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Abstract

This pap er prese n ts an algorithm that com-

bines traditional EBL tec hniques and recen t

dev elopmen ts in inductive logic programming

to learn e�ectiv e clause selection rules for

Prolog programs. When these con trol rules

are incorp orated in to the original program,

signi�can t sp eed-up ma y b e ac hiev ed. The

algorithm pro duces not only EBL-lik e sp eed

up of problem solvers, but is capable of auto-

matically transforming some in tractable al-

gorithms in to ones that run in p olynomial

time.

1 INTR ODUCTION

Explanation-based learning (EBL) research in logic

programming has generally fo cussed on learning

macr os (compiled rules)

[

Mitc hell et al., 1986; De-

Jong and Mo oney , 1986; Prieditis and Mostow, 1987

]

,

while EBL w ork in planning and pro duction systems

has tended to fo cus on learning searc h-con trol rules

[

Mitc hell et al., 1983; Min ton, 1989; Laird et al., 1986

]

.

Recen tly , Cohen

[

Cohen, 1990

]

has argued the adv an-

tages of learning search con trol rules to solve the clause

sele ction pr oblem in logic programming. Standard

EBL metho ds can b e applied to clause selection; how-

ev er, they tend to pro duce control rules that are accu-

rate but highly complex. The complexit y of the rules

mak es them costly to use and can often degrade ov erall

p erformance rather than improving it

[

Min ton, 1988

]

.

Cohen's system, AxA-EBL, deals with this problem

b y using induction to learn a small set of \appro xi-

mate" con trol rules with reduced matc h cost. AxA-

EBL \explains" correct uses of a clause b y compiling

out a generalized macro for the subgoal to which the

clause w as applied. A p o ol of candidate control rules is

formed b y considering all k-b ounde d appr oximations of

these macros. A k-b ounded approximation is formed

b y dropping all but j conditions from the macro for

some j < k . AxA-EBL then searc hes this p o ol for

a small set of rules which maximizes cov erage of p osi-

tiv e examples and minimizes the cov erage of negatives.

AxA-EBL w as sho wn to out-p erform standard EBL

con trol rules in a num b er of problem solving domains.

Although quite succes sful, AxA-EBL su�ers from a

n um b er of w eaknesses. First, only v ery small v alues of

k can b e used since the num b er of k-b ounded approx-

imations gro ws exp onen tially in k . A second problem

is that explanan tions for subgoals are created with-

out considering the context of the surrounding pro of.

Often the conditions which cause the application of a

clause to ev en tually fail lie outside of the pro of of the

sp eci�c subgoal to which the clause w as applied.

Our system Dolphin (Dynamic Optimization of

Logic Programs through Heuristics INduction) can b e

view ed as an extension of the AxA-EBL approach that

attempts to solv e these t w o problems. W e apply a

more p o w erful induction algorithm, Quinlan's F OIL

[

Quinlan, 1990

]

, to the problem of constructing ap-

pro ximate con trol rules in the context of the surround-

ing pro of structure. W e present empirical results in

three domains sho wing that this approac h pro duces

appro ximate con trol rules of high utilit y and gener-

ally outp erforms comp eting approaches. In particular,

w e sho w that, unlik e existing metho ds, Dolphin can

transform an O ( n !) generate-and-test sorting program

in to an O ( n

2

) insertion sort after solving only a single

problem.

2 THE DOLPHIN ALGORITHM

The Dolphin algorithm attempts to optimize a Prolog

program b y learning clause selection heuristics. The

input to the learning system is a Prolog program, a

sp eci�cation of whic h predicate consitutes the \top-

lev el" goal and a set of training problems. Dolphin

uses the examples to induce a set of control heuristics

whic h are then incorp orated into the original program

to pro duce a mo di�ed program as output. The al-

gorithm pro ceeds in three phases: example analysis,

con trol rule induction, and program sp ecialization.



naivesort( X,Y) :-

permutation( X,Y),

ordered(Y).

permutatio n([], []).

permutatio n([X| Xs],Y s) :-

permutation( Xs,Ys 1),

select(X,Ys, Ys1).

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

select(X,[ Y|Ys] ,[Y|Y s1]) :-

select(X,Ys,Ys1).

ordered([_ X]).

ordered([X ,Y|Ys ]) :-

X =< Y,

ordered([Y|Ys]).

Figure 1: Naiv e Sorting Program

2.1 EXAMPLE ANAL YSIS

In the example analysis phase, training examples are

solv ed using the existing program. The structur e of

eac h pro of is recorded, and the pro ofs are used to ex-

tract examples of correct and incorrect clause selec-

tion decisions in a manner simila r to

[

Cohen, 1990;

Mitc hell et al., 1983

]

. A selection decision for a clause

is a partially instantiated subgoal to whic h the clause

w as applied. A correc t decision is one that o ccurs in

a success ful pro of tree, while an incorrect decision is

an application that was tried and subsequen tly bac k-

trac k ed o v er. An y giv en example may pro duce n umer-

ous p ositiv e and negative examples of clause selection

decisions.

