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Abstract

Rule-based systems have long been widely used for building
expert systems to perform practical knowledge intensive
tasks. One important issue that has not been addressed
satisfactorily is the disjunction, and this significantly limits
their problem solving power. In this paper, we show that
some important types of disjunction can be modeled with
Constraint ~ Satisfaction Problem (CSP) techniques,
employing their simple representation schemes and efficient
algorithms. A key idea is that disjunctions are represented as
constraint variables, relations among disjunctions are
represented as constraints, and rule chaining is integrated
with constraint solving. In this integration, a constraint
variable or a constraint iz regarded as a special fact, and
rules can be written with constraints and information about
constraints. Chaining of rules may trigger constraint
propagation, and constraint propagation may cause firing of
rules. A prototype system (called CFR) based on this idea
has been implemented.

1. Introduction

Rule-based systems are one of the great successes of Al
(e.g.. Newell 1973; Lucas & Van Der Gaag). They are
widely used to build knowledge-based systems to perform
tasks that normally require human knowledge and
intelligence. However, there are still some important
issues that have not been addressed satisfactorily in the
current rules-based systems. One of them is the
disjunction. This limits their problem solving power.

In the Constraint Satisfaction Problem (CSP) research,
many efficient constraint propagation algorithms have
been produced (Mackworth 1977; Hentenryck et al 1992).
A number of languages or systems based on the model
have also been developed and used for solving real-life
problems (Jaffar & Maher 1994; Ilog Solver 1992).

In this paper, we show that some types of important
disjunctions can be modeled with CSP. Thus, it is possible
to use the simple representation scheme and efficient
problem solving methods in CSP to handle these types of
disjunctions. Specifically, the disjunctions can be
represented as constraint variables and their domains. The
relations among disjunctions can be represented as
constraints. In this paradigm, constraint propagation and
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rule chaining are integrated. A constraint can be added as
a special fact, and rules can be written with constraints
and information about constraints. Chaining of rules may
trigger constraint propagation, and constraint propagation
imay causc ﬁi’iﬁg of rules. With the 1i‘1C01"p\‘.‘vi'¢'iliGii of CSP
techniques, the power and the expressiveness of rule-based
svstems will be greatly increased. Based on this idea, a
prototype system, called CFR, has also been implemented.

The idea of incorporating CSP into a logic-based
system is not new. Constraint solving has long been
integrated with logic programming languages such as
Prolog. This integration has resulted in a number of
Constraint Logic Programming (CLP) languages (Jaffar &
Maher 1994), such as CLP(R) (Jaffar & Lassez, 1987) and
Chip (Hentenryck 1989). These languages are primarily
used for modeling and solving real-life optimization
problems, such as scheduling and resource allocations.
However, this work is different from that in CLP in a
number of ways. The main difference is that CLP
languages are all based on Horn clauses and backward
chaining, while the proposed integration is based on
forward chaining, which is suitable for solving a different
class of reasoning problems. Integration of constraint
solving and forward chaining has some specific problems
that do not exist in CLP languages. The proposed
integration is also mainly for improving reasoning
capability of existing rule-based systems rather than for
solving combinatorial search problems. Thus the types of
constraints and their representations in the proposed
approach are quite different from those in CLP languages.

We regard this work as the first step to a full
integration of the CSP model with forward chaining rule-
based systems. The current integration presented in this
paper is still restrictive in the sense that it is mainly to
help model and handle the problems with some
disjunctions. A full integration could potentially change
the way that people use rule-based systems and change the
way that people solve practical reasoning problems, which
are the main applications of the rule-based systems today.
It may be just like the way that CLP languages have
changed the way that people model and solve practical
combinatorial search problems.



2. Rule-Based Systems and Constraint
Satisfaction Problems

This section reviews rule-based systems and CSP. The
coverage is by no means complete; rather the focus is on
highlighting the problems with disjunctions in current
rule-based systems.

2.1, Rule-Based Systems

A rule-based system consists of three main components.
1. A working memory (WM): a set of facts representing
the current state of the system.
2. A rule memory (RM): a set of IF-THEN rules to test
and to alter the WM.

