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Abstract. Time plays an important role in the vast majority of problems and, as such, it is a vital
issue to be considered when developing computer systems for solving problems. In the literature,
one of the most influential formalisms for representing time is known as Allen’s Temporal Algebra
based on a set of 13 relations (basic and reversed) that may hold between two time intervals. In spite
of having a few drawbacks and limitations, Allen’s formalism is still a convenient representation
due to its simplicity and implementability and also, due to the fact that it has been the basis of
several extensions. This paper explores the automatic learning of Allen’s temporal relations by the
inductive logic programming system FOIL, taking into account two possible representations for a
time interval: (i) as a primitive concept and (ii) as a concept defined by the primitive concept of
time point. The goals of the experiments described in the paper are (1) to explore the viability of
both representations for use in automatic learning; (2) compare the facility and interpretability of
the results; (3) evaluate the impact of the given examples for inducing a proper representation of
the relations and (4) experiment with both representations under the assumption of a closed world
(CWA), which would ease continuous learning using FOIL. Experimental results are presented and
discussed as evidence that the CWA can be a convenient strategy when learning Allen’s temporal
relations.
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1. Introduction

The notion of time is present everywhere, embedded or permeating almost every single aspect of the
world as well as human reasoning. An increasing number of computational systems have been pushed
into dealing with the temporal aspects of the applications they implement, aiming at fulfilling their goals
and avoiding obsolescence. The notion of time (as well as its representation, properties, etc.) is a
recurrent and very complex issue, subject to many discussions and approaches in different areas of human
knowledge, such as Philosophy, Natural Language Processing (NLP), Medicine, Engineering, Computer
Science, etc. (see e.g. [1, 2, 11, 19, 26, 44]) and, as such, approached from different perspectives
and goals. Particularly in Artificial Intelligence (Al), the temporal aspect of situations and events is a
decisive aspect to be considered when implementing intelligent systems [12]. Many of the existing Al
systems can take advantage of temporal perception and representation to enhance their performance on
knowledge representation, knowledge acquisition and inference tasks.

As pointed out by Vila in [46], several application areas that employ Al techniques can profit from
efficient temporal treatments, particularly those related to: (i) medical diagnosis and explanation — infor-
mation about when and in what sequence the symptoms have occurred and how long they have persisted
are mandatory for prescribing the correct treatment; (ii) planning — in the development of a plan, not
only the duration of its actions and tasks should be carefully considered but also how they can be tempo-
rally ordered considering their many possible interactions over time; (iii) industrial process supervision
— the control of an industrial process involves many temporal aspects such as past states, variable values
evolution over time, the point of time particular sub-processes start (or end) etc.; (iv) natural language
understanding — mainly focusing on the verb tense in a sentence.

Due to computer developments and their increasing use in the last years, computational systems are
being pushed into providing solutions which implement efficient ways of representing and reasoning
in time-related tasks. The recent proposed approaches for learning from the Web, such as the never-
ending learning — NEL — model [14], have pushed even further the pressure for devising efficient ways
for implementing automatic learning systems capable of dealing with temporality. The inherent nature
of the NEL model, which continuously extracts information from the Web and learns from it requires,
as a pre-condition for its success, an efficient mechanism for dealing with the strong temporal aspects
embedded in the Web.

The many proposals found in the literature for representing and dealing with time are evidence that
the issue is still an open and ongoing research area, without much consensus about what is the best
choice (among the proposals currently available) and what would be the more promising ones, to invest
on. Several reviews present and discuss different formalisms for representing and reasoning about time,
e.g. [15, 17, 23, 46]. Of particular relevance in representing temporal knowledge are the temporal logic
languages, which belong to the family of description logics, characterized by high expressivity combined
with good computational properties [10, 28]. The situation calculus [27] and the event calculus [24] are
among the most popular logic formalisms for reasoning about actions.

An interesting and still influential formalism nowadays is the Temporal Interval Relations (TIR) [3].
In spite of receiving a few criticisms (e.g [18, 29, 30]), TIR is still a popular formalism, mainly due to its
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simplicity and implementability characteristics; it has been extended and modified in a few ways. The
main goal of this paper is to investigate how efficiently an automatic learning system can learn the basic
temporal relations of TIR. Of particular interest is to explore the use of the Closed World Assumption
(CWA), when providing the input to the learning system. The learning experiments described in the
paper were conducted using the FOIL system [37, 38, 39], which uses Horn clauses as the language for
representing and inducing knowledge.

The reminder of this paper is organized as follows: Section 2 describes the main concepts and the
basic temporal relations that define TIR considering two different primitive concepts it could be based
upon, namely time interval and time point. Section 3 introduces the main advantages of using inductive
logic programming (ILP) and gives the main motivations for using ILP systems in automatic learning.
Particularly provides the basic information about FOIL, the ILP system used for learning basic TIR
temporal relations. Section 4 presents and discusses the results of the learning experiments conducted
with FOIL taking into consideration time interval defined as: (a) a primitive concept (Subsection 4.1)
and (b) a composite concept based on the primitive concept of time points (Subsection 4.2). Finally, in
Section 5 a few directions of current and future work are presented.