Once the examples ha v e b een solv ed, standard EBG

tec hniques

[

DeJong and Mo oney , 1986; Mitc hell et al.,

1986

]

are used to generalize the resulting pro of trees.

The goal of this generalization is to remov e those el-

emen ts of the pro of that are dep enden t on the sp e-

ci�c facts of the example while main tai ning the o v erall

structure of the pro of. In Dolph in , this is done b y

\retracing" the pro of steps on a top-lev el goal which

has uninstan tiated input arguments.

As an example, consider the naive sorting program in

Figure 1 whic h sorts a list by generating p ermutations

un til it �nds one that is ordered. P erm utations are

generated b y p erm uting the tail of the input list and

inserting the head somewhere in the p erm uted tail.

The predicate, select(Item , List1, List2) , holds

when Item is a mem b er of List1 , and List2 is List1

with an o ccurre nce of Item remo v ed. In naivesort ,

select/3 is actually called with its �rst and third ar-

gumen ts instan tiated to insert items in to the p erm u-

tation, whic h is returned in the second argument.

Notice that the only nondeterminism in this program

naivesort( [A,B, C,D,E ], [B,D,E,C,A] )

permutation( [A,B, C,D, E], [B,D,E,C,A] )

permutati on([B ,C,D ,E], [B,D,E,C]

permutation ([C, D,E], [D,E,C])

permutation([D,E] , [D,E])

permutati on([E ], [E])

permutation ([],[ ])

*1* select(E, [E], [])

select(D, [D,E], [E])

select(C, [D,E,C], [D,E])

select(C, [E,C], [E])

select(C, [C], [])

*2* select(B, [B,D,E,C], [D,E,C])

select(A, [B,D,E,C ,A], [B,D,E,C])

select(A, [D,E,C,A], [D,E,C])

select(A, [E,C,A], [E,C])

select(A, [C,A], [C])

select(A, [A], [])

ordered([B,D ,E,C, A])

*3* B =< D

ordered([ D,E,C ,A])

D =< E

ordered([E, C,A] )

E =< C

ordered([C,A ]

C =< A

ordered([ A])

Figure 2: Generalized Pro of of naiv esort([9,1,5, 3,4 ], X)

comes in the de�nition of the predicate, select/3 .

This nondeterminism could b e eliminated b y learn-

ing a con trol rule for the �rst clause whic h accu-

rately predicts when the item should b e placed at

the fron t of the list. Giv en the top-lev el exam-

ple, naivesort([9, 1,5, 3,4], X) , the example anal-

ysis phase discov ers 5 examples of correct uses of the

clause and 6 failed attempts. These selection decision

examples, sho wn in T able 1, represe n t p ositiv e and

negativ e examples of the concept, useful select 1 .

The generalized pro of extracted from the trace of this

example is sho wn in Figure 2. The pro of pro vides a

con text whic h \explains" the success of correct deci-

sions. Generalized pro ofs are used along with the se-

lection decision examples to do control rule induction.

T able 1: Examples of useful select 1

P ositiv es Negativ es

select(9, A,[]) select(9 ,A,[5 ])

select(1, A,[3, 4,5] ) select(9 ,A,[4 ,5])

select(5, A,[]) select(9 ,A,[3 ,4,5] )

select(3, A,[4] ) select(9 ,A,[1 ,3,4, 5])

select(4, A,[]) select(5 ,A,[4 ])

select(5 ,A,[3 ,4])



2.2 CONTR OL R ULE INDUCTION

The goal of the con trol rule induction phase is to pro-

duce an op erational de�nition for when it is useful to

apply eac h clause of the original program. Giv en a

program clause, C, w e desire a de�nition of the con-

cept \subgoals for whic h C is useful." Th us, con trol

rule learning in this context can b e view ed as relational

concept learning in a logic programming framework. A

n um b er of recen t systems

[

Quinlan, 1990; Muggleton

and F eng, 1990

]

ha v e tac kled this problem. Dolphin

emplo ys a mo di�cation of Quinlan's F oil algorithm to

p erform con trol rule induction.

The c hoice of a F oil -lik e framew ork w as motiv ated

b y a n um b er of factors. First, F oil is relativ ely easy

to implemen t and has pro v en e�cien t in a n um b er of

domains. Second, the general F oil algorithm has a

\most general" bias whic h tends to pro duce simple

de�nitions. This is imp ortan t in creating classi�ca-

tion rules with low matc h cost. Third, it is relatively

easy to bias F oil with prior kno wledge

[

P azzani and

Kibler, F orthcoming

]

. In our case, w e can tak e adv an-

tage of the information pro vided b y the generalized

pro ofs pro duced in the example analysis phase.

2.2.1 Basic F oil Algorithm

positives- to-co ver = {positiv e examples }.

While positives -to-c over is not empty

Find a clause, C, that covers some

examples in positives to cover, but

covers no negative examples.

Add C to the developin g definition.

Remove examples covered by C

from positives-t o-co ver.

Figure 3: F oil Co v ering Algorithm

F oil attempts to learn a de�nition of a concept in

terms of some given bac kground predicates. The de�-

nition comprises a set of function-free de�nite clauses

that co v er all of the p ositive examples of the concept,

and none of the negative examples.

