections of constraints are com-
pletely interchangeable (w.r.t. least models) with constraints of the form
X, = sey,...,Xn = se, where Xj,..., A, are distinct. Hence, we can choose
between these two forms of constraints. In two previous papers on set con-
straints [21, 24], we chose to use the equational form. However, in this thesis
we use the D form because it simplifies some of the presentation.

We also note that when the set operators in OP are monotonic, propo-
sition 16 can be strengthened as follows.

Proposition 19 Let se be a set expression that contains se; as a subez-
pression. Let se' be the result of replacing se; in se by the set ezpression
sez. If I(se ) C Z(sez) then I(se) C I(se'). []

We conclude this section by relating variable-expression form constraints
and the definite set constraints considered by Heintze and Jaffar in [22].
Whereas variable-expression form constraints are of the form X D se, defi-
nite set constraints are of the form ae D se such that ae is a set expression
that does not contain any set operators. Clearly definite set constraints are
a strict generalization of variable-expression form constraints. A collection
of definite constraints may not have any models, but if there is a model then
there is a least model. In essence, [22] proceeds by reducing such constraints
into constraints of the form X D se, and the core algorithm of the paper
then solves these reduced coustraints. The core algorithm of [22] is essen-
tially an early version of the set constraint algorithm described in the next
chapter.

6.2 Environment Constraints and Set Constraints

We now translate environment constraints into set constraints in such a way
that the least set based interpretation of the environment constraint corre-
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sponds to the least model of the set constraints. Let P be a program and
let X4,...,X;, denote the program variables in P. Now, for each program
point y, introduce set variables &},..., X%. Intuitively, the set variable A
shall denote the set of values for the program variable X; at the point u. In
other words, the set environment ¥# shall be represented by the tuple of set
variables (X},...,X%).

The construction of set constraints from environment constraints re-
quires the systematic replacement of program variables with set variables.
For example, consider the environment constraint ¥# D ¥*, which states
that each environment in ¥* must appear in ¥#. If ¥* is represented by
(A,...,X2) and ¥* by (XF,...,X%), then appropriate set constraints for
¥+ D T are:

A 2 X} fori=1.n

Now consider the environment constraint ¥* O ¥*[X3z—cons(X;, X3)), cor-
responding to an assignment statement X3 := cons(X;,X3). The values for
the variables different from X3 remain unchanged. The value for X3 is given
by treating X} as a set mapping and applying it to cons(X;,Xz). This can
be expressed using set constraints as follows:

Xy 2 cons(X), X))
Xl D X} fori#3

A more complicated example is ¥* O ¥*[Xz—>car(X3)], corresponding
to an assignment statement X3 := car(X3). In essence, we wish to construct
the following set constraints:

XY D car(X})

AP D X} fori#2
However these set constraints are not faithful to the meaning of ¥# 2
WA Xycar(X3)]. This is because car(X3') provides an implicit restriction
on the values for X3 after the assignment statement: they must all be of the
form cons(:--). To appropriately modify the constraints so that they reflect

this condition, recall that the definition of the set based interpretation of an
environment expression ¥[X w ] is:

Z(Y[X — t]) = o[X—0(t)] where ois A({p € Z(¥):p b 1}).

That is, the definition first constructs a set environment A(p = {p €




152 CHAPTER 6. SET CONSTRAINTS

Z(¥) : p b t}) and then modifies this set environment to reflect the as-
signment X := ¢. This indicates a two stage process, and the set con-
straints corresponding to ¥# O ¥*[Xy>car(X3)] are similarly constructed
in two stages. Specifically, let X},...,&, be new set variables, and the
intention is that these variables will be used to capture the “temporary”
set environment ¢ = A({p € Z(¥) : p b car(X3)}). Now, corresponding to
¥# D W[ X>car(X3)], construct the following set constraints:

X 2 {X3z:X3€cons(T,T)A X3 € X} (1)
X, 2 X fori#3

XY D car(X3) @
X D A fori#2

The first group of set constraints, labeled (1), corresponds to the construc-
tion of set environment g, and in essence restricts the values of X3 so that
car(X3) is defined. The second group of set constraints, labeled (2), updates
set for X, to car(A3), and retains the sets for the other variables.

The actual constraints used are slightly more complex than these exam-
ples suggest. The main reason for this is that if ¢ # j then the set variables
X} and XY are essentially independent of each other — there is no a priori
reason why one cannot be empty and the other non-empty. However, recall
that, by definition, a set environment p is subject to the following require-
ment: if p maps some program variable into the empty set, then it must
map all program variables into the empty set. Hence, if the set variables
(Xf,...,X%) are used to represent a set environment ¥*, then care must
be taken to ensure that if X is empty, for some %, then X’* is empty for all
i.

We now give the details of the set constraints. Since the treatment
of program terms will require the replacement of program variables by set
variables, first define that [Xj,...,X,,—A),...,4&n] denotes the renaming
substitution that maps X; into A}, so that {[Xy,...,Xp—X),...,A0n] is
the result of replacing each program variable X; by the set variable X;.
The set constraints for a program P can now be defined by translating the
environment constraints of P as follows.

Definition 13 (Set Constraints) The set constraints SCp for a program
P are constructed as follows:
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(i) For each constraint ¥* 2 ¥*, SCp contains':
X2 {Xit Ajmrm X € X)), i = Lum.
(ii) For each constraint ¥* D T, SCp contains:
Xt D T,i=1.m.
(iii) For each constraint ¥* 2 WA[Xp—t], SCp contains:
X 2 {X;:defined(t) A N\joy.m Xj €X}}, i=1.m

Xi€t[Xyyeoy XXy, ooy Al .
X;: ) , i=1l.m
Xj_GA'}‘, 151#15771

where Xj,...,Xm are distinct new set variables and defined(t) denotes the
conjunction of all quantified conditions s € f(T,...,T) such that t has a
subterm of the form f(;)l (s).

(iv) For each constraint ¥* D ¥*[cond), let cond be conj, V ---V conj,, and
SCp contains:

X; 2 {Xi:defined(cond) A Aj=y.m Xj € X;\}, i=1l.m

XY 2 {X;: translate(conji) A Ajz1.m X; € Xj}, i=1.m, k=1.n
where Xy,...,Xy, are distinct new set variables, defined(cond) denotes the
conjunction of all quantified conditions s € f(T,...,T) such that cond has a

subterm of the form f('J?)l(s), and translate( conj,) is defined to be conjunction
consisting of the following quantified conditions:

e (A S EUX1yeeey X=X, ..., X2 for each condition of the
t€ s[X1,..., Xm AP, .., XA] form s =t in conj.

o (A X1,y XA, .o XA for each condition of the
t18[X1,. 0y Xm A, .., X0] form —(s = t) in conj.

for each condition of the

o te f(T,...,T) form matchy(t) in conj,.

!We note that ¥# D ¥* could alternatively be translated into X 2 X2, i = 1..m. Although
these alternative constraints are simpler and clearly desirable in practice, we use the more complex
constraints for presentational reasons because they clarify relationships between the emptiness of
the variables X}, ..., A%
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for each condition of the

ete f(T,...,T) Jorm —~(match y(t)) in conj,.

(v) For each constraint W* D [A; € B;.W™M,..., A, € B,.¥*"], SCp con-
tains:

P ¢alio) {X.' : /\ A € Bk[Xl,...,XmHX{\",...,X,:‘,*]} ,i=1l.m
k=1..n

0

The set constraints SCp correctly characterize approz, in the following
sense.

Proposition 20 Let P be a program. Then, for all program points pu,
sbap(¥*)(X;) = (Im(SCp)) (XF), i=1l.m.

Proof: The first step of the proof establishes a strong correspondence be-
tween models of £Cp and models of SCp. Specifically, if Z.. is an interpre-
tation of £Cp and Z,. is an interpretation of SCp then

If () Zye(XY) = Z..(¥#)(X;) for all p and i, and
(b) Zso(X) = Z,.(se) for all constraints &' 2 se in SCp
where the variable X is not of the form X}
then Z,. = ECp iff Z,. = SCp.

To prove property (6.13) let Z.. be a model of £Cp and let Z,. be a model
of SCp, and suppose that conditions (a) and (b) are satisfied. Now, corre-
sponding to each constraint in £Cp, a collection of constraints is introduced
into SCp. It therefore suffices to show that for each of the cases (i-v) in
the construction of SCp, the environment constraint considered is satisfied
by T iff the set constraints constructed are satisfied by Z,.. Consider each
case in turn.

(6.13)

In case (i), an environment constraint ¥# D ¥* is considered and set
constraints XY 2 {Xi : Ajoj.;m Xj € X}}, i = 1..m are constructed. To
prove this case, consider the following chain of reasoning:
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T (¥*) 2 Z.(¥*)

iff Zeo(W*)(X:) 2 Ze(¥H)(X:)

ff Ze(U9)(X) 2 {p(X:):p € Z(¥*)}

iff Zeo(¥9)(X3) 2 {p(X0) : p(X;) € Zoo(¥P)(X;), 5 = 1..m}

iff L (99)(X:) 2 {p(X:):p(X;) € Zoe(A}), 5 = 1..m}

iff Isc(’?ip) 2 Isc(/\j:!..m Xj € A’;\)
The first step in this chain follows from the pointwise ordering of the com-
parison of set environments. The second and third steps follow from the

definition of set environments. The fourth step follows from the equality
Toe(XF) = Zoo(¥#)(X;). The last step just follows from the definition of

ISC(Aj:l..m Xj € A’;\)
In case (ii), an environment constraint ¥# O T is considered and set

constraints X 2 T, i = 1..m are constructed. Clearly Z,.(¥*) D Z.(T) iff
Z..(¥*)(X;) = {all values} iff T,o(X*) 2 Z,.(T).

Now consider case (iii), and let g be the set environment A({p € Z.(¥*) :
p b t}). Since condition (b) is satisfied, the set constraints X; D {X; :
defined(t) A Aj=y.m Xj € X;‘},i = l..m are guaranteed to be satisfied by
Z,c. Condition (b) also implies that o(X;) = Z,.(X;) for i = 1..m, as the
following chain of reasoning demonstrates:
o(X:) = {p(Xi):p >tandpe (¥}
= {p(Xi): p bt and p(X;) € Z.(¥*)(X;), j = 1..m}
= {p(Xi):p btand p(X;) € I,C(X;‘), j=1l.m}
{p (X): p(s) has form f(---) for each subterm f(;;(s) of t}
V(X)) €L(X})  forj=1l.m

{p( X):P()€Z(se)  foreachs€sein deﬁned(t)}

p(Xj) € I:c(fl’;\) for ] =1l.m
= T, ({X.' : defined(t) A Aj=1.m X € X;\})
= I,(X).

The first equality is just the definition of p. The second follows from the
fact that p € T.(¥*) iff Ajxy.mp(X;) € Zec(¥#)(X;). The third follows
from hypothesis (b) of (6.13). The fourth follows from the observation that
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the place in the definition of p(t) where undefinedness can be introduced is
at the evaluation of projections. In particular, it is easy to verify that p(t)
is defined iff for all subterms of ¢ that are of the form f(:)l (8), it is the case
that p(s)is f(v1,...,v,) for some values v;. The fifth equality follows from
the definition of defined. The sixth equality follows from the definition of
Z,.. Finally, the seventh equality follows from condition (b).

Having established that g(X;) = Z,.(X;), it follows from a simple struc-
tural induction argument on any program term t, that

o(t) = Loe(t[ X1, ..., X2, .., An]).

The proof for case (iii) can now be completed by the following chain of
reasoning:

Iec(‘l'“) 2 Iec(‘l"\[XlHt])
Iec(\l'“) 2 Q[Xng(t)]

(z,c(w)(x,) 2 o(t), and )
Zeo(W*)NX3) 2 o(Xi), i#1

(I,C(X,“) 2 I,c(t[Xl, cee ,XmHXI, cos ,Xm]), and )
Tu(Xf) 2 Toe(X), i £1

Now consider case (iv), let ¢ be the set environment A({p € Z..(¥*) :
p b cond}), and write cond in the form conj, V ---V conj,, where each conj,
is a conjunction of atomic program conditions. Again condition (b) implies
that the constraints X; D {X; : defined(cond) A Ajoy  Xj € X}}i=1.m
are satisfied by Z,.. Using reasoning identical to that in case (iii), it is easy
to verify that condition (b) also implies that o(X;) = Z,.(&;), and hence

g(t) = ch(t[Xl, coe ,XnHXI, cose ,Xn])

for any program term t. Case (iv) can now be established using the following
chain of reasoning.
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Z(¥*) 2 A({p€o:pk,conjy Vv---Vconj,})
iff /\ (¥ )X:) 2 {p(Xi):p€oApl, conjy V---V conj,}
t=1..m

iff A A Iec(\I’“)(Xi) 2 {P(X:) tPEQAp FO wnjk}

i=1.m k=1..n

ff A A Ze(¥4)(X) 2 {p(X.-)=pl=e conji, A N\ p(Xj)ee(Xj)}

i=l..m k=1..n ij=l.r

iff /\ /\ L(Xf) 2 {P(Xt'):P e conji A /\ P(Xj)ezsc(xj)}

i=l.m k=1..n i=l.r

if A A Z(x) 2 I ({X.-:tmnslate(oonjk) AN Xje Xj})

t=l.mk=1..n Jj=l..r

The first four steps are straightforward: the first follows from the defi-
nition of A, the second from the fact that p |, condy V --- V conj,, iff
p [k, cond; for some k, the third from the definition of p € p, and the
fourth from Z..(¥*)(X;) = Ze(X}) and o(X;) = Z,o(A;). The core part
of the proof is the last step. To prove this, let ¢ abbreviate the renaming
[X1,..., Xm—X1,..., ], and consider the following chain of equalities:
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for all ~(s = t) in conj,

for all ~(s = t) in conj,

for all matchy(s) in conj,
for all ~(matchy(s)) in conj,

s

for all (s = t) in conj,

for all ~(s =) in conj,

for all matchy(s) in conj,
for all ~(matchy(s)) in conj,

158
. P, conj d
{”(X" AK€ Ty for = 1}
( p(s) € o(t) A p(t) € o(s) forall s=tin conj,
Jv(v e o(t) Av # ofs))
_ N Iv(veo(s)Av #o(t)
= 1P 5) has form f(---)
p(8) is not of form f(---)
{ P(X;) € Ty (X;) for j = 1..r
' p(8) € Lsc(a(t)) A p(t) € e(a(s)) for all s =t in conj
Fv(v € Le(a(t)) A v # p(s))
_ ]y e Tulelo) Ao # (1)
=V p(s) € 2l £(T -, TY)
p(3) € L(f(Ty-..,T))
L p(XJ) € Isc(“’j) for J =1l.r
( p(s) € I(se) for all s € se in translate(conj,)
= p(X;) : v (::ﬁ(s?)) for all st se in translate(conj,)
{ p(X;) € Tpe(X;) for j = 1.1

j=l.r

X : translate(conj,) A N\ Xj € X,})

P

The first equality in this chain is just the expansion of the definition of
p o conj;, noting that cond is just a conjunction of atomic program
conditions. The second equality holds because:

o it has previously been established that o(t) = Z,.(o(t)) for any pro-
gram term ¢ (recall the at o abbreviates [X;,...,Xm—&1,...,&n0]),

o Z,.(f(T,...,T)) is the set of all values of the form f(---), and so the
condition p(s) € Z,.(f(T,...,T)) is equivalent to the condition “p(s)
has form f(---)”, and

o Z,.(f(T,...,T)) is the set of all values not of the form f(---), and so




6.2. ENVIRONMENT CONSTRAINTS AND SET CONSTRAINTS 159

the condition p(s) € Z,.(f(T,...,T)) is equivalent to the condition
“p(s) is not of form f(---)".

The third equality follows immediately from the definition of translate, and
finally, the fourth equality is just the definition of Z,..

This completes the proof of (6.13). The remainder of the proof uses
(6.13) to show the following two properties:

(1) There is a model Z,. of SCp such that Im(ECp)(¥*)(X;) = Lec(XY).
(2) There is a model Z.. of £Cp such that Z..(¥*)(X;) = Im(SCp)(X}).

These two properties imply the proposition because from the first it follows
that

Im(£CP)(T*)(X:) = Toe( X¥) 2 Im(SCP)(XY),

and from the second it follows that
Im(ECP)(¥*)(X:) € Tec(¥*)(Xi) = Im(SCP)(XY).

and together these imply that Im(ECp)(¥*)(X;) = Im(SCp)(XY).
To prove property (1), define an interpretation Z,. of SCp by

7,(X) def Im(ECP)(¥H)(X;) if Xis XY
s¢ T,(se) if X is not of form XY and X D seis in SCp

This is well defined because each set variable X' appearing in SCp is either
of the form X/ or else it is one of the extra variables introduced in the
translation of environment expressions ¥[cond] or ¥[X—t]. In the latter
case there is only one constraint of the form X’ D se, and se contains only
variables of the form X/. Hence this definition does yield an interpretation
Z,. of SCp, and it only remains to verify that Z,. is a model of SCp. From
the Z,., it is clear that the pair of models Im(£Cp) and Z,. satisfy conditions
(a) and (b) of (6.13), and so (6.13) implies that Z,. |= SCp.

To prove property (2), define an interpretation Z,. of £Cp by

T(9#)(X:) ¥ tm(SCR)(XY)
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The fact that this does define an interpretation Z.. of £Cp is not obvious
because an interpretation Z,. of £Cp must satisfy the following property for
all u:

if (T (¥*)X:) = {})
then Vi(Z..(¥*)(X:) = {})

where ¢ ranges over 1..m. This requires that Im(SCp) satisfy:

if Ji(Im(SCp)(X*) = {})
then Vi(lm(SCp)(AY) ={})

Note that this property does not hold for an arbitrary model of SCp; its
proof uses special properties of least models. Specifically, Proposition 17
proves that if v € Im(SCp)(X) then SCp contains a constraint X D se such
that v € Im(ECp)(se).

Now, to prove (6.14), suppose that Im(SCp)(X*) # {} for some r, 1 <
r < m. Then there exists some v € Im(SCp)(X*), and so by Proposition 17
there must be some constraint X# D se in SCp such that v € Im(SCp)(se).
Now, this constraint A* D se could have been introduced via any of steps
(i-v) of the construction of SCp. These possibilities are split into two cases.

(6.14)

In the first case, se is of the form {X, : conj} and SCp contains the
constraints X D {X; : conj} for all { = 1..m (this case includes all con-
straints introduced in steps (i), (iii), (iv) and (v)). If v € Im(SCp)(se), then
by definition there exists an environment p such that p(X,) = v and p €
Im(SCp)(conj), and it immediately follows that each Im(SCp)({X; : conj})
is non-empty, and so Im(SCp)(X}') # {}, j = 1..m.

In the second case, the constraint is introduced by step (ii), and SCp
contains the constraints X}’ 2 T for all j = 1..m. Clearly Im(SCp)(XY}') is
equal to the set of all values, j = 1..m.

This completes the proof of (6.14), and so the mapping 7, defined using
Im(SCp) is in fact an interpretation of £Cp. It remains to show that Z,. is
a model of £Cp. Now, consider the constraints of the form X’ D se in SCp
where the variable X is not of the form X¥. By the construction of SCp, if
such a constraint is present, then it is the only lower bound for the variable
X. Hence it follows from Proposition 18 that Im(SCp)(X) = Im(SCp)(se),
and so part (b) of (6.13) holds. Furthermore, part (a) holds because of the
definition of Z... Thus from (6.13), Z.. = £Cp. This completes the proof of
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property (2), and so the proposition if proved. []
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Part 11

Set Based Analysis

Having defined set based program approximation, we now show how this
approximation may be computed. We begin by translating the environ-
ment constraints into set constraints such that the least set based model
of the environment constraints corresponds to the least model of the set
constraints. We then present an algorithm for solving these set constraints.
The output of the algorithm is a representation of the least model of the
input constraints that is ezplicit in the sense that structural properties of
the model can be easily inferred. We conclude by describing a prototype
implementation of the set constraint algorithm.
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Chapter 7

Solving Set Constraints

In the previous chapter, the problem of computing the set based approxima-
tion of a program was reduced to the computing the least model of a collec-
tion of set constraints. This chapter presents algorithms for constructing an
explicit representation of the least model of such set constraints. We first
address the issue of explicit representation using regular term grammars.
Then, we present a high level description of the set constraint algorithm
in the form of a generic algorithm. The remainder of the chapter presents
two progressively more complex instances of this algorithm. The second of
these algorithms proves the main result of this thesis: set based program
approximations are decidable and can be represented using regular term
grammars.
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7.1 Explicit Representation of Im(C)

We first address the issue of what kind of object is output by the set con-
straint algorithms and why this is an appropriate explicit representation.
Recall that a model of a collection of set constraints is a mapping that as-
sociates a set of values to each set variable. Now, clearly such sets of values
may be infinite. Therefore, to provide a description of the least model of a
given collection of set constraints, the set constraint algorithm must output
descriptions of sets of values, one for each set variable. The descriptions
output by our algorithm are essentially regular term grammars.

Regular Term Grammars

A regular term grammar G consists of a set NTg of non-terminals, a set
Y¢ of function symbols, each with a unique arity, and a finite set Pg of
productions. To define productions, first define that a term is either a non-
terminal or of the form f(t;,...,t,) where f is an n-ary symbol from ¥ and
each t; is a term. Now, a production is of the form nt = t such that =nt is
a non-terminal from NTg and t is a term. Using the productions in Pg, a
derivability relation on terms can be defined in the obvious way: t; = t;
if there is a production nt = t and t, is obtained from ¢; by replacing an
occurrence of nt in #; by t. Let =* denote the transitive reflexive closure
of =. The language corresponding to a non-terminal nt, denoted L(nt), is
defined as follows:

L(nt) = {t: nt=*1and t does not contain non-terminal symbols}

For example, consider the grammar where non-terminals are list and int,
the set of function symbols is {cons, nil, succ, zero}, and P consists of the
productions

int = succ(int)
int => zero
list = cons(int,list)
list = nil
This grammar describes integers in successor-zero notation, and lists of in-

tegers. If S is a set of terms such that there is some regular term grammar
G and non-terminal nt € NTg such that § = L(nt), then S is regular set of
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terms and (G, nt) is called a description of S. As another example, consider
the productions

X = cons(c,d)

X = cons(d,c)

X = cons(X,X)

X = cons(cons(c,d),cons(d,c))

where NTg = {X} and £g = {cons,c,d}. Here L(X') consists of elements
such as cons(c,d) and cons(d,c), as well as cons(cons(c,d), cons(c,d)) and
cons(cons(c, d), cons(d, c)). Note that the last production is redundant.

Regular term grammars are essentially equivalent to tree! automata (the
natural generalization of finite state automaton to terms). Tree automata
can be divided into four classes, according to whether (a) they are deter-
ministic or non-deterministic, and (b) whether they are root-to-frontier or
frontier-to-root (that is, whether they start from the root and work to-
wards the leaves of the tree, or vice-versa). The languages definable by non-
deterministic root-to-frontier tree automata, non-deterministic frontier-to-
root tree automata, deterministic frontier-to-root tree automata and regular
term grammars are all equivalent. See [19] for further details. (Note that
deterministic root-to-frontier tree automaton are strictly less powerful. In
particular they correspond to regular term grammars where the productions
for each non-terminal involve distinct outermost function symbols. Specifi-
cally, if nt = t and nt = t’ are distinct productions, then ¢ must be of the
form f(---) and ¢’ must be of the form f’(---) such that f # f'.)

Regular term grammars provide a representation of a set of terms that
is explicit in the sense that there are straightforward polynomial-time al-
gorithms to determine membership and emptiness. Furthermore, there are
standard algorithms to compute the intersection, union, complementation
and containment of regular term grammars. In short, a regular term gram-
mar description of a set of terms provides a presentation of the set that
exposes much of the internal structure of the set.

Regular term grammars can also be used explicitly represent a set con-
straint interpretation. For this purpose, it is convenient to identify non-
terminals with set variables. Then, a grammar G represents an interpre-

! The notions of “term” and “tree” are completely interchangeable in this context. Terms are
simply labeled trees and vice versa. The use of “terms” in term grammars and “trees” in tree
automata is largely historical.




168 CHAPTER 7. SOLVING SET CONSTRAINTS

tation Z if £(X) = Z(AX) for each set variable X. Clearly, only certain
interpretations can be represented in this way. Now, the essence of the set
constraint algorithm is to input a collection C of set constraints and output
a regular term grammar description of /m(C). Note that there is no a priori
reason why the least model of C should be representable by a regular term
grammar. The set constraint algorithm in fact provides a constructive proof
that this is always the case.

Explicit Form Constraints

Strictly speaking, the output of the set constraint algorithm is not a regular
term grammar, but rather a restrictive class of set constraints that essentially
corresponds to a regular term grammar. To define this class of constraints,
we define the atomic set expressions, which are essentially set expressions
that do not contain set operators of arity n > 1.

Definition 14 (Atomic Set Expressions) A set ezpression is atomic if
it is constructed from set variables, function symbols, the special constants
T and L, and set operators of arity 0. []

For example, f( f(‘l;(z\’)) and X N are not atomic, but ¢, & and f(c,X)
are. In what follows, we shall reserve the letter a for atomic set expressions.
Ezplicit form constraints can now be defined as follows.

Definition 15 (Explicit Form Constraints) A constraint X 2D a is in
ezplicit form if a is an atomic set ezpression that is not a set variable. A
collection C of constraints is in ezplicit form if each constraint in C is in
explicit form. [}

The output of the algorithm is a collection of explicit form constraints.
Such constraints C can be viewed as a regular term grammar G¢c whose non-
terminals are set variables and whose productions are {¥ =>t:(X 2 t) €
C}. In general, this grammar G¢ is not a regular term grammar because of
presence of constants such as T, L and 5. However G is a straightforward
extension of the notion of regular term grammar in which the constants T,
1 and § denote their usual sets. Specifically, extend the definition £ to be




7.1. EXPLICIT REPRESENTATION OF LM(C) 169

L(X)={veZI(t): X =*tand t does not contain non-terminals}

where 7 is some interpretation. Note the choice of T is immaterial since ¢
does not contain non-terminals (set variables) and so Z(t) is independent
of Z. Given such a definition, G¢ and Im(C) are equivalent in the following
sense:

Im(C)}(X) = L(X) for each set variable X appearing in C.

Furthermore, even though G is not quite a regular term grammar, it is
still an explicit form in the sense that questions about membership, non-
emptiness, etc., can easily be answered. Hence C can be viewed as explicit
representation of its own least model because it is essentially a regular term
grammar description of Im(C). Constraints of the form X 2D a where a is a
non-variable set expression containing only constants, function symbols and
set variables are therefore call ezplicit form constraints. Such constraints
play a key role in the set constraint algorithm.

Note that if ¢ is finite, then G¢ can be treated as a regular term gram-
mar because the values of the constants T, L and S can be represented by
regular term grammars. A grammar for T can be constructed by treating
T as a non-terminal with productions T = f(T,...,T) for each f € X¢.
A grammar for 1 can be constructed by treating L as a non-terminal with
no productions. Similarly there is a straightforward construction for each
constant §. For example, if Z¢ is {c,d, f,g, h}, where ¢ and d are constants,
f and g are unary, and h is binary, then {f(T),h(c,d)} can be represented
by the regular term grammar:

TR} = c Ny -
TR = d ° e=e
e I LY
(1), Ale, g t=g(T) d=g(T)

{/(T),h(e,d)} = k(5 T)

A . e= A(T,T) d= h(T,T)
{f(7),h(c,d)} = h(T,d)

Some Basic Algorithms on Explicit Form Constraints

We have already noted that regular term grammars provide a convenient
representation of sets of terms because there are straightforward algorithms
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to determine membership and emptiness, as well as compute intersections
and complementations, and these can be easily adapted to explicit form
constraints. Since the set constraint algorithm presented in this chapter
shall employ a number of these basic algorithms, we shall conclude this
section by providing a brief outline of the necessary details. We stress that
these basic algorithms are adaptations of known results (see, for example,
[19]), and are included only for the sake of completeness.

We first consider the membership problem. That is, given an explicit
form collection of constraints C, a set variable & € var(C) and a value v,
we wish to determine whether v € Im(C)(X). Now, by treating C as a set
root-to-frontier tree automaton, we can just use the definition of acceptance
for root-to-frontier tree automaton to determine if v € Im(C)(a). However,
this does not lead to a polynomial time algorithm because searching for
an accepting computation requires trying all possible transitions at each
computation step, and this can lead to exponential behavior. A polynomial
time algorithm can be obtained by essentially treating C as a frontier-to-
root automaton. Specifically, let S, denote all subterms of the given value
v. Now, to each value v € S, and each atomic set expression a in C,
associate a binary value in(v’,a). The intention is that in(v’,a) shall be
true if v € Im(C)(a). Now, it is easy to determine whether v € Im(C)(a) if
a is a ground atomic expression, and moreover this is independent of C. For
example, if T is {f,c} then f(c,c) € Im(C)(f(c,c)) and f(e,c) € Im(C)(E)
but ¢ & Im(C)(f(c,c)) and ¢ & Im(C)(c). Hence, initialize in(v’,a) so that
in(v’,a) is true if a is ground and v € Z(e) for all interpretations Z, and
false otherwise. Now, repeatedly update the values nonempty(a) using the
following steps:

e Set in(v/,a) to true if v’ is the result of replacing each X in a by vy
and in(vy,X) is true for each X' € var(a).

e Set in(v', X) to true if X D a appears in C and in(v',a) is true.

It is easy to verify that these updating steps terminate since v’ ranges over
subterms of v and a and X respectively range over all atomic set expressions
and variables in C. Moreover, on termination, in(v,a) iff v € im(C)(a).

We next deal with non-emptiness. That is, given an explicit form col-
lection of constraints C and a set variable X € var(C), we wish to deter-
mine whether Im(C)(X) = {}. The basic structure of the algorithm is the
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same as the membership algorithm. Again, it is easy to determine whether
Im(C)(a) = {} if a is a ground atomic expression. For example, if ¥ is
{f,¢} then Im(C)(f(c,c)), Im(C)T), Im(C)(f(T,T)) are all non-empty, re-
gardless of C, whereas Im(C)(L) and Im(C)({f(T,T),c}) are always empty.
(Note that the emptiness of {f(T,T),c} depends on X.) Now, associate a
boolean value nonempty(a) with each atomic expression a appearing in C
and initialize these values so that nonempty(a) is true if a is a ground atomic
expression that is non-empty in all interpretations. Repeatedly update the
values nonempty(a) using the following steps:

o Set nonempty(a) to true if a is not ground and nonempty(X) is true
for each X € var(a).

o Set nonempty(X) to true if C contains X D a and nonempty(a) is true.

It is easy to verify that these updating steps terminate, and that on termi-
nation, nonempty(a) is true iff Im(C)(a) # {}, for all atomic set expressions
a appearing in C.

Finally, we deal with singleton sets. That is, given an explicit form col-
lection of constraints C and a set variable X € var(C), we wish to determine
whether Im(C)(a) = {v} for some value v. The algorithm for this property
again follows the structure of the membership algorithm. It is easy to de-
termine whether Im(C)(a) = {v} for some value v if a is a ground atomic
expression. For example, if ¥ is {f,¢} then Im(C)(c), Im(C)(f(¢,c)) and
Im(C)(f(T, T)) are all singleton sets, but Im(C)(L), Im(C)(T) and Im(C)(%)
are not. Now, consider mappings from each atomic expression a appear-
ing in C into {v: v is a value} U {T,L}. Initially, let singleton denote the
following mapping

T if a |Z(a)| > 2 for all interpretations 7

singleton(a) = { v if a Z(a) = {v} for all interpretations Z
1 otherwise

where |S| denotes the cardinality of the set S. Note that if a is atomic, then
I(a) is independent of I iff a is ground. Now, repeatedly update the values
nonempty(a) using the following steps:

o Set singleton(a) to v if @ is not ground, singleton(X’) is not L or T,
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for each X € var(a), and v is the result of replacing each X in a by
singleton(X).

e Set singleton(a) to T if a is not ground and singleton(X’) #1 for each
X € var(a) and singleton(y) = T for some Y € var(a).

o Set singleton(X’) to singleton(a) if X D a appears in C and
singleton(X) =1.

o Set singleton(X) to T if X D @ appears in C and singleton(a) #
singleton(X).

It is easy to verify that these updating steps terminate, and that on termina-
tion, singleton(a) is respectively L, v or T if Im(C)(a) = {}, Im(C)(a) = {v}
or [lm(C)(a)| 2 2.

7.2 Overview of Algorithm

At a high level, the execution of the algorithm for solving set constraints can
be summarized as follows. Starting with the input collection of constraints
Co, a sequence of constraints Cy,Cy,...,C;,... is constructed such that each
collection C; has essentially the same least model as Cy and is obtained from
its predecessor C;—; by adding some new constraints. The aim of adding
these new constraints is to make the least model of C; more “explicit”. To
formalize this notion, first recall that explicit form constraints are of the form
& 2 a where a is a non-variable atomic expression, and that such constraints
form the explicit representation that is output by the algorithm. Now,
where C is a collection of constraints, let ezplicit(C) denote the explicit form
constraints in C. In essence, ezplicit(C) corresponds to what has already
been computed about the least model of C. Now, as the algorithm progresses,
the constraints C; become more explicit in the sense that

Im(ezplicit(Co)), Im(ezplicit(Cy)),. . ., Im(ezplicit(C;)),. . .

is an increasing sequence of interpretations that converges towards Im(Co).
When Im(ezplicit(C;)) reaches Im(Cy), the algorithm terminates and outputs
ezplicit(C;).

The process of constructing C; from C;_, is defined by a collection of
transformations. These transformations fall into two categories. First there
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are simplification transformations, which simplify expressions involving set
operators to make the constraints more explicit. Such transformations are
responsible for augmenting a constraint such as X D f'l( f(c)) with the
more explicit, but equivalent constraint, X D ¢. Second, there are substitu-
tion transformations, and these are responsible for performing substitutions
so that simplification transformations can be applicable. For example, con-
sider the constraints X 2 f(;l()i), Y D f(c). Here Y 2 f(c) must be
substituted into X' 2 fj }(y) to obtain X' 2 f, ’1( f(c)) before the projection
can be simplified. Note that substitutions ca.n be cyclic in the sense that
substituting Y 2 f(J’)into X 2 f(‘;; (3) involves replacing Y by f(J), yield-
ing the constraint X D f(l)( f(3)). This means that substitutions must be
carefully controlled to ensure termination. Moreover, they must be done suf-
ficiently often to ensure that simplification transformations can be applied
when they are needed.

To facilitate this tradeoff, constraints are maintained by the algorithm
in a special form described as follows.

Definition 16 (Standard Form) A set ezpression is in standard form if
it is either atomic or of the form op(a,,...,a,) such that each a; is atomic
and op € OP. A collection of constraints is in standard form if each con-
straint is of the form X D se such that se is in standard form.

Not only does the use of standard form help control the process of substitu-
tion, but it also reduces the number of cases that need to be considered at
various points in the algorithm.

The rest of this chapter is organized as follows. First we show how
constraints can be converted to standard form. Next, we present the core
concepts of the set constraint algorithm in the form of a generic algorithm,
parameterized by set operators and corresponding transformations. Ab-
stract criteria are given for ensuring that a particular instance of the generic
algorithm (specified by giving the set operators and transformations) is cor-
rect and lerminates. The last two sections of this chapter describe two
instances of the generic algorithm. The first deals with projections and in-
tersections. The second generalizes the first by dealing with quantified set
expressions, and is the core algorithm of this thesis. In particular, when
input set constraints SCp corresponding to a program P, this algorithm
outputs an explicit representation of Im(SCp).
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7.3 Converting Constraints to Standard Form

Recall that standard form constraints are of the form X D se such that se
is either an atomic set expression or of the form op(a;,...,a,) where op is a
set operator and each q; is atomic. As an alternative characterization, first
define that the set expression se’ is a strict subezpression of the set expression
se if se’ is a subexpression of se that is different from se. Then, & D seisin
standard form if se is either atomic or of the form op(- - ) such that all strict
subexpressions of se are atomic. Conversely, if a collection of constraints is
not in standard form then it must contain a constraint X 2 se such that
either se is (a) se; U se; or else (b) se has a strict subexpression se,, that is
not atomic. In case (b), we call the occurrence of the subexpression se,, in
se a non-standard occurrence. For example, the constraint X 2 f(opi(c))U
op1(op2(X)) has one occurrence of U and two non-standard occurrences.

Constraints can be converted to standard form by incrementally remov-
ing U symbols and non-standard occurrences using the following two rewrite
steps:

(1) Replace the constraint X D se; U sez by the two constraints &' 2 se;
and X D se,.

(2) If se has a non-standard occurrence sen,, then replace the constraint
X D se by the two constraints X D se/, Z D se,, where Z is a new
set variable and se’ is the result of replacing the occurrence of se,, in
se by Z.

Each step, if applicable, rewrites constraints into a form that is closer to
standard form in the sense that the number of union symbols or the number
of non-standard occurrences decreases. It follows that the repeated applica-
tion of these steps must terminate. When C is a collection of set constraints,
let STANDARDIZE(C) denote the result of exhaustively applying steps (1) and
(2). We now show that STANDARDIZE(C) produces a standard form collec-
tion of constraints that essentially has the same least model as C. A formal
statement of this must take into account the fact that the STANDARDIZE
may introduce new variables. Hence, the preservation of the least model is
defined with respect to a set of variables. Specifically, where Z and I’ are
interpretations and var is a collection of variables, define that 7 =,,, Z' if
I(X) = I'(X) for each X € var. Then,
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Proposition 21 (Standardize) LetC be a collection of constraints. Then
STANDARDIZE(C) is a standard form collection of constraints such that

Im(STANDARDIZE(C)) =yar(c) Im(C).

Proof: The proposition follows from repeated application of the following
fact:

if C’ is obtained from C by an application of step (1) or (2)
then Im(C) =yqr(c) IMm(C’).

To prove this fact, first consider the case where C’ is obtained by an ap-
plication of step (1). The difference between C and C’ is that a constraint
X D se; U se; has been replace by two constraints X D se; and X 2 se;,.
However, it is clear that for all interpretations 7

IEXDsepUse; iff TEXDsegAX D Use;
and it follows that Z |= C iff T |= C'. Hence Im(C) = Im(C’).

In the remaining case, C’ is obtained from C by an application of step (2).
The difference between C and C’ is that a constraint X D se in C is replaced
by two constraints X D se’ and Z D sen, in C’ where se,, is an occurrence
of an expression in se and se’ is the result of replacing this occurrence by
the new variable Z. It remains to prove that Im(C)(Y) = Im(C’)(¥) for all
Y € var(C) and this is done in two parts.

The first part shows that Im(C)(Y) 2 Im(C')(Y) for all Y € var(C).
Let Z be the interpretation that maps Z into Im(C)(se,,) and agrees with
Im(C) on all other set variables. By definition, Z(2) = Z(se,,), and from
proposition 16 it follows that Z(se) = Z(se’). Since C does not contain the
set variable Z and T agrees with Im(C) except on Z, it must be the case
that Z = C. Now, X D se appears in C, and so Z(X) 2 I(se) = I(se').
In summary, 7 is a model of Z D se,, and X D se/, and moreover, 7 is a
model of all other constraints in C’ since Z |z C. Thus Z |= C’. This implies
that Z 2 Im(C’), and so Im(C)(Y) = Z(Y) 2 Im(C')(Y) for all Y € var(C).
This completes the proof of the first part.

The second part shows that Im(C)() C Im(C’')(Y). This is proved by
showing that Im(C’) is a model of C. To prove this, first note that Z D se,,
is the only lower bound for Z in C’, and so Proposition 18 implies that
Im(C')(2) = Im(C")(sens). Proposition 16 can now be applied to show that
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Im(C’)(se’) = Im(C’)(se). Moreover, since Im(C’) is a model of & 2 se/,
it follows that Im(C’) is a model of X D se. Finally, Im(C’) is a model of
C — {X 2 se} because it is a model of C’. Hence Im(C’) is a model of C.
This means that Im(C) C Im(C’), and this completes the proof of the second

part. []

7.4 The Generic Algorithm

We present a high level description of solving set constraints in the form
of a generic set constraint algorithm. The reason for doing this is twofold.
First, the details of the set constraint algorithm are substantial, and so the
generic algorithm provides a way to explain the central ideas of the algorithm
without introducing the many details that are necessary for its complete
description. Second, the general structure of the algorithm appears to have
wider application than the set constraints solved in this thesis. In particular,
the set based analysis of a program involves writing set constraints using
set operators corresponding to the semantic operations of the language -
different languages require different set operations. The generic algorithm
is an attempt to distill the concepts that are likely to be useful during the
development of algorithms for the set operations arising in future work on
set based analysis.

The generic algorithm is parameterized by a set OP of set operations
that defines the class of set constraints on which it computes, and a set A
of transformations, which define how these constraints may be simplified.
The computation of the generic algorithm may be characterized as follows.
Starting with an input collection of standard form constraints Cp, the algo-
rithm constructs a sequence of standard constraints Cy,C;,...,Ci,... such
that (i) for each i, Im(C;) =yar(cy) Im(Co), (ii) each C; is obtained from its
predecessor C;_; through the application of one of the transformations in A,
and (iii) each C; is more explicit than its predecessor in the sense that

Im(ezplicit(Co),im(ezplicit(Cy),. .. ,Im(ezplicit(C;)),. ..

is an increasing sequence of interpretations that converges towards Im(Co).
The algorithm terminates when Im(ezplicit(C;)) reaches Im(Co).

