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Abstract

Different program understanding algorithms often
use different representational frameworks and take ad-
vantage of numerous heuristic tricks. This situation
makes it is difficult to compare these approaches and
their performance. This paper addresses this prob-
lem by proposing constraint satisfaction as a general
framework for describing program understanding al-
gorithms, demonstrating how to tranform a relatively
complex existing program understanding algorithm
into an instance of a constraint satisfaction problem,
and showing how this facilitates better understanding
of its performance.

Introduction

Over the past decade, researchers have proposed
and implemented a wide variety of plan-based pro-
gram understanding algorithms [14, 7, 8, 17, 18, 4, 5].
While some of these research efforts have presented
promising empirical results in mapping plan libraries
to reasonably sized (up to 1000 lines) legacy source
code[17, 1, 20], none have been clearly demonstrated—
either analytically or empirically—as scaling up for
use in understanding real-world legacy systems. In
addition, little work has been done in comparing the
relative performance of these approaches or analyz-
ing in detail the similarities and differences between
these algorithms. In part, this situation has resulted
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because the algorithms tend to be based upon differ-
ent representational frameworks (such as flowgraphs,
components and constraints, regular expressions and
transformation rules, and so on) and to use collections
of heuristic tricks to improve performance (indexing,
specialized rule and constraint ordering, and so on).

As a consequence, it is difficult to systematically
compare these different approaches or to understand
how their performance will be affected by variants in
the plan library (such as adding large numbers of new
plans) or programs being understood (such as chang-
ing the distribution of basic syntax tree items and the
dependency relationships between them)

What is needed is a framework for describing these
algorithms that allows ready empirical and analytical
comparisons of their behavior. In earlier work [20, 21],
Woods and Yang demonstrate how a particular ap-
proach to program understanding can be viewed as
a constraint satisfaction problem (CSP)!. It is there-
fore natural to wonder whether other, existing pro-
gram understanding algorithms, despite their differ-
ing representations and heuristic tricks, can also be
mapped into this constraint satisfaction framework.
If this framework is sufficiently general to unify these
approaches, then we can take advantage of it to com-
pare their relative performance and better understand
where these algorithms succeed and fail in attack-
ing the program understanding problem. In addi-
tion, we can potentially achieve improved scalability
of these approaches by augmenting them with the
mechanisms developed for efficient heuristic solving
of different classes of constraint satisfaction problems.
These mechanisms range from ranging from global[6]
and local search-based methods[13, 10, 22], constraint-

1See [9] for an overview of constraint satisfaction.



propagation problem simplifications[11, 2, 12], hierar-
chical exploitation of problem structure[3], as well as
hybrid combinations of these approaches.

This paper demonstrates how one well-known
heuristic algorithm for program understanding can be
placed within a constraint satisfaction framework, how
this improves our understanding of its performance,
and shows how this viewpoint facilitates comparing
its performance with other program understanding al-
gorithms. Section 1 describes this algorithm. Sec-
tion 2 provides an overview of how program under-
standing can be viewed as a constraint satisfaction
problem. Section 3 shows how an existing algorithm
can be turned into a constraint satisfaction problem,
while preserving both its representational framework
and heuristic tricks. Section 4 discusses the perfor-
mance of a key aspect of this constraint satisfaction
approach. Section 5 describes our future research path
and our conclusions from our current work.

1 An Existing Plan-Based Program
Understanding Algorithm

This section describes an existing plan-based pro-
gram understanding algorithm [14]. This algorithm
was derived from studies of users doing bottom-up
understanding on functions in C code [15] and used
in a cooperative program understanding environment
[1]. As a result, it has a variety of heuristic tricks to
make it more efficient to help it model the behavior of
these users and to ease the effort required in providing
program plans.

This algorithm’s representation of a program plan
was based on the Concept Recognizer [7, 8]. The Con-
cept Recognizer divides plans into two parts: a de-
scription of the plan’s attributes (which are instanti-
ated when a plan instance is recognized) and a set of
common implementation patterns. It represents these
code patterns as a combination of components (the
particular language items or subplans that must be
recognized to have a potential instance of the plan)
and constraints (the relationships that must hold be-
tween these components).

Given this representation, the Concept Recognizer
takes a library-driven approach to recognize plans. It
takes each code pattern in a plan library, matches
its components against the program, and then applies
constraints to the set of candidate plans (actually, it
tries to interleave constraint checking and matching).
When a component can itself be a plan, the algorithm
recursively tries to recognize instances of that plan.

