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Preface

The inherent dangers of change are often summed up in the misquoted Chinese
curse “May you live in interesting times.” The submission procedure for the
16th International Conference of Inductive Logic Programming (ILP 2006) was
a radical (hopefully interesting but not cursed) departure from previous years.
Submissions were requested in two phases. The first phase involved submission
of short papers (three pages) which were then presented at the conference and
included in a short papers proceedings. In the second phase, reviewers selected
papers for long paper submission (15 pages maximum). These were then assessed
by the same reviewers, who then decided which papers to include in the journal
special issue and proceedings. In the first phase there were a record 77 papers,
compared to the usual 20 or so long papers of previous years. Each paper was re-
viewed by three reviewers. Out of these, 71 contributors were invited to submit
long papers. Out of the long paper submissions, 7 were selected for the Ma-
chine Learning Journal special issue and 27 were accepted for the proceedings.
In addition, two papers were nominated by Program Committee referees for the
applications prize and two for the theory prize. The papers represent the diver-
sity and vitality in present ILP research including ILP theory, implementations,
search and phase transition, distributed and large-scale learning, probabilistic
ILP, biological applications, natural language learning and planning and action
learning.

ILP 2006 was held in Santiago de Compostela under the auspices of the
University of Corunna and the University of Santiago de Compostela. The annual
meeting of ILP researchers acts as the premier forum for presenting the latest
work in the field. In addition to the many technical paper presentations, the
invited talks this year were given by some of the most distinguished names
in artificial intelligence research, namely, Vladimir Lifschitz, John McCarthy,
Stuart Russell, Bart Selman and Ehud Shapiro.

We gratefully acknowledge support of the PASCAL network of excellence,
the Spanish National Commissions of Science and Technology, the Galicia-Spain
Secretary of R&D, the University of Corunna, Imperial College London, the
University of Santiago de Compostela, the Spanish Association of Al and the
Machine Learning Journal. Finally we would like to thank the many individuals
involved in the preparation of the conference. These include the Journal Spe-
cial Issue organizer (Simon Colton), the Local Chair (David Losada), the Local
Organizers (Jorge Gonzalez and Miguel Varela) as well as Bridget Gundry, who
organized and distributed the conference poster.

March 2007 Stephen Muggleton
Ramon Otero
Alireza Tamaddoni-Nezhad
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Actions, Causation and Logic Programming

Vladimir Lifschitz

Department of Computer Sciences
University of Texas at Austin, USA

Reasoning about changes caused by the execution of actions has long been at
the center of attention of researchers in the area of logic-based Al. Logical prop-
erties of causal dependencies turned out to be similar to properties of rules in
logic programs. This fact allows us to apply methods of logic programming to
computational problems related to action and change. Ideas of answer set pro-
gramming, based on the concept of a stable model, turned out to be particularly
useful. In the past they have been applied primarily to the problem of plan
generation. There is now increasing interest also in using logic programming for
learning action descriptions.

S. Muggleton, R. Otero, and A. Tamaddoni-Nezhad (Eds.): ILP 2006, LNATI 4455, p. 1, 2007.
© Springer-Verlag Berlin Heidelberg 2007



Challenges to Machine Learning:
Relations Between Reality and Appearance

John McCarthy

Stanford University, USA

Abstract. Machine learning research, e.g. as described in [4], has as its
goal the discovery of relations among observations, i.e. appearances. This
is inadequate for science, because there is a reality behind appearance, e.g.
material objects are built up from atoms. Atoms are just as real as dogs,
only harder to observe, and the atomic theory arose long before there was
any idea of how big atoms were. This article discusses how atoms were
discovered, as an example of discovering the reality behind appearance.
We also present an example of the three-dimensional reality behind a two-
dimensional appearance, and how that reality is inferred by people and
might be inferred by computer programs. Unfortunately, it is necessary
to discuss the philosophy of appearance and reality, because the mistaken
philosophy of taking the world (or particular phenomena) as a structure of
sense data has been harmful in artificial intelligence and machine learning
research, just as behaviorism and logical positivism harmed psychology.

1 Introduction

Apology: My knowledge of of machine learning research is no more recent than
Tom Mitchell’s book [4]. Tts chapters describe, except for inductive logic pro-
gramming, programs solely aimed at classifying appearances.

We live in a complicated world that existed for billions of years before there
were humans, and our sense organs give us limited opportunities to observe it
directly. Four centuries of science tell us that we and the objects we perceive are
built in a complicated way from atoms and, below atoms, quarks. Maybe there
is something below quarks.

Science, since 1700, is far better established than any kind of philosophy. Bad
philosophy, proposing to base research entirely on appearances, has stunted Al
just as behaviorism stunted psychology for many decades.

Here’s the philosophy in a nutshell. As emphasized by Descartes, all a human’s
information comes through the senses. Therefore, it is tempting to try to base
science on relations among sense data and relations between actions that may
be performed and subsequent sense data. [6] is an important source for this
approach. Unfortunately for this approach, humans and our environment are
complicated structures built of vastly smaller objects that our senses do not
directly observe. Science had to discover atoms.

Besides the fundamental realities behind appearance studied by science,
there are hidden every day realities—the three dimensional reality behind two

S. Muggleton, R. Otero, and A. Tamaddoni-Nezhad (Eds.): ILP 2006, LNAI 4455, pp. 2-[9 2007.
© Springer-Verlag Berlin Heidelberg 2007



Challenges to Machine Learning: Relations Between Reality and Appearance 3

dimensional images, hidden surfaces, objects in boxes, people’s names, what
people really think of us.

Human common sense also reasons in terms of the realities that give rise
to the appearances our senses provide us. Thus young babies have some initial
knowledge of the permanence of physical objects. This initial knowledge seems
not to be expressed in terms of particular senses. Blind babies have it too, and
so do babies whose sense of touch is compromised by lack of arms. See [7] for
experiments related to initial knowledge.

Perhaps if your philosophy rejects the notion of reality as a fundamental
concept, you'll accept a notion of relative reality appropriate for the design and
debugging of robots. Thus the robot needs to be designed to determine this
relative reality from the appearance given by its inputs.

We'll discuss:

Dalton’s atomic theory as a discovery of the reality behind appearance.

A simple problem involving changeable two dimensional appearances and a
three dimensional reality.

Some formulas relating appearance and reality in particular cases.

What can one know about a three dimensional object and how to represent
this knowledge.

The use of touch in finding the shape of an object.

How scientific study and the use of instruments extends what can be learned
from the senses. Thus a doctor’s training involving dissection of cadavers enables
him to determine something about the liver by palpation.

2 Elements, Atoms, and Molecules

Some scientific discoveries like Galileo’s s = é gt2 involve discovering the relations
between known entities. Patrick Langley’s Bacon program [I] did that.

John Dalton’s postulation of atoms and molecules made up of fixed numbers
of atoms of two or more kinds was much more creative and will be harder to
make computers do. That’s the reason for this section of the paper.

The ancient ideas of Democritus and Lucretius that matter was made up from
atoms had no important or even testable consequences. Dalton’s did.

Giving each kind of atom its own atomic mass explained the complicated
ratios of masses in a compound as representing small numbers of atoms in a
molecule. Thus a sodium chloride (NaCl) molecule would have one atom of each
of its elements. Water came out as HyO.

The simplest forms of the atomic theory were inaccurate. [Thus early 19th
century chemists didn’t soon realize that the hydrogen and oxygen molecules
are Hy and Oz and not just H and O.] Computers also need to be able to
propose theories adventurously and fix their inaccuracies later later.

Only the relative masses of atoms could be proposed in Dalton’s time. The
first actual way of estimating these masses was made by Maxwell and Boltzmann
about 60 years after Dalton’s proposal. They realized that the coefficients of
viscosity, heat conductivity, and diffusion of gases as explained by the kinetic
theory of gases depended on the actual sizes of molecules.
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The last important scientific holdout against the reality of atoms, the chemist
Wilhelm Ostwald, was convinced by Einstein’s 1905 quantitative explanation of
Brownian motion as caused by liquid molecules striking a suspended object. The
philosopher Ernst Mach was unconvinced.

Long after the reality of atoms was accepted in science, it was still believed
that individual atoms could not be observed. The first actual pictures of atoms
in the 1990s were a big surprise. Now quarks are accepted as real although an
actual picture of a proton showing the quarks would be even more surprising
and seems quite unlikely, because the quarks move too fast.

Philosophical point: Atoms cannot be regarded as just an explanation of the
observations that led Dalton to propose them. Maxwell and Boltzmann used the
notion to explain entirely different observations, and modern explanations of
atoms are not at all based on the law of combining proportions. In short, atoms
were discovered, not invented.

Reality is usually more stable than appearance, i.e. changes more slowly. For-
mulas giving the effects of events (including actions) are almost always written
in terms of reality. Getting reality from appearance is an inverse problem. Ge-
ologists, oil companies, and astronomers are faced with inverse problems. Their
solution is intellectually difficult and computationally intensive. Human-level Al
systems will also have to be able to infer reality from appearances related to
them in complex ways.

3 Elements, Atoms, Molecules - Formulas

Most likely, it is still too hard to make programs that will discover elements,
atoms, and molecules. Let’s therefore try to write logical sentences that will
introduce these concepts to a knowledge base that has no ideas of them.

We assume that the notions of a body being composed of parts and of mass
have already been formalized, but the idea of atom has not. The ideas of bodies
being disjoint is also assumed to be formalized.

The following formulas approximate a fragment of high school chemistry and
should be somewhat elaboration tolerant [2], e.g. should admit additional infor-
mation about the structure of molecules. The situation argument s is included
only to point out that material bodies change in chemical reactions.

Body(b, s) — (3u C Molecules(b, s))(Vy € u)(Molecule(y) A Part(y,b)),
yl € Molecules(b, s) Ny2 € Molecules(b, s) Nyl # y2 — Disjoint(yl,y2),
Part(x,b,s) — (3y € Molecules(b, s))-Disjoint(y, x),

Body(b,s) — Mass(b,s) =

z€Molecules(b,s) MGSS((E, S)‘
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Water(b, s) Ax € Molecules(b, s)
— (3h1 h2 o)(Atoms(z) = {h1,h2,0} A h1 # h2
NHydrogenAtom(hl) A HydrogenAtom(h2) A OxygenAtom(o)),

Salt(b,s) Nz € Molecules(b, s)
— (Ina cl)(Atoms(z) = {na, cl} A SodiumAtom(na) A Chlorine Atom(cl)).

2)

Molecule(x) — Mass(x) = y Mass(y),

yEAtoms(x
HydrogenAtom(y) — Mass(y) = 1.0, 3)
OzxygenAtom(y) — Mass(y) = 16.0,

SodiumAtom(y) — Mass(y) = 23.0,

ChlorineAtom(y) — Mass(y) = 35.5.

4 Appearance and Reality

Reality is usually more stable than appearance, i.e. changes more slowly. For-
mulas giving the effects of events (including actions) are almost always written
in terms of reality. Getting reality from appearance is an inverse problem. Ge-
ologists, oil companies, and astronomers are faced with inverse problems. Their
solution is intellectually difficult and computationally intensive.

The formulas that follow will need a situation or time argument once we
consider changing appearances.

5 Another Start on Three Dimensional Objects

How can we best express what a human can know and a robot should know
about a three dimensional object? We start from a standard kind of object
with particular types of objects and individual objects defined by successive
approximations.

I propose starting with a rectangular parallelopiped, which we’ll abbreviate
rppd. An object is an rppd modified by dimension information, shape modifi-
cations, attached objects, information about its internal structure, location in-
formation, folding information, information about surfaces, physical information
like mass. Perhaps one should start even more simply with just a size, a ball too
large to be included in the object and too small to include it.

My small Swiss army knife is an rppd, 5cm by 2cm by 1.5¢m, rounded in the
width dimension at each end. Its largest surface has a smooth plastic surface
texture, and its other surfaces are metallic with stripes parallel to the long axis,
i.e. the backs of the blades. This description should suffice to find the knife in
my pocket and get it out, even though it says nothing about the blades.

Consider a baby and a doll of the same size. Each may be described as an
rppd with attached rppds in appropriate places for the arms, legs, and head. The
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most obvious and significant differences come in a texture, motion, and family
relationships.

We begin with a little bit about touch rather than with vision. Imagine putting
one’s hand into one’s pocket in order to take out one of the objects.

Touching(Side(1),z) A PocketKnifel(x, Jmc) — Feels(TexturelT),

(4)
Texture(Side(PocketKnifel)) = Texturel?

For now we needn’t say anything about Texturel7 except that it is distinguish-
able from other textures. Textures for touch have similarities to and differences
from textures for vision. Both are very scale dependent.

Touch differs from vision in that the information is usually more partial, e.g.
one can pickup a new object without getting a full image of its shape. One can
get more information about an object by feeling it more.

I made a small informal experiment in which subjects were asked to draw an
object that they could feel inside a paper bag but could not see. The quality of
the drawing was about the same as the subject could make when he was allowed
to see.

6 A Puzzle About Inferring Reality from Appearance

Here’s the appearance. The puzzle is: What is the reality behind the appearance?
Clicking on the < and > signs is how one experiments.

Alas, figures in published proceedings are still not dynamic. To experiment
with this puzzle, go to http://www-formal.stanford.edu/jmc/appearance.html.
The reality is three dimensional, while the appearance is two dimensional.

Those who implement display know that computing appearance is difficult.
Those who do computer vision know that inverting the relation is even more
difficult.

The appearance in the puzzle is a genuine appearance. The reality behind the
appearance is rather abstract. Thus the bodies have no thickness or mass. This
doesn’t seem to bother people; we’re used to abstractions.

We use concepts like like solid body, behind, part of, length, etc.

The first step in solving the version given in the above url is to realize that
partial surfaces of objects are displayed as strings of letters and that the actions
move the strings. One also must realize that some surfaces are hidden behind
others but can be displayed by moving the objects by clicking on the tabs.
Forming wrong initial hypotheses can make the puzzle very difficult.

Some of the relevant concepts may be learned by babies from experience, as
Locke proposed. However, there is good evidence that many of them, e.g. solid
body and behind were learned by evolution and are built into human and most
animal infants.

The quickest and most articulate human solution was by Donald Michie.
Stephen Muggleton and Ramon Otero [5] have solved a simplified version of
the puzzle using inductive logic programming.
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7 Formulas for Appearance and Actions in the Puzzle

We introduce positions. There is a string of 13 positions. Bodies are also repre-
sented by strings of squares of length appropriate to the body. Content(sq) is
either a color or a letter depending on the version of the puzzle.

Body(b) A sq € b A Location(sq, s) = pos

AWV #b)((Fsq' € V') (Location(sq', s) = pos (5)
— Higher(b,b)))

— Appearance(pos, s) = Content(sq).

Body(b) A sq € b A Location(sq, s) = pos

ANVY #b)((3sq’ € V') (Location(sq', s) = pos

— Higher(b,b)))

— (Vsq' € b)(Location(sq', Result(ClickCW (pos), s)) (6)
= CWloc(Location(sq', s)))

AV & b)(Location(sq', Result(ClickCW (pos), s))

= Location(sq', s)).

Here’s the formula for the effect of counter-clockwise motion.

Body(b) A sq € b A Location(sq, s) = pos

ANV # b)((3sq’ € V) (Location(sq', s) = pos

— Higher(b,1")))

— (Vsq' € b)(Location(sq’, Result(ClickCCW (pos), s)) (7)
= CCWloc(Location(sq', s)))

AVY & b)(Location(sq', Result(ClickCCW (pos), s))

= Location(sq', s)).

The last parts of the last two formulas tell what doesn’t change.

These formulas give the appearance as a function of the reality and also tell
how the reality is changed by the allowed actions. There can’t be a formula
giving how the appearance changes that only involves the present appearance,
because an action may make a position visible that was previously invisible.
Even taking into account past appearances will only work if the previous actions
have uncovered all of the surfaces.

8 How Should a Computer Discover the Reality?

A point of view common (and maybe dominant) in the machine learning commu-
nity is that the computer should solve the problem from scratch, e.g. inventing
body and behind as needed. It is not dominant in the computer vision community.

Our opinion, and that of the knowledge representation community, is that it
is better to provide computer programs with common sense concepts, suitably
formalized. There is some success, but the formalisms tend to be limited in the
contexts in which they apply. I think, but won’t argue here, that formalizing
context itself is a necessary step.
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Here are two sample formulas relevant to the version of the puzzle presented
at ILP2006 in which the objects were colored rather than displayed as strings of
letters. These formulas are still too specialized to be put in a knowledge base of
common sense.

Color-Appearance(scene, x, s) = Color(Highest(scene, x, s)) (8)
Behind(b2,b1, s) A Opaque(bl) — —Visible(b2, s). 9)

Solving the puzzle involves inferring formulas like

Body(b) A Present(b, Scene) = b € {B1, B2, B3, B4},

Color(B1) = Blue A Color(B2) = Orange A Color(B3) = Green
AColor(B4) = Red,

Length(B1) = 6 A Length(B2) = 8, etc.,

Higher(B1, B2) A Higher(B2, B3) A Higher(B3, B4),

Higher(B4, Background) A\ Length(Background) = 13.

(10)

9 Limitations of Our Treatment and Remarks

Actions are the converse of observations. The relations between the muscle move-
ments of an action and its effects in the world are analogous to the relations
between appearance and reality. One thinks in terms of the effects. Evidence:
(1) A person’s handwriting style on the blackboard is the same as that of his
writing on paper, even though the muscle movements are entirely different. (2)
A person can sign his name with his foot on the floor or with his nose in chalk
dust on the blackboard. Thus the monitoring is in terms of effect rather than it
terms of muscle movements.

The lengths and colors of the bodies are assumed not dependent of the sit-
uation. Human language tolerates elaborations such as actions that affect color
better than do present AI formalisms.

The ideas of the last two sections about what knowledge should be given to the
program have benefited from discussions with Stephen Muggleton and Ramon
Otero.

Similar considerations to those of this paper are discussed in connection with
what T call phenomenal data mining [3], the point being that one is interested in
the relations among phenomena in the world and not in the relations among the
assertions in a database. Successful phenomenal data mining will require large
knowledge bases of facts about the world and so will systems good at inferring
reality from experience.

Confession: I have been thinking about inferring reality from experience sepa-
rately from phenomenal data mining. They are really the same problem.

