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Abstract

The goal of the LP+ project at the K.U.Leuven is to design an expres-
sive logic, suitable for declarative knowledge representation, and to develop
intelligent systems based on Logic Programming technology for solving com-
putational problems using the declarative specifications. The ID-logic logic
is an integration of typed classical logic and a definition logic. Different ab-
ductive solvers for this language are being developed. This paper is a report
of some preliminary computational experiments with an integration of the
abductive reasoner SLDNFA and CLP-systems.

The challenge of such an integration is to minimize the work done by
SLDNFA by passing as much information to the CLP-system. Our strategy
is to fine-tune this connection by experimenting in the context of a number of
logically simple but computationally complex problems. The paper describes
a number of experiments, and discusses pitfalls and conclusions.

1 Introduction

The goal of computational logic is to design logics for declarative knowledge rep-

resentation and to develop algorithms to solve computational problems using the
declarative specifications. Ideally, the declarative representation methodology in
logic is based on a simple principle: one describes the knowledge problem domain
by true statements about the problem domain. Thus we represent the common
sense knowledge that each human is a male or a female by the axiom:

∀H.human(H)→ male(H) ∨ female(H)

The potential benefits of such an approach are important:

• declarative reading. The ability to interpret formal axioms as statements
about the problem domain is a key asset of logic for knowledge represen-
tation. Using the match between logical connectors and linguistic patterns
and the intended interpretation of the alphabet of the logical theory as a
set of concepts and objects in the problem domain, the formal sentences
can be interpreted and evaluated in natural language without the need of
constructing the mathematical semantics of the formulas.
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• modular representation. Independent properties of the problem domain
can be formulated as independent formal sentences or rules. This can be
constrasted with more algorithmical representations. As a general rule, the
smarter an algorithm is, the more often it exploits and intertwines different
properties of the problem. The consequence is that a single property is
encoded in different components of the algorithm.

• task independence. In constrast to algorithmical representations, a declar-
ative theory often expresses background knowledge on the problem domain
rather than how a particular task must be solved. For example, a declarative
representation of a university course scheduling domain, provides the shared
background knowledge for a broad class of tasks: tests of the consistency
of the database, computation of the schedule at the start of the academic
year or semester, rescheduling and updating the database to new constraints,
etc.. Again, this can be contrasted with algorithmical representations, that
are designed to solve a specific task.

To obtain a declarative representation satisfying these properties, certain method-
ological rules must be obeyed. To obtain a modular representation, an expert must
decompose his knowledge about the problem domain in independent properties
and represent each by an independent axiom. At the very start of the knowledge
representation process, a crucial factor is the choice of the logical language. A well-
chosen language with symbols that correspond naturally to the relevant objects,
relations and functions of the problem domain is necessary to obtain a natural and
graceful representation of the domain knowledge. The use of a complex alphabet
-e.g. through a Gödel numbering of concepts and formulas- might considerably
complicate the knowledge representation process. Again, it can be noted that in
algorithmical representations, e.g. in logic programs, the predicate and function
symbols are often complex and represent some state of computation rather than
relations on the problem domain.

In the context of declarative knowledge representation, abductive problems or
-closely related- model generation problems arise spontaneously. To illustrate this,
consider again the university course sheduling domain. Relevant entities in this
domain are, amongst others: lectures, rooms and time slots. Lectures take place
in rooms, and during time slots; the natural thing is to represent these relations by
predicates, e.g. room(< lecture >,< room >), time(< lecture >,< time slot >).
In this alphabet, a schedule is represented by tables (or interpretations) for these
two predicates that satisfy certain conditions. Consequently, before we have ex-
plicitated a single bit of expert knowledge in a logic formula, the problem of com-
puting a schedule is determined to be an abductive problem or a model generation
problem1.

In declarative knowledge representation, the choice of the alphabet is governed
by considerations on the nature of objects, relations and functions in the prob-
lem domain. The choice of the alphabet determines the nature of computational
problems : deductive or abductive, ... An alphabet choosen for isomorphy with
the problem domain will commonly lead to abductive problems. This is the ma-
jor explanation for steadily growing role of abduction in AI. Abduction has been

1In section 3, we return to the relation between model generation and abduction. Also, we use

here the term in a way that has been used in abductive logic programming context; this differs

from the way it has been defined in philosopical or classical logic.
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used in diagnosis, planning, natural language interpretation, scheduling, roast-
ering, etc.. The flexibility, the maintainability and the graceful modifiability of
abductive solutions that were reported in [10], are consequences of the declarative
knowledge representation in these experiments: in particular, the modular, high
level -linguistic- representation of independent properties of the problem domain
in different axioms.