The Concept Recognizer’s representation of plans is
both simple and clear and the algorithm is successful
at recognizing plans in real-world COBOL programs.
However, the algorithm is slow and does not scale
well, either with program size or plan library size [7].
DECODE’s program understanding algorithm tried to
address these problems in two ways. First, it is code-
driven (bottom-up) rather than library-driven (top-
down). While library-driven approaches consider all
plans in the library, code-driven approaches consider
only the subset of those plans that contain already-
recognized components. Second, it relies on an ex-
tended plan representation that supports careful in-
dexing and organization of the plan library to reduce
the number of constraints that must be evaluated and
the amount of matching that must take place between
the code and the plan library.

Representation

Figure 1 contains several examples of DECODE’s
extended plan representation. As in the Concept Rec-
ognizer, each plan consists of a set of components and
constraints. For example, one implementation of the
plan TRAVERSE-STRING (which captures the common
notion of traversing each character in a C string) con-
sists of a set of components: a DECL-ARRAY to declare
the character array, a ZERO sub-plan to initialize the
index variable to zero, a LOOP, two ACCESSes to ac-
cess an indexed element (one for a comparison, the
other to use the array element), a BIN-OP to com-
pare the indexed element with a null character, and
an INCREMENT to update the index variable. How-
ever, not any combination of these components is an
instance of the plan. There must also be a variety
of data and control dependencies between its compo-
nents, such as a data dependency between the test of
the index variable and its initialization. Only if all
these constraints hold do we have an instance of the
plan TRAVERSE-STRING.

In addition to the basic components and con-
straints, each plan has an index that says when it
should be considered (that is, fully matched against
known program pieces and recognized plans). The
index combines a plan component with one or more
plan constraints and suggests that the plan should be
considered whenever this component is encountered
and the specified constraints hold. TRAVERSE-STRING,
for example, is indexed by an ACCESS that is con-
tained within a LOOP. That means the understander
considers this plan each time it encounters an ACCESS,
not every time it encounters any INCREMENT, ZERO,
BIN-OP, LOOP, or DCL-ARRAY (as in most bottom-up



define TRAVERSE—STRING(String) isa TRAVERSE-PLAN
define PRINT—STRING(String) isa PRINT-PLAN
define PRINT-CHAR(Char) isa PRINT-PLAN

define ZERO(Dest) isa ASSIGN-PLAN

plan TRAVERSE-STRING(String: 7a)

components
decl: DECL-ARRAY(Name: ?s, Items: 7max, Type: char)
init: ZERO(Dest: ?i)
loop: LOOP(Test-Result: ?r, Body: ?body)

accessl: ACCESS(Opl: 7s, Op2: ?i, Res: ?vall)

test: BIN-0P(Opl: ?i, Op2: ?vall, Op: !=, Res: ?r)

access2: ACCESS(Opl: 7s, Op2: ?i, Res: ?val2)
update: INCREMENT(Op: 7i)

constraints
declbef: ControlPath(decl, loop)
initbef: DataDep(test, init, ?i)
acclbef: DataDep(test, accessl, ?vall)
testin: DataDep(loop, test, ?r)

acc2in: ControlDep(access2, ?body)
updaft: DataDep(access2, update, 7i)
index

access2 WHEN accin

implies PRINT-STRING(Srting: 7a)
with
dump: PRINT-CHAR(Source: 7value)
when
dumpaft: DataDep(dump, access2, ?v)

plan PRINT-CHAR(Char: ?c)
specializes Call-Function(Name: putchar, Args: 7c)

plan ZERO(Item: ?i)
specializes Assign(Dest: ?i, Value: 0)

Figure 1: An example code pattern.

approaches). Evaluating the index involves checking
whether its indexing constraints hold (which may in
turn involve trying to match additional plan compo-
nents). In this case, it involves determining whether
the ACCESS is contained within the body of a LOOP.

The idea is that indexes suggest when plans are
likely to occur as opposed to when plans might oc-
cur. This has the potential to cut down on the num-
ber of plans in the library that are considered dur-
ing understanding, as any plan that is not indexed by
the elements of a given program will never be consid-
ered. It also has the potential to significantly reduce
the number of times any given plan is considered by
a bottom-up understander from the total number of
times any of its components occur in the program to
the number of times its indexing component occurs
in the program. Finally, it has the potential to reduce
the amount of matching and constraint evaluation that
takes place while recognizing instances of a particular
plan. Ideally, the recognition process should always
evaluate any constraint that will fail as soon as pos-
sible, since a single failed constraint eliminates a plan
instance from further consideration, whereas all con-
straints must succeed before a plan can be recognized.
Because indexing places a partial ordering on both
matching (with the indexed component of the plan

bound first) and constraint evaluation (with the index-
ing constraints evaluated first), the better the indexing
constraints are as a predictor of a plan’s presence, the
fewer uneeded constraints will have to be evaluated.