2. Temporal Interval Relations (TIR) and the Theory of Time

Temporal Interval Relations (TIR) (or Allen’s Interval Algebra) is a formalism proposed by Allen in
[3, 4, 5] to represent and reason about temporal knowledge, based on binary interval relations. Since its
proposal it has inspired several research works involving its use in different domains and applications as
well as various extensions [16, 25, 32, 43, 45]. TIR is a simple linear model of time based on a unique
primitive concept referred to as time period, and a primitive binary relation between two time periods
named meets. A time period can be thought of as the time associated with some event occurring or some
property holding in the world. Although the intuitive idea associated with the meets relation is very clear,
its description and representation as a formal concept (aiming at its implementation) is not trivial, since
it involves a previous definition of the adopted granularity for time, as well as the adopted representation
for time period [33].

The appropriateness of using time points as opposed to time intervals, as the primitive concept for
temporal representation and reasoning is still an open issue. Discussions involving the two different ways
of representing the notion of time have been going on for a long time without much consensus, as can
be evidenced in the many proposals of temporal theories available in the literature (e.g., [16, 18, 23])
claiming for richer structures of time, using either interval-based or point-based representations and,
sometimes, both. Depending on the representation and the choice of primitive (intervals or points, or
both), a variety of different temporal relations between times can be defined.

A few years after his initial proposal Allen considered the introduction of the concept of time points
to represent time intervals as well [6, 20]. In spite of TIR taking temporal intervals as primitive, the
formalism contemplates the possibility of, assuming a model consisting of a fully ordered set of points
of time, representing an interval T as an ordered pair of points of time < ¢t_,¢, >, satisfying the pre-
condition given by t_ < ¢.. Still solutions for dealing with open and closed intervals need to be included
into this representational model.

In the initial proposal [3] Allen defined a set of 5 basic binary relations that can hold between two
intervals: meets, before, overlaps, during, equal. The set was later extended by the inclusion of two
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others: starts and finishes [4]. Reminding that if R is a binary relation, the converse (reversed) relation
of R, written R™!, is a relation such that y R~z if and only if zRy. The 7 basic relations (pictorially
shown in Figure 1) can be expanded into 13, if their reversed relations are considered (the reversed
relation of equal is itself). Table 1 names the reversed relations associated to 6 basic temporal interval
relations (equal excluded).

(a) meets(A,B) (e) starts(A,B)
A B A
— e —— o ‘—B‘
(b) before(A,B)
A B (f) finishes(A,B)
A
(c) overlaps(A,B) ¢ B ’
A
— o
. B (8) equal(A,B)
(d) during(A,B) PSSR
A B
— —
OLO

Figure 1. Pictorial representations of Allen’s 7 basic temporal relations.

Table 1. Temporal basic interval relations (equal excluded), their corresponding reversed relations and the equiv-
alence relation between each pair of them.

Interval Relation Reversed Relation Equivalence
meets met-by meets(A,B) = met-by(B,A)
before after before(A,B) = after(B,A)
overlaps overlapped-by overlaps(A,B) = overlapped-by(B,A)
starts started-by starts(A,B) = started-by(B,A)
finishes finished-by finishes(A,B) = finished-by(B,A)
during contains during(A,B) = contains(B,A)

As presented and discussed in [6], by taking into account all the TIR possible relations between two
time invervals, they can constructively be redefined exclusively in terms of the meets relation. Table 2
shows the five basic temporal relations which are the focus of this work, represented in terms of the meets
relation.

The redefinition subsidized the evolution of TIR into the proposal of a Temporal Theory (TT), ini-
tially described in [6] and later revised in [7, 8, 9], based on a non-empty class, I, of time intervals
(assumed as primitive concept). TT’s is axiomatized using a unique binary temporal relation, meets,
that may happen between two time intervals, and considered a primitive concept. Intuitively two time
invervals x and y meet if and only if x precedes y, yet (1) there is no time between x and y and (2) x and
y do not overlap. The proposed axiomatization subsumes TIR and its axioms are described next, where
i, j, k, [, m and n are logical variables restricted to the domain /.
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Table 2. Allen’s 5 basic binary temporal interval relations defined in terms of the primitive relation meets (equal
and meets excluded), considering two time intervals ¢ and 5.