We haven’t considered entities extended in time. These include histories and
more abstract entities like tunes. The telling of a joke is another example.
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Abstract. This paper surveys first-order probabilistic languages
(FOPLSs), which combine the expressive power of first-order logic with
a probabilistic treatment of uncertainty. We provide a taxonomy that
helps make sense of the profusion of FOPLs that have been proposed
over the past fifteen years. We also emphasize the importance of rep-
resenting uncertainty not just about the attributes and relations of a
fixed set of objects, but also about what objects exist. This leads us to
Bayesian logic, or BLOG, a language for defining probabilistic models
with unknown objects. We give a brief overview of BLOG syntax and
semantics, and emphasize some of the design decisions that distinguish it
from other languages. Finally, we consider the challenge of constructing
FOPL models automatically from data.

1 Introduction

Many real-world tasks, from identifying objects in images to extracting facts
about people from text documents, require probabilistic reasoning about many
related objects. These tasks often require weighing competing pieces of evidence,
so some form of probabilistic reasoning is necessary. However, the number of
random variables needed to describe such a scenario grows with the number of
objects. Thus, propositional probabilistic languages such as Bayesian networks
(BNs) — which describe a fixed set of random variables, and specify dependencies
and probability distributions for each variable individually — are insufficient.
To represent probabilistic models for such tasks, we need first-order probabilis-
tic languages (FOPLs): probabilistic modeling languages that can model large
families of random variables compactly by abstracting over objects. A significant
number of FOPLs have been proposed over the last fifteen years or so. In Sec-
tion[2] we organize many of the proposed languages into a taxonomy, attempting
to clarify the major ways in which they differ from one another. An important
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desideratum for FOPLs is the ability to represent uncertainty about the number
of objects that exist and the correspondence between observations and underly-
ing objects. In Section B, we focus on a FOPL that we developed with this goal
in mind: Bayesian logic, or BLOG [13]. In addition to discussing its syntax and
semantics, we highlight some of BLOG’s distinctive design features.

Section M turns to the question of learning FOPL models. Parameter esti-
mation for FOPL models is well-understood, and there has been considerable
work on learning the dependency structure of such models. However, an even
more challenging problem remains open: how to automatically hypothesize new
functions or predicates, or even new types of objects, to explain the data.

2 A Taxonomy of FOPLs

2.1 Outcome Spaces

The most basic way in which certain FOPLs differ from others is in their outcome
spaces: that is, the sets of outcomes to which they assign probabilities. In most
FOPLs, the outcome space is a set of relational structures, which specify a set
of objects and some relations (or functions) on these objects. To make this idea
more concrete, consider the following pedagogical example:

Example 1. Suppose we are given a list of papers that have been submitted to a
conference over several years. Each paper is either accepted or not accepted. We
are also given a list of researchers, which includes the primary author of each
paper. Suppose that each researcher can be classified as brilliant or not brilliant,
and the probability that a paper is accepted depends on whether its primary
author is brilliant or not. Given the authorship and acceptance status of certain
papers, we would like to predict which other papers will be accepted.

A relational structure for Example[lspecifies a set of papers, a set of researchers,
a unary predicate Accepted that applies to papers, a unary predicate Brilliant
that applies to researchers, and a function PrimaryAuthor that maps papers to
researchers. Depending on the what aspects of the scenario are known in advance,
the outcomes may share some relational skeleton [3]: for instance, they may all
have the same sets of objects and the same PrimaryAuthor function.

One reason for the diversity of FOPLs is that different communities talk
about relational structures in different ways. In logic, a relational structure is
a logical model structure: a domain of discourse plus an interpretation of a
logical language over that domain. Exanples of FOPLs that define distributions
over logical model structures include Halpern’s logic of probability on possible
worlds [5], relational Bayesian networks (RBNs) [7], PRISM [34], Markov logic
[33] and BLOG [I3]. Relational structures can also be thought of as instances
of a relational database schema. This view has led to a distinct set of FOPLs,
including probabilistic relational models (PRMs) [10/3] and relational Markov
networks (RMNs) [36].

The statistics community thinks of possible outcomes in yet another way: as
instantiations of a set of random variables. The statistical analogue of a unary
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predicate Accepted is a family of binary-valued random variables A;, indexed by
natural numbers i that represent papers. Similarly, the function PrimaryAuthor
can be represented as an indexed family of random variables P;, whose values
are natural numbers representing researchers. Thus, instantiations of a set of
random variables can represent relational structures. Indexed families of random
variables are a basic modeling element in the BUGS system [37], where they are
represented graphically using “plates” that contain co-indexed nodes.

There are two well-known FOPLs whose possible outcomes are not relational
structures in the sense we have defined. One is stochastic logic programs (SLPs)
[I7]. An SLP defines a distribution over proofs from a given logic program. If a
particular goal predicate R is specified, then an SLP also defines a distribution
over tuples of logical terms: the probability of a tuple (¢1, ..., ) is the sum of the
probabilities of proofs of R(t1,...,tx). SLPs are useful for defining distributions
over objects that can be encoded as terms, such as strings or trees; they can also
emulate more standard FOPLs [31]. The other prominent FOPL with a unique
outcome space is IBAL [20], a programming language that allows stochastic
choices. An IBAL program defines a distribution over environments that map
symbols to values. These values may be individual symbols, like the values of
variables in a BN; but they may also be other environments, or even functions.

This analysis defines the top level of the taxonomy shown in Figure[Il In the
rest of the paper, we will focus on languages that define probability distributions
over relational structures.
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2.2 Specificity

Among the FOPLs that define distributions over relational structures, the first
distinction we can draw is between languages that fully define a distribution,
and those that only impose constraints on a distribution. As an example of the
latter type, Halpern’s logic of probability on possible worlds [5] allows statements
such as Vz P(Brilliant(z)) = 0.3. Such statements just specify particular marginal
probabilities: in general, they do not fully define a distribution. Probabilistic logic
programs (PLPs) [21] are essentially a version of Halpern’s language restricted to
Horn clauses, although one can obtain a full distribution from a PLP by finding
the maximum entropy distribution consistent with the PLP’s constraints [12].
The FOPLSs that we will discuss from here on all define probability distributions
completely, just as BNs and Markov networks do.

2.3 Conditional Probabilities Versus Weights

In the propositional realm, Bayesian networks are directed models that specify a
conditional probability distribution (CPD) for each variable given some parent
variables, whereas Markov networks are undirected models that use weights to
define the relative probabilities of instantiations. This distinction carries over
to the first-order case. The CPD-based or directed FOPLs include BUGS [37],
PRISM [34], PRMs [I0], Bayesian logic programs (BLPs) [§], and BLOG [13].
The principal weight-based or undirected formalisms are relational Markov net-
works [36] and Markov logic [33].

To understand the trade-offs between directed and undirected representations,
consider a directed FOPL model for Example [[] with the following CPDs:

Accepted(p)

- True False Brilliant(PrimaryAuthor True False
Brilliant(r) ~ 02 08° Accepted(p) ~ ( Truz () 08 02
False 0.3 0.7

If the relational skeleton contains just one paper Publ and just one researcher Resl,
with PrimaryAuthor(Publ) = Resl, then this model defines the BN in Figure 2}(a).
If there are two papers by Resl, we get the BN in Figure 2(b).

This directed model has several attractive properties. First, the parameters
have clear interpretations as prior and conditional probabilities, and can be

Brilliant(Res1 Brilliant(Res1

A 4
Accepted(Publ Accepted(Publ

(a) (b)

Fig. 2. BNs defined by a directed FOPL model whose relational skeleton includes
(a) one paper, or (b) two papers

Accepted(Pub2
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estimated from fully observed data using elementary formulas. Even more im-
portantly, the parameters are modular: they reflect causal processes that apply
regardless of the relational skeleton. Thus, if we estimate the parameters using
only examples with one paper per researcher, we will get the same CPDs that we
would get from examples with two papers per researcher. We can also exploit a
related modularity property when performing inference: rather than doing infer-
ence on the whole BN defined by the FOPL model, it suffices to use the subgraph
consisting of the query and evidence nodes and their ancestors [22].

The drawback of directed models is that they must not have any cycles. This
requirement is especially burdensome in FOPLs, because we must ensure that
the probability model is acyclic for every relational skeleton in some class. Also,
certain properties of relations are difficult to describe without creating cycles:
for instance, it is not easy to specify that for all people a and b, if Likes(a, b) is
true than Likes(b, a) is probably true as well.

Undirected models, on the other hand, have no acyclicity constraints. An
undirected model is defined by potential functions that assign weights to in-
stantiations based on some subsets of the random variables. The weight of an
instantiation is the product of the weights assigned by all the potentials; these
weights are then normalized to yield a probability distribution. In the first-order
case, a model specifies potential function templates that apply to all sets of vari-
ables that satisfy certain conditions. For instance, in Example[I] we can include
a potential template that applies to Brilliant(r) for every researcher r, and an-
other template that applies to {Brilliant(r), Accepted(p)} for all pairs (r,p) such
that PrimaryAuthor(p) = r. Figure B shows the Markov networks that result when
these templates are applied to relational skeletons with one or two papers.

This undirected FOPL model can reproduce the distributions defined by our
directed model above: we can simply set the potential on Brilliant(r) equal to the
CPD for Brilliant(r), and the potential on {Brilliant(r), Accepted(p)} to the CPD
for Accepted(p). However, suppose we estimate our parameters solely on examples
with one paper per researcher (recall that this caused no problems in the directed

cepted(Publ ccepted(Pub

(a) (b)
Fig. 3. Markov networks defined by an undirected FOPL model whose relational skele-

ton includes (a) one paper, or (b) two papers. Dotted ovals indicate sets of variables
that are in the domain of the same potential function.
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case). Our learning algorithm may arrive at the following parameterization for
the network in Figure Bl(a), defining the same joint distribution as the CPD-like
parameterization:

Brilliant(r)
Vr : True False
1 1
Accepted(p)

_ Brilliant(r) True False
True 0.16 0.04
False  0.24 0.56

Y (r,p) s.t. PrimaryAuthor(p) = r

The meanings of the parameters in these potential templates are no longer so
obvious. The potential on Brilliant(r) is all 1’s, but the marginal distribution
on Brilliant(Resl) in Figure Bl(a) still ends up being (0.2,0.8). This is because
the event Brilliant(Resl) = True receives a total weight of 0.16 + 0.04 = 0.2 in
the potential over {Brilliant(Resl), Accepted(Publ)}. This coupling between po-
tentials means that maximum-likelihood parameters for Markov networks can-
not be found with simple formulas: one must use a gradient-based optimization
algorithm [33].

Now consider what happens if we apply the undirected probability model
above to the two-paper network in Figure Bi(b). Then the template for pairs
(r, p) such that PrimaryAuthor(p) = r applies twice, and the marginal distribution
on Brilliant(Res1) ends up being proportional to (0.22,0.8%), which normalizes
to about (0.06,0.94). If the actual probability that a researcher is brilliant is
0.2, then these parameters are sub-optimal: we would not learn them if we had
instances with two papers in our training set[] Thus, unlike in the directed case,
we need to ensure that the relational skeletons in our training set reflect the
diversity of relational skeletons that we may encounter in test data.

2.4 Independent Choices Versus Probabilistic Dependencies

The category of CPD-based languages for defining complete distributions over
relational structures is still quite large. However, one of the languages we have
mentioned, namely PRISM [34], stands out from the rest in that it represents
only deterministic dependencies and independent random choices. That is, each
variable either has no parents, or has a deterministic CPD. Other FOPLs that
take this approach include probabilistic Horn abduction [27], independent choice
logic [28] and logic programs with annotated disjunctions (LPADs) BQHE

! The problem actually gets worse if we eliminate the apparently redundant potential
template on Brilliant(r): then there is no parameterization that yields the desired
distribution for all relational skeletons.

2 In LPADs, the independent choices do not set the values of ground atoms directly:
instead, there is one choice for each ground disjunctive clause, and this choice de-
termines which element of the clause’s head will be entailed by the clause’s body.
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It may not be immediately obvious how independent choices could suffice to
represent all the randomness in a probabilistic model. First, consider the di-
rected model that we defined in the previous section for Example [[l To sample
a value for an Accepted(p) variable in that model, we flip a coin with a bias
determined by the value of Brilliant(PrimaryAuthor(p)). The trick used in PRISM
is, conceptually, to flip coins for all possible values of Brilliant(PrimaryAuthor(p))
ahead of time, and then choose which coin flip to use based on the actual
value of Brilliant(PrimaryAuthor(p)). The initial coin flips can be represented by an
auxiliary predicate Accepted given Brilliant(p, b), which represents the value that
Accepted(p) would have if Brilliant(PrimaryAuthor(p)) were equal to b. The predi-
cate Accepted given Brilliant has the following probability model:

True False

Accepted given Brilliant(p, True) ~ 08 09

True False

Accepted given Brilliant(p, False) ~ 0.3 0.7

Now the probability model for Accepted is deterministic (note that we are treating
Brilliant here as a Boolean function, yielding values in {True, False}):

Accepted(p) = Accepted given Brilliant(p, Brilliant(PrimaryAuthor(p)))

The advantage of this technique is that it completely separates the logical
and probabilistic parts of the language. This separation can be exploited to
obtain efficient algorithms for certain tasks [35]. However, this decomposition
often makes the representation considerably less intuitive.

2.5 Known Versus Unknown Objects

The last distinction in our taxonomy regards whether a language requires the set
of objects to be specified in the relational skeleton, or allows the set of objects
to be unknown. To motivate our discussion of unknown objects, consider the
following example, based on our earlier work on citation matching [24].

Ezample 2. Suppose we are given a set of citation strings extracted from the
“References” sections of online papers. These citations use a variety of different
formats; they use initials and abbreviations in different places; and they contain
typographical errors. The task is to reconstruct a database of publications and
researchers who are referred to in the citations. This database should contain
just one record for each publication and each researcher, including all the true
attributes of these entities that can be inferred from the citations.

In this example, the sets of publications and researchers that underlie the cita-
tions are not known in advance. Furthermore, we do not know which citations
refer to which publications, or which substrings of citations refer to which re-
searchers. If Citl and Cit2 are two citations and PubCited is a function that maps
citations to the publications they refer to, then the ground terms PubCited(Citl)
and PubCited(Cit2) may or may not denote the same object.
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Most FOPLs assume that the objects are in one-to-one correspondence with
a given set of constant symbols, or with the ground terms of the language. The
CPD-based FOPLs that make such assumptions include BUGS [37] (where the
objects correspond to specified sets of natural numbers), RBNs [7], BLPs [§], and
directed acyclic probabilistic entity-relationship (DAPER) models [6]. One can
model unknown objects to some extent in these languages by adding an Exists
predicate, but one still has to specify all the objects that could exist, and craft
the probability models so that objects for which Exists is false cannot serve as
values for functions or have any probabilistic influence on other objects.

There are three prominent languages that make unknown objects a funda-
mental part of their semantics. One of these is PRMs, which allow uncertainty
about the number of objects that stand in a given relation to an existing object
(e.g., papers written by a researcher) [10], about whether there exists an object
that stands in certain relations to several other objects (e.g., a role for a given
actor in a given movie) [4], and about the total number of objects of a given
type [24]. However, PRMs do not have a unified syntax that supports all these
types of uncertainty. The language of multi-entity Bayesian networks (MEBN)
[11] does have a consistent syntax, and incorporates Exists variables as part of
its semantics. But MEBN still requires the modeler to list all objects that might
exist. The third language that supports unknown objects is BLOG, which we
discuss in the next section.

3 Bayesian Logic (BLOG)

In this section we give an informal overview of Bayesian logic (BLOG) [13], a
language that facilitates defining probability distributions over relational struc-
tures with varying sets of objects. In fact, BLOG’s design makes it an attractive
choice even for scenarios that do not involve unknown objects.

3.1 Syntax

A BLOG model defines a probability distribution over model structures of a
typed first-order language. To this end, the model defines a typed first-order
language for a particular scenario; specifies certain nonrandom aspects of the
scenario; and specifies a probability model for the remaining aspects. The proba-
bility model can be thought of as describing a generative process for constructing
a possible world. This process has two kinds of steps: steps that set the value of
a function on some objects, and steps that add new objects to the world.
Figure @ gives a complete BLOG model for Examplel We will begin by walk-
ing through the generative process defined by this model; then we will discuss
the syntax in more detail. Line [Il of Figure @l says that there are three types of
objects in this scenario; then line [ asserts that four citations are guaranteed to
exist. Line Bl begins the random part of the generative process: a random number

3 We treat predicates as Boolean functions.
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1 type Res; type Pub; type Cit;
2 guaranteed Cit Citl, Cit2, Cit3, Cit4;

3 #Res ~ NumResearchersPrior;
random String Name(Res r) ~ NamePrior;

e~

#Pub ~ NumPublicationsPrior;
random String Title(Pub p) ~ TitlePrior;
random NaturalNum NumAuthors(Pub p) ~ NumAuthorsPrior;
random Res NthAuthor(Pub p, NaturalNum n)
if (n < NumAuthors(p)) then ~ Uniform({Res r});

© 00~ O Ot

10 random Pub PubCited(Cit c¢) ~ Uniform({Pub p});
11 random String Text(Cit c)

12 ~ FormatModel (Title(PubCited(c)),
13 {n, Name(NthAuthor (PubCited(c), n)) for
14 NaturalNum n : n < NumAuthors(PubCited(c))});

Fig.4. A BLOG model for citation matching

of researchers are added to the world, with this number being sampled accord-
ing to NumResearchersPrior. Then, for each researcher r, a name is sampled
from NamePrior. Line Al adds a random number of publications to the world.
For each publication, the title and the number of authors are sampled from
appropriate priors (lines [BH7). Then for each publication p and each number
n < NumAuthors(p), a researcher is sampled uniformly at random to serve as the
nth author of p. In line 10 we get to the model for citations: for each citation c,
the publication cited is sampled uniformly from the set of publications. Finally,
the text of each citation is sampled according to a format model that conditions
on the title of the cited paper and the names of its authors.

The syntax in Figure @l may seem complicated, but in fact it can be explained
fairly simply. A BLOG model is a series of statements, each ending with a semi-
colon. The three statements in line [ are type declarations; a BLOG model can
also include function declarations that specify the type signatures of functions
(these are necessary if we use a function before we define its probability model).
Line [ is a guaranteed object statement that asserts the existence of a set of
distinct objects, and assigns a constant symbol to each one. Along with nonran-
dom function definitions, which do not appear in this model, guaranteed object
statements define a relational skeleton. The probabilistic portion of the model
consists of number statements, which describe steps where objects are added to
the world, and dependency statements, which describe how values are assigned
to functions. These six types of statements constitute the full syntax of BLOG.

