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1. Introduction

This paper presents an efficient algorithm for rules evalpadon into a knowledge base expent
system in the case that the head of a rule is concluded if any k-subset of terms in its rail is
simultaneously tme. We first inroduce what logic programming has to offer to expert
systems and we show the need wo perform efficient algorithms in both the search space and
goal route approaches. Logic programming is appealing for stating problems because of its
relational form and its nondeterminism, Its relational form makes it appropriate for stating
problems. “The nondeterminism is not only useful from a theoretical point of view but is also
a conceptual device for designing expert systems. Essendally, nondeterminism enables the
programmer o be liberated from tres-search programming. l.ogic programming provides a
precise language for deducing consequences from premises, for studying the truth or falsity
of statements given the muth or falsity of other statements. Both logic and programming
require the explicit expression of ong's knowledge and methods in an acceptable formalism,
It has been widely accepted that a category of clauses relevant to expert system applications is
the class of Horn clauses [3]. According to Kowalski [4], an axiom or rule is presented in
the form of implication

(1 MEpexd Poe P & &Py

where x1,....xg are variables whose values we want to establish, Py,...,.Py are subgoals we
are wying to delete, and the backward armow « is used to denote logical implicatdon. The lefi
side Py is referred to as the fiead or consequent of the role, while the right side is the premise
or the anrecedent. In addition to this formal presentation of a rule, it has a semantic
interpretation which can be read as follows:

{2) ifPyand .. and Py then By
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[n a special case, if 2 rule contains no atomic formmla in the right side (n=0), then it is
regarded as an assertion of facr.  Assertional knowledge includes factual or synthetic
concepts, which may be tue or false according 1o the domain taken into consideration,
whereas descriptionsl knowledge expresses concepis of an analytic nature concemning the
definition of the concepts in an cxistendonal context and the legical relationships betwesn
such concepts. The set of assertions explicitly represented in the krowledge base of an
expert system can be extended by defining new concepis, and formulating general rules
which determine how these concepts can be derived from the base assertions and/or from
other concepts previously deduced. The face that general rules referred 1o the knowledge buse
of an expert system represcnt some deductive interpretations of knowledge, highly simplifies
the task of goal fermulation and tmnsfers the burden of a goal route 1o the expert system,
This approach hss been developed in a number of works [4], 5], [8]. [107, [11), [12], and
secording to them a goal is a well-formed formula of the first order language describing the
knowledge base. An expert system may be represented by a relation L EBxQ = A where
K8 is the knowledge base, O is the set of querles and A is a set of systcm responses. The
knowledge base contans all the information required in order 1o obtain the solution: 2 fact
base, which represents some facral interpretations and heuristics of the pertinent abstract
knowledge, and a rules base which represents some deductive interpretatons of (he
knowledge,

2. Background

This present section is devoted o the presentation of the well-known problem-reduction
inethod (7] called backward chaiming in the artificial intelligence world, which is the meathod
used by PROLOG.

Let us consider a problem Py (goal) we wish to solve, As we have scen above, the
representation of this problem as a logical implication is a convenient techn ique, thanks o its
nondeterminism, relational form and declarative semantics. Basically, it consisis of a
recursive definition of a subset of rees. Unfortunately, this if then formnlation is too simple
1o make the search procedures efficient. Each set of imerpretations of Dy,... Py, constitutes
in & way an énormous database. OF course, we cannot store this database in an cxplicit form.
It is represcnted by a finite set of rules from which all the interpretations in the database can
be deduced. Hence, we consider a goal as a logical implication

(0 3., P AA Pzl

The variables that appesr in the rule are quantified wniversally, In other words, each
interpretation s obtained by giving to the variables in the rule (1) all the possible values and
by transforming the terms into well-defined irees. A goal-reduction operator transforms 4
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goal description in a sequence of terms and a systeml of constrainis. In the evaluation of the
goal Py three cases are of particular interest.

First, if the sequence of tcrms is empty, the goal can be restated as follows: what are the
assignments of the variables that mansform the goal in an assertion?

Second, if there exists a substitution which transforms the terms Py.... Py in asscrtional
concapts and/or in concepts previously deduced, then the variables assignments provide an
answer o Py

‘Third, we suppose that a term Py, 1 £1 = n, cannot be assenied by any substitution, Assume
that there exists a tule £

@) R 3 kP, @ & &P, (G

which unifies with P and produces 4 new state of the goal. [t is possible to progress (o this
new state only if each term is transformed into a well-formed tree. If gecessary, some
variables of the mule (4) are renamed so that none of them ocour in the set (%)% ) Thisis
a nondeterministic process and we can exhibil procedures, .2, generale anid rest, standard
hacktracking, forward checking, looking ahead that generate the solutions space for Py,
Abstractly, these procedures generate all the scyuences (vi,...vi that satisfy the teoms Fj,
| <i=n, where v,,...,vg are assignments for the vanables x....xk, and Pq holds. This

approach consists fundamentally of w:rit‘ﬁng intcrmediate properies P{{v’ - ?f} such that

P ot vEE)) implics Pltvh. ) for 1 £ € k. In other words, if (Virene¥)) does
not satisfy P!, then no extended sequence (i, v V31 can satisfy P! hence, by
induction no extended sequence (v,,...,vi) can satisfy the goal Pp. In their current siate of
development these procedures are very inefficient for exccuting the nawral formulation of

problems and their performances drastically decrease as the problem size grows.