Temporal relation Corresponding meets-based definition
before(iy,iz) i € T| (meets(i, i) A meets(i,iz))
starts(iy, ia) i, 5,k € I| (meets(i,i1) A meets(ir,j)A

meets(j, k) A meets(i,iz) A meets(iz, k))

finishes(iy,i2) i, 4,k € I| (meets(i,j) A meets(j,i1)A
meets(iy, k) A meets(i,iz) A meets(iz, k))

overlaps(ii,iz) 3i,4,k,1,m € I| (meets(i,i1) A meets(i1, [)A
meets(l,m) A meets(i, j) A meets(j,iz) A
meets(iz, m) A meets(j, k) A meets(k,l))

during(iq, i2) i, 5, k, L € I| (meets(i,j) A meets(j,i1)A
meets(i1, k) A meets(k,l) A meets(i,ia) A meets(ia, 1))

1. (A1) : Uniqueness of meeting places — states that the ‘place’ where two intervals meet is unique
and closely associated with the intervals. If two intervals both meet a third, then any interval met
by one must also be met by the other, formally stated as:

Vi, j, k,l € I (meets(i,j) A meets(i, k) N meets(l,j) — meets(l, k))
2. (Ag) : Meeting places are totally ordered — meaning that if interval ¢ meets interval j and interval
k meets interval [, then exactly one of the following holds: (a) ¢ meets /; (b) 3 interval m such that

1 meets m and m meets [ and (c) 3 interval n such that k£ meets n and n meets j, symbolically
represented below, where @& means exclusive or.

Vi, 4, k,l € I (meets(i,j) N meets(k,l) —  meets(i,l)
@&  Im | meets(i,m) A meets(m,l)

®  3n|meets(k,n) A meets(n,j))

3. (As) : Time continuity — there is no beginning or ending of time; every interval has at least one
neighbouring interval preceding it and another succeding it, formally stated as:

Vi e I35, keI (meets(j,i) N meets(i, k))
4. (A4) : Equal intervals — if two intervals both meet the same interval and another interval meets
both of them, then the two initial intervals are the same, formally stated as:

Vi,j € I3k, 1 €I (meets(k,i) A meets(k,j) A meets(i,l) A meets(j,l) — i =7)
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5. (A4s) : Composing intervals — intervals can be composed producing a larger interval. For any
two intervals that meet, there is a third interval which is the concatenation of the two, formally
described by:

Vi, 3, k,l € I (meets(i,j) N meets(j, k) N meets(k,l)) — Im(meets(i,m) A meets(m,1))

3. Learning with FOIL (First Order Inductive Learner)

This section is organized into two subsections; the first gives the motivations for using Inductive Logic
Programming (ILP) in automatic learning and presents some of its basic concepts. The second briefly
describes the ILP system FOIL (First Order Inductive Learner), used in the experiments described in
Section 4, for learning TIR basic temporal relations.

3.1. Inductive Logic Programming (ILP)

The most widely used model for symbolic learning is the inductive learning from examples, where the
learning task consists of building a general concept description — hypothesis — from a given set of training
examples — positive examples — and counterexamples — negative examples — of the concept. Machine
learning systems employ formal languages for describing examples and concepts referred to as example
description language (L¢) and concept description language (L¢) respectively. To describe the training
examples many of the existing inductive learning algorithms use attribute-based languages. Concept
description languages used for representing induced hypotheses, typically production rules or decision
trees, can be treated as variants of attribute-based languages. As variants of the propositional calculus,
both languages have only propositional representativeness power. Despite their success, attribute-based
learning methods are not only constrained by the languages they employ but also by the very limited
and inexpressive role the background knowledge (K) (described by language L) plays in the learning
process. Only concepts expressible in propositional logic are candidates to be learnt by systems using
attribute-based languages. This strong restriction prevents representing structured objects as well as
relations among objects or among their components. Thus relevant aspects of training examples, which
somehow could characterize the concept to be learnt, cannot be represented.

To overcome some of the representational limitations imposed by attribute-based languages, learning
using more powerful representations, such as variants of the first-order logic, have been considered.
It is well known that logic programming is a traditional and sound research area, focused on the use
of first-order logic to define computer programs. Logic programming can be broadly defined as the
use of symbolic logic for the explicit representation of problems and their associated knowledge bases,
together with the use of controlled logical inference for the effective solution of these problems. Logic
programming is generally understood in more specific terms: the problem-representation language is
a particular subset (Horn-clause form) of classical first-order predicate logic, and the problem-solving
mechanism is a particular form (resolution) of classical first-order inference [42]. Logic programming in
its narrow sense is based on Horn clause and it is often identified with Prolog.

Inductive Logic Programming — ILP — is a research area of Machine Learning (ML) focusing on
the integration of techniques already available and established for logic programming in a framework of
learning, aiming to induce first-order logic programs from examples, using background knowledge. In
ILP the system’s knowledge consists of examples and /C, represented as logic programs — the expressive-
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ness of logic programs and the use of background knowledge have promoted ILP as a powerful inductive
inference paradigm. The adoption of more powerful languages, however, gives rise to various difficulties
that need to be overcome. Since the learning of logical definitions requires the exploration of very large
space of hypotheses, restrictions should be imposed on both, the background and the hypotheses space in
order to make learning a feasible task. Ways of confining the hypotheses space can be implemented via
restricting the hypotheses and background knowledge description languages, for instance. By reducing
the representative power of the languages employed, the search carried out by a learning system can be
both: better controlled and limited. The languages employed by learning systems can be restricted in
different ways as prescribed by the following definitions [21, 22, 47]. Usually background knowledge
can be restricted by only allowing the use of ground background knowledge, as defined in Definition 3.1.