Dependency statements and number statements have a rich syntax of their
own. A BLOG model must contain exactly one dependency statement for each
random function. If f is a function with return type 79 and argument types
T1,...,Tk, then a dependency statement for f has the following general form:
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random 7o f(71 X1,...,Tk Tk)
if cond; then ~ c¢pdi(a1,1,...,01,m;)
elseif condy then ~ cpdy(asi,...,a2m,)
else ~ cpd,(an1,...,0n,m,);
The conditions condy, . .., cond,_1 are arbitrary first-order formulas that can use
the variables x1, ..., x,. The elementary CPDs cpd,, ..., cpd, can be thought of
as functions that take in a list of arguments aq, ..., a,, and return a probability

distribution over objects of f’s return type. More technically, they are the names
of Java classes that implement a certain interface. The arguments a can be logical
terms, such as Title(PubCited(c)); set expressions, such as {Pub p} or {Pub p :
Venue(p) = ILP}; or tuple multiset expressions, such as the one in lines [3HI4]
which defines a multiset of pairs consisting of an author number and a name.

Obviously, not all the dependency statements in Figure @] have this full-
fledged if-then-else form: we allow a number of abbreviations. The expression
“if cond; then” can be omitted if cond; is simply True. Also, if a statement
contains some non-trivial conditions but omits the else clause, then the func-
tion gets a default value of null when none of the conditions are satisfied. This
default convention is exploited in line [

The number statements in Figure [ are very simple, but in general, they can
have the same syntax as dependency statements. The only difference is that the
expression “random 7o f(71 ®1,...,7Tk xk)” is replaced with #7, where 7 is the
type of object being generatedﬂ Thus, the number of objects that exist can
depend on other variables.

3.2 Semantics

We have given an intuitive semantics for BLOG in terms of a random process that
generates possible worlds. However, BLOG also has a more formal, declarative
semantics [I3]. A BLOG model defines a set of basic random variables: a number
variable for each number statement, and a function application variable for each
random function and each tuple of arguments that exist in any possible world.
The distribution defined by a BLOG model can be represented as a contingent
Bayesian network (CBN) [14] over these basic variables.

A CBN is a directed graphical model in which the edges are labeled with
conditions that specify when they are active. For example, Figure [0 shows a
CBN for a simplified version of the citation model from Figure @l Note that
the node Text(Citl) has infinitely many parents, because it may depend on the
title of any publication. Most treatments of Bayesian networks do not provide
well-definedness results for networks that contain infinite parent sets. However,
the edge labels in Figure[Hl allow us to see that at most two edges into Text(Citl)

4 In fact, BLOG supports more complex number statements to model scenarios where
objects generate other objects [13].
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Title((Pub, 1))

PubCited(Cit1)

Fig. 5. A contingent Bayesian network for a simplified version of the BLOG model in
Figure [d This simplified model has just one citation and does not include researchers.

Title((Pub, 2)

PubCited(Cit1)
'= (Pub, 2)

Title((Pub, 3))

PubCited(Cit1)
= (Pub, 3)

Text(Citl)

can be active in any single outcome: one edge from PubCited(Citl), and one edge
from Title(p) where p = PubCited(Citl). It turns out that one can obtain stronger
well-definedness results for CBNs than for standard BNs — well-defined CBNs
can even contain cycles, as long as some edges on each cycle have mutually con-
tradictory labels [T4]. In [I3], we build on these results to give conditions under
which a BLOG model is guaranteed to define a unique probability distribution
over possible worlds.

3.3 Design Features

Distributions over function values. A dependency statement in BLOG can de-
fine a probability distribution for a function, such as NthAuthor or PubCited. By
contrast, many FOPLs — including PRISM [34], relational Bayesian networks
[7], DAPER models [6], and Markov logic [33] — only express uncertainty about
the values of predicates. In a purely logical context, this limitation might be
innocuous: one can simply write PubCited(c, p) rather than PubCited(c) = p. How-
ever, using a predicate to represent a random functional relationship yields an
unnecessarily complicated probability model. Instead of a single object-valued
random variable PubCited(Citl), one ends up with many binary random vari-
ables PubCited(Citl, p) — and all these binary variables are mutually dependent,
because exactly one of them must have the value True.

Explicit aggregation. In BLOG, we allow our elementary CPDs to take multisets
as arguments. This eliminates the need for separate “combination functions”, as
used, for example, in BLPs [§]: the burden of aggregation is now on the CPDs.

Contingent dependencies. Dependency statements make a clear distinction be-
tween the values that are passed into elementary CPDs, and the logical formulas
in “if” statements and set expressions, which determine what CPD to apply and
what values to pass into it. This contrasts with the situation in BLPs [§], where
any logical atom that is included in a clause to govern when the clause applies
is also passed into the CPD for the head variable. Also, unlike in the probabilis-
tic knowledge bases of Ngo and Haddaway [22] or the logical BNs of Fierens et
al. [2], the conditions that govern dependencies in a BLOG model do not have
to be nonrandom.
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The contingent dependency structure that a BLOG model makes explicit can
be exploited in sampling-based algorithms for approximate inference [T4UI5].
The basic insight is that algorithms such as likelihood weighting or Markov
chain Monte Carlo only need to instantiate variables that are context-specifically
relevant for the query: that is, variables that are known to be relevant given the
other instantiated variables. Crucially, it is not necessary to instantiate all the
variables that might be relevant for a query in some circumstances — this would
be an infinite set if the query were about Text(Citl) in Figure Bl

4 Learning in FOPLs

4.1 Parameters

Parameter estimation for FOPLs is well understood: the goal is to find parame-
ters that maximize the likelihood of the data, or that have maximal a posteriori
probability given the data and some Bayesian prior. As we noted in Section 23]
parameter estimation tends to be computationally straightforward in directed
models with complete data. For undirected models, and for directed models with
unobserved variables, parameter estimation becomes computationally difficult as
the number of random variables increases. However, this difficulty is common to
all large probabilistic models, not just models defined by FOPLs.

4.2 Dependency Structure

Learning the dependency structure of FOPL models, on the other hand, raises
issues that do not arise in the propositional case. In a Bayesian network, the
dependency structure can be represented simply as a list of parents for each
variable. But in a FOPL, we need a first-order representation of each vari-
able’s parent set. For instance, in Example [ we need to learn that for all
papers p, Accepted(p) depends on Brilliant(PrimaryAuthor(p)). Also, a variable of-
ten depends on a whole class of parents in a symmetrical way. In Example [II
if we take multiple authors into account by adding a predicate HasAuthor(p, ),
then Accepted(p) might depend on some aggregation function of the variables
{Brilliant(r) : HasAuthor(p,r)}, such as their average value, or the number that
have the value True.

A well-known paper by Friedman et al. [3] introduces a method for learning
the structure of a probabilistic relational model. In that work, a parent set is
represented as a set of attribute chains, and parents that are reachable by the
same attribute chain are aggregated together using one of a pre-defined library
of aggregation functions. However, there are many other kinds of structures
that we would like to be able to learn (and that are expressible in BLOG): for
example, a variable may depend on different sets of parents in different contexts,
or the parents may be selected using criteria other than single slot chains (e.g., in
Figured Text(c) depends on those variables Name(NthAuthor(PubCited(c),n)) for
n < NumAuthors(PubCited(c))). Also, aggregation functions might be constructed
from more primitive components rather than being chosen from a library.
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There has been significant work on learning more complex selection and aggre-
gation rules for estimating the conditional distribution of a single variable
[30.20125I38]. However, there does not seem to be any work so far on using these so-
phisticated techniques to learn directed, acyclic FOPL models for multiple
variables (although they have been used to learn cyclic directed models called de-
pendency networks [19]). There has been other work on structure learning for sto-
chastic logic programs [I8] and for Markov logic [9], building on inductive logic
programming techniques for searching over logical formulas. We are interested in
developing structure learning algorithms for BLOG models; this line of work might
begin with restricted versions of the BLOG dependency statement syntax.

4.3 Functions and Types

Algorithms that learn the dependency structure of FOPL models typically as-
sume that the functions, predicates, and object types are given. But as John
McCarthy pointed out in his invited talk at ILP 2006, hypothesizing new ob-
jects and relations to explain observed data is a fundamental part of human
learning. For instance, it would be useful to hypothesize a binary predicate on
researchers, which might be called Colleagues(r1,732), to explain how researchers
co-occur in author lists. There has been considerable work in the inductive logic
programming literature on predicate invention [16], but it is not yet clear how
to generalize it to the probabilistic case. Inventing a new random function (or
predicate) in a FOPL model corresponds to discovering a whole family of hid-
den variables. The task of discovering hidden variables in Bayesian networks has
been investigated by Elidan and Friedman [I]; recently, Revoredo et al. [32] have
taken some steps toward applying these ideas to BLPs.

It may also be possible to improve probabilistic models by automatically hy-
pothesizing new types of objects. For example, to explain recurring substrings
that come after the titles in citations, a system might hypothesize objects that
could be called conferences. One simple form of type invention that has already
been implemented involves clustering some observed objects, and treating the
clusters as a new type of object [29]. In this case, the hypothesized type plays a
predetermined role in the probabilistic model; in the general case, we would like a
system to discover what roles need to be filled. Otero and Muggleton [23] sketch
a learning algorithm for purely logical models that addresses this problem.

5 Conclusion

First-order probabilistic languages combine a principled treatment of uncertainty
with the ability to describe large models formally and concisely. We hope the
taxonomy of FOPLs given in this paper will make the wide landscape of proposed
languages less daunting, and help researchers choose the most appropriate FOPL
for a given application. This paper has highlighted two major areas of FOPL re-
search: the development of languages such as BLOG, which support reasoning
about the unknown objects that underlie a particular data set; and some pre-
liminary work on discovering initially unknown predicates and object types that
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can be used to build more accurate and parsimonious models. In both of these
areas, FOPL research is moving “into the unknown”.
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Integration of Learning and Reasoning
Techniques

Bart Selman
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Since the early days of Al, automated reasoning has been a rather elusive goal.
In fact, up till the early nineties, general inference beyond hundred variable
problems appeared infeasible. Over the last decade, we have witness a qualitative
change in the field: current reasoning engines can handle problems with over a
million variables and several millions of constraints. I will discuss what led to
such a dramatic scale-up, and how progress in reasoning technology has opened
up a range of new applications in Al and computer science in general. I will also
discuss initial progress on the use of learning techniques in reasoning engines
and the remaining challenges for obtaining a true integration of learning and
reasoning.
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Injecting Life with Computers
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Although electronic computers are the only “computer species” we are accus-
tomed to, the mathematical notion of a programmable computer has nothing to
do with wires and logic gates. In fact, Alan Turing’s notional computer, which
marked in 1936 the birth of modern computer science and still stands at its heart,
has greater similarity to natural biomolecular machines such as the ribosome and
polymerases than to electronic computers. Recently, a new “computer species”
made of biological molecules has emerged. These simple molecular computers in-
spired by the Turing machine, of which a trillion can fit into a microliter, do not
compete with electronic computers in solving complex computational problems;
their potential lies elsewhere. Their molecular scale and their ability to interact
directly with the biochemical environment in which they operate suggest that
in the future they may be the basis of a new kind of “smart drugs”: molecular
devices equipped with the medical knowledge to perform disease diagnosis and
therapy inside the living body. They would detect and diagnose molecular dis-
ease symptoms and, when necessary, administer the requisite drug molecules to
the cell, tissue or organ in which they operate. In the talk we review this new
research direction and report on preliminary steps carried out in our lab towards
realizing its vision.
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1 Introduction

To investigate the impact of the occurrence of a phase transition (PT) in the
covering test on the learning success rate, systematic experiments with several
learning algorithms have been conducted on a large set of artificially gener-
ated problems by Botta et al. [3]. The authors generated a set of 451 prob-
lems by choosing each target concept according to its location in the (m, L)
plane with respect to the PT. The “yes”, “no” and “pt” regions are uniformly
visited by varying (m,L) pairs without replacement (m ranges in [5,30] and L
ranges in [12,40]). One important conclusion of their work is that the occurrence
of a PT in the covering test is a general problem for all learning algorithms:
the PT is viewed as an attractor for the heuristic search of any learning al-
gorithms, which are bound to find a concept definition in the PT. Moreover,
for all tested learners, there exists a failure region, starting from the “pt” re-
gion to the beginning of the “no” region, where the learnt theories are seem-
ingly randomly constructed, with no better predictive accuracy than random
guessing.

We note however that only generate-and-test (GT) learning algorithms have
been investigated in this work and that this conclusion has to be qualified in
the case of data-driven learning algorithms. In the GT paradigm, refinements
are only based on the structure of the hypothesis space, independently of the
learning data. Therefore, for a given hypothesis, GT algorithms have to deal
with many refinements that are not relevant with respect to the discrimina-
tion task. On the contrary, data-driven strategies allow to rely on the train-
ing data to prune irrelevant branches of the refinement graph before relying
on the evaluation function and may overcome the problem of plateaus. No-
tably, building on the pioneering work of Winston on near-miss examples [4],
we show that, on the same set of problems as [3], a top-down data-driven
(TDD) strategy can cross any plateau and reach the target concept when-
ever near-misses are supplied in the training set, whereas these near-misses do
not change the plateau profile and do not guide a GT strategy. We conclude
that the location of the target concept with respect to the phase transition
alone is not a reliable indication of the learning problem difficulty, as previously
thought.

S. Muggleton, R. Otero, and A. Tamaddoni-Nezhad (Eds.): ILP 2006, LNAI 4455, pp. 27-29] 2007.
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2 Experiments

For that purpose, we re-use the set of learning problems proposed in [3]. No-
tably, we run additional experiments of FOIL on these problems with new set-
tings where the hypothesis space is set so that the value of a given evaluation
function can be directly read from the coverage probability of a hypothesis, as in
figure[dl Although our conclusion on the ability of a generate-and-test approach
in this setting differs from [3], these new experiments allow us to better compare
the behaviour of the generate-and-test and data-driven approaches when facing
plateaus in the evaluation function.

We ran FOIL on problems on m = 5 and m = 10 lines and on the upper-
right corner problems ranging from L € [24,39] on the m = 18 line and from
m € [18,29] on the L = 24 line. We also sampled some other problems without
any difference in the results. On all these problems, FOIL is unable to find any
good approximation of the target concepts, being in the “yes”, “no” or “pt”
regions.

100 % 100 %
positive coverage rate —+—
negative coverage rate -----
std. dev. of posilive coverage rate —¥—
std. dev. of negative coverage rate -~

positive coverage rate —+—
negative coverage rate -----
std. dev. of positive coverage rate —%—
std. dev. of negative coverage rate -~

(a): "no” region without near misses (b): ”no” region with near misses

Fig. 1. Coverage rates and plateau profiles for representative problems in the “no”
region with and without near misses

To show why, we plot for a problem the coverage rate of the positive and the
negative examples as well as their standard deviation, depending on the size m
of the hypothesis, averaged over 1000 randomly and uniformly drawn hypothe-
ses. A plateau is materialised by a standard deviation of the coverage rates of
the examples close to 0. For instance, on the (14,28) problem (figure [ (a)),
whatever the evaluation function is, the top-down learner will see hypotheses
up to 4 literals long of equal value, or equivalently, it has to cross a plateau of
width 4 before being able to use the evaluation function to discriminate between
hypotheses.

In [I], we show how we can add near-misses to those problems in such a way
that the plateaus are unchanged whereas they guide a top-down data-driven
algorithm to the target concept without search in the hypothesis space. Again,
on all these problems, FOIL is unable to find any good approximation of the
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target concepts, being in the “yes”, “no” or “pt” regions. The plateau profile
does not change (see figure [l (b)) and a TGT learner cannot take advantage of
the addition of the most informative negative examples. The opposite behaviour
is exhibited by the TDD learner PROPAL which, by construction, solves all the
problems being in the “yes”, “pt” or “no” region. The learner makes the most
of the learning data by exploiting the information provided by the most specific
negative examples only and therefore use only the near-misses to guide its search.
Note that as the branching factor is reduced to one thanks to the near-misses,
the target concept is exactly identified each time as opposed to evaluating the
quality of the approximation on a test set as for FOIL.

3 Conclusion

Plateau phenomenon problems have been studied recently in the phase transi-
tion framework and an important work has been done on identifying the criteria
of success of learning algorithms [3]. The conclusion drawn from this work was
that the location of the target concept with respect to the PT of the covering
test was conclusive of the difficulty of the learning problems. A failure region was
identified for all the tested learners. We performed additional experiments that
strengthen this result. When the top-down search is conducted in the hypothesis
space that exhibits a PT in its covering test, the “yes” region acts as a plateau
for the heuristic search. This is the pathological case of heuristic search, whether
complete or not, as the plateau must be crossed without being able to differenti-
ate between refinements. In such a case, the greedy TGT learner, FOIL, cannot
solve any of the problems. We showed however that this criterion alone is not re-
liable. As a main result, we showed that a TDD learning algorithm [2], supplied
with near-miss examples was able to solve all problems, although the near-miss
examples are still non-informative for GT algorithms. The plateau phenomena
exhibited in the PT framework is a pathological case of the GT learners as they
only rely on an evaluation function to guide their search, but it is not a reliable
complexity measure for data-driven learners.
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Abstract. The ProbLog (probabilistic prolog) language has been intro-
duced in [I], where various algorithms have been developed for solving
and approximating ProbLog queries. Here, we define and study the prob-
lem of revising ProbLog theories from examples.

1 ProbLog: Probabilistic Prolog

A ProbLog program consists — as Prolog — of a set of definite clauses. However,
in ProbLog every clause ¢; is labeled with the probability p; that it is true.

Ezxample 1. Within bibliographic data analysis, the similarity structure among
items can improve information retrieval results. Consider a collection of papers
{a, b, c,d} and some pairwise similarities similar(a,b), e.g., based on key word
analysis. Two items X and Y are related(X,Y) if they are similar (such as a and
c) or if X is similar to some item Z which is related to Y. Uncertainty in the data
and in the inference can elegantly be represented by the attached probabilities:

1.0 : related(X,Y) : —similar(X,Y).
0.8 : related(X,Y) : —similar(X,Z), related(Z,Y).
0.9 : similar(a,c). 0.9 : similar(c,b). 0.6 : similar(c,d). 0.7 : similar(d,b).

A ProbLog program T = {p;y : ¢1," - ,Pn : ¢n} now defines a probability distri-
bution over logic programs L C Lt = {c1, -+ ,¢p } in the following way:

P(LIT) = Hc-GLpi Hc-ELT\L(l —pi).

