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Preface

This year marks the 25th anniversary of the Annual German Conference on
Artificial Intelligence. When starting in 1975 as the German Workshop on Al
(GWAI) in Bonn, the meetings were primarily intended as a forum for the Ger-
man Al community and thus, over the years, also reflected the development of Al
research in Germany. Right from the beginning, the goal of the meetings has been
to bring together Al researchers working in academia and industry to share their
research results and interests in the field of artificial intelligence. In 1993, the
name of the meeting changed to its current form Annual German Conference on
Artificial Intelligence, or KI for short. Since KI-94 in Saarbriicken presentations
have been in English and the proceedings have been published in the Springer
LNATI Series. With that the meeting has become a truly international event, and
still is in 2002.

This volume contains the proceedings of the 25th Annual German Conference
on Artificial Intelligence. For the technical program we had 58 submissions from
17 countries and from all continents except Australia. Out of these contributions
slightly less than 30% (20 papers in total) were selected for presentation at the
conference and for inclusion in the proceedings.

The contributions in this volume reflect the richness and diversity of artificial
intelligence research. They cover important areas such as multi-agent systems,
machine learning, natural language processing, constraint reasoning, knowledge
representation, planning, and temporal reasoning. The paper

“On the problem of computing small representations of least common
subsumers” by Franz Baader and Anni-Yasmin Turhan (Dresden Uni-
versity of Technology)

stood out for its exceptional quality and the program committee selected it
for the Springer Best Paper Award. Congratulations to the authors for their
excellent contribution.

In addition to the technical papers, this volume contains the abstracts of the
three invited presentations of the conference:

— Elisabeth André (University of Augsburg): From Simulated Dialogues to In-
teractive Performances with Virtual Actors.

— Michael Wooldridge (University of Liverpool): Time, Knowledge, and Coop-
eration: Alternating-Time Temporal Epistemic Logic and Its Applications.

— Dieter Fensel (Vrije Universiteit Amsterdam): Semantic Web Enabled Web
Services.
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Lastly, the volume features summaries of the three DFG Priority Programs
on agent technology, also presented at the conference. These, together with their
respective speakers, are:

— Thomas Malsch (Hamburg-Harburg University of Technology): Socionics

— Stefan Kirn (Ilmenau University of Technology): Intelligent Agents and Re-
alistic Commercial Application Scenarios

— Thomas Christaller (Fraunhofer AIS): Cooperating Teams of Mobile Robots
in Dynamic Environments

A large number of people were involved in making this conference a success.
As for the technical program, we thank all those authors who submitted papers to
the conference and provided the basis from which we could select a high-quality
technical program. The members of the program committee and the additional
reviewers helped us in this process by providing timely, qualified reviews and
participating in the discussion during the paper selection process. Many thanks
to all of you!

We are very grateful to Gerhard Weiss, who served as the Workshop Chair,
and Andreas Becks, who served as the Local Arrangements Chair. The Orga-
nizing Committee Members took care of the many important details that are
needed to make a conference work and that require so much effort and time.
Besides Andreas Becks we thank Frank Dylla, Alexander Ferrein, Giinter Gans,
and Irene Wicke. Glinter Gans deserves a special mention for wrestling with the
ConfMan system and for formatting this volume. We hope you will enjoy its
contents!

July 2002 Matthias Jarke, Jana Koehler, and Gerhard Lakemeyer.
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LIGHT — A Constraint Language and Compiler
System for Typed-Unification Grammars

L. Ciortuz

CS Department, University of York, UK
ciortuz@cs.york.ac.uk

Abstract. This work presents LIGHT, a feature constraint language for
deduction-based bottom-up parsing with typed-unification grammars.
We overview both its formal definition, as a logic language operating
bottom-up inferences over OSF-terms, and its implementation — an el-
egant combination of a virtual machine for head-corner parsing and an
extended abstract machine for feature structure unification.

1 Introduction

Interest in (typed) unification grammars for Natural Language Processing can
be traced back to the seminal work on the PATR-II system [32]. Since then,
the logics of feature constraints were studied and became well-understood [36]
7], and different types of unification-based grammar formalisms were developed
by the Computational Linguistics community — most notably Lexical Functional
Grammars (LFG, [19]), Head-driven Phrase Structure Grammars (HPSG, [31])
and Categorial (unification) Grammars [39]. More recently large-scale implemen-
tations for such grammars were devised.

So are for instance the HPSG for English [17] developed at Stanford (called
LinGO), two HPSGs for Japanese developed at Tokyo University [24], and re-
spectively at DFKI-Saarbriicken, Germany [34], and the HPSG for German,
developed also at DFKI [26]. LFG large-scale grammars were developed by Xe-
rox Corp., but they are not publicly available.

The last years witnessed important advances in the elaboration of techniques
for efficient unification and parsing with such grammars [29/30]. The work here
presented was part of this international, concerted effort.

The LIGHT language is the only one apart TDL [22] — which proved too
much expressive, and therefore less efficient — to be formally proposed for (the
systems processing) large-scale LinGO-like grammars. TDL was implemented by
the PAGE platform at DFKI — Saarbriicken and the LKB system [16] at CSLI,
University of Stanford. They are both interpreters, written in Lisp. LIGHT may
be seen as redefining implementing the subset of TDL used in the current versions
of LinGO. The LIGHT compiler is one of the (only) two compilers running LinGO,
the large-scale HPSG grammar for English. (The other compiler running LinGO
is LiLFeS [25]. It basically extends the Prolog unification mechanism to typed
feature structures.)

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 3-[I1, 2002.
© Springer-Verlag Berlin Heidelberg 2002



4 L. Ciortuz

There are already a number of papers published about different unification
or parsing issues involved in the LIGHT system: [9I1315l14/12]. However, none
of them gave until now a thorough overview of the LIGHT language and system.
Besides, we consider that the possibilities for improving the LIGHT system’s
implementation are far from exhaustion. This is why we found appropriate to
publish this overview work about LIGHT.

LIGHT has a fairly elegant logic design in the framework of OSF-logic [4].
The LIGHT name is an acronym for Logic, Inheritance, Grammars, Heads, and
Typesﬂ Distinctive from the other systems processing LinGO-like grammars,
LIGHT uses OSF-theory unification [5] on order- and type-consistent theories.
This class of OSF-logic theories extends well-typed systems of feature struc-
tures [7], the framework of the other systems processing LinGO. Deduction
in LIGHT is the head-corner generalisation [20J35] of bottom-up chart-based
parsing-oriented deduction [33]%

LIGHT is implemented in C and compiles the input grammar into C code.
The implementation is based on a unique combination of an abstract machine for
OSF-theory unification — which extends the AM for OSF-term unification [3][9]
— and a virtual machine for active bottom-up chart-based parsing [TT/T4]. The
interface between the two machines is structure sharing-oriented. LIGHT uses
compiled Quick-Ckeck to speed-up unification [I523], and a learning module to
reduce the size (i.e., the number of constraints) in the rule feature structures [12].

Concerning the organisation of this paper, Sect. [2] presents the logical back-
ground of order- and type-consistent OSF-theories, Sect. Bl introduces the for-
mal specifications of the LIGHT language, exemplifying the main notions with
excerpts from an HPSG-like typed-unification grammar, and Sect. @ overviews
the implementation of the LIGHT compiler and parsing system.

2 LIGHT Logical Background: Order- and Type-Consistent
OSF-Theories

Ait-Kaci, Podelski and Goldstein have introduced in [B] the notion of OSF-
theory unification which generalise both OSF-term (¢-term) unification and
well-formed typed feature structure unification [7]. The class of order- and type-
consistent OSF-theories introduced in this section extends that of systems of
well-formed typed feature structures, henceforth called well-typed feature struc-
tures. Systems of well-typed feature structures will correspond in fact to order-

! The analogy with the name of LIFE — Logic, Inheritance, Functions and Equalities
— a well-known constraint logic language based on the OSF constraint system [4] is
evident.

2 For non-lexicalized typed-unification grammars, top-down inferences can be conve-
niently defined, and in this case LIGHT would be seen as a particular CLP(OSF)
language. (For the CLP schema see [18].) It is in fact in this way that LIGHT was
first implemented, before it was converted to parsing with large-scale lexicalized
unification grammars.
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and type-consistent OSF-theories satisfying a set of appropriateness constraints
concerning every feature’s value and domain of definition.

The advantage of generalising (and subsequently simplifying) the logical
framework of typed-unification grammars (from well-typed FSs) to order- and
type-consistent OSF-theories is reflected on LIGHT’s implementation side by the
reduction of the expanded form of LinGO with 42%, and the improving of the
average parsing time for the sentences in the csli test-suite with 20% 3

Let S be a set of symbols called sorts, F a set of features, and < a com-
putable partial order relation on §. We assume that < S, <> is a lower semi-
lattice, meaning that, for any s,s’ € S there is a unique greatest lower bound
glb(s,s’) in S. This glb is denoted s A s’. In the sequel, the notions of sort
constraint, feature constraint and equality constraint, OSF-term (or i-term, or
feature structure/FS, or OSF normalised clause) over the sort signature X are
like in the OSF constraint logic theory [5]. The same is true for unfolding an
OSF-term, and also for subsumption (denoted as C), and unification of two
1p-terms.

Some notations to be used in the sequel: root(v)) and .f denote the sort
of the root node in the term 1, and respectively the value of the feature f at
the root level in 1. The reflexive and transitive closure of the relation < will be
denoted as <.

Form(¢, X), the logical form associated to an OSF-term ¢ of the form
s[f1 = U1,y fro = Un] is 3X1. 33X, (X f1 = Form(y, X1) A oo A Xof =
Form(¢,, X)) < X : s), where < denotes logical implication, and X, X1, ..., X,
belong to a countable infinite set V.

An OSF-theory is a set of OSF-terms {¥(s)}scs such that root(¥(s)) = s,
and for any s,t € S, if s / #then ¥(s) and ¥(t) have no common variables.
The term ¥(s) will be called the s-sorted type, or simply the s type of the given
OSF-theory. A model of the theory {¥(s)}scs is a logical interpretation in which
every Form(¥(s), X) is valid.

The notion of OSF-term unification is naturally generalised to OSF-theory
unification: 11 and 1y unify w.r.t. the theory {¥(s)}ses if there is ¢ such that
¥ C 1,19 C 4hg, and {¥(s)}ses entails ¥, i.e., Form (i, X) is valid in any model
of the given theory.

Ezxample 1. Let us consider a sort signature in which b A ¢ = d, and the symbol
+ is a subsort of bool, and the OSF-terms )1 = a] FEAT1 — b ], 12 = a] FEAT1
— ¢[ FEAT2 — bool ] ]. The glb of 91 and 2 — i.e., their OSF-term unification
result — will be ¢35 = a] FEAT1 — d[ FEAT2 — bool ] ]. Taking ¥(d) = d[ FEAT2
— + |, the glb of ¢, and 1 relative to the {¥(d)} OSF-theory — i.e., their
OSF-theory unification result — will be 14 = a] FEAT1 — d[ FEAT2 — + ] |.

Now we can formalise the link towards well-typed feature structures:
As defined in [5], an OSF-theory {¥(s)}secs is order-consistent if ¥(s) C ¥ (t)
for any s < t. We say that an OSF-theory is type-consistent if for any non-atomic

3 These numbers were (computed after data) obtained and published by U. Callmeier,
a former contributor to the LIGHT project [6].
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subterm v of a ¥(t), if the root sort of ¥ is s, then ¢ C ¥(s). A term is said to
be non-atomic (or: framed) if it contains at least one feature.

A well-typed OSF-theory is an order-consistent theory in which the following
conditions are satisfied for any s,t € S:

i. if f € Arity(s) Nf € Arity(t), then
Ju € S, such that s < u,t < wand f € Arity(u);
it. for every subterm 1 in ¥(t), such that root(y)) = s,
if a feature f is defined for ¢, then f € Arity(s), and ¢.f C ¥(root(s.f)),

where Arity(s) is the set of features defined at the root level in the term ¥(s).
An OSF-term v satisfying the condition i from above is (said) well-typed w.r.t.
the OSF theory {¥(s)}ses.

Notes:

1. The condition 7 implies that for every f € F there is at most one sort s
such that f is defined for s but undefined for all its supersorts. This sort will
be denoted Intro(f), and will be called the appropriate domain on the feature
f. Also, root(¥(s).f), if defined, will be denoted Approp(f,s), and will be called
the appropriate value on the feature f for the sort s. Approp(f, Intro(f)) is the
maximal appropriate value for f A The appropriate domain and values for all
features f € F define the “canonical” appropriateness constraints for a well-
typed OSF-theory.

2. As a well-typed OSF-theory is (by definition) order-consistent, it implies
that Arity(s) 2 Arity(t), and Approp(f,s) = Approp(f,t) for every s < t;

3. A stronger version for the condition i¢ would be: the feature f is defined
(at the root level) for v iff f € Arity(s), and ¥.f C ¥(s.f). In the latter case,
the theory is said to be totally well-typed.

For well-typed OSF theories {¥(s)}ses, the notion of OSF-unification ex-
tends naturally to well-typed OSF-unification. The well-typed glb of two feature
structures v and 19 is the most general (w.r.t. C) well-typed feature structure
subsumed by both 7 and ». The well-typed glb of two feature structures is
subsumed by the glb of those feature structures.

To summarise:

The first difference between the class of order- and type-consistent OSF-
theories and the class of well-typed OSF-theories concerns the subsumption con-
dition — limited to non-atomic substructures v: if root(¢)) = s, then ¢ C ¥(s).
For instance, if a[F — cons] is type-consistent, its well-typed correspondent is
a[F — cons[FIRST — top, REST — list]].

This (more relaxed) condition has been proved to be beneficial for LinGO-
like grammars [6], since it lead to a both significant reduction of the expanded

4 1If the lub (least upper bound) of any two sorts exists and is unique, our current
implementation of LIGHT uses a weaker version for the condition 4: if f € Arity(s)
A f € Arity(t), and =3u € S such that s < u, t < v and f € Arity(u) then
AppropDom(f) = lub(s,t), and AppropVal(f) = lub(root(s.f), root(t.f)).



LIGHT — A Constraint Language and Compiler System 7

Approp(a, s) =
s’ <s
Attribute unique introduction: Vf € F,3*s € S and t.f 1 for any t € S, s < t.

. . t
Attribute subtyping: then Approp(a,s’) =t , and t' < t.

1 is a subtype in ¥,

Type (strict-)consistency: root (1)) = s } then ¢ C ¥(s).

Fig. 1. The type discipline in well-typed unification grammars

Order consistency: s < s then ¥(s') C ¥(s).

. . ) o i
Type consistency: {i;& ;l()_nsatomzc subtype in ¥, } then v C (s).

Fig. 2. The type/FS discipline in order- and typed-consistent grammars

size of the grammar and the parsing time (due to reduction of copying and
other structure manipulation operations), without needing a stronger notion of
unification.

The second main difference between order- and type-consistent OSF-theories
on one side, and well-typed OSF-theories on the other side is related to appro-
priate features: well-typed theories do not allow a subterm 1 of root sort s to
use features not defined at the root level in the corresponding type ¥(s).

For instance, if 95 = a] FEAT1 — d[ FEAT2 — +, FEAT3 — bool | ], then
the OSF-theory glb of 15 and 5 will be defined (and equal to v5), while their
well-typed glb relative to the same theory does not exist, simply because 5 is
not well-typed w.r.t. ¥(d), due to the non-appropriate feature FEAT3.

Therefore, LIGHT will allow the grammar writer more freedom. The source of
this freedom resides in the openness of OSF-terms. Also, at the implementation
level, LIGHT works with free-order registration of features inside feature frames [

Just to get a comparative overview on 1. well-typed unification grammars [7]
versus 2. order-and type-consistent OSF-theories/grammars, we synthesise the
definitions for 1. the appropriateness constraints in Fig. [T, and respectively 2.
the order- and type-consistency notions in Fig. 2l It is obvious that our approach
is simpler than introduced in [7].

A procedure — called expansion — for automate transformation of an OSF-
theory into an order- and type-consistent one was presented in [I3]. This proce-

5 The AMALIA and LiLFeS abstract machines for unification of well-typed FS work
with closed records and fixed feature order for a given type. Recent work by Callmeier
has -shown that fix-order feature storing does not lead to improvement of the parse
performance on LinGO.
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dure also computes the “canonical” set of appropriate constraints associated to
the expanded theory. OSF-theory unification for an order- and type-consistent
theory is well-formed with respect to this canonical set of appropriate con-
straints. With respect to the canonical appropriateness constraints induced for
an order- and type-consistent OSF-theory (in particular, for LinGO), well-typed
feature structure unification coincides with OSF-theory unification.

3 Formal Introduction to LIGHT

3.1 Constraint Logic Definitions

A LIGHT logic grammar will be defined as a particular order- and type-consistent
OSF-theory. (For an introduction to logic grammars see [I].)

Let < §,F,< > be a sort signature, with S containing several “reserved”
sorts, namely top, sign, rule-sign, lexical-sign and start, and F the “reserved”
features STEM and ARGS. The sorts rule-sign and lexical-sign — both being de-
scendants of sign — are disjunct, while start is a descendant of rule-sign. S is
assumed a lower semi-lattice w.r.t. <.

— A LIGHT Horn clause, denoted g :— 1 g ... ¥, (n > 0), corresponds
to the logical formula 9(1% — 1 Ao A ... ANy, where ¢4 =0,1,2,...,n
are i-terms, root(vgy) =< rule-sign, and root(1);) =< rule-sign or root(1);) <
lexical-sign for i = 1,2, ...,n. (Remark the absence of predicate symbols.)

— A LIGHT rule is a LIGHT Horn clause with root(1)y) a leaf node in the sort
hierarchy (S, -<)E (The STEM feature in rules’ definition is related to the
consumed input sentence.)

Remark: Any LIGHT rule can be written as a single i-term, if we denote the
right hand side (RHS) arguments as a list value of the (reserved) feature ARGS.
Anywhere we refer to a rule as an OSF-term, we assume this understanding.

— A LIGHT logic grammar is an order- and type-consistent OSF-theory con-
taining a non-empty set of LIGHT rules. (In practice we require in fact that
all leaf rule-sign-descendants types be LIGHT rules.)

3.2 Parsing-Oriented Derivation Specific Definitions

For bottom-up chart-based parsing, [33] and [35] propose two derivation rules:
scan and complete. Head-corner parsing [35] distinguishes between left- and right-
scan and respectively complete, and adds a new derivation rule, head-corner. At
one rule’s application, unification with the head-corner argument, designated
by the grammar writer, is tried before the other arguments are treated. This
“head” argument is the most important one, because it is usually critical for the

6 For the moment, the LIGHT language is not designed to deal with so-called e-rules,
i.e., rules whose right hand side (RHS) is empty.
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application of the whole rule, i.e., statistically speaking, it is most probable to
produce unification failure. It is worth to note that in a (order-)sorted framework,
the distinction between terminal and non-terminal symbols is erased, since either
a terminal or a non-terminal may occupy a same slot in the ARGS list of a rule.
In conclusion, in the LIGHT setup, head-corner bottom-up chart-based parsing
is achieved via two deduction rules: head-corner and (left- and right-) complete[7]

Lexical Analysis:

Let < wiwsy ... w, > be an input (word) sequence. If ¢ is a leaf lexical-
sign-descendant in the grammar G such that ¥.STEM = < w;w;41 ... w; >, with
1 <i < j < n, then the quadruple (¢,v’',i—1,j), where ¢’ is obtained from
by renaming all its variables with new variables, is a lexical item. Here, € is the
empty set (of atomic OSF-constraints). Any lexical item is a passive item.

In LinGO, the lexical analysis is slightly more elaborated: a lexical-rule, which
is a leaf descendant of the lexical-rule sort (disjunct from rule-sign) may be
applied during the morphological analysis to a leaf lezical-sign-descendant. The
resulting feature structure takes the role of the above ¢’.

Syntactic Analysis:

Head-Corner: If (o,1,4,j) is a passive item, g : — ¥1 ... ¥, is a newly
renamed instance of a rule in G, and )y, is the head/key argument of this rule
(1 < k < r), then if there is a glb ¢ of ¥y and ¥, (1 < k < r) with 7 the
subsumption substitution of ¥y, into ¢ = glb(¢y, ¥), i.e., 71, = glb(vk, 1), then
(to,40 i— Y1 oo e oo Ppy4,7) s an item. It is an active item if r > 1, and a
passive item if » = 1. The compositions 7o and o1 must be interpreted simply
as a conjunction/union of the formulae/sets of atomic OSF-constraints 7 and o,
respectively o and .

Right Complete: If (0,10 :— Y1 ... Yp ... Yq. ... ¥y, 4, j) is an active item, with
g < r, and there is a passive item, either a lexical (7,1, j, k) or a non-lexical one
(1,9 — ] ... L, 4, k), assuming that glb(71, 09441) exists, and v is the corre-
sponding subsumption substitution, then (vo, g :— Y1 ... Yy ... Ygg1. ... Yp, 0, k)
is an item, namely a passive one if p = 1 and ¢ + 1 = r, respectively an active
one, otherwise.

Left Complete: Similar to the above definition, except that the active item
is leftward “open”. If (0,90 :— Y1 ... .Wp ... Yq. ... Yp, i, 7) is an active item, with
1 < p, and there is a passive item, either a lexical (7,4, k,¢) or a non-lexical one
(1,9 — 4 ... L., k, ), assuming that glb(7e, otg41) exists, and v is the corre-
sponding subsumption substitution, then (vo, ¥g :— Y1 ... PYp_1 ... Yq. ... ¥y, k, j)
is an item, namely a passive one if p — 1 = 1 and ¢ = r, respectively an active
one, otherwise.

A LIGHT parse sequence (or derivation) is a finite sequence of items 41, ..., i,
such that for every r with 1 < r < m, the item ¢, is either a lexical item, or a
head-corner production based on a passive item 4, with ¢ < r, or it is obtained

7 LinGO uses only binary rules, therefore it became convenient to use the name com-
plete as a “rewriting” one for both the classical scan and complete parsing operations,
when extended to order-sorted unification based-parsing.
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satisfy_HPSG_principles

[ STEM diff_list,
CAT #1:categ,
SUBCAT #2:categ_list,
HEAD #4:phrase_or_word

[ STEM diff_list, girl .
CAT #1 [ STEM <!"girl"!>,
, CAT noun,

SUBCAT #3|#2 1,
COMP  #5:phrase_or_word
[ STEM diff_list,
CAT #3,
SUBCAT nil ],
ARGS  <#4, #5> ]

SUBCAT <det> 1.

Fig. 3. A sample rule (parent) type (satisfy_ HPSG_principles) and a lexical entry (girl)

by left- or right- completion of an active item 4, with a passive item i,, where
p,q<r.

Let w = < wy,wa,...,w, > be a finite sequence of symbols (from S). The
LIGHT logic grammar G recognises the input sentence w iff there is a parse
sequence (derivation) in G ending with a passive item (o,%,0,n), where v is
start-sorted.

3.3 Exemplification:

The satisfy HPSG_principles feature structure adapted from [37] and presented in
Fig. B encodes the Head Feature Principle (CAT = HEAD.CAT), The Saturation
Principle (COMP.SUBCAT:nil), and the Subcategorization Principle (to be later
detailed). These three principles are among the basic ones in the HPSG linguistic
theory [31]. The syntax used in Fig. Blis that of LIGHT:

The sorts start, list and the list subsorts cons and nil are special (reserved
LIGHT ) types, and so is diff_list, the difference list sort. The notation <! !> is
a syntax sugar for difference lists, just as < > is used for listsH The symbol | is
used as a constructor for non-nil (i.e., cons) lists.

The linguistic significance of the Head Feature Principle: the CcATegory of
a phrase is that of (or: given by) its head. For the Saturation Principle: the
complement of a phrase must be saturated — procedurally: it must have been
fully parsed — at the moment of its integration into a (larger) phrase. The Sub-
categorization Principle correlates the SUBCAT feature value — namely a list of
categories — for the HEAD argument with the SUBCAT feature value of the phrase
itself, and the CAT feature value for the complement (CoMP) daughter of the
same phrase.

8 Formally, <!ai1,az, ..., a,!> stands for

diff_list[ FIRST_LIST a1|az|...|an|#1,
REST_LIST #1 ]
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The Subcategorization Principle is directly linked to the nature of the parsing
itself in such lexicalized typed-unification grammars: no specific parsing rules are
provided; only very general principles/constraints are given about how phrases
or words may be combined, while specific information about the combinatorial
valances of words is provided in the lexical descriptions.

Basically, the Subcategorization Principle says that, when applying a rule
— in order to build a mother feature structure out of a head daughter and a
complement daughter —, the complement daughter “consumes” the first element
of the head daughter’s SUBCAT list, and “transmits” the rest of that list to the
mother feature structure.

The satisfy_ HPSG_principles type will transmit via inheritance the constraints
it incorporates to the rules used in the [37] grammar, namely two binary rules:
Ih_phrase and rh_phrase. The constraints specific to these rules will impose only
that the head is on the left, respectively the right position inside a phrase.

4 LIGHT — Implementation

4.1 Related Systems

Systems processing typed-unification grammars opted for different approaches.
ALE [§] opted for the translation of typed FSs into Prolog terms. Amaria [40]
41] offered the first view on compiling ALE grammars — in which typed FSs
had a less general form than in the LinGO-like HPSG grammars —, based on an
abstract machine which adapts WAM [2] to FS unification and replaces SLD-
resolution with simple bottom-up chart-based parsing. LiLFeS [25], the other
compiler (besides LIGHT) running LinGO followed in the beginning the same
direction, but then processed the grammar rules so to apply well-known CFG
parsing algorithms. (Later developments for TDL also explored CFG approxi-
mations of LinGO-like grammars [21].) The LKB[I6], TDL [22] systems’ basic
versions, and PET [6] implemented simple head-corner parsers, opting for dif-
ferent versions of FS unifiers [38]42/23]. Later, hyper-active parsing [27] and
ambiguity packing [28] were incorporated into LKB and PET.

For LIGHT, we chose to extend the AM for unification of OSF-terms [3] to
OSF-theory unification [5], making it implicitly able to unify typed FSs [7]. For
parsing, while originally the LKB simple head-corner active bottom-up chart-
based parser was imported in our system, later on we replaced it with a VM
for incremental head-corner bottom-up parsing with FS sharing and backtrack-
ing [11]. The interesting point about this VM is that on one hand it can be
used by the LKB-like systems (if they would like to opt for F'S sharing), and
on the other hand it can work as an interpreter of the abstract code (for rules)
generated by the LIGHT compiler.

4.2 LIGHT System’s Architecture

An overview of our LIGHT parser’s architecture is shown in Fig. @ The LIGHT
compiler translates typed-unification grammars (written or converted into a for-
mat inspired by the OSF notation) into abstract code, and then into C. Each
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|
Light VM l OSF/Light AM
|
VM program stack ! environments
chart |
T ! restoreEny
apply-rule %\r:Env
—_— undo
|
|
|
|
:
|
. VM instructions ! AM instructions
parsing FS unification

Fig. 4. An overview of the VM for HC bottom-up chart-based parsing

l VM Instructions “ AM Instructions
parsing interface READ-stream | WRITE-stream
keyCorner undo push_cell intersect_sort
directComplete [saveEnvironment ||set_sort test_feature
reverseComplete|restoreEnvironment||set_feature unify_feature
apply_rule write_test

Fig. 5. Instructions in LIGHT VM and OSF/LIGHT AM

typed FS in the input grammar gets an associated (compiled) C function. The
FSs representing rules undergo a further, automate transformation of the ab-
stract code so to make them suitable for efficient head-corner bottom-up chart-
based parsing with FS sharing. We refer to this transformation scheme as Spe-
cialised Rule Compilation (SRC) of rules [14][

Each of the basic operations for parsing in LIGHT — a rule application, a
lexical F'S construction, or a type-checking (we call it: on-line expansion) — are
achieved by calling a compiled function. The abstract machine instructions which
build up these functions are shown in the right side of the table in Fig. [l

As the AM in [3] was concerned only with OSF-term unification — this AM
will be referred to in the sequel as OSF AM —, we extended the definitions
of the two of its AM instructions, namely intersect_sort and test_feature, and
also the bind-refine procedure invoked by the on-line unifier function osf-unify

® The execution of the abstract code for rules in LIGHT has an effect similar to that
produced by AMALIA on ALE grammars, namely it achieves bottom-up chart-based
parsing. Unlike AMALIA, we produce this (“specialised”) code through automate
transformation of the (non “specialised”) abstract code produced for the FS rep-
resenting the rule [I4]. (Note that rules in LinGO are represented as FSs; their
arguments constitute the value of the ARGS reserved feature/attribute.) Addition-
ally, the SRC-optimised code in LIGHT incorporates specialised sequences for dealing
with environments, for feature structure sharing.
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in [3], in order to support on-line expansion/type-checking needed for OSF-
theory unification. Besides these transformations, we incorporated into OSF AM
some other facilities: tracing, backtracking, and FS sharing. We use the name
OSF/LIGHT AM to denote the new, more general version of OSF AM. For
full details our work extending OSF AM to OSF/LIGHT AM, the interested
reader must refer to [9]. OSF AM and consequently OSF/LIGHT AM imported
the two-stream (READ and WRITE) optimisation from the Warren Abstract
Machine [2]. Thus the set_sort and intersect_sort abstract instructions correspond
to sort constraints, set_feature and test_feature correspond to feature constraints,
and unify_feature corresponds to equation constraints.

The main data structures in the OSF/LIGHT AM are a heap for building
up FS representation, a trail which registers the modifications on the heap dur-
ing unification-achieving operations, and an array of environments used for FS
sharing.

The parsing (i.e., the control above rules’ application) is implemented in the
LIGHT system as a virtual machine hereby referred to as LIGHT VM. The main
data structures in LIGHT VM are a chart and the VM’s program stack, which
replaces in a quite elaborated way the well-known agenda in chart-based parsing.

Other data structures in LIGHT VM:

— the rule (syntactic and lexical) filters,

— the dictionary, which associates to every word which is a root in at least one
lexical entry the list of all lexical entries for which that word is the root,

— the lexzicon, which associates every lexical entries the index of a query (com-
piled) function and eventually the index of a lexical rule to be applied to the F'S
constructed by that query function,

— the pre-compiled QC-arrays associated to rules [15].

The LIGHT VM’s instructions are listed in the first column of the table in
Fig. Bl (The interested reader will find their detailed description in [11].)

The apply_rule function appearing on the bottom of the first column in Fig.
is not a VM instruction (this is why we delimited it from above by a horizontal
line). Tt is called by each of the three VM parsing instructions — keyCorner,
directComplete, and reverseComplete. Conceptually, it acts in fact like a higher
level function, which applies the compiled function corresponding to a (specified)
rule FS to a certain argument.

Instead, apply_rule is part of the interface between the LIGHT VM and the
OSF/LIGHT AM. This interface contains also three procedures implemented
within the unifier (in our case: OSF/LIGHT AM), which will be applied/called
from within the VM program: undo, saveEnvironment and restoreEnvironment.
The undo procedure performs backtracking to a certain state of the AM (namely
as it was before an unification attempt), restoring the information corresponding
to a successful unification (according to F'S sharing scheme). The saveEnviron-
ment procedure performs the same task as undo, but also moves a certain amount
of data from the trail to a new environment, while restoreEnvironment performs
the opposite operation.
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Overall: memory | process size average
consumption| full/resident | parsing time
regular compilation 59.5MB|73MB/80MB 128 msec
specialised compilation 3.9MB|44MB/13MB 35 msec
Detailed: heap feature |environ-| trail |corefe-
cells frames | ments | cells |rences
regular compilation ||1,915,608|1,050,777| 2669 |128,747 0
specialised compilation 77,060 57,663 2669 | 77,454|22,523
| GR-optimisation [ 37,915] 29,908] 2669 [ 44,424[12,137]

Fig. 6. Regular vs. specialised rule compilation: a comparison between the respective
effects on parsing the csli test-suite. (Further memory reduction due to GR is added)

4.3 Final Notes on LIGHT Implementation

Both the OSF/LIGHT AM for unification and the LIGHT VM for head-corner
parsing can be used separately, namely just for unifying FSs, or respectively to
achieve parsing using another unifier (than the OSF/LIGHT AM). Two parsers
co-exist in the LIGHT system, one corresponding to the Specialised Rule Com-
pilation (SRC) optimisation, the other using as unification means only the osf-
unify procedure [3] upgraded with type-checking/on-line expansion[l9 The two
parsers are implemented in (or as instances of) the same VM, just by changing
the definition of the higher-level function rule.

The speed-up factor provided by implementing the SRC optimisation is 3.66
when running the LinGO grammar on the csli test-suite. A subsequent 43%
speed-up was provided the compilation of the QC pre-unification filter [15], while
recently, the Generalised Reduction (GR) learning technique working in connec-
tion with two-step unification further sped-up parsing up to 23% [12]. LIGHT’s
current best parsing time was an average of 18.4 msec. per sentence on the csli
test-suite, registered on a Pentium III PC at 933MHz running Red Hat Linux 7.1.
The compilation of the LinGO grammar (the CLE version) on that computer
takes 79 seconds, including the filter computation (which is the most consuming
task in grammar processing).

Our SRC-optimisation also reduced dramatically the memory space used
during parsing, as one can see in Fig.

10 Therefore the second parser does not appeal the real power of the compiler; it serves
for basic tests, and — most important — as a support for developing new extensions
and improved versions of the LIGHT compiler.

' By the time LIGHT system’s development was frozen due to the author’s departure
from DFKI — Saabrbriicken (at the end of the year 2000), the LIGHT parsing speed
has been proved slightly higher than that of the fastest (and since then, commercially
supported) interpreter for LinGO-like grammars — namely the PET system [6].



LIGHT — A Constraint Language and Compiler System 15

5 Conclusion and Further Work

This paper presented LIGHT, a feature constraint language in the framework of
OSF-logic, which underlines large-scale typed-unification grammars. Until now,
LIGHT was used for parsing with LinGO [17], the HPSG grammar for English
developed at CSLI, University of Stanford, and for automate learning of typed-
unification grammars [10].

The implementation of LIGHT is based on an interesting combination of a
virtual machine for head-corner bottom-up chart-based parsing and an abstract
machine for (typed) FS unification. Other differences with respect to the other
systems implementing LinGO-like typed-unification grammars are environment-
based F'S sharing, incremental parsing and compiled Quick-Check [23].

We expect that further major improvements to the LIGHT compiler will come
following the finding (on the LinGO grammar) that there are usually a reduced
number of paths (the so-called GR-paths) that contribute to unification fail-
ure [I2]. This fact may be further exploited so to 4. fully integrate QC into
compiled unification; 7. eliminate the need for the — much time-consuming — FS
restoring operation, currently part of the F'S sharing mechanism; and . replace
searching through feature frames with direct access into vectors of GR-path
values associated to each rule.

Independent of the developments suggested above, further fine engineering
the LIGHT system — for instance making the computations be done as locally as
possible — is supposed to significantly improve the current performances. Finally,
we expect that the system can be adapted to run other kind of applications, like
deductive frame-oriented databases and ontologies.

Acknowledgements. The LIGHT system was developed at the Language Tech-
nology Laboratory of The German Research Center for Artificial Intelligence
(DFKI), Saarbriicken, Germany. U. Callmeier contributed to the implementa-
tion of the head-corner bottom-up (non VM-based) parser for CHIC, which was
the development prototype of LIGHT. The present paper was written while the
author was supported by an EPSRC ROPA grant at the University of York.
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Abstract. This paper is based on the work carried out in the framework
of the VERBMOBIL project, which is a limited-domain speech translation
task (German-English). In the final evaluation, the statistical approach
was found to perform best among five competing approaches.

In this paper, we will further investigate the used statistical translation
models. A shortcoming of the single-word based model is that it does not
take contextual information into account for the translation decisions.
We will present a translation model that is based on bilingual phrases to
explicitly model the local context. We will show that this model performs
better than the single-word based model. We will compare monotone and
non-monotone search for this model and we will investigate the benefit
of using the sum criterion instead of the maximum approximation.

1 Introduction

In this paper, we will study some aspects of the phrase-based translation (PBT)
approach in statistical machine translation. The baseline system we are using
has been developed in the VERBMOBIL project [17].

In the final project evaluation [13], several approaches were evaluated on the
same test data. In addition to a classical rule-based approach [4] and a dialogue-
act based approach [12] there were three data-driven approaches, namely an
example-based [I], a substring-based [2] and a statistical approach developed in
the authors’ group. The data-driven approaches were found to perform signifi-
cantly better than the other two approaches. Out of the data-driven approaches
the statistical approach performed best, e.g. the error rate for the statistical
approach was 29% instead of 62% for the classical rule-based approach.

During the progress of the VERBMOBIL project, different variants of statis-
tical translation systems have been implemented and experimental tests have
been performed for text and speech input [7/I0]. The major variants were:

— the single-word based approach (SWB), see Sect.
— the alignment template approach (AT), see Sect.

The evaluation showed that the AT approach performs much better than the
SWB variant. It is still an open question, which components of the AT system
are responsible for the improvement of the translation quality.

M. Jarke et al. (Eds.): KI 2002, LNAT 2479, pp. 18-[32] 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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In this paper, we will review the baseline system and we will describe in
detail a method to learn phrasal translations. We will compare SWB to phrase-
based translation, monotone to non-monotone search, and the sum criterion to
maximum approximation.

2 Review of the Baseline System

2.1 Bayes Decision Rule

The goal of machine translation is to automatically transfer the meaning of a
source language sentence fi = fi,..., fj,., f7 into a target language sentence
el =ey,...,e,...,er. In statistical machine translation, the conditional probabil-
ity Pr(el|f{ is used to describe the correspondence between the two sentences.
This model can be used directly for translation by solving the following maxi-

mization problem:

ol = argmax { Pr(el| )} (1)
= argmax {Pr(el) - Pr(f{le})) )

In the second equation, we have applied Bayes theorem. The decomposition into
two knowledge sources makes the modeling easier. Now, we have two models:

1. the language model Pr(el) and
2. the translation model Pr(f{|el).

The language model describes the correctness of the target language sentence.
It helps to avoid syntactically incorrect sentences. A detailed description of lan-
guage models can be found in [6]. This paper will focus on the translation model.

The resulting architecture for the statistical translation approach is shown in
Fig. M with the translation model further decomposed into lexicon and alignment
model.

2.2 Single Word-Based Translation Models

Concept. A key issue in modeling the string translation probability Pr(f{|el)
is the question of how we define the correspondence between the words of the
target sentence and the words of the source sentence. In typical cases, we can
assume a sort of pairwise dependence by considering all word pairs (f;,e;) for a
given sentence pair (f{;el). Models describing these types of dependencies are
referred to as alignment models [3IT6].

When aligning the words in parallel texts, we typically observe a strong
localization effect. Figure 2l illustrates this effect for the language pair German-
English. In many cases, although not always, there is an additional property:
over large portions of the source string, the alignment is monotone.

! The notational convention will be as follows: we use the symbol Pr(-) to denote
general probability distributions with (nearly) no specific assumptions. In contrast,
for model-based probability distributions, we use the generic symbol p(-).
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Source Language Text

I Transformation I

J
1

h Priile! Lexicon Model
Global Search: r(fyles)
Alignment Model

maximize Pr(e;)- Pr(f]|e})

f

|
over e Pr(e1')

Language Model

I Transformation I

Target Language Text

Fig. 1. Architecture of the translation approach based on Bayes decision rule

Basic Alignment Models. To arrive at a quantative specification, we define
the alignment mapping: j — ¢ = a;, which assigns a word f; in position j
to a word e; in position i = a;. We rewrite the probability for the translation
model by introducing the 'hidden’ alignments a{ := a;.. .aj...ay for each sentence
pair (f{;el). to structure this probability distribution, we factorize it over the
positions in the source sentence and limit the alignment dependencies to a first-
order dependence:

f1 |61 ZPT flv i]|6{) (3)
= ZPT(% |€1) ) PT(f1J|a1Jae{) (4)

J
=p(Jlel) - Y [Tlplaslaj—1,1,7) - p(fjlea,)] ()

ai’ Jj=1
Here, we have the following probability distributions:

— the sentence length probability: p(J|el), which is included here for complete-
ness, but can be omitted without loss of performance;

— the lexicon probability : p(fle)

— the alignment probability: p(a;la;_1,1,J).
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too * * = = - R
fine * * * ~ = - -« - - B R
me - - - - - R
suit * * - - o s .
January - -~ - °~ *° * [ |
of * -+ - o+ - - .
sixteenth = - - - - N
and - - - B
fifteenth - - - W
the - - W
, - N

=}
(o]
nein A
und

Januar
pa"st
mir
auch
sehr
gut

f"unfzehnten
sechzehnten

Fig. 2. Word aligned sentence pair

There are various ways to model the alignment probability. For further de-
tails, see [316]. Some of these models take one-to-many alignments explicitly
into account, but the lexicon probabilities p(f|e) are still based on single words
in each of the two languages.

We will show the results for two search variants: a monotone search (later
referred to as MON) that produces only monotone translations and a quasi-
monotone search procedure (later referred to as GE). This proceeds from left to
right along the positions of the source sentence but allows for a small number
of source positions that are not processed monotonically. The word reorderings
of the source sentence positions are restricted to the words of the German verb-
group. For further details, see [15].

2.3 The Alignment Template Approach

The key element of the AT approach [10] are the alignment templates. These are
pairs of source and target language phrases together with an alignment between
the words within the phrases. The AT model decomposes the translation proba-
bility Pr(fi|el) by introducing two hidden variables: the sequence of alignment
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templates 2{ and the alignments within the templates af<.

Pr(f1J|e{) = Z Pr(a |61 - Pr(z |‘11 761) Pr(f1 |Zl ;0] »@{) (6)

Zl ,al

= H ak|ak 1 (Zk|ék) 'p(fk|2’lc,ék) (7)

1

There are three probability distributions:

— the phrase alignment probability p(ag|ag—1)
— the probability of applying an alignment template p(zx|éx)
— the phrase translation probability p(fx|zk, éx)

The AT approach uses a non-monotone search algorithm. The model scal-
ing factors are trained with maximum entropy [9]. This is an extremely brief
description of the AT model. For further details, see [10].

3 Phrase-Based Translation

3.1 Motivation

One major disadvantage of the single-word based (SWB) approach is that con-
textual information is not taken into account. As already said, the lexicon proba-
bilities are based only on single words. For many words, the translation depends
heavily on the surrounding words. In the SWB translation, this disambiguation
is done completely by the language model. Often the language model is not
capable of doing this. An example is shown in Fig. Bl

SOURCE |was halten Sie vom Hotel Gewandhaus ?
TARGET |what do you think about the hotel Gewandhaus ?
SWB what do you from the hotel Gewandhaus ?

PBT what do you think of hotel Gewandhaus ?

Fig. 3. Translation example

One way to incorporate the context into the translation model is to learn
translations for whole phrases instead of single words. Here, a phrase is simply
a sequence of words. So the basic idea of phrase-based translation (PBT) is to
segment the given source sentence into phrases, then to translate each phrase
and finally compose the target sentence from these phrase translations as seen
in Fig.[4. As seen in the last phrase pair of the example, punctuation marks are
treated as normal words.
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ISOURCE: abends wiirde ich gerne entspannen und vielleicht in die Sauna gehen .

source segmentation translation

abends in the evening
wiirde ich gerne entspannen | I would like to relax
und and

vielleicht in die Sauna gehen| maybe go to the sauna

ITARGET: in the evening I would like to relax and maybe go to the sauna .

Fig. 4. Example for phrase based translation

source phrase | target phrase

ja well
ja, well,
| ja, guten Tag | well, hello
hello * * H B - ja, guten Tag.| well, hello.
L , guten Tag , hello
welr @ - - - - , guten Tag. |, hello.
‘,E, = 8 % : guten Tag hello
-':-,‘ B guten Tag. hello.
o
Fig. 5. Word aligned sentence pair Fig. 6. Extracted bilingual phrases

3.2 Bilingual Phrases

Basically, a bilingual phrase is a pair of m source words and n target words. For
extraction from a bilingual word aligned training corpus, we pose two additional
constraints:

1. the words are consecutive and
2. they are consistent with the word alignment matrix.

This consistency means that the m source words are aligned only to the n target
words and vice versa. The following criterion defines the set of bilingual phrases
BP of the sentence pair (fi;el) that is consistent with the word alignment
matrix A:
BP( el A) = { (/I e Wi, j) € Asj < < jameri<i it}
This criterion is identical to the alignment template criterion described in [I0].
Figure Blis an example of a word aligned sentence pair. Figure [6] shows the bilin-
gual phrases extracted from this sentence pair according to the defined criterion.
The extraction of the bilingual phrases from a bilingual word aligned training
corpus can be done in a straightforward way. The algorithm in Fig. [ computes
the set BP with the assumption that the alignment is a function 4 : {1,...,J} —
{1, ..., I}. Tt can be easily extended to deal with general alignments.
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INPUT: f{,el, A

FOR i =1 TO I DO

FOR i1 =1 TO iz DO

SP={j[3i:i1 <i<iyAA(j) =i}
IF consec(SP) THEN

j1 = min{SP}

j2 = max{SP}

BP = BP U{(f2,¢2)}

17 l1

OUTPUT: BP

Fig. 7. Algorithm extract-BP for extracting bilingual phrases

3.3 Phrase-Based Translation Model

To use the bilingual phrases in the translation model we introduce the hidden
variable B. This is a segmentation of the sentence pair (f{;el) into K phrases
( f1 ;¢5). We use a one-to-one phrase alignment, i.e. one source phrase is trans-
lated by exactly one target phrase. So, we obtain:

fl |€1 ZPT f17B|el) (8)
= ZPT Blei) - Pr(f{|B,e1) (9)
B
=a(ef) - Y Pr(f{[er) (10)
B

Here, we assume that all segmentations have the same probability «(e!). Next,
we allow only monotone translations. This will result in a very efficient search.
So the phrase f1 is produced by €7, the phrase f2 is produced by €5, and so on.

K
Pr(f1ef’) = [ (fuler) (11)
k=1

Finally, we have to estimate the phrase translation probabilities p( f |€). This is
done via relative frequencies:

3 N(f7 é)

= 12
Here N (€) is the count of the phrase é. N(f,€) denotes the count of the event that
f has been seen as a translation of €. If one occurrence of € has NV > 1 possible
translations, each of them contributes to N(f,é) with 1/N. These counts are
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calculated from the training corpus. If during the test an unknown word occurs,
which was not seen in the training, this word is translated by itself.

Using a bigram language model and assuming Bayes decision rule (@), we
obtain the following search criterion:

el = argmax {Pr(e])  Pr(f{le1)} (13)
i , .
= argmax{Hp (eilei-1) Z H fk|ek } (14)
1 l]l N B k=1
~ argmaX{Hp eilei—1) Z H fk\ek } (15)
€1 i=1 B k=1

In the last step, we omitted the segmentation probability a(el). We also in-
troduced the translation model scaling factor A [I4]. Using the maximum ap-
proximation for the sum over all segmentations, we obtain the following search
criterion:

B

I K
e~ argmax{Hp eilei—1) Hp(fk|ék)>\} (16)
=1 k=1

3.4 Monotone Search

The monotone search can be efficiently computed with dynamic programming.
For the maximization problem in (I8), we define the quantity Q(j,e) as the
maximum probability of a phrase sequence that ends with the word e and covers
positions 1 to j of the source sentence. Q(J+1, $) is the probability of the optimal
translation. The $ symbol is the sentence boundary marker. When finishing a
hypothesis, we have to apply the conditional probability p($|e’) , which denotes
the probability of the sentence end after the word e¢’. We obtain the following
dynamic programming recursion:

Q(0,8) =1 | (17)
Qj.e) = Urgagj Q' €¢) - p(fl 118)* - p(éle’) (18)
Q(J +1,8) = meé}XQ(Jv ) -p(8le’) (19)

During the search, we store back-pointers to the maximizing arguments. So after
performing the search, we can generate the optimal translation. This method
will be later referred to as MonMax. The resulting algorithm has a worst-case
complexity of O(J? -V, - |[{€}|). Here, V. denotes the vocabulary size of the
target language and |{€}| denotes the number of target language phrases. Using
efficient data structures and taking into account that not all possible target
language phrases can occur in translating a specific source language sentence,
we can perform a very efficient search.
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For the search criterion in (I5]), we define the quantity Q(j,e?) as the maxi-
mum probability of a phrase sequence that results in the word sequence e} and
covers the positions 1 to j of the source sentence. Q(.J +1,¢él) is the probability

of the optimal translation é!.
Q(0,8) =1 (20)
QU et) = Z Q' et) 'P(f;/+1|€§/+1)A -plejrialer) (21)
=
Q(J +1,é]) = maxQ(J, ef) - p(8ler) (22)
€1

This method will be later referred to as MonSum. The resulting algorithm has
a worst-case complexity of O(J2 - V,! - |{€}|). Because of the sum criterion it is
not allowed to apply language model recombination. This results in the factor
V.1, In most statistical translation systems the maximum approximation is used,
e.g. [BEITO/ISR], but we will show in Sect. dl that the sum criterion yields better
results. These monotone algorithms are especially usefull for language pairs that
have a similar word order, e.g. Spanish-Catalan or Italian-English.

3.5 Non-monotone Search

An analysis of the monotone translation results for the language pair German-
English shows that many translation errors are due to the monotony constraint.
Therefore in this section, we describe a way to extend the search described above
to allow non-monotone translations. The idea is to use a reordering graph (RG)
to restrict the number of possible word orders.

Reordering Graph. A RG is a directed acyclic graph with one start node
and one goal node. The nodes are numbered from 0 (start) to N (goal). The
numbering must be consistent with a topological order of the graph. Each node
is marked with a coverage vector. This is a bit vector b of size J (the source
sentence length) with the property b[j] = 1 iff the source position j is already
covered, i.e. translated. The RG has the additional property that for each node its
coverage vector differs from the coverage vector of each predecessor by exactly
one bit. The start and the goal node are marked with 07 and 17. We define
Pred(n) as the set of all predecessors (direct and indirect) of the node n. We
define S(ni,ns2) as the source words covered by ns but not by n; in the same
order as in the source sentence.

We gain a RG by removing non-needed information from a word graph gen-
erated by the SWB search and combining equivalent nodes, i.e. nodes with the
same coverage vector.

Search. The search on the RG can be done by dynamic programming. The
idea is similar to the monotone search, but instead of going over all source
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positions j, we go over all nodes n of the RG from 0 to N. When visiting a
node the topological sorting guarantees that all its predecessors have already
been processed. Using maximum approximation, the quantity Q(n, e) is defined
as the maximum probability of a phrase sequence ending with the word e and
translating S(0,n).

We obtain the following dynamic programming recursion:

Q(0,%) =1 (23)
Q(n,e) = max Q(n',€)-p(S(n',n)|é)* - p(éle)) (24)

n!/€Pred(n),

ele

QN +1,8) = max Q(N, ¢) - p(8[e”) (25)

This method will be later referred to as ExtMax. The equations for the sum
criterion are analog. We define the quantity Q(n, e?) as the maximum probability
of a phrase sequence that results in the word sequence e} and translating S(0,n).
The method using the sum criterion will be later referred to as ExtSum.

We obtain the following dynamic programming recursion:

Q(0,$) =1 (26)
Qnet) = > Q'el)-p(S(n',n)lelri 1) - plelryiler) (27)

n’€Pred(n),
0<i! <i

QN +1,61) = maxQ(N, 1) - p(Sler) (28)

3.6 Pruning

To further speed up the search and reduce the memory requirements, we ap-
ply threshold and histogram pruning. Note that with applying these pruning
techniques the sum criterion is only approximately fulfilled. This is because if a
hypothesis is pruned away, further contributions of extensions of this hypothesis
are lost.

Threshold Pruning. The idea of threshold pruning is to remove all hypotheses
that have a low probability relative to the best hypothesis. We need a threshold
pruning parameter ¢, with 0 < ¢ < 1. We define Qo (j) as the maximum proba-
bility of all hypotheses for a source sentence position j. We prune a hypothesis
iff:

QU e1) <q-Qolj)

Histogram Pruning. The idea of histogram pruning is to restrict the maxi-
mum number of hypotheses for each source sentence position. So, only a fixed
number of the best hypotheses is kept.
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4 Results

4.1 Corpora

We present results on the VERBMOBIL task, which is a speech translation task
in the domain of appointment scheduling, travel planning, and hotel reservation
[17]. Table [I] shows the corpus statistics of this task. We use a training corpus,
which is used to train the translation model and the language model, a devel-
opment corpus, which is used to estimate the model scaling factors, and a test
corpus.

Table 1. Characteristics of training corpus (Train, PM=punctuation marks), manual
lexicon (Lex), development corpus (Dev), test corpus (Test)

No Preprocessing| With Preprocessing
German‘ English German‘ English
Train Sentences 58073
Words incl. PM 519523| 549921| 522933 548 874
Words excl. PM 418979| 453632| 421689 456629
Singletons 3453 1698 3570 1763
Vocabulary 7940 4673 8102 4780
Lex Entries 12779
Extended Vocabulary| 11 501[ 6 867[ 11 904[ 7089
Dev Sentences 276
Words 3159 3438 3172 3445
Trigram PP - 28.1 - 26.3
Test Sentences 251
Words 2628 2871 2640 2862
Trigram PP - 30.5 - 29.9

4.2 Criteria

So far, in machine translation research does not exist one generally accepted
criterion for the evaluation of the experimental results. Therefore, we use a large
variety of different criteria. In all experiments, we use the following error criteria:

— WER (word error rate):
The WER is computed as the minimum number of substitution, insertion
and deletion operations that have to be performed to convert the generated
sentence into the target sentence. This performance criterion is widely used
in speech recognition.

— PER (position-independent word error rate):
A shortcoming of the WER is the fact that it requires a perfect word order.
The word order of an acceptable sentence can be different from that of the
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target sentence, so that the WER measure alone could be misleading. To
overcome this problem, we introduce as additional measure the PER. This
measure compares the words in the two sentences ignoring the word order.

— mWER (multi-reference word error rate):
For each test sentence, there is not only used a single reference translation,
as for the WER, but a whole set of reference translations. For each trans-
lation hypothesis, the edit distance (number of substitutions, deletions and
insertions) to the most similar sentence is calculated [§].

— BLEU score:
This score measures the precision of unigrams, bigrams, trigrams and four-
grams with respect to a whole set of reference translations with a penalty
for too short sentences [L1]. Unlike all other evaluation criteria used here,
BLEU measures accuracy, i.e. the opposite of error rate. Hence, large BLEU
scores are better.

— SSER (subjective sentence error rate):
For a more detailed analysis, subjective judgments by test persons are nec-
essary. Each translated sentence was judged by a human examiner according
to an error scale from 0.0 to 1.0. A score of 0.0 means that the translation is
semantically and syntactically correct, a score of 0.5 means that a sentence
is semantically correct but syntactically wrong and a score of 1.0 means that
the sentence is semantically wrong [§].

— IER (information item error rate):
The test sentences are segmented into information items; for each of them,
the translation candidates are assigned either “OK” or an error class. If
the intended information is conveyed and there are no syntactic errors, the
sentence is counted as correct [R].

— ISER (information item semantic error rate):
This criterion is like the IER, but does not take into account slight syntactic
errors.

4.3 PBT Variants

Table [2 shows the results for the PBT variants presented in this paper. As one
may expect, the non-monotone variant yields better results than the monotone
one. For the sum criterion, there is an improvement of the SSER of 7.8% absolute,
which is 19.6% relative. We conclude that a for German-English translation non-
monotone search is important to obtain good translation results. Typically in
statistical translation systems the maximum approximation is used. Because of
the simplicity of the presented PBT model, the sum over all segmentations can
be carried out. Using the sum criterion instead of the maximum approximation
improves translation quality. For the monotone search, there is an improvement
of the SSER of 1.1% and for the non-monotone search of 0.6%.

4.4 Comparison with Other Systems

We compare the PBT results to the two other statistical translation systems,
namely the SWB approach (see Sect. and [I5]) and the AT approach (see
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Table 2. Comparison of different PBT variants

[System Variant [WER[PER|mWER|BLEU|SSER[IER[ISER|
PBT MonMax| 46.9]33.3] 42.0] 42.1] 40.8[40.2] 19.0
MonSum| 45.9] 32.2|  40.9] 43.4] 39.740.0 19.2
PBT ExtMax | 42.5[30.4] 36.7] 49.5] 32.5[33.0] 17.7
ExtSum | 42.3]30.1] 36.3] 50.0 31.9/31.9] 16.8

Table 3. Comparison of different translation systems

[System Variant [WER[PER|mWER|BLEU|SSER[IER[ISER]
SWB MON [ 49.0] 35.2] 43.4[ 37.0] 47.0[51.7[ 33.2
GE 41.9/31.4| 359 47.5] 35.1/39.0| 21.6

PBT MonSum| 45.9| 32.2 40.9| 43.4| 39.7]40.0] 19.2
ExtSum | 42.3| 30.1 36.3| 50.0f 31.931.9| 16.8

[AT [ 39.2[29.3] 33.1] 51.1] 30.5[33.9] 17.4|

Sect. 23 and [10]). Some translation examples are shown in Table[d In [2JT3] an
example-based approach is mentioned that is to some extend similar to PBT.
The results are not included because they are evaluated on a different test set
and therefore not comparable.

As Table Bl shows, the monotone PBT outperforms by far the monotone
SWB translation. There is an improvement of the SSER of 7.3% absolute, which
is 15.5% relative. The non-monotone PBT yields better results than the non-
monotone SWB variant. There is an improvement of the SSER of 3.2%. So, this
rather simple and straightforward phrase-based model performs better than the
more complicated SWB model. We conclude that incorporating the local context
into the translation model is important to achieve good translation results. One
way to do this is the use of bilingual phrases.

On the other hand, PBT does not reach the performance of the AT approach,
which is still 1.4% better. A possible reason is the generalization capability of
the AT approach.

5 Conclusion

In this paper, we have presented a statistical translation model, which is based
on bilingual phrases. Compared to the two other statistical approaches, this is
a rather simple method, which results in a very eflicient dynamic programming
search algorithm. In the result section, we have compared this model to the SWB
and AT approaches.

The major conclusions are:

1. Using bilingual phrases instead of single words in the translation model sig-
nificantly improves translation quality.
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Table 4. Translation examples

31

SOURCE | wollen wir am Abend Essen gehen ?

TARGET | would you like to go out for a meal in the evening ?

PBT MON| we will want evening go out to eat ?

PBT EXT | do we want to go out to eat in the evening 7

SOURCE | ich wiirde am dreifligsten gern mit dem Zug fahren .

TARGET | I would like to take the train on the thirtieth .

PBT MON| I would thirtieth like to go by train .

PBT EXT | on the thirtieth I would like to go by train .

SOURCE | dann miissen wir noch die Riickreise klaren .

TARGET | then we still have to arrange the return journey .

PBT MON| then we still have to the return trip clarify .

PBT EXT | then we still have to clarify the return trip .

SOURCE | am Mittwoch fahren wir mit dem Zug wieder zuriick nach Hamburg .
TARGET | on Wednesday we will go back by train to Hamburg .

SWB GE | on Wednesday we go by train from Hamburg again .

PBT MON| on Wednesday we go by train again back to Hamburg .
SOURCE | das Flugzeug ist dann um zwolf Uhr finfundzwanzig in Hannover .
TARGET | the plane will arrive at Hanover at twenty-five past twelve .
SWB GE | the flight is at eleven twenty five in Hanover .

PBT MON| the plane is at twelve twenty-five in Hanover .

SOURCE | ich buche in dem Koénigshotel zwei Einzelzimmer mit Dusche .
TARGET | I will book two single rooms with a shower at the Konigshotel .
SWB GE | I will book the Konigshotel two singles with shower .

PBT MON]| I will book in the Konigshotel two single rooms with shower .
PBT EXT | I will book two single rooms in the Koénigshotel with shower .

2. For translating from German to English a non-monotone search is essential
to produce good translations.
3. The sum criterion performs better than the maximum approximation.

Further investigations will concern the segmentation probability Pr(Blel),
which has so far been omitted. The use of hierarchical phrases, e.g. the pattern
pairs in [2], might be interesting. Smoothing the phrase probabilities could result
in additional improvements.
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Abstract. We consider defining executable dialogues for communicating
agents. Towards this end, we introduce agent classes whose communication
primitives are based on deduction. Their operational semantics are given by an
abstract logical machine that is defined purely in sequential terms. These agents
communicate under the control of plans requiring a synchronization flag. These
plans can be rewritten as dialogues with an implicit synchronization. Reversi-
bly, dialogues can be compiled back into plans and then executed on the se-
quential machine. Sub-dialogues can be entered from any dialogue, such
achieving dynamic conversation structures.

1 Introduction

Communication in multi-agent systems can be exemplified using the FIPA proposal
[3]. In this approach, a set of normative communicative acts (or messages) is first de-
fined. They represent the buildings blocks of a dialogue between agents. At an aggre-
gated level, agent interaction protocols define generic sequences of messages repre-
senting a complete conversation (or dialogue) between agents. This enables agents to
anticipate each other response according to some conversation patterns. Although the
FIPA specifications contain predefined protocols, they do not impose upon agent to
follow these standards (i.e. agent developers can adopt their own protocols). Conver-
sations that are defined in this way have a fixed structure that can be laid down using
some kind of graphical representation. Formalisms that have been proposed for this
purpose include graphs generated by deterministic finite automata [3], colored Petri
nets [6], or UML sequence diagrams [7].

This approach can be qualified as static, in the sense that every possible move must
be made explicit beforehand and expressed in terms of alternative sequences of com-
municating acts (with possible feedbacks or resume). In particular, there is no provi-
sion for composing existing protocols on demand e.g., it is not possible for a given
protocol to call another protocol at run time, and thus define dynamic conversation
structures. In many ways, this situation is truly reminiscent of the early days of com-
puter programming i.e., at the time when programs were monolithic objects lacking
decomposition into procedures, function or subprograms. These programs, just like
FIPA protocols, were truly static objects, and there was no such thing as a stack of ac-
tivation records reflecting the dynamic embedding of successive procedure calls.

We strongly believe that there is a definite need for dynamic conversation struc-
tures i.e., for a model of agent conversation that would include the embedding of suc-
cessive and/or nested protocol calls within a multi-agent system state. First of all, a
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much higher degree of modularity and reusability could be thus achieved. Secondly,
and perhaps more importantly, this should allow for an easier diagnosis and recovery
from the various deadlocks that can occur in a conversation i.e., when one party fails
to answer as expected. We have been looking therefore for a model of dynamic con-
versation structures. Furthermore, we wanted to come up with a conversation lan-
guage that would lead to directly executable specifications.

As a prerequisite, a formal model of agent communication at the message level is
required. Recently, Hendriks and al. have advocated a new approach based on syn-
chronized pairs of communication primitives [5]. Defined as “neutral” actions enjoy-
ing a well-defined and clear semantics, these logical primitives can be used for many
different purposes, including the implementation of speech acts. In order for two
agents to communicate, both parties must first agree to an exchange (e.g., by inde-
pendently using an external exchange protocol based on these synchronized pairs).
Each exchange then involves either a deductive or an abductive task performed inde-
pendently by one of the agents. As an example (that we develop later), this can be
used in collaborative models to synchronize successive negotiation rounds as well as
the successive steps in each round.

In order to get executable specifications, the operational semantics of the complete
model must be given in sequential terms. Towards this end, we first extended a gen-
eral model of individual agent with sensing [9] to include the notion of non-
deterministic plans (or nd-plans in short). Originally given in abstract functional
terms, this model was developed into a set of concrete procedures that represent a se-
quential abstract machine generating runs for non-deterministic agents. We then inte-
grated within this framework a simplification of the communication model [5]. In the
resulting model [1], two agents communicate under the control of nd-plans requiring
each a synchronization flag. These plans are directly executable on our abstract ma-
chine (in essence, a sequential machine with deductive capabilities).

Our goal in this paper is to try and obtain executable specifications of agent dia-
logues that do not require an explicit synchronization. Towards this end, we shall con-
sider a communication language that will be defined in terms of branching sequences.
This language will allow us to rewrite nd-plans as dialogues. Reversibly, dialogues
can be compiled back into nd-plans, and then executed on the original machine. Our
main result is that dialogues can be deterministically and simply sequentially executed
using a single pair of synchronization and sequencing flags. Furthermore, as sub-
dialogues can be entered from any dialogue, we thus achieve dynamic conversation
structures.

The rest of this paper is organized as follows: in section 2, we review the definition
of deductive communicating agents. Section 3 proposes a language for writing agent
dialogues that are equivalent to nd-plans. Section 4 gives its operational semantics via
compiling functions for translating dialogues into nd-plans. This approach is finally
illustrated with an example of a multi-round negotiation.

2 A Model of Deductive Communicating Agents

As a prerequisite for the interpretation and/or compilation of executable agent dia-
logues, we first need to define and implement a model of communicating agents. To-
wards this end, we used and simplify the proposal made by Hendriks and al. [5].
Following a purely logical approach, they introduced two pairs of neutral
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lowing a purely logical approach, they introduced two pairs of neutral communication
primitives i.e., fell/ask and req/offer that correspond to data exchanges enjoying a
well-defined semantics and can be used for many different purposes. In each pair, r is
designated as the receiver and s as the sender. The first pair can be defined as follows:

Message ftell(r,[]) from sender s provides r with data /] and message ask(s,[7)
from receiver r expresses his willingness to solve a query [/ using any data sent by
s. Both messages are sent without reciprocal knowledge of what the other agent
wants or does. In particular, the data /J volunteered by s is not given in response to
r’s asking. If these two messages are put together through some kind of external
handshake or synchronization, then by using both his own knowledge and the data
[7 told by s, receiver r will try and answer his query /J. Formally, receiver r will
compute the most general substitution /7such that

roo oo

where [ represents the local state of the receiver. As the unknown substitution [
stands after the deduction sign - , 1.e. within the conclusion, this amounts to a
classical deductive task.

According to Hendricks & al., /7 in ask(s,/[7) can contain free variables but /7 in
tell(r,/]) must be closed; furthermore, I’ — [7is not required (i.e., s is not required to
be truthful or honest). We shall illustrate this type of exchange through a simple ex-
ample. Let the local state /" of r be such that

I'  father(abram,isaac) [ father(isaac,jacob)
and let us consider the following pair of messages
message sent by s: tell(r,[1XYZ father(X,Y) [ father(Y,Z) [] grandfather(X,Z))
message sent by r: ask(s, grandfather(X,jacob)).
In this first scenario, s tells r a closed implication, and r asks s for some data that
could allow him to find out who is the grandfather of jacob. Using the data sent by s,

r is then able to deduce the substitution X=abram.
In contrast, the second pair can be defined as follows:

Message req(r,[]) from sender s requests r to solve query [/, and message of-
fer(s,[]) from receiver r expresses his willingness to use data [/ for solving any
query submitted by s. When put together, these two messages will lead the re-
ceiver r to find the possible instantiations of his free variables in /7 that allow him
to deduce /[]. Formally, receiver r will compute the most general substitution []
such that

rooo bFo.

As the unknown substitution [/ stands before the deduction sign -, i.e. within
the premises, this amounts to a non-classical abductive task.