In addition to indexes, our representation extends
the Concept Recognizer to allow plans to be defined as
being conditionally implied by other plans. After the
understander recognizes a plan that conditionally im-
plies another plan, it checks whether these conditions
hold (which involves checking for additional compo-
nents and evaluating additional constraints). For ex-
ample, the plan TRAVERSE-STRING implies the exis-
tence of the plan PRINT-STRING when there exists an
additional PRINT-CHAR that is conceptually contained
within the LOOP.

The idea behind implications is to take advantage
of small differences between the implementations of
related plans, so that one plan can be recognized as
a slight modification or extension to another. Essen-
tially, plan implementations are organized in a dis-
crimination net, which allows the understander to use
indexing to retrieve general plans to try first and then
to use small, additional incremental tests to recognize
more specific plans.

There are two alternatives to implications. One
is to have related plans be complete, stand-alone
implementations that individually contain all neces-
sary components and constraints. PRINT-STRING, for
example, could be defined so that it contains all
of TRAVERSE-STRING’s components and constraints.
This approach, however, leads to duplicate compo-
nent matching and constraint evaluation that can be
eliminated by explicit implication links. The other
alternative is to have the specific plans contain the
general plans as elements. PRINT-STRING could be
defined to contain READ-ALL-RECORDS as one of its
components and to have additional constraints that
relate it to their other components. The problem with
this approach is that the additional constraints may
require access to TRAVERSE-STRING’s implementation
(such as a control flow relationship involving its LOOP),
which then forces PRINT-STRING to have additional
implementation-oriented attributes. Although this is
just as efficient as implication links, it makes the def-
initions of plans much more difficult. So implications
allow a natural representation of relationships between
plans without adding a significant cost.

Finally, our representation allows plans to be de-
fined as specializations of other plans; that is, as a set
of constraints on an existing plan’s attributes. For ex-
ample, the plan ZERO is defined as a specialization of
an ASSIGHN whose Source is 0. These specializations



Plan Recognition Algorithm

o Initialize the program tree (PT) to the set of elements in the program’s abstract syntax tree

e For each plan library layer L:
— For each element E; in PT:

% For each plan implementation P; in L indexed by E;:
- Form the set of partial plan instances (PPI) that result from binding E; to each P;.
- Replace PPI with the set that results from processing the indexing constraints on the original PPI.
- If PPI is non-null, set the recognized plan instances (RPI) to the result of processing the remaining

constraints on each element in PPI.

- Add each element of RPI to PT and add each plan it implies to the set of potentially implied plans

(PIP).
— For each plan P; in L:
* For any corresponding PIP; in PIP:

- Set the implied plan instances (I PI) to the result of processing implication constraints on PIPj.

- Add IPI to PT.

Process-Constraints(CS (Constraint Set), PPI (Partial plan instances))

e For each constraint C; in CS:

— For each PPI;in PPI,

* Form the set of new partial plan instances (N PPI) that result from binding the components in PPI; that
are necessary to evaluate C against elements of PT".

* Form the set of remaining partial plan instances (RPPI) that result from evaluating C; on each item in

NPPI.

— Set PPI to the concatenation of all the RPPIs.

Figure 2: Our algorithm for automatically recognizing plan instances in code.

correspond to plans that contain a single component
(the plan being specialized), that are indexed by that
component, and that have constraints on that com-
ponent’s attributes. In fact, at definition time, these
specializations are automatically translated into stan-
dard plan definitions.

The idea behind specializations is to make it easy to
define one common class of plans and to encourage the
definition and use of specialized plans as components
and indexes. This simplifies the definition of higher-
level plans that contain specialized plans as compo-
nents by reducing the number of constraints that must
be specified. This ability is simply a convenience, how-
ever, with no performance implications.

Control

Figure 2 shows the actual algorithm used by our
original program understander. The basic idea is
straightforward: run through the program tree and,
whenever a component is an index for a plan and
its indexing constraints succeed, match the remaining
pieces of that plan against the code and evaluate the
constraints on the partial plan instances formed by the
matching process. In addition, whenever a plan is rec-

ognized and implies another plan, attempt to match
the additional components and evaluate the additional
constraints. Then for each plan recognized, recursively
see if it indexes any plans.