Unlike in Prolog, where one is typically interested in determining whether a query
succeeds or fails, in ProbLog one is interested in computing the probability that
it succeeds. The success probability P(q|T) of a query ¢ in a ProbLog program
T is defined by P(q|T) =31, P(q, LIT) =31 cp, P(gIL) - P(L|T) with

1 30: L qf
PqlL) = {0 otherwise.
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In other words, the success probability of query ¢ corresponds to the probability
that the query ¢ has a proof, given the distribution over logic programs.

Ezample 2. There are two proofs of related(c, b), obtained using either the base
case and one fact, or the recursive case and two facts. One way of computing the
total probability is to disjoin the proofs first and then sum their probabilities.
For instance, by excluding similar(c,b) in the formula for the second proof the
probability of related(c, b) is obtained by 1.0-0.94-0.8-0.6-0.7-(1—0.9) = 0.9336.
Similar, the probability of related(a,b) is 0.67824.

Reference [I] proposes and evaluates various algorithms for computing and
approximating the success probability of ProbLog queries, whose evaluation is
computationally hard. This problem is tackled by employing a reduction to the
computation of the probability of a monotone DNF formula and the use of bi-
nary decision diagrams (BDDs). ProbLog is applied to biological network analy-
sis problems. Other interesting application areas are hypertext and web mining,
communication networks, and related domains.

2 Revising ProbLog Theories

Large ProbLog theories can be obtained automatically in many of the domains
mentioned above, e.g., by statistical similarity, relevance or link analysis. Un-
fortunately, large theories are hard to utilize, both computationally and by end
users, and there is need to revise them to smaller ones. Furthermore, new in-
formation can often improve the quality of an initial ProbLog theory, and also
guide in reducing its size. For instance in our bibliographic example, user feed-
back might have revealed that items a, b and c, d are related but d, b are actually
not. Thus, the initial theory in Example [ should be revised.
The present paper introduces the revision problem for ProbLog theories:

Definition 1. Given a ProbLog theory S (a set of ProbLog clauses), a set of
positive and negative ezamples P and N in the form of ground goals, a constant
ke N, find a theory T C S of size at most k (i.e. |T| < k) that mazimizes the
likelihood L(E|T) = [],cp L(e|T') of evamples E = P U N where

P(e|T) ifee P
L(elT) = { 1—P(e|T) ifee N (1)

In the ProbLog theory revision problem, we are interested in finding a small
number of clauses from 7' that maximizes the likelihood of the data. Here a
ProbLog theory T is used to determine a relative class distribution: it gives
the probability P(e|T') that any given example e is positive. (This is subtly
different from specifying the distribution of (positive) examples.) The examples
are assumed to be mutually independent, so the total likelihood is obtained
as a simple product. For an optimal ProbLog theory T', the probability of the
positives is as close to 1 as possible, and for the negatives as close to 0 as possible.
However, because we want to allow misclassifications, but with a high cost, in
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order to avoid overfitting, to effectively handle noisy data, and to obtain smaller
theories, one has to slightly redefine P(e|T') in Equation (), for instance as

P(e|T) = max (min[l — €, P(e|T)], €) for some € > 0.

This avoids the possibility that the likelihood function becomes 0, e.g., when a
positive example is not covered by the theory at all.
It is now instructive to look at specific instances of this problem:

— k > |S]: find the maximum likelihood theory. Closely corresponds to tradi-
tional theory revision in ILP; however, in the current ProbLog setting, only
deletions of clauses are allowed as operations on the theory.

— k < |S|: theory compression.

— k < |S| and |N| = 0: find the k clauses from S that contribute the most to
the success probabilities of the positives.

3 The ProbLog Theory Revision Algorithm

The ProbLog theory revision algorithm performs a greedy search in the space of
subsets of S. In each step, the algorithm finds the clause whose deletion results
in the best likelihood score, and then deletes it. This process is continued until
both |T'| < k and deleting further clauses does not improve the likelihood.

Ezample 3. Reconsider Example [Tl and assume that the user feedback revealed
one positive example related(a,b), and one negative example related(c,b).
With e = 0.05, their initial likelihood is 0.045. The greedy approach first deletes
0.9 : similar(c,b) and thereby increases the likelihood to 0.2008. The probabil-
ity of the positive example related(a,b) is now 0.3024 (was 0.67824), and that
of the negative example related(c,b) is 0.336 (was 0.9336).

An important computational optimization is that the BDDs are reused. Their
costly construction has to be done only once in the very first iteration; later on
only the truth values of variables in the existing BDD are manipulated.

Experimental results on revising a large, real-world ProbLog theory for link
mining are promising and appear in the longer version of this paper.

4 Conclusion

We have introduced a new type of theory revision problem involving probabilistic
theories and sketched an algorithm for solving it. The problem setting is related
to probabilistic ILP approaches such as Sato’s PRISM and Muggleton’s SLPs,
which — if at all — have focused on learning theories from scratch. Only Revoredo
et al. considered revision of BLPs. The revision problem as introduced here is
closely related to the traditional ILP one but employs probabilistic principles to
guide the search. Furthermore, by using the constant k it is possible to influence
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the degree of compression that is desired. An important question for further
research is concerned with allowing for other operations than deletions of clauses.

Reference

1. De Raedt, L., Kimmig, A., Toivonen, H.: ProbLog: A probabilistic Prolog and its
application in link discovery. In: Proceedings of 20th International Joint Conference
on Artificial Intelligence, pp. 2468-2473 (2007)



Inductive Logic Programming for Gene
Regulation Prediction

Sebastian Frohler and Stefan Kramer

Technische Universitdat Miinchen, Institut fiir Informatik
Boltzmannstr. 3, 85748 Garching bei Miinchen, Germany
kramer@Qin.tum.de, s@froehler.info

1 Introduction and Background

One of the central goals in computational and systems biology is to understand
the mechanisms of gene transcriptional regulation on a system-wide level. The ef-
forts are often based on high-throughput genomic data of model organisms such as
S. cerevisiae. The goal of this work is to learn a model of gene regulation predict-
ing under which conditions genes are up- or down-regulated. Our starting point
is the model of Middendorf et al. [1], where the presence of transcription factor
binding sites (motifs) in the gene’s regulatory region and the expression levels of
regulators (e.g., transcription factors or protein kinases) are used to predict gene
regulation. It is clear that in this formulation, important information related to
gene regulation is missing, for instance due to post-translational modifications.
Thus, information integration could be extremely useful to fill in and take into
account various missing pieces of information related to gene regulation.

Uncovering the multi-relational nature of the problem, we first rephrased it
in a logic-oriented framework and defined predicates for various interdependent
pieces of information (see below). A logic-oriented representation enables the
integration of various data sources: genome-wide cDNA microarray data, motif
profile data from regulatory sequences and more. In particular, it is easy to take
into account information that might, in any way, be related to gene regulation, for
instance, protein-protein interactions and functional categorizations. Given the
data in a logical representation, we can apply a variety of algorithms and systems
for learning classification and regression models in logic, mostly developed in the
field of inductive logic programming (ILP). We chose the Tilde system [2] for
learning logical decision trees, since it is known to perform well in terms of
runtimes and error rates.

2 Data and Representation

The approach is tested on the S. cerevisiae data by Gasch et al. [3]. As stated
above, the goal is to learn a prediction model for the regulatory response of genes
under different environmental conditions. In the following, we briefly present the
predicates/relations in our logical formulation of the problem. In its most ba-
sic version, we have three different predicates, gene (GeneId, CondId, Level),
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hasTFBS (GeneId, BsId), and expression(RegId, CondId, Reglevel). gene
(GeneId, CondId, Level) gives the expression level for each gene under a spe-
cific experimental condition. As in the study by Middendorf et al., gene expres-
sion is discretized and mapped onto three distinct values +1 (up-regulated), 0,
and -1 (down-regulated). The learning task is to predict the expression level for
a given gene under a certain condition, given some background information (see
below). The dataset contains information about 1,411 genes, 173 experimental
conditions, and 54,183 instances. The relation hasTFBS(GeneId, BsId) holds
information about the binding sites for each gene found in its regulatory region,
taken from the TRANSFAC database. The regulatory region of each gene is
represented as a vector containing the binding sites for this gene.

Thus, we are able to identify subsets of genes according to binding mo-
tifs, which are assumed to share regulation behavior. The relation expression
(ReglId, CondId, RegLevel) gives the expression levels of regulators (e.g., tran-
scription factors or protein kinases) under certain experimental conditions. In
our representation, the regulators are a subset of all genes. In the experiments
described in this paper, we used a set of 53 different regulators. The goal of
the application is to predict the expression level for a given gene under a given
condition (predicate gene(GeneId, CondId, Level)), in terms of the predi-
cates hasTFBS(GenelId, BsId) and expression(RegId, CondId, RegLevel).
With these predicates, the problem posed by Middendorf et al. is translated into
first-order predicate logic, amenable for logical approaches to machine learn-
ing. Additionally to the two basic predicates, we enrich the representation with
further predicates:

— assignedToFuncat (GeneId, FunCatId), containing all annotated FunCat
[4] terms for gene GeneId and all parent FunCat terms of this term,

— hasPPI(Geneld, Geneld), containing binary protein-protein interactions
from the MIPS database [5] for each gene whose expression state is to be
predicted, and hasTFPPI(RegId, ReglId) containing binary protein-protein
interactions of the regulators themselves.

3 Summary of Experimental Results and Conclusion

In Table 1, a summary of our experimental results with single, bagged and
boosted Tilde decision trees can be found. In the first row, the baseline accuracy
of 54.7% indicates that the models clearly improve upon random guessing. The
second row shows the reference result by Middendorf et al. [I], where alternat-
ing decision trees (ADTs) were applied to a propositional version of the basic
data (without the additional predicates). We included the results both with and
without the use of FunCat terms. Since the predicates related to protein-protein
interactions are not frequently used in the trees, we omitted them altogether in
the experiments presented here. Given the same information, boosted decision
trees are on par with ADTs (another boosting technique), whereas FunCat terms
substantially improve the performance, both in predictive accuracy and compact-
ness. Moreover, it is possible to extract the functional categories affected by the
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Table 1. Summary of experimental results: data (with/without FunCat), model, run-
time (in s), predictive accuracy (in %), sensitivity, specificity, area under ROC curve
(AUC) and number of nodes in tree(s)

Data Model Runtime Acc. Sens. Spec. AUC # Nodes
all baseline 54.7 0.0 100.0 50.0 0
wo funcat ADTs [I] 885 — — — —
all single Tilde tree 185 85.1 87.1 83.5 92.8 186
all 10x bagging 951 85.1 87.3 83.4 93.0 1,201
wo funcat 10x bagging 921 80.6 78.6 82.4 88.7 1,388
all 10x boosting 2,658 91.2 91.2 91.3 97.7 2,491
wo funcat 10x boosting 2,052 88.4 87.6 89.1 96.3 2,620

experimental conditions, together with important transcription factor binding
sites and transcription factors for these categories from the induced trees. For
a detailed description of the data and a qualitative discussion of the results, we
have to refer to the long version of the paper [6].

Summing up, we propose a systems biology application of ILP, where the goal
is to predict the regulation of a gene under a certain condition from binding site
information, the state of regulators, and additional information. We believe that
decoding the regulation mechanisms of genes is an exciting new application of
learning in logic, requiring data integration from various sources and potentially
contributing to a better understanding on a system level.

References

1. Middendorf, M., Kundaje, A., Wiggins, C., Freund, Y., Leslie, C.: Predicting genetic
regulatory response using classification. Bioinformatics 20(suppl 1), 232-240 (2004)

2. Blockeel, H., Raedt, L.D.: Top-down induction of first-order logical decision trees.
Artificial Intelligence 101(1-2), 285-297 (1998)

3. Gasch, A.P., Spellman, P.T., Kao, C.M., Carmel-Harel, O., Eisen, M.B., Storz, G.,
Botstein, D., Brown, P.O.: Genomic Expression Programs in the Response of Yeast
Cells to Environmental Changes. Mol.Biol.Cell 11(12), 4241-4257 (2000)

4. Ruepp, A., Zollner, A., Maier, D., Albermann, K., Hani, J., Mokrejs, M., Tetko,
I., Guldener, U., Mannhaupt, G., Munsterkotter, M., Mewes, H.W.: The FunCat,
a functional annotation scheme for systematic classification of proteins from whole
genomes. Nucl. Acids Res. 32(18), 5539-5545 (2004)

5. Mewes, H., Albermann, K., Heumann, K., Liebl, S., Pfeiffer, F.: MIPS: a database
for protein sequences, homology data and yeast genome information. Nucl. Acids
Res. 25(1), 28-30 (1997)

6. Fro hler, S., Kramer, S.: Inductive logic programming for gene regulation prediction.
Machine Learning (to appear)



QG/GA: A Stochastic Search for Progol

Stephen Muggleton and Alireza Tamaddoni-Nezhad

Department of Computing, Imperial College, London
{shm,atn}@doc.ic.ac.uk

Abstract. A search approach is presented, based on a novel algorithm
called QG (Quick Generalisation). QG carries out a random-restart
stochastic bottom-up search which efficiently generates a consistent
clause on the fringe of the refinement graph search without needing
to explore the graph in detail. We use a Genetic Algorithm (GA) to
evolve and re-combine clauses generated by QG. Initial experiments with
QG/GA indicate that this approach can be more efficient than standard
refinement-graph searches, while generating similar or better solutions.

1 Introduction

There is a long-standing and increasing interest in stochastic search methods in
Inductive Logic Programming (ILP) []. Stochastic methods have been explored
both for clause evaluation (e.g. [5]) and for searching the space of candidate
clauses (e.g. [6]). Most search techniques within ILP are based on clause refine-
ment. Such searches are typically time-consuming, requiring the testing of a large
number of inconsistent clauses. For example, it can be shown [3] that on a range
of learning problems around 96% of the clauses considered by Progol are incon-
sistent. The low average density of consistent clauses motivates an investigation
in this paper into a novel algorithm called QG (Quick Generalisation).

2 QG Algorithm

The following definitions are used to describe the QG algorithm in Figure [l

Definition 1 (Progol refinement setting). Let S = (B,E, L, ) be Progol’s
ILP setting as defined in [2]. Let € = (ET,E7) consist of a set of positive and
negative examples (ground unit clauses) respectively. The “top” clause, denoted
by A, is the maximal- element in L. The “bottom” clause, denoted by </ s, 1s
the leasty c element such that B,</. s = e. Refinement of clause C, denoted by
pe,s(C), is the set of maximaly- ¢ clauses D such that C = D = v/, 5.

Definition 2 (S-consistency). Given S = (B,€,L,>), e € £ and A = C =
Ve.s we say that C is S-consistent iff B, &, C' is satisfiable.

Definition 3 (Head-connectness). A definite clause h <« by, .., b, is said to
be head-connected if and only if each body atom b; contains at least one variable
found either in h or in a body atom b;, where 1 < j < 4.
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Quick Generalisation (QG) algorithm
Input: Bottom clause V/¢,s and setting S
R is a random head-connected permutation of /¢,s
Output: Reduce R wrt S
Reduce algorithm
Input: Clause C = h <« by, ..b, and setting S
Res is C'
‘While there is an unseen cutoff atom b; in the body of Res
For b; find minimal support set S; = {b},..,b.,} C {b1,..,bit1}
such that h < S;, b; is head-connected
Res is h — S;,b;,Si—1
where S; 1 is b1,..,b;—1 with S; removed
Repeat
Output: Reduced clause Res

Fig. 1. Quick Generalisation (QG) algorithm

Definition 4 (Minimal support set). Let h < B be a definite clause and B
be a set of atoms. S C B is a minimal support set for b from B iff h — S,b
is head-connected and there does not exist a set S’ C S for which h < S’,b is
head-connected.

Definition 5 (Fringe). Clause C is in Fringe(e,S) iff it is head-connected and
for every D it is the case that C € pe s(D) implies D is not S-consistent.

Definition 6 (Profile and cutoff atom). Let C = h « by,...b, be a definite
clause and B be background knowledge. E; C £~ is the ith negative profile of C,
where E; = {e : 30,e = hO,B = (b1,...,b;)0}. b; is the cutoff atom iff i is the
least value such that E; = (.

The QG algorithm (Figure [Il) works by randomly permuting the given clause
body and then applying to the result the deterministic “Reduce” algorithm.
The result is a randomly constructed “fringe” clause (see Definition [Hl).

3 QG and QG/GA in Progol

The QG algorithm described in the previous sections can be used for efficiently
sampling from consistent clauses. A simple integration of QG in Progol can be
realised by replacing Progol’s A* search by a QG sampling mechanism which
returns the clause with highest positive compression from a sample of consistent
clauses. Clauses generated by the simple QG sampling mechanism lack diversity
and also it is very likely that the optimal solution is not among them. We also
examine a more advanced setting in which a Genetic Algorithm (GA) is used
to evolve and re-combine clauses generated by QG. In this setting QG is used
to seed a population of clauses processed by the GA. The GA-ILP setting used
in the present study is similar to the one described in [7]. In the present study,
the occurrences of literals from the bottom clause are directly encoded as bit
strings (as described as further work in [7]). In a long version of this paper [3]
QG and QG/GA have been tested on a range of problems. These include a set
of problems from [I] with varying concept sizes (i.e. m6.112 to m16.112). Table[I]
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Table 1. Predictive accuracies and learning times for different search algorithms on a
set of learning problems with varying concept sizes from 6 to 16. Density of consistent
clauses is taken as being the proportion of consistent clauses in the A* search (Cs(%)).

m A QG GA QG/GA
Cs(%)  A(%) T(s)  A(%) T(s)  A(%) T(s)  A(%) T(s)
6 31.71 98 3.22 99.5 3.89 99.5 5.83 99.5 10.32
7 3.36 99.5 633.16 99.5 45.11 99.5 12.99 99.5 86.51
8 1.05 100 1416.55 100 175.03 100 13.92 100 169.55
10 0.0015 97.5 25852.80 99 242.22 95.5 74.68 99 1064.22
11 0.36 80 37593.20 91 774.02 99 30.37 99.5 110.15
14 0 50 128314.00 69 4583.25 79.5 529.67 88.5 1184.76
16 4% 1076 59 55687.44 77.5 4793.01 74 297.93 89.5 4945.20

shows predictive accuracies and average learning and testing times for different
algorithms. According to this table, in most cases QG has found a solution with
a similar or better accuracy than the A* search in significantly less time. These
results also suggest that we can get a better predictive accuracy by combining
QG and GA (e.g. for m = 14 and m = 16). According to the table, the efficiency
and accuracy advantages of QG and QG/GA are more evident when the density
of consistent clauses (C's%) is low.