A transformation § is a function that maps from and into (finite) collec-
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input a collection Cy of set constraints in standard form;
1:=0;
while §(C;) € C; for some transformation é in A do
Cit1:=6(C;)UC;
i:=1+1;
output the collection of explicit form constraints ezplicit(C;);

Figure 7.1: The Generic Algorithm

tions of set constraints. The intention is that §(C) denotes the constraints
that should be added to C according to §. An instance of the generic algo-
rithm is defined by specifying a collection A of such transformations. These
transformations are exhaustively applied as outlined in Figure 7.1.

We now address general conditions for establishing the correctness of the
generic algorithm. First, each transformation must preserve the least model
of the constraints. Since a transformation may introduce new variables,
the preservation of the least model must hLe specified with respect to the
initial variables in Cy. Recall that 7 =,,, Z’ denotes that Z(X') = Z'(X) for
each X € var. Using this notation, the required preservation of least model
may be stated as Im(C;) =yqr(c,) Im(Co), for each i. This condition can be
established if the transformations are sound in the following sense.

Definition 17 (Transformation Soundness) A collection of transfor-
mations A is sound on constraints C if Im(C) =4, (c) Im(C U 8(C)) for all
transformations § in A. []

It is easy to prove that if A is sound on each C; constructed by the algorithm,
then the least model is preserved.

Lemma 9 (Least Model) if A is sound on each C; constructed by the
generic algorithm, then Im(C;) =ya,(co) Im(Co) for each C;.

Proof: Since A is sound on each C;, it follows that Im(C;) =yar(c;) Im(Cis1)-
Now clearly var(Co) C var(C;) for each C;, and so Im(C;) =yar(co) Im(Cit1)-
The lemma then follows by chaining these facts together. []
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We now address termination. Although termination proofs tend to be
specific to a particular instance of the algorithm, some general observations
can be made. An important part of proving termination involves establishing
a bound on the number of atomic set expressions that can appear during the
generic algorithms execution. Where S is a set of atomic set expressions, let
atomic(S) denote the superset of S that consists of all atomic set expressions
that are subexpressions of elements of §. Also, where C is a collection of
standard form constraints, define that atomic(C) is the union of the following
sets:

o atomic({X,a;,...,a,}) for all constraints X’ 2 op(ay,...,a,) appear-
ing in C, and

o atomic({X,a}) for all constraints X D a appearing in C.

Now, a collection of transformations A is atomically bounded if, for each
collection Cp, there is a finite bound V(Co) such that when the generic al-
gorithm is input Cp, the cardinality of atomic(C;) is bounded by V(Cq) for
each i. This bound is proved by establishing an algorithm invariant about
the possible atomic set expressions that can appear during execution.

Typically, the remaining part of the termination proof involves using the
bound on atomic set expressions to provide a bound on the number of all
set expressions that can appear during execution. The main difficulty here
is that the set of operations OP may not be finite.

Thus far, we have discussed termination and also conditions under which
the least model is preserved by each step of the algorithm. Now, the algo-
rithm does not output the final collection C;, but rather ezplicit(C;), and so
it remains to show that ezplicit(C;) in fact describes Im(C;). This require-
ment is essentially a completeness requirement on the transformations A.
In other words, we need to show that the transformations are sufficiently
powerful that when no new constraints are produced, all the information
about the least model of C; is in ezplicit(C;). More formally, define that
a collection of transformations A is complete if, whenever the exhaustive
application of A terminates, the resulting C; constructed by the algorithm
is such that Im(C;) = Im{ezplicit(C;)). The following lemma immediately
follows from these definitions.
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Lemma 10 (Completeness) If A is complete and the generic algorithm
terminates after i iterations with output C, then Im(C) = Im(C;). []

Finally, on combining all of these observations:

Theorem 7 (Correctness of Generic Algorithm)

Let A be a collection of transformations that is complete. Let Co be a col-
lection of standard form constraints and suppose that the instance of the
generic algorithm defined by A terminates on input Cyp and outputs ezplicit
form constraints Cous. If A is sound on each C; constructed by the algorithm
then Im(Cout) =var(c) Im(C).

Proof: Let C; denote the collection of constraints constructed during the
last iteration of the while-do loop. By Lemma 9, Im(C;) =yarc) Im(C).
Finally, by lemma 10, Im(C’) = Im(ezplicit(C;)) = Im(C;), and it follows
that Im(C') =var(c) Im(C). []

7.5 Intersection and Projection

We now describe an instance of the generic algorithm for solving set con-
straints involving projection and intersection. Specifically, the collection of
operators for these set constraints, denoted OP;, shall consist of projections
f;)l where f is an n-ary symbol from ¥ and 1 < ¢ < n, and intersections N,
w(here n > 2. We recall that the subscripts in intersections shall usually be
omitted and an expression N,(sey,...,Sey;) shall be written as se;N---Nse,.
For simplicity, we shall omit consideration of the constant symbol T from
this section. Figure 7.2 gives an example collection of set constraints involv-
ing intersection and projection, along with the least model of the constraints.
In this example, f and ¢ are function symbols of arity 1 and 0 respectively,
and f" is again used to abbreviate n applications of f.

Now, the generic algorithm works on standard form constraints, and so
the first step in solving these equations is to put them into standard form
using the algorithm STANDARDIZE. The resulting standard form constraints
appear in figure 7.3; let Cy denote these constraints.

Recall that explicit form constraints are of the form X D ¢ such that
¢ is a non-variable atomic set expression. This means that the constraints
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ff(X) U e X = {e,f(c), f4(e), f%c),-- .}
2 fHEM ue Y = {efe)f(e) fc). .}
2 (¥n))u f(;;(y) Z - {c’fz(c)’fs(c)jﬁ(c)’fs(c)""}

Figure 7.2: Example Constraints and Their Least Model

NI R
U

X 2 f(fx) & 2 ¢

Y 2 fFUON) Y 2 e
Z 2 Xny) £ 2 [

Figure 7.3: Constraints from Figure 7.2 Rewritten in Standard Form

X 2 f(f(X), X 2 ¢, ¥ 2 f(FF(X)) and ¥ D ¢ in Co are already in
explicit form. However the constraints 2 2 (XY NY) and 2 2 f(';;(y) are
not in explicit form and, moreover, Im(ezplicit(Co)) # Im(Co). Hence the
explicit constraints in Co do not characterize the least model of Cq.

As a first step towards making these constraints more explicit, consider
Z 2 f5)(¥). Now, the constraints for Y are ¥ 2 c and ¥ 2 f(f(f(I))).
The ﬁrst says that ) must contain ¢ and the second says that ) must
contain all terms of the form f(f(f(y))) such that y € ). Combining Z 2
f(l)(y) with Y D c implies that Z must contain f (c), but this is simply

the empty set, and can be ignored. Combining Z ,f('1 () with D

f(£(£(3))) implies that Z must contain fj (f(f(f(y)))) for each y € ),
and this reduces to f(f(y)) for each y e y. This can be expressed as
the constraint Z O f(f())). In essence, by substituting the explicit form
constraints for ) into the right hand side of Z 2 f“(y), and then simplify
the resulting expression, we have obtained a new exphcxt form constraint
for Z. In so doing, we have made the constraints more explicit in the sense
that the explicit form constraints now contain more information about the
least model of the constraints.

Now consider the constraint Z 2 (¥ N)). Since X Dcand Y D¢, it is
clear that both X and ) must contain ¢, and so Z must contain ¢. This can
be expressed by the constraint Z D ¢. However there are other constraints
for X and Y. Consider X 2 f(f(X))and Y 2 f(f(f(¥))). These constraint

imply that Z 2 f(f(X))NSF(f(f(I))). The expression f(f(X))Nf(f(£(I)))
can be simplified into f(f(X)N f(f(Y))) and then further simplified into
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F(F(Xn £())), and so the constraint
Z2 f(f(Xnf())

is obtained. However this constraint is not in standard form. It can be
made into standard form by introducing a new variable, say V, and writing
Z 2 f(f(V)) and YV 2 X N f()). In other words, substituting explicit form
constraints for X and Y (namely X 2 f(f(&)) and Y 2 f(f(f()))) into
Z D (X nY) and simplifying leads to new constraints 2 2 f(f(V)) and
VY 2 XN f(Y). The first is in explicit form, but the second is not. In short,
the substitution and simplification process has made the constraints more
explicit. However, in the process we have introduced another constraint and
so we must repeat the steps just outlined to simplify this new constraint.

In essence this process of substitution using explicit form constraints
and then simplifying the resulting expressions forms the basis of the set
constraint algorithms. However there are two difficulties. First the sub-
stitution process must be carefully controlled. For example, consider the
constraint X 2 f(X). Now, this constraint could be substituted into itself
to obtain X 2 f(f(X)) and subsequent substitution steps could lead to
X 2 f3(X), X 2 f4X) etc. Clearly this process can continue for ever. To
prevent this, substitution must be restricted so that it does not increase the
size of atomic set expressions. For example, substitutions into expressions
such as X N Y and f('”l (¥) are allowed, but substitutions into expressions
such as f()) or f(f(X)) are not allowed. Importantly, this restricted form
of substitution is sufficient.

The second difficulty is that the operation of intersection produces new
constraints that must be simplified. In particular it introduces new variables.
The introduction of these new variables must be controlled using a special
naming scheme to ensure that the algorithm terminates.

Transformations

We now give the details of the transformations. Each transformation takes a
collection of standard form constraints C as input, and outputs one or more
constraints. The first two transformations deal with substitution, and the
third deals with simplifying projections.




182 CHAPTER 7. SOLVING SET CONSTRAINTS

Transformation 1 (Op-Substitution) If C contains the two constraints
X 2 op(ayy...,8i-1,Y,8it1,--+,8n) and Y D a where a is atomic, then
output X2 op(ala-°-1ai—19a7ai+la--°1an)' [_]

Transformation 2 (Var-Substitution) IfC contains ¥ DY and Y 2 a
where a is atomic, then output X Da. (]

Transformation 3 (Projection) If C contains X 2 f(;)l( f(ay,...,aq))
and Im(ezplicit(C))(a;) # {} for each j # i, then output X D a;. []

Note the condition Im(ezplicif(C))(a;) # {} in the projection transforma-
tion. To see why this is needed, suppose that C consists of the single con-
straint X' 2 f‘l( f(3,¢)). The least model of this constraint maps both X
and Y into the empty set. However, if the side condition is not present on
the projection transformation, then the constraint X 2 ¢ would be added
and this would alter the least model.

The final transformation deals with simplifying intersection. As noted
before, one difficulty with simplifying intersections is that new variables
need to be introduced, and this leads to termination problems. To over-
come this problem, a special naming scheme is used for these new variables.
Specifically, the introduced variables are of the form Vy where N is a finite
subset of the atomic set expressions that appear in Co (the input collection
of constraints). Call such variables intersection variables. The intention is
that an intersection variable V(,, . 5.} should be equivalent to the expres-
sion a; N---Nay,. All of the variables of form Vy are assumed to be distinct
variables that do not appear in the input constraints Cy. Define a function
N that maps from such a variable back into the atomic set expressions it
represents:

N(a) def )} N if ais the intersection variable Vy.
{a} otherwise.

The intersection transformation carn now be defined.
Transformation 4 (Intersection) If C contains X 2 a; N ---Na,, such

that for some f € I, each a; is of the form f(a;1,...,aiyn), then let N; =
Uiz1..m N(@ij), 7 = 1..n, and output the constraints
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o X2 f(Vn,s.--,VN,), and

* VN; = a1;N-+-Napj, for each Vy, ¢ var(C). []

Strictly speaking, this transformation takes the input constraints Co as an
implicit parameter since the treatment of the variables YV requires knowl-
edge about Cp, however for notational convenience this extra parameter shall
be suppressed. We note that the treatment of the intersection variables Vi
is analogous to the subset construction used in the conversion of a non-
deterministic finite state automaton to a deterministic finite state automa-
ton.

Let A; denote Transformations 1-4. (Strictly speaking, Transformations
1-4 are schemas for transformations, and A; consists of all instances of these
four transformations schemas. We shall frequently blur this distinction.)
Now, define that the intersection-projection algorithm inputs constraints C
and first converts C into standard form constraints Co and then exhaustively
applies the transformations A; to Cy as outlined by the generic algorithm.
As an example of the execution of the algorithm, recall the example set
constraints given in Figure 7.2. The execution of the algorithm on these
constraints is traced in Figure 7.4 (the original conmstraints, in standard
form, appear in the left hand column). In this example execution, we have
given preference to lower numbered transformations when more than one
transformation is applicable. The explicit form constraints are marked with
an asterisk, and each new constraint is marked with either @,®,®) or @ to
indicate the transformation used. We remark that, for efficiency reasons, it
is appropriate to remove duplicate expressions when adding new constraints
involving intersection. For example, instead of adding Z D ¢ N ¢, one could
immediately simplify this into 2 D c. However, in this section we shall strive
for a simple presentation of the algorithm, and so a number of straightfor-
ward modifications relating to efficiency, such as this one involving deletion
of duplicate expressions in intersections, shall be omitted.

Correctness

The proof of the correctness of this algorithm follows the outline given for the
generic algorithm in the previous section. We begin by proving an important
invariant of the execution of the algorithm.
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Figure 7.4: Example Algorithm Execution
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Invariant 1 (Atomic Set Expression Invariant) A collection of con-
straints C satisfies the atomic set ezpression invariant if each element of
atomic(C) either

e appears in atomic(Cyp), or

e is an intersection variable or of the form f(X,...,X,) such that
X1,..., Xy are intersection variables and f is a function symbol ap-

pearing in Co.  []

Proposition 22 Each C; constructed by the algorithm satisfies the atomic
set expression invariant.

Proof: Clearly Cy satisfies the atomic set expression invariant. Now sup-
pose that C;_, satisfies this invariant. The constraints C; are defined to be
8(Ci~1)UC;_;. If § is either Transformation 1, 2 or 3, then the only difference
between C; and C;_, is that C; contains a new constraint of the form X D a
such that a is an atomic set expression, and moreover a appears in C;_;. It
follows that atomic(C;) C atomic(C;-1), and so C; satisfies the atomic set
expression invariant.

The remaining case is where § is Transformation 4. In this case, the dif-
ference between C; and C;.; is that C; contains a number of new constraints.
These new constraints are either of the form X 2 a; N---Na, where the q;
are atomic set expressions that appear in C;_;, or X 2 f(X},...,&,) where
the X are intersection variables. Again C; satisfies the atomic set expression
invariant. ]

The atomic set expression invariant proves two things. First, it verifies
that the specification of Transformation 4 and the use of the naming scheme
VN is consistent. In particular, it shows that elements of the sets N; con-
structed in Transformation 4 are either atomic set expressions from C or else
atomic set expressions that appear in some set N such that Vy is a previously
constructed intersection variable. It follows that all variables introduced by
this transformation are of the form Vy such that N C atomic(Co).

Second, it shows that A; is atomically bounded. This is because the
set atomic(Co) is finite and so there are only a finite number of variables
of the form Vy such that N C atomic(Co). It follows that there are only
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a finite number of expressions of the form f(X;,...,A,) where each X, is
an intersection variable. Hence, the cardinality of each C; is bounded by
K + F.(2K)" where K is the cardinality of Co, F is the number of function
symbols appearing in Co, and n is the maximum arity of function symbols
appearing in Co.

We next address the soundness of A;. The soundness of Transformations
1, 2 and 3 is straightforward.

Proposition 23 Im(C) = Im(C U §(C)) where é is one of Transformations
1-3.

Proof: Let é be one of Transformations 1-3. It is sufficient to prove that
Im(C) is a model of §(C). Let Z be Im(C), and first consider Transformations
1 and 2. In this case C contains X' D se and Y 2 a, and §(C) contains the
constraint X D se’ such that se’ is the result of replacing an occurrence of
Y in se by a. Since 7 is a model of C, it follows that Z()) 2 Z(a) and
Z(X) 2 Z(se). Hence, by Proposition 19, Z(se) D Z(se’), and it follows that
Z(X) 2 I(se’). This completes the proof for this case.

In the case of Transformation 3, C contains X 2 f;)l( f(a1y...,a,))
and X D a; is output. The proof proceeds by showing that Z is a model
of X D a;. Let v; € I(a;). Now, since ezplicit(C) C C, it follows that
Im(ezplicit(C)) C Z. Hence if Im(ezplicit{C))(a;) is non-empty for each
J # 1, then it must be the case that for each aj, j # i, there exists a
v; € I(a;). It follows that f(v,...,v,) € I(f(a1,...,a,)), and so v; €
I(f(:?)‘(f(al,... ,@z))). But T satisfies X D f(;)l(f(al,... ,@z)), and so v; €
I(X). This completes the proof that T is a model of X D a;. ]

The correctness of Transformation 4 is somewhat more difficult to prove
since it does not in general preserve the least model of the constraints. This
is because the correctness of this transformation relies on properties of the
intersection variables Vy;. For example, consider the constraints

X2 f(X)N f(c) and Vixe 2e.

The intersection transformation adds the constraints X 2 f(V(x,)) and
Vix,} 2 X Ne. Clearly this does not preserve the least model of the con-
straints: before the transformation the least model maps X into the empty
set, and after the transformation the least model maps X into {f(c)}.




7.5. INTERSECTION AND PROJECTION 187

Instead, we must first establish some properties of the intersection vari-
ables introduced by the algorithm. Where N is a finite set of atomic set
expressions {a;,...,a,}, let (\N) denote a3 N---N a,. Now, consider the
following invariant.

Invariant 2 (Intersection Variable Invariant) A collection of con-
straints C satisfies the intersection variable invariant if Vy € var(C) implies
that Im(C) = Vn = (NN). D

It is straightforward to verify that this invariant is preserved by Transfor-
mations 1, 2 and 3 because these transformation do not introduce any new
intersection variables. Specifically:

Proposition 24 If C satisfies the intersection variable invariant then C U
8(C) satisfies the intersection variable invariant where § is one of Transfor-
mations 1-3.

Proof: Let C be a collection of constraints that satisfy the intersection
variable invariant and let § be one of Transformations 1-3. Now, if Vy is an
intersection variable in CU§(C) then by the definition of Transformations 1, 2
and 3, it is clear that V) must appear in C. Since C satisfies the intersection
variable invariant, Im(C) | Vnx = (N N). Also, by Proposition 23, Im(C) =
Im(C U §(C)). It is immediate that Im(CUS(C)) =V~ = (NN). []

The next proposition deals with the Transformation 4. It not only shows
that the transformation preserves the intersection variable invariant, but also
that the transformation is sound when applied to constraints that satisfy this
invariant.

Proposition 25 If C satisfies the intersection variable invariant and § is
Transformation 4, then

(1) lm(C) =var(C) lm(c U 6(0))1 and

(2) C U §(C) satisfies the intersection variable invariant.
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Proof: Recall that if Transformation 4 is applied, then C contains a con-
straint of the form X 2D a; N--- N a,, where, for some f € X, each q; is of
the form f(a;;,...,@ixs), and §(C) consists of the constraints

x 2 f(vN11°-°’an) and
VN; 2 a1;N---Nap,; foreach Vy; that does not appear in c

where N; = Uiy m N(aij), 7 = 1..m.
Th: core part of the proof shows that the interpretation Z defined by

10y < | m(C)(@1;n -+ Nam;) if X ¢ var(C) and X is Vy,
(¥) = Im(C)(X) otherwise

is the least model of C U §(C). By definition, it is clear that Z is a model of

6((’,) - {X 2 f(an'-- 1an)}'

To show that Z is also a model of X 2 f(Vn,,..., VN, ), consider the follow-
ing property of Z for each ¢ and j:

I(ai;) = Z(NN(ai;)) (7.15)

I a; ; is not an intersection variable, then N (a; ;) is just {a;;} and so (7.15)
is trivially true. On the other hand, if a;; is an intersection variable, then
since it appears in C, (7.15) follows from the assumption that C satisfies the
intersection variable invariant. Using equation (7.15), the following chain of
equalities can be established

I(ay ;N "Napmj) = I(a1;)N-+-NZ(am,;)
= Z(NN(@a1) n---0Z (NN (am3))
= (N NM@13)U-+-UN(am,s))
= I(NN;)
and this proves that, for all 7, Z(a;; N -+ N am ;) = I(NN;). Now, if VN;,
is introduced by &, then Z(Vn;) = I(a1,; N -+ - N am ;) by definition of Z. If
VN; is not introduced by 4, then it appears in C and so Z(Vn;) = Z(NN;)

because C satisfies the intersection variable invariant. Combining these two
cases with Z(a; j N ---Nep ;) = Z(NN;) proves that, for j = 1..n,

I(Vn;) = Z(NN;) = I(ar,; N -+ Nay ) (7.16)
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Using this equality, it is easy to see that

I(f(al,l,...,al,n)n---nf(a,,,'g,...,a,,.,,.))
= I(f(al,ln---nam,l,...,al,,.n---n%,"))

= I(f(VNl,...,VNm)) .

and since 7 is a model of X D f(a1,1y.--581,0) NN f(@m1y.--,8m5) it
follows that Z is a model of X 2 T (VN,,.. .,VN,,,). This concludes the
proof that Z is a model of C U é(C), and so Z 2 Im(C U §(C)).

7 is not only a model of C U §(C), it is in fact the least model. To see
this, let 7’ be an arbitrary model of CU4(C). If X is a variable that appears
in C, then Z'(X) 2 Z(X) because Z' 2 Im(C) and Z(X) = Im(C)(X). K X is
one of the variables Vy; introduced at this step, then consider the following
chain:

I'(Vn;) 2 T'(a;N---Nam;) 2 I(a;N---Nam;) = I(Vn;).

The first containment follows because Z’ is a model of §(C). The second
is because a; ; N - -+ N ap,; contains only variables from C, and it has just
been proved that Z'(X') D Z(X) for variables X € var(C). The final equality
follows from (7.16). Hence Z'(X’) 2 Z(X’) for all variables X, and so Im(CU
6(C)) 2 Z. Combining this with Z 2 Im(C U é§(C)) proves that T = Im(CU

8(C))-

To complete the proof, note that by definition Z agrees with Im(C) on
var(C), and so Im(C) =,4rc) Im(C U 8(C)). This proves part (1) of the
proposition. To prove part (2), we need to show that Z(Vn) = Z(NN) for
all intersection variables Vy appearing in C. If V5 € var(C), then the fact
that C satisfies the intersection invariant implies that

I(Vn) = Im(C)YVN) = Im(CY(NN) = Z(N N)

On the other hand, if Vy is introduced by §(C), then Z(Vn) = Z(NN)
follows from (7.16). [j

Combining these propositions proves the necessary soundness property
of Al .
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Lemma 11 (Soundness) A; is sound on each C; constructed by the algo-
rithm.

Proof: First, it is clear that each C; constructed by the algorithm satisfies
the intersection variable invariant. This is because Cy satisfies the invariant
(since it does not contain any intersection variables) and each transformation
preserves the invariant (see Propositions 24 and 25). It remains to show that
Im(C;) =var(c;) Im(C; U §(C;)) for each C; and 8. This is easy since if § is
Transformation 1, 2 or 3, then Im(C;) = Im(C;U8(C;)) by Proposition 23, and
if 6 is Transformation 4, then Im(C;) =yar(c;) Im(C; U 6(C;)) by Proposition

2. ]

As an aside, note that the correctness of this lemma makes the implicit as-
sumption that the intersection variables Vy introduced during the execution
of the algorithm are distinct from var(Co). Clearly this can always be done
by choosing the intersection variables introduced in Transformations 4 from
VAR — var(Cg). Strictly speaking, A should be parameterized by var(Co) to
denote this dependence on var(Co).

So far, we have prove that A; is atomically bounded (this follows from
the atomic set expression invariant) and sound. It remains to prove termi-
nation and completeness.

Lemma 12 (Termination) Let Cp be a collection of constraints in stan-
dard form. Then the instance of the generic algorithm defined by A, termi-
nates on Cy.

Proof: Each C; constructed by the algorithm is in standard form. Moreover,
by inspection of the transformations, it is clear that op appears in C; iff it
appears in Cp. Hence, each constraint in each C; must be of one of the
following forms:

¢ X D a where a is an atomic set expression;
e XD f(:)l (a) where a is atomic and f(:)l appears in Cy, or

e X 2 a;N---Na, where Cy contains an expression of the form ajN- - -Na,,.




7.5. INTERSECTION AND PROJECTION 191

Combining this with the atomic set expression invariant (proved in Propo-
sition 22) proves that there are only a finite number of different constraints
that may be constructed by the algorithm. Since the collections C; are
monotonically increasing during the algorithm’s execution, it follows that
for some ¢ > 1, C; = C;—1, at which point the algorithm terminates with
output ezplicit(C;). []

We now address completeness. The proof of this is somewhat involved
and represents the core part of the correctness of the algorithm. In essence
there is a tension between completeness and termination: the transforma-
tions must be applied sufficiently often that the least model of the constraints
eventually becomes explicit, but not so often that they can be applied in-
finitely often.

Lemma 13 (Completeness) A, is complete.

Proof: Let C be the result of exhaustively applying A; to a collection
of constraints. This implies that §(C) € C for all transformations ¢ in
A;. Adopting the notation of the generic algorithm, let the sequence of
constraints obtained by this exhaustive application be (y,(y,...,C; where
C; = C. Let D denote the subset of constraints in C of form X’ D a where a
is a non-variable atomic set expression. Clearly D C ezplicit(C) C C, and so
Im(D) C Im(ezplicit(C)) C Im(C). The remainder of the proof shows that
Im(D) = Im(C), and it is clear that this implies Im(ezplicit(C)) = Im(C), as
required by the definition of completeness.

Since im(D) € Im(C), it only remains to prove that Im(D) 2 Im(C), and
this can be established by showing that Im(D) is a model of C. Let Ip denote
Im(D). Proposition 17 shows that v € Zp(X') iff there exists a constraint
X 2 a in D such that v € Ip(a). Since D consists of those constraints in
C that have the form X D a where a is atomic and non-variable, it follows
that

v € Ip(a) for some constraint X D e in C (

. . . . 7.17)
where a is a non-variable atomic set expression

v € Ip(X) iff
The remainder of the proof uses this fact to show that Zp is a model of
C. Consider each possible constraint in C in turn:

Case (i): Consider a constraint of the form X D a where a is an atomic
set expression. First suppose that a is not a set variable. This means that
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X D a appears in D and so is immediate that Zp is a model of such a
constraint. On the other hand, suppose that a is a set variable, say ), and
let v be a value such that v € Zp()). From (7.17) it follows that there exists
a constraint ) D a’ in C where a’ is a non-variable atomic set expression
such that v € Ip(a'). So, C contains X 2 Y and Y 2 @/, and since the
application of Transformation 2 to C does not produce any new constraints,
it must be the case that X D a’ already appears in C. Hence X 2 o’ is in D
and so v € Ip(X). This completes the proof that Zp is a model of A D a.

Case (ii): Consider a constraint of the form X' 2 f(:)l(a) where a is an
atomic set expression. First suppose that a is not a set variable and let
v € Ip( f(';)l(a)). This means that there exists a value f(v1,...,v,) € Ip(a)
such that v; is v. Since a is not a set variable or T (recall that T is omitted
from this section), it must be the case that a is of the form f(a,...,an)
where each a; is an atomic set expression such that v; € Ip(a;). This
implies that each a; is non-empty in the least model of ezplicit(C) and so
the preconditions of Transformation 3 are satisfied. Hence the constraint
X D a; must already appear in C. By case (i), Zp is a model of X’ D a;, and
it follows that v € Ip(X'), and so Zp is a model of X' 2 f(;)l(a).

On the other hand, suppose that a is a set variable, say ), and let
v € Ip( f(:)l(y)). This means that there exists a value f(vi,...,v,) € Ip(Y)
such that v; is v. By (7.17), there exists a constraint J 2 a such that a is
a non-variable atomic set expression and f(v1,...,vn) € Ip(a). Since the
application of Transformation 2 to C does not produce any new constraints,
it must be the case that X 2 f(:)l(a) already appears in C. Clearly v =
v; € Ip( f(})l(a)). Moreover, we have just argued that Zp must satisfy such
a constraint. It follows that v € Zp(X), and this completes the proof that
Ip satisfies X D f(;)l(a).

Case (iii): The final case deals with constraints involving intersection. Such
constraints are of the form X D a; N---Na,, where each a; is an atomic set
expression and m > 2. The proof is by induction on v and the induction
hypothesis is: for all values v and for all constraints & 2 a; N--- N ap,
m > 2, appearing in C,

(a) ve Ip(ay1N---Nay) implies v € Ip(X'), and
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(b) if X 2 a;N---Nay, is introduced by an application of Transformation
4 then v € Ip(X’) implies v € Ip(a; N --- Nay,).

Let v be a value such that the induction hypothesis holds for all values
with fewer function symbols that v. Before considering (a) and (b), it is
convenient to first prove the following statement: if v’ has fewer symbols
that v and ay,...,a; appear in C; then

v € Ip(a1N---Nax) iff A o' € Ip(a) where N = U N(a;) (7.18)
aeN i=1..k

This is proved by a secondary induction on i. Suppose that (7.18) holds for
all # < i. Let ay,...,ax appear in C; and consider the following chain of
propositions.

v €Ip(a;N---Nay) iff /\ v’ € Ip(a;)
j=l.m
if A A veIp(e)
j=l.m a€N(a;)

iff A v’ € Ip(a) where N = | J N(a;)
aEN i=1l..k

The first step is just an expansion of N. For the second step, take each
a; in turn and comsider two cases. If a; is not an intersection variable
then M(e;) = {a;} and so the second step is trivial. On the other hand,
suppose that a; is an intersection variable, say Vn;. Corresponding to
VN;, there exists a constraint Vn; 2 a3 N ---aj, | > 2, that is introduced
by Transformation 4. Moreover, this constraint must appear in C;-; and
N; = N(a}) U ---U N(a}). Now, since v’ is smaller than v and C;_, is
constructed before C;, the main induction hypothesis and the secondary in-
duction hypothesis respectively imply that

v €Ip(eyN---nap) iff v'€Ip(Vy;), and
v €Ip(ain---naj) if A o' €Zp(a)
aEN;

and the second step follows immediately. The final step in the chain follows
from the definition of N. This completes the inductive proof of (7.18). The
following key property is an immediate corollary of (7.18): if ¢/ has fewer
symbols than v, and Vy,a,,...,a; appear in C; where N = N(a,)U---U
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N (ax), then
v € Ip(X) iff v € Ip(a1N---Nayg) (7.19)

Now consider part (a) of the main induction hypothesis. Assume that
v € Ip(a1N---Nay). It follows that v € a;, ¢ = 1..m. Now, if one of the g; is
a set variable, say ), then (7.17) implies that there exists a constraint Y 2 a
in C where a is a non-variable atomic set expression such that v € ZIp(a).
This means that the preconditions of Transformation 3 are satisfied, and so
the constraint & 2 a3 N---Na;_1NaNaj43 N- - Na, must appear in C.

This argument may be repeated if necessary, and it follows that C must
contain a constraint of the foorm X D a; N --- N a,,, where each q; is a
non-variable atomic set expression such that v € a;, i = 1..m. Let v be
f(v1,...,v2). Then each a; must be of the form f(a;,,...,a;,) such that
v; € Ip(a;;), 1 = 1..m, j = 1..n. This implies that v; € ITp(a; ;N -Namy ;).
Since C contains all constraints generated by Transformation 4, it follows
that C contains X 2 f(Vn,,..., Vn,) such that N;j = M(a1 ;)U---UN(am,;)-
By (7.19), v; € Ip(VN;), j = 1..n, and so v € Ip(f(VN,,...,VN,)). Since
X 2 f(Vny,---,VN,) appears in C, and hence in D, it follows that v €
Ip(X), and this completes the proof of (a).

To prove (b), suppose that X D a; N ---Nayy, is introduced by an appli-
cation of Transformation 4. By inspection of Transformation 4, X must be
an intersection variable. The first part of the proof shall establish

if (X 2 se) € C then v € Ip(se) implies v € Ip(a; N---Nay) (7.20)

Now, any constraint in C that has the form X O se must be the result of
applications of transformations to X D a; N --- N a,, (since initially this is
the only constraint in C involving X). Moreover, the only transformations
that can be involved in this process are Transformations 2 and 4. From
inspection of these transformations it must be the case that a constraint of
the form A" D se in C must be such that se is either:

(@) aj N --- N a}, such that either a} is a; or a non-variable atomic set
expression a} such that a; D a} appears in C, or

(8) f(Vn,,...,Vn,) such that there is a constraint X 2 f(a1,1,...,81,4)N
N f(@m,15- - 38ma) in C such that N; = U;o; . V(@i ), J = 1..n.
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Now, in case (), it is easy to see that Ip(a;) 2 Ip(a}) because either q; is
identical to a} or else a; 2 a} appears in C and hence in D (noting that a;
must be a variable and a! is a non-variable atomic set expression). Hence it
follows that Zp(a; N---Nay,) 2 Ip(se) and this proves (7.20).

To prove (7.20) in case (B), assume that v € Ip(se). This implies
that v must be of the form f(v,...,v,) such that v; € Ip(VN;), j =
l.n. By (7.19), v; € Ip(aij), i = 1.m, j = l.n. It follows that v €
Ip(f(aj1y...,8j2a)), j = 1..m. Hence

vE Ip(f(am,... ,al,,.) NN f(am,ly'- -’am,n))-

Now, the expression f(@1,1,...,81n) N N f(@m1,...,8mn) must satisfy
(a), for which (7.20) has already been proved. Hence v € Ip(a1 N ---Nay)
and this proves (7.20) for case (3).

Finally, (b) can be proved as follows. If v € Ip(X) then there exists a
constraint X D a in D such that v € Ip(a). Since X’ D a also appears in C,
it follows from (7.20) that v € Ip(a1 N---Naw). []

Now, combining the above lemmas with Theorem 7 proves that

Theorem 8 (Correctness of projection-intersection Algorithm)
When input with a collection Cq of standard form constraints, the projection-
intersection algorithm terminates and outputs ezplicit form constraints Coy,
such that Im(Cout) =uar(co) Im(Co)-

We note that a large part of the correctness proof for the intersection-
projection algorithm involves showing that the algorithm computes exactly
the least model of the set constraints. This arises because of the philosophy
behind set based approximation: that we should strive for simple declarative
notions of program approximation, independent algorithmic details. Hence,
algorithm “correctness” in this context involves showing that our algorithm
is faithful to the definition of set based program approximation, and this is
achieved by showing that each step of the algorithm is equivalence preserv-
ing. In contrast, if we are only interested in showing that the algorithm is a
conservative approximation of the program (and this is case in most other
works on program analysis) then only lemmas 12 and 13 are needed.

We also note that the above algorithm is incremental in the sense that
the execution of the main loop could be halted at any stage and extra con-
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straints could be added. Moreover, the solving of projections and intersec-
tions is closely intertwined. An alternative formulation of the algorithm can
be obtained by separating the solving of projection and intersection (such
an approach is taken by Heintze and Jaffar in [22]). The advantage of this
is that the proofs relating the solving of intersections become simpler. In
essence this is because all of the intersections can be identified and performed
together and so complex induction hypotheses and intersection variable in-
variants are not needed. The disadvantage is efficiency. In particular, by
integrating the solving of projection and intersection, the simplification of
projections becomes significantly cheaper.

7.6 Quantified Set Expressions

This section generalizes the algorithm of the last section to deal with the
quantified set expressions that appear in SCp. Specifically, the set con-
straints considered are constructed from OP,, where OP; consists of quan-
tified operators and complement constants, as well as the set operators in
OP;. The constraints considered in this section shall be constructed from
OP; (note that, unlike the previous section, we shall include T). Three
main complications arise in extending the algorithm from the previous sec-
tion to deal with the SCp. First, reasoning about quantified set expressions
involves reasoning about whether a program term is defined under an envi-
ronment, and this in inherently complex. Second, reasoning about apartness
conditions s { se requires the introduction of complement constants. Third,
although Im(SCp) turns out to be decidable, Im(C) for a collection C of arbi-
trary set constraints constructed from OPj is not in general decidable. This
means that termination of the algorithm requires careful reasoning about
the details of the constraints that arise during its execution.

Before presenting the algorithm, we shall first outline why the general
problem of solving set constraints constructed from OP, is not decidable. In
essence, this is because the combination of projection and function symbols
on the left hand sides of quantified set expressions allows unbounded notions
of dependency to be introduced (see the discussion in Section 5.4, page 123).
More concretely, let g, f and ¢ be function symbols of arity 2, 1 and 0
respectively and consider the constraints
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X 2 g(ee)
X 2 {X :g(fi)(95)(X)), fi) (9z)(X))) € X}

In essence the quantified set expression in the second constraint unpackages
values in X (which are all of the form g(v,v2)), wraps an “f” around both
and then packages them up again. The least model of this constraint maps
X into the set {g(f*(c), f*(c)) : n > 0}. This example can be extended to
code up undecidable problems such a Post’s correspondence problem. For
example, let (o3,,),...,(0n,¥s) be a collection of pairs of strings. Now,
treat the letters that make up these strings as unary function symbols, and
write the constraints

X 2 g(ec)
X 2 {X:9(c7(95)(X))s¥i M gy (X))) € X}, i=1l.n

where the notation o0~ denotes the sequence of projection operators such
that Z = 0~ (o(se)) = se for all interpretations 7 and set expressions se.
For example, if o is the string fgg then 0~1(se) denotes g('ﬁ (9(—1;( f('l}(se))).
It is easy to see that the least model of these constraints maps A into the
set of all values of the form

9(0i, 05, -+ 04, (€), Viyviy -+ 15, (c))

where {i;,2,...,%} C {1,...,n}. As a special case, we can also define the
set {g(o(c),0(c)) : for all strings }. Combining these two observations
with the fact OP, includes intersection operators, proves that any Post’s
correspondence problem can be coded up in constraints C such that, for
some variable Y € var(C), Im(C)(Y) = {} iff the correspondence problem
has no solution.

The undecidability of the class of set constraints constructed from OP;
means that the correctness and termination of the algorithm presented in
this section depends crucially on the form of the quantified set expressions
appearing in SCp. By inspection, these expressions are of the form {X :
conj} such that X is a program variable and each quantified condition in
conj has one of the following forms:

(I) s € se where s is constructed from projections and program variables,
(IT) st se where s is constructed from projections and program variables,

(IIT) t € a where t is an arbitrary program term and a is a ground atomic
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set expression, or

(IV) s € se where s is a constructed from function symbols and program
variables,

where, in each case, se is a set expression containing only set variables,
projections and function symbols. The first kind of quantified condition
arises from program conditions of the form s = . The second arises from
program conditions of the form s # t. The third arises from the construction
of defined(t) in the constraints corresponding to an assignment statement.
Finally, the last kind of quantified condition arises during the translation of
environment constraints corresponding to logic programs rules.

To control the form of the quantified set expressions that are constructed
during the algorithm, it is convenient to maintain quantified set expressions
in an even more restrictive form, which we now describe.

Reduced Form Quantified Set Expressions

A conjunction of quantified conditions conj is in reduced form if no condition
appears twice in conj and each quantified condition in conj is one of the
following forms:

(a) X € se,
(b) s € X where s consists of program variables and function symbols, or

(c) st se,

where, unless otherwise specified, X is a program variable, se is a set ex-
pression and s is a program term. In other words, quantified conditions such
as g(‘z)(X ) € Z and g(X,Y) € g(W, 2Z) are excluded. A collection of con-
straints C is in reduced form if all conjunctions therein are in reduced form.
The algorithm maintains constraints in reduced form via a reduction process
that converts constraints into reduced form constraints. In essence, this in-
volves rewriting quantified conditions such as g(;;(X )€ Zinto X € ¢(T, 2)
and ¢(X,Y) e gW,2Z)into X €W A Y e€Z.
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(i) Replace f(;)l(s) € se
by s€ f(T,...,T,se,T,...,T)
(se appears at the it* argument of f).

(i) Replace f(s1,...,8s) € f(se1,...,s€5)
by s) € se3 A--- A sy € Sen.

(iii) Replace f(---) € T or f(-+-) € g(---) such that f # ¢
by true.

(iv) Replace f(815-.-,8s) € {se1,...,8em}
by f(515---,8n) €FET A <=+ A f(81,--.,8n) € Tem

(v) Delete X 2 {X : conj A f(---) € se} if se is either L,
g(---) such that f # g, or § such that f(T,...,T)€ S

(vi) Replace X 2 {X : conj A f(s1,...,5n) € f(se1,...,s€e0)}
by X D {X :conj A s; €3€i}, ..., X 2 {X :conj A s, €363}

Figure 7.5: The Rewrite Steps of REDUCE()
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For notational convenience we shall treat a conjunctions conj of quan-
tified conditions as a set of quantified conditions. That is, if ezpy,...ezp,
are quantified conditions, then the conjunction ezp; A-- - A ezp, and the set
{ezp1,...,ezpy} shall be used interchangeably. Now, consider the rewrite
steps in Figure 7.5 for simplify the quantified conditions in a collection C
of set constraints. In these steps, se,se;,...,3e, are set expressions, and
8, 81,...,8, are program terms, and |$| denotes the cardinality of the set S.
Steps (i-iv) work at the level of quantified conditions, and replace a quan-
tified condition by a (possibly empty) conjunction of quantified conditions.
The remaining steps work at the level of constraints - steps (v) just deletes
a constraint and step (vi) replaces a constraint by » > 0 constraints. Note
that in (i), the i** argument of f(sey,...,se,) is the set expression se that
appears in f(:)l(s) € se, and the remaining arguments are all T. For exam-
ple, if h has arity 3, then hi‘zl(sl) € f(c) is replaced by s; € A(T, f(c), T). It
is assumed that if a quantified condition appears more than once in a con-
junction constructed by these steps, then copies of the condition are deleted
until only one remains.