F oil ma y b e view ed as a simple co v ering algorithm

whic h has the basic form sho wn in Figure 3. The

\�nd a clause" step is implemen ted b y a general-to-

sp eci�c hill-clim bing search. F oil adds an teceden ts to

the dev eloping clause one at a time. A t eac h step F oil

ev aluates all p ossible literals that might b e added and

selects the one which maximi zes an information-based

gain heuristic.

Since F oil learns clauses which are function-free, the

generation of candidate literals to add to the dev el-

oping clause essen tially consists of trying eac h bac k-

ground predicate with all p ossible com binations of

v ariables curren tly in the clause and new v ariables.

An y function sym b ols in the theory m ust b e in tro-

duced b y the bac kground predicates. This means,

for instance, that programs op erating on lists need a

bac kground predicate lik e componen ts(Li st, Head,

Tail) that can decomp ose a list structure.

While the function-free limitation mak es the searc h for

literals in F oil relativ ely e�cien t, it prese n ts n umer-

ous di�culties in using F oil to learn con trol heuristics

for Prolog programs including:

� Prolog programs often ha v e functions whic h are

not in tro duced in to the program with primitiv e

\constructor" predicates.

� In tro ducing constructors tends to create de�ni-

tions with greater matc h cost, since discrimina-

tions that could b e made immediately via uni-

�cation are pushed in to calls to more primitiv e

an teceden ts . This is particularly w asteful when

an an teceden t shares a v ariable with the head of

a clause, and delaying uni�cation may a�ect ho w

the clause is indexed by the Prolog system.

� F orcing de�nitions to b e function-free may exac-

erbate the incompleteness of hill-cli m bi ng. P at-

tern matc hing in uni�cation can b e used to test a

v alue in a deeply nested structur e. Decomp osing

the structure via constructor anteceden ts ma y re-

quire the addition of arbitrarily man y an teceden ts

whic h do not individual ly help discriminate b e-

t w een p ositiv e and negative examples. An exten-

sion to F oil , determinate literals, has b een pro-

p osed to partially address this problem

[

Quinlan,

1991

]

at the cost of complicating the simple F oil

algorithm.

Dolphin uses the generalized pro ofs of examples to

suggest whic h literals migh t b e added to the curren t

clause. Our approac h has the t win b ene�ts of fo cus-

ing the F oil searc h and learning clauses whic h ma y

include functions.

2.2.2 Using Pro ofs to Sp ecialize Clauses

The generalized pro ofs of top-lev el examples can b e

seen as giving the context for the appropriate applica-

tion of clauses used within the pro of. The op erational

no des of the pro of repres ent all of the primitive condi-

tions that had to b e satis�ed for the pro of to succee d.

Dolphin emplo ys induction in an attempt to iden-

tify a small set of simple tests that provide signi�cant

guidance in determining whether the application of a

giv en clause is lik ely to b e part of a complete pro of. It

is imp ortan t to note that the conditions b eing sought

ma y not necess arily lie in the pro of of the sp eci�c sub-

goal to whic h the clause is applied. A decision to use

a clause ma y turn out to b e wrong not b ecause the

clause itself could not succee d, but rather, b ecause it

did succeed and pro duced bindings whic h could not

b e used in completing the surrounding pro of. This is

esp ecially common in programs such as the naivesort



whic h implemen t a generate-and-tes t paradigm.

Dolphin emplo ys the same general cov ering algorithm

as F oil but mo di�es the clause construct ion step. Suc-

cessiv e sp ecializations of a clause are generated by con-

sidering the uses of the program clause for which the

heuristic is b eing learned. Supp ose w e are learning a

de�nition of the concept \subgoals for whic h clause,

A  B , is useful." The most general clause cov ering

the examples is simply useful( A

0

)  true , where A

0

is a \cop y" of A ha ving uninstan tiated arguments; call

this clause, C . C can b e sp ecialized b y (partially)

instan tiating some of its v ariables, or b y adding an-

tecede n ts to its b o dy . The former is achiev ed b y uni-

fying A

0

with a (generalized) subgoal which w as solv ed

b y the original clause, A  B . The latter is done by

unifying A

0

with a subgoal and adding an op erational

literal from the pro of which shares some v ariables with

that subgoal. The clause sp ecialization searc h algo-

rithm is detailed in Figure 4.