In [9, 10], a number of experiments with an abductive solver ACLP have been
proposed. In this paper, a similar enterprise is described. The logic that we
use, ID-logic, is a typed integration of a definition logic and classical logic [3].
Definitions are sets of rules and are used to represent data (e.g. an enumeration of
the lectures, enregistered students, etc..), to define terminology (e.g. the concept
of an occupied room at some time slot), to represent causal laws (e.g. effects of
actions). FOL axioms represent other non-definite information (e.g. two lectures
at the same time in the same room cannot). In some experiments, higher order
aggregates such as cardinality and summation predicates have proved necessary [7]
(e.g. the number of machines scheduled to be in maintenance in each week must
be less than a given maximal number).

The abductive system is an integration of an extension of SLDNFA [7] and
CLP systems. By integrating numerical data in the language and the coupling of
efficient constraint solvers for natural, rational and real numbers in the abductive
solver, we gain on two fronts: the use of numerical data allows more natural and
concise representation of problem domains; moreover by integrating the high level
abductive reasoner with lower level constraint techniques, we obtain a system with
a reasonable efficiency. The reported experiments were chosen to tune the connec-
tion between the abductive solver and the constraint solver. Their computational
complexity requires intelligent techniques, yet they are small enough to still allow
an overview of the way the problem solver solves the problem.

CLP-solutions for the same problems are faster than ours. However, Constraint
Logic Programs are often not declarative in the above strong sense. As we argued,
a natural alphabet is a prerequisite for a declarative specification but may result in
computational problems of abductive natures. CLP cannot solve abductive prob-
lems; in such circumstances, the domain knowledge cannot be expressed in a CLP
program using the declarative alphabet. In general, neither Logic Programming
nor CLP languages offer the expressivity for declarative specification in the above
strong sense.

2 The logic and its semantics

The logic used in our experiments, ID-logic, is a typed integration of a definition
logic and classical logic. Theories consists of three sort of declarations:

• type declarations: e.g.

type(lecture).

instance_type(time_slot,int).

room(lecture,time_slot)::pred.

The first declaration expresses that lecture is a user defined type, the second
that time slot is an instance type of the integers and the third that the first
argument of room is a lecture, the second a time slot.
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• rules:

p <- F

consisting of an atom p in the head and a formula F in the body. Free
variables of the body are universally quantified in front.

• a set T of FOL sentences. In the system syntax they are represented as e.g.:

fol forall(X,Y) : p(X),q(X,Y) => q(X,Y) ; r(X)

This denotes the FOL formula ∀X,Y.p(X) ∧ q(X,Y )→ q(X,Y ) ∨ r(X).

Below, other sorts of declarations will be introduced to capture some frequently
returning knowledge patterns.

The meaning of a theory is as follows:

• Open domain: no domain closure axiom is entailed. Uncertainty on the do-
main is formalised by allowing general non-Herbrand typed interpretations.

• Predicates and functions range over objects of the given types.

• Free function symbols: different terms denote different objects.

• Uncertainty on open predicates, i.e. those not appearing in the head of a
rule: they have arbitrary interpretation.

• The role of FOL axioms is the same as FOL axioms in classical logic. FOL
axioms represent properties of the problem domain. On the level of the
semantics, FOL axioms filter out all interpretations that do not satisfy the
FOL axioms.

• The set D of rules forms a definition of the defined predicates in terms of
the open predicates and predicates interpreted in some CLP-domain.

The set of rules in a theory represents an (inductive) definition of the user-
defined predicates. In [4], one of the authors argued that the well-founded seman-
tics is a generalised principle of inductive definitions with negation. Consequently,
the semantics of the logic defined here is a modular integration of the well-founded
semantics for logic programs [13] and classical logic semantics for the FOL axioms.

A model M of a theory T is a (general2) 3-valued interpretation satisfying the
FOL axioms and such that M is the unique well-founded model of the set of rules
in T extending its interpretation Mo of function and open predicate symbols.