Where C is a collection of constraints, define that REDUCE(C) is the
result of exhaustively applying the steps in Figure 7.5 to L. We now prove
the correctness of REDUCE. We begin with some observations about the
complement constants. As mentioned earlier, all complement constants used
in our constraints shall be of the form

S where each se € S either has the form f(T,...,T)

or consists only of function symbols. (7.21)

In what follows, we shall implicitly assume that this property holds, and
only make reference to it when new complement constants are generated.
To see that REDUCE preserves property (7.21), note that the only steps of
REDUCE that may generate new complement constants are (iv) and (vi).
Now, any new complement constants introduced by step (iv) are of the form
S such that § C S’ for some complement constant 57 that already appears
in the constraints. Similarly, any new complement constants introduced by
step (vi) are of the form 3¢ such that se is different from T and such that
a complement symbol of the form f(...,se,...) is already present. We now
prove that REDUCE always terminates.

Proposition 26 REDUCE terminates on any collection C of set constraints
(constructed from OP3).
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Proof: Consider step (iv). This step serves to replace an occurrence of a
constant {sey,...,Sen}, where by m constants 3ej,...,5¢,. Moreover, no
transformation introduces occurrences of constants S such that |S| > 2. It
is clear that there can only be a finite number of applications of step (iv).

Since step (iv) cannot be applied indefinitely, it follows that in an ex-
haustive application of steps (i-vi) to C, a point must eventually be reached
such that there are no further applications of step (ii). Termination can then
be proved by observing that steps (i), (ii), (iii), (v) and (vi) all reduce the
total number of symbols in the program terms appearing in the quantified
conditions in C. To see this, note that in cases (ii) and (vi) a program term
f(81,...,8,) is replace by s;, ¢ = 1..n, in cases (iii), and (v) a program term
is removed, and in case (i) a program term f(j)l (s) is replace by s.  []

We next show that REDUCE preserves standard form and also preserves
the form described by (I-IV). This involves a straightforward verification
for each step of REDUCE.

Proposition 27 IfC is in standard form then so is REDUCE(C).

Proof: Let C be a collection of standard form constraints. From the defini-
tion of standard form, any quantified conditions appearing in C must be of
the form s € a or sta such that a is atomic. Now, suppose that one of steps
(i-vi) of REDUCE is applied to C. Then, the only new constraints introduced
by this step must be of the form X D {X : conj} such that each quantified
condition in conj either

1. appears somewhere in C;

2. has the form s € f(se,...,se,) such that C contains a quantified
condition of the form ¢ € se and each se; is either se or T (see step

(i)
3. has the form s € se; such that C contains a quantified condition of the
form t € f(sey,...,se,) (see step (ii)), or

4. has the form s € § (see steps (iv) and (vi))

In each case it is clear that the quantified condition must have the form s € a
or st a where a is atomic. It follows that any new constraints generated by
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the step must be in standard form. Hence each step of REDUCE preserves
standard form, and the proposition follows. []

Proposition 28 Let C be a collection of constraints such that each quan-
tified condition appearing in C is of one of the forms (I-IV). Then each
quantified condition in REDUCE(C) is of one of the forms (I-IV).

Proof: It suffices to show that the steps (i-vi) preserve the forms (I-IV).
Now, only steps (i), (ii), (iv) and (vi) can introduce new quantified condi-
tions. Consider each of these steps in turn. In step (i), the new quantified
conditions is of the form s € f(T,...,se,..., T) such that f;(s) € se is
either of form (I) or (IH). If f(;)l(s) € se is of form (I), then s contains only
projections and program variables, and so s € f(T,...,se,...,T)is of form
{M. ¥ f(:)l(s) € se is of form (III) then f(T,...,se,...,T) is ground, and
sos € f(T,...,s€,...,T) is of form (III). In steps (ii), the new quantified
conditions are of the form s; € se; such that f(sy,...,s,) € f(sei,...,s€,)
is either of form (III) or (IV), since forms (I) and (II) are not applicable.
Hence either each s; is a term constructed from function symbols and vari-
ables, or else each se; is ground and atomic. This means that each s; € se;
is either of form (III) or (IV). In steps (iv) and (vi), the new quantified
conditions are of the form s € 5, and it is immediate that such a quantified
conditions are of form (III). ]

Combining the previous two propositions with some simple observations
about the rewrite steps that make up REDUCE proves that REDUCE achieves
the desired rewriting of constraints into reduced form.

Proposition 29 Let C be a collection of standard form constraints such
that each quantified condition appearing in C is of one of the forms (I-IV).
Then REDUCE(C) is in reduced form.

Proof: By definition, none of the steps of REDUCE can be applied to
REDUCE(C). Hence, if s € se appears in REDUCE(C) then s cannot have
the form f(:)l(s’ ). Furthermore, if s has the form f(s;,...,5,) then se can-
not be of the form f(---), T, S, L or g(---), g # f. Hence, each quantified
condition in REDUCE(C) must be of one of the following forms:
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(a) X € se.

(b) f(---) € se where se is either a set variable, or of the form se; U se;
or op(sey,...,sey,).

(c) stse.

Now, by Proposition 27, REDUCE(C) is in standard form and so all con-
straints in REDUCE(C) are of the form X D a or X D op(ay,...,a,) where
a,ai,...,a, are atomic. Hence the quantified conditions in REDUCE(C) must
be of the form s € a or sta where s is a program term and a is an atomic set
expression. Also, by Proposition 28, each quantified condition in REDUCE(C)
must satisfy one of the forms (I-IV). Hence, in case (a) above, se must be
atomic. Now consider case (b). Since se is atomic it must be the case that se
is a set variable, say X. Hence se cannot be ground and so f(---) € X must
satisfy either (I) or (IV), and it follows that f(---) must consist of function
symbols. In case (c), no further conditions can be established. In summary,
each quantified condition in REDUCE(C) is either of the form (a) X € se, (b)
s € X where s consists of program variables and function symbols, or (c)
s 1 se, and so each conjunction of quantified conditions in REDUCE(C) is in
reduced form. ]

It remains to prove that REDUCE is correct. That is, we seek to show
that Im(C) = Im(REDUCE(C)). Unfortunately this is not always the case.
For example, consider the constraint

X 2 {X : g(g5}(X), X) € (5, D)} (7.22)

where b and ¢ are constants and ¢ is a binary function symbol. Let ezp
denote g(g('ll)(X ), X) € g(c,b) and let T be an interpretation. By definition,
p € I(exp) if p > 5(95}(X), X) aud plo(g}(X), X)) & {a(eb)}. Now,
the first condition implies that p(X) must be of the form g(---) and this
subsumes the second condition. Hence, p € Z(ezp) iff p(X) has the form
g(v1,v;) for some values v; and vy. Thus, the least model of the constraint
(7.22) maps X into the set {g(v;,v2) : v; and v; are values}.

Now, consider the application of REDUCE to the constraint (7.22). This
involves replacing the constraint by X 2 {X : g('ﬁ(X )ETand X D {X:
X € b} (using step (vi)), and then replacing g)(X) €cby X € g(T)
(using step (i)). Hence, the final reduced form constraints are:
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X D {X:Xeb}

The least model of these constraints maps X into the set of all values different
from b. Clearly the least model of (7.22) has not been preserved.

X 2 {X:XegET)}

The problem occurs during the application of step (vi), when (7.22) is
replaced by X 2 {X : g('ﬁ(X Y€€} and X D {X : X € b}. Before the step,
(7.22) is equivalent to

% 2 {p(X): (p (95)(X)) # {c} or p(X) ¢ {8}) 2nd p b g5} (X)}

However, after the step, the resulting constraints are equivalent to

% 2 {p(X): p (95(X)) € {e} and p b g5}(X)}
U {e(X):p(X) ¢ {b}}.

Hence, the least model is not preserved by REDUCE because the condition
p b g('lg(X ) is not present in the quantified set expression {X : X € 3}. In
general, there are two steps of REDUCE that are potentially incorrect in this
sense, namely steps (iii) and (vi). The problem in both cases is due to the
requirement that environments be defined on each program term appearing
in a quantified condition.

The proof of correctness proceeds by showing that whenever one of steps
(iii) or (vi) is applied to a quantified condition s € se in a conjunction conj,
the requirement that p is defined on s is in fact redundant because this
requirement essentially appears elsewhere in conj. For example, consider
the set constraint

X 2 {X:Xeg(T,...,T) A g(g5)(X), X) € g(c,b)}-
An application of step (vi) to this constraint yields the two constraints

X 2 {X:Xeg(T,...,T)AX €g(5,T)}
X 2 {X:Xeg(T,...,T)AX €b}
This step is correct because the implicit condition that X must have the

form g(-- -), which is dropped during this step, is in fact redundant because
it appears elsewhere in the conjunction.

More generally, recall that p € Z(cony) if
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pbs A p(s)eI(se) for all s € se in conj
and pbs A Jv(v#p(s) A veZI(se)) forall stsein conj

Now, consider an alternative definition of p € Z(conj), which omits quanti-
fied conditions that are not defined:

p(8) € I(se) for all s € se in conj such that p D> s
and 3v(v # p(s)Av € I(se)) for all s{sein conjsuch that p D> s

Under certain circumstances, these two definitions coincide, and this turns
out to be the key property for correctness. To formalize this, first extend
the b notation. Define that p b ezp holds if ezp is s € se or s { se and
p b s. In other words, p b ezp denotes the condition that the program term
appearing in ezp is defined. Now, define that a quantified set expression is
safe with respect to an interpretation as follows.

Definition 18 A quantified set ezpression {X : conj} is safe with respect to
an interpretation I if, for each p ¢ I(conj), conj contains a quantified
condition ezp, such that p b ezp, and p & I(ezxp,). A collection of set
constraints is safe with respect to I if all of the quantified set ezpressions it
contains are safe with respect to I.

In other words {X : conj} is safe with respect to Z if p ¢ Z(conj) implies that
there is some quantified condition that is defined under p but not satisfied
by p, and this means that conj contains no implicit information in the
definedness of program terms. Hence, to determine the relation p € I(conj),
all undefined quantified conditions can be safely ignored.

We now proceed with the proof of correctness for REDUCE. In essence
we shall prove that each step of REDUCE is correct in the sense that if it
replaces a set expression seyd by sepne, and se,q is safe with respect to an
interpretation 7 then Z(senew) = Z(3€,14). In order to show that an entire
application of REDUCE is correct, we shall also need to argue that each step
preserves safeness. We begin by proving a somewhat abstract property about
preservation of safety that will be used repeatedly in the propositions that
follow. In essence, the property considers the replacement of a quantified set
expression of the form {X : conj A ezp} with {X : conj Aezp, A---Aezp,}.

Proposition 30 Let conj be a conjunctions of quantified conditions and let
erp,erp,...,exp, be individual quantified conditions. If I is an interpre-
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tation such that:

(a) (Vp b ezp) (p € I(ezxp; A --- A ezp,) implies p € I(ea:p)),
(5) p b exp implies Niynp b ezp;, and
(c) {X : conj A ezp} is safe with respect to T,

then {X : conj A ezp; A --- A ezp,} is safe with respect to I.

Proof: To show that {X : conjAezp, A---Aezp,} is safe with respect to Z,
suppose that p € Z(conj A ezp,; A--- A ezp,) and we need to show that there
exists a quantified condition ezp, in conjAezp,A---Aezp, such that p >ezp,
and p & I(ezp,). Now, either (1) p & Z(conj) or (2) p € I(ezp; A---Aezp,).

In case (1), p € Z(conj A ezp), and so by assumption (c), there must exist
ezp, in conj A ezp such that p > ezp, and p ¢ Z(ezp,). Now, consider two
subcases. Either ezp, appears in conj, in which case the proof is complete,
or else ezp,, is ezp. In this latter case, p D ezp and p ¢ I(ezp), and combining
this with (a) proves that p € Z(ezp; A --- A ezp,). It follows that, for some
i, p € I(ezp;). Moreover, p > ezp and it follows from (b) that p b ezp;.
Hence ezp; is the required quantified condition.

In case (2), p € Z(ezp; A -+ A ezp,), and so there must exist some
i such that p € Z(ezp;). Again consider two subcases. If p b ezp; then
the proof is complete. Otherwise, if it is not the case that p b ezp,, then
(b) implies that p > Z(ezp) does not hold, and this in turn implies that
p € I(conj A ezp). Since {X : conj A ezp} is assumed to be safe with respect
toZ and p ¢ I(conjAezp), there is some ezp, in conjAezp such that p bezp,
and p ¢ I(ezp,). Now ezp, cannot be ezp because cf the assumption that
p b I(ezp) does not hold. Hence ezp, must appear in conj and hence in
conjAexpy A---Aezp,. ]

The following two propositions form the core part of the proof of the
correctness of REDUCE. In essence, they show that each step is correct and
preserves safeness.

Proposition 31 If one of steps (i-iv) of REDUCE is applied to a collection 3
of constraints then the effect of the step is to replace a constraint X 2 {X :
conj e} by X 2 {X : conj,,,} such that, for any interpretation Z,
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(a) I({X : conjold}) c I({X : conjnew})r and
(b) if {X : conj iy} is safe with respect to I then

(bI) I({x: conjog}) = I({X : conjy,., }), and
(2) {X : conj,.,,} is safe with respect to I.

Proof: If step (i) is used, then conj,;q is conj A f(:)l(s) € se, and conj ..,
is conjAs € f(T,...,T,se,T,...,T) where se appears at the i* argument
of f. Now let Z be an arbitrary interpretation and consider the following
equivalences:

p e I(f(s) € 5e)
iff pob f(-,-')l(s) A P(f(:)l (s)) € Z(se)
if pbs A p(s)is f(vry...,0.) A v; € I(se)
iff pBs A p(s)is f(vi,...,0n) A v, €I(se) A Ajziv; € I(T)
iff pbs A p(s)€I(f(sery...,3€n))
if peZ(se f(ser,...,s€))

These equivalences imply that, for all interpretations Z, p € I(conj, ) iff
p € I(conj,.,). Hence I({X : conj,u}) = I({X : conj,.,}), and this
proves (a) and (bl). It remains to show (b2). Suppose that {X : conj 4} is
safe with respect to Z. Then clearly the following properties hold:

o Z(f;}(s) € se) = I(s € f(ser,..-,3¢4))
epb f(})l(s) implies p b s,
o {X : conj A f(s) € se} is safe with respect to Z

and hence the preconditions of Proposition 30 are satisfied. It follows that
{X : conj,.,,} is safe with respect to Z.

If step (ii) is used, then conj,yy is conj A f(sy,...,3,) € f(sey,.-..,s€,)
and conj,,,, is conj A s; € se; A--+ A 8, € se,. Now let Z be an arbitrary
interpretation and consider the following equivalences:
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pGI(f(Sl,...,Sn)ef(sel,-u,seﬂ))
iff pDf(s1,...580) A p(f(S15--.530)) € Z(f(s€1,...,3€5))
if Apbsi A A p(s) € Z(sei)

i=1l..n i=l.n

if A (pbsi A p(si) € I(se:))

i=l.n

iff A peI(si€ se)
i=l..n

iff p€Z(s) €segA--Asy€ sey)

These equivalences imply that, for all interpretations Z, p € I(conj o) iff
p € I(conj,,,) Hence Z({X : conj,y}) = Z({X : conj,.,}), and this
proves (a) and (b1).

To prove (b2), assume that {X : conj,4} is safe with respect to I.
Clearly the following properties hold:

o I(f(515---58n) € f(s€1,...,8€,)) = T (31 € se1 A+ A 8, € sey),
e pb f(81,...,8,) implies p >33 A= Ap D sy

o {X : conj, 4} is safe with respect to Z

and so Proposition 30 proves that {X : conj,,,} is safe with respect to Z.

If step (iii) is used, then conj ;4 is conj A sy € se; where s, is of the form
f(---) and se, is either T or of the form g(: - -) such that f # g, and conj,,.,,
is conj. Clearly

p € I(conj A sy € se;) implies p € I(conj)

and it follows that Z({X : conj,y}) € Z({X : conj}). This proves (a). Now
consider (b1) and suppose that {X : conj 4} is safe with respect to Z, and
consider the following property:

p € I(conj) implies p > s (7.23)

To prove (7.23), suppose that p b s; does not hold. This implies that
p € I(conj,q)- Since se,yq is safe with respect to Z, there exists a quantified
condition ezp, in conj,;y such that p > ezp, and p ¢ Z(ezp,). Since ezp,
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cannot be s; € se;, it must be the case that ezp, appears in conj. Hence
p & I(conj). This completes the proof of (7.23).

Now, consider the condition s; € se;. If p b s, then it is clear that
p(s1) € Z(sey) because if se; is either T or g(---) then Z(se;) contains all
values of the form f(---). Hence p € Z(s € se;) iff p > s;. Combining this
with (7.23) proves that

p € I(conj) implies p € I(conj A 31 € sey)

and so Z({X : conj,.,}) € Z({X : conj,;}). Combining this with (a)
proves (b1). "

To prove (b2), assume that {X : conj,y} is safe with respect to Z. Now,
we have already proved that p € Z(s; € se;) iff p b sy, and so if p b 5
then p € Z(s; € se;) implies p € ZI(true). Hence the three preconditions
of Proposition 30 hold (note that the second is vacuous since n = 0) and it
follows that {X : conj,.,,} is safe with respect to Z.

If step (iv) is used, then conj , is conj A f(s1,...,8,) € {s€1,...,5em}
and conj,,,, is conj A f(s1,...,8,) € TETA -+ A f(81,...,3,) € Temm. It is
easy to verify that if p b f(s1,...,8,) then:

P(f(S15.-+48n)) € Z({se1,...,36m}) iff (7.24)
P(f(815--.,8s)) €Z(SET) A--- A p(f(51,...,8n)) € Z(3Em) '

and this implies that Z({X : conj;4}) = Z({X : conj,.,}), for all inter-
pretations Z, and hence proves (a) and (bl). To prove (b2), assume that
{X : conj,q} is safe with respect to Z. Now, it follows from (7.24) that

Z(f(s1,--+550) € Toer, s 5m}) =

I(f(sl,...,s,.)GRTA---Af(sl,...,sn)es_e;).
Also, it is clear that

p & (f(s1,...,50) € [se1,..,5€m}) iff

pb (f(sl,...,s,.) € 3e1 A f(S15--.+5n) em) .

This establishes the preconditions of Proposition 30. Hence {X : conj,.,}
is safe with respect to Z. []
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Proposition 32 If one of steps (v) or (vi) of REDUCE is applied to a
collection of constraints then the effect of the step is to replace a con-
straint X 2 {X : conj,q} by n > 0 constraints X 2 {X : conj,}, ...,
X 2 {X : conj,} such that, for any interpretation Z,

(a) T({X : conjq) C T{({X : conj; }U---U{X : conj, }), and
(b) if {X : conj} is safe with respect to I then

(1) T({X : conjoq}) =Z({X :conj;}U---U{X : conj,}), and
(b2) each {X : conj;} is safe with respect to I.

Proof: If step (v) is used, then the effect of the step is to delete X’ D {X :
conjoq} (i.e. n = 0). The proofs for (a) and (b1) follow from the fact that
there do not exist environments p and interpretations Z such that p b f(---)
and p(f(--+)) € Z(g(--)). Hence Z({X : conj,;4}) is the empty set, for all
Z. Moreover, condition (b2) is vacuous.

If step (vi) is used, then conj,y is f(81,...,8,) € f(se1,...,8€,) and
each conj; is conj A s; € 3€¢;. The proof essentially follows from the fol-
lowing chain of equivalences in which p is an environment such that p b

F(815eers8n):
peT (f(sl,...,s,.) € f(sel,...,se,,))
Hf p(f(s1-+-154)) € T (Flser,..., 5¢x))
iff p(f(s1,..-+80)) €T (f(ser,...,3€))
i 3i (p(s:) ¢ Z(se:))
i 3i (p(si) € Z(s2)
iff 3ip€l'(s;€.'s'e—.-).

(7.25)

To prove (a), suppose that v € Z({X : conj,q}). This implies that for some
p, p(X) = v and p € I(conj, ). Hence p € Z(conj), p b f(s1,...,8,) and
pel (f(sl,...,s,.) € f(sel,...,sen)). The chain of equivalences (7.25)

proves that there is an ¢ such that p€ 7 (s; € 32:) Also, p b f(S15-.-58n)
implies that p b s;. Hence p € I(conj A s; € 3¢;). This means that, for
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some ¢, v € Z({X : conj;}). Hence v € Z({X : conj,}U---U{X : conj,}),
and this proves (a).

Consider (bl), and assume that {X : conj,} is safe with respect to Z.
It is first necessary to show that

p € I(conj) implies p b s; (7.26)

where ¢ ranges from 1 to n. To prove (7.26), fix ¢ and suppose that p > s;
does not hold. This means that p is not defined on f(s;,...,3,),and so p &
Z(conj,iq). Since conj,, is safe with respect to Z, there exists a quantified
condition ezp, in conj,, such that p > ezp, and p ¢ Z(ezp,). Since ezp,
cannot be f(s1,...,8,) € f(se1,...,5€n), it must be the case that ezp,
appears in conj. Hence p ¢ Z(conj). This completes the proof of (7.26).

To complete the proof of (bl), suppose that v € Z({X : conj;}), for
some i, ¢ = 1..n. This implies that there is an environment p such that
p € I(conj) and p € I(s; € 3¢). From the implication (7.26), it follows
that p & f(s1,...,8,). Combining this with p € Z(s; € 3€) and the chain
of equivalences (7.25) proves that p € T (f(sl,...,s,.) € f(sel,...,se,.)).
Hence p € Z(conj,;y) and so v € Z({X : conji}).

Finally, consider (b2) and assume that {X : conj,;,} is safe with respect
to Z. Now, the chain of equivalences (7.25) can be used to verify that, for
all environments such that p b f(s1,...,5x),

p € I(s; € 3¢;) implies p € Z(f(31,..-,3n) € f(se1,...,3€,))

Moreover, p & f(s1,...,3,) implies p b s;, for ¢ = 1..n. Hence, Proposition
30 can be applied to prove that {X : conj A s; € se;} is safe with respect to

7. [

The following lemma combines these two propositions with Propositions
26 and 29 to prove the correctness of REDUCE. In essence, this lemma says
that REDUCE terminates, and produces reduced form constraints whose least
model is the same as the least model of the input constraints. However, it
is convenient to prove the lemma in a somewhat more general form because
REDUCE is used in a variety of different contexts during the algorithm. Note
that it is straightforward to combine the third and fourth parts of the lemma
to prove that REDUCE, preserves least models, and this proof is contained in
the corollary immediately following the lemma. Also note that the last part
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of the lemma describes safeness properties of the result of applying reduce,
and this is needed because REDUCE will in general be applied many times
during the algorithm.

Lemma 14 (Correctness of Reduce) LetC be a collection of constraints
and let T be an interpretation. Then:

e REDUCE terminates on C;

o if C is in standard form and each quantified condition in C is of one
of the forms (I-1V) then REDUCE(C) is in reduced form;

e if v € Z(se) for some constraint Y D se in C then there is a constraint
Y D se’ in REDUCE(C) such that v € I(se’);

o if C is safe w.r.t. T and v € I(se) for some constraint Y O se in
REDUCE(C) then there is a constraint Y D se’ inC such that v € Z(se’),
and

o if C is safe w.r.t. T then REDUCE(C) is safe w.r.t. I;

Proof: The two parts of the lemma are just a restatements of Propo-
sitions 26 and 29. The remaining three parts essentially follow from re-
peated applications of Propositions 31 and 32. To summarize these two
propositions, let C be a collection of constraints and consider a single ap-
plication of one of the steps that make up REDUCE. Let C’ be the result
of the application of this step. Note that each step of REDUCE can be
thought of as replacing one constraint by a (possibly empty) collection
of constraints. Let the replaced constraint be X D sey and let the col-
lection of constraints be X 2 se;,...,X D se,, n > 0. That is, C’ is
(C - {X 2 sex})U{X 2D sey,...,X D se,}. Propositions 31 and 32 imply
that:

(a) Z(sex) S Z(seyU---U sey,), and

(b) if C is safe with respect to Z then

(b1) Z(sex) =Z(se; U---Use,), and
(b2) se,,...,se, are safe with respect to Z.
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Using (a), (b1) and (b2), the following fact can be established: if C’ is
obtained from C by one application of the steps that compose REDUCE then

(1) if v € Z(se) for some constraint Y 2 se in C then there is a constraint
Y 2 sé’ in C’ such that v € Z(se’);

(2) if C is safe w.r.t. 7 and v € Z(se) for some constraint Y D se in C’
then there is a constraint ) D se’ in C such that v € Z(se'), and

(3) if C is safe w.r.t. 7 then REDUCE(C) is safe w.r.t. Z.

To prove (1), suppose that v € Z(se) for some constraint ) 2 se in C. If this
constraint is in fact X D se, then v € T (se; U--- U se,) by (a). Hence, for
some i, v € se;. Since C’ contains X D se;, ¢ = 1..n, the proof is complete.
On the other hand, if ) D se is different from X" D sey, then Y D se appears
in C and so the proof is immediate.

To prove (2), suppose that C is safe with respect to Z and suppose that
v € Z(se) for some constraint Y D se in C. If this constraint is one of the
constraints X’ D se;, i = 1..n, then v € Z(se; U---U se,) and so by (bl),
v € I(sey). Since C contains X 2 sey, the proof for this case is complete.
On the other hand, if ) O se is different from the X O se;, then Y 2 se
appears in C and so the proof is immediate.

To prove (3), let se be a quantified set expression in C’. If se is one of
the se;, then it follows from (b2) that se is safe with respect to Z. On the
other hand, if se is not one of the se;, then se appears in C, and hence se is
safe with respect to Z because C is safe with respect to Z.

The proof of the lemma can now be completed by applying this fact to
each step performed during REDUCE(C) and chaining the results together.

I

Corollary 1 Let C be a collection of constraints. If C is safe with respect
to Im(C) then Im(REDUCE(C)) = Im(C).

Proof: Let Z denote Im(C) and consider a constraint X D se in REDUCE(C).
Let v be any value in Z(se). By part (c) of Lemma 14 (noting that C is safe
with respect to I = Im(C)), there is a constraint X D se’ in C such that
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v € ZI(se'). Since 7 is a model of C, it follows that v € Z(X’). Hence Z is a
model of X D se, and since this was an arbitrary constraint in REDUCE(C),
T = REDUCE(C). Thus Im(C) 2 Im(REDUCE(C)).

Conversely, let Z denote !m(REDUCE(C)) and consider a constraint &' 2
se in C. If v € Z(se) then by part (b) of Lemma 14 (noting that safeness
is not required here) there is a constraint X' D se’ in REDUCE(C) such that
v € I(se'). Since Z is a model of REDUCE(C), it follows that v € Z(X).
Hence 7 is a model of each constraint in C, and so Im(C) C Im(REDUCE(C)).

0

This completes the proof of correctness for REDUCE. Now, the set con-
straints SCp for a program P must be initially put into reduced form. This
can be achieved by first applying STANDARDIZE (to put them into standard
form) and then applying REDUCE (to put them into reduced form). We now
prove that this initialization process is correct. The main part of this is to
prove that SCp is safe with respect to Im(SCp).

Lemma 15 (Initialization) Let SCp be the set constraints for a program
P, and let Co be REDUCE(STANDARDIZE(SCp)). Then

(a) Co is in reduced form;
(b) Im(Co) = var(SCP) Im(SCp).
(c) Co is safe with respect to Im(Co).

Proof: First consider (a). By proposition 14, we only need to show thct
each quantified condition in STANDARDIZE(SCp) is of one of the forms (I-
IV). Now, it has already been argued that the quantified conditions in SCp
are of one of the forms (I-IV). When STANDARDIZE to SCp the only step that
may alter quantified set expressions is the step that replaces a set expression
by a new set variable and adds a constraint between the new set variable
and the replaced expression. It follows that STANDARDIZE preserves the
form (I-IV).

To prove the remaining parts of the lemma, it must first be established
that SCp is safe with respect to Im(SCp). Recall the construction of SCp
from section 6.2, page 152, where set constraints are described for each of
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the five different kinds of environment constraints. In most cases it is easy
to see that the quantified set expressions introduced are safe with respect
to Im(SCp) because they contain only quantified conditions of the form
X € se or s € a where a contains only function symbols. There are only
three non-trivial cases.

The first involves the set constraints
X 2 {Xi:defined(t) A Aj:l..m X; € X;\}

introduced during the translation of ¥# D W[ Xp—t], where defined(t) de-
notes the conjunction of all conditions of the form s € f(T,..., T) such that
f(';)l(s) is a subterm of t. Let con;j denote defined(t) A A< . Xj € X;‘. To
show that the quantified set expressions {X; : conj} are safe with respect to
Im(SCp), consider an environment p such that p € Im(SCp)(conj). Clearly
there must exist at ieast one quantified condition s € se in conj such that
p € Im(SCp)(< € se). Pick the quantified condition such that the number of
function symbols in s is minimized. Now, if it is not the case that p b s, then
s must contain a subterm of the form f(:)l(s’ ) such that either p(s') is not de-
fined or else p(s') is not of the form f(---). This means that s’ € f(T,...,T)
must appear in conj and that p ¢ Z(s’ € f(T,..., T)). However s’ contains
fewer function symbols than s, and this contradicts the choice of s. Hence it
must be the case that p b s, and this completes the proof that each quanti-
fied set expression {X; : defined(t) A Aj=1.;m X; € A';"} is safe with respect
to Im(SCp).

The second non-trivial case involves the set constraints
X 2 {Xi:defined(conji) A Ajz1.m X5 € A7)

introduced during the translation of ¥* 2 ¥*[conj, V---V conj,]. The proof
for the quantified conditions in these constraints is identical to the first case.

The third non-trivial case involves the set constraints
X' 2 {X;: translate(conj,) A Ajoy.m Xj € Aj)

introduced during the translation of ¥# 2 ¥*[conj; V --- V conj,]. Let
T denote Im(SCp). The safeness of these quantified set expressions relies
on a combination of two factors: first, the quantified conditions X; € &j,
Jj = l.m, and second, properties of the sets assigned to the X; under Z.
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These two factors are combined in the property
if p€Z(Ajr.mX; €X;) then p b conj, (7.27)

which clearly implies that {X; : translate(conj,) A Aj=y.m X; € &;} is safe
with respect to Z. To prove (7.27), consider the values of the variables X;
under Z. Now, the constraints for these variables are

X; 2 {X;: defined(conji) A Niz1.m X1 € X}

and moreover, there is only one lower bound for each variable X;. Hence,
by Proposition 18, these inequalities are in fact equalities in Z. That is,

I(X;) = I({X; : defined(conji) A Ai=1.m X1 € X2}), 5 = 1.m (7.28)

Using the equality (7.28), the expression p € Z(Aj=1.m Xj € &j) can be
significantly simplified. Recall that X,,...,X,, is a list of the program
variables, and let p denote the set environment that maps the program
variables X; into Z(&X;). Now, consider the following chain of equivalences:

p €T (Ajmr.m X; € X;)
i A p(Xj) € Z(X))

j=l.m
iff A\ p(X;) € Z({X; : defined(conjy) A N\ X; € X))
j=l.m j=l.m
iff A p(X;) € {o(X;) : p € I(defined(conji)) A A\ p(X;) € Z(X})}
j=l.m j=l.m
if A\ p(X;) € {p(X;) : p € I(defined(conjy)) A p € 0}
i=l.m

iff peA({p€ ¢:p € I(defined(conj;))})

iff pe A({p€ o:p(s)€ I(se) for each s € se in defined(conj;)})

iff peA ({p € p: p(8) has form f(---) for each term f(;)l(s) in condk})
iff peA({p€p:p b cond:})

Now, by Proposition 14, {p € ¢ : p > cond;} is set based. Hence the con-
dition p € A({p € 0: p b condy}) is equivalent to p > condi. This means
that p e T (/\j=1..m X;e X,) implies that p > condy, and this completes
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the proof of (7.27). This completes the proof that all of the quantified set
expressions appearing in SCp are safe with respect to Im(SCp).

Consider the application of STANDARDIZE to SCp. Suppose that (' is
obtained form C by a single step of STANDARDIZE and that C is safe with
respect to Im(C). It has already been proved that Im(C)(X) = Im(C’)(X)
for 2ach & € var(C) (see the proof of Proposition 21). Now, suppose that
this step of does not introduce any new quantified set expressions, and this
implies that C' is safe with respect to Im(C). Since the safety of a quantified
set expressions se with respect to an interpretation only depends on the set
variables appearing in se, it follows that C’ is safe with respect to Im(C).

Now consider the case where the step of STANDARDIZE does introduce
new quantified set expressions. As has already been noted, the only step that
can do this is the step that replaces a non-standard occurrence with a new
variable. Hence, C must contain a quantified set expression {X : conj A ezp}
such that ezp is either s € se or s{se and the new quantified set expression in
C'is {X : conjAezp'} where ezp’is s € 2 or st £ and Z is a new set variable.
Moreover, Z D se must be the only lower bound for Z in C’. Proposition
18 implies that Im(C')(Z) = Im(C')(se) and so Im(C')(ezp) = Im(C')(ezp").
Since {X : conj A ezp} contains only variables from C, and {X : conj A ezp}
is safe with respect to Im(C), it follows that {X : conj A ezp} is safe with
respect to Im(C’). In summary,

o Im(C')(ezp) = Im(C")(eap');
o pDezp iff p bexzp (thisis easy to verify), and
o {X : conj A ezp} is safe with respect to Im(C’).

Hence the three preconditions of Proposition 30 hold. It follows that {X :
conj A ezp'} is safe with respect to Im(C’).

This proves that a single step of STANDARDIZE preserves safeness with
respect to the least model. Repeatedly applying this fact proves that if C
is safe with respect to Im(C) then STANDARDIZE(C) is safe with respect to
Im(sTANDARDIZE(C)).

Now, it was previously shown that SCp is safe with respect to Im(SCp),
and so STANDARDIZE(SCp) is safe with respect to Im(STANDARDIZE(SCp)).
Hence Corollary 1 can be applied to prove that
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Im(STANDARDIZE(SCp)) = Im(REDUCE(STANDARDIZE(SCp))).

By the correctness of STANDARDIZE (Proposition 21), Im(SCp) =yar(scp)
Im(STANDARDIZE(SCp)). Hence

Im(SCpP) =yar(scp) IM(STANDARDIZE(SCPp))
= Im(REDUCE(STANDARDIZE(SCp)))
= lm(Co)

Furthermore, since the constraints STANDARDIZE(SC p) are safe with respect
to Im(STANDARDIZE(SCp)), Lemma 14 also implies that Cy is safe with
respect to Im(Cp). ]

Transformations

We have just shown how set constraints SCp can be converted into equivalent
constraints Cy that are in standard form and reduced form. We now present
an instance of the generic algorithm for obtaining the least model of the
constraints Co. The instance of the generic algorithm is defined by the
following collection of transformations. The first group of transformations
deal with substitution.

Transformation 5 (Qexp-Substitution) If C contains the two con-
straints X 2 {X : (s € Y) A conj} and Y D a where a is atomic, then
output REDUCE(X 2 {X : (s € a) Aconj}). []

Transformation 6 ([)-Substitution) If C contains the two constraints
X2anN---Nai-1NYNa1N---Na, and Y O a where a is atomic
andn > 2, thenoutput X Qa1 N---Na@i-;NaNe41N---Nan. [J

Transformation 7 (Var-Substitution) IfC contains Y Da and X 2 )
and where a is atomic, then output X D a. []

We remark that the notion of substitution described by these transfor-
mations is more restrictive than the substitution used in the intersection-
projection algorithm. In particular, recall that Transformation 6 substituted
for any set variable ) appearing in an expression op(ay, . ..,8i-1,Y, Gi+1,8x).
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If this very general notion of substitution was carried over to quantified set
expressions, then there would be a substitution for the set variable ) in the
constraint X D {X : st)}. However the above transformations do not
admit substitutions into quantified conditions of the form st Y and, as we
shall see later, this is specifically required for termination.

Note that in the first transformation, the expression {X : (s € a)A conj}
may not be in reduced form. Hence REDUCE must be applied. For example,
consider the constraints

X 2 {X:9(X,X)e )}
y 2 g(b’c)-

where b and ¢ are constants and g is binary function symbol. When the
second constraint is substituted into the first, the resulting constraint A" 2
{X : 9(X,X) € g(b, c)} is not in reduced form. The subsequent application
of REDUCE results in the following reduced form constraints.

X D {x:xez}
X 2 {X:Xee}

The second group of transformations deal with simplifying projections.
We note that there are two possible approaches to dealing with projections.
We could just extend the transformation for projections from the projection-
intersection algorithm (see Transformation 3, page 182) to deal with the
additional cases involving T and constants of the form §. However, since
projections are essentially special cases of quantified set expressions, another
approach is to convert them to quantified set expressions. We choose the
latter approach for presentational simplicity, since it avoids some duplication
of work. (However, note that their are implementation reasons for distin-
guishing between arbitrary quantified set expressions and the special case of
projections.) For projections, we therefore have the single transformation:

Transformation 8 (Projection) If C contains X D f(:)l(a) then output
REDUCE(X 2 {X; : f(Xh,...,Xyn) € a}) where the arity of f is n and
X1,...,Xn are distinct program variables. []

It is assumed that the X1,...,X,, are chosen in some canonical manner (for
example, using some fixed listing of VAR) so that this transformation cannot
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be repeatedly applied to produce REDUCE(X 2 {X; : f(X1,...,Xn) € a}),
and then REDUCE(X 2 {X!: f(Xi,...,X}) € a}) etc.

The next group of transformation deal with intersection. These trans-
formations generalize the intersection transformation used in the projection-
intersection algorithm (see Transformation 4, page 182) to deal with the T
and S.

Transformation 9 (Intersection-1) IfC contains X 2 a1N---Nay, m 2>
2, then let 8y,...,5, and aj,...,a!,_, be subsequences of ai,...,a, such
that the first subsequence contains the complement constants in ay,...,an,
and the second contains the remaining atomic set ezpressions, and output
the constraint X D a\N---Nal,_, NS where S =S1U---US,. ]

Transformation 10 (Intersection-2) IfC contains X 2 aiN---Na, NS
such that m > 2, and each a; is of the form f(ai1,...,Giyn), then let N; =
Uiz1.m N (ai,;), 7 = 1..n, and output the constraints

e XD f(le,...,VNn)ng, and

e VN, 2a1;N:-Nam,; for each VN, & var(C). []

Transformation 11 (Intersection-3) If X O f(ai,...,an) NS appears
inC and f(T,...,T) € S then

(a) if f'(---) € S implies f # f' then output X 2 f(ay,...,a,);

(b) otherwise, pick an element of the form f(sey,...,se,) from §, let §’
be S —{f(se1,...,3€,)}, let Nj be N(a;)U {3€;}, j = 1..n, and output
the constraints:

e X 2 f(a1,.--,8j-1,VN;5@j415. ., an) NS, j=1.n, and
* Vy; 2 a; N 3€; for each Vn; € var(C). 1]

The first transformation serves to collect constants of the form S together
so that constraints of the form X D ¢;N---Nax NS N---NSy, are converted
into the form X D a; N---NagNS. Note that in the boundary case where
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n = 0, S is the empty set and the constraint X 2 a;N---NaxNTis
constructed. The second transformation then combines expressions of the
form f(---)N---N f(---) into f(---). The final transformation deals with
the interaction of expressions of the form f(---) and 5. Note that these
transformations also simplify constraints involving T because T is identified
with { }. Hence Transformation 11 simplifies X 2 a N T into &’ 2 a.

To illustrate the behavior of these transformations, consider the con-
straints

X 2 g(5,0)ng(y,¥)n{g(b,c)} n{g(c,b)}
Yy 20

In particular, note that in the least model of these constraints, g(b,b) is
an element of X (in fact it is the only element of A). We now show how
the intersection transformations add to these constraints to make this fact
explicit. First Transformation 9 is applied to obtain

X 2 g(b,5)ng(Y,¥)n{g(b,c),g(c,b)}
Transformation 10 can now be applied to this constraint to yield:
X 2 9(Veyy Vi) N{9(b,c),9(c,b)}
Veyy 2 bnY

A subsequent application of Transformation 10 to V3 2 bN Y yields
Vis,y} 2 b. Also, Transformation 11 can be applied to &' 2 g(V(s,y}, Vip,33)0

{g(b,c),9(c,b)} to obtain:

X 2 g(Vyypy Vo) Nelc,b)
X 2 (Ve Vaya) neled)
Voyn 2 Vennd
Voyg 2 VpyNe

Applying Transformation 11 to the first two of these constraints yields:




222 CHAPTER 7. SOLVING SET CONSTRAINTS

g (v{b,yj;a} » Vs, )
IVe5p Voys)
IVpye Vip,ve)
IV Veyiz)
v{b,y’;) ne

"R R X
(VA VRV VANV

Vievha
Finally, consider applying transformations to the constraints for v{b,y;},
Vi,y,5) and Vi iz This yields the single constraint

Voyan 2 b

To summarize, the collection now contains the following explicit form con-
straints:

X 2 g(v{b,y,i,a}’v{b.y})
X 2 Q(V{b,y,i}vv{b.y,i})
X 2 9(VpyaVeya)
X 2 9(VoyhVeyig)
Yy 2 b

Voyy 2 b

Viyn 2 b

Hence, g(b,b) € X is now explicit (that is, g(b,b) is now an element of A" in
the least model of the ezplicit(C)).