Definition 3.1. A background knowledge X is ground if and only if it is described by ground unit clauses
(i.e., no variables involved) only.

Definition 3.2. A background knowledge X is of bounded arity if and only if the maximum arity of the
predicates in X is bounded by some constant j.

The bounded-arity restriction is also used by Page and Frish [34], to prove the PAC-learnability of a
special kind of concept language L called constrained clauses.

Definition 3.3. A clause is constrained if and only if all variables in the body of the clause also occur in
its head.

A common restriction applied to both, Lx and L, is the restriction to function-free clauses.

Definition 3.4. A clause is function-free if and only it has no function symbols; i.e. all of its arguments
are either variables or constants (function symbols of arity 0).

Two common restrictions shared by some ILP systems are implemented by only allowing ground
and ground unit clauses as examples; both are also adopted by FOIL, briefly described next.

3.2. A Brief Description of FOIL

FOIL (First Order Inductive Learner), proposed and developed by Quinlan [37, 39], is a non-incremental
ILP system which induces function-free Horn clause representations of relations; one target relation is
considered at a time. FOIL is subsidized by several ideas that were proved effective in attribute-based
learning systems, which were customized to the restricted first-order languages adopted.

Within the FOIL framework the considered task is to learn a function-free Horn clause definition of
a target relation in terms of the target and other given relations, from extensional definitions of relations.
The extensional definition of the target relation is given as positive examples (tuples for which the relation
holds) and negative examples (tuples for which it does not hold). If all the positive examples are known,
the negative examples can be generated under the Closed World Assumption (CWA) — an aspect which
is of particular interest in the experiments described in Section 4. The ‘other relations’ referred before
constitute the so-called background knowledge (K), also known as domain theory — a set of presumably
known relations which are fed to the system in their extensional form, i.e., as ground facts, and can be
used by the system for inferring the final expression of the target relation. FOIL learns a description of
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the target relation represented in terms of the target and, eventually, of the other relations given as /C.
So, given the positive and negative examples that define the relation to be learnt and examples of each
relation included in /C, FOIL’s task is to learn a function-free Horn clause definition of the given target
relation. When learning the definition of a relation, FOIL uses a covering approach; it repeatedly learns
a clause and then removes the positive examples that are covered by it from the set of positive examples
to be covered. Once the definition is complete (all the positive examples are covered), FOIL prunes out
redundant clauses. For learning a clause FOIL employs an information-based heuristic (similarly to the
one used by ID3 [36]) for assessing the contribution a literal has, as the next component to be included
in the right-hand side of the clause being constructed.

As Quinlan mentions in one of his papers [38], FOIL is based on ideas that have proved effective in
attribute-value learning systems, but extends them to a first-order formalism. Later on in the same paper,
Quinlan claims that FOIL has no notion of proof — the validity of a clause is investigated by looking
for specific counter-examples in the training set. Moreover, the system looks for maximally general
descriptions that allow positive examples to be differentiated from negative ones, rather than maximally
specific descriptions that express all shared properties of subsets of positive examples. FOIL cannot
learn anything from @-tuples alone and needs either explicit ©-tuples or the closed-world assumption.

Referring to FOIL’s approach, Cameron-Jones and Quinlan in [41] comment: This and similar ap-
proaches in ILP are amongst those most closely related to the traditional (zeroth order) inductive lit-
erature, in contrast to those such as Muggleton and Feng’s GOLEM [31] (which draws more strongly
upon ideas from logic programming). As pointed out in [40] proof-based algorithms are relatively slow
and most of their execution time is consumed in theorem-proving mode, so that they are able to ana-
lyze only small training sets (compared to those not proof-based methods), such as FOIL and GOLEM;
GOLEM uses Plotkin’s relative least general generalization (rlgg) [35] to form clauses while FOIL uses
a divide-and-cover approach adapted from zeroth-order learning.

Input data to FOIL follows the required syntax where the header of a relation, other than the target
relation, begins with an ’*’ and consists of the relation name, argument types and optional keys, followed
by a sequence of lines containing examples. Each example consists of constants separated by commas
(argument separator) and must appear in a single line. Notice that the restriction of having each example
in a single line is not always followed in the tables presented in Section 4 due to space limitations. A
line with the character ’.” indicates the end of the extensional description of the corresponding relation
(and has not been included in the tables, for simplification reasons). When referring to predicates, their
arity (i.e., number of arguments) will be omitted for the sake of simplicity, when that does not introduce
ambiguity. For the experiments described in this paper, the version 5.1 of FOIL was used, downloaded
from http://www.cs.cmu.edu/afs/cs/project/ai-repository/ai/areas/learning/systems/foil/foil5. The FOIL
system runs on a Virtual Machine with Linux Ubuntu version 10 with gcc compiler. For more details on
FOIL see also [40].