A special case. The definitions in this paper are of a simple kind and do not
contain recursion. The models of a definition without recursion are exactly the
models of the completion of the definition [1]. Below, completed definitions of
predicates will be denoted:

∀(p(X)↔ Bp[X ])

2General non-Herbrand interpretations are allowed, to model open domain knowledge.
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The type system is simple and does not induce much overhead for the user.
Starting from a small set of declarations, a type inference system infers and checks
the types of variables, constants, functions, predicates and formulas. Typed spec-
ifications are more declarative; they match better the problem domain. Moreover,
types reduce the number of errors in the theory and they allow to disambiguate
certain predicates.

3 An abductive problem solver

Given an ID-logic theory T , an abductive problem for a given query F consists
of computing a definition ∆ of ground atoms for the open predicates of T and an
answer substitution θ such that D+ ∆ is consistent and entails all FOL axioms in
T and ∀(θ(F )). An abductive procedure computes tables for the open predicates
that can be extended in a unique way to a well-founded model of the definition,
and a model of the FOL axioms and the query.

SLDNFA [5, 6] is an abductive procedure for normal logic programs. The
procedure sketched below is an extension of it to deal with FOL axioms and gen-
eralised rules and queries. As in the case of [8] and [11], the procedure is proposed
as a set of rewrite rules. The only syntactic restriction imposed on the FOL ax-
ioms, queries and rule bodies is that they do not contain universal quantifiers.
This form can be obtained by a simple rewriting step.

A derivation for a query F 3 can be understood as a rewriting process of states

S, i.e. pairs (Θ,∆) of a set of (open) FOL formulas and denials, and a set of
abduced open atoms. A denial is a formula of the form ∀X. ← F [X,Y ], where
← denotes negation. Denials are the only formulas that may contain universal
quantifiers. Open variables in FOL formulas and denials represent objects of yet
unknown identity.

The initial state is the pair (Θ, ∅) where Θ consists of F and the set of FOL
axioms in T . The rewriting process proceeds by selecting a formula F from Θ and
computing a new state according to rewrite rules below. The derivation terminates
when a state consisting only of denials that fail given the open predicate definitions
in ∆.

Below, we use the notation A + B as a shorthand for {A} ∪B. sf(θ) denotes
the solved form of the substitution θ. We write only the component that changes.
Let Θ = Θi \ {F}.

true  Θ
false  fail

p(t)  Bp[t] + Θ
a(t)  (Θ, a(t) + ∆)
¬F  ←F + Θ
F ∧G  F + G + Θ

F ∨G  







F + Θ
or

G + Θ
∃X.F [X]  F [X] + Θ

← true  fail

← false  Θ

∀X,Y ← X = t ∧Q[X]  ∀Y ← Q[t] + Θ

∀X ← p(t) ∧Q  ∀X ← Bp[t] ∧Q + Θ

∀X ← (F ∨G) ∧Q  

{

∀X ← F ∧Q +

∀X ← G ∧Q + Θ

∀X ← (∃Y F ∧Q)  ∀X,Y ← F ∧Q + Θ

3Note that in contrast to Logic Programming conventions, queries are not denoted by denials.
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s = t  

{

θ((Θ,∆)) if θ is m.g.u. of s = t,

fail if s = t has no m.g.u.

∀X ← s = t ∧Q  

{

∀X ← sf(θ) ∧Q + Θ if θ is m.g.u. of s = t ,

Θ if s = t has no m.g.u.

∀X ← a(t) ∧Q  











∀X ← s = t ∧Q+

∀X ← a(t) ∧ ¬s = t ∧Q + Θ

for some a(s) ∈ ∆

∀X ← ¬F ∧Q  























if Free(F ) ∩X = ∅ then

then







F + Θ
or

←F + ∀X ← Q + Θ
otherwise a floundering error condition occurs

If fail is derived, the computation backtracks. The computation ends in three
possible ways:

• with failure, if no solution is derived;

• with a successful derivation if a state S is derived where Θ consists of negative
goals of the following form:

– ∀X ← Y = t ∧Q where Y is a free variable and t any term not in X

– ∀X ← a(t) ∧ ¬(t = s1 ∧ ... ∧ t = sn) ∧Q where {a(s1), .., a(sn)} is the
set of open a-predicates in ∆.

An answer consists of the substitution of the free variables of the initial query
and of the set of abduced atoms ∆.

• with a floundering error condition when universally quantified variables ap-
pear in a selected negative literal.