The final group of transformations deals with quantified set expressions.
The first two transformations serve to remove apartness conditions. One
deals with s { a in the case where a is a singleton set under the interpreta-
tion Im(ezplicit(C)), and the other deals with the case where a contains more
than one element. The last transformation replaces a quantified set expres-
sion with an intersection of atomic set expressions, and for this transforma-
tion some preliminary definitions are needed. Define that a conjunction of
quantified conditions conj is in variable-ezpression form if each quantified
condition in conj is of the form X € a where X is a program variable and
a is an atomic set expressions. For such a conjunction, let X be a program
variable appearing in conj and define that [ conj is a; N --- N a, where
X € a;,...,X € ay, lists all of the quantified conditions in conj that have
the form X € a.
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Transformation 12 (Qexp-{-1) IfC contains X 2 {X : staA conj} and
Im(ezplicit(C))(a) = {v} then output REDUCE(X 2 {X : s € TAconj}). []

Transformation 13 (Qexp-1-2) IfC contains X D {X : staA conj} and
Im(ezpliciC))(a) contains more than one element then output the constraint
X 2 {X:conj}. ]

Transformation 14 (Qexp-Compaction) IfC contains X D {X : conj}
such that conj is in compaction form and Ilm(ezplicit(C))(® conj) is non-
empty for each program variable Y appearing in conj, then output the con-
straint X D R conj. []

To illustrate this group of transformations, consider a collection of con-
straints C that contains the following constraints:

X 2 {X:f(X,X)ey A XtZ}
Y 2 f(be)
Yy 2 f(d,d)
Y 2 flee)

Suppose that there are additional constraints for ) and that, in the least
model of ezplicit(C), ) is {¢}. We now show how transformations can be
applied so that d € X in the least model becomes explicit. First, Transfor-
mation 12 can be applied to produce

X 2 {X: f(X,X)eY A Xe€&}.

Now, the constraints for )’ can all be used to substitute for the occurrence
of Yin XD {X: f(X,X)€Y A X €€}, and the result is the following
constraints:

X 2 {X: Xeb A Xec A Xe€z'}
X 2 {X: Xed A Xeze}
X 2 {X: X€ee A Xe&

The compaction transformation can be applied to these three constraints to
obtain:

X 2 bnene
X 2 dne
X D eNne
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On applying the intersection transformation (Transformation 10) to this
last constraint, the constraint X D d is obtained, and thus d € A becomes
explicit.

Finally, we can define the algorithm for solving quantified set expres-
sions. Let A, denote Transformations 5~14, and define that the quantified
ezpression algorithm inputs set constraints C, converts C into constraints Cy
by applying STANDARDIZE and then REDUCE, and then exhaustively applies
the transformations Az to Cy as outlined by the generic algorithm.

Correctness

The proof of correctness of the quantified set expression algorithm is fairly
similar in structure to that for the intersection-projection algorithm de-
scribed in the previous section. The main differences are that atomic set
expressions now include T and S, and the presence of quantified set expres-
sions. We shall often omit proof details for cases that are essentially the
same as those in the previous section, and instead focus on the new cases.
We begin by considering a generalization of the atomic set expression in-
variant employed in the intersection-projection algorithm (see Proposition
22, page 185).

Invariant 3 (Atomic Set Expression Invariant) A collection C of con-
straints satisfies the atomic set ezpression invariant if each atomic set ez-
pressions in atomic(C) either

(i) appears in atomic(Co);
(#) is introduced by an application of Transformation 12;
(i1} is of the form f(ay,...,a,) where f is a function symbol appearing in

Co, and each a; is either an intersection variable or a strict subterm
of some atomic set ezpression that falls into cases (i) or (ii); or

(iv) is of the form S such that S C atomic(SyU---U S,) for some comple-
ment constants S1,...,5% satisfying cases (i) or (ii) of the invariant.

0
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This main changes in the (modified) atomic expression invariant are due to
Transformations 9, 11 and 12, which may introduce new atomic set expres-
sions of the form 5. It is convenient to prove this invariant in tandem with
two additional properties: during the algorithm all constraints are both in
standard form and reduced form.

Proposition 33 (Invariants) FEach C; constructed by the algorithm is
in reduced form and standard form, and satisfies the atomic set ezpression
invariant,

Proof: By the Initialization Lemma (Lemma 15), the initial constraints
Co = REDUCE(STANDARDIZE(SCp)) are in reduced form and standard form.
It is easy to verify, that each transformation preserves reduced form and
standard form, noting that whenever a transformation may construct con-
straints that are not in reduced form, the procedure REDUCE is immediately
applied to return the constraints to reduced form. This completes the first
part of the proof.

Now consider the atomic expression invariant. Clearly (o satisfies the
atomic set expression invariant, and it therefore remains to prove that each
transformation preserves this invariant. To this end, let C be a collection of
constraints that satisfies the atomic set expression invariant, and consider
the sets §(C) for each transformation é in A;. First suppose that § is one
of Transformations 6, 7, 13 and 14. In all of these cases, it is clear that
atomic(6(C)) € atomic(C), and so the proof is trivial.

Before considering the remaining transformations, it is useful to outline
some properties of the atomic set expression invariant. Suppose that C
satisfies the atomic set expression invariant. Now, note that condition (iii)
can only be satisfied by an atomic set expression of the form f(---) and
that condition (iv) of this invariant can only be satisfied by a complement
constant. Hence, if f(---) is an atomic set expression appearing in C then
it must satisfy one of conditions (i-iii) of the invariant. Similarly, if §
appears in C then it must satisfy one of conditions (i), (ii) and (iv), and this
implies that there are constants 5, ..., 5% that satisfy parts (i) or (ii) of the
invariant such that S C atomic(Sy U---U Sy).

Transformation 5:. Let se,q denote {X : (s € V) A conj} and let sencn
denote {X : (s € a) A conj}. Note that a is a non-variable atomic set
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expression. Since X D seyq and Y D a both satisfy the atomic set expression
invariant, it follows that X O se,., also satisfies this invariant. If s is a
program variable, then X' 2 sey, is in reduced form, and REDUCE has no
effect. Hence in this case §(C) trivially satisfies the atomic set expression
invariant.

In the remaining case, s is not a program variable, and REDUCE is needed
to return the constraint X’ D sene, to reduced form. Recall that REDUCE is
defined to be the exhaustive application of the six steps show in Figure 7.5,
page 199. Clearly these steps do not affect the quantified conditions in conj.
Hence, the application of REDUCE to X’ 2 Segcy, can only involve applications
of steps to the quantified condition s € a and any new quantified conditions
produced by such steps. It is easy to verify that all new quantified conditions
produced must have the form s’ € a’ where s’ is a subterm of s and a’ is
either a subterm of @ or else of the form S where there exists a constant 57 in
a such that S C atomic(S’). (Note that step (vi) cannot be applied during
REDUCE(X 2 Seney), and this is the only step that builds up completely
new set expressions.) It follows that each element of atomic(6(C)) either (a)
appears in atomic(C) or (b) has the form S such that atomic(C) contains a
constant §7 and § C atomic(S’). By combining this with the assumption
that C satisfies the atomic set expression invariant, it is easy to verify that
REDUCE(X D S€pney ) satisfies the atomic set expression invariant.

Transformation 8: Since C satisfies the atomic set expression invariant
it is clear that X 2 {X; : f(X1,...,Xn) € a} also satisfies the atomic
set expression invariant. The argument that §(C) = REDUCE(X 2 {X; :
f(X1,--.,Xn) € a}) also satisfies this invariant is identical that for Trans-
formation 5.

Transformation 9: This transformation may introduce new atomic set
expressions of the form § such that Sj,...,S, appear in atomic(C) and
§ = 81U---US,. It is immediate that S satisfies part (iv) of the invariant.

Transformation 10: This transformation may introduce new atomic set
expressions of the form f(Vy, ..., Vn,) such that each Vy; is an intersection
variable and f is a function symbol and appearing in C (and hence in Cy, since
no transformation can introduce new function symbols). Such expressions
satisfy part (iii) of the atomic set expression invariant.
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Transformation 11: The new atomic set expressions introduced by this
transformation are either of the form (a) f(a,,...,a,) such that each a;
is an intersection variable or a strict subterm of an atomic set expression
appearing in atomic(C), or (b) 3¢; such that atomic(C) contains an expres-
sion of the form § where f(sey,...,se;,...,se,) € S. First consider case
(a). Since C satisfies the atomic expression invariant, it follows that if a; is
a strict subterm of an atomic set expression appearing in atomic(C), then
a; must either appear in atomic(Cp), be introduced by Transformation 12,
or else be an intersection variable. Hence, it is clear that in case (a), the
new atomic set expression satisfies part (iii) of the atomic set expression
invariant. Now consider case (b). In this case, it is easy to verify that the
expression 3¢; satisfies the atomic set expression invariant because S must
satisfy part (iv) of the invariant.

Transformation 12: By definition, any new atomic set expressions in-
troduced by this transformation satisfy part (ii) of the atomic expression
invariant. []

We next establish some basic properties of the transformations. Intu-
itively, each transformation picks a constraint X’ D se from the current col-
lection C of constraints and endeavors to make the information contained in
the constraint explicit by adding new constraints X D se;, ..., X D se, that
are “closer” to explicit form (strictly speaking, the transformations dealing
with intersection output some additional constraints for new intersection
variables). Now, the following sequence of propositions consider each trans-
formation in turn and essentially relate the expression se in the constraint
X 2 se picked from C with the expressions se,,...,se, in the constraints
constructed by the transformation. These relationships shall be used to
prove that the transformations are sound (in the sense that they preserve
Im(C)) and complete (in the sense that, on termination of the exhaustive
application of the transformations, all information about the least model is
contained in the explicit form constraints). Note that each proposition cor-
responds to a transformations in A,; each proposition employs the notation
used in the specification of the corresponding transformation.

Proposition 34 (Transformation 5) Let the application of REDUCE to
X D {X : (s € a) A conj} result in the constraints X D sey,..., X D se,,
and let T be an interpretation.
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(6) If T Y 2 a and {X : (s € Y) A conj} is safe with respect to T
then Z({X : (s € Y) A conj}) 2 I(se;), i = 1..n.

(b)) I{X :s€anconj}) CI(se;U---U sey,).

Proof: Consider part (a) and suppose that Z is a model of Y D a and
{X : (s € Y)Aconj} is safe with respect to Z. This implies that Z(}) D Z(a)
and so:

I(s€a) C I(s€)) (7.29)

Moreover, p b (s€)) iff p b (s€Y). Combining this with the assumption
that {X : s€Y A conj} is safe with respect to Z establishes the three pre-
conditions of Proposition 30. Hence {X : s€a A conj} is safe with respect
to Z. It follows from Lemma 14 that

I({X : s€a A conj}) D Z(se;), i = l..n.

Now, (7.29) implies that Z({X : (s€ Y) A conj}) 2 Z({X : (s€a) A conj}).
Hence, Z({X : (s€Y) A conj}) 2 I(se;), i = 1..n, and this proves (a).

Finally, part (b) follows immediately from Lemma 14, and this completes
the proof of the proposition. []

Proposition 35 (Transformation 6) IfZT =Y D a then
I(a1N---Na;i-1NYNai41N---Nay) 2 Z(ay N---Na@;-1NaNa;4 N---Nay).

0

Proposition 36 (Transformation 7) IfZ | Y 2 a then I(Y) 2 I(a).

Proposition 37 (Transformation 8) For all interpretations I,

H(f@) = T({Xi: f(X,e. . Xa) € )

Proof: The proof follows easily from the following chain of equalities:

I(f(';)l(a)) = {v: f(v,...,v,) € I(a)}
{p(X:) : p(f(X1,.--,Xn)) € I(a)}
I({X.' : f(X],...,X,.) € a}). D
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Proposition 38 (Transformation 9) If S,...,5, and @},...,a!,_, are

two subsequences of a; N --- N a,, such that each a; is in one of the two
subseguences, then, for all interpretations I,

(a1 N...Nay) = I(aiNn...Na\,_,NS) where S=5U-.-US,.

Proof: The proof follows easily from the following chain of equalities:

- . Niz1.n (v & I(se) for each se € ;)
HaN...Nam) = {v. v'EI(a'ln...na:,,_n)
= dp: v & Z(se) for each se € S; U---U S,
- "veI(ayN...Nap,_,)

"veI(agN...Nay,_,)
I(ain...na,_.nS). [

_ {v- v € I(se) for each se € § }

Proposition 39 (Transformation 10) IfZ is an interpretation such that
for each j, T (VNj) =Z(a1;N - Namj), then

Z(an--Namn3) = I(f(Vm»--.,Vn)NT)

Proof: The proof is straightforward:
I(a1 n---na,,.nﬁ)
=I(f(al,l,...,al,,,)n---nf(am,l,...,am,,.)ng)
=I(f(a1,1n---nam,l,...,al,nn---r'la,,.,,.)n?)
=Z(f(Vny»-++» VM) N S)

Proposition 40(a) (Transformation 11) If S contains no elements of
the form f(---) then, for all interpretations I,

I(f(a1,...,a) N S) = I(f(a1,---,ap))-

Proof: The proof follows from the following chain of equalities:
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I(f(aly-"’a‘n)ny)
= {v:v € Z(f(a1,...,as)) and v & Z(se) for all se € S}

_ _ f(w,-..,v) € Z(f(a1,...,a,)) and
“{f(”"”"”")' f(v1,...,vs) € Z(se) for all se € § }

= {f(vl,...,vn): f(v,...,v,) € Z(f(a1,...,a4)) }
=TI (f(a1,...,ay)).

The first equality follows from the definition of Z. The second step fol-
lows from the fact that any element of Z( f(a,...,a,)) must have the form
f(v1,...,v,). Now consider the third equality. Recall that a constant of
the form § is such that S is a set of atomic set expressions of the form
g(-+-). Now, by assumption, S does not contain any elements of the form
f(---). Hence, S contains only expressions of the form g(---) where g # f.
It follows that if se € S then Z(se) cannot contain any elements of the form
f(v1,...,v,), and so the condition f(v1,...,vn) & Z(se) for all se € S is
vacuously true. The last equality again follows from the definition of Z. [}

Proposition 40(b) (Transformation 11) If Z is an interpretation such
that for each j, Z(VN;) = I(a; N 3€;), then

I(f(ala"-’an)r]?) = I( U f(al,""ai—lyij)ai-l-l,---’an) n-'ST')

t=1..n

Proof: The proof follows from the following chain of equalities:
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I(f(al,...,a,.)ng)
=z(f(al,--.,a,.)nf(sel,...,sen)ny)
= {v:v€Z(f(a,...,a,)) and v ¢ I(f(se1,..-,s€,))} N I(S")

f(vlv--,vn) € I(f(al,...,an))
= {f(vh

) ) T (ser,. . sen)) [N EC)

v; € Z(a;) for i = 1..n, and _
_ { F(01reeey0a) - } nI(3)

v; € Z(sej) for some j,1<j<n

v; € Z(a;) for i = 1..n, and _
—_— . !
i PACTRRLOL v; €I(3€;) forsome j,1<j<n NI(5)
v; € I(a;) for i # j, and —
= U {f(vl,...,v,.): _ nI(S’)
i<l.n v; € I(a; N3e;)
v; € I(a;) for i # j, and —
= U f(v,...,v2): NZ(S’)
i=l.n v; € I(VN,)
= I(f(a;,...,a,'_l,VN,.,aJ-H,...,a,.))nI(-.S_‘7)
Jj=l.n

I

Proposition 41 (Transformation 12) Let the application of REDUCE to
X 2 {X :3€TA conj} result in the constraints X D se;j,...,X D se,, and
let T be an interpretation.

(a) If v € Z(Y) and {X : st a A conj} is safe with respect to T
then Z({X : st a A conj}) D I(se;), i =1..n.
(b)) ZT({X :3€TAconj)C I(seyU---Usep).

Proof: First consider (a). Suppose that v € Z()) and {X : s { a A conj} is
safe with respect to 7 and consider the following chain of implications:
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p€ZI(s€v) implies p(s) ¢ Z(v)
implies p(s) ¢ {v}
implies v # p(s)
implies /(v # p(s) A v € Z(e)
implies p € Z(sta).

This proves that Z(s € 7) C Z(s t a). Moreover, p b (s € %) iff p b (st a).
Combining this with the assumption that {X : s{ a A conj} is safe with
respect to Z establishes the preconditions of Proposition 30. This implies
that {X : s € TA conj} is safe with respect to Z. Hence, Lemma 14 proves
that Z({X : st a A conj}) 2 Z(se;), i = 1..n. Now, Z(s € 7) C I(s t a) also
implies that Z({X : sta A conj}) 2 I({X : s € TA conj}). It follows that
Z({X : st a A conj}) 2 Z(se;), i = 1..n, and this proves (a).

Finally, part (b) follows immediately from Lemma 14, and this completes
the proof of the proposition. []

Proposition 42 (Transformation 13) Let T be an interpretation. If
{X :staAconj} is safe with respect to T and I(a) contains more than one
element then I({X : st a A conj}) = I({X : conj})

Proof: If p b s then p € Z(s { a) iff 3v'(v' # p(s) A v € I(a)), but since
7 (a) contains more than one element, v’ can always be chosen to be different
from p(s). Hence p € (st a) is true just in case p b s. Therefore, to prove
the proposition it suffices to show that

p € I(conj) implies p b s

and this implication can be proved as follows. Suppose suppose that p > s
does not hold. This implies that p € Z(staAconj). Since {X : staAconj}is
safe with respect to Z, there exists a quantified condition ezp, in sta A conj
such that p > s and p ¢ Z(ezp,). Clearly ezp, cannot be st a because it
has just been shown that p € Z(s { a) iff p > s. Hence ezp, must appear in
conj and it follows that p € Z(conj). []

Proposition 43 (Transformation 14) Let 7 be an interpretation and
let conj be a conjunction of quantified conditions in compaction form. If
Z(M conj) is non-empty for each program variable Y appearing in conj, then
I(R conj) = Z({X : conj}).
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Proof: Let Xi,...,X, be a listing of the program variables appearing in
{X : conj} and let X be X,. Since conj is in compaction form, each of its
quantified condition is of the form X; € a where a is atomic. For each ¢,
let X; € a;3,...,X; € a;n; be the quantified conditions in conj of the form
X; € a. Now consider the following chain of containments and equalities:

I({X:conj}) = {p(Xk):p € I(conj)}
= {p(Xx) : ViVj (p(X:) € Z(a: )}
= {p(Xk): Vi(p(Xi) € Z(ain N -+~ Naiy,))}
= {p(Xk) : Vi (p(X;) € I(conjx,)) }
= {p(Xe) : p(Xi) € Z(conjx,)}
= ZI(Rconj).

The fifth equality (which removes the universal quantifier) follows from the
fact that each a;3 N --- N a;y,; is non-empty in Im(ezplicit(C)) and since
Im(ezplicit(C)) C Z, this implies that Z(a;1 N---Nain;) #{}. []

We now use these basic propositions to prove that the transformation
are sound (that is, they presevve the least model). Note that a number of
the propositions have side conditions relating to intersection variables and
safeness. We therefore prove soundness in conjunction with two invariants.

Invariant 4 [Intersection Variable Invariant] C satisfies the intersection
variable invariant if Vy € var(C) implies that Im(C) E Vv = (NN). ]

Invariant 5 (Safeness Invariant) C satisfies the safeness invariant if C
is safe with respect to Im(C). []

The key part of the proof that A, is sound is the following proposition, which
says that the transformations are sound if both invariants are satisfied, and
moreover, that the transformations preserve the invariants.

Proposition 44 Let C be a collection of constraints that satisfies the in-
tersection variable invariant and the safeness invariant. Then, for each
transformation § in A,,
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1. Im(C U §(C)) =yar(c) Im(C);
2. CU §(C) satisfies the intersection variable invariant, and

3. C U 6(C) satisfies the safeness invariant.

Proof (No New Variables): This case covers all transformation appli-
cations except those that may introduce new variables. Specifically, it ex-
cludes Transformation 10 and case (b) of Transformation 11. First consider
part (1). Since § does not introduce new variables, part (1) reduces to
Im(CU§(C)) = Im(C). It is easy to verify that Im(CU(C)) 2 Im(C) (Propo-
sition 50 in Appendix I contains a proof of this in a very general setting).
Hence it suffices to show that Im(C) is a model of §(C). Let Z denote Im(C),
and since C satisfies the safeness invariant, this implies that each quantified
set expression in C is safe with respect to Z. It follows that the preconditions
of Propositions 34-38, 40(2) and 41-43 (corresponding to Transformations
5-9, case (a) of Transformation 11, . ad Transformations 12-14 respectively)
are satisfied. These propositions imply that 6(C) consists of a collection of
constraints X D sej, ..., X D se,, n > 1, such that there is a constraint
of the form X D se in C and Z(se) 2 Z(se;), ¢ = 1..n. Now, since &' 2 se
appears in C, it must be the case that Z(A’) D Z(se). Hence Z(X') 2 Z(se;),
it = 1..n, and this proves the Z is a model of §(C), and completes the proof
of (1).

Consider part (2). Since all intersection variables in C U §(C)) appear in
C, part (2) immediately follows from part (1) and the fact that C satisfies
the intersection variable invariant.

Consider part (3) of the proposition. By assumption, each quantified set
expression in C is safe with respect to Im(C). Since Im(C) = Im(CU §(C)), it
follows that these same quantified set expressions are also safe with respect
to Im(C U §(C)). It remains to consider the new quantified set expression
introduced by &6(C). The only transformations that can introduced new
quantified set expressions are 5, 8, 12 and 13. Let I denote Im(C U §(C))
and consider each of these transformations in turn.

In the case of Transformation 5, {X : (s € Y)Aconj} is safe with respect
to 7 because C is assumed to be safe with respect to Z. Moreover, since 7 is a
model of C, Z(Y) 2 Z(a), and so Z(s€a) € Z(s€)). Combining this with
the fact that p b (s€a) iff p > (s€Y), establishes the three preconditions of
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Proposition 30. Hence {X : s€a A conj} is safe with respect to Z. Finally,
by Lemma 14, it follows that §(C) = REDUCE(X 2 {X : (s € a) A conj}) is
safe with respect to Z.

In the case of Transformation 8, it is clear that the quantified set ex-
pression {X; : f(X1,...,X,) € a} is safe with respect to Z because p b>
f(X1,...,X,) for all environments p. Hence, §(C) = REDUCE(X 2 {X; :
f(X1y...,X3) € a}) is safe with respect to Z, by Lemma 14.

In the case of Transformation 12, {X : (s{a) A conj} is safe with respect
to Z because C is assumed to be safe with respect to Z. Also, since 7 2
Im(ezplicit(C)) it follows that Z(a) 2 Z(v). Using this, it is easy to verify
that Z(s€v) C Z(sta). Combining this with the fact that p b (s€7)
iff p b (st a), establishes the three preconditions of Proposition 30. Hence
{X : s€TAconj} is safe with respect to Z. Finally, by Lemma 14, it follows
that 8(C) is safe with respect to 7.

Consider Transformation 13. The only new quantified set expression in
0(C) is {X : conj}. Since I D Im(ezplicit{C)), it follows that Z(a) must
contain at least two elements. If p b s, then by definition, p € Z(s t a) iff
3v'(v' # p(s) A v’ € I(a)), but since Z(a) contains more than one element,
v’ can always be chosen to be different from p(s). Hence, if p 1> s then
p € I(s t a). Now, suppose that p & Z(conj). Then p & I(st a A conj).
Since C is assumed to be safe with respect to Z, it follows that there exists
a quantified set expression ezp, in st a A conj such that p > ezp, but
p € I(ezp,). If ezp, is st a, then p D> s and p € I(s t a), but we have just
proved that this is not possible. Hence ezp, must appear in conj and this
completes the proof that §(C) is safe. []

Proof (Intersection Variables): This case covers transformation appli-
cations that may introduce new variables, that is, Transformation 10 and
case (b) of Transformation 11. The proof for these transformations builds
on the a similar proof in Proposition 25 (page 187). Some of the follow-
ing material is a duplication of material from Proposition 25, however it is
repeated because this proof is a key part of the correctness argument.

Consider the intersection variables Vy,,...,Vy, mentioned by Transfor-
mations 10 and 11. For each Vy;, j = 1..n, either Vy, appears in var(C)
or else a constraint VN; 2 a1, N> Nam; is included in §(C) such that
N; = Uiz1.m M(ai;). Note that each a;; appears in C. Using this fact, an
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interpretation Z can be defined as follows:

I(X) = Im(C)(a1,;N-+-Nam,;) if X ¢ var(C) and X is Vy;
()= Im(C)(X) otherwise

That is, 7 extends Im(C) to the new intersection variables such that T
satisfies each constraint Vy; 2 a;,; N +-- N ap, ; that appears in §(C). The
main part of the proof for this case is that Z = Im(C U §(C)).

Consider each of the set expressions a@;;. As has already been noted,
each a;; appears in C, and this can be used to prove that each a; ; satisfies
the following equation:

I(ai;) = Z(NMN(ai;)) (7.30)

To prove this, observe that if a;; is an intersection variable, then (7.30)
follows from the intersection variable invariant for C, and if a;; is not an
intersection variable then (\AV(a; ;) is just @; ;. Equation (7.30) can be used
to prove the following chain of equalities

I(al,jn---namd) = I(al,,-)n---nI(am,,-)
= 7(NN(a1y)) n--0Z (N (em,))

= I(NM@r)U-++UN(am;))
= I(NN;)

which proves that, for all j, Z(a1;N---Nam;) = I(NN;). Now, if Vy,
is introduced by §, then Z(Vn;) = I(a;; N --- N @m ;) by definition of Z.
On the other hand, if Vn; appears in C then Z(Vy,) = Z((\ N;) because C
satisfies the intersection variable invariant. Hence, for j = 1..n,

I(VN;) = T(NN;) = Z(a10 -+ Nams) (7.31)

The main use of (7.31) is to prove that Z is a model of §(C). Recall
the definitions of Transformations 10 and 11. In both cases, there is a
constraint A 2 se in C such that the constraints in §(C) are either of the
form (a) X 2 se or (b) Vn; 2 a1,;N- - “Nay, j where Vy; is a new intersection
variable. By definition, Z is a model of the constraints in (b). Consider a
constraint A’ D se’ in (a), and recall Propositions 39, 40(a) and 40(b). It is
clear from (7.31) that Z satisfies the preconditions of these transformations.
It follows that Z(se) D Z(se’). Moreover, I is a model of C, and so Z(X) 2
ZI(se) 2 I(se'). Hence Z is a model of X’ O se. This completes the proof
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that Z is a model of §(C).

7 is not only a model of C U §(C), it is in fact the least model. To see
this, let Z’ be an arbitrary model of C U §(C). If & is a variable that is
different from the Vy; introduced at this step, then Z'(X’) 2 Z(X) because
I’ O Im(C) and Im(C) = I(X) by definition of Z. On the other hand, for
the variables Vy; introduced at this step, consider the following chain:

I'(VN;) 2 T'(aiN---Nam;) 2 I(ay;N---Nam;) = I(Vn;)-

The first containment follows because Z' is a model of §(C). The second
is because a; ; N --- N ap ; contains only variables from C, and it has just
been proved that Z'(X’) D I(X') for variables X € var(C). The final equality
follows from the definition of Z. This completes the proof that iIm(CU4(C)) 2
Z. Combining this with Z 2 Im(C U §(C)) proves that Z = Im(C U §(C)).

Now, by definition, T agrees with Im(C) on var(C), and so Im(C) =,.,(c)
Im(C U §(C)). This proves part (1) of the proposition. To prove part (2),
we need to show that Z(Vy) = Z(\N) for all intersection variables Vx
appearing in C. Suppose that Vy € var(C). Since C satisfies the intersection
invariant and T agrees with Im(C) on var(C),

I(Vn) = Im(C)(Vn) = Im(CYNN) = Z(N N).

On the other hand, if Vy is introduced by §(C), then Z(Vn) = I(IN)
follows from (7.31).

It remains to show that C U §(C) satisfies the safeness invariant. Now,
none of the transformations considered introduce new quantified set expres-
sions. Hence each quantified set expression in C U§(C) is safe with respect to
Im(C). Moreover, these quantified set expression only involve variables from
var(C). Since Im(C) and Im(C U §(C) agree on var(C), it is easy to verify
that C U §(C) is safe with respect to Im(C U §(C)). Hence C U §(C) satisfies
the safeness invariant. []

We have already been shown that Cop = REDUCE(STANDARDIZE(SCp))
satisfies the safeness invariant. Also, it is clear that Cy satisfies the intersec-
tion variable invariant (since it does not contain any intersection variables).
Hence, the previous proposition directly implies that:
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Lemma 16 (Soundness) A, is sound on each C; constructed by the algo-
rithm.

Proof: Clearly Cy satisfies the safeness invariant and the intersection vari-
able invariant. Repeated application of Proposition 44 proves that each C;
constructed by the algorithm satisfies both of these invariants. It also proves
that each C; is sound on C;.  []

We now prove that the algorithm terminates. We begin by showing that
A, is atomically bounded.

Lemma 17 (Atomically Bounded) A, is atomically bounded.

Proof: The proof proceeds by establishing a bound on the atomic set ex-
pressions that can be introduced by the algorithm. It has already been
established in Proposition 33 that each C; constructed by the algorithm sat-
isfies the atomic set expression invariant. This implies that each atomic set
expression introduced by the algorithm either:

(i) appears in atomic(Co);
(ii) is introduced by an application of Transformation 12;

(i) is of the form f(ay,...,a,) where f is a function symbol appearing in
Co, and each a; is either an intersection variable or a strict subterm of
some atomic set expression that falls into cases (i) or (ii); or

(iv) is of the form § such that § C atomic(S; U---U S,) for some comple-
ment constants Sp,...,9% satisfying cases (i) or (ii) of the invariant.

Now, the set of atomic set expressions that satisfy (i) is fixed. Moreover,
the atomic set expressions that may satisfy (iii) and (iv) are essentially de-
termined by those that satisfy (i) and (ii). The critical item is therefore (ii),
since Transformation 12 can introduce completely new atomic set expres-
sions. When this transformation is applied to reduced form constraints C,
the effect is to add constraints REDUCE(X 2 {X : s € T A conj}) such that
X D {X :staA conj} is a constraint in C and Im(ezplicif(C))(a) = {v}.
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Recall the steps of REDUCE (see Figure 7.5, page 199). Clearly these
steps do not affect the quantified conditions in conj since conj is in reduced
form. Hence, the application of REDUCE to X D {X : s € T A conj} can
only involve applications of steps to the quantified condition s € ¥ and any
new quantified conditions produced by such steps. In other words, all new
quantified conditions in REDUCE(X 2 {X : s € T A conj}) can be traced
back to s € 7. Thus the new quantified conditions in REDUCE(X D {X :s €
T A conj}) are the same as the new quantified conditions in REDUCE(X D
{X : s € 9}).

Moreover, any new atomic set expressions introduced by this application
of Transformation 12 must be contained in the new quantified conditions.
It follows that all new atomic set expressions introduced by this application
of Transformation 12 are contained in the set ATM, , defined by:

s’ € @' is a constraint in }

- . n .
ATM,, = {a € atomic(a’) : REDUCE (X D {X : s € 7})

Importantly, if there is another constraint of the form X 2 {X : sta A
conj’} in C, then the atomic set expressions introduced by an application of
Transformation 12 to this constraint are also contained in ATM,,,.

Now, consider the expressions s { a. It is easy to verify that no trans-
formation introduces new expressions of this form. Hence the only ex-
pressions of the form s { a that appear during the algorithm are those
that appear in Cy. This means that the new atomic set expressions in-
troduced by Transformation 12 are dependent on a finite set quantified
conditions s t @, and the possible values v such that Im(ezplicit(C)) =
{v} for some collection of constraints C constructed during the algorithm.
Now, consider the sequence of constraints Co,Cy, ... constructed by the algo-
rithm. Since these are an increasing sequence of collections, it follows that
Im(ezplicit(Co)),Im(ezplicit(Cy)),. .. is an increasing sequence of interpre-
tations. Hence, for any atomic set expression a, if Im(ezplicit(C;))(a) and
Im(ezplicit(C;))(a) are both singleton sets, then it must be the case that
Im(ezplicit(C;))(a) = Im(ezplicit(C;))(a). This means that for each a, there
is exactly one value of v such that Im(ezplicit(C;))(a) = {v}. Denote this
value (if it exists) by v,. A key consequence of this is that if an applica-
tion of Transformation 12 occurs during the algorithm and the application
involves the quantified condition st a, then any new atomic set expressions
introduced by this application must be contained in ATM(s,v,) where v,
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is the value associated with a. In summary then, the atomic set expressions
introduced by Transformation 12 must be contained in the finite set

{a:a € ATM(s,v,) and st a appears in Co}

Now, consider the union of this set with atomic(Cy). This combined
set contains all of the atomic set expressions that can be introduced during
algorithm execution that satisfy part (i) or (ii) of the atomic set expression
invariant. Let K be the cardinality of this combined set. Now, the atomic
set expressions that satisfy parts (iii) and (iv) of the atomic set expression
invariant are essentially expressions that are derived from (i) and (ii), and
these can be bounded using the bounds on (i) and (ii) as follows.

First consider the atomic set expressions that satisfy (iii). These are
of the form f(ay,...,a,) where each a; appears in (i) or (ii) or is an in-
tersection variable. Now, intersection variables are of the form Vy such
that N is some set of atomic set expressions. Moreover, by inspection of
Transformations 10 and 11 (these are the only transformations that intro-
duce intersection variables), N contains only atomic set expressions a; such
that f(aj,...,@y) is an atomic set expressions that appears at some stage
during the algorithm. It follows that the number of intersection variables
is bounded by 2X. Hence the number of atomic set expressions that satisfy
(iii) is bounded by F.(K')* where F is the number of function symbols ap-
pea.rin}g{ in Cy, n is the maximum arity of a function symbol in Cp, and K’ is
K + 2%,

Finally, consider the atomic set expressions that satisfy (iv). These are
of the form § such that there are constants 5p,...,5k that fall into cases
(i) or (ii), and S C atomic(S; U---U S,). Now, a finite bound has already
been established for the number of atomic set expressions introduced during
the algorithm that satisfy parts (i) and (ii) of the atomic set expression
invariant. Hence the set

atomic({a : @ € S and § satisfies (i) or (ii)})

is finite. Let it have cardinality K”. Then the number of atomic set expres-
sions introduced by the algorithm that satisfy (iv) can be bounded by 2K”.
This completes the proof that only a finite number of different atomic set
expressions may be introduced by the algorithm. []
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Lemma 18 (Termination) LetCy be a collection of constraints in reduced
form and standard form. Then the instance of the generic algorithm defined
by A, terminates on Cy.

Proof: The proof proceeds by establishing a bound on the number of dis-
tinct constraints that may be introduced by the algorithm. Since the con-
straints encountered during the algorithm are in standard form, they must
all have one of the following forms:

(a) X 2 f7}(a),

(b) ¥ 2{X :ezpy A+--Aezpy,},
(c) X2aN---Nay,n>20r
(d) X2,

where ¢,a;,...,a, are atomic set expressions, A’ is a set variable, and f(:)‘
is a projection symbol, and ezp,,..., ezp,, are quantified conditions. Now,
consider these four kinds of constraints in turn.

In case (a), note that no transformation introduces constraints involving
projection operations. Hence any constraint in this class must in fact ap-
pear in Co, and this places a trivial bound on the number of these kinds of
constraints that can be encountered during the algorithm.

Now consider case (b). Each ezp; is either of the form s € a or sta such
that s is a program term and a is an atomic set expression. A bound has
already been established on the number of possible atomic set expressions.
Now focus on the program terms s. It has already been observed that the
only transformations capable of introducing new quantified set expressions
are 5, 8, 12 and 13. Observe that Transformations 5, 12 and 13 only in-
troduce subterms of program terms already appearing. Specifically, when
one of Transformations 5, 12 and 13 is applied to constraints C, then any
new quantified set expression must be of the form s € a or st a such that C
contains a quantified condition s’ € a’ and s is a subterm of s'.

On the other hand, Transformation 8 may introduce completely new
program terms. Specifically, this transformation introduces a program term
f(X1,...,X») for each occurrence of a constraint falling into case (a). As
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noted previously, it is assumed that the X,,...,X, are chosen in some
canonical manner (for example, using some fixed listing of VAR) so that this
transformation cannot be repeatedly applied to a constraint &' 2 f(:)l (a) to
produce REDUCE(X 2 {X; : f(Xy,...,Xn) € a}), and then REDUCE(X 2
{X!: f(X],...,X}) € a}), etc. Hence there is exactly one application of
Transformation 8 for each occurrence of a constraint that falls into case
(a). Clearly the subsequent application of REDUCE (and subsequent appli-
cations of other transformation) may introduce subterms of f(Xa,...,X,).
To summarize then, each constraint X 2 f(})l(a) in Cp may introduce a fi-
nite number of new program terms, namely f(Xi,...,Xn), X1,...,Xn. It
follows that there is a bound on the number of program terms introduced
by Transformation 8.

This means that there is a bound on the number of distinct program
terms that may be encountered during the algorithm. Combining this with
the bound atomic set expressions, proves that the number of quantified
conditions s € a and st a is bounded. Since each conj is maintained in
a non-redundant form, it follows that there is a bound on the number of
conjunctions ezp, A --- A ezp,,. This implies a bound on the expressions
{X : ezpy A--- A ezp,,} because the program variable X must either appear
in C or be introduced by an application of Transformation 8. This in turn
implies the existence of a bound on the number of constraints of the form
X 2 {X :ezp; A---Aezp,} that can be introduced by the algorithm since
there is a bound on the number of set variables X’ (set variables are atomic
set expressions).

Finally, consider cases (c) and (d). Since each constraint of the form
X D a;N---Na, is such that Cy contains an intersection operator of arity
m > n, the bound on atomic set expressions implies a bound on the number
of such constraints. Similarly, a bound may be established on the number
of constraints of the form X’ D a.

This completes the proof that the algorithm can only introduce a finite
number of distinct constraints, and since C4,C1,C2,... is an increasing se-
quence of constraints, it follows that at some stage it must be the case that
Cn+1 = Cy, and so the algorithm terminates. ]

It remains to prove that A, is complete.

Lemma 19 (Completeness) A; is complete.
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Proof: The proof of completeness has the same basic structure as the
completeness proof for the intersection-projection algorithm. Some of the
cases (particularly those dealing with intersection) are just adaptations of
this previous proof. Let C be the result of exhaustively applying A; to a
collection of constraints. This implies that §(C) C C for all transformations
6§ in A;. Adopting the notation of the generic algorithm, let the sequence of
constraints obtained by this exhaustive application be Co,Cy,...,C; where
C; = C. Let D denote the subset of constraints in C of form A" D a where a
is a non-variable atomic set expression. Clearly D C ezplicit(C) C C, and so
Im(D) C Im(ezplicit(C)) C Im(C). The remainder of the proof shows that
Im(D) 2 Im(C), and it is clear that this implies Im(ezplicit(C)) = Im(C), as
required by the definition of completeness.

To prove that Im(D) 2 Im(C), we shall show that Im(D) is a model of C.
Let Ip denote Im(D). Proposition 17 provides the following characterization
of I‘D:

v € Ip(a) for some constraint X’ D a in C (7.32)

X) i . .
v € Ip(X) iff where @ is non-variable atomic set expression

The remainder of the proof uses this fact to show that Zp is a model of
C. Consider each possible constraint in C in turn:

Case (i): Consider a constraint of the form X' D a where a is an atomic set
expression. The proof here is identical to that in Lemma 13 (completeness
of the intersection-projection algorithm).

Case (ii): Consider a constraint of the form X D a; N--- N ay,, where each
a; is an atomic set expression and m > 2. The proof is by induction on
v and the induction hypothesis is: for all values v and for all constraints
X 2aN---Nay, m> 2, appearing in C,

(a) v € Ip(a; N---Na,,) implies v € Ip(X), and

(b) if X 2 a;N---Na,y, is introduced by an application of Transformation
10 or 11 then v € Zp(X') implies v € Ip(ay N -+ N ay,).