According to Hendricks & al., [71in req(r,[]) must be closed but [/ in offer(s,[]) can
contain free variables; furthermore, [’ - [7is not required, but [’ [7is not al-
lowed. To illustrate this second type of exchange, let us consider the following pair of
messages

message sent by s: req(r, X grandfather(X,jacob))
message sent by r: offer(s, father(X,Y) [ father(Y,Z) [] grandfather(X,Z)).
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In this second scenario, s requests r to find out if there is a known grandfather for
Jjacob. Independently, r offers s to abduce a substitution for the free variables in his [/
that would allow him to answer. In this case, using his knowledge contained in /" and
the implication he offers, r can abduce the same substitution as before.

In both of the above exchanges, no data is sent back to s, and the corresponding
formal semantics captures the processing done by r only. In other words, the sender
will not be aware of the results of the receiver’s computation. For the sender to get
this result, a reversed exchange (e.g. an ask/tell) is needed. While this is perfectly ap-
propriate for the first type of exchange (after-all, the sender who volunteers data is not
necessarily interested in the receiver’s computations), we feel that, in the second case,
the sender who expresses a need for data should automatically benefit from the re-
ceiver’s computations. Furthermore, as abductions are difficult to achieve and imple-
ment, we favor exchanges that do not rely on abduction. Giving up the reg/offer pair,
we thus defined and implemented instead a simplified call/return pair that relies on
deduction only and makes the results of the receiver’s computations available to the
sender. By doing so, we did end up with a less powerful model. It is interesting to
note however that all req/offer examples given in [5] can be expressed as call/return
invocations. In particular, if the receiver’s local state includes closed forms of his of-
fer [, then a req(r,[))/offer(s,[]) pair reduces to a call/return pair. This new pair is de-
fined as follows:

In the call(r,[)/return (s,[]) pair, both [7and /7 can contain free variables. This ex-
change is then interpreted as the sender s calling on r to instantiate the free vari-
able in his query /7. Independently, the receiver r is willing to match his query [/
with the sender’s /7 and return the instantiations that hold in his own local state.
Formally, receiver r will deductively compute the substitution /Js. t.
[f=Odand I' = 001

As indicated above, this information will be made available to the sender, i.e. sub-
stitution //will be sent back to s.

To illustrate this, let us suppose that we now have
I' | father(abram,isaac) father(isaac,jacob)[]
[IXYZ father(X,Y) [ father(Y,Z) [] grandfather(X,Z)
message sent by s: call(r, grandfather(X,jacob))
message sent by r: return(s, grandfather(X,Y)).

This exchange is to be interpreted as s calling on r to find out the grandfather of
jacob i.e., to instantiate the free variable in his query. Independently, r is willing to
match the sender’s call and to return the substitutions that hold in his local state. Once
again the substitution X=abram will be found. In contrast to the previous exchanges
however, this information will be sent back to the sender.

3 A Language for Agent Dialogues

In order to first get an intuitive feeling for the language we have implemented, we
shall start with an illustrating example. Towards this end, let us consider a simplified
version of the rwo-agent meeting-scheduling example of [5]. In this application, one
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agent is designated as the host and the other one as the invitee. Both agents have free
meeting slots e.g.,

I | meet(13) [ meet(15) [T meet(17)

" = meet(14) [1meet(16) [1meet(17)
and they must find their earliest common slot (in this case, /7). We shall make use of
a predicate epmeet(T1,T) meaning “T1 is the earliest possible meeting time after T ”,
defined as

meet(T1)[(TI>=T)[] (meet(TN(T>=T)(TI<TI)) ] epmeet(T1,T).

The solution involves successive negotiation cycles. The host has the responsibility
of starting each cycle with a given lower time bound 7. A cycle comprises three steps,
each step involving a exchange of messages. In the first step, the host initializes a
call/return exchange calling on the invitee to find out his earliest meeting slot 7/ after
T. In the second step, roles are swapped: the invitee initializes a call/return calling on
the host to find out his earliest meeting slot 72 after 7. In the third step, the host ei-
ther confirms an agreement on time 72 (if 7/=72) by initializing a tell/ask exchange,
or starts a new cycle with 72 as his new lower bound.

This solution can be informally expressed as follows:

“start with a call/return exchange,
proceed with a return/call exchange,
conclude with a tell/ask exchange or resume”

A formal rewriting under the form of two synchronized dialogues is then

dialog(invite(Invitee, T), [T1,T2],
[call(Invitee,epmeet(T1,T)),
return(Invitee,epmeet(T2,T1)),

((T1=T2 | [tell(Invitee,confirm(T2)),
execute(save(meeting(12)))]);

(TI\=T2| [resume(invite(Invitee,T2))]))])

dialog(reply(Host),[T,T1,T2],
[return(Host,epmeet(T1,T)),
call(Host,epmeet(T2,T1)),

((TI1=T2 | [ask(Host,confirm(T2)),
execute(save(meeting(T2)))]);
(TI\=T2| [resume(reply(Host))]))])

where “,” and “;” are sequence (or conjunctive) and alternative (or disjunctive) opera-
tors , respectively. Variables start with capital letters, and variables that are local to a
dialogue are listed before the messages. As it is quite apparent in this example, each
dialogue consists of a branching sequence of messages i.e., a sequence with an end
alternative. Similarly to lists, branching sequences can have an embedded structure.
Unless they are resumed (with a resume message), dialogues are exited at the end of
each embedded branching sequence. Actions interleaved with messages can be exe-
cuted with an execute message. Although this simple example does not make use of
this possibility (for a more complex example, see section 5), sub-dialogues can be en-
tered (with an enter message) from any dialogue, such achieving dynamic conversa-
tion structures. The corresponding BNF syntax is given below in Fig. 1
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<dialog> ::= dialog(<dialogName>(<dialogParams>),<varList>,<branchSeqg>)
<varlist> ::= [] || [<varName>|<varList>]

<branchSeq> =[] || [<alt>] || <seq>

<alt> ::= <guardMes> || (<guardMes>;<alt>)

<seq> ::= [<mes>|<branchSeqg>]

<guardMes> ::= (<guard>|<branchSeq>)

<mes> ::= <messageName>(<messageParams>)

<messageName> ::= ask || tell || call || return || execute || enter || resume

Fig. 1. BNF productions

As usual, “|” separates the head and tail of a list i.e., [m,|[m,|...[]]]=[m m,,...]. We
also use “|” to isolate the guard in a guarded message. To avoid confusion, we use “||”
as metasymbol for representing choices. We leave out the definitions for names, pa-
rameters and guards, these being identifiers, first order terms and expressions, respec-
tively. Branching sequences permit end alternatives, but do not allow for starting or
middle alternatives i.e., cannot contain the list pattern [<alt>|<branchSeq>].

4 Compiling Dialogues into nd-Plans

In order to define the operational semantics of our language, we shall first implement
a multi-agent system under the form of an abstract machine. In this system, agents us-
ing the primitive messages defined in Sect. 2 will communicate under the control of
non-deterministic plans using a synchronization flag. These plans are equivalent to
dialogues with an implicit synchronization. Reversibly, dialogues can be compiled
back into plans and then executed on the sequential machine. As it is common, we
shall not distinguish here (at least until the end of Sect. 6) between the term dialogue
and conversation.

4.1 An Abstract Machine for Communicating Agents with Plans

Let us consider a multiagent system consisting of a class of identical agents. Similarly
to classical objects, we shall distinguish the class itself, considered as an object of
type “agent class”, and its class members i.e., the objects of type “agent instance”.
The class itself will be used both as a repository for the common properties of its
members (including the definition of the abstract machine), and as a blackboard for
agent communication. We shall consider purely communicating agents i.e., the envi-
ronment will be ignored, and thus there will be no agent sensing. We will also delay
the dynamic embedding of plans until we introduce the compilation of dialogues.
There will thus be no need yet to consider local variables, or to maintain stacks of ac-
tivation records. The local state of a class of agents will be defined by a vector [ =
[19° I'...I'], where the components [“ and [' are the local state of the class and its
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members identified by an integer i=1...n, respectively. We will make use of a predi-
cate agent and assume that [’ F agent(i) whenever agent i belongs to the class.

Messages exchanged between class members must use a data transport system. We
shall abstract this transport system as follows: any message sent by an agent (this
message being necessarily half of an exchange between a sender and a receiver, as in-
troduced in the previous section, with the exception of the resume message to be used
to reenter the same plan) will be first posted in the class. The class itself will then in-
terpret the message’s contents, wait for the second half of the exchange (thus achiev-
ing synchronization), and finally perform the computation on behalf of the receiver.
Each message will be blocking until the exchange’s completion i.e., no other ex-
change of the same type will be allowed between the sender and the receiver before
the exchange is completed.

Let us assume that the language defining each [ includes a set P = {p, p,, ...} of
non-deterministic plan names (nd-plan in short) and four predicates plan, priority, do
and switch. For each agent i, its current plan p' [1 P refers to a set of implications
“conditions” [] do( pi, a), where a is an action. In the case of communicating agents,
actions will be identified with messages, and conditions will include a synchroniza-
tion flag sync referring to the successful execution of the preceding message. As an
example, let us consider the plans corresponding to the dialogues of section 3. In or-
der for the first cycle in each plan to be started, we will assume that flags
sync(dialog(invite(Invitee,T))) and sync(dialog(reply(Host))) have been raised before-
hand. The corresponding host and invitee plans i.e., invite(Invitee,T)) and re-
ply(Host)), are defined as follows

sync(dialog(invite(Invitee, T)))[]

do(invite(Invitee, T),call(Invitee,epmeet(T1,T)))

sync(call(Invitee,epmeet(T1,T))) []

do(invite(Invitee, T),return(Invitee,epmeet(T2,T1)))

sync(return(Invitee,epmeet(T2,T1)))[ 1 T=T2 ]

do(invite(Invitee, T),tell(Invitee,confirm(T72)))

sync(return(Invitee,epmeet(T2,T1)))] (T=T2) [J

do(invite(Invitee, T),resume(invite(Invitee,T72)))

sync(dialog(reply(Host))) [

do(reply(Host),return(Host,epmeet(T1,T)))

sync(return(Host,epmeet(T1,T))) [

do(reply(Host),call(Host,epmeet(T2,T1)))

sync(call(Host,epmeet(T2,T1)))[1 T=T2 [J

do(reply(Host),ask(Host,confirm(T2)))

sync(call(Host,epmeet(T2,T1)))] (T=T2) []

do(reply(Host),resume(reply(Host)))

Message resume, used by an agent to reenter a plan, is interpreted by a state trans-
former function 7 defined as

o™, I,...], resume(p)) = [1°, ...I'-{plan(_),sync(_)} 0 {plan(p),sync(dialog(p))},...]

Similarly, processes of priority n encompass implications “conditions” [] do(n, a).
Let us further assume that each agent’s initial nd-plan p, and the class highest priority
n,can be deduced from , i.e. I' I plan(p,) and I" = priority(n,). The abstract ma-
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chine that defines the run of a class as a loop interleaving individual agent run cycles
is then defined by the following procedure
procedure run“(l)
loop for all i such that |
if l = plan(p,)
then react( l,p(,i );
if1e priority(n,)

then process™*(l,n,)

Class

- agent(i) do

In each cycle, initial plans p, are activated by a procedure react. Synchronization
occurs though a procedure process™. These procedures are defined as:

procedure react(Lp')

ifl = do(p, a)

thenl [{la)

elseif I & switch(p, p'J
then react(Lp'])

procedure process™(1,n)
if1e” - do(n, a)
thenl [7“(La)
elseifn>0

then process”“(I,n-1)

In each react call, the agent’s first priority is to carry out an action a from its cur-
rent plan p’. Otherwise, it may switch from p' to p'/,a recursive call to react leading in
turn to the same options. In any case, the next run cycle will again deduce and acti-
vate (possibly different) initial plans p,. If the switch predicate defines directed
acyclic graphs rooted at each possible p,, corresponding thus to a hierarchy of plans
with decreasing priorities and thus ensuring termination, then react' will always select
the applicable nd-plan that has the highest implicit priority. This feature allows direct-
ing an agent to adopt a new plan whenever a certain condition occurs. It is however
not required to implement purely communicative agents and the else branch of react
will thus be ignored in the sequel. Similarly, process™" will execute the process that
has the highest explicit priority.

The state transformer function [Tused to interpret message fell(r, [) sent by s is

e, ], tell(r,0) =

if busy(tell(r,(]) [T

then [1°°[] {ack(s,tell(r,())},... L0 {busy(tell(r,(]))},...]
else [1°... I',...]

The functions for messages ask(s,[]), call(r,[]) and return(s,[J]) are similarly defined. According
to these functions, each message is thus first posted in the class, a busy flag is raised in the
agent state, and the message waits to be synchronized. Synchronization occurs when two mes-
sages belonging to the same pair have been acknowledged. This synchronization is triggered by
two priority processes defined as

ack(s,tell(r,[])) [T ack(r,ask(s,[7))) [0 do(2, tellAsk(s,r,[],[7))
ack(s,call(r,[)) [] ack(r,return(s,[ 1)) [1 do(1, callReturn(s,r,7,7))

las:

The state transformer function 7" achieving synchronization is:
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e, . ] tellAsk(s,r,0,0)) =
ifron oo

then [lam lack(s,tell(r,[]), ack(r,ask(s,[]))},..
I-{busy(tell(r,[])), sync(_)}[]{sync(tell(r, ﬁ))},...

I-{busy(ask(s,[])), sync(_)}[1{sync(ask(s,[I[))},...]
else [1°°... F,...,...]

e e, . 1. ] callReturn(s,r,0,00)) =

if r=Cand ' (177

then [1°- {ack(s,call(r,[])), ack(r,return(s,(]))},...
I-{busy(call(r,[])), sync(_)}{sync(call(r,[]))},...
I'-{busy(return(s,[1)), sync(_)} I {sync(return(s,[JC))},...]
else [1°°... F,...I,...]

In short, all the flags are removed and a new sync flag carrying the computation re-
sults is raised. To ensure a simple execution scheme, a single such synchronization
flag is used at any time.

4.2 Compiling Dialogues

The concrete operational semantics for the complete language of fig. 1 are finally
given below in fig. 2. This definition takes the form of compiling functions for trans-
lating dialogues into nd-plans. It closely follows the BNF syntax given above, with an
exit message being automatically added at the end of each branching sequence. Each
compiled message is assigned a unique sequence number. This number is used to de-
fine the sequencing flag seq(D(1I)) that will be raised when message with sequence
number / from dialogue D is executed. This flag in turn will be used as a sequencing
condition for the next message (recall that our abstract machine does not have a pro-
gram counter, and that execution is triggered by deduction). Sequencing conditions
are required to serialize successive messages that may have the same synchronizing
conditions and thus could otherwise not be distinguished (recall also that synchroniza-
tion occurs when the two messages belonging to a primitive pair have been acknowl-
edged: two distinct messages whose preceding pairs are identical will thus have the
same synchronizing condition). As an alternative solution, the sequence number could
be introduced in the synchronization flag.

As stated by the implication compiled by comp,,, the condition for the execution of
message P(X) is var(Var)[Synclseq(D(1)), where Sync is its synchronizing condition,
seq(D(I)) its sequencing condition (with I referring to the preceding message), and
Var is the list of local variables from the current dialogue. When this condition is
checked, the variables in the list Var will be unified with the corresponding variables
in Sync. Before P(X) is actually executed, the sequencing condition for the next mes-
sage will be updated into seq(D(J+1)), with J+1 referring to the current message. The
local variables will be similarly updated. As possible instantiations will be carried
over from Sync, this will allow for the result of the previous message to be taken into
account.
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comp,,,.(dialog(D,Var,BranchSeq)) = {dialog(D,Var)} [
COMp,..s..(D, Var,BranchSeq, sync(dialog(D)),0,0,N)
COMPypppsed D Var, [1.Syne, 1.0, J+1) = {var(Var)SynclIseq(D(I)) (] do(D,save(seq(D(J+1))))[]
do(D,save(var(Var)))[]
do(D,exit(D));}
COMP,,rensea D> Var,[AR], Sync,1,J,N) = comp,,(D,Var,Alt, Sync,1J,N)
COMP,, s D Var,Seq,Sync,ILJ,N) = comp,,(D,Var,Seq,Sync,1.J,N)
comp (D, Var,GuardMes, Sync,1,J,N) = comp,,,...(D, Var,GuardMes, Sync,I,J,N)

comp,,(D,Var,(GuardMes;Alt),Sync,1,J,N) = comp,,,...(D, Var,GuardMes,Sync,1,J.K) []

comp (D, Var,Alt, Sync,[, K,N)

alt)

alt

comp,, (D,Var,[Mes|BranchSeq],Sync,1.J,N) = comp,, (D,Var,Mes,Sync,I,J,K) [

seq’ ‘mes

comp,,..s..(D, Var,BranchSeq ,sync(Mes),K,K,N)

(D, Var,(Guard|BranchSeq),Sync,I,J,N) =
comp,,..s..(D, Var,BranchSeq,Sync. Guard,I.J,N)

COMP pariptes

comp,,(D,Var,P(X),Sync,1,.J,J+1) = if P [ {tell,ask,call return,execute,enter,resume/
then {var(Var)[Syncliseq(D(1)) [1 do(D,save(seq(D(J+1))))[]
do(D,save(var(Var)))[]
do(D,P(X))}

Fig. 2. Compiling functions

The last argument of each compiling function returns the last sequence number as-
signed by the function. Two input arguments i.e.,  and J, provide the sequence num-
bers that are required to compile the sequencing conditions for the current and next
messages. When compiling end alternatives in function comp,,, I keeps its value while
J is set to K, the current last sequence number. When compiling sequences in function
comp,, , both I and J are set to K (globally, both I and J work similarly to the split sec-
ond hand of chronograph i.e., they eventually fly back to K, but under different condi-
tions).

When compiling end alternatives, function comp,, similarly keeps its synchroniza-
tion flag Sync. In contrast, when compiling sequences [Mes|BranchSeq], function
comp,,, introduces a new synchronization flag sync(Mes). The exclusion of starting or
middle alternatives in branching sequences precludes the compilation of complex
synchronization flags of the form sync(Sync,) isync(Sync,)[... that otherwise would
propagate in parallel and then possibly lead to backtracking on execution. Similar re-
marks apply for sequencing flags i.e., like pure sequences, branching sequences can
be serialized using a single sequencing flag. In other words, this means that messages
may have at most one direct predecessor message. But, contrary to pure sequences,
they may have multiple successors. A simple sequential execution scheme can thus be
achieved by updating a single pair of sync and seq flags at each step. We have the fol-
lowing result, whose proof intuitively follows from the preceding remarks:

Proposition Dialogues based on branching sequences can be simply sequentially
executed (i.e. by using a single pair of synchronization and sequencing flags). Fur-
thermore, if all the guards in a given alternative are mutually exclusive, then this
execution will be deterministic.
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Turning now to the interpretation of primitive messages (recall that tell, ask, call,
and return have been defined earlier), we have the following new state transition
functions, where a stack ¢ is used to store agent’s i current active dialogue embed-
ding:

r(f...<l,t>,...], execute(a)) =

ifl(l...<lt>,.. ], a)=[..<l[I>,...]

then [...<lif?[sync(_)}ﬁT{sync(execute(a))},ti>,...]

else [..<l)t>,...]

[y[....0,¢75... ], resume(q)) =

if dialog(q,v)0 '

then [...[1-{plan(_),var(_),seq(_), sync(_)}

[{plan(q),var(v), seq(q(0)),sync(dialog(q))},t1...]

else {undefined}

C(f...[0,17...], enter(q)) =

if dialog(q,v)0 '

then if {plan(p),var(w),seq(p(s))} I

then [...[1-{plan(_),var(_),seq(_),sync(_)}

Lfplan(q),var(v), seq(q(0)), sync(dialog(q))},

push(t,{pw,s})Ll..] v

else [...[1-{sync(_)} [ {plan(q),var(v),seq(q(0)),sync(dialog(q))},t[,...]

else {undefined}

AL e0L. ], exit(q)) =

if not empty(t) and top(t') = {p,w,s}

then [...[0-{plan(_),var(_),seq(_),sync(_)} O {plan(p),var(w), seq(p(s)), sync(enter(q))},

pop(t)Ll..]

else [...[I-{plan(_),var(_),seq(_),sync(_)},t[,...]

Contrary to entered dialogues, resumed dialogues are not stacked. They can thus be
used to implement reentrant monitors (see below in section 6).

5 Example: A Multi-round Negotiation

As an example of the complete language, let us consider the extension to n agents of
the meeting-scheduling problem. This solution involves successive rounds, each
round involving in turn successive cycles. The host dialogue initializes each round,
directly followed by a general agreement or recursively by a new round. In each
round, the host will zell in turn each of the invitees (again through recursion) to reply
and then invite him for a negotiation cycle. Each such cycle will be initialized with the
bilateral agreement just reached between the host and the previous invitee. The round
itself will end up with a tentative proposal handed over to the main host dialogue.

In their guest dialogue, invitees will ask for instructions and then either reply and
recursively ask for new instructions, or ask for the general agreement. In contrast to
the solution involving only two agents, the agreement phase (i.e., ask for confirmation
and then save the information) cannot directly follow a bilateral agreement, and thus
is not included in the invite/reply but in the host/guest dialogues. The dialogues are:
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dialog(host(A,T), [T1],
[enter(round(Att, T,T1)),

((T=TI | [enter(tellAll(Att,turn(end))),
enter(tellAll(Att,confirm(T1))),
execute(save(meeting(T1)))]);
(T\=TI|[enter(host(At,T1))]))])

dialog(round([Attl|AttR], T, T2), [T1],
[tell(Attl,turn(reply)),
enter(invite(Att1,T,T1)),

((AttR=[] | [execute(equals(T2,T1))]);
(AttR\=[] | [enter(round(AttR,T1,T2))]))])

dialogteliAll([Att1|AttR],C), [],
[tell(Art1,C),

((AuR=[] | []);

(AttR\=[] | [enter(tellAll(AttR,C))]))])
dialog(invite(Invitee, T,T3), [T1,T2],
[call(Invitee,epmeet(T1,T)),
return(Invitee,epmeet(T2,T1)),

((TI=T2 | [execute(equals(T3,T2))]);
(TI\=T2 | [enter(invite(Invitee,T2,T3))]))])

dialog(guest(Host),[Turn,T],
[ask(Host, turn(Turn)),
((Turn=reply |[enter(reply(Host)),
enter(guest(Host))]);

(Turn=end | [asK(Host,confirm(T)),
execute(save(meeting(T)))]))])

dialog(reply(Host), [T, T1,T2],
[return(Host,epmeet(T1,T)),
call(Host,epmeet(T2,T1)),
(TI=T2|[]);

(TI\=T2 | [enter(reply(Host))]))])

6 Conclusion and Possible Extensions

We proposed a formal language for modeling dynamic agent conversation. The corre-
sponding operational semantics is given by compiling functions that maps dialogues
onto non-deterministic plans executable on a sequential abstract machine. The under-
lying protocol for the exchange of information relies on a flag mechanism to ensure
synchronization. One could object that this specification is too low level. We might
well try and describe it in a more abstract way, for example by using a transition se-
mantics as done in [5]. We would however be left short of true executable specifica-
tions. A number of useful extensions to the basic model are reviewed below.
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6.1 Recovering from Failures

A simple failure to answer (because the deduction involved in a communication
primitive did not succeed) or a synchronization that did not occur (because the ex-
pected agent was not available, did not anticipate the request, or simply failed) are ex-
amples of deadlocks that could prevent dialogues to proceed as expected. We have al-
ready implemented a mechanism for carching a simple failure to answer. By default,
this failure will propagate through embedded dialogues via a forced exiz. It can be
caught on demand in the first calling dialogue where it can be appropriately proc-
essed. Timeouts could be similarly handled. As an example, let us consider below the
following extension for the host dialogue, in which a successful and an unsuccessful
deduction lead to catch a status equal to end and fail, respectively.

dialog(host(Att,T), [T1,Status],

[enter(round(Att, T, T1)|catch(Status)),

((Status=end |[((T=T1 | [enter(tellAll(Att,turn(quit))),
execute(save(meeting(T1)))]);

(T\=T1I |[enter(host(A11,T1))]))]);

(Status=fail |[enter(tellAll(Att,turn(quit))),
execute(save(failed(meeting)))]))])

6.2 Monitoring External Commands

The overall behavior of any agent should allow for entering any dialogue on demand.
This behavior could be defined as a reentrant dialogue monitoring external interrupts:

dialog(monitoring(I), [Act,P,X],

[ask(l, command(Act(P(|X)))),

((Act=enter |[enter(P(|X)),

resume(monitoring(1))]);

(Act=execute|[execute(P(|X)),

resume(monitoring(1))]))])

Each agent i would have to be associated with a sensing procedure implemented as
procedure sense'(1)

if “the interrupt handler coupled with i receives the command Act(P(|X)))”

then! (1, tell(i, command(Act(P(|X)))))

Calls to sense' could then be interleaved with calls to react' within each run cycle.

In this implementation, each agent i will thus first engage in a tell(i,[])/ask(i,[])
“auto exchange” with its sensing procedure. After retrieving a command i.e., after
[1=lI=command(Act(P(|X))), it will then either enter a dialogue or execute an action,
and then resume its monitoring task.

6.3 Engaging in Multiple Conversations

Agents should be allowed to engage in multiple conversations. Instead of providing a
conversation language with a parallel (or concurrency) operator that could be used at
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the message level i.e., to interleave possible concurrent messages (as put forward in
the languages 3APL [5] and ConGolog [4], among others), we favor the simpler solu-
tion whereby each agent is a multithreaded entity interleaving concurrent conversa-
tions.

Just as a multi-agent system was implemented as a multi-threaded entity of agents
using predicate agent, a multi-threaded agent can be implemented within an extended
abstract machine using an additional predicate conversation as follows

procedure run“"(1)
loop for all i such that
sense'(l);
forall j such that I - conversation(j) do
if ' & plan(p,)
then react’( l,p(,'7 );
efc ...

Class

- agent(i) do

A new primitive message concurrent could then be used by any dialogue (such as
the monitoring dialogue itself) to create a new conversation thread when required i.e.,
we would then have

dialog(monitoring(I), [Act,P,X],
[ask(1l, command(Act(P(|X)))),
((Act=enter |[concurrent(P(|X)),
resume(monitoring(1))]);

efc ...

In this new implementation, dialogues are considered as syntactic entities that can
be attached to multiple conversations implemented as independent threads. To ensure
consistency of this extended formalism, the monitoring dialogue itself must be at-
tached to each agent’s initial conversation thread.

7 Related Work

The subject of modeling agent conversation is relatively new. Apart form the work al-
ready mentioned in the introduction i.e., [3] [6] and [7], which concentrates on defin-
ing graphical frameworks for representing static conversation patterns, earlier contri-
butions include [2] and [8]. None of this work however seems to address the issue of
modeling dynamic conversation structures. Furthermore, as the underlying communi-
cation models are either left unspecified or made to rely on speech acts, there is no
simple ways to define the corresponding operational semantics leading to directly ex-
ecutable specifications. Finally, if conversations are to be used for modeling the so-
cial ability of agents, then (as already argued by Hendricks and al [5]) computational
equivalents for speech acts should not be included in an agent communication lan-
guage, as done in KQML or FIPA ACL. Communications primitives should instead
be kept neutral, and mental attitudes should be allowed to emerge eventually as intel-
ligent behavior.
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Abstract. Pricing of information services gains an increasing impor-
tance in an I'T environment, which is characterized by more and more de-
centralized computing resources (e.g. P-2-P computing). Even if pricing
theory represents a kernel domain of economic research the pricing prob-
lem related to automated information production processes could not be
handled satisfactory. This stems from the combination of high fixed costs
with negligible variable costs. Especially in airline industries this problem
is addressed by heuristics in the so called “Yield Management” (YM)
domain. The paper presented here, shows the transferability of these
methods to the information production and services domain. Pricing a
bundle of complementary resources can not be solved by the simple addi-
tion of value functions. Therefore we introduce Machine Learning (ML)
techniques to master complexity. Artificial Neural Networks (ANN) are
used for the joint representation of the multidimensional value functions
and Genetic Algorithms (GA) should help train them in a first effort.
While this does not lead to outstanding results, we try Reinforcement
Learning (RL) in a second approach. This ML method provides encour-
aging results for efficient adaptive pricing of resource attribution related
to the multidimensional YM problem.

1 Introduction

Coordination of economic activities, at first requires efficient attribution of scarce
resources. Using the price as a measure for their relative shortness is a widely
accepted principle in economics. Further on, classic microeconomic theory [0
22J12] implicates that goods do not loose their utility until consumption takes
place. However, this is not the case for a class of goods, which can be considered
as perishable. Pricing of durable goods dominates the marketing literature [25]
31] up to now, but there can’t be found much effort in pricing perishable goods
to achieve an efficient resource allocation in this domain. Yield Management
(YM) tries to close this gap by employing a dynamic-pricing or a contingent
allocation approach in theory as well as in practice and provides valuable results
in the airline domain [§] since years. In the following we demonstrate, that the

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 5166}, 2002.
© Springer-Verlag Berlin Heidelberg 2002
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problem of optimal information pricing has many parallels to the YM task and
sketch how to transfer suitable solution methods to the Information Production
and Information Services (IPIS) domain.

2 Yield-Management Problems

The failure of conventional pricing theory in many industrial sectors stems
mostly from the existence of limiting factors, which can be expanded timely
only at the price of prohibitive high costs. Production processes however, which
are characterized by high costs for capacity resourcing and dynamic standby,
have mostly low variable marginal costs for an additional unit of output [4]. This
leads to high contribution margins (CMs). Because each additional demand unit,
bearing a positive CM, leads to a coverage of the irreversible predisposed costs
for capacity resourcing, an appropriate price/quantity management provides a
reasonable potential for profit rising.

Belobaba and Vogel [3I35] subsume all techniques of integrated pricing and
capacity control, which maximize the fixed costs coverage by attributing the
right capacity type to the right customer type to the YM domain. Kimes [I6]
identifies the following characteristics making production processes eligible for
YM methods:

— Fixed production capacities

Possibility of market segmentation

— Non-storability and perishableness of product units

Pre-production sales

— High volatility of demand

Low marginal costs of additional product units within capacity constraints
/ High costs for capacity expansion

Examples for perishable products can be found in food-, fashion-, hotel- and
airline industry. Even if first approaches for overbooking management exist since
the beginning of the 70s, a systematic development of Y M methods started fore-
most with deregulation of American aviation industry in 1979 and was trans-
ferred to the hotel, travel, logistics and transportation sector in the late 80s [32]
36]. Since the end of the 90s applications for resource allocation in telecommu-
nications are increasingly developed grounding on YM [I5]. Perishableness in
connection with services does not refer to the resource itself (rental car, hotel
room, airplane seat), but the possibility of using it to generate returns in the
actual period. The resource itself remains unchanged [36/28/6].

We will now consider the specifics of YM for Information Products and
Information Services (IPIS): The definition of IPIS denotes the customized
retrieval, replication or generation of data like e.g. the search and replication
of MP3 files on a P-2-P Server, the risk evaluation of a portfolio by customer
defined defaults or the calculation of a route for a logistic customer. Compared
with physical services following differences can be recognized:
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Processes of IPIS are often interruptible (preemptive); the state of process-
ing can be buffered and the process resumed if resources are idle again. In the
traditional YM domain this is not possible.

Whereas variable costs of production are low compared to fixed costs in the
physical YM domain, they are negligible for IPIS applications.

Duration of IPIS tasks can’t be predetermined as exactly as it is the case in
the classic YM environment. The problem must be solved employing stochastic
distributions for estimation.

3 Solving the Yield-Management Problem

Techniques to solve the YM problem, can be differentiated into heuristics and
exact optimization procedures. The best known representatives of the first group
are Nested Booking Classes (NBC') [14] and the concept of the Expected Marginal
Seat Revenue (EMSR) [3]. Both concepts ground on the division of available
seats into booking classes, which have to be sized before booking starts and
adjusted during the booking process. Requests with higher CMs can make use
of capacity from classes with lower CMs, if their contingent is used up. Whereas
the determination of class limits is done by simulation of historic data in the
NBC' process, EMSR procedure detects the point, at which the EMSR of an
additional capacity unit falls below the EMSR of the next lower class, because
the probability of an amount of requests for the higher class is correspondingly
lower.

Because YM represents a recurrent dynamic decision problem under uncer-
tainty, static solutions like linear programming do not lead to an optimal solution
[16]. Moreover Stochastic Dynamic Programming (SDP) has to be used to find
exact solutions [1]).

All YM decision problems can be described as a tree structure, where edges
represent the individual decisions (a € A = action space) and vertices denomi-
nate the system states (s € S = state space).

In our framework of decision process optimization the expected value of the
next decision is required as additional parameter to describe the reward of an
action (r € R = reward function):

R =FE{rii1|lar=a,s=8,841 =5} (1)

In every node a decision about the selection of the next edge is taken. Addi-
tionally, one can assign a probability to the selection of the actions.
P¢, =Pr{sg1=5|st =s,a. =a} (2)
A further parameter m; is employed for this purpose. It is denoted as decision
policy, because the strategy used to select the edges has direct impact on the
probability of running through a particular path in the tree.
To facilitate the analytical handling of our decision problem while using 7;,
the Markov property [27] is assumed. It implies, that the probability for the
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state transition is independent of the previous system states and decisions. This
avoids path dependency and enables a solution based on SDP. We now present
an example for SDP applied to the time dependant YM problem:

We assume a contingent of 6 seats available in a small aircraft, flying from
A to B. Seats can be sold single or as a bundle, implying that the remaining
capacity can take the state values S = {0,1,2,3,4,5,6}.

Table 1. Exemplary distribution of booking-requests

Type Probability Requested Seats Reward
F1 0.5 1 Seat 1 MU
F2 0.3 2 Seats 4 MU
F3 0.2 3 Seats 9 MU

The YM system receives capacity requests for this flight, which can be either
accepted or rejected and differ in quantity of seats and price. For simplicity we
assume only three types of seat requests (F1, F2 and F3) specified in Table 1. In
addition we presuppose that the amount of incoming requests, each enumerated
by a back counting index k, is known at decision time.

To achieve an optimal acceptance at stage k, a decision maker has to know
the type of request k, the residual capacity i, the amount of the remaining
k — 1 requests for the case of rejection, the reward Ry in stage k and the value
Vi—1(i— fx) of request k —1, for capacity i reduced by the required seat capacity
fi- It could then be tested, whether:

R+ Vi1 (i — fr) > Vi1 (9) (3)

If Eq. (3) is true, the request will be accepted, otherwise rejected. The optimal
policy for stage k£ = 1 can be calculated using the following instruction:

Accept any request, which is less or equal to the residual capacity, if there
are no further incoming requests. The expected value Vi () results from the
remaining capacity ¢ using the probability distribution given in Table 1. One
can now determine the optimal decision policy for stage k = 2. The expected
return on stage k =2 consists of the expected return (i, a) on this stage and the
value of the remaining residual capacity V;(j) on stage k = 1, where j denotes
the reduced residual capacity:

Va(i) := max(r(i,a) + > p(i,a, 5)Vi()) (4)

By comparing the capacity value for all possible states ¢ and each acceptance
policy a, the optimal acceptance policy for each state i is evaluated. Thereby
p denominates the transition probability from capacity ¢ to capacity j under
acceptance policy a. Iterating this process leads to an optimal YM policy for
each stage k. Figure 1 shows the asymptotic progression of the maximum value
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Fig. 1. Value of a given residual capacity vs. number of remaining requests

of a given residual capacity ¢ subject to the amount N of remaining capacity
requests.

Despite the optimality of the SDP approach, the computational complexity
avoids widespread implementation. This applies in particular to the so called
Network Yield Management (NYM) problem, where the customers do not only
request the usage of one resource, but a resource bundle (e.g. a multi-leg flight or
a hotel stay for several days). Approaches neglecting this combinatorial complex-
ity, like the linear addition of several resource prices by means of a Bid Pricing
(BP) procedure lead to suboptimal results [34]. Literature regarding complexity
reduction in the Markovian state space takes only account of general clustering
mechanisms and not of the multidimensional NYM problem [26/10].

3.1 Artificial Neural Networks for Value-Function Representation

A possible way to deal with the complexity problem related to the evaluation
of the optimal value function V* consists of the usage of Artificial Neural Net-
works (ANN) either to represent V* or to map the decision function [13]. Both
possibilities should be depicted brief.

In our context we employ a feed-forward ANN [7] using 3 layers of neu-
rons. The following assignment of ANN layers seems to be advisable in our YM
context:

Each resource available at valuation time ¢, represented as components of
resource vector I, is mapped by a neuron in the input layer. Besides the k
resource-neurons, a time-neuron is required in the input layer to feed the amount
of remaining future requests into the ANN. On the output side a single output
neuron indicates the value of the request (Fig. 2).
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At request time the ANN determines the value of two different resource
vectors I, namely of residual capacity in case of request-acceptance and residual
capacity in case of request-rejection. The difference yields the reservation price
for the request as decision criterion.

Employing this topology in connection with the back-propagation algorithm
a satisfying approximation of V* depicted in Fig. 1 can be achieved (Fig. 3).

Unfortunately it turns out to be difficult to use supervised learning in the
YM domain, because the result of the decision process shows up foremost af-
ter the entry of the last request and the optimal total marginal contribution
for the particular request profile is not known until it has been calculated em-
ploying SDP. One way to get out of this dilemma, is to train different ANNs
with the same sample of a value function, calculated by SDP and selecting the
best performing ANNs, hoping that the generalization property of the network
will provide satisfying solutions measured by the Average Marginal Contribution
(AMC).

According to this, the search for an optimal ANN representation of the value
function can be seen as a parameter optimization problem. The search space is
the vector space of all weights of ANN neurons, the goal function for a given
parameter constellation is the AMC which is reached by the weights, if the
particular ANN comes to application.

Fig. 2. Exemplary valuation of a reduction of resource capacity x5, x6 and x7 by a
requested order; the expected CM amounts to 3200-2300=900 MU
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Fig. 3. Typical results of a back-propagation ANN 3-5-1 after 20.000, 40.000, 60.000
and 160.000 iterations

3.2 Using Evolutionary Techniques to Improve the Value-Function

Considering the meta problem of global parameter optimization, the selection of
reasonable optimization strategies depends strongly on the structural properties
of the search space, which are not known in our case.

In case of a unimodal space a gradient search could be applied. However it will
hopelessly succumb to techniques based on Evolution Strategies [30] or Genetic
Algorithms (GAs) [11]: These start searching at a multitude of points (here:
individual ANNs) in search space and proceed with the evolutionary process by
mutation, reproduction and selection.

The application of GA-based local search strategies raises the question of
optimal sample size. Less simulations, carried out for a given ANN could lead
to the repudiation of a superior vector of weights w in favor of an inferior vector
w’ due to estimation errors. Increasing the sample size helps reducing this risk
but implies a lower number of parameterizations to be evaluated per time span.

Taking this tradeoff into account several ANN topologies were tested allo-
cating two resources only. This allows the analytical calculation of the expected
result using SDP and enables the rating of the ANNs function approximation
performance.

This led to a desired overall selection probability for high-quality individuals.
As CO operator a modified 1-point-crossover was employed: For each layer,
the rows of the weight matrices where cut at a randomly chosen column and
recombined with the remaining lines respectively columns of the mating partner
(see Fig. 4).

To determine the fitness of each particular ANN in a population 100 requests
processes were sampled including 10 requests at a time. Finally the population
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was sorted according to the fitness and reduced to the original size of 10 indi-
viduals.

Fig. 4. Sample of a two ANN 1-point crossover

Figure 5 depicts the impact of population size on the average fitness of the
value function evolving after 100 generations. The sampling rate denotes how
many processes (10 requests each) are drawn from the expected demand distri-
bution, to reduce the estimation error.

Each point represents the result of a GA after 100 generations. The plain is
the smoothed mean value estimation of the average marginal contribution after
100 generations for each given population size and sampling rate. A positive
effect of population size and sampling rate on the quality of the result can
be recognized but may be misleading with respect to the necessary calculation
effort[]

Employing simple CO and mutation operators used in this context, the com-
putational expense lies mainly in the evaluation procedure. Therefore the follow-
ing diagrams no longer show the performance for a fixed quantum of 100 genera-
tions, but a budget of 100.000 and 200.000 evaluations (Fig. 6): It turns out that
best quality is achieved at small sampling rates and populations in the 100.000
evaluations study, whereas in the case of 200.000 evaluations larger populations
come into vantage leaving the benefit of smaller sampling rates untouched. That
means calculation time should be allocated into greater populations or a longer
GA evaluation period, but not into a more precise determination of the objective
function.

! The usage of population size 5 and sampling rate 10 per generation, implying 50
child-ANNs evaluated 5 times each, leads to 100*50*5=25.000 demand streams,
whereas a population size of 20 leads to 100¥200*100=2000.000 evaluations.
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To demonstrate the scalability of our approach in the context of NYM a
stochastic request sample generator for an arbitrary amount n of resource types
was specified. For the sake of simplicity only 10 request samples for 10 different
resource types where allowed. For each of the 10 request samples and each re-
source type a capacity requirement between 0 and 9 units is chosen randomly.
The CM affected by the requests is defined randomly between 0 and 9 likewise.

Figure 7 shows the relative performance of the GA-ANN procedure compared
to the optimal solution. The results indicate a declining performance for higher
resource dimensions.

4 Reinforcement Learning for Yield-Management
Processes

The fact, that domain specific knowledge about the structural properties of the
value function (e.g. monotonicity) is not applied in the searching process and the
quality of V(s) can not be rated directly, leads to an increasing computational
expense on higher resource dimensions. For this reason the application of an
adaptive learning system, which replaces either the ANN representation of the
value function or the GA procedure manipulating this representation seems to
be indicated. Reinforcement Learning (RL), a simulation based approach, which

rests upon the Bellman-SDP seems to be a promising approach in this context
[215].

4.1 Basic Idea of Reinforcement Learning

Considering the base elements of decision optimization —states, actions and re-
inforcements (rewards)— under a system-theoretic aspect the following model
could be assumed besides the interpretation as a decision tree [33]:

— The RL-agent is connected to its environment via sensors.

— In every step of interaction the agent receives a feedback about the state of
environment s¢y1 and the reward ryyq of its latest action ay.

— The agent chooses an action a;41 representing the output function, which
changes state s;yo of environment.

— The agent anew gets a feedback, through reward ryo.

— Objective of the agent is to optimize the sum of rewards.

4.2 Stochastic Dynamic Programming

We now introduce a framework for Bellman-SDP which enables us to deduct
the RL algorithm used in our YM application. For this purpose, we introduce
two new terms:

The state value V™ (s) of a policy 7 is defined to be the expected value, which
results from the discounted state value V™ (s’) of the next state s’ summed up
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Fig. 5. Impact of population size and sampling rate on the quality of the value
function (100 generations)

Fig. 6. Impact of population size and sampling rate on the quality of the value
function (100.000 and 200.000 evaluations)

Fig. 7. Relative performance of the GA vs. layer size and amount of resources
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with the expected reward r in ¢ + 1:

V™ (s) = Ex{R¢|st=s} = E; {kart+k+1|st = s} (5)

k=0

The action value Q™(s,a) of a policy 7 in addition, depends on the action
chosen in s. Actions a which are not selected do not account for the calculation

of Q7 (s, a).

Q" (s,a) = Ey {Z’ykrt+k+1|st = S, a¢ —a} (6)

k=0

To find a path through the decision tree which maximizes the sum of rewards
we need a definition of the optimal state value and the optimal action value
respectively:

The optimal state value can be calculated recursively, based on the Bellman
equation (Eq. (5)). In contrast to the normal state value not all decision alterna-
tives are taken into account, but only the one which provides the highest value,
by summing up the discounted optimal state value of the lower decision stage
and the reward r(a, s) of the optimal action a.

V() = max {r(s.0) + 7V (<)) ™

In analogy to Eq. (7) the optimal action value Q*(s,a) of a policy m can be
written as:

Q" (s;a) = E {ripn + AV (se41) st = s, ar = a} (8)

The computation of V*(s), done by calculating Vj41(s) repeatedly, is known
as value iteration. Alternatively one can think of a policy adjustment during
the evaluation to avoid a complete decision tree exploration to rate a policy.
Such a technique, called policy iteration, is a repeated process of evaluation and
improvement: after optimizing a policy 7 yielding the improved policy 7’ a new
value function V™ (s) can be calculated to improve 7.

4.3 Monte-Carlo Methods

A downside of using the Bellman-SDP lies in the necessity to pass all states of
the decision tree to calculate the value function (full backup method). Because
it is mostly sufficient to coarsely estimate V(s), a Monte-Carlo (MC) method
can be employed. Then it is not necessary to traverse the whole decision tree,
but only several traces (episodes). With MC' method the median values of the
rewards are used as an estimator for V(s). Two fundamental proceedings have
been established in this context:

— First-visit MC method: The episodes are passed through, while recording the
mean value of the previous rewards in each visited node. If a state s, which
has already been visited occurs the mean value V (s) recorded at the first
visit, remains preserved.
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— FEvery-visit MC method: This method differs from the first visit MC method
only by the usage of an update rule, e.g. the constant-a MC method, to
improve the state value of an already visited state s.

Vieu(st) = V(st) + a[Ry — V(st)] 9)

The selection strategy for the episodes is crucial with respect to the estima-
tion of V(s): Starting with an arbitrary policy an episode is generated in the
evaluation phase. Along the trace of this episode action values are generated us-
ing the first- or every-visit method. Thereupon the improvement phase follows,
yielding an optimization of the selected policy. This process is iterated in anal-
ogy to policy iteration. The random strategy triggers a learning effect, because
exploration does take place.

4.4 Temporal-Difference Learning

While SDP makes it possible to select an optimal action a for the next state
s on a decision level k, as far as all actions in the tree have been evaluated up
to time ¢ (full backup), the MC method depends on the evaluation of at least
one episode, containing state s to calculate the )-values and to take the optimal
decisions. Temporal Difference(TD) learning combines the advantages of both
methods. Beginning with the constant-a MC method the horizon of an episode
can be shortened to one decision step TD(0), while convergence is granted for
small a:

V7(st) < V(st) + afrerr + 7V (ser1) — V(se)] (10)

Up to now only the evaluation of a policy using the TD-method has been
regarded, nothing has been said with respect to policy improvement. The same
alternation between policy evaluation and improvement in the action space em-
ployed for the MC method, can be applied to the TD(0) procedure. Writing
Eq. (10) using @-values enables us to formulate a policy iteration algorithm for
the T'D(0) method.

Initialize ()(s,a) arbitrary
Repeat for each episode
Initialize s
Select a from s by using a policy derived from @
Repeat (for each step of the episode):
Perform action a and observe r,s’
Select a'from s’ using a policy derived from @
Q(Sa a) A Q(S, a) ta [7” + ’}/Q(Slva/) - Q(Sv a)]
s+ s'5a+ a;
until s is terminal state

Temporal-Difference Algorithm
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4.5 Adapting Reinforcement Learning to Yield Management
Problems

First, we substituted SDP’s value iteration approach by a TD(0) learning.
Choosing an appropriate learning rate « turns out to be crucial in our setting:
chosen too high, the system overreacts to single requests, chosen too low, we
have too slow an adaptation process as soon as a significant change in demand
occurs.

Fig. 8. Relative Performance of TD(0) Reinforcement Learning as a function of the
number of resource dimensions and evaluations

Fig. 9. Relative performance of T'D(0) Reinforcement Learning based on a 3-Layer-
ANN value function (left: 50.000 evaluations, right: 500.000 evaluations)

Our implementation of the JAVA modules for MDPs and ANNs had to be
adapted to represent the RL version of the decision process. ANNs are still
necessary, since RL does not solve the problem of representing high-dimensional
state spaces. Nevertheless, an important advantage results from the fact, that
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ANNs will now be trainable by back-propagation: although, in the beginning,
the training samples will be as wrong as the value function represented by the
ANN, this only delays the training but does not prevent convergence, because
RL can be fed back to the ANN after every single decision.

4.6 Results of Reinforcement Learning Compared to Genetic
Algorithms

For our test problems with 1 to 4 resource dimensions we may, once again,
directly compare the performance of our T'D(0) approach to the optimal SDP
results, since all states on all stages can still be represented directly.

By using our random problem generator, we get the results shown in Fig. 9:
after 20.000 evaluations a quality less than 5% from the optimum is reached
on average and no significant negative correlation with the number of resource
dimensions is observed. For a value function represented by an ANN, however,
50.000 evaluations are still insufficient for an acceptable approximation of the
value function. Even with 500.000 evaluations training seems to have finished
only for networks with small hidden layers. However, by using a higher learning
rate « this convergence can be accelerated. If we compare these results (Fig. 9)
to the relative performance of the GA+ANN approach after 500.000 evaluations
(Fig. 7), the strong superiority of the T'D(0) approach gets evident.

5 Summary and Outlook

In summary we illustrated that dynamic pricing of (automated) information
services for an anonymous market demand shows high structural similarities to
YM problems known from other service industries. Although minor differences
exist, adapting yield management seems to offer a more promising road than
adapting classical price theory.

When comparing RL with GAs ,,breeding“ good decision functions or clas-
sical approaches of pricing in SDPs, RL clearly turned out to be the superior
choice, although our results show that for a higher number of resources dimen-
sions, we still have to use an appropriate “compression” of the state space and
it is not at all clear, that the Multi-Layer Perceptron (MLP) we used is the best
choice. We will therefore explore the following alternatives:

— Vector Quantization Methods ([20021]), using a much finer granularity of the
state space in those regions that are highly ,,used“ at the expense of a coarse
grain representation in other regions

— Kohonen Maps ([I7I18/19/29]), making only those neurons interact, which
exhibit a certain proximity relation (compared to the MLP relating all neu-
rons of one layer to all neurons of the next one)

— Neural Gas-Algorithms ([24123]), also restricting learning to the local neigh-
borhood but using an Euclidean-metric to determine the strength of inter-
action rather than the fixed neighborhood structure of Kohonen Maps.
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Up to now, only supply-side complementarities of goods/services bundles for

a single customer have been addressed. Integrating demand-side externalities be-
tween customers, known to be particularly strong for IPIS would be a promising
extension, while employing RL methods.

Another perspective can be seen in a game theoretic context, when the re-

source allocation is done by a community of RL agents, each of trying to maxi-
mize its own profit by applying Y M.
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Abstract. We present a new classification algorithm that combines three prop-
erties: It generates decision trees, which proved a valuable and intelligible tool
for classification and generalization of data; it utilizes fuzzy logic, that provides
for a fine grained description of classified items adequate for human reasoning;
and it is incremental, allowing rapid alternation of classification and learning of
new data. The algorithm generalizes known non-incremental algorithms for top
down induction of fuzzy decision trees, as well as known incremental algorithms
for induction of decision trees in classical logic. The algorithm is shown to be
terminating and to yield results equivalent to the non-incremental version.

Keywords: incremental learning, classification, decision trees, fuzzy logic

1 Introduction

Decision trees have proven to be a valuable tool for description, classification and gen-
eralization of data. This is related to the compact and intelligible representation of the
learned classification function, and the availability of a large number of efficient algo-
rithms for their automated construction [[8]. They provide a hierarchical way to represent
rules underlying data. Today, a wealth of algorithms for the automatic construction of
decision trees can be traced back to the ancestors ID3 [9] or CART [3]].

In many practical applications, the data used are inherently of imprecise and sub-
jective nature. A popular approach to capture this vagueness of information is the use
of fuzzy logic, going back to Zadeh [12]. The basic idea of fuzzy logic is to replace the
“crisp” truth values 1 and 0 by a degree of truth in the interval [0, 1]. In many respects,
one can view classical logic as a special case of fuzzy logic, providing a more fine
grained representation for imprecise human judgments. Consider, for instance, the ques-
tion whether a jacket is fashionable. Here, a simple yes/no judgment looses information,
or might even be infeasible.

To combine the advantages of decision trees and fuzzy logic, the concept of a decision
tree has been generalized to fuzzy logic, and there is a number of algorithms creating such
trees, e.g. [[7I13]. While there are alternatives, we feel the fuzzy decision trees have some
merits not easily achievable by other methods. One approach to eliminate unfortunate
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Systems in e-Commerce” (ISeC).

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 67-81] 2002.
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need to have only yes/no judgments is the use of continuous attribute values, as done in
many algorithms, e.g. Quinlans C4.5 [10]]. However, there is a difference what continuous
attributes and fuzzy values can naturally express. While decision trees with continuous
attributes can capture more fine grained decisions (e.g. “if the attribute temperature is
between 25.3 and 27.7 the state is classified as safe”), exactly this expressiveness can
turn into a problem, since the algorithm has to determine the split points itself. Fuzzy
decision trees do not admit such fine grained distinctions of the fuzzy truth values (which
would not be appropriate in our application, anyway), and thus do not have to make the
sometimes computational expensive decision between the many possible split points of
one continuous attribute. On the other hand, fuzzy logic is able to generalize multi-valued
attributes naturally: the value for one attribute, described by a linguistic variable in fuzzy
logic, can be chosen freely out of a multi-dimensional continuum of truth-degrees for
all linguistic terms (corresponding to the attributes values) of that linguistic variable.
Furthermore, unlike the approaches based on classical logic, a fuzzy decision tree is
able to capture degrees of truth in the calculated classification for new examples; “crisp”
truth values yielded only after the optional defuzzification[]

A complimentary set of approaches is the use of decision trees for probability esti-
mation, as e.g. in CART [3], which can also be viewed as a generalization of the classical
logic. We do not have an easy answer to the relation of those to approaches using fuzzy
logic; yet we feel in our case fuzzy logic captures better the nature of human intuition:
in our example, a jacket cannot be described as fashionable with 30% probability.

To the best of our knowledge, the present algorithms for induction of fuzzy decision
trees are non-incremental. However, in many applications the collection of new data
and the application of the learned function is intertwined. For instance in our project
“Intelligent Systems in e-Commerce” (ISeC) [2] we try to approximate the preferences of
the customers using an e-shop online. Each new web page visited by a user is customized
to the learned preferences of the user, and each visit of a web page yields new data on
the user behavior, which are used to update the preference function memorized for the
user. In such an application non-incremental classification algorithms meet their limits,
because they have no way to adapt their results to the new data, but rather have to be
restarted from scratch. In such an application, incremental algorithms almost always
perform better, because they simply adjust their results.

In other words, we are looking for classification algorithms that are (i) based on
decision trees, (ii) utilize fuzzy logic, and (iii) are incremental. Surprisingly, there are
non-incremental algorithms for fuzzy decision trees [7/13], and incremental algorithms
for decision trees [1L1]], but we have found no algorithm that satisfies all three properties.
The work presented in this paper is an attempt to fill this gap.

This paper discusses the general ideas underlying our algorithm for incremental
induction of fuzzy decision trees (IIFDT). In [3] the algorithms are presented in more
detail. Moreover it contains the proofs which are omitted for space reasons.

! Aninteresting approach that has been suggested, is to to break examples into fractional examples
(as used in C4.5 to deal with unknown attributes) capturing the different attribute values. Under
some circumstances this can lead to similar results as the fuzzy decision trees, but the number
of fractional examples needed is exponential in the number of attributes an example is split on.
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After introducing our notation in Sect. [2| we will shortly present the concept of
decision trees based on fuzzy logic (Sect.[3). Starting from the general idea of top-
down induction of such trees (Sect.[4] based on Janikows FID [[7]), we move in Sect.
and [@ to an incremental algorithm along a path similarly to Utgoff et. al.’s algorithm
for incremental tree induction in the classical case [11]]. Section [7] states our results on
termination of the incremental algorithm and on the identity of the decision trees gener-
ated by the incremental and non-incremental algorithm. We conclude with a discussion
in Sect.[8

2 Notations

Let us first introduce some basic notions. A fuzzy set y over a set X is a mapping from
X into the interval [0, 1] of fuzzy degrees of truth. In this paper, fuzzy sets are denoted by
small Greek letters. The size of a fuzzy set ;1 over A’ is defined as [u| = > p() .
Let U be a universe of examples. A condition is a fuzzy set over {/. This general-
izes the concept of attribute—value pairs often used for describing the examples: to
each attribute—value pair (a, v) corresponds a fuzzy set y,, that specifies the degree
Ha,v(€) an example e is described by the attribute—value pair (a, v). In the terminology
of fuzzy logic, an attribute corresponds to a linguistic variable, and a value to a linguis-
tic term. But we do not use these notions here explicitly. Because we use only binary
tests in this paper, we write, €.g., [ttechnical A0 [echnical I0Stead of [iiechnical, true and
Mtechnical, false-

A learning/classification task consists of a finite set of training examples L C U, a
finite set 7 of conditions that can be used to describe examples, a finite set of classes C,
and a (partially known) mapping x : & — C called classification function, that defines
for each example e € £ a class x(e). The goal of a learning algorithm is to generate
an internal representation describing the set of training examples, e.g. a decision tree.
This representation can be used to predict the class of new examples, i.e. examples
which are not in £ and for which c is unknown. The goal is usually to reach a good
generalization, i.e. that the classes of unseen examples will be predicted with a good
accuracy.

Example 1. Suppose a user is given some information about products. This information
is divided into several parts like a picture e, a short texts e describing features of the
product, a text es representing details etc. The user gives positive/negative feedback on
her interest in that particular piece of information. For example, if an image is presented
and the user enlarges it, then the feedback concerning the image is positive. A second
click on the image can shrink the image again, indicating negative interest. Likewise,
a text can be decollapsed from its headline / collapsed into its headline by a single
mouseclick, notifying the system about the interest of the user in that text. We aim to
get an internal representation of the users’ preferences in order to estimate her interest
before presenting a new piece of information, such that we can prefer information likely
to be relevant for her in the presentation.
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Q

image

positive: 0.0
negative: 1.0
technical technical

positive: 0.57 positive: 0.33
negative: 0.43 negative: 0.67

Fig. 1. A decision tree specifying the interests of the user in Example [l considering e, ez, e3.
How such a tree is calculated will become apparent later

If she is not interested in images, and weakly prefers technical information, we could
have the following learning problem:

L{ = {61,62,63,...}
C = {positive, negative}
€ ‘Mimage(e)‘ﬂtechnical (e)‘udesign(e)‘ X(e)

er 1 0.5 0.4 negative
es 0 0.6 0.6 negative

es 0 0.8 0.5 positive

Finally, let us introduce some operations of fuzzy logic. Here, the operations corre-
sponding to the classical conjunction, disjunction, and negation are the t-norm T, the
t-conorm L and the complement . In fuzzy logic, these functions can be chosen freely
as long as they satisfy some technical conditions. As a requirement for our algorithm we
restrict ourselves to the widely used so called algebraic norms

T(v,y) =z *y Lz,y) = +y—xxy

and the complement ¥ = 1 — x , where %, +, — are the usual multiplication, addition
and subtraction operations on real numbers.

The fuzzy operators are generalized to the operators N, U and  on fuzzy sets by
applying the operators T, 1 and point-wise. Because they are commutative and asso-
ciative, they can be extended to an arbitrary number of arguments. For more information
about fuzzy logic the reader is referred to the widely available literature, e.g. [4].

3 Fuzzy Decision Trees

A fuzzy decision tree (see e.g. Fig.[I) is a tree structure where every edge is annotated
with a condition, and every leaf is annotated with a fuzzy set over C. For conciseness,
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we consider only binary trees in this paper, where one of the conditions at the outgoing
edges of a node is chosen from 7 (we speak of the test condition of the node), and the
condition at the other outgoing edge is the negation of the test condition. The restriction
to binary trees is lifted in [3]. A further restriction is that each condition is used at most
once in each path from root to leaf.

Consider a path from the root to a leaf of the tree. Intuitively, such a path can be
interpreted as follows: whenever an example fulfills the conditions the edges of a path
are annotated with, we expect the example to belong to the classes according to the
fuzzy set the leaf is annotated with. E.g., in Fig. [l along the edges labelled image and
technical gives us a clue, that the interest of the user in non-technical images is classified
to positive with a degree of truth 0.57 and negative with a degree of truth 0.43. One
should observe that unlike in decision trees based on classical logic, the conditions on
the outgoing edges of a node are not necessarily mutually exclusive: e.g. an example
can be both technical and non-technical to a non-zero degree of truth. So we have to
combine the clues given by all paths into one final result. There is a variety of methods
to accomplish this [[7]. In this paper, we compute the weighted average of the fuzzy sets
the leafs are annotated with, where each fuzzy set is weighted by the degree the example
belongs to the conjunction of the conditions on the edges of the path. After presenting
this formally, we will discuss an example. One should observe that CLASSIFY yields a
fuzzy degree of truth as value; if a crisp output value is desired one can apply any of the
well-known defuzzification methods [4], e.g. take the class with the highest truth value.

Example (Ilcontinued). We classify an example

e ‘//Limagg ‘Mtcchnwal ‘,Uzdaszgn‘
ec‘ 0 ‘ 0.3 ‘ 0.9

according to the fuzzy decision tree in Fig.[Ik

Path leaf annotation weight | T (weight, annotation)
image {(pos,0.0), (neg,1.0)} 0 {(pos,0.0), (neg,0.0)}
(pos,0.57), (neg,0.43)}| T(1,0.3)|{(pos,0.17), (neg,0.13) }
(pos, 0.33), (neg,0.67)}| T(1,0.7)|{(pos, 0.23), (neg, 0.47)}
Classify(ec) {(pos,0.4), (neg,0.6)}

image, technical

~

{
image, technical|{

~—

The example is estimated negative to a truth degree 0.6. Thus, the corresponding text
would be shown in collapsed form.

4 Induction of Fuzzy Decision Trees (FID )

Suppose we have a set of training examples £, and we want to construct a fuzzy decision
tree classifying those examples. Similarly to ID3, Janikow describes a process of top-
down induction of the tree [7]. The main idea is to partition a fuzzy set of training
examples according to a heuristically chosen condition recursively, until the remaining
parts satisfy a pruning criterion, e.g. are either largely of one class, or of negible size.
The partitioning is then represented as a tree.



72 M. Guetova, S. Holldobler, and H.-P. Storr

Classify(e):

Classify(e) = Z T(01(e),..,0i(e)) v »

paths (01,..., 6;,v) in tree

where a path (from root to leaf) is denoted by a vector (01, ...,0;,~) of the conditions
01,...,0; the edges of the path are annotated with and the fuzzy set -y the leaf of this path is
annotated with. The scalar multiplication - and sum are element-wise.

Fig. 2. Algorithmus Classify

One should observe, that partitioning a set in the context of fuzzy logic does not
necessarily mean that each example occurs in only one of the partitions to a nonzero
degree. E.g. the fuzzy set A\ = {(e1,0), (e2,1), (e3,1)} partitioned by the condition
Wtechnical AN [technical yields the partitions

AN Htechnical = {(61, O)v (627 06), (63, 08)}
AN Utechnical = {(61, 0), (627 04), (63, 02)} .

The basic idea behind the partitioning process is to reach partitions in which the vast
majority of the examples belongs to only one class, i.e. the partition is “pure”. Thus,
if an example of unknown class belongs to such a partition, one can safely assume it
is of the class the majority is in. A widely used idea to reach this goal quickly is to
select a condition # in each step such that the resulting partitions are as pure as possible.
One measure for this “purity” of a partition A is the information theoretic information
content of the distribution of the classes in a fuzzy set A of examples@

ceC

where 1. = {(e,1) |[eeU A x(e) =c}U{(e,0) |ecelU N x(e) /=}.

Because the algorithm divides the set of training examples in each step in two par-
titions of in general different size, we can estimate the heuristic quality of the division
by a condition 6 as the weighted mean of the information contents of both partitions
weighted by the partition size:

AN
RY

IANa|

IC(ANO) .
B (AN0)

IC(ANO) +

ICW (), 0) =

The basic idea of the so called information gain heuristic is choose the condition # for
partitioning ) that has the lowest weighted information content ICW (X, 6).

? Strictly speaking, this is not the information content, because the information content is calcu-
lated from probabilities, not from fuzzy truth degrees. However, the discussed heuristic is in
close analogy to the information gain heuristic in the classical case, so this name is used here
as well.
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FID (\, x, T):

parameters: a fuzzy set of examples A , a classification function , a set of conditions 7.
implicit parameters: test selection heuristic # and pruning criterion P
returns a fuzzy decision tree

When the pruning criterion P is met, return a leaf annotated with a fuzzy set -y represent-
ing the distribution of the classes in A:

7= {3 T(ne(e) Me) [ e}
eel

else Choose condition 6 from 7 according
to a heuristic H, and return tree:

/\

FID(AN0,x, T\ {0}) FID(ANG,x, T\{6})

Fig. 3. Algorithm FID

Only one more ingredient is missing to formally define the algorithm FID for gen-
eration of fuzzy decision trees: we need to specify when to stop the partitioning. This
is the task of a pruning criterion. In this paper we use a criterion that is fulfilled if the
size |\| of the partition is below 1.5 or if more than 90% of the examples of the partition
belong to one class. Both the pruning criterion and the heuristic need to be fixed during
the lifetime of a tree, so we just mention these as implicit parameters in the algorithms.

In this algorithm, as well as in most of the algorithms discussed later, the restriction
that in each path from root to leaf each condition occurs only once is ensured by choosing
the tests from the parameter 7, that contains all conditions that may still be used in the
subtree we are about to construct or modify. In the recursive calls this parameter is
adjusted accordingly. The reader is invited to verify that FID called with the set of
training examples A = {(e1,1), (e2,1), (e3, 1)}, the information gain heuristic, the
mentioned pruning criterion, and x and 7 chosen according to Example [T] yields the
decision tree shown in Fig. [

The algorithm FID is by design a generalization of ID3: if all degrees of truth are
0 or 1, FID yields the same tree as ID3, and CLASSIFY returns the same classification
result for new examples as the classification procedure of ID3. Note that the selection
of a test condition is a computationally quite expensive process for large sets of training
examples, because one has to calculate |A|, |A N pel, |A N 8] and |A N g N G| for all
¢ € C and all conditions 6 € T . This will be one of the crucial points to consider in the
incremental version.
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5 Incremental Induction

Imagine we have a tree ¢ constructed from a training set A\. Now we get new information
and build a new tree ¢’ that is based on a new training set \’ containing A and a couple
of new training examples. Comparing the two trees, two things may occur. First, the
annotated class distributions may change, and second, the structure of the tree may
change. We follow [[L1] that proposes to separate these changes explicitly.

In afirst step, we just adapt the annotations on the tree according to the new examples
without changing the structure of the tree, except turning leafs into subtrees when the
pruning criterion is no longer met. Thus, the new examples are taken into considera-
tions without computationally expensive recalculations of the tree. However, because
the conditions at the inner tree nodes are not changed in this scheme, these will not
necessarily be the conditions the heuristic would choose at that point if the tree was
constructed with FID . So we can expect, that the tree has more nodes than necessary,
and that the ability of the tree to capture the essence of the classification function will
suffer. Thus, the ability to generalize the received information to classify new, unseen,
examples will decrease. So we have to perform a second step once in a while, that cor-
rects these shortcomings and ensures that the test condition at each inner node is the one
the used heuristic recommends.

Our algorithm consists of four recursive procedures used to perform various tasks
in updating the fuzzy decision tree. For the first step, ADDEXAMPLE performs the
discussed adding of new examples without changing the structure of the tree. For the
second step, OPTIMIZE checks whether structure changes in the tree are necessary, and
performs the necessary changes in the tree. OPTIMIZE itself uses a procedure Transpose
for swapping nodes in a subtree such that the conditions on the top node of the subtree
are as desired. These procedures are discussed in the next section after some preliminary
considerations. Additionally, the procedure CLASSIFY (already described in Fig.[2) can
be used to estimate the class of unseen examples based on the tree.

