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Abstract ory. While the new definition is only a reformulation
rather than an extension of the original definition, it
In this paper we present lazy partial evalua- can be faster to evaluate.
tion (L.PE)’ anew learning technique which is EBG has been used extensively in many learning sys-
a hyb‘rld of explanation-based generalisation tems eg. Prodigy (Minton et al., 1987) and Soar
(EBG).and par.tlal evaluation (})E) LPE op- (Laird, Rosenbloom & Newell, 1986), and sophisti-
erates in a similar way to EBC” except that cated techniques for its application have been devel-
the work performed exploring failed proofs oped. However, our concern in this paper is with two
is also generalised and stored. The equiv- limitations of the basic mechanism itself:
alence of the set of explored proofs to the .
original goal definition allows LPE to replace Repgated Compqtatlon: EBG{ can be a computa-
(rather than augment) the original definition tlonally expensive process — it explores the space
with them, speeding up proof search for fu- of pqssable proofs to find one which applies to a
ture examples. The resulting learning algo- training exampl.e. Although EBG learps an op-
rithm is significantly less computationally ex- erational definition .of the concept derl.ved from
pensive than EBG, while also avoiding the a successful proof (ie. one Whlch applies to the
potentially vast memory requirements of PE. example), the work done exploring other proofs
It also removes the undesirable bias which which turn out to be inapplicable to the exam-
EBG introduces, where EBG’s preference for ple is lost. Gi.ven a new gxample for which th_e
reusing operational proofs may result in a learned operational deﬁnltlops do not apply, this
‘poor’ proof being selected. We describe LPE search must be repeated again from scratch.
and ompare 1ts pe.rformqnce Wlth PE and The Masking Effect: By preferring to reuse
EBG on two constraint saplsfact}on ta.sks. Fi- learned, operational definitions, an EBG system
nally, we anglyse the .condltilons n whlch.each may miss alternative proofs of concept member-
of the learning techniques is most effective. ship which it could have found by searching the
original domain theory. When there is some cost
. associated with different proofs, an EBG system
1 Introduction

Explanation-based generalisation (EBG) (Mitchell,
Keller & Kedar-Cabelli, 1986) has become an es-
tablished problem-solving technique, whose aim is to
speed-up problem-solving by recording and reusing
generalised solutions to previous problems It can be
seen as an example-based compilation technique in
which efficient or ‘operational’ versions of parts of a
domain theory are synthesised and stored, examples
being used to determine which parts of the theory to
operationalise. It operates by proving a goal (eg. con-
cept membership) for an example, and then synthe-
sising an operational definition of the goal by collect-
ing and generalising the operational subgoals in that
proof. This new definition is added to the domain the-

may miss a ‘better’ proof by preferring to reuse
a learned proof. For example in the planning
domain, where proofs correspond to plans, EBG
may miss a shorter plan if an operational defini-
tion corresponding to a longer plan applies first.
Here, learned knowledge has partially hidden or
‘masked’ the original domain knowledge, and ob-
scured opportunities for further learning. Note
that this problem is distinct from the utility prob-
lem of EBG, and concerns the ‘quality’ of the so-
lution found rather than the time taken to find
it.

An alternative to EBG is partial evaluation (PE),
closely related to EBG (van Harmelen & Bundy, 1988,
Prieditis, 1988). Rather than augmenting a domain



theory with operational versions of concept definitions,
PE replaces a concept definition with all possible op-
erational definitions of that concept. This is done in a
once-and-for-all, preprocessing phase before problem-
solving proper commences. The resulting domain the-
ory is larger but may also be more efficient. It over-
comes both of the above problems: first, the explo-
ration of the original space of proofs to find (all) op-
erational definitions is performed only once — in con-
trast, EBG must repeat this exploration from scratch
each time learned, operational definitions do not apply
to an example. Second, because PE makes the opera-
tional definitions in the domain explicit, these can then
be ordered by their associated cost/quality to ensure
that the ‘best’ is found first for any example. Despite
these advantages, PE also has associated problems:

Space Requirement: The number of operational
definitions can be very large, even infinite, and
hence too costly in terms of memory to store.

Unnecessary Computation: Many of the defini-
tions created by PE may not be required in prac-
tice and hence an unnecessary computational cost
has been incurred in generating them.