Let v be a value such that the induction hypothesis holds for all values
with fewer function symbols that v. Before considering (a) and (b), it is
convenient to first prove the following statement: if v/ has fewer symbols
that v and a,,...,ax appear in C; then
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v' € Ip(ain---Nax) iff A ' € Ip(a) where N = | J NM(a;) (7.33)
a€EN j=1l..k

This is proved by a secondary induction on i. Suppose that (7.33) holds for
all ¢ < ¢. Let ay,...,a; appear in C; and consider the following chain of
propositions.

v €Ip(anN---Nan) ff A v €Ip(aj)
i=l.m
ift A A veIpa)
Jj=l.m a€N(s;)
iff A v’ € Ip(a) where N = | J M(a;)
a€EN j=1..k

The first step is just an expansion of N. For the second step, take each
a; in turn and consider two cases. If a; is not an intersection variable
then N (a;) = {a;} and so the second step is trivial. On the other hand,
suppose that a; is an intersection variable, say Vy,. Corresponding to Vy;,
there exists a constraint Vy; 2 a;N---Naj, 1 > 2, that is introduced by
Transformation 10 or 11. Moreover, this constraint must appear in C;_;
and N; = NM(aj) U :--UN(a]). Now, since v’ is smaller than v and C;_
is constructed before C;, the main induction hypothesis and the secondary
induction hypothesis respectively imply that

v €Ip(ayN---Nap) iff v €Ip(Vw;), and

v €Ip(ajn---naj) if A v €Ip(a)
aENj;
and the second step follows immediately. The final step in the chain follows
from the definition of N. This completes the inductive proof of (7.33). The
following key property is an immediate corollary of (7.33): if v/ has fewer
symbols than v, and Vn,a,...,a; appear in C; where N = M(a;)U---U
N(ag), then

v € Ip(Vn) iff v €Zp(a1N---Nag) (7.34)

Now consider part (a) of the main induction hypothesis. Assume that
v € Ip(a1N---Nay). It follows that v € @;, i = 1..m. Now, if one of the a; is
a set variable, say ), then (7.32) implies that there exists a constraint ) D a
in C where a is a non-variable atomic set expression such that v € Zp(a).
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This means that the preconditions of Transformation 6 are satisfied, and so
the constraint X D a; N---Na;-3 NaNa;4 N---Nay, must appear in C.

This argument may be repeated if necessary, and it follows that C must
contain a constraint of the form X 2 a; N --- N a,, where each q; is a
non-variable atomic set expression and v € Ip(a; N -+ N @y, ). Now, Trans-
formation 9 can be applied to this constraint, and since this application does
not produce any new constraints, it must be the case that C contains a con-
straint of the form X D a;N---Nay, NS such that v € Zp(ayN---Na, NS)
and each a; is of the an atomic set expression that is not a set variable
or a complement constant. Let v be f(v,...,v;). It follows that each
a; must be of the form f(a;;,...,a:x) such that v; € Ip(a;;), i = 1.m,
j = l.n. This implies that v; € Ip(ay; N -+ N @y ;). Since C contains
all constraints generated by Transformation 10, it follows that C contains
X D f(VNys---,VN.) NS such that N; = M(ay;)U---UN(an;), j = l..n.
By (7.34), v; € Ip(Vn;). Hence v € Ip(f(Vn,,---,VN,) N S).

Hence, C must contain a constraint of the form X 2 f(a,...,a,) NS
such that f(vy,...,v,) € Z(f(a1,.--,8n) NS). In fact C may contain a
number of constraints of this form. Pick the constraint that minimizes the
cardinality of the set §. Now, Transformation 10 can be applied to this
constraint. Suppose that S contains an element of the form f(se,,...,se,).
This implies that C must contain the constraints

X 2 f(a,...,8j-1,VN;,@j415+--,Gn) NS,j=1.n
where §’ is § — {f(sei1,-...,3e,)} and N; is N(a;) U {3€;}, j = 1..n. Since
F(v1,...,v,) € Ip(S), it must be the case that

f(v1,y...,v0) € Ip(f(s€1,...,3€,)).
Hence, for some !, v; € Zp(se;). We shall now argue that

f(v1y...,v,) € Ip(f(a1y.--,01-1, YNy Big1s-- -8 ) N ') (7.35)

Clearly f(v1,...,v,) € Ip(§) and so it suffices to prove that f(vy,...,v,) €
Ip(f(a1,...,a1-1, VN, Gi41,. - - ,Gn)). Since vy € Ip(a;) and v € 37, it fol-
lows from (7.34) that v; € Ip(Vn,). Moreover, v; € Ip(a;), i = 1..n. Hence
f(v1,...,va) € Ip(f(a1,-..-,@i1=1,VN;,Gi41,- .- @z )) and this completes the
proof of (7.35).
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Now, S’ is smaller than S and this violates the assumption that the con-
straint X 2 f(ay,...,a,) NS minimizes the cardinality of the set S. Hence,
the assumption that S contains an element of the form f(se,...,se,) must
not be valid. This implies that an application of Transformation 10 to
the constraint X 2O f(aj,...,a,) N'S must in fact produce the constraint
X 2 f(ay,...,8,). Moreover, C must already contain this constraint. Hence
D contains X 2 f(ay,...,a,), and it follows that v € Zp(&X’), and this com-
pletes the proof of (a).

To prove (b), suppose that X D se is introduced by an application of
Transformation 11 or 10. By inspection of Transformations 11 and 10, X
must be an intersection variable. The first part of the proof shall establish
that if X D se’ appears in C; then

v € Ip(se’) implies v € Ip(se) (7.36)

The proof proceeds by induction. Suppose that (7.36) holds for all &/ < ¢
and let X D se’ be a constraint in C; and let v be a value in Zp(se').
Now, either X D se’ appears for the first time in C;, or else C;_; contains a
constraint of the form X D se’. In the first case, (7.36) is vacuously true.
Now consider the second case. Clearly the only transformations that could
add the constraint X D se’ are 6, 9, 10 and 11. We consider each of these
in turn.

If Transformation 6 is used to obtain X D se/, then C;_; must contain
constraints X D a; N---Nai_3NYNaj;N---Na, and Y D a such that
n > 2, a is an atomic set expression that is not a set variable, and se’ is
a;N---Nai.yNaNay N---Nay,. Clearly Y D a appears in D. Now,
suppose that v € Ip(se’). Thus v € I(a;), j # i, and v € Z(a). Since Y D a
appears in D, v € Ip()), and so

vezv(aln"'nai—l nynai+1ﬂ---ﬂaﬂ)

Since this constraint appears in C;_; and C;-; satisfies (7.36), it follows
v € Ip(se’) and this proves that (7.36) holds for <.

If Transformation 9 is used to obtain X" D sé/, then C;..; must contain a
constraint X D a; N---Nay,, m > 2, such that se’ is X 2 ajn---Na,,_.NS
where §7,...,S, and d},...,a,,_, are subsequences of aj,...,an, such that
the first subsequence contains the complement constants in a,...,a,, and
the second contains the remaining atomic set expressions, and S = S, U---U
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Sn. Now, suppose that v € Ip(se’). It is easy to verify that this implies
v € Ip(a;), i = 1..m, and so v € Ip(a; N ---N ay). Since this constraint
appears in C;—; and C;_; satisfies (7.36), it follows v € Ip(se’) and this
proves that (7.36) holds for .

If Transformation 10 is used to obtain X D se/, then C;_; must con-
tain a constraint X D @ N---Nay, NS such that m > 2, each q; is
of the form f(a;1,...,in), and se’ is X D f(Vn,,...,VN,) NS where
N; = Uie1.m N(ai;), j = 1..n. Now, suppose that f(v1,...,v,) € Ip(se’).
This implies that v; € Ip(Vx;), j = 1..n, and f(v1,...,,) € Zp(5). Since
each v; has fewer symbols than v, property (7.34) can be applied to show
that v; € Ip(ay,jN: - ‘Nan, ;). It follows that v; € Ip(a;;),j = 1..n,i = 1..m,
and so v € Ip(f(ai1,..-,8is)), i = 1..m. Hence v € Ip(a1 N ---Nam N S).
Since this constraint appears in C;—; and C;_; satisfies (7.36), it follows
v € Ip(se’) and this proves that (7.36) holds for <.

Finally, if Transformation 11 is used to obtain X D se/, then C;_; must
contain a constraint X 2 f(aj,...,an) NS such that f(T,...,T) ¢ S and
either (i) s¢’ is X 2 f(a1,...,8,) and f'(---) € S implies f # f', or else
(ii) se’ is X D f(@1y--+,8k=1, VNy»Bk+15-+-,an) N S, for some k, 1 < k <
n, such that f(sej,...,se;) € S, §'is S — {f(se1,...,5€,)} and Ny is
N(ax) U {3ex}. Now, suppose that f(v1,...,vn) € Ip(se’). In case (i),
it is immediate that f(vy,...,v,) € Ip(f(a1,...,85)). It is also easy to
verify that f(v1,...,v,) € Ip(S), and so f(vy,...,vs) € Ip(f(a,..-,82)N
5). In case (i), v; € Ip(a;), 7 # k, v« € Ip(Vn,) and f(v1,...,vs) €
Ip(S"). Applying (7.34) proves that v; € Ip(a; N 3€;). Hence v; € Ip(a;).
Also, v; € Ip(3€;), and it is easy to verify that this implies f(v1,...,7s) €
Ip(f(se1,-.-,3€5)). Combining this with f(vy,...,v,) € Ip(S’) proves that
f(v1,...,v,) € Ip(5). Thus, in either case, f(v1,...,vs) € Ip(se’). Since
this constraint appears in C;_; and C;_, satisfies (7.36), it follows v € Ip(se’)
and this proves that (7.36) holds for 1.

This completes the proof of (7.36), and (b) can now be proved as follows.
If v € Ip(X) then there exists a constraint &’ D a in D such that v € Ip(a).
Since X D a also appears in C, it follows from (7.36) that v € Ip(a; N---N

am).
Case (iii): Consider a constraint of the form X D {X : conj}. Suppose

that v € Ip({X : conj}). This implies that there is an environment p such
that p € Ip(conj) and p(X) = v. Now, consider the following cases of con;:
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Case (iii)(a): Suppose that conj is in compaction form. Since p € Ip({X :
conj}), it follows that Zp(f¥) conj) is non-empty for each Y appearing in
conj, and hence each Im(ezplicit(C))( conj) is also non-empty. By Propo-
sition 43, Ip({X : conj}) = Ip(M conj). It follows that v € Ip([x conj).
Moreover, since each Im(ezplicit(C))(f conj) is non-empty, the precondi-
tions of Transformation 14 are satisfied, and so C must contain the con-
straint X D [ conj. This constraint falls either into case (i) or (ii) consid-
ered above. Since these cases have already been established for v, it follows
that v € Ip(X).

Case (iii)(b): Suppose that conj does not contain any quantified conditions
of the form st a. Since conj is in reduced form, each condition in conj is
either of the form X € a or s € X where X is a program variable, s is a
program term consisting of program variables and function symbols, a is an
atomic set expression and X is a set variable. Now, let s; € a1,...,8, € a,
be a listing of the quantified conditions in conj that do not contain set
variables (such conditions must be of the form s € a where a is ground).
Define V(conj) to be the number of function symbols appearing in sy, ..., ,.
The proof for this case shall be argued by induction on V. In the base case
where V(conj) is 0, each quantified condition in conj must have the form
X € a where X is a program variable. Hence conj is in compaction form,
and so the proof for the base case follows from case (iii)(a).

For the induction case, suppose that V(conj) < j implies that v €
Ip(X), and consider conj such that V(conj) = j + 1. Since V(conj) > 0,
it must be the case that conj is of the form conj’ A s € a such that s
contains some function symbols. This implies that a must be a variable, say
Y. Moreover, p is such that p(s) € Zp()). Hence, there exists a constraint
Y 2 &' in C such that @' is a non-variable atomic expression and p(s) €
Ip(a'). Hence Transformation 5 is applicable and it follows that C must
contain REDUCE(X 2 {X : conj’ A s € a'}). Clearly v € Ip({X : conj’As €
a'}). Moreover, Lemma 14 proves that there exists a constraint X D se’ in
REDUCE(X 2 {X : conj’ A s € a'}) such that v € Ip(se’). By inspection
of the steps that make up REDUCE, it is clear that se’ is in fact of the form
{X : conj"}. It remains to show that V(conj") < V(conj).

Now, it is easy to verify that each step of REDUCE does not increase
V. In fact, except for step (iv), all steps replace a quantified set expression
by a (possibly empty) collection of quantified set expressions such that each
new quantified set expression contains fewer function symbols in its program
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terms than the original quantified set expression. In other words, for these
steps, the new quantified set expression have a strictly smaller V than the
original quantified set expression. Step (iv), on the other hand, may intro-
duce function symbols (by duplicating a program term), but the quantified
conditions involved are of the form s” € a” where a” is ground, and hence
they do not contribute to V, and so step (iv) leaves V unchanged. Now,
consider the quantified conditions s € a’ constructed by Transformation 5.
Clearly at least one step of REDUCE is applicable to s € a (since s is not a
program variable, and a is not a set variable). Now, consider two cases. If
@' is ground, then V(conj’ A s € a’) < V(conj’ A s € a), and since REDUCE
does not increase V, it follows that V(conj”) < V(conj). If @’ is not ground,
then one of the steps other than (iv) is applicable, and again it follows that
V(conj") < V(conj). This completes the inductive proof of case (iii)(b).

Case (iii)(c): Suppose that conj contains an apartness condition sfa. The
proof for this case is by induction on the number of apartness conditions in
conj. If conj does not contain any such conditions, then it falls into case
(iii)(b), and this proves the base case. For the induction case, suppose that
conj has less than k > 1 apartness conditions then v € Zp(X), and consider
the case where conj has exactly k apartness conditions. Clearly conj has at
least one apartness condition, say s { a. Since p € Ip(conj), it follows that
p € Ip(st a). Hence there is some value v’ in Zp(a) such that p(s) # v'.
Since Ip C Im(ezplicit(C)), this implies that either Transformation 12 or 13
is applicable, depending on whether v’ is the only value in Im(ezplicit(C))(a).
In either case, Proposition 41 or Proposition 42 can be applied to show that
there is a constraint X D {X : conj’} in C such that v € Zp({X : conj'})
and conj’ contains exactly one fewer apartness condition than conj. Hence
v € Ip(X') follows from the induction hypothesis.

Case (iv): Consider a constraint of the form A 2 f(;)l(a). Suppose that

v € Ip( f(;)l(a)). Clearly Transformation 8 is applicable, and so C contains
the constraint X 2 {X; : f(X1,...,Xy) € a}. By Proposition 37, Zp({X :
conj}) = Ip( f(?)‘(a)). It follows that v € Ip({X : conj}). Now, since
X 2 {X;: f(X1,...,Xn) € a} appears in C, case (iv) can be applied to
prove that v € Ip(X), and this completes the proof for this case. []

Combining the above lemmas with Theorem 7 proves that:
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Theorem 9 (Correctness of Quantified Set Expression Algorithm)
Let SCp be the set constraints corresponding to a program P, and let Cy
= REDUCE(STANDARDIZE(SCp)). When input with Co, the instance of the
generic algorithm defined by A, terminates and outputs ezplicit form con-
straints Cous such that Im(Cout) =var(scp) Im(SCp).

We note that many decisions about the design of the algorithm were
made to simplify presentation at the expense of efficiency. We now outline
a number of these. First, consider the transformation involving substitution
into quantified set expressions (Transformation 5). If C contains

X2{X:XeYANf(X)e Z}
Y2 fu)
Y2 fw

then Transformation 5 adds the constraints

X2{X:Xe f(WAf(X)eZ}. )

These constraints are unnecessary because the compaction transformation
only requires that the left hand side of a quantified condition be a variable;
the right hand side does not have to be a non-variable expression. Moreover,
these extra constraints can lead to further redundant constraints, and may
introduce unnecessary intersection variables. To illustrate this, suppose that
the only lower bound for Z is Z 2 f()). Substituting this constraint into
the constraints (7.37) eventually leads to the constraint X 2 f(U) N f(W),
and this may introduce a new intersection variable. Note that substituting
ZD2f(P)intoX DQ{X:XeYAf(X)eZ}leadstoX D {X : X €
YV}, which via compaction yields X D ), and by further substitution to
X 2 f(U) and X 2 f(W). To avoid such redundant substitution steps,
Transformation 5 can be modified so that s is required to be a non-variable
program term.

Second, consider the redundancies inherent in the original constraints
SCp. In particular, SCp contains many groups of constraints of the form

Al D {X;:conj},..., X" 2 {X,: conj} (7.38)

Now, during execution of the algorithm, the occurrences of conj are treated
in an identical manner in the sense that if a transformation is applied to
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one occurrence, then it can be applied to another. Hence, the work of
“solving” conj is duplicated for each occurrence in the initial constraints. It
is therefore appropriate to consider grouping these constraints together into
a form such as

(X1,...,&X™) 2 {(X1,...,Xy) : conj}.

whose meaning is identical to the constraints (7.38). The only main change
required for this new kind of constraint involves the compaction transfor-
mation. Specifically, this transformation becomes:

If C contains (X?,...,X™) D {(X1,-..,Xn) : conj} such that
conj is in compaction form and Im(ezplicit(C))(f) conj) is non-
empty, for each X € {X1,...,X"}, then output the constraints
X D R conj, for each X € {X1,...,A"}.

We also observe that the bounds described in the termination argument
(see Lemma 18) can be significantly tightened. By doing so, it is fairly
straightforward to obtain an EXPTIME bound on the execution of the algo-
rithm. We note that EXPTIME bounds have been reported by Fruhwirth,
Shapiro, Vardi and Yardeni [18] for a related class of set constraints.

7.7 Related Work

We conclude this chapter with a discussion of the literature related to set
constraint algorithms. Early work by Reynolds [63] describes a simplifica-
tion algorithm for set constraints involving projection. The motivation for
this work was the inference of data type definitions in a first order functional
language. Subsequently, a similar algorithm was independently developed
by Jones and Muchnick [32]. In essence, these algorithms consist of Trans-
formations 1,2 and 3. Further work by [30, 31, 50, 56] has extended the basic
approach to higher order functions, binding time analysis and analysis for
compile-time garbage collection and globalization of function parameters.
Again, projection is the only operator employed.

Constraints involving notions of both intersection and projection were
first used by Mishra [48] to approximate the success set of a logic program.
Specifically, the constraints contained intersection and a form of projection.
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However, for algorithmic reasons, an approximate form of union was used
(see the discussion of ¥ in Section 5.6, page 134). In essence, this restriction
ensured that the set of atoms and terms that could be defined were tuple-
distributive in the sense that they were closed under the x operator defined
on page 134. Moreover, only partial algorithms were given.

The first decidability results for set constraints were obtained by Heintze
and Jaffar in [21, 22]. In [21], an algorithm was presented for solving con-
straints involving quantified expressions of the form {X : s € se} where s is
a program term constructed from program variables and function symbols.
The purpose of this was to obtain a simple and decidable approximation to
the success set of a logic program (the approximation defined is equivalent
to bottom-up sbay). In [22] the set constraint calculus was formalized and
studied them in an abstract setting (most of our definitions and notation for
set constraints are taken from this paper). Its main result of was a decision
procedure to determine the satisfiability of definite set constraints, which
are constraints of the form a D se where a is a set expression that contains
no set operators and se is a set expression whose set operators are projec-
tions and intersections. Collections of definite constraint have least models
whenever they are satisfiable.

Soon after writing [21, 22], we discovered an alternative proof of the
results therein using a reduction to a result by Filé [16]. To motivate this
reduction, first note that for some programs P, bottom-up set based analysis
is exact in the sense that, using bottom-up semantics, sbap, = Im(ECp). A
syntactic characterization of a class of programs with this property is given in
[21]; call this class EXACT(sba). Now, the main result of [21] essentially shows
that bottom-up sbap is decidable and is a regular set. As a corollary, the
success set of all programs in EXACT(sba) is decidable and regular. Moreover,
using the transformations described in [25], an arbitrary program P can be
transformed to a program P’ in EXACT(sba) such that sbap = sbap (for
bottom-up semantics). This means that the problem of computing bottom-
up sbap is equivalent to the problem of computing Im(ECp) for programs in
EXACT(sba). Now, in [16], Filé defines a subclass of logic programs based
on an extended notion of tree automata called pattern replacing automata,
and shows that the success set of all programs in this class is decidable and
regular. The key step for using this result to prove the decidability and
regularity of bottom-up sbap is a transformation that maps any program in
EXACT(sba) into an equivalent program in Filé’s class.
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We now review some of the main works subsequent to ours. In (18],
Fruhwirth, Shapiro, Vardi and Yardeni provided another proof of the de-
cidability of sbap. Their proof uses a technique very similar to the above
reduction to Filé’s result, although they were unaware of his result and es-
sentially gave an alternative proof of it. In [5] Aiken and Murphy presented
an algorithm for set constraints involving intersection and complement but
omitting projection.

Very recently, Bachmair, Gandzinger and Waldmann [8] have obtained
an elegant proof of the decidability of the satisfaction problem for a large
subclass of set constraints involving complementation, intersection and pro-
jection (in particular, the class they consider properly contains the definite
constraints considered in [22] and the constraints considered in [5]). The
basis of their result is a translation from set constraints into predicate calcu-
lus formulas constructed from monadic predicates, variables and quantifiers
(note that there are no function symbols). We briefly outline the approach.

It has long been recognized that there are close connections between set
constraints and various fragments of logic (for example, see [22], where it
is observed that results by Rabin [62] prove the decidability of monadic set
constraints). Such relationships exists because set based reasoning can be
expressed in the predicate calculus by regarding a monadic predicate as the
set of values on which it is true. Hence, a set constraint X 2 f(X)U a can
be translated into the formula Py(a)A(Px(z) = Px(f(z)), where Py is the
predicate introduced to capture the set variable X'.

The key idea of [8] is the use of skolemization to establish a correspon-
dence between set constraints and a class of formulas that was shown decid-
able by Lowenheim [42] (see [2] for a somewhat simpler proof). In essence,
set constraints are equivalent to predicate calculus formulas that are the
result of skolemizing a formula with monadic predicates that is in prenex
normal form. For example, consider the set constraint & 2 f(X) where
X = {a, f}. This can be written in the predicate calculus as

Px(z) = Pyx)(z) A Pya)(f(z)) ¢ Px(z) A Pyxy(a) > false

where the predicates Py and Py(y) capture the values of A’ and f(X) re-
spectively. Now, this formula is just the result of skolemizing?

2Note that this formula contains only one occurrence of the variable f, and this occurrence
appears in the expression Py(v)(f), where P( x) is a predicate symbol and f is the bound variable
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3av23f (Px(z)= Pyx)(2) A Pyay(f)e Px(z) A Pyx)(a)e false)

which is in prenex normal form and consists of only variables and monadic
predicates symbols. The specific subclass of set constraints considered by [8]
can be characterized as constraints of the form se; D se; such that se; does
not contain the projection symbol. The general set constraint problem posed
in [22] (that is, arbitrary constraints involving complementation, intersection
and projection) is still open.

We now provide an algorithmic comparison between this chapter and
other works in the literature. The set constraint algorithm presented in
this chapter is based on algorithms developed by Heintze and Jaffar [21,
22, 23]. The main difference is that we consider more general quantified
set expressions. In particular, [21] was restricted to quantified expressions
that are of the form {X : conj} such that each quantified condition in
conj is of the form s € se where s is constructed from function symbols
and program variables, and se is a set expression. [23] essentially considered
quantified conditions of the the form X € X and X{X where X is a program
variable and X’ is a set variable. In contrast, the algorithm presented in this
chapter deals with quantified conditions of the form s € se and s} se,
where s may contain function symbols, projections and program variables,
and se is a set expression3. It also deals with complement constants. The
extensions to quantified expressions are necessary because the imperative
language considered in this thesis is much more general than that used in
[23]. We note that it is the appearance of projections in quantified conditions
that necessitates the use of the safeness invariant.

There are two main alternatives to the approach we have adopted for
computing set program approximations. The first is based on the trans-
formation of set constraints into the class considered by Filé [16], and the
second is based on the transformation of set constraints into the monadic
predicate formulas considered by Bachmair, Gandzinger and Waldmann [8].
While these approaches involve simpler correctness proofs, the approach of
[22], which we have adapted, has a number of important advantages. Specif-
ically, it is more direct than the other methods and remains entirely within
the framework of set constraints. Moreover, the algorithms involved are

in question.

3Strictly speaking, for decidability reasons, the program term s in ¢ € se cannot contain
completely arbitrary combinations of function symbols, projections and variables. See page 197
for further details.
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simpler and more intuitive (although the proofs are not). Moreover, it pro-
vides greater flexibility, yields an explicit representation of the least model
the constraints, and appears to be more amenable to implementation. We
now expand on these last three points.

The algorithm in [22] is very flexible in the sense that it can be extended
in a number of ways to deal with a variety of set operators arising from
the analysis of different programming languages (as has been exploited in
this thesis). In contrast, the other approaches typically involve translations
into (decidable subclasses of ) other formal systems, and intuitive extensions
to the set constraints do not usually map into intuitive extensions in these
formal systems. This is either because the transformations themselves do
not make sense on the extensions, or else the translation of the extended
constraints gives rise to formulas in the formal system that does not satisfy
the relevant syntactic criteria required for decidability. For example, there
does not appear to be any way to extend [8] so that the reverse skolem-
ization transformation can be applied to constraints that contain quantified
set expressions. Similarly, although [16] can be used to solve set constraints
involving a restricted form of quantified set expressions, this method cannot
be extended to solve quantified set expressions involving apartness condi-
tions or quantified conditions of the form s € se where s contains projection
symbols.

An explicit representation of the least model of the constraints is par-
ticularly important for program analysis applications. This representation
provides the characterization of the structure of possible run-time values that
is needed for many compile-time code improvements. Such an explicit rep-
resentation is computed by the algorithm in [22] and the algorithm obtained
using [16]. In contrast, although the algorithm of [8] provides a method of
answering questions about the least model (including membership and non-
emptiness), it does not provide any notion of explicit representation of the
least model.

The set constraints algorithms based on (8] and [16] are complex and
highly combinatorial in nature and do not appear to provide a basis for
implementation. In contrast, the algorithm in [22] is very simple and appears
to be better suited to implementation. In particular, it can be reformulated
in such a way that simple operations such as projection can be treated
specially and implemented cheaply. More generally, because this algorithm
is very direct, it is easy to take advantage of the structural properties of set
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constraints that arise from typical programs. This appears to be crucial for
practical implementation of set based analysis. On the other hand, because
the approaches based on [8] and [16] use involved transformations into other
formal systems, such properties are more difficult to exploit.




Chapter 8

Implementation

The algorithm described in Chapter 7 focussed on the issue of decidability
of set based analysis. In particular, numerous aspects of the algorithm were
designed for clarity rather than efficiency. As a result, a straightforward im-
plementation of this algorithm gives very poor performance. This chapter
describes the design and implementation of a prototype system for practi-
cal set based analysis. In particular, we show that substantial progress can
be made by redesigning the algorithms, employing appropriate representa-
tion techniques, and removing various forms of redundancy. We provide
empirical evidence to show that practical set based analysis is within reach.

257
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8.1 Introduction

This chapter is a progress report on an ongoing effort to incorporate set
based analysis in an experimental compiler, and focuses on one of the main
uncertainties of set based analysis: its computational cost. It is clear that
solving set constraints can be expensive in the worst case, and this is due to
the exponential behavior of the intersection operation (see [18] for a formal
account of the exponential behavior of one class of set constraints). How-
ever it is not clear whether worst case behavior is a good indication of the
practicality of set based analysis, since programs rarely exhibit the extremes
of behavior used in worst case analysis. For example, in the worst case, the
arity of predicate and function symbols may increase linearly with the size
of a program, but this is rarely the case in practice. Moreover, many pro-
grams have a very hierarchical structure and mutual recursion rarely extends
beyond a small number of predicates.

We address the question of practicality by developing and evaluating an
implementation of the set constraint simplification algorithm. For simplic-
ity, we shall restrict our attention to intersection-projection constraints (see
Section 7.5), and for convenience we shall write these constraints as equal-
ities. Specifically, the constraints considered in the implementation are of
the form X; = se;,..., X, = se, where X},...,X, are distinct set variables,
and each se; is constructed from union, function symbols, set variables and
intersection and projection operators.

Corresponding to a program P, constraints of this form can be con-
structed to analyze P, in a manner similar to the construction of SCp. The
differences between these constraints and SCp are relatively minor, although
in general the constraints SCp are slightly more accurate. Most importantly,
the constraints used here provide a similar uniform treatment of structures,
and represent the core part of the more complex constraints. Also, the
proofs of correctness of the constraints can be adapted from the correctness
of SCp. Since the focus of this chapter is on solving set constraints, and not
on the specific construction of constraints from a program, we shall omit the
full details of this construction, and instead give some examples. Through-
out this chapter we shall focus on logic programs because they tend to yield
constraints that are more difficult to solve.

The method for constructing constraints from a program is essentially




8.1. INTRODUCTION 259

Ret, = p(&X)
p(X) — ¢(X),r(X).  Rety =q(a)Ug(f(D))
q(a). Ret, = r(f(2))
9(f(Y)) < q(Y)- X =g '(Rety) N 177 (Ret,)
r(f(2))- Y = g7 (Rety)

Z2=T

Figure 8.1: Bottom-Up Set Constraints

the same as that outlined in Chapter 2 and then formalized in Chapter 4.
First, set variables are introduced to capture the sets of values of each pro-
gram variable at each point in the program. Then constraints are written
between these sets to safely approximate the local consistency conditions of
the program. Figure 8.1 illustrates the construction of constraints to ap-
proximate the bottom-up semantics of a logic program. The main difference
between these constraints and SCp is that, for convenience, we have used
variables Ret,, Ret; and Ret, to capture the sets of ground atoms in the
success set corresponding to the predicates p, ¢ and r respectively. As be-
fore, set variables X', ) and Z are used to capture the sets of values for the
program variables X, Y and Z respectively. For example, the constraint
X = ¢~ (Rety) N 7~ (Ret, ) indicates that the set of values for the program
variable X consists of those values v such that g(v) is in Ret, and r(v) is in
Ret,.

Figure 8.2 shows how constraints may be constructed for the analysis
of a logic program under a top-down left-to-right execution strategy. Re-
calling the notation for program points, note that program point 3 indi-
cates program execution just before ¢(X) is called in the body of the rule
P(X)—q(X),r(X), point 4 indicates execution just before r(X), and point
5 indicates execution after both body atoms have succeeded. As in SCp, a
set variable is introduced to describe the values of each program variable at
each program point. The set variables A3, X4, and X respectively denote
the values of X’ at points 3, 4 and 5. The variables Call,, Call, and Call,
have been introduced to capture the possible calls to p, ¢ and r. For exam-
ple, the constraint X5 = p~1(Call,) N g~} (Ret,) indicates that the values of
X at point 3 consists of all v such that p(v) is in Call, and ¢(v) is in Ret,.
Additional initial goals can be accommodated by appropriately modifying
the equations for Cally, Call, and Call,. Figure 8.3 contains another ex-
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Wl=T

W? = p~!(Ret,)

A3 = p~1(Cally)

X4 = p~Y(Cally) N g7 (Ret,)

X5 = p~Y(Call,) N g~} (Rety) N r~Y(Ret,)

Ret, = p(X®)
Ret, = g(a)
Ret, = r(J7)
Call, = p(W?)

Call, = g(X3)
Call, = r(X*)

Figure 8.2: Top-Down Set Constraints

«—app(cons(b, nil), cons(c, nil), V).
app(nil, W,W).
app(cons(X, L),Y, cons(X, Z))—app(L,Y, Z)*.

-
app@l)(Retaw)

app('zl)(Calla,,) n app('al)(Call.,,,,)
cons)(app)(Callagp)) N cons)(app(5)(Callayy))
cons('zl)(app(‘ll)(Callaw))

app('zl)(Calla,,,,)

cons(’zl)(app(‘sl)(CalIa”))

cons;)(app(y)(Callapp)) N consy)(appg)(Callapy))
consy(appp;)(Callapp)) N app()(Retapp)
app('zl)(Call.,,,,,) n app('zl)(Retaw)
cons’('zl)(app@l)(Callaw)) n aPPE;l)(Retapp)

app(nil, W3, W3) U app(cons(X5, L%), V3, cons(X3, 2%))
app(cons(b, nil), cons(c, nil), V') U app(L4, 4, Z4)

Figure 8.3: The Append Program and Its Top-Down Constraints
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ample of the construction of the top-down constraints, this time involving
the append program.

8.2 The Basic Set Constraint Algorithm

We present a reformulation of the algorithm for intersection-projection con-
straints from Section 7.5. The main difference from the algorithm in Sec-
tion 7.5 is in this presentation we have attempted to minimize the number
of transformation steps that have to be performed by combining the substi-
tution, projection simplification and intersection simplification transforma-
tions.

The first step of the algorithm is a preprocessing stage that puts the
constraints in a convenient form. This form essentially corresponds to a
restriction of standard form. Define that an intersector is of the form a; N
-++Nay, where the ¢; are atomic set expressions. A projector is of the form
f(:)l(a) where a is an atomic set expression. A constraint is in restricted
standard form if it is of the form X = se; U .- U se, where at most one
of the se; is either a projector or an intersector, and the remaining se; are
atomic expressions. A collection of constraints X; = sej,...,Xm = sen, is
in restricted standard form if A},...,Xy, are distinct set variables, and each
constraint is in restricted standard form.

The method for converting constraints to restricted standard form in-
volves repeatedly identifying an occurrence of a set expression that does not
satisfy the restricted standard form definition, replacing it by a new variable
and then adding a new equation between the new variable and the replaced
set expression. The details are very similar to the conversion of constraints
to standard form in Section 7.3, page 174. Importantly, given a collection
C of constraints of the form X} = se;,...,X;m = sem, wWhere X;,..., X, are
distinct variables, the resulting constraints, call them Cg, are in restricted
standard form, and Im(C) =y4,(c) Im(Co).

The bulk of the algorithm consists of the exhaustive application of four
transformations to restricted standard form constraints. Before presenting
these transformations, it is convenient to represent constraints using an array
indexed by set variables. Specifically, let C be a collection of restricted
standard form constraints, and define rhs; as follows
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{se1,...,3€,} if C contains X = se; U---U se,

rhs(X) < { {3 otherwise

where X’ ranges over the set variables in C. It is convenient to extend this
notation to atomic set expressions, so that rhs(a) denotes rhs(X’) if a is the
set variable X, and rhs(a) denotes {a} if a is not a set variable. We can
now describe the first three transformation steps.

Transformation 15 IfY € rhs(X) and a € rhs(Y) is an atomic ezpression
then add a to rhs(X). []

Transformation 16 If f(;)l(a) € rhs(X) and rhs(a) contains T then add
T to rhs(X). [}

Transformation 17 If f(:)l(a) € rks(X) and rhs(a) contains f(a;,...,a,)
then add a; to rhs(X) if Im(ezplicit(C))(f(a1,.--,ax)) # {}- []

The last transformation simplifies intersectors. Again we use the Vn
naming scheme for any new variables introduced during the simplification
of intersections.

Transformation 18 Ifa; N-:-Na,, € rhs(X) and there ezists a sequence

ai,...,an, such that a} € rhs(a;), i = 1..m, and for some f € T, each a

has the form f(---) or T, then let af,...,a} be the elements of a},...,a},
of the form f(---) and

o ifk =0 then add T to rhs(X);

o if k> 0, let the arity of f be n, let a! be f(a;y,...,ain), i = 1..k, let
Nj=N(a1;)U---UN(ax;), j=1..n, and

- add f(VN,,...,VN,) to rhe(X), and
— for each j, if rhs(VN;) = {} then add ay ;N ---Nay,; to rhs(Vy;).
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A, Add f(W) to rhs(W);

V; = Ay f;ff O B aa f(V(y,a)) to rhs(X), and
> : Z Y)nz, set rhs(V(y,q})) to {Y Na};
= ° C. Add f(V(yq}) to rhs(W);

Z = f(a)ug(a), D. Add a to rhs(V(yq});

Figure 8.4: Example Execution of the Reformulated Algorithm

The reformulated algorithm can now be stated as: exhaustively apply
those instances of Transformations 15-18 that change rhs, and on termina-
tion output the explicit form constraints resulting from the deletion of all
intersectors, projectors and variables from rhs. The main difference between
this algorithm and the intersection-projection algorithm in Chapter 7 is that
the op-substitution, projection simplification and intersection simplification
transformatijons (Transformations 1, 3 and 4 respectively) have been com-
bined in an effort to minimize the number of transformation applications
performed during the algorithm. The proofs of termination and correct-
ness of the reformulated algorithm are similar to those for the intersection-
projection algorithm. In summary,

Theorem 10 Let C be a collection of constraints in restricted standard
form. Then, the ezhaustive application of Transformations 15-18 termi-
nates. Moreover, the resulting constraints C' are such that Im(C) =,4,(c)

Im(ezplicit(C")). []

Figure 8.4 contains an example execution of the reformulated algorithm.
When input with the constraints shown below on the left column, the re-
formulated algorithm performs steps A, B, C and D, corresponding to ap-
plications of Transformations 16, 18, 15 and 18 respectively. The final out-
put of the algorithm consists of the constraints W = f(W) U f(V(yq))s
X =f(Vpa}) V=4, Z=f(a)ug(a), and V(y,) =a.

8.3 Outline of Implementation

The implementation of the preprocessing phase is fairly straightforward.
We shall instead concentrate on the implementation of the core part of the
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algorithm. We first classify the kinds of expressions that can appear in the
sets rhs(X’). First, there are non-variable atomic expressions, and we refer to
these as constructed ezpressions and denote them by ce. In essence, these are
the central objects that are manipulated by the algorithm. Second, there
are the projectors, and these can be viewed as operators on constructed
expressions. For example, if rhs(X) contains the constructed expression
f(a1,a2), then f(;;(X) produces a; (which must either be a constructed

expression or a variable). Specifically, corresponding to each projector of

the form fgy( ), define a partial function projy,; as follows
a; if ce is f(a1,...,a,)
projsi(ce) = ¢ T ifceis T

undefined otherwise

The third class of expressions consists of the intersectors. Again these
can be viewed as operators on constructed expressions, and corresponding to
each m-ary intersection expression, we define a partial function intersect,,
as follows. Let ce;,...,ce, be a sequence of constructed expressions such
that, for some f € X, each ce; has the form f(---) or T, let a;,...,ar be the
elements of cey,...,cey, of the form f(---), let each a; be f(ai1,...,8in),
i=1..k,let Nj is M(a1,;)U--- UN(ar;), j = 1..n, and define that

. T ifk=0
intersecty,(cey,...,cep) = f(VN Vn,) ifk>1
19°°°9 n =

and that intersect,,(cey,...,cen) is undefined if the sequence cey,...,cen
is not of the specified form. The final kind of expressions that can occur in
rhs are simply variables, and their main effect in the algorithm is to directly
transfer constructed expressions from one equation to another.

On the basis of this classification, we represent the array rhs as three
separate arrays, con, var and op. Let con(X') denote the set of constructed
expressions in rhs(X’), let var(X) denote the set of variables in rhs(X)
and let op(X;) denote the set of projectors and intersectors in rhs(X’). For
example, the equation X = f3(X)U f(X)U f~}(X)U Y is represented as
con(X) = {f2(X),£(X)}, op(X) = {f~}{X)}, and var(X) = {J}. Note
that the preprocessing phase ensures that initially op(X;) is either empty
or a singleton set, and that the algorithm never alters op(X;). Hence we
shall treat op(AX;) as either the empty set, or a projector or an intersector.
Corresponding to the convention that rhs(a) is just {a} if a is not a set
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variable, we shall similarly define that con(a) is {a} if a is not a set variable.
Using this new notation, Transformations 15-18 can be rephrased as:

o If op(X) is f71(¥), ce € con(Y) and nonempty(t), then if projyi(ce)
is a variable, add it to var(X), and otherwise add it to con(X).

o If op(X) is a1 N --- N a,, and ce; € con(a;), i = 1l..m, then add
intersecty,(cey,...,cen) to con(X), and construct appropriate equa-
tions for any new intersection variables introduced.

o If Y € var(X) and ce € con()), then add ce to con(X).

where “add” is used informally to mean that if the operation is defined then
add the resulting atomic expression to the specified set if it does not already
appear there, and nonempty(ce) denotes a function that determines whether
ce is non-empty in Im(ezplicit(C)) (we shall address the implementation of
nonempty later in this section).

Our implementation is essentially based on the above formulation of
transformations. Two key observations about this formulation motivate a
number of major implementation design decisions. First, a frequent oper-
ation in the algorithm involves comparison of constructed expressions, and
in particular, the determination of whether a new constructed expression is
already an element of a set. Second, at any particular instance, there may
be many possible steps, but only a few of these are likely to be productive.
It is therefore important to be able to focus on those steps that are likely to
be productive. We now elaborate.

Representation of Constructed Expressions

To provide the cheap comparison for constructed expressions, we code each
such expression as an integer in the following simple manner. As each vari-
able is encountered, a unique positive integer is allocated for it. Notation-
ally we shall write #X to denote the integer associated with the variable
X. Function and constant symbol are also identified by positive integers;
we write # f to denote the integer for the function symbol f. The coding of
constructed expressions is essentially performed by incrementally building
a mapping ( from sequences of integers into negative integers (( is ini-
tially empty). Specifically, the coding #ce of a constructed expression ce is
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achieved as follows. Let ce be f(a,,...,a,) and first compute the sequence
(#71,#a1,...,#ay,). Then, return {(#f,#a1,...,#ays) if it is already de-
fined, and otherwise allocate a new negative integer say j, update { appro-
priately and then return j. An array is also maintained to map each coding
into the sequence it represents. This is used particularly by the projection
operation.

Coding constructed expressions as integers provides a very compact rep-
resentation since there is maximal sharing between constructed expressions
that have common subexpressions. It also allows the set con(X’) to be rep-
resented efficiently. Specifically, we represent the relationship a € con(X)
using ordered pairs (#a,#X’), and this in turn is implemented using a hash
table. Similar comments apply to a number of other operations of the al-
gorithm, and hashing techniques are heavily used throughout. Although
fairly simple methods have proved effective for moderate sized problems, it
is likely that specialized hashing techniques will be important for handling
very large analysis problems.