4. Learning TIR Relations Using FOIL

This section describes the necessary information — positive examples and background knowledge (K) —
when using FOIL to learn each of Allen’s basic temporal relations, considering two representations: (1)
time interval as a primitive concept (Subsection 4.1) and (2) time interval as a composite concept defined
in terms of the primitive concept time point (Subsection 4.2). The goal of the two subsections is to
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investigate (1) the influence of the representation adopted for time interval when learning TIR relations,
(2) the use of the CWA in both situations and (3) how the background knowledge (K) and the set of
positive examples (PE) influence the relation induced expressions. The experiments intended also to
determine a minimal data domain (where positive examples and K would be extracted from) that would
still provide FOIL with enough information to induce the expected expression (for each relation). For the
experiments described in both subsections, only five out of the seven basic relations are considered, since
meets is the primitive relation used for expressing the others and equal has no representation in terms of
meets. The automatic learning of each of basic relation in terms of meets is considered successful if the
resulting expression agrees with the one proposed by Allen and described in Table 2.

Several of the following tables adopt the notation: ID — identification number of the experiment,
PE — positive examples of the relation to be learnt, [NE| — number of negative examples automatically
generated under the CWA and IC - relation expression induced by FOIL.

4.1. Learning TIR Relations Based on Time Interval

This subsection describes the necessary information (positive examples and background knowledge (K))
when using FOIL to learn each of Allen’s basic temporal relations in terms of the primitive relation meets,
as described in the second column of Table 2, assuming time interval as primitive. Table 3 contains the
extensional description of the argument type required by FOIL, specifying objects representing time
intervals. The number of objects varies depending on the learning situation; particularly depends on the
number of predicates that should be part of the body of induced clauses, to consistently represent the
relation. The given background knowledge () depends on the argument types used for learning each
relation as well as on the ground facts satisfying relation meets; |K| gives the number of background
instantiations of the unique relation (meets) that defines /C. For instance, for learning relation before
(Table 4), the eight facts that satisfy the meets relation have been given to FOIL as X, namely: meets(a,c),
meets(a,d), meets(b,f), meets(b,g), meets(c,f), meets(c,g), meets(d,e), meets(g,e). In experiment #3 of
the same table the eight facts have also been given as PE of relation before. The identification of the
number of required positive examples that allowed FOIL to induce the appropriate expression for each
relation was determined by a recurrent procedure, starting with a reasonable number of PE and, at each
iteration, decreasing the number by one until success was reached. Figure 2 shows the situations that
subsidized the input data to FOIL.

Table 3. Type definition required by FOIL used in the experiments for learning temporal relations using time
interval, where |Intervals| represents the number of temporal intervals used.

Relation Argument type (representing time intervals)  |Intervals| |K]
before(X,X) X: a,b,c,d,e.f,g 7 8
starts(X,X) X: a,b,c,d,e,f,g,h,i,jk,l 12 19

finishes(X,X)
overlaps(X,X) X: a,b,c.d,e,f,g.h,i,j,k]l,m,n,o0,p 16 28
during(X,X)

Table 4 shows the results of three experiments for learning relation before, based on the data domain
pictured in Figure 2. In experiment #1 FOIL was fed with five positive examples of relation before and
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starts(A,B) during(A,B)
before(A,B) finishes(A,B) overlaps(A,B)
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Figure 2. Pictorial examples used for learning the 5 basic temporal relations based on primitive relation meets.

Table 4. Learning before using time inverval.

1D PE INE| IC
#1 ae af ag 44 before(A,B):-
b,e c,e meets(A,C), meets(C,B).
#2 ae af ag before(A,B):-
b,e 45 FOIL does not induce any expression, and prompts:

*#%% Warning: the following definition

*#% does not cover 4 tuples in the relation

#3 ae af ag be
ce ac ad bf 36 before(A,B):- meets(A,B).
b,g cf c,g d,e before(A,B):- meets(A,C), before(C,B).
g,

eight instantiations of relation meets as /C; the system successfully inferred the expected representation
of the target relation. In #2 one positive example was removed from the set of positive examples given
in #1 (increasing the number of negative examples by one). The system was not able to induce any
expression and issued a warning message.

As previously discussed, relation before was initially proposed as described in Table 2, i.e., an interval
is before another if there is a third interval ‘connecting’ them. However, in [9], Allen presents a modified
definition for before, taking into account (i) if two intervals satisfy the meets relation then they also
satisfy the before relation and (ii) the recursive aspect that could be embedded in the description of
relation before. The experiment #3 aimed at inducing the modified definition of before. As in #1, the
eight ground instantiations of relation meets were given to the system as K and as PE, the one from
experiment #1 enlarged with the addition of the eight ground facts satisfying relation meets (bold-faced
in #3).

Table 5 shows two successful experiments, where #1 refers to the learning of relation starts and #2 to
the learning of relation finishes. Input data to both experiments was extracted from the middle diagram
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shown in Figure 2. For both experiments the number of ground instantiations of relation meets, given as
IC, was 19.

Table 5. Learning starts and finishes using time interval.