There are several complications. One is that at the
time an index is evaluated, components that are them-
selves plans may not have been recognized yet. For ex-
ample, the INCREMENT in TRAVERSE-STRING may be a
subplan that is recognized after the index triggers con-
sideration of TRAVERSE-STRING. To avoid this prob-
lem, our algorithm assumes that the plan library is or-
ganized in layers, where each layer contains the plans
dependent only on items in the previous layer. At
the bottom are plans like PRINT-CHAR and INCREMENT
that depend only on abstract syntax tree items. At
the next level are plans, like TRAVERSE-STRING, that
depend on these subplans. The algorithm then breaks
the indexing process up into layered traversals through
the program tree, first seeing if anything in the first
layer is indexed, then if anything in the next layer is
indexed, and so on. Implications are handled in a sim-
ilar way, with any plan implied by another plan placed
in a layer that is both above it and above any of its
new subcomponents.



The other complication is that evaluating con-
straints and binding components against the program
tree must be interleaved. A simple approach to recog-
nizing plans would form all the possible combinations
constructed by binding each of its components against
program tree entries and then evaluate the constraints
on these components. However, that is far too ineffi-
cient. Our alternative is to have an ordering for con-
straints and to form combinations only as they become
necessary to evaluate these constraints.

2 Program Understanding as a CSP

The algorithm described in the previous section has
a number of nice properties, such as limiting the num-
ber of plans considered, components matched, and
constraints evaluated, as well as modeling an empiri-
cal study of programmers understanding code. How-
ever, it also has some drawbacks. It is relatively diffi-
cult to understand and analyze and to compare in de-
tail against other program understanding algorithms.
To remedy these drawbacks, this section provides an
overview of how program understanding algorithms
can be viewed as a constraint satisfaction problem,
and the next section will demonstrate how the pre-
ceding algorithm can be placed in that framework.

Constraint Satisfaction Problems (CSPs) consist of
three major components: A set of variables, a finite
domain value set for each variable, and a set of con-
straints among the variables which restrict domain
value assignments. A solution to a CSP is a set of do-
main value-to-variable assignments such that all inter-
variable constraints are satisfied.

PU-CSP

Program understanding can be represented as a con-
straint satisfaction problem, called PU-CSP, in the fol-
lowing way (as we demonstrated in earlier work [20]).

We assume the source code is divided into a variety
of blocks. A block can be anything from a single state-
ment to a program slice or other arbitrary collection of
related statements. The program understanding prob-
lem is then to explain what the entire program does by
explaining what each block does and then determin-
ing what various sets of blocks do in conjuction. The
possible explanations correspond to a set of plans in a
hierarchically organized program plan library, and an
explanation of the source program is a mapping from
members of this library to the program’s components.
The PU-CSP problem is to determine this set of pos-

sible explanations for a given set of program blocks
using a constraint satisfaction approach.

The variables in a PU-CSP are the blocks in the
program to be understood. The domain for each vari-
able ranges over all of the plans that could possibly
explain that block. However, this is only a subset
of the plan library. The block may be of a particu-
lar type, in which case only plans that contain that
type as a component can explain it (such as when the
block corresponds to a single action in the AST), or it
may have particular input and output types that are
matched by only a small set of plans (such as when
the block represents a function).

The constraints fall into two categories:
turel constraints between blocks and knowledge con-
straints between plans. The structural constraints
correspond to structural relationships between blocks
(e.g., data-flow, control-flow, and temporal-ordering).
The knowledge constraints correspond to restrictions
on the ways plan may be connected (e.g., that a plan
must fall into a particular category, that a plan must
have certain components, those components have a
characteristic flow of data between them, and so on).
A mapping between the plan hierarchy and the blocks
is a possible explanation only if the set of knowledge
constraints is consistent with the set of structural re-
lationships present in the source code.

PU-CSP is seeking a global explanation of all or
part of a program’s source based upon its particular
components and their structural relationships. How-
ever, program plans in the plan library may be based
upon sub-plans at lower levels of abstraction. In addi-
tion, programmers often take advantage of their rec-
ognizing familiar functionality by using these partial
explanations when explaining large blocks or chunks
of code[16]. We can therefore improve on PU-CSP
by augmenting it with a mechanism to locate the ini-
tial set of possible, low-level explanations for various
blocks. This mechanism is handled by a separate con-
straint satisfaction problem, called MAP-CSP.

struc-

MAP-CSP

MAP-CSP represents the problem of locating all in-
stances of a program plan template in the source code
(i.e., mapping this plan to directly to source code enti-
ties). The variables in the MAP-CSP are the compo-
nents of the plan. The domain for each variable ranges
over source code components of compatible types, and
the actual occurrences of each of those components in
the source code correspond to possible domain values
for the variables. The components within a given plan
are constrained by various data-flow and control-flow



relationships that must hold between them, which are
represented as inter-variable constraints in the MAP-
CSP. A solution to the MAP-CSP problem is there-
fore any assignment of domain values (AST elements)
to template variable (program plan parts) that satis-
fies the constraints among the variables (data-flow and
control-flow relationships). A solution is an instance
of the program plan template which we have identified
in the source code, and thus explains that part of the
source code being mapped.