Let PC be the original program clause

Let PROOFS be the set of generaliz ed proofs

Let C = be the clause to be specialized

SPEC-PAIRS = {}

for each PROOF in PROOFS

SUBGOALS = subgoals in PROOF solved by PC

for each SUBGOAL in SUBGOALS

add (SUBGOAL,t rue) to SPEC-PAIRS

for each LITERAL in PROOF

if operatio nal(L ITER AL) and

share_vars (LIT ERAL, SUBGO AL)

** add generaliz e((S UBGOA L,LIT ERAL) )

to SPEC-PAIRS

REPEAT

SPECIALIZATI ONS = {}

for each (SUBGOAL ,ANTE ) in SPEC-PAIR S

add to SPECIALIZATI ONS the clause

created by unifying C's argument

with SUBGOAL and appendin g ANTE

to C's body

C = simplest clause among those tied for

maximal informatio n-ga in in

SPECIALI ZATIO NS

UNTIL no specializat ion has

positive informatio n-ga in

Figure 4: Clause Sp ecialization Algorithm

The generalize(( SUBGO AL,LI TERAL )) call on the

line lab elled ** is included so that sp ecializations cre-

ated b y adding a literal only instan tiate v ariables to

the exten t dictated b y the literal. Sub-terms app earing

in SUBGO AL whic h are not in LITERAL are gener-

alized to unique (uninstan tiated) v ariables. Th us, in-

stan tiating head v ariables (via uni�cation with a sub-

goal) and adding a literal are indep endent sp ecializa-

tions.

A couple of things are w orth noting ab out the algo-

rithm. V ariables in a newly added anteceden t are con-

nected with the existing clause b y uni�cation of the

predicate's argumen t with a subgoal sharing v ariables

with the an tecedent. Th us, the current v ersion of the

algorithm only adds literals which directly share some

v ariables with the head of the clause under construc-

tion. This restriction is not strictly necessary . It ma y

b e that arbitrary chains of literals from a pro of are use-

ful in the developing de�nition; new literals could b e

added b y matc hing a c hain in a pro of with anteceden ts

already included in the clause b eing constructed. En-

forcing the \no-c haining" restriction mak es the al-

gorithm easier to implemen t, impro v es the e�ciency

of the induction (since few er p ossible sp ecializations

are considered) and lo w ers the matc h-cost of learned

heuristics b y a v oiding extende d chains of literals which

m ust b e ev aluated.

It should b e noted that the no-chaining restriction may

prev en t the learning of an accurate control rule. Sp e-

cialization terminates when no further improv emen t is

found in the information- gai n metric. This means it

is p ossible to pro duce clauses in the concept de�nition

whic h still co v er some negativ e instances, p ermitting

the learning of approximate de�nitions.

2.2.3 Con trol Rules for Naiv esort

Con trol rule induction for the naiv esort problem is

straigh t-forw ard. Initially the set of con trol rules is

empt y , and the co v ering algorithm attempts to �nd a

clause whic h co v ers some of the p ositive examples from

Figure 1. The initial clause,

useful select 1(select(A ,B,C))  true

co v ers all of the p ositiv e and negativ e examples.

Dolphin will attempt to sp ecialize it.

In p erforming sp ecialization, SPEC-PAIR S will con tain,

among others, the pairs:

(select(E, [E],[ ]),tr ue))

(select(B, [B,D j X] ,[D j X]), B = < D)

The �rst is created b y uni�cation with the subgoal

lab eled *1* in the generalized pro of (Figure 2). The

second is created from the subgoal lab eled *2* and the

op erational literal lab eled *3*. The sub-term [E,C]

from *2* has b een generalized to a new v ariable, X,

since [E,C] do es not app ear in the op erational literal

and is therefore unnecess ary for connecting it to the

subgoal.

Applying these t w o pairs to pro duce sp ecializations

pro duces the clauses:

useful select 1(select(A,[A],[]))  true

useful select 1(select(A, [A,B j C],[B j C])  A = < B



These along with other p ossible sp ecializations, will

b e ev aluated on the examples in T able 1 to determine

whic h pro duces the most gain (lo osely , greatest ac-

curacy). The �rst clause co v ers three p ositiv e exam-

ples and no negatives, the second cov ers t w o p ositiv es

and no negativ es, so the former is preferred. Since

the clause co v ers no negativ e examples, no further im-

pro v emen t is p ossible via sp ecialization. This clause

is pic k ed as the �rst clause of the control rule de�ni-

tion. The examples cov ered b y the clause are remov ed

from p ositiv es-to-co v er and the pro cess rep eats. On

the second iteration, the winning sp ecialization is the

second clause sho wn ab o v e. A t this p oin t, all of the

p ositiv e examples are co v ered, and w e ha v e found a

de�nition for when it is useful to apply the �rst clause

of select/3 .

2.3 PR OGRAM SPECIALIZA TION PHASE

Once clause selection rules ha v e b een learned, they

are passed to the program sp ecialization phase which

\folds" this con trol information in to the original pro-

gram. The basic approach is to guard the b o dy of each

clause with the selection information. This forces the

clause to fail quic kly on subgoals to whic h it should

not b e applied.

F or non-disjunctiv e (single clause) selection rules, the

learned conditions are simply placed in to the origi-

nal program clause preceding the conditions already

presen t on the clause, and the clause head is uni�ed

with the argument of the selection rule. F or disjunc-

tiv e selections, a single new literal is added at the front

of the program clause. This new literal has the same

argumen ts as the clause head. The de�nition of the

new literal comprises the clauses of the selection rule

with the heads mo di�ed so that what were originally

argumen ts of the subgoal are made direct argumen ts

of the predicate. A cut (\!") is app ended to the b o dy

of eac h clause of this de�nition since there is no rea-

son to consider multiple pro ofs of the usefulness of the

original program clause.