4 Conclusions

In this paper we presented a search approach based on a novel algorithm called
QG (Quick Generalisation). Initial experiments indicate that when the propor-
tion of consistent clauses is small, QG and QG/GA are more efficient than
standard refinement-graph searches, while still generating the same (or similar)
solutions in most cases. The QG can be easily adopted for any ILP system which
uses a bottom clause or a template for generating the hypotheses. These include
ILP systems which use some form of Inverse Entailment.
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Abstract. Recently, there has been an increasing interest in directed probabilis-
tic logical models and a variety of languages for describing such models has been
proposed. Although many authors provide high-level arguments to show that in
principle models in their language can be learned from data, most of the pro-
posed learning algorithms have not yet been studied in detail. We introduce an
algorithm, generalized ordering-search, to learn both structure and conditional
probability distributions (CPDs) of directed probabilistic logical models. The al-
gorithm upgrades the ordering-search algorithm for Bayesian networks. We use
relational probability trees as a representation for the CPDs. We present experi-
ments on blocks world domains, a gene domain and the Cora dataset.

1 Introduction

An important class of probabilistic logical models are directed models that are relational
extensions of Bayesian networks. A variety of languages for describing such models has
been proposed: Probabilistic Relational Models (PRMs) [4]], Bayesian Logic Programs
(BLPs) [3], Logical Bayesian Networks [2]] and many others. Although most authors
describe high-level algorithms to learn models in their language or provide arguments
to show that such algorithms can be developed, there are still many problems that have
not been studied in detail. One such problem is how to deal with recursive dependencies.
Consider for example the blocks world [[I]]: we have a set of blocks that can be stacked
on top of each other, the on/2 predicate is used to represent a certain state. Obviously
some (recursive) dependencies hold between all the different on/2 facts. In undirected
models one could state that each on/2 fact depends on all other on/2 facts, but in
directed models this is not allowed since it would lead to cycles. Hence, learning a
directed probabilistic logical model of the blocks world is a challenging problem.

In this paper we introduce an algorithm, generalized ordering-search, to learn both
structure and conditional probability distributions of directed probabilistic logical mod-
els. Our algorithm is based on the ordering-search algorithm of Teyssier and Koller
[8] for learning propositional Bayesian networks. Our contribution is that we upgrade
this algorithm to the relational case and investigate the use of relational probability
trees [3l6] as compact and interpretable models of conditional probability distributions
(CPDs). We will use the terminology of Logical Bayesian Networks (LBNs) [2]] but our
discussion applies equally to other directed probabilistic logical models such as PRMs
and BLPs. More details can be found in the full paper [7].
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2 Generalized Ordering-Search

When learning directed models one of the main problems is to avoid cycles. For propo-
sitional Bayesian networks (BNs) this can be done by assuming a causal ordering on
the set of random variables (RVs). Given such an ordering, we can learn for each RV
X a probability tree that identifies which of the preceding RVs are most relevant
for X (these will be X’s parents in the BN), and specifies how they influence X (the
CPD). However, we usually do not know the optimal ordering. One solution is to do
hill-climbing through the space of all orderings and in each step apply the above pro-
cedure to learn a BN, until an accurate BN is encountered. This is known as ordering-
search [§].

Ordering-search cannot be applied directly to the relational case for two reasons.
First, we cannot simply learn a separate CPD for each ground RV because we want
our model to generalize over the domain (set of constants), i.e. the model should be
on the predicate-level instead of on the ground-level. Second, we do not want to learn
the optimal ordering on the set of ground RVs but rather a model of this ordering that
generalizes over the domain.

To deal with the above two problems, we adapt the original ordering-search algo-
rithm in two ways. First, instead of learning a separate CPD for each RV, we learn for
each probabilistic predicate a single so-called generalized conditional probability func-
tion (GCPF). Basically, a GCPF for a predicate p is a function that takes as input any
set of RVs (the possible parents) plus a target RV 7" built from p and that returns a set of
parents for 7" as well as a CPD for T' given these parents. Second, instead of searching
through the space of orderings until a good ordering is found, we now search through
the space of orderings only to collect information about the likelihood of different or-
derings (using the learned GCPFs) and afterwards we use this information to learn a
model of the optimal ordering. Note that an ordering on the RVs together with an ap-
propriate set of GCPFs fully specifies an LBN. We now briefly explain the two steps of
our algorithm in more detail.

In the first step we learn for each probabilistic predicate a GCPF under the form of
a logical probability tree [3l6]. Let R denote the set of all ground RVs. More precisely,
for each predicate p we learn a tree 7., s such that for any target 7' € R built from p,
any assignment vr to 7', any set £ C R of known evidence RVs and any assignment
ve to the RVsin &, Tyep¢ (T, vr,E 0, R) = P(T = vy | € = vg) expresses the
probability that 7" has value vy given the values of all RVs in £. To learn such a tree
we first generate training data by sampling data from random orderings (i.e. randomly
selecting T" and &) and then apply the TILDE system adapted to learn probability trees
[3]] on this dataset. The final result of this step is a set of GCPFs that can be used together
with any ordering to determine an LBN.

In the second step we learn a model of the optimal ordering. Concretely, we use
TILDE to learn a logical decision tree that specifies for any pair of RVs their best or-
dering. The training data for this regression tree is generated by searching through the
space of orderings and computing for each considered ordering the difference in like-
lihood when swapping two adjacent RVs in this ordering (this difference in likelihood
is the target of the regression). To compute the likelihood of an ordering we use the
GCPFs of the previous step. Using the obtained regression tree we can determine the
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optimal ordering for any pair of RVs and hence indirectly also for any number of RVs.
This optimal ordering together with the GCPFs fully determines an LBN.

3 Experiments

We evaluated our approach on four datasets: a simple artificial dataset about the inheri-
tance of genes, two datasets derived from relational reinforcement learning experiments
on the blocks world [[1] and the Cora dataset. We compared the results of generalized or-
dering search with the results obtained when learning CPDs for a given expert ordering
and for a random ordering.

The main conclusion from our experiments is that generalized ordering-search suc-
ceeds in learning an ordering that performs approximately equally well (in terms of
likelihood) as the expert orderings and considerably better than random orderings. Also,
the complexity (size) of the learned CPDs for generalized ordering search is similar to
that for the expert orderings and smaller than for random orderings.
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Abstract. In this paper we present the system ALLPAD for learning
Logic Programs with Annotated Disjunctions (LPADs). ALLPAD mod-
ifies the previous system LLPAD in order to tackle real world learning
problems more effectively. This is achieved by looking for an approxi-
mate solution rather than a perfect one. ALLPAD has been tested on
the problem of classifying proteins according to their tertiary structure
and the results compare favorably with most other approaches.

1 Introduction

Logic Programs with Annotated Disjunctions [I] are a relatively new formalism
for representing probabilistic information in logic programming. They have been
recognized as one of the simplest and most expressive languages that combine
logic and probability [2].

In [3] the definition of a learning problem for LPADs has been proposed to-
gether with an algorithm for solving it called LLPAD. However, LLPAD does not
work well on non-toy problems because it relies on the exact solution of a large
constraint satisfaction problem. On real world problems such a solution may not
exist or may be too expensive to find. Therefore in this paper we propose the sys-
tem ALLPAD (Approximate Learning of Logic Programs with Annotated Dis-
junctions) that modifies LLPAD in order to be able to solve real world problems
by looking for a solution that “approximately” satisfies the learning problem.

2 ALLPAD

ALLPAD learns ground LPADs in five phases. The first and the third are the
same as those of LLPAD. The second and the fourth modify those of LLPAD
and the fifth one is new.

In the first and second phases ALLPAD looks respectively for definite and
disjunctive clauses that satisfy a number of constraints reported in [3]. In the
third phase the disjunctive clauses found in the second phase are annotated with
probabilities by exploiting theorem 1 of [3].

In the fourth phase ALLPAD solves an optimization problem in which a subset
of the found disjunctive clauses is selected so that the resulting program assigns
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to the input interpretations a probability that is as close as possible to the one
given. This is done by exploiting theorem 2 of [3]. Since the optimization problem
can be expressed as a linear problem, we can use mixed-integer programming
(MIP) techniques. If no perfect solution exists, a non zero optimum will be found.

However, the optimization problem is NP-hard and thus solvable only for
small instances. To overcome this problem, we exploit the possibility of setting
a time limit offered by many MIP packages. In this way, ALLPAD looks for the
best solution given the available time.

To make sure that an admissible solution will be found within the time limits,
the complete search in the space of bodies performed by LLPAD in the second
phase is given up for an incomplete search strategy, beam search. The heuristic
to be used for ranking bodies is the sum of the probabilities of the interpretations
where the body is true. This heuristic ensures that the clauses that apply only to
a small number of improbable interpretations are discarded and the dimension
of the optimization problem is reduced.

In the fifth phase, the definite clauses not mutually exclusive with the selected
disjunctive clauses are removed.

3 Experiments

ALLPAD was applied to the problem of predicting the tertiary structure of pro-
teins by classifying them into one of the SCOP classes [4]. Each protein is described
by a sequence of secondary structure elements. The elements are either of the form
he(Type, Length, Position) or of the form st(Orientation, Length, Position ). The last
argument is an ordinal number indicating the position in the sequence.

The dataset available [5] (kindly provided by Kristian Kersting) has the fol-
lowing distribution of examples into classes (class,examples): (foldl, 721), (fold2,
360), (fold23, 274), (fold37, 441), (fold55, 290).

ALLPAD can be used for classification as other probabilistic model learners:
a model is learned for each class and an example is assigned the class whose
model gives the highest probability to the example.

In order to learn an LPAD that describes a class, the interpretations given
as input to the system are annotated each with the same probability given by 1
over the total number of interpretations in the training set.

Proteins are modeled with LPADs as stochastic processes: the structure at posi-
tion p is predicted on the basis of the structures in a number of previous positions.
To this purpose, ALLPAD learns programs containing rules having all the possi-
ble structures with position equal to p in the head and a conjunction of structures
in the body with positions belonging to the set S(p, k) ={p—1,p—2,...,p—k}
for a given k.

Since the constraint solving phase finds only an approximate solution, the theo-
ries learned are tested in an approximate way: if for a sequence position no learned
rule is applicable, the marginal probability of the atom in the class is used.

The accuracy of the learned LPAD is compared with the accuracy of a naive
Bayes classifier obtained in the following way: the approximate testing procedure
is applied by using for all positions the marginal probability in the class.
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Two experiments were performed using 10-fold cross validation.

In both experiments we used Xpress-Optimizer by Dash Optimization for
solving the MIP problem. The time limit has been set to 1 hour for each class in
the first experiment and to 100 minutes for each class in the second experiment.

The other important parameters are: the value of k (the number of previous
positions to consider), set to 4; the size of the beam, set to 100, and the maximum
number of bodies to be explored for each clause template, which has been set to
100 in the first experiment and to 125 in the second experiment. The experiments
have been performed on a PC with an Athlon XP 2600+ processor at 2138 Mhz,
1GB of RAM and Windows 2000.

In the two experiments ALLPAD reached respectively an average accuracy
of 85.14% and of 85.67%, while the naive Bayes approach reached an average
accuracy of 82.79%. A cross-validated paired two-tailed ¢ test was performed
for comparing the accuracy of ALLPAD to that of naive Bayes and the null
hypothesis of equivalence can be rejected with 98.3% probability for the first
experiment and with 98.6% probability for the second experiment.

The results available in the literature regarding accuracy on datasets in the
same domain are: 74% in [5], 83.6% in [6], 76% and 73% in [7] and 92.96% in
[8]. The results of ALLPAD compare favorably with all results apart from the
last one, even if the system is not specifically tailored to learning sequences.
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1 Introduction and Motivation

Learning sets of first-order rules has a long tradition in machine learning and
inductive logic programming. While most traditional systems follow a separate-
and-conquer approach, many modern systems are based on statistical considera-
tions, such as ensemble theory, large margin classification or graphical models. In
this work, we frame relational learning as a statistical classification problem and
apply tools and concepts from statistical learning theory to design a new statisti-
cal first-order rule learning system. The system’s design is motivated by the goal
of finding theoretically well-founded answers to some of the greatest challenges
faced by first-order learning systems. First, using strict binary-valued logic as a
representation language is known to be suboptimal for noisy, imprecise or uncer-
tain data and background knowledge as frequently encountered in practice. As
in many other state-of-the-art rule learning approaches [I], we therefore assign
weights to the rules. In this way, a rule set represents a linear classifier and one
can optimize margin-based optimization criteria, essentially reducing the misclas-
sification error on noisy data. Since we aim at comprehensible models, we employ
margins without the kernel trick. Second, the problem of finding a hypothesis
that explains the training set is known to be NP-hard even for the simplest
possible classifiers, from propositional monomials to linear classifiers. To avoid
the computational complexity of optimizing the empirical training error directly,
we use a feasible margin-based relaxation, margin minus variance (MMV), as
introduced recently for propositional domains [2]. MMV minimization is linear
in the number of instances and therefore well-suited for large datasets. Third,
in multi-relational learning settings, one can formulate almost arbitrarily com-
plex queries or clauses, to describe a training or test instance. Thus, there is
a potentially unlimited number of features that can be used for classification
and overfitting avoidance should be of great importance. We derived an error
bound based on MMV, giving us a theoretically sound stopping criterion con-
trolling the number of rules in a weighted rule set. The rule generation process is
based on traditional first-order rule refinement and declarative language bias. It
is possible to choose from a variety of search strategies, from a predefined order
of clauses to rearranging the order based on the weights attached to clauses in
the model so far. The system is implemented as a stand-alone tool integrating a
Prolog engine.
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2 First-Order Rule Learning as Model Selection

In order to give a more formal definition of the setting, we assume that the
instances are drawn i.i.d. according to a fixed but unknown distribution D. D
ranges over X x ), where X is the set of all possible instances (i.e., sets of
tuples from several relations), and ) := {—1,1} contain the target labels. A
sample X = {x1,...,2,} of size m is drawn. Furthermore, we assume we al-
ready have a (possibly infinite) repository of first-order rules R = {ry,r9,...},
where a rule r; : X — [—1, 1] assigns either -1 or 1 to each instance. A rule can
depend on any arbitrary number of relations. The rules are enumerated from a
language bias declaration according to some chosen search strategy. Let x;(7)
denote the result of the application of rule j on instance x;. If we consider only
the first n rules, we can represent the ¢th instance by the vector of rule val-
ues z; = (x;(1),24(2),...,2;(n))T. Likewise, a weighted rule set can be given
by a weight vector w € [—1,1]". An individual rule set ¢ assigns class label
sgn(wT z;). Note that the weight vector defines a hyperplane separating [—1;1]"
into two half-spaces so that rule sets in our setting are related to linear classifiers
and perceptrons. Since the usual approach of optimizing the empirical error is
computationally infeasible and prone to overfitting, we are optimizing a related
quantity, the mean margin minus the variance of the margin (margin minus vari-
ance — MMV [2]). This is motivated by the observation that ideally one would
want to maximize the average distance from the separating hyperplane to the
training instances and to minimize the sample variance of these distances. More
formally: given an instance (x, %) let j,(z,y) := w”z -y denote the margin. The
margin is positive, if the instance is correctly classified by ¢ and negative other-
wise. Then, the empirical margin is fi,, := 1711 Z:’;l tw (i, y;) and the empirical
variance is 6, = ml—l Z:’;l(uw(axi,yi) — [iw)?. Using this notation, one can
look for weight vectors w that maximize fi,, — &, subject to the constraint that
|lwl], = 1. With p = 1, most weights are set to zero, thus, the rule sets tend to be
small. Greater values of p (typically values > 1 and < 2) distribute the weights
more evenly among the rules. MMV maximization is a quadratic optimization
problem and can be solved in time linear in the number of instances.

The success of this algorithm obviously depends to a large degree on the
choice of the rule repository, and, in particular, on its size. If the repository is
too small, the algorithm will most likely underfit, if it is too large, it will overfit.
To overcome this dilemma we start with a small repository, then iteratively
increase its size. We calculate the optimal MMV weight vector for each size and
use a concentration inequality [2] to gain an estimate of the structural risk, i.e.
the risk of overfitting. The best repository is the one which minimizes the sum
of empirical and structural risk. Ideally, the rules that are generated during this
iterative procedure should be as informative as possible about the prediction
task. Since rules that are generated early are less likely to be pruned away by
the structural risk estimation procedure, the user should adjust rule generation
to build assumedly informative rules first. This provides an easy, but powerful
way of providing uncertain and imprecise background knowledge for a particular
learning task. The rules are generated from typical language bias declarations
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including types and modes of variables as well as conjunctions of literals. The
system starts with a set of basic rules and repeatedly applies refinement operators
to obtain new rules from existing rules. The operators add a literal or conjunction
of literals to an existing rules to create a new one, or combine two existing rules
disjunctively.

Depending on the way new rules are generated, the method can be categorized
as genuine relational learning or propositionalization scheme. In particular, the
system can be configured to generate new rules depending on their coverage (for
instance, filtered by some minimum coverage), depending on the diversity of
coverage, depending on the class and depending on the rules so far. For instance,
more sophisticated operators are able to filter new rules having a high mutual
information with respect to an existing rule. The system provides plug-ins to
incorporate different representation languages, such as a module for evaluating
mathematical terms, graphs or a whole Prolog engine.

3 Summary of Experimental Results and Conclusion

We performed three series of experiments: In a first batch on the mutagenesis
data, we evaluated the sensitivity of the method on variations of the parameters
and determined default settings. In particular, it turned out that the performance
with p set to one is consistently worse than with p > 1. This is an indication that
many different structural features contribute equally to the performance of the
classifier. Another finding is that the performance does not degrade as more and
more rules are added. In other words, overfitting does not seem to occur too eas-
ily. In a second batch of experiments on seven small molecule datasets, we showed
that margin-based rule learning performs favorably compared to margin-based
ILP approaches using kernels. In our third batch, variants of propositionaliza-
tion and relational learning are tested on the task of bioavailability prediction.
To investigate the “feature efficiency” of those variants, we plot the training set
and test set accuracies against the number of rules added.

In summary, we propose relational rule learning based on margins. The new
approach optimizes the mean margin minus its variance. Error bounds can be
derived to obtain a theoretically sound stopping criterion. Overall, MMV op-
timization seems to be a useful new learning scheme that can be adapted to
various data types via plug-ins, and can be adjusted to the noise level via para-
meters. As the optimization is linear in the number of instances, it should also
scale up well for the analysis of larger datasets.