3.1 Integration of SLDNFA and CLP

To describe problem domains with numerical data (integer, rational, real), the logic
must allow numerical operators (e.g. +,-,/,*,), predicates (<,≤, >,≥) and domain
predicates (e.g. X in n1..n2) ranging over the natural, rational and real numbers.
These expressions appear in FOL axioms and in definitions of the theories. Using
the typing information, the type of the expressions can be determined.

Incorporating CLP solvers in the abductive solver is for us the most natural way
to reason about this expressions, rather than implementing a numerical extension
ourself. The first example of an integration of abduction and a constraint solver
for a specific domain was proposed in [2], where SLDNFA was integrated with a
solver for the theory of total order; the resulting system provided a correct partial
order planning system in the context of event calculus. [9] was the first to propose
a general scheme to integrate CLP in abduction and to apply it in on greater
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scale experiments. Our solver is implemented according to the principles in [9]
but slightly extends is to deal with universally quantified constraints. We obtain a
layered system, in which the abductive system reduces general formulas to a (set
of) CLP constraint store(s).

The extension of the SLDNFA scheme with rewriting rules is straightforward.
We need to extend the state S with a constraint store CS, a set of CLP-expressions.
When a CLP-expression is selected it (or its negation) will be added to the con-
straint store or there will be floundering, as shown below. A CLP-expression C

can only be added to the constraint store CS when {C} ∪ CS is consistent, i.e.
there exists a solution for {C} ∪ CS. For the sake of clarity, this test is omitted in
the representation below.

C[Y ]  (Θ,∆, C[Y ] + CS)

∀ X ←C[Y ] ∧B  







(Θ,∆,¬C[Y ] + CS)
or

(∀ X ←B + Θ,∆, C[Y ] + CS)

if Y ∩X = ∅

∀ X ←C[X] ∧B[X]  







Let Sol be the set of solutions of C[X]
{

{∀X.←B[s] ‖ s ∈ Sol} ∪Θ if Sol is finite
floundering if Sol is infinite

∀ X ← C[X,Y ] ∧B[X]  floundering

A successful derivation terminates in a state S that satisfies the same conditions
as above and has a consistent constraint store.

3.2 High level declarations

One of the knowledge patterns that occurs in many applications that we have
experimented with, is that some relation is searched in which part of the arguments
are uniquely determined by the remaining arguments. For example, in a scheduling
problem, the predicate start(task, time slot) associates with each task a unique
time slot. Though this can be expressed in the logic, there are several reasons for
integrating a new language primitive to represent such information.

• Such high level patterns to represent frequently occurring information pat-
terns are very useful for systematizing the knowledge explicitation phase.

• These patterns make the knowledge representation more compact.

• On the execution level, the high level declarations allow an optimised special
purpose treatment.

The fact that a binary relation p is a function mapping elements of a well-
defined domain dom to a well-defined domain range is expressed by the following
axioms:

∀X.p(X,Y )→ dom(X) ∧ range(Y )

∀X.dom(X)→ ∃Y.p(X,Y )

∀X,Y1, Y2.p(X,Y1) ∧ p(X,Y2)→ Y1 = Y2
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We introduced a compact notation to represent this:

of p :: dom( )→ range( ).

in which of stands for open function. The solver processes this by creating (abduc-
ing) a table with atoms p(a,Xa) for each element a of dom. Moreover, the atom
range(Xa) is added to the initial state. From then on p is treated as a defined
predicate defined by a table.

A specialisation of open function is open bijection. An open bijection p satisfies
in addition:

∀X,Y1, Y2.p(X1, Y1) ∧ p(X2, Y2) ∧ Y1 = Y2 → X1 = X2

∀X.range(X)∃Y.p(Y,X).

This is denoted:

ob p :: dom( )→ range( ).

3.3 Implementation of SLDNFA

The above presented scheme is implemented as a (non-declarative) Prolog meta-
program in Sicstus Prolog. The system is connected with the finite domain, rat-
nional number and real number constraint solvers of Sicstus. During the imple-
mentation, we encountered some lack of efficiency at different points: the data
representation, the consistency check against already examined constraints, the
treatment of disjunctions, . . . Therefore we experimented with different execution
strategies and internal representations.