However the use of the coding represents a tradeoff. Whilst operations
such as comparison of constructed expressions are dramatically improved,
the operation of projection becomes slightly more expensive and also there
are overheads in initializing and maintaining the data structures used. Thus
far, these costs appear to be insignificant compared to the substantial im-
provements over a very early implementation using an explicit PROLOG-style
term representation.

Dependency Directed Updating

We now address the issue of focusing on productive steps. Note that once a
particular instance of a step has been applied, it never needs to be applied
again. For example, if op(X) is the projector f(;}(y) and the constructed
expression f(b,c) appears in con()), then once b has been added to con(X),
we never again need to apply op(X’) to f(b,c). We exploit this by using
a dependency directed updating scheme. In other words we only apply
operations to new constructed expressions. Specifically, we define an array
dep such that dep(X) is the set consisting of
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X = buf(X)uz
Y = cu(n2
Z = dufgi®)
con | var op dep
XNbfX)| 2 N_dep(Y), proj-dep(Z)
Y[ - xXnz
z| d f)(X) | vardep(X),n_dep(Y)

Figure 8.5: Example Constraints and Their Representation

{var_dep(}) : X € var(Y)}
U {projdep(y): f3}(X) € op(¥)}
U {ndep(y):(a1N---Nay) € op(Y) where some q; is & }

We refer to items of the form var_dep()), proj_dep(Y) or N_dep(}) as de-
pendencies. The set of dependencies for a variable X indicates where any
new constructed expressions for X’ have to be propagated. Figure 8.5 con-
tains an example collection of constraints and its representation in terms
of arrays con, var op and dep. Using this representation, the algorithm
can now be described in Figure 8.6. The algorithm is initiated by inspect-
ing each variable X’ and calling add(projy,i(ce), X') for each ce € rhs(a) if
op(X) is f(:)’ (a), and calling add(intersect,(ce;,...,ce,)) for each sequence
(cey,...,cey) such that ce; € rhs(a;), if op(X)is a1 N ---Nay.

Intersection Variables and Non-Empty

We conclude by discussing intersection variables and the function nonempty.
The generation and management of intersection variables is straightforward.
Corresponding to the function AV, an array is used to record the set of atomic
set expressions corresponding to each intersection variable. The mapping
from a set of atomic set expressions {a;,...,a,} into an intersection variable
is performed by first constructing A(a;)U---UAN(a,). The elements of this
set are then sorted and the resulting sequence is looked up in a hash table,
where each entry of this table consists of a sorted list of atomic expressions
and the corresponding intersection variable. If the sequence is found in the
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update(ce,dep, X') {
if dep is var_dep()) then add(ce,));
if dep is proj.dep(Y) and op()) is f(;)l(X ) then add(proj;i(ce),));
if dep is N_dep(Y) and op(Y) is e; N --- N a,, then
let X be aj; /* note that &’ must appearin a; ...,an, */
foreach sequence (ce;,...,ce;_1,ce,c€41,.-.,C€,)
such that ce; € rhs(a;), 7 # ¢
add(intersectp(cey,...,Ci—1,6€,C€i41,-..,¢€5),Y);
construct appropriate equations for any new intersection variables;

}

add(ce,X) {
if ce € con(X) then
con(X) := con(X) U {ce};
foreach dep’ € dep(X)
update(ce,dep’, X);

Figure 8.6: Dependency-Based Algorithm
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table, the appropriate intersection variable is returned. If the sequence is
not found, then a new variable Vy is generated and the table is updated
appropriately. Also a new equation is generated by setting var(Vn) := {},
con(Vn) := @ and op(VN) := {a1N+--Na,} where N is A(a1)U---UN(ay),
and updating the dependencies for each variable X’ in {a1,...,a,} using
dep(X) := dep(X) U {opdep(Vn)}, and then finally, if each q; is a non-
variable atomic expression, calling add(intersect,(ay,...,as), VN)

We now address the issue of the non-empty condition in the projec-
tor step. The algorithm used is essentially a variation of the algorithm
to determine non-emptiness described in Section 7.1. However the previ-
ous algorithm is modified so that it incrementally computes the mapping
nonempty, instead of recomputing it each time it is needed. As before, let
nonempty be an array that maps each atomic expression a to a boolean
value that is true if a is currently known to be non-empty. At the start
of the algorithm, each entry in nonempty is set to true iff a is a ground
atomic expression that is non-empty under all interpretations. The value of
nonempty(f(ai,...,a,)) is updated to true if nonempty(a;) is true for all
1 £ i £ n. The value of nonempty(X) for a variable X is updated to true if
con(X) contains a non-empty atomic expression. This updating is managed
using lists of dependencies. For each atomic expression a, we maintain the
list of the atomic expressions directly dependent on nonempty(a). When
nonempty(a) changes from false to true, the atomic expressions dependent
on a are recomputed. In essence, the computing of nonempty is merged into
the rest of the algorithm. Hence, whenever we need to determine whether
a is currently non-empty, we just inspect nonempty(a); there is no explicit
call to the nonempty function.

We now address the issue of how to incorporate the non-empty condition
in the projector updating step. Recall that the step is: if op(X) is f(;)l(y),
ce € con(Y) and nonempty(ce), then add proj; ;(ce) to con(X) or var(X).
Now, there is no difficulty if we find that nonempty(ce) is true, since we
can then proceed with the updating step. However, if nonempty(ce) is false
then we need to ensure that if nonempty(ce) ever becomes true, then the
projector updating step is eventually completed. This is achieved by adding
a new kind of dependency to the non-empty dependency lists.
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8.4 Intersectors

The previous section outlined a rudimentary implementation, which al-
though a significant improvement over a naive implementation, is still im-
practical. The main reason for this is intersectors, which are perhaps the
most problematic part of the implementation. Not only are they responsible
for introducing new variables, but updating intersectors has a combinatorial
nature. For example, consider an intersector a; N---Nay, and suppose that
ce has been freshly added to con(a;). Then, in updating this intersector us-
ing this constructed expression, we must consider all possible combinations
of ce; € con(a;j), j # i.

A first step in dealing with this problem is to partition the constructed
expressions in con(X) according to their principal function symbol. For
example, consider updating the intersector X N Y N Z using a newly con-
structed expression f()) for Z. H con(X) = {f(X),f(W),9(X)} and
con(Y) = {f(Z),9(Y)}, then clearly we only need to consider the inter-
sections f(X) N f(Z) N f(Y) and fW) N f(2) N f(I), and we can ignore
intersections such as f(X) N g(¥) N f(I), since they will always be empty.
Although this very simple modification is useful, more fundamental changes
are required to implement intersection efficiently. In essence we need to ex-
ploit the substantial redundancy that is typically present in set constraints.

Minimal DNF Expansion

Consider the intersector X N Y N Z where con(X), con()) and con(Z) are
respectively {A, B,C},{A,C, D} and {A, B, D}, where A,B,C and D are
distinct constructed expressions. In essence, we wish to compute

(AuBUC)N(AUCUD)N(AUBUD).

A naive expansion of this expression would lead to 27 intersections: ANANA,
AN ANC, etc. However for this example, we only need to compute the ex-
pressions A, BND,CnNB and CnD, and so we can reduce 27 intersections to
just three. The problem of minimizing the number of expressions that must
be computed can be viewed as a special case of computing a minimal DNF
form, given an expression in CNF. A number of different approaches were
tested. The essence of the current approach is to precompute information
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about the pattern of occurrences of constructed terms that appear in more
than one “disjunction”, and then to use this information to sequentially
build up minimal conjunctions.

We now outline how this approach to intersection is incorporated in the
implementation. It is clear that updating intersectors is very expensive, and
should therefore be done as infrequently as possible. This can be achieved by
giving precedence to updates involving projectors. Specifically, the updating
is split into two phases. The first consists of the exhaustive updating using
projectors. The second consists of updating using intersectors. The algo-
rithm then proceeds by repeatedly alternating these two phases. As a side
effect, this organization of updating steps also enhances the performance
of the DNF minimization algorithm, since by delaying its application, the
amount of redundancy increases. The algorithm can now be described as

repeat
exhaustively apply all possible projector steps;
recompute each intersector;

until no change;

Approximating Subsumption Relationships

We conclude this section by describing an enhancement the performance of
intersector recomputation. This modification is perhaps the most important
described so far. Consider an intersector X N ). If con(X) = {A, B} and
con(Y) = {C,D} and in the least model of the equations, A C B and
C C D, then clearly the recomputation of the intersector can be reduced to
computing BN D. However, establishing whether subsumption relationships
such as A C B hold in the least model can only be done, in general, once the
least model is known. The approach used here involves approximating the
least model using the information contained in the array con. Specifically,
this array defines an equation for each variable A"

X =ayU-:-Uay,, where con(X) = {ay,...,a,}.

Hence con can be considered to define a collection of equations in explicit
form, and this in turn defines an interpretation, call it Z.,,. This interpre-
tation represents the part of the least model that has been computed by the
algorithm so far. If Z;,,, denotes the least model of the constraints input to
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the algorithm, then Zeon(X') C Zj(X) for all variables A’ appearing in the
input constraints.

Importantly, Z.,, provides a useful approximate of the subsumption re-
lationships that hold in Z;,,, and can be used to simplify the intersector
computation as follows. First, we use I}, to compute the non-redundant
components of the sets con(X’). Let S be a set of constructed expressions,
let Z be an interpretation and define that ce is a mazimal element of § with
respect to I if ce € S and for each se’ € S, Z(se’) 7 Z(se). In other words,
there is no expression in S that is strictly larger than se. Then, given the
sets con(AX’), define for each A the set of maximal constructed expressions
as follows:

maz_con(X) def {ce € con(X) : ce is maximal wrt Z,,, } (8.39)

If con(X’) contains several maximal elements that are equal under Z,y,, then
we put one of them in maz_con(X’) and discard the others. Finally, the
updating of each intersector is carried out using the constructed expressions
in maz_con instead of con.

In general, there is no formal connection between the subsumption rela-
tionships that hold in Z;,, and Z,,n, and the sets maz_con(X’) are essentially
arbitrary subsets of con(X’). However, in practice the correlation between
the subsumption relationships that hold in Zj,, and Z,, is close, especially
after the early stages of the algorithm. In essence this is because Z,op, in-
creases quickly in the early stages of the algorithm, and for most of the
algorithm’s execution it closely approximates Z;,,. We shall provide some
empirical evidence to support this claim in the next section.

We now briefly outline the correctness of this modified intersector recom-
putation. Since the modified intersector recomputation serves to reduce the
number of constructed expressions that would otherwise be generated, the
main change in the proof from the basic intersection-projection algorithm
relates to completeness. In essence, the key to the proof involves showing
that the modified algorithm produces sufficient constructed expressions so
that Z.y, is 2 model of the constraints. Modifications to the previous com-
pleteness proof are needed when the definitions of transformations are used
to argue that, on termination, certain constraints are present. The main ob-
servation required is that when maz_con is computed from con using (8.39),
the explicit form constraints described by maz.con, call them Cynaz_con, are




8.5. EMPIRICS 273

such that Im(Cmaz_con) = Zeon-

Additional Improvements

The preceding sections contain only the major design decisions of our im-
plementation. However, there are number of minor modifications which, in
sum, have an important impact on the systems performance. We now very
briefly summarize a number of these. During the execution of the algorithm,
many variables have the same con sets. Typically the number of distinct sets
con(X), where X ranges over all set variables, is approximately a third of
the total number of set variables. Hence a number of operations only need to
be computed once for each distinct set con(X’), and this can lead to impor-
tant savings, particularly in the subsumption component of the algorithm.
The computation of intersectors is another place where many improvements
can be made. First, it is worthwhile to store the sequences of constructed
expressions that have been considered at each intersector. Then, when re-
computing an intersector, any sequence that has been generated previously
can be ignored. Second, an intersector only needs to be recomputed if the
variables on which it depends have changed since the last time it was re-
computed. By keeping track of the changes to these variables, the number
of intersector recomputations can be reduced by up to 50%.

8.5 Empirics

The implementation described in this paper has been developed over a pe-
riod of three years. A very early version used an explicit representation
for constructed expressions. However the comparison of constructed expres-
sions was prohibitively expensive and only very small programs could be
analyzed. The next version employed integer term representation as well
as an early form of the modifications for intersector simplification described
in the previous section. Most of the basic notions described in this paper
were contained in this version. The current version re-implements these
notions more efficiently and makes greater use of dependency directed up-
dating. The subsumption algorithm was completely redesigned using bit
vectors. The system consists of approximately 4,500 lines of Standard ML
(this includes programs to construct the set constraints corresponding to a
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VI (Nov 89) ]| V2 (Nov 90) ] V3 (Nov 91)

time | eqns || time | eqns || time | eqns
nrev-bu 0 18 || 0.03 14 | 0.01 10
nrev-td 37| 50 048] 48 021 35
impbu | 280 [ 400 [ 47 233] 0.9 128
imp-td 771 77| 21| 459 53 372
dnfbu | >2600 | >511]] 2.1] 142 0.65] 96
dnf-td 77 77 210 1002 [ 1250 [ 440

Table 8.i: Impact of Design Decisions

program as well as the set constraint solver and its front end).

Table 8.5 compares these three versions of the algorithm. The bench-
marks used in this table are based on three small logic programs. The first
is the standard naive reverse program for reversing lists program (which
consists of four rules, two of them facts). The second is an interpreter for a
simple imperative programming language similar to the language outlined
in Chapter 3. This program consists of 55 rules, 25 of them facts. The
third program is a program to convert a propositional logic formula into a
formula in disjunctive normal form. It contains 32 rules (10 facts and 22
non-facts with an average of about 2 body atoms per non-fact rule) and
contains a large number of mutually recursive calls. For all of these pro-
gram, we consider the set constraints corresponding to both bottom-up and
top-down left-to-right execution. For each version of the algorithm and each
benchmark, we give the time taken to run the benchmark and the number
of equations generated. All timings are on a Sun Sparc 1+ (24MB) running
Mach and using version 0.75 of Standard ML of New Jersey. Note that
for the larger examples, the difference between the first and third imple-
mentations is in excess of one thousand. In fact timings for a number of
benchmarks could not be obtained using the first implementation.

We now give more timings for the third implementation, with particular
emphasis on the design decisions outlined in the previous sections. Table 8.5
presents a breakdown of the time and space behavior of the algorithm. Two
additional benchmarks are used in this table. The constraints for these
benchmarks are given in Figure 8.7, where f11(X’) denotes 11 applica.tions
of f to X and f~33(X) denotes 33 applications of the projector f; to X.
These are essentially pathological cases designed for testing the ro(bustness
of the intersector and projector parts of the algorithm respectively. Neither
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time space

total | proj { sub | N con | model

(secs) | (%) | (%) | (%) eqns n exps | size
nrev-bu 0.01 0| 100 0 1040 0+0 11 10
nrev-td 021 10] 76 | 14 20+15 845 20 26
impbu | 09 8] 8 [ 7] 120+138[ 13+12 | 119] 473
imp-td 5.3 81 80 12 ] 246+126 | 246+126 | 231 | 1610
dofbu | 065] 20 68[ 3] 88+8 3+4 82 159
dnf-td 12.59 6] 591 35] 156+284 | 53+254 | 313 | 1739
lem 1386 O] 99 1] 3+142] 3+142] 171 148
hef 27.54 1| 99 ol 1+33 040 148 4

Table 8.2: Time and Space Measurements for V3

lem hcf
X =auU fI1(X)
Y=aUf¥y) | X = au fBX)U f142)
Z=xnYy

Figure 8.7: The lcm and hef Benchmarks

benefits form the subsumption component of the algorithm.

For each benchmark, Table 8.5 gives timing information, equation counts
and an indication of the space used. The first column of the table is total
time, and the next three columns break this down into time spent on pro-
jectors, inferring subsumption relationships and intersectors, each expressed
as a percentage of total time. Column 5 gives the total number of equations
in the form z + y where z is the number of equations in the benchmark,
and y is the number of additional equations generated during execution.
Column 6 give the number of equations whose right hand side contains an
intersector. Again entries are of the form z + y where z is the number
of intersectors in the input equations, and y is the number of intersectors
introduced during execution. Columns 7 is the total number of distinct con-
structed expressions. Column 8 provides a measure of the complexity of
the least model constructed by the algorithm, and is obtained as follows.
First, list all of the sets maz_con(X'), for each set variable X. Some of these
sets will be the same (in which case the corresponding variables are equal
in the least model). The complexity measure is then obtained by summing
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subsumption no subsumption
time | total | con | table || time [ total | con | table
(secs) | eqns | exps | size || (secs) | eqns | exps | size
nrev-bu | 0.01 10 11 16 0 10 11 16
nrev-td [ 021 35| 20| 75 O0.d1] 35| 20| 75|

dnf-bu 0.65 96 82 | 1689 1.01 ] 184 126 | 5309
dnf-td 1259 | 440 | 313} 9317 || ~ 218 | 2669 [ 1510 | 280K

lem 13.86 | 145 | 171 | 292 026 | 145 | 171 292
hef 27.54 34| 148 1644 | 0.31 34| 148 | 1644

Table 8.3: Effects of the Subsumption Modification

the cardinalities of the distinct sets that appear in this list. These results
show that bottom-up constraints are substantially easier to solve than top-
down left-to-right constraints. This general relationship holds because, by
their nature, top-down constraints are more complicated and more accurate
than the bottom-up constraints. The subsumption approximation part of
the algorithm accounts for the majority of execution time. The lcm and hcf

examples show extreme behavior. In the case of lcm, the output for & is
X = a U f143(X), and for hef the output is X = a U f3(X).

The driving example used during the development of this implementation
was the top-down left-to-right constraints for the dnf program. A number
of features of this program lead to top-down constraints that are unusually
expensive to solve. In particular, it was this program that motivated the
subsumption approximation part of the implementation. Table 8.5 illus-
trates the effects of the subsumption component of the algorithm on all of
the example constraints. For the analysis of nrev, and for the lcm and hcf
constraints, there is little redundancy and the subsumption component is
expensive and provides no direct benefit. However for the more substantial
dnf program, it is clearly of benefit, and in the case of top-down analysis, it
is crucial. Specifically, in this case the difference in time is nearly a factor
of 20, and for one measure of memory usage (the number of entries in the
central hash table of the implementation), the difference is a factor of 30.
(In fact the measurements for this entry in the table had to be made on a
64MB DECstation 5000, and then converted to equivalent Sparc 14 times).

Table 8.5 illustrates the dynamic behavior of the algorithm by giving
cumulative measures of the consumption of resources during execution of
the top-down dnf constraints. One “iteration” corresponds to an exhaustive
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Iterations
1] 231456 787129
[ %time| 2| 8| 18|31 (47 61| 81] 91| 100
T% Neqns | 19 | 24 | 40 | 67 | 85 | 96 | 100 | 100 | 100
Y% model | 23 | 43 | 58 | 68 | 78 | 86 | 93 | 100 | 100

Table 8.4: Cumulative Consumption of Resources During Execution.

application of the projector transformation followed by a recomputation of
each intersector. The measure of the amount of the least model computed
at each stage is obtained as follows. Let maz_con(X’)|fina: denote the value
of the set maz_con(X’) on termination of the algorithm. Let §(X’) denote
the proportion of the elements in maz_con(X')|finai that currently appear
in con(X), and this represents a pessimistic estimate of the proportion of X’
that has been currently computed. Finally, the measure of the amount of
the least model computed is just the average of §(X’) over all variables X
currently appearing in the equations. The behavior of this measure indicates
that the model grows quickly in the early stages, and that most of the time
is spent obtaining the last few components of the model. This supports
the notion that during most of the execution of the algorithm, maz_con(X)
provides a fairly good approximation to the least model for the purposes of
obtaining subsumption relationships.

To illustrate the effects of the minimal dnf expansions component of in-
tersector simplification, we again use the top-down dnf constraints. When
applied to these constraints, the implementation constructs 1270 intersec-
tions. In comparison, a simple expansion of these formulas would have led
to 1921 intersections. Although this only represents a direct saving of 649
intersections, or about a third, the indirect savings, in terms of intersection
variables that do not need to be introduced, is more significant.

In summary then, we have worked with a moderate sized program (dnf)
that exhibits properties that are problematic for analysis, such as substantial
mutual recursion and intersection. Very significant progress has been made
and this example can now be analyzed within a reasonable time and space
bound. While this provides strong evidence that set based analysis can be
made practical, much work remains. Qur experience suggests that a number
of components of the algorithm can be further improved. Currently the
major expense is the subsumption algorithm, and one reason for this is that
it is not by nature incremental. We are investigating ways of overcoming
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this, including trading some of its effectiveness for the ability to reuse results
from previous iterations. Another avenue for improvement lies in the use of
specialized hashing techniques.

Thus far we have focussed extensively on efficiency aspects of the anal-
ysis. However we have now reached a stage where moderate sized programs
can be analyzed. We therefore plan to use this implementation to investigate
set based analysis, with particular emphasis on the quality of the informa-
tion obtained! and its relevance to compilation. Practical program analysis
must also deal with operations such as call, assert and retract. Preliminary
work suggests that it may be possible to directly modeled these operations
in a set constraint framework.

We conclude with a discussion of related work. Most of the work on
implementation of analysis for logic programs is based on abstract interpre-
tation and the algorithms used are fundamentally different from those for
solving set constraints. Our work is more closely connected to work on types
for logic programs in which types are defined by ignoring inter-variable or
inter-argument dependencies. Implementations have been reported in [55]
and [68], but the former does not focus on practical issues, and the latter is
not directly comparable to our work since it deals with type checking rather
than type inference. The most closely related work to ours is [4], which
describes an implementation of type inference for the functional language
FL. In very general terms their observations about the complexity of the
intersection operation are similar to ours. However, the two algorithms are
completely different in nature. In particular their algorithm does not include
the projection operation, and this appears to substantially alter the tradeoffs
and design decisions that are made. Furthermore, our implementation has
been specifically designed to deal with constraints where there is substantial
mutual dependency between variables. Such constraints are typical in the
constraints generated for the top-down analysis of logic programs.

1As an example of the output of the algorithm, the top-down analysis of the dnf program
constructs the following set A’ to describe the set of terms that are the result of putting an
arbitrary input formula into dnf: X = or(X, &) U and(X, X) U not(C) where C describes the set
of propositional constants.




Part I11

Extensions and Future Work

The developments of Parts I and II have focussed on approximat-
ing the run-time values of program variables in imperative and logic
programs. The main reason for this focus was to provide a concrete
setting for the formalization of set based analysis. However, the un-
derlying ideas of set based analysis are by no means restricted to this
kind of analysis. We now show how they can be extended to capture
information other than variable values, reason about inter-variable
dependencies, and analyze functional languages. The style of pre-
sentation for this part shall emphasize examples and intuition rather
than formal details.

We begin by outlining how set constraints may be used for com-
puting program properties such as modes (in logic programming)
and structure sharing. We then address the issue of inter-variable
dependencies. It is clear that many kinds of analysis benefit from
information about inter-variable dependencies, and in this respect
set based analysis is deficient. We therefore develop an approach
to program analysis that combines the accuracy of reasoning about
program structures inherent in set based analysis, with the ability of
abstract interpretation to reason about inter-variable dependencies.
This is carried out in the context of logic programs, and leads to a hy-
brid logic program analysis engine that is more accurate than either
abstract interpretation or set constraints. We conclude by outlining
how set based analysis may be applied to functional languages. We
focus on Standard ML, and illustrate connections with type systems,
particularly those based on simple subtypes.

279




Chapter 9

Modes and Structure
Sharing

The core part of this thesis focuses on the possible run-time values of pro-
gram variable. However, the basic process of constructing set constraints
from a program and then solving these set constraints preserves numerous
structural properties of a program. It is therefore possible, with only minor
modifications to the set constraint algorithm, to compute approximations to
a variety of other program properties. We illustrate this with two kinds of
analysis. First, we outline the computation of instantiation levels of variables
during execution of a logic program (mode analysis). Second, we describe
the use of set based analysis to obtain information about the sharing of
structures between program variables. This chapter provides only an infor-
mal description of what is involved for these two extensions. Its purpose is
to demonstrate that the techniques of set based analysis are not tied to a
specific kind of analysis, just as they are not tied to a specific operational
model.

281
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Xl = 7T
x? = P(-ﬁ(Retp)
X% = p)(Rety) Ngg)(Ret,)
3. «p(X)!, ¢(X)2 W = fo(pp)(Cally))
4 p(f(5,Y)). 25 = f5)(pn)(Cally))
5. 4(f(Z,¢)). Call, = p(X1)
Call, = p(X?)
Ret, = p(f(b,)%)

Call, = ¢(f(2°¢))
Figure 9.1: Mode Analysis Example

9.1 Mode Analysis

Mode analysis involves determining information about the instantiation of
variables during the execution of a program. For example, at some point
during program execution, a variable X could be uninstantiated (the values
of X are not constrained), instantiated to some fixed value (there is only
one possible value for X), or else partially determined (some of the structure
of X is fixed, but the value of X is not uniquely determined). In the first
case X is said to be free, in the second case X is said to be ground, and in
the third case X is said to be partially instantiated. Consider the (labeled)
program in Figure 9.1, and suppose that the goal « p(X), g(X) is executed
in a left-to-right manner. When p(X) is selected from the goal, X is free.
When ¢(X) is selected, X is partially instantiated. Finally, when the goal
has completed execution, X is ground. Note how the instantiation of X
changes as the goal executes.

To illustrate the use of set constraints to compute mode information,
we shall focus on groundness information. That is, we shall seek to infer
when a program variable is ground. Throughout this chapter, we shall
use set constraints of the form X} = se;,..., &, = se, where X;,..., A,
are distinct set variables, and each se; is constructed from union, function
symbols, set variables and the intersection and projection operators. Recall
that in Chapter 8 we outlined how such constraints could be obtained from a
program (see Section 8.1, page 259). Such constraints are more compact but
slightly less accurate than SCp. Consider the program and its constraints
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shown in Figure 9.1. The output of the set constraint algorithm on these
constraints is:

X' o T

X2 2 f(b,)%)

X3 D f(b,e)

»Z»or

2527

Now, if we interpret T as the set of all terms (not just ground terms), then
the least model of the above constraints is

X' = {all terms}

X2 - {f(b,s): sis an arbitrary term}

= {f(b,c)}
Yt — {all terms}
Z5 +— {all terms}

and this correctly describes information about the groundness of X during
program execution. This process can be formalized by re-interpreting set
constraints so that they map into arbitrary sets of terms, rather than sets
of ground terms. The details are considerable and are beyond the scope of
the thesis. We instead give some intuition and some further examples.

The underlying reason why set constraints can be used to obtain mode
information is that they correspond closely to the operational behavior of a
program. Broadly speaking, union is used to model rule choices, projections
are used to model the matching of one atom against another, intersection is
used to model unification, and top corresponds to an uninstantiated variable.
Moreover, the set constraint algorithm preserves this correspondence. In
particular, the simplification of the intersection operator (conservatively)
models the behavior of intersection. For example, the set expression f(b)NT
is essentially simplified into f(b), corresponding to the unification of f(b)
with an uninstantiated variable. Note that during the algorithm T cannot
be (safely) interpreted as an uninstantiated variable. Instead it must be
interpreted as an unknown structure. This is essentially because aliasing
effects are ignored.

Consider the append program in Figure 9.2. When such a program is
analyzed, we typically wish to infer properties such as: what are the possible
“modes” of calls to append, given that it is called with first and second
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Figure 9.2: The Append Program and Its Top-Down Cnnstraints
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arguments ground. To express this compactly, it is convenient to introduce
a new constant x to denote the set of ground terms. That is, T denotes all
terms and * denotes just ground terms. Corresponding to this new constant,
we have some new simplification rules:

f(:)l(*)=*
*NT =x%
*0 f(815...580) = (*xN 81,...,%xN 8,)

Note that x Nt cannot just be simplified into ¢ since £ may contain non-
ground terms, but x N ¢ is always ground. For example, xN f(T) is not the
same as f(T).

The implementation described in Chapter 8 has been extended to pro-
vide mode information using the methods just outlined. Although it adds a
number of special cases, particular during the computation of intersectors,
the overhead of these modifications appears to be negligible. In fact a num-
ber of the benchmarks used in Chapter 8 employ an initial goal involving *
and T. For example, the top-down benchmarks involving the naive reverse
program, the imperative language interpreter and the dnf program used the
initial goals «—nrev(x, T), «eval(x, T) and «dnf(x, T) respectively. In each
case, the modes computed are the obvious ones (for example, all calls to nrev
have first argument ground, and all calls to append have first and second
arguments ground).

To give some intuition about the accuracy of the mode information gen-
erated, consider a simple abstract interpretation algorithm that uses the ap-
proximate values any and ground and represents substitutions as mappings
from program variables into {any, ground}. The information computed by
the set constraint approach will be strictly more accurate than this simple
abstract interpretation algorithm. In particular, it will perform better on
programs involving structural information. For example, the set constraint
approach determines that after execution of the goal «—p( f(X,bd))in the first
program of Figure 9.3, X will be ground, whereas the abstract interpretation
algorithm will be unable to determine this fact.

However, the set constraint approach ignores inter-variable dependen-
cies, and these are clearly important for mode analysis. For example, in the
second program of Figure 9.3, the set constraint approach is not able to de-
termine that after execution of «—eg(X,Y),r(Y), the variable X is ground.
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—P(f(X,8)).  —eg(X,Y),r(Y). (_(5()}2’23;’)0'
P (V).
a(f(a,V)). r(a). r(f(W1,W2),W1).

Figure 9.3: Three Programs Hlustrating Accuracy of Mode Analysis

«p(X,Y).
2(Z,2) ~ ¢(2). —p(X,Y).
q(£(b)). 2(£(b), £())

Figure 9.4: Sharing of Structures Between Variables

In contrast, abstract interpretation approaches have been developed to cap-
ture information about the aliasing and sharing behavior of variables; see
(15, 27, 44, 51, 59] for example. These dependency-based approaches infer
that both X and Y are ground for this program. They are, however, rather
weak in reasoning about partially instantiated structures. For example, in
the first program, the dependency-based approaches cannot infer that X
is ground since this requires reasoning about the structure of the terms to
which U can be bound.

In summary, the set constraint approach is more accurate on some pro-
grams because of its superior ability to reason about term structure, and
the abstract interpretation approach is more accurate on some programs be-
cause of its ability to capture information about inter-variable dependencies.
Note that neither approach is able to determine that X is ground after the
execution of the goal «p(Y),r(Y,X) in the third program of Figure 9.3.
This motivates the development of hybrid approaches that incorporate set
based techniques (for reasoning about term structure) and abstract inter-
pretation techniques (for reasoning about dependencies). We shall consider
such an approach in Chapter 10.

9.2 Sharing Analysis

We now outline how set constraints can be used to obtain information about
the sharing of structures between program variables. Consider the two pro-
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grams in Figure 9.4. While the declarative semantics of both programs is
the same (the answer substitution for «p(X,Y) is [X+ f(b),Y f(b)] in
both cases), there are important differences between these programs at the
implementation level. In particular, after execution of the goal in the first
program, it is usually the case that X and Y are bound to the same “copy”
of the structure f(b). In contrast, after execution of the goal in the second
program, X and Y are typically bound to different “copies” of the structure

f(b).

Such differences become important when one considers optimizations
involving reuse of structures. To illustrate such optimizations, consider the
following rule

p(X,Y,L) « ¢(X,LX), 7(Y,LY), app(LX,LY,L).

where app denotes the standard list append predicate (which appears in
Figure 9.2). Suppose that it has already been determined that whenever this
rule is called, X and Y are both ground and do not contain any occurrences
of the list constructor cons, and L is free. Now, the rule executes by calling
g and 7, which generate lists LX and LY from the input values of X and
Y, and then combining the results. If we can determine after execution of
¢(X,LX) and (Y, LY) that LX and LY are both ground and do not share
any cons symbols, then the operation of appending LX and LY to give
L can be significantly improved by modifying the execution of app so that
the structure of LX is reused. In effect, this modified append operation
destructively updates the end of the list LX to point to the list LY.

We now show how set constraints can be adopted to compute the kind
of sharing information needed for structure reuse optimizations. The set
constraints corresponding to the two programs in Figure 9.4 are given in
Figure 9.5. After substituting the definitions of Call,, Ret, and performing
some obvious simplifications of the projection symbols, these constraints
become:

Xl=T

MN=T Xl=T
X2~ 74 yl=T
yi=124 x? = f(b)
23=T7 Y2 = f(b)

Z4=TNTN f(B)
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2. «p(X,Y). 1
4. p(2,2) — (2P z ;(;g}f()b))
5. q(£(b)). R
Xl=T
V=T
X% = pi;)(Rety) Xl=T
V? = py)(Rety) V=1
23 = p}(Cally) 0 p)(Cally) X% = py)(Retp)
24 = p;)(Cally) N pg)(Cally) N g (Retq) Y2 = piy)(Retp)
Call, = p(X1,)") Call, = p(X!,)")
Call, = ¢(23) Retp, = p(f(b), f(b))

Ret, = p(24,24)
Retq = q(£(b))

Figure 9.5: Set Constraints for Programs in Figure 9.4
Consider giving a unique label to each occurrence of a function symbol in

the set constraints constructed from a program. Using labels @, etc., the
above constraints become

Xl=T

N=T Xl=T
A= z4 N=T

¥ =zt X2 = fO(tP)
Z=TnT V2 = fO(1®)

24 =TNTN W)

Now, the definition of interpretation of set constraints can be extended to
deal with labeled constraints as follows. First define that a labeled term
is a term in which some of the function symbols are labeled. Now define
that a labeled interpretation is a mapping from set variables into labeled
terms. Such an interpretation is extended to map from labeled set expressions
into sets of labeled terms. For example Z(se; U sez) = I(se;1) U I(sez),
I(f (se)) = {si : f(s1,-..,5n) € I(se) Or f2(81,--,8n) € I(s€)} where
A ranges over labels, and Z(T) is the set of all unlabeled terms. Models
and least models are defined in the expected way. For example, in the least
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models of the above constraints, the sets for X> and ), are respectively:

X2 = {fO(1®)} X2 = {fO(b9)}
Y2 = {fO(1®)} Y2 = {fO(b9)}

Now, in the least model of the first constraints, the sets for X2 and ), contain
terms with common labels, and this indicates the possibility of sharing of
structures between these two variables. In contrast, in the least model of
the second constraints, the sets for X2 and ), do not contain terms with
common labels, and this reflects the fact that there can be no sharing of
structures between these two variables.

Note that we have defined Z(T) to be the set of all unlabeled terms.
Otherwise we could not obtain any useful information from the least model
since it would indicate possible sharing between X! and Y. Thus far we
have not considered how intersection is interpreted, and this represents the
most difficult part of the extension. Intuitively, intersection operations cor-
responds to unification operations during program execution. Now, suppose
that a variable X is bound to the term f®(s;) and consider unifying this
with f@(s;). Although this unification step may change the structure of
81, it cannot change the binding of X. That is, after unification, X is still
bound to an occurrence of f with label @). To reflect this, we first define
a partial function A for combining labeled terms such that the leftmost la-
bel is preserved. Specifically, let ¢;,...,t, be labeled terms such that, for
some function symbol f, each ¢; is either of the form fYi(t;;,...,t;,) or
f(ins--.stin). Define that ¢4 A--- Aty is FY(815...,8m) where § > 1is
the smallest index such that ¢; is of the form f*(%;1,...,t ), and each
Sk =tHrA-Atpk, k= 1l.n. If j does not exist, then ¢; A--- Aty is
f(s1,-..48m). Finally, I(se; N --- N se,) can be defined as follows:

{s1A---Asp:31 €Z(s€1),...,8m € I(sem)}.

This means that N is no longer a commutative operation, and reflects the
complexity of reasoning about implementation behavior.

Corresponding to the changes in the interpretation of labeled set con-
straints, the transformations of the set constraint algorithm are appro-
priately modified. For example, the transformation for simplifying pro-
jections ignores labels, and simplifies both X 2 f(:)l( FA(s15+++58,)) and
X2 f(:)l( f(815...,85)) into X 2 s;. The transformation for simplifying in-
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tersection preserves the leftmost label. For example, X D TN fA1(s)N f22(1)
is simplified into X 2 f(Vy) where N = N(s) UN(2).

We remark that to prove such an analysis correct, we would need to
start with a much richer notion of operational semantics than has been
used to date. In particular, we would need an operational semantics that
characterizes the construction of term structures during unification in logic
programming implementations. We also note that a number of details have
been omitted in the analysis we have just outlined. For example, consider
the following program, and its (somewhat simplified) set constraints:

Xl=1T
N=T
3. «p(X,Y), r(Y)% X2=TnwW
4. p(W,W). Y:=Tnwt
5. r(a). X3=Tnwt
P=TnW'na
W=T

Now, because of the aliasing of X to Y, there is sharing of structure between
X and Y after the execution of the goal —p(X,Y),r(Y). However this is
not directly reflected in the set constraints for the program. This issue is
addressed through the use of labels on the T constants introduced for the
two occurrences of W. More generally, extensions are needed to deal with
multiple occurrences of variables in the heads of rules.




Chapter 10

The Unfolding Engine

In order to define a simple, intuitive notion of approximation, set based anal-
ysis ignores all inter-variable dependencies. In terms of accuracy, set based
analysis offers a superior ability to reason about data structures. The disad-
vantage is a complete inability to reason about inter-variable dependencies,
and it is clear that many kinds of analysis benefit from information about
such dependencies. This motivates an investigation of ways to re-incorporate
restricted forms of inter-variable dependency into set based analysis. Since
abstract interpretation offers a limited ability to reason about inter-variable
dependencies, it is natural to consider combinations of set based analy-
sis techniques (for accurate reasoning about data structures) and abstract
interpretation (for reasoning about inter-variable dependencies). In this
chapter, we present a hybrid algorithm for analysis of logic programs that
combines these techniques in way that enhances the effectiveness of both. In
particular, we describe a parameterized algorithm, called the unfolding en-
gine, that is strictly more accurate than either abstract interpretation or set
constraint approaches. Importantly, the underlying approach of unfolding
semantic constraints can be easily adapted to other programming languages.

291
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10.1 Motivation

In Section 9.1 we discussed the use of set constraints for mode analysis.
The advantage of the set constraint approach lies in its ability to accurately
and uniformly reason about structure, and this is particular important for
reasoning about partially instantiated terms. However, the set based ap-
proach ignores all inter-variable dependencies, and such dependencies are
important for reasoning about modes. On the other hand, abstract inter-
pretation approaches to mode analysis are able to capture some information
about inter-variable dependencies, but are limited in their ability to rea-
soning about term structure. These differences are illustrated by the three
programs in Figure 9.3 on page 286. For the first of these programs, the set
constraint approach performs better than standard abstract interpretation
approaches. For the second, abstract interpretation approaches are superior.
The third program in the figure is

~p(Y), (Y, X).
p(U)—q(U).
9(f(a,V)).
r(f(W1,W2),W1).

and for this program, neither approach is able to determine that X is ground
after execution of the goal «p(Y),r(Y,X). In this chapter we describe an
approach to analysis that addresses these deficiencies and is able to deter-
mine that X is ground.

Recall that abstract interpretation approaches to analysis can be viewed
as consisting of two main components: an abstract domain and an imple-
mentation of an iterative fixed point computation. Now, the key differences
between these algorithms usually pertain to the design of the abstract do-
main and its associated algorithms. Differences between the fixed point
computations are relatively minor (often algorithms differ because ad hoc
approximations are introduced for efficiency reasons). For this reason it is
possible to speak of an idealized generic algorithm or “engine” that encom-
passes the essence of the fixed point computations.

In this chapter we develop a new engine for logic program analysis. As in-
stances of this engine, we obtain analysis algorithms that combine the ability
of set based analysis to reason about structural information with the ability
of abstract interpretation to reason about dependencies between variables.
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The new engine is based upon the use of unfold transformations. While the
standard engine iterates over fixed semantic equations, this unfolding engine
iterates over dynamically changing equations. The main result shows that
the unfolding engine is uniformly more accurate than the standard engine
in the sense that, given an abstract domain, the output of the unfolding
engine, for any program, is more accurate than that of the standard engine.
We remark that this chapter contains essentially the same material as [26).

10.2 Collecting Semantics

Most program analysis start with what is essentially a representation of
an approrimation of a program’s collecting semantics. This is essentially
obtained by starting with semantic equations that characterize the collec-
tion semantics, and then replacing exact operations in these equations by
approximate operations. The analysis then proceeds by using these approz-
imate semantic equations. In contrast, the unfolding engine starts with a
representation of the collecting semantics that is ezact, and changes the
representation during its execution.

We begin by describing the initial representation of the collecting seman-
tics. Again, the representation employs constraints rather than equations.
These constraints are similar to the environment constraints described in
Chapter 4. However the environment constraints provide a characterization
of the collecting semantics in terms of mappings from program variables to
values (ground terms), and so they are not well suitable to studying proper-
ties such as the instantiation level of variables. Moreover, the environment
constraints are based on a very abstract notion of operational model that
does not directly incorporate any notion of equation solving or unification.
Hence properties specific to the equation solving process cannot be inferred.

