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Abstract

This pap er presen ts results on using a theory revision system to automati cally

debug logic programs. F or te is a recen tly dev elop ed system for revising function-free

Horn-clause theories. Giv en a theory and a set of training examples, it p erforms a hill-

clim bing searc h in an attempt to minimally mo dify the theory to correctly classify all of

the examples. F or te mak es use of metho ds from prop ositional theory revision, Horn-

clause induction ( F oil ), and in v erse resolution. The system has has b een successfully

used to debug logic programs written b y undergraduate studen ts for a programming

languages course.

1 In tro duction

Most of the recen t w ork on inductiv e logic programming has fo cused on the syn thesis of

logic programs from examples, e.g. F oil

[

Quinlan, 1990

]

and Golem

[

Muggleton and F eng,

1990

]

. There has b een v ery little w ork on automated debugging of logic programs since

Shapiro's original w ork on the sub ject

[

Shapiro, 1983

]

. Although systems lik e F oil and

Golem generally mak e use of existing subroutines, e.g. learning reverse giv en appen d ,

the supplied de�nitions are extensional rather than in tensional and these systems can only

�
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learn new theories and cannot revise existing ones. Ho w ev er, unlik e Shapiro's system, recen t

systems do not rely on an omniscien t oracle that is capable of determining the truth of

arbitrary ground atomic form ulae. Consequen tly , curren t systems require m uc h less user

in teraction.

This pap er presen ts results on using metho ds for �rst-order theory revision to automati-

cally debug logic programs without the use of an oracle. W e are dev eloping a theory revision

system, F or te

[

Ric hards and Mo oney , 1991

]

, that mo di�es an incomplete and/or incorrect

Horn-clause domain theory to �t a set of training examples. When the domain theory is

view ed as a logic program, theory revision corresp onds to automated debugging from I/O

pairs. The design of F or te has b een in
uenced b y a n um b er of previous dev elopmen ts.

Man y of its basic revision op erators (delete an teceden t, add an teceden t, delete rule, and add

rule) are based on similar op erators in Either , a predecessor of F or te for prop ositional

Horn-clause theories

[

Ourston and Mo oney , 1990; Mo oney and Ourston, 1991

]

. F or te also

mak es use of a F oil -lik e algorithm to add new rules and an teceden ts, and sev eral in v erse-

resolution op erators

[

Muggleton and Bun tine, 1988

]

to generalize and compress the theory .

The system has recen tl y b een augmented with a path-�nding metho d for o v ercomi ng lo cal-

maxima

[

Ric hards and Mo oney , 1992

]

and mo di�ed to handle recursion.

T o test the resulting system, w e collected buggy Prolog programs from students in an

undergraduate course on programming languages. Studen ts w ere ask ed to hand in their

initial v ersions of programs for �nding a path in a graph and inserting a new elemen t after a

sp eci�ed element in a list. The collected programs included a total of 12 distinctly di�eren t

buggy programs. F or te w as able to correctly debug all but one of these programs based on

a relativ e ly small set of training examples.

Since induction of complete programs is a v ery di�cult problem, w e b eliev e automated

debugging is a more realistic goal with greater p oten tial for practical utilit y . Induction of

programs in other languages has not b een particularly successful. Ev en the most sophis-

ticated systems ha v e b een able to pro duce only relativ el y to y programs

[

Barsto w, 1988

]

.

Using inductiv e tec hniques to revise buggy programs has not b een explored nearly as w ell,

and w e b eliev e our initial results in oracle-free inductive logic-program debugging are quite

promising.

The remainder of the pap er is organized as follo ws. Section 2 presen ts an o v ervie w of

F or te 's basic revision algorithm. Additional details on the revision algorithm are presen ted

in

[

Ric hards and Mo oney , 1991; Ric hards and Mo oney , 1992

]

. Section 3 presen ts results on

automatically debugging actual studen t programs. Section 4 presen ts results on debugging

subroutines using only examples for the main program. Section 5 discusses related w ork and

Section 6 presen ts directions for future research. Section 7 presen ts our conclusions.
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2 F or te 's Theory Revision Algorithm

In order to revise a logic program, one m ust �rst detect an error. F or te attempts to pro v e

all p ositiv e and negative instances in the training set using the curren t program. As in most

ILP systems, p ositiv e (negativ e) instances are tuples of constan ts that should (should not)

satisfy the goal predicate. When a p ositiv e instance is unpro v able, some program clause

needs to b e generalized. All clauses that failed during the attempted pro of are candidates

for generalization. When a negativ e instance is pro v able, some program clause needs to b e

sp ecialized. All clauses that participated in the successful pro of are candidates for sp ecial-

ization.