A first speedup is gained when the access to the needed information (e.g. if a
variable is existential or not) is as direct as possible. Maintaining lists of variables
and constraints, and searching in them are serious factors of inefficiency. Using
low-level prolog-predicates (like attributed variables and coroutining) solved this
for a great deal. Another speedup comes from reducing the number of costly
operations, like making a copy of constraints and formulas. When a denial is
resolved with all the rules of a defined predicate, copies of the denial must be
created for each of the rules. Fresh copies of all universal variables are created,
but the identity of open variables must preserve (no copies may be made of it)
because such a variable denotes a unique globally existentially quantified object.
This complicates the copying process.

The implementation efforts has led to a solver which can be divided in three
phases. A preprocessing phase, in which the ID-logic specification will be trans-
formed to an appropriate normal form using the typing information; a SLDNFA-
CLP phase which results in a consistent (constraint) store in which nonground
existential variables exists; and finally a value generating phase, in which the CLP
solvers assigns values to the non ground existential variables.

4 Experiments and experiences

Three experiments are presented below. Two standard CLP-problems help to
explore the relations between CLP-approach and the ID-logic approach on the
level of specification and reasoning; the third example is a planning example.
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4.1 Standard CLP-problems

In the queens problem, N queens have to be placed on a N by N board, not
threatening each other. Our solution associates with each column one queen, in
the usual way. The row position of a queen can be naturally represented by a
predicate has position(i,j) which expresses that the queen at the i’th column
is on row j. Since row positions of queens are searched for in this problem, the
choice for this predicate causes the computational problem to be of abductive
nature. The queens problem cannot be represented or solved by a CLP-program
that uses this predicate.

The axioms for this domain can be specified as follows4:

dim(8) <-

dom(X) <- dim(N), X in 1..N.

% each queen has a position on a row between 1..N.

fol forall(Q,N) $

dom(Q) => (exists(P) $ dom(P), has_position(Q,P)).

% each queen is positioned on at most one row

fol forall(Q,P1,P2) $

has_position(Q,P1), has_position(Q,P2)

=> P1 = P2.

% two different queens are on different rows

fol forall(Q1,Q2,P1,P2) $

has_position(Q1,P1), has_position(Q2,P2), Q1 \= Q2

=> P1 \= P2.

% two different queens are on different diagonals

fol forall(Q1,Q2,P1,P2) $

has_position(Q1,P1), has_position(Q2,P2), Q1 \= Q2

=> Q1 + P1 \= Q2 + P2, Q1 - P1 \= Q2 - P2.

When called for the query true, in a first phase, the abductive system reduces
the above axioms, one at the time, to a set of constraints; the execution of these
constraints is delayed. In a second phase, the constraint solver solves the constraint
store.

In the current prototype, by far most time is spent on the first phase. E.g.

number of queens first phase second phase

20 5480 ms 40ms

The evaluation of the indentical condition of the third and fourth axiom requires
O(2N2) steps. Due to the symmetry of these two constraints, all constraints on
the positions of different queens are posted twice. The following merged axiom
eliminates both the symmetry and the overhead of the double evaluation of the
condition and requires O(N2

2
) steps; the cost of this operation is on the level of

modularity of the representation:

4We omit the type information.
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%two different queens are on different diagonals and different rows

fol forall(Q1,Q2,P1,P2) $

has_position(Q1,P1), has_position(Q2,P2), Q1 < Q2

=> P1 \= P2, Q1 + P1 \= Q2 + P2, Q1 - P1 \= Q2 - P2.

The table below shows the timings of the experiment.

number of queens first specification (ms) last specification (ms)

16 2650 720
20 5520 1440
40 84200 16000

Because the abductive phase is quadratic and the constraint solving phase is
in principle exponential, one expects that for increasing dimension, the constraint
solving phase gruadually will dominate the abductive phase. However, this turn-

over point has not been reached in this experiment. Compared to a pure CLP-
solution this is still a serious loss of efficiency. This is caused by the still quite
naive meta-implementation of the abductive phase.

The introduction of high level declarations enhances the specification even
more. Observe that has position is a bijection in {1, .., N}. The first three
axioms can be replaced by one high level open bijection declaration. We obtain:

dim(8) <-

dom(X) <- dim(N), X in 1..N.

ob has_position :: dom(_) -> dom(_).

fol forall(Q1,Q2,P1,P2) $

position(Q1,P1), Q1 < Q2, position(Q2,P2)

=> Q1 + P1 \= Q2 + P2, Q1 - P1 \= Q2 - P2.