3. The k-problem
In usual logic programming languages, all the terms Py,....Pp have to be tue simultaneously
in order to conelude Py, Our particular interest here is the case when we can conclude Fy if
any k-subsel, k < n, of terms [Py.....Pa] is ue. (A simple cxample of such a case is the
common cold, where there arc about 12 observations and any 3 of them existing
simultaneously establish the diagnosis). We express formally this problem os follows: given
a list of terms L = < Py,...,By =, find any k elements of L which are true simultaneously. In
order 1o solve this problem wi reexpress the problem in the following manner;

There exist exactly k elements wrue in the list of head i and tail T iff one of two

following sentences is wue: .

i} his true and it exists exactly k-1 elements ruc in the il T,
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i) Ais false and it exists exactly k clements true in the 12il T,

The following program solves this problem such that the boolean value of the variable "b" is
the logical value of the expression: "the list L contains exactly k clements tue”,

K-true program

AllTrue(k,L,b) - AllFalse(Lb), [k=0].

AlTmek.[ 1.False) - [k=D].

AllTroc{k, [h1:T].b) :- AllTmue(k-1, T2}, | k20,b=h1 and h2].
AllTraedk, [ 1:TEEY - AU True(k, T.h2), (k20, b=notfh 1} ancd h2].

AllFalse([ ], True).
AllFalse([h1:T], not (hl)and h2) - AllFalse(T h2).

This program solves correctly the problem. The special case in which k=n dcfines the
“normal” rule structure, that is, the case in which all the terms Py,...,Py have to be satisfied 1o
derive the conclusion Pg, The program achieves an a pesteriori pruning in the search space,
Given a sequence of terms Py,..., P}, ] <k the problem 15 to extend it by finding a set of
values for the variables appearing in Pj;j such that all the constraints involving the variables
from Py,....Pj and a variable from Py are satisfied. If there exist no such values, the
sequence Py,...,Pj cannot be extended with Pjn. The search is thus reduced a posteriori
after the discovering of a failure. This H:Dr:-‘r.!-'.!ﬂ‘[ﬂ?‘l' pruning can be grossly inefficient for
many problems since the program develops a term which possibly has nothing todo with the
current state of the problem, In our panicular case even if the search space is a subspace of
the global solutions space, we perceive that the number of mials to derive a conclusion is a
combinatorial problem. Our particular concern is 1o minimize the nomber of trals and
consequently to reduce the search space.

4. The k-algorithm

The k-trive program makes an exhaustive enumeration of all solutions and the problém comes
from the extremely large space that must be searched throughout. Here, we propose an
efficient searching algorithm based on an intelligent implicit terms evaluation. This algorithm
consisis mainly of a branching precess, which splits the list of torms into several subsets, and
a-bound process, which consists of searching into subsets terms which are mue with respect
to the problem P, We denote this dlgorithm as k-algorithm. The k-algorithm objective isto
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avoid the explicit enumeration of the scarch space in the following way: as soon as the
cvaluations of any j terms, 0 < j < k, into a subset are true, the remaining set of terms s
reduced to a (k-j)-problem. This algorithm can be specified in the following way:.

Step 1. Split the list L into (n div k} subsets; set § to the set {sy,...50}, 0 = n div £,
where 57, 15 ] = p are subsets of k elements from [

Step 2. Check asubset 53 the output of the decision table is J;

Step 3. Remove s from § and L; (* The Ealgorithm is now (k-f)-algaritm *);

Step 4, If j=¢ then the algorithm terminates: solution found; orherwise 2o to step 53

Step 5. Ifj<kand L <=0 then go to step | with n:= a-lk; and k:=k-; otherwise the
algorithm terminates: no solution,

This algorithm terminates when a solution has been found or when all the list of terms has
heen searched throughout. Contrary to the previous sirategy, this approach cunails the
search quite drastcally and reguires tle memory space.

We now mum to the evaluation of our approach with respect to combinatorial problems. The
strong paint of our approach lies in the ability to reduce the k-problem to a (&-j)-problem
since f terms are mrue. Indeed, if in the evaluation of 4 subset of termz 57 1 =1 <n mod k, the

%
output of the decision table iz f, f < &, then the toral number of checks is { ® z Eﬁ . Now
il
instead of restarting the problem, we can define a new reduced problem such that we check
only the remaining (n-fk) terms in the list L. Thus, the k-aigerithm either derves the
conclusion Py or reduces the problem to a smaller problem of the same nature, The new

problem is solved recursively by our algorithm. The total number of mials in k-algorithm is

k ko
#Y (F £ [nefle) div (k)] * Y, () = 192K 4 [(n-Tk) div (k-] * 2K
= 1 =

Theorem: The total number of tials in k-algorithm is bounded above by (n/k)*2%

Proof. Firstly, we remark that the total number of trials In k-alparithm satisfies e
inequality