ID PE INE]| IC
#1 c,l dc dl starts(A,B):-
ef gh ij 138 meets(A,C), meets(C,D), meets(B,D),
meets(E,A), meets(E,B).
#2 ec fl gf finishes(A,B):-
gl ih kjj 138 meets(C,A), meets(A,D), meets(B,D),
meets(E,C), meets(E,B).

The successful results shown in Table 6, when learning overlaps and during were obtained in a similar
fashion as those from the previous relations. The main difference, however, is related to the number of
positive examples required. For both relations a greater number of time intervals was needed (i.e., 16),
as shows diagram on the right in Figure 2, to provide enough data for establishing appropriate positive
examples of both relations, particularly for the overlaps relation that required 15 positive examples for
the induction of its correct expression. For both experiments described in Table 6 the number of ground
instantiations of relation meets, given as K, was 28. Learning results described in tables 4 to 6 can be
considered evidence that time inverval, as TIR primitive concept, is a suitable assumption to both, (i)
TIR axiomatization and (ii) representing the basic temporal relations in terms of the primitive relation
meets.

Table 6. Learning overlaps and during using time inverval.

ID PE INE| IC

#1 hm h,n ho ik overlaps(A,B):-
ji j,n j,0 j,p 241 meets(A,C), meets(D,B), meets(D,E),
Lk Lo Lp m,i meets(E,C), meets(C,F), meets(G,D),
m,p nk np meets(B,F), meets(G,A).

#2 cj ¢l d1 dn during(A,B):-
d,o eo ep 10 247 meets(A,C), meets(D,A), meets(C,E),
m,l meets(F,D), meets(B,E), meets(F,B).

In a real-world domain, considering periods of time defined by days of week, Table 7 and Table
8 describe the learning of relations before and starts, respectively; this situation has been considered
before (Figure 2). For learning before the argument type definition used was: X: monday, tuesday,
wed, thursday, monday _tuesday, tuesday_wed, wed_thursday. The positive examples and the background
knowledge in Table 7 allowed FOIL to induce (under the CWA) the expression of relation before as the
two clauses: (1) before(A,B):- meets(A,B). and (2) before(A,B):- meets(A,C), before(C,B).

For learning starts the argument type definition used was: X: monday, tuesday, wed, thursday, friday,
saturday, sunday, tuesday_wed, tuesday_thursday, wed_thursday, thursday_friday, friday_saturday. The
positive examples and the background knowledge in Table 8 allowed FOIL to induce (under the CWA) the
relation starts as the clause: starts(A,B):- meets(A,C), meets(C,D), meets(B,D),meets(E,A),meets(E,B).
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Table 7. Learning before using time inverval in a real-world domain where periods are defined by days of week
and knowledge domain (K) given by eight ground facts of relation meets.

PE K
monday,thursday monday _tuesday,thursday monday,tuesday
monday,wed monday,tuesday monday,tuesday_wed
tuesday,thursday monday _tuesday,wed_thursday monday_tuesday,wed
monday,tuesday_wed tuesday,wed_thursday monday_tuesday,wed_thursday
monday _tuesday,wed tuesday_wed,thursday tuesday,wed
tuesday,wed tuesday,wed_thursday
wed,thursday tuesday_wed,thursday
monday,wed_thursday wed,thursday

Table 8. Learning starts using time inverval in a real-world domain where periods are defined by days of week
and knowledge domain (K) given by nineteen ground facts of relation meets.

PE K

tuesday_wed,tuesday _thursday monday,tuesday_wed saturday,sunday

tuesday,tuesday_wed monday,tuesday tuesday_wed,thursday_friday

tuesday,tuesday_thursday monday,tuesday _thursday tuesday_wed,thursday

wed, wed_thursday tuesday,wed thursday _friday,saturday

thursday,thursday_friday tuesday,wed_thursday wed_thursday,friday

friday,friday_saturday wed,thursday wed_thursday,friday_saturday
wed,thursday_friday friday_saturday,sunday
thursday,friday tuesday_thursday,friday

thursday,friday _saturday tuesday_thursday,friday _saturday
friday,saturday

4.2. Learning TIR Relations Based on Time Points

As mentioned before, assuming a model consisting of a fully ordered set of points of time, TIR con-
templates the possibility of representing an interval T as an ordered pair of points of time < t_,{, >,
satisfying the pre-condition {_ < ¢,. This subsection reports the experiments with FOIL for learning
Allen’s basic temporal relations, where the concept of time interval is assumed to be a composite concept,
based on the primitive notion of time point. Since each time interval is represented by two time points,
relations between two time intervals have arity 4 — the first two arguments represent the ending points of
the first interval and the last two, of the second. An interval is a valid interval if its ending points satisfy
the previous stated pre-condition. For the experiments described in this subsection all time intervals fed
to FOIL were valid. The condition that qualifies a point-based interval as valid, however, can be learnt
by FOIL, as shown in Table 9. In the table, based on a discrete time line defined by four time points
(i.e., 1,2,3,4), considering the exhaustive list of possible positive examples (i.e., six positive examples)
and X represented by all the ground instantiations of relation lessthan taking into account the discrete
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domain, FOIL induces, under the CWA, the appropriate expression that represents a valid point-based
time interval, represented by relation interval.