When an error is detected, F or te iden ti�e s all clauses that are candidates for revision.

The core of the system consists of a set of op erators that generalize or sp ecialize a clause to

correctly classify a set of examples. Based on the error, all relev an t op erators are applied

to eac h candidate clause. The b est revision, as determined by classi�cation accuracy on the

complete training set, is impleme n ted. This pro cess iterates un til the theory is consisten t

with the training set or un til F or te is caugh t in a lo cal maximum, i.e. none of the prop osed

revisions improv e o v erall accuracy .

F or te main tains a list, for eac h program clause, of all errors for whic h the clause ma y

b e resp onsible. After trying to prov e all instances, the clauses are ordered by the n um b er of

errors for which they may b e resp onsible. Note that w e treat sp ecialization and generalization

separately , so eac h clause ma y app ear t wice in this ordered list. Revision b egins with the

clause that pro vides the greatest p oten tial b ene�t.

2.1 Sp ecializing the theory

When one or more negative instances are prov able, the theory needs to b e sp ecialized. There

are t w o basic w a ys to do this: delete a clause or add new an teceden ts to an existing clause.

Deleting a clause is a simple op eration. The clause identi�ed in the revision p oint is deleted

from the theory , and the remaining theory is tested on the training set.

Adding an teceden ts to a clause is more complex. Our goal is to eliminate incorrect pro ofs

of negativ e instances without elimi nating man y (or an y) of the correct pro ofs of p ositiv e

instances. It ma y b e necessary to create sev eral sp ecializations of an existing clause. F or

example, w e migh t sp ecialize the prop ositional rule

a :- b, c

in t w o di�eren t w a ys

a :- b,c,d, e

a :- b,c,f
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F or te emplo ys t w o comp eting metho ds for adding an teceden ts. The �rst is similar to F oil

in that it adds anteceden ts one at a time, c ho osing at any p oin t the an teceden t that pro vides

the b est information gain. Our information metric is di�eren t from F oil 's in that it considers

only the n um b er of p ositiv e and negativ e instances { not the n um b er of pro ofs of p ositiv es

and negativ es.

The second algorithm is called relational path�nding

[

Ric hards and Mo oney , 1992

]

. W e

designed this metho d based on the assumption that relational concepts are usually repre-

sen ted b y a small n um b er of �xed relational paths connecting the arguments of a predicate.

Relational path�nding is reminiscen t of Quillian's spreading activ ation

[

Quillian, 1968

]

. In

essence, the v ariables already presen t in the clause are treated as no des in a graph. Rela-

tions in the predicate are treated as edges (predicates with arit y greater than tw o are simply

edges with more than t w o ends). THe graph asso ciated with the o v erly -general clause is

frequen tly disconnected into separate subgraphs. Relational path�nding seeks to �nd a path

of additional relations that can b e used to join the distinct subgraphs in to a coherent whole.

2.2 Generalizing the theory

When one or more p ositive instances cannot b e pro v en, the theory needs to b e generalized.

There are sev eral w a ys to do this in F or te : deleting an teceden ts from an existing clause,

adding a new clause, or using the inv erse resolution op erators iden ti�cation or absorption.

As with clause sp ecialization, sev eral generalizations of a clause may need to b e generated

in order to provide pro ofs for all of the p ositives without letting negatives b ecome prov able.

There are t w o approac hes to deleting an teceden ts from a rule. The �rst approac h, whic h

w orks w ell in simple cases, is to delete an teceden ts singly , based on a simple information

metric. Ho w ev e r, in some cases, w e ma y need to delete sev eral an teceden ts sim ultaneously

in order to gain anything. A simple example of this is an "m of n" t yp e problem. Giv en the

clause

a :- b, c, d, e, f

it ma y b e that all of the anteceden ts are imp ortant, but p ositiv e instances are distinguished

b y satisfying any three of them. In this case, we w ould need to create the rules

a :- b, c, d

a :- b, c, e

a :- b, c, f

a :- b, d, e

and so forth. Ho w ev er, deleting a single anteceden t ma y not help, since none of the p ositives

ma y satisfy a four an teceden t rule lik e

a :- b, c, d, e
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In order to add a new clause, F or te copies the clause iden ti�ed in the revision p oin t. It

then delib erately o v er-generalize s this clause by deleting all anteceden ts whose deletion allows

the pro of of one or more previously unprov able p ositiv es { ev en though their deletion ma y

also allo w pro ofs of some negativ e instances. This o v erly general rule is then giv en to the

an teceden t addition algorithms describ ed in the section on sp ecialization.