(1) 1#*2%+ ((n-7k) div (k-§)] * 2k < .'*zk+n}?qt # 2k for any 0 <j <k,
j

l</<nmodk
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Let us consider the insgualiny

@ ke mEK gk g Regk
k-j k
We show thar this inequality is rue forany f, 0 £f < k

By successive calculations we obtain

21 M}I]dr—fn-fk} < 0 .Uﬂjﬁk.fﬂfﬁ a
()2 k "

(2" 2(k2-Kki-nk+nj) = kin-lk)
2" klfen) -jifk-n1] = <kin-fK)
29 Filen) k) = kindk

Since { -c:i% o this last imequalicy becomes

(3 2k zk,
which is true forany jand k, 0 <j < &,

This thearem proves that the implementation of k-algerithm into an expert system reduces
very sirongly the scarch space. et us make this more clear by raking a simple example.
Consider a rule Pp « Py,....P,, with n=20 and k=4. To solve Py using k-algorithm we
perform the following:
(a)  Pick the subset 5; and note by j the results of these 4 terms;
{b)  The possible cases are as follows:

i I j=4, meaning that all 4 terms are true, then Pp is concluded; the algorithm

terminates successfully;

i, If j=3, then we check | more term of remaining 16. The problem Py is not
solved, but instead of restarting the problem we define & new reduced one such
that we check only the remaining termns;

fii.  ifj=2, then we perform a 2-algarithm for the remaining 16 terms;
fv. I j=1, then we perform a 3-afgoritium for the remaining 165 terms;

v, TF j=0, then we perform a -algorithm for the resnaming 16 terms.

We can underline several advantages by utilization of the k-algorithm over the well-known
&-trug program, for example: (1) there is guaranieed recursive reduction of the list of terme
invelved in a rule; {2) the algenthm is very general and can be applicd to 2 great variety of
cxpert systems; (3) the number of terms 10 be checked is very small compared to traditional
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evaluation of & rule where the number of trials grows exponentially with the length of the st
of terms (see - Table 1). :

Using Using y
Rule Combinations k-algonthm
k=4 n=20 77520 &N
k=4 n=36 942480 144
k=4 n=16 20120 6

Table 1. Numhber of trinls in a rule evaluation

Huaving a good evaluation at our disposal reduces the search space to be explored by the
subsequent récursive application. [n our algerithm, the evaluation is quite simple but also
very efficient. Indeed, as can be seen inthe Figure | and in the Table 2 the mumber of mials
in k-algorithm depends on the length k of the subset that establishes the problem Py and on
the total number, n, of terms.

Rules evaluation

Using Using
Combinations k-algorithm
k=12 760 40
k=4 77520 80
k=6 2480640 213
=8 32248320 640
k=10 139120144 2048
k=12 515973120 6326
k=14 633043840 23405
k=16 317521920 81920
k=18 49807360 281271
k=20 1048576 1048576

Table 2, ‘Number of irials for n=20 and k=24,..,,20

If we choose to ignore anything else about rules evaluation, e.g. the range of variables,
constraints satisfaction, domains specific information etc., we get what is reforred in the
literamure 1o as "any k clements of a list", Tn this context, the k-alvorithm is the most accurate.
The price 1o pay for this accuracy consists of the assumption thar:
I.  The probability that a term check succeeds s independent of

(1) the variables and the values given to the variables in i temm,

(i) any po ! computation;
2. All the terms invalved ina rule hive the same probability to succeed.
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Although this algorithm is very simple it is lirgely useful in building effective expent systems
due 1o its great efficiency over the classical approaches,

MhTrials

L L T L T L

UHiNg coimbinations

using 20 Lzrms

e \ ———————————————— e e el

% I3 @ 13m0y m K
Figurl: 1. Space mials for n=20) and k=12,...20

5. Conclusion

The k-algorithm manages an cfficient scarch in the solutions space generated by an expen
system. [ts goal is 1o create a frame on a stack of terms which are deleted by a branch and
bound process. The number of rules trials is a very good parameter for this purpose, The
approach used by k-algorithm reduces recursively the search space, and for this reason
produces substanfal improvement in cfficiency. The main idea behind this technique is an
implicit terms evaluation in subsets of terms whose length is reduced recursively. Such
handiing of terms avoids much redundant work and uscless generations: the failures are
detected earlier-and inference rules avoid bad backiracking choices.

fi. Open questions

How can we use this algorithm 1o derive new algorthms by defining relations that should
hold between the vanables involved in rules? Inital investigation suggests that the use of
constraints and consistency techniques fits perfectly inside this programming style,
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How can we introduce in k-algorithm domains of variables? In usual logic langyages the
variables range over the Herbrand universe even when it is obvious that their real range is
more restricted. From the user's point of view it allows 10 inroduce the domains of concepts
inside the logic programming, information that is hidden in actually programming
methodologies. From a practical point of view it allows the addition of domain-specific
knowlcdge and the introduction of new inference rules that embodics idea of a priori pruning.
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