To address the preceding problems, we have developed
lazy partial evaluation (LPE), a hybrid of EBG and
PE, which we now present. Following this, we com-
pare LPE’s performance with EBG and PE on two
constraint satisfaction problems, and discuss the con-
ditions in which each technique is the most effective
learner.

2 Lazy Partial Evaluation

2.1 Definitions

We adopt the normal terminology of EBG as follows.
A concept definition consists of a set of goals to be
proved of an example, which, if proved, imply the ex-
ample 1s a member of that concept. A domain the-
ory consists of facts and rules (expressing how goals
are defined in terms of subgoals and facts). Some
goals are labelled as being operational. An operational
concept definition is one expressed in terms of opera-
tional goals. Proof of concept membership involves
repeatedly replacing non-operational goals in a con-
cept definition with subgoals (which may still be non-
operational), using rules in the domain theory. We
term this process (goal) expansion.

2.2 The LPE Algorithm

Given an example, LPE behaves in a similar way
to EBG: both techniques search for a proof of con-
cept membership, then generalise the proof, collect
the leaves of the proof to create a new concept def-
inition, and save the new definition for future use.

However LPE differs from EBG in that LPE also con-
verts into concept definitions all the partially explored
proofs which turned out not to apply to the exam-
ple. In this way, none of the work done searching
for proofs is wasted. After finding a successful proof,
LPE (and EBG) can either continue to search for other
(maybe ‘better’) proofs or simply abandon the remain-
ing, unexplored lines of proof by treating them as if
they had also failed (ie. generating concept defini-
tions from them without expanding them further). It
is important to note that LPE traverses the space of
possible proofs in no more detail than EBG would. Be-
cause LPE generates definitions from all the traversed
branches, the new definitions constitute a reformula-
tion of the original concept definition which is com-
plete, ie. capable of proving every example provable
by the original domain theory and no more. There-
fore, LPE can replace (rather than EBG’s augment-
ing) the original concept definition with these simpler
definitions, reducing the work required to find proofs
for future examples. This 1s a key source of LPE’s
power. The result of applying LPE to a sequence of
examples is a revised domain theory, partially evalu-
ated only as much as is necessary to prove or refute
the concept membership of the given examples (hence
the name ‘lazy partial evaluation’). If all parts of a
domain theory are not required to determine the con-
cept membership of the given examples, LPE will be
both faster and more space efficient than PE.

The LPE algorithm is given in Figure 1 and in Prolog
in Appendix A. It is similar to EBG, except that the
failure of an operational goal no longer causes this line
of proof to be abandoned (and another searched for).
Instead, LPE returns a flag (SatistfiedByExample,
set to false) which stops further goal expansion along
this particular line of proof. The foreach...while
clause (line 4 of Figure 1) implements this. Note that
this can be converted easily into EBG and PE.

2.3 Example

As an example, consider the following domain theory
defining the concept of a ‘tiger’:
tiger(X) :- striped(X), cat_family(X).

cat_family (X)
cat_family (X)

:— carnivore(X), tail(X).
;- fast_runner (X).

:— eats_meat (X).
;- teeth(X), mammal(X).

carnivore (X)
carnivore (X)

manmal(X) :- hairy(X).
mammal (X) :- gives_milk(X).
mamnal (X) :- warm_blood(X).

Predicates describing basic properties of the ani-
mal are operational (ie. striped, hairy, givesmilk,
warm_blood, eatsmeat, teeth, tail, fast_runner)
Given a training example, joe, described by the fol-



procedure LPE(Goals, Example) returning ProofLeaves and SatisfiedByExample:
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let SatisfiedByExample := true.
if more than one Goal in Goals
then let ProofLeaves := Goals.
foreach Goalj in Goals while SatisfiedByExample = true:
expand Goalj using LPE(Goalj,Example) into ProofLeaves;
and SatisfiedByExamplej,
replace Goal; in ProofLeaves with ProofLeaves;, and
let SatisfiedByExample := SatisfiedByExample;.
endforeach.
return ProofLeaves and SatisfiedByExample.
elseif Goal is operational
then if  Goal is satisfied by example®
thenreturn Goal and true else return Goal and false.’
else find a set of subgoals SubGoals which achieve Goal,
call LPE(SubGoals, Example) to find ProofLeaves and
SatisfiedByExample, and
return ProofLeaves and SatisfiedByExample.

Notes for the above algorithm:

concluding Goal).