Table 9. Learning the definition of valid point-based time interval, given by relation interval, whose arguments
are the two time points defining it.

PE K IC
interval(X,X) *]essthan(X,X) interval(A,B):-
1,2 2,3 1,2 2,3 lessthan(A,B).
1,3 2,4 1,3 2,4
14 34 1,4 34

In the following tables a point-based binary relation generically named relation is represented as
relation(A,B,C,D), where A and B are the ending points of the first interval and C and D are the ending
points of the second interval. The same notation used in Subsection 4.1 has been adopted, i.e.: ID —
identification number of the experiment, PE — positive examples of the relation to be learnt, |[NE| —
number of negative examples automatically generated under CWA and IC — relation expression induced
by FOIL. The number of instantiations of relation meets that define the background knowledge fed to
FOIL is represented by |K|.

As pointed out before, FOIL requires the definition of the type of data the examples represent. For
all experiments, this requirement has been acomplished by having, at the beginning of the input file to
FOIL, the type definition of relation arguments, as individually shown, per relation, in Table 10.

Table 10. Type definition required by FOIL, used in the experiments for learning temporal relations using point-
based interval, where |Intervals| represents the number of temporal intervals used.

Relation Type definition [Intervals| ||
before(X,X,X,X) X:0,1,2,3,4 7 8
starts(X,X,X,X) X:0,1,2,3,4,5,6 10 14
finishes(X,X,X,X) X:0,1,2,3,4,5,6 10 14
overlaps(X,X,X,X) X:0,1,2,3,4,5,6 13 22
during(X,X,X,X) X:0,1,2,3,4,5,6 11 16

Figure 3 shows five pictorial situations which provided data for learning the five basic temporal rela-
tions, as described in Table 11, Table 12 and Table 13. It is worth reminding again that, as in Subsection
4.1, several learning experiments were initially conducted, trying to identify a minimal domain configu-
ration that would lead FOIL to infer the appropriate meets-based relation expressions under CWA. Figure
3 pictorially represents the identified configurations, for each basic relation.

Table 11 describes two experiments for learning relation before. Experiment #1 describes the data
used for inferring the expected (in the sense of information given in Table 2) expression of relation
before. Experiment #2 reproduces the same situation described in Subsection 4.1 (Table 4, #3), this time,
though, using a point-based interval representation. The induced concept is represented by two clauses:
the first stating that four time points satisfy before relation if they satisfy relation meets and the second,
defined as a conjunction of meets and a recursive call to before. An exhaustive list of instantiations of
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before(A,B,C,D) during(A,B,C,D)
—o—o oo o o o o oo
° o H - o o
———o
’ * L 1

— o

starts(A,B,C,D) 0 1 2 3 4 56

finishes(A,B,C,D) overlaps(A,B,C,D)
o o o o o o
o o oo o o — o o
o o — o o o
— o — o
— o — o
0o 1 2 3 4 5 6 0 1 2 3 4 5 6

Figure 3. Pictorial examples for learning basic temporal relations in terms of relation meets, using point-based
temporal interval.

relation meets have been given to FOIL as positive examples of relation before (shown bold-faced in #2
of Table 11).

Table 11. Learning before using point-based temporal interval.

ID PE |NE| IC
#1 0,1,2,3 0,1,24 0,1,3,4 620 before(A,B,C,D):-
0,2,3,4 1,234 meets(A,B,B,C), meets(B,C,C,D).
#2 0,1,2,3 0,1,24 0,1,3,4 0,2,3,4
1,2,34 0,1,1,2 0,1,1,3 0,2,2,3 before(A,B,C,D):- meets(A,B,C,D).
0,224 1,223 1,224 1334 612 before(A,B,C,D):- meets(A,B,B,C),
23,34 before(B,C,C,D).

TIR relations, as stated in Table 2, have embedded in their meets-based representation, the ‘concept’
of time-continuity. When learning overlaps, although the four pairs of point-based intervals: 0,2,1,3;
0,2,1,4; 2,5,4,6 and 3,5,4,6 could qualify as positive examples of overlaps, they have not been included
as PEs due to what has been called here ‘lack of continuity representativeness’. Their inclusion as
positive examples would provoke the side-affect of biasing the learning process towards the induction
of an expression lacking continuity representativeness. Also, their inclusion as PEs would require an
expansion of the domain, so to accomodate the point-based intervals used in their definition, aiming to
support the representation of ‘continuity’ of the time line; that on its turn, would provoke again a similar
situation of lack of continuity, requiring another expansion and so on.

The main idea underneath the experiments was to show that TIR basic binary temporal relations can
be learned based on the primitive relation meets, as stated in Table 2 (Section 2), using point-based tem-
poral intervals representation as well. The experiments also aimed at determining the smallest number
of positive examples which would allow FOIL to induce the appropriate expression for each of the five
relations, under the CWA.
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Table 12. Learning starts and finishes using point-based temporal interval.