3. A rule interpreter (RI): it applies the rules to the WM.
The mule interpreter repeatedly looks for rules whose
conditions match facts in the WM. On each cycle, it picks
a rule, and performs its actions. A rule is of the form:

IF <conditions> THEN <actions>
There are three common connectives in a rule-based
system, i.e., and, or and not. We will only discuss or here
as we are mainly interested in disjunctions. or in logic can
be defined as inclusive (v) or exclusive (D). Let us first
look at the inclusive or. For example, "if something is a
block or a pyramid, then it is a pointy_object" (adapted
from (Charniak et al 1987)) can be expressed as follows:

IF isa(?x, block) v isa(?x, pyramid)

THEN add(isa(?x, pointy_object))
where ?x is a variable, and add adds a fact to the WM.
This rule, however, cannot be used in a typical rule-based
system. Instead, it is usually replaced by two rules:

IF  isa(?x, block)

THEN add(isa(?x, pointy_object)), and

IF  isa(?x, pyramid)

THEN add(isa(?x, pointy_object)).
However, this does not say exactly the same thing as the v
version does, since there might be situations where we
know that either ?x is a block or 7x is a pyramid, but do
not know which. In this case, neither of these rules
applies, but the original one that uses v does.

Now, let us look at the exclusive or. For example, the
following formula says that “"either NYC or albany is the
capital of N'Y, but not both".

capital(NY, NYC) @ capital(NY, albany)
This can be rephrased as two rules: "NYC is the capital of
NY, if albany is not", and "albany is the capital of NY, if
NYC is not"

IF not(capital(NY, albany))

THEN add(capital(NY, NYC)), and

IF not(capital(NY, NYC))

THEN add(capital(NY, albany)).

Unfortunately, not used in current rule-based systems is
different from — in logic. In a typical rule-based system,
not(P) is satisfied if there is no fact in WM matching P.

In general, disjunctions are difficult to handle in
reasoning. In Section 3, we will show that CSP provides a
convenient model to represent these situations.

2.2. Constraint Satisfaction Problem

A Constraint Satisfaction Problem (CSP) is characterized
as finding values for variables subject to a set of
constraints. The standard CSP has three components:

e Variables: A finite set V' = {v;, vs, ..., v,,} of n variables
v;, which are also referred to as constraint variables.

e Values: Each variable v; is associated with a finite
domain D,, which contains all the possible alternative
values for v;.

e Constraints: A set C = {C}, C,, ..., Cp} of p constraints
or relations on the variables.

The main approach used for solving CSPs is to embed

constraint propagation (also known as consistency check)

techniques in a backtrack search environment, where
backtrack search performs the search for a solution and
consistency check techniques prune the search space.
Consistency techniques are characterized by using
constraints to remove inconsistent values from the
domains of variables. Past research has produced many
techniques for such a purpose. The main methods used in
practice are arc comsistency techniques, e.g., AC-3

(Mackworth 1977), AC-5 (Hentenryck et al, 1992), and

AC-7 (Bessiere et al 1995), and their generalizations and

specializations (Hentenryck 1989; Hentenryck ef al 1992;

Liu 1996). For a complete treatment of these methods,

please refer to (Mackworth 1977, Mohr & Henderson

1986; Hentenryck 1989; Hentenryck et al 1992; Bessiere

et al 1995; Liu 1995; Liu 1996).

3. Modeling Disjunctions with CSP

This section shows how CSP can be used to model certain
types of disjunction in a rule-based system. In this new
paradigm with rules and constraints, the underlying
techniques for reasoning are forward rule-chaining,
constraint propagation and backtrack search.

3.1. The New Paradigm

In the new paradigm, constraints are integrated into rule-

based reasoning. It is described by:

1. A working memory (WM): a set of facts representing
the current state of the system. There are three types of
facts:

e Simple facts: these are the traditional facts used in
the existing rule-based systems.

e csp-disjunctions (inclusive and exclusive): these are
special types of disjunctions (defined below)
represented by the CSP model.

o Constraints: these are relations on the csp-
disjunctions.

2. A rule memory: a set of JF-THEN rules.

Rule-Based Reasoning & Connectionism 1249



3. A rule interpreter: this applies the rules to WM by
using the traditional forward rule-chaining mechanism,
and it is integrated with the constraint solver below.

4. A constraint solver: this uses consistency check and
backtrack search for constraint satisfaction. It is
integrated with the rule interpreter above.