Lastly , F or te can use the in v erse resolution op erators iden ti�cation and absorption to

generalize a program. Iden ti�cation allows alternate de�nitions of a particular literal to come

in to pla y . F or example, supp ose w e ha v e the follo wing t w o clauses in our program.

a :- b, c, d

a :- b, x

------- -- --- --

x :- c, d

Assume c in the �rst clause was a failure p oint in an attempted pro of of a p ositive instance.

Iden ti�cation replaces the �rst clause with the third clause sho wn. This do es not a�ect

curren t pro ofs, but it allo ws other de�nitions of x to generalize pro ofs that use the �rst

clause.

Absorption is, in e�ect, the complemen t of iden ti�cation. Supp ose w e ha v e, in our

program, the �rst t w o clauses shown b elo w.

a :- b, c, d

x :- c, d

------- -- --- --

a :- b, x

Absorption notes the common an teceden ts and replaces the �rst clause with the third one.

Again, this do es not endanger an y existing pro ofs, and has the e�ect of allo wing alternate

de�nitions of x to come in to pla y . Absorption is particularly useful for developing recursive

clauses, since x and a ma y b e the same predicate.

3 Debugging Studen t Programs

In order to test F or te 's debugging abilit y , sample logic programs w ere collecte d from stu-

den ts taking an undergraduate course on programming languages. Studen ts w ere giv en an

assignmen t to write sev eral short logic programs. The �rst problem inv olv e d �nding a path

in a directed graph, a standard test problem for F oil

[

Quinlan, 1990

]

. Belo w is a correct

program for this problem.

path(A, B) :-e dge (A, B) .

path(A, B) :-e dge (A, C) ,pa th( C, B).
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The second in v olv ed inserting an elemen t in a list immediately follo wing a sp eci�ed item.

Belo w is a correct program for this problem:

1

insert_ af ter ([A |B] ,A ,C, [A, C| B]) .

insert_ af ter ([A |B] ,C ,D, [A| E] ) :- C\=A, insert _a fte r(B ,C, D, E).

where insert after(X ,A, B, Y) inserts B after the �rst o ccurrence of A in the list X . Studen ts

w ere ask ed to hand in the initial v ersions of their programs b efore running and debugging

them. W e receiv e d 3 distinctly di�eren t buggy programs for path , and 9 for insert after .

F or te w as giv en eac h of these 12 programs to debug together with a training set of

correct input-output pairs. The training set for path w as a complete set of p ositiv e and

negativ e examples for an 11-no de graph (15 p ositiv e, 106 negativ e). The training set for

insert after con tained 10 p ositiv e examples for lists up to size 3 and 23 selected negative

examples. F or this problem, F or te is also giv en a de�nition for compon ent s .

The system was able to correctly debug all but one of the 13 programs. Debugging time

to ok an a v erage of 68 seconds for the path programs and 350 seconds for the inser t after

examples running in Quin tus Prolog on a Sun Sparcstation. One program w as not prop erly

debugged due to a lo cal maximum. The revisions included deleting incorrect clauses, adding

additional literals to clauses, and adding totally new clauses. Belo w is one of the buggy

studen t programs for path :

path(A, B) :-e dge (B, A) .

path(A, B) :-e dge (A, B) .

path(A, B) :-e dge (A, C) ,ed ge( D, B), pat h(A ,C ).

The �rst clause is incorrect since a directed path is desired. Since it co v ers a n um b er of

negativ es and no p ositives, F or te retracts this clause as its �rst revision. Since the student

wrote the recursive clause with t w o edges and a path, the case of a path of length tw o is not

handled. As a result, F or te adds the rule:

path(A, B) :- edge(A, C), path(C, B).

Finally , F or te decides to delete the student's original recursiv e clause since the new clause

co v ers all of the examples it co v ers. The result is the simple correct program presen ted

earlier.

One of the buggy studen t programs for inser t after is sho wn b elo w:

insert_ af ter ([A |B] ,C ,D, [A| E] ):- ins ert _a fte r(B ,C ,D, E).

insert_ af ter ([A |B] ,A ,C, [A, C| D]) :-i nse rt _af ter (B ,A, C,D ).