The new representation of collecting semantics commits to a specific op-
erational model based on unification (more generally, it would be appropriate
to employ operational models parameterized by some notion of constraint
solving). We begin by consider constraint corresponding to bottom-up ex-
ecution. Consider Figure 10.1, which contains the standard logic program
for appending two lists. Now, to construct constraints to capture the com-
puted answer substitutions obtained from executing the body of each rule
in this program, first introduce set variables ¥! and ¥2 to represent the sets
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1. app(nil, W,W).
2. app(X.Xs,Y,X.Zs)~app(Xs,Y,Zs).

Figure 10.1: Append Program

of answer substitutions for rules 1 and 2 respectively. Then construct the
following constraints:

¥ 2 {mgu0}|y

¥z D {mgu (app(Xs,Y, Zs) =|0(app(nil,W,W)) Is,) 10 € \Ill}l
S

o) {mgu (app(X.s,Y, Zs) =|0(app(X.Xa, Y,X.Zs)) 's.) :0€ \1’2} s

where §; and S; denote the sets of variables in rules 1 and 2 respectively. The
function mgu denotes the unification algorithm at hand (we shall assume a
fixed unification algorithm throughout this chapter), which maps a set of
equations to its most general unifier. If the set of equations is empty, then the
identity substitution is returned. Where S is a set of program variables, the
function |s restricts the domain of a set of substitutions to the variables S.
For example, if # maps X into b, Y into ¢ and maps all other variables Z into
Z, then {0}|(x) consists of the single substitution that maps X into b and
is the identity on all other variables. Finally, where ¢ is a term (constructed
from predicates and function symbols), |t]s denotes the renaming of the
variables in ¢ into new variables so that var(Jtjy) N S = {}.

A model of such constraints maps both ¥! and ¥? into a set of substitu-
tions, such that each constraint is satisfied. Models are ordered component-
wise, so that Model; < Model; iff Model,(¥) C Model(¥) for each variable

¥. As an example,
Vo (W o W))

Xsw nil Xsr— X'.nil Xs—- X' X"nil
Y2 YW, | YW y | YW ,
Zs—W Zs—-X'W Zs— X' .X"W

where X/, X”,... are new variables, is a model of the above constraints for
the append program. It is in fact the least such model (up to renaming of
new variables). It coincides exactly with the program’s meaning in the sense
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that the set for ¥* consists of the computed answer substitutions obtained
when the body of the i** rule is executed as a goal.

More formally, let P be a logic program and introduce variables ¥ for
each rule label in P. Recall that if a is a rule label, then var(a) denotes the
set of variables in the rule with label a. The constraints for P are defined
as follows.

Definition 19 (Bottom-up Semantic Constraints) For each rule R* €
P with body A*,...,A%", construct the constraints

Al = || 01(31) var(a)

Ve D {mgu 10, €VAI Ao AB, € U

A, =| o,.'(.é,.)

var(a) var(a)

where the §;, 1 > 1, range over rule labels such that B,p‘ is a head atom in
P and A; and B; are compatible. []

Before providing more examples, we first introduce an abbreviation for the
right hand sides of these constraints. Specifically, we shall abbreviate ex-

pressions of the form
0; € Ybi
{mgu(-‘h = I ol(tl) lvar(a)’ s = I aﬂ(tn) var(a)) : : =e 1..n }
by ([31 = t]g, yeoosSn = t"]f’n)a' Such an expression is called a cluster.
For example, the constraints for the append program (Figure 10.1) can be

written as follows. Note that the right hand side of the first constraint is an
empty cluster.

' 2 (n
¥2 D ([app(Xs,Y,Zs) = app(nil,W,W)),),

¥? 2 ([app(Xs,Y,Zs) = app(X.Xs,Y, X.Z3)),),

var(a)

In general, expressions such as [s =], contained in clusters are called
groups, and the individual equations contained in groups are called group
equations. (Note that group equations are not pure equations; thus [s = t],
is different from [t = s],.) The subscript a indicates the rule a, and is called
the dependency of the group.
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L p(f(X))=p(X),q(X),7(Y).
2. p(b).
3. (W)
4. r(c).
v 2 ([p(X) = pS(XD)» [o(X) = oWy, [1(¥) = (el ),
2 ([pX)=p(b));s [a(X) = g(W)s, [F(Y) = (), ),
¥: 2 (),
¥ 2 ()
¥ 2 (),

Figure 10.2: Example Clusters Containing More Than One Group

Figure 10.2 contains another program and its semantic constraints, il-
lustrating clusters that contain more than one group.

In the least model, ¥' is {(X = b,Y = ¢), (X = f(B),Y = ¢), (X =
J(f(0)),Y —¢),...}.

We conclude by describing the semantic constraints for top-down left-to-
right execution. Again, let P be a logic program and introduce variables ¥
for each label a in P. Recall that if « is a rule label, then var{(a) denotes
the set of variables in the rule with label a, and if a is a body atom label,
then var(a) denotes the set of variables in the rule that contains the body
atom with label a. Also recall that goals are treated as rules without heads.
Using the abbreviated notation for clusters, the top-down constraints for P
can be defined as follows.
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Definition 20 (Top-Down Semantic Constraints) For each rule R* €
P with body A%,...,A%" and head Aq (if it ezists), ECp contains the con-
straints

¥ 2 ([Ao € Bola,),
ver D ([Ao € Bola,[41 € Bilg,)
(

[Ao € Bolg,,[A1 € Bl]ﬁn y[An-1 € Bn—l]ﬁ,._;)a
([Ao € Bolg,,[A1 € Bi)g,,--.,[An € Bn]ﬁ,.)a

U -ee

g
Wd

v

where By ranges over body atom labels such that Bg’ is a body atom in P
and Ag and By are compatible, and the B3;, i > 1, range over rule labels such
that B,-ﬁ‘ is a head atom in P and A; and B; are compatible. []

If the rule R is a goal, then Ay does not exist, and the group [Ag € Bo)g, is
simply deleted from each expression. Figure 10.3 illustrates the construction
of the top-down constraints using the append program.

Consider the third rule of the program. Recalling the notation for pro-
gram points, point 4 denotes the point just before app(Xs,Y, Zs) is called,
and point 5 denotes the point after the body of the third rule has com-
pleted execution. There are six constraints corresponding to this rule. Two
of them define the set of substitutions encountered at point 4 (and corre-
spond the possibility that this rule can be called from two places in the
program), and four of them define the set of substitutions at point 5 (and
correspond to the four combinations of possible calls to this rule and re-
turns from app(Xs,Y,Zs)). Note that, strictly speaking, the second and
fourth constraints in this collection are omitted because app(nil, W,W) and
app(b.nil, c.nil,V') are not compatible.

10.3 Unfolding Semantic Equations

A key idea behind our engine is the substitution of one cluster into an-
other. Such a substitution step may generate a new cluster. The engine is
essentially an exhaustive application of this step. We now elaborate.
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2. «app(b.nil,c.nil,V)!
3. app(nil, W,W).
5. app(X.Xs,Y,X.Zs)—app(Xs,Y,Zs)*.

‘I’l

W

(O

( [app(b.nil, c.nil, V) = app(nil, W,W)]3)2

( [app(b.nil, c.nil,V) = app(X.Xs,Y, X .Zs)]5)2

([app(nil,W,W) = app(b.nil, c.m’l,V)]l)3

( [app(nil, W,W) = app(Xs,Y, 2 s)]4)3
[app(X.Xs,Y, X.Z3) = app(b.nil,c.nil, V)]1)3

\1,2

V)

\1,2

v

‘1,3

|V

\1,3

w

\1,4

1V}

\I,d

|V

[app(X.Xs,Y, X.Zs) = app(Xs,Y, Zs)]4) s

(app(X.Xs,Y,X.Zs) = app(b.nil,c.nil,V)),
l[app(Xs,Y, Zs) = app(nil, W, W), 3

(
(
¥ > ([app(X.Xs,Y,X.Zs):app(b.m’l,c.nil,V)]l)
3

18]

[app(Xs,Y,Z3) = app(X.Xs,Y,X.Zs)]s

[app(X.X3,Y,X.Z3) = app(Xs,Y, Zs)),
[app(X39 Y, Zs) = app(m'l, I'V, W)]s 3

¥ D ( [app(X.Xs, Y,X.Zs) = app(Xs,Y, Z")]4 )
3

‘I,s

[app(Xs,Y,Zs) = app(X.Xs,Y,X.Z3))s

Figure 10.3: Top-Down Semantics Constraints for Append




10.3. UNFOLDING SEMANTIC EQUATIONS 299

Consider a group G whose dependency a is a fact, that is, the rule with
label o has no body. Since the equation for rule a is of the form ¥* 2 (),
any model of the semantic constraints must map ¥ to the singleton set
consisting of the identity substitution. Hence G has a fixed interpretation in
any model, and can be thought of as representing a fixed set of substitutions.
Call such groups G terminal. A group is in substitution form if the left hand
side of each equation therein is a variable; a cluster is in substitution form
if each of its groups is in substitution form.

We illustrate informally how such clusters are used as substitutions by
returning to the bottom-up constraints for the append program (Figure
10.1). By rewriting equations such as p(s;,...,5,) = p(t1,...,2;) into 53 =
t1,...,8n = l,, these constraints may be simplified as follows.

¥ > (K

[ Xs = nil | )
vz D Y = W

| Zs = w ‘)2

[ Xs = X.Xs ]
¥ D Y =Y

i Zs = X.Zs 1./,

Denote the two clusters in the constraints for ¥2 by ¢l; and cl, respec-
tively. cly contains a terminal group G, that represents the substitution
[Xs—nil, YW, Zs—»W). cl, contains a group G, that is non-terminal.
By substituting cl; into ¢ly, we obtain the new cluster:

Xs = X.mnil
Y =W (10.40)
Zs = X.W v

and this can be used to construct a new constraint for ¥2:

Xs = Xunil
¥? D Y = W (10.41)
Zs = XW

1/ 2

The correctness of a substitution step follows from the fact that it is essen-
tially an “unfolding” operation using the definition of Xs, Y, and Zs. That
is, the new expression (10.40) is subsumed by cl; in the following sense:
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in all models Z of the original constraints, Z((10.40)) C Z(clz). Hence the
addition of the constraint (10.41) does not change the least model of the
constraints.

However, the new equation is more explicit in the sense that it displays
more elements of the set ¥? (as terminal groups). Clearly the process of
unfolding of constraints can be repeated indefinitely to obtain new clusters
([Xs = X.X'nil,Y =W,Zs = X.X''W),),, ..., etc. Note that each such
cluster represents an answer substitution for the body of the second rule
of the append program. To obtain a terminating analysis algorithm, this
process of adding new clusters must be curtailed by using a notion of ap-
proximation. Consider approximating the new groups constructed during
the substitution step. Each such group is terminal and hence defines a fixed
set of substitutions. Hence any traditional means for approximating sub-
stitution sets can be employed (see, for example, [36]). We present one
formalization as follows.

Definition 21 An abstract domain D is a set of abstract formulas together
with (a) an abstraction function ABs that maps a set of variables and a set
of substitutions into an abstract formula, and (b) a concretization function
CONC that maps an abstract formula into a set of substitutions such that
CONC(ABS(S,0)) 2 © for all © and finite sets S of variables. (Typi-
cally, some further algebraic conditions are specified, but these will not
concern us here.) The definition of ABS and CONC induces a notion of
abstract unification!

D-unify($,,t,.4) & as(S, {mgu(s = [8(t)luar(s) : 8 € coNC(A)})

where s and t are terms, S is a set of program variables and A€ D. []

As an example, consider the propositional formula domain used by Mar-
riot and Sondergaard to capture relationships between groundness of vari-
ables [44). Specifically, let Dpyop conmsist of all propositional formulas over
program variables. For example, X, X AY, X VY, X <= Y are three
formulas in Dp,,p. In essence, each formula A denotes the set of substitu-
tions that satisfies A. If A is a variable, say X, then @ satisfies A if 8(X) is

1For pragmatic reasons, some analysis algorithms do not implement D-unify exactly, but in-
stead use a conservative approximation.
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a ground term. The definition of satisfies is extended to non-variable formu-
las using the interpretation of the propositional connectives. For example,
the proposition X VY is true in 6 if @ grounds either X or Y. Similarly
X AY is true if 8 grounds both X and Y, and X <= Y is true if @ either
grounds both X and Y or grounds neither of them. CONC and ABs can now
be defined as follows:

CONC(A) df {0 : 8 satisfies A}

ABs(S, 0) def ( the strongest proposition A such that )

var(A) C S and A is true for all 6 € ©

For instance, mgu(X = f(a,Y)) can be approximated with respect to vari-
ables {X,Y} by the formula X <= Y; similarly mgu(Xs = X.nil,Y =
W, Zs = X.W) with respect to {Xs,Y, Zs} can be approximated by (Xs A
Y < Zs).

Returning to the bottom-up semantic constraints for append, we recall
that the unfolding process may generate an unbounded number of new clus-
ters. This can be curtailed using the abstract domain D,,,, in a straightfor-
ward way: approximate any new groups G constructed during the unfolding
step using ABS. Hence, instead of producing the constraint (10.41), the first
unfolding step now produces the constraint

2 ([ XsAY <= Zs ]1)2

Note, however, that this approximation of the unfolding step loses a
significant amount of structural information. In fact, when a group G, is
substituted ints a group G,, the resulting cluster loses all information about
these two groups except for that contained in the D-approximation. A
key observation of this paper is that the group G, can in fact be retained.
Specifically, we define that the substitution of G; into G, which originally
yielded a single group [Xs A Y <= Zs], now yields two groups:

Xs = X.Xs ®
[XsAY(=>Zs]l and Y =Y
Zs = X.Zs

2

In other words, the group G, remains after the substitution, and is marked as
a residual group (indicated with the superscript with ®). It is these residual
groups that provide our engine with the ability to reason about structures.
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10.4 The Engine

We begin with some definitions. We write 3 to denote a sequence of terms
S1y.+.,8y. Similarly, if 5 denotes s;,..., s, and £ denotes t;,...,t,, we write
5 = t to denote the sequence of equations s; = ¢;,...,5, = t,. An ezact
group is of the form [s; = #;,...,8, = t;]o Where the s; and ¢; are program
terms (constructed from function and predicate symbols and program vari-
ables). We shall frequently write exact groups using the sequence notation
as [§ = f],. An exact group is terminal if the rule with label a is a fact.
Some exact groups may be marked residual during execution of the engine.
An approzimate group is defined with respect to a given abstract domain
D; it is simply of the form [A], where A € D. A group is an exact or ap-
proximate group. A cluster is of the form (Gi,...,G,)o Where each G; is a
group. In the previous section, semantic constraints were constructed from
a program, and these form the starting point of the unfolding engine. At
all times, corresponding to each rule R®, there is a collection of constraints
of the form ¥* D ¢l where cl is a cluster and ¥? is the distinguished set
variable corresponding to rule label a.

Let G be the exact group [3 = i']o,. G is in substitution form if 3 is
a sequence of variables. Now, suppose that G is in substitution form and
let X3,...,Xm be a listing of the variables in var(3). Now define subs(G)
to be the set of all substitutions of the form [Xi+— uy,...,Xm—un] such
that X; = u; appears in G, ¢ = 1.m. In essence, subs(G) consists of all
substitutions defined by taking subsets of the equations in G such that each
subset contains exactly one equation for each variable X;, i = 1.m. A
cluster is in substitution form if each group therein is either an approximate
group, or a terminal group in substitution form, or is marked as a residual
group. An exact group can be made into substitution form by deleting
certain equations:

€, ¥ [X=t:X=teGand X is a variable ] .
This operator will be used exclusively in the construction of residual groups.

The basic operation of the unfolding engine is the notion of substituting
a cluster in substitution form into a group. What results is a new cluster.
First define the composition of an exact group with an approximate group
as follows:
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F=flac[Als & [D-unif(S,5,,A)

where S denotes var(s,,...,s,), and D-unify(S, 3, t,.A) denotes the exten-
sion of D-unify to sequences:

D-unify(S, 3, t,A) 4! aBs (S, {mgu (5 = II (%) Im(;)) 10 ¢ conc(A)}).

Here |o(i)|,,,,,(;, renames the sequence #(f) so that it has no variables in
common with var(3).

Similarly, the composition of an exact group with ar exact group in
substitution form can be defined:

[S]ao[)‘z:il]p & [3=w: (3=t)€£a'ndoesubs()?:Ia"S)]p

where S denotes the variables in the right hand sides of the equations in £,
that is § = Us=r)ee var(t). Intuitively, the renaming operation }ilsin this
definition is required because there is a renaming operation implicit in the
interpretation of both of the exact groups [£], and [X = &g, but there is
only one such operation in the resulting group. In particular, without this
renaming, [X = f(W,Y)]o[Y = W], would incorrectly yield [X = f(W,W)].

We also define an approximate notion of the composition of an exact
group with an exact group in substitution form. Specifically, where [£,]q is
an exact group and [€;)g is an exact group in substitution form, define that
the approzimate composition [£1]s o [£2]s consist of two groups. The first
group is simply the D-approximation of [£1]a © [£2)p:

[aBS (S, mgu ([£1]a 0 [£2]5))]5

where & is § = £ and § is var(3). The second group is a subset of [£1], ©
[€2]p selected by the function select. Specifically, if £ is X = i, then
select ([€1]a, [€2)p) is defined to be

(s=1t) €& and 8 € subs ()-( = |ﬁ|s)

and either ¢ is a variable or |t6] = |¢| p

s=10:

where § denotes the variables in the right hand sides of the equations in &,
and |t| is the number of symbols in the term ¢. Intuitively, select chooses
equations from [£;]4 0 [£3]p in such a way that the size of any term therein
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does not exceed the size of the terms in the original equations [£;], and [£3]g.
For example, if [£;), and [£;)p are [X = W1, Y = f(W),Z = f(W2)], and
(W) = g(a),W; = V)g respectively, then [£1]q o [E2]g is [X = g(a),Y =
f(9(a)),Z = f(V))g. However select([€1]a,[€2)p) Will contain the first and
third equations, but not the second because f(g(a)) is too big. As we see
later, it is possible to consider other definitions of select.

We are now in a position to define the main step of our engine.
Definition 22 (Unfolding Step) Let cl, be a cluster containing a non-
terminal group G. Let cl; be a cluster in substitution form. Construct a new
cluster by replacing G in cly by all of the following groups:

o G, and this group is marked as residual;

o G o [A], for all approzimate groups [A] € cl3, and

¢ G o|€la, for all ezact groups [€], € cl.

We say that this new cluster is the result of substituting cl; into c/; at G.

0

For example, let ¢l; and cl; be the following two clusters (where, for sim-
plicity, we have omitted the subscripts on clusters and groups):

([x=1m]) §§f“
[v=v]

The substitution of ¢l; into ¢l at the group [X = f(Y)], using the abstract
domain Dy, ,p, results in the following cluster:

([x=51)]° )
[ x =) ]
[x ]
[x=5)]

\ [true] )
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The first group [X = f(Y)] in this cluster is residual. The second group
[X = f(U)] is obtained from select([X = f(Y)]o[Y = U,Y = ¢g(b),Z = ¢]).
(Note that the equation X = f(g(b)) is omitted by select.) The third
group [X] is approximate, and is obtained from aBs({X}, mgu([X = f(Y)]o
[Y = U,Y = g(b),Z = c])). It contains the proposition that X is ground.
The fourth group [X = f(V)] is obtained from select([X = f(Y)]o[Y =
V]). Finally, the fifth group [true] is approximate and is obtained from
ABS({X}, mgu([X = f(¥)]o[¥ = V])).

We now define how unfolding steps are applied to a collection of semantic
constraints. Let C be a collection of semantic constraints and consider the
following transformation step.

Transformation 19 (Unfolding) IfC contains the constraints ¥* 2 cl;
and WP D ¢l such that cl, contains a group [€]p and cl; is in substitution
form, then let cl be the result of substituting clz into cly at the group [£],,
and construct the constraint ¥ D cl3. If this constraint does not appear in
C, then the unfolding step is said to be effective, and the constraint is added
toC.

The complete engine is presented in figure 10.4. It is essentially an ex-
haustive application of the unfolding step just defined. Note that before an
unfolding step is performed, it is necessary to perform some basic simplifi-
cation steps. These straightforward simplifications? are:

e replace a group equation of the form f(si,...,8,) = f(¢1,...,%2) by
31 = tl,-..,sn - tn;

e replace any group of the form [s; = t,...,8, = t,), Where one of
the equations is of the form f(u,...,ur) = W and W is a head-
only variable, by [s; = t49,...,s, = t,0] where 6 is the substitution
(W f(Wh,...,W,)] and the variables Wy, ..., W, are new variables.
(Intuitively, a group such as [f(X) = W,Y = W] does define a substi-
tution, but is not in substitution form. This simplification step reme-
dies the problem by transforming it into [f(X) = f(W1),Y = f(W})],
which in turn can be simplified into [X = W1,Y = f(W1)].)

2We also observe that we can effectively ignore any constraint of the form X D ¢l such that ¢

contains either (a) a group equation of the form £(3) = g(£), f # g. or (b) two group equations of
the fom X = f(3) and X = g(3), f # 9.
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input an arbitrary program P;

obtain the semantic constraints associated with P;

repeat
exhaustively apply the basic simplification steps;
apply an effective unfolding step if possible;

until the constraints do not change;

delete all residual groups®;

output all constraints involving substitution form clusters;

Figure 10.4: The Unfolding Engine

(a)
1 [f(X) = U]2
v2 ([X =g(W1,W2), Y = Wl]:;)1

), qxy). P2 (0 =gewal);

1.

2. p(U)‘-T(U). )Iﬂg [U=f(V)] (o)
3. q(g(W1,W2),W1). oo (() 5)2
4. r(g(c,W3)). o 3

5 r(f(V))er(V). ¥4 2 ()4

¥ 2 (V= o(c, W3)ly),
v (V= 5V)s)y

Figure 10.5: Example to Illustrate Execution of Unfolding Engine

When no more effective unfolding steps can be performed, all clusters in
substitution form are output after first deleting any residual groups. Such
clusters represent fixed sets of substitutions because the groups they contain
are independent of the values given to the ¥* variables. The important point
here is that the output is an ezplicit representation of a set of substitutions
for each variable ¥2. A post-processing phase may then be applied to extract
the specific information sought.

Consider the program and its (simplified) semantic constraints shown
in Figure 10.5. The labels (a), (b), ... are used to identify clusters in the

3These groups in fact do contain some structural information. We address the issue of extract-
ing this information in the next section. For now, we shall simply ignore them.
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following discussion. Two of the clusters in the constraints are in substi-
tution form, namely (b) and (d). Using these clusters, the following three
unfolding steps can be performed: cluster (b) can be substituted into (a)
and cluster (d) can be substituted into (c) and (e). These three unfolding
steps respectively result in the following new constraints.

g ( [£(X) = g(c, W3k )"’
[X = g(W1,W2), Y = W15 )

([U = f(vn?) )

[true]4 2

([V = f(vn?) ®

[true]s s

v

\1,2

9]

\1’5

v

In the first of these unfolding steps, there is no residual group in (f) because
[€] = [] when [€] = [f(X) = U]. The new constraint involving (f) is vacuous
because it contains the conflicting group equation f(X) = g(c, W3).

Next, clusters (g) and (k) can be used in unfolding steps. We omit
the details for (k) since these steps do not lead to any new constraints.
Substituting (g) into (a) yields the constraint

( [F(X) = f(V)s )“"

| 2 [true),

(X =g(W1,W2), Y =W1]3
which is subsequently simplified into
X =V]s )]
‘I’l 2 [tWC]g
[X =g(W1,W2), Y =W}

Now, there are two possible substitutions into this new cluster: (d) into
(7) and (h) into (7). These two substitution steps respectively yield




308 CHAPTER 10. THE UNFOLDING ENGINE

( X =v® \*
[X =[g(c’]W3)]4

truel,
L [X = g(W1,W2), Y = W15 )

( [x =v® \¢
e 5 [X = f(V)ls

[true]q
\ [X = g(W1,W2), Y =W1); )

\I’l

18

The second constraint is vacuous because it contains the conflicting equa-
tions X = f(V) and X = g(W1,W2). At this point the engine termi-
nates, and outputs the constraints involving the following clusters: (b),
(d), (9), (h), and (k). The only output constraint for ¥! is that involv-
ing cluster (k). This cluster represents the fixed collection of substitutions
given by mgu(X = g(c,W3),X = g(W1,W2),Y = W1) conjoined with
true. This in turn can be simplified and projected onto {X,Y} to obtain
{(X+g(c,t),Ye) : tis any term} from which we can deduce that Y is
ground.

To see the need for residual groups in the above example, consider re-
moving the residual group in (g). Then the group [f(X) = f(V)]s would
not be in (7), and this implies that the group [X = V]s would not be in (),
and this implies that the group [X = g(¢, W3)]4 would not be in (k). Hence
it cannot be inferred that Y is ground.

One could raise the question as to why the group in (c), which gave rise
to the residual group in (g), could not itself be used for substitution into
(). (That is, consider substituting (c) into (a).) Allowing this implies that
groups that are neither terminal nor residual are allowed to be substituted
into other clusters. Hence many more unfolding steps are permitted in
general. Moreover, this results in substantial loss of information. To see
this, consider the program and (simplified) semantics constraints in Figure
10.6. The engine dictates that cluster (o) is first substituted into cluster (n)
to obtain the constraint:

o > ( X1 = £(¥i), X2 = SR )"’
- [X\ = th g

Cluster (p) is then substituted into cluster (m) to obtain (after simplifica-




10.4. THE ENGINE 309

; = fx) ] \™
(U, £(U)) e a"”‘“"z]z),
1. —p Uh U2 . A _ (n)
2. p(f(X1),X2) « ¢(X1,X,). ¥* 2 ( 2:%)}3])
3. a(f(hh), f(Y2)) « r(N1,Y3). 3 (t)
4. r(f(X), f(X)). ¥ > ( Y = f(W) )
- \l=5W)],/,
¥ 2 (O

Figure 10.6: Example Illustrating the Order of the Unfolding Steps

tion):

¥ D

[U:=Y3)s
[Uh <= Ua)en

( [th = £(X)® )"”

1
Finally, cluster (o) is substituted into (m) to obtain the constraint

( [t = FX)P )(q)

¥ D

(U2 = f(W)l

[U1 = Uz]; 1

The engine then terminates and outputs the constraints involving clusters
in substitution form. Now, the only constraint output for ¥! is the last
constraint added involving cluster (¢). Hence, we may conclude that U, is
ground iff U, is ground.

Now, suppose that we allow the substitution of cluster (n) into (m),
obtaining ¥! 2 ([U1 = f(X1)I®, [U; = Y], [true]), and then using (o)
to substitute into this, we obtain ¥! 2 ([U; = f(X1)I®, [U: = V2|9,
[Uz = f(W)), [true]). Since the cluster in this constraint is in substitution
form, it is output. Clearly it forbids the inference that U, is ground iff
U, is ground. Intuitively, the problem here was that the substitution of
(n) into (m) was performed before the information from (o) was used; this
information could not be recovered later.

In order to prove correctness of the engine, it is necessary to first define
the meaning of semantic constraints used by the engine. While the meaning
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of initial semantic constraints obtained from a program has already been
outlined (see Definition 19), we now have to define the meaning of the clus-
ters constructed by the algorithm, and in particular, deal with approximate

groups.

If 6, and 0, are substitutions, then let 8, o 8;, the composition of §;, and
61, be the substitution that maps X into 6;(82(X)) for all program variables
X. Also, write 6; < 8, if there exists a substitution @ such that 6, = 8 06,.
Now, let mgi be a function that maps a sequence of substitutions 6,,...,0,
into a most general instance of the substituticns 8;, if one exists. That is,
0; < mgi(6y,...,0,), t = l..n, and for any other substitution 8, if §; < 0,
¢ = l..n then mgi(6,,...,0,) < 0. For example, mgi([X f(W),Y—a],
[X— f(b)]) is [X+ f(b), Y—a)] (or some renaming thereof). Next, define a
function join that essentially maps a set § of variables and a sequence of
substitutions 6,,...,0, into mgi(6y,...,0,)|s after first renaming the vari-
ables in the domains of 8;,...,0, to avoid variable conflicts. More formally,
define join(S,6,,...,0,) by first picking a sequence of renamings 6;,...,6;
such that the sets of variables Jx¢s var(8i(8:(X))), ¢ = 1..n, are disjoint.
Then define join(S,0y,...,0,) to be mgi(8] 06,,...,6, 00,)|s. For example,
join(8, (X (a), Y= W], [ X W]) is equivalent to mgi([X~ f(a), Y ~Wh},
[X—W3])|s where W, and W3 are new variables. Finally, extend the join
function to apply over sets: joins(©:,...,60,) def {joins(6,,...,0,) : 6; €
0;,i = 1..n}.

An interpretation I of a collection of semantic constraints is a mapping
from each variable ¥* into a set of substitutions, denoted Z(¥*). Such a
mapping is extended to exact groups as follows:

I([5=1,) {mgu (s =|e® ||n) fe z(wa)}.

Similarly, Z([A].) = coNc(A). The interpretation of clusters employs join
as follows:

I((G1,-.-,Gn))y & join(var(a),Z(G1),...,Z(Gx))-

As usual, an interpretation 7 is a model of a collection of semantic constraints
if Z(¥;) 2 Z(cl) for each constraints ¥; 2 cl in the collection. A collection C
of semantic constraints is guaranteed to have a least model (modulo variable
renaming), and this shall be denoted by im(C). Finally, the correctness of
the engine can be characterized as follows:
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Theorem 11 (Correctness and Termination) Let P be a program and
let D be a finite* abstract domain. Then the unfolding engine terminates
on P using D, and the least model of the output semantic constraints is a
conservative approzimation of the collecting semantics of P.

Proof Outline: Let Cp be the semantic constraints for P. The first part of
the proof establishes that Im(Cp) corresponds to P’s collecting semantics.
The proof is essentially similar to the proof of correspondence between envi-
ronment constraints and collecting semantics (see Chapter 4), although the
intermediate step of defining a ground collecting semantics is not needed.

The next part of the proof establishes that the algorithm constructs
a conservative approximation of Im(Cp). Let Cjoop denote the constraints
obtained after execution of the main repeat-until loop of the unfolding
engine. Let Cpo—r.s denote the constraints obtained by deleting the residual
groups from Cjoop, and let Cying; denote the final constraints, that is those
obtained by selecting only the constraints involving substitution form clus-
ters from Cro—-res- Now, the main loop of the algorithm merely serves to add
constraints to Cp. Moreover, the original constraints in Cp do not contain
any residual expressions. Therefore, Cp is a subset of both Cioop and Cro—res
and so Im(Cp) € Im(Cno=res)-

The main part of the correctness proof establishes that the exhaustive
application of the unfolding step generates sufficient substitution form clus-
ters that these clusters alone characterize the least model of Cpo—res- In
essence we prove a form of completeness of the unfolding step with respect
to the least model. The proof of this requires reasoning about the specific
formulation of the unfolding step.

Termination is proved by showing that there are only a finite number ~f
different clusters that can be produced. This is essentially because during an
unfolding step, the function select ensures that the size of terms appearing
the new cluster are not larger than those appearing in the previous clusters.
The main complications are (a) the part of the simplification step that deals
with head only variables, since this step can increase the size of terms and
introduce new variables, and (b) the renamings of equations during the
unfolding step, since this may introduce new variables. A key part of the

{Some algorithms use domains satisfying a weaker condition such as the “finite chain” property.
Our engine can in general be adapted to terminate on such domains. We omit the details for
simplicity.
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termination proof is that the number of new variables can be bounded. []

10.5 Variations of the Engine

The main parameter of the engine is the domain used for approximation. We
now discuss two other parts of the engine where there is scope for variation.

Consider the select function that is used to curtail the growth of group
equations. Another reasonable definition of select can be obtained by using a
uniform bound on the size of terms, the so-called “depth-k” approximation.
The important point is that the use of any select function does not affect
correctness. It will, however, affect accuracy and termination. In general,
using a smaller or more restrictive function will make the proof of termina-
tion easier (and can also enhance efficiency). Using a bigger function, on
the other hand, is more accurate, but it complicates the termination proof
in general.

Next consider the output of the engine. As defined, this consists of a
collection of clusters in substitution form. Such a collection is an explicit
definition, for each program rule, of a set of substitutions. However, to max-
imize the structural information obtained from the engine, residual groups
should not be deleted upon termination. This however raises the problem
that if clusters contain residual groups, then they are no longer an explicit
representation of a set of substitutions. In fact, the sets of values defined by
(the least model of) these equations are, in general, not decidable.

Perhaps the best general technique for extracting information from these
residual groups is to approximate them by interpreting them as set con-
straints, and then employing the intersection component of the intersection-
projection algorithm described in Chapter 7. It is important to note that
the engine as stated already has much of the analytical power of the set
constraint approach to analysis. Indeed the third program in Section 10.1
shows that it is sometimes strictly more accurate than the set constraint
approach. By augmenting the engine output with the residual groups, and
applying the intersection algorithm, the engine in fact becomes uniformly
more accurate than the set constraint algorithm.
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0. initialize the array value;

1. repeat

2.  oldvalue := value;

3. for each rule in P with label a and body A

value[a] := U D-unify (var(a),;i, Eﬁ, value[ﬂ])
I

Lo

5. until (value = oldvalue) break;
6. output value;

Figure 10.7: The Standard Engine (Bottom-Up)
10.6 Comparison with Abstract Interpretation

It is difficult to provide a uniform characterization of the many abstract in-
terpretation based algorithms for logic program analysis that have appeared
in the literature. This is because each algorithm is designed with differ-
ent criteria. In particular, ad hoc approximations are often introduced for
efficiency reasons. However, these differences are rarely fundamental from
a conceptual point of view. Consequently, it is possible to define an ide-
alized engine that encompasses the essence of the abstract interpretation
technique underlying these algorithms, and is at least as accurate as any of
them. We call this idealized engine the standard engine, and we now outline
its definition.

In general, each analysis algorithm starts by associating a value from the
chosen abstract domain with designated parts of the program. The operation
of the algorithm then consists of repeatedly recomputing each value from
the values previously computed. For a bottom-up analysis, an informal and
simplified outline is given in Figure 10.7. The variables value and oldvalue
are arrays indexed by rule labels. The sequence J in line 4 ranges over all se-
quence of rule labels y,..., 3, such that the head of the rule with label §; is
compatible with the i** atom of A (the body of the rule with label a). B? de-
notes the sequence B,..., B, such that B; is the head of the rule with label
Bi. value[B)] denote the sequence of abstract values value[1], ... , value[fy).
Finally, the expression D-unify(var(a), A, B, value[ﬁ]) is intended to de-
note the result of abstractly unifying A with the rule heads B?, in the
context of the abstract values value[f], and restricting the variables in the
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initial | 1 2 3 4
1. —eg(X, Y)I}P(f (Y, 2)). vataei | Jabe Tyatse aloe | Flse [T
z. ﬁ,(cj(); V?)() 1, (W) value[2] | false | false| false| true | true
4. 7(c). ’ . value[3]| false |false| W | W | W
5. eq(S,S) value[d] | false | true | true | true | true
o value[5)| false | true | true | true | true

Figure 10.8: Example Execution of the Standard Engine

resulting abstract value to var(a). More formally, if S is a finite set of pro-
gram variables, A denotes A;,...,A,, B denotes By,..., B,,, and A denotes
Ai,..., Ay, then D-unify(S, A, B, A) is

A= |9(B1)Iuar(A1)
A, = Io(Bn)Iuar(An)

Figure 10.8 contains an example execution of the standard engine. The
abstract domain used here is Dpyop. Note that the i column describes value
after 7 iterations of the main loop of the standard engine.

ABs| S, {mgu : 6; € coNCc(A;),i = 1..n

We can also define a standard engine for top-down analysis. An informal
outline of this is given in Figure 10.9. The variables value and oldvalue are
arrays indexed by labels (including rule labels and body atom labels). The
sequence 8 in line 5 ranges over all sequence of labels fo,6,...,8; such
that Bp is a body atom label and the body atom with label Bg is compatible
with Ag, and each §;, ¢ > 1, is a rule label such that the head of the rule
with label §; is compatible with A;. B? denotes the sequence By, .. ., B;j
such that By is the body atom with label f§y, and each B;, ¢ > 1, is the
head of the rule with label 8;. value[§] denote the sequence of abstract
values value[fo), values[B,],. .., value[3;]. We note that the usual notions of
computing the call and return substitutions for each rule, are subsumed in
the standard engine by the computation of the substitutions encountered at
each program point.

Both the bottom-up and top-down standard engines are parameterized
by an abstract domain D. These two engines capture the essence of most
of the abstract interpretation algorithms in the literature. For example, the
bottom-up engine applies in the case of [27, 43], and the top-down engine
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. initialize the array value;
do
value := newvalue;
for each rule with label a4y, head Ao and body A7Y,...,A%"
for j=0..n
let A denote Ag, A1, -..,A;;
newvalue[a;41] := | D-unify (var(a),fi, B8, value[ﬁ])
B
7. until (value = oldvalue)

8. output value;

S s N

Figure 10.9: The Standard Engine (Top-Down)

applies in the case of [11, 15, 51].

In order to compare the standard engine with the unfolding engine, we
will now formulate the operation of the standard engine using our frame-
work of group equations, clusters and cluster substitution. Recall that in
our framework, we can perform bottom-up or top-down analysis simply by
using the appropriate semantic constraints. Now, consider modifying the
unfolding engine to mimic the behavior of the standard engine as follows:

e all terminal groups [§ = ] in the semantic constraints for P are first
replaced by ABs(var(3), mgu(3 = t));

e the unfolding step is simplified so that no residual groups are produced,
and this can achieved simply by redefining [£], = [ ]a-

The main effect of these changes is that clusters in substitution form contain
only approximate groups (and no terminal or residual groups). Hence the
only operation required during unfolding is the composition [£] o [A] of an
exact and approximate group. Call this the resulting engine the restricted
unfolding engine. Now, if A;,...,A, are abstract values, then let A; A...A
Ay, denote the join of these abstract value (this can be easily formalized using
mgi, ABS and coNc). Using this notation, we can state the correspondence
between the restricted unfolding engine and the standard engine as follows:

Proposition 45 For all programs P, if the restricted unfolding engine out-
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puts semantic constraints C and the standard engine outputs the array value,
then for each relevant label a

value(a) = U{A1A---AA, : ¥% D ([Ailays-- -+ [An]ay ) appears in C}.
ad

Clearly the modified unfolding steps of the restricted unfolding engine
are less accurate than the unfolding step used in the (normal) unfolding
engine. Hence:

Theorem 12 The unfolding engine is uniformly more accurate than the
standard engine in the sense: given a finite abstract domain, the output of
the unfolding engine, for any program, is more accurate than that of the
standard engine. []

An alternative view of the differences between the standard and unfold-
ing engines is as follows. The standard engine implements abstract inter-
pretation by a successive iteration starting from some initial values .Ap and
computing the sequence A Z, A Z Az Z A3--- where F repre-
sents the abstract semantic function at hand and the .A; are the successive
abstract values being computed. The unfolding engine, on the other hand,
uses a changing abstract semantic function and computes Ap Lo, A EiR Az
2z, As-+-. Such a change takes place whenever an unfolding step is ap-
plied. The important point is that each function F; is at least as accurate
as the original function F.

We conclude this section with the realization of some analysis algorithms
using our engine. Let UNFOLD(D) denote the algorithm obtained by using
the unfolding engine and the abstract domain D; similarly for STANDARD(D).
Let Dyporing denote the domain described in [27].

Corollary 2 For groundness analysis, UNFOLD(D,rop) is uniformly more
accurate than [44]°. []

Corollary 3 For sharing analysis, UNFOLD(Dsharing) 15 uniformly more ac-
curate than [27]). ]

5By [12], UNFOLD (Dprop) is uniformly more accurate than a number of other algorithms as

well.
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10.7 Discussion

We have presented a new engine for analysis of logic programs. Its starting
point is a specific formulation of semantic constraints of a program. We
have illustrated how these constraints can model bottom-up and top-down
execution. Using a given abstract domain D, the engine performs unfolding
on these constraints. Each unfolding is augmented with a notion of approx-
imation, defined in terms of D, to curtail the expansion of terms. The main
advantage of our specific technique of unfolding, which uses the key con-
cept of residual groups, is that there is a uniform and accurate treatment
of structural information. By formulating the standard analysis engine as
a special case of the unfolding engine, we then showed that the unfolding
engine is uniformly more accurate than the standard engine.

Yet to be addressed is the issue of efficiency. This has two main aspects.
First is the initial number of clusters in the constraints. This number is
bounded by the number of sequences of head atoms that match the sequence
of body atoms, for each rule. The second part cuncerns the unfolding step.
Though the number of new groups produced by this step is linear in the size
of the input clusters, the termination of the engine is based on an exhaustive
application of this step. Experience with the prototype implementation
described in Chapter 8 provides some evidence that these two problems
can be overcome. First, the issue of matching body and head atoms in set
constraints is essentially the same as in the unfolding engine, and this has not
proven to be prohibitive. Next consider the issue of unfolding efficiency. In
set constraints, there is a notion of substitution that is similar to unfolding
in terms of the number of new expressions generated (but whose semantics
is very different). The implementation exploits the crucial fact that the
substitution step gives rise to mostly redundant expressions. Because this
implementation has shown promise, we expect that the currently planned
implementation of the unfolding engine can be engineered to be practical.