A decision is also made as to whether the selection in-

formation has made the program clause deterministic.

If the learned selection rules co v er no incorrect deci-

sions in the training data, then it is assumed that the

mo di�ed clause is deterministic and a cut is placed

after the added condition(s). This has the e�ect of

commiting us to the program clause once it has b een

selected as useful.

Returning to the sorting example, folding the clause

selection rules bac k in to the theory as descr ib ed pro-

duces a new de�nition of select/3 sho wn in Figure 5.

In e�ect, permutatio n/2 has b een mo di�ed to pro-

duce ordered p ermutations. Careful insp ection sho ws

that this is a v ersion of the insertion sort algorithm,

and w e ha v e actually made an O ( N !) sort in to an

O ( N

2

) v ersion b y learning from a single top-level ex-

select(A, [A|B], B) :-

useful_se lect_ 1(A, [A|B], B), !.

select(A, [B|C], [B|D]) :-

!, select(A, C, D).

useful_selec t_1(A , [A], []) :- !.

useful_selec t_1(A , [A,B|C], [B|C]) :-

A =< B, !.

Figure 5: Impro v ed Select Predicate

ample. By inserting conditions from the testing p or-

tion of a generate-and-test program in to the generat-

ing p ortion, Dolphin is p erforming test inc orp or ation

[

Dietteric h, 1986

]

whic h, as illustrated here, can some-

times dramatically enhance the e�ciency of an algo-

rithm.

2.4 IMPLEMENT A TION

Dolphin is implemen ted in Quin tus Prolog on a

SP AR Cstation 2. Little attempt has b een made to

optimize the co de, but the design c hoices discussed

ab o v e ha v e yielded a relativ ely e�cien t system. The

construction of optimized programs for all of the ex-

amples discussed in this pap er w ere accomplished in

less than a min ute of system run-time.

3 EXPERIMENT AL RESUL TS

3.1 EXPERIMENT AL DESIGN

The Dolphin system has b een dev elop ed and tested

on three problems: naiv esort, n-queens, and � LEX.

F or eac h of these problems, exp erimen ts w ere run to

determine the e�ectivene ss of Dolphin in optimizing

ine�cien t programs.

The n-queens problem is adapted from a Prolog pro-

gram giv en in

[

Bratk o, 1990

]

. The problem is to

�nd a placement of N queens on an NxN c hessb oard

suc h that no queen is attac king another. The pro-

gram implements a generate and test strategy where

a con�guration is represented by a p erm utation of the

list, [1..N]. This mak es the program v ery similar to

naiv esort whic h also p erm utes a list and tests.

� LEX is a simpli�ed sym b olic in tegration solv er us-

ing state-space searc h with iterative deep ening. The

actual Prolog co de for the solv er is the same as that

used in

[

Cohen, 1990

]

.

In eac h domain, a set of testing problems was c hosen

as a b enc hmark. Dolphin w as then run on indep en-

den tly deriv ed training sets of v arious sizes to pro duce

\optimized" v ersions of the programs. These programs

w ere then run on the examples in the testing set to

ev aluate their p erformance. F or eac h training set size,



10 trials w ere run. The results presen ted here repre-

sen t an a v erage o v er the 10 trials.

The examples for the naiv esort problem w ere dra wn

from randomly generated lists of size 3 to 8. The test-

ing set con tained 100 suc h lists. The data for the N-

queens domain consisted of the 9 problems corresp ond-

ing to the 4-queens through 12-queens problems. The 4

largest problems were used as the test set, and training

w as done on success ively larger subsets of the smaller

problems. The � LEX training and testing problems

are from

[

Keller, 1987

]

.

Since Dolphin only sp ecializes clauses of the original

program, the optimized program is guaran teed to b e

sound with resp e ct to the computations p erformed by

the original program. That is, any solution found by

the optimized program must also ha v e b een a solution

of the original. Unfortunately , the optimized program

ma y not b e complete. There ma y b e problems which

the original program can solv e, but whose solutions

ha v e b een pruned from the searc h space of the opti-

mized v ersion. In order to guarantee the completeness

of the �nal program, w e adopt the strategy used b y

[

Cohen, 1990

]

and retain the original clauses. In test-

ing, w e �rst attempt to solv e the problem using the

optimized program. If this fails, the original program

is then used to �nd a solution to the problem.

It is clear that the sp eed-up achiev ed in this t w o-tiered

approac h is critically dep ende nt not only on the e�-

ciency of ev aluating the learned rules, but also on the

exten t to whic h the optimized program co v ers no v el

examples. F or eac h of the three problems we ev aluate

the e�ect of training set size on b oth the run-time and

the co v erage ac hiev ed b y the optimized program.

3.2 RESUL TS

The results of the exp erimen ts on these three prob-

lems are graphically summarized in Figure 6 and Fig-

ure 7. In all three, Dolphin w as able to signi�cantly

impro v e the p erformance of the initial program. The

times sho wn in the timing graphs represe nt the n um-

b er of seconds required to solv e the problems in the

training set. All times are for compiled Quin tus Pro-

log programs running on a SP AR Cstation 2.