Thus, the key advance of this new paradigm lies in its use

of the CSP model and a constraint solver, resulting in an

integration of forward chaining and constraint solving.

3.2. Using Constraint Variables and Domains to
Represent Disjunctions

This sub-section describes how constraint variables and
their domains can be used to represent disjunctions. We
assume the basic definitions of ferm and afom, which are
ground when they contain no variables.

We now define the two kinds of disjunctions that we
will handle, the inclusive csp-disjunctions and exclusive
csp-disjunctions. In what follows, we shall, for simplicity
with respect to our examples later, restrict the terms in
disjunctions to differ only in the last argument.

Definition 1: An exclusive csp-disjunction has the
following form

SL(t, ..., tra, ta), P(th, ...y Loty b2)y ooy, P, ony Encly Bunn))

where P(t,, ..., t,1, t,;) is a ground atom, n 2 1, ¢, is a

constant, and / # j implies ¢,; # #,. The expression is

TRUE iff exactly one of the /n ground atoms is TRUE.
Note that for all the atoms, the predicate symbols are the
same, i.e., P, and so are the first n -1 ground terms. Note
also that #,; may appear in any position as long as they are
at the same position in each atom. We arbitrarily choose to
put them at the end.

This exclusive csp-disjunction can be represented by an
expression @P(t, ..., t,q, D), where D is a set with the
initial value {f,, t., .., f.}. During the reasoning
process, some of the atoms (e.g., P(y, ..., 11, ) may be
proven to be FALSE, then D will be modified to reflect the
effect. Thus D changes during the reasoning process, but
it is always a subset of {t,, t», ..., tyn}. When [D| = 1, we
say D (= {i,;}) is decided, which means that P(t,, ..., t,1,
t.;) is TRUE. When D = O, it means that the exclusive
csp-disjunction is proven to be FALSE.

An important point is that @P(t,, ..., t,,, D) can be
represented by a constraint variable, written as ®P(r, ...,
In.1, _), whose initial domain is D.

For example,

Sisa(john, {soldier, teacher})
can represent the fact that John is a soldier or a teacher,
and that JohAn is only in one of the professions. The
corresponding constraint variable ®Isa(john, ) can be
used in constraints which hopefully eventually determine
John’s real profession,
The second type of csp-disjunction is defined below.
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Definition 2: An inclusive csp-disjunction
V(P(tl,.‘.,t,,.l, t,,l), P(t1, vees Inl,y [,,2), . P(t1, vees Inals t,,,,,))
is like an exclusive csp-disjunction, except that this
formula is TRUE iff 3P(n, ..., ts, L) is TRUE.

This inclusive csp-disjunction can be represented by an

expression VP(t, ..., 1,1, S), where the initial value of S is

the power set of {#s, tx2, ..., fm} €xcluding the empty set.

It is convenient to think of S in two parts (R, Q):

o A set of required elements R: the eclements that have
been proven to be true, i.e., whose associated atoms
have been proven to be TRUE.

e A set of possible elements Q: the clements that belong
to at least one possible value of S.

Then, R and Q satisfy these conditions: R ~ Q = @ and R

U Q< {tu, tn2, ..., tum}. The initial value of S may be ({},

{tm, ta2, ..., tm}), and R will grow and Q will shrink in the

reasoning process. When Q = & and |[R| = 0, we say the

inclusive csp-disjunction is FALSE. When Q = & and |R|

# 0, we say S is decided, which means the following

atoms are all TRUE:

P(tl, R A rl), P(h, U A 1‘2), ees and P(f), voen Bacls l‘k)
where R = {#r, 72, ..., "} < {Ia, L2, -..r Lam}. We can see
that VP4, ..., ta, R, Q) (or vP(#, ..., 1,4, S)) can be
represented by a constraint variable vP(fi, ..., £, )
whose initial domain is the pair (R, Q). Note that we now
have constraint variables with a set as a domain, and with
a pair of sets as a domain. Call the latter set constraint
variables.

For example,

VvIsFdOfimike, ({}, {john, james, mary}))

can represent the fact that john or james or mary is a

friend of mike (or is inclusive) with R = {} and Q = {john,

Jjames, mary}. The corresponding constraint variable

vIsFdOfimike, _) can be used in constraints which

hopefully eventually determine who are really mike’s
friends. If it is decided that john is definitely a friend of
mike, then R = {john} and Q = {james, mary}.