The second example is a similar experiment as proposed in [9, 10] in the context
of a job scheduling problem. There is a set of jobs, each to be done in a time
interval between a release time and an end time. Each job is subdivided in several
consecutive tasks. Each task has a known duration and uses some resource (E.g.
a machine). Because resources cannot be shared, tasks using the same ressource
do not take place simultaneously.

The relationship between a task and its starting time is represented by the
predicate start(Task,Time)5. This is an open predicate, more exactly an open
function from the domain of tasks to the domain of time (in our case they are all
natural numbers)6

of start :: task(_) -> time_range(_).

time_range(X)<- true.

% all tasks of a job are scheduled between release time and duration.

fol forall(Job,Tsk,Trelease,Tdeadline,Tst,D) $

job_release(Job,Trelease),job_deadline(Job,Tdeadline),

5This choice turns the scheduling problem into an abductive one.
6Type declarations are ommitted.
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job_task(Job,Tsk),start(Tsk,Tst), duration(Tsk,D)

=> Trelease =< Tst , Tst + D=< Tdeadline.

% Two succeeding jobs using the same Precedence constraints.

fol forall(Tsk1,Tsk2,Tst1,Tst2,D1) $

start(Tsk1,Tst1),start(Tsk2,Tst2),duration(Tsk1,D1),Tsk2=Tsk1+1

=> Tst1 + D1 < Tst2.

% two tasks using the same resource do not overlap.

fol forall(Tsk1,Tsk2,R) $

resource(Tsk1,R),resource(Tsk2,R),Tsk1 < Tsk2

=> no_overlap(Tsk1,Tsk2).

no_overlap(Tsk1,Tsk2) <-

start(Tsk1,Tst1),duration(Tsk1,D1),

start(Tsk2,Tst2),duration(Tsk2,D2),

(Tst2 + D2 =< Tst1 ; Tst1 + D1=< Tst2).

Data about the jobs are represented by an exhaustive set of ground atomic rules.
Just as in the queens problem, the abductive solver deterministically reduces in

a first phase all axioms to a constraint store, which is solved in the second phase.
The constraint store is equivalent with the one generated by a hand-written CLP-
program. The system solved a scheduling problem with 100 tasks in 40 seconds.

One aspect that we are working on, is that the efficiency of the current solver is
sometimes susceptible for small changes in the representation. E.g. if in the above
specification of the job-task scheduling problem, the definition of no overlap/2 is
rewritten as

no_overlap(Tsk1,Tsk2) <-

start(Tsk1,Tst1),start(Tsk2,Tst2),duration(Tsk1,D1),

(Tst1 + D1 =< Tsk2).

no_overlap(Tsk1,Tsk2) <-

start(Tsk1,Tst1),start(Tsk2,Tst2),duration(Tsk2,D2),

(Tst2 + D2 =< Tst1).

the search for a solution takes vastly more time, because SLDNFA will backtrack
over this definition until a consistent CLP-constraint store is constructed. Instead,
the original definition contains a disjunction which is handled by the CLP-solver.
To solve this problem, we developed a system that merges different bodies of a
defined predicate in one disjunction and evaluates this disjunction until a CLP
residue is obtained. With this system, the results of executing the first or the
second definition of over lap are comparible; backtracking in the abductive phase
is eliminated. However, in other situations, the rewriting of disjunctions is difficult
to control and has a pernicious influence on the efficiency.

4.2 Planning

The interaction between the abductive search and the constraint solving in the
previous examples is quite simple: generation of variables, setting up the differ-
ent constraints and then finding a solution by assigning values to the variables.
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With planning, this simple scheme does not work; abductive phases and constraint
solving phases alternate.

Below is a variant of an event calculus [12]. Time is interpreted by the nat-
ural numbers. In the example we are searching a finite plan that achieves a goal
situation. Therefore we can restrict the set of timepoints to a finite interval. This
assumption allows to use finite domain variables to represent the timepoints.

In general the relation between a property that holds on a specific timepoint
and the action that invokes it, is modelled by the law of inertia:

holds_at(P,T) <-

initially(P),

not (exists(C,B)$ terminates(C,B,P), act(C,B), between(C,0,T) ).

holds_at(P,T) <-

initiates(E,A,P), act(E,A), E<T,

not (exists(C,B)$ terminates(C,B,P), act(C,B), between(C,E,T) ).

between(C,E,T)<- E<C, C<T.

time(T) <- timepoint(T), maximum_time(Max), T in 0..Max.

fol forall(E,Act) $ act(E,Act) => time(E).

fol forall(E1,E2,Act1,Act2) $

act(E1,Act1),act(E2,Act2), not (Act1=Act2)

=> E1 \= E2.