It is not surprising that Dolphin pro duces programs

for the sorting problem that are signi�can tly faster

than the original p ermutation-based sorting algorithm.

W e ha v e already sho wn ho w the O ( N !) sort can b e \op-

timized" in to a p olynomial v ersion. What is, p erhaps,

surprising is how few examples are neces sary on av er-

age to learn the enhanced program. As can b e seen

from the co v erage graph, 2 examples is ususally su�-

cien t to learn insertion-sort, and 4 examples virtually

guaran tee succe ss.

In the n-queens problem, there is no lo cal condition

(kno wn to the authors) which allo ws for a fundamen-

tal impro v emen t in the order of the algorithm. In this

case Dolphin learned rules which w ere more \heuris-

tic". Still, the rules learned b y Dolphin w ere v ery

e�ectiv e in pruning the search space of the larger prob-

lems. The co v erage curv e for this problem is not very

in teresting as there were only four problems in the test

set, and all four w ere co v ered b y all training sets which

included the 4 and 5-queen examples. It is in teresting

to note that the p erformance of the optimized pro-

grams con tin ues to impro v e ev en after co v erage has

stopp ed impro ving. This is p ossible b ecause the pres-

ence of more examples guides the inductive comp onen t

to construct rules with greater utility .

On the � LEX domain which is a more \standard" EBL

problem, Dolph in compared fa v orably with other ap-

proac hes to learning in the logic programming frame-

w ork. The plot lab elled EBL-macro re
ects the result

of applying the EBG mec hanism used in Dolphin to

learn macro-rules for the top-level goal. The learning

mec hanism in EBL-macro �rst tried to prov e an exam-

ple using it's learned rules. If no learned rule applied,

the problem w as pro v ed using the normal solver and

the subsequent pro of w as generalized to pro duce a new

macro. The new macro was then added to the end of

the list of learned rules. The lac k of utilit y for the

macro approach on � LEX is probably due to the rela-

tiv e simplicity of the problems in the testing set. The

matc h cost of the macros w as not signi�can tly lo w er

than the cost of proving the example from scratch.

The curv e lab eled \AxA-EBL & EBL-Con trol" in Fig-

ure 7 is tak en from

[

Cohen, 1990

]

and represe n ts only

a rough comparison. The times rep orted there range

from o v er 26 seconds to under 2 seconds. The v al-

ues sho wn here w ere in terp olated o� a graph and

scaled appropriately . AxA-EBL is Cohen's integration

of induction and explanation discussed earlier. EBL-

con trol is a \rational reconstr uction" of standard EBL

con trol rule learning applied to the clause selection

problem. Cohen found that these t w o p erformed es-

sen tially iden tically on the � LEX problem.

Although one m ust b e cautious when making com-

parisons across systems, the curv es seem to suggest

that Dolphin con v erges to an e�cient program more

quic kly than AxA-EBL or EBL-con trol. F or � LEX,

this di�erence is probably not due to the induction

mec hanism, but rather to the di�ering strategies used

in folding the learned rules bac k in to the program.

Dolphin is conserv ativ e in committing to a rule choice

and only inserts a cut after the learned control condi-

tions if the conditions did not cov er an y negativ e train-

ing examples. AxA-EBL (and EBL-control) alw a ys in-

sert the cut. This enhances the relative co v erage of the

Dolphin -optimized program allowi ng it to backtrac k

from mistak es and con tin ue solving in the more e�-

cien t program rather than immediately defaulting to

the less e�cient solv er whenev er a selected clause fails

It is also w orth noting that EBL-macro, AxA-EBL
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and EBL-con trol w ould all fare v ery p o orly on the

naiv esort and n-queens problems, although the rea-

sons w ould di�er. EBL-macro w ould su�er from the

recursiv e, un b ounded nature of the problems. This

strategy w ould b e forced to acquire generalized pro ofs

of all p erm utations of v arious sized lists with little

hop e of ac hieving signi�can t co v erage on no v el exam-

ples. T ec hniques suc h as \generalizing to N"

[

Sha v-

lik, 1990

]

w ould not help signi�cantly since there is no

regular recurs iv e structur e in the correct explanations.

Eac h ordering of the input list pro duces a di�erent se-

quence of applications of the �rst and second clauses

of select/3 .

AxA-EBL w ould fail to learn an y con trol rules for

these programs at all. AxA-EBL only considers ex-

planations of the immediate subgoal to which a clause

w as applied. The pro of of the subgoal in this case is

just true , b ecause the �rst clause of select/3 has no

an teceden ts . Hence, the only learnable condition is

true , whic h is not a useful heuristic. These t w o prob-

lems are p erfect illustrations of the need to consider

the larger con text of the surrounding pro of in explain-

ing the succes s of a clause application. Finally , EBL-

con trol shares the shortcomings of b oth EBL-macro

and AxA-EBL.