We conclude by observing that the notion of combining set constraint
techniques with an ability to reason about inter-variable dependencies is
similar in spirit to some recent extensions of tree automata that allow a
limited form of equality, such as the Bogaert and Tison’s tree automata with
equality [9] and the closely related shallow set constraints of Uribe [65]. Our
work differs in the use of more general (although less uniform) notions of
equality, and moreover, the use of abstract domains to capture information
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about dependencies that is tailored to the desired program analysis.




Chapter 11

Analysis of Functional
Languages

We now show how set constraints may be used to analyze functional lan-
guages. In particular, we outline extensions to the basic set constraint calcu-
lus for higher-order functions as well as references and assignment. Impor-
tantly, these extensions represent a natural extension of the idea of treating
variables as sets. Each extension has a simple definition and leads to an
intuitive notion of program approximation. Moreover, the key advantage
of the set constraint approach - accurate and uniform treatment of data
structures — is preserved.

This material in this chapter is very preliminary and informal. No proofs
of correctness are given. However, many of the ideas have been implemented,
and we shall describe some of the results of this effort. We also discuss the
close connections between the use of set constraints to analyze functional
languages and subtype systems. In particular, we propose formalizing our
analysis as an “optimal” system of simple subtypes.
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11.1 Higher-Order Set Constraints

To analyze functional languages such as Standard ML [46], set constraints
must be extended with a mechanism to analyze higher-order functions. In
essence, this is achieved by the addition of three new components. First, a
new set operator apply is introduced. Second, a new collection of function
symbols are introduced, and these shall be used to denote the functions
defined in a program (as oppose the program’s data constructors). This new
set of symbols shall be denoted by F, and is assumed to be disjoint from
%, the set of data constructors. Third, for each symbol F € F, two new
variables dom(F) and rean(F) shall be introduced to respectively capture
the domain and range of the function F.

As usual, an interpretation of a collection of set constraints is a mapping
from each set variable (including dom(F’) and ran(F), F € F) into sets of
values. Values are defined to be either symbols from F or X, or of the form
f(v1,...,v5) such that f is an n-ary symbol from ¥ and each v; is a value.
An interpretation is extended to map from set expressions into sets of values
as follows:

o Z(f(se1,...,5€5)) def {f(v1,...,00) : v; € I(s€;),i = 1.0}, f € Z;
o I(F) = {F}, F e F;

o Z(f}(s)) € {vi: f(v,-..,v0) € Z(se0)};

o I(sey N---N sey,) def {v:v € I(se;),i=1.n};

def . [ €I(se1)
o I(apply(ser, sez)) & {f(v)- e } U\ ran(e),
provided Z(dom(F)) 2 I(sez), F € I(se1);

The critical part of the interpretation is Z(apply(se,, sez)), which consists of
two parts. In essence, the first part corresponds to application involving data
structures, and the second part corresponds to the applications involving
functions defined in the program. The side condition on this definition
states that the set of values that each function F is applied to must be
contained in the set dom(F). Note that 7 is now a partial function that is
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let funid X =X

in X 2 dom(id)
id e ran(id) 2 X
5 .
end & 2 apply(id,c)

Figure 11.1: Example Functional Program and Set Constraints

defined on a set expression se if 7 is defined on all (proper) subexpressions
of se. An interpretation Z is a model of a collection of constraints if, for
each constraint X 2 se in the collection, Z(se) is defined and Z(X) D Z(se)
(and similarly for constraints X = se in the collection).

We now outline how such constraints may be used to analyze functional
programs, using a fragment of ML. We shall assume that bound variables are
renamed so that each bound variable is distinct. Now, consider the program
P in Figure 11.1, in which c is a data constructor of arity 0. We distinguish
between bound variables that represent functions (such as id) and other
bound variables (such as X'); we call the latter program variables (note that
program variables can take functions as values). For each program variable
we introduce a set variable whose purpose is to capture the possible values of
the program variable. We shall again use letters X,Y,... to denote program
variables and &,),... for the corresponding set variables.

The constraints for the program in Figure 11.1 are constructed as follows.
Corresponding to the first line of the program (the definition of id), we
introduce two constraints. The first is X 2 dom(id) which captures the fact
that the values for X must include all of the possible values with which id
may be called. The second constraint is ran(id) 2 X, and this reflects the
fact that the return values for id must contain all possible values for X.
Finally, the third constraint £ D apply(id,c) corresponds to the application
(id c¢). The set variable £ is introduced to capture the value of the whole
program. The least model of these three constraints is

X - {c}
dom(id) — {c}
ran(id) — {c}
& {c}

which exactly captures the run-time behavior of the program.
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let funid X =X

in X 2 dom(id)
r - ran(id) D X
id b,id ¢ . .
enE! ) &€ 2 (apply(id, b), apply(id,c))

Figure 11.2: Example Approximation of a Functional Program

However, the set constraints are not always exact. In general, the least
model of the set constraints for a program describe a conservative approx-
imation of the possible run-time values of variables. This is because the
set constraints ignore dependencies between variables and dependencies be-
tween the domain and codomain of a function. The latter is achieved through
the use of the variables dom(F’) and ran(F), which respectively collect the
values of the domain and codomain of the function F. To illustrate this,
consider the program and constraints in Figure 11.2. The least model of
these constraints is

A~ {b,c}
dom(id) — {b,c}
ran(id) — {b,c}
&~ {(b,d),(b,¢),(c,b),(c, )}

and so &, which consists of four pairs, defines an approximation of the pro-
gram.

Before giving further example constraints, we note that, for convenience,
we assume that each function is “named”. Hence, terms containing anony-
mous functions such as

(MX=>X)(fnY=Y))

must first be rewritten into let fun F X = X and GY =Y in (F G) end
before they are analyzed.

11.2 Examples

Consider the program in Figure 11.3, involving the map function. We use
nil and cons to denote the data constructors for lists. Before discussing the
constraints for this program, first note that in ML, all data constructors
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let fun map(F, cons(X, L)) = cons(F X, map(F, L))
| map _ = nil
and id ¥ =Y
in
map(id, cons(1, cons(2, cons(3, nil))))
end

ran(map cons((apply(F, X), apply(map, (¥, L£))))
nil

{F : (F, cons((X, L))) € dom(map)}

{X : (F, cons((X, L))) € dom(map)}

{L: (F, cons((X, L))) € dom(map)}

y
dom(id)

apply (map, (id, cons((1, cons((2, cons((3, nil))))))))

Figure 11.3: Map Program and Its Set Constraints

"
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and functions are unary. Non-unary data constructors and functions are ob-
tained using tupling operations. For example, the program term cons(3, nil)
is in fact an application of cons to the pair (3, nil). Hence, the set expres-
sion corresponding to this program term is apply(cons,(3,nil)). However,
this is equivalent to the set expression cons((3,nil)), that is, the set expres-
sion cons(se) where se is (3,nil). The set constraints in Figure 11.3 use
this simpler formulation for program terms involving applications of data
constructors.

Now, consider the definition of the function map. This contains two
match rules: map(F, cons(X, L)) = cons(F X, map(F, L)) and map _=
nil. Each match rule generates one constraint for ran(map). Also, the first
match rule generates bindings for F, X and L. The values for these variables
are given by considering all environments p such that p((F, cons(X, L))) €
dom(map). Specifically, the values for F, X and Y are given by
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{o(F) : p((F, cons(X, L))) € dom(map)}
{p(X) : p((F, cons(X, L))) € dom(map)}
{o(L) : o((F, cons(X, L))) € dom(map)}

Recalling the definition of quantified expressions, these are exactly the con-
dition imposed by the constraints on F, X and L respectively.

More generally, match and case expressions may contain an arbitrary
number of match rules. To model the sequential nature of the execution of
match conditions, we shall use complement constants. For example, consider
the following case statement, which is assumed to appear inside the scope
of the variable L:

case L of
cons(U, cons(V,W)) = s,
| cons(X,Y) = s
| nil = s3

We briefly review the execution of such a statement. First, an attempt is
made to match the value of L against cons(X,cons(Y,Z)). If this match
succeeds, then the values obtained for U,V and W are used in the evaluation
of s;. If the match fails, then an attempt to match L against cons(X,Y) is
made. Again, if the match succeeds, then the values obtained for X and Y
are used in the evaluation of s;. If the match fails, then the value of L is
matched against nil (and assuming that L is a list, this will always succeed),
and s3 is evaluated. Now, suppose that &,V,W,X,) and L are the set
variables corresponding to U,V, W, X,Y and L respectively, and consider the
following constraints for modeling the possible variable bindings resulting
from execution of the case statement:

U 2 {U: cons((U,cons((V,W)))) € L}
V 2 {V : cons((U,cons((V,W)))) € L}
W 2 {W : cons((U, cons((V,W)))) € £}

X 2 {X : cons((X,Y)) € £ N cons((T, cons((T, )}
Y 2 {Y : cons((X,Y)) € £ 0 cons((T, cons((T, T))))}

Note that in the constraints corresponding to the binding of X and Y, the
expression cons((X,Y)) is matched against values in the set described by
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LNcons((T,cons((T,T)))), that is, the set of values in £ that do not match
the pattern cons((U, cons((V,W)))).

To illustrate the construction of constraints corresponding to case state-
ment, consider the program in Figure 11.4, which computes the disjunctive
normal form of a propositional formula. The propositional constants are
z0,...29, and o, ¢ and n denote and, or and not respectively. Figure 11.4
also contains the constraints corresponding to the definition of the function
dnf.

11.3 Extensions and Variations

The basic approach of using constraints to analyze function programs can
be extended in a number of ways. We first consider the imperative com-
ponents of the ML language, namely references and assignment. These can
be modeled as follow: for each expression ref(t) that appears in the pro-
gram to be analyzed, a distinct new constant ¢,,; and a corresponding new
variable val(c,.s) are introduced. The new variable val(c,) is used to cap-
ture the possible values assigned to ref cells generated by this occurrence of
ref. Each introduced constant c, is called a reference constant. Figure 11.5
gives an example program, its set constraints and the least model of the set
constraints. Three new kinds of set operators are employed. The meaning
of each operator is defined as follows:

o I(seq(sey,...,3€)) d=d { %}(se,.) :;f‘,g:::; i 8 ;:: ::f:eiii’:z

o I(assign(se;,sez)) 4 {0} provided val(c,s) 2 Z(se;) for each refer-
ence constant ¢, € Z(sey).

o I(deref(se)) df U val(c,r) where ¢, ranges over reference constants.
Cret€Z(s¢e)

There is also considerable scope for varying the constraints themselves.
In particular, the procedure for constructing constraints outlined in the pre-
vious section associates two variables, dom(F’) and ran(F) for each function
F in the program. This means that each function is analyzed once in the




326

CHAPTER 11. ANALYSIS OF FUNCTIONAL LANGUAGES

datatype formulas = 20 | 21| 22| 23 | 24 | 25| 26 | 27 | 28 | 29

o of formulas x formulas

| a of formulas x formulas

fun

and

n of formulas

dnf(o(X1,Y1)) = o(dnf(X1),dnf(Y1))

dnf(a(X2,Y2)) = norm(a(dnf(X2),dnf(Y2)))

dnf(n(X3)) = norm(n(dnf(X3)))

dnf(X4) = X4

norm(a(o(Al, B1),C1)) = o(norm(a(A1,C1)),norm(a(B1,C1)))
norm(a(C2,0(A2, B2))) = o(norm(a(C2, A2)), norm(a(C2, B2)))
norm(n(o( A3, B3))) = norm(a(dnf(n(A3)), dnf(n(B3))))
norm(n(a(A4, B4))) = odnf(n(A4)), dnf(n(B4)))
norm(n(n(A5))) = A5

norm(n(A7)) = n(A7)

norm(a(A8, A9)) = a( A8, A9)

ran(dnf) 2 of(apply(dnf, X1), apply(dnf, ¥1)))
2

ran(dnf) apply(norm, a((apply(dnf, X2), apply(dnf, ¥2))))
ran(dnf) 2 apply(norm,n(apply(dnf,¥3)))
ran(dnf) 2 X4

X1 2 {X1:0((X1, Y1)) € dom(dnf)}

Y1 2 {Y1:0((X1, Y1)) € dom(dnf)}

x2 2 {X2:a((X2, Y2)) € dom(dnf) 0 o((T, 1))}

»2 D {Y2:a((X2, Y2)) € dom(dnf) N o{(T, T)) T))}

¥3 2 {X3:n(X3) € dom(dnf) n o((T, 7)) N (T, T))}

X4 2 {X4:X4 € dom(dnf) N o((T, T)) N a&((T, ) N a(T)}

Figure 11.4: DNF Program and Selected Constraints
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let fun id X = (1; X)

ana t Y =1;
val Z = ref(id)
in
id2;,Z:= f;,(1Z) 3
end
ran(id) 2 seg(1,X) ran(id) — {1,2,3}
X 2 dom(id) X - {1,2,3}
ran(f) 2 1 ran(f) — 1
Z 2 Ct Zr {Cm}
val(c.q) 2 id val(c.) — {id, f}
E D seq(id 2, assign(Z, f), deref(Z)) & {1,2,3}

Figure 11.5: Analysis of References

sense that there is no attempt to separately analyze the function on different
inputs. For example, in the analysis of the program

letfunid X=X
in

(id 1, id nil)
end

the two uses of id are combined, and so in the least model dom(id) is {1, nil}.
Hence the result of the program is approximated by {(1,1), (1, nil), (nil, 1),
(nil,nil)}. In essence, the analysis is monomorphic.

It is natural to consider modifying the constraints generated from a pro-
gram to facilitate some degree of poly-variant analysis in which functions are
analyzed for a number of different calls. The main issue is how to introduce
and control the notion of different calls. One method considers each occur-
rence of each function in a program, and separately analyses each function
occurrence. For example, in the above program, the two occurrences of id in
(id 1, id nil) would be analyzed independently; the domain of the first would
be {1} and the domain of the second would be {nil}. Using this scheme,
the result of the program is approximated by {(1,nil)}.
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We observe that there is a close analogy between the use of function
occurrences and the notion of polymorphism embodied in the polymorphic
let typing rule for ML. Taking this analogy a step further, it is in princi-
ple possible to extract set constraints from a let bound expression, simplify
these constraint and then uppropriately generalize them, just as the type
inference rule for let in ML allows (certain) type variables in the type ex-
pression obtained for a let bound expression to be generalized. Such an
approach may provide a basis for implementing separate analyze of distinct
function occurrences. We also note that the general problem of introducing
and controlling the notion of “different calls” arises in a number of contexts
in type theory. For example, in the intersection type discipline [64], type in-
ference procedures must limit the number of different types that a function
is given. See, for example, (17, 53].

11.4 Implementation

The main modifications to the set constraint algorithm for solving the new
kinds of constraints introduced in this chapter are new transformations to
simplify the operations apply, seq, assign and deref. In essence, these new
transformations can be stated as follows:

e If C contains X D apply(F,a) where F € F, then output dom(F) 2 a
and X D ran(F).

o If C contains X D seg(ay,...,a,) and Im(ezplicit(C))(a;) # {} for
i < n, then output &' 2 a,.

o If C contains X D assign(c,.,a) then output val(c,s) 2 a and X 2 ().
e If C contains X D deref(c,) then output X 2 val(c,er).

where a,a;,...,a, are non-variable atomic expressions.

The prototype set constraint implementation described in Chapter 8 has
been extended to include these operators. Very preliminary results sug-
gest that the cost of solving set constraints from functional programs is
not substantial and is comparable to type inference in the Standard ML of
New Jersey compiler. Table 11.4 presents some benchmark results, again all
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time | equations
dnf 0.70 | 25495
binary_add 0.19 | 26+49
poly_binary.add | 1.09 | 2464287

Table 11.1: Preliminary Results for Three Functional Programs

times are in seconds on a Sun Sparc 14+ (24MB) running Mach and using
version 0.75 of Standard ML of New Jersey. Entries in the second column of
the table are of the form z 4 y, where z is the number of equations initially
generated from the program, and y is the number of equations added during
the execution of the algorithm. The dnf benchmark is based on the program
that appears in Figure 11.4. The binary_add program is a simple 12 line
program for adding numbers in binary representation. The poly_binary_add
is a program that simulates the poly-variant analysis in which different oc-
currences of a function are analyzed separately. This is done by making a
separate copy of the body of each function for each occurrence of that func-
tion. The program consists of about 130 lines. We remark that the results
in Table 11.4 are very preliminary, and no effort has been put into optimiza-
tion of the functional analysis part of the implementation. It is expected
that the results can be substantially improved.

The analysis of functional programs appears to be substantially faster
than for comparable logic programs. The main reason for this is that the
intersection operation is not heavily used in set constraints arising from
functional programs. In fact, the main place where intersection is used is
in the analysis of case statements, and these intersection are usually of a
very simple form. For many programs (including the dnf, binary_add and
poly.binary_add benchmarks), the uses of intersection can be solved without
introducing new variables. The set based analysis of such programs can be
performed in polynomial time.

We conclude with an example of the results of the analysis of a program.
Recall the dnf program, which appears in Figure 11.4. Suppose we wish to
approximate the result of applying the function dnf to the program variable
Q, where @ is bound to some unknown formula (that is, Q is some value
constructed from o, a, n and the propositional constants 20,...,29). The
output of the set constraint algorithm for this analysis is
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£ =20U21U22U23U24U25U 26U 27U 28U 29U o((£,8)) Ua((X, X)) Un(Y)
X =20Uz1U22U23U24U2z5U26U 27U 28U 29U a((X,X))Un(Y)
Y =20U2z1U22U23U24U25U26U2TU28U 29

where £ is the set variable that captures the values of (dnf Q). Note that
this defines £ to be exactly the set of formulas in disjunctive normal form.

11.5 Discussion

The main aspect of the set based analysis of functional programs that has not
been addressed is correctness. We are currently investigating a direct proof
of this using an operational semantics, as well as an alternative method
using connections with simple subtype systems [47]. In particular, there
appears to be an intuitive characterization of the results of the set based
analysis of a program in terms of an optimal system of simple subtypes.
To see why this is so, observe that in a system of simple subtypes, the
“accuracy” of the types obtained for a program depends intimately on the
structure of the underlying base types. As more base types are added, the
ability of the type system to distinguish between different program terms is
enhanced. This situation is analogous to that of abstract interpretation (see
the discussion in Section 5.6, page 133). Moreover, just as set based analysis
can be characterized as an optimal abstract interprelation that ignores inter-
variable dependencies, so it seems natural to seek a characterization of the
set based analysis of functional programs as an optimal subtype system.
We also note that there are intriguing connections between the kinds of
transformations used to solve the set operator apply (see Section 11.4) and
the algorithm described by Mitchell [47] for type inference in simple subtype
systems. '

We now briefly outline the related literature. One of the early uses of
constraints in the context of functional languages is by Mishra and Reddy,
who described the use of (an extended notion of) regular trees for generating
types for untyped functional programs in [49]. The type system described
is discriminative in the sense that it is based on sets of terms that are
cartesian closed (specifically, the sets of terms are closed under the x operator
described in Section 5.6, page 134).

Subsequently, Aiken and Murphy described a type inference algorithm
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for FL in [3]. This system is also based on the use of regular trees for the
representation of types, although the restriction to discriminative types is
omitted. In essence, the focus of both works is on obtaining some conserva-
tive approximation of a program. However, it is usually difficult to under-
stand exactly what approximation will be computed for a given program. In
particular, the algorithms employed often introduce ad hoc approximations
as they execute. For example [3] uses a heuristic for dealing with recursion,
and although this ensures that the algorithm terminates, it results in an
unpredictable loss of information.

In contrast, our analysis for functional programs seeks to extend the
set based analysis philosophy of constructing simple constraints that have
a straightforward connection with the program at hand, and then solving
these constraints exactly. An important motivation for this is the desire to
obtain a natural and intuitive notion of program approximation that can
form the basis of an expressive subtype system.

More closely related to our work is the algorithm for analysis of higher
order functional programs by Jones [31]. Our work differs from (31] in two
main respects. First, we analyze a strict language, whereas [31] considers a
lazy language. Second, and perhaps -ore importantly, we have used con-
straints instead of grammars. The advantage of constraints is that they
provide a simple and intuitive characterization of the analysis that is inde-
pendent of algorithmic considerations. In contrast, the analysis in [31] is
characterized only by a somewhat intricate grammar rewriting algorithm.
Moreover, by using constraints, connections with other type systems (par-
ticularly subtype systems) are more apparent.

Very recent work by Aiken and Wimmers [6] is also closely related to
ours. However, their formulation of constraints over ideals appears to dif-
fer substantially from our approach, although the precise connections are
unclear at this stage.

We finally observe that implicit in set based analysis is a form of minimal
function graph computation or control flow analysis [35, 57]. In particular,
the least model of the set constraints provides a conservative approximation
of the possible function calls at each call site in the program. The notion
of control flow analysis embodied in essentially the same as the Shiver’s 0%
order control flow analysis of [57], although the accuracy of the information
we obtain is somewhat more accurate because of the improved treatment of
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structures in set based analysis (in particular, a function can be stored in a
data structure and then recovered at some later stage).




Chapter 12

Conclusions

We briefly summarize the central ideas of the thesis and discuss some of the
strengths and weakness of the set based analysis approach. We also outline
the current status of this work and highlight some important areas of future
work.

333
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The underlying objective of this work was to develop an approach to
program analysis in which the definitional and algorithmic aspects of the
analysis are separated. In particular, we wanted a definition of program
approximation that had a simple underlying intuition and could be stated
in a declarative non-algorithmic manner. Moreover, we required a definition
that yielded accurate information on program structure (an area where tra-
ditional methods have been weak) and could be computed with acceptable
efficiency over the kinds of programs that are typically appear in practice.

Toward this end we considered an approach to analysis based on ignor-
ing inter-variable dependencies. This was formalized by viewing program
variables as sets of values and then extending this view to provide a set
based approximation of a program’s collecting semantics. The core chap-
ter of the thesis shows that this approximation (denoted sba,) is decidable.
The use of constraints is featured heavily throughout, both in the defini-
tion of sbap, and in its computation. In particular, we develop a calculus
of set constraints that is used to represent sbap and also forms the main
data structure of the algorithm for sba,. Importantly, or : central calculus
is used to represent the set based approximation of a number of different
languages and operational semantics. The specific set operators required for
different languages vary according to the language’s semantic operations,
but the essence of the constraints is the same in each case.

Not only is the set constraint calculus important for computing the spe-
cific approximation sbap, but it appears to be useful in its own right. In
particular, it provides a very flexible and declarative intermediate language
for defining, reasoning about and computing program approximations in the
set based style. Numerous variations are possible in the way set constraints
are written to analyze a program. For example, the basic set constraints
from a program can be modified to provide forms of analysis that distin-
guish between different instances of a function or predicate or calls from
different call sites. On the other hand, the constraints can be simplified
to trade off some of the accuracy of the constraints and against the cost
of the analysis. Although these modifications mean that the resulting set
constraints will not be strictly faithful to the approximation sbap, they re-
tain many of the important intuitions and accuracy advantages inherent in
set based analysis. Set constraints can also adapted to compute informa-
tion other than values of program variables. For example, in Chapter 9, we
outlined adaptations for mode and structure sharing information.
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Figure 12.1: Compact Representation of Constraints
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Although the use of the inter-variable dependency approximation leads
to simple notions of program approximation and gives a uniform treatment
of program structure, the loss of inter-variable dependencies is a substantial
drawback for certain kinds of analysis. Motivated by the desire to capture
some information about inter-variable dependencies and also maintain an
accurate treatment of structure, we developed an extended notion of set
constraint that incorporates inter-variable dependencies through an abstract
interpretation style domain. This unfolding engine is strictly more accurate
than either abstract interpretation or set constraint approaches to analysis.
One of the tradeoffs for this gain in accuracy is that there is no longer a
declarative connection between a program and its approximation.

A potential disadvantage of set based analysis is its computational cost.
In general, the set based analysis algorithms have worst case EXPTIME be-
havior. However, in practice, it appears that programs rarely exhibit this.
Significant progress has been made towards practical set based analysis by
reformulating the set constraint algorithm and employing appropriate rep-
resentation techniques. Although much work remains, practical set based
analysis is within reach, particularly for functional programs.

We observe that the use of constraints in program analysis has one poten-
tial computational advantage over other methods. In particular, constraints
provide a very compact representation of a program approximation because
the set of values at one point can be defined recursively in terms of the
values at some other program point. In contrast, abstract interpretation
approaches construct a complete representation of each set at each program
point. For example, Figure 12.1 shows a program, the constraints obtained
from set based analysis of the program and the results from an abstract
interpretation of the program (using a domain the represents values exactly
up to a depth of 4). In essence, when constraints are used to analyze a
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program, the result is a single structure (which is a regular tree grammar),
and the specific sets for each program variable and program point are iden-
tified by the different non-terminals of the grammar. In contrast, abstract
interpretation approaches essentially construct a separate structure for each
program variable and program point.

Although the algorithms of set based analysis are simple and direct, a
number of the proofs are very complex. The main reason for this is that we
have separated the definition of program approximation from the algorithms
to compute it. Hence, the correctness proof of the sba, algorithm (and this
includes the correctness proofs for the translation of environment constraints
to set constraints and the correctness proofs for the set constraint algorithm)
must establish and an exact correspondence between sbap and the output of
the algorithm. In other words, our correctness proofs establish an “iff” con-
ditions. If we were just interested in showing that our analysis computed a
conservative approximation of the program’s collecting semantics (and this
is the format of the correctness proofs for most other analysis algorithms),
then it would suffice to consider only one direction of these proofs. More-
over, the design of the set based approximation was primarily motivated by
the desire for a simple definition of approximation. In a number of cases
(notably in the approximation of imperative programs), this resulted in in-
creased algorithmic complexity. In fact a substantial part of the complexity
of the quantified expression algorithm is due to the presence of projections
in program terms t in quantified conditions t € se and ¢t { se. The main
difficulty here relates to the definedness of environments on such terms ¢,
and this is the sole reason for the introduction of the safeness invariant.
Another factor contributing to the complexity of the quantified expression
algorithm is the presence of complement symbols, which are used to model
the inequalities in imperative programs. In other words, a number of the
complexities in the algorithm are a direct consequence of the complexities of
reasoning about imperative programs. We note that if the only quantified
expression constraints of interest are those that arise from logic programs,
then the quantified expression algorithm can be very greatly simplified.

The main concern of this thesis has been the foundational issues of anal-
ysis that ignores inter-variable dependencies, and in particular, to show that
for a variety of languages and operational semantics, such analysis is decid-
able. An additional concern has been to show that set based analysis is
practical, and this is still work in progress. A number of extensions to the
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basic ideas have been sketched to demonstrate the flexibility of the set based
approach. Two particularly promising extensions are the unfolding engine
and the analysis of functional programs. The unfolding engine provides
a general purpose engine for analyzing programs that combines accurate
reason about structures with an ability to employ abstract interpretation
domains that have been developed for reasoning about various aspects of
inter-variable dependencies. We are currently investigating the implementa-
tion of the unfolding engine as well adaptations of the engine to the analysis
of other languages such as constraint logic programming languages. The
set based analysis of functional programs appears to have close connections
to simple subtype systems, and this may potentially provide a very sim-
ple and intuitive characterization of this analysis. Moreover, the analysis
of functional programs appears to be practical using current set constraint
implementation techniques, and further improvements are expected.
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Appendix I: Existence of
Least Models

Two main families of set calculi are used in the body of the thesis — en-
vironment constraints and set constraints. To avoid repeating results on
basic properties of these calculi, this appendix proves these properties in
a generic set calculi which subsumes both environment constraints and set
constraints. The results themselves are not surprising and the proofs are
rather straightforward. They are included for completeness rather than sig-
nificance. The main property that is proved is that if all the operations of
a set calculus are monotonic, then constraints of the form var D ezp have a
model intersection property. An important corollary of this is the existence
of least models.

A generic set calculus is a tuple of the form (V,O0P,D,[ ]) where V is
a set of variables, OP is a set of operators, each with a unique arity, D is
the set of underlying values of the calculus, and [ ] defines the meaning of
the operators by associating to each op € OP of arity n, a function [op]
which maps each n-tuple of subsets of D into a subset of D. In the context
of such a calculus, ezpressions are defined to be either variables or of the
form op(ezpy,...,ezp,) where op is an operator whose arity is n, and the
se; are expressions. A constraint is of the form ezp D ezp’ where ezp and
ezp’ are expressions. An I interpretation is a mapping from variables into
subsets of D, and is extended to map from expressions into subsets of D in
the obvious manner:

I (op(ezpl, e ,ezpn)) = [op] (I(ezpl), - ,I(e::p,,))

An interpretation is a model of a collection of constraint if, for each constraint
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ezp 2 exp’ contained in the collection, it is the case that Z(ezp) 2 Z(ezp').
Interpretations are ordered componentwise: Z 2 I’ if Z(var) 2 Z'(var) for
each variable var in V.

A generic set calculus is monotonic if each set operator op € OP is such
that [op] is monotonic in each argument. Given such a set calculus, an easy
structural induction proves that expressions are monotonic in the following
sense:

Proposition 468 IfZ D I’ then I(ezp) 2 I'(ezp).

Proof: The proof is by a straightforward structural induction on ezp. In
the base case, where ezp is a variable, the proof follows immediately from
the fact that I(var) D I'(var) for all variables var. For the induction
case, suppose that ezp is of the form op(ezp,,...,ezp,), and suppose that
the proposition holds for each ezp;. This means that Z(ezp;) 2 Z'(ezp;),
i = 1..n, and combining this with the monotonicity of [op] proves that

[op] (I(ezm),.. .,I(ea:p,,)) 2 [or] (I'(ezm),. ..,I’(ezpn)).
It is immediate that Z(op(ezps,...,ezp,)) 2 Z'(op(ezpy, ..., €2ps)). (]

Where S is a collection of interpretations, define that (}S is the inter-
section of these interpretations defined by

(NS)(ver) def MNzes Z(var), for each var € V

Now, consider a collection of constraints C such that each constraint is of
the form var D ezp where var is a variable from V and ezp is an expression.
Such constraints are said to be in variable-ezpression form, and they satisfy
the following model intersection property:

Proposition 47 (Model Intersection Property) Let C be a collection
of variable-ezpression form constraints in a monotonic set calculus. If S is
a collection of models of C, then S is also a model of C.

Proof: Let var D ezp be any constraint in C, and consider the following
chain of inequalities:
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(NS)(var) = (Z(var) 2 [Z(ezp) 2 (NS)(ezp)
Ies Tes

The first equality follows immediately from the definition of (|S. For the
second inequality, recall that each Z € § is in fact a model of var 2 ezp,
and so Z(var) 2 I(ezp). The inequality then follows from a simple property
of intersection. For the third inequality, note that Z D NS for each Z € S.
The third inequality then follows form the fact that the intersection of a
collection of sets, where each set is a superset of ([} S)(ezxp), must also be
a superset of ((S)(ezp). Hence (S is a model of var D ezp and it follows
that S is a model of C. ]

Corollary 4 (Least Models) If C is a collection of variable-ezpression
form constraints in a monotonic set calculus then C has a least model.

Proof: Let M be the set of all models of C. By proposition 47, (S must
also be a model of C. But (S is smaller than each Z € S, and so it must
be the least model of C. ]

We conclude this appendix with three properties relating to least models
of variable-expression form constraints. First, define that a constraint of the
form var D ezp, where var is a variable and ezp is an expression, is called
a lower bound for the variable var.

Proposition 48 Let C be a collection of variable-ezpression form con-
straints in a monotonic set calculus. If v € Im(C)(var) then C contains a
lower bound for var of the form var D ezp such that v € Im(C)(ezp).

Proof: Let var be a variable and let v be a value. Suppose that all con-
straints of the form var 2 ezp in C are such that v ¢ Im(C)(ezp). Then
define an interpretation Z by

def | Im(C)(var) - {v} if var'is var
Z(var’) = { Im(C)(var’) otherwise

Consider a constraint of the form var 2 ezp in C. Clearly Z 2 Im(C), and
so I(exp) 2 Im(C)(ezp). Combining this with the definition of Z and the
fact that Im(C) is a model of var D ezp proves that

I(var) = Im(C)(var)-{v} 2 Im(C)(ezp)—{v} = Im(C)(ezp) 2 I(ezp)
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and so 7 is a model of var D ezp. Now consider a constraint of the form
var’ D ezp in C where var’ is different from var. Since Z(var') = I(var')
2 I(ezp) 2 Im(C)(ezp), it follows that T is also a model of this constraint.
Hence 7 is a model of C that is less than Z, and this contradicts that as-
sumption that Z = Im(C). []

An important corollary of this proposition is:

Proposition 49 Let C be a collection of variable-ezpression form con-
straints in @ monotonic set calculus. If var D ezp is the only lower bound
for var then Im(C)(var) = Im(C)(ezp).

The final proposition states a simple property of least models.

Proposition 50 IfC; and C2 are collections of constraints such that Im(C;)
and Im(C;) both ezist, then

C, C C; implies Im(Cy) C Im(C,).

Proof: Clearly any model of C; is a model of C;. Hence Im(C3) is a model of
Cy. Moreover, any model of C; must be larger than Im(C,), and so Im(C;) C

I‘In(c;). D




Appendix II: Abstract
Interpretation and Monadic
Programs

To try to quantify the limitations of abstract interpretation, we shall outline
why, unlike set constraint approaches, abstract interpretation cannot be ex-
act over the class of monadic programs. Unfortunately, a completely formal
and general account of this argument is very difficult to formulate, because
it is always possible to give ad hoc extensions to an abstract interpretation
algorithm, so that it can compute exact information on a specific monadic
program. However, this cannot be done in a uniform manner to cover all
monadic programs.

We therefore consider a somewhat restricted class of abstract interpreta-
tions based on the bottom-up semantics of logic programs. The underlying
concrete domain shall be environments, and we shall consider arbitrary ab-
stract domains for representing environments. After outlining the based
arguments, we shall show how they can be extended to abstract interpreta-
tion involving the widening and narrowing operators.

We begin by considering the following program, were c is a constant and
f is a monadic function symbol.

1. p(e).

2. p(f(X)) < p(X).
Denote this program by P,. We formalize the collecting semantics of P;
by collecting sets of environments with each program rule. Specifically,
define that an association d is a mapping from program rules into sets of
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environments, and let L denote the association that maps each program rule
into the empty set. Now, the exact semantic function for P, maps from and
into such associations such that d is mapped into d’ where

d(1) = {p: true}

d(2) = . P(P(X )) = P’(p(c)) for some p’ € d(1), or
P5 p(w(X)) = p'(p(f(X))) for some p' € d(2)

This definition can be more simply stated as:

d(1) = {all environments}

_[,. p(X)=cand d(1) # {}
= {o: ) e

Let F; denote this semantic function. Now, consider the Kleene sequence
1, F(1), Fi(F1(L)),. .. generated by this function, and we note that it does
not converge finitely. The j** element of this sequence, for j > 2, has the
form

] _J {all environments} fa=1
dile) = { ;-2 ifa=2

where ©; is the set of environments {[X+c),...,[X~ fi(c)]}.

In abstract interpretation, sets of environments are approximated us-
ing an abstract domain and this induces an approximate semantic function.
There many different formulations of abstract interpretation, differing in the
specification of abstraction and concretization functions, and algebraic prop-
erties relating the concrete domain, the abstract domain and these functions.
However, it is generally the case that the abstract domain can be treated as
a collection of subsets of environments, and the abstraction function maps
any collection © of environments into the smallest superset of © that is
contained in the abstract domain. Since the abstraction function and the
abstract domain are so closely related, we shall denote both by the same
symbol, A. We shall assume that the abstract domain contains the empty
set and the set of all environments. Now, given a semantic function F and
an abstract domain A, the approximate semantic function can be defined
by!:

! Strictly speaking, many abstract interpretations use a conservative approximation of this ap-
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FA(d) = A(F(d)).

Returning to the program P, the approximate semantic function corre-
sponding to F; maps an association d into

d(1) = {all environments}

_a(l,. pX)=candd) £ ()
=4 ({o DTN Bl i })

Denote this semantic function by F{!. Now, if the abstract interpretation
of P, is to terminate, then the sequence L, (L), FA(FA(L)),... must
converge finitely to some association d. Clearly it must be the case that
d(2) 2 {[X+~f™(¢)] : » > 0}. This means that, at some step i, the i*» step
of the Kleene sequence for 4 must differ from the it* step of the Kleene
sequence for F. Let ¢ be the step such that the Kleene sequences first differ.
I d; is the i*h step of the sequence for F4, then it must be the case that d;
is a proper subset of ©;_,, because .4 is monotonic.

Now, using the value i, construct the logic program P, as follows:

1. p(c).

2. p(f(X)) < o(X).

3. g(f(c)) — p(e).

4. q(f(f(e))) < q(f(e))-

i+2. g(fi(0) — a(fi1(e)).

The semantic function corresponding to P, can be stated as

proximate semantic function for algorithmic reasons. The formulation given here is an idealization
of abstract interpretation, and represents an upper bound on its accuracy.
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d(1) {all environments}

p(X)=cand d(3) # {} or
d@2) = {p: p(X) = f(c) and d(4)¢ {J or

p(X) = f‘(C)andd(t-H)#{}
d(3) = {all environments}
d(4) = {p:d(3)#{}}
d5) = {p:d4)#{}}

dii+2) = {p:d(i+1)#{}}

Let F, denote this semantic function, and consider the Kleene sequence
L, Fp(L), Fao(F2(L)),. .- that it generates. The j* element of this sequence,
for j > 2, has the form

{all environments} ifa=1

(o) = ) Omin(ii-2) ifa=2
dj(a) = {all environments} f3<a<j
{3 fij<a<i+2

Note that F; and F; are quite closely related, and that the first i elements of
the respective Kleene sequences for these functions are virtually identical. It
follows that the approximate semantic functions F{ and F3! are also closely
related, and in fact it is easy to verify that the respective Kleene sequences
for FA and F§ are related in the following sense: if j < i and d; j and d3 ;
are respectlvely the j** elements of the the Kleene sequences for F{ and
F3, then

dy,j(1) = da5(1)
d1,;(2) = d5(2)

This means that the analysis of P, using the abstract domain A cannot be
exact, since the least fixed point of F3! must yield an association d such that
d(2) is a proper subset of ©;.

Finally, consider the operation of widening. Widening allows the use
of abstract domains that would otherwise give non-terminating analysis. In
effect, it allows that abstraction function to take, as an additional argument,
the values obtained from the previous iteration. This is used to detect and




APPENDIX I1 355

truncate ascending chains of abstract values (see the discussion on page 15).
The above argument showing that abstract interpretation cannot be exact
on P, can be easily applied to abstract interpretation that employs the
widening operator. The main observation is that the construction of the j**
step of the Kleene sequences for P, and P, using widening and the abstract
domain A are respectively is given by

dij@) = (d1j-1(0)) V (F(dr-1)), a=1.2
dria) = (dzj1()) V (Ff(dpj1)) 1<a<it?2

where V denotes the widening operator employed. It is again easy to show
that dy j(1) = d3,;(1), where, as before, i is the smallest number such that
the #** step of the Kleene sequence for F differs from d ;. Hence, the analysis
of P; using widening and the abstract domain A results in an association d
that does not correspond to the exact collecting semantics of P,. We remark
that narrowing can be subsequently applied to improve the accuracy of d,
but in general it cannot recover the exact collecting semantics of a monadic
program.
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Table of Notation

Notation | Explanation

VAR the set of program variables

X,Y,Z a program variable

z the set of function symbols

fra,h a data constructor or function symbol

b,c a constant (0-ary function symbol)

f(;)l the i** projection of f

st a term (logic program or imperative program)
cond an imperative program condition

Stat an imperative program statement

Seq a sequence of imperative program statements
A,B,C a logic program atom

R a logic program rule

P a program (imperative or logic)

a, B, v a program label

iy A a program point

v a program value

S a set (usually of program values)

p an environment (a2 mapping from VAR into values)
(3] a set of environments

p[X — v] | the environment p except that X is mapped into v
0 a substitution (a mapping from VAR into terms)
E a conjunction of term equations

p k= cond | p satisfies cond

pk E p satisfies each equation in E

v an environment variable

' Lo the environment variable for program point u
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Notation | Explanation (contd.)
0 a set environment
o[Xw+S] the set environment p except that X is mapped into §
p k=, cond | p satisfies cond in the context of
var(ezp) the program variables in ezp if ezp is a sequence of
program terms, rules or equation conjunctions
var(ezp) the set variables in ezp if ezp is a collection of
set expressions or set constraints
var(a) the program variables in the rule R if a is the label of R
var(a) the program variables in the rule R if a is the label
of a body atom in R
X, 2 a set variable
VN an intersection variable
se a set expression
a an atomic set expression
conj a conjunction of quantified conditions
{X : conj} | a quantified set expression
c a collection of set constraints
z a mapping from variables into sets
IkEC 7 is a model of C
Im(C) least model of the constraints C
ECp the environment constraints for P
CSp the collecting semantics of P
shap the least set based model of £Cp
SCp the set constraints for P
6 a transformation
Notes:

1 Function symbols and projection symbols are overloaded in the sense
that these symbols are not only used to denote mappings from values
into values, but they are also used in set expressions as mappings from
sets into sets. The intended usage is usually clear from context.

2 A value is a data structure in the case of an imperative program and
a ground term in the case of a logic program.

3 For logic programs, program labels and program points coincide.
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