1

It should b e noted that F or te uses a function-free represen tation lik e F oil . A term sho wn as [ A j B ]

m ust actually represen te d b y an additional literal, componen ts(X, A,B) , in the b o dy of the clause. F or te

translates its results into normal Prolog notation for readability .
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This program is missing a base case, so the �rst revision F or te mak es is to add the clause:

insert_ af ter ([A |B] ,A ,C, [A, C| B]) .

Next, the system adds the an teceden t C 6= A to the student's �rst clause to prev en t answ ers

that nev er insert the desired item. Finally , the studen t's second clause is deleted b ecause

the instructions were to insert C only after the �rst o ccurrence of A . The result is the correct

v ersion of insert after previously presented.

4 Additional Debugging Examples

Since the studen ts in the previous exp erimen t w ere writing their �rst Prolog programs, the

examples could not b e to o di�cult. Lik e man y ILP systems, F or te can actually induce

complete programs for suc h simple problems. Giv en an empt y initial theory and the same

data used to re�ne the buggy programs, F or te can construct complete and correct de�ni-

tions for path and insert after . Consequen tly , it is not particularly surprising that it can

also debug programs for these problems.

Ho w ev er, F or te can also debug programs whic h, due to fundamen tal limitations or

resource constrain ts, existing ILP systems cannot induce without an oracle. Since they

cannot create new predicates, systems lik e F oil and Golem cannot induce programs with

recursiv e subroutines unless they are given extensional de�nitions of these subroutines. F or

example, they cannot pro duce a program for rever se giv en only a background de�nition for

compon ent s of a list { they need an extensional de�nition of appen d . Although F or te is

also unable to induce programs with recursive subroutines from scratch, it can debug many

incorrect de�nitions.

As an example of �xing a recursiv e subroutine, consider the follo wing buggy de�nition

of subse t .

member( A, [A| B]) .

member( A, [B| C]) .

subset( [] ,A) .

subset( [A |B] ,C) :- member( A, C), subse t( B,C ).

The second clause for member is missing the recursiv e literal member( A,C ) from its b o dy .

F or te successfully added this an teceden t giv en only 64 p ositiv e and negativ e examples of

subset and a de�nition of compon en ts { explici t examples of member w ere not necessary .

5 Related W ork

As previously men tioned, most recen t w ork in ILP has concerned the complete induction

of logic programs from examples

[

Quinlan, 1990; Muggleton and F eng, 1990; Kijsirikul et
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al. , 1991

]

. Shapiro's Prolog debugger, PDS6

[

Shapiro, 1983

]

, uses man y tec hnique s from his

learning system, MIS; ho w ev er, it requires a great deal of user in teraction. The user m ust

b e a v ailable to answ er mem b ership queries as w ell as pro vide other detailed information.

F or te requires only a su�cien t supply of examples; no oracle or additional user in teraction

is required.

W ork in automated debugging for other programming languages has primarily employ e d

static metho ds that compare a program to a formal sp eci�cation

[

Katz and Manna, 1976

]

abstract program plan

[

Johnson, 1986

]

, or existing correct program

[

Murra y , 1988

]

. By

comparison, PDS6 and F or te are dynamic . They run a program on sp eci�c examples,

detect errors, and use them to revise the program.

2

Consequen tly , dynamic metho ds require

only partial, extensional de�nitions of programs. This is an imp ortant adv an tage since formal

sp eci�cations are frequen tly una v ailable. Systems that require an existing correct program

(e.g. T alus

[

Murra y , 1988

]

) are primarily useful in tutoring en vironmen ts, since a correct

program is rarely a v ailable in other situations.

Most other work in theory revision is prop ositional in nature, and therefore inapplicable

to logic programming

[

Ginsb erg, 1990; T o w ell and Sha vlik, 1991 ; Cain, 1991

]

. F ocl

[

P azzani

et al. , 1991

]

uses an initial theory to guide a F oil -based system; ho w ev er, it pro duces a 
at,

op erationalized de�nition instead of a revised theory . A v ersion of F ocl that p erforms theory

revision has b een dev elop ed

[

P azzani and Brunk, 1990

]

; ho w ev er, it requires signi�cant user

in teraction. Finally , F ocl has not b een tested on logic programming problems and it is

unclear ho w its op erationalization pro cedure would handle recursion.