In practice, calls to ADDEXAMPLE, OPTIMIZE and CLASSIFY can be freely mixed.
For testing purposes, as discussed later, we repeatedly apply the following learning
regime:

1. Learn u new examples with Add Exzample.
2. Call Optimize if the last optimization was at least v learned examples ago.
3. Classify w examples with Classi fy.

with the parameters, say, v = 5,v = 50, w = 5.

6 Restructuring the Tree

After adding new examples to the tree the split conditions are likely to be no longer
optimal in the sense that they are the condition chosen by the given heuristic. Thus,
we have (i) to find out what the best split condition is at each node, and (ii) to change
the tree accordingly. As discussed before, computing the heuristic is a computationally
expensive process. In the context of classical decision trees, [11]] suggests to memorize
the values needed to calculate the heuristics at each node of the tree, such that they need
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not to be recalculated every time the condition is checked. These values are updated
each time a new example is added, or the tree structure is changed. We adopt this idea
for fuzzy decision trees as well. For the calculation of the information gain heuristic or
a similar heuristic this concerns the values |A¢|, | A+ N pe|, [A: N 6] and |As N pe N 6| for
all ¢ € C and all conditions 6 € 7, where ), is the partition of the fuzzy set A of training
examples added so far, that corresponds to each node ¢. Le.:

A=ANON---Nb;, (1)

where 61, ..., 6; are the conditions the edges along the path from root to ¢ are labelled
with. To put it differently - on each node we do some bookkeeping on the set of training
examples added to the subtree below that node, such that the heuristics can be calculated
more efficiently.

As an addition in every node there is a dirty flag, that is set whenever this bookkeeping
information that node is changed. As a consequence, the algorithm can skip checking the
test condition of a node for optimality whenever the dirty flag is not set. Furthermore,
the set \; needs to be memorized at each leaf node at the tree, because the leaf might be
replaced by a subtree later on.

So we introduce the new concept of an incremental fuzzy decision tree: a fuzzy
decision tree augmented with the data discussed in the previous paragraphs. For brevity,
we will call these decision trees if the meaning is clear from context. A node is called
correct, if the memorized information, that is updated by the algorithm, is equal to the
values according to the definition above.

The job of the first algorithm in the suite, ADDEXAMPLE, is mostly to recursively
update the memorized values at the fuzzy decision tree. If the pruning criterion is no
longer met at a leaf node, the leaf node is split, so that the tree can grow to accomodate
new information. In Fig. @lthe algorithm ADDEXAMPLE is given in detail.

Example (] continued). Starting with an empty tree t, we get after adding examples
e1,e9 and es an incremental fuzzy tree like Fig.[Il (We leave out the memorized data
for clarity.) Let us add a further example to the tree.

e‘/-Limage(e)‘Mtechnical(e)‘ﬂdesign‘ X(e) ‘
64‘ 1 ‘ 0.7 ‘ 0.4 ‘positive‘

The call AddExample(t,eq, 1, x,T) modifies t to the following tree:

@)

image image

techn;c% yibm'cal techn% WHical
positive: . positive: . positive: . positive: .
negative: . negative: . negative: . negative: .
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AddEzxzample(t,e,m,x, T):

parameters: A fuzzy decision tree with root node ¢, an example e and its membership value
m to the tree, a classification function x, aand set of conditions 7.

implicit parameters: test selection heuristic { and pruning criterion P.

effect: Modifies ¢ such that it takes e into account.

— If m = 0 return.
— If ¢ is an inner node with edges marked 6 and 6 leading to subtrees t; and ¢, then
— update Node ¢ with e and m.
— AddEzample(t,,e, T(m,0(e)),x, T \ {6})
- AddEzxample(ti, e, T(m,0(e)),x, T \ {0})
- else
— update memorized information at Node ¢ with e and m
— If pruning criterion is not met (anymore) and 7 # 0:
e Choose condition # from 7 according to heuristig H
e Replace ¢ by an empty tree of depth 1 with edges labelled 6 and @ and add the
examples memorized on ¢ one by one with AddEzample.

Fig. 4. Algorithm ADDEXAMPLE

The Ieft node was transformed to a subtree, because it did no longer fulfill the pruning
criterion.

The task of TRANSPOSE is to ensure that the condition at the root node of a subtree
t is the condition 6. This is done in two steps.

First, we ensure that the nodes at the 2nd level of subtree ¢ have the test condition
0. If they are leafs, this is done by constructing an empty tree of depth 1 with the test
condition @ (i.e. a tree, where all memorized values are set to 0), and adding the examples
memorized at the leaf to this new subtree with ADDEXAMPLE. For the nodes at the 2nd
level that are not leaves, we recursively call TRANSPOSE to ensure 6 is at the top of this
subtree.

As a second step, the nodes are transposed as shown in the picture in Fig. Bl such
that 6 is now at the top of the tree. The crucial point is here, that we have to ensure
that the information memorized on every node of the tree is correct after this whole
process. In the first step, this property is ensured either by ADDEXAMPLE, or by the
recursion. (More formally, in the proof of the correctness of TRANSPOSE this serves as
the induction assumption.) As the reader can verify, the information memorized on the
nodes of the subtrees A, B, C, D does not change because of the transposition since the
set conditions on the path to the tree root does not change; neither does the memorized
information at ¢. Unfortunately, the nodes ¢, and ¢5 need further consideration, because
both get new children.

Our scheme of memorizing the values needed to calculate the heuristic has the advan-
tage that we usually do not need to go through all learned examples when restructuring
a tree. We want to keep that advantage in this case as well. Here, the choice of the alge-
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Transpose(t,0,T):

parameters: A fuzzy decision tree ¢ and a condition 6.
implicit parameters: test selection heuristic # and pruning criterion P B
returns: A fuzzy decision tree, where the edges of the top node are labelled with 6 and 6.

— If t is an inner node with edges marked 6 and @ return ¢.
— For each child node ¢’ of the root node of ¢ do:
— Ift is a leaf, replace it by an empty tree of depth 1 with edges labelled # and 6 and
add the examples memorized on ¢’ one by one with AddExzample,
- elset’ := Transpose(t’, 0, T \ {6}).
— Swap subtrees and conditions in ¢ as follows:

Z 9
t to j 4 t2
: ) 0 6’ ¢’ 6’
A C D A B D

— Recalculate memorized values at ¢1 resp. t2 as sum of memorized values at A, C' resp.
B, D.

— Ifany of A, B,C and D is an empty leaf, remove it and replace its parent node by its
sibling.

Fig. 5. Algorithm TRANSPOSE

braic t-norm pays off, because the memorized values at ¢; resp. to are just the sum of
the memorized values at the roots of subtrees A and C resp. B and D. For example:

Al + [Ac] = |Ae, MO+ Ay, NE|
= Z T()\tl (6), 0/(6)) + Z T()\tl (6), 1- 0/(6))

eeU eeu

=Y D@ (¥ +1-0())]
ecU

= |)‘t1|

Summing up, a formal description of TRANSPOSE is given in Fig.[3.

Last, let us consider the last procedure, Optimize. Basically, it recursively traverses
the tree in preorder, checks whether nodes are optimal (i.e. the test condition is the one
chosen by the heuristic) and calls, if needed, TRANSPOSE to change the test conditions.
Furthermore, it prunes subtrees if they fulfill the pruning condition. Note that the calcu-
lation of the heuristic in each node is computationally much less expensive than in FID
because it can rely on the data memorized at the nodes of the incremental fuzzy decision
tree. Figurel6] gives the algorithm in more detail.
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Optimize(t,T):

parameters: A incremental fuzzy decision tree ¢, and a set of conditions 7.

implicit parameters: test selection heuristic H and pruning criterion P.

returns: A fuzzy decision tree, where the conditions on every edge are exactly the ones
chosen by the heuristic, and the pruning criteria are met at the leafs, and only at the leafs.

Iftisaleafor 7 = () return t.
If ¢ meets pruning criteria P, return leaf annotated with data calculated from ¢.
If node is marked dirty
— Let 6 be the condition chosen from 7 for this node by the heuristic H,
— t:=Transpose(t,0,T \ {0}),
— clear the dirty mark of the root node of ¢.
Return ¢ with all child nodes ¢’ of the root node of ¢ replaced by Optimize(t', T \ {6}).

Fig. 6. Algorithm OPTIMIZE

Example continued). The tree generated by ADDEXAMPLE for eq,...,eq is not
optimal: the test heuristic recommends the test technical at the top. Optimize(t, T)
therefore modifies the tree. Due to the better choice of the test conditions, one node in
the tree is pruned. Thus, the following tree represents the users interests more compactly.

Q

technical technical

desi}gn/ \de\sign

positive: 0.55 positive: 0.6
negative: 0.45 negative: 0.4

positive: 0.36
negative: 0.64

7 Properties of the Algorithms

We are mainly concerned with two properties, namely termination and correctness of
our algorithms. We conclude with the proof, that FID and the incremental algorithm
suite yield equivalent decision trees under suitable conditions.

Theorem 1. The algorithms ADDEXAMPLE, TRANSPOSE and OPTIMIZE terminate.

Sketch of Proof. In the case of ADDEXAMPLE the proof is done by induction on the
size of the finite set of available tests 7 in the classification task: this size decreases
on every recursive call. The termination of TRANSPOSE can be proven by induction on
the tree height: each recursive call is done on a tree of decreased height. The proof of
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termination for OPTIMIZE is analogous to the proof of ADDEXAMPLE, but bases on
the termination properties of the other algorithms. g

The next step is to verify that the algorithms produce incremental fuzzy decision
trees that correctly represent the set of training examples.

Proposition 1. The algorithms ADDEXAMPLE, TRANSPOSE and OPTIMIZE are cor-
rect.

The proof of this proposition involves a detailed discussion of the steps of all al-
gorithms and the calls between the algorithms. Due to lack of space we cannot present
details here.

Our intention for the use of the algorithm suite is the following. Suppose a tree t is
constructed by adding examples with ADDEXAMPLE to an empty tree and optimizing
it with OPTIMIZE. Then ¢ should be equivalent to the tree ¢’ generated by FID from the
same set of examples in the sense that ¢ has the same structure and carries all the labels of
t’. This ensures that Classi [y yields the same results for both trees. Of course, ¢ carries
some more data on each node for bookkeeping reasons outlined in Sect.[6] but this does
not need to concern us here, because these additional data are not used by Classi fy.

Because in most practical application of incremental algorithms one wants to inter-
lace the classification of some examples and the addition of new training examples, we
allow for optimization of the tree using Optimize in between calls to ADDEXAMPLE.
Formally, this tree construction procedure is defined as follows:

Definition 1. A tree t is constructed and optimized from a sequence of examples
(e1,€a,...em) if it can be constructed by the following procedure:

— Initialize t with an empty leaf.
— Foreachiin{l,...,m} do:

- AddExample(t,e;, 1,x,T)

— Nondeterministically perform t := Optimize(t,T).
- t:= Optimize(t,T).

The learning scheme introduced in Sect. Blis an instance of this definition.
Now we can proceed to our final theorem proving the equivalence of FID and our
suite of algorithms with regard to the results.

Theorem 2. Let x be a classification function, T a finite set of conditions and t a
tree constructed and optimized from a sequence of examples {(e1,ea, .. .€y). Let X =
{(ei, 1) |i=1,...,m}. Then, t is equivalent to the tree constructed by FID (X, x, T).

Sketch of Proof. 1t is easy to see that OPTIMIZE returns a tree in which every node
is optimal, i.e. has the test condition chosen by the given heuristic. One can show by
induction over the tree structure that for each node ¢ we have that the subtree below ¢ is
equivalent to the result of FID (¢, x, 7¢), where \; is defined in (1), and 7; is 7 reduced
by the conditions that label the edges on the path from the tree root to ¢.

Thus, the whole tree is equivalent to FID (A, x, 7). 0
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Fig.7. Time behavior for our incremental algorithm in comparison to FID on the house votes
database [1] (a), and simulated user behavior data (b). The diagram shows the computation time
in seconds needed to learn the examples over the number of examples learned resp. classified

8 Discussion

In this paper we have presented a suite of algorithms for incremental induction of fuzzy
decision trees. The full description and omitted proofs can be found in [5]. In fact, [S]
generalizes the results presented in this paper in two aspects: Whereas we have used
only binary tests in this article, non-binary tests are allowed, and methods for handling
missing attributes are discussed. Furthermore, the handling of the bookkeeping data
memorized at the nodes of the tree is presented in detail.

The algorithms presented here have been developed in our project to introduce per-
sonalization into a generic Web shop system. We started out from the approach of [6] to
compose a web page by automatically arranged information items, like pictures, texts,
or videos. These items can be collapsed / decollapsed by user actions, providing both
means to adapt the web page to user preferences, as well as means to implicitly collect
data about these preferences: we take the action of collapsing resp. decollapsing as an
indication of negative resp. positive interest. When the user accesses a new web page,
the interest of the user in the items of that page is predicted by a learning algorithm on
the basis of the previous interest indications of the user and attributes the shop operator
gave each item. The states of the items are then chosen accordingly.

Using a learning algorithm in classical logic, this was implemented into the hybris
jakarta e-Commerce solution [2]. However, it quickly became apparent that classical
logic is too inflexible for that purpose, because simple yes/no indications whether an item
has a feature are often counter-intuitive. So a solution based on the fuzzy logic learning
algorithm FID was implemented. To improve performance we have been developing the
presented incremental algorithm suite.

In comparison to FID the incremental algorithm has the advantage that the already
learned examples do not necessarily have to be reconsidered when updating the tree. On
the other hand there is a considerable amount of additional bookkeeping as discussed
in Sect. 6l It is not too difficult to construct an example showing that in the worst case
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the incremental algorithm cannot perform better than FID . However, we argue that
such worst-case examples hardly ever occur in practical applications. In practice, the
incremental algorithm can save a significant amount of CPU time, especially when the
learned tree more or less stabilizes its structure after learning some examples. In Fig. [7]
we show a comparison of the computation times of the incremental algorithm suite in
comparison to the non-incremental FID . Both algorithms were employed in a learning
regime as presented at the end of of Sect.[3 This regime is meant to resemble our
discussed application. Every time a new web page is shown to an user, the information
about the interest of the user in the information items of the previous is added to the
information memorized about the user. Then, the items of the new web page are classified
by the algorithm, and arranged accordingly. When using the non-incremental algorithm,
we have to recalculate the tree in this step, while it suffices in the incremental case to add
the data to the tree using the relatively inexpensive Add Fxample to update the tree, and
reorganize the tree with the more expensive Optimize once in a while. Figure [ shows
clear advantages of the incremental algorithms in our learning regime given a sufficient
number of examples. In the future we hope to check the performance of our algorithms
on data gathered from usage of a real web shop.
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Abstract. Many expert systems for diagnosis, prediction, and analysis in
complex dynamic scenarios use Bayesian networks for reasoning under uncer-
tainty. These networks often benefit from adaptations to their specific
conditions by machine learning on operational data. The knowledge encoded in
these adapted networks yields insights as to typical modes of operations,
configurations, types of usage, etc. To utilize this knowledge for the revision
and refinement of existing and future expert systems, we developed a context-
sensitive machine learning process that uses a multitude of Bayesian networks
as input for concept discovery. Our algorithms allow the identification of
typical network fragments, their relations, and the context in which they are
valid. With these results, we are able to substitute parts of existing networks
that are not yet optimally adapted to their tasks and initiate a knowledge
engineering process aiming at a precise network generation for future expert
systems which accounts for previously unknown characteristics.

1 Introduction

Bayesian networks offer a number of well-documented advantages for the
representation and processing of knowledge and uncertainty. For example, Bayesian
networks can be understood and designed by humans as well as learned from data,
and real-time capable algorithms for reasoning under uncertainty exist. Also,
decision-support systems built using Bayesian networks yield a wide range of
functionality such as decision strategies, explanations, and conflict analyses.! Given
these benefits for the diagnosis, prediction, and analysis of the behavior of complex
dynamic systems, we naturally evaluate their use in next-generation systems with
these functionalities at DaimlerChrysler Research and Technology. In this paper, we
look at Bayesian networks in two distinct scenarios:
D[ Predictive diagnosis of complex dynamic systems (e.g. components of vehicles),
taking configuration, typical modes of operations, and user behavior into account.
C[Probabilistic modeling of user preferences, behavior, and short- and long-term
objectives for assistance systems.

! See, for example, [1] for an introduction to Bayesian networks, [2] for applications, and [3]
for an overview of learning of Bayesian networks.

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 82-96, 2002.
© Springer-Verlag Berlin Heidelberg 2002



Learning from Multiple Bayesian Networks 83

In both scenarios, we have the means to generate functional Bayesian networks: for
a given technical system, we generate a Bayesian network using a translation and
generation process based on domain-specific rules. This process assembles
predefined network fragments for system components as per the related system
specifications [4]. For user preferences, behavior, and goals, we use Bayesian
networks designed by experts on the basis of past experience, results from question-
naires, and experiments. We employ object-oriented modeling techniques in both
scenarios, thus generating object-oriented Bayesian networks (OOBN) as described
by Koller and Pfeffer in [5].

Although networks generated in these ways perform their tasks well, they benefit
from additional adaptation, either by adjustment of the network parameters (proba-
bilities) or by structure learning to discover additional dependencies. We utilize the
automatically generated and processed operational data of the systems themselves as
input for these adaptations. In the first scenario, for example, we adapt the prior
probabilities of component failures according to age and usage statistics and use
machine learning to discover dependencies between modes of operation and faults,
thus improving the quality of predictive diagnosis. In the second scenario, advanced
systems for user assistance and interaction utilize statistics and machine learning
algorithms to adapt to user behavior and preferences, which enables them to predict
the needs of the user.

In both scenarios, we generate a multitude of Bayesian networks. All the networks
within such a set are similar, since they describe the same objects, and their
generation follows the same process. Yet, they are not identical, as they have been
adapted to individual characteristics of the objects they describe. It is essential to
understand that the networks are realized for their own purposes, independent of the
knowledge discovery process for which they form the input and its application, both
of which are set out in this paper.

2 A New Machine Learning Scenario

To enhance the quality of existing and future DaimlerChrysler vehicles, of services
for vehicle users and fleet owners, and of decision support within the corporation, we
target learning from and about the adaptations described and their results:

[J[We can identify the cause of system failures by discovering and analyzing groups
of systems that fail — or do not fail - and which are homogeneous with regard to
their properties, typical modes of operation, etc.

[J[We can improve diagnosis systems by adapting prior probabilities of faults
according to knowledge gained from the observation of similar systems.

[J'We can provide a user with assistance systems of higher accuracy and faster
adaptation by predicting and implementing the necessary adaptations in advance.
Thus, our goal is to deduce knowledge for feedback to the applications’ domain
experts and for the revision and refinement of existing and future expert systems
through the adaptation of operational networks and the network generation processes.
To do so, we need a new methodology, since current data mining methods are not

suitable for solving these learning scenarios, as the following evaluation illustrates.
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2.1 Shortcomings of Standard Knowledge Discovery

Given that we whish to learn from adaptations which are based on operational data of
systems for control, diagnosis or user assistance, etc. one approach for our learning
tasks is to directly utilize this operational data. But since we do not have the tele-
communications or storage technology needed to deal with the amount of data
generated many times a second for hundreds or thousands of variables in a large
number of mobile systems, we cannot simply transfer this data to a central site and
realize a standard data mining process on it.

Distributed data mining (DDM), however, addresses these issues: specialized local
models are transferred to a central site together with an extract from local data.
Computations on models and data then allow either the generation of a combined
model or the selection of the one that best fits the combined data.? Yet, DDM fails to
solve our scenarios, mainly because its primary aim is to generate a model similar to
the one standard data mining would generate on the combined data while minimizing
the necessary data flow. Distribution is considered to be merely a technical issue.

As pointed out by Provost [7], the current view of DDM is too narrow in this
respect. He notes that databases are distributed and that there may be good reasons
against a monolithic database. This is particularly true if data may have different
meanings in different contexts, as shown in [8]. When investigating causes for vehicle
component failures, for example, the context is defined by such factors as the vehicle
and its properties, its area and typical mode of operation, the behavior of its driver,
etc. The analysis and interpretation of a piece of data outside this context may fail
completely. This context sensitivity is the first key characteristic of a class of real-
world distributed machine learning problems where DDM fails.

The second characteristic of this problem class is the focus of attention. Normally,
one or several items at the local sites are of interest during the learning process, but
not the sites themselves. For example, during a sales analysis done by a supermarket
chain, a point of interest is determining which items in the range of goods are often
bought together as this will help to optimize an advertising campaign. The sites
(supermarkets) are of no interest. This is different for us. Only by looking at the sites
(the vehicles) in comparison to each other and at their particulars will we be able to
discover the knowledge needed.

Additionally, privacy issues often prohibit the transfer of the data extracts DDM
relies on from the local sites to the central site.

To summarize, we face application scenarios in which multitudes of similar
Bayesian networks and their local adaptations exist, and we need to learn from the
knowledge represented in the adapted networks. Standard knowledge discovery
methods cannot or should not be applied to our - and similar - learning tasks; yet their
shortcomings define requirements for our approach: context-sensitive knowledge
discovery from a large number of data-generating sites without the need to actually
transfer any local data records to a central site.

2 See the collection of papers edited by Kargupta and Chan [6] for an overview of DDM. We
discuss the suitability of several specific DDM approaches for our learning scenarios and
applications in [8] in greater detail.



Learning from Multiple Bayesian Networks 85

2.2 Bayesian Networks as Input for Machine Learning

The use of the adapted Bayesian networks as input for a specialized machine learning

process solves the issues discussed in the previous section:

([ The storage and transfer of Bayesian networks pose no problem: the encoding of
information within Bayesian networks is highly efficient, as enumerations of single
data sets are condensed to probability distributions and the joint probability distri-
bution of all variables is efficiently represented as decomposition.

(/[ The aggregation of single data items into probability distributions prevents direct
conclusions about individual facts and thus ensures privacy requirements.

[J[Bayesian networks are probabilistic graphical models that encode information
about symbolic variables within local context (see below).

For a sensible use of Bayesian networks as input, we have to observe not only the

meta-information about the networks but also the information encoded in the

networks and the way this information is encoded.

Meta-Information about the Networks. The relevant meta-information consists of
data about the adaptation process, most importantly the confidence in the adaptation,
i.e. our certainty that we are looking at useful information and not at learning artifacts.
Confidence is often computed by means of a test for correctness of the model on a
data sub-set, but our applications do not allow this. Instead, we follow the law of large
numbers and define confidence as the number of data records used for the adaptation.

Information in the Networks. The information encoded in the networks consists of

knowledge about single variables (via marginal distributions), dependencies and

reciprocal influences between the variables (via conditional distributions, the graph of
the network, and the resulting pathways between variables), and the complete system

(via the joint probability distribution defined by its decomposition).

Use of the complete information is impossible, as the computation of the joint
probability table is far too expensive. The knowledge about single variables alone, i.e.
the marginal distributions without the network structure, is insufficient for complex
analyses, since it neglects the dependencies. Both the existence of dependencies
between variables represented by the graph of a network and the related quanti-
fications represented by prior and conditional distributions form the relevant
information for our knowledge discovery scenarios. Consequently, we use the
following parts of Bayesian networks as objects-of-interest (OOIs) for our methods
and algorithms:

CI[Elementary network fragments: A variable together with its set of parent variables,
quantified by the respective conditional probability distribution (unconditional if
the variable has no parents). Elementary fragments form the basic building blocks
of networks, as the set of all fragments of a network is sufficient to reconstruct it.

([ Pathways: A directed path between variables, consisting of all nodes of the path in
the network graph. Pathways are useful for dependency analyses.

[ Arcs: A parent and a child variable and the edge between them. Arcs should only
be used if the existence of an arc is a valid and interesting piece of information in
itself, e.g. for the discovery of causality in functional networks as defined in [9].

If needed for the application scenario, we enhance the OOIs with the marginal

distributions of their variables, especially if we process given evidence. This is, for
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example, necessary if we need to distinguish between the instances of a target
variable such as the status of a system (e.g. defect or not). However, this may not be
necessary if the goal of the application scenario is simply the discovery of influencing
factors for this target variable.

Structured Encoding of Information in Bayesian Networks. The structure of a
Bayesian network defines the relations of the OOIs, i.e. the connections between
them, and thus the way the information is encoded. For machine learning, a structured
input domain is atypical, since many domains can be described in the simple language
of unstructured attribute-value pairs. However, this is inadequate if instances have
some natural structure and the objects described comprise components which
interrelate, as Thompson and Langley note in [10]. The conversion of a structured
domain into an unstructured representation may be possible and can simplify the
learning task, but, as Quinlan argues in [11], it may also prevent the learning of
consistent, effective generalizations.

In our domain, this argument falls short, since any information taken out of the
context defined by the complete network may be unusable: a functional dependency
between two variables is meaningless if its prior probability is close to null; a
similarity between two networks in all but one variable is meaningless if this variable
blocks all pathways between the other variables, thus resulting in a completely
different flow of information, etc.

Network Fragments and Represented Knowledge. Every OOI represents a
statement about some variables of the network and their interdependencies, as does
any composition of OOIs. A closer look at the knowledge represented in such frag-
ments of networks reveals their usefulness as independent pieces of information: due
to their object-oriented design, which is based on the systems’ physics or flows of
information, the individual parts serve as autonomous information processing units
that compute their response to an input according to their internal state and function.
The adapted information about state and function lies at the core of our interest as it
determines system behavior.

The interrelations between parts of networks and pieces of knowledge is
investigated by Laskey and Mahoney in [12], where the authors describe the trans-
lation of pieces of information from a knowledge base into network fragments. We,
however, work the other way around.

Age Defect The likelihood that a defect will occur

Milcage | Defect depends on the age of the component, its

usage characteristics (e.g. proportion of
high performance usage) and mileage,
which in turn depends on the usage.

The conditional probability distributions
Simple dependencies Network fragment quantify these dependencies.

Usage Defect

Defect

Usage [ Mileage

Fig. 1. Simple example of knowledge representation with network fragments with probabilities
and fragment interfaces omitted for reasons of simplicity
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2.3 Objectives of the Knowledge Discovery Process

To understand and implement our knowledge discovery task, we first need to define
its objectives. As set out above, we work in scenarios where advanced functionalities
of expert systems rely on Bayesian networks which are generated and implemented in
advance and customized in a local adaptation process that works on operational data
of the systems. We aim to improve both the generation and the adaptation processes.
In addition, we wish to provide additional information to domain experts.

Network Generation. The reintroduction of discovered knowledge into the network

generation process offers an opportunity for two improvements:

[JlWe can replace probability distributions that are based on assumptions by
distributions based on data.

[J'We can initiate a knowledge engineering process aiming at a finer differentiation
of systems or system components according to previously unknown characteristics.
For example, we can introduce several networks for a given technical system. Each
network represents a prototype for the system in a typical mode of operation.
Given additional characteristics, e.g. information about the configuration or a user
profile, we can predict which prototype is best suited for a system and use it
accordingly during network generation and configuration.

Adaptation of Networks. The same methods used for the adjustment of the network
generation process can be employed for the improvement of operational networks. In
this case, we utilize the adaptations carried out to identify and predict network
modifications in areas that were yet not needed and were, for this reason, not adapted
by local machine learning.?

Good examples for a potential use of this process are advanced assistance systems,
which learn about the user and the user’s preferences, adapt their services accordingly
and additionally utilize information learned about similar users to offer further
services already adapted to predicted preferences.

Knowledge Discovery. Knowledge discovery is important per se. For example, the
identification of groups of similar networks is essential in any scenario which
generates a multitude of networks. In the particular case of technical systems, the
engineering departments benefit from feedback as it enables them to improve future
systems. With user models, the identification of homogenous groups and their
characteristics and preferences allows the development of customized services, etc.

2.4 Concept Discovery
A key aspect of all of our goals is that we need to identify groups of similar objects

(systems, components, users, etc.) and find descriptions of these groups and their
organization.

3 Such an intervention requires not only bi-directional communications between the local
system and the central learning site, but also strong local computational power.



88 M. Borth

[Age = old] [ Usage = hght [Age = old] [ Usage = heavy ] [ Age = new ] [ Usage = heavy ]

& J Mlleage—low & J Mileage = high & J Mileage = low

Network fragment represents Network fragment represents Network fragment represents
group of functional systems group of defect systems group of functional systems

Fig. 2. Simple examples of network fragments describing typical characteristics of groups of
similar systems with the given variable values representing the highest marginal probabilities

Following the definition given by Gennari, Langley, and Fisher [13], our task is to
discover concepts, i.e. given a representation of objects and their descriptions, find
clusterings that group these objects into concepts; find a summary description for
each concept; find an organization for these concepts.

Many machine learning approaches for conceptual clustering try to find the groups
of objects by maximizing a category utility function which rewards pairwise feature
correlations within clusters (and sometimes additional characteristics such as
simplicity) and penalizes correlations between clusters. This method maximizes intra-
cluster similarity and minimizes inter-cluster similarity. On unstructured data,
conceptual clustering is realized with this method using the attribute-value pairs as
features and optimization strategies to find the ‘best’ partition of the input.

3  Concept Discovery from a Multitude of Bayesian Networks

Since we are not interested in a single optimal partition of the input, but instead in
typical network fragments, the knowledge represented by them, and the context they
are valid in, we have to adapt and extend the aforementioned method for conceptual
clustering in several ways. Also, for each result, we require an adequate support in the
input and the expression of significant knowledge.

As a framework for the resulting learning task, we developed a process called
Knowledge Discovery from Models (KDM), which we first introduced in [8]. KDM
is an analysis of a multitude of machine learning models aiming at parallel discovery
of insights on structures within this multitude and context-sensitive information
within the elements that form the structure. Thus, its objective is to discover
knowledge about different pieces of information, about the contexts in which these
pieces of information are valid, and about the subgroups of the input in which these
contexts are given. KDM combines aspects of machine learning in structured domains
and distributed data mining in order to generate the multiple results and their field of
validity. While the work described below is tailored towards Bayesian networks as
input, KDM itself is not restricted to a specific type of models.

The resulting knowledge discovery process is made up of these steps: we first
extract the OOIs from the input networks during preprocessing (see 3.1) and then
search for accumulations of them while taking the structure into account, which
results in complex network fragments (see 3.2). Finally, we test these fragments for
significance and category utility, which leads to a set of concepts (see 3.3) and their
interrelations (see 3.4).



Learning from Multiple Bayesian Networks 89

The focus of our analysis on network fragments to identify significant parts of the
networks has the additional advantage that we do not need to change the internal
representation of the information in the input for the algorithms. Moreover, network
fragments can represent probabilistic combinations and aggregations of objects or
features. Thus, fragments are even suitable as output of the analyses, since this allows
the representation of concept hierarchies or uncertainty about network structure.

3.1 Preprocessing

During preprocessing, which is a crucial part of every knowledge discovery process,

the subset of the input relevant to the task is selected and prepared. Then, the OOIs

are generated together with information about where they occur:

[ Network fragments, pathways, or arcs are extracted from the Bayesian networks.

([ The resulting objects are tested for pairwise equality.* Identical objects form a
group represented by a prototype (the OOI) and a list of occurrences which holds
references to the input networks in which the OOI occurs.?

3.2 Generating Fragments

The first step of the actual concept discovery is to generate potential concepts from
the OOIs and their lists of occurrences. In principle, any sensible combination of
OOIs may form a concept. Since the number of these combinations increases
exponentially with the number of OOIs, we are not able to examine all of them.
Instead, we use a process based on the ideas of the apriori-algorithm used for the
generation of association rules as introduced in [14] and analyzed in [15].

Our algorithm as depicted in figure 3 starts with the prototypes. It combines them
and subsequently resulting network fragments to more complex network fragments if
the support for the resulting fragment is above a minimal level provided by the user.
This way, combinations which lack support are suppressed and thus not considered
further in the search, resulting in the efficiency of the algorithm. The search for
combinations may be implemented in several ways, e.g. as a breadth-first search that
takes only joint occurrence into account and filters out results that do not consist of
connected OOIs after the search. This approach works well if testing whether two
OOIs form a sensible combination is computationally expensive. Alternatively, this
test may be conducted during the search, which is especially efficient if a depth-first
search is employed instead of the breadth-first search and the input networks vary
strongly. A more intelligent search strategy is a depth-first search that looks at only
the OOIs which can be combined with the current one. However, this method is only
efficient for large networks because of the necessary control structures.

4 We compare the similarity of the encoded information: The structure of the OOIs must be
identical, while it is sufficient that the probabilities belong to the same discrete interval,
defined by user-defined thresholds.

3 Implementation details: Only prototypes are stored, not all objects that were found. Lists of
occurrences need to be memory efficient and should support fast intersection operations.
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| 00I |occurrence list H-‘

combined fragment =

L) of individual fragments

| network fragment | occurrence list m <:| generate combined (U of individual fragments [J[])
= m— fragment and list

Q combinations with sufficient support generate

within a breadth-first or depth-first search \comb.lne.d occurrence list =
@ combination of fragments is possible 1) of individual occurrence lists
1

size(”] of occurrence lists) > min. support

Fig. 3. Fragment generation (an overview)

In addition to having sufficient support in the input, the resulting network fragments
fulfill the necessary criteria that they encode knowledge within the proper context, as
the combining step of the algorithm accounts for both joint occurrence and existing
interrelations.

3.3 Identifying Concepts

We now reduce the set of generated fragments to a set of concepts by first deleting
redundant and superficial information. Then, from the remaining fragments we select
those which offer high values for a measure of category utility.

Significance. First, we drop every fragment that is a subset of another fragment if
both are supported by the same input networks. Thus, we delete every fragment that
expresses no information which is not also expressed by a more specific fragment.

Second, we filter out fragments that do not encode significant knowledge. This
relative measure depends on a user-defined threshold. Useful requirements for
individual results to ensure minimal expressiveness are a minimal size of two or three
connected edges and high information content. For the latter, we use the average
entropy of the probability distributions and filter out fragments whose distributions
are, on the average, close to the uniform distribution.

Category Utility. For each remaining fragment, we look at the OOIs making it up
and the networks supporting it in order to determine the quality of the potential
concept. This quality is measured by a category utility function CU, which reflects the
requirements of the application scenario as well as more general characteristics. For
these, Gluck and Corter introduced an objective function in [16], which rewards
clusters that increase the predictability of variable values within clusters relative to
their predictability in the population as a whole. In an adapted from, we use

CUF) 10 r(JZ(OOIi |Fy) TPZ(OOIL.)% with fragment F,, i covering all OOIs, and
[ the average adaptation confidence in the networks supporting F,.

If necessary, we adapt the category utility function to reflect additional characteristics
tailored to the application scenarios, e.g. by rewarding fragments that decide among
alternatives during dependency analyses.
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Gluck and Corter’s function is normally deployed as a measure of the quality of a
partition of existing data as Fisher describes in [17]. We adapt the ideas behind this
method to our problem class: since we wish to identify relevant pieces of knowledge,
we are not interested in a single optimal partition of the input, but in all the fragments
usable for a sensible partition. Hence, we compute CU for each fragment and drop the
ones that do not fulfill user-defined criteria.

The remaining fragments express knowledge which is significant and ‘typical’ for
a group of Bayesian networks. Therefore, these fragments fulfill the requirements of
the concept discovery task of our applications.

3.4 Organization of Concepts According to Their Interrelations

Finally, we examine the interrelations of the network fragments found to understand
the context in which the knowledge encoded in them is relevant. To do so, we
determine which fragments are supported by which networks and how the fragments
interrelate in comparison to how their sets of supporting networks relate to each other.

Using intersection operations on both network fragments and the supporting
occurrence lists, we identify generic and partitive hierarchies for each result. These
hierarchies describe the more general results that include the result looked at, the
more specific results included in it, and the results which have a similar composition.

Though computationally expensive, the organization of the network fragments by
these multi-index hierarchies improves the usability of the results in complex
scenarios that result in large numbers of complex network fragments. Figure 4
illustrates a simplified example of four fragments and the hierarchies resulting from
the analysis of fragment composition and occurrence lists:

Identified network fragments with Usage and Mileage

Usage Usage Fuel Consumption Usage
IMileage ] [Defect ]<I Mileage ] IMileage] [Defect }4[ Mileage I»[ Fuel Consumption]
Fragment a: [[]] Fragment b: [[]] Fragment c: [[] Fragment d: [(]

Example using:

®
allb,clld KT i Partitive Hierarchy
000,00;0,000; @0 444444 0@ L
ooo,00000 b ) V Generic Hierarchy

Fig. 4. Generic and partitive hierarchies for concept organization depend on the knowledge
represented and supporting networks (fragments: a,b,c,d with occurrence lists [1,[],[1,[)

We identify a partitive hierarchy between b and c, since b [1 ¢ [1[1, and [J [ [,
o oog.

Generic hierarchies exist if a fragment x is a subset of another fragment y and the
occurrence list of y is a subset of the occurrence list of x.
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4  Application of the Results

4.1 Revision and Refinement of Existing and Future Networks

We utilize the generated results to reach our objectives as described in section 2.3.
The most basic operation to improve Bayesian networks is the replacement of parts of
the networks by more accurate parts found during the knowledge discovery process.
We can make such substitutions, which are possible due to the object-oriented nature
of the networks, if we do not violate the context in which the discovered fragment is
relevant. This is guaranteed if we restrict the operation to networks in the same node
of the respective generic hierarchy.

The analysis of different nodes in partitive hierarchies allows the refinement of the
network generation process and, additionally, adaptations for existing networks. For
each node, we generate networks that use the specific network fragments. A deter-
mination of characteristics of the partition, e.g. that the nodes belong to different
generic hierarchies, then enables us to decide which network is particularly adapted
for a given object.

4.2 Knowledge Discovery

Finally, we prepare the results for feedback to the domain experts:

Essential Characteristics. For complex fragments which represent various specific
pieces of knowledge, a complete representation may feature a degree of complexity
that interferes with its usability. If this is the case, we reduce this complexity by
providing the essential characteristics of the concept. Essential characteristics, a
standard method for the description of concepts, are defined as characteristics or
descriptions an object must fulfill in order to belong to the concept (see e.g. [18]). In
our learning scenario, such characteristics consist of OOIs or agglomerations of them.

We identify essential characteristics by testing if the two probabilities
P(characteristic|concept) and P(Cconcept|Jcharacteristic) are close to one. If so, a
characteristic is considered essential.

Result Map. In addition, we compute a spatial representation of the result multitude,
which provides the means to navigate the results according to personal interests. For
this result map, we use the computed correlations and dependencies of the concepts:
the generic and partitive hierarchies define edges in the graph of the map, whereas a
measure of similarity between the concepts is useful in calculating their distance in
the representation.

Even though these maps are an important part of our work, they focus on
information visualization and not machine learning so that further details are outside
the scope of this paper.
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5 Implementation and Evaluation

5.1 Implementation

We implemented our approach to knowledge discovery from a multitude of Bayesian
networks in a new software tool written in Java, called MBDiS (Multitudes of
Bayesian networks — Discovery System), a modular and expandable system, which
offers methods for preprocessing, analysis, machine learning, and accessing results. It
provides a graph-based human-computer interface to map the complex knowledge
discovery processes.

In addition, we set up a relational database for convenient storage of and access to
the Bayesian networks and network fragments. The information included in the
database is sufficient for retrieval operations targeting characteristics of the networks,
e.g. the fact that they contain certain variables, or the objects described by the
networks. The latter is important for the application work.

5.2 Experiments

To evaluate our methods and algorithms, we experimented on artificially generated
sets of networks. We generated these sets by varying several basic networks,
including the well-known ALARM network [19], or networks modeling technical
systems from DaimlerChrysler. The manual generation of the test sets allowed us to
control the variance of the networks within the sets, i.e. their sets of variables, edges,
and probability distributions.

Based on the application scenarios we look at today, we considered several distinct
situations for the variation of the sets of variables and edges. For example, we expect
only slight variances in the structures of networks generated in the diagnosis
scenarios, but greater differences between networks that model user preferences.
Table 1 shows the most important of the combinations of variances examined.

Table 1. Variances of variables and edges in the input networks

var edge 0% <10% <35% | The percentages show the probability of
0% non-existence for the basic network’s
variables and edges in the modified
<10% X X networks.
<35% X X

The resulting test sets of networks are characterized by the following figures (range of
values used during experiments are set in brackets): the total number of networks
(#n [ [70, 300]), the percentage of networks which are distinct networks (%n [
[15%, 80%]), the cardinality of the set of all existing variables (#v [1 [20, 80]), the
probability of non-existence for a variable in a single network (%v [J [0%, 50%]), the
edge-to-variable ratio from the basic network (e/v [J [1.2, 2.5]), and the probability of
non-existence for an edge in a single network provided that the edge exists in the
basic network and parent and child variables exist in the network (%e [ [10%, 50%]).
Based on our application scenarios, we are confident that these values cover the
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variance we have to expect in real-world multitudes of Bayesian networks, with the
obvious exception of the absolute numbers #n and #v.

We conducted several lines of experiments, aiming mainly at either the evaluation
of the performance of the implementation or the verification of its correctness. We
were also hoping to gain insight on the interrelations between the characteristics of
the input multitude, the parameters used during the machine learning steps, and the
results. A complete description of the experiments is outside the scope of this paper,
since it focuses on the basics ideas and methods of knowledge discovery from a
multitude of Bayesian networks and not on the details of the implementation.
However, the following results regarding the algorithm’s performance and most
important parameters may help the reader to evaluate their usability.

5.3 Selected Results

Run-time performance is primarily determined by the generation of the OOIs and
their lists of occurrences. Factors for the required timet are: t~n, t~#v,
t ~ #OO0Is (the number of OOIs, depending on %n and thus %v and %e). Currently,
the observed ¢ extrapolates on average to ¢t < 50 seconds for #xn = 1000.

The memory requirements are primarily determined by the generation of potential
concept fragments. The filter effect it relies on may not be given to a sufficient extent
if %v is close to 0 and %e < 10%. The exponential increase in required memory we
would face without the filter effect would allow solely for small networks. Thus, our
approach is restricted to application domains which either feature a minimum in
variances or small networks (the actual limits depend on both the implementation and
hardware used). Both of our application scenarios are such domains.

Looking at the impact of parameters, we see that the most influential parameter for
the generation of the network fragments is minimal support, which is defined by the
user. Table 2 shows the average values for minimal support needed for the percental
reduction of the number of fragments (%R) for various %n:

Table 2. Impact of the minimal support parameter

%R | %on=80% | %on=50% | %n=20%

40% 5% 50% 70%
70% 10% 60% 90%
80% 15% 70% -
90% 20% 80% -

A linear increase of required mini-
mal support results in increasingly
smaller reductions of fragments.

Also, the filter-effect of a minimal size requirement for individual results, used to
ensure a minimal expressiveness, is fairly strong: A requirement of at least two
connected objects may filter out up to ~50% of the generated fragments, a
requirement of three objects as much as ~70%.

For the identification of the most significant concepts, we found that the impact of
the parameters varies greatly. A working policy is to use only the 25% of the results
with the highest score.
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6 Discussion and Directions for Future Research

Theoretical considerations, implementation, and experimental evaluation show that
our approach for concept discovery from a multitude of Bayesian networks works.
The generation of network fragments builds a flexible foundation for the following
knowledge discovery steps and allows us to account for differences between
application scenarios with regard to how the Bayesian networks encode the
information relevant to the task. The context-sensitive identification of concepts and
their relations enables us to discover network fragments useful for the characterization
and improvement of typical networks, leading to the development of expert systems
better adapted to the individual characteristics of their operation.

At this point, we plan to focus our future work on improving concept identifi-
cation. For example, we plan to include user bias in the computation of the category
utility. In this context, we have to consider the effort needed to gather the necessary
information from the end-user. While we belief there will be a positive return on
investment in our complex application scenarios, others may decide that the benefits
do not overweight the costs incurred. We hope that future research will help to reduce
this effort.

In addition, we need to evaluate the extend to which we can automate the revision
and refinement process. A possible approach is to use autonomous agents in a dis-
tributed multi-agent architecture. The agents could use advanced pattern matching
methods in order to determine whether the improved piece of knowledge they are
looking at fits in with the system they are currently examining. If this is the case, they
adapt the system accordingly.

7  Conclusion

The main contribution of this paper is the introduction of concept discovery from
multitudes of similar Bayesian networks as they arise in our application scenarios and
the utilization of these concepts for the revision and refinement of expert systems.

Our work consists of both practical and theoretical aspects: it addresses several
open issues in real-world knowledge discovery scenarios where multiple data sources
generate models via machine learning, the local information (and thus the knowledge
encoded in the models) is highly context sensitive, and the focus of the knowledge
discovery process is on information about both the single data sources themselves and
items in their data. Our solution allows us to generate the information needed to pro-
vide domain experts with newly discovered knowledge, improve operational Bayesian
networks, and advance the development and deployment of Bayesian networks for
new systems.

Additionally, it helps us to gain insight on how Bayesian networks encode relevant
information and how to represent it according to our individual requirements.

We are confident that our work will open up additional application scenarios for
expert systems based on Bayesian networks and machine learning.
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Abstract. For Description Logics with existential restrictions, the size
of the least common subsumer (lcs) of concept descriptions may grow
exponentially in the size of the input descriptions. The first (negative)
result presented in this paper is that it is in general not possible to
express the exponentially large concept description representing the lcs
in a more compact way by using an appropriate (acyclic) terminology.
In practice, a second and often more severe cause of complexity was
the fact that concept descriptions containing concepts defined in a ter-
minology must first be unfolded (by replacing defined names by their
definition) before the known lcs algorithms could be applied. To over-
come this problem, we present a modified lcs algorithm that performs
lazy unfolding, and show that this algorithm works well in practice.

1 Introduction

In an application in chemical process engineering [511], we support the bottom-
up construction of Description Logic (DL) knowledge bases by computing most
specific concepts (msc) of individuals and least common subsumers (Ics) of con-
cepts: instead of directly defining a new concept, the knowledge engineer intro-
duces several typical examples as individuals, which are then generalized into a
concept description by using the msc and the lcs operation [1J2]9]. This descrip-
tion is offered to the knowledge engineer as a possible candidate for a definition
of the concept.

Unfortunately, due to the nature of the algorithm for computing the lcs
proposed in [2], this algorithm yields concept descriptions that do not contain
defined concept names, even if the descriptions of the individuals use concepts
defined in a terminology (TBox) 7. In addition, due to the inherent complexity
of the lcs operation, these descriptions may be quite large (exponentially large
in the size of the unfolded input descriptions). For the small DL &L, which
allows for conjunctions, existential restrictions, and the top concept, the binary
les operation is still polynomial, but the n-ary one is already exponential. For
the DL ALE, which extends EL by value restrictions, primitive negation, and the
bottom concept, already the binary lcs is exponential in the worst case.

To overcome the problem of large least common subsumers, we have employed
rewriting of the computed concept description using the TBox 7 in order to
obtain a shorter and better readable description [3]. Informally, the problem of
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rewriting a concept given a terminology can be stated as follows: given a TBox
T and a concept description C that does not contain concept names defined in
T, can this description be rewritten into an equivalent smaller description D by
using (some of) the names defined in 77 First results obtained in our process
engineering application were quite encouraging: for a TBox with about 65 defined
and 55 primitive names, source descriptions of size about 800 (obtained as results
of the lcs computation) were rewritten into descriptions of size about 10 [3].

This paper complements these results in two ways. First, the positive empir-
ical results for the rewriting approach led us to conjecture that maybe TBoxes
can always be used to yield a compact representation of the lcs. More formally,
our conjecture can be stated as follows. Let £ be a DL for which the lcs opera-
tion (binary or n-ary) is exponential (like EC or ALE). Given input descriptions
Ci,...,C, with les D, does there always exist a TBox 7 whose size is polynomial
in the size of C1,...,C), and a defined concept name A in 7 such that A =4 D,
i.e., the TBox defines A such that it is equivalent to the lcs D of Cq,...,C,7 A
closer look at the worst-case examples for E£ and ALE from [2] supported this
conjecture: the exponentially large least common subsumers constructed there
can easily be represented using polynomially large TBoxes. Nevertheless, we will
show in Sect.d that the conjecture is false, both for ££ and ALE.

Second, we modify the lcs algorithm presented in [2] such that it works on
concept descriptions still containing names defined in a TBox. The idea is that
unfolding is not performed a priori, but only if necessary. This technique, called
lazy unfolding, is a common optimization technique for standard inferences such
as subsumption [7/8], but was until now not employed for non-standard inferences
like computing the lcs. Though the lcs computed by this modified algorithm may
contain defined concept names, it turned out that rewriting can still reduce the
size of the description. However, since it already starts with smaller descriptions,
the rewriting step takes less time than with the unmodified algorithm.

2 Preliminaries

First, we introduce the DLs L and ALE in more detail. Concept descriptions are
inductively defined using a set of constructors, starting with a set N of concept
names and a set N of role names. The constructors determine the expressive
power of the DL. In this paper, we consider concept descriptions built from the
constructors shown in Table [l In £L, concept descriptions are formed using the
constructors top concept (T), conjunction (C' M D) and existential restriction
(3r.C). The DL ALE provides all the constructors introduced in Table [l

The semantics of a concept description is defined in terms of an interpretation
T = (A,1). The domain A of Z is a non-empty set of individuals and the
interpretation function -Z maps each concept name P € N¢ to a set PT C A
and each role name r € Ny to a binary relation rZ C AxA. The extension of -©
to arbitrary concept descriptions is inductively defined, as shown in Table [Tl

A TBoz is a finite set of concept definitions of the form A = C, where A is a
concept name and C' a concept description. In addition, we require that TBoxes
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Table 1. Syntax and semantics of concept descriptions

lConstructor name [Syntax[ Semantics

primitive concept, P € N¢ P PTCA

top-concept T A

conjunction cnb ctTnp?

existential restriction for r € Ng| 3Ir.C [{z € A| 3y : (z,y) € ¥ Ay € CT}
value restriction for r € Ng vr.C [{z € A|Vy: (z,y) €l =y e CT}
primitive negation, P € N¢ -P A\ P~
bottom-concept €L 0

are acyclic and do not contain multiple definitions (see, e.g., [10]). Concept names
occurring on the left-hand side of a definition are called defined concepts. All
other concept names are called primitive concepts. In TBoxes of the DL ALE,
negation may only be applied to primitive concepts. An interpretation Z is a
model of the TBox 7T iff it satisfies all its concept definitions, i.e., AZ = C7 for
all definitions A = C in T.

One of the most important traditional inference services provided by DL
systems is computing the subsumption hierarchy. The concept description C' is
subsumed by the description D w.r.t. the TBox T (C Cy D) iff CT C D7 holds
for all models Z of 7. The description C' is subsumed by D (C C D) iff it is
subsumed by D w.r.t. the empty TBox (which has all interpretations as models).
The concept descriptions C and D are equivalent (w.r.t. T) iff they subsume each
other (w.r.t. 7). We write C =5 D if C and D are equivalent w.r.t. T.

In this paper, we are interested in the non-standard inference task of com-
puting the least common subsumer of concept descriptions.

Definition 1 (Least Common Subsumer). Let Ci,...,C, be concept de-
seriptions in a DL L. The L-concept description C' is a least common subsumer

(Ies) of C1,...,Cyp in L (for short C = LCS,(Ch,...,Ch)) iff

1. C;EC forall0<i<n, and
2. C is the least concept description with this property, i.e., if D is a concept
description satisfying C; & D for all 1 <1i <n, then C C D.

This definition can naturally be extended to concept definitions containing names
defined in a TBox 7 simply replace subsumption by subsumption w.r.t. 7.

In general (i.e., for an arbitrary DL L), a given collection of n concept de-
scriptions need not have an lcs. However, if an lcs exists, then it is unique up to
equivalence. This justifies to talk about the lcs of Cy,...,C, in L.

3 Computing the Least Common Subsumer

In [2] it was shown that, for the DLs £C and ALE, the lcs always exists. The main
idea underlying the algorithms computing the lcs is that concept descriptions are
transformed into so-called description trees. Since subsumption can be charac-
terized through the existence of homomorphisms between description trees, the
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lcs operation corresponds to the product of description trees (see [2]). Because
of space limitations, we can only outline the lcs algorithm introduced in [2]. The
basic algorithm for computing the lcs of two EL- or ALE-concept descriptions
w.r.t. a TBox consists of the following steps:

1. Unfold the input descriptions: if the input concept descriptions contain con-
cept names defined in the TBox 7T, these concept names are recursively
replaced by their definitions until no defined names remain in the descrip-
tions. It is well-known that the process of unfolding a description may cause
an exponential blow-up [10].

2. Normalize the input descriptions: the normal form is computed by removing
concept descriptions equivalent to T, replacing inconsistent concept descrip-
tions by L, joining value restrictions for the same role, and propagating value
restrictions into existential restrictions on all role-levels. This last step of the
normalization (which is only relevant for ALE) is yet another source of an
exponential blow-up [26].

3. Transform the normalized descriptions into description trees and compute
their product: basically, the description tree of a normalized description
is just its syntax tree. The product of the description trees can then be
translated back into a concept description, which is the lcs of the input
descriptions w.r.t. 7. The product construction is explained in the next
subsection.

It should be noted that each of the three steps of the lcs algorithm recursively
traverses the whole structure of the concept description as obtained in the pre-
vious step. The basic lcs algorithm is given as a binary operation since the n-ary
les can be reduced to the binary operation using the fact that LCS(C1,...,Cp) =
LCS(Cy,LCS(Cy, ..., Cy)). Of course, one can also directly treat the n-ary lcs
by using the n-ary product of description trees. We will illustrate the lcs al-
gorithms for E£ and ALE on two examples, which are the worst-case examples
demonstrating that the n-ary les in &£ and the binary lcs in ALE may lead to
exponentially large concept descriptions (even without TBox).

3.1 The Least Common Subsumer in &L

For the DL &L, a description tree is merely a graphical representation of the
syntax of the concept description. Its nodes are labeled with sets of concept
names (corresponding to concept names occurring in the description) and its
edges are labeled with role names (corresponding to the existential restrictions
occurring in the description). We call a node w reachable from a node v by an
edge labeled with r an r-successor of v.

For example, the trees depicted in the upper half of Fig. [l were obtained
from the concept descriptions

C}:=Fr(PNIr(PNQRNI(PNQ))) N I(QNIr(PNQRMNI(PNQ))),
C3:=I(PNQNIr(PNI(PNQ))NI(QNI(PNQ))),
C3:=3r.(PQN3Ir(PNQMNIr.PMN3rQ))).
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G(ICYH: wo: G(C3H: wo:0 G(CE): zo:0
’U1'P U4:Q
P,Q P,Q : wa : Q
rl lfr rl lr /\
P,Q P,Q :PQ ws:PQ
3 3 3\ .
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y1: P ys 1 Q
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yz3: P oys: Q e : P yr:Q yio: Py :Q 13 Pyis 1 Q

Fig. 1. Description trees of C3,C35,C3 and their product

The product Gy X -+ x G, of n EL-description trees Gy,...,G, is defined by
induction on the depth of the trees. Let vg 1, ..., v, respectively be the roots
of the trees G, ..., G, with labels ¢1(vo 1),..., ¢, (vo,). Then the product Gy x

- X Gy, has the root (vg1,...,v0,,) with label £1(vo1)N...N ¢y (vo,yn). For each
role r and for each n-tuple vy,...,v, of r-successors of vy 1,...,v0.r,, the root
(vo,15---,v0,n) has an r-successor (v1, ..., v, ), which is the root of the product of
the subtrees of Gy, ...,G, with roots v1,...,v,. The lower half of Fig. [I] depicts
the tree obtained as the product of the description trees corresponding to the
descriptions C3,C3,C3. This tree is a full binary tree of depth 3, where the
nodes reached by going to the left are labeled with P and the ones reached by
going to the right are labeled with Q.

This example can be generalized to an example demonstrating that the lcs
of n EL-concept descriptions of size linear in n may be exponential in n [2].

Ezample 1. We define for each n > 1 a sequence {C7,...,Cl} of EL-concept
descriptions. For n > 0 let
D T, n=>0
") (PN Dy_q),n>0

and for n > 1 and 1 < i < n we define
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" HT.(PHDn_l)HE"/‘.(QHDn_l),Z':1
v Er.(PI_IQI_ICf:ll), 1<i<n.

It is easy to see that each C7 is linear in the size of n. The product of the
corresponding description trees is a full binary tree of depth n, where the nodes
reached by going to the left are labeled with P and the ones reached by going to
the right are labeled with @. Obviously, the size of this tree is exponential in 7.
What is less obvious, but can also be shown (see [2], is that there is no smaller
description tree representing the same concept (modulo equivalence).

3.2 The Least Common Subsumer in ACE

ALE-description trees are very similar to EL-description trees. The value restric-
tions just lead to another type of edges, which are labeled by Vr instead of
simply r. However, the unfolded concept descriptions must first be normalized
before they can be transformed into description trees. On the one hand, there
are normalization rules dealing with negation and the bottom concept. Here we
will ignore them since neither negation nor bottom is used in our examples. On
the other hand, there are normalization rules dealing with value restrictions and
their interaction with existential restrictions:

Vr. ENVr.F — Vr.(ENF),
Vr.EM3Ir.F — Vr.EN3Ir(ENF).

The first rule conjoins all value restrictions for the same role into a single value
restriction. The second rule is problematic since it duplicates subterms, and
thus may lead to an exponential blow-up of the description. The following is a
well-known example that demonstrates this effect.

Example 2. We define the following sequence C1, Cs, Cs, ... of ALE-concept de-

scriptions: N = o) n=1
" I P N 3IrQ N Vr.Choq, n> 1.

Obviously, the size of C,, is linear in n. However, applying the second normal-
ization rule to C), yields a description of size exponential in n. If one ignores the
value restrictions (and everything occurring below a value restriction), then the
description tree corresponding to the normal form of C,, is again a full binary
tree of depth n, where the nodes reached by going to the left are labeled with P
and the ones reached by going to the right are labeled with Q. Figure Bl shows
the ALE-description tree of the normal form of Cs.

Given the description trees of normalized ALE-concept descriptions, one can
again obtain the lcs as the product of these trees. In this product, the bottom
concept requires a special treatment, but we ignore this issue since it is irrelevant
for our examples.

For each tuple of nodes on the same role-level, existential restrictions and
value restrictions are treated symmetrically, i.e., for a role r the r-successors
are combined with r-successors in all possible combinations (as before) and the
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Fig. 2. The ALE-description tree of the normal form of C5 from Example

(unique) Vr-successors are combined with each other. Note that r-successors are
not combined with Vr-successors. The following example is taken from [2].

Example 3. For n > 1, we consider the concept descriptions C, introduced in
Example [2 and the concept descriptions D,, defined in Example [Il By building
the product of the description trees corresponding to the normal forms of C),
and D,,, one basically removes the value restrictions from the normal form of C,,.
Thus, one ends up with an lcs E,, that agrees with the binary tree we obtained
in Example [l Again, it can be shown that there is no smaller ALE-concept
description equivalent to this Ics.

The lcs computed by the basic algorithm is a concept description not contain-
ing names defined in the underlying TBox. If some “parts” of this description
have been given names in the TBox, they can be replaced by these names, thus
reducing the size of the description. This can be achieved through rewriting [3].
In the next section we show that, though rewriting may be quite effective in
some examples (see [3]), it cannot always reduce the size of the lcs.

4 Using TBoxes to Compress the Ics

The exponentially large lcs E,, constructed in Examples [l and Bl has as its de-
scription tree the full binary tree of depth n, where the nodes reached by going
to the left were labeled with P and the ones reached by going to the right were
labeled with @. This concept can be defined in a TBox of size linear in n.

Ezxample 4. Consider the following TBox 7,:

{4 =3Ir.PNIr.Q} U
{AIL‘ = E'T(P M Ai—l) 1 HT(Q 1 Ai—l) | 1<i< 7’L}

It is easy to see that the size of 7, is linear in n and that A4,, =7, E,, i.e., the
TBox 7,, provides us with a compact representation of E,,.
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In general, however, such a compact representation by structure sharing is not
possible. We will first give a counterexample for the n-ary lcs in £, and then
for the binary lcs in ALE. The main idea underlying both counterexamples is to
generate description trees having exponentially many leaves that are all labeled
by sets of concept names that are incomparable w.r.t. set inclusion. To this
purpose, we consider the set of concept names N, := {A?, A7 |1 < j < n}, and
define Al := A 11...M Al» for each n-tuple i = (iy,...,i,) € {0,1}".

4.1 The Counterexample for L

For all n > 1 we define a sequence C1, ..., C, of n EL-concept descriptions whose
size is linear in n:

Cj:=3r. [ B n dr [ B.

BeN,\{AJ} BENn\{A]}}
Since each of the concepts C; contains two existential restrictions, the lcs of
C4,...,C, contains 2" existential restrictions. The concept descriptions occur-
ring under these restrictions are obtained by intersecting the corresponding con-
cept descriptions under the existential restrictions of the concept descriptions
C;. It is easy to see that these are exactly the 2" concept descriptions Al for
i € {0,1}" introduced above. Since the descriptions A! are pairwise incompara-
ble w.r.t. subsumption, it is clear that there is no smaller ££-concept description
equivalent to this lcs. We show now that a TBox cannot be used to obtain a
smaller representation.

Recall that acyclic TBoxes can be unfolded by replacing defined names by
their definitions until no more defined names occur on the right-hand sides [10].
If the defined name A represents the lcs of C4,...,C, w.r.t. a TBox, then the
description defining A in the unfolded TBox is equivalent to this lcs.

Obviously, to get a more compact representation of the lcs using a TBox, one
needs duplication of concept names on the right-hand sides of the TBox. During
unfolding of the TBox, this would, however, lead to duplication of subconcepts.
Since the (description tree of the) lcs we have constructed here has 2™ different
leaves, such duplication does not help, since it can only duplicate leaves with the
same label, but not generate leaves with different labels. Thus, in general, we
cannot represent the lcs in a more compact way by introducing new definitions
in an &L TBox.

4.2 The Counterexample for ALE

For n > 1 we define concept descriptions C,, of size quadratic in n. For n > 1,
let F} :=Vr..--Vr.Aj ; be the concept description consisting of j nested value
restrictions followed by the concept name Aé- 11- We define

Cy :=3Ir. AN 3Ir.Af,

Cp:=3IrF° | N IrE! |, N VrC,y for n > 1.
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Fig. 3. The ALE-description tree corresponding to Cs

Figure [3 shows the description tree corresponding to Cs.

Applying the normalization rule Vr.E M 3Ir.F — Vr.ENIr(ENF) to C,
yields a normalized concept description whose size is exponential in n. If one
ignores the value restrictions (and everything occurring below them), then the
description tree corresponding to this normal form of C), is a full binary tree
of depth n whose 2" leaves are labeled by the 2" concept descriptions A! for
ie{0,1}™

Let D, := Jr.---3r. |_|B€Nn B be the concept description consisting of n
nested existential restrictions followed by the conjunction of all concept names
in N,. Again, by building the product of the description trees corresponding
to the normal forms of C,, and D,,, one basically removes the value restrictions
from the normal form of C),. Thus, the lcs corresponds to the full binary tree of
depth n whose leaves are labeled by the concept descriptions Al for i € {0,1}".

By an argument similar to the one for &£ one can show that there is no
smaller ALE-concept description equivalent to this lcs, and that a TBox cannot
be used to obtain a smaller representation.

The examples given above show that the exponential size of the lcs cannot
be avoided by employing structure sharing (i.e., replacing common substructures
by a defined name). In practice, however, the complexity of unfolding concept
descriptions before applying the lcs algorithm appears to be more problematic
than this inherent complexity of the lcs operation. How to avoid this unfolding
step is the topic of the next section.

5 Computing the Ics Using Lazy Unfolding

Recall from the beginning of Sect. [3 that the computation of an lcs is realized
by three consecutive traversals of the concept descriptions: unfolding, normal-
ization, and construction of the product. The first two steps may cause an expo-
nential blow-up of the descriptions that are in turn the input for the next step,
whereas the third step is polynomial for the binary lcs operation.
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Before illustrating the shortcomings of the basic lcs algorithm by an example,
let us formally define the size of a concept. The size |C| of a concept description
C is increased by 1 for each occurrence of a role name or a concept name in C'
(with |T| = |L| = 0).

Ezample 5 (naive lcs algorithm). Given the following TBox

T = { Cl = Al I HT.Dl, 02 = AQ M HT.Dl,
Dl = (VSBl) 1 (EIS.DQ) M (E'SDg),
Dy = By MM Bs, Ds= B3M By },

we compute the lcs of C; and C5 as sketched in Sect.[3. After the first and second
step we obtain the unfolded and normalized descriptions

Cz/ = A,L' M HT(VSBl M E'S(Bl Il BQ M Bg) M 35.(31 1 Bg 1 B4))

fori € {1,2}. In the third step, the algorithm first determines the concept names
appearing on the top-level of the les—in this case none since {41} N {42} = 0.
Then, the algorithm makes a recursive call to compute the lcs of the descriptions
occurring in the existential restriction of C7 and C%, respectively. This in turn
leads to recursive calls for the pair of value restrictions and for all four pairs of
existential restrictions for the s-successors. As output, the algorithm yields
LCS(Cl, 02) = H’I“.(VS.Bl r

HS(Bl 1 BQ 1 B3) [l

33(31 1 Bg) M

38(31 [l Bg) [l

Jds.(B1 M Bs M By)) which is of size |LCS(Cy, C2)| = 17.

Thus, the result is computed by three recursive traversals of the input descrip-
tions. The size of the output description results from the actually unnecessary
unfolding of D;. Even if the redundant existential restrictions are eliminated
from the result, the size of the returned lcs concept description is still quite big
in comparison to the equivalent description dr.D;. Of course, rewriting the com-
puted lcs w.r.t. 7 would also yield this result, but it would be better to avoid
obtaining such an unnecessarily large intermediate result.

The idea of lazy unfolding is to replace a defined concept in a concept description
only if examination of that part of the description is necessary. Lazy unfolding
unfolds all defined concepts appearing on the top-level of the concept descrip-
tion under consideration, while defined concepts on deeper role-levels remain
unchanged. Note, however, that unfolding may still be applied iteratedly if un-
folding has produced another defined name on the top-level. Once this is finished,
all (negated) primitive concepts, value restrictions, and existential restrictions
that would occur on the top-level of the completely unfolded concept descrip-
tion are visible, and one can in principle continue as in the case of the naive lcs
algorithm.

The algorithm for computing the lcs with lazy unfolding, as shown in Fig. @
is based on the following sets:
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Input: Two ALE-concept descriptions C, D and an ALE-TBox T
Algorithm: LCS,(C, D)

if CCr D then LCS,(C,D)=D

if DCy C then LCS,(C,D)=C

else

C’ := lazy-unfold(C, T), D' := lazy-unfold(D, T),

{P1,..., P} :==prim(C"), {P1,..., P} :=prim(D’),

for all r € Ng: for all r € Ny :

Co:=val,.(C"), Dy :=val,.(D"),

{C1,...,Ch} =ex . (C), {D1,...,Dp} :=ex,(D")

end for end for

LCS(C, D) =

Peprim(C’)Nprim(D’)

[1 (VrLCSi (val,(C"),val,. (D)) T

rE€NR

[1¢ 1 3rLcs, (G nval(CY), Dy rval. (D))
TENR O € ex, (C)
D; e exT(D')

Fig. 4. The lcs algorithm LCS), for ALE using lazy unfolding

prim(C): denotes the set of all (negated) primitive names occurring on the top-
level of C.
val,(C): denotes the conjunction of the concept descriptions occurring in value

restrictions on the top-level of C, where val.(C) := T if there is no value
restriction.
ex,(C): denotes the set {C1,...,Cy} of concept descriptions occurring in exis-

tential restrictions of the form 3r.C; on the top-level of C.