Given a plan library, repeated application of MAP-
CSP can be used to recognize all instances of plans
whose components correspond solely to abstract-
syntax tree elements.

The essence of the PU-CSP/MAP-CSP approach is
that PU-CSP attempts to combine individual MAP-
CSP solutions that represent only some subset of all
program plans in the hierarchy. The plan instances
identified with these MAP-CSP solutions are inte-
grated into a partial explanation covering some num-
ber of source code components which may be thought
of as blocks of “locally explained” source code. Thus,
at any point in time there is some set of blocks
“explained” and some set “unexplained”, with these
blocks related structurally through data and control
flow relationships.

Similarly, the explained blocks are known to relate
in specific ways to other program plans in the hier-
archy. For instance, consider the case where three
blocks A, B and C exist such that control or data
flow constraints exist between them. Suppose blocks
A and B have been mapped with MAP-CSP to par-
ticular program plans in the library, Al and B1 re-
spectively. Block C possibly corresponds to any of 3
different program plans in the hierarchy: C1, C2 or
C3. The knowledge constraints present in the library
for program plans Al and A2 may now be usable to
constrain the range of block C. For instance, if Al is
known to precede C2 according to the library but it
is the case that program block A is structurally con-
strained in the source to follow block C2, then C2
can be safely eliminated as a possible explanation of
C. This process is simply an application of knowledge
constraints against structural relationships, and cor-
responds to a limited form of constraint propagation.
This behaviour could also be though of as search in
which the leaf node representing A=A1, B=B1, and
C=C2 is pruned or rejected as a potential solution.

An Alternative CSP-Based Approach

Another way to view the program understanding
problem is as an ordered set of plan matches in the

flavor of MAP-CSP. If the plan library is constructed
in layers, so that plans at each level are built only
from plans at lower levels, it would be possible to use
MAP-CSP to find all instances of the plans based only
on items in the AST, and then continue up the hier-
archy, matching each successively higher level. This
possibility gives rise to the question: Why bother with
PU-CSP?

The problem with a strictly bottom-up application
of MAP-CSP is that it relies on a mapping of every
plan instance in the library. As a result, many inde-
pendent MAP-CSPs must be solved, in the sense that
it is not clear how in general solving one MAP-CSP
can be exploited to reduce the effort made by other
MAP-CSPs. (It is possible for MAP-CSPs at one level
to contribute to the solving of MAP-CSPs at a higher-
level in that failing to recognize certain plans in one
MAP-CSP quickly eliminates the consideration of the
higher-level MAP-CSPs involving those plans. How-
ever, what is not clear is how MAP-CSPs at one level
can contribute to other MAP-CSPs at the same level.)
In contrast, if we consider the PU-CSP approach as a
global strategy for controlling the application of MAP-
CSPs and for integrating the MAP-CSP solutions for
local code portions, it may be possible to restrict the
range of possible explanations for larger code compo-
nents more effectively.

In any case, a purely layered approach is not en-
tirely satisfactory when we consider real-world use of
program understanding tools. In particular, any real-
world program understanding tool is going to involve
some interaction with users, as there is always going
to be some idiosyncratic code that doesn’t correspond
to any plan in the existing plan library [1]. As a re-
sult, the program understanding task corresponds to
efficiently partially reverse-engineering the code. In
the repeated application of MAP-CSPs, it’s difficult
to imagine how the programmer can help the process.
However, in the PU-CSP approach, both the algo-
rithm and the programmer can exploit local partial
solutions to restrict other, possibly higher-level solu-
tions. Larger code components such as procedures or
functions form nicely coupled code chunks with clearly
defined constraint relations among them in the form
of calling and type relationships. The identification of
plans that interact with one of these function blocks
can potentially reduce the combinations of explaining
a set of these function blocks.

Finally, earlier work with spatial templates [19] has
demonstrated that sets of complex constraints, such as
those involved in MAP-CSP’s plan templates, are very
difficult for experts to quickly identify in noisy situ-



ations, such as is provided by confusing or cluttered
source code. Interative large-scale understanding of
complex spatial situations was greatly assisted by local
identification of difficult-to-see spatial relationships.
The idea in this earlier work was that these micro-
solutions can be thought of as initial building blocks on
which to build expert-level explanations. Essentially,
applying this idea to program understanding suggests
doing as many of these micro-observations (MAP-
CSPs) as is computationally affordable and then at-
tempt to couple those with the macro constraints of
the larger PU-CSP so as to maximize the effectiveness
of the high-level easy to identify constraints such as
inter-function control and data flow.