Goals is the concept to prove, Example is a training example, ProofLeaves is a reformulated definition
of the concept (comprising of the leaves of the proof explored), and SatisfiedByExample is a flag, either
true/false, indicating whether Example satisfies ProofLeaves or not.

This procedure explores just one line of proof: to explore all lines of proof, as LPE requires, standard
backtracking techniques are used. The point of non-determinacy to which backtracking returns is line
14 (“find a set of subgoals...”), which may have 0 or more solutions (one for each domain theory rule

“(lines 12 & 13) replacing this ‘if-then-else’ test with ‘return Goal and true’ converts LPE into PE.
®(line 13) replacing “return Goal and false.” with “fail.” (ie. backtrack) converts LPE to EBG.

lowing:
gives_milk(joe). eats_meat (joe) .
tail(joe). striped(joe).

the successful proof of concept membership is:

tiger(joe) :-
striped(joe),
cat_family(joe) :-
carnivore(joe) :-
eats_meat (joe) .
tail(joe).

In addition, there are two failed proofs:

tiger(joe) :-
striped(joe),
cat_family(joe) :-
carnivore(joe) :-
teeth(joe), <=== FAILS!
mammal (joe) .
tail(joe).

tiger(joe) :-
striped(joe),
cat_family(joe) :-
fast_runner(joe). <=== FAILS!

Figure 1: The LPE Algorithm.

The following concept definitions result (for PE, the
example is not needed):

EBG
tiger(X):-striped(X),eats_meat (X),tail(X).
tiger(X):-striped(X),cat_family(X).

PE

tiger(X):-striped(X),eats_meat (X),tail(X).
tiger(X):-striped(X),teeth(X),hairy(X),tail(X).
tiger(X):-striped(X),teeth(X),gives_milk(X),tail(X).
tiger(X):-striped(X),teeth(X),warm_blood(X),tail(X).
tiger(X):-striped(X),fast_runner(X).

LPE

tiger(X):-striped(X),eats_meat (X),tail(X).
tiger(X):-striped(X),teeth(X) ,mammal (X),tail(X).
tiger(X):-striped(X),fast_runner(X).

For EBG, the single reformulation:
tiger(X):-striped(X),eatsmeat (X),tail(X).

is extracted from the successful proof and added to the
additional definition. In contrast, LPE also stores two



other definitions:

striped(X) ,teeth(X) ,mammal (X),tail(X)
striped(X) ,fast_runner (X)

constructed from the two (generalised) failed proofs.
Unlike PE, LPE stops further exploration of proofs
as soon as it is known that they do not apply to the
training example. Hence LPE does not waste effort
expanding mammal (joe), because it is already known
this line of proof is not needed for the example.

Note that LPE (and PE) have both replaced the origi-
nal concept definition with a set of simpler equivalents,
whereas EBG has augmented the original definition.

2.4 Avoiding the Masking Effect

The masking effect occurs when a system adopts a
previously learned solution to a problem in preference
to searching for a new solution, and, in doing so, misses
a ‘better’ solution. We illustrate later how this effect
can seriously degrade performance of EBG.

It should be carefully noted that this problem is dis-
tinct from the utility problem of EBG (Minton, 1988).
The utility problem occurs when the cost (in speed)
of testing a concept definition outweights the (speed)
benefit it provides when it applies, and is a problem
for all compilation learning techniques. The masking
problem, however, concerns the ‘quality’ of the solu-
tion found (independent of the time taken to find it).
It only occurs when a proof provides additional in-
formation besides yes/no concept membership, for ex-
ample when the proof corresponds to a plan for use
by a planner. The problem occurs when a proof cor-
responding to a ‘bad’ solution (eg. a long plan) is
adopted when a better solution (eg. a shorter plan)
exists. If all solutions are equally ‘good’; then the
masking effect does not occur. In the experiments de-
scribed in the next section, the masking effect was by
far the dominating problem. Further work is required
to assess the utility issue for LPE in more detail.

LPE, like PE, can avoid the masking effect by order-
ing the (original and learned) concept definitions by an
upper bound on their associated quality. Unlike EBG,
where learned definitions are tried before resorting to
the original domain knowledge, LPE interleaves origi-
nal and learned definitions together!. Given a problem
to solve (ie. an example to establish concept member-
ship of), each definition is tried in turn. If the defini-
tion is operational and the example satisfies it, we exit
with success. If the definition is non-operational and
is expanded as we try and prove the example satisfies
it, then new concept definitions are generated from the
successful and failed proofs as described in Section 2.2.