References

1. Friedman, J., Bogdan, E.: Popescu. Predictive learning via rule ensembles. Technical
report, Stanford University (2005)

2. Riickert, U., Kramer, S.: A statistical approach to rule learning. In: Machine Learn-
ing. Proceedings of the 23rd International Conf., ACM Press, New York (2006)



Extension of the Top-Down Data-Driven
Strategy to ILP

Erick Alphonse and Céline Rouveirol

LIPN-CNRS UMR 7030, Université Paris 13, France

{alphonse,rouveirol}@lipn.univ-parisi3.fr

Abstract. Several upgrades of Attribute-Value learning to Inductive
Logic Programming have been proposed and used successfully. However,
the Top-Down Data-Driven strategy, popularised by the AQ family, has
not yet been transferred to ILP: if the idea of reducing the hypothesis
space by covering a seed example is utilised with systems like PRO-
GOL, Aleph or MIO, these systems do not benefit from the associated
data-driven specialisation operator. This operator is given an incorrect
hypothesis h and a covered negative example e and outputs a set of
hypotheses more specific than h and correct wrt e. This refinement oper-
ator is very valuable considering heuristic search problems ILP systems
may encounter when crossing plateaus in relational search spaces. In
this paper, we present the data-driven strategy of AQ), in terms of a lgg-
based change of representation of negative examples given a positive seed
example, and show how it can be extended to ILP. We evaluate a basic
implementation of AQ in the system PROPAL on a number of benchmark
ILP datasets.

1 Introduction

In Inductive Logic Programming (ILP), various learning strategies from
Attribute-Value (AV) learning have been adapted: to name a few, top-down
induction of decision trees in the TILDE system [], top-down induction of rules
in the systems FOIL [28], PROGOL [24], Aleph [35] and MIO [26]. Bottom-up
data-driven algorithms, based on the least-general-generalisation (lgg) operator
(also known as most-specific generalisation) have also been implemented (see
[1I7] for the main results). However, the Top-down Data-Driven (TDD) strategy
has very few incarnations and is not used in ILP. Its emblem is the family of
AV systems AQ [22]. The search is top-down in the space of hypotheses more
general than or equal to a particular example which is named in this context
a seed example. If the idea of reducing the hypothesis space by covering a seed
example is utilised with systems like PROGOL, Aleph or MIO, these systems do
not benefit from the associated TDD operator. They address the learning prob-
lem within the generate-and-test paradigm (computing refinements based on the
structure of the search space only) : they have to deal with many refinements,
for a given hypothesis, that are not relevant with respect to the discrimination
task. The TDD operator is the dual of the lgg operator in the sense that, given
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an incorrect hypothesis h and a covered negative example e, it outputs a set of
hypotheses more specific than h and correct with respect to e. This refinement
operator is described in [22] as a set of extension-against rules for computing
refinements of boolean attributes, numerical attributes, nominal as well as hier-
archical ones. For example, a rule for using a boolean attribute att for refining
an incorrect hypothesis is:

If att = val in the seed and att # val in a covered negative example then att = val is
a valid refinement

Relying on the training set allows a TDD strategy to have a branching factor
which is necessarily smaller than or equal to the branching factor of a generate-
and-test strategy searching in the same hypothesis space. This makes this strat-
egy very appealing for ILP which is known to be prone to important plateau
phenomena in heuristic search (see e.g. [I3I2]). As a special case and as advocated
by Winston [39] (see also [34]), a TDD learning algorithm can take advantage of
negative examples that differ from positive examples by only one attribute, the
so-called near-misses, to reduce the branching factor to 1 during the heuristic
search. Ultimately, a TDD algorithm learning from a dataset provided with all
near-misses of the target concept would converge to the concept without search,
generating only one refinement each step.

In the rest of the paper, we present the TDD strategy of the AQ system
in terms of a lgg-based change of representation of negative examples given a
positive seed example. After applying this representation change, the instance
space and the hypothesis space are merged into a simpler hypothesis space, and
learning can rely on an algebraic formalisation of AQ’s extension against rules.
The second contribution of the paper concerns the implementation of the TDD
in relational languages as complex as Datalog with negation and constrained
variables, which is complete for OI-subsumption [I]. We propose a formalisa-
tion of the problem of computing the set of “nearest-miss” lggs between two
relational examples, which is at the core of the TDD strategy, as a Weighted
Constraint Satisfaction Problem [§]. In the last part of the paper, we present an
implementation of the basic AQ strategy as given by Clark and Niblett [5] (often
referred as AQR) in PROPAL and we evaluate it on a number of ILP benchmark
datasets. Although this version of PROPAL does not include any noise-handling
mechanism, its performance is quite competitive with respect to state of the art
ILP generate-and-test systems.

2 Change of Representation of Learning Data in the
TDD Strategy

2.1 Top-Down Data Driven Strategy

The AQ system [22] is a top-down covering learning algorithm. AQ’s outer loop
is a classical covering algorithm that iterates while some positive examples are
still uncovered. Its inner-loop randomly selects an uncovered positive example,
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the seed example, denoted as s in the rest of the paper. AQ then performs
a top-down data driven beam search to build a set of maximal and correct
generalisations of s, given the set of negative examples. For a given negative
example e, if a candidate hypothesis h in the beam covers e~ , h is minimally
specialised in order to reject it, while still covering s. Throughout the paper,
ET and E~ denote the set of positive and negative examples of the learning
problem, L denotes the hypothesis space, > the coverage relation between a
hypothesis of £; and an example, >j the partial order between hypotheses of
Ly, (generality relationship). £4 C £, is the space of generalisations of the seed
s. The TDD operator can be formally defined as follows.

Definition 1 (TDD operator). Let s € ET,h € Ls,e™ € E=,ps(h,e”) =
{h eLs|h>,h and W} e}

This operator can be seen as the dual of the lgg operator [27]: given an incorrect
hypothesis h and a covered negative example e, it outputs a set of maximally
general hypotheses more specific than h and correct with respect to e, with the
additional constraint that each of these specialisations of A should still cover s.

The fact that each minimal specialisation of h should cover a seed example
amounts to map the initial search space of the learning algorithm onto the space
of generalisations of the seed example. Looking for a hypothesis of L£; that
both covers s and rejects e~ can be equivalently performed by looking for a
generalisation of s that rejects lgg(s, e ). By definition of the lgg [27], we have
h>=sANhx=e < h>p,lgg(s,e”). Equivalently, by contraposition, we have
h 't sVh¥e < h Pplgg(s,e”). As the TDD strategy is biased towards
generating hypotheses that cover s, h % e~ < h #5, lgg(s,e™).

red e Q0

| %% | E’? 7a jo @1 ey
aa ab ba bb 11
s e, ey s

1 2

Fig. 1. Bias of £, towards the covering of a positive example

This lgg-based representation change transforms the initial learning problem
(E,>,>p,Ly) into a new learning problem (E, >}, >,, Ls), Es being the new
set of examples where each example e € E is reformulated into lgg(s,e). In
this new problem, the instance space and the hypothesis space are merged, as
illustrated in figure [ for a simple AV learning problem. The leftmost part of
figure [[ shows three training instances, described in terms of two AV attributes.
In the initial search space, each of the involved attributes has domain {a,b, 7},
where '?" denotes any value in the domain, meaning this attribute should be
dropped from the hypothesis. The three initial examples s, e; and e, are each
mapped in the new search space L; (right part of figure[Il), here the power-set
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of the seed example. By definition, s is mapped to the lower bound of L, e] is
mapped to the top node of L, '00" (lgg(s,e; ) ="??" >p 'ab’) and e5 is mapped
to '01" (Igg(s,eq ) ="70" >3 'ab’).

This reformulation is interesting, because it shows that the so-called
“extension-against” rules correspond to an algebraic resolution of the learning
problem in a boolean latticd] and have broader applications than attribute-value
learning as long as the generalisation space of the seed is isomorphic to a boolean
lattice as shown in figure [Il In the rest of the paper, we will refer to the TDD
refinement operator instead of the “extension-against” rules to point that we
take into account the lggs of the negative examples directly in the generalisation
space of the seed. It is therefore possible to reformulate the specialisation step
of AQ as shown in the algorithm of figure

FindBestRule(s,E~,E")
G:={T} % top element of Ly,
BestRule := ()
While G #
G =10
For each g € G
G:=G\yg
If g is correct and score(g, E1) > score(BestRule, ET) Then
BestRule := g
Else
% computation of the nearest-miss
NM :=g % by definition g >;, NM
For each e™ € £~
If lgg(s,e™) nearer-miss than NM Then NM :=lgg(s,e”)
G’ = G'"Ups(g, NM) % specialisation using the TDD refinement operator
G := k best hypotheses from G’ % beam search
Return BestRule

Fig. 2. AQ’s specialisation loop algorithm for a given seed s

In order to make the specialisation step efficient, the algorithm makes the
most of the partial ordering of negative examples to handle most informative
negative examples only. First of all, only most specific negative examples in
E; are useful: in the toy example of figure [Il e, is more specific than e; so
rejecting e; also rejects e] . In this simple example, there is only one candidate
solution obtained by applying once the TDD operator: hypothesis ‘10’ in the
boolean space, corresponding to the hypothesis ‘a?’ in the initial search space.
If several most specific negative examples are available at that step, which are
incomparable by definition, we give preference to the one that is closer to s than

! The “extension-against” rules are actually more general and can consider distributive
lattices as the product of a boolean lattice with interval lattices and chains whenever
numerical and hierarchical attributes are involved [I]. In the present work, we use
the product of boolean and interval lattices but in this section, we only discuss the
logical part.
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any other negative examples as it yields the smallest branching factor for ps
(see e.g. [345]). We name it the nearest-miss and we define it as a most specific
element with respect to a total pre-order named mnearer-miss. It is reflexive,
transitive, total, but not antisymmetric.

Definition 2 (nearer-miss). Let s € Ly, be the seed example, x,y € L, the
distance d(s,y) be the number of altributes’ values that differ between s and y.
x is nearer-miss than y iff (v <p y) V (y €n x ANd(s,x) < d(s,y)). It is a total
pre-order on the elements of Ls. A least element (most specific) with respect to
this total pre-order is a nearest-miss.

The nearer-miss pre-order induces an equivalence relation between elements of
Ls which are incomparable under >, and at the same distance from the seed.
Note that we define the nearer-miss relation as a linear extension of the partial
order >}, to deal with redundancy in Fs, such that the nearest-miss is necessarily
a most specific element of Egs wrt >,. This is necessary when we deal with
numerical attributes. For example, if we have only one numerical attribute a
and a seed a = 1 and two negative examples a = 2 and a = 3 reformulated as
a € [1,2] and a € [1, 3], although both negative examples are at a distance of 1
from the seed, a € [1,2] is nearer-miss than a € [1,3] as it is more specific and
its rejection will reject the other negative example.

On figure[I] it can be seen that the maximal branching factor of a top-down
generate-and-test operator is 4 without the seed bias, and 2 when only consid-
ering specialisations covering s. The branching factor of the TDD operator is 1,
as the lgg of e; with s is actually a Winston’s near-miss. Note that even in the
worst case (only far-misses are provided, i.e. negative examples that maximally
differ from the seed example), the branching factor of the TDD operator cannot
exceed the one of the top-down generate-and-test operator biased to cover a seed
example. We now will go on to discuss the extension of the TDD strategy to ILP.

3 Extension of the TDD Strategy to ILP

The TDD strategy, which is biased towards covering a seed example, relies on the
reformulation of each negative example e~ as its lgg with the seed. The strength
of the strategy is that the instance space is merged into the hypothesis space
which forms a simple boolean lattice (or a product of a boolean lattice and inter-
val lattices in the case of numerical learning). In this lattice, the TDD refinement
operator can efficiently discriminate the negative examples as explained in the
previous section. Our approach to upgrade this TDD strategy to ILP consists
in working in a seed generalisation space with the same algebraic structure and
then computing lggs between the negative examples and the seed in such a space.
Such algebraic structures can be obtained in relational languages, although with
the cost of increased complexity, and sometimes incompleteness.

In this work, we target languages as expressive as non-recursive Datalog
clauses with negation [2I]. In order to deal with numerical data, we add con-
straint variables to the language (see e.g. [32]) and classically set their generali-
sation language to the lattice of convex intervals for numerical variables [22].
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A substantial number of works have been done on computing lggs in restric-
tions of first-order logic under several partial orders [27JT4IT7IT2]. One partic-
ularly interesting partial order is the Object Identity (OI) subsumption. It is
stronger than the well-known #-subsumption, because matching substitutions
are limited to be injective, that is, each variable has to be bound to a different
object. It has been shown in [38/T0] that a Datalog space lower-bounded by a null
element (the seed here) under OI-subsumption is isomorphic to a boolean lattice:
the set of generalisations of a clause is its power set (up to a variable renaming)
and the complete generalisation operator is the dropping-literal rule. An im-
portant corollary is that the TDD strategy is complete under OI-subsumption.
However, as noted for example in [T41]], the generalisation of two examples
is not unique, as opposed to AV learning, and computing their least general
generalisation will yield several lggs, as shown in figure

s: west(T) « car(T, V1), rectangular(Vh),

car(T, V), #wheels(Va, 2),

car(T,V3),—roof(V3), short(Vs), circular(Vs).

e rwest(T") « car(T',V{), —roof(V{), rectangular(VY),
car(T',V3),—roof(V3), #wheels(Vs, 3), circular(V3),
car(T',V3), triangular(V3), short(Vs).

Fig. 3. A train-like problem with a positive example s and a negative example e~

This figure describes a toy relational learning problem inspired by the Michal-
ski’s trains. The semantic is classical: s is a train having three cars, one is rec-
tangular, the other has two wheels and the last one does not have a roof, is
short and circular. Using s as a seed example, it is equivalent to consider the
new learning problem where all [ggs between the seed and the negative examples
have to be rejected in the generalisation space of s. This new problem is given in
figure [ as well as its propositional encoding, given the OI-subsumption order.

In fact, any partial order can be used within the TDD strategy, like 6-
subsumption, as soon as the generalisation space of the seed example is limited
to a boolean lattice for the logical part (the logical part of a clause excludes
literals with numerical variables). This is at the expense of completeness, as it is
known that the space of generalisation under #-subsumption is infinite even in
Datalog [27] and that no ideal refinement exists for this partial order [37]. Various
restrictions in generate-and-test approaches have been proposed to define opera-
tional restrictions of #-subsumption, the most usual one consisting in restricting
the generalisation space of the clause to its power-set (see e.g. [24135]), which
exactly corresponds to the applicability condition of the TDD strategy. Let us
now provide an example that illustrates this lgg-based representation change as
well as a sketch of the algorithm to compute these lggs.
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ey rwest(T) — car(T, V1),
car(T, Va), #wheels(Vz, [2, 3])
car(T,V3),—roof(V3).
e5 :west(T) «— car(T, V1), rectangular(Vh)
car(T,Va),
car(T,V3),—roof(V3), circular(Vs)
e; west(T) « car(T, V1), rectangular(V1),
car(T,Va), #wheels(Va, [2, 3])
car(T,Vs), short(Vs).
s car(T,Vh) rec(Vh) car(T,Va) #w(Vo, N) N car(T,V3) —roof(V3) short(Vs) cir(Vs)
;1 0 1 1 23 1 1 0 0
€y 1 1 1 0 - 1 1 0 1
e; 1 1 1 1 2,3 1 0 1 0

Fig.4. A train-like problem and its reformulation with s as seed example, with OI-
subsumption as partial ordering on the relational search space

3.1 Example

In order to exemplify the approach, let us solve the learning problem pre-
sented in figure Bl This problem is reformulated by replacing e~ by the three
clauses resulting from the computation of lgg(s,e™) as shown in figure @ For in-
stance, e5 in figure M represents the lgg obtained with the matching substitution
Vi)V, Vo) V4, V3/Vs} between s and e~ of figure Bl The learning algorithm
is that of figure [ In this example, we instantiate the beam size k to 2. The
candidate literals to refine the top clause produced by the rejection of the first
negative example e; are:

{rectangular(V1); N € (—o0, 3); short(V3); circular(V3)}

Those produced by the second negative example e; are:

{#wheels(Va, N); short(Vs)}

Note that the examples e}, e; and e; are incomparable with respect to >, but

according to algorithm of figure[2], we chose to reject e; first, as e5 is nearer-miss
than both e; and ez . Specialising G against e; produces only two refinements,
which corresponds to the size of the beam. Selecting nearest-miss examples has
the advantage that the algorithm relies as little as possible on the evaluation
function to select the best refinements of the current hypothesis. G specialises
into two hypotheses with the addition of the literal #wheels(V2, N) and the
literal short(V3). The most general specialisation of G is produced by adding
all the literals necessary to get linked hypothesesE The following new bound is
obtained:

2 The discriminant literal selected by the TDD strategy do not necessarily produce
a connected clause. We assume in this example and in this work that adding the
literals to produce linked clauses, such as car(T,V2) and car(T,V3), is simple.
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G = { west(T) « car(T, Vz), #wheels(Va, N);
west(T') « car(T,V3), short(V3)}

We now take each hypothesis in G and check for their correctness. None of them
are correct and both cover the nearest-miss e; . After another specialisation step,
we obtain the new G bound:

G = { west(T) « car(T, Vz), #wheels(V2,N),N € (-0, 3);
west(T) «— car(T, V), #wheels(Va, N), car(T, V), circ(Vs);
west(T) « car(T, Va), #wheels(Vz,N), car(T, Vs), -roof(Vs);
west(T) «— car(T,Vs), short(Vs),
car(T, V2), #wheels(Vz, N), N € (—o0, 3);
west(T') «— car(T, V3), short(V3), circular(Vs);
west(T') < car(T,V3), short(V3), —roof(Vs)}

Let us now assume that the evaluation function selects the two hypotheses in
boldface in the previous list: the first hypothesis is correct and is a candidate
solution. The second one is incorrect (it covers e; ) and will in turn be specialised.
Finally, after specialising and pruning GG, we obtain at the end of this refinement
step:

G = { west(T') « car(T,V2), #wheels(Va, N), N € (—o0, 3);
west(T') «— car(T, V1), rectangular(V1), car(T, Va), #wheels(Va, N),
car(T, Vs),—roof(Vs)}

After three refinement steps, we have a subset of all correct hypotheses with
respect to the initial relational example e~. We can notice that the second hy-
pothesis has six literals which would have required six refinement steps with a
generate-and-test approach a la FOIL or PROGOL.