Another alternative approach is to carefully inter-
leave low-level and high-level MAP-CSPs. For exam-
ple, one need not apply all the lowest MAP-CSPs first
but rather apply the lowest ones in a particular portion
of the planning hierarchy, and then higher ones atop
these low ones, until the point at which a larger code
block has been successfully explained. Then this larger
context explanation could be used to select the next
MAP-CSP to match, and so on. As a result, this inter-
leaving may be able to exploit some of the structued
constraints that exist between high-level plans and
source code. However, this is exactly what PU-CSP is
meant to do.

3 DECODE’s
rithm as CSP

Understanding Algo-

There are two primary concerns in modeling a
particular program understanding methodology in a
constraint-based framework: representation and con-
trol. We must ensure that the CSP representation is
general enough to capture the complexities and nu-
ances of the original while not abstracting away im-
portant details, and we must ensure that the original
control strategy can be interpreted in terms of a par-
ticular control strategy for solving CSPs.

Representation

In the memory-based program understanding prob-
lem representation described earlier, there are two pri-
mary representational parts: the individual program
plans, and the hierarchical plan library.

The individual program plans (as in Figure 1) are
represented in terms of components and constraints.
In our CSP representation (for MAP-CSP), we model
each of these components as a variables. Each vari-
able has a domain ranging over the actual statements

in the program that satisfy a set of constraints on the
“type” of the variable. These “type” constraints may
be thought of as reflexive in that they affect one vari-
able only. They are derived from the partial naming
and typing information provided in the component de-
scription. For instance, DECL-ARRAY is given as an ar-
ray declaration structure with 3 parameters: a name
that locally is allowed to range over any value (uncon-
strained), the size of the array (also unconstrained),
and a type of array element (constrained to character).
Thus, DECL-ARRAY “matches” any program statement
that declares an array (in any fashion) such that the
declaration satisfies the constraint that it is of type
character of any size or any name. It is easy to imag-
ine components that would map into more tightly con-
strained CSP variables.

MAP-CSP models the memory-based constraints
among program plan components as CSP constraints
among variables. A direct mapping exists between the
function of constraints in the memory-based approach
and the CSP approach. In the example plan, a con-
straint ControlPath exists between the DECL-ARRAY
and the LOOP such that the DECL-ARRAY logically pre-
cedes the LOOP. This is mapped to the CSP represen-
tation directly, where any instance of the variable cor-
responding to DECL-ARRAY is constrained to logically
precede any instance of the variable corresponding to
the LOOP component. Figure 3 details the variables
and constraints of the resulting MAP-CSP for our ex-
ample plan.

We have seen a direct mapping can be made be-
tween components and variables as well as between
component constraints and CSP constraints. In par-
ticular, these mappings are exactly those required for
the specification of the MAP-CSP sub-problem. How-
ever, it is also possible that, in the memory-based
model, the individual components are subplans rather
than elements of the AST.

We currently deal with hierarchical plan structure
through a layered plan library and applications of
MAP-CSP a layer at a time. The MAP-CSPs at each
subsequent layer include all of the recognized plans at
the previous levels as part of the domain of variables.
We rely on indexing to guarantee that the MAP-CSPs
in a given layer fail quickly if the indexed component
hasn’t been recognized from the previous layer. And
we rely on the MAP-CSPs at the lower layers to locate
the possible domain values for the components at the
higher levels. This implies that PU-CSP is not strictly
necessary for our representation of our memory-based
recognition algorithm (although it’s still useful as part
of a general constraint-based framework).



Type: Assign
AzzipnTo: YElcaB cliny

.'. L
LR T ] i
A Uronn: SMamed anray Q ¥ ;-.:____ :
Aorray iles Type Inclex CinL ol LR :
T . Far
L LT P
e a” :

1 Typi: Block-legin

| (v

i :
b Mame Shck] V2 el
; '

Lercoe 2t

e )
b

i

[
.-'.' b
"
Type: Increment Y
Wnte: §lodea D M
-
B

¢

Twae: ZeTon

Feravar: Fhinle i

Dicelnecar: SNaznch
s lare Py e areay, rhar
Arridinize: 0
Aoer Wl Sizee: LXK

.
: L
s

Type: While
Conditicar: ¥Rl boolent

Tt
F oy Tae: Block—end
""-._ V4 'IQ Same: §Rlarl.L
N-dathls
Typo: Assiph

AssignTaz Slilem A char
AnialFrone ¥Xnow neray
Arraybde Type: IndexB it

Types oL Hiuals
Betate: ¥RoswleB, Boolen
Haram L Slilemt rhar

Prentnd: XULL, char

Arc splanation Key

-
Control fioer, precedesoo

- -
Dats Flow, shared varliables

—_—
e [reriexive coretraints

Figure 3: An example plan in the MAP-CSP representation.