The LCS), algorithm as given in Fig. H tests in each recursion, if the input con-
cepts subsume each other, in this case the lcs is trivial. The algorithm uses
the function lazy-unfold() for unfolding the top-level of the input concept de-
scriptions w.r.t. the input ALE-TBox 7. Next, the auxiliary sets and concept
descriptions defined above are computed. The returned lcs concept description
is a conjunction of three components:

1. the conjunction of all (negative) primitive concepts appearing on both the
top-level of C" and D',

2. the conjunction of all value restrictions derived from recursive calls of LCS),
for each role that has a value restriction on top-level of C’ and D’,

3. a conjunction of the existential restrictions derived from recursive calls of
LCS,, for each combination of existential restrictions where the value restric-
tions are propagated “on the fly”.
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In contrast to the three independent recursions in the naive algorithm, the LCSy,
algorithm traverses the structure of the concept descriptions recursively only
once. The three steps of the basic algorithm are now interwoven on each role-
level. In particular, the normalization of the concept descriptions is realized role-
level-wise (i) by the definition of the description val,.(C’) and val,.(D"); (ii) by
including the conjuncts val,.(C") and val,.(D"), respectively, in the recursive calls
for the existential restrictions. The normalization rules dealing with negation
and the bottom concept (which we have not described above) are taken care of
by the subsumption test at the beginning of the algorithm.

There are two reasons why the new lcs algorithm may avoid computations
done by the naive algorithm. First, if one of the subsumption tests at the be-
ginning are successful, then one of the input descriptions is returned without
unfolding or normalizing any of the two descriptions. This can also happen in
recursive calls of the algorithm. In particular, this also means that the returned
description may still contain defined names. Second, if an existential restriction
for a role r has no matching restriction in the other description, then this re-
striction need not be processed (i.e., its concept description is not unfolded and
normalized). Consider once more Example [ to illustrate the first effect.

Ezample 6 (lcs using lazy unfolding). Assume we apply the new les algorithm
to the descriptions C7,Cy of Example [ In the first step, none of the two
subsumption conditions hold and the algorithm calls lazy-unfold(Cy,7T) and
lazy-unfold(Cy, T). There is no defined concept name to replace on top-level.
Then the algorithm calls LCS), recursively for the pair of existential restrictions.
Because the subsumption test is successful, this call directly yields D;, with-
out considering the definition of D;. Thus the returned concept description is
LCSiy(Cy, Cy) = 3r.Dy, which has size |LCS),(Cy, Ca)| = 2.

Comparing the lcs from Example [5] to the result obtained here, we see that
LCS), needs less recursive calls with less recursion depth, and furthermore returns
a smaller concept description.

Using lazy unfolding is advantageous in most cases when computing a lcs
w.r.t. a TBox, but there are, of course, combinations of input concept descrip-
tions where an exponential growth of the lcs concept description is still unavoid-
able.

6 Implementations of the lcs

We have implemented both, the naive and the lazy unfolding based lcs algorithm
[12] in Lisp. The FaCT system [§] is used to compute subsumption. The core
of both implementations is a binary lcs function wrapped by a function that
successively calls the binary lcs function.

The “old lcs” is a straightforward implementation of the fundamental algo-
rithm outlined in Sect. Bland discussed in [2]. It also uses an implementation of
the heuristic rewriting algorithm for computing small (but not always minimal)

rewritings of ALE-concept descriptions mentioned earlier (see [3]), which we use
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Fig. 5. Average concept sizes obtained from the four settings

in our evaluation. The “new les” implements the algorithm LCS, introduced in
Sect. B It is also a straightforward implementation of this algorithm and does
not employ special low-level encoding tricks to improve its performance. In con-
trast to the old les implementation, which is strongly linked to FaCT, the new
les may be coupled with arbitrary DL reasoners.

6.1 A First Evaluation of the Implementations

To compare the performance of our implementations of both algorithms we use a
TBox derived from our application in chemical process engineering. It contains
52 primitive concepts, 67 defined concepts and 43 roles. It has a rather deep
concept hierarchy, which makes it likely that least common subsumers computed
for concept descriptions defined in this TBox will not collapse to T.

The input descriptions we used for the evaluation are combinations of seven
REACTOR concepts defined in the application TBox. To compute the lcs of all
possible combinations of these REACTOR concepts, it suffices to compute some
combinations determined by the attribute exploration algorithm as described
in M. Our test suite included 22 different les calls, ranging from binary les
calls to lcs calls with seven input concepts. For each computation of these least
common subsumers, we measured run-times and sizes of the output concept
descriptions of four settings: both of the lcs implementations and both of the
lcs implementations followed by a rewriting step. The latter two use the same
rewriting implementation of the heuristic algorithm. To obtain representative
run-times we ran each LCS in each setting 100 times.

The results for the average concept size are shown in Fig. [, where one
should note the logarithmic scale. The measured values indicate that an lcs
computed by the LCSy, implementation returns concept descriptions that are
about an order of magnitude smaller than the concept descriptions returned by
the naive algorithm. The rewritten lcs concept descriptions are again one order
of magnitude smaller than the lcs concept description returned by the LCSy,
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implementation. Comparing the concept sizes obtained for the settings including
the heuristic rewriting shows that starting from a smaller concept description
does not yield a smaller rewritten concept. This is probably due to the fact that
for our examples the heuristic algorithm produced the optimal result.

The average concept description obtained with the LCS), implementation has
a concept size of about 100. These concept descriptions are still too big to be
comprehensible to a human reader. In our application scenario, the knowledge
engineer is supposed to choose an appropriate description from a set of com-
puted least common subsumers, possibly also modifying the chosen description
by hand. Therefore, rewriting remains necessary as an additional step in this
application.

Figure Blshows the sum of run-times for computing the lcs (grey) and rewrit-
ing the obtained lcs concept description (white). The comparison of run-times
for the lcs implementations indicates a speed-up of factor 3.5. The run-time for
rewriting an lcs concept description returned by the LCS), implementation is also
lower than for rewriting the description produced by the naive algorithm (by a
factor of about 2). Taking lcs computation and rewriting together, the overall
run-time differs by a factor of three.

7 Conclusion and Future Work

The worst-case examples presented in Sect. Hl are quite contrived and not likely
to occur in practice. Nevertheless, they show that, in principle, the exponential
blow-up inherent to the lcs operation cannot be avoided, even if one can introduce
“abbreviations” for subdescriptions. An interesting question for future research
is to characterize situations in which this exponential blow-up cannot occur, and
to check whether these situations are likely to occur in practice.

The performance of the lcs algorithm using lazy unfolding greatly depends
on the structure of the TBox and the input descriptions. There are, of course,
examples where there is no improvement over the naive algorithm. However,
since no overhead is generated by using lazy unfolding, it is advantageous to use
the new algorithm in any case.
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The first evaluation of the lcs implementations in our application framework

indicates that using lazy unfolding can substantially decrease the size of the
resulting concept descriptions. However, our results also indicate that it is still
necessary to perform rewriting after computing the lcs in order to obtain concept
descriptions that are small enough to be inspected by human users. As indicated
by our tests, lazy unfolding will also decrease the run-time of the subsequent
rewriting step.
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Abstract. Facing the increasing amount of information available on the
World Wide Web, intelligent techniques for content-based information fil-
tering gain more and more importance. Conventional approaches using
keyword- or text-based retrieval methods have been developed that per-
form reasonably well. However, these approaches have problems with am-
biguous and imprecise information. The semantic web that aims at sup-
plementing information sources with a formal specification of its meaning
using ontologies can potentially help to overcome this problem. At the
moment, however, the semantic web still suffers from its own problems
in terms of heterogeneous ontologies and the need to relate them to each
other. In this paper, we argue that we can overcome this problem by us-
ing shared vocabularies, a standardized language for encoding ontology
that supports basic terminological reasoning (in this case DAML+OIL)
and techniques from approximate reasoning. We introduce the approach
on an informal level using didactic example and give a formal character-
ization of the method that include correctness proofs for the problem of
information filtering.

1 Motivation

Today, the World Wide Web contains information about almost any topic one
can imagine. This availability of information is potentially of great value for
commercial as well as private users. Unfortunately, relevant information is of-
ten hidden amongst vast amounts of irrelevant information that is also available
on the Web. In order to benefit from the relevant information, we have to pro-
vide sophisticated methods to separate relevant from irrelevant. This problem
is also referred to as information filtering which is characterized as the task of
removing irrelevant information from an incoming stream of unstructured tex-
tual information according to user preferences [I]. A different perspective on
the same problem is that of information retrieval [I1]. In information retrieval,
a collection of information represented by surrogates in terms of content de-
scriptions is searched on the basis of a user query and those documents, whose
descriptions match the query are returned to the user. Many systems support
the Boolean query model [6] that allows to state queries as Boolean expressions
over keywords.

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 114-{128] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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Without using background knowledge on semantic correspondences between
word (e.g. synonyms or hyponyms) it is very likely that the basic mechanism
fails to return some relevant information. On the other hand, the presence of
ambiguous word (i.e. homonyms) will disable the retrieval method to sort out
all irrelevant information. As a result, the use of background knowledge has
been discussed in classical information retrieval [I7]7]. On the semantic web,
such background information will be provided by machine processable models
of information semantics that assigns information resources to classes whose
meaning is defined in ontologies that serve as a unique reference for the dis-
ambiguation of concepts. The assignment to a certain ontological class provides
us with a unique interpretation of the meaning of a resource thus solving the
problems of keyword based approaches mentioned above. Using the concepts of
a specific ontology, we can state Boolean queries over concept names with max-
imal precision and recall provided that all relevant information resources have
been assigned to ontological categories.

While the idea of maximizing precision and recall by using concept expres-
sions in Boolean queries is an appealing idea, the practical application on the
World Wide Web suffers from the fact that there will not be ‘the one’ ontology
that is used to classify information. We will rather face a situation, where a
multitude of classification hierarchies organize different or even the same infor-
mation according to different discrimination principles. A successful information
filtering approach will have to make use of as many of these ontologies as pos-
sible. This claim raises the problem of comparing different ontologies. Existing
approaches to this problem mainly rely on the idea of establishing mappings
between ontologies or even of merging them (see contributions in [9]). We argue
that for the purpose of information filtering these approaches are not appropri-
ate, because definitions within the ontologies are likely to be changed and whole
ontologies might be replaced destroying the result of the integration process.

In order to overcome the problem of heterogeneous and changing ontologies
we propose an alternative approach that is based on a translation of queries
that are based on concept names in order to fit the vocabulary used in differ-
ent ontologies. We borrow the idea of automatically adjusting the query to an
information source from [I0]. While the original approach considers re-writings
in order to adapt the query to comparison operators supported by the system
that is queried, our approach focuses on re-writings in order to adapt to the
class names that occur in the ontology serving as background knowledge for
the queried information. In the following, we first describe our approach on an
informal level using a didactic example. Afterwards we give a formal character-
ization of the filtering task, define the re-writing procedure and give and proof
its correctness.

2 Overview of the Approach

In this section, we will give a general overview of our approach. It is build on two
main assumptions (1) the existence of a shared vocabulary of basic terms and
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(2) the existence of a common language for encoding ontologies that supports
terminological reasoning. While these assumptions put hard restrictions on the
applicability of the approach, they turn out to be necessary in order to provide
filtering methods that are applicable across different ontologies. In the following
we will first give an example of ontology heterogeneity that would disable a
straightforward application of concept-based information filtering. Afterwards
we will argue for the use of a shared vocabulary and explain our approach for
re-writing queries.

2.1 Ontology Heterogeneity

Ontologies can differ in many ways [I6]. In this paper we will not try to discuss
them in general. We will rather give an example of ontologies that even though
they describe the same domain of interest represent very different conceptu-
alizations of that domain. We start with a simple ontology that discriminates
animals into domestic, foreign and production animals and contains some kinds
of animals that fall under one or more of these categories (compare Fig. [I]).

Fig. 1. An ontology of animals

Now consider an ontology that describes classes of animals in the way a child
would possibly categorize them (compare Fig. B). The main distinctions made
in this ontology are pets, farm animals and zoo animals. These distinction are
based on the experience of a child that some animals are kept at home, at farms
or in zoos.

While both ontologies do not share any class except for the general class
animal, it should be possible to establish a relation between the two. Using
common world knowledge and the informal descriptions of the classes in Fig.
we can conclude that pets should be a subclass of domestic animal and include
Cats and Dogs. Farm animals should be a subclass of domestic animals and
include Cows and Pigs. Finally zoo animals should be subsumed by Foreign
animals and contain all the subclasses of foreign animal shown in Fig.
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Fig. 2. A ‘childish’ ontology of animals

2.2 Shared vs. Non-shared Ontologies

There are different options for relating ontologies like the ones described above
in order to use them for information filtering. The ones most often discussed
ones are merging and mapping of ontologies [9]. In this paper, we argue for an
approach that is based on on-demand translations rather than a fixed connection
of ontologies. The ideas of these approaches are depicted in Fig. Bl

shared
vocabulary

global local local local s local
ontology ontology ontology ontology ontology
(a) Merging (b) Mapping (c¢) Translation

Fig. 3. Three approaches to relating ontologies

The merging approach aims at producing a single global ontology based on the
ontologies to be related. The integrated ontology will contain class definitions
from both ontologies arranged in a single taxonomy. The advantage of this ap-
proach is that the merged ontology contains all information that is needed to
filter information and the filtering process can be implemented in a straightfor-
ward way. The drawback of this approach, however, is the effort needed to come
up with a merged ontology that correctly resembles both ontologies. The situa-
tion becomes even worse if we want to include further ontologies. In this case we
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have to perform further merges that are costly and lead to huge ontology that
is hard to handle and maintain.

The mapping approach tries to avoid the creation of large global ontologies. It
rather aims at relating concepts from both ontologies using additional knowledge,
i.e. mapping rules. These rules can be used to find concepts in the other ontology
that correspond to concepts used in a query and retrieve the instances of these
concepts as well. The advantage of the mapping approach is that an extension
to other ontology does not affect the ones already included in the system. A
problem of the mapping approach is the need to specify mappings to all other
ontologies already present in a system. Further, static mapping rules can be
come very complicated if not only 1:1 mappings are needed like in our example.

2.3 A Translation Architecture

We propose a translation approach that is designed to combine the advantages of
the mapping and the merging approach in the sense that it keeps local ontologies
but connects them to a single shared ontology using special mappings: the shared
ontology contains with a vocabulary that can use in order to specifies the specific
semantics of information resources. This semantics, however, has to be defined
individually for different information sources in terms of local ontologies, defining
the meaning of specific classifications.

Our notion of a shared ontology does not require a very complex language
as it mainly defines names of concepts, relations and individuals that can be
used in the local ontologies as well as their relation to each other. In fact these
requirements largely correspond to the expressiveness of RDF schema which we
use to encode our shared ontologies. In our example, the shared ontology would
for example specify the general concept animal and a set of properties and values
that can be used to describe special types of animals:

<rdfs:class rdf:ID="animal"/>

<rdfs:class rdf:ID="location"/>

<rdfs:Property rdf:ID="origin">
<rdfs:domain rdf:resource="#animal"/>
<rdfs:range rdf:resource="#location"/>

</rdfs:property>

<location rdf:ID="domestic">

<location rdf:ID="foreign">

The part of the shared ontology given above enables us to talk about the
origin of a specific animal, however, if we really want to define for example
the class of animals that are of a domestic origin, we need a more expressive
language. Such a language is provided by DAML4OIL [I5] a proposal for a
standard ontology language. Using the definitional abilities of DAML+OIL, we
can easily define the classes from our example ontology using elements from the
shared vocabulary. We just give the corresponding definitions of farm animals
as an example:
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<daml:Class rdf:ID="farm_animal">
<rdfs:subClass0f rdf:resource="shared:animal"/>
<rdfs:subClass0f>
<daml:restriction>
<daml:onProperty rdf:resource="shared:origin"/>
<daml:hasValue rdf:resource="shared:domestic"/>
</daml:restriction>
<daml:restriction>
<daml:onProperty rdf:resource="shared:usage"/>
<daml:hasValue rdf:resource="shared:production"/>
</daml:restriction>
</rdfs:subClass0f>
</daml:Class>
The definition of the concepts in our ontology enables us to compare them
with concepts from other ontologies in terms of their properties and charac-
teristics taken from the shared ontology. This comparability can be exploited

information filtering in the way described in the next section.

2.4 Semantic Mapping and Filtering

Assume that we want to post a query formulated using the ontology from Fig.
to an information source that has been classified according to the ontology in
Fig. . In order to answer this query, we have to resolve the heterogeneity dis-
cussed above. The use of a shared ontology in combination with a definition
of the classes in both ontologies enable us to do this. As an example we take
the following query (Animal A —(Farm-Animal)). This query cannot be directly
answered, because the term Farm-Animal is not understood, but we know what
are the characteristic properties of zoo-animals and can compare them with the
definitions of classes in the other ontology.

As described in the introduction, the idea of our approach is to re-write this
query in such a way that it covers the same set of answers using terms from
the other ontology. In general, an exact re-writing is not possible because the
concepts of our ontology do not have corresponding concepts. In this case, we
have to look for re-writings that approximate the query as closely as possible. Re-
writings that are an upper approximation of the original query are know from the
database area as minimal subsuming mappings [4]. While in the area of databases
upper approximations are often used in combination with an additional filter
that removes irrelevant results, our approach aims for correctness rather than
for completeness and therefore uses a lower approximation.

The idea of the re-writing is the following. Based on the formal definitions of
the classes in both ontologies, we can find those concepts in the ontology of Fig. [
that are most closely related to a query concept. Taking a concepts from our
query, we can for example decide that Domestic-Animal and Production-Animal
are upper approximations for farm animals while Cow and Pig are lower approx-
imations. Using these concepts, we can define lower boundaries for farm-animals
(Cow V Pig) and use this expression instead of the original concept still get-
ting correct results. In our example, however, the concept occurred in a negated
form. In order to return a correct result, we therefore cannot use the lower bound
because not all irrelevant resources might be excluded. Based on the consider-
ations made above we can replace the concept farm-animal within the scope of
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the negation by its upper bound (Domestic-Animal A Production-Animal). Us-
ing this rewriting, we get the following query that can be shown to return only
correct results: (Animal A ~(Domestic-Animal A Production-Animal).

The situation becomes slightly more complicated if complex expressions oc-
cur in the scope of a negation. An example is the following query: —(Pet V
Farm-Animal). In this case we first have to convert the query into negation nor-
mal form where negation only applies to atomic concepts. In negation normal
form the above query will be of the form —Pet A—Farm-Animal). Using upper and
lower bounds this query translates to “Domestic-Animal A —~(Domestic-Animal A
Production-animal). This query normalizes to (mDomestic-Animal A =Produc-
tion-Animal) which in our example only includes the classes Lion and Tiger.

In the following, we show how the general idea sketched in this section can be
implemented on the basis of available reasoning support for ontology languages,
i.e. DAML+4OIL.

3 Reasoning about Ontologies

In the overview of our approach, we argued that the use of a shared vocabulary
allows us to compare concepts from different ontologies. Up to now we only
gave an intuitive notion of this comparability. What we really need in order
to implement the information filtering approach is the ability to automatically
compare class definitions using logical reasoning. In this section, we discuss this
aspect in two steps. We first review the formal semantics of DAML~+OIL [I4]
and derive possibilities for logical reasoning we have. Afterwards we formally
define the reasoning task that is implied by our approach.

3.1 Semantics of DAML+OIL

In [I4] a formal semantics for DAML+OIL is described. The semantics is based
on an interpretation mapping into an abstract domain. More specifically, every
concept name is mapped on a set of objects, every property name is mapped
on a set of pairs of objects. Individuals (in or case resources) are mapped on
individual objects in the abstract domain. Formally, an interpretation is defined
as follows:

Definition 1 (Interpretation) An Interpretation consists of a pair (A,.)
where A is a (possibly infinite) set and .€ is a mapping such that:

— 2% € A for all individual names .
—cftca for all concept names C
— R® C A x A for all role names R

We call . the extension of a concept, a role, or an individual, respectively.

This notion of an interpretation is a very general one and does not restrict the
set of objects in the extension of a concept. This is done by the use of operators
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for defining classes. In our example, we used the subClass0f and the hasValue
operator for restricting the set of objects that are members of the class zoo
animals. These kinds of operators restrict the possible extensions of a concept.

Figure [4] summarizes the specific interpretations of a part of the operators of
DAML+OIL.

’Concept forming operator‘ Extension .° ‘
daml:intersectionOf cC¥n---ncCet
daml :unionOf ctu.---ucCet
daml:complementOf A—C*
daml : oneOf {z1,-- ,zn} C A
daml:toClass {ye Al(y,z) € PP — z € C%}
daml:hasClass {y € AFz((y,z) € P°) Az € CF}
daml :hasValue {y € Al(y,z) € PF}
daml:minCardinalityQ |{y € 4| {z|(y,z) € P* Az € C¥} < n}
daml:maxCardinalityQ |{y € 4| {z|(y,z) € P Az € C°}| > n}
daml:cardinalityQ {y € Al [{z|(y,x) € P Nz € CF}| = n}

Fig. 4. Terminological Operators of DAML+OIL

Using this definition, we can restrict the set of all Farm-animal to members of
the set: {z|z € animal®} N {z|(x, domestic®) € origin®} N{z|(x, productiont) €
usagef}. These kinds of restriction are the basis for deciding whether a class
definition is equivalent, more specialized or more general than another. Formally,

we can decide whether one of the following relations between two expressions
hold:

subsumption: C| C (5 <~ Clg - 025
membership: z: C < 2 € C¢

In order to implement information filtering, we need subsumption in order
to determine the upper and lower boundaries of a concept. Membership is used
in order to retrieve relevant resources that match a query.

3.2 The Reasoning Task

In order to get a clearer notion of the problem to be solved, we give an abstract
definition of an information source in terms of a set of information items that
are classified according to a local ontology.

Definition 2 (Information Source) An Information source is a tuple
(O,I, M) where O = (S,C,d) is a local ontology with shared ontology S, a set
of class names C and a mapping d that assigns a DAML+OIL class definition
over terms from S to every class name from C, I is a set of information items
and M : I x C is a membership relation relates information items to classes of
the source ontology.
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Building on this abstract view on an information source, we can define the
problem of integrating the classifications employed in two different systems.
Roughly speaking the task is to extend the membership relation M; of an in-
formation source IS7 by an additional relation M’ that relates the information
items of a second information source I.S; according to the source ontology of
15;.

Definition 3 (Integration Problem) Let IS; = ((S,Cy,d1), 11, M) and
1Sy = ((S,C4,ds), I5, Ms) be information sources, then a bilateral integration
problem is equivalent to finding a membership relation M : Iy UIs x C such that
forallz € Iy Uls and ¢; € Cy:

(z,¢:) € M iff a® € di(;)®

In order to find this new relation M we have to rely on the semantics of both
information sources that is given by their source ontology. The use of the same
shared ontology provides us with a unique interpretation of the primitive terms
defined therein. These terms are used in the source ontologies to define different
sets of more complex concepts. The use of DAML+OIL as a standard language
allows use to reason across the different source ontologies.

4 Approximate Information Filtering

In an ideal case, we will have enough information about the resources in both
ontologies in order to directly check the membership of a resource with respect
to concepts in our own ontology. In many cases, however, we will only have the
assignment of resources to classes in their own local ontology. In this case, we
have to rely on an approximate comparison of concepts in both ontologies as
described in the overview of the method. In this section, we discuss the use of
approximations of concepts in other ontologies and the use of these approxima-
tions for query re-writing on a formal level.

4.1 Re-classification

Consider the situation where we want to classify an information item from an
information source IS5 into the local ontology of I.S7 by computing M. The only
information we have about x is its classification My with respect to the source
ontology of I.S5. In order to make use of this information, we have to determine
the relation between possible classifications of = in I.S; and the source ontology
of I55. In this context, we can use subsumption testing in order to determine
hypotheses for M with respect to IS by computing the class hierarchy for
C7 U (s using the definitions of individual classes.

As the classes in the hierarchy form a partial order, we will always have a set
of direct super- and a set of direct subclasses of ¢;. We can use these classes as
upper and lower approximation for ¢; in ISs:
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Definition 4 (Upper Approximation) Let 1S; = ((S,C1,d1), I, My) and
1S5 = ((S,C4,ds), Is, Ms) be information sources and ¢ € Cy a class from ISy,
then a class cpup € Cy is called a least upper bound of ¢ in 1S5, if the following
assertions hold:

1. dl(C) E dQ(Club)
2. (HC/ e (Cy: dl(C) C dz(c/)) — (dQ(Club) C dg(cl))

The upper approzimation lubys,(c) is the set of all least upper bounds of ¢ in
1S5,.

Definition 5 (Lower Approximation) Let IS; = ((S,Cy,d1), I, M;) and
1Sy = ((S,C4,da), Iy, Ms) be information sources and ¢ € Cy a class from 157,
then a class cq, € Cy is called a greatest lower bound of ¢ in 152, if the following
assertions hold:

1. dg(cglb) C dl(c)
2. (3 € Cy: do(c) C dy(c)) —> (da(c) C dalegn))

The lower approzimation glbrs,(c) denotes the set of all greatest lower bounds
of ¢ in IS,.

The rational of using these approximations is that we can decide whether z
is a member of the classes involved based on the relation Ms. This decision in
turn provides us with an approximate result on deciding whether z is a member
of ¢1, based on the following observation:

— If x is member of a lower bound of ¢; then it is also in ¢;
— If z is not member of all upper bounds of ¢; then it is not in ¢;

In [12] Selman and Kautz propose to use this observation about upper and
lower boundaries for theory approximation. We adapt the proposal for defining
an approximate classifier M’ : Io x C1 — {0,1,?} in the following way:

Definition 6 (Approximate Re-classification)
Let 1S, = ((S,C1,d1), 1, My) and ISy = ((S,Cy,ds), Is, M) be information
sources and x € Iy then for every ¢; € Cy we define M’ such that:

- M'(z,e1) =14fx: ( V ( )dg(C))

ceglb132

—M’(m,cl)z()ifx:ﬂ< N ( )dQ(C))

cElub152

— M'(z,c1) =7, otherwise

Where the semantics of disjuction and conjunction is defined in the obvious way
using set union and intersection .



124 H. Stuckenschmidt

Based on the observation about the upper and lower bounds, we can make
the following assertion about the correctness of the proposed approximate clas-
sification:

Proposition 1 (Correctness of the Approximation) The approximation
from definition [@ is correct in the sense that:

1. If M'(z,¢1) = 1 then 2 € di(c1)*
2. If M'(x,c1) = 0 then 28 & dy(c1)€

Using the definition of upper and lower bounds the correctness of the classi-
fication can be proven in a straightforward way:

Proof. (1) If the classification returns M'(z,¢;) =1thenz: ( da(c)).
cEglbrs, (e1)
Using definition[5 we get that for all ¢ we have da(c) C d;(c1) and therefore also

( V dy(c)) E dy(c1) (by set theory). Using the definition of subsumption
c€glbrs, (e1)

we can conclude that ¢ € dy(c1)®.

(2) Using definition A we deduce that for all ¢ we have dy(c;) £ da(c) and

therefore dy(c1) C A do(c). This means that z& € dy(c1)¢ only if 2f €
c€lubrs, (c1)

(A do(c))€. However if the classification returns M’(x,c;) = 0 then x :

c€lubrs, (c1)

—( A d(c)) which is equivalent to 2 ¢ (A ds(c))€. Therefore

c€lubys, (c1) c€lubys, (c1)

we also have z€ ¢ d;(c;)¢.

This results provides us with the possibility to include many of the informa-
tion items from remote systems into an information source in such a way, that we
get a semantic description of the item we can use for information management.
Another interesting application of this approach, namely information filtering is
described in the next section.

4.2 Query Re-writing

The considerations from last section provide a formal basis for query re-writing.
Having proven the correctness of the approximation we can use them to re-write
queries by replacing concept names by their approximation. This re-writing is
part the overall filtering process that consists of the following steps:

1. Normalization: the original query is transformed into negation normal
form.

2. Re-writing: the concept names in the query are replaced by their approxi-
mations in the remote source

3. Classification: the re-written query is classified into the ontology of the
remote source and instances of subsumed concepts are returned as result.
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A query is said to be in negation normal form if negations only apply to single
concept names and not to compound expressions. We can only re-write queries
in normal form, because we have to distinguish between non-negated concept
names that are replace by their lower approximation and negated ones replaced
by the upper approximation. Once we have transformed the query into negation
normal form, we can re-write it in the described way. Formally this re-writing
can be defined as follows:

Definition 7 (Query Re-writing) The rewriting of a query Q over concepts
¢; from an information source IS1 to a query Q' over concepts from another
information source 1Sy is defined as as follows:

— replace every non negated concept name c by: A c
c'€lubrs, (c)
— replace every negated concept name ¢ by: V d
c’€glbrs, (c)

The rewriting and execution of a query can easily be implemented using the
Description Logic System RACER [B]. We can compute the re-writing using
Algorithm 1. The input for the algorithm is the query to be re-written, the class
names in Cy and a DAML+OIL knowledge base including the definitions of the
concepts in C7 and Cy as well as the shared ontology.

Algorithm 1. Rewrite-Query

Require: A Boolean query in negation normal Form: @
Require: A list of class names: N
Require: A terminological knowledge base T'
racer.in-tbox(7")
for all ¢ is an atomic term in Q do
if ¢ is negated then
B|t] := racer.directSupers(t)
B'[t] := B[tjn N
Q) == (c1 A++-Acy)fore; € B'[t]
else
Blt] := racer.directSubs(t)
B'[t] := B[tjn N
Q(t) == (c1 V- Vey)fore; € B'[t]
end if
Q’ := proc Replace t in Q" by Q(¢)
end for
return Q’

As the re-writing builds upon the approximations discussed in the last section
we can guarantee that the result of the query is correct. Moreover, we can use
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subsumption reasoning in order to determine this result. To be more specifically,
a resource x is indeed a member of the query concept if membership can be
proved for the re-written query.

Proposition 2 (Correctness of re-writing) The notion of query re-writing
defined above is correct in the sense that:

r:Q = 2% e’

Proof. From proposition [l we get that x : ( A )¢ implies z¢ € ¢© and
¢’ €lubrs, (c)
that z : =( )¢ implies ¢ ¢ €. This establishes the correctness of
c'eglbrs, (c)
re-writing for atomic queries, i.e. non negated and negated concept names. As-
suming a queries in negation normal form, it remains to be shown that the
correctness is preserved for conjunctions and disjunctions of negated and non-
negated concept names. This can easily be shown by induction over the definition
of Boolean query expressions.

This correctness result enables us to implement the information filtering
approach using available subsumption reasoner in combination with a query-
processor that re-writes queries and poses the resulting query to these reason-
ers. A simplified version of this approach has already been implemented in an
information brokering system developed at the University of Bremen.

5 Related Work

The idea of rewriting queries based on the special capabilities of a remote system
is first reported in [I0]. It has been applied in the area of information retrieval
[B] to translate full-text queries and in database systems for translating SQL
queries [4]. The use of terminological reasoning for database schema integration
is discussed in [3]. The approach has also been adapted for the problem of inte-
gration ontologies [2]. Both approaches are based on the mapping rather than a
translation approach.

6 Discussion

In this paper we discussed the topic of using semantic web technology, i.e. on-
tologies for information filtering. We argued that the use of concept expressions
instead of keywords will improve precision and recall and is therefore a promising
approach. In the remainder of the paper we discussed problems that arise from
the need to use different possibly heterogeneous ontologies for this purpose and
argued that existing approaches to ontology alignment, i.e. merging and map-
ping have drawbacks in terms of flexibility and integration effort. As the main
contribution of the paper, we proposed an approach to ontology alignment for
information filtering that is based on query re-writing in order to adapt Boolean
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queries to the vocabulary of an other ontology that is motivated by research in
the area of information systems and databases.

Our approach was based on two assumptions: (1) the existence of a shared
ontology in terms of a RDF scheme model and (2) the ability to perform sub-
sumption and membership checking in the ontology language used to encode
local ontologies of different information sources. We argued that the formal se-
mantics of DAML4OIL provides the latter and can be used to implement infor-
mation filtering making use of existing logical reasoners. We showed that queries
can be re-written in such a way that we can proof correctness of the results. A
questions that are left open is how we can provide the ontological infrastruc-
ture needed to apply the method. In previous work, we described how parts of
such an infrastructure can be build [I3], however the design of suitable shared
vocabularies is still an open problem.

Considering the task of information filtering we might also take into consid-
eration re-writings that are complete but not correct in order to avoid that we
loose important information. In this case, however, we need to make sure that
the number of irrelevant documents does not become too large, because this
would mean loosing the advantage of concept based filtering.
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Abstract. We propose ParleE, a quantitative, flexible and adaptive model of emo-
tions for a conversational agent in a multi-agent environment capable of multi-
modal communication. ParleE appraises events based on learning and a probabilis-
tic planning algorithm. ParleE also models personality and motivational states and
their role in determining the way the agent experiences emotion.

1 Introduction

In this paper, we describe ParleE, a quantitative, flexible and adaptive model of emo-
tions for an embodied conversational agent situated in a multi-agent environment that
can engage in multi-modal communication. ParleE is developed in order to enable the
conversational agent to respond to events with the appropriate expressions of emotions
with different intensities.

Research in our Parlevink group at the University of Twente has focused on human-
computer interaction in virtual environments ([7]], [8]). Our aim is to build believable
agents for several application areas: information, transaction, education, tutoring and
e-commerce. For embodied agents to be believable, the minds of agents should not
be restricted to model reasoning, intelligence and knowledge but also emotions and
personality. Furthermore, it is necessary to pay attention not only to the agent’s capacities
for natural language interaction but also to its non-verbal aspects of expression. We
propose ParleE for this purpose.

ParleE is built upon existing computational models of emotions: Elliott’s Affective
Reasoner [3]], Velasquez’s Cathexis [[L1], El-Nasr et al’s FLAME [4] and Gratch’s Emile
[6]]. Like many of these and other models, ParleE generates emotions based on Ortony
et al.’s theory of appraisal [9]. ParleE appraises events based on learning and a proba-
bilistic planning algorithm. We also pay attention to the integration of personality and
motivational states into ParleE.

Section2lwill describe the requirements for ParleE and compare how existing models
suit these requirements. Section 3 will discuss the ParleE model. Section [4] will show
how to calculate the intensity of emotions. The model of personality will be discussed in
Sect. 5l Finally, the learning components and an illustration of the model are presented
in Sects. [6land[7 respectively.

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 129-143] 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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2 From Requirements, Existing Models to ParleE

To be consistent with the aim of building embodied agents with different personalities
for various application areas, we introduce a set of requirements for our model. We then
give a brief review of existing models to see how they can fit in our requirements.

2.1 Requirements

The requirements for the proposed system are:

Quantitative Model: The model should produce emotions with different intensities
in an agent. The emotion intensities should also decay over time.

Flexible Appraisal Model: The model should be an event appraisal model. More-
over, the model should have a generic, domain-independent way of appraising events
to be useful in a variety of applications.

Incorporation of Personality: Personality plays an important role in determin-
ing the intensity of emotions and should therefore be incorporated in a model of
emotions.

Incorporation of Motivational States: Motivational states such as pain and hunger
should be included because they also influence the emotion system.

Adaptability: The model should be able to learn to reflect the dynamic status of the
environment.

2.2 Existing Computational Models of Emotions

Many models of emotions have been proposed for various purposes with differences in
focus. For a survey, see [4]. We will now study how models, that inspire ParleE, suit our
requirements.

2.3 Cathexis Model

Cathexis is proposed by Veldsquez [[L1]. By considering both cognitive and non-cognitive
elicitors of emotions such as sensorimotor and motivational states, Cathexis models six
basic emotions: anger, fear, distress/sadness, enjoyment/happiness, disgust and surprise.
Cathexis also differentiates emotions from other kinds of affective phenomena, such as
mood. The intensity of emotion e at time ¢ is calculated based on the intensity of emotion
e attime ¢ — 1 and the values of emotion e’s elicitors. The value of an elicitor of emotion e
is derived from the value and weight of conditions that contribute to the activation of the
elicitor. This model is limited because these values and weights have to be predefined.
Therefore, it is not a flexible model. Moreover, the system is not adaptive and there is
no integration of personality.
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2.4 Elliott’s Affective Reasoner

Elliott’s Affective Reasoner [3]] is a computational adaptation of the OCC model [9]. This
model assesses the relationship between events and an agent’s disposition (described by
its goals, social standards, and preferences). The relationship is characterized in terms
of a set of features called emotion-eliciting conditions. Elliott’s Affective Reasoner is
not a quantitative one as it does not consider the intensities of emotions. Besides, there
is no adaptation, integration of personality and motivational states in this model. This
model is also limited by the use of domain-specific rules to appraise events.

2.5 FLAME

El-Nasr et al’s FLAME model [4] is a computational model of emotions based on
event appraisal. It incorporates some learning components to increase the adaptation
in modelling emotions. It also uses an emotion filtering component, which takes into
account motivational states, to resolve conflicting emotions. FLAME uses fuzzy logic
rules to map assessments of the impact of events on goals into emotional intensities.
However, the agent in FLAME does not have clearly defined goals. Moreover, the model
does not provide a way of calculating the impact of an event on an agent’s goal. Instead,
it uses a predefined reward value for the user’s action’s impact on an agent’s goal. Hence,
this is an inflexible model. Personality is also not mentioned in this model.

2.6 Gratch’s Emile

Gratch’s Emile [6] uses classical planning methods (detecting and resolving threats) to
appraise the emotional significance of events as they relate to plans and goals, to model
and predict the emotional state of other agents, and to alter behavior accordingly. In this
model, Gratch has proposed a simple way of calculating the probability of a goal to be
achieved, the probability of threats to a goal and its importance. Standards are defined as
domain-specific constraints of behavior such as “thou shalt not kill". The limitation of
this model is that it leaves out the value of an event’s unexpectedness when calculating
the intensity of event-based emotions like joy and distress. Moreover, Emile’s threats
detection approach would mistreat the event that is both establisher and threat to the
agent’s goal. For example, for an agent having a goal of watching TV, the preconditions
(or subgoals in Emile) are the TV is in the living room and the TV is not broken. However,
the TV currently is broken although it is in the living room. An available plan to achieve
the top-level goal are “bring the TV to the shop to have it fixed", and then “bring the
TV back". In Emile, the action of “bring the TV to the shop" is to satisfy the second
condition/subgoal that the “the TV is not broken", but is considered as a threat to the first
condition/subgoal that “the TV is in the living room". Emile would generate sadness for
the event “the TV is in the shop", which is not logically sensible. Our approach, which
uses a probabilistic planning algorithm with heuristic searching, does not encounter this
problem. We do not appraise an event by considering it as an establisher or a threat to
the agent’s goal but by assessing how that event changes the probability of achieving the
agent’s goal.

Emile also does not pay attention to the way motivational states and personality
influence emotion.
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3 The ParleE Model

In this section, we will give an overview of ParleE. Its components will then be discussed
in more detail.

3.1 Overview

When an event happens, an Emotion Impulse Vector (EIV) is generated by appraising
the event using the rules proposed by the OCC appraisal theory [9]] based on the agent’s
goals, plans and standards. An EIV contains the values of the event’s impact on emotions.
The EIV is then used to update the Emotion State Vector (ESV), that contains values
representing intensities of emotion. This will be discussed in Sect. An overview of
the system can be seen in Fig.

The Emotion Appraisal Component takes the event, personality, plan, and models
of other agents as inputs to produce the EIV as output. This component will be explained
in Sect.[3.2]

The Planner produces a plan to achieve the agent’s goal. It also calculates the
probability of achieving the goal. This probability is then used by the Emotion Appraisal
Component to calculate the EIV. The planner is discussed in Sect.[3.3]

The Emotion Component takes the EIV and motivational states as inputs and pro-
duces the updated emotion vector as the output. This component also cooperates with the
Emotion Decay component to produce decayed emotions. This component is described
in Sect.3.4]

The Emotion Decay Component calculates how emotions decay taking into account
the personality. The decay function is discussed in Sect.[4.3]

Models of other agents are used to generate Desire-other emotions (emotions about
the fortunes of others) and to predict other agents’ behavior. They will be explained in

Sect. 38
PLANNER
Emotion Appraisal Component
Personalny
$ Models of other agents

Emotion Impulse Vector
Motivational state

Emotion Decay

. Emotion Component

Emotion Vector

Fig. 1. Overview of the system
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3.2 Emotion Appraisal Component

The Emotion Appraisal Component is in charge of generating emotions when an event
occurs. This is done based on Ortony et al.’s appraisal theory [9]. Emotions are generated
by assessing events relating to goals, expectations and standards.

ParleE appraises events based on learning and a probabilistic planning algorithm.
For relating the events to standards, we also use a learning component. For assessing
the significance of an event to the agent’s goal, we make use of a probabilistic planning
algorithm. In a probabilistic planning algorithm, the aim is to find a plan with the optimal
probability of achieving the goal. We take the difference between the probability of
achieving the agent’s goal before and after the event happens as the effect of the event
on the goal.

3.3 The Planner

We extend Blum and Langford’s Probabilistic GraphPlan algorithm [1]] to support plan-
ning in a multi-agent environment. Probabilistic GraphPlan uses graph structure to solve
STRIPS-style planning problems. It allows the calculation of a plan’s probability of suc-
cess from a specific state of the world. We then take the change in a goal’s probability
of success when an event happens as the impact of the event on the goal.

In STRIPS domains [5], the state of the world is a set of true facts. A goal is a
set of facts that we want to be true. An operator represents a legal action that may be
performed. An operator has conjunctive preconditions, a list of facts to be added and
a list of facts to be deleted. Blum and Langford extend STRIPS to have probabilistic
actions. Each operator then has conjunctive preconditions and a set of possible outcomes.
Each outcome is defined as a set of add and delete effects, each set having an associated
probability. For example, a cook action might require that there is food, and with 80%
probability of having a good meal, and 20% probability of having a bad meal.

To support planning in a multi-agent environment, we incorporate models of other
agents (see Sect. to predict other agents’ behavior. We denote the probability for an
agent a to achieve his/her goal at time ¢ and the state of the world s as Pyoqi(a, t|s).
Provided it is agent b’s turn to act, Py,q;(a, t|s) is calculated as:

Pyoai(a,t]s) = Zz‘:l,n P(b, action;, t|s) X Pgoat(a,t|s, action;)

where P (b, action;, t|s) is the probability of an agent b to perform an action i at time
t and the state of the world s, Pyoq1(a, t|s, action;) is the probability for an agent a to
achieve his/her goal at time ¢ and the state of the world s provided action ¢ is performed.
Pyoai(a, t|s, action;) is calculated as:

Pyoai(a,t|s, action;) = ZS,EMCC(S) P(s'|action;, s) X Pyoai(a,t + 1|s")

where s’ is a possible state of the world with probability of P(s’|action;, s) if action i
is performed at the state of the world s.

We use probabilistic approach to select an agent’s action to avoid local minima. For
an agent a, an action ¢ is selected with probability:
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Pgoai(ast|s,action;)

P(a, action;, t|s) = { 1 © ?f >0
= if p=20

n

P = Zj;l,n Pgoal(a: t|s, action;)

We also extend this planning algorithm to support multiple goals. Each goal is then
associated with a priority value (from 0.0 to 1.0). The goal with the highest priority will
be planned first.

3.4 The Emotion Component

The Emotion Component contains a representation of emotions and is responsible for
updating the emotional state. Emotions are represented as a vector of intensities for every
emotion type. Each emotion is associated with two thresholds, which will be described
below.

As in Cathexis [[L1], we distinguish between moods and emotions by the level of
arousal. We adopt Cathexis’s concept of two thresholds associated with each emotion
type. The first threshold, denoted as «, controls the activation of the emotion type and
differentiates between mood and emotion. Emotion types with intensity level lower than
their o are considered as moods, and do not have as much influence as emotions on
an agent’s behavior. The second threshold, denoted as w, controls the saturation of the
emotion type (the upper limit for intensity of the emotion type).

3.5 Motivational State

As in [4], we consider hunger, fatigue, thirst, and pain as motivational states. In ParleE,
motivational states influence emotions by changing the « threshold for each emotion.
When the level of fatigue gets higher, the « thresholds for negative emotions decrease
(when the agent is tired, his/her negative emotions seem to be easily activated) and the
« thresholds for positive emotions increase. High levels of pain tend to decrease the o
threshold for emotion fear, while high levels of hunger and thirst tend to increase the «
thresholds for all emotions.

3.6 Models of Other Agents

In our system, the agent has also models of other agents’ goals and plans (we consider
the user as an agent as well) in order to predict other agents’ behavior and in order to
appraise Desire-other emotions (emotions about the fortunes of others). The goals of
other agents can be known through communication. Based on that information, the agent
can predict other agents’ plans. The probability that another agent performs an action is
derived from the predicted plan. To appraise emotions about another agent’s fortunes,
the desirability of an event to another agent’s goals is derived from the predicted plan.
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4 Intensity of Emotions

To compute the intensities of emotions, Ortony et al. [Q] have proposed several intensity
variables including desirability, praiseworthiness, appealingness, and unexpectedness.
Based on that, we propose a quantitative model that uses six variables: impact of an event
on goal and goal importance (to compute the desirability), probability of achieving a
goal and probability of an event occurring (these two probabilities are equivalent to
the unexpectedness), praiseworthiness (value of an action), and liking (between agents).
These variables are used to calculate the EIV rather than the emotion vector. For each
emotion type, we first calculate the value of the impulse with regard to each goal. The
sum of all impulses for all goals is taken as the final impulse for that emotion type. The
impulse vector is then used to update the emotion vector.

We will now discuss these emotional variables, followed by the EIV, the decay
function and the integration of the EIV into the emotion vector.

4.1 Emotion Variables

In this section, we describe how to calculate the value of emotion variables. These vari-
ables are used by the Emotion Appraisal Component to calculate the EIV, which will be
combined with the current emotion vector to generate a new emotion vector.

Goal importance is an important factor for determining the intensity of goal-related
emotions. It is denoted as Import(goal). In ParleE, we only consider top-level goals
rather than any subgoals that arise in the plans developed to achieve top-level goals.
Thus, if an event happens that affects the goal but does not make the goal succeed or
fail, we consider that it partially affects the goal. Because of this approach, we are only
concerned with the intrinsic importance of the goal (as defined in [6] as “the reward
(utility) an agent receives from achieving the goal"). We do not consider a goal’s extrin-
sic worth (how a goal promotes other goals) as we do not have subgoals in ParleE. For
the intrinsic importance of the goal, we assign predefined values as in [6].

The probability of achieving a goal, denoted as P(goal), is adopted from Blum and
Langford’s Probabilistic GraphPlan algorithm. This algorithm computes the optimal
probability of a goal success from a state of the world. We take that value as the prob-
ability of achieving the goal. The advantage of a plan based emotion model over other
approaches is that the planning algorithm allows a generic (domain-independent) way
of calculating this probability.

The probability of an event occurring, which is denoted as P(event), is defined in
ParleE as follows:

- If the agent is waiting for the result of his/her own action then P(event) is the prob-
ability of an outcome of an action (c.f. Sect.[3.3). This probability is first assigned
some predefined value. It is then updated by learning from what actually happens,
which will be discussed in Sect.[6.
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- If the agent is waiting for another agent’s action then P(event) is the probability
of another agent’s action at the current world state s times the probability of an
outcome of that action. The probability of another agent’s action is calculated from
this agent’s model of another agent (c.f. Sect. B.3]and[3.6).

The impact of an event on a goal in this model is the difference between the probability
of achieving the goal before and after the event happens (denoted as Impact(event,goal)).
Thus, if the value of impact is negative, that means the probability decreases after the
event happens, the event is undesirable for this goal; if the value of impact is positive,
that means the probability decrease after the event happens, the event is desirable for
this goal.

Impact(event,goal) = Fyg,, (goal) — Ppefore (goal)

Praiseworthiness is used to evaluate how the agent’s action meets standards of be-
haviors. We use the idea of FLAME [4] about learning values of actions to form the
standards in appraising emotions. The variable is denoted as Praiseworthiness(action).
Another agent can provide feedback on the agent’s action. In ParleE, the feedback is a
point which ranges from —1.0 to 1.0. The average feedback point for an action over the
time is taken as the value of Praiseworthiness(action).

Liking, denoted as LikingLevel(another agent), is a variable that contributes to the
intensity of Desire-other emotions. In ParleE, the agent maintains a dynamic liking
level towards each another agent. Each liking level ranges from —1.0 to 1.0. Starting
with a neutral attitude toward another agent (the value of liking level is 0.0), the agent’s
liking level changes when another agent has performed an action that affected the agent’s
goal. The agent’s liking level increases if it is a desirable event and decreases if it is
undesirable. The agent’s liking level towards another agent is updated as follow if the
preceding event is caused by another agent:

Desirability(event) = Zall goal Import(goal) X Impact(event,goal)

LikingLevel,  , = max(—1.0,min(1.0, LikingLevel, + 0.1 x Desirability(event)))

4.2 The Emotion Impulse Vector

We now present formulas to calculate the intensity of some emotion impulses. For other
emotion impulses, it works the same way based on the value of all variables described
above.

Hope arises from the belief that a goal is going to succeed and it is important that the
goal does not fail. So Hope arises only when the probability of the goal to succeed
is higher than 0.5. On the contrary, Fear arises from the belief that a goal is going to
fail (probability of achieving the goal is lower than 0.5). Therefore, the probabilities of
the goals to succeed directly relate to the intensity of Hope and Fear. In addition, the
probability of achieving a more important goal seems to have more influence on the
intensity of Hope and Fear. To capture those characteristics of Hope and Fear, we
propose the following formulas:
Hope =" .11 goal Import(goal) x (P(goal) — 0.5)
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Fear =% .11 goal Import(goal) x (0.5 — P(goal))

Happiness arises when a goal succeeds or becomes more likely to succeed (the value of
the impact from the event on the goal is positive). Sadness arises when the goal is more
likely to fail (the value of the impact from the event on the goal is negative). The value
of the impact of an event and the importance of the goal are the two factors contributing
to the intensity of Happiness and Sadness. Moreover, the unexpectedness of the event
also plays a role in determining the intensity of the two emotions, and it is likely to have
more effect on Happiness than Sadness. The intensities of Happiness and Sadness
impulses are modelled as follows:

Happiness = Eall goal Impact(event,goal) x Import(goal) x /1 — P(event)

Sadness =y 1 goal Impact(event,goal) x Import(goal) x (1 — P(event))?

Anger arises when another agent performs some action that is undesirable for the agent.
The intensity of Anger is also calculated using the value of the impact of the event , the
importance of the goal and the probability of the event to happen:

Anger = Zall goal Import(goal) X \/1 — P(event) x Impact(event,goal)

Surprise arises when some unexpected event happens. In ParleE, Surprise arises only
when P(event) < 0.5. The intensity of the Surprise impulse is considered as the
unexpectedness of the event:

Surprise = 0.5 — P(event)

The Happy_for emotion arises when an agent that is liked is happy (when the value
of liking level is positive). We consider this emotion as an example of Desire-other
emotions. The intensity of Happy_for is determined by the agent’s liking level towards
another agent and the intensity of another agent’s Happiness (derived from the models
of other agents):

Happy for = LikingLevel(another agent) x (another agent’s Happiness)

Pride and Shame are two emotions related to standard of behaviors. The value of these
depends on the praiseworthiness of the performed action (if the praiseworthiness is
positive then Pride arises, if it is negative then Shame arises):

Pride = Praiseworthiness(action)

Shame = — Praiseworthiness(action)

4.3 Decay Function

It is important to derive a reasonable decay function of emotions over time. It seems that
emotions decay slower when their intensity levels are lower. With the definition of mood
above, it is reasonable that moods persist much longer than high intensity emotions.
Moreover, negative emotions tend to decay slower than positive emotions. Personal-
ity also influences how emotions decay. Taking into account these considerations, we
propose a decay function as follows:

U(E; 1+1) = O(E;, personality) x E;(t)
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where F;(t) is the intensity of an emotion E at time t, &(E, personality) is a function of
emotions that generates different decay rates for each emotion with regard to the agent’s
personality. In ParleE, the Inclination Level of the agent’s feeling emotions (see table [I]
in Sect.[5) will affect the function @(E, personality). The higher the Inclination Level
of the agent’s feeling emotions is, the slower the emotions decay. The decay rate for an
emotion F; is modified as follows:

&(E;, personality) = decayFactor(E;) x feelingLevel

4.4 Updating Emotions

To update emotions over time, one has to consider the previous emotion states, the decay
function, and the values of emotion impulses.

The intensity of emotion ¢ is the decayed value of the intensity at previous time plus
the reduced value of emotion impulse 7. As the value of emotion impulse ¢ is affected by
the intensities of emotions at previous time, it is proportionally reduced by the sum of
effect values from all emotions to emotion ¢. Finally, the intensity of emotion ¢ is limited
to the upper threshold w; by the function min:

By = min(wi, W(Ei’t) + FEI; x (1 - Zj

S. _{0 if Ej,t<aj

PET By if By >y
where F; ; is the intensity of emotion 7 at time ¢, w; is the upper threshold for the intensity
of emotion 7 , W(E,t) is the decay function as described above, E; is the intensity of
emotion impulse for emotion ¢, M ; is the effect factor from emotion j to emotion 7. To
assure that the effect of an impulse on an emotions has as minimum 0 and as maximum
the intensity of the impulse itself, we introduce the following constraint on Mj ;:

OSEijﬂ»gl Vi

Tt x M)

wj

Since 0< FE;; <w; Vj

OSSj’tgw]' VJ
0< 2t <1 v
S]

0< T X Mj; < Mj; Vj
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0< E i c:]t XM]‘)Z'S].
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5 Model of Personality

5.1 Rousseau’s Model

We use Rousseau’s model of personality [[I0] as it presents a clear view on the relevant
dimensions of a personality. It also provides “a sufficiently rich structure based on con-
vention architecture of an intelligent agent" [[I0]. Personalities are classified according
to different processes that an agent can perform: perceiving, reasoning, learning, de-
ciding, acting, interacting, revealing, and feeling emotions. Each process is considered
at two levels: the natural inclination that the agent has to perform the process, and the
main aspect that the agent focuses on while performing the process. A summary of the
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dimensions of a personality can be seen in table [I} We found this model convenient
and easy to implement and to assess the influence of personality on other processes (eg.
emotion). We also extended this qualitative model to a quantitative model. A personality
is now represented as a vector in 16-dimensional space:

Personality = (p1, pa, ...p16) Where 0.0 < p; < 1.0

‘We now illustrate how this vector works by explaining some of its components. The first
component of the personality vector represents the Inclination Level of Perceiving (we
symbolize it as perceivingLevel for convenience). The lower the value of this component
is, the more absentminded the agent. The higher the value of this component is, the more
alert the agent. The second component represents the Focus Aspect of Perceiving (we
symbolize it as perceivingFocus). When the value of this component is low, the agent
focuses more on expectation (the agent is more imaginative). The agent focuses more
on reality (the agent is more realistic) when the value of this component is high. Other
components of the personality vector are interpreted and symbolized in the same way.

The values of some components of the personality vector are used to modify emotion
intensities by influencing the values of the emotion variables. Several components of
the personality vector are used to decide the learning rate and how the agent displays
emotions.

Table 1. Dimensions of a personality (from [[I0])

Process Inclination| Illustrated Focus Iustrated
Level word(s) Aspect word(s)
Perceiving Low [Absentminded Expectations Imaginative
High Alert Reality Realistic
Reasoning Low Silly Undesirable effects Pessimistic
High Rational Desirable effects Optimistic
Learning Low Incurious What is learned only Gullible
High Curious What is known only Intolerant
Deciding Low Insecure First reaction Impulsive
High |Self-confident Good decision Thoughtful
Acting Low Passive Anything besides the task| Indifferent
High Zealous Result of the task Perfectionist
Interacting Low Introverted Addressee as a threat Hostile
High Extroverted Addressee as a help Friendly
Revealing Low Secretive Lie Dishonest
High Open Truth Honest
Feeling emotions| Low Emotionless Self Selfish
High Sensitive Others Unselfish
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5.2 How Personality Affects Emotion in This Model

We now present formulas that show how personality influences the way an agent expe-
riences emotion.

If the agent focuses more on expectations when perceiving (the value of perceivingFocus
is close to 0.0), then the value of the expectation variables (P (goal) and P(event)) have

higher influences on emotion intensities:

newEXxpectation = Expectation(p erceivingFocus+0.5)

If the agent focuses more on undesirable effects (the value of reasoningFocus is close
to 0.0), the impact variable when negative will have more influence on the intensities
of negative emotions. If the agent focuses more on desirable effects, then the impact
variable when positive will have more influence on the intensities of positive emotions:

reasoningFocus+0.5)

— | impact |¢ if impact <0

newlmpact = (1.5—reasoningFocus)

impact if impact >0
The agent with a lower inclination level of feeling emotions (less sensitive) will have
lower intensity of emotions for the same event compared to the agent with a higher

inclination level of feeling emotions ( more sensitive):

newlmpulse = impulse(l"r’*f eelingLevel)

The agent that focuses more on others when feelings emotions (the value of feelingFocus
is closed to 0.0) will have higher intensities for Desire-other emotions than the agent
who focuses more on self when feelings emotions:

new Desire-other impulse = Desire-other impulse X feelingFocus
The value of revealingLevel is used in the emotion displaying component and the value
of learningFocus influences the learning rate.

6 Learning Components

There are two learning components in the system to make the agent more adaptive. The
agent gradually learns the probability of an action’s outcome and the values of actions
(standard of behavior).

The first component is used to learn the probability of outcomes of an action. Ini-
tially, we assign some pre-determined values for the probability of each outcome. We
also assign a presumed value for the number of previous observations. This number of
previous observations is determined by the learning rate. Thus, the higher the value of
this number of counts, the longer it takes to learn new probabilities. We then update these
probabilities each time the action is performed through new observation of the actual
outcome. Suppose probabilities of outcomes of an action are Py, Ps,...,P,,. The current
number of observations is n. The actual outcome of the action this time is i. Then the
probabilities are updated as follows:

{ Py xn+1 if ] -

new Pj = PJ_”XJ;} e

n+1 if J 7& t
newn=n-+1




ParleE: An Adaptive Plan Based Event Appraisal Model 141

Fig. 2. Neutral Obie (left) expresses facial expressions compared to optimistic Obie (middle) and
sensitive Obie (right) after the user eats his bread

The second component is to learn values of actions. For each action that the agent
performed, the user can choose to feedback with a point from -1.0 (very bad feedback)
to 1.0 (very good feedback). The average point over time is used as the value of the
action.

7 Illustration

We have implemented ParleE into Obie, a conversational agent to illustrate the model
(see Fig. 2). Obie has been developed with a mixture of text-based and graphical en-
vironment to provide interactions with humans. The graphical environment provides a
representation of Obie’s 3D face that displays emotional facial expressions. We have
used OpenGL to implement this 3D face [2]]. Obie communicates with the user through
text-based interactions.

We have picked a simple domain for this illustration. Obie and the user live in a
house and share a car. Whenever Obie is hungry, a goal of feeding himself with the food
is initiated. Several actions are available for Obie to achieve the goal: “go shopping",
“buy food" and “unload the food from the car". The user can help Obie or can perform
some other actions that may prevent Obie from achieving his goal, such as “drive the
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car to work". Obie knows the user’s goals by reading them from a data file (this process
should be done via the dialogue). A piece of dialogue between Obie and the user looks
like this:

FACT: (in-car bread carl) (at-home carl)
Choose an action: (-1 to exit)
0: No Action
1: (unload-food bread carl)
2: (go-shopping carl)
3: (go-working carl)
You choose: 0
Agent did: (unload-food bread carl)
case 1 (with probability of 100 %) happened; effects: (in-fridge bread)
FACT: (at-home carl) (in-fridge bread)

During the interactions, Obie’s emotions are displayed in the 3D face (see Fig. [2).
This shows how Obie is capable of expressing his emotions in response to an event.

Figure[2] shows three Obies with different personalities: a neutral, an optimistic and
a sensitive one. The scenario was as follows: “Obie goes to the shop and buys bread.
He brings the bread home. The user eats his bread." The neutral Obie gets angry after
the user eats his bread. As the optimistic Obie tends to ignore this negative event, he is
still happy with what have happened before. The sensitive Obie gets very angry with the
user. This shows that Obies with different personalities respond differently to an event.

Although we focus on using ParleE for an agent’s emotional expressions, ParleE can
also be used to alter the agent’s behavior. Moreover, with a generic way of appraising
events, ParleE can be used in other domains for various application areas.

8 Conclusion

In this paper we have described ParleE, an emotion model for a conversational agent.
ParleE enables the conversational agent to respond to the environment and the user with
emotional expressions. It is a quantitative, flexible and adaptive model of emotions in
which appraising events is based on learning and a probabilistic planning algorithm.
ParleE also models personality and motivational states and their roles in determining the
way the agent experiences emotion. In the future we will extend the model and test it
out for different situations.
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Abstract. We present an extension of state-based planning from traditional Strips
to function application, allowing to express operator effects as updates. As pro-
posed in PDDL, fluent variables are introduced and, consequently, predicates are
defined over general terms. Preconditions of operators are characterized as vari-
able binding constraints with standard preconditions as a special case of equality
constraints. Operator effects can be expressed by ADD/DEL effects and addi-
tionally by updates of fluent variables. Mixing ADD/DEL effects and updates in
an operator is allowed. Updating can involve the application of user-defined and
built-in functions of the language in which the planner is realized. We present an
operational semantics of the extended language. We will give a variety of exam-
ple domains which can be dealt with in an uniform way: planning with resource
variables, numerical problems such as water jug, functional variants of Tower of
Hanoi and blocks-world, list sorting, and constraint-logic programming.

1 Introduction

The development of efficient planning algorithms in the nineties — such as Graphplan
(Blum & Furst, 1997), SAT planning (Kautz & Selman, 1996), and heuristic planning
(Bonet & Geffner, 1999) — made it possible to apply planning to more demanding real-
world domains. Examples are the logistics or the elevator domain (Bacchus et. al., 2000).
Many realistic domains involve manipulation of numerical objects. For example, when
planning (optimal) routes for delivering objects as in the logistics domain, it might be
necessary to take into account time and fuel as resource constraints; plan construction
for landing a space-vehicle involves calculations for the correct adjustments of thrusts
(Pednault, 1987). One obvious way to deal with numerical objects is to assign and update
their values by means of function applications.

While function application is an integral part of deductive planning formalisms
(Bibel, 1998; Manna & Waldinger, 1987) this is not true for state-based planning in
the Strips tradition. However, the need to extend Strips to obtain more expressive power

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 144-[160] 2002.
(© Springer-Verlag Berlin Heidelberg 2002
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is recognized in the state-based planning community: The planning domain definition
language PDDL (McDermott, 1998) incorporates most features of the action description
language ADL (Pednault, 1987). In addition to ADD/DEL effects, ADL allows variable
updates by assigning new values which can be calculated by arbitrary functions. E.g.,
the put(?x, ?y) operator in a blocks-world domain might be extended to updating a state
variable, such as ?LastBlockMoved := ?x; the amount of water in a jug 7j; might be
changed by a pour(?j1, 7j2) action into ?j; := max[0, (?jo — 7c1) + 741)] where 771,
744 are the current quantities of water and 7¢; is the capacity of jug 7j; (Pednault, 1994).

In the nineties, most work addressing the semantics of ADL extensions to Strips
was concerned with conditional effects and quantification (Koehler, Nebel, & Hoff-
mann, 1997). Some planners, such as UCPOP, allowed preconditions to include variable
binding constraints and interpreted predicates, that is, predicates calling Lisp code, for
domains involving arithmetic (Weld, 1994). Updating of fluent variables was only dealt
with in a restricted way for specially marked resource variables (Koehler, 1998; Laborie
& Ghallab, 1995). For example, the value of a global resource variable $gas might be de-
creased in relation to the distance an airplane flies: $gas —= distance(?x ?y)/3 (Koehler,
1998). Only recently, Geffner (2000) pointed out that function application in state-based
planning is dealt with in a largely ad-hoc manner. He proposed a functional variant of
Strips where relations are completely replaced by functional expressions and argued
that allowing function symbols in domain modeling results in more efficient encodings.
Geffner proposed to introduce functions rather than relations as first-class objects in
a domain representation language and presented alternative representations of classic
domains, such as Tower of Hanoi, using symbol-manipulating functions. In contrast,
within PDDL the focus is on updates of numerical values.

There exist two syntactic variants for modeling updates of numerical values in PDDL
(see Fox & Long, 2001): In one variant (McDermott, 1998), fluent variables are declared
whose values can be changed, in the second variant (McDermott, 2000), functors are
declared as special expressions available for updates. Recently, PDDL 2.1 (Fox & Long,
2001) was presented, which is especially concerned with the semantics of updating
numerical variables and durative actions. In PDDL 2.1, the “level 2 semantics” for
numerical updates follows the functor proposal of McDermott (2000). Our own work
can be seen as an extension of the fluent variables concept of PDDL. Because we are
working in the area of combining planning and program synthesis (Schmid & Wysotzki,
2000), we are interested in planning for domains involving function application, such as
sorting lists using a swap-operator. Furthermore, similar to Geftner (2000), we are not
only interested in updating numeric variables but also in a different style of modeling
classical domains allowing the use of symbol-manipulating functions.

In the following, we first introduce our functional approach with an example and
give several arguments why function application is worth to be considered in state-based
planning. Then, we give the extended semantics for state-based planning with functions
and discuss plan construction. We present different examples, covering planning with
resource constraints, planning with numerical values (water jug problem), a standard
programming problem (list sorting), and constraint-logic programming problems. We
conclude with a short evaluation and further work to be done.
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2 Functional Tower of Hanoi

Introducing functions into planning not only makes it possible to deal with numerical
values in a more general way than allowed for by a purely relational language but has
several additional advantages which we will illustrate with the Tower of Hanoi domain
(see Fig.[I). Similar arguments for introducing functions were given by Geffner (2000).

Allowing not only numerical but also symbol-manipulating functions makes it pos-
sible to model operators in a more compact and sometimes also more natural way. For
example, representing which disks are lying on which peg in the Tower of Hanoi domain
could be realized by a predicate on(?disks, ?peg) where ?disks represents the ordered
sequence of disks on peg ?peg with list [oo] representing an empty peg. Instead of mod-
eling a state change by adding and deleting literals from the current state, arguments of
the predicates can be changed by applying standard list-manipulation functions (e. g.,
built-in Lisp functions like car (1) for returning the first element of a list, cdr (1)
for returning a list without its first element, or cons (x, 1) for inserting a symbol z
as head of a list [).

A further advantage is that objects can be referred to in an indirect way. In the
hanoi example, car (1) refers to the object which is currently the uppermost disk on a
peg. There is no need for any additional fluent predicate besides on(?disks, ?peg). The
clear(?disk) predicate given in the standard definition becomes superfluous. Geffner
(2000) points out that indirect reference reduces substantially the number of possible
ground atoms and in consequence the number of possible actions, thus plan construction
becomes more efficient. Indirect object reference additionally allows for modeling in-
finite domains while the state representations remain small and compact. For example,
car (1) gives us the top disk of a peg regardless of how many disks are involved in the
planning problem.