3.2 Computation of a Nearest-Miss of the Seed from a Negative
Example

At the core of algorithm of figure Plis the computation of nearest-miss examples
among lggs between the seed and the negative examples. In this section, we show
that their computation is equivalent to the resolution of Weighted Constraint
Satisfaction Problems. After recalling the main results on computation of lggs
under OI, we extend them to handle constraint variables and give an example
of encoding for the learning example given above.

A complete algorithm to compute all lggs under OI-subsumption has been
proposed by [I8[12]. This algorithm is based on the observation that these lggs are
maximally incomparable substructures embedded into Plotkin’s lgg. Both works
propose a graph encoding of the problem such that computing lggs under OI-
subsumption amounts to extract all incomparable maximal cliques in the graph.
We build upon their result but provide some simplifications and an extension
of the algorithm to handle constraint variables. First, let us note that not all
lggs are needed to solve the problem as shown in the algorithm of figure
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i) only those more specific than the hypotheses in the current G bound are
necessary; ii) only the nearest-miss lgg is used for the current specialisation step
(see section ). The problem is then to compute the maximum-clique, that is the
largest maximal one, in the corresponding graph. Second, it can be seen that
their graph formulation is the consistency graph of a Constraint Satisfaction
Problem (CSP). This equivalence between the CSP and the clique problem on
the CSP consistency graph is well-known [I530]. The CSP formulation is more
natural as it is equivalent to the one used for computing the covering test in
ILP [9]. Therefore, finding the nearest-miss lgg between a seed and a negative
example corresponds to finding the largest subset of variables in s which admits
a consistent variable assignment.

This formulation needs to be adapted for handling constraint variables. To
take that information into account, we need to add a valuation structure to
the CSP which is known in the literature as a Weighted CSP. Weighted CSP
(WCSP) extends the CSP framework by associating costs to tuples. These costs
give preferences among partial assignments. The usual task is to find a complete
consistent assignment with minimum cost, which is NP-hard. Informally, to com-
pute a nearest-miss, we define a cost as the number of literals and constraint
variables’ values of the seed example that are not matched onto the negative
example. Concerning the numerical literal #wheels(Va,2) in the seed, there are
three options: either there is an exactly matching literal in the negative example,
the associated cost is then 0. If there is a literal of the form #wheels(Va, N) with
N # 2 in the negative example, the cost is 1. Finally, it may also be the case
that the literal is unmatched, in that case the cost is 2.

Due to lack of space, we refer to [8[7] for a detailed description of WCSPs
and the associated algorithms. Here, we briefly give the definition of a Weighted
CSP and illustrate the encoding of the problem of nearest-miss computation of
figure

Definition 3 (Weighted CSP). A binary WCSP is a tuple (k,X,D,C). X
and D are the variables and domains as in classical CSP. C is a set of cost
functions. A binary constraint C;i; assigns costs to assignments of variables i
and j, ranging from 0 to k. A unary constraint C; assigns costs to assignments
of variable i, ranging from 0 to k. The cost of a tuple t, noted cost(t), is the
sum of all its associated costs. When a constraint C' assigns a cost greater
than or equal to k to a tuple t (cost(t) > k), it means that C forbids t, oth-
erwise t is allowed by C, with the corresponding cost. A tuple is consistent if
cost(t) < k.

For computing the nearest-miss of the seed example s from the example e~
(see figure B]), we have the corresponding WCSP, omitting the head literal for
convenience:

3 This way of handling cost does not take into account partial ordering between nu-
merical values in the negative examples and this has to be handled through post-
processing.
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Variables Domains

car(T, V1) 1:nm 0:car(T', V1) 0: car(T',V5) 0 : car(T',V5)
rectangular (V1) 1:nm 0 : rectangular(V})
car(T, Va) 1:mnm 0:car(T',V{) 0:car(T',V3) 0 : car(T’, V3)
#wheels(Va, 2) 2:nm 1 : #wheels(Vs, 3)
car (T, Vs) 1:mm 0:car(T',V{) 0:car(T',V3) 0: car(T’,V3)
—roof(Vs) 1:nm 0: —roof(V{) 0 : —roof(Vy)
short(Vs) 1:nm 0 : short(Vs)
circular(Vs) 1:nm 0 : circular(V3)

Literals of the seed s (i.e., the variables of the WCSP) are shown in the first
column of the table. For each literal of s, we describe candidate matching literals
in e7, i.e., the domains of the WCSP variables. Matching a literal corresponds
to satisfying a unary constraint. To each literal of e™, we associate the corre-
sponding unary cost of matching it. In order to account for unmatched seed
literals, we use an additional value nm for not matched, which indicates that
the seed literal is not matched and does not belong to the lgg. For instance,
if the literal short(V3) is unmatched, this will have a cost of 1. The binary
costs (not shown here) are the same as for a CSP encoding of the subsump-
tion test: they define that a pair of matchings is compatible to ensure that the
solution tuple is a lgg of the seed and the negative example. To each matched
literal of the seed, we associate a substitution ;. A pair (;,6;) is compatible
iff the substitution 6;.0; is a valid substitution under the partial order consid-
ered. The corresponding cost is zero or k otherwise. The solution of the WCSP
which leads to construct e; is outlined in boldface in the table, this solution
has cost 3. e; is among the solutions of lowest cost and is used to compute
(west(T') « car(T, Va), #wheels(Va, N)). The computation of the next nearest-
miss more specific than this hypothesis is computed by removing the nm values
from the domain of the two literals car(T, V2) and #wheels(Va, N), thus forcing
them to be part of the nearest-miss.

4 Related Works

A first version of the PROPAL algorithm has been presented in [3], where the
link between the TDD strategy and PROPAL was not made and no formalisation
was proposed. Moreover, the algorithm could not deal with numerical data.
It was also presented as a propositionalisation system and we plan to further
investigate in the future the link between propositionalisation and computation
of lggs between examples and a seed.

A first comparison has to be made with the learning systems PROGOL, Aleph
and MIO. As we said, they use the same search space as PROPAL, by the mean of
a seed example, but are rooted in the generate-and-test paradigm and do not use
the TDD strategy. They have to deal with many refinements during the search
that are not relevant with respect to the discrimination task.

A related approach to our system is the system STILL [33]. STILL is a propo-
sitionalisation system [19] which upgrades the attribute-value learning algorithm
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DiVS [31]. DiVS makes use of the extension-against rules of Michalski in the fol-
lowing manner. For each example e (positive and negative) DiVS builds G(e),
the bound G covering e and rejecting all the negative examples with respect
to its class by applying the extension-against rules. Each G(e) votes to classify
unseen examples. The upgrade of DiVS to ILP is done through the use of the
propositionalisation technique in an indeterminate language prior to learning
[40032]: all matchings between a seed example and the examples to reformulate
are computed and rewritten as attribute-value vectors. To avoid the exponential
space requirement of propositionalisation in an indeterminate hypothesis space,
the authors perform a sampling of k vectors in the matching space (k a user-
supplied parameter). As the propositionalisation technique of STILL randomly
selects matchings and is applied before learning, STILL does not benefit from
the TDD strategy that focuses on lggs between the seed examples and the infor-
mative negative examples. As a consequence, STILL mostly extracts irrelevant
vectors for the discrimination task as only the ones corresponding to nearest-miss
lggs are relevant in the case of the TDD strategy (section [2]). Therefore STILL,
being a randomised polynomial-time algorithm, cannot ensure to output a cor-
rect theory with respect to the learning data. However, STILL has been shown
to be successful on the “mutagenesis” dataset (Bz and Bs only, see section [
with some parameters inherited from DiVS.

5 Experiments

The TDD strategy implemented in PROPAL to run the experiments detailed
below is the same as AQ’s presented figure 2l PROPAL conducts a beam search
in the hypothesis space, guided by the Laplace functior]. The default beam
size is fixed to 5. We extended this basic algorithm to handle missing values in
constraint variables (or attributes) with the same technique as AQ’s [23] and
Ripper’s [6]: all tests involving the constraint variable V' are defined to fail on
examples for which the value of V' is missing.

To solve the WCSPs, PROPAL’s implementation of nearest-miss extraction
relies on the state-of-the-art complete algorithm Toolbanf] [8]. We have used in
the experiments the default parameters of Toolbar. However, we set the timer of
Toolbar to 60 seconds to keep computation of a nearest-miss within a reasonable
amount of time. This is usually needed for the one or two last seeds of problems
like “mutagenesis”, that can be quite large compared to the other positive ex-
amples. When the time limit is reached, Toolbar returns the best solution (i.e.,
the most specific negative example) found so far. As shown in [3], this approxi-
mation degrades the heuristic search by increasing the branching factor but still
ensures the correctness of the output theory.

We validate our implementation of the TDD strategy in ILP by comparing
PropraL’s performances with the ILP systems FOIL, PROGOL, STILL and

4 The Laplace function is defined as » iIiQ’ with p and n the number of positive and

negative examples covered by the hypothesis.
® http://carlit.toulouse.inra.fr/cgi-bin /awki.cgi/ToolBarIntro
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TILDE on the “mutagenesis” datasets [36]. The “mutagenesis” dataset used
is regression-friendly with the 4 versions of background knowledge (from Bj to
Bj). We made additional comparisons with the two propositionalisation systems
RSD and RELAGGS, on the “KRK illegal chess position” [25] datasets and
two learning problems extracted from the PKDD99 financial challenge by [20].
The two last problems involve learning to classify bank loans into profitable and
non-profitable loans. For the last three problems, we performed a 10-fold cross-
validation averaged over 10 runs as in [20]. For the “mutagenesis” dataset, we
followed the protocol described in [36].

On the “mutagenesis” datasets, the results for FOIL and PROGOL have been
taken from [36], for TILDE from [4] and for STILL from [33]. On the “KRK
illegal position” and the two tasks from PKDD99, the results are taken from
[20]. When several values of parameters were tried for these systems, we chose
their best results. As noted in [29], this can produce an optimistic bias in favour
of the other algorithms compared to PROPAL, which is run on all datasets with
a standard size of beam of 5. This is the only parameter of PROPAL for now as
we recall that no noise-coping strategy has been implemented.

Table 1. Accuracy in % of learnt theories by PROGOL, FOIL, TILDE, STILL, RSD,
RELAGGS and PROPAL on the “mutagenesis”, “KRK” and “loans” datasets, and time
for PROPAL to output the theories

Bl B2 B3 B4 KRK.illegal Loan (AvB) Loan (ACvBD)

PROGOL 76 81 83 88 n.a. 45.7 n.a.
FOIL - 758 83 86 97.2 - 87.3
TILDE 779 85 86 75.1 - n.a.
STILL - 86.5 888 - - - -

RELAGGS - - - - 72.3 88 94.1
RSD - - - - 76.2 n.a. n.a.
ProprAL 85.5 86.7 88.2 85.1 100 84,4 85,19
Time (s.) 3692 60698 40949 8274 179 117 564

Table [l summarises the results. The symbol “-” indicates that the result is

not available or that the experiments have been done with a different protocol.
The symbol “n.a.” indicates that the learner exhausted the time limit of 2 days
of computation on at least one of the fold as reported in [20].

We can see from table [Il that PROPAL’s performance is competitive with the
state-of-the-art generate-and-test approaches which use sophisticated heuristic
search and pruning techniques. On By, which is the hardest domain for learning
in the “mutagenesis” domain, PROPAL performed as well as the other systems
with Bs, which uses expert attributes; the performance on By, By and Bs are
among the best reported. We see a lower performance on the richest domain
By, where descriptions of higher-level structures that appear in a molecule are
added. This over-fitting may be explained by the large increase in the size of the
hypothesis space, as PROPAL does not restrict the search space beyond the choice
of a seed example, and the fact that no noise-coping strategies are implemented.
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The “KRK” dataset is a good example where the TDD strategy pays off: the
dataset provides a lot of near-misses (the branching factor being often reduced
to 1) and it can be considered noise-free. The result largely improves those of
the propositionalisation systems and of TILDE.

Another example of a good performance of PROPAL is on the “Loan” datasets,
which is advocated in [20] as representative of large datasets where current ILP
systems do not perform well: on “loanAvB”, PROGOL has an accuracy below
50% and RSD cannot solve at least one fold after two days of computation;
on “loanACvDB”, they run out of time, as well as TILDE and only FOIL per-
forms well on it. RELAGGS [20] performs best with 88% and 94.1% respectively.
PROPAL is able to solve the two problems quickly with rather good performance
comparatively.

6 Conclusion

We have studied in this paper the TDD strategy, popularised by the AQ family, in
the context of ILP. We made a link between AQ, Winston’s work on near-misses
and a change of representation of the negative examples through lggs computed
with a seed example. This lgg-based reformulation merges the instance space and
the search space into a simpler learning space, where the learning problem can
be solved algebraically. This formalisation allowed us to propose a simple exten-
sion of the TDD strategy to ILP in languages as expressive as non-recursive Dat-
alog clauses with negation. The TDD strategy offers a theoretical advantage over
generate-and-test systems such as PROGOL, Aleph and MIO, by making it pos-
sible to prune irrelevant branches of the refinement graph by using most relevant
negative examples. The extraction of nearest-miss examples through a lgg-based
reformulation has been formalised as a Weighted CSP, allowing a flexible imple-
mentation of the AQR strategy within PROPAL using a state-of-the-art WCSP
solver, Toolbar. This implementation, which does not include any noise-handling
mechanism, has been shown to be competitive with generate-and-test FOL learn-
ers and propositionalisation systems. However, it is known that data-driven strate-
gies are more prone to noise issues than their generate-and-test counterparts. We
plan to further validate the approach by studying the impact of noise. In particu-
lar, we plan to investigate the works in this domain proposed for the AQ system
[16] and for rule learning [I1]. Secondly, now that the mechanism for extracting
nearest-miss examples has been implemented within Toolbar, we plan study the
impact of various propagation mechanisms and various approximation strategies
on PROPAL’s running time and performance.
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Abstract. Requirements Engineering involves the elicitation of high-
level stakeholder goals and their refinement into operational system re-
quirements. A key difficulty is that stakeholders typically convey their
goals indirectly through intuitive narrative-style scenarios of desirable
and undesirable system behaviour, whereas goal refinement methods usu-
ally require goals to be expressed declaratively using, for instance, a
temporal logic. Currently, the extraction of formal requirements from
scenario-based descriptions is a tedious and error-prone process that
would benefit from automated tool support. We present an ILP method-
ology for inferring requirements from a set of scenarios and an initial but
incomplete requirements specification. The approach is based on trans-
lating the specification and scenarios into an event-based logic program-
ming formalism and using a non-monotonic ILP system to learn a set
of missing event preconditions. The contribution of this paper is a novel
application of ILP to requirements engineering that also demonstrate the
need for non-monotonic learning.

1 Introduction

Requirements Engineering refers to all aspects of the software development life-
cycle concerned with identifying, analysing and documenting stakeholder re-
quirements [2]. Several approaches have been developed to assist Requirements
Engineers in the refinement of high-level goals into operational requirements
[I2/T3] declaratively expressed in a temporal logic [16]. The use of a temporal
formalism enables the deployment of automated analysis and refinement tools,
but is not directly accessible to most stakeholders with a less technical back-
ground. In practice, stakeholders prefer to convey their goals through more in-
tuitive narrative-style scenarios of desirable and undesirable system behaviour
[30]. Because scenarios are inherently partial descriptions that leave require-
ments implicitly defined, it is necessary to synthesise a declarative requirements
specification that admits the desired behaviours while rejecting the undesired
ones. Currently, the extraction of declarative requirements from scenario-based

S. Muggleton, R. Otero, and A. Tamaddoni-Nezhad (Eds.): ILP 2006, LNAI 4455, pp. 64 @ 2007.
© Springer-Verlag Berlin Heidelberg 2007



Extracting Requirements from Scenarios with ILP 65

descriptions is a tedious and error-prone process that relies on the manual efforts
of an experienced engineer and would benefit from automated tool support.

This paper presents an ILP approach for extracting requirements from example
scenarios and a partial requirements specification. Scenarios represent examples
of desirable and undesirable system behaviour over time while the requirements
specification captures our initial but incomplete background knowledge of the en-
visioned system and its environment. The task is to complete the specification by
learning a set of missing requirements that cover all of the desirable scenarios, but
none of the undesirable ones. We show how this task can be naturally represented
as a non-monotonic ILP problem in which the partial requirements specification
provides the background knowledge and the scenarios comprise the positive and
negative examples. In particular, we show how the initial specification and sce-
narios can be translated into an ILP representation based on the Event Calculus
[SUT7]. Because this representation makes essential use of negation in formalising
the effects and non-effects of actions, the resulting learning problem is inherently
non-monotonic. We show that, under the stable model [4] semantics for logic pro-
grams with negation, the stable models of the transformed program correspond to
the temporal models of the original specification. We show that stable models of
the program correspond to the temporal models of the original specification. We
then use a non-monotonic ILP system, called XHAIL [24I25], to generalise the sce-
narios with respect to the initial specification. For the purposes of illustration, we
restrict the language bias of XHAIL so as to compute a specific form of missing
requirements, called event preconditions, which state that a certain event may not
happen under some particular conditions.

The paper is organised as follows. Section 2 presents some background ma-
terial on Linear Temporal Logic (LTL) and the Event Calculus (EC). Section 3
describes the main features of our approach. Section 4 provides an illustrative
case study involving a Mine Pump controller. We conclude with a summary and
remarks about related and future work.

2 Background

Several logic-based formalisms have been used for representing requirements
specifications [BII0I27]. Among these, the Event Calculus (EC) [§] is particu-
larly well suited to logic programming approaches like ILP. Moreover, its explicit
representation of time and domain specific axioms makes EC an ideal formal-
ism for representing and reasoning about a wide class of event-driven systems.
Although EC has been successfully used as a “back-end” computational formal-
ism [27] it is not a mainstream representation because it necessitates familiarity
with logic programming. By contrast, Linear Temporal Logic (LTL) [16] is very
widely used by software engineers for specifying system goals and properties. In
this paper we propose a method for translating between LTL and EC descrip-
tions in order to enable the use of ILP techniques in Requirements Engineering.
In the rest of this section we briefly recall the syntax and semantics of these
formalisms.
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2.1 Linear Temporal Logic

The language of LTL includes a set of propositions P, the Boolean connectives
(=, A, V and —) and the temporal operators O) (next), O (always), ¢ (eventually),
U (strong until) and W (weak until). Well-formed formulae are constructed in the
standard way. We use (—) a to refer to either the atom a or the negation — a
of that atom. Also, we use ()’ to denote i consecutive applications of the ()
operator. We assume P is partitioned into two sets P, and Py denoting event
and fluent propositions, respectively. The truth or falsity of an LTL formulae is
specified relative to a graph-based structure called a Labelled Transition System

(LTS) [15/6].