The parts not yet mapped directly as constraints
or components to the CSP methodology are the INDEX
entries of a program plan, and the IMPLICATION en-
tries. We also have not specified what is to be done
with respect to actually matching the program plan to
the source program. In the next subsection we discuss
how these elements are combined as search control for
MAP-CSP.

Control

Our memory-based program understanding algo-
rithm traverses the program source? and tries to
match a particular program plan whenever it encoun-
ters an indez for that plan. Program plans are orga-
nized in layers, with indexed plans at the lowest level
of the hierarchy matched first, with indexed or im-
plied plans at higher abstraction levels matched sub-
sequently. Thus, a pass of the source involves checking
each statement against the list of indices for a possible
match. A possible match triggers a closer inspection
of the source for an instance of the matched program
plan. This closer inspection is exactly an instance of

2 Actually, it traverse the abstract syntax tree.

MAP-CSP in which the index part of the program
plan template has already been identified.

Essentially, the performed MAP-CSP utilizes a
strict ordering in which the components and con-
straints in the plan’s index are matched first, with
a successful index signaling the requirement to con-
tinue searching further. If the rest of the program plan
components and constraints are successfully matched
to the source code, MAP-CSP has identified an in-
stance of the plan. What has been created here is a
view of the CSP in which a subset of the variables and
constraints are solved first, and further, in a particu-
lar order. We may view this as a hierarchical view
of the CSP in which the “key” portion is “more im-
portant” and thus matched first.® If this key portion
of the template contains variables that match only a
small subset of all possible program components, and
constraints that are restrictive then this may be seen
as an attempt to order the constraints so as to re-
duce the branching factor and size of the subsequent
search space. An index by definition is a signifier of
uniqueness, and thus it is only sensible that an indez is

3See [3, 22] for a detailed discussion of hierarchical CSPs and
their solutions.



(v3 Assign (NameC (array (char)))
(IndexC (int)) (ElemB (char)))
(vl While (ResultA (boolean)))
(v2 Begin (Block1 (block)))
(v4 End (Block2 (block)))

(before-p (v1 v3))
(while-begin (v1 v2))
(same-name-p (v2 v4) (Blockl Block2))
(before-p (v3 v4))

Figure 4: MAP-CSP representation of code patterns.

matched only infrequently. The result is that indices
in memory-based understanding are interpreted as or-
derings on variables and constraints in MAP-CSP.

We handle implication in a similar way to indexing.
Any plan that is implied by another can be thought
of as being indexed by the plan and any of the im-
plication constraints. As a result, when we process a
layer of plan library, we also do MAP-CSPs for any
plans in that layer that are implied by plans at earlier
layers, with the domain variables of each MAP-CSP
being set up based on the bindings from the previously
recognized plan.

An Example of MAP-CSP In Action

We have implemented a MAP-CSP version of the
memory-based algorithm. This new algorithm mod-
els the identification of program plan instances in the
following way. A CSP is formed in terms of vari-
ables mapping from the program components of the
program plan, reflexive variable constraints mapping
from the type information of the program plan com-
ponents, and inter-variable constraints mapping from
the data flow and control flow relations in the program
plan itself. Each variable ranges over some subset of
the program’s statements. Once the problem is for-
mulated in this way, the index information specified
in the memory-based model is used as a preliminary
ordering heuristic for the constraint set.

Figure 4 is an example showing how the portion
of the plan of Figure 1 corresponding to the index is
actually represented.

The index is formed as an instance of a particular
kind of array access which is determined to reside in a
loop structure. We represent the array access (labelled
ACCESS in Figure 1) as a variable v3 of a particular
type of assignment, Assign, for assigning a value to a
character array. We map the complex operation LOOP
in Figure 1 as a combination of a variable v1 of type
While, a variable v2 of type Begin, and a variable v3
of type End. We represent the program plan index
constraint that the Assign exist inside the control en-
vironment of the While with the pair of precedence

constraints placing v3 after the v2 instances and be-
fore the v4 instances.

The control proceeds roughly as follows. The first
variable, v3, is matched against all program state-
ments, giving a domain ranging over all Assign can-
didates of the appropriate type. This range can be
thought of as the branching factor of the top of the
search space. A large range signifies a poor key choice.
Now, the constraints are applied in index-order. All
satisfying instances of v1 are identified such that v1
is before v3. Next, for each instance of vi, a cor-
responding Begin instance of v2 is identified. The
End instances of v4 are now identified according to
the naming identifier of the corresponding Begin in-
stances v2. A solution is then found for each set of as-
signments of domain values to variables such that v3
is before v4. Each solution is an instance of an index
hit that is a candidate for further search to locate full
plan instances. The additional components are given
domain ranges and then the remaining constraints are
applied.