(a) Standard representation
Operator:  move(?d, ?from, ?to)

PRE: {on(?d, ?from), clear(?d), clear(?to), smaller(?d, ?to)}
ADD: {on(?d, ?to), clear(?from)}

DEL: {on(?d, ?from), clear(?to)}

Goal: {on(ds, p3), on(dz, ds), on(d1, d2)}

Initial State: {on(ds, p1), on(dz, ds3), on(d1, d2),clear(d:), clear(ps), clear(ps),
smaller(ds, p1), smaller(ds, p2), smaller(ds, p3), smaller(ds, p1), smaller(ds, p2),
smaller(dz, p3), smaller(ds, p1), smaller(ds, p2), smaller(ds, p3), smaller(ds, d2),
smaller(dy, ds), smaller(dz, d3)}

(b) Functional representation

Operator:  move(?p;, 7p;)

PRE: {on(?l;, ?p;), on(?l;, ?p;), car(?l;) /=0, car(?l;) < car(?l;)}

UPDATE:  change ; in on(?l;, ?p;) to cons(car(?l;),?1;)
change ?; in on(?l;, 7p;) to cdr(?l;)

Goal: {on([oc], p1), on([oc], p2), on([1 2 3 o0], p3)}

Initial State: {on([1 2 3 o], p1), on([c0], p2), on([c<], ps3)} ;
oo represents a dummy bottom disk

Fig. 1. Tower of Hanoi (a) without and (b) with function application
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Finally, introducing functions often makes it possible to get rid of static predicates.
For example, the smaller(?x, ?y) predicate in the hanoi domain can be eliminated. By
representing disks as numbers, the built-in predicate “<” can be used to check whether
the application constraint for the move operator is satisfied in the current state. Allowing
arbitrary boolean operators to express preconditions generalizes matching of literals to
contraint satisfaction.

As shown in the hanoi example, our approach allows a combination of relational and
functional expressions. We extended the Strips planning language to a subset of first order
logic, where relational symbols are defined over ferms with terms as variables, constant
symbols, and function symbols. Our state representations are still sets of literals, but we
introduce a second class of relational symbols (called constraints) which are defined over
arbitrary functional expressions, as shown in Fig.[Il. Standard representations containing
only literals defined over constant symbols are included as special case, and we can
combine ADD/DEL effects and updates in operator definitions.

3 Extending Strips to Function Applications

In the following we introduce an extension of the Strips language from propositional
representations to a larger subset of first order logic, allowing general terms as arguments
of relational symbols. Operators are defined over these more general formulas, resulting
in amore complex state transition function. The proposed language is compatible with the
fluent variable concept of PDDL. The following definition of FPlan is a direct extension
of the Strips language. The extensions are given in bold font:

Definition 1 (FPlan Language) The language L(X,C,F, Rp U Rc) is defined over sets of
variables X, constant symbols C, function symbols F, and of relational symbols R = Rp U
Rec in the following way:

— Variables x € X are terms.

— Constant symbols c € C are terms.

- If f € F is a function symbol with arity a(f) = ¢ and ¢4, t2, ... t; are terms, then

f(t1,t2,... ,t;)is a term.
— There are no other terms.

— If p € Rp is a relational symbol with arity a(p) = j and ti, ta, ... t; are terms then
p(t1,t2,... ,t;) is a formula.
If r € Rc is a relational symbol with arity o(r) = j and ¢4, t2, ... t; are terms then
r(ti,te, ... ,t;)isaformula. We call formulas with relational symbols from R ¢ constraints.

For short, we write p(t).

= Ifpi(ta), p2(t2), ..., pr(te) withpr,p2, ... ,px € R, then {p1(t1), p2(t2), ..., pr(ti)}
is a formula, representing the conjunction of literals.

— There are no other FPlan formulas.

Remarks:
- Formulas consisting of a single relational symbol are called (positive) literals.
Terms over C U F, i. e., terms without variables, are called ground terms.

Formulas over ground terms are called ground formulas.
- With X(F) we denote the variables occurring in formula F.
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An example of a state representation, goal definition, and operator definition using
the FPlan language is given in Fig.[Ib for the Tower of Hanoi domain. FPlan is in-
stantiated in the following way: X = {7p;, 7p;, ?l;,?l;}, C = {p1,p2,p3,1,2, 3,00},
F ={[]},cart,cdrt, cons®}, Rp = {on?}, R¢ = {#%, <?}.

A state in the hanoi domain, such as {on([2 3 oc], p1), on([oo], p2), on([1 o],
p3)}, is given as a set of atoms where the arguments can be arbitrary ground terms. We
can use constructor functions to define complex data structures. For example, [2 3 co]
is a list of constant symbols, where [ [ is a list constructor function defined over an
arbitrary number of elements. The atom on([2 3 oo], p;) corresponds to the evaluated
expression on(cdr([1 2 3 0o], p1)), where cdr(?l) returns a list without its first element.
State transformation by updating is defined by such evaluations.

Relational symbols are divided into two categories — symbols in Rp and symbols in
R¢. Symbols in Rp denote relations which characterize a problem state. For example,
on([1 2 3 o], p1) withon € Rp is true in a state, where disks 1, 2, and 3 are lying on peg
p1. Symbols in R denote additional characteristics of a state, namely variable binding
constraints. These constraints must not be given explicitely in a state representation but
can be checked for a ground formula over Rp. For example, car(L1) / o with / €R¢
is true for Ly = [1 2 3 co] which might be an instantiation of variable ?; in on(?l;, ?p;).

Preconditions are defined as arbitrary formulas over Rp U R¢. Standard precon-
ditions, such as p = on(?7Ly, 7x), can be transformed into constraints: If match(p,s)
results in 097 = {L; < [1 2 3 o0],?x  p;1}, then the constraints eq(?z,p;) and
eq(?L1,[1 2 3 o)), with eq as equality-test for symbols in R¢, must hold.

We allow constraints to be defined over free variables, i. e., variables that cannot
be instantiated by matching an operator precondition with a current state. For example,
variables 77 and ?j in the constraint nth(?¢, 7L) < nth(?j, ?L) might be free. To restrict
the possible instantiations of such variables, they must be declared together with a range
in the problem specification (an example is given in a later section).

Definition 2 (Free Variables in R¢ and Range) For a formula F € L(X,C,F,Rp URc),
variables occurring only in literals over R¢ are called free. The set of such variables is denoted
as Xe C X andwith Xc (F) we refer to free variables in F. For all variables x in Xc instantiations
must be restricted by a range R(zx). For variables belonging to an ordered data type (e. g., natural
numbers), a range is declared as R(x) = [min, max] with min giving the smallest and max the
largest value x is allowed to assume. Alternatively, for categorial data types, a range is defined
by enumerating all possible values the variable can assume: R(z) = [v1,... ,vn].

Definition 3 (State Representation) A problem state s is a conjunction of atoms over relational
symbols in Rp. That is, s € L(C,F,Rp).

We presuppose that terms are always evaluated if they are grounded. Evaluation of terms
is defined in the usual way (Field & Harrison, 1988; Ehrig & Mahr, 1985):

Definition 4 (Evaluation of Ground Terms) A termtover L(C,F) is evaluated in the following
way:

- eval(c) =c, force C

— eval(f(ti,... ,tn)) = apply(fleval(t1), ..., eval(t,))), forf € F and t1,... ,t, € CUF.
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Function application returns a unique value for f(ci,... ,cyn). For constructor functions (such
as the list constructor [ ]) we define apply(fe(ci,... ,cn)) = fe(ei, ..., cn).

For example, eval(cdr([l 2 3 oo])) returns [2 3 oco]. Evaluation of
eval(plus(3,minus(5,1))) returns 7. Evaluated states are sets of relational symbols
over constant symbols and complex structures, represented by constructor functions
over constant symbols. For example, the relational symbol on in state description
{on([2 3 0], p1), on([c0], p2), on([1 o], p3)} has constant arguments p;, pa, and
ps, and complex arguments [2 3 oo], [oo], and [] oo]. Relational symbols in R¢ can
be considered as special terms, namely terms that evaluate to a truth value, also called
boolean terms. In the following, we will speak of evaluation of expressions when
referring to terms including such boolean terms.

Definition 5 (Evaluation of Expressions over Ground Terms)
An expression over L(C, F, R¢) is evaluated in the following way:

— eval(c), eval(f) as in Def.
— eval(r(t1,... ,tn)) = apply(r(eval(t1), ..., eval(t,))), forr € Re¢ and t1,... ,t, € CU
F URe witheval(r(ti,... ,t,)) € {TRUE, FALSE}.
For a set of atoms over L(C,F,Rc), i. e., a conjunction of boolean expressions, evaluation is
extended to:
TRUE ifri(t;)=TRUE
eval({ri(t1),... ,mn(tn)}) = fori=1...n
FALSE else.

For example, {car([1 2 3 0o]) / =0, car([1 2 3 0o]) < car([o0])} evaluates to TRUE.
In our planner, evaluation of expressions is realized by calling the meta-function eval
provided by Common Lisp.

Before introducing goals and operators defined over £(C,F,R), we introduce
matching of formulas containing variables (also called patterns) with ground formu-
las and the extension for constraints. Substitution and matching for the Strips subset Ls
of FPlan is defined in the usual way:

Definition 6 (Substitution and Matching for Strips) A substitution is a set of mappings o =
{1:1 —ti,... T — tn} defining replacements of variables x; by terms t;. For Ls terms t; are
restricted to variables and constants. By applying a substitution o to a formula F' — denoted F
— all variables x; € X(F) with x; < t; € o are replaced by the associated t;. Note that this
replacement is unambiguous, i. e., identical variables are replaced by identical terms. We call F,
an instantiated formula if all X (F') are replaced by constant symbols. For a formula F' € Ls and
a set of atoms A € Ls(C, R), match(FA) = X' gives all substitutions o; € X with F,, C A.

Consider the state

A = {on(ds,p1),on(dz2,ds),on(d1,p3), clear(d1), clear(d2), clear(p2),
smaller(di,p1), smaller(dz,p1), ... }.

The formula PRE of the move operator given in Fig. [Th

F = {on(?d,?from), clear(?d), smaller(?d, 7to), clear(?to) }
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can be instantiated to X = {01, 092,03} with o1 = {?d < do,?from <« ds, 7to +
pa}, o0 = {?d < dyi,? from < ps, 7to < pa}, 03 = {?d < dy,? from < p3, Tto
da}.

Definition 7 (Product of Substitutions) The composition of substitutions o o o’ is the set of all
compatible pairs (x < t) € o and (z' + t') € o' withx, ' € X and t,t' € L(X,C,F).
Substitutions are compatible iff for each (x < t) € o there does not exist any (¥’ < t') € o’
withe =2’ andt /#.

The product of sets of substitutions X = {o01,...0,} and X' = {o1,...0,,} is defined as
pairwise composition Y U X' =c;o00; fori=1...n,j=1...m.

Definition 8 (Matching and Assignment) Ler F' = Fp U F¢ be a formula with
- Fp = {p1(t1), Ce ,pi(ti)} € L‘,(X,C,}-, RP) and
- Fo={ri(t1),... ()} € L(X,C,F,Re), and let
- A€ L(C,F,Rp) be a set of evaluated atoms.
The set of substitutions X, for F' with respect to A is defined as X p U Xc with F’ Py, © Aand
eval(Fc,. ) =TRUE forall o; € X.
- Xp is calculated by match(F'p, A) as specified in Definition
— X is calculated by ass(Xc) for all free variables 1, ... ,xn = Xc(Fc) such that for all
0; € Yo holds o; = {x1 < c1,... ,@Tn < cn} where ¢; € R(x;) (constants c; in the
range of variable x;).

Definition [§] extends matching of formulas with sets of atoms in such a way that only
those matches are allowed where substitutions additionally fulfill the constraints.
Consider the state

A = {on([2 3 o], p1), on([o0], p2), on([1 oo], ps)}.
Formula PRE of the move operator given in Fig.[Tb
F = {on(?l;, ?ps), on(?l;, 7p;), car(?l;) /=0, car(?l;) < car(?l;)}
can be instantiated to X' = {01, 02, 03} with
o1 ={?pi < p1, pj + p2, ;i < [23 0], ?; + [o0]},

o2 = {pi + ps, ?pj < p2, 7l + [Loo], ?; + [o0]},
o3 = {7])1 < ps3, ?pj <~ p1, 711 < [1 OO]7 ?l] <— [2 3 OO}}

but not to
04 = {?pz %pl,?pj (—pg,?li < [2 3 OO},?lj < [1 OO}},

05 = {?pi < p2,7p; < p1, i + [00], ?l;  [2 3 o0]},
06 = {?pz (—pz,?pj (—pg,?li — [OO},?lj — [1 OO]}

A procedural realization for calculating all instantiations of a formula with respect to
a set of atoms is to first calculate all matches and then modify X' by stepwise introducing
the constraints. For the example above, we first calculate X' = {01, 02,03, 04, 05,06}
considering only the sub-formula Fp = {on(?p;, ?l;),on(?p;, ?1;)}. Next, constraint
car(?l;) / =0 is introduced, reducing X' to X = {01, 02,03, 04}. Finally, we obtain
XY = {01, 09,03} by applying the constraint car(?l;) < car(?l;).

If the constraints contain free variables, each substitution in X' is combined with
instantiations of these variables as specified in Definition[7. An example for instantiating
formulas with free variables is given the example section for the list sorting domain.
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Definition 9 (Goal Representation) A goal G is a formula in L(X,C, F,R).
The goal given for hanoi in Fig.[Ib can alternatively be represented by:

{ on([12300],p3),on(?l, p:),on(?l;, 7p;), 0o = car(?l;), 00 = car(?l;)}.

Definition 10 (FPlan Operator) An FPlan operator op is described by preconditions (PRE),
ADD and DEL lists, and updates (UP) with

PRE = PREp U PREc € L(X,C,F,Rp U R¢)and ADD,DEL € L(X,C,F,Rp).
An update UP is a list of function applications, specifying that a function f(t) € L(X,C,F) is
applied to a term t; which is argument of literal p(t") with p € Rp.

An example for an update effect is given in Fig. [Tb:
change ?l; in on(7l;, 7p;) to cdr(?1;).

defines that variable ?l; in literal on(?l;, ?p;) is updated to cdr(?l;). If more than one
update effect is given in an operator, the updates are performed sequentially from the
uppermost to the last update. An update effect cannot contain free variables, that is
X(UP) C X(PRE).

An operator is instantiated by matching and assignment with respect to a given state
as described above. This corresponds to obtaining grounded actions by normalization as
proposed by Fox and Long (2001).

Definition 11 (Updating a State) For a state s = {p1(t1), ... ,pn(tn)} and an instantiated
operator o with update effects u € U P, updating is defined as replacement t; := eval(f(t)) for
a fixed argument t; in a fixed literal p;(t) € s with X (t), X (t') C X (PRE).

For short we write update(u, s).

Applying a list of updates UP = (u1,... ,un) to a state s is defined as update(UP,s) =
update(un, update(tun—1, ... ,update(us, s))...).

For the initial state of hanoi in Fig.[ll s = {on(p1, [12 3 o0]), on(pz, [0]), on(ps, [o0])},
the update effects of the move operator can be instantiated to

u1 = change [00] in on(ps, [00]) to cons(car([1 2 3 co])[o0])
ug = change [1 2 3 co] in on(p1,[1 2 3 0]) to cdr([1 2 3 a)).

Applying these updates to s results in:

update((u1, u2), {on(p1, 123 oc), on(pz, [o0]), 0n(ps, [5o]) )
update(uz, {on(p1,[1 2 3 00]), on(p2, [00]), on(ps, eval(cons(car([1 2 3 ca]), [00]))) }

= update(uz, {on(p1, [1 2 3 ol), on(pz, [00]), on(ps, [1 oo])}

= {on(p1, eval(cdr([1 2 3 oc]))), on(pz, [2]), on(ps, [1 o0]) }

= {on(p1, [2 3 o0]), on(p, [09]), on(ps, [1 o0]) }.

Note that the operator is fully instantiated before the update effects are calculated. The
current substitution o € X is not affected by updating. That is, if the value of an
instantiated variable is changed, as for example Ly = [00] is changed to Ly = [1 oo,
this change remains local to the literal specified in the update.
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Operator: move(?p;, 7p;)
PRE: {on (?l;, ?ps), on(?l;, 7p;), not-empty(?;), legal(?l;, ?1;)}
UPDATE: change ?1; in on(?l;, 7p;) to cons(car(?l;), 71;)
change ?l; in on(?l;, 7p;) to cdr(?l;)
Goal: {on([ 1, p1), on([ 1, p2), on([1 2 3], p3)}
Initial State: {on([1 2 3], p1), on([ 1, p2), on([ 1, p3)}
Functions: not-empty(!) = not(null(l))

legal(l1, l2) = if null(l2) then TRUE else < (car(ly), car(l2))

Fig. 2. Tower of Hanoi with user-defined functions

Definition 12 (Operator Application) For a state s and an instantiated operator o, operator
application is defined as Res(o,s) = update(UP,s \ DEL(o) U ADD(0)) if PREp(o) C
s and eval(PREc(0)) = TRUE.

ADD/DEL effects are always calculated before updating. Examples for operators
with combined ADD/DEL and update effects are given below. As mentioned above, the
set of function symbols F and the set of relational symbols R¢ of FPlan can contain
arbitrary built-in and user-defined functions. When parsing a problem specification, each
symbol which is part of Common Lisp and each symbol corresponding to the name of
a user-defined function is treated as expression to be evaluated. Symbols in R¢ have to
evaluate to a truth value.

An example specification of hanoi using built-in and user-defined functions is given
in Fig. 2 For the Tower of Hanoi domain the FPlan language is instantiated to X =
{?pi, 20y, i, 705}, C = {p1,p2, p3, 1,2, 3,mil}, F = {[|',car’, cdr', cons*}, Rp =
{on?}, Re = {not-empty!,legal®}. The user-defined functions can be defined over
additional built-in and user-defined functions which are not included in L. For a Lisp-
implemented planner after loading a problem specification, all declared user-defined
functions are appended to the set of built-in Lisp functions and interpreted in the usual
manner.

An FPlan planning problem is given as P(O, T, G), where operators O, initial states
Z, and goals G are defined over the FPlan language, which extends Strips by allowing
function applications. A plan for the hanoi problem specified in Fig.[Ib is given in Fig.[3l
Plan construction can be performed using either forward or backward search in the state
space. To make FPlan applicable for backward planners, for each function f appearing
in an update-effect, its inverse function must be given, that is, for backwards planning
only bijective functions are admissible. Backward planning with function application is
described in detail in (Miiller, 2000). When allowing arbitrary user-defined functions,
termination of plan construction can no longer be guaranteed. This holds especially for
user-defined functions involving loops or recursion.

! For a Lisp implemented planning system, functions must be defined in Lisp syntax, . g.,:
(defun legal (11 12) (if (null 12) T (< (car 11) (car 12)))).
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‘ ((ON[12300] P1) (ON [0c] P2) (ON [ od P3)) ‘

(MOVH P1 P3)

\ ((ON[230] P1) (ON [o¢] P2) (ON [1 od P3)) |

(MOVH P1 P2)

[ ((ON [352] P1) (ON [2 %] P2) (ON [1 od P3)) |

(MOVH P3 P2)

\ (ON [3%] P1) (ON [1 2] P2) (ON [4 P3)) |

(MOVH P1 P3)

\ ((ON 1 P1) (ON [12 %] P2) (ON [3%%] P3) |

(MOVH P2 P1)

[ ((ON [155] P1) (ON [2 0] P2) (ON [350] P3)) |

(MOVE P2 P3)

[ ((ON [100] P1) (ON [o0] P2) (ON [23 od P3)) |

(MOVH P1 P3)

‘ ((ON po] P1) (ON [00] P2) (ON [123 of P3)) ‘

Fig. 3. A plan for Tower of Hanoi

4 Examples

In the previous section, we presented FPlan with a functional version of the Tower of
Hanoi domain, demonstrating how operators with ADD/DEL effects can be alternatively
modeled with update effects. In the following, we will give a variety of examples for
problem specifications with FPLan. First we will show how problems involving resource
constraints can be modeled. Afterwards, we will give an example for a numerical domain.
We will show how standard programming problems can be modeled in planning, and
finally we will present preliminary ideas for combining planning with constraint logic
programming.

The algorithm for planning with function-applications follows directly from the def-
initions given above. The main modification of a standard state-based planner concerns
the calculation of a new state from a given state (Def.[I2)). All examples presented here
were tested with our backward planner DPlan which is a kind of universal planner, based
on calculating pre-images by breadth-first search (Schmid & Wysotzki, 2000). DPlan
was extended for domains presented in the FPlan language and the results are reported
in Miiller (2000). For this paper, plans were constructed with forward planning, but still
using DPlan’s breadth-first strategy. Because work on function application in state-based
planning is still at its beginning, we were more concerned with feasibility than with ef-
ficiency and we focus on how function application can be modeled with FPlan and do
not present empirical evaluations of performance.
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Operator: fly(?plane, 7x, 7y)

PRE: {at(?plane, 7z), fuel-res(?plane, ? fuel), ? fuel > distance(?z, 7y)/3}
ADD: {at(?plane, 7y)}
DEL: {at(?plane, 7z)}

UPDATE: change ? fuel in fuel-res(?plane, 7 fuel) to calc-fuel(? fuel, 7x, 7y)
change ?time in time-res(?plane, Ttime) to calc-time(?time, 7z, 7y)

Goal: {at(p1, berlin) }

Initial State: {at(pl, london), fuel-res(p1, 750), time-res(p1, 0)}

Functions: calc-fuel(? fuel, 7z, 7y) = ? fuel — distance(?z, 7y)/3
calc-time(?time, 7z, 7y) = ?time + 3/20 x distance(?z, 7y)

Fig. 4. A Problem specification for the airplane domain

Table 1. Database with distances between airports

H Berlin [ Paris [London[New Yorkl

Berlin - 540 m | 570 m | 3960 m

Paris 540 m - 210m | 3620 m

London || 570 m | 210 m - 3460 m
New York||3960 m|3620 m|3460 m -

4.1 Planning with Resource Variables

Planning with resource constraints can be modeled as a special case of function updates
with FPlan. As an example we use an airplane domain (Koehler, 1998). A problem
specification in FPlan is given in Fig. [

The operator fly specifies what happens when an airplane ?plane flies from airport
?x to airport 7y. We consider two resources: the amount of fuel and the amount of
time the plane needs to fly from one airport to another. In the initial state the tank is
filled to capacity (fuel-res(750)) and no time has yet been spent (time-res(0)). A resource
constraint that must hold before the action of flying the plane from one airport ?x to
another airport 7y can be carried out could be ?fuel > distance(?x, 7y)/3,thatis, the plane
has to be at airport 7z and there has to be enough fuel in the tank to travel the distance
from ?x to 7y. For our example, we give no time constraint as precondition for flying,
but the time resource is changed by operator application. The precondition could include
a time constraint, such as, time-res(?plane, Ttime), ?time > distance(?x, 7y) ~%.

The distance between two airports is obtained by calling the function distance(?x,
?y) which returns the distance value by consulting an underlying database (see tab. [I).
The distances can alternatively be modeled as static predicates (e. g., distance(berlin,
paris, 540), etc.).

The position of the plane ?plane is modeled with the literal ar. When flying from
?x to 7y the literal at(?plane, 7x) is deleted from and the literal at(?plane, 7y) is added
to the set of literals describing the current state. Note, that we could have omitted the
ADD/DEL effect by modeling the position of the plane as fluent variable. The resource
variable ? fuel described by the relational symbol fuel-res is updated with the result of
the user-defined function calc-fuel which calculates the consumption of fuel according
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to the traveled distance. The resource variable 7time described by the relational symbol
time-res is updated in a similar way assuming that it takes 3/20 x distance(?x, 7y) to fly
the distance from airport 7z to 7y. When ADD/DEL and update effects occur together
in one operator the update effect is carried out on the state obtained after calculating the
ADD/DEL effect (see Def.[12).

Updating of state variables as proposed in FPlan is more flexible than handling
resource variables separately (as in Koehler (1998). While in Koehler (1998), fuel and
time are global variables, in FPlan the current values of fuel and time are arguments
of relational symbols fiel-res(?plane, ?fuel), time-res(?plane, ?fuel). Therefore, while
modeling a problem involving more than one plane can be easily done in FPlan this is
not possible with Koehler’s approach. For example we can specify the following goal
and initial state:

Goal: {at(p1, berlin), at(p2, paris)}
Initial State:  {at(pl, berlin), fuel-res(p1, 750), time-res(p1, 0),
at(p2, paris), fuel-res(p2, 750), time-res(p2, 0)}

Modeling domains with time or cost resources is simple when function applications
are allowed. Typical examples are job scheduling problems — such as the machine shop
domain presented in Veloso et al. (1995). To model time steps, a relational symbol
time( ?t) can be introduced. Time ?¢ is initially zero and each operator application results
in 7t being incremented by one step. To model a machine that is occupied during a certain
time interval, a relational symbol occupied(?m, ?0) can be used where ?m represents
the name of a machine and 7o the last time slot where it is occupied with 70 = 0
representing that the machine is free to be used. For each operator involving the usage
of a machine, a precondition requesting that the machine is free for the current time slot
can be introduced. If a machine is free to be used, the occupied relation is updated by
adding the current time and the amount of time steps the executed action requests. It
can also be modeled that occupation time does not only depend on the kind of action
performed but also on the kind of object involved (e. g., polishing a large object could
need three time steps, while polishing a small object needs only one time step).

4.2 Planning for Numerical Problems — The Water Jug Domain

Numerical domains as the water jug domain presented by Pednault (1994), cannot con-
veniently be modeled with a Strips-like representation. Figure[3 shows an FPlan speci-

Operator: pour(?jl1, 7;j2)
PRE: {volume(?51, ?v1), volume(?52, 7v2), capacity(?52, 7c2), (Tv2 < ?¢2), (?7vl > 0)}
UPDATE:  change 7vl in volume(?;1, 7v1) to max(0, Tvl — ?7¢2 4 7v2)
change 702 in volume(?52, 7v2) to min(?c¢2, vl + 7v2)
Goal: {volume(a, 25), volume(b, 0), volume(c, 52)}
Statics: {capacity(a, 36), capacity(b, 45), capacity(c, 54)}
Initial State: {volume(a, 36), volume(b, 7), volume(c, 34) }

Fig. 5. A problem specification for the water jug domain
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[ ((VOLUME A 36) (VOLUME B 7) (VOLUME C 34)) |

(POUR A C)

[ ((VOLUME A 16) (VOLUME B 7) (VOLUME C 54)) |

(POUR C B)

[ ((VOLUME A 16) (VOLUME B 45) (VOLUME C 16)) |

(POUR B A)

[ ((VOLUME A 36) (VOLUME B 25) (VOLUME C 16)) |

(POUR A C)

\ ((VOLUME A 0) (VOLUME B 25) (VOLUME C 52))

(POUR B A)

[ ((VOLUME A 25) (VOLUME B 0) (VOLUME C 52))

Fig. 6. A plan for a water jug problem

fication of the water jug domain: We have three jugs of different volumes and different
capacities. Operator pour models the action of pouring water from one jug ?j/ into an-
other jug ?j2 until either ?jI is empty or ?;j2 is filled to capacity. The capacities of the
jugs are statics while the actual volumes are fluents. The resulting volume ?v/ for jug
?j1 is either zero or what remains in the jug when pouring as much water as possible
into jug ?j2: max[0,v1 — ¢2 + v2]. The resulting volume ?v2 for jug ?j2 is the either
its capacity or its previos volume plus the volume of the first jug ?jI: min[c2, v1 4 v2].
The resulting plan for the given problem specification is shown in Fig. [6]

4.3 Planning for Programming Problems — Sorting of Lists

With the extension to functional representation a number of programming problems,
for example list sorting algorithms such as bubble, merge or selection sort, can be
planned more efficiently. Recently, there is some interest in applying planning to standard
programming problems in the context of policy learning (Bonet & Geftner, 1998; Schmid
& Wysotzki, 2000). We have specified selection sort in the standard and the functional
way (see Fig. [7).

In the functional representation we can use the built-in function “>" instead of the
predicate greater, the constructor for lists slist, and the function nth(n, L) to reference
the n-th element of the list L instead of specifying the position of each element in
the list by using the literal is—at(?x, ?i). In the functional representation, the indices to
the list ?i and ?j are free variables, which — for lists with three elements — can range
from zero to two. When calculating the possible instantiations for the operator swap, the
variables ?i, ?j can be assigned any value within their range for which the precondition
holds (see Def.[2)). The function swap is defined as an external function using a function
substitute(p, g, L) that replaces g with p in a list L.
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4.4 Constraint Satisfaction as Special Case of Planning

Logical programs can be defined over rules and facts (Sterling & Shapiro, 1986). Rules
correspond to planning operators. Facts are similar to static relations in planning, that
is, they are assumed to be true in all situations. Constraint logic programming extends
standard logic programming such that constraints can be used to efficiently restrict
variable bindings (Frithwirth & Abdennadher, 1997). In Fig.Blan example for a program
in constraint Prolog is given. The problem is to compose a light meal consisting of an
appetizer, a main dish and a dessert which all together contains not more than a given
calorie value.

The same problem can be specified in FPlan (see Fig. D). The goal consisting of a
conjunction of literals now contains free variables and a set of constraints determining
the values of those variables. In this case ?x, 7y, 7z are free variables that can be assigned
any value within their range (here enumerations of dishes). The ranges of the variables
?x, 7y, 7z are specified for the domain and not for a problem. The function calories
looks up the calorie value of a dish in an association list.

There are no operators specified for this example. The planning process in this
case solves the goal constraint by finding those combinations of dishes that satisfy the

(a) Standard representation

Operator: swap(?i, 74, 7x)

PRE: {is-at(?x, 77), is—at(?y, 7j), greater(?x, ?7y)
ADD: {is—at(?z, 7j), is—at(?y, 74)}

DEL: {is-at(?z, ?4), is-at(?y, 7j)}

Initial State:  {is—at(3, p1), is-at(2, p2), is—at(l, p3)}
Goal: {is—at(1, p1), is-at(2, p2), is—at(3, p3)}
(b) Functional representation

Operator: swap(?i, 74, 7x)

PRE: {slist(?a), nth(?i, ?z) > nth(?§, ?2)}
UPDATE: change ?x in slist(?x) to swap(?i, 77, 7x)
Variables: {(?i :range (0 2)) (?j :range (02))}
Initial State:  {slist((32 1 ])}

Goal: {slist([ 123D}

Functions: swap (74, 74, 7x) =

if 74 >7j then swap(?j, 74, 7x) else substitute(nth(?4, ?1), nth(?3, ?1),
substitute(nth(? 7, ?1), nth(?4, ?1), 71 :start 7 :end ?75) :start 75 :end 75 + 1)

Fig.7. Specification of selection sort

lightmeal(A, M, D) <~ 1400 > 1+J+K,I>0,J >0,K >0,
appetizer(A, I), main(M, J), dessert(D, K).

appetizer(radishes, 50). main(beef, 1000). dessert(icecream, 600).

appetizer(soup, 300). main(pork, 1200). dessert(fruit, 90).

Fig. 8. Lightmeal in constraint prolog
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Domain: Lightmeal

variables: (?x :range (radishes, soup), 7y :range (beef, pork), 7z :range (fruit, icecream))
Initial State: {};empty

Goal: {(lightmeal(?z, 7y, ?z), (calories(?z) + calories(?y) + calories(?z))< 1400}
Functions: calories(?dish) = cadr(assoc(?dish, calorie-list))

calorie-list := ((radishes 50) (beef 1000) (fruit 90) (icecream 600) (soup 300)
(pork 1200) ...)

Fig.9. Lightmeal in FPlan

constraint. For example a meal consisting of radishes with 50 calories, beef with 1000
calories and fruit with 90 calories.

5 Conclusion and Future Work

We have presented an extension of the Strips planning language to function application
with the following characteristics: Planning operators can be defined using arbitrary
symbolical and numerical functions; ADD/DEL effects and updates can be combined;
indirect reference to objects via function application allows for infinite domains; planning
with resource constraints can be handled as special case.

The proposed language FPlan can be used to give function application in PDDL
(McDermott, 1998) a clear semantics. The described semantics of operator application
can be incorporated in arbitrary Strips planning systems. In contrast to other proposals
for dealing with the manipulation of state variables, we do not represent them as specially
marked “first class objects” (Fox & Long, 2001) but as arguments of relational symbols.
This results in a greater flexibility of FPlan, because each argument of a relational symbol
may principally be changed by function application. As a consequence, we can model
domains usually specified by operators with ADD/DEL effects alternatively by updating
state variables (Geffner, 2000).

Furthermore, allowing arbitrary numerical and symbol-manipulating functions
makes it possible to apply planning to a larger class of domains. Our planning sys-
tem DPIlan is used as a tool for inductive synthesis of functional programs (Schmid
& Wysotzki, 1998, 2000). In this context, we are interested in constructing plans for
standard programming problems as list sorting or reversing of lists.

Of course, our proposal is just a first step to integrate function application into
state-based planning. Many questions are open to further research. First, it might be
interesting to contrast FPlan with PDDL 2.1. Fox and Long (2001) argues against flu-
ent variables because they do not define finite ranges and proposes specially marked
functional expressions instead. To overcome this problem, we must introduce an explicit
restriction of all free variables in a given problem definition (as in the sorting example)
or in the domain (as in the lightmeal example). Furthermore, it would be interesting to
investigate how variable updates can interact with other PDDL features, especially with
all-quantification. This would be a further step in combining planning with (constraint)
logic programming.
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Fast Winner-Takes-All Networks for the
Maximum Clique Problem

Brijnesh J. Jain and Fritz Wysotzki

Dept. of Computer Science, Technical University Berlin, Germany

Abstract. We present an in-depth mathematical analysis of a winner-
takes-all Network tailored to the maximum clique problem, a well-known
intractable combinatorial optimization problem which has practical ap-
plications in several real world domains. The analysis yields tight bounds
for the parameter settings to ensure energy descent to feasible solutions.
To verify the theoretical results we employ a fast annealing schedule to
the WTA algorithm and show the effectiveness of the proposed approach
for large scaled problems in extensive computer simulations.

1 Introduction

A clique of a graph is a fully connected substructure. Cliques with maximal
number of vertices are the maximum cliques of a graph. Finding the maximum
clique is a classical NP-complete problem in combinatorial optimization [5]. Feige
et al. have shown in [3] that even approximating the maximum clique of a graph
is almost NP-complete. Therefore exact algorithms which guarantee optimal
solutions are useless for all but the smallest input graphs, since the execution
times of these algorithms grow exponentially with the number of vertices. On the
other hand, in practice it is often required to find a sufficient good approximate
solution within a reasonable time.

Several real world applications can be mapped onto the maximum clique
problem. Balas and Yu [I] mentioned information retrieval, experimental de-
sign, signal transmission, and computer vision. An application of the maximum
clique problem for labeled point pattern matching was proposed by Ogawa in
[13]. Further applications are PLA folding [12], the stereo vision correspondence
problem [9], visual shape recognition [T4], cluster analysis, classification, and pat-
tern recognition of structured objects [IH16], graph coloring, disposal systems,
VLSI circuit design, and biological systems [6].

Due to its applicability in various fields many heuristics have been devised
to approximately solve the maximum clique problem. For details we refer to a
survey by Bomze et al. [2]. Among other heuristics artificial neural networks
have been successfully employed to find good approximations of a maximum
clique in a given graph [2/17]. Following the seminal paper of Hopfield and Tank
[8], the general approach to solve combinatorial optimization problems maps
the objective function of the optimization problem onto an energy function of
a neural network. The constraints of the problem are included in the energy

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 163173} 2002.
© Springer-Verlag Berlin Heidelberg 2002
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function as penalty terms, such that the global minima of the energy function
correspond to the solutions of the combinatorial optimization problem. In order
to improve the solution quality many variations of the Hopfield Network have
been proposed (for an overview see references in [2[I7]). However, in almost all
cases of the continuous Hopfield model and its variants the free parameters are
chosen heuristically and a theoretical justification is missing.

The best results were reported by neural algorithms and related variants
which are also the slowest [10]. In particular, mean-field annealing and simu-
lated annealing yield the best solutions but their computational effort may be
prohibitive for large graphs and for repeated application of the maximum clique
problem on a large set of graphs as in pattern recognition or clustering tasks of
structured objects [ITT4ITH/16]. For the practical use efficient neural maximum
clique solver are required. In general an optimization algorithm is inefficient if
it spends lot of computational efforts for less avail in the sense, that the solu-
tion does not significantly improve. The significance of an improvement is highly
dependent on the desired precision of the results and on the envisaged goals.
Each improvement corresponds to an economical profit and each iteration causes
costs. From this point of view an optimization can run without loss up to a fixed
precision. Improvements obtained without loss are considered to be significant.
Following these considerations, simulated annealing, mean-field annealing, and
related approaches might possibly not be efficient in some application areas.

Consequently, in this paper we introduce a rapid and simple winner-takes-all
(WTA) Network for the maximum clique problem. We rigorously analyze our
proposed model and derive bounds for the parameters to ensure that the WTA
network performs an energy descent until it terminates in a stable state which
correspond to a feasible solution. The theoretical results may give new insight
into the functioning of a neural network for combinatorial optimization problems.
On the basic of our mathematical analysis we incorporate an annealing scheme to
speed up our algorithm. In an empirical study we show, that the WTA algorithm
outperforms greedy-like algorithms. Thus the simplicity of the network and the
theoretical results yield guidelines for the unskilled practitioner how to employ
the WTA network in practical applications without searching for an adequate
parameter setting in a laborious trial and error procedure.

The rest of this paper is organized as follows: Section 2 describes the maxi-
mum clique problem. Section 3 presents a WTA network for solving the maxi-
mum clique problem. In Sect. 4 we give an in-depth analysis of the WTA model.
In Sect. 5 we conduct extensive computer simulation to test the performance of
the proposed WTA heuristics. The last section concludes this contribution.

2 The Maximum Clique Problem

A graph is a pair G = (V, E) consisting of a finite set V' # () of vertices and a
binary relation E C [V]? where [V]? is the set of all 2-element subsets {i, j} C V.
The elements of E are called edges. The size |G| of a graph G is the number of
its vertices.
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A subset C of V is called clique if [C]?> C E. A mazimum clique is a clique
with maximum cardinality of vertices. A maximal clique is a clique which is
not contained in any larger clique. The cligue number w(G) of a graph G is the
number of vertices of a maximum clique in G. The mazimum clique problem is
the problem of finding a maximum clique in a given graph.

3 Clique Detection with WTA Networks

The (continuous) WTA model is composed of a set of fully interconnected pro-
cessing elements (units). The time-discrete dynamics of the system is of the
form
zi(t+1) = 2:(t) + Y wih] (t) (1)
Ji/E
where z;(t) € R denotes the activation of unit ¢ at time t and w;; = wj; is

the synaptic weight between unit ¢ and unit j. The output A7 (¢) of unit 7 is
computed by a limiter transfer function of the form

1 : .’L‘Z(t) >T
hI(t)=40 :ox(t) <0 (2)
x;(t)/T : otherwise

where 7 > 0 is a control parameter called pseudo-temperature or gain. Starting
with a sufficient large initial value 7 = 7¢ the pseudo-temperature is decreased
according to an annealing-schedule to a final value 7 = 7.

In order to solve the maximum clique problem for a given graph G = (V, E)
the network consists of |[V| = n units which are connected with weight w;; =
wg > 0if {i,j} € Eis an edge in G and with weight w;; = —w; < 0if {4, j} ¢ E.
Self weights w;; are set to zero. In this way a graph G uniquelyEl determines the
topology of a neural maximal clique solver. For this reason we sometimes identify
the units of the neural maximal clique solver with the vertices of the underlying
graph.

Given an appropriate parameter settings the neural maximal clique solver
operates as follows: An initial activation is imposed on the network. Finding
a maximum clique then proceeds in accordance with eqn. ([l) until the system
reaches a stable state. The stable states correspond to the maximal cliques of
G. In the ideal case a maximum clique is found. The clique size can be read out
by counting the number of units with activation x;(¢) > 0.

4 Parameter Settings

In this section we derive bounds on the excitatory/inhibitory weights of the
WTA network and on the initial pseudo-temperature of the transfer function.

! More precisely from the graph-theoretic point of view: uniquely up to isomorphism.
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At the end of this section we present a termination criterion which recognizes a
feasible stable equilibrium state.

To simplify the following considerations we introduce some useful technical
terms: Let G = (V, E) be a graph. Then according to the last section G uniquely
determines the topology of a neural maximal clique solver. We call the number
degy(7) of excitatory connections of unit ¢ the excitatory degree ofi. With degp =
max{degr(i) | 1 < i < n} we denote the excitatory degree of the maximal
clique solver. Similarly, deg; (i) := n — degy(i) is the inhibitory degree of i and
deg; = max{n — degg(i) | 1 < i < n} is the inhibitory degree of the network.
With E; (I;) we denote the set of all units j which are excitatory (inhibitory)
connected to unit <.

A Lower Bound for wy

Given appropriate parameter settings the network performs a gradient descent
with respect to some energy function F where the minima of E correspond to
maximal cliques of the underlying graph. The inhibitory connections with weight
wy constitute the constraints of the problem and therefore are responsible to
ensure feasibility of the solution. Proposition [l gives a lower bound for w; to
ensure that the minima of the energy function E correspond to maximal cliques.

Proposition 1. Let h7(t) € {0,1}" be a stable equilibrium point. If w; >
degp -wg then h7(t) is a feasible solution.

Proof. By assumption the vector h7(t) is a vertex point of the unit hypercube,
since h7(t) is a stable point. Now assume that h7(¢) is a infeasible solution. Then

there exist units r and s with w,s = ws, = —wy and bl (t) = A7 (t) = 1. We find
2e(t+1) =, (t) +wg Y hI(t) —wr Y hi(t)
JEE, kel,

< 2,(t) + degp -wg —wr - h (%)
= z,(t) + degp -wg — wy
< x.(t)

Thus z,.(t + 1) < z,(t) which is a contradiction to the assumption that h” is a
stable point. a

An Upper Bound for wg

Prop. [ ensures that a stable vertex point is a local minimum of the energy
function E and corresponds to a maximal clique. Next we give an upper bound of
wg to ensure that the network performs a gradient descent towards a minimum.

Proposition 2. Let E(t) = -3, > wighl ()R] (1) and wy > degp wg. If

< 2.7
F deg;(n — degp)

3)

w

then update rule (@) minimizes E.
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Proof. Let Ag(t):=E(t+1)—E(), u=h7(t+1),u' =h7(t), A :=u—u’,
and I be the identity matrix. Then

Ag(t) = %((u Wu) — (u', Wu'))
§(<A WA) — 2(A, W)
<— %(m WA) —2r(A, A))
1

= (A, (W +2r1)4)

where the inequality in the third line follows from Lemma [l Thus Ag(t) < 0 if
W + 271 is positive definite. This condition is satisfied if
21 > " |wi] (4)
Jj/E
for all 4. Note, that 27 are the diagonal elements of W + 271 since w;; = 0 for
all i. Let 6; := deg;(¢) be the inhibitory degree of unit ¢. Then

> lwil = di)wg + d;wr (5)
Jj/=

for all 4. Since w; > wg by assumption the sum becomes maximal if §; = deg;.
Thus we have

27 > (n — deg;)wg + deg; -wy
> (n —deg;)wg + deg; - degy -wg
= (n —degg) deg; ‘wg

Solving the last equation for wg yields the assumption. O

To complete the proof of Prop. [ it is left to show Lemma[dl.
Lemma 1. Let A:=h7(t+ 1) — h7(t). Then

(A, WHh™(t)) > T(A, A) (6)
Proof. Let A; := hT(t + 1) — hI(t). We consider three cases:

— Case 1 A; > 0: From A; = h7(t 4+ 1) — hI(t) > 0 follows h7(t + 1) > 0 and
hI(t) < 1. We have z;(t+1) > 7-h](t+1) and z;(¢t) < 7-h](t). Using both
inequalities and update-rule () we obtain

TA;=7-hl(t+1)—7-hl(t) <zi(t+1)—7-hl(t)
t)+ > wih(t) — 7 b (1)
Jj/E
Jj/&

Since A; > 0 we have A; - > hi(t) > 7- A

g/ &W
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— Case 2 A; = 0: In this case A; - 37, ,wi;h7(t) =0=7 A? holds.
— Case 3 A; < 0: With a similar argumentatlon like in case 1 we conclude

TAZ‘ Z Z wijh;(t)
Ji/E
using the inequalities z;(t+1) < 7-h] (t+1), z;(¢t) > 7-h] (t) and update-rule
(M. Clearly, A; - 37, ,wizhj(t) > 7+ A? holds.

In any case we find that A; - i3 (t) > 7- A7 Thus the assumption holds.

O

/&Y

A Lower Bound for 79

In general h™ = 0 is a feasible but useless solution. If for all units ¢ the inhibitory
degree deg; (i) is larger than degy (7)/ degy and if 7 is too small than the network
converges to 0 within one time step. The following Prop. [3 gives a lower bound
for the initial pseudo-temperature 7y to avoid a 0-solution.

Proposition 3. Let 19 > 0 be the initial pseudo-temperature. Suppose that the
ingtial activation x;(0) = xo with 0 < g < 1 for all units 1 < i <n. If

7o > deg; -wr — (n —deg;) - wg (7)
then x;(1) > 0 for all units i.

Proof. To avoid that the activation of all units are set to 0 at t = 1 we require
according to the update-rule ()

xi(l):xo—i-(n— -hTO(O)—(Si-wI-hTO(O) >0

i) w
for all units ¢ where ¢; = deg; (i) is the inhibitory degree of unit i. Since 1 >
xo > 0 and by definition of h]°(0) we find

T T
zo4 (n—68) wg- =2 =8 wr=>0
70 70
@Tg>6i~w1—(n—5i)-wE

for all units 7. The assumption follows from ¢; - wy — (n — §;) - wp < deg; -wy —
(n — deg;) - wg. O

Termination Criterion

The network is in a stable state when the output h7(¢) does not change for all
t > to for some ty. The following Lemma 2] gives a termination criterion which
satisfies the output stability of the network.

Lemma 2. The dynamical system given by () is stable, if for all units i the
following conditions are satisfied:

1. h7(t) € {0,1}

3. hT(t+1)=0—z;(t+1) < z(t)

Proof. Simply follows by induction using the inequality w; > degg - wg. O
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5 Experiments

In order to assess the performance of the proposed WTA heuristics, extensive
simulations were carried out. We employed Steepest Descent (SD) as described
in [I0] for comparison. We found Steepest Descent attractive because it is ex-
tremely fast as a greedy emulation formulated in terms of an energy minimization
procedure.

Test Graphs

We have tested the algorithms on the following types of graphs which are also
commonly used for benchmark test within the neural network literature [AJ7/I0].

1. Random Graphs: Let V be a vertex set consisting of n elements and p € [0, 1]

be a fixed number called success probability or edge probability. A p-random
n-vertex graph is intuitively generated as follows: For each pair {i,j} € [V]?
we decide by some random experiment whether or not {, j} shall be an edge
in G. These experiments are performed independently with fixed probability
of success p, i.e. the probability of accepting {4, j} as an edge for G is equal
to p.
Generating random graphs with varying edge probability p for fixed number
of vertices n is a simple and powerful method to generate graphs with vari-
ous distinct graph properties like (non)-connectivity, (non)-planarity, (non)-
existence of Hamiltonians, etc. However, the clique size of almost all random
graphs is relatively small (O(log(n))).

2. Random Graphs with large Cliques: These graphs are p-random n-vertex
graphs where additionally a large clique is inserted. Let n be the number of
vertices of a graph G and « € [0,1] a fixed number. Then [n®] vertices of G
are randomly selected and interconnected to a clique of size [n®] where [/]
denotes the round-function.

Theses class of graphs are of interest, because they also have various distinct
graph properties like p-random n-vertex graphs and additionally circumvent
the restriction of graphs with small clique numbers.

3. k-Random Cliques Graphs: A k-random cliques graph G is constructed by
randomly generating k cliques of various size and taking their union: Let V/
be the vertex set of a graph G with n elements. For each clique C; (1 < i < k)
and for each vertex v € V (1 < v < n) we decide by a Bernoulli trial with
probability of success p = 0.5 whether or not vertex v is a member of clique
C; = (Vi, E;). By taking the union of all cliques C,...,Cy we obtain a
k-random cliques graph G = (V, F) with V; CV and F = E; U--- U Ej.
Due to the construction process just described, k-random cliques graph have
a wider range of different clique sizes than random graphs. This suggests
that the maximum clique problem for such graphs is harder.

Experiment Set-Up and Control

The sizes of random graphs and k-random graphs considered in our experiments
were n = 100,250,500, 750, 1000. The chosen edge probabilities for the first
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random graphs series were p = 0.1,0.25,0.5,0.75,0.9 and for the second random
graphs series with large cliques we concentrated on p = 0.5, « = 0.5,0.75,0.9.
For the k-random cliques series we selected k = n/25,n/10,n/5. For each pair
(n,p), (n,a) and (n,k) 100 different graphs with the specified parameters were
generated. Overall we employed 6500 graphs for testing the WTA algorithm on
the maximum clique problem.

Settings of the WTA Algorithm

At t = 0 we initialize the activation z;(0) of each unit ¢ with 0.1. During evolution
we perturb instable equilibria with small random noise. To speed-up convergence
of the algorithm and in order to push the output vector h™ to a vertex of the
hypercube we apply the following geometric annealing schedule: At ¢ = 0 we
initialize the pseudo-temperature 7 with 79 + € where € > 0 is a small constant
to fulfill inequality in accordance with Prop. Bl At each iteration 7 is decreased
by T¢41 = a¢ - 7% where a; = 0.9 if t =1and a; = 0.2 if t > 1.

Results and Discussion

Table [ summarize the results of our test series for p-random n-vertex graphs,
Table [ for random graph with large cliques, and Table Bl for k-random cliques
graphs.

Each row of Table [ 2, and 3] shows the size |G| of 100 test graphs in the
first column. The second column is reserved for the specific parameters of the
corresponding classes of test graphs considered in our empirical study. In par-
ticular, the second column of Table [l shows the density p for p-random n-vertex
graphs, the second column of Table Blshows the parameter « for random graphs
with large cliques, and finally the second column of Table Bl shows the number
k for k-random cliques graphs. The last four columns present the average clique
size and the average number of iterations of SD and the WTA algorithm.

For p-random n-vertex graphs the average clique sizes found in different runs
by the WTA algorithm are in most cases only slightly larger than the ones found
by SD. An exception are highly dense graphs (p = 0.9) where the WTA algo-
rithm outperforms SD with respect to average clique size and average number
of iterations. For both algorithm the average number of iterations increases with
the number of vertices and with the edge probability. For fixed number of ver-
tices |G|, SD is always significantly faster than the WTA algorithm for sparse
random graphs. But with increasing edge probability p the average computation
time2 of SD increases faster than the average computation time of the WTA
algorithm until SD is much slower than WTA for dense random graphs. If we
consider the average clique size found and the average computation time both
algorithms perform almost equally. Since it is known that greedy heuristics like
SD work well on random graphs [7] we can conclude that the same holds for the
WTA algorithm.

2 The computation time is measured by the number of iterations.
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Table 1. Results of test series on p-random n-vertex graphs

Graphs SD [ WTA || SD [ WTA
|G| [ D clique size iterations
100 |0.10 2.6 2.7 3.6 11.5
100 | 0.25 3.8 3.9 4.8 114
100 |0.50 6.3 7.5 7.3 13.7
100 |0.75 12.2 14.1 13.2 14.2
100 | 0.90 23.5 27.8 24.5 15.3
250 |0.10 3.0 3.0 4.0/ 119
250 |0.25 4.5 4.5 5.5 13.6
250 | 0.50 7.7 7.7 8.7/ 16.0
250 | 0.75 15.2| 15.5 16.2| 22.6
250 |0.90 31.5 36.0 32.5 27.9
500 | 0.10 3.3 3.4 4.3| 12.7
500 |0.25 5.0 5.0 6.1 13.4
500 | 0.50 8.8 8.9 9.8 184
500 | 0.75 17.6| 19.5 18.6| 23.5
500 |0.90 38.2 43.5 39.2 26.9
750 |0.10 3.5 3.5 4.5 139
750 | 0.25 5.2 5.3 6.2 14.9
750 | 0.50 9.3 9.3 10.3| 184
750 | 0.75 18.8| 18.8 19.8| 27.8
750 | 0.90 41.7| 45.5 42,7  38.9
1000 | 0.10 3.6 3.7 4.6 139
1000 | 0.25 5.5 5.4 6.5 15.2
1000 | 0.50 9.5 9.6 10.5) 19.2
1000 | 0.75 20.0] 20.1 21.0] 28.9
1000 | 0.90 44.2 46.9 45.2|  42.0

On random graphs with large cliques with a = 0.75, and a = 0.9 the WTA
algorithm significantly outperforms SD with respect to solution quality and com-
putation time. Only for o« = 0.5 the overall performance of SD is slightly better
than the performance of WTA. In this case the average clique size is similar but
the computation time of SD is much shorter.

In our last test series using k-random cliques graphs the SD heuristics breaks
down completely and yields noticeable worse solutions than the WTA algorithm.
In contrast to the test series on random graphs SD requires much more time to
find a solution. Starting from a relatively high level the computation time of SD
increases linearly with the size of the test graphs for the following reason: For
each of the k cliques the expected clique size is n/2. Thus if SD finds one of the
k cliques its expected number of iterations will be n/2.

The results of all three test series suggest that in the average the WTA
algorithm is superior to SD in terms of quality of solution and computational
effort. Note, that in all 6500 instances, the WTA algorithm computed a non-
trivial feasible solution.
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Table 2. Results of test series on random Table 3. Results of test series on k-
graphs with large cliques random cliques graphs

Graphs SD [WTA SD [WTA Graphs SD [WTA SD [WTA
Gl | « clique size iterations IGI | k clique size iterations

100 | 0.50 7.4 8.0]| 84| 13.7 100 4|l 24.1} 38.7| 25.1] 10.5
100 | 0.75 || 16.7| 31.0|| 17.7 9.0 100 10|| 32.8| 39.6] 33.8] 11.0
100 | 0.90 || 45.7] 63.0| 46.7 8.6 100 20|| 42.6] 49.9| 43.6] 12.6
250 [ 0.50 || 10.3| 10.2|] 11.3| 18.6 250 10|| 84.6| 92.8]| 85.6] 13.7
250 [ 0.75 || 29.3| 34.5|| 30.3| 254 250 25|(102.2| 119.5|| 103.2| 16.8
250 | 0.90 |[112.3| 143.0([113.3 9.5 250 50(/179.7] 190.2|| 180.7| 22.3
500 [ 0.50 || 13.0f 12.1)] 14.0| 21.3 500 20|[165.4] 195.5|| 166.4| 18.6
500 | 0.75 || 46.1| 105.0f| 47.1] 11.1 500 50(| 326.5| 355.6|| 327.5| 28.7
500 | 0.90 [|200.1| 268.0|[201.1] 10.0 500 | 100 485.4| 487.3|| 486.4| 20.1
750 | 0.50 || 14.3| 14.3|| 15.3| 23.6 750 30|[310.1] 359.0| 311.1| 21.2
750 [ 0.75 || 63.5| 63.8|| 64.5| 60.1 750 75|(637.7| 655.6| 638.7| 37.8
750 | 0.90 [|229.6| 386.0||230.6| 10.0 750 | 150 749.4| 749.4| 750.4 7.5
1000 0.50 || 17.4| 16.8|| 18.4| 25.9 1000 | 40| 473.5| 544.2|| 474.5] 23.7
1000 | 0.75 || 69.3| 75.4| 76.4| 75.7 1000 | 100{/960.9| 966.2( 961.9] 30.1
1000 | 0.90 || 305.7| 501.0(|306.7| 11.0 1000 | 200/ 999.9/ 999.9({1000.9 5.4

6 Conclusion

We proposed a high speed algorithm by means of a simple neural network. In a
mathematical analysis we derived bounds for the parameter settings to ensure
that the network performs an energy descent to a maximal cliqu. Thus only
the optimal parameter settings of the cooling schedule is left as an open problem.

Since we focused on rapid solutions for large scaled problems, we employed
a fast annealing schedule on the WTA algorithm. In the average the proposed
WTA algorithm provides suboptimal approximations of the classical maximum
clique problem within short time. Since neural networks are a massively par-
allel computational model the WTA algorithm is especially suited for parallel
implementation. Due to its high speed and the theoretical justification of its
parameter settings the proposed algorithm may be an attractive alternative to
more accurate but noticeably slower heuristics like Mean-Field Annealing or sim-
ulated annealing for large-scaled applications. In an extensive empirical study
over 6500 randomly generated graphs with up to 1000 vertices we have demon-
strated the effectiveness of the proposed WTA algorithm with respect to quality
of approximations and computational effort.

3 Note, that a clique is called maximal if it is not contained in any larger clique. The
vertex set of a maximal clique does not necessarily have maximum cardinality. In
general a maximal clique is not a maximum clique but a maximum clique is always
maximal. The WTA algorithm guarantees solutions which correspond to maximal
cliques.
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Abstract. In recent years, there has been growing interest in applying tech-
niques that incorporate knowledge from unlabeled data into systems per-
forming supervised learning. However, disparate results have been presented in
the literature, and there is no general consensus that the use of unlabeled
examples should always improve classifier performance. This paper proposes a
method for incorporating a corpus of unlabeled examples into the supervised
training of a neural network classifier and presents results from applying the
technique to several datasets from the UCI repository. While the results do not
provide support for the claim that unlabeled data can improve overall
classification accuracy, a bias-variance decomposition shows that classifiers
trained with unlabeled data display lower bias and higher variance than
classifiers trained using labeled data alone.

1 Introduction

In recent years, there has been growing interest in applying techniques that
incorporate knowledge from unlabeled data into systems performing supervised
learning. The motivation for this is that in many learning scenarios a small amount of
labeled data is accompanied by a large corpus of unlabeled data. Intuitively, by
utilizing the additional context provided by the unlabeled data, it may be possible to
achieve higher generalization accuracy than can be achieved by using supervised
learning on the labeled training data alone.

Various techniques have been proposed for incorporating unlabeled data into
supervised learning tasks. One family of such techniques is based on the Expectation-
Maximization (EM) algorithm [1,2,3]. A classifier is first trained using the available
labeled examples, and probabilistically assigns soft labels to the unlabeled data. It then
trains a new classifier using the labels for all examples, and iterates until convergence.
While EM is a hill climbing method, and is thus guaranteed to find only a local
maximum, the major problem is that this local maximum is often poor. This is because
in the first assignment of soft labels, a large number of the unlabeled examples will be
assigned to classes quite confidently, based on a possibly poor initial model fitted to the

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 174-185, 2002.
© Springer-Verlag Berlin Heidelberg 2002
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labeled examples. These artificially labeled examples can outweigh the labeled training
examples, leading to a model that might exhibit worse predictive performance than the
initial one, and converge quickly to a poor local maximum.

A second approach is that of co-training [4][5]. Co-training methods are based on
the intuition that different supervised learning algorithms may complement each other
because they use different representations for their hypotheses, and use the provided
labeled data in different ways. Co-training works by using one learner to label
examples which are then fed to the other learner, and vice-versa. The main problem is
that in practice, each of the individual learners will contribute some degree of noise,
and this will cause co-training to follow a sub-optimal path.

Two other methods for incorporating unlabeled examples into supervised learning
are transduction [6] and maximum entropy discrimination [7]. Each of these attempts
to maximize the classification margin on both labeled and unlabeled data while
classifying the labeled data as accurately as possible. While transduction sets the
margin directly, maximum entropy discrimination optimises a distribution of margins
to lie as close as possible to a prior.

Despite the flurry of interest in this area, there is some degree of uncertainty in the
literature regarding the utility of incorporating unlabeled data into supervised
classification tasks. Most of the papers which claim an improvement in performance
resulting from the use of unlabeled data also note cases in which degradation in
performance was observed. For example, Shahshahani and Landgrebe (1994) [8] used
the EM algorithm to examine the effect that unlabeled examples can have on reducing
the effects of the Hughes phenomenon'. However, while the performance of their classi-
fier increased with the use of unlabeled data, they note that performance decreased when
the number of features was small. Similarly, Baluja (1998) [9] and Nigam et al (2000)
[3] (both of which used EM with Naive Bayes classifiers) each claim that there were
situations in which their respective classifiers displayed improved performance when
trained in the presence of unlabeled data. However, in each of these studies degradation
in performance was observed when the number of labeled examples was relatively large.
Cozman and Cohen (2001) [10] also report on cases in which unlabeled data caused
degradation in performance. Thus, there appears to be little concrete evidence for or
against the claim that unlabeled data can, in a general sense, assist in reducing the over-
all error on supervised classification tasks. Also, most papers apply the respective
techniques to novel datasets, and there are no results reported in the literature on the
application of such techniques to standard datasets such as those from the UCI
repository. This adds to the difficulty of gauging whether there is any real expected
advantage in incorporating unlabeled examples into supervised classification tasks.

This paper proposes an alternative method by which unlabeled data may be incor-
porated into supervised learning tasks. The method is based on using a feedforward
neural network model to estimate a posterior probability function for each class in the
classification domain, and assigning a test example to the class for which the poste-

! Increasing the number of attributes in a classification task requires that the number of
parameters in the model be increased. This leads to an increase in variance, and eventually a
degradation in classification performance. This is known as the Hughes phenomenon.
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rior probability of membership is highest. The role of unlabeled data can be best
understood by comparing the approach with methods based on non-parametric
density estimation. In these methods, class conditional and class unconditional prob-
ability density functions (pdfs) are estimated from the training data, and these pdfs are
combined using Bayes’ theorem and a set of priors to obtain a posterior probability
function. Unlabeled examples can be used to obtain a more precise estimation of the
unconditional probability density than would be possible using only labeled
examples, and intuitively this would be expected to lead to some improvement in
classification performance. However, rather than calculating class conditional and
class unconditional pdfs and combining these with a prior using Bayes’ theorem, a
neural network is here used to represent the posterior probability functions directly.
Nevertheless, the role of unlabeled examples is similar—they provide additional
context that may lead to an improvement in classifier performance.

The remainder of the paper is organized as follows. Section 2 shows how neural
networks can be used to represent posterior probabilities. Section 3 describes how a
network can be trained to represent a posterior probability function for some target
class from a training set consisting of labeled examples from that target class together
with a corpus of unlabeled examples. This is then generalized to multi-class classifi-
cation. Section 4 describes the experimental design and presents results and analysis
of applying the method to several datasets from the UCI repository. Section 6 con-
cludes the paper.

2 Representing Posterior Probabilities Using Neural Networks

While neural networks are often applied to function approximation tasks in which the
dependent variable is continuous-valued, they can also be applied when the
dependent variable is binary. In the latter case it can be shown that under an
appropriate choice of error reduction function, the network outputs can be interpreted
as posterior probabilities [11,12].

Assume a set D of binary-valued examples whose attribute values are described by
a vector x = (x,, ..., x,). Suppose that the training examples can be represented by
some unknown binary function f{x) that maps x onto its target value d, where dis 0 or
1. The objective is to learn a target function s: X [] [0,1] such that A(x) = P(fix) = 1).
Thus, h(x) is a probabilistic function whose output is the probability that fix) = 1. The
function A(x) can be modelled using a feedforward neural network with a single
output neuron. Because the network output is to represent a probability, the output
values should be bounded between O and 1, and this can be achieved using a
sigmoidal activation function.

The error function to be minimized can be derived using maximum likelihood
considerations. Suppose that an example with input vector x, is drawn randomly from
the training set. By definition of h(x), the probability that x, has a target output of 1 is
h(x,), and the probability that is has a target output of 0 is 1 [J i(x,). The probability of
observing the correct target value, given hypothesis %, can therefore be expressed as
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P(d; %) U A (0" M

where d, is the target output corresponding to input vector x,. The maximum
likelihood hypothesis, #,,, is defined as the hypothesis 4 that results in the highest
probability of observing the given data D. Assuming that the examples in the training
set are independent, the maximum likelihood function can therefore be expressed as

m . i (2)
hyy, Cargmax | | h(x,)“ (A0AKX;))
WH

where m is the number of examples. Using the fact that In p is a monotonic function,
h,, can be expressed as a minimization:

m (3)
hyy [ arg min Qii In h(x;) (1Edi)ln(1[h(xi))D

hIH

The term appearing in braces in Equation 3 is commonly referred to as ‘cross-
entropy’, and it can be shown that the back-propagation error term for cross-entropy
error reduction with a sigmoidal output activation function is L= (d, — h(X))).

3 C(lassifier Learning Assisted with Unlabeled Data

This section first describes how a neural classifier can be trained to represent a
posterior probability function for a target class given some positively labeled ex-
amples of that target class together with a corpus of unlabeled data. This is then
generalized to simultaneously learning probability functions for each class in the
classification domain.

3.1 Single-Class Classifier Learning

Single-class classifier learning is the problem of learning a classifier from a set of
training examples in which only examples of the target class (i.e., positive examples)
are present. From an inductive learning perspective, this is a tricky problem because
in the absence of counter-examples of the target concept it is difficult to prevent
unrestricted over-generalization from occurring. However, by using the context
provided by unlabeled data, it can be shown that single-class learning becomes
feasible.?

The most common approaches to single-class classifier learning tasks are based on
probability density estimation [13][14]. Typically, a probability density function (pdf)

2 The unlabeled examples will contain examples as well as counter-examples of the target
concept. Thus, in this sense the learning is not strictly single-class. However, as the labeled
training examples come from a single class, we continue to use this terminology.
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is estimated from the training examples using an appropriate method (e.g., Parzen
window [15]), and a probability threshold is selected. Input vectors which cause this
threshold to be exceeded are classified as belonging to the target class, and others are
rejected. While this implicitly assumes a uniform distribution of background ex-
amples, an alternative is to estimate the unconditional pdf in addition to the class-
conditional pdf, and to combine these with priors using Bayes’ theorem to arrive at an
estimate of the posterior probability function. The unconditional pdf is based on all
training examples, irrespective of their class membership. Unlabeled examples, if
available, can also be used in the calculation of this density function.

However, there are several problems with approaches based on density estimation.
Firstly, it is often very difficult to obtain a reliable estimate of the pdf, particularly
when the number of input dimensions is high and/or there are few training examples
available. Secondly, the techniques often rely on assumptions of conditional inde-
pendence between input variables. Also, density estimation can be difficult to apply
in domains containing a combination of continuous and categorical attributes. An
alternative approach, which does not suffer from the above difficulties, is to model
posterior probability function directly, and one means of doing this is to use a neural
network model described in the previous section.

Implicit in Sect. 2 was the assumption that examples with training labels of 1 and 0
represent respectively known (i.e., labeled) positive examples and known negative
examples (i.e., counter-examples) of the target class. Consider a modified learning
situation in which a target label of 1 is again used to denote a known positive, but in
which a label of 0 represents an unlabeled positive or (unlabeled) negative. In this
case the output of a neural network trained on such a set using cross-entropy error
reduction will represent the posterior probability that an input vector presented to the
network is one of the labeled positive examples. In other words, the sum of network
outputs over all examples in the training set will equal the number of labeled
positives. Because there are positive examples amongst the unlabeled examples, the
probability represented by a network trained in such a way will be less than the true
probability that an example belongs to the target class. However, under the
assumption that the labeled positives are sufficiently representative of positive
examples appearing in the unlabeled data, it would be expected that the probability
function—when thresholded appropriately—will still be able to discriminate to a
sufficient degree of accuracy between positive and negative examples.