6 F uture W ork

As with all existing ILP systems, the problems curren tly used to test F or te are quite

simple. Consequen tly , w e plan to test F or te 's abilit y to debug more di�cult programs. An

in teresting problem we are considering is debugging a Prolog implemen tation of ID3

[

Bratk o,

1990

]

. Since debugging is normally m uc h easier than program syn thesis, w e b eliev e F or te

should b e able to handle larger problems than purely inductiv e systems. W e also plan to

test F or te on other real-world problems such as revising qualitative mo dels of complicated

systems

[

Bratk o et al. , 1991; Ric hards and Mo oney , 1992

]

and revising the Chou-F assman

theory for protein folding

[

Maclin and Shavlik, 1991

]

.

Lik e man y other ILP systems (e.g. Golem , F oil ), F or te is unable to create new

predicates. Curren t predicate-in v en ti on metho ds suc h as in v erse resolution

[

Muggleton and

Bun tine, 1988

]

are computationally v ery demanding and usually emplo y an oracle. E�-

cien t oracle-free metho ds for predicate inv en ti on are needed to revise programs that require

additional recursive subroutines.

2

The terms static and dynamic are b orro w ed from

[

Murra y , 1988

]

.

8



W e are also dev eloping tec hniques for learning searc h heuristics

[

Mitc he ll , 1984; Cohen,

1990

]

to impro v e the e�ciency of logic programs. Meta-rules for when to use a particular

clause can b e empiric ally learned using sample calls for whic h the clause ultimately failed

or succeeded in leading to a �nal solution. Suc h examples can b e extracted from the searc h

conducted during the execution of a logic program

[

Cohen, 1990

]

. Existing ILP systems

should b e useful for learning search heuristics from these examples. As an example, consider

the following exp onen tial-time sorting program:

naiveso rt (X, Y) :- permu tat io n(X ,Y) , ordere d(Y ).

permuta ti on( [], []) .

permuta ti on( [X| Xs] ,Y s) :- permu tat ion (X s,Y s1) , remove (X, Ys ,Ys 1).

remove( X, [X| Xs] ,Xs ).

remove( X, [Y| Ys] ,[Y |Y s1] ) :- remove (X, Ys ,Ys 1).

ordered ([ _X] ).

ordered ([ X,Y |Ys ]) :- X =< Y, order ed( [Y |Ys ]).

The predicate remove( X, Y,Z ) is true if removing one of the o ccurrences of the item X from

the list Y lea v e s the list Z . The predicate permuta tio n actually uses remove to insert an

elemen t in to a list at ev ery p ossible p osition. Using examples for when eac h of the clauses

for remov e leads to a success or failure, it should b e p ossible to learn the following heuristics:

the base case ultimately leads to a solution when Xs = [] or when Xs = [ Y j Ys ] and X � Y ;

the recursiv e clause leads to a solution when X > Y . If these constrain ts are folded in to the

existing rules, the resulting de�nition for remove is:

remove( X, [X] ,[] ).

remove( X, [X, Y|Y s], [Y |Ys ]) :- X =< Y.

remove( X, [Y| Ys] ,[Y |Y s1] ) :- X > Y, remove( X,Y s, Ys1 ).

When this new pro cedure is used b y permu tat io n , it alw a ys inserts the eleme n t X b efore

the �rst eleme n t of Ys1 that is greater than it. Up on insp ection, it is clear that the result is

an insertion sort, where permut ati on alw a ys returns a sorted p ermutation and the order ed

c hec k is redundan t. Consequen tly , b y learning heuristics for when to use each of the clauses

for remove , w e ha v e turned an O ( n !) sorting algorithm in to a O ( n

2

) one! W e are curren tly

dev eloping an ILP system that learns such heuristics using a F oil -based inductive learner.

7 Conclusions

Automated program debugging is an area of ILP that has not b een extensiv ely explored.

Shapiro's original w ork in this area has not b een follo w ed-up nearly as w ell as his w ork on
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induction of complete programs. W e b eliev e that recen t dev elopmen ts in �rst-order induction

and theory revision hold great promise in dev eloping dynamic automated debuggers for logic

programming. Initial results on using our theory revision system, F or te , to debug logic

programs is quite promising. It is already capable of debugging actual student programs for

simple problems without an y user in teraction. W e plan to extend our tests to larger, more

realistic problems and to develop e�ectiv e learning metho ds for improving the sp eed as well

as the accuracy of logic programs.
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