!We assume that the domain theory can be reordered
arbitrarily without invalidating it. In Prolog, this requires
the domain theory to be ‘pure’ Prolog (no cut).

The old definition is then deleted, the new definitions
added (positioned according to their qualities in the
list of definitions) and the search continues. In this
way LPE gradually replaces the original definitions
with repeatedly simpler, and eventually operational,
definitions as demanded by the problems encountered.
This concept definition ordering algorithm is shown in
Appendix B.

3 Application to Constraint
Satisfaction

3.1 Imntroduction

In this section we evaluate LPE’s application to con-
straint satisfaction problems (CSPs). A basic opera-
tion of all constraint satisfaction algorithms (CSAs) is
to test whether a hypothesis satisfies a constraint. We
wish to speed up this operation using some compila-
tion learning technique. Note that we are not present-
ing a new CSA, but instead wish to improve the per-
formance of existing CSAs by speeding up constraint
testing by learning.

Other researchers have developed alternative learn-
ing techniques specifically for CSPs. For example,
Eskey and Zweben (1990) have developed plausible
explanation-based learning (PEBL) for learning im-
proved search heuristics and Dechter (1990) has devel-
oped several learning techniques for reducing search of
constraint graphs. These projects aim to improve the
CSAs themselves by reducing the number of constraint
tests they need perform — they are thus complemen-
tary to our goal, which is to work within some CSA
to speed up the basic operation of constraint testing
itself through learning.

3.2 Definitions

CSPs can be formulated as a search for an assignment
of walues to wvariables such that a set of constraints
between variables is satisfied. A hypothesis is an as-
signment of values to all variables, and a solution is a
hypothesis which satisfies the constraints.

3.3 Speeding up Constraint Tests

To apply constraints in CSAs, a (typically small) pro-
gram is required to test whether the constraints are
satisfied or not by a hypothesis. This program con-
stitutes a computational definition of the constraints,
and is the “domain theory” for CSPs. Executing this
program tests whether the constraints hold on a hy-
pothesis. It is the execution of parts of this program we
wish to speed up by ‘operationalising’ the constraint
definitions.

However, for efficient constraint satisfaction, we re-
quire more than simply knowledge of whether a hy-



pothesis fails the constraints — we also need to know
why the failure occurred, ie. which variables were in-
volved in the failure. This allows us to return immedi-
ately to an assignment responsible for a failure, skip-
ping over irrelevant variable assignments. This form of
dependency-directed backtracking is called backjump-
ing (Gaschnig, 1979).

In order to explain why a hypothesis fails some con-
straints, it is useful to re-express the constraints as
conditions for failure. (eg. from Appendix C, con-
straint: “don’t visit berlin more than once” becomes
failure-test: “visit berlin more than once”). This
‘trick” was used by Mostow and Bhatnagar (1987) in
their system Failsafe to allow EBG to be applied. By
using negated constraints, we can now produce a proof
or ‘explanation’ for why the hypothesis failed a con-
straint (the target concept is “a failed hypothesis”),
which also returns the variables involved in the fail-
ure. A ‘good’ explanation is one which blames the ear-
lier variable assignments made, as this allows greater
backjumping by the CSA. Hence there is a measure of
‘quality’ associated with each definition, and the pos-
sibility of a masking effect occurring.

As an example, consider the ‘cities” CSP (Appendix C)
used in the experiments later. The predicate not_okay
encodes the ten (negated) constraints, taking as input
a hypothesis H and succeeding if H fails a constraint.
If so, it also returns the variables involved in that fail-
ure. If more than one constraint is violated, there will
be more than one solution. Consider that the CSA
has generated the hypothesis route oslo — berlin —
paris — berlin — athens — paris — oslo. To see
if the hypothesis (represented as a list of the seven val-
ues for the seven variables) fails a constraint, we call
(using LPE):

lpe_call( not_okay([o,b,p,b,a,p,0], Vars) )
One solution to this is to return Vars = [var2,var4],
representing that the values of var2 and var4 violate
a constraint (berlin cannot be visited more than once).
It is the computation of not_okay which we wish LPE
to speed up. In addition we wish LPE to find the ‘best’
solution, ie. the one blaming the earliest variables,
allowing the CSA to backjump furthest.