In previous work [16] this technique has been applied to several real world data-
sets, and the resulting ROC charts are shown in Fig. 1. The grey curves represent the
performance of standard back-propagation, i.e., training performed using labeled
examples from each class. The dark curves show the performance of the method
described above. In this case, the same training examples were used as for conven-
tional back-propagation except that—with the exception of 30% of the positive
examples—the class labels of all training examples were hidden from the learner.
Note that in each case, the classification performance achieved using labeled positives
together with unlabeled data does not differ significantly from that achieved using
conventional supervised learning.
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(a) (b) (©

Fig. 1. ROC analysis of neural classifier learning from a training set consisting of labeled
positive examples of the target concept together with a corpus of unlabeled positive and
negative examples. The dark curve represents classification performance using only labeled
positive examples; the lighter curve represents performance for standard back-propagation. (a)
Cleveland Heart Disease (b) PIMA diabetes (c) Australian Credit Dataset

3.2 Multi-class Classifier Learning

If it is possible to achieve such classification performance using only labeled
examples of the target class, together with a corpus of unlabeled examples, then the
question arises as to whether classification performance on multi-class classification
problems can be improved through the use of unlabeled data. The approach described
above for single-class classifier learning can easily be extended to multi-class
classifier learning.

As described in Sect. 2, when learning posterior probabilities, the appropriate error
function is cross-entropy. However, in the multi-class case, an additional requirement
that the sum over all network outputs be equal to 1 must normally be imposed (i.e., an
input example must belong to one of the classes). One choice of activation function
that achieves this is the softmax function [17]. However, use of the softmax function
in this context presents difficulties because the sum of outputs in this case will be less
than 1. This is because the outputs in this case represent the posterior probability
conditioned on the labeled examples, together with a possibly large set of unlabeled
examples. Thus, the appropriate error reduction is once again cross-entropy.

Rather than having a single target output value associated with it, each training
example must now have an associated target output vector. Assume a 1-of-n output
encoding scheme in which each example has a target output vector in which a ‘1’
appears in the position corresponding to the class to which the example belongs.
Thus, each labeled example will have target vector consisting of a single ‘1°, with all
other values in the vector being ‘0’. The target class of unlabeled examples is repre-
sented with a target vector consisting of all ‘0’s. Training then progresses as usual.
The next section presents results from applying the method to several real world
datasets.
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4 Empirical Results

This section presents results from a series of experiments designed to compare the
classification performance of the technique described above with that of a classifier
trained using conventional supervised learning. Section 4.1 describes the experi-
mental design, and the following subsection presents results and analysis.

4.1 Experimental Design

While we are obviously interested in determining whether supervised learning
assisted with unlabeled examples can lead to an improvement in classification accuracy
over conventional supervised learning, we would also like to obtain any additional
information that may assist in comparing the two techniques. A useful tool for analysing
the performance of supervised learning algorithms is the bias-variance decomposition
[17]; that is, the decomposition of the overall generalization error into a bias term and a
variance term. The bias measures the extent to which the average (over all sets of
labeled training examples) of the network function differs from the desired function.
That is, it is the systematic error in attempting to approximate the target function with
the network function. Conversely, the variance measures the extent to which the
network function is sensitive to the particular choice of training set. The original bias-
variance decomposition due to Geman, Bienenstock & Doursat (1992) was developed
for numeric regression tasks (i.e. quadratic loss function), and is not directly applicable
to classifier learning [18]. As a result, several alternative formulations of the bias-
variance decomposition for classifier learning have emerged [19,10,21,22]. The results
presented in this paper are based on Kohavi and Wolpert’s (1996) definition [19].

In order to estimate the bias and variance of a classifier on a particular dataset, we
need to know the actual function being learned, and this is generally unavailable. To
deal with this problem Kohavi and Wolpert [19] suggest holding out some of the data.
This holdout data is treated as representing the true target function that we are trying
to learn. A validation set is also required in order to determine a point at which to stop
neural network training. Each dataset to be tested is divided into a training, validation,
and holdout sets as follows:

1. Divide the entire set of training examples into two sets, E and H. The examples in set E
are used for learning, while the examples in set H are used to perform the bias-variance
decomposition.

2. Generate N training sets from E using the following procedure:

(a) Select a fixed proportion of examples from E to constitute a set of validation
examples, E,.

(b) Select a fixed proportion of the remaining examples in E to constitute a set of
labeled training examples, E .

(c) Use the remaining examples in E as unlabeled training examples, E .

3. Run the learning algorithm over the each of the N training sets described in 2 using H
to estimate the bias-variance decomposition.
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The utility of unlabeled examples could depend on a number of factors such as the
absolute or relative number of labeled and unlabeled examples. On means of
investigating this relationship would be to keep the size of E, , constant and vary the
size of E;, (i.e., fix the amount of labeled training data and increase the amount of
unlabeled examples). The problem here is that the effect due to increasing unlabeled
examples may also be dependent on the absolute amount of labeled examples present.
Thus, in order to account for the fact that the effect of unlabeled examples may
depend on both E , and E,, the proportion of training examples appearing with
labels (i.e., |E,, |/ (|E| - |[Ev|)) was varied. In order to obtain a reliable estimate of the
bias and variance 500 trials were performed for each case.

The use of a validation set in these experiments is crucial to obtaining a reliable
comparison between the two methods. Any increase in classification accuracy that is
observed using unlabeled data may be minimal, and for this reason it is imperative to
ensure that the best possible performance is achieved when using labeled data alone.
For example, if the stopping criterion was not based on a validation set, it could easily
be the case that the degradation in performance resulting from overfitting exceeds any
improvement in performance achieved using the unlabeled data.

4.2 Experimental Results and Analysis

The results from the applying the above procedure to the same three datasets as
reported in Fig. 1 are presented in Fig. 2. The charts on the left of the figure show the
overall average classification error on the holdout data. The charts on the right show
the decomposition of this error into a bias and variance term.

It is clear that the results presented in Fig. 2 do not provide any evidence that the
use of unlabeled data can lead to an improvement in classifier performance. That is,
the accuracy achieved by using the unlabeled data is consistently less than that
achieved through the use of labeled data alone. While the overall classification error
(with and without the use of unlabeled data) decreases as the proportion of training
examples appearing with labels is increased, this is simply due to the fact that more
labeled training examples are being used for training.

Although the use of unlabeled data does not lead to an improvement in classifica-
tion performance, there appears to be a systematic difference between the two meth-
ods when the bias and variance characteristics are examined. In particular, the use of
unlabeled examples appears to lead to a reduction in bias. This is especially apparent
for the PIMA Diabetes and Australian Credit datasets, in which the bias obtained
through the use of unlabeled examples is consistently less than that for conventional
supervised learning. Unfortunately, the reduction in bias is accompanied by a
significant increase in variance, and thus the overall generalization error is no lower
than that for conventional learning. The observed fall in variance as the proportion of
training examples appearing with labels is increased is to be expected since the
(randomly selected) labeled training sets used in each of the N trials become more
similar as the proportion of examples appearing with labels increases.
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Fig. 2. Overall misclassification rates and bias-variance decomposition for three datasets from
the UCI repository. Diagrams on the left represent overall error on holdout examples, and
diagrams on the right show the decomposition into bias and variance. Solid lines represent
learning using labeled examples only, and grey lines represent learning using unlabeled
examples. (a) Cleveland Heart Disease dataset, (b) PIMA Diabetes dataset, (c) Australian
Credit Dataset
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It is often suggested that the main effect of using unlabeled data is to reduce var-
iance. For example, according to Seeger, “Clearly one can come up with methods that
reduce the variance of an estimator by employing unlabeled data, but there is no
reason to believe that such modifications will work without introducing new bias”
[23]. However, while it is certainly true that reducing variance will often be at the
cost of increasing bias, it is not clear that the main effect of unlabeled data should be
to reduce variance. The main argument for unlabeled data leading to a reduction in
variance is that the unlabeled data places a further constraint on the learning, and that
this additional constraint reduces the dependency on the particular set of (labeled)
training examples. However, it could also be argued that the presence of unlabeled
data increases the relative importance of the particular set of labeled examples used,
and that this increased dependency on the labeled data makes the classifier more
sensitive to those labeled examples, thus leading to an increase in variance. The
results presented above are consistent with this line of reasoning, as in all three cases
there was a clear increase in variance resulting from the use of unlabeled data. If the
proposed technique is in fact able to significantly reduce the bias of a classifier, and if
there are ways of reducing variance without affecting the bias, then it may be possible
to combine such techniques to form a classifier that reduces both the bias and the
variance.

As described in the introduction, there is some degree of uncertainty in the
literature regarding the utility of incorporating unlabeled data into supervised
classification tasks, and most reports of improvement in classification performance
resulting from the use of unlabeled data also note cases in which a degradation in
performance was observed. In reality, the question of whether it is generally possible
to increase the performance of a supervised classifier using unlabeled examples can
probably not be answered with a simple yes or no. The answer will depend on details
of the classifier and the training method used, and also on the problem domain.

There is clearly a need for further work in this area. Areas to focus on should
include: (i) identifying characteristics of datasets that can be used to determine a
priori whether unlabeled examples are likely to have any utility in supervised
classifier learning; (ii) comparing the utility of unlabeled data using various
classification techniques on standard datasets; (iii) comparing the utility of unlabeled
data using models of varying complexity, and, as already mentioned above, (iv)
combining the proposed method with variance-reduction methods to construct a
classifier that can consistently reduce both bias and variance.

5 Conclusions

A method has been proposed for incorporating a corpus of unlabeled examples into
the supervised training of a neural network classifier. While results from applying the
method to several difficult datasets from the UCI depository do not show a significant
improvement in classifier accuracy, a bias/variance decomposition demonstrated that
classifiers trained using the unlabeled examples displayed a lower bias, and higher
variance, than classifiers trained using labeled data alone. An avenue worth
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investigating is whether the proposed method can be combined with variance-
reduction methods to construct a classifier that is able to simultaneously reduce both
bias and variance.
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Abstract. The paper addresses the question how learning class dis-
crimination and learning characteristic class descriptions can be related
in relational learning. We present the approach TRITOP/MATCHBOX
combining the relational decision tree algorithm TRITOP with the con-
nectionist approach MATCHBOX. TRITOP constructs efficiently a re-
lational decision tree for the fast discrimination of classes of relational
descriptions, while MATCHBOX is used for constructing class proto-
types.

Although TRITOP’s decision trees perform very well in the classification
task, they are difficult to understand and to explain. In order to over-
come this disadvantage of decision trees in general, in a second step the
decision tree is supplemented by prototypes. Prototypes are generalised
graphtheoretic descriptions of common substructures of those subclasses
of the training set that are defined by the leaves of the decision tree.
Such prototypes give a comprehensive and understandable description
of the subclasses. In the prototype construction, the connectionist ap-
proach MATCHBOX is used to perform fast graph matching and graph
generalisation, which are originally NP-complete tasks.

1 Introduction

Learning a classifier usually results in a hypothesis of one of the following two
types. Discriminating classifiers decide whether the given object belongs to a
certain class or not by using knowledge about class differences rather than thor-
ough descriptions of each single class. Typical examples are decision trees that
are in general fast to use and can be constructed efficiently. Class descrip-
tions provide knowledge about the characteristic properties of the objects or
typical instances of a class. Such descriptions are especially useful for knowledge
discovery and user interaction.

Because characteristic descriptions tend to be structurally complex, it is of-
ten more efficient to learn class discriminations only. In the field of Inductive

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 186-201] 2002.
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Logic Programming (ILP) class descriptions can be constructed using bottom
up techniques like Plotkin’s least general generalisation (lgg, s. [17]) for learning.
An example is the system GOLEM [5] that uses a strong language restriction
(deterministic clauses) for efficiency reasons. In this paper we will describe a
different way of coping with complexity.

We combined TRITOP that constructs a relational decision tree for the fast
discrimination of classes of relational descriptions, with the connectionist ap-
proach MATCHBOX that is used for constructing class prototype. Although
TRITOP’s decision trees perform very well in the classification task ([I1]), they
are difficult to understand and to explain. In order to overcome this disadvantage
of decision trees in general, in a second step the decision tree is supplemented
by prototypes that are generalised graph theoretic descriptions of common sub-
structures of those subclasses of the training set that are defined by the leaves
of the decision tree. Such prototypes give a comprehensive and understandable
description of the subclasses. To our knowledge, this idea was first formulated
for the system KATE ([16]), a frame oriented decision tree algorithm, though
the author did not give an effective method for computing generalizations. We
use the connectionist approach MATCHBOX to perform fast graph matching
and graph generalisation in order to construct the prototypes.

The decision tree construction as well as the prototype construction in the do-
main of relational descriptions include originally NP-complete tasks. In this pa-
per it is shown how this problem can be tackled in both steps. In TRITOP’s deci-
sion tree algorithm, bottom up and top down induction techniques are combined
for efficiently computing discriminating, i.e. small structural attributes (test
graphs). The attribute construction is based on the concept of a-subsumption
that will be shown to be especially useful for the combination with a prototype
approach — in contrast to normal #-subsumption [I7].

Using decision trees for clustering is also proposed in [2JI8]. Though the
authors propose that a decision tree can already be seen as a (discriminating)
description of clusters, their method is only applied to the propositional case, i.e.
the relational structure of the examples is not taken into account at all. In con-
trast to the approaches KBG (relational clustering, s. [I]) and RIBL (Relational
Instance Based Learning, [6]), learning and classification with TRITOP is not
based on a similarity measure. In contrast to KBG, we use a more intelligible
concept of generalization (RIBL does not compute generalizations).

This article is structured as follows. In the next section, an overview of
TRITOP is given focusing on the features important for prototype construc-
tion. After that, the system MATCHBOX, a connectionist prototype builder,
is introduced. Example prototypes for an artificial domain and for the muta-
genicity dataset (e.g. [2223]) show the ability of TRITOP/MATCHBOX to
produce relational decision trees along with some comprehensible descriptions
of the learned subdivision of the given set of relational objects (Sect. H).

1 A combination of MATCHBOX with other relational decision tree learners like IN-
DIGO ([10]) is possible.
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2 Learning Relational Decision Trees Using TRITOP

TRITOP constructs a decision tree containing structural attributes (test graphs)
from a training set with preclassified relational structures (example graphs).
Both test graphs (attributes) and example graphs are represented by logical
clauses. The attributes specify structured tests and are kept as small as possible
for efficiency reasons. This means TRITOP learns a discriminating classifier and
not a characteristic description of the concept. The theoretical foundations of
TRITOP and a sketch of its tree building algorithm can be found in [9J11].

We will explain the peculiar features of TRITOP using the training set in
Fig. [ that contains seven blocks world configurations. For each configuration

— i s — B
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Fig. 1. The training setfor learning a binary relation. The dashed arrow indicates the
pair of elementary objects to which the class is assigned

a pair of its blocks is classified as either “+” if they are the two supports of a
simple arch, or as “—" if they are not. Especially, the two blocks have to support
a third block, are not allowed to touch and are required to stand directly on
the floor. For the first example, the class label “+” states that the ordered pair
indicated by the arrow forms such a pair of supports.

Using the relations s for “supports”, t for “touches” and d for “does not
touch”, blocks world situations can be described by labeled directed graphs,
see Fig. @l A classified graph can be represented by a definite clause — thus
allowing more than binary relations — having the classification as its head and the
description of the graph as its body. The classification consists of the classified
nodes together with their class value. The nodes in the graphs are represented
by node variablesﬁ in the clauses, i.e. variables of the distinguished sort Node.
We allow the clauses to contain also variables of other sorts, e.g. real valued
variables that have the sort real. The class constants “4+” and “—” belong to the
sort Class. Using this clausal representation, the examples F; and Es can be
described by the clauses in Fig. [2] on the right. We have used the node variables
(x1,22) and (2}, x%) respectively to represent the classified blocks in E; and Fs
of Fig. [l

TRITOP extracts test graphs from the training set and uses them to produce
a classifier for graphs. A relational decision tree is a decision tree whose inner
nodes are labeled with structural attributes, particularly test clauses describing

2 For formal reasons, nodes are not represented by constants as in other ILP systems.
This way, we can use the same representation for example and attribute clauses.
Because of this representation, an example clause can already be seen as a classifier.
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E, @ E, class(x1, 2, +)
As s/ \ d(z1,x2), t(x2, 24), 8(21,23),
s(x2,x3), 5(4,73), 5(23, 75)

)
T \S/ X class(ah, o, +)
@» @». @» @» . ((l':l,l'/lg)),d

+\‘ + - t(xéax ),S($3,$6),S(ZC,5,$6)

Fig. 2. The graphs for the examples E; and Es in Fig. [l and their clausal representa-
tions

the occurrence or lack of certain substructure respectively. The leaves of the tree
are labeled with class values. A decision tree classifying the training set in Fig. [
correctly ifl
CZCLSS(yl, Y2, y) A d(yla yQ)
0 — —
1 — class(y1,y2,y) + $(ya,91) (1)
0— +
1= -

The classification of an example works as follows. E. g. pair (z1,22) of Fj is
classified as +, because the first test attribute A; = class(y1, y2,y) < d(y1,y2)
occurs for (z1,x2), but the second attribute Ay = class(y1,y2,y) — $(ya,y1)
does not. More formally speaking, the definite attribute clause A; a-subsumes
the example clause E; (A1 <®E7). This means that A; occurs as a substructure
of F; using the embedding alphabetical (injective) substitution 8 = {y; <+
Z1,Y2 T2,y < +}, e 410 C Fy.

In contrast to Ay, the relation A;<*F; does not hold, because there is no
substitution 6’ for which A6’ C E;. Therefore E; is classified using the leaf
labeled with +. It should be noted, that each attribute is allowed to consist of
more than one literal. The bindings of the variables when evaluating a test do
not influence the evaluation of the subsequent tests in the tree, i.e. the variables
only have a local meaning. The variable y occurring in the attributes A; and A,
is a dummy variable that is not used for determining the class of an example to
be classified.

The information that both blocks support a third block — i.e. the literals
s(y1,y3), $(y2,y3) — is not contained in Aj, because it is redundant with respect
to the given small training set. Redundant means here, that any two blocks in
the training set, that do not touch, always support a third block. Redundant
literals yield no discrimination of the classes but increase the complexity of
the tree. Thus, TRITOP avoids the inclusion of such literals though they have
explanatory power. In the prototype construction step, literals are included that

3 Each attribute is followed by the two possible outcomes of the test: non-occurrence
(0) or occurrence (1) of the specified structure. The tree structure is reflected by the
indentation.
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are (conditionally) redundant with respect to the classification but that bear
useful information about the learning domain.

Learning the described concept is an example for learning a binary relation.
The example graphs must contain all relevant information, i.e. a description of
the features of the nodes in the example tuple, together with their relations and
their relational context. In addition to learning binary or even n-place relations,
it is possible to learn a classifier for graphs with TRITOP. An example is given
in Sect. @ the classification of chemical compounds. In this case, the heads of
the example and test clauses contain no node variables.

2.1 a@-Subsumption

Using alphabetical substitutions for subsumption goes back on S. Vere ([24]).
We use the term a-substitution instead of “alphabetical substitution”, because
a-substitutions need only be alphabetical on variables of the sort Node, but not
on variables of other sorts, e.g. real valued variables occurring in constraints (for
details see [9/TT]). In TRITOP, the a-subsumption plays the role of an extended
subgraph relation, though it can also be understood as a restricted form of logical
implication.

The a-subsumption is a restriction of the more general §-subsumption that
uses general instead of alphabetical substitutions. To some respect, the concept
of the a-subsumption captures the basic idea of monomorphisms that are well-
known in graph theory. Besides Vere’s work, the a-subsumption is also related
to concepts found in [I3[12/15]7].

The underlying assumption of a-subsumption, namely that different variable
identifiers used in tests clauses denote different objects is very natural in many
practical application domains. For example, in the mutagenicity domain (e.g. [22]
23]) the task is to learn a classifier for nitroaromatic and heteroaromatic chemi-
cal compounds predicting their mutagenicity. Highly mutagenic compounds can
often cause cancer.

In the original version of the data the predicates bond and atm are used to
define the properties of each compound in the training set. The description of
compound d191 for example contains the facts

atm(d191, d191_1, ¢, 22, —0.133), atm(d191, d191.2, ¢, 22, —0.133),
bond(d191, d191_1, d191_2, 7), bond(d191, d191.2, d191.3, 7), ...

which express that the compound d191 has two atoms named d191_1 and d191_2
which are connected by an aromatic bond (bond type 7). Both atoms are charac-
terized to be carbon atoms (constant ¢) that have the partial charge -0.133. The
atom type 22 specifies d191_1 to be a special kind of aromatic carbon atondd.
Each compound in the training set is classified as either belonging to class “ac-
tive” (mutagenic) or “inactive” (non mutagenic).

* The atom types are specific to a system for molecular modeling (QUANTA).
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A hypothesis generated by the learning system PROGOL contains the defi-
nite clause

active(A) + bond(A,B,C,2), bond(A,D,B,1), atm(A,D,c,21,E)

(from [22]), where A represents the substance to be classified and B, C and D
three of its atoms. The atoms B and C are connected by a double bond which
is indicated by the number 2 in the first literal of the body of the clause. The
atoms D and B are connected by a single bond which is stated in the second
literal. Additionally the atom D is defined to be a type 21 carbon atom with an
unspecified partial charge F.

When classifying a new substance using PROGOL’s clause, the variables A,
B, C, and D will be instantiated with different constants, though this is not
explicitly stated in the clause, e.g. by the inclusion of constraints such as B /€
etc. The inclusion of explicit inequality constraints makes the clause more pre-
cise (possibly preventing classification errors) and is for example discussed in
[14]. The inclusion of inequality literals leads to an extreme computational over-
head, e.g. when evaluating clauses during hypothesis construction and when
constructing the lgg. Therefore, in TRITOP the atoms of a compound are rep-
resented using node variables which cannot (by definition) be instantiated with
the same value. The inequalities are handled implicitly by the a-subsumption
algorithm.

Using a-subsumption has some nice effects: its usage leads to an effectively
finite hypothesis space. Also, least general generalizations can be more easily be
interpreted as compared with Plotkin’s lgg, s. next section.

3 Construction of Prototypes

Prototypes can be used in decision trees in two different ways:

1. they can be used to replace discriminating attributes by descriptive
ones. This is done for a test in the tree by computing the generalization of
all objects in the training set that pass the 1-branch of the respective test,
see Fig. B

2. The prototypes can be used to explain the subsets that correspond to
the leaves of the tree.

In the second case, the decision tree algorithm performs a kind of “supervised
clustering” of each class into subclasses. All examples reaching a leaf are known
to share a number of common structural patterns which discriminate them from
examples of the other class. For each leaf a subclass prototype can be constructed
by computing the generalisation of the examples belonging to that leaf. This
approach is sketched Fig. [l and will be investigated in the following.

In our framework, prototypes correspond to least general generalizations that
have to be computed with respect to a-subsumption. A clause C' is said to be
an a-generalization of C'y and Cj, if C<*C; and C<*C5 holds. C' is a least
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whole training set

subset 1

general. of
subset 1,1
subset 0
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Fig. 3. Generation of a decision tree with augmented test graphs from a decision tree
with discriminating tests.

subset 1
! 0 1
3 ’ ClassZ‘ ’ Class3‘
3 subset 2 subsgt 3
/ ' \

Prototype 1 Prototype 2 Prototype 3

Fig. 4. Sketch of the prototype generation

general a-generalization, if for every other a-generalization C3 /=€ the re-
lation C'<®Cj5 does not hold. In contrast to Plotkin’s lgg ([I7]), there may be
several a-lggs that are not comparable with respect to the relation <%, but it
can be shown that the lgg is composed of the a-lggs ([9/15]). An a-generalisation
is shorter than the original clauses while the lgg of two clauses C; and Co may
posses ||C1]| - ||C2]| literals in the worst case. In Fig. Bl all a-lggs of Fq and Es
(Fig. B) are shown together with Plotkin’s lgg (unreduced). The dashed arrow
indicates which variables occur in the head of the clause corresponding to the
graph. The third generalisation G3 is not a definite clause. Hence it is not useful
as a structural attribute and will be discarded by TRITOP’s attribute construc-
tion algorithm, for details see [11].

It is obvious that each «a-lgg clause in Fig.[§] characterizes a commonality of
F4 and Fs in an intelligible way, while the lgg has no direct intuitive interpre-
tation. Moreover, the clauses G; and G5 in Fig. [0 themselves can be seen as
prototypical descriptions of blocks world configurations which is not the case
for the lgg.
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Fig. 5. The a-lggs G1, G2 and Gs of E1 and Es, and lgg(E1, E2) with yi; = lgg(w:, z)

Constructing «-lggs is computationally extremely expensive for large graphs.
This is shown in [9] based on the results in [12]15]14]. Therefore, a connectionist
approach has to be used for prototype construction that will be described in
the following.

3.1 A Connectionist Approach for Structural Matching

For the connectionist prototype construction, the objects of the training set
are represented as labeled graphs, i.e. all node variables represent nodes, and
predicates are transformed into labels of nodes and edges. Thus, all features
are bound to objects or relations between objects, and all features of a node or
relation (edge), respectively, are handled as a single feature vector.

As is described above, TRITOP constructs decision trees where every leaf
corresponds to a subset of the training set. The aim of the connectionist recon-
struction of prototypes is to find a common substructure of all training examples
belonging to a leaf of the learned tree. The path from the root of the tree to a leaf
consists of a sequence of structural attributes together with a value being either
0 or 1. If in this sequence all attributes are removed that have the outcome 0,
the remaining attributes describe small substructures contained in all examples
belonging to the leaf.

During prototype generation, a maximal common substructure of all exam-
ples belonging to the respective leaf is found which contains the small substruc-
tures given by TRITOP’s attributes. Computing an a-lgg is transformed into the
problem of finding an optimal match between the nodes of the graphs, which in
general belongs to the class of NP-complete problems. The match is determined
by introducing a user defined threshold for a minimum similarity of nodes which
can be mapped onto each other. Therefore a similarity of node and edge labels
has to be defined. In the mutagenesis example, the similarity between atoms can
be defined according to the chemical properties of their elements, charges etc.
The set of admissible matches is restricted to the set of injective mappings.
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If there exist several least general generalizations of the examples in a sub-
set (like in Fig. []), then it is possible to provide either all of the prototypes,
or to generate a single, best generalization that captures the most interesting
commonalities of the examples. The latter alternative is chosen by the system
MATCHBOX.

The best match between graphs can be described by a quadratic objective
function, which rewards matches between similar nodes and edges according to
their similarity and assigns a penalty to inconsistencies in the match. A detailed
overview on the objective functions used in MATCHBOX is given in [20021].

It has been shown that such quadratic optimization tasks can be solved by
Hopfield-like Artificial Neural Nets, i.e. bidirectional associative memories. For a
quadratic objective function, a neural net can be constructed so that the energy
of this net is described by the objective function. Then the dynamics of the net
ensures that the net moves from high energy states to states with lower energy.
Under certain conditions, the net converges to a steady state that corresponds
to a local minimum of the energy function, i.e. to a solution of the optimization
task. Despite of the criticism of Hopfield nets as a means of solving NP-complete
problems ([3/4]), successful applications show that those nets can provide good
and fast solutions for many practical problems ([19]).

A special neural net from the Hopfield family based on the approach described
in [825] has been developed and investigated theoretically in [20]. On the basis of
these results, the system MATCHBOX (for details, see [21]) has been developed.
MATCHBOX performs the matching of labeled graphs, using a knowledge base
of types of node and edge labels and the similarity measures defined for these
types of labels. Labels can be feature vectors with components of different types,
for instance real numbers, ordered sets, symbols or elements of a taxonomic (IS-
A-) hierarchy. As a result of a graph match, a quantitative estimation of the
similarity of the two graphs and the generalised common subgraph is returned.

In order to demonstrate how the neural approach works, in Fig.[6lan example
is given. The figure shows the neural net which is produced from the graphs F;
and Fs from Fig. Pl Every unit of the net describes the mapping between two
nodes. The nodes forming the first and second argument of the class predicate in
FE4 can only be mapped onto their corresponding nodes in Fs. The units of the
net have connections with negative weights (dashed lines in the figure), if they
violate the injectivity constraint. The unit [23|2'3] for instance is connected by a
negative connection to [x3|z'4], because the node 3 cannot be mapped onto x’'3
and x’4 at the same time. Connections with positive weights are drawn between
units which correspond to node matches where the relations between the nodes
are preserved in the mapping. So the units [z1|2'1] and [22|22] are connected by
a positive link because the relation between z1 and z2 and the one between z’1
and 2’2 are identical. After the construction of the net, the units are given an
initial activation and after some steps of propagation, the net settles at a steady
state. The active units in this state form a injective mapping between nodes
of the two graphs. A steady state of the net corresponding to a solution of the
matching problem consists of some active nodes which are connected by positive,
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‘

pr0;<;1§pe({%})

rototype({E ,E ,E ,E
p yp({1 5 & 7})

Fig. 6. (a) The neural net for F1 and E> (b) prototypes for the tree in ()

but not by negative links while the rest of the units is inactive. Steady states in
the example, for instance, consist of the nodes [z1|z'1], [£2|2'2], [#3]2’3], [x5|2’6]
or [xl]|z'1], [2]2'2], [x3|x'5], [x4|z'4], [£5|2'6]. These mappings correspond to the
first and second a-lgg in Fig.

In the prototype construction step for a leaf of the decision tree, MATCH-
BOX receives as its input all training examples of a leaf. MATCHBOX then
computes a generalised common subgraph of all the examples corresponding to
the leaf. Take, for instance, the above decision tree (). This tree divides the ex-
amples from Fig.[T]in three subsets: { F3} (negative example, contains a bar that
supports the columns of the thing that otherwise would be an arch), {Ey4, E5}
(negative examples, the columns touch each other) and {E1, Es, Eg, E7} (positive
examples). MATCHBOX returns the prototypes shown in Fig. [0l Especially the
prototype for the positive examples {E1, E2, Fg, Er} provides a characterization
of the concept that is much better understandable than the original tree in ().
It is a generalization of the pairwise a-lgg G2 depicted in Fig.[5l The “prototype”
for subset {E3} coincides with the single example in the subset. The prototype
for the subset {Ey, E5} can be seen as a generalized typical counterexample for
clas% “+7 because class “—” is assumed to contain the complement of class
“_’_7

5 Depending on the task, it may not be possible to construct reasonable prototypes
for the negative class.
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4 The Mutagenesis Dataset

In this section, we will present results for our approach on the mutagenicity
dataset introduced in Sect. 2l The data described e.g. in [22|23] consists of two
datasets of chemical compounds. The first data set contains 188 compounds that
are “regression friendly”, i.e. their mutagenicity can be predicted using standard
regression methods. The second dataset contains 42 regression “unfriendly” com-
pounds. It turned out that — with respect to accuracy — TRITOP performs very
well on the two datasets when compared to other learning systems, see [11].

For our experiments with TRITOP/MATCHBOX we used a transformed
version of the dataset. For example, the substance d191 containing the literals
atm(d191, d191_1, ¢, 22, -0.133), atm(d191, d191_2, ¢, 22, -0.133), bond(d191,
d191_1, d191_2, 7), and bond(d191, d191_2, d191_3, 7) is characterized by the
transformed example clause

class(inactive) < charge(D191_1, -0.158), type22(D191_1), ¢(D191_1),
charge(D191_2, -0.133), type22(D191_2), ¢(D191_2),
seven(D191_2, D191_1), seven(D191_1, D191_2) ...

The node variable D191_1 is used to represent the atom d191_1. We used the
unary relations ¢(D191_1) and type22(D191_1) to characterize the atom’s ele-
ment and its type. The aromatic bond between d191_1 and d191_2 is expressed
by the literals seven(D191-2, D191_1) and seven(D191_1, D191_2). In general,
relations that have more than 2 places have to be replaced by relations with an
arity of at most 2.

or O-At
C—or—Hetu.o—Atom C-Atom: A2 Type gZO
Type one—of{ C21,N34/ Type C21 Charge in [~0.414,0.354]
Charge in [-0.494,0.046) gem (7041~

Charge in [-0.014,0.106]

C—or—Hetero—Atom
Type one—of{C21,C26,N34}
Charge in [-0.494,0.046)}

O—-Atom
Type 040
Charge in [-0.414,-0.354

N —
N-Atom: Al ’

Type N38
Charge in [0.786, 0.846]

C-Atom
Type one—of{C21,C26}
Charge in [-0.056,0.187]

C—-or—Hetero—Atom
Type one—of {052,C26,C21,N34,572}
Charge in [-0.496,0.098]

C—-Atom
Type one—of {C14,C22,C10}
Charge in [-0.133,0.587]

H-Atom
Type H3
Charge in [0.036,0.205]

Fig. 7. The prototype for the subclass of mutagenic compounds
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For the smaller mutagenesis dataset, TRITOP constructs the tree

(class(y) + one(Al, A2),type21(A2),n(Al))
0— —
1 + @)

with an attribute that discriminates between the classes active and inactive (one
denotes a single bond). For a chemist who wants to asses chemical validity of the
learned hypothesis this would be unsatisfying. So we used MATCHBOX to con-
struct prototypes. In the 42 chemicals dataset, the compounds f1, f5, f6, d191,
2, f4, d197, and f3 are classified using the first leaf in the above tree. MATCH-
BOX constructed the prototype in Fig.[7l The prototype found by MATCHBOX
contains the NOs functional group and an aromatic 5-ring with heteroatoms like
oxygen, sulfur and nitrogen in certain positions, an additional Atom-Bond-Atom-
triple and constraints for the types of atoms and their charges. Obviously, this
description is much more comprehensive and much easier to understand than the
original decision tree and PROGOL’s clause for this data set given in Sect. [2.

For reasons of space, we do not report the decision tree for the larger muta-
genesis datatset. For the construction of prototypes, we used a decision tree with
29 subclasses. The decision tree was constructed by TRITOP on the whole train-
ing set of 188 examples, using parameter settings that turned out to produce a
small estimated error using 10-fold cross validation.

A rather large prototype computed for a subset of 5 active compounds cor-
responding to a leaf of this tree can be found in Fig.[8 The compound contains
several rings together with a NO2 group. The NO2 group fails to be connected to
the rest of the prototype. A look at the examples suggests that the group should
be connected to either atom x12 or x1. The problem of the missing edge arises
because of the symmetries in the dataset. Ongoing research on graph matching
with WTA nets is concerned with handling such problems.

A connected prototype for 9 inactive examples is shown in Fig. 0 In contrast
to the blocks world example, where the negative class “—” is defined by the
absence of structures only, it may be the case that there are substructures whose
presence leads to an inactivity of the compound. It should be noted, that a system
like FOIL or PROGOL is in general only able to represent complex patterns for
the class active (expressed as clauses). Structural features of the class inactive
can only be expressed by using single negated literals occurring in the clauses
for class active.

5 Conclusions

In this paper, a hybrid approach to relational learning has been introduced
which combines the advantages of decision tree classifiers and class descriptions
by prototypes. In a first step, the learning algorithm TRITOP constructs a
relational decision tree. Due to the sophisticated selection and optimisation of the
structural attributes used as tests of the resulting decision trees, the trees built
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H atom

type 3
[0.127,0.136]

C atom

type 22

[-0.133,-0.124]
[0.127,0.136]

C atom
type 22
[-0.133,-0.124]

type 22
[-0.133,-0.124]

C atom

type 29
[-0.003,0.006]

C atom

type 22
[-0.133,0.206]

C atom

type 22
[-0.127,0.102]

[-0.133,-0.124]

H atom

type 3
[0.127,0.136]

H atom

type 3
[0.127,0.136]

C atom

type in {14,10}

C atom

type 22
[-0.133,-0.124]

type 22

0.003,0.553] | |[-0.127,0.102]
N atom
O atom
type 40 X23 type 38
Lod03.0304 | Y22 [0.798,0.805]

-

[-0.403,-0.394]

O atom x ‘
type 40 .

Fig. 8. Prototype for a subset of 5 active compounds in the 188 examples dataset

by TRITOP show very high classification accuracy. In order to provide the user
with an understandable, concise description of the results of the tree learning and
construction step, in a second step the subdivision of the set of training examples
given by tests of the tree is used to produce a set of prototypes. Each prototype
represents a subclass of examples produced by a leaf of the tree. MATCHBOX
is a connectionist, knowledge based system for graph matching and generalised
prototype construction. With MATCHBOX, prototypes for sets of examples are
computed efficiently. Prototypes built by MATCHBOX are generalised common
substructures of the structures in the set which include constraints on the values
of e.g. real-valued variables. Thus, TRITOP/MATCHBOX not only provides
a powerful tool for learning both discriminations and descriptions of classes of
relational objects, including features like handling of noisy data and learning
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H atom

type 3
[0.123,0.156]

type 22
10.193,0.226]

type 22
[-0.137,-0.104]

C atom

C atom

C atom
type in {22,29)}
[-0.122,0.253]

C or Hetero atom
type in {38,45,10,14,29}
[-0.647,0.825]

C atom

type 22
[-0.137,-0.104]

type 22
[0.193,0.226]

type 32
[-0.777,-0.392]

Fig. 9. Prototype for inactive compounds

constraints for real valued variables. It also contributes to the solution of the
general problem of the high complexity of learning in the domain of relational
descriptions.

Future work will include experimental evaluation on other datasets. We also
want to improve the performance of the MATCHBOX algorithm when applied
to large graphs or graphs containing symmetries.

An interesting point that will be investigated in future research is the problem
of negation. The constructed class prototypes only provide positive structural
information about the subclasses, whereas the decision tree is able to characterize
subclasses by the absence of patterns. I.e. the prototypes in general do not bear
the full information of the decision tree. The relationship of the prototypes and
the tree have to be investigated in more detail.

Acknowledgments. We thank Andrea Doliana who has computed the proto-
type for the 188 examples data set during his master’s thesis. We thank Brijnesh-
Johannes Jain for co-supervising the thesis.
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Abstract. Part of the theory of logic programming and nonmonotonic
reasoning concerns the study of fixed-point semantics for these paradigms.
While several different semantics have been proposed, and some have
been more successful than others, the exact relationships between the
approaches have not yet been fully understood. In this paper, we give
new characterizations, using level mappings, of the Fitting semantics, the
well-founded semantics, and the weakly perfect model semantics. The re-
sults will unmask the well-founded semantics as a stratified version of the
Fitting semantics.

1 Introduction

One of the very stimulating research questions in logic programming and non-
monotonic reasoning has been the search for an appropriate declarative under-
standing of negation. Several different semantics for logic programs have been
proposed, see e.g. [1]], each being more or less convincing, depending on one’s
point of view, which may be that of a programmer, or motivated by common-
sense reasoning.

Among the semantics based on three-valued logics, the Fitting semantics
[2] and the well-founded semantics [3] are prominent and widely acknowledged
choices. Theoretical relationships between them have been etablished, e.g. in
M] by using lattice-based logic programming in four-valued logic, an approach
which was recently extended in [5]. The development of the weakly perfect model
semantics, due to [6], was motivated by the intuition that recursion should be
allowed through positive information, but not through negation. As such, it was
developed out of the notion of stratification [7I8]. We will see that the well-
founded semantics achieves this very goal in a much better way than the weakly
perfect model semantics. This will probably be no surprise for the specialist,
although we are not aware of any formal argument for this case, and we believe
that a presentation from our point of view is rather clear and convincing.

We will provide new, and uniform, characterizations, based on level map-
pings, of the Fitting semantics, the well-founded semantics, and the weakly per-
fect model semantics. Level mappings are mappings from Herbrand bases to
ordinals, i.e. they induce orderings on the set of all ground atoms while disallow-
ing infinite descending chains. They have been studied in termination analysis

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 205-221] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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for logic programming, e.g. in [9], where they appear naturally, they have been
used for defining classes of programs with desirable semantic properties, e.g. in
[718], they are intertwined with topological investigations of fixed-point seman-
tics in logic programming, as studied e.g. in [I0JT112], and are relevant to some
aspects of the study of relationships between logic programming and artificial
neural networks [13]. Our motivation, however, is quite different. We will employ
level mappings in order to give uniform characterizations of different semantics
in nonmonotonic reasoning, and we will this way employ them to unmask the
well-founded semantics as a stratified version of the Fitting semantics, i.e. we
will see that the difference between the Fitting semantics and the well-founded
semantics is, in a nutshell, that at some particular point the former prevents
recursion, while the latter at the same point prevents only recursion through
negation.

As a trivial corollary of our results, we obtain that the Fitting semantics is
more skeptical than the weakly perfect model semantics, which is in turn more
skeptical than the well-founded semantics (Corollary ).

The paper is structured as follows. Section ] contains preliminaries which
are needed to make the paper relatively self-contained. Section [3 contains our
new characterization of the Fitting semantics, while Sect. @ covers the new char-
acterization of the well-founded semantics. In Sect. [f the weakly perfect model
semantics will be studied. We conclude with a summary and a discussion of
further work in Sect.

Acknowledgement. We thank three anonymous referees for their comments,
which helped to improve the presentation.

2 Preliminaries and Notation

A (normal) logic program is a finite set of (universally quantified) clauses of
the form V(A < Ay A ... AN A, A =By A ... A =B,,), commonly written as
A~ Ay,... A, By,...,n By, where A, A;, and By, for i = 1,...,n and
j =1,...,m, are atoms over some given first order language. A is called the
head of the clause, while the remaining atoms make up the body of the clause,
and depending on context, a body of a clause will be a set of literals (i.e. atoms
or negated atoms) or the conjunction of these literals. Care will be taken that
this identification does not cause confusion. We allow a body, i.e. a conjunction,
to be empty, in which case it always evaluates to true. A clause with empty
body is called a unit clause or a fact. A clause is called definite, if it contains
no negation symbol. A program is called definite if it consists only of definite
clauses. We will usually denote atoms with A or B, and literals, which may be
atoms or negated atoms, by L or K.

Given a logic program P, we can extract from it the components of a first
order language. The corresponding set of ground atoms, i.e. the Herbrand base
of the program, will be denoted by Bp. For a subset I € Bp, we set =1 = {—A |
A € Bp}. The set of all ground instances of P with respect to Bp will be denoted
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by ground(P). A (three-valued or partial) interpretation I for P is a subset of
Bp U —=Bp which is consistent, i.e. for each A € Bp at most one of A and —A
is contained in I. We say that A is true with respect to (or in) I if A € I, we
say that A is false with respect to (or in) I if A € I, and if neither is the case,
we say that A is undefined with respect to (or in) I. A body, i.e. a conjunction
of literals, is true in an interpretation I if every literal in the body is true in I,
it is false in I if one of its literals is false in I, and otherwise it is undefined in
I. For a negated literal L = = A we will find it convenient to write =L € I if
A € I. By Ip we denote the set of all (three-valued) interpretations of P. It is
a complete partial order (cpo) via set-inclusion, i.e. it contains the empty set as
least element, and every ascending chain has a supremum, namely its union. A
model of P is an interpretation I € Ip such that for each clause A < body we
have that body C I implies A € I. A total interpretation is an interpretation [
such that no A € Bp is undefined in I.

For an interpretation I and a program P, an I-partial level mapping for P
is a partial mapping ! : Bp — a with domain dom(l) = {A| A €I or A € I},
where « is some (countable) ordinal. We extend every level mapping to literals
by setting [(—A) = I(A) for all A € dom(l). A (total) level mapping is a total
mapping ! : Bp — « for some (countable) ordinal a.

Given a normal logic program P and some I € Ip, we say that U C Bp is an
unfounded set (of P) with respect to I if each atom A € U satisfies the following
condition: For each clause A < body in ground(P) (at least) one of the following
holds.

(Ui) Some (positive or negative) literal in body is false in I.
(Uii) Some (non-negated) atom in body occurs in U.

Given a normal logic program P, we define the following operators on Ip.
Tp(I) is the set of all A € Bp such that there exists a clause A < body in
ground(P) such that body is true in I. Fp(I) is the set of all A € Bp such that
for all clauses A + body in ground(P) we have that body is false in I. Up(I) is
the greatest unfounded set (of P) with respect to I, which always exists due to
[B]. Finally, define

@p(l):Tp(I)UﬁFp(I) and WP(I):TP(I)UﬁUP(I)

for all I € Ip. The operator @p is due to [2], while Wp is due to [3]. Both are
monotonic on the cpo Ip, hence have a least fixed point by the Tarski fixed-point
theorem, and we can obtain these fixed points by defining, for each monotonic
operator F, that F10 =0, F 1 (a+ 1) = F(F 1 «a) for any ordinal a, and
F1p = U7<ﬁFT7 for any limit ordinal 3, and the least fixed point of F' is
obtained as F' 1« for some ordinal «.. The least fixed point of @p is called the
Kripke-Kleene model or Fitting model of P, determining the Fitting semantics
of P, while the least fixed point of Wp is called the well-founded model of P,
giving the well-founded semantics of P.

Given a program P, we define the operator Tf; on subsets of Bp by T;(I) =
Tp(I U—=(Bp\ I)). It is well-known that for definite programs this operator
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is monotonic on the set of all subsets of Bp, with respect to subset inclusion.
Indeed it is Scott-continuous [11] and, via Kleene’s fixed-point theorem, achieves
its least fixed point M as the supremum of the iterates TIJDr Tn for n € IN. So
M is the least two-valued model of P. In turn, we can identify M with the total
interpretation M U —(Bp \ M), which we will call the definite (partial) model of
P.

In order to avoid confusion, we will use the following terminology: the notion
of interpretation will by default denote consistent subsets of Bp U =Bp, i.e.
interpretations in three-valued logic. We will sometimes emphasize this point by
using the notion partial interpretation. By two-valued interpretations we mean
subsets of Bp. Both interpretations and two-valued interpretations are ordered
by subset inclusion. Each two-valued interpretation I can be identified with the
partial interpretation I’ = I U —(Bp \ I). Note however, that in this case I’ is
always a maximal element in the ordering for partial interpretations, while I is
in general not maximal as a two-valued interpretation.

3 Fitting Semantics

We give a new characterization, using level mappings, of the Fitting semantics.

Definition 1. Let P be a normal logic program, I be a model of P, andl be an
I-partial level mapping for P. We say that P satisfies (F) with respect to I and
I, if each A € dom(l) satisfies one of the following conditions.

(Fi) A € I and there exists a clause A < L1, ..., L, contained in ground(P)
such that L; € T and I(A) > I(L;) for all i.

(Fii) ~A € I and for each clause A <— Ly, ..., Ly contained in ground(P) there
exists i with —-L; € I and [(A) > I(L;).

If A € dom(l) satisfies (Fi), then we say that A satisfies (Fi) with respect to I
and I, and similarly if A € dom(l) satisfies (Fii).

Theorem 1. Let P be a normal logic program with Fitting model M. Then M
is the greatest model among all models I, for which there exists an I-partial level
mapping | for P such that P satisfies (F') with respect to I and l.

Proof. Let Mp be the Fitting model of P and define the Mp-partial level map-
ping lp as follows: [p(A) = «, where « is the least ordinal such that A is not
undefined in @p 1 (a4 1). The proof will be established by showing the following
facts: (1) P satisfies (F) with respect to Mp and Ip. (2) If I is a model of P and
l an I-partial level mapping such that P satisfies (F) with respect to I and I,
then I C Mp.

(1) Let A € dom(lp) and Ip(A) = o. We consider two cases.

(Case i) If A € Mp, then A € Tp(Pp 1 «), hence there exists a clause
A « body in ground(P) such that body is true in @p T . Thus, for all L; € body
we have that L; € &p 1 «, and hence Ip(L;) < « and L; € Mp for all i.
Consequently, A satisfies (Fi) with respect to Mp and Ip.
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(Case ii) If A € Mp, then A € Fp(®pTa), hence for all clauses A + body
in ground(P) there exists L € body with =L € ®p 1« and Ip(L) < «, hence
-L € Mp. Consequently, A satisfies (Fii) with respect to Mp and lp, and we
have established that fact (1) holds.

(2) We show via transfinite induction on o = I(A4), that whenever A € T
(respectively, mA € I), then A € $p 1 (o + 1) (respectively, mA € &p1(a+1)).
For the base case, note that if [(A) = 0, then A € I implies that A occurs as the
head of a fact in ground(P), hence A € &p 11, and —=A € I implies that there
is no clause with head A in ground(P), hence =A € ¢p11. So assume now that
the induction hypothesis holds for all B € Bp with I(B) < a. We consider two
cases.

(Case i) If A € I, then it satisfies (Fi) with respect to I and [. Hence there
is a clause A <— body in ground(P) such that body C I and /(K) < « for all
K € body. Hence body C Mp by induction hypothesis, and since Mp is a model
of P we obtain A € Mp.

(Case ii) If =A € I, then A satisfies (Fii) with respect to I and I. Hence for
all clauses A < body in ground(P) we have that there is K € body with =K € [
and [(K) < «. Hence for all these K we have =K € Mp by induction hypothesis,
and consequently for all clauses A < body in ground(P) we obtain that body is
false in Mp. Since Mp = $p(Mp) is a fixed point of the @ p-operator, we obtain
—A € Mp. This establishes fact (2) and concludes the proof.

We will use the following running example for illustration.
Example 1. The program consisting of the six rules

a< b b+ c,—d d<+e
b+ c,—a c< b,—e e+ d

has Fitting model 0.

The following corollary follows immediately as a special case of Theorem [I]
and is closely related to a result reported in [12].

Corollary 1. A normal logic program P has a total Fitting model if and only
if there is a total model I of P and a (total) level mapping | for P such that P
satisfies (F') with respect to I and l.

4 Well-Founded Semantics

We will provide a new characterization, via level mappings, of the well-founded
semantics, and we will argue that from this new point of view the well-founded
semantics can be understood as a stratified version of the Fitting semantics.
Let us first recall the definition of a (locally) stratified program, due to [7
8]: A normal logic program is called locally stratified if there exists a (total)
level mapping [ : Bp — «, for some ordinal «, such that for each clause A «+
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Ai,..., Ay, 0By,..., B, in ground(P) we have that [(A) > I(A;) and I(A) >
I(Bj)foralli=1,...,nand j=1,...,m.

The notion of (locally) stratifed program was developed with the idea of
preventing recursion through negation, while allowing recursion through positive
dependencies. (Locally) stratified programs have total well-founded models.

There exist locally stratified programs which do not have a total Fitting
semantics and vice versa. Indeed, the program consisting of the single clause
p < p is locally stratified but p remains undefined in the Fitting semantics.
Conversely, the program consisting of the two clauses ¢ < and g < —q is not
locally stratified but its Fitting model assigns to g the truth value true.

By comparing Definition [[l with the definition of locally stratified programs
above, we notice that condition (Fii) requires a strict decrease of level between
the head and a literal in the rule, independent of this literal being positive or
negative. But, on the other hand, condition (Fii) imposes no further restric-
tions on the remaining body literals, while the notion of local stratification does.
These considerations motivate the substitution of condition (Fii) by the condi-
tion (WFii), as given in the following definition.

Definition 2. Let P be a normal logic program, I be a model of P, andl be an
I-partial level mapping for P. We say that P satisfies (WF) with respect to I
and I, if each A € dom(l) satisfies one of the following conditions.

(WFi) A €I and there exists a clause A <— Ly, ..., L, contained in ground(P)
such that L; € I and l(A) > I(L;) for all i.

(WFii) —A € I and for each clause A < As,..., Ay, B1,...,~ By, contained
in ground(P) (at least) one of the following conditions holds:
(WFiia) There exists i with ~A; € I and I(A) > 1(A;).
(WFiib) There exists j with B; € I and l[(A) > I(B;).

If A € dom(l) satisfies (WFi), then we say that A satisfies (WFi) with respect
to I and I, and similarly if A € dom(l) satisfies (WFii).

We note that conditions (Fi) and (WFi) are identical. Indeed, replacing
(WF1i) by a stratified version such as the following is not satisfactory.

(SFi) A € I and there exists a clause A < Ay,...,A,,~By,...,~By in
ground(P) with head A such that A;, B; € I, [(A) > I(A;), and [(A4) >
[(By) for all ¢ and j.

If we replace condition (WFi) by condition (SFi), then it is not guaranteed that
for any given program there is a maximal model satisfying the desired properties:
Consider the program consisting of the two clauses p < p and ¢ < —p, and the
two (total) models {p, ¢} and {—p,q}, which are incomparable, and the level
mapping ! with I(p) = 0 and I(q) = 1.

So, in the light of Theorem [[] Definition[2 should provide a natural “stratified
version” of the Fitting semantics. And indeed it does, and furthermore, the
resulting semantics coincides with the well-founded semantics, which is a very
satisfactory result.
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Theorem 2. Let P be a normal logic program with well-founded model M. Then
M is the greatest model among all models I, for which there exists an I-partial
level mapping | for P such that P satisfies (WF) with respect to I and .

Proof. Let Mp be the well-founded model of P and define the M p-partial level
mapping lp as follows: [p(A) = «, where « is the least ordinal such that A is not
undefined in Wp 1 (a+1). The proof will be established by showing the following
facts: (1) P satisfies (WF) with respect to Mp and lp. (2) If I is a model of P
and [ an [-partial level mapping such that P satisfies (WF) with respect to I
and [, then I C Mp.

(1) Let A € dom(lp) and Ip(A) = a. We consider two cases.

(Case i) If A € Mp, then A satisfies (WF1) with respect to Mp and [p, which
can be shown as in the proof of Theorem [ (1) (Case i).

(Caseii) If ~A € Mp, then A € Up(Wpta),ie. Ais contained in the greatest
unfounded set of P with respect to Wp T a. Hence for each clause A < body in
ground(P), at least one of (Ui) or (Uii) holds with respect to Wp 1 « and the
unfounded set Up(Wp 1t a). If (Ui) holds, then there exists some literal L € body
with =L € Wp T, hence Ip(L) < « and condition (WFiia) (if L is an atom),
respectively condition (WFiib) (if L is a negated atom), is satisfied by A with
respect to Mp and [p. If (Uii) holds, then some (non-negated) atom B in body
occurs in Up(WpTa). Hence [p(B) < lp(A) and A satisfies (WFiia) with respect
to Mp and Ip. Thus we have established that fact (1) holds.

(2) We show via transfinite induction on @ = I(A), that whenever A € T
(respectively, =A € I), then A € Wp1t(a+1) (respectively, A € WpT(a+1)).
For the base case, note that if {(4) = 0, then A € I implies that A occurs as the
head of a fact in ground(P), hence A € Wp11. If =A € I, then consider the set
U of all atoms B with I(B) = 0 and =B € I. We show that U is an unfounded
set of P with respect to I = Mp, and this suffices since it implies -A € Mp
by A € U and the fact that Mp is a fixed point of Wp. So let C € U and let
C' < body be a clause in ground(P). Since —=C' € I, and [(C) = 0, we have that
C satisfies (WFiia) with respect to I and [, so condition (Uii) is satisfied and
we have that U is an unfounded set of P with respect to I. Assume now that
the induction hypothesis holds for all B € Bp with I(B) < a. We consider two
cases.

(Case i) If A € I, then A € Tp(Wp1a), which can be shown as in the proof
of Theorem [ (2) (Case i).

(Case ii) If =A € I, consider the set U of all atoms B with I(B) = « and
—-B € I. We show that U is an unfounded set of P with respect to Mp, and this
suffices since it implies A € Mp by A € U and the fact that Mp is a fixed point
of Wp. Solet C € U and let C < body be a clause in ground(P). Since =C' € I,
we have that C satisfies (WFii) with respect to I and . If there is a literal
L € body with =L € I and I(L) < I(C), then by induction hypothesis we obtain
—L € Mp, so condition (Ui) is satisfied for the clause C' + body with respect to
Mp and U. In the remaining case we have that C satisfies condition (WFiia),
and there exists an atom B € body with =B € I and I(B) = I(C'), hence B € U,
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i.e. condition (Uii) is satisfied for the clause C' < body with respect to Mp and
U. Hence U is an unfounded set of P with respect to Mp.

Ezample 2. The program from Example [l has {a, —b, —c, —d, —e} as total well-
founded model. This is easily verified by choosing any level mapping ! with
l(a) > 1(b) =1(c) > I(d) = l(e) and applying Theorem

As a special case of Theorem 2] we immediately obtain the following corollary,
which was obtained directly in [14].

Corollary 2. A normal logic program P has a total well-founded model if and
only if there is a total model I of P and a (total) level mapping l such that P
satisfies (WF) with respect to I and .

The characterization in Theorem P] contrasts nicely with another character-
ization which can be found in [I5]. There, the authors characterize the well-
founded model as the least interpretation I such that a level-mapping property
holds for all atoms which are not false in I.

5 Weakly Perfect Model Semantics

We have obtained new characterizations of the Fitting semantics and the well-
founded semantics, and argued that the well-founded semantics is a stratified
version of the Fitting semantics. Our argumentation is based on the key intuition
underlying the notion of stratification, that recursion should be allowed through
positive dependencies, but be forbidden through negative dependencies. As we
have seen in Theorem [2, the well-founded semantics provides this for a setting
in three-valued logic. Historically, a different semantics, given by the so-called
weakly perfect model associated with each program, was proposed in [6] in order
to carry over the intuition underlying the notion of stratification to a three-valued
setting. In the following, we will characterize weakly perfect models via level
mappings, in the spirit of Theorems [[land[2. We will thus have obtained uniform
characterizations of the Fitting semantics, the well-founded semantics, and the
weakly perfect model semantics, which makes it possible to easily compare them.

Definition 3. Let P be a normal logic program, I be a model of P and | be an
I-partial level mapping for P. We say that P satisfies (WS) with respect to I
and I, if each A € dom(l) satisfies one of the following conditions.

(WSi) A €I and there exists a clause A < Lq,..., L, contained in ground(P)
such that L; € T and l(A) > I(L;) for all i.

(WSii) —A € I and for each clause A < Ay,..., A, —By,...,~ By contained
in ground(P) (at least) one of the following three conditions holds.
(WSiia) There exists i such that ~A; € I and I(A) > 1(A;).

(WSiib) For all k we have I(A) > I(Ay), for all j we have I(A) > 1(B;),
and there exists i with —A; € I.
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(WSiic) There exists j such that B; € I and [(A) > I(B;).

We observe that the condition (WSii) in the above theorem is more general
than (Fii). It is also more restrictive than (WFii), because (WFiib) and (WSiic)
are the same, while (WFiia) is more general than (WSiia) and (WSiib) taken
together. Informally, (WFiia) allows for recursion through positive body literals,
while (WSiia) and (WSiib) allow this only if an additional requirement on the
corresponding negative body literals is met.

We will see below in Theorem [ that Definition Blcaptures the weakly perfect
model, in the same way in which Definitions [[] and [2| capture the Fitting model,
respectively the well-founded model.

In order to proceed with this, we first need to recall the definition of weakly
perfect models due to [6], and we will do this next. For ease of notation, it will
be convenient to consider (countably infinite) propositional programs instead
of programs over a first-order language. This is both common practice and no
restriction, because the ground instantiation ground(P) of a given program P
can be understood as a propositional program which may consist of a countably
infinite number of clauses. Let us remark that our definition below differs slightly
from that given in [6], and we will return to this point later. It nevertheless leads
to exactly the same notion of weakly stratified program.

Let P be a (countably infinite propositional) normal logic program. An atom
A € Bp refers to an atom B € Bp if B or =B occurs as a body literal in a
clause A < body in P. A refers negatively to B if =B occurs as a body literal in
such a clause. We say that A depends on B if the pair (A, B) is in the transitive
closure of the relation refers to, and we write this as B < A. We say that A
depends negatively on B if there are C, D € Bp such that C refers negatively
to D and one of the following holds: (1) C' < A or C' = A (the latter meaning
identity). (2) B < D or B = D. We write B < A in this case. For A, B € Bp,
we write A ~ B if either A = B, or A and B depend negatively on each other,
ie. if A < B and B < A hold. The relation ~ is an equivalence relation and
its equivalence classes are called components of P. A component is trivial if it
consists of a single element A with A /< A

Let ¢ and C3 be two components of a program P. We write C; < Cy if
and only if C; /=C5 and for all A; € C; there is As € Cy with A; < Ay, A
component C is called minimal if there is no component Cy with Cy < CY.

Given a normal logic program P, the bottom stratum S(P) of P is the union
of all minimal components of P. The bottom layer of P is the subprogram L(P)
of P which consists of all clauses from P with heads belonging to S(P).

Ezxample 3. In order to illustrate the definitions above, we consider the program
from Example [II The atom a refers negatively to the atom b, and depends
negatively on all atoms occuring in the program. The atom d depends on e
but not negatively. The atom b refers to a, ¢, and d and negatively to a and
d. It depends negatively on itself, and hence also on all the other atoms in the
program. The program has two minimal components, namely {d} and {e}, so
{d, e} is its bottom stratum, and the bottom layer consists of the clauses d < e
and e < d.
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Given a (partial) interpretation I of P, we define the reduct of P with respect
to I as the program P/I obtained from P by performing the following reductions.
(1) Remove from P all clauses which contain a body literal L such that =L € I or
whose head belongs to I. (2) Remove from all remaining clauses all body literals
L with L € I. (3) Remove from the resulting program all non-unit clauses, whose
heads appear also as unit clauses in the program.

Definition 4. The weakly perfect model Mp of a program P is defined by trans-
finite induction as follows. Let Py = P and My = 0. For each (countable) ordinal
a > 0 such that programs Ps and partial interpretations Ms have already been
defined for all 6 < a, let

No= |J Ms Py = P/Na,
0<d<ax
R, is the set of all atoms which are undefined in N,

and were eliminated from P by reducing it with respect to N,
Se =S (Pa), and L,=L(P,).

The construction then proceeds with one of the following three cases. (1) If
P, is empty, then the construction stops and Mp = N, U R, is the (total)
weakly perfect model of P. (2) If the bottom stratum S, is empty or if the
bottom layer L., contains a negative literal, then the construction also stops and
Mp = NoU—R,, is the (partial ) weakly perfect model of P. (8) In the remaining
case Lo, is a definite program, and we define M, = H U —-R,, where H is the
definite (partial) model of L, and the construction continues.

For every a, the set S, U Ry, is called the a-th stratum of P and the program
Ly, is called the a-th layer of P.

A weakly stratified program is a program with a total weakly perfect model.

Ezample 4. For the program from Example[d] call it P, we obtain Ny = M; =
{—d, —e} and P/N; consists of the clauses

a <+ —b b+ c,—a b+ c c+b.

Tts least component is {a,b, c}. The corresponding bottom layer, which is all of
P/Ny, contains a negative literal, so the construction stops and My = Ny =
{—d, —e} is the (partial) weakly perfect model of P.

Let us return to the remark made earlier that our definition of weakly perfect
model, as given in Definition [ differs slightly from the version introduced in
[6]. In order to obtain the original definition, points (2) and (3) of Definition Hl
have to be replaced as follows: (2) If the bottom stratum S, is empty or if the
bottom layer L, has no least two-valued model, then the construction stops and
Mp = NoU-R, is the (partial) weakly perfect model of P. (3) In the remaining
case L, has a least two-valued model, and we define M, = H U -R,, where H
is the partial model of L, corresponding to its least two-valued model, and the
construction continues.
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The original definition is more general due to the fact that every definite
program has a least two-valued model. However, while the least two-valued model
of a definite program can be obtained as the least fixed point of the monotonic
(and even Scott-continuous) operator Tj , we know of no similar result, or general
operator, for obtaining the least two-valued model, if existent, of progams which
are not definite. The original definition therefore seems to be rather awkward,
and indeed, even in [0], when defining weakly stratified programs, the more
general version was dropped in favour of requiring definite layers. So Definition
B which will be used in the sequel, is an adaptation taking the original notion
of weakly stratified program into account, and appears to be more natural.

Theorem 3. Let P be a normal logic program with weakly perfect model Mp.
Then Mp is the greatest model among all models I, for which there exists an
I-partial level mapping | for P such that P satisfies (WS) with respect to I and
l.

We prepare the proof of Theorem Blby introducing some notation, which will
make the presentation much more transparent.

It will be very convenient to consider level mappings which map into pairs
(8, n) of ordinals, where n < w, the least infinite ordinal. So let « be a (countable)
ordinal and consider the set A of all pairs (8,n), where § < o and n < w. Of
course A endowed with the lexicographic ordering is isomorphic to an ordinal.
So any mapping from Bp to A can be considered to be a level mapping.

Let P be a normal logic program with (partial) weakly perfect model Mp.
Then define the Mp-partial level mapping [p as follows: [p(A) = (8,n), where
A € SgU Rg and n is least with A € TE‘B T (n+ 1), if such an n exists, and
n = w otherwise. We observe that if [p(A) = Ip(B) then there exists o with
AB e Sy UR,, andif A € Sy UR, and B € SgU Rg with a < 3, then
I(A) < I(B).

We next define model-consistent subsumption due to [14].

Definition 5. Let P and Q be two programs and let I be an interpretation.

1.IfCy = (A« Ly,...,Lp) and Cy = (B + Ki,...,K,) are two clauses,
then we say that C7 subsumes Csy, written C1 < Cs, if we have A = B and
{L1,..., Ly} C{Ky,..., K}

2. We say that P subsumes @, written P < Q, if for each clause Cy in P there
exists a clause Csy in Q with C7 < Cs.

3. We say that P subsumes ) model-consistently (with respect to I), written
P <; Q, if the following conditions hold. (i) For each clause C; = (A <+
Ly,...,Ly,) in P there exists a clause Cy = (B + Ki,...,K,) in Q with
Cy xCy and ({Kq,..., Ky} \{L1,...,Lin}) C 1. (ii) For each clause Cy =
(B + Ki,...,K,) in Q with {Ky,...,K,} € I and B /d there exists a
clause C1 in P such that C1 < Cs.

A clause C subsumes a clause Cy if both have the same head and the body
of C5 contains at least the body literals of C1, e.g. p < g subsumes p < ¢, —r.
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A program P subsumes a program () if every clause in P can be generated this
way from a clause in @), e.g. the program consisting of the two clauses p < ¢ and
p < r subsumes the program consisting of p +— ¢, —s and p < r,p. This is also
an example of a model-consistent subsumption with respect to the interpretation
{=s,p}. Concerning Example ] we note that P/N; <n, P.

Definition [{ facilitates the proof of Theorem [3] by the following lemma.

Lemma 1. With notation from Definiton[4, we have P/Ny <n,, P for all a.

Proof. Condition 3(i) of Definition [{ holds because every clause in P/N, is
obtained from a clause in P by deleting body literals which are contained in
N,. Condition 3(ii) holds because for each clause in P with head A /&V, whose
body is true under N,, we have that A + is a fact in P/N,.

The next lemma establishes the induction step in part (2) of the proof of
Theorem [

Lemma 2. If I is a non-empty model of a (infinite propositional normal) logic
program P’ and 1 an I-partial level mapping such that P’ satisfies (WS) with
respect to I and 1, then the following hold for P = P'/{.

(a) The bottom stratum S(P) of P is non-empty and consists of trivial compo-
nents only.

(b) The bottom layer L(P) of P is definite.

(¢) The definite (partial) model N of L(P) is consistent with I in the following
sense: we have I' C N, where I' is the restriction of I to all atoms which
are not undefined in N.

(d) P/N satisfies (WS) with respect to INN andl/N, where l/N is the restriction
of l to the atoms in I \ N.