3.3. Using Constraints to Represent Relations
among Disjunctions

After introducing the two types of constraint variables to
represent the two types of disjunctions, we now in the
position to describe some of the constraints that can be
used for representing relations among the disjunctions.
Constraint:
cst_eq(®P\(h, ..., s s OPAt, ..., Bxm1ys )
where iy, ..., fig1) fa1, .., @Nd ) are ground terms.
Let Dy and D, be the domains of the constraint
variables ®Py (4, ..., fin1). ) and ®Py(ta, ..., Bagm-1), )
respectively. This constraint ensures that the sets D,
and D, are equal at all time. Its operational semantics is
the following (which is an abstraction of the real
algorithm implemented):



e D=Dyn D, if D# < then
if D= {v} then
add Pi(4s, ..., Hn), v) to WM;
add Py(t5, ..., Bin-1), v) to WM
endif
Dy=D; D:=D;
return(TRUE);
else return(FALSE)
For example, we have
@lsa(john, {soldier, teacher, professor, doctor}), and
@Isa(james, {teacher, doctor, student}).
If we know that john and james have the same
profession, we can express this with the constraint
cst_eq(®Isa(john, ), ®lsa(james, ).

The system will automatically propagate the
constraint by using the built-in consistency algorithms
to reduce both sets so that the following are obtained:

®@Isa(john, {teacher, doctor}), and
®/sa(james, {teacher, doctor})
If due to some other constraint (or information) it is
decided that john is a teacher, then the following two
clements will be added to WM:
Isa(john, teacher), and Isa(james, teacher)
If we have the following rule in the rule memory:
IF  Isa(?x, teacher)
THEN add(has(?x, many_students))
This rule will be fired to obtain two more facts:
has(john, many_students), and
has(james, many_students)
This example shows that constraint propagation and
rule chaining are integrated.
Constraint.
cst_not_eq(@Pl(t“, vees tl(n-l'), _), @Pz(tzl, vees fg(m.]), _))
where H1, ..., Lz 21, ..., a0d Eyu) are ground terms.

Let D, and D; be the domains of ®P(t, ..., Hin), _)
and ®Py(t, ..., Lma» _)) respectively. Then the
constraint’s operational semantics is given by:

o if |Dy|=1and|D; > 1 then

Dy= Dy~ Dy,
if D, ={v} then add P-(tx...., fagn13 V) 10 WM
endif
return(TRUE);

elseif |D;] =1 and |Dy| > 1 then
this case is similar to the above one;

elseif |D;| = 1 and |D,| = 1 then
if D, # D; then return(TRUE) else return(FALSE)
endif

else return(TRUE)

For example, we have
®Isa(john, {soldier, teacher, professor, doctor}),
and @Isa(james, {teacher, doctor, student}).
The following constraint says that john and james have
different professions:

cst_not_eq(®Dlsa(john, ), ®lsa(james, _))
Constraint:
cst_not_in(v, ®P(t, ..., t,a, _))
where 4, ..., and 7,, are ground terms, and v is a
constant.

Let D be the domain of &P(4, ..., f,1, _). This
constraint constrains that v is not a possible element in
D, which also means that P(t;, ..., {3, v) is FALSE.
We have:

e D=D-{v}, if D= then return(FALSE)
else if D= {u} (or |D|= 1) then
add P(ti,..., taa, u) to WM,
endif
return(TRUE)
endif
Constraint:
cst_set_eq(vPl(rn, R S TOR Y DX vPy(tn, ..., Hm-1), __))
where f, ..., L1y, £215 ..., ANd Exy are ground terms.