Definition 1. A labelled transition system (LTS) is a tuple (S, E,—, sg) where
S is a non-empty set of states, E is a non-empty set of events, — C SxExSisa
labelled transition relation, and sq is the initial state. A transition (s, e, s’) € —
from a state s to a new state s’ labelled by e is denoted graphically as s — s'.
A path in an LTS is a sequence of states and transitions, from the initial state,
of the form o = sg =N S1,... where e; € E is said to be at position 7 in o and
s; is said to be the it state in o.

As formalised in Definition 2 below, an LTL model is a pair (T, V') consisting of
an LTS, T, and a valuation function, V', that assigns to each fluent proposition
an arbitrary set of states in paths of T. The events are not specified in V as
their truth is implicitly determined by the transitions in 7T". This is formalised in
Definition [3 which defines the satisfaction of an LTL formula ¢ with respect to
a path o in the LTS T

Definition 2. Given an LTL language with propositions P = P. U Py an LTL
model is a pair (T, V) where T is an LTS with events P. and V is a valuation
function V : Py = 24, where A = {(0,i) | o path in T and i position in o}.

The satisfiability of an LTL formula is defined with respect to positions (or
states) in a given path o. A formula ¢ is said to be true at position ¢ in a path
o, denoted 0,7 |= ¢ iff it is true at the s; state in the path o.

Definition 3. Given an LTL language with propositions P = P. U Py, an LTL
model (T,V) and a path o in T, the satisfaction of an LTL formula ¢ at a
position © > 0 of the path o is defined inductively as follows:

— 0,0 [~ e for any event proposition e € P,

— o0,i E e iff e is at position i (i > 1) in the path o, where e € P,
—o,i = fiff (0,i) € V(f), where f € Py

—oib 6 iff oyi

—oiENYIf oiE ¢ and o,i =

—oiEOVYIf oilE ¢ oroi EY

— 0k O6 iff ai+1E ¢

— i g if V> i) =0

— i O iff =i oo
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—oilEeUYIf Fj>i.ojEY andVi<k<j.o k¢
—oiEo WY iff o,i=0¢ oroyil=¢ Uy

An LTL formula ¢ is said to be satisfied in a path o if it is satisfied at the initial
position, i.e. 0,0 = ¢. Similarly, a set of formulae I" is said to be satisfied in a
path o if each formula ¥ € I' is satisfied in the path o.

Definition 4. Let I' be a set of LTL formulae and ¢ be an LTL formula. Let
M = (T,V) be an LTL model. The formula ¢ is said to be entailed by I" under
M, written I' Epr ¢, iff ¢ is satisfied in each path o of T that satisfies .

2.2 Event Calculus

The Event Calculus (EC) is a widely-used logic programming formalism for
reasoning about actions and time [29]. The standard definition of an EC language
includes three sorts of terms: event terms, fluent terms, and time terms. The
latter are represented by the non-negative integers 0, 1,2, ..., while the events
and fluents are chosen according to the domain being modelled. In this paper, we
assume an additional sort representing scenarios. The EC ontology includes the
basic predicates happens, initiates, terminates and holdsAt. The atomic formula
happens(e, t, s) indicates that event e occurs at time-point ¢ in a given scenario
s, while initiates(e, f,t,s) (resp. terminates(a, f,t,s)) means that, in a given
scenario s, if event e were to occur at time ¢, it would cause fluent f to be true
(resp. false) immediately afterwards. The predicate holdsAt(f,t, s) indicates that
fluent f is true at time-point ¢ in a given scenario s. The formalism also includes
an auxiliary predicate clipped(ty, f,t2, s) which means that, in a given scenario s,
an event occurs which terminates f between times ¢; and ¢5. Events correspond
to actions which can be performed, while fluents correspond to time-varying
Boolean properties. The interactions between the EC predicates are governed
by a set of domain-independent core axioms shown belowll.

clipped(Ty, F, Ts, S) < happens(E, T, S),

terminates(E, F,T,S), Ty <T < Tb. (1)

holdsAt(F, Ty, S) «— happens(E,T1, S), initiates(E, F, Ty, S), @)
Ty < Ty, not clipped(Ty, F, T5, S).

holdsAt(F, T, S)«—initially(F, S), not clipped(0, F,T,S). (3)

happens(E, T, S) «—attempt(E, T, S), not impossible(E, T, S). (4)

These axioms formalise the commonsense law of inertia which states that, in
any scenario S, a fluent that has been initiated by an event occurrence continues

! The EC axioms used here are identical to those in [I7] apart from the extra argu-
ment S for representing scenarios and the predicate impossible for capturing pre-
conditions.
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to hold until a terminating event occurs and vice versa. To allow the representa-
tion of preconditions, we say that an event E happens at a time point 7T if it is
attempted and is not impossibleﬁ. Information about which events affect which
fluents is provided by domain-dependent axioms for the predicates initiates and
terminates, together with information about which fluents are initially true and
which events are attempted in given system behaviours.

EC theories are normal logic programs - i.e. a set of clauses of the form
A« By,...,B,, not Cy,...,not C,, where A is the head atom, B; are posi-
tive body literals, and not C; are negative body literals. Their semantics is given
by the standard stable model semantics [4]. In general, a model I of a program IT
is a set of ground atoms such that, for each ground instance G of a clause in I7,
I satisfies the head of G whenever it satisfies the body. A model I is minimal
if it does not strictly include any other model. Definite programs (i.e. programs
with no negative body literals) always have a unique minimal model. Normal
programs may have instead one, none, or several minimal models. It is usual to
identify a certain subset of these models, called stable models, as the possible
meanings of the program. Given a normal program II, the definite program IT7
is the program obtained from the ground instances of II by removing all clauses
with a negative literal that is not satisfied in /I and removing negative literals
from the remaining clauses. Clearly II7 is a definite logic program and as such
has a unique minimal (Herbrand) model Mygr. A model I of a program I is
stable if it is equal to Mpr.

Definition 5. A model I of IT is a stable model if I = Myr where IT' is the
definite program II' = {A « By,...,B, | A« By,..., By, not Cy,...,not Cp,
is the ground instance of a clause in II and I does not satisfy any of the C;}.

3 The Approach

In this section we show how ILP can be used to extend an incomplete require-
ments specification using information from given scenarios. We formalise the
learning problem in terms of LTL specifications and scenarios, and show how
these can be soundly translated into a non-monotonic ILP problem using an EC
formalisation to extend the specification in order to cover the given scenarios.

3.1 Problem Description

Our aim is to develop an approach for extending an incomplete requirements
specification with a particular type of requirement called event preconditions
by using information inferred from desirable and undesirable user scenarios. In
order to formalise this task we need to state precisely what we mean by a re-
quirements specification and by a desirable or undesirable scenario and we need

2 Alternative formalisations of event preconditions have been proposed in EC [I7]. The
one adopted here captures the intuition that impossible(E, T, S) means the event E
could not actually occur at time point 7'.
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to define what it means for a specification to cover a set of such scenarios. To
do this, we assume an LTL language with fluents Py and events P, in which
each fluent f € Py is associated with two disjoint sets I; and T of initiating
and terminating events e € P,. For convenience we use the notation E{ to rep-
resent the disjunction \/eeIf e of f-initiating events, and E% for the disjunction
Veer, € of f-terminating events. We also use the notation Sy to represent the
set off fluents f € Py that are true in the initial system state so. We now define
requirements specifications and scenarios as LTL theories containing formulae of
the forms defined below.

As formalised in Definition [l a requirements specification consists of a set
of initial state axzioms (Q0) stating which fluents are initially true and false;
persistence azioms ([[ff]) formalising the commonsense law of inertia that any
fluent will remain true (resp. false) until a terminating (resp. initiating) event
occurs that causes it to flip state; change axioms ([@UIT), stating that, for any
fluent f € Py, the occurrence of any initiating (resp. terminating) event will
cause f to become true (resp. false); and a set of event precondition axioms (1))
which disallow any models that include transitions of the form s, — Sg1 for
any state s; that satisfies a certain conjunction of fluent literals A, (=) fi.

Definition 6. A requirements specification is an LTL theory consisting of

— two initial state axioms

/\fiESO fi (5)
Y (6)

— two persistence axioms for each fluent f € Py
O(f — f WEY) (7)
O(—f — ~f WE]) (8)

— two change axioms for each fluent f € Py

OB — f) 9)
OB, — —f) (10)

a set of event precondition axioms of the form

D(/\ogign(ﬁ)fi — Ome) (11)

As formalised below, a scenario is a formula stating a sequence of occurrences
of events (e1,...,em).

Definition 7. A scenario is an LTL formula of the form

/\1§¢§m Oiei (12)
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Note that the definition above assumes one event to be true per point position.
A desirable scenario is a scenario that may occur while an undesirable scenario
is a sequence of events that should never occur.

Using Definition [, we can now formalise our learning task. Given an initial
specification Spec together with a set of undesirable scenarios Und and desirable
scenarios Des, our aim is to learn a set of event precondition axioms Pre that,
when added to Spec, entails the negation of each undesirable scenario and is
consistent with each desirable scenario. As formalised in Definition [8] the first
condition states that, in any model of Spec U Pre, there is no path which
produces any undesirable scenario in Und, while the second condition states
that, in any model of Spec U Pre, there is always a path corresponding to each
desirable scenario in Des. Any set of event precondition axioms that satisfy these
two properties is said be a correct extension of a requirements specification with
respect to the given scenarios.

Definition 8. Let Spec be a requirements specification, Des be a set of desirable
scenarios, and Und be a set of undesirable scenarios. A set Pre of event precon-
dition azioms is a correct extension of Spec with respect to Des and Und iff

e SpecU Pre =y =P,  for each undesirable scenario P, € Und
e SpecU Pre ey =Py, for each desirable scenario Py € Des

3.2 Translating LTL into EC

To apply ILP to the task of learning correct extensions, a methodology is now
defined for translating LTL specifications and scenarios of the form defined above
into EC normal logic programs. The EC language is obtained very simply from
the LTL formulae: one fluent (resp. event) term is introduced to represent each
fluent f (resp. event e) in Py (resp. P.); time points are represented by the non-
negative integers 0, 1, 2, ...; one scenario term is introduced to represent each
desirable (resp. undesirable) scenario P; € Des (resp. P, € Und). Relative to
this language, the EC translation of a requirements specification is defined as
follows.

Definition 9. Let Spec be a requirements specification. The EC translation
T(Spec) of Spec is the EC program II constructed as follows:

— add to II one fact initially(f;, S) for each fluent f; in an initial state aziom
of the form N\ s, fi-

— add to II one fact initiates(e, f,T,S) for each f-initiating event e € E{ n
a change aziom of the form D(E{ — f).

— add to II one fact terminates(e, f,T,S) for each f-terminating event e € E%:
in a change axiom of the form D(E{« — =f).



Extracting Requirements from Scenarios with ILP 71

— add to II one rule impossible(e, T, S) «— Ny<;<p(not)holdsAt(f;,T,S) for
each event precondition axiom of the form O(N\<;<).(2) fi — Oe).

Note that the negative initial state axiom (B) and the persistence axioms ()
and (8) are all implicitly captured by stable model interpretation of the EC core
axioms (which are incorporated into the translation of scenarios in Definition
below). Note also that the effect of the temporal operator [J is captured by
implicit universal quantification on the time variable T' appearing in the initiates
and terminates facts. As shown in Theorem[I] the translation 7 is sound in the
sense that for any path ¢ in any model of Spec there is a corresponding narrative
of events Nar such that the program IT = 7(Spec) U Nar has a stable model
that satisfies the same fluent and event formulae as o.

Theorem 1. Let Spec be a requirements specification with LTL model (T, V')
such that any path in T satisfies Spec at position 0. Let o be a path in T of
the form sg =N S1yeeySp_1 N Sn, and let Nar be the set of facts of the
form attempt(e;,i — 1,0) for each event e; in . Let II be the EC logic program
IT = 7(Spec) U Nar with stable model I. Then, for any fluent f and position
i, we have 0,1 |= [ iff holdsAt(f,i,0) is true in I; and, for any event e and
position i, we have 0,1 = e iff happens(e,i — 1,0) is true in I.

The function 7 translates an LTL requirements specification into an ILP theory.
It now remains to specify a corresponding translation from scenarios to ILP
examples. As formalised in Definition [0l below, scenarios contribute facts to the
background theory as well as to the examples. Specifically, each scenario produces
a set of example literals of the form (not)happens(e,t, s) and a set of background
facts of the form attempt(e,t,s). The translation of the undesirable scenarios
depends on the event for which the precondition axiom is to be learned. In what
follows, it is assumed that preconditions are to be learned for the last event
of each undesirable scenario. Consequently, each undesirable scenario produces
a sequence of facts stating that certain events do happen followed by one fact
stating that some particular event does not happen immediately afterward. Each
desirable scenario simply states that a certain sequence of events does happen.

Definition 10. Let Spec be a requirements specification, and Des and Und
be sets of desirable and undesirable scenarios respectively. The EC translation
T(Spec, Des,Und) is the pair (B, E) of EC programs constructed as follows:

— for each undesirable scenario P, = /\1<i<n Ote; in Und
e add to E n—1 facts happens(e;,i — 1,u) with 1 <i<n
e add to E 1 fact not happens(en,n — 1,u)
e add to B n facts attempts(e;,i — 1,u) with 1 <i<mn
— for each desirable scenario Py = N\, O'e; in Des
e add to E m facts happens(e;,i — 1,d) with 1 <i <m
e add to B m facts attempts(e;,i — 1,u) with 1 <i<m
— add to B all of the facts and rules in T(Spec)
— add to B the 4 EC core axioms (1)-(4).
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3.3 Computation of Event Precondition Axioms Using XHAIL

Given an initial specification Spec and sets of desirable and undesirable scenarios
Des and Und, the translation 7 defined above can be used to generate a normal
ILP theory B and examples E (such that 7(Spec, Des,Und) = (B, E)). For any
set Pre of event precondition axioms, 7 can also be used to generate a set H of
normal clauses of the form (I3 below (such that 7(Pre) = H).

impossible(e, T, S) «— /\ (not) holdsAt(f;,T,S) (13)

0<j<n

Moreover, it follows from Theorem[I] that Pre is a correct extension of Spec with
respect to Des and Und iff BUH = E under the stable model view of =. Hence,
the task of computing correct extensions can be reduced to a non-monotonic ILP
problem in the sense of [28] where the hypothesis space is the set of all clauses
of the form (I3) above.

The computation of such preconditions is performed by the non-monotonic
ILP system XHAIL [25], which uses an abductive engine to implement a three-
phase Hybrid Abductive Inductive Learning (HAIL) approach [24]. This ap-
proach is based on constructing and generalising a preliminary ground hypothe-
sis K, called a Kernel Set of B and E, which can be regarded as a non-monotonic
multi-clause generalisation of the well-known Bottom Set concept used in sev-
eral Progol-based ILP systems [20]. As in these monotonic ILP systems, the
construction of the Kernel Set is heavily guided by language and search bias,
and its main purpose is to bound the ILP hypothesis space.

The XHAIL language and search bias mechanisms are based upon the tried-
and-tested notions of mode declarations and compression as used for example
in Progol [20]. Intuitively, the compression heuristic favours the inference of
theories containing the fewest number of literals and is motivated by the scientific
principle of Ocam’s razer (which roughly speaking, means choose the simplest
hypothesis that fits the data). Mode declarations on the other hand provide a
convenient mechanism for specifying which predicates may appear in the heads
and bodies of hypothesis clauses and for controlling the placement and linking
of constants and variables within those clauses [20].

As formalised in [20] mode declarations are of two types head and body dec-
larations. To learn formulae of the form (I3]) above, one head mode declaration
is needed modeh(x, impossible(#event, +time, +scenario)) to allow atoms of
the form impossible(e,T,S) to appear in the heads of H. Two body mode dec-
larations are also needed, modeb(x, holdsAt(# fluent, +time, +scenario)) and
modeb(x, not holds At(# fluent, +time, +scenario)), to allow literals of the form
holdsAt(f,T,S) and not holdsAt(f,T,S) to appear in the bodies of H. The sym-
bols #,+, — are called placemarkers and are replaced by constants, input and
output variables, respectively.

As explained in [25], the hypothesis H is computed in three stages: first the
head atoms A of the Kernel Set K are obtained abductively, then the body
literals of K are obtained by deduction, and finally K is inductively generalised
to give H. To exploit a close correspondence between negation and abduction,
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XHAIL performs all three phases by translating them into an Abductive Logic
Programming (ALP) [7] formalism and using an efficient extension [26] of the
Kakas-Mancarella proof procedure [7] to solve each subproblem in turn.

The first phase of the XHAIL proof procedure returns a minimal set of ground
atoms A that entail all of the examples E when added to the theory B. This
done by simply querying the examples E against the theory B. The abducible
atoms are defined as the well-typed ground instances of any head declarations.
To avoid any unsoundness caused by the non-monotonicity of the EC axioms,
an incremental cover set approach is not used; instead XHAIL generalises all of
the examples at once.

The second phase of the procedure computes a ground Kernel Set K of B
and E by making each abduced atom « € A into the head of a clause and
saturating it with a set of ground body literals entailed by B. This is done
using a non-monotonic generalisation of the Progol saturation procedure [20]. In
order to compute the deductive consequences of B, XHAIL employs the Eshgi-
Kowalski transformation for implementing negation through abduction [3]. In
effect, negative literals not(a) are treated as positive abducibles a* subject to
the implicit integrity constraints a — —a* and a* — —a.

The third phase, returns a hypothesis H that subsumes K and entails £ with
respect to B. Two transforms prepare the ALP system for this task. First, all
input and output terms in K are replaced by variables. Then, each body literal X}
at position i in the j-th clause of K is replaced by the atom try(i, j, [ X1, ..., Xi]),
where Xi,..., X} are the variables added to that clause, and the two clauses
try(i, j, [ X1, ..., Xi]) < not(use(i,j)) and try(i, j, [X1, ..., Xg]) < use(i, j), X!
are added to K. Applying an ALP procedure to the resulting theory BU K with
goal E and abducible use/2 gives a set of atoms S = A use(i, j) indicating which
literals ] should be kept in H.

Soundness of XHAIL with respect to the stable model semantics follows from
the soundness of the Kakas-Mancarella ALP procedure and the fact that H
is equivalent to the theory K U S computed in the inductive phase of the
XHAIL procedure and which, by definition, entails the examples. Strictly speak-
ing, XHAIL implements the partial stable model semantics, but since the EC
programs generated by 7 are catego