Proof. (a) Assume there exists some component C' C S(P) which is not trivial.
Then there must exist atoms A, B € C with A < B, B < A, and A /=B. Without
loss of generality, we can assume that A is chosen such that [(A) is minimal. Now
let A’ be any atom occuring in a clause with head A. Then A > B > A > A/,
hence A > A’, and by minimality of the component we must also have A’ > A,
and we obtain that all atoms occuring in clauses with head A must be contained
in C'. We consider two cases.

(Case i) If A € I, then there must be a fact A < in P, since otherwise by
(WSi) we had a clause A <— Ly, ..., L, (for some n > 1) with Ly,..., L, € I and
1(A) > I(L;) for all i, contradicting the minimality of I(A). Since P = P’/ we
obtain that A < is the only clause in P with head A, contradicting the existence
of B /=A with B < A.

(Case ii) If =A € I, and since A was chosen minimal with respect to I, we
obtain that for each clause A «+ Ai,...,A,,—B1,...,B,, condition (WSiib)
must be satisfied with respect to I and [, and that m = 0. Furthermore, all A;
must be contained in C, as already noted above, and I(A4) > I(A;) for all i by
(WSiib). Also from (Case i) we obtain that no A; can be contained in I. We
have now established that for all A; in the body of any clause with head A, we
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have [(A) = I(A;) and —A; € I. The same argument holds for all clauses with
head A;, for all i, and the argument repeats. Now from A > B we obtain that
there are D, E € C with A > E (or A= FE), D > B (or D = B), and E refers
negatively to D. As we have just seen, we obtain —-F € I and [(E) = I(A). Since
E refers negatively to D, there is a clause with head E and —D contained in the
body of this clause. Since (WSii) holds for this clause, there must be a literal L
in the body with level less than {(E), hence I(L) < I(A) and L € C which is a
contradiction. We thus have established that all components are trivial.

We show next that the bottom stratum is non-empty. Indeed, let A be an
atom such that [(A) is minimal. We will show that {A} is a component. So
assume it is not, i.e. that there is B with B < A. Then there exist Dy, ..., Dy,
for some k € IN, such that D; = A, D; refers to D;y; forall j =1,...,k—1,
and Dy, refers negatively to some B’ with B’ > B (or B’ = B).

We show next by induction that for all j = 1,..., k the following statements
hold: -D; € I, B < Dj, and I(D;) = I(A). Indeed note that for j = 1, i.e.
D; = A, we have that B < D; = A and I(D;) = l(A). Assuming A € I, we
obtain by minimality of /[(A) that A < is the only clause in P = P’/() with
head A, contradicting the existence of B < A. So —A € I, and the assertion
holds for j = 1. Now assume the assertion holds some j < k. Then obviously
Dji1 > B.By =D; € I and [(D;) = l[(A), we obtain that (WSii) must hold, and
by the minimality of [(A) we infer that (WSiib) must hold and that no clause
with head D, contains negated atoms. So I(D;4+1) = I(D;) = I(A) holds by
(WSiib) and minimality of [(A). Furthermore, the assumption D;4; € I can be
rejected by the same argument as for A above, because then D11 < would be
the only clause with head D;1, by minimality of {(D;;1) = l[(A), contradicting
B < Dj4q. This concludes the inductive proof.

Summarizing, we obtain that Dj, refers negatively to B’, and that =Dy € I.
But then there is a clause with head Dy and —B’ in its body which satisfies
(WSii), contradicting the minimality of [(Dy) = I(A). This concludes the proof
of statement (a).

(b) According to [6] we have that whenever all components are trivial, then
the bottom layer is definite. So the assertion follows from (a).

(c) Let A € I’ be an atom with A /&V, and assume without loss of generality
that A is chosen such that [(A) is minimal with these properties. Then there must
be a clause A < body in P such that all literals in body are true with respect to
I, hence with respect to N by minimality of I(A). Thus body is true in N, and
since N is a model of L(P) we obtain A € N, which contradicts our assumption.

Now let A € N be an atom with A /d’, and assume without loss of generality
that A is chosen such that n is minimal with A € TE’(P) T(n+1). But then there
is a definite clause A < body in L(P) such that all atoms in body are true with
respect to T;(P) 1 n, hence also with respect to I’, and since I’ is a model of
L(P) we obtain A € I, which contradicts our assumption.

Finally, let =A € I'. Then we cannot have A € N since this implies A € I'.
So =A € N since N is a total model of L(P).

(d) From Lemma[ll we know that P/N <y P. We distinguish two cases.
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(Case i) If I\ N | A, then there must exist a clause A < Ly,..., L in P
such that L; € T and [(A) > I(L;) for all ¢. Since it is not possible that A € N,
there must also be a clause in P/N which subsumes A < L1, ..., L, and which
therefore satisfies (WSi). So A satisfies (WSi).

(Case ii) If mA € I\ N, then for each clause A < bodyl in P/N there
must be a clause A < body in P which is subsumed by the former, and since
—A € I, we obtain that condition (WSii) must be satisfied by A, and by the
clause A < body. Since reduction with respect to N removes only body literals
which are true in N, condition (WSii) is still met.

We can now proceed with the proof of Theorem [Bl

Proof. (of Theorem B) The proof will be established by showing the following
facts: (1) P satisfies (WS) with respect to Mp and Ip. (2) If I is a model of P
and [ an [-partial level mapping such that P satisfies (WS) with respect to I
and [, then I C Mp.

(1) Let A € dom(lp) and Ip(A) = (o, n). We consider two cases.

(Case i) If A € Mp, then A € TZFQ 1 (n + 1). Hence there exists a definite
clause A «+ Aq,..., Ay in L, with Ay,..., A € Tz'a Tn, so Ai,..., Ay € Mp
with Ip(A) > Ip(A;) for all i. Since P/N,, <n, P by Lemmal[ll there must exist
aclause A« Ay,...,Ag,L1,..., L, in P with literals L,,...,L,, € N, C Mp,
and we obtain Ip(L;) <ip(A) for all j =1,...,m. So (WSi) holds in this case.

(Case ii) If A € Mp, then let A «+ Ay,..., Ax,—B1,...,B,, be a clause
in P, noting that (WSii) is trivially satisfied in case no such clause exists. We
consider the following two subcases.

(Subcase ii.a) Assume A is undefined in N, and was eliminated from P by
reducing it with respect to N, i.e. A € R,. Then, in particular, there must be
some —A; € N, or some B; € N,, which yields [p(A4;) < Ip(A), respectively
lp(Bj) < lp(A), and hence one of (WSiia), (WSiic) holds.

(Subcase ii.b) Assume ~A € H, where H is the definite (partial) model of L.
Since P/N, subsumes P model-consistently with respect to N,, we obtain that
there must be some A; with —A; € H, and by definition of [p we obtain [p(A) =
Ip(4;) = (a,w), and hence also [p(Ay) < Ip(A;) for all i’ /=i. Furthermore,
since P/N,, is definite, we obtain that =B, € N, for all j, hence [p(B;) < lp(A)
for all j. So condition (WSiib) is satisfied.

(2) First note that for all models M, N of P with M C N we have (P/M)/N =
P/(MUN)=P/N and (P/N)/0l = P/N.

Let I, denote I restricted to the atoms which are not undefined in N, U R,,.
It suffices to show that for all « > 0 we have I, C N, U R, and I\ Mp = (.

We next show by induction that if & > 0 is an ordinal, then the following
statements hold. (a) The bottom stratum of P/N, is non-empty and consists
of trivial components only. (b) The bottom layer of P/N,, is definite. (¢) I, C
Ny URy,. (d) P/Ngyy1 satisfies (WS) with respect to I\ No41 and {/Nq1.

Note first that P satisfies the hypothesis of Lemma 2l hence also its conse-
quences. So P/N; = P/{ satisfies (WS) with respect to I \ N7 and [/N7, and
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by application of Lemma[2 we obtain that statements (a) and (b) hold. For (c),
note that no atom in R; can be true in I, because no atom in R; can appear as
head of a clause in P, and apply Lemma [2 (c). For (d), apply Lemma 2] noting
that P/N2 <N, P.

For a being a limit ordinal, we can show exactly as in the proof of Lemma
Bl (d), that P satisfies (WS) with respect to I \ N, and [/N,. So Lemma [ is
applicable and statements (a) and (b) follow. For (c), let A € R,,. Then every
clause in P with head A contains a body literal which is false in N,. By induction
hypothesis, this implies that no clause with head A in P can have a body which
is true in I. So A /4. Together with Lemma [ (c), this proves statement (c).
For (d), apply again Lemma B1(d), noting that P/Nq41 <n,,, P-

For a = 3 4 1 being a successor ordinal, we obtain by induction hypothesis
that P/Ng satisfies the hypothesis of Lemma 2] so again statements (a) and (b)
follow immediately from this lemma, and (c), (d) follow as in the case for a being
a limit ordinal.

It remains to show that I \ Mp = (). Indeed by the transfinite induction
argument just given we obtain that P/Mp satisfies (WS) with respect to I\
Mp and I/Mp. If I\ Mp is non-empty, then by Lemma [2] the bottom stratum
S(P/Mp) is non-empty and the bottom layer L(P/Mp) is definite with definite
(partial) model M. Hence by definition of the weakly perfect model Mp of P
we must have that M C Mp which contradicts the fact that M is the definite
model of L(P/Mp). Hence I\ Mp must be empty which concludes the proof.

We obtain the following corollary, previously reported, and proven directly,
in [T4].

Corollary 3. A normal logic program P is weakly stratified, i.e. has a total
weakly perfect model, if and only if there is a total model I of P and a (total)
level mapping | for P such that P satisfies (WS) with respect to I and l.

We also obtain the following corollary as a trivial consequence of our uniform
characterizations by level mappings.

Corollary 4. Let P be a normal logic progam with Fitting model My, weakly
perfect model My, and well-founded model M,,. Then My C M, C M,,.

6 Conclusions and Further Work

We have obtained new characterizations of the Fitting semantics, the well-
founded semantics, and the weakly perfect model semantics, and argued that
the well-founded semantics is a stratified version of the Fitting semantics. Con-
sidering that the main motivation for the introduction of (weak) stratification
was to restrict recursion through negation, we notice by comparing (WFii) and
(WSii) that the well-founded semantics provides a much cleaner and more con-
vincing way of achieving this.

Our approach, using level mappings, provides a way of comparing different
semantics which is an alternative to the approach taken e.g. in [4J5]. It provides
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uniform characterizations, and we believe that it should be applicable to most
fixed-point semantics based on monotonic operators. In particular, it should be
possible to employ our methods in order to characterize different forms of well-
founded semantics for (extended) disjunctive logic programs, see e.g. [16], and
also to the study of fixed-point semantics of logic programming in algebraic
domains, as put forward in [I7/1§].

Under characterizations with level mappings, as proposed in this paper, a
model should be computationally tractable, in a sense which remains to be spec-
ified by further research, if the corresponding partial level mapping maps into
w, the first infinite ordinal. This is certainly the case for Datalog, and it remains
to be seen whether our results can be exploited for more efficient computation
of the well-founded model, as in the currently evolving paradigm of answer set
programming, see e.g. [19].
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Abstract. We show that the set of all formulas in n variables valid in
a finite class A of finite algebras is always a regular tree language, and
compute a finite axiom set for A. We give a rational reconstruction of
Barzdins’ liquid flow algorithm [BB91]. We show a sufficient condition
for the existence of a class A of prototype algebras for a given theory ©.
Such a set allows us to prove O |= ¢ simply by testing whether ¢ holds
in A.

1 Introduction

Abstraction is a key issue in artificial intelligence. In the setting of mathemat-
ical logic and model theory, it is concerned with the relation between concrete
algebras and abstract statements about them in a formal language. For purely
equational theories, the well-known construction of an initial model (e.g. [DJ90])
allows one to compute a kind of prototypical algebra for a given theory. In the
other direction (i.e. from concrete algebras to theories), however, no computable
procedures are yet known. While it is trivial to check whether a given formula
is valid in a given finite algebra, it is not clear how to find a finite description
of all valid formulas.

In 1991, Barzdin and Barzdin [BB9I| proposed their liguid-flow algorithm
which takes an incompletely given finite algebra and acquires hypotheses about
what are probable axioms. We give a rational reconstruction of this work that
is based on well-known algorithms on regular tree grammars. We give a corre-
spondence between Barzdins’ notions and grammar notions, showing that the
liquid-flow algorithm in fact amounts to a combination of classical grammar
algorithms (Thm. [0).

The correspondence leads to synergies in both directions: Barzdins’ approach
could be extended somewhat, and a classical algorithm seems to be improvable
in its time complexity using the liquid-flow technique.

Next, we focus on a completely given algebra and show how to compute finite
descriptions of the set of all variable-bounded formulas valid in it. This set is
described by a grammar (Thm. [1)) and by an axiom set (Thm. [[3)).

We relate our work to Birkhoft’s variety theorem [MT92], which states that
a class A of algebras can be characterized by equational axioms only up to its
variety closure vc(A). If A is a finite class of finite algebras such that vc(A) is
is finitely axiomatizable at all, we can compute an equational axiom set for it

(Cor. [H).

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 222-{234] 2002.
© Springer-Verlag Berlin Heidelberg 2002



Axiomatization of Finite Algebras 223

As an application in the field of automated theorem proving, we give a suffi-
cient criterion for establishing whether a class A of algebras is a prototype class
for a given theory © (Cor.[I7). If the criterion applies, the validity of any formula
@ in n variables can be decided quickly and simply by merely testing ¢ in A,
avoiding the search space of usual theorem proving procedures: © = ¢ if and
only if ¢ is satisfied in every A € A.

Section [2 recalls some formal definitions. In order to make this paper self-
contained, we refer well-known results on regular tree grammars that are used in
the sequel. Section [3 first gives a rational reconstruction of Barzdins’ liquid flow
algorithm; then we show how to compute an axiom set for a finite class of finite
algebras. In Sect. ll and [{, we discuss the applications to Birkhoff characteri-
zations and prototype algebras in theorem proving, respectively. A full version
including all proofs can be found in [Bur02].

2 Definitions and Notations

Definition 1. [Sorted term, substitution] We assume familiarity with the classic
definitions of terms and substitutions in a many-sorted framework. Let S be a
finite set of sorts. A signature X is a set of function symbols f, each of which
has a fized domain and range. Let V be an infinite set of variables, each of a
fized sort. For S € S and V. C V, Ty s(X) denotes the set of all well-sorted
terms of sort S over X and V; let Ty (Y) := Uges Tv,s(X). Let sort(t) denote
the unique sort of a term t. o = {x1+ +4r,...,z, 4} denotes a well-sorted
substitution that maps each variable x; to the term t;. O

Definition 2. [Algebra] We consider w.l.o.g. term algebras factorized by a set
of operation-defining equations. In this setting, a finite many-sorted algebra A
of signature X is given by a nonempty finite set Ag of constants for each sort
S € S and a set E4 consisting of exactly one equation f(a1,...,an) = a for
each f € X with f:S1 x...x S, — S and each a1 € Ag,,...,an € Ag, , where
a € Ag. The Ag are just the domains of A for each sort S, while E 4 defines
the operations from X on these domains. Define X 4 := X UJgcg As. We write
(=) for the congruence relation induced by E 4; each ground termt € Ty s(Xa)
equals exactly one a € Ag. a

We will only allow closed quantified equations as formulas. This is sufficient
since an arbitrary formula can always be transformed into prenex normal form,
and we can model predicates and junctors by functions into a dedicated sort
Bool.

Definition 3. [Formula, theory] For a k-tuple € = (x1,...,xx) € V* such that
x; /=xj fori /=), define Q(x) = {q1z1... @2k | ¢1,-..,q € {V,3}} as the
set of all quantifier prefixes over x. Any expression of the form Q : t; =g to
for Q € Q(x) and t1,ts € Ty 5(X) is called a formula over X and x. We will
sometimes omit the index of (=g). We denote a formula by ¢, and a set of
formulas, also called theory, by ©. O
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When encoding predicates and junctors using a sort Bool, in order to obtain
an appropriate semanticd]] it is necessary and sufficient to fix the interpretation
of the sort Bool accordingly for every algebra under consideration. Therefor, we
define below the notion of an admitted algebra, and let the definition of sat, |k,
etc. depend on it.

We tacitly assume that,

— when we consider only equations, each algebra is admitted, while,
— when we consider arbitrary predicates, junctors and a sort Bool, only alge-
bras with an appropriate interpretation of Bool are admitted.

Definition 4. [Admitted algebras] Let a signature X be given. Let Sax C S be
a set of sorts; and let Ygx be the set of all f € X that have all argument and
result sorts in Sgx. Let a fixed Xgy-algebra Agy be given; we denote its domain
sets by Agix,s-

We say that a X-algebra A is admitted if Ag = Agax,s for each S € Sgx and
tl =A t2 <~ tl = Afgix t2 fO’f’ all tl,tQ € ﬁ},s(EA) and S € Sﬁx. O

Definition 5. [Validity] For an admitted X -algebra A and a formula ¢, we write
A sat ¢ if ¢ is valid in A, where equality symbols (=g) in ¢ are interpreted as
identity relations on Ag, rather than by an arbitrary congruence on it. For a
class of admitted X'-algebras A, and a theory ©, we similarly write A sat ¢,
A sat O, and A sat ©. Define ©1 | Oy if A sat O implies A sat Oy for each
admitted X'-algebra A.

If we choose Sax := {}, each algebra is admitted. Choosing Sgx := {Bool},
Yix = {(7), (N), (V), (=), ()}, and Aax as the two-element Boolean algebra,
we prescribe the interpretation of Bool for each admitted algebra. O

Definition 6. [Complete theorem sets] For a X-algebra A, and a tuple x of
variables as in Def. [3, define THz(A) =

{Q 1t =g to | Q S Q(:B), S e S, t1,t2 € 7;’5(2), A sat (Q 1t =g tg)}

as the set of all formulas over X and x that are valid in A. The elements of
THz(A) can be considered as terms over the extended signature

ZU{(=s)[5eSIU{(Q:) | Q€ Q=)}.
For a class A of Y-algebras, define THaz(A) :=(\gca T Ha(A). O

Example 7. The algebra As, defined by Ang: := {0,1} and E4 = {0+0 =
0, 0+1=1, 1+40=1, 141 =0}, is a X-algebra for ¥ = {0,(+)}. The set
T H (2,4)(A2) contains the formula Va3y : 24+y=0, but not Yz3y : x+y=1, since
1 /. O

LIf in some algebra A we had Apoor = {a} and (true = a),(false = a) € E 4, any
formula ¢ was valid in A.
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Definition 8. [Regular tree grammar] A regular tree grammar G consists of
rules N 1= fl(Nlla---;Nlnl) ‘ ‘ fm(le,...,Nmnm) or N ::= N1 | | Nm
where N, Ny, N;; are nonterminal symbols and f; € X. Note that n; may be also
0. Fach fi(Nj,...,Nin,) or N; is called an alternative. N, N;, N;i; are assigned
a sort each that have to fit with each other and with f;.

The size |G| of G is its total number of alternatives. We denote the set of
nonterminals of G by N'. The language produced by a nonterminal N of G is
denoted by Lg(N), it is a set of ground terms over X; if N is the start symbol of
G, we also write L(G). G is called deterministic if no different rules have identical
alternatives.

Define the generalized height hg(t) of a ground term t by

hg(f(tlv s 7tn)) = max{hg(tl)v .- '7hg(tn)} + hg(f)7

where max{} := 0, and hg(f) € IN may be defined arbitrarily. For a nonterminal
N of a grammar G, define hg(N) as the minimal height of any term in Lg(N),
it is oo if Lg(N) is empty. O

Theorem 9. [Properties of reqular tree grammars]

1. Incorporating [McA92, Sect.6]
Given a finite many-sorted X-algebra A, a grammar G = incorporate(A) of
size | E4| can be computed in time O(|E4|) such that

VS eS,ae Ag AN, e N : Cg(Na>={t€7—{}(2A) |t =4 a}.

2. Externing [McA94, Sect.3]
Given a deterministic grammar G, a set E of | G| ground equations can be
computed in time O(|G|) such that for all ground terms t1,ta:

t1 =gte & IN e N : t1,t2 € Lg(N),

where (=g) denotes the congruence induced by E.

3. Lifting [CDGT 99, Thm.7 in Sect.1.4]
Given a grammar G and a ground substitution o, a grammar G' = lift(G, o)
of size |G| + |N| - |doma| can be computed in time O(|G’|) such that

VN eNIN' eN': Lg(N')={t € Tiomo | ot € Lg(N)},

where N and N is the set of nonterminals of G and G', respectively. Note
that the signature gets extended by dom o ; these variables are treated as con-
stants in G'.

4. Intersection [CDGT 99, Sect.1.3]
Given n grammars Gy, ...,Gn, a grammar G = intersect(Gy,...,Gy) of size
|Gi]-...-|Gn]| can be computed in time O(|G|) such that for each

VNil S Nl, .. .,Nin

€ N, 3N,

yeesln

EN: Lo(N) = [) Lo (V)
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5. Restriction [special case of [fJ]
Intersection of one grammar G with a term universe Ty s(X), such that

VIN; ENlﬂNGNI [:g(N) :Egl(Nl)ﬁTVﬁ(E)

can be done in time O(|G1|) by removing all symbols not in X.

6. Union [CDGT99, Sect.1.3]
Given n grammars Gi,...,G,, a grammar G = unite(Gy,...,G,) of size
n+ |G|+ ...+ |Gn| can be computed in time O(n) such that

n

£©) = J @)

i=1

by adding one rule.

7. Composition [Trivial]
Given an n-ary function symbol f, a grammar G, and nonterminals
Ni,..., Ny, a grammar G' = tag(G, f(N1,...,Ny,)) of size | G| +1 can
be computed in time O(1) such that

Lg/(N) = {f(tr,...,tn) | _/\tz' € Lg(Ni)}

for a certain nonterminal N, by adding one rule.

8. Weight computation [AMY1, Sect.4]
Given a grammar G, the heights hg(N) can be computed for all nonterminals
N € N simultaneously in time O(| N |?).

9. Language enumeration [BH96, Fig.21]
Given a grammar G and the heights of all nonterminals, the elements of
Lg(N) can be enumerated in order of increasing height in time linear in the
sum of their sizes by a simple PROLOG program. a

3 Equational Theories of Finite Algebras

First, we give a rational reconstruction of the liguid flow algorithm of Barzdin
and Barzdin [BB9T]. They use labeled graphs to compute an axiom set from an
incompletely given finite algebra. Their approach can be reformulated in terms
of regular tree languages using the correspondence of notions shown in Fig. [1
Our following theorem corresponds to their main result, Thm. 2. It is in fact
a slight extension, as it allows for sorts and for substitutions that map several
variables to the same value.

On the other hand, the liquid flow algorithm turns out to be an improve-
ment of the weight computation algorithm from Thm. [ Both are fixpoint
algorithms, and identical except for minor, but important, modifications. The
algorithm from Thm. has a complexity of O(| N |?), while Barzdins’ algo-
rithm runs in O(] AV'|), exploiting the fact that always hg(f) < 1 and therefor
the first value < co assigned to some hg(IN) must be its final one already. Since
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in each cycle at least one IV must change its assigned hg valueE, by an appropri-
ate incremental technique (water front), linear complexity can be achieved. A
formal complexity proof of this improved grammar fixpoint algorithm, extended
to somewhat more general weight definitions, shall appear in [Bur02].

Theorem 10. [Reconstruction of Barzdin] Given a X-algebra A, domain el-
ements by,...b, € Ag,,011,..;an1 € Agy,. .., 1k, .., Gk € Ag,, and defining
o ={x1 1,...,xk g} fori=1,....nandV :={x1,..., 2%}, the set of
terms T = {t € Ty,5,(X) | Niey oit =4 b;} is a regular tree language. A gram-
mar for it can be computed in time O(| E4 |"). After computing nonterminal
weights in time O(] E4|*"), the language elements can be enumerated in order
of increasing height in linear time.

Proof. Using the notions of Thm. @ let Gy := incorporate(A), and G; =
lift(Go,0;) for i =1,...,n. We have

Lg, (No) ={t € Tv(X4) | it =4 a}.

Let G := intersect(Gi,...,Gn, Tv (X)), then
Lg(Nay...a,) = {t € Tv(2) | )\ oit = a;}.
i=1

Hence T = Lg(Ns,,...»,). Note that G itself does not depend on bi,...,b,.
Compute the height of all nonterminals of G using Thm. [QB] using hg(z;) := 0
for z; € V and hg(f) := 1 for f € X. Use Thm. Q9 to enumerate the terms of
Lg(Nb,....,b,)- O

Barzdin and Barzdin allow to specify an algebra incompletely, since their
main goal is to acquire hypotheses about what are probable axioms.

We now investigate the special case that the substitutions oy,...,0, in
Thm. [0 describe all possible assignments of algebra domain elements to the
variables x1,...,xr. This way, we obtain certainty about the computed axioms
— they are guaranteed to be valid in the given algebra.

Theorem 11. [Computing complete theorem sets] Let € = (x1,...,x) be a
k-tuple of variables, A be a finite X-algebra and A a finite class of finite X-
algebras, then THq(A) and THz(A) are reqular tree languages.

Proof (sketch). Define Ay = Agort(ar) X -+ X Asort(z),)- For each a € Ag,
let 0q = {x1' @1,...,2x' @}. Let G = incorporate(A) and G, =
intersect(lift(G,0q), Te(X)) for @ € Ag. For S € S and a € Ag, let Gg,q =
tag(Ga, Ny =s N,), where (=g) is a new binary infix function symbol. Let
G, = unite({Ga,u | S € S,a € Ag}) for each a € A,. We have

L(Gh)={t1 =sta|SES, ti,t2 € Tu.5(X), 0at1 =4 Tat2}.

2 Unless the fixpoint has been reached already
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Barzdin [BB91] | Tree Grammars

sample P

equations E 4 from Def. [2]

open term, level

term in 7y (X), height

closed term

term in T3 (Xa)

sample graph

grammar G = incorporate(A)

domain node

nonterminal N,

functional node | expression f(Ng,, ..., Na,)
upper node | No,  if Ng i=... f(Nay,...,Na,) ..
lower nodes | Nq,, ..., Na,

node weight

language height hg(N) from Def.

chain of dotted arcs

rule rhs with alternatives ordered by increasing height

annotated sample
graph

grammar with heights of nonterminals obtained from
Thm.

liquid-flow algorithm

(improved) height computation algorithm from Thm. QIR

a-term

term in Tr3 (X a) N Ugea., £L(Na)
term ¢t € L(Ng) of minimal height

minimal a-term of

domain node d
minimal a-term of

functional node
Theorem 2

term t € L(f(Nay,---,Na,)) of minimal height

Theorem [1I0]
Theorem [I0lfor n = 1

Theorem 1

Fig. 1. Correspondence of notions between [BB91] and regular tree grammars

Now, for each Q € Q(x), apply set operations corresponding to @ to the Gg; e.g.
if k=2 and Q = (Va13xs), let

Gq = intersect({unite({Ga,,a, | a2 € Asort(as)}) | 01 € Asort(ar)})-
In general, we get
E(QQ) = {tl =g to | SEeS, ti,ty € 7;;}5(2), A sat (Q 1t = tg)}.

For each @ € Q(x), let Qb =tag(Gg,Q : Gg), where (Q:) is a new unary prefix
function symbol. Let G’ = unite({Gg, | @ € Q(z)}), then THy(A) = L(G').
From this, we immediately get a grammar for 7Hz(A) by Thm. QL. O

Example 12. Let us compute 7 Hz(Az) for the algebra As from Exm. [[] and
x = {x,y). We have the substitutions oo, 001,010,011 and use the naming con-
vention

L(Nijr1) = L(Goo,:) N L(Go1,5) N L(Gro,x) N L(G114),

e.g. £(N0011) = {t S 7;(2) | .AQ sat (O’oot = O'Olt =0A O'lot = O'llt = 1)} A
may serve as don’t care symbol, e.g. L(Njux+) = L(Goo,s) N L(Gro,k)-

From Thm. [T, after incorporating, lifting, and restricting, we obtain e.g.
Goo, with nonterminals Nosss and Ny As L(Np.) turns out to be empty, we
simply have

NO*** w=0 | X ‘ Yy | NO*** + NO***-
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Noooo 2= 0| Noooo + Noooo | Nooi1 + Noo11 | Noio1 + Noior | Noiio + Noiio
Noo11 ==z | Noooo + Noo1r | Noo11 + Noooo | Noior + Noiio | Noiio + Noio
Noio1 ==y | Noooo + Noror | Nooir + Notto | Noior + Noooo | Noiio + Nooit

Noi1o = Noooo + Noi1o | Nooi1 + Noior | Noror + Nooi1 | Noiio + Noooo
Nosox = Noooo | Nooo1 | No1oo | Noio1
Nowix = ...

Nyy = Noooo = Noooo | Nooi1 = Nooi1 | Noror = Noio1 | Noiio = Noi1o
Ny3 o= Nosxox = Noxox | Nosx1x = Noxix | Nosxo = Noxxo | Nossx1 = Noxs1

| N*OO* - N*OO* | N*Ol* - N*Ol* | N*IO* - N*l()* | N*ll* - N*ll*
| N*O*O = N*O*O | N*O*l = N*O*l | N*l*O = N*I*O | N*l*l = N*l*l

N3y o= Noosx = Noosx | Notssx = Notsx

| Nax00 = Nuxo0 | Nuxo1 = Nusxo1 | Nux10 = Nux10 | Nusx11 = Nuw11
NHH L= NO*** == NO*** | N*O** = N*O** | N*l** = N*l**

| Nuwor = Nuwos | Nesix = Nuwts | Nosso = Nisso | Naws1 = Nuwsa
N = VxVy . va | Vmﬂy . Nva | HxVy . Ngv | HZEHy . Ngg

Fig. 2. Grammar G’ for TH4(A) in Exm.

N N
VaVy : Nyv Vady : Nys3
VaVy : Not1o = No11io VrIy : Nosxo = Nowx0
VaVy : Nooi1 + Noior = Noio1 + Noo11 VaIy : No11io = Noooo
VoVy: = + vy = y + =z Vzdy : Nooi1 + Noior= 0
Vedy: =z + y = 0

Fig. 3. Example derivations from G’ in Exm.

We obtain G, by just adding the rule N= ::= (Nowwx = Nowsx). To compute
Gwv, we build all intersections Njjz; without “*”; only four of them turn out to
be nonempty, their rules are shown in Fig. 2l The grammar Gyy consists of these
rules and an additional one for its start symbol Nyy. The grammars Gys, Gav,
and G33 have similar starting rules, which use only nonterminals N;;j; containing
a “*”. Since the rules for the latter are trivial, only the one for Ng.o. is shown.
Finally, the grammar G’ for 7H,(Asz) consists of all these rules and an additional
one for its start symbol N. Figure Bl show some example derivations. a

Theorem 13. [Computing complete axiom sets] The sets THq(A) and THq(A)
obtained from Thm. [Tl can be represented as the deductive closure of a finite set
of formulas, called AX(A) and AX5(A), respectively. We have:

Vi, to € 7;(2) : Asatt; =to @AX;E(A) ): t1 =12, and
Vi, ty € 7;(2) :Asatt) = t2) @.AXm(A) ): t1 =to .

Proof (sketch). First, we consider the purely universal formulas in 7THz(A).
Using the notions of Thm. [[T] the grammar Gy v is deterministic since no union
operations were involved in its construction. Using Thm. (2] we get a finite set
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FEy.. v of equations, each of which we compose with the appropriate universal

quantifier prefix (Vz;...Vzy :). The resulting formula set EY, ., implies any

purely universal equation valid in A. By construction of Ey_ v, it can reduce

each term ¢ in any quantified equation in 7#H(A) to a unique normal form. Let

NF denote the set of all those normal forms; it is finite since || is finite.
Next, for any quantifier prefix () containing some “3” let

Eq :={Q : tin = ton | tin,tan € NF, (tin = tan) € L(Gq), tin /Fon}-

Any formula @ : t; = t5 in c(%) can then be deduced from V...V : t; = t1,
and V...V : ty = to, in E|, , and Q : t1,, = to, in E’Q, where t1,, and t,, are
the normal forms of ¢; and t5, respectively.

Finally, let AX3(A) = Ugega) Eg- The proof for AXg(A) is similar. O

Observe that the variables in « are introduced as constants into the gram-
mars, hence Fy. v in the above proof is a set of ground equations. A closer look
at the algorithm referred by Thm. Q2] reveals that it generates in fact a Noethe-
rian ground-rewriting system assigning unique normal forms. Anyway, no proper
instance of any formula from AX;(A) is needed to derive any one in THg(A).
By permitting proper instantiations, we may delete formulas that are instances
of others, thus reducing their total number significantly. To find such subsumed
formulas, an appropriate indexing technique may be used, see e.g. [Gra94].

W Noooo : @ = 0+0 = = y+y :($+y)+($+y)

Noo11 : = 0+2z = =y+(zt+y) = |(@+y)+y
Noio1 : = 0+y =z+(t+y)= y+0 = (z+y

)tz
(z+y)+0

Y
Nowo :[£59] = 0+ 0 40) -
V3:  Nosox:0=%  Nowxo: Noxix iz =2+y Now1:T=Yy

IV:  Noosx : 0=  Notwsx:y=z+Yy
d3:  Nowx:0=zx=Yy=12+y Niossx : 0= Nitss 1y =z+y
N**O*:O:y N**1*Z$:I+y N***OOZJJ-H/ N**nlit:y

Fig. 4. Axioms AX(A) in Exm. [4]

Example 14. Continuing Exm.[I2], and referring to the notions the proof of of
Thm. [[3] we obtain the set E\v shown at the top of Fig. @l where we chose the
normal form of Nyggo, Noo11, No1o1, and Noi10 as 0, x, y, and z+y, respectivel,
which are each of minimal size. From each rule alternative in Fig. Bl we get one
equation that is universally valid in A. The equations between marked terms
remain nontrivial if instantiations are allowed.

3 The algorithm of Thm. can easily be modified to work with arbitrary chosen
normal forms instead of external constants.
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For each of the N;;p with a “*”, we check which of the above 4 normal
forms are member of L£(N;jx;). This can be decided quickly by matching the
index; e.g. No«o« contains 0 and y since 00+ matches with 0000 and 0101. Each
pair of normal forms in the same L£(N;jx;) gives rise to an equation, shown at
the bottom of Fig. [l Note that equations between terms of different N;jx; are
neither in THg(A) nor in AX,(A). For example, “crossing” No.ox and Npsso
yields the forbidden formula Vz3y : y = x 4+ y which does not hold in A.

After removing all redundancieds, we get

{ Vz:0=z+2, VaVy:z+y=y+z, Vzdy : 0 = z+vy,
Vo :x=x40, VaVy:z= (z+y)+y }

as a set of formulas implying every closed formula over {z,y,0,(+), (=)} that
is valid in A. Note that the associativity law is not implied, since it requires 3
variables. 0O

4 Application to Equational Theories

We now show some consequences of axiomatization properties in a purely equa-
tional setting. Remember our convention made before Def. l] that in this setting,
each algebra is considered to be admitted. We restrict 7H and AX to the set

U= {Vth =g to | SGS, t1,to 67;;_’5'(2)},

which is trivially a regular tree language.

For a given signature X and a class A of X-algebras, let vc(A) denote the
smallest variety containing A, i.e., the class of all X-algebras obtainable from
algebras in A by building subalgebras, Cartesian products, and homomorphic
images. For a set E of equations, let Mod(E) denote the class of all X-algebras
A with A sat E. From Birkhoff’s variety theorem [MT92], it is well known that
each class A of algebras can be characterized by universal equations only up to
its variety closure vc(A). However, it is not clear in general how to find such an
axiom set E with Mod(E) = vc(A).

If A is a finite class of finite algebras, we can at least construct an increasing
sequence of tree languages characterizing vc(A) in the limit (Cor. [[H). Whenever
there exists any finite axiom set E for vc(A) at all, the sequence of corresponding
model classes eventually becomes stationary, and, using Thm. [[3] we can obtain
a finite axiom set that uniquely characterizes vc(A). However, convenient criteria
for detecting if and when the sequence becomes stationary are still unknown.

Corollary 15. [Variety Characterization] For any finite class of finite algebras
A we can compute a sequence THy C THo C ... of sets of universal equations
such that ve(A) = Mod(J;=, TH;). If ve(A) = Mod(E) for any finite E, we
already have Mod(T'H,,) = vc(A) for somen € IN. In this case, we can compute
a finite aziom set for vc(A) from TH,. O

‘E.g daVy:y=x+y follows fromVz: z =z +0and VaVy : z +y =y + 2.
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Proof. Assuming V = {x1, o, ...}, let ; := (x1,...,z,) for i € IN. Let TH; :=
THa,(A)NU and TH := | J;2, TH;; then, TH; C TH; 11 € THo. By Thm. [[1]
T H.., consists of all universal equations that hold in A.

By Birkhoff’s variety theorem, vc(A) = Mod(E) for some set E of equations.
Since A sat E, we have E C T H,, hence Mod(TH,) C Mod(E) = vc(A). Vice
versa, we have vc(A) C Mod(T Hy), since A C Mod(THy), and Mod(T Hy) is
closed wrt. subalgebras, products, and homomorphic images.

If F is finite, let n € IN such that all variables in E occur in @«,, then
Mod(T H,,) = vc(A) as above. O

5 Application to Theorem Proving

Next, we extend our results to arbitrary formulas of first-order predicate logic.
This can easily be achieved by including a sort Bool and encoding predicates
and junctors as functions to Bool. We admit only algebras with an appropriate
interpretation of Bool, cf. the convention before Def. [l

Thus, the equation set THy(A), and AX,(A) corresponds to the set of all
formulas in x valid in A, and a finite axiomatization of it, respectively. Moreover,
we can arbitrarily restrict the set of junctors that may occur in a formula. Note,
however, that we cannot get rid of any equality predic:&mteﬁ7 as they are core
components of our approach, cf. Def.[f. Hence, we cannot compute the set of all
Horn formulas valid in a given algebra.

z4+z =0 0<zANO<yAO<z+y <> false (0<zAO0<y)Vy<z + 0<z
O4+z ==z 0<zANO<yAzxz<y « false O<yNO<z4y < z<y
z+0 =2z 0<z ANO<yAy<z < false r<rty < <y
(y+z)+y == 0<z ANz<y <> false O<yA(0<zVz<y) <+ 0<y
(z+y)+y == <y ANy<z < false (0<zAO0<y)Vz<y <+ 0<y
(z+x)+y =y <0 <> false 0<z+yAN(0<zVz<y) + 0<z+y
(z+y)+x =y <z + false r<yVy<z < 0<z+y
y+z =ty z4+y<z < 0<zA0<y (0<zA0<y)VO<z+y <+ 0<zVzr<y
rz+y<y <0<z AO0<y 0<zV0O<y <> 0<zVa<y
O<zANO<z4+Yy < y<z 0<zVOi<z4y < 0<zVe<y
y<zA(0<zVz<y) < y<z O0<yVO<z+4+y <> 0<zVae<y
y<zt+y < y<z O<yVy<z < 0<zxVa<y

Fig. 5. Axiom Set in Exm.

Example 16. As an example of computed predicate-logic axiomatizations, con-
sider (IN mod 2) with one function (4) and one predicate (<), where the sort
Bool is interpreted by the two-element Boolean algebra, as required.

Any universally quantified formula in the variables x,y and with A and V
as the only logical junctors that holds in (IN mod 2) follows from the set of
formulas given in Fig. B formulas with other quantifier prefixes are omitted.

Pure ground formulas and formulas that are instances of others have been
manually deleted, as well as formulas that follow from propositional tautologies

5 Logical equivalence in Bool
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or symmetry of equality. Equations in Nat are listed first, with index ngq: omit-
ted, followed by equations in Bool, =p,, written as <». Note that (=nq¢) is not
contained in the signature of this example but was introduced by our method;
consequently, no equality predicate appears in the equations of sort Bool, e.g.
inalaw like x <yVz=yVy<zx < true.

No formula at all can be reduced to true by the axioms in Fig.[5, indicating
that no valid statements about (IN mod 2) can be expressed in X, except for
trivial propositional instances like trueVa < y. In fact, every expressible formula
(i.e. term in Tgs 4} Boot (L)) can be falsified by instantiating both x and y to 0.

O

In Cor.[Td, we give an application in the field of automated theorem proving.
Here, it is common practice to test a conjecture ¢ in a finite class A of models
of the background theory © before attempting to prove ¢ from ©. If the test
fails, it is clear that © = ¢ cannot hold. If the test succeeds, i.e. A sat ¢, we are
usually still faced with the task of proving © = .

We call A a class of prototype algebras for ©, if from a succeeding test we
always can conclude the validity of © = . In this case, we can decide quickly
whether © entails a formula , merely by testing whether ¢ holds in each member
of A.

Corollary [T provides a sufficient criterion for establishing the existence of
prototype algebras for an equational — or by the above argument — first-order
predicate-logic theory ©. Since we cannot deal with arbitrarily many variables,
we have to restrict the syntactic class of ¢ to Tz(X U {(=Boot)}) for some finite
tuple x of variables.

Example [[§ gives a set of prototype algebras for an equational theory, and
at the same time shows that they do not exist for arbitrary theories. It remains
to be seen whether it is feasible to extend the prototype approach by adding
certain infinite algebras that allow easy testin of p to A.

Corollary 17. [Prototype algebras| Let © be a set of formulas, let A be a finite
class of finite admitted X'-algebras such that A sat © and © = AX4(A). Then,

A is a class of prototype algebras for © and x. Formally, for any formula ¢ over
XY and x we have © = ¢ iff A sat .

Proof.
“=7": trivial: Asat @ = ¢
‘=T A sat
= Axy(A) E ¢ by Thm. 03]
= O ¢ since © E AXy (A)

Note that the Corollary holds for arbitrary Sgx and Agy, not only for Bool.
However, we need to fix Bool in order to get the notion of = used in theorem
proving. a

5 In an equational setting, the singleton class containing the initial algebra is always
a prototype. However, equality in the initial algebra is generally undecidable.
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Example 18. Let © consist of the axioms for an Abelian group of characteris-
tic 2. Referring to Exm. [I4, we can see that © implies AX (, ,(As2). Hence, in
order to prove a formula ¢ over {z,y,0, (+), (=)} to be a consequence of O, it
is sufficient by Cor. [[T] just to test it in Aj.

Unfortunately, we cannot get rid of “characteristic” equations: In any finite
algebra with an associative binary operation (+), a law njz = ngx holds for

some n; > ng, where we abbreviate nx := x + ... 4+ = (n times). Hence, each
axiom set obtained from finitely many of such algebras necessarily entails a law
of this form. O

Acknowledgements. Ingo Dahn drew our attention to the application area of pro-
totype algebras in automated theorem proving. Martin Simons provided the literature
reference to the many-sorted version of Birkhoff’s variety theorem. Angela Sodan gave
us some valuable advice on the presentation.
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Abstract. Clausal temporal resolution is characterised by a translation
of the formulae whose satisfiability is to be established to a normal form,
step resolution (similar to classical resolution) on formulae occurring at
the same states and temporal resolution between formulae describing
properties over a longer period. The most complex part of the method
occurs in searching for candidates for the temporal resolution operation,
something that may need to be carried out several times.

In this paper we consider a new technique for finding the candidates for
the temporal resolution operation. Although related to the previously
developed external search procedure, this new approach not only allows
the temporal resolution operation to be carried out at any moment,
but also simplifies any subsequent search required for similar temporal
formulae.

Finally, in contrast with previous approaches, this search can be seen
as an inherent part of the resolution process, rather than an external
procedure that is only called in certain situations.

1 Introduction

The effective mechanisation of temporal logic is vital to the application of tem-
poral reasoning in many fields, for example the verification of reactive systems
[[2], the implementation of temporal query languages [4], and temporal logic
programming [I]. Consequently, a range of proof methods have been developed,
implemented and applied. The development of proof methods for temporal logic
has followed three main approaches: tableau [16], automates [14] and resolu-
tion [2IBITOJT5], the approach adopted here. Resolution based methods have the
advantage that, as in the classical case [13], a range of strategies can be used.
A particularly successful strategy for classical resolution has been the set
of support strategy [I7], which restricts the application of the resolution rule,
pruning the search space. Our aim is to develop a set of support (SOS) strategy
for propositional temporal logic, PTL, the logic used in this paper. The exten-
sion of the SOS strategy for the fragment of PTL without eventualities (clauses
involving the operator ‘{}>’, meaning sometime in the future) has been achieved

* This work was partially supported by EPSRC grant GR/M44859.

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 235-[249] 2002.
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[7] using techniques developed from SOS for classical logic. The definition of the
strategy for full PTL is non trivial and we intend to achieve it using the algo-
rithms proposed in this paper together with the strategy defined for the case
without eventualities.

Clausal temporal resolution [10] is characterised by the translation to a nor-
mal form, the application of classical style resolution between formulae that occur
at the same moment in time (step resolution), together with a novel temporal
resolution rule, which derives contradictions over temporal sequences. Although
the clausal temporal resolution method has been defined, proved correct and
implemented, it sometimes generates an unnecessarily large set of formulas that
may be irrelevant to the refutation. Not only that, but temporal resolution op-
erations occur only after many step resolution inferences have been carried out.
This means that, in cases where a large amount of step resolution can occur, the
method may be very expensive.

As the search for the candidates for the temporal resolution operation is
the most expensive part of the method we need to guide it and, if possible,
avoid much unnecessary subsequent step resolution. In this sense, we propose
an algorithm based on step resolution to guide the search. In this approach, we
choose a candidate formula for the temporal resolution operation and we check
whether such a candidate is appropriated to perform the resolution operation.
Our intention is to re-use as much information as possible in those cases where
further searches are required. Thus, we propose a second algorithm which is based
on the original one and is used to guide further searches. The structure of the
paper is as follows. In Sect. 2] we define the temporal logic considered, namely
Propositional Temporal Logic [11]. In Sect. Bl we review the basic resolution
method. In Sect. d] we describe an algorithm to find candidates for the temporal
resolution operation using only step resolution. Its completeness is shown in
Sect. B In Sect. Bl we propose a second algorithm algorithm for the cases when
further searches are needed. Completeness is also shown in this section.

2 Syntax and Semantics of PTL

In this section we present the syntax and semantics of (PTL), based on a dis-
crete, linear temporal logic with finite past and infinite future. The future-time
connectives that we use include ‘" (sometime in the future), ‘O’ (in the next
moment in time), ‘ [1’ (always) ‘U’ (until), and ‘W’ (unless, or weak until).
A choice for interpreting such temporal connectives is (IN, <), i.e., the Natural
Numbers ordered by the usual ‘less than’ relation.

2.1 Syntax

PTL formulae are constructed using the following connectives and proposition
symbols.

— A set, P, of propositional symbols.
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— Nullary connectives: true and false.
— Propositional connectives: -, V, A, = and <.

— Temporal connectives: O, <», [], U, and W and the nullary temporal
connective start.

The set of well-formed formulae of PT, denoted by WFF,, is defined as the
set satisfying:

— Any element of P is in WFF,.
— true, false and start are in WFF,.

— If ¢ and ) are in WFF), then so are =¢, ¢ Vi, 9 AN, ¢ = ¢, ¢ & 1), $o,
Lo, U, oW, O

2.2 Semantics

We define a model, M, for PTL as a structure (D, R, m,) where

— D is the temporal domain, e.g, the natural numbers and
— R is the ordering relation, e.g. <.

— 7, : DxP — {T, F} is a function assigning T or F to each atomic proposition
at each moment in time.

As usual we define the semantics of the language via the satisfaction relation ‘=’.
For PTL, this relation holds between pairs of the form (M, w) (M is a model and
u € IN) and well-formed formulae. The rules defining the satisfaction relation
are as follows.

,u) Ep iff wp(u,p) =T (where p € P)
,u) = true
,u) #|false
,u) = start iffu=0
u) = oAy i (M,u) = ¢ and (M, u) =9
) oV iff (M,u) b= 6 or (M,u) v
F (M, u) £{6 or (M, ) = 1)
Eoe (M u) Ao
u) = ¢

=Y and (M,u) Ev = ¢

EQO¢ it (Mu+1)Ed¢

= ¢ iff there exists a k € IN such that k > u (M, k) = ¢

E [J¢ iffforall j € IN,if j > u then (M,j) = ¢

= ¢oU o iff there exists a k € IN, s.t. k > w and (M, k) = ¢ and
for all j € N, if u < j < k then (M, j) = ¢

(M, u) = oW iff (M, u) = ol or (M,u) = (1o

EEEEEEEEEEREEREE
f g e geeeeeeeer

ELELEEEEELELELEELEESE
8
=
PGPS

! As usual, parentheses are also allowed to avoid ambiguity
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3 Clausal Resolution Method for PTL

The resolution method presented here is clausal, that means that to assure the
validity of some PTL formula we negate it and translate into a normal form.
Then, both step resolution and temporal resolution are applied. We terminate
when either a contradiction has been derived or no new information can be
derived.

3.1 Separated Normal Form

The resolution method depends on formulae being transformed into a normal
form (SNF). The normal form, which is presented in [9], comprises formulae that
are implications with present-time formulae on the left-hand side and (present or)
future-time formulae on the right-hand-side. The transformation of formulae into
SNF depends on three main operations: the renaming of complex subformulae;
the removal of temporal operators; and classical style rewrite operations. In this
section we review SNF but do not consider the transformation procedure (we
note that the transformation to SNF preserves satisfiability [10]).

Formulae in SNF are of the general form [] A,(¢; = 1;), where each ¢; = 1;
is known as a clause and is one of the following forms

start = \/ le (an initial clause)
/\ ko = O \/ld (a step clause)

a d
/\ ky = I (a sometime clause)
b

where each kg, ky, l., 4 and [ represent literals.

To apply the temporal resolution operation described below, one or more step
clauses may need to be combined. Then a variant on SNF called merged-SNF
(SNF,,)[8] is also defined. Given a set of clauses in SNF, any clause in SNF is
also a clause in SNF,,,. Any two clauses in SNF,,, may be combined to produce
a clause in SNF,,, as follows.

o1 = Oy
¢o = Oy
(1 AN dp2) = OW1 A ¢2)

3.2 Resolution Operations

Step resolution consists of the application of the standard classical resolution
rule in two different contexts. Pairs of initial or step clauses may be resolved as

follows:
start = ¢ VI ¢1 = O VI)
start = 1y V I ¢2 = O(h2 V )

start = 11 V iy (01 A p2) = Oy V)
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The simplification operations are similar to those used in the classical case, con-
sisting of both simplification and subsumption. An additional operation is re-
quired when a temporal contradiction is produced:

¢ = Ofalse

start = ¢
true = O—¢

This means that, if a formula ¢ leads to a contradiction in the next moment,
then ¢ must never be satisfied.

Temporal resolution operations resolve one sometime clause with a set of merged
step clauses [I0] as follows:

$1 = On
bn = O
x = Ol

= (~\/ ¢:)W-i

i=1

w1th the side condition that for all i,1 <i<n, then E¢; = 1land E ¢ =

\/ ®;, from which we can derive /\ ¢ = OUA \/ ¢;)). This side condition

Jj=1 =1 j=1
n
ensures that the set of ¢; = (O; merged clauses together imply \/ o = O L.

i=1
Such a set of clauses is known as a loop in [. The resolvent produced includes
an W operator that must be translated into SNF before any further resolution
steps can be applied.

Termination. If start= false is produced, the original formula is unsatisfiable
and the resolution process terminates.

Correctness. The soundness and (refutation) completeness of the original tem-
poral resolution method have been both established in [10].

4 Algorithm for Searching for Loops

In order to apply the resolution rule presented in Sect. Bla loop must be detected.
Thus, given an eventuality {>—l, our aim is to detect a set of merged step clauses
that comprises a loop to be resolved with .
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4.1 Motivation

In [5] a breadth-search approach is used to detect loops. Although this algorithm
is correct, in some cases, when further searches for loops need to be carried out,
the information obtained in a previous search is not reused. Our approach here
is based on step resolution and allows us to re-use previous search information.
Assume we are searching for a loop in [, our search produces a sequence of
guesses, G;, which are DNF formulae. We show that these are equivalent to
the DNF formulae H; output by the Breadth-First Search algorithm (see [3]). In
Breadth-First Search each new DNF formula H;, 1 satisfies the property H; ;1 =
O(H; Al). Similarly we also have G;11 = O(G; Al). In order to find G,;11 we
add true = QO(—G; V —l) to the original set of clauses and resolve. The left
hand side of clauses Z = Ofalse satisfy Z = O(G; Al). As we want to save
clauses derived during this process and possibly use them later, we add the clause
s;l = O(—G; V —l) and thus search for clauses s;l AN Z = (Ofalse, derived from
resolving with s;! = O(=G; V =) or its resolvents with other clauses which are
rewritten as true = O (-s;! vV —2).

4.2 Step Loop Search Algorithm

In this section we propose an algorithm to search for a loop. For each eventu-
ality <>—l occurring on the right hand side of a sometime clause, the algorithm
constructs a sequence of DNF formulae, G;, by using the previous guess together
with F};, where F; are disjunctions of literals derived by the application of the
algorithm to G;. The algorithm is the following.

1. Choose G_; & true

2. Given a guess G; add the clause s;! = O(=G; V —l) and apply Step Reso-
lution.

3. For all clauses true = O(-s;! V F;) obtained during the generation of

resolvents, let G; 11 < G; A (\/ —Fj).
j=1
4. Go to 2 until either
a) G; & G111 (we terminate having found a loop).
b) G;11 is empty. (we terminate without having found a loop).

4.3 Example
Let the loop be (a AbAcAd) = O []I, derived from the following SNF clauses.

1 a= Ol
2. bAe= Od
3.chd= Qa
.dNhNa= Ob
aNb= Qc

x = Ol

o O
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According to algorithm 1 the first guess is G_; < true. For such a guess we
add the clause s7} = O(falseV —l). Some of the resolvents derived by applying
step resolution among this clause and 1-6 are

7. s7h = O-l
8. 574 Aa = Ofalse [1,7]
9. true= O(-s7} V -a) [Simp.8]

Therefore, the next guess will be, Gy < true A a < a.

10. st = O(=lV —a)
11. sy /\a/\c/\d:> Ofalse [1,3,10]
12. true = O(—sy! V —a V —cV —d) [Simp.11]

Next guess is G1 < aA(aAcAd) < aAcAd.

13. 1= OV -aV-cV-d)
14. sy /\a/\b/\c/\d:>Ofalse [1,2,3,5,13]
15. true = O(—s7' V =a VvV =bV —cV —d) [Simp.14]

According to the algorithm the next guess is

Geae (aNeNd)AN(aANbAcNd) S aNcANdAD

16. st = O(=lV —aV -cV-dV -b)
17. 55" AaAbAcAd= Ofalse [1,2,3,4,5,16]
18. true = O(=s3! V=a VvV =bV —cV —d) [Simp.17]

If we apply the algorithm to G2 then the next guess will again be

Gs < (aANbAcANd)A(aAbAcAd) e (aNbAcAd).
G3<:>G2

which means termination as G3 < G5 and so G is a loop, i.e, Go = O [L.

5 Completeness

In the following we will prove completeness for this algorithm by relating it to
the completeness of the Breadth-First Search Algorithm [5]. We first introduce
the Breadth-First Search Algorithm.

5.1 Breadth-First Search Algorithm

The Breadth-First Search Algorithm constructs a sequence of formulae, H; for
i > 0, that are formulae in Disjunctive Normal Form and contain no temporal
operators. They are constructed from the conjunctions of literals on the left hand
sides of step clauses or combinations of step clauses in the SNF-clause-set that
satisfy certain properties (see below). Assuming we are resolving with {»—l each
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formula H; satisfies H; = Ol and given H; each new formula H;,; satisfies
H;. 1 = OH; and H;;1 = H;. When termination occurs we have H;,; < H;
so that H; = O [l for resolution with {)—l. The algorithm assumes that all
necessary step resolution has been carried out.

Breadth-First Search Algorithm. For each eventuality {)—l occurring on
the right hand side of a sometime clause do the following.

1. Search for all the step clauses of the form Cy = Ol, for k = 0 to b, disjoin
b

the left hand sides and generate the Hy equivalent to this, i.e. Hy < \/ Ck.
k=0
Simplify Hy. If = Hy we terminate having found a loop-formula (true).
2. Given formula H;, build formula H;,; for i = 0,1,... by looking for step
clauses or combinations of clauses of the form A; = OB;, for j = 0toc
where = B; = H; and |= A; = Hy. Disjoin the left hand sides so that

Hii1 & \/ A; and simplify as previously.
j=0
3. Repeat (2) until

a) = H;. We terminate having found a loop-formula and return true.

b) E H; & H;;1. We terminate having found a loop-formula and return
the DNF formula H;.

¢) The new formula is empty. We terminate without having found a loop-
formula.

Soundness, Completeness, and Termination for the BFS-Algorithm
[5]. Given a set of SNF clauses R, that contains a loop A = O []l, applying
BFS algorithm will output a DNF formula A’ such that A’ = O [Jland A = A’.
Termination of the BFS algorithm is also established.[5]

5.2 Completeness of the Step Loop Search Algorithm

To show the completeness of the new algorithm we will prove that for all 4 > 0,
G; < H; by induction. Let R be a set of SNF-clauses and )—l be the right hand
side of a sometime clause, we assume that R contains a loop in [.

Lemma 1. Gy & Hy

Proof. In order to obtain G, according to the algorithm, the clause

574 = O(~l V —true) is added, which is the clause s} = O~ (1).

As R contains a loop, in the initial set of clauses there must be some clauses
such that they may be resolved together to obtain A; = Ol, 1 <i < k.

By resolution with clause (1) the resolvents are sjll ANA; = QOfalse, 1 <i <k
and by simplification true = O (=574 vV = 4;).

These last clauses are used in order to obtain Gy as Gg < trueA(41V...VAg) &
ALV .. VA
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For building Hy by the Breadth-First Search Algorithm, the left hand sides of
the clauses A; = Ol are disjoined, giving , Hy & A1 V...V Ay, and so, Gy < H
O

Theorem 1. Foralln €e N H, & G,,.

Proof. Base case: By Lemma [I] Hy < Gj.

Induction case: We assume Hy < Gy for all k < i, k € IN and we prove the
hypothesis for i + 1. We know the following valid statements about H;y; from
the definition of the Breadth First Search algorithm:

a)
b) Hi+1 = Ol
¢). G; & H; (Induction Hypothesis)
d). Hiyn = H;

Assume we have generated guess G; and we are about to derive G;41. From the
algorithm the clause s;* = O(=lV —G;) is added. Using property (c) the clause
1 is transformed into

57t = O(=l v -H;). (1)

Then, applying step resolution, we obtain:

3. SZ-_'l A\ Hi+1 = O-H; [b, D:l
4. 87" AN Hiy1 = Ofalse (3,8]
5. true = O(-s;'V-H;) [Simp. 4]

In order to obtain G4 the algorithm is applied, where the clauses

true = O(—s;! V F}) considered in this case just consist of clause 5 and thus
Gi+1 < G A [Hi—&-l} < Gy A Hiwe HNHjy.

By property (d) (Hz AN Hi+1) =4 Hz'-&-l, and then Gi+1 <~ H’H—l (]

Theorem 2. If G; is a loop, then G; < Giy1.

Proof. Let G; < D1V Dy V...V D, be a loop.
As usual for the application of the algorithm the clause

57t = O(-lV-Gy) (2)
is added.

As G; is a loop, there must be a set of clauses in the initial set of clauses that
together represent G; = Ol and G; = OG;.

Resolution can be applied among these clauses and clause Bl producing
57! A Gy = Ofalse. By applying simplification this latter clause is transformed
into true = O(—us;l vV _‘Gi). Then, Gi+1 < G; ANG; and so Gi+1 & G O
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Theorem 3. The Step Loop Search Algorithm is complete.
Proof. By Theorem [[]and [l

Theorem 4. The algorithm terminates.

Proof. 1. If there exists a loop in the initial set of clauses, then we know that
Breadth Search Algorithm terminates finding a loop H,,. By Theorem [I]
H, < G,, so G, is a loop and then by Theorem 2 G,, & G,,41. Thus, the
algorithm terminates by 2 (a).

2. If there does not exist a set of clauses which comprise a loop in the initial set
of clauses then, at some point, it will not be possible to produce the clause
57V A C; = Ofalse and therefore no clauses true = O(-s;! vV F;) will be
derived during the proof and G;41 will be empty.

O

6 The Search for a Subsequent Loop

We assume that we have detected a sequence of guesses by applying the previous
algorithm to a set of SNF-clauses, X, with an eventuality <)—I but, later we
need to apply temporal resolution again to {>—l. Further, the application of the
temporal resolution rule to this or other eventualities has led to the generation
of new clauses which we may use in order to generate a new loop. Let Y be the
set of new SNF-clauses generated. Thus the set of SNF-clauses is now updated
as X UY.

Rather than carrying out the full loop search again, our intention is to re-use
the original loop search, even though a loop may not have been detected in the
first search.

6.1 Repeated Step Loop Search Algorithm

Assume we have G, ..., G, guesses from a previous search for a loop and, the
added set of clauses is Y. We can generate a new sequence of DNF formula, K;
as follows:

1. Guess K_; & false.

2. Given a guess K; add the clause s;' = O(—lV =K;) to the piece of proof
of the previous search corresponding with s;, together with the clauses Y.

3. Apply Step Resolution.

4. For all new clauses true = O (—s;! Vv F}) obtained during the proof, let

KZ'+1 = (Gl V Kl) AN (\/ _‘FJI)
j=1
5. Go to 2 until either
a) K, = Ki+1 V Gi+1 where K; /:ﬁalse or
b) K;VG; < Kit1 VG,
whatever is the earliest.
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6.2 Example

We now consider the example in Sect. 3] where clause 4 has been deleted. In
this case, all the guesses remain the same except the last one which now will be
the following

16. syt = O(=lV—aV=cV-dV -b)
7.5 AanbAcAd = O-b [1,2,3,5,16]

As there are not clauses true = O(—s3! V ....), then G5 < false.

Thus, the search for a loop failed as the set of clauses did not comprise a loop but
we still can use these previous guesses in order to find a loop if the appropriate
clause is later added.

Now we consider the same example but we add clause 4, that is, d A a = Ob.
Algorithm 2 is now applied, with K_; < false. The new clause added is

18. s:ll = Otrue

Nothing new is added and no clauses from 7-9 in example [£3] can be resolved
with 4. Thus, K, < false and Ty < a V false < a.

19. sgl = Otrue

Again nothing new is added and no clauses from 10-12 in the example can
be resolved with 4. Thus, K; < false and 71 < (a A b) V false < (a A b).

20. sfl = Otrue

As happened in the previous cases no new clauses are added from resolution
between 13-15 and 4, so Ky < false and Ty < (aAbAcAd)Vialse < aAbACAd.

20. syl = Otrue
21. s5' AaAbAcAd= Ofalse [17,4]
22. true = O(—s3' V-a VvV -bV -cV —d) [Simp.22]

Ks<s (aNbAcANdAN(aAbDAcAd) & (aADAcAd).
T3 < (aAbAcAd).
Ty < T3. Then T is a loop.

6.3 The New Guess

Let G_1,Go,...,G; be the guesses generated by applying Algorithm 1 to a set
of clauses X. Let Y be the new set of clauses added to X and T_1, Ty, ..., T; be
the guesses obtained by applying Algorithm 1 to X UY. K_;, Ky, ..., K, are the
guesses obtained by applying Algorithm 2.

Theorem 5. The new guess T;, such that T; /<&, K; /<false has the property
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Proof. We assume that the new guess is generated from the fragment of proof
corresponding to s;*; and K; /mpfalse whereas K_1, Ky, ..., K;_1 < false.
Let true = Q(ﬂsZ 1 V Fj) be the clauses used for Algorithm 1 in order to
generate G;.
As aresult of adding the new clauses Y, if step resolution is applied among these
clauses, X or those containing s;_; on the left hand side, clauses
true = O(=s;; V Ci) may be generated, where F; /<€) N.B. that C;, must
exist as we are assuming K, /<false.
By applying algorithm 1, the new guess will be

m p

T; & Gia A\ ~Fy) v (\ =G
j= 1 k=1
P O

11/\\/ (Gic1 AL\ —Ci))

j=1 k=1

We have shown that the first new guess is like T; < G; V K;. If K; /<<false then
trivially T; < G; V false. Next we will show that this is the case for all the new
guesses.

Theorem 6. Let i the first index such that T; /<£7;. Then for all j, j > 1,
Tj =2 Gj vV Kj.

Proof. We assume that T < G; V K;. We will prove that Tj,1 < G111V Kjt1.
In order to obtain T}, the original algorithm must be applied to T};. Thus, the
clause added is 57" = O(=1V —T}). As we know that Tj < G; V K; the previous
clause can be rewritten as

s;t = O(=lv —Gj) (1)

5= O(HIV-K)  (2)
As clause (1) Wab produced while obtaining G,11, the clauses
true = O(—|5 V Fj41) that appeared in the original search will be generated
again. From clause (2) and X UY new clauses true = O(ﬂs V Cl41) may be
derived. Then by applying algorithm 1.

m p

Tjp1 < T A\ =Fi) vV (\ =Crar)]

R
< (G V Kj) \/ Fi)V (\/ =Crp1)]
m =1 el m
&[Gy A\ =Fjp)l v [E; A (\/ =Fj)] V(G v Ej) A\ ~Cri)]
& GJH \/J;(lﬁl = ~
As K A ( \/ —Fjy1) is subsumed by (G; V K;) A (\7 “Chy1). O

j=1 j=1
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6.4 Completeness of the Repeated Step Loop Search Algorithm
Theorem 7. Algorithm 2 is complete.

Proof. The proof follows Theorem [l and Theorem [6 and completeness of the
Step Loop Search Algorithm. O

Termination

Lemma 2. For all i, Ki-i-l = K;VG;.

Proof. Let T_1,Tp,...,T;41 be the guesses from applying Algorithm 1 to the
clauses X UY.

By Theorem [1 and definition of Breadth-First Search algorithm, 7.1 = T;.
By Theorem B T; < G; V K;. Then K; 11V Giy1 = K; V G;. Therefore, K;11 =
K; Vv G;. O

Theorem 8. The algorithm for searching for K; terminates.

Proof. We know that the search for 7T; must terminate because of termination
of the algorithm described in Sect. when T; < T;11. By Lemma [2l we know
that K;11 = K; V G, if K; /<false. K; has the property that T; < G; V K.
Then Gl VK, Gi+1 \Y KiJrl. Therefore K, = Gi+1 V KiJrl. O

7 Some Advantages of Algorithm 2

Let X be a set of SNF-clauses with an eventuality <)—I when we apply Algorithm
1 to X, we obtain a sequence of guesses G_1, Gy, ..., G,,.

Now we assume that some new set of SNF clauses, Y, have been added and we
intend to search for a loop in the set of clauses X UY".

As we have shown in Sect. [6.3] if a new set of clauses is added the new guess
has the property T; < G; V K;, where K; is given by Algorithm 2. Applying the
algorithm 1 to X UY for every new guess T;, the clauses that we must add for
generating the next guess are

s7t= O(-l v =Gy)
S;l = O(ﬁl V ﬁKi)

Thus, all step resolution amongst clauses s;! = O(=l V —K;) and the set of
clauses X will be produced again, as they were produced when Algorithm 1 was
applied just to X.

If we apply Algorithm 2 instead, we can save all those resolution steps as we
only add clauses of the form s;! = O(=l V —K;).
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8 Conclusions and Future Work

In this paper we have presented two algorithms for searching for loops based
upon step resolution.