4 RELA TED W ORK

Early researc h in learning control rules

[

Mitc hell et al.,

1983; Langley , 1985

]

did not fo cus on the utility prob-

lem, appro ximation, or application to logic program-

ming. LEX-2 com bined induction and EBL by induc-

ing o v er complete explanation-based generalizations.

Dolphin on the other hand, uses induction to select

the most useful pieces of EBL generalizations. Also,

Dolphin tak es adv an tage of recen t progress in rela-

tional learning, namely , F oil .

The �rst use of appro ximations in learning con trol

rules w as probably MetaLEX

[

Keller, 1987

]

. Ho w ev er,

it used a fairly simple metho d of simplifying learned

rules b y remo ving conditions. Most other recen t in-

v estigations in learning approximati ons

[

Ellman, 1988;

T adepalli, 1989; Chien, 1989

]

ha v e not fo cussed on

searc h-con trol heuristics. Appro ximating con trol rules

w as in v estigated in

[

Chase et al., 1989

]

; ho w ev er, their

system, ULS, do es not emplo y induction and is there-

fore limi ted to conserv ativ e appro ximations. Rep orted

impro v emen ts in e�ciency for ULS w ere relativ ely

mo dest.

Recen tly , Y o o and Fisher

[

Y o o and Fisher, 1991

]

ha v e

used induction o v er explanations

[

Flann and Diet-

teric h, 1989

]

to impro v e p erformance in a problem

solving framew ork. They attempt to increase the util-

it y of EBL-macros by clustering them in a Cobweb -

st yle classi�cation tree that main tai ns explanan tions

at v arious lev els of detail. By con trast, Dolph in uses

sup ervised learning metho ds to acquire explicit search-

con trol rules.

F ocl

[

P azzani and Kibler, F orthcoming

]

also com-

bines EBG and F oil b y in tegrating induction into the

op erationalization pro cess. F ocl impro v es the accu-

racy of a theory rather than it's e�ciency . Conse-

quen tly , unlik e Dolph in , it do es not use in tegrated

learning to acquire control rules.

The most closely related w ork is AxA-EBL

[

Cohen,



1990

]

. As discussed ab o v e, Dolphin impro v es on

AxA-EBL b y using a more-p o w erful inductiv e learn-

ing mec hanism and considering the en tire pro of of a

top-lev el goal as the explanation for the succes sful ap-

plication of a clause to a particular subgoal.

5 FUTURE RESEAR CH

Exp erimen ts with Dolph in ha v e raised a n um b er of

issues whic h require further in v estigation. One short-

coming of the curren t approac h is it's critical de-

p endence on the form of the program whic h is b e-

ing optimized. Using the alternativ e de�nition of

permutatio n/2 sho wn in Figure 8 w ould prev en t

Dolphin from b eing able to learn the insertion-sort

heuristic. In order to ac hiev e signi�cant p erformance

enhancement on this program, the system would ha v e

to learn to c ho ose the minim um elemen t from a list

when p erforming a p erm utation. In this particular

case, w e migh t b e able to turn the naiv esort in to a

selection sort if the system is allo w ed to learn a \re-

cursiv e" con trol rule which uses the predicate for which

con trol is b eing learned. A more general solution might

b e to use constructiv e induction to directly in v en t a

suitable test (in this case \minim um of list").

permutatio n([], []).

permutatio n(Xs, [H|T]) :-

select(H, Xs, Xs1),

permutation( Xs1, T).

Figure 8: Alternativ e De�nition, Permutatio n/2

Other c hanges to the inductive mec hanism might also

pro v e useful. While the simplicit y of the con trol rules

learned b y the inductive comp onen t of Dolphin tends

to increase their utilit y , there is no explicit use of

matc h-cost or op erationalit y . In fact, the F oil in-

formation metric actually tends to fa v or conditions

ha ving m ultiple pro ofs, which seems harmful to utility

since man y instan tiations of a condition may ha v e to

b e tried b efore it fails completely . One in teresting a v-

en ue of in v estigation w ould b e to incorp orate notions

of op erationality in to the hill-clim bing mec hanism to

bias the searc h to w ard more e�cien t con trol heuristics.

Another problem is the need to deal with an even more

extended notion of pro of context. Programs often use

a single predicate in di�eren t w a ys. Supp ose a pro-

gram used permutation/ 2 to sort some lists in to as-

cending order and others into descending order. The

con
icting uses of the p erm utation predicate will b e

re
ecte d as \noise" in the selection decision examples

o v er whic h Dolphin is attempting to do the induc-

tion. Resolving this problem requires that the selec-

tion decisions themselv es b e treated as pro of-con text

dep enden t.

6 CONCLUSIONS

Dolphin is the �rst system to combine recen t dev el-

opmen ts in inductiv e logic programming with EBG in

order to impro v e the e�ciency of logic programs. By

using the F oil algorithm to select the most useful p or-

tions of generalized explanations, Dolphin can learn

appro ximate control rules of high utility . In particular,

b y examining the entire pro of when generating control

rules for an y subgoal, Dolph in can p erform a form

of test incorp oration on logic programs. T est incorp o-

ration allows Dolphin to transform some intractable

algorithms in to ones that run in p olynomial time.

Ac kno wledgemen ts

This research w as supp orted b y the National Sci-

ence F oundation under grant IRI-910292 6, the NASA

Ames Researc h Cen ter under gran t NCC 2-629, and

the T exas Adv anced Researc h Program under gran t

003658114 . W e wish to thank Je-Nien Ernst who pro-

vided the data on EBL-macro.

References

Bratk o, I. (1990). Pr olo g Pr o gr amming for A rti�cial

Intel ligenc e . New Y ork , NY: Addison-W esley .

Chase, M., Zw eb en, M., Piazza, R., Burger, J., Maglio,

P ., and Hirsh, H. (1989). Appro ximating learned

searc h con trol kno wledge. In Pr o c e e dings of the

Sixth International Workshop on Machine L e arn-

ing , pages 40{42. Ithaca, NY.

Chien, S. (1989). Using and re�ning simpli�catio ns:

Explanation-based learning of plans in intractible

domains. In Pr o c e e dings of the Eleventh Interna-

tional Joint c onfer enc e on A rti�cial intel ligenc e .

Detroit, MI.

Cohen, W. W. (1990). Learning appro ximate control

rules of high utilit y . In Pr o c e e dings of the Sev-

enth International Confer enc e on Machine L e arn-

ing , pages 268{276. Austin, TX.

DeJong, G. and Mo oney , R. (1986). Explanation-based

learning: An alternative view. Machine L e arning ,

1(2):145{17 6.

Dietteric h, T. (1986). Learning at the knowledge lev el.

Machine L e arning , 1:287{316 .

Ellman, T. (1988). Appro ximate theory formation:

An explanation-based approac h. In Pr o c e e dings

of National Confer enc e on A rti�cial Intel ligenc e ,

pages 564{569. St. Paul, MN.

Flann, N. and Dietteric h, T. (1989). A study of

explanation-based metho ds for inductive learning.

Machine L e arning , 4:187{226 .

Keller, R. (1987). The R ole of Explicit Contextual

Know le dge in L e arning Conc epts to Impr ove Per-

formanc e . PhD thesis, New Brunswic k, N: Rut-



gers Univ ersit y . Also app ears as tec h. rep ort ML-

TR-7.

Laird, J., Rosen blo om, P ., and New ell, A. (1986).

Ch unking in soar: The anatom y of a general learn-

ing mec hanism. Machine L e arning , 1(1).

Langley , P . (1985). Learning to searc h: F rom w eak

metho ds to domain sp eci�c heuristics. Co gnitive

Scienc e , 9(2):217{26 0.

Min ton, S. (1988). Quan titativ e results concerning the

utilit y of explanation-based learning. In Pr o c e e d-

ings of National Confer enc e on A rti�cial Intel li-

genc e , pages 564{569. St. P aul, MN.

Min ton, S. (1989). Explanation-based learning: A

p oblem solving p ersp e ctive. A rti�cial Intel ligenc e ,

40:63{11 8.

Mitc hell, T., Utgo�, T., and Banerji, R. (1983). Learn-

ing problem solving heuristics b y exp erimen ta-

tion. In Mic halski, R., Mitc hell, T., and Car-

b onell, J., editors, Machine L e arning: A n A rti-

�cial Intel ligenc e Appr o ach . P alo Alto, CA: Mor-

gan Kaufmann.

Mitc hell, T. M., Keller, R., and Kedar-Cab elli, S.

(1986). Explanation-based generalization: A uni-

fying view. Machine L e arning , 1(1):47{80 .

Muggleton, S. H. and F eng, C. (1990). E�cien t induc-

tion of logic programs. In Pr o c e e dings of the First

International Confer enc e on A lgorithmic L e arn-

ing The ory , pages 368{381. T oky o.

P azzani, M. and Kibler, D. (F orthcoming). The util-

it y of bac kground kno wledge in inductive learning.

Machine L e arning .

Prieditis, A. and Mosto w, J. (1987). Prolearn: T o-

w ards a prolog in terpreter that learns. In Pr o-

c e e dings of National Confer enc e on A rti�cial In-

tel ligenc e . Seattle, W A.

Quinlan, J. (1990). Learning logical de�nitions from

relations. Machine L e arning , 5(3):239{266.

Quinlan, J. R. (1991). Determinate literals in in-

ductiv e logic programming. In Pr o c e e dings of

the Eighth International Workshop on Machine

L e arning . Ev anston, IL.

Sha vlik, J. (1990). Generalizing n um b er in explanation

based learning. Machine L e arning , 5:39{70.

T adepalli, P . (1989). Lazy explanation-based learn-

ing: A solution to the intractible theory problem.

In Pr o c e e dings of the Eleventh International Joint

c onfer enc e on A rti�cial intel ligenc e . Detroit, MI.

Y o o, J. and Fisher, D. (1991). Concept formation

o v er problem-solving exp erience. In Fisher, D.,

P azzani, M., and Langley , P ., editors, Conc ept

F ormation: Know le dge and Exp erienc e in Un-

sp ervise d L e arning . P alo Alto, CA: Morgan Kauf-

mann.