A typical CSP strategy would attempt to order
variables and constraints independent of the partic-
ular enforced ordering implied by the memory-based
index. In particular, in many intelligent backtracking
CSP solution schemes this process would be under-
taken dynamically rather than statically, thus taking
advantage of particular problem characteristics in re-
ducing the search space rather than relying on a pre-
determined belief about the nature of the source ex-
amples that will be encountered. We discuss a par-
ticular approach used for comparison purposes in the
next section.

4 Experimental Discussion

Earlier work[20, 21] showed that MAP-CSP prob-
lems with 5 components and 9 inter-component con-
straints could be solved with relative efficiency for sig-
nificantly sized source code blocks up to about 500
lines of code. Subsequent experimentation with well-
constrained program plan templates modeled after the
TRAVERSE-STRING example of Figure 1 with 9 compo-
nents and 20 constraints has shown even more promis-
ing results. Figure 5 outlines some preliminary results
for this MAP-CSP in randomly generated program
sources ranging from 50 to 1000 lines of code. We
see that the results scale quite well over this range,
with the time required for MAP-CSP to complete for
50 lines laying well below 1 second (average 250 con-
straint applications), and for 1000 lines of code ap-



proximately 1 minute*(average 30,000 constraint ap-
plications). Results graphed are for 10 problem in-
stances at each legacy source size interval.
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Figure 5: Forward Checking, DR (95% conf. interval).

The stability decreases with increasing problem
size, however, even the worst case results are promis-
ing. This result is achieved with the relatively
straightforward intelligent backtracking algorithms
known as Forward Checking with Dynamic Rearrange-
ment (FCDR) of selected variable during search based
on smallest domain size. This approach may be
thought of as a dynamic approximation of an index
in the memory-based methodology. In the absence of
a selected index (essentially undirected backtracking),
results have a much lower stability and in fact prob-
lems of 400 lines of code require almost 40 times as
many constraint checks as for the FCDR approach.

We have implemented the memory-based algorithm
formulated as an instance of MAP-CSP with a par-
ticular indexing strategy and we shall present results
from experiments with this strategy in future work.
We expect to see a result which indicates that a well-
chosen index results in highly efficient strategies, a
poorly chosen index in inefficient strategies, however,
an open question remains as to whether it is possible
to either statically or dynamically determine a better
index automatically. Since we view any index is as
a particular constraint ordering, it is quite concelv-
able that the best index from the point of view of the
memory-based methodology can be approximated bet-
ter for a particular problem instance than in general.

“Note that these results are obtained on a Sparc 10
workstation.
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5 Conclusion

The constraint-based approach has several clear ad-
vantages over previous methodologies. The first is
its generality: we have demonstrated how one earlier,
complex algorithm can be represented as a CSP with
a particular representation and control strategy. This
gives us hope that we will be able to do the same for
other program understanding algorithms as well. In
fact, we are now in the process of doing this same
task for other published program understanding algo-
rithms. The result should be a deeped understand-
ing of the commonalities and differences of these algo-
rithms.

Another key advantage is an increased ability to
address heuristic adequacy, or scalability. By cast-
ing program understanding as a CSP, the previously
known constraint propagation and search algorithms
can potentially be adapted to improve these algo-
rithms. In addition, we can compare the efficacy of
specific heuristic tricks such as indexing to different
methods of solving constraint satisfaction problems.
It may well prove that existing methods are sufficient
to achieve indexing’s performance without the need to
index, or alternatively, that we will see exactly what
benefits are provided by the specific knowledge used in
indexing (such as the likelihood of certain components
indicating the presence of certain plans or the relative
cost of evaluating various constraints) over heuristic
constraint propagation methods.

The final advantage is that it becomes possible
to complete a systematic study of different search
heuristics, including both top-down and bottom-up
as well as many other hybrids (such as the compar-
ing the layered MAP-CSP approach to the mixed
PU-CSP/MAP-CSP approach) in order to determine
which ones perform the best on understanding source
code.

Although we have just begun studying program
understanding algorithms in terms of this constraint
satisfaction approach, it appears very promising as a
unifying framework for describing and comparing pro-
gram understanding algorithms. Our hope is that it
will lead us to a deeper understanding of existing pro-
gram understanding algorithms and ultimately to a
program understanding approach that scales.
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