Let (Ry, Q1) and (R,, O2) be the domains of vPi(;,
cees 11(,,_1),__) and VPz(t21, vees B(me1)s _) respectively. Then
this constraint is handled by:

e R=RIUR;0={r|lreQinQ,reR};

if Rc Ryu O, and R R, wQ; and (R #& or O # &)

then R =R, R=R,01=Q.0:=0;

foreachr e Randr ¢ R, do

add Py, ... Hn1) r) to WM;
forecachr e Randr ¢ R; do

add Py(ta, ..., Bma1): 1) O WM,
return(TRUE);

else return(FALSE)

For example, we have

vIsFdOfimike, ({john}, {james, steve, david})), and

visFdORandrew, ({steve}, {john, kate, david}))
If we set the constraint

cst_set_eq(vIsFdOf(mike, ), visFdOfandrew, )),
which says that mike and andrew have the same set of
friends, we will obtain:

VvIsFdOf(mike, ({john, steve}, {david})), and
visFdOflandrew, ({john, steve}, {david})).
Two more facts will be added in WM, i.e.,
IsFdOf(mike, steve), and IsFdOfandrew, john).
Constraint:
cst_set_not_in(v, VP(t, ..., th1, )
where £, ..., and £, are all ground terms.

Let (R, Q) be the domain of VP(f, ..., t,,, ), this
constraint constrains that v is not a possible element in
Q. which means that P(#,, ..., ,.1, v) cannot be TRUE.
Its operational semantics is obvious, and omitted.

3.4. Introducing Choice Making and Backtracking

The consistency techniques used above for constraint
solving are all based on arc consistency (Hentenryck et al
1992; Liu 1995). Arc consistency alone may not be
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sufficient to solve a CSP because arc consistency does not

guarantee global consistency (Mackworth 1977). Then, a

combination of backtrack search and consistency check is

required. This approach can be described as an iterative
procedure of two steps: consistency check and choice
making. If a choice is proved to be wrong (when the
consistency check returns FALSE), backtracking will be
initiated. In the process, the previous state is restored, and

an alternative is selected (Hentenryck 1989).

Let us define some choice making functions. Each of
them sets up a choice point for later backtracking. The
choice functions are also constraints because each value
selection will trigger consistency check.

Choice function: cst_select(®P(t,, ..., .1, _), func)
where £, ..., and ¢, are all ground terms, and func is a
user defined procedure.

Let D be the domain of ®P(4, ..., t,, _), this
function selects a value v from D using the procedure
Junc. func allows the user to control the selection
process in order to find the solution quickly. This
choice function behaves as follows:

e if there is no more value to be selected in D then
return(FALSE)
else v is selected from D using func,
D={v},
add P(1, ..., Lo, V) in WM,
return(TRUE)
endif

For example, we have:

DCapital(NY, {NYC, albany?}),
which says that the capital of New York (NY) is either
NYC or albany, but not both. We can apply the
selection by using

cst_select(@Capital(NY, ), func).

Suppose that finc chooses the first possible value first,
i.e., NYC. After it is selected, Capital(NY, NYC) will be
automatically added in WM, and then constraint
propagation will be carried out, etc. When backtracking
occurs, the second value will be tried and so on.

Choice function: cst_set_select(VP(t, ..., t,a, ), func)
where #, ..., and ¢, are all ground terms, and func is a
user defined procedure.

Let (R, Q) be the domain of VP(ty, ..., 1,1, _). This
function selects a value IV (a set) from Q (V" < Q) using
the procedure finc. It behaves as follows:

o if there is no more value to be selected from O then
return{FALSE)
else A set V is selected from Q using func;
O=C;R=RuUYV;
for each r € V" do add P(4,..., t,.1, ¥) to WM,
return(TRUE)
endif

For instance, we have
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VvIsFdOfmike, ({john}, {james, mary, steve}))
and we know that mike has only two friends. We can try
the following:

cst_set_select(vIsFdOfimike, ), func)
Suppose that func chooses the first possible value first,
i.e., james, which effectively rules out the other values.
Then, mike's friends are john and james. We obtain
vIsFdOfimike, ({john, james}, {})).

After that, other necessary operations are performed,
e.g., adding IsFdOf(mike, james) to WM and constraint
propagation, etc. When a selection is proved to be
wrong, backtracking will be performed. The second
element, the third element, etc., will be tried and so on.

3.5. Some Test Functions on Constraint Variables

Here, we present some test functions on constraint
variables. They are used to exploit the partial information
provided by disjunctions for various purposes.
Test function:  test in(T, DP(1y, ..., Ly, )
where 1, ..., and #,.; are all ground terms, and 7T is a set
of constants.