The two rules defining holds at/2 express the law of inertia. The first FOL-
axiom states that an action happens in the interval defined by the user. The
second excludes that two actions occur on the same time. In this representation
act/2 and timepoint/1 are open predicates.

In the following example, we model the block world domain. This world con-
tains a table, with a number of blocks on it. There is also an imaginary robot that
can pick up one block at a time and put it either on the table or on another block.
We suppose that the table always has enough free place to put a block on.

holds_at(clear(X),E)<- not (exists(Y)$ holds_at(on(Y,X),E) ).

holds_at(free_robot,E)<- not (exists(Y)$ holds_at(clasped(Y),E) ).

fol forall(E,X1,X2) $ act(E,put(X1,X2)) => X1\=X2.

fol forall(E,A) $ act(E,A) => succeeds(E,A).

succeeds(E,put(X,Y)) <-

not (X=Y),

holds_at(clasped(X),E),

clear_location(Y,E).

succeeds(E,pick(X)) <-

holds_at(free_robot,E),

holds_at(clear(X),E).

clear_location(table,_E) <- true.
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clear_location(Y,E) <- holds_at(clear(X),E).

initiates(_E,put(X,Y),on(X,Y)) <- true.

initiates(_E,pick(X),clasped(X))<- true.

terminates(_E,pick(X),on(X,_Y))<-true.

terminates(_E,put(X,_Y),clasped(X))<-true.

A search for a plan given an initial and final situation involves a close interaction
between the construction of the CLP-constraint store and the abductive search.
One of the main problems in the search for a solution is that an inconsistent
situation always can be made “more consistent” by abducing a new atom. A faulty
decision will lead through the consistency checking to more abductions trying
to restore the consistency but actually heading away from the solution. This
process will go on until the number of abduced act/2 atoms is greater than the
maximum number of time points. This restriction isn’t specified directly in the
above specification but is a consequence of the fact that only a finite number of
possible values are allowed for a time point. If the limit is very close to the actual
number of abductions of a solution then a solution will be found in a reasonable
time. But if the limit is below the number of minimal needed abductions the
search will fail. This can be used to find a solution through iterative deepening.

For example the following situation and query: Initially holds that block a is
on block b and block b is on the table. At some time point T1 block b has to be
on block a, afterwards on a time point T2 block a has to be again on block b. The
least solution is found for 10 timepoints which is equivalent to 8 actions.

maximum number result needed CPU time for
of time points finding the result (ms)

9 fail 1100
10 solution found 4000
11 solution found 58000

Another important factor in finding a solution is to have as much as possible
information before making a decision. Therefore a good strategy is to suspend all
choices until all other information is assimilated. We have implemented a system
which allows the suspension of (part of) the choice points. The effect of this is
clearly visible in the results for the query of reversing a tower:

hight of the tower with suspension without suspension
(ms) (ms)

5 blocks 530 730
10 blocks 4200 12100
15 blocks 15040 80830
20 blocks 42330 329940 (∼=5min.29s)
75 blocks 6412340 (∼=1h.46min)

For other block world problems, the system often starts to trash even at low
number of blocks. In general the performance of our system is not comparable with
that of the current planning systems. Yet, the introduction of CLP in abduction
is an important enhancement also for this type of problem. The original SLDNFA
system (without CLP) was unable to reverse a tower of more than 6 high.
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5 Discussion and conclusion

The implementation of the prototype is not yet stable. Small modifications to the
solver sometimes lead to substantially different timings. Typically, by adding intel-
ligence to the abductive solver, the easier problems such as queens and scheduling
run slower, but more complex problems run faster. In particular, reduction of
backtracking on the abductive level is important, as could be seen in the schedul-
ing experiment with the backtracking definition of no overlap and in the planning
problem with the suspension mechnanism. To combine the advange of a simple
and fast execution for simple problems with an intelligent execution for complex
problems, it will be necessary to have a compilation phase based on additional user
control declarations or control information obtained by abstract interpretation.

With respect to CLP problems, there is no doubt that we lose efficiency with
our approach compared to CLP. But we gain at the knowlegde representation.
This is confirmed by the experiments described in [9, 10]. As mentioned, in these
papers, Kakas and Michael experiment with abduction in the context of scheduling
and planning. They discuss an experiment in which a number of small changes
were applied to a problem specification. It turned out to be much easier to adapt
the abductive solution than the CLP solution.