The first algorithm uses outputs from the previous guess to guide the choice
for the next guess and its correctness is shown with respect to an existing loop
search algorithm. The second algorithm is based on the first one and allows us
search for a second loop without having to carry out a whole search again, since
it uses clauses generated during previous searches.

In the future we intend to apply these results to the development of strategies

for temporal resolution that allows us to reduce the search space. In particular,
we are interested in incorporating the set of support strategy [I7J6]. In [7] the
set of support is defined for the case without eventualities. For full temporal
resolution the situation is more complex and we intend to achieve it combining
and extending the results presented in [7] and the results in this paper.
Even though the algorithms presented are used in order to search for loops
for the application of the temporal resolution operation, we can still guide this
search. Thus, our intention is to define a set of support strategy for temporal
resolution which involves a set of support for the search for loops process and
then combines it with the set of support for step resolution. Thus, if we consider
the example in Sect. the Set of Support (SOS) for searching for a loop will
include clauses of the form s = O (=l V —K;).

The practical efficiency of the algorithms is part of current work. It is ex-
pected to be examined while updating an existing implementation for temporal
resolution where the search for a loop process is substituted with the algorithms
presented here.

We also intend to investigate the detailed complexity of this approach.
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Abstract. Computer vision has always been an active research domain
within artificial intelligence. Recognizing visual objects can alleviate the
interaction of users with information retrieval systems. In this paper, we
present a modular object recognition system which combines advanced
image processing methods with Al techniques in a flexible way. This flex-
ibility permits adaptations to a large variety of tasks. We describe the
system architecture, point out some of the key algorithms and present
experimental results which demonstrate the system’s performance in sev-
eral recognition tasks.

1 Introduction

The visual recognition of real world objects is an essential task of systems that
are supposed to interact with their environment in a human-like way. In this
paper, we present the modular object recognition system AXioMm (Adaptive eX-
pert system for Intelligent Object Mining), which is composed of a collection
of modules that can be combined in order to create computer vision and image
processing applications.

The general application framework for our system is visual object retrieval.
Suppose, for instance, we have some kind of object, like the cogwheel depicted
in Fig. [[l and we need some information concerning this part. With traditional
approaches we need to describe the object textually, which is a difficult task.
A more intuitive way to perform a query is presenting the object itself or some
kind of visual representation as a key to access the database, rendering a textual
description unnecessary.

This paper describes some of the key components of a visual object retrieval
system which can be used for finding objects in a database by presenting a
sample view or a sequence of sample views.

Object recognition systems usually have the disadvantage that they require
training images of the objects. With increasing size of the object set, this becomes
more and more tedious, since objects usually have to be presented manually. We
aim to eliminate this process by using CAD data for the training process.

This paper is organized as follows. Section Elmentions a subset of related sys-
tems. Section [B] contains a short description of the AX10M system’s architecture,

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 253-267 2002.
© Springer-Verlag Berlin Heidelberg 2002
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Fig. 1. The application framework for AXiom

Sect. @] discusses some implementation issues. In Sect. [5, we present some pre-
liminary experimental results. In Sect. [6l we draw conclusions from the results
presented here and describe our plans for future work.

2 Related Work

The system we describe here stems from a combination of two widely spread
topics of research: Object Recognition (OR) and Visual Information Retrieval
(VIR). Both fields try to attain the goal of making a computer system recognize
objects or images the same way humans do. A summary of important topics is
presented in the next paragraphs.

2.1 Visual Information Retrieval

The appearance of multimedia data has spawned a tremendous amount of in-
terest on retrieval of non-textual data of any kind, including visual data like
images or video data, and aural data like speech, music, or sound samples. Vi-
sual Information Retrieval is mostly related to finding images in a database
based on the content or a graphical description of a query image. The princi-
ple is to compute features of the images in the database which can be accessed
via an efficient index. There are many research systems, some of which have
evolved into commercial applications, such as Virage [I] and QBIC [2]. However,
none of them addresses the retrieval of 3D-objects; they are focused on finding
similar images, not necessarily similar objects. The extracted features usually
lack rotation, scaling and shift invariances, which are indispensable in 3D object
recognition systems.

2.2 Object Recognition

One can distinguish between model-based and view-based object recognition.
Model-based recognition tries to match a three-dimensional model with a sample
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view of the object. In contrast, view-based object recognition directly uses sample
views and tries to obtain a correlation with known views labeled with the object
identification. A widely used approach is to extract features from the sample
views which are invariant against in-plane transformations and robust against
distortions like partial occlusion. The resulting feature vectors are then classified
using statistical or artificial intelligence algorithms. The result of this process is
either the identification of the recognized object or a list of possible objects.

For a comprehensive survey of older systems, see [B]. Two of the most in-
teresting recent systems are SEEMORE [4] and DyPERS [B]. SEEMORE uses
a combination of color, texture and shape descriptions for view-based object
recognition. Classification is performed using a nearest-neighbor based approach.
MIT’s DyPERS can cope with the presentation of an arbitrary view of an ob-
ject by using multidimensional receptive field histograms for statistical object
recognition and localization. A system which combines approaches from object
recognition and VIR is Nefertiti [6], an access engine for content-based retrieval
of images and three-dimensional models.

AxoN? [7/8[9] is a flexible system which is able to combine different features
and classification methods[] Our system is the successor of AXON? and provides
a larger variety of image processing and classification algorithms.

3 System Description

3.1 Global Structure

The system is organized as a collection of building blocks which can be combined
to form a visual object retrieval engine. In most cases, the structure is similar
to the one shown in Fig.

The image acquisition module captures an image from either a camera, a
file, the database or a network connection. The system supports a variety of
cameras, ranging from a simple web cam to high-end industrial cameras. The
acquired image may undergo a processing stage which performs normalization
and object-background segmentation.

Alternatively, the system can generate images by rendering CAD data. This
can be achieved by modeling the camera and lighting properties, rendering the
requested images, and feeding them into the system just like camera images. The
rendering process can be performed automatically once the modeling has been
done and the surface material data have been converted into a representation
usable for rendering engines. This is useful especially for training the system,
since the tedious task of presenting objects and acquiring images manually is
avoided.

! An interactive web demo can be found at
http://www.techinfo.rwth-aachen.de/Forschung/VIR/Axon/demo/
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Fig. 2. The structure of the object recognition system

A subsequent module extracts feature vectors from the processed images.
The system contains various modules for different kinds of features, describing
color, texture, or shape

The feature vectors are then assigned to the corresponding object by a single
classifier, an ensemble of classifiers or a hierarchy of classifiers. Finally, the result
is presented to the user.

3.2 Image Acquisition and Processing

The first stage of any visual recognition process is always the acquisition of
images. In AX10M they can be captured using different color cameras. Depending
on the objects to be recognized, the quality of a simple commercial web cam may
be sufficient, but most of the time more expensive industrial cameras delivering
images of higher quality are inevitable.

For object sets including both dark and bright elements, it may be neces-
sary to continuously adapt the camera parameters, in order to optimally use its
dynamic range. This simulates the adaption process of the human visual system.

In order to provide a better image intensity adaption than those provided by
modern cameras, we have developed an algorithm based on generalized linear
discriminants [I0], which is used to learn how to change the camera shutter speed
in order to make optimal use of the camera’s dynamic range. To decide when
a shutter value is acceptable, an intensity descriptor for an image is computed,
which must lie within a defined interval.

Two shutter speed estimators run in parallel (Fig.B). A deterministic one will
try to adapt the shutter with the smallest possible step for the given camera. Its

2 In this article, we omit descriptions of shape features because they are not used in
the experiments described later.
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Fig. 3. Camera shutter-speed adaption
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estimations are rather conservative, but it will ensure a stable image intensity
and the convergence of the intensity descriptor into the desired interval. The
main disadvantage are the required long adaption times. The second estimator
uses the results of the first one to learn how to adapt the shutter in a more
efficient way. A reliability factor is adapted that controls a weighted result formed
from the outputs of both estimators. When the image intensity becomes unstable,
the first estimator is considered as more reliable.

3.3 Segmentation

For working with global features which describe an entire image, all objects
in the image need to be detected and separated from the background. The high
complexity of this task, known as segmentation, relies mainly on the fact that the
detection cannot be achieved without high-level knowledge on the appearance
and distribution of the objects in the captured scene. In [LI] a general approach
is introduced that allows consideration of high level cues into the segmentation
using Bayesian Belief Networks. The main idea here is to split the image into
a set of small regions, such that each object contains at least one region and
the borders between objects and background are also borders between the found
regions. Using the positions and colors of background and expected objects,
and other similar high-level cues, probability maps are generated that allow to
find regions that have a high probability of belonging to one of the objects to be
detected. These regions are then used as seeds in a region growing algorithm that
uses similarity measures between regions to decide if they need to be merged or
not.

3.4 Feature Extraction

From the segmented image some feature vectors are extracted that describe the
contents of the image in a more compact form.

A three-dimensional object recognition system like AXIOM requires feature
vectors to be invariant against translation and rotation (similarity transforma-
tions on the image plane) and against small changes in the illuminant. Partial
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occlusion can also be expected. For these reasons, only a subset of color, texture
and form features can be utilized.

Each object detected in the segmentation can be analyzed as a whole (global
features) or just salient parts of it can be considered locally for further anal-
ysis (local features). Global features usually have the disadvantage that they
require a separation of the object from the background and are more suscepti-
ble to distortions and occlusions. Therefore, care must be taken to avoid these
shortcomings. In contrast, local features do not require a segmentation, but they
cannot describe the coarse structure of an object. The selection of relevant or
conspicuous regions can be achieved using saliency analysis (e. g. [12]) or by ex-
plicitly selecting the locations using approaches similar to the one introduced in
[3].

Here, a set of “locations” is selected, each one specified by its position in the
image, a radius and an angle. Not only information about color, form or texture
of each local region can be considered, but also their geometrical configuration.

The C++ code for algorithms described here has been released under the
GNU Lesser General Public License (LGPL) in
http://1tilib.sourceforge.net/

Color Constancy. Before extracting color features, it can be mandatory to
normalize the image colors in order to eliminate the effect of changes in the
illumination. Finlayson et.al. [T4] have shown that, given some conditions, a
diagonal transformation suffices for color constancy.

For a color channel ¢(z,y) and a norm || - ||, it can be easily shown that the
normalization of each color channel R(z,y), G(z,y) and B(z,y) of the RGB color
space with their respective norms yields a canonical image which is invariant
against changes in the illuminant color. In [I4] the norm ||¢(x, y)|| = p(c(z,y))/3
is used. p(c(x,y)) represents the mean value of all pixels in channel ¢(z,y).
We prefer the norm ||c(z,y)|| = ule(z,y)) + ko(e(x,y)) with & constant and
o(c(z,y)) the standard deviation of all elements of ¢(x,y). This norm keeps the
majority of the new canonical channel values in the original value range. This
solves the problem that, using the the original transform, many new canonical
values can be out of range depending on the distribution of the original values.
In our experiments, the value k = 3 was used. This way, if we assume a normal
distribution, the probability that the value lies within the original range, is
99.7%.

Chromaticity Histograms. Since the introduction of color histogramming by
Swain and Ballard [I5], this principle has been applied and enhanced in many
object and image recognition systems, e.g. SEEMORE [4].

The chromaticity histogram contains exclusively information about color,
ignoring the intensity, which is usually encoded in the channels r = ﬁ
and g = RJFTGJFB. This fact is used in [14] to produce canonical images invariant
against changes of the lighting geometry, which are reflected exclusively in the
intensity channel. To increase the robustness against noise, the resulting 2D
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histograms are low-pass filtered. All ideally black pixels are ignored; this way
only the object pixels are considered.

The normalization and low-pass filtering of the histogram yields an approx-
imation for the color probability distribution by a mixture of Gaussians, where
the filter kernel corresponds to the basis function of the mixture model [10].

Color Histograms. The chromaticity feature discards valuable information for
the recognition. Considering the previous generation of a canonical image invari-
ant against changes in the illuminant color, the intensity information can also be
robustly evaluated using simple color histograms, generated in the following way.
Four 1D histograms are calculated for the red, green, blue and luminance chan-
nels, where luminance is defined as L = mm(R’G’B)'gm”(R’G’B). Again, to reduce
the effects of noise a 1 x 3 low-pass filter kernel is applied to each histogram.
The four histograms are concatenated into a 128-dimensional vector.

Multiresolutional Energy Feature. Using the concepts for texture channels
presented in [I6], a texture-energy image is generated. Smith’s suggestions for
scale and rotation invariance were also considered. The algorithm used is similar
to the generation of a conspicuity map for the intensity channel in [12] except
that faster QMF wavelets are used instead of the more time-consuming Gabor
filter banks.

A channel is first transformed into its wavelet representation (with four res-
olutions). The low-pass channel is ignored, which means that only the three
following bands are considered (nine channels in total). The energy channels are
computed applying | - | to each pixel of each spectral channel. They are then
combined into a single image using the multiscaled addition defined in [12].

These energy images are calculated for the three color channels R, G and B.
Histograms with 32 bins for each channel are concatenated into a 96 dimensional
feature vector. The same measures against noise were taken as for the color
features.

Multiresolutional Oriented Gaussian Derivative Feature. The informa-
tion contained at each specific spectral band of a multiresolutional image decom-
position has been successfully applied in image retrieval tasks (for example [17]).
These features, however, have a limited applicability in 3D object recognition due
to their lack of invariance against scaling and rotation. Rotation invariant and
scaling equivariant features can be generated exploiting the steerability property
of oriented Gaussian derivatives (OGD). We described in [18] that the energy
of an oriented channel extracted with a n-th order gaussian derivative filter is
given by:

Ef=Ag+ > Ajcos(2i0 — 6;) (1)

i=1
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Fig. 4. Generation of an opponent color channel

where the A; do not depend on the steering angle 6, i.e. the descriptors A; are
rotation invariant.

The original channel can be analyzed extracting the descriptors A; and 6;
at different resolutions using for example dyadic pyramid architectures. This
way, different frequency bands can be considered in the final feature vector. We
employ a dyadic pyramid of OGDs with standard deviation o, = 02" for each
level m used.

There is also a local variant of these features: The A; and ©; terms are
computed for just one resolution, depending on the radius of the location used.

Multiresolutional Opponent Color Feature. Until now, the color informa-
tion has been considered using the R, G and B color channels separately. We
have also developed another approach for color analysis which is inspired by
the opponent color theory of human vision. Here, receptive fields organized in a
center-surround fashion compare the stimulus of the center (e.g. red) with the
stimulus in the surrounding (e. g. green). This can be modeled using the scheme
shown in Fig. @l
If the energy Esz for the opponent color channel is calculated as described
in [18], it follows:
El_, = El+ E) — B, (2)
Comparing this term with the previous features, it is clear that the new infor-
mation gained comparing both center and surround channels is contained in the
opponent color enerqy E2<—>b' For the OGD, this term can be also expressed as
n
Ef = A3+ A cos(2i0 — 6;) (3)
i=1
Combining the descriptors Ap and A; of both input channels (center R and
surround ) and the new opponent color channel, a feature vector with 48 di-
mensions is generated.

3.5 Classification

There are several types of classification algorithms which have proven useful for
pattern recognition. Among them are neural networks, maximum-likelihood clas-
sifiers, and variants of k-nearest neighbor algorithms. Each of them is suitable for
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a different kind of classification problem. For interpretability and the possibility
of building hybrid classifier ensembles, all of them are designed to model the
a-posteriori distribution of the object label given the image (or feature) data.

k Nearest Neighbors. The method of k nearest neighbors [19] is very com-
mon and works well for many cases. It is easy to implement and can be cast
into a traditional database system. The idea of k nearest neighbor is to store all
training vectors in an appropriate data structure. A query consists in finding the
k training vectors which lie closest to the query vector. The resulting class label
is then computed from the class labels of the training vectors found. In a proba-
bilistic framework, an appriately designed KNN classifier may be interpreted as
a maximum likelihood classifier using mixtures of univariate gaussians as data
models, where each data point is the center of a gaussian. Using this classifier
requires all feature vectors to be stored in a data structure which allows efficient
indexing, such as a kd-tree [20].

Neural Networks. We have integrated several kinds of neural networks. The
major advantage of neural network classifiers is that they require no feature
vectors to be retained. The object label is computed instead of searched in the
database. In out experiments, the most successful type has been a Radial Basis
Function network [10], which is a standard architecture consisting of two fully
connected layers; the first one computing the response of a univariate gaussian
to the input pattern, and the second one performing a linear transform of the
output vector of the first layer.

The second weight matrix is trained by applying the Moore-Penrose pseudo-
inverse. The position and variance of the first layer gaussians is determined
by an approach devised in [21], using Linear Vector Quantization (LVQ) for
the position of the prototypes and heuristics for their standard deviations. We
have slightly modified this method and use a different variant of LVQ known
as OLVQ3 [22]. For determining the variance, we use the minimum distance
between two points of different classes. This generates more tight prototypes than
the original approach of using the distance of the prototypes, thus improving
classification when discrimination among classes is hard.

Maximum-Likelihood Classifiers. Maximum-Likelihood classifiers consist of
a collection of data models, one for each class of objects.

It is well known that selecting the data model with the highest a-posteriori
probability given an input vector is guaranteed to yield the lowest possible bayes
error, provided that each data model actually represents the true data distribu-
tion of its class. If we assume equal a-priori probabilities for all classes, and a
uniform a-priori distribution of the data, this is equivalent to selecting the model
with the highest likelihood of having generated the input vector. Thus, the diffi-
culty is to find correct data models. Common data models we have implemented
include multivariate gaussian models and sparse histograms.
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Maximum likelihood classifiers have a property which makes them superior
for applications with changing data sets. Whereas the vast majority of neural
network architectures cannot be extended to recognize new objects, all that is
required for extending a maximum-likelihood classifier is adding a new data
model.

3.6 Postprocessing

Classification Assessment. As a means to enhance classification performance,
the system can record statistics of the actual performance of a classifier. We eval-
uate the classification results on a validation set and compute the probability
P(C|o,x) for the real class being C' when the classifier selects class o. For sim-
plicity, we assume C being conditionally independent of x given o. Then, the
distribution for the classes can be calculated by P(Clz) =} _x P(C|o)- P(o|x)
where K is the set of all classes.

Ensembles. As another means of improving classification performance, we have
integrated several methods to combine classifiers to ensembles. The most effec-
tive method is to perform weighted averaging of the individual results. Then,
P(Clz) = > ek P(C|k,x) - P(k|x) with P(k|x) being the probability that clas-
sifier k returns the correct result for input z. Often, it is sufficient to assume
P(k|lz) = P(k), with P(k) being the a priori probability of correct classifications
of classifier k.

Sequence Combination. The combination of results taken from image se-
quences are performed as follows: A sequence is taken as a n-dimensional vector
of independent variables (z1,...,2,). Then, the classification result is obtained
by P(Clz1,...,2n) = [, P(C|z;). Even though the images of a sequence are
not really independent, neglecting these dependencies yields sufficient results as
well.

4 Implementation Issues

The AXIOM system needs to cope with different kinds of requirements that have
to be addressed in an actual implementation in order to handle complex tasks.

— Flexibility: The system must not implement a fixed methodology but must
allow for the experimental parts of object recognition research.

— Modularity: It must be easy to implement and use new functionality.

— Programmability: The system must be programmable so that fixed algo-
rithms can be stored, executed and tested with different parameters.

— Parallelizability: Since we use complex algorithms and have to handle large
amounts of data, we need to make use of all available computing hardware.
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Obviously, these issues are unrelated to computer vision or artificial intelli-
gence, but rather involve software design; nonetheless they are important for the
success of a practical Al system. For accomplishing the goals mentioned above,
we chose to implement a variant of a dataflow machine which works across ma-
chine boundaries.

The global system is implemented in Java2, whereas time-consuming indi-
vidual modules are implemented in C++ using the LTHibA 1t provides over 150
modules and contains over 1000 classes.

4.1 Dataflow

For the AX10M system, we developed our own programming language which can
be used to express functional programs as well as dataflow programs; the FORCS
language (Functional Object Retrieval Control Syntax).

Besides a subset of the Scheme language, it contains several special functions
for controlling AxXioM and calling its functional blocks. Its syntax is derived
from Scheme. With FORCS, it is possible to create functional programs as well
as dataflow graphs [23].

The advantage of the dataflow principle is that the parallelism which is in-
herent in the algorithm is expressed in a natural way. Thus it is not necessary
to pre-determine the statements that are executed in parallel, since a parallel
execution schedule can easily be determined automatically.

4.2 Distributed Implementation

In order to handle the computational load imposed by the various image process-
ing and classification modules, the system is able to perform distributed com-
puting on several computers. In order to enable a cooperation of heterogenous
computer systems, the distribution mechanism relies on standardized protocols
and runtime environments. We chose Java2 as implementation language and
CORBA 2.3 as distribution mechanism.

In our implementation, AXIOM can run as a server that offers methods for
evaluating dataflow graphs via CORBA. For instance, an AXIOM system run-
ning the user interface and possibly the camera interface, can contact servers in
the network and distribute the computational load among the available servers.
An important question with this mechanism is how to select the server for a
given task. Since the available schedulers for CORBA are not sufficient for our
requirements, we developed a dynamic scheduler which assigns each task to the
machine which fits the task’s requirements best.

5 Experimental Results

The applicability of visual object retrieval as an intelligent tool for accessing
3D-databases obviously depends on its recognition correctness. However, for in-

3 Available from http://1tilib.sourceforge.net/
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Table 1. Recognition rates for three different test object sets

object set views 1-best 2-best 3-best
COIL-100 3600 100%

42 plush obj. 840 98.8% 99.9% 100%
202 plush obj. 7272 87.9% 93.8% 95.8%

teractive applications it is not generally necessary to perform an unique identi-
fication, but rather to find the most similar objects. Therefore, it is sufficient
if the system presents the most similar objects at the top of the result list. In
order to incorporate the position of the desired object in this ranking list, we
use the concept of k-best recognition, which is basically a function mapping the
rank k to the rate of the desired object being at rank k or higher in the result
list. In the experiments described below, we used only global features because
they showed a higher recognition rate in preliminary tests than local features.

5.1 Real Training Images

The system has been tested on three different object sets with real training im-
ages. The first one is the COIL database [24], consisting of 100 objects, each one
represented by 72 views. 36 of these views were used for training, the remaining
were used for testing. The second set is composed of views of 42 plush animals,
most of them articulated. Training was performed using 35 random views for
each object, the test set consisted of of 840 novel random views, 20 for each
object. Both training and test images were taken from objects presented manu-
ally by an operator, thus showing partially occluded objects. Lighting conditions
were the same for training and test images. The third set contains views of 202
plush animals, some of them were articulated. 40 views, taken from camera
points uniformly distributed on an upper hemisphere above the object, served
as training set. The test set consisted of 36 novel views for each objectﬁ For the
test images, the objects were presented manually, resulting in partial occlusion
caused by the operator’s hand (Fig. Bl right). Lighting conditions were the same
for the training and test set. For classification we used an ensemble of five RBF
networks classifying global features, namely chromaticity histogram, color his-
togram, opponent color feature, wavelet energy feature, and oriented gaussian
derivative feature.

Table [ shows the k-best recognition rates for these three sets. The COIL
database is an easily solvable problem. The 42 plush objects are slightly harder
to recognize because of more similarities among some of them. This effect is
even stronger with the larger object set of 202 objects. Some of the objects look
completely alike, such that it seems probable that human test subjects would
reach a classification performance similar to the one of the system.

* This data set is exhibited on the WWW at
http://www.techinfo.rwth-aachen.de/Forschung/VIR/Axon/demo
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Fig. 5. Left side: Rendered training images for six objects from the “fischertechnik”
set (background omitted). Right side: Test images of four of the 202 objects from the
plush animal set

«

Table 2. Recognition rates for three tests with the “fischertechnik” object set. “se-
quence” is the number of images per sequence, “n” denotes the number of tests per
object

sequence n l-best 2-best 3-best

1 40 62.7% 79.1% 86.7%
3 13 68.0% 83.7% 89.6%
5 8 76.1% 86.4% 93.1%

5.2 Training from CAD Data

In order to demonstrate the feasibility of using computer-generated images for
training, we used an object set composed of 47 objects taken from the modeling
kit “fischertechnik” (examples are shown on the left side of Fig. Bl). We modeled
the properties of our image acquisition hardware with a raytracer and generated
216 training images of each object. For the test images, we used camera images
of the real objects. Thus, training and test images have different lighting con-
ditions. Furthermore, some details were not contained in the rendered images
(e.g. different surface properties on an object). We exlusively used a maximum
likelihood classifier with the multiresolutional opponent color feature described
in Sect. 3.4 because, in preliminary experiments, these features outperformed all
other feature types, most notably shape descriptors. Table 2l shows recognition
rates for single test images as well as for image sequences of various lengths.

5.3 Evaluation

In our experiments we have found that even in the presence of partial occlusion,
global features showed superior performance than local features. The plush ani-
mal dataset could be processed successfully using exclusively color and texture
features. The objects are usually deformed by the operator’s hand, which can
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cause test images to show shapes completely different from the ones contained
in the training images of the same object.

The “fischertechnik” set shows an interesting property of our multiresolu-
tional OGD feature. Even though it was designed as a texture feature, it seems
also to be a descriptor for the shape of an object, suggesting that it is applicable
to a wide variety of object recognition tasks.

6 Conclusions and Future Work

We have presented a visual object retrieval system which is flexible enough to
handle different kinds of object retrieval and image processing tasks.

We have demonstrated that it is possible to achieve reasonable recognition
results by using exclusively global color and texture features. The latter ones
can also be used as shape descriptors.

For objects with rigid shape, it seems a feasible approach to use computer-
generated images for training. The recognition results are promising, but require
further improvements. We plan to achieve this by incorporating features describ-
ing three-dimensional object properties.

The system has demonstrated its applicability for an object set of medium
size. For large object sets of thousands of different objects, we are currently ex-
tending and improving the AXIOM system in order to handle object sets large
enough for real-world applications. Local feature classification can be used to
improve the system’s recognition accuracy. Even though they have failed in our
experiments to provide good results as the sole information source, we are cur-
rently working on using them as a means to discriminate objects of the same
coarse shape by detecting details. This leads to an architecture roughly similar
to the one found in the human brain, where wholes are recognized in a different
area than details [25]. Finally, we are working on more complex classifiers that
are able to include spatial and temporal relationships within image sequences.
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dation. The test objects were kindly provided by Margarete Steiff GmbH and
fischerwerke Artur Fischer GmbH & Co. KG.
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Abstract. The algorithmic generation of textual descriptions of image
sequences requires conceptual knowledge. In our case, a stationary cam-
era recorded image sequences of road traffic scenes. The necessary con-
ceptual knowledge has been provided in the form of a so-called Situation
Graph Tree (SGT). Other endeavors such as the generation of a syn-
thetic image sequence from a textual description or the transformation
of machine vision results for use in a driver assistance system could profit
from the exploitation of the same conceptual knowledge, but more in a
planning (pre-scriptive) rather than a de-scriptive context.

A recently discussed planning formalism, Hierarchical Task Networks
(HTNs), exhibits a number of formal similarities with SGTs. These sug-
gest to investigate whether and to which extent SGTs may be re-cast as
HTNs in order to re-use the conceptual knowledge about the behavior
of vehicles in road traffic scenes for planning purposes.

1 Introduction

Road traffic offers challenging examples for an algorithmic approach towards
‘understanding’ image sequences of such scenes. We are concerned here with
systems which rely on an explicated knowledge base which comprises knowledge
about the geometry of the depicted scene and about admissible trajectories of
moving vehicles. In addition, conceptual knowledge is required in order to trans-
form quantitative results related to geometric properties into textual descriptions
of vehicle maneuvers and their context — see, e. g., [7)9]. In these cases, the re-
quired knowledge has been provided in the form of a so-called Situation Graph
Tree (SGT).

An attempt to invert such a processs, i. e. to generate a synthetic image
sequence from a textual description related to the same discourse domain of
road traffic ([I7]), access to the same or similar conceptual knowledge turns out
to be desirable in order to infer details which have not been incorporated into
the text because they were assumed to be available to a human in the form
of commonsense knowledge. Driver assistance systems based on video cameras

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 268-[282] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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installed in vehicles and linked to machine vision systems constitute another
example where conceptual knowledge about road traffic scenes will be needed, in
particular if such assistance systems have to cope with the intricacies of innercity
traffic. Preliminary results in this direction ([5lf]) suggest the exploitation of
knowledge originally provided for the interpretation of image sequences. In both
cases, the conceptual knowledge may be needed for planning purposes. This
consideration motivates our investigation to convert knowledge provided in the
form of an SGT into another form more suitable for planning. Due to a number
of formal similarities, Hierarchical Task Networks (HTNs) offer themselves as a
good starting point for such an investigation.

In the sequel, we first sketch the formulation of planning tasks based on HTNs
and then outline SGTs. Based on this exposition, we discuss our experience with
a more detailed comparison between these two formalisms. As will be seen, a
number of aspects which become apparent only upon closer inspection requires
careful attention: the context in which these two formalisms have been developed
influenced their properties.

2 Hierarchical Task Networks

Planning with Hierarchical Task-Networks (HTNs) [2I] (see also [20]) is similar
to STRIPS-like planning formalisms [4]. Each world-state (the state of the dis-
course in which a plan is searched) is represented as a set of atoms true in that
state. An action modifying the world-state in STRIPS normally corresponds to
a triple of sets of atoms: the preconditions, which have to be true whenever
the action should be executed, the add-list of atoms, listing all atoms which
will become true after the action has been executed, and the delete-list holding
all atoms negated (or deleted) from the world-state by executing the action. A
planning-problem in STRIPS can then be stated as a tuple P = (Z, G, A), where
7 denotes the initial world-state, G describes the desired world-state and A is
the set of possible actions. A solution to such a planning problem is given by a
sequence of actions, which — starting with the initial world-state — produce the
desired world-state. Each atom contained in the desired world-state is called a
goal.

In HTN-Planning, the goals of STRIPS are replaced by goal-tasks. In addition
to these tasks, two other types of tasks can occur: primitive tasks and compound
tasks [1]. While primitive tasks can be accomplished by simply executing an
associated action, compound-tasks are mapped to one or more possible task
networks. These networks are directed graphs comprising further tasks as nodes
and successor relations between these tasks as edges, which naturally define the
order in which tasks should be achieved. In addition to that, the edges can be
attributed by further constraints concerning the preconditions of tasks and the
assignment of variables comprised in task-descriptions. If a task network consists
of only primitive tasks, it is called primitive task network.

Planning with HTNs can thus be formulated as follows [2]: The planning
domain is described as a pair D = (4, M), where A again denotes the set of



270 M. Arens and H.-H. Nagel

possible actions and M is a set of mappings from compound tasks onto task
networks. A planning problem can then be formulated as a tuple P = (d,Z, D)
where d is an initial task network, Z describes the initial world-state and D is a
planning domain. Note that —in contrast to STRIPS — no desired world-state (G)
is given in the formulation of the planning problem. A solution to the problem
P can thus not simply be a sequence of actions achieving such a world-state.
Instead, each goal which has to be achieved by the plan is incorporated into
the initial task network d as a goal task. The solution to P in HTN planning
is a task network itself: given the initial task network d of P, an expansion of
that network is searched such that the resulting network is primitive and all
constraints incorporated into the network are satisfied. If d is a primitive task
network, then d itself is a solution to the problem P if all constraints in d are
satisfied. Otherwise d contains at least one compound task c. For this task a
mapping m € M is searched which maps (expands) the task ¢ onto a further
task network d.. This means that one way to achieve the task c is to accomplish
all the tasks in the network d.. The result is a task network d’ similar to d,
but incorporating the new network d. instead of the one task c. If the resulting
network d’ is primitive, a solution is found, otherwise another compound task
can be expanded into a network and so on.

[3] have shown that HTN-Planning is strictly more expressive than STRIPS-
style planning. [11] points out that — speaking about efficiency of planning for-
malisms — HTN-Planning profits from the fact that the user can direct the search
for plans by defining the mapping from compound tasks to task networks and
thus restrict the search space to those decompositions that lead to allowed or
desired plans. While in STRIPS-style planners any sequence of actions leading
from the initial state to the desired goal state is a valid plan, in HTN-planning
only those sequences that can be derived by decomposing the initial task net-
work into a primitive task network are supposed to be meaningful and feasible.
By defining this mapping from compound tasks into task networks, the user
not only directs the search for a problem solution, but also incorporates more
knowledge about the planning domain into the planner.

2.1 Formal Syntax for HTNs

In the following formal definition of HTN-syntax we use the notation introduced
by [13], where o; denotes a primitive task and N; stands for a non-primitive (or
compound) task. The mappings from compound tasks onto task networks of [2]
are called reduction schemes in [I3]. Similar to [13] we will write r; ; = (C),
which denotes that r; ; is the jth reduction scheme of the non-primitive task
N;, where C is a set of constraints describing a task network. These reduction
schemes define the decomposition of non-primitive tasks into task networks: re-
duction schemes are defined as task networks using the 14 types of constraints
shown in Fig. [l After formulating a hierachical task network in terms of these
14 constraints, [I3] define transformation schemes based on [I2] which encode
the defined network in form of propositional logic formulae. The solution to the
initial planning problem is then found by the so-called planning as satisfiability-
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(1) |oi:<action name>

The primitive task symbol o; is mapped onto the
action name <action_name>.

(2) | Nj:<task name>

The non-primitive task N; is mapped onto the
task name <task_name>.

The primitive task o, temporally precedes the

®) % = % primitive task og.

(4) 0s < N, The primitive task os temporally precedes the
non-primitive task Np.

(5) N, < 05 The non-primitive task N, temporally precedes

the primitive task os.

(6) Np < Ng

The non-primitive task N, temporally precedes
the non-primitive task Ny.

(7) Op i’ Oq

There exists a causal link between o, and o4 such
that f is an add effect of 0, and a precondition of]
0q-

There exists a causal link between o, and N, such
that f is an add effect of 0, and a precondition of
N,.

There exists a causal link between N, and o, such
that f is an add effect of N; and a precondition
of op.

There exists a causal link between IV, and IV, such
that f is an add effect of N, and a precondition
of Ny.

The primitive task oq has an add effect which can
be used to supply a precondition of some other
task not known a-priori.

The non-primitive task N, has an add effect f
which can be used to supply a precondition of]
some other task not known a-priori.

The primitive task o, has a precondition f which
has to be supplied by some other task not known
a-priori.

The non-primitive task N, has a precondition f
which has to be supplied by some other task not
known a-priori.

271

Fig.1. The 14 constraints used by [13] to express task networks. (1) and (2) state a
syntactical mapping. The remaining twelve constraint types result from the fact that
two relations dominate the structure of a single task network: the two-digit temporal
order relation (defined on two kinds of arguments, primitive and non-primitive tasks)
leads to four constraint types ((3)—(6)). The also two-digit causal link relation is based
on three different types of arguments: primitive and non-primitive tasks, and a wild

card for not-specified tasks. As the relation ? 42 would make no sense here, this leads
to the remaining eight types of constraints ((7)—(14)).
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paradigm: Any model of the formulated formulae will correspond to a plan solv-
ing the planning problem.

Other approaches to HTN-planning use a similar formulation of the HTN-
structure itself, but the planning on that structure is done by an algorithm which
tentatively (and recursively) decomposes tasks and backtracks, if constraints are
violated or no solution for the planning problem can be found with the actually
decomposed task-network. Examples for this approach are SHOP (see [14]) and
SHOP2 (see [13]), but also UMCP (see [1]).

3 Situation Graph Trees

As outlined in Sect. [T, we use Situation Graph Trees (SGTs) for supplying be-
havioral knowledge to our vision system. In this formalism, the behavior of an
agent is described in terms of situations an agent can be in. Transitions between
these situations express a temporal change from one situation to another. The
term generically describable situation [16] or situation scheme describes the sit-
uation of an agent schematically in two parts: a state scheme denotes the state
of an agent and of his environment with logic predicates. If each of these state
atoms is satisfied, the agent is instantiating this situation scheme. The other
part of a situation scheme is called action scheme. This scheme denotes actions
— again formulated in logic predicates — the agent is supposed or expected to
execute if this situation scheme can be instantiated.

Due to the analysis of image sequences, a natural discretization of time is
given by the temporal interval between two consecutive image frames. For each
of these frames, a quantitative evaluation of the image is performed, which leads
to a quantitative description of the depicted scene. The results of this evaluation
are associated with concepts formulated in logic predicates, yielding a conceptual
description for each point in time (each image frame) of the observed scene.

An observed agent in the scene should instantiate one situation described in
an SGT for each point in time. The expectation of what situation the agent will
instantiate at the next point in time can be expressed by so called prediction
edges. A prediction edge always connects two situation schemes, meaning that
if an agent has been recognized to instantiate the situation from which the edge
starts, one probableﬂ next situation for that agent could be the situation to
which the edge points. Of course, an agent can persist in a single situation for
more than one point of time. Thus a self-prediction — a prediction edge from a
situation scheme to itself — has to be allowed in SGTs.

Situation schemes together with prediction edges build situation graphs. These
graphs are directed — according to the definition of prediction edges — and can
comprise cycles. Situation schemes inside such a graph can be marked as start

! Note that SGTs and the SGT-traversal described later in this section are determin-
istic formalisms, in contrast to probabilistic Bayesian-Networks (see [19]) utilized for
example by [10] and [23]. Thus prediction edges deterministically define which (and
in which order) situation schemes should be investigated.
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situation and/or end situation. Each path from a start situation to an end sit-
uation defines a sequence of situations represented by the situation graph. To
refine a single situation scheme, it has to be connected to one or more situation
graphs by so called specialization edges. Imagine for example an image sequence
of an innercity road intersection with multiple lanes for each direction. On the
most abstract level of conceptual description it might be sufficient to describe
an agent (some vehicle in the scene) to just cross the intersection (see Fig.[2). To
instantiate such a situation scheme cross_0, an observed object (Agent) would
only have to satisfy two predicates: agent (Agent), stating that the actual ob-
ject is indeed an agent of some action, and traj_active (Agent), meaning that
the actual object is the object of interest (read: the trajectory of that object is
actually active). The only action atom of this situation scheme in Fig. 2l is to
print a message whenever this scheme is instantiated (note(cross(Agent))).
This description might then hold during the whole period of time this vehicle
is depicted in the image sequence (and recognized by the vision system). For a
more detailed description of what the observed agent is doing, one might divide
the whole process of crossing an intersection into one situation in which the agent
advances towards the intersection on a certain lane (drive_to_intersection_1),
another one, in which the agent actually crosses the intersection area (drive_-
on_intersection), and a third one, which describes the agent as leaving the
intersection on another lane (leave_intersection_1, see Fig. [2). These three
situation schemes are temporally ordered in the way they are mentioned above,
so they should be connected with prediction edges according to that order, mark-
ing the first one as a start- and the last one as an end situation. Each of these
situation schemes might hold for an agent for more than one image frame, so
they should also be connected to themselves by self-predictions. By connecting
the more general situation scheme describing an agent as crossing an intersection
with the specializing situation graph constructed above, one states that every-
time an agent can be described as crossing an intersection, he might also be in
one of the situations comprised in that graph. The situation scheme specialized
in this way is called parent situation scheme of the specializing situation graph.

Of course, several more specializations of the situation scheme describing
an agent as crossing an intersection are imaginable: the agent might turn left
or right, he might follow or precede another vehicle, etc. . Multiple specializa-
tions of one situation scheme are possible in SGTs simply by connecting that
parent scheme with several other situation graphs. Analogously, every situa-
tion scheme comprised in such a specializing graph might be specialized further.
In the example above, while driving to the intersection, the agent might have
to stop (stop_in_front_of intersection_2), wait (wait_in front_ of inter-
section_2), and start again (start_in front_of_intersection_2), or he might
proceed without stopping (proceed_to_intersection_2).

However — for reasons explained later in this section — it is not allowed to
connect situation schemes and situation graphs in a way that cycles from a more
general situation scheme via some more special situation schemes back to again
more general situations exist in the SGT. For the same reasons one situation
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Fig. 2. Part of the situation graph tree describing the behavior of vehicles on an inner
city road intersection taken from [I8]. Rounded rectangles depict situation graphs.
Situation schemes are shown as normal rectangles. Thin arrows stand for prediction
edges, while bold arrows represent specialization edges. Circles in the right upper corner
of situation schemes indicate a self-prediction of that scheme. Small rectangles to the
left or to the right respectively of the name of situation schemes mark that scheme as
a start- or end-situation. Detailed description in the text.
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graph can only specialize exactly one or none situation scheme. Thus, situation
schemes connected recursively to situation graphs build a tree-like structure, a
situation graph tree.

The recognition of situations an agent is instantiating for each point in time
could obviously be done by simply testing each and every situation scheme com-
prised in the SGT. Fortunately, this time-consuming approach can be signifi-
cantly sped up by utilizing the knowledge encoded in form of prediction edges
and specialization edges. The recognition of situations is thus performed by a
so called graph traversal: The recognition of situations — and thus the traversal
of the SGT — is started in the root situation graphE. Here, a start situation is
searched for which each state atom is satisfied for the actual inspected point
of time. If no such situation scheme can be found, the traversal fails. Other-
wise the observed agent is instantiating that situation. If this situation scheme
is specialized further by any situation graph, these graphs are again searched
for start situation schemes with state atoms also satisfied in the actual point of
time. If such a situation scheme can be found, it is instantiated by the agent.
In this way the most special situation scheme that can be instantiated by the
agent is searched. For the next point in time, only those situation schemes are
investigated, which are connected by prediction edges to the situation scheme
instantiated last. This also means that only situation schemes are investigated,
which are members of the same graph. Thus, a prediction for a situation scheme
on the same level of detail is searched. If none such scheme can be instantiated,
two cases have to be distinguished: if the situation scheme last instantiated is
an end situation, the failed prediction on this level of detail is accepted and the
traversal is continued in the parent situation] of the actual graph. Otherwise
(i.e., no end-situation was reached in the actual graph), the traversal fails com-
pletely. Thus, for each point of time, an agent is instantiating situation schemes
on several levels of detail, each on a path from a scheme in the root graph to
the most special scheme.

Concerning the action schemes comprised in these situation schemes, again
two cases have to be distinguished. Each action atom in an action scheme can
be marked as incremental or non-incremental. Incremental actions of a situation
scheme are executed whenever this situation scheme lies on a path of schemes cur-
rently instantiated by the agent. Non-incremental actions of a situation scheme
are only executed whenever this situation scheme is the most special scheme on
a path of schemes an agent is instantiating.

2 Here we suppose that an SGT comprises exactly one root situation graph. If a
constructed SGT comprises more than one situation graph without a parent situation
scheme, one single root graph can be introduced consisting of only one abstract
situation scheme. This situation scheme can then be specialized by all situation
graphs previously without a parent situation scheme.

According to the definition of allowed specialization edges, the parent situation
scheme of a situation graph is always unique for all graphs except the root graph
of the SGT. In case of a failing prediction inside the root graph, the traversal fails
completely, because no prediction is feasible inside the graph and no more general
description of the behaviour of an agent exists.
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3.1 Formal Syntax for SGTs

For a formal declaration of SGTs, [22] developed the declarative language SIT++.
In this language, all aspects of SGTs described above can be expressed. The
traversal of such an SGT is done by executing a logic-program obtained by
an automatic translation of the SIT++-formulated SGT into rules of a fuzzy
metric temporal Horn logic (FMTHL), also developed by [22]. By translating the
SGT-traversal into a set of fuzzy logic rules, it is possible to operate with fuzzy
truth values, which are essential to cope with the uncertainty arising in image
evaluation due to sensor noise, but also with the inherent vagueness of natural
language concepts. By translating the SGT-traversal into a set of metric temporal
logic rules, it is possible to explicitly reason about time and thus for example
demand minimum and maximum durations for the instantiation of particular
situation schemes.

4 Comparison of HTNs and SGTs

Both — HTNs and SGTs — describe states and transitions between such states
for a certain discourse in a hierarchical manner. In HTN-planning — as in every
other planning task — a sequence of atomic actions is searched which solves
a given problem. Thus, the structure of HTNs is action-oriented. In contrast,
the graph traversal on SGTs used in our vision system describes situations and
sequences of situations an observed agent is instantiating. Therefore the SGT-
structure is state-oriented. It appears natural, though, to identify the state-atoms
of a situation scheme in SGTs with preconditions of a task in HTNs (compare
Fig. M (13) and (14)), as in both formalisms these atoms (state atoms and
preconditions, respectively) have to be satisfied in order to execute the associated
action(s). The action atoms of a situation scheme should then be identified with
actions in HTNs. Because situation schemes can comprise more than one action
atom, there cannot exist a one-to-one correspondence between situation schemes
and (primitive) tasks. In case of more than one action atom inside a situation
scheme, this scheme can only be identified with a non-primitive task (compare
Fig. 0 (2)), which then should be decomposed into a sequence of primitive tasks
mapped onto actions (compare Fig. [l (1)) each corresponding to one action
atom of the initial situation scheme.

The add- and delete-effects of an action are explicitly stated in HTNs as
causal links between tasks (compare Fig. [l (7)—(12)). In SGTs, only the as-
sociation of states and corresponding actions are explicitly incorporated into a
situation scheme. The effects of a certain action are not modelled inside the
SGT, but are obtained from sensors, namely the underlying image sequence
evaluation systerrﬂ Thus to facilitate planning with SGTs, either the add- and

4 The need for a representation of fuzzy measures as well as for an explicite repre-
sentation of time and a metric on time is a direct consequence of the connection of
symbolic knowledge inside SGTs and the sensor evaluation outside the SGT.
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delete-effects of actions have to be modelled inside the SGT or the sensor input
has to be simulate.

The prediction edges of SGTs can be compared to the temporal relations
included in the definition of task networks of HTNs (compare Fig. [[] (3)-(6)),
though they cannot be totally identified: the temporal order-relation on tasks is
(as an order-relation) transitive. The prediction edges of situation graphs define
a relation on situation schemes which is not necessarily transitive (and normally
is not transitive at all).

HTNSs in the presented formalism do not naturally support loops inside a
task network. Especially the analogy to self-predictions of situation schemes in
SGTs can only be formulated in the HTN-syntax by introducing an abstract
non-primitive task N;, which then is decomposable into (at least) two other
task networks: one (reduction scheme r; o) consisting of the final non-primitive
task (NN;/) and another one (1), which consists of that final task (N;/) and the
initial task N; again (additionally a temporal order between these tasks should
be asserted, e.g., by the statement N < N;). In this way, an iterative execution
of the task N; is expressed by means of recursive reduction of non-primitive
tasks, where r; o represents the recursion end (compare, e.g., [I1]).

The reduction schemes in the HTN-formalism correspond to the specializa-
tion edges leading from general situation schemes to situation graphs in SGTs,
though there exists a difference in the utilization of these hierarchy-generating
elements in both structures: in SGTs, all specialization edges and the situation
graphs they point at are included in the SGT right from the start. This en-
tire SGT is traversed then in order to find situation schemes which an observed
agent instantiates. HTN-planning in contrast is started with one single initial
task network (describing the planning problem). This task network is iteratively
expanded to a hierarchical task network by decomposing non-primitive tasks.
This means that one single SGT incorporates the complete knowledge about the
(admissable) behaviour of agents in an observed discourse, whereas one single
HTN only represents a single plan in the discourse for which a plan is searched.
Thus, an SGT should not be compared to a single HTN, but rather to all HTNs
which can be build with one set of primitive tasks, non-primitive tasks, and
reduction schemes.

4.1 Expressing SGT-Knowledge in the HTN-Formalism

In the following, we assume that effects of actions of an SGT are obtained from
a simulation as described in [8]. The simulation used there was controlled by

5 This approach of sensor input simulation has already been applied by [8]: In case
of an occlusion in the observed scene, sometimes not enough visual information
can be obtained by the image evaluation system to properly actualize the estimated
(quantitative) state of an observed agent. In such a case, [8] replaced the actualization
of the state of the observed agent by a simulated motion model, controlled by action
atoms obtained from SGT-traversal. This is done until enough information can be
obtained from consecutive images again, e.g., due to an dissolving occlusion in the
scene.
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an incremental recognition of situations. The name of the actually instantiated
situation scheme was printed to a stream. This stream was analysed in each
(temporal) step, which led to new state atoms for the next point of time ac-
cording to the simulation model. The only action needed here therefore is a
print-command. To express the knowledge represented by the SGT depicted in
Fig.[2, we start with an initial task-network d. This network contains only one
non-primitive task Ny, which is bound to the task-name pre_cross_0(Agent).
As explained in the previous section, this pre-task is needed to express the self-
prediction of the situation scheme cross_0. The preconditions of this task are
given by the state atoms of the situation scheme cross_0. Thus, the complete
initial task network can be formulated as

Ny : pre_cross_0(Agent),
d= 2 agenﬂent) Ny : 2 traj,acgg(Agent) Ny .

To express the self-prediction of the scheme cross_0, we use two reduction
schemes for the non-primitive task Ny, namely

N; :note(cross(Agent)),
Too = <N0 : pre_cross_O(Agent), >
Nl =< NO

and
0, = ( N1 : note(cross(Agent)) ).

The scheme cross_0 was specialized by a graph consisting of three consecutive
situation schemes. Each of these schemes again was connected to itself by a self-
prediction. Thus, we get the following reduction scheme for the non-primitive
task N15

N, : pre_drive_to_intersection_1(Agent),
N3 :predrive_ on_intersection_1(Agent),
N, : pre_leave_intersection_1(Agent),
N, ?

on(Agent,Lane)

— N,

enter_lane(Lane)
—

?

direction(Agent,Lane,straight)
? — No,
r = crossing_lane(Lane) on(Agent,Lane) .
1,0 ? — N3 s ? — N3 s
direction(Agent,Lane,straight)
? N3a

on(Agent,Lane)
—

?

o exit_lane(Lane)

Ny, ?

direction(Agent,Lane,straight)
—

Ny < N3,N3 < Ny

N4a

? N4a

Again, each of the three pre-tasks (N2, N3, and N4) has to be supplied with
two reduction schemes expressing the self-prediction of the situation schemes to
which they correspond. We thus obtain the two reduction schemes

N, : pre drive_to_intersection_1(Agent),

N5 : note(drive_to_intersection(Agent,Lane)),
2,0 = )
N5 < Ny
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r21 = (N5 : note(drive_to_intersection(Agent,Lane)) ),

and two similar reduction schemes for each of the tasks N3 and Ny. The trans-
formation of the specializing situation graph of the scheme drive_to_inter-
section_1 into the HTN-formalism is somewhat more complicated: This graph
contains several loops in addition to the self-predictions, each starting and end-
ing in the situation scheme proceed_to_intersection, because this is the only
start- and end-situation of that graph. A transformation of this graph can only
be done by translating each path from a start-situation to an end-situation into
a separate reduction scheme. As the graph to be transformed here also contains
self-prediction, the transformation of paths from start- to end-situation has to
be done first. This leads to the following reduction schemes:

Ng : pre_pre_proceed_to_intersection 2(Agent),
5,0 = 2 speed(Agent,non_zero) Ng .

denotes the path starting in proceed_to_intersection_2(Agent) and ending
there, visiting no other situation scheme. Another path visiting the situation
scheme stop_in_front_of_intersection_2(Agent) is represented by

Ng : pre_pre_proceed_to_intersection 2(Agent),
Ny : pre_pre_stop_in_front_of_intersection 2(Agent),
Njp : pre_pre_proceed to_intersection 2(Agent),
Ts5,1 speed(Agenl;lonJero) Ny , 2 speed(Agent,very_small) N,

speed(Agent,non_zero)

?

? N107

Ng < Ng,Ng < Nig

The last path finally visits all four situation schemes of the graph and is repre-
sented by

Ng : pre_pre_proceed_to_intersection_2(Agent),
Ny : pre_pre_stop.in_front_of_intersection_2(Agent),
Ny : pre pre_wait_in front_of_intersection 2(Agent),
Njy : pre_pre_start_in front of intersection 2(Agent),
B Njp : pre_pre_proceed to_intersection 2(Agent),
75,2 = 2 speed(Agent,non_zero) Ng 7 2 speed(Agent,very_small) Ng,
2 speed(Agent,zero) Ny ’ 2 speed(Agent,very_small)

N127

speed(Agent,non_zero)

? N107
Ng < Ng, Ng < Ni1, N11 < Niz, Ni2 < Nyg

The pre-pre-tasks introduced in the reduction schemes above can then be further
reduced with respect to self-prediction as exemplified above. Thus, the complete
SGT described in Sect. Bl can be translated into the HTN-formalism of [13].
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5 Conclusion

In the preceding section, SGTs and HTNs have been compared. A single SGT
incorporates the complete knowledge about the behavior of agents in a discourse,
while a single HTN always expresses a single plan in the world modelled by tasks
and reduction schemes. Thus an SGT is rather comparable to all HTNs that
can be build with these tasks and reduction schemes than to a single HTN. In
other words: One HTN is comparable to one instance of the schematic behavior
description given by an SGT. As a further result it can be stated that SGTs and
HTNs correspond structurally in most aspects except for the following details:

— The (partial) temporal ordering of tasks in HTNs is an order-relation, while
the relation defined on situation schemes by prediction edges is more general.

— Because of the strict temporal order between tasks, HTNs do not naturally
support loops, though loops and self-predictions of SGTs can also be mod-
elled with HTNs.

— HTNs explicitly denote add- and delete-effects of tasks. In SGTs, the effects
of actions are obtained by sensor input from an observed (simulated) world.

Due to the considerable structural correspondences between SGTs and HTNs,
the difference between the planning task conducted on the HTN-structure and
the observation task utilizing SGTs predominantly lies in the algorithm per-
forming the planning or the observation task respectively. One way to facilitate
a planning task with the knowledge encoded in an SGT could therefore be the
translation of the SGT into an HTN-syntax as outlined in Sect. @l One of the
HTN-planning algorithms mentioned in Sect. 1] could then be applied to the
resulting set of tasks and reduction schemes. Because SGTs do not denote ef-
fects of action atoms, these effects would either have to be incorporated into
the resulting HTN-formulation, or they would have to be obtained by simulated
sensor input as described in [8]. This way of planning on SGTs would adapt
the underlying knowledge-structure and leave the algorithm performed on that
structure as s.

Another way to facilitate planning using the knowledge given in the form of
an SGT is to modify one of the HTN-planning algorithms mentioned in Sect. [2:1]
in a way that it can cope with the representation of SGTs and the differences with
respect to the HTN-formulation arising due to that representation. Again, the
results of action atoms comprised in the SGT would either have to be incorpo-
rated into the SGT or obtained from a simulation. The result of such an approach
would be an adapted planning-algorithm, running on a knowledge-structure that
could be left as is.

An analogous conclusion can be drawn concerning the feasibility of the HTN-
formalism for plan-recognition or observation-tasks: if SGT- and HTN-forma-
lisms are as far matchable as implied by the comparison drawn in Sect. d], one
could think of using the HTN-formulated knowledge to recognize (or observe) the
behavior of an agent in the discourse domain for which the HTN was designed.
As stated above regarding the utilization of SGT for planning, this could again
be done by either a transformation of the HTN-formulated knowledge into an
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SGT, on which the graph-traversal outlined in Sect. [3] would then be applied,
or the algorithm performing the graph-traversal could be adapted to the HTN-
formalism.

6 Future Work

The correspondencies found between the SGT- and HTN-formalisms suggest
a possible automatic transformation of one formalism into the other and vice
versa, though further investigations have to show if such a transformation is
algorithmically feasible. The possible use of the knowledge coded in HTNs for
an observation task is interesting, but not our primary goal due to our experience
with SGTs. We rather want to try to implement an HTN-planning algorithm on
SGTs, adapt them to that planning task as much as neccessary without losing
their capabilities for the observation task. The resulting structure could then
(hopefully) be used for both, planning and observation tasks.
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Abstract. In many approaches for qualitative spatial reasoning, navigation of an
agent in a more or less static environment is considered (e.g. in the double-cross
calculus [12]). However, in general, real environment are dynamic, which means
that both the agent itself and also other objects and agents in the environment may
move. Thus, in order to perform spatial reasoning, not only (qualitative) distance
and orientation information is needed (as e.g. in [1]), but also information about
(relative) velocity of objects (see e.g. [2]). Therefore, we will introduce concepts
for qualitative and relative velocity: (quick) to left, neutral, (quick) to right. We
investigate the usefulness of this approach in a case study, namely ball interception
of simulated soccer agents in the RoboCup [[10]. We compare a numerical approach
where the interception point is computed exactly, a strategy based on reinforce-
ment learning, a method with qualitative velocities developed in this paper, and
the naive method where the agent simply goes directly to the actual ball position.

Keywords: cognitive robotics; multiagent systems; spatial reasoning.

1 Motivation

There is some literature on qualitative spatial reasoning where the subject of considera-
tion is motion observation and representation (see e.g. [[7]). But only few references can
be found dealing with objects moving in the environment of the subject. It also seems
so far that velocity of objects is not considered in the qualitative reasoning community.
However, in robotics it is necessary to deal with velocity of both the robot and objects
in the environment. Taking robotic soccer in the RoboCup as an example, we have to
reason about velocities of the ball, team mates and adversaries.

1.1 Robotic Soccer as Example Scenario

In order to evaluate different approaches for dealing with velocity and compare them
with each other, we make use of the RoboCup soccer simulator. The RoboCup [10] is an
international research and education initiative, attempting to foster artificial intelligence
and intelligent robotics research by providing a standard problem where a wide range of
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technologies can be integrated and examined. There are annual tournaments in different
leagues with real robots of different sizes or virtual, i.e. simulated robots. The authors
of this paper are involved in the simulation league (see e.g. [6]) with simulated soccer
agents using the Soccer Server [3], a physical soccer simulation system.

The Soccer Server is a system that enables autonomous agents consisting of programs
written in various programming languages to play a match of soccer (association football)
against each other. A match is carried out in a client/server style: a server provides a
virtual field and simulates all movements of a ball and players; each client controls
movements of one player; communication between the server and each client is done
via UDP/IP sockets. The Soccer Server consists of two programs, the server itself and a
monitor. The server program simulates the ball and players movements, communicates
with clients, and controls a game according to the rules. All games are visualized by
displaying the field of the simulator by the soccer monitor on a computer screen.

In general, reasoning about velocities can be of interest in dynamic environments
to estimate when and if at all one agent can reach another agent or moving object. In
the case of physical soccer robots, accurate formul@ for object movements may not be
available or difficult to obtain. The RoboCup simulation league, where these formula
are known to the robots, seems to be an ideal environment to test whether qualitative
processing of velocity is possible at all and how a qualitative computation performs in
contrast to a numeric one.

1.2 Overview of the Paper

In the sequel, we first introduce several quantitative methods devoted to solve our ex-
ample problem, namely ball interception (Sect. P)). After this, we discuss qualitative
approaches from the literature and introduce a new method that makes use of qualitative
direction and velocity information (Sect.3). Then, we evaluate all methods introduced
in this paper, showing that the qualitative method does not perform too badly in contrast
to the other approaches (Sect. ). Finally, we state conclusions (Sect. ).

2 Ball Interception with Numerical Methods

Information about velocity is especially important in applications, where spatial agents
are situated in a highly dynamic environment. This means, not only the agent moves, but
also objects or other agents in the environment move and change their position, possibly
with high or varying speed. In the following, we consider robotic soccer as application
scenario, which has the desired properties. In particular, we will address the problem of
ball interception. Thus, we have the situation that the soccer ball is rolling with a certain
velocity towards a certain direction. Now it is the task of the soccer agent to reach the
ball as fast as possible.

2.1 Soccer Simulation in the RoboCup

The optimal method for ball interception obviously is to compute the interception point
exactly, considering relative position, orientation and velocity of the agent and the ball,
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and then let the agent go to this point as quickly as possible. We must take into account
the physical laws for the ball and player movement. This means, that the ball becomes
slower and slower, the longer it rolls, and every player certainly has a maximal speed for
running. Regarding all this might lead to a fairly complicated procedure for computing
the interception point, depending on how precise and realistic the modeling of physical
laws such as friction etc. is done.

Fortunately, the ball movement model and also the player dash model that is imple-
mented in the Soccer Server is relatively simple, so that by a straightforward iterative
procedure, the interception point can be computed effectively. We will develop the re-
spective formula further down. Unfortunately, in this model, it is assumed that the ball
acceleration @ — that is the derivative of its velocity ¢ wrt. the time ¢ — is negatively
proportional to ¥, i.e. @ ~ —u. However, this does not correspond to any standard phys-
ical phenomena such as friction, where @ is constant, or air resistance, where we have
an~—v2

In consequence, this means that the derivation for computing the interception point
(in Sect.22)) is only valid in the context of the movement model in the Soccer Server.
This is certainly one reason, why we should address the problem with a qualitative
approach (see Sect.[3.3). What are in general the advantages of a qualitative approach?

1. Qualitative approaches are likely to be more robust wrt. changes in the world model,
because they abstract or approximate the physical reality, which is far more compli-
cated and unreliable than the Soccer Server world. Each change in the world model
requires an adaption of a hard-coded quantitative method.

2. Itis an interesting question on its own to compare the performance of qualitative and
quantitative approaches. Even if the exact computation of the interception point can
be done (as for the Soccer Server see below), a qualitative method may be simpler
and not worse than a quantitative method.

3. Another motivation to try it with a qualitative approach is that it is likely that real
(human) soccer players do not solve differential equations while chasing the ball,
but use a cognitively more plausible method. But note that the Soccer Server is an
artificial scenario: ball and player velocity approximately are in the same order of
magnitude, whereas in real soccer the ball is much faster than the player. A similar
observation holds for animals catching their prey.

2.2 Computing the Interception Point

Let us now derive the formula for computing the exact interception point. It is used in
our reference method for the comparison with other approaches. In the Soccer Server,
the ball speed at time ¢ is calculated as v(t) = p - v(t—1) with p < 1. Therefore, if the
velocity of the ball is vy at time ¢ = 0, we have v(t) = vy - p'. For the distance s, that
the ball has moved after ¢ steps, it holds:

t
. 1—
s(t)zZvo-,u’ b= - 1_'2
i—1

t

In the sequel, we make the assumption that an agent can move in any direction with
a fixed (maximal) velocity v;. At time ¢t = 0, the ball is at position @ in the Cartesian
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coordinate system with the agent at its origin. Let b (with [|b]| = o) be the velocity
vector of the ball in this coordinate system. Then, after ¢ steps the ball position is:

Pt)y=d+s(t)-b

Clearly, the agent can reach the ball at any time ¢ with ||P(¢)|| < vy - t. Since
there is no closed form for ¢, we apply Newton’s method in order to find the zeros of
f(&) = ||P(t)|| — v1 - t. Therefore, we need the derivative f'(t) = || P||’(t) — vy with

P(t) - P()
IPII'(8) = =5
1P@)l
where in this context - denotes the inner product of vectors. We compute the following
sequence t,,, until | f(¢,)| < € for some small threshold € > 0:

0, ifn=20
tn = ta1 — F2=2 it n > 0and f/(t, 1) < 0
999, otherwise

This procedure eventually yields the first of at most three zeros ¢ > 0. There exists at
least one zero; it is found at latest after ¢,, has been set to 999, which avoids oscillation. If
there are three zeros, then Newton’s method will find the smallest one. This follows from
the fact that the acceleration a of the ball (the derivative of v) is negatively proportional
to v. A similar (but different) method for computing the interception time has been
described in [11]]. Figure [Tl sketches the situation for ball interception and also gives an
example for the function f with three zeros. We see that, after a phase where the ball
can be reached by the player, there is a phase where the ball is out of reach, and finally,
when the ball has slowed down sufficiently, the ball can be reached again.

3 Vo o f(t) too far

Ball too fast

v
! t
‘ reachable
Agent slow enough

Fig. 1. Reaching the ball

2.3 Applying Reinforcement Learning

An analytical approach to ball interception relies on exact knowledge of system behavior.
For a qualitative approach, this might not be necessary, but at least some control knowl-
edge (what action leads to what behavior) must be available. The reinforcement learning
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approach described in [[8] assumes neither control knowledge nor system knowledge in
advance (i.e. at the time of programming). A controller learns a policy for a given goal,
and at the time of application the learned policy is used to achieve the goal. However,
like in the analytical approach, the assumption is that the underlying model of the world
does not change during execution. Reinforcement learning has successfully been used
for different problems in simulated robotic soccer [9]], and in the subsequent sections
we are going to compare a ball interception method trained with reinforcement learning
and our methods (see Sect. ).

3 Ball Interception with Qualitative Velocity

For a brief overview about qualitative reasoning in general, refer [4]. The article comes
up with a motivation and some short historical remarks about the field of qualitative
reasoning. In that paper, the author gives some real world application examples as well
as an introduction into basic qualitative reasoning techniques.

3.1 Approaches with Qualitative Velocity or Trajectories

Representation of motion in a qualitative manner is the subject of the paper [7]]. The
goal is to represent the trajectory of a moving object and abstract from irrelevant data
at the same time. The representation in this paper is based on sequences of qualitative
motion vectors, which consist of two components, that is a qualitative direction and a
qualitative distance. The qualitative direction component is representing the direction
of the movement, while the qualitative distance component depicts the distance the
object moved into the given direction. These two components alone are not sufficient
to represent the speed of the object. Though it is not in the focus of the paper, it can be
found that for a qualitative representation of motion speed one has to use the ratio of time
elapsed between two directional changes and the distance. However, for the qualitative
representation of motion tracks, speed is not used during the rest of the paper.

An approach to modeling behavior of physical devices qualitatively is described in
[2]]. Qualitative values are assigned for numerical values and their derivatives. Qualitative
variables are used to explain different states of a physical system. The authors explain
rules that have to be valid for qualitative variables in order to get a correct description of
a system. In this approach, qualitative velocity and also its derivative, the acceleration
is considered. However, these values are reduced to one dimension with range +, — or
0. By this abstraction, some problems can be described quite adequately, e.g. a pressure
regulator and a mass-spring-friction system. However, spatial information is not present
in this approach, that is needed for robotic soccer. For further details, the reader is referred
to the paper [2]. A more general perspective is taken in [5], where qualitative differential
equations are discussed.

The double-cross calculus [12] has been invented to navigate using qualitative spatial
information. The double-cross calculus uses a set of three points and a set of 15 base
relations to achieve this. The three points (the observer, the point where the observer is
looking to and a reference object) are related by one of the relations. It is also possible
to represent incomplete information by using unions of relations. Like in the above-
mentioned approaches, a static environment is assumed. Hence, this approach is also
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not sufficient for highly dynamic environments. Nevertheless, the double-cross calculus
has applications in geographical information systems (GIS).

The qualitative approaches just mentioned, first and foremost, are dedicated to the
cognitively adequate description of physical reality. But in this context, we want to apply
qualitative information to the control of agent behavior. We will see that only qualitative
direction and velocity is sufficient for the task of ball interception. One major observation
is that the direction to the interception point need not be given too exact (see Sect.[3.2).
This is one of the main ingredients for the qualitative approach for ball interception (see

Sect.B3).

3.2 Qualitative Correction of Direction

The optimal strategy of an agent for ball interception is to first turn its body towards
the interception point and then head to this point directly. If the interception point can
be computed exactly, then the agent just has to move the distance d to this point, after
turning its body once by the angle 4, that is the difference between the current orientation
of the agent and the direction to the ball. See also Fig. 2l Thus, the agent could obey the
following rule: if the interception point is straight ahead, continue the movement into
this