Let D be the domain of ©P(y, ..., f,a, _). This test
function behaves as follows:

e if D < T then return(TRUE) else return(FALSE)
For example, we have @Capital(NY, {NYC, albany}),
which says that the capital of New York (NY) is either
NYC or albany, but not both, and the following rule:

IF include(tour, capitalOfiNY)) and

test_in({NYC, albany}, ®Capital(NY, )

THEN add(join(l, tour)))
This rule allows the system to act on the partial
information, i.e., fest_in does not have to find the fact
Capital(NY, NYC) or Capital(NY, albany) in WM
before firing. Instead, it only needs to check whether
any one of these two cities or both are the only possible
values for the capital of NY. It does not matter which.

If WM has the following two facts:

include(tourl6, capital OfNY)), and
®Capital(NY, {NYC, albany})
the rule will fire to add joir(l, tourl6)) to WM.
Test function: test_set in(T, vP(4y, ..., ty1, )
where #, ..., and #, are all ground terms, and T is a set
of constants.

Let (R, Q) be the domain of vP(t, ..., t,y, ), This
test function behaves as follows:

o f(TAR)y=Jor(R=Jand 0 < 7) then

return(TRUE)
else return(FALSE)
For example, we wish to express that "if something is a
block or a pyramid, then it is a pointy_object" (or is
inclusive). We can write:
IF ftest_set_in({block, pyramidy}, isa(?x, )))
THEN add(isa(?x, pointy object))



3.6. Complications With the Integration of Choice
Making and Rule Chaining

Combining backtrack search and forward chaining creates
some complications. The problem lies in the handling of
inconsistency. For our discussion, we classify two types of
inconsistency. The first type is the normal inconsistency in
logic (IL), e.g., both 4 and —4 are deduced, and the other
is the inconsistency of constraints (IC). IC is easy to detect
and to handle because when the domain of a constraint
variable is empty, it is known that there is a inconsistency,

and backtracking can be used to deal with it. However, IL

is hard to detect as most rule-based systems are informal

svstems that have no mechanism for this purpose. This
has some implications for our proposed integration.

e If a rule-based system is unable to detect IL, then (1)
constraints cannot be conditions in a rule, (2) choice
making and backtracking should not be allowed.

The reason is that both (1) and (2) could introduce IL.

Due to space limitation, we are unable to discuss this

further. Interested readers, refer to (Liu & Jaffar 1996).

In general, if a rule-based system is unable to detect IL,
(1) and (2) should not be allowed. Then, constraints can
only appear as consequents of rules, and there will be no
backtrack search but only consistency check.

However, if an inconsistency checker is implemented
for detecting IL, then both (1) and (2) can be allowed, and
both IC and IL will trigger backtracking.

Apart from the above two situations, a third one is also
reasonable. We assume that only ICs may occur in an
application, then we can also allow both (1) and (2)
because IC is easily detected. Our prototype system makes
this assumption. This assumption is realistic because that
is the case in most existing rule-based systems. They do
not have mechanisms for detecting IL. It is the user’s
responsibility not to introduce any or to check it.

4. An Implementation

We have implemented a prototype system (called CFR) in

Common Lisp. Below are some implementation issues.

e Apart from WM and rule memory in a rule-based
system, a constraint variable memory is introduced to
store constraint variables.

e For consistency check of constraints involving normal
constraint variables, we used those algorithms in
(Hentenryck et al 1992; Liu 1995) as they are the most
efficient algorithms. For set constraints, we designed
our own algorithms as there is little reported work on
this type of constraints. Consistency check of cst_eq,
cst_not_eq, and cst_set eq can all be done in linear
time to the size of the domain D or |R U Q|. cst_not_in
and cst_set_pot_in can be done in constant time.

e A choice stack is used to keep track of the choices that
have been made and to remember the information

necessary for restoring state upon backtracking. This is
similar to CLP languages such as CHIP (Hentenryck
1989). The difference is that each choice here has to
remember the facts that have been added to WM after a
choice is made. When backtracking comes to the
choice, these facts must be removed.

o Finally, the pattern matching algorithm for rule-
chaining needs to be modified to accommodate the
constraint satisfaction facility. Due to the space
limitation, we are unable to discuss this and many other
issues.

Below, we briefly describe the syntax of rules, constraint

variables, and constraints in CFR.

IF-THEN rules: A rule is defined using the construct:

(define-rule <name> <conditions> -> <actions™>)
For example, the rule:

(define-rule is_food
(edible ?7x)
-> (add *(is_food ,x)))

says that if there is a fact in WM that matches (edible
?x), this rule will fire and add the evaluation result
*(is_food ,x) to WM. '(is_food ,x) is in Lisp syntax (""",
" and "," are used according to their meanings in
Lisp), and x here will be substituted to whatever value
?x has after matching with the fact in WM.

Constraint variable declarations:
1). ®P(, ..., tha, D) => (corresponding to)
(cst_in'(P f ... t,a DY)
e.g., Dcapital(NY, {NYC, albany}) =>
(cst_in ‘(capital NY (NYC albany)))
2) VP(ﬁ, cees f,._], (R, Q)) =>
(cst_set_in'(P 4 ... t,q (RQ)))
e.g., VIsFdOf(joe, ({steve}, {john, kate})) =>
(cst_set_in '(IsSFAOf joe ((steve) (john kate))))
Censtraints:
. CSI_G(](@P]((]], vers Di(net)s _), @Pg((gl, <ees D21y, _))
=> (cst_eq 'P tyy ... HnD _) ‘Prty ... bm-1) __))
e.g., cst_eq(®isa(john, ), ®lsa(james, )) =>
(cst_eq '(Isa john ) '(Isa james ))
2). cst_not_eq(®P\(t1,...., 113, ), BPAt21, .oy brgm13 _))
=> (cst*not_eq '(P] h ... tl(n-l) _) '(Pz by ... by _))
e.g., cst_not_eq(®@lsa(john, ), Dlsa(james, )) =>
(cst_not_eq '(Isa john _) '(Isa james _))
3). cst_set_eq(vP;(tl1,...,!,(,,.;), ), vPstn, ..., B m-1), »
=> (cst_set_eq '(P] f ... tl(n-l) ___) '(Pz b ... tz(,,,_]) _))
e.g., cst_set_eq(VIsFdOfmike, ),vIsFdOfjoe, )
=> (cst_set_eq "(ISFAOf mike ) '(IsFdOf joe ))
Due to lack of space, we will not describe the
corresponding constructs in CFR for the other constraints
and choice and test functions. They are quite similar to the
ones above.

Rule-Based Reasoning & Connectionism 1253



S. An Example
We now present a simple example to illustrate how rules
and constraints interact with each other in the reasoning
process. The rule definitions here are self-explanatory.

(define-rule professor
(isa ?x science_professor)
-> (add ‘(works_in_a ,x university))
(cst_in *(teaches ,x (computer math physics
chemistry biology))))

(define-rile comnuter
\\l\lull\u A Biw \A\lulyulV‘»

(isa ?x science_professor)
(has_no ?x computer)
-> (cst_not_in 'computer ‘(,x teaches )))
(define-rule math
(is_good_in ?x math)
(isa 7x science_professor)
-> (cst_in “(teaches ,x (computer math physics))))
(define-rule csp-test
(test_in (physics math) (teaches ?x ))
-> (add ‘(gives_lecture_in ,x science_building)))
(define-rule lab
(does_not_do 7x lab_work)
-> (cst_not_in 'chemistry "(teaches ,x ))
(cst_not_in 'biology "(teaches .x _)))
(define-rule degree
(teaches 7x 7y)
-> (add '(likes ,x ,y))
(cst_set_in "(has ,x "(((PhD in y)) *(MSc in ,y))))))
Let us run the system with the following facts:
(add ‘(isa fred science_professor))
(add ‘(has_no fred computer))
(add '(isa john science_professor))
(add '(does_not_do john lab_work))
(cst_eq '(teaches john _) '(teaches fred ))

After all the rule chaining and constraint propagation, the
working memory becomes:

1:  (isafred science_professor)
(works_in_a fred university)
(cst_fact (teaches fred _) (math physics))
(has_no fred computer)
(isa john science_professor)
(works_in_a john university)
(cst_fact (teaches john _) (math physics))
(does_not_do john lab_work)
:  (gives_lecture_in john science building)

10: (gives_lecture_in fred science_building)
Fact 3 and 7 are special facts representing two constraint
variables and their remaining domains. From them, we
know that both frred and john teach either math or physics,
but we still do not know which.
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Let us say that we are not satisfied with the result. We
would like to make a guess about what they teach. We can
use the following seiection function:

(cst_select '(teaches fred ) #'car)
This selects math as the subject that fred teaches. After
constraint propagation and rule chaining, we obtain the
fact that john also teaches math. The following facts are
deduced:
11: (teaches fred math)
12: (teaches john math)
13:  (likes fred math)
14; (likes john math)
15: (has fred (PhD in math))
16: (has john (PhD in math))
17:  (cst_set_fact (has fred _) (PhD in math))
{((MSc in math)))
18: (cst_set_fact (has john _) (PhD in math))
((MSc in math)})
The last two facts (17 and 18) say that fired and john have
a PhD in math and may or may not have a MSc in math.

If later we have some more information saying that fred
does not have a PhD degree in marh, this can be expressed
like this:

(cst_set_not_in '(PhD in math) '(has fred ))

It immediately causes a conflict with fact 17 because fact
17 says that fred has a PhD in math. Then, backiracking is
performed. The facts from 11 to 18 are removed to restore
the previous state. physics is selected this time as the
subject that fred teaches, which in turn causes a number of
facts to be produced:

11: (teaches fred physics)

12:  (teaches john physics)

13:  (likes fred physics)

14:  (likes john physics)

15:  (has fred (PhD in physics))

16: (has john (PhD in physics))

17:  (cst_set_fact (has fred ) ((PhD in physics))

{(MSc in physics)))
18: (cst_set_fact (has john _) ((PhD in physics))
((MSc in physics)))

Since math is eliminated as the possible course that fred
and john teach. Fact 3 and 7 in WM become:

3:  (cst_fact (teaches fred ) (physics))

7:  (cst_fact (teaches john _) (physics))
The kind of reasoning illustrated here cannot be carried
out in an existing rule-based systen.

6. Related Work

The most closely related work to our research is constraint
logic programming (CLP) (Jaffar & Maher 1994) where a
considerable amount of research has been done to
integrate constraint satisfaction with logic programming.
A number of systems have been built, and many successful



applications have also been reported (Jaffar & Maher

1994). Two representative CLP languages are CLP(R)

(Jaffar & Lassez 1987) and CHIP (Hentenryck 1989).

These languages are based on Horn clauses and backward

chaining. Our work is different from CLP in a number of

ways. The main differences are as follows.

1. Our proposed technique is based on forward chaining
rather than backward chaining as in CLP languages.
Forward chaining and backward chaining reason from
different directions and are suitable for solving different
types of problems. Forward chaining are mainly used
for building expert systems for solving real-life
knowledge intensive tasks. Since the CLP languages
based on backward chaining have been very successful
in practice for solving practical combinatorial search
problems, it is only natural that forward chaining
should aiso be integrated with constraint solving to
provide a more powerful reasoning technique for
solving practical reasoning problems.

2. In CLP languages, backtracking and choice making are
provided by the host language Prolog. While in forward
chaining, backtracking and choice making facilities
have to be added, which creates some complications as
discussed in Section 3.6.

To the best our knowledge, limited work has been done on
combining constraint solving with forward chaining rule-
based system. BABYLON (Christaller et al 1992) is one
of the hybrid environments for developing expert systems
that has attempted to include constraint solving in its rule-
based system. BABYLON provides representation
formalisms of objects, rules, Prolog and constraints.
CONSAT is the constraint system of BABYLON, which is
separated from others and cannot access rules. Although
in the condition part of the rules, it is possible to verify
whether a constraint is satisfied, the action part of a rule
cannot access constraints. This is quite different from our
system, within which constraint solving and rule-chaining
are integrated. Rules can post and test constraints, and
constraint satisfaction can also trigger chaining of rules.

7. Conclusion

This paper shows how CSP can be used to model two
types of important disjunctions in rule-based reasoning.
These disjunctions have not been handled satisfactorily in
the current rule-based systems. In the proposed scheme,
the simple representation and efficient algorithms in CSP
are used to deal with these types of disjunction. This
results in the integration of two important types of
reasoning techniques, i.e., constraint solving and
(forward) rule-chaining. Hence. the power of rule-based
svstems is increased.

The current integration of CSP with rule-based
reasoning is still restricted, i.e., mainly for modeling the

two types of disjunction. Our next step is to deal with
general constraints in a forward chaining framework.
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