ID PE |NE| IC
#1 1,2,1,3 1,2,14 13,14 2396 starts(A,B,C,D):-

2,324 3,4,3,5 meets(E,A,C,B), meets(B,D,D,F), meets(A,D,D,F).
#2 2,3,1,3 24,14 34,14 2396 finishes(A,B,C,D):-

3,424 4,5,3,5 meets(A,B,D,E), meets(F,C,C,A), meets(C,B,B,E).

Table 13. Learning overlaps and during using point-based temporal interval.

D PE INE| IC
#1 1324 1325 2435 2396  overlaps(A,B,C,D):-
1435 1425 meets(A,B,B,D), meets(A,C,C,B),

meets(C,D,D,E), meets(F,A,A,B).
#2 23,14 23,15 24,15 2397 during(A,B,C,D):-
3,4,1,5 meets(A,B,B,D), meets(E,C,C,A), meets(C,D,D,F).

The expressions defining each TIR basic temporal relation are conjunctions of meets relations (see
Table 2). A comparison between the number of meets relations that define each temporal relation and
the number of meets relations in the body of FOIL induced clauses described in this subsection, is
shown in Table 14. Differently from what happened with experiments described in Subsection 4.1 where
the induced relation expressions coincide with their definition, this was not the case for the learning
experiments using point-based intervals, described in this subsection.

Table 14 is clear evidence that, when compared with their original counterparts (Table 2), the induced
relation expressions using point-based interval are conjunctions of a smaller number of meets relation.
The binary point-based relations are represented by four arguments; the ‘concept’ each of them represent
is not only embedded in the representation but also represented by the arguments. Except for the before
relation, the other four have representations which slightly differ from their originally proposed coun-
terparts. The concepts they represent, however, are still the same given by TIR original relations. This
can be visualized in Figure 4, where each point-based induced expression is ‘mapped’ into its original
expression, as presented in Table 2.

Table 14. Comparing the number of meets relations needed for defining temporal relations.

Relation Definition - Table 2 Learning - Tables 11, 12 and 13

before 2 2
starts 5 3
finishes 5 3
overlaps 8 4
during 6 3
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starts(A,B,C,D) during(A,B,C,D)
E ; A=C j, B j DF E ; CjA;B , D, F
r——— 00— 0 —0 *——o —0—0 —0—9o
.i—z. i2
— o
A D c D
finishes(A,B,C,D) overlaps(A,B,C,D)
F;CjA j B=D y E F;A 4 BD
—eo—o oo — o o o
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— - o )
C B A 17} m
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Figure 4. Pictorial representation of the induced expressions, taking into account their original representations
given in Table 2.

5. Conclusions and Further Work

This paper investigates how efficiently an automatic learning system can learn formal expressions repre-
senting temporal knowledge. The formalism of choice for representing temporal knowledge was Allen’s
TIR. The choice was motivated mainly by TIR’s simplicity and understandability; also its set of basic
binary temporal relations seems to represent well some of usual temporal relations commonly employed.
As far as time interval representation is concerned, it has become quite obvious, based on experiment
results, that Allen’s temporal formalism is much more suitable for time interval considered as primitive
concept, as initially proposed, than as a composite concept defined by time-points. Both representations,
though, can be used; particularly the slightly modified expressions learnt when using point-based time
intervals, represent the same concept of their counterparts, using time interval.

As always happens with automatic learning, induced concepts reflect the initial knowledge available
to the learning system. The learning experiments described in this paper clearly corroborate the influence
of the given information (positive examples and background knowledge) on the induced temporal expres-
sions. Although not explicitly shown (except for experiment #2 in Table 4), the influence of the given
positive examples has been determinant for inducing the appropriate expression of temporal concepts.

In relation to interpretability (in the sense of human comprehension), for those familiar with Allen’s
TIR, the learning results described in Section 4.1 offer no extra burden to human comprehension, since
they coincide with the original representation given in TIR. When point-based time intervals are used,
however, the induced expressions, although representing the same relation, requires efforts into ‘trans-
lating’ it into a more familiar representation, such as shown in Figure 4.

One of the goals of the experiments conducted and described in this paper was also to determine
the feasibility of implementing a temporal learner system, based on data collected from the Web, in a
continuous way, in a never-ending learning fashion. The conducted experiments explored the use of
the CWA having in mind that, by assuming CWA, the intended never-ending learning task could be
simplified (considering that the other existing option would be to provide the negative examples as well).
The experiences learnt from the investigation of temporal learning reported in this paper, however, are
far from being portable and are hardly able to be customized to a dynamic and constantly changing
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environment as the Web. Also, good results were obtained due to close supervision when defining the
information given to the learning system — this type of supervision is not viable in a never-ending learning
environment. Next it is intended to modify the formalism by removing predicates which reflect the idea
of ‘time continuity’.
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