To illustrate LPE on this example, the (generalised)
successful proof using the original domain theory
looks:

not_okay(H, [var2,var4]) :- % Hypo fails if...
visited_more_than_once(b,H) :-
visited(b,H,day2,var2) :- % at berlin on day2
denotes(var2,day2), % (var2 is day2, &
valof(var2,H,b), % var2 has value b)
visited(b,H,day4,var4) :- % and at b on day4

denotes(var4,day4),
valof(var4,H,b),
day2 \= day4. % & different days

An operational definition of not_okay is derived from
this (Just as in EBG) by collecting the operational sub-
goals (valof is the only operational predicate):

not_okay(H, [var2,var4]) :-
valof (var2,H,b), valof(var4,H,b).

In addition, LPE generates six other definitions for this
constraint from the six other failed proofs explored.
The first of these definitions is:

not_okay(H, [varl,VarX]):-
valof(varl,H,b), visited(b,H,D,VarX), D\=dayl.

(“if berlin is visited on dayl and some other day then
H is not_okay”). Note that visited(b,H, Day, VarX) is
not expanded further as we already know the defini-
tion does not apply to our example (the preceding goal
valof failed). As described earlier, the equivalence of
these simpler definitions to the original definition al-
lows LPE to replace the original definition with them,
speeding up proof search for future examples.

Definitions are ordered according to the constraint
variables which they explicitly name, the earlier the
latest variable they mention being considered ‘bet-
ter’ (allowing greater backjumping). Ties are bro-
ken by looking at the next latest variable they men-
tion. Some non-operational definitions may not have
been expanded enough to explicitly name all the con-
straint variables they involve (eg. [varl,VarX] be-
low). These are placed according to those which they
do explicitly mention, if any (eg. vari). Thus the
following definitions are ordered (variables starting
with an upper case letter, ‘..." denoting the definition

body):

not_okay(H, Vars) :- ...
not_okay(H, [vari,VarX]) :- ...
not_okay(H, [var2]) :- ...
not_okay(H, [varil,var4]) :- ...
not_okay(H, [var2,var4]) :- ...

For a non-operational definition, given a new example
to prove, it will either not apply, or be LPE expanded,
the expanded definitions inserted below it in their ap-
propriate places, the definition deleted, and the search
for a definition continued. This ensures that the first
operational definition which is located (if any) is the
‘best’, avoiding the masking effect (Section 2.4 and
Appendix B).

Note that many CSAs assume all pairwise (or n-wise)
constraints are explicitly known, eg. by applying full
PE to identify them from the original domain theory.
Here, however, we do not make this assumption; in
fact our concern is exactly with identifying possible
sets of conflicting variable assignments from the initial
constraint definitions.



Cities
hypotheses generated:
final no. concept defs:
goal expansions:
cpu time (sec):

No Learning

EBG PE LPE

165 1029 165 165
10 47 1011 314
94223 14639 10886 1520

331.9 92.2 78.1 33.6

Zebras No Learning EBG PE LPE
hypotheses generated: 7626 19433 7626 7626
final no. concept defs: 15 179 818 806
goal expansions: o(2 x 107) 453812 3782 3599
cpu time (sec): o(4 x 10°) 13722.1 1115 155.4

Table 1: Comparative performance of algorithms in two CSPs

3.4 Comparative Experiments
3.4.1 Algorithms

To evaluate LPE, we compare it with three other ap-
proaches to constraint testing:

No learning: For each hypothesis the CSA pro-
duces, generate all explanations of its failure from
scratch using the domain theory, and select the
‘best’ (ie. blaming earliest variables).

EBG: In our experiments, EBG was applied (when
no operational definition succeeded) by searching
the domain theory for the best (rather than the
first) explanation of failure and the new definition
added at the end (rather than the start) of the
list of operational definitions. These two decisions
reduced the masking effect and produced the best
results for EBG.

PE: The operational definitions produced by PE are
ordered according to their quality (blaming earli-
est variables), to ensure the first definition which
applies is the ‘best’.

3.4.2 Method and Evaluation Criteria

We compared these methods using a particular CSA
called ‘generalised backjumping’ (Clark & Holte,
1992), an enhancement of Gaschnig’s (1979) back-
jumping algorithm. This algorithm is a simple but
effective tree-searcher. A hypothesis is gradually con-
structed by assigning values to variables until a con-
straint fails: at this point, the algorithm immediately
backtracks (‘backjumps’) to redo the assignment of the
most recent variable involved in the failure (ie. skip-
ping over irrelevant variables). For present purposes,
its key feature is that finding the earliest cause of fail-
ure (‘the most useful proof of failure’) results in the
biggest backjumps and hence the smallest number of
hypotheses which need to be tested. It should be noted
that the above methods could also have been applied
with other CSAs.

The methods were compared on two constraint sat-
isfaction problems: the ‘cities’ problem (designed by

us for this comparison) and the well-known ‘zebras’
problem, described in Appendices C and D. The two
problems were chosen to explore the strengths and
weaknesses of LPE. The ‘cities” problem offers several
opportunities for being ‘lazy’, arising when the con-
straints do not need to be fully expanded to solve the
problem. Conversely, the famous ‘zebra’ problem re-
quires almost all the constraints in full.

To compare the methods, we measure the number
of hypotheses the CSA algorithm generates, the to-
tal number of final concept definitions, the number
of expansions of non-operational goals each algorithm
performs, and the total CPU time used for constraint
testing (ie. ignoring the overhead of the CSA itself).

3.5 Results and Analysis

The results are shown in Table 1. We first summarise
the main conclusions: in the ‘cities” CSP, substantially
less CPU time is required to test the constraints with
LPE than with either EBG and PE. This is a sig-
nificant result, showing that example-based learning
can outperform PE, and at the same time also have
a reduced memory requirement. In the ‘zebras’ prob-
lem, LPE does the fewest goal expansions, but requires
more CPU time than PE. On this problem, EBG is ex-
tremely inefficient. We now discuss the results in more
detail.

3.5.1 Hypotheses Generated

Each hypothesis generated by the CSA is a training
example for which membership of the concept ‘fails a
constraint’ is to be proved. For example in ‘cities’, 164
generated hypotheses failed a constraint, hence caused
backjumping, before the solution (hypothesis 165) was
found.

No learning: For each hypothesis, the domain the-
ory is searched to find the ‘best’ proof of fail-
ure (ie. identifying the earliest choice point the
CSA can backjump to). Thus the number of hy-
potheses tested here is optimal (ie. minimal): at
no point could the CSA have backjumped further



given the domain theory provided. Recall that
our aim is not to reduce the number of hypothe-
ses tested, but to speed up those tests.

PE and LPE: As both of these algorithms com-
pletely avoid the masking effect (Section 2.4), the
‘best’ proofs of failure are always found, hence the
number of hypotheses generated is minimal.

EBG: Here the masking effect is evident. EBG’s pref-
erence for using its learned, operational defini-
tions meant that sometimes a ‘better’ explanation
for failure was missed. As a result, the CSA did
not backjump as far as it could have, and many
hypotheses were unnecessarily generated.

It is worth noting that some of the ‘good’ ex-
planations which were missed by EBG earlier
in the search are sometimes learned later, when
hypotheses arise for which earlier explanations
do not apply. To see this, if we re-run the
CSA retaining EBG’s learned definitions, only 241
(cities) and 14965 (zebras) hypotheses are gener-
ated.

3.5.2 Final Number of Concept Definitions

We compare how each algorithm extends/reformulates
the original concept definitions:

No learning: The 10 original definitions for the
‘cities” problem (15 for zebras) remain unchanged
after executing the CSA.

EBG: For ‘cities’, EBG ends up with 47 definitions,
namely the 10 in the original domain theory plus
37 learned, operational definitions. These 37
are adequate to explain all the 1029 hypotheses,
which include the 165 hypotheses generated by
the other algorithms. For ‘zebras’, EBG adds 164
definitions to the original domain theory.

LPE: For ‘cities’, LPE has reformulated the 10 orig-
inal definitions as 314 definitions. These in-
clude the 37 EBG definitions, plus 277 others.
121 of these 277 were operational, corresponding
to ‘good’ explanations of hypotheses that EBG
missed (due to masking), and to explanations that
apply to none of the hypotheses, but which had to
be expanded by LPE to be fully operational be-
fore their inapplicability could be recognised. The
remaining 156 were non-operational, correspond-
ing to branches of proofs which were not fully ex-
panded. For ‘zebras’, only 4 of the 806 learned
definitions were non-operational, showing there is
little opportunity for ‘being lazy’ in this domain.

PE: The 1011 (cities) definitions include the 158 oper-
ational definitions of LPE, plus the full expansion
of LPE’s remaining 156 definitions. This figure
represents an upper bound on the number of def-
initions which EBG and LPE can produce.

3.5.3 Goal Expansions

Here, we count the number of times a non-operational
goal in a concept definition is replaced by its subgoals
(which may still non-operational). This action is per-
formed to prove concept membership (no learning), to
operationalise the domain theory (PE), or both (EBG,
LPE). This is the factor which learning is supposed to
reduce.

As in Section 1, we use the adjective ‘repeated’ to refer
to any goal expansion that is performed more than
once and ‘unnecessary’ to refer to any goal expansion
performed but not actually required to solve the given
problems.

No learning: Here the mazimum number of goal ex-
pansions needed for the examples is performed,
because the domain theory is used from scratch
each time. Thus a substantial amount of compu-
tation is repeated.

PE: PE does all possible goal expansions once and
only once. However, although no expansions are
repeated, many may be unnecessary if the result-
ing definitions are not needed for the examples
encountered in practice.

LPE: Performs the minimum number of goal expan-
sions needed for the examples seen. No repeated
or unnecessary expansions are performed, and
hence this figure will be always less (or equal to)
those for no learning and PE.

EBG: EBG, like LPE, also avoids unnecessary expan-
sions. However, for examples where a learned op-
erational definition does not apply, the original
domain theory is searched from scratch to find a
proof of membership, repeating expansions per-
formed for similar examples earlier. Hence the
number of goal expansions for EBG will be be-
tween that for LPE and no learning.

3.5.4 CPU Time

The CPU times refer to the time spent proving concept
membership for the hypotheses generated by the CSA
ie. the (small) overheads of the CSA itself have been
subtracted.

No Learning: The CPU time is high because the
search for an explanation of failure needs to be
generated from scratch for each hypothesis.

EBG: While EBG is fast to test examples for which
a learned, operational definition applies, it pays a
high time penalty when no learned definitions ap-
ply and a proof has to be generated from scratch.

PE, LPE: One would expect LPE to always be faster
than PE, because it generates exactly the same
examples, has fewer concept definitions to try,
and avoids unnecessary goal expansions. How-
ever, LPE differs from PE in a way that affects



the speed of tmplementation of the reformulated
domain theory. PE does all learning at the out-
set and therefore the PE’d domain theory can be
optimised for execution. LPE, on the other hand,
interleaves the execution and reformulation of the
domain theory, and hence must store definitions
in a data structure supporting arbitrary insertion
and deletion operations (Section 2.4). This makes
execution slower? to evaluate, and hence incurs a
time penalty that LPE’s benefits (reduced number
of definitions and goal expansions) must overcome
to make LPE worthwhile.

4 Discussion

The most important finding of our analysis and eval-
uation is that LPE can significantly outperform both
EBG and PE in certain problems. In particular, LPE
will always locate better (or the same) explanations
and require fewer (or equal) goal expansions than
EBG. Thus EBG should be used only when the domain
theory, as reformulated by LPE, grows unacceptably
large.

The choice between PE and LPE hinges on the trade-
off between the speed with which goal expansions are
executed and the number of goal expansions. Goals
can be expanded faster in PE than in LPE, but LPE
always performs fewer (or equal) expansions. If LPE
does fewer than half the goal expansions of PE, as in
domains in which the PE expansion is infinite, LPE is
the method of choice. There are two kinds of domain in
which the slight speed advantage of PE is significant.
The first, exemplified by the ‘zebra’ CSP, is that in
which almost all proofs will be required at some point
during problem-solving. We conjecture that most real-
world problems are not of this kind. The second kind
of domain in which LPE does almost as many goal
expansions as PE are domains in which goals must be
expanded to an operational level in order to determine
if they apply to a hypothesis. In this kind of domain
there are no opportunities for ‘laziness’: LPE is forced
to be ‘eager’ and behave just like PE.

5 Conclusion

We have presented LPE, a new compilation learning
technique. LPE is based on a similar learning principle
to EBG, namely that storing the results of search can
speed up problem-solving. LPE’s strength comes from
the equivalence of the set of (successful and failed)
proofs explored to the original domain theory. This al-
lows LPE to repeatedly replace rather than augment
the original theory with simpler equivalents, making
proofs faster to find in future. In addition the bias

2(approximately by a factor of 2.5 in this
implementation)

or ‘masking effect’ of EBG can be avoided. In do-
mains where full PE is intractable or unnecessary, LPE
can be a more effective ‘compilation learning’ method.
LPE is faster than EBG unless the reformulation of the
domain theory grows unacceptably large. This anal-
ysis has been illustrated in a constraint satisfaction
task.
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% Usage: lpe(+Goal, +GenGoal, -Leaves, -GenLeaves, -TFFlag).

1 lpe((A,B), (GenA,GenB), (LeavesA,LeavesB), (GenLeavesA,GenLeavesB), TF) :- !,
2 lpe(A, GenA, LeavesA, GenLeavesA, TFA),

3 (TFA = true -> lpe(B, GenB, LeavesB, GenLeavesB, TF)

4 ; LeavesB = B, GenLeavesB = GenB, TF = false ).

5¢ 1pe( A, GenA, false, GenA, false) :- operational(GenA), \+ call(4), !'.

6b lpe( A, GenA, A, GenA, true) :- operational(GenA), !, call(A).

7¢ lpe(Goal, GenGoal, Leaves, GenLeaves, TF) :-—

8 clause(GenGoal, GenBody),

9¢ copy((GenGoal:-GenBody), (SpecGoal:-GoalBody)),

10 UnificationGoal = (Goal=SpecGoal),

11 lpe((UnificationGoal,GoalBody), (true,GenBody), Leaves, GenLeaves, TF).

“Deleting line 5 converts LPE into EBG.

*Deleting line 5 and call(A) in line 6 converts LPE into PE.
“To see the whole proof, 7 is: 1pe(Goal,GenGoal, (Goal:-Leaves), (GenGoal:-GenLeaves) ,TF) : -

dcopy (4, CopyA)

:— assert(copy-of(A)), retract(copy-of (CopyA)). (A and CopyA don’t share vars)

Example usage: | ?- lpe(tiger(joe), tiger(X), Ls, GenLs, TF).
GenLs = striped(X), eatsmeat(X), tail(X) ;
GenLs = striped(X), teeth(X), mammal(X), tail(X) ;
GenLs = striped(X), fast_runner(X) ;

no

Figure 2: The Prolog LPE algorithm

procedure find_best_proof(Example, Concept) returning Proof:

foreach definition D of Concept in domain theory:

if D is operational and Example satisfies D then exit, returning D.

if D is not operational

then repeat call LPE(D, Example) to get an ExpandedD;

until no more ExpandedD; can be found

if  LPE made some expansions (the set of ExpandedD; # {D})
then delete D and add all ExpandedD; to domain theory, ordered
by (upper bound on) each ExpandedD;’s ‘quality’ (Section 2.4)
exit with failure (Example doesn’t satisfy any definition of Concept).

Figure 3: The Concept Ordering/Execution Algorithm

Appendix A: The Prolog LPE Algorithm

A Prolog implementation of LPE is shown in Figure 2.

Appendix B: Concept Ordering Algorithm

The concept ordering/execution algorithm is down in
Figure 3, which in turn calls the basic LPE mechanism.

Appendix C: The Cities Problem

A city (one of {athens,paris,berlin,oslo,london}) must
be visited on each of the seven days of the week, and:

e a city 1s not visited on two consecutive days.
e paris is visited exactly three times.

e athens is visited at least once.

e berlin is not visited more than once.

e athens is not visited after any visits to paris.

e oslo is visited directly after any trip to london.
e oslo is not visited on day 2.

e paris is the last place visited.

e if oslo is visited, then berlin mustn’t be visited.

e the city visited first must not also be visited on

day 6.

We formulate the problem using seven variables, one
for each day of the week, each taking the name of a
city as its value. Note there are several solutions to
this problem.

Appendix D: The Zebra Problem

e There are five houses, each of a different colour
and inhabited by men of different nationalities,
with different pets, drinks and cigarettes.

e The Englishman lives in the red house.

e The Spaniard owns a dog.



Coffee is drunk in the green house.
The Ukranian drinks tea.

The green house is immediately to the right of the
ivory house.

The Gold smoker owns snails.

Kools are smoked in the yellow house.
Milk is drunk in the middle house.
The Norwegian lives in the first house.

The Chesterfield smoker lives next to the fox
owner.

Kools are smoked next to the house where the
horse is kept.

The Lucky-Strike smoker drinks orange juice.
The Japanese smokes Parliament.

The Norwegian lives next to the blue house.

We formulate the problem using twenty five variables,
the first five for the colours of houses 1,...,5, the second
five for the nationalities, and the third, fourth and fifth
five for the pets, cigarettes and drinks respectively.