There are strong similarities between the work described in this paper and the
work of Kakas and Michael. Yet, the ideas and the work described in this paper
is not just a repetition of their work. There are a number of meaningful differ-
ences between our project and theirs. It seems to us that on the methodological
level, the typed logic, the integration of definition logic and classical logic and the
knowledge representation methodology in our project are tuned more to declara-
tive knowledge representation. The two projects have different views on the role
of abduction and knowledge representation. On a lower level, the logic that we
use is more general; our abductive solver can solve a broader class of formulas.
In particular, the integrity constraints in their approach must be of a restricted
form. With this restriction, each of the theories presented above contains axioms
that must be replaced by a procedure that recursively abduces a number of atoms.
Consequently, their abductive programs inherit some of the properties of programs
and of specifications (which can be an advantage with respect to efficiency).

Acknowledgements

Marc Denecker is supported by the FWO project ”Representation and reasoning
in OLP-FOL”; Bert Van Nuffelen is researcher on the LP+ project, K.U.Leuven.

References

[1] K.L. Clark. Negation as failure. In H. Gallaire and J. Minker, editors, Logic

and Databases, pages 293–322. Plenum Press, 1978.

[2] M. Denecker, L. Missiaen, and M. Bruynooghe. Temporal reasoning with ab-
ductive event calculus. In Bernd Neumann, editor, Proceedings of the 10th

European Conference on Artificial Intelligence, pages 384–388, Vienna, Aus-
tria, August 1992. John Wiley & Sons.

14



[3] Marc Denecker. A Terminological Interpretation of (Abductive) Logic Pro-
gramming. In V.W. Marek, A. Nerode, and M. Truszczynski, editors, In-

ternational Conference on Logic Programming and Nonmonotonic Reasoning,
pages 15–29. Springer, Lecture notes in Artificial Intelligence 928, 1995.

[4] Marc Denecker. The well-founded semantics is the principle of inductive def-
inition. In J. Dix, L. Fari nas del Cerro, and U. Furbach, editors, Logics

in Artificial Intelligence, pages 1–16, Schloss Daghstull, October 12-15 1998.
Springer-Verlag, Lecture notes in Artificial Intelligence 1489.

[5] Marc Denecker and Danny De Schreye. SLDNFA; an abductive procedure for
normal abductive programs. In K.R. Apt, editor, Proc. of the International

Joint Conference and Symposium on Logic Programming, pages 686–700. MIT
Press, 1992.

[6] Marc Denecker, Victor Marek, and Miroslaw Truszczynski. Fixpoint 3-valued
semantics for autoepistemic logic. In NM’98, Seventh International Workshop

on Nonmonotonic Reasoning, Trento, May 1998.

[7] Marc Denecker, Henk Vandecasteele, Danny De Schreye, Gino Seghers, and
Tom Baeyens. Scheduling by “Abductive Execution” of a Classical Logic
Specification. Compulog Network Meeting on Constraint Programming, Linz,
October 27-28 1997.

[8] T.H. Fung and R. Kowalski. The iff proof procedure for abductive logic
programming. Journal of Logic Programming, 33(2):151–165, 1997.

[9] A. C. Kakas and A. Michael. Integrating abductive and constraint logic pro-
gramming. In Leon Sterling, editor, Proceedings of the 12th International

Conference on Logic Programming, pages 399–416, Cambridge, June 13–18
1995. MIT Press.

[10] A. C. Kakas and C. Mourlas. ACLP: Flexible solutions to complex prob-
lems. In Jürgen Dix, Ulrich Furbach, and Anil Nerode, editors, Proceedings

of the 4th International Conference on Logic Programing and Nonmonotonic

Reasoning, volume 1265 of LNAI, pages 387–398, Berlin, July 28–31 1997.
Springer.

[11] A. Mantsivoda. Positive negation and the completion paradigm. Technical
Report 235, Dept. Computer Science, K.U.Leuven, 1996.

[12] Murray Shanahan. Solving the Frame Problem. The MIT Press, Cambridge,
Massachusetts, 1997.

[13] A. Van Gelder, K.A. Ross, and J.S. Schlipf. The Well-Founded Semantics for
General Logic Programs. Journal of the ACM, 38(3):620–650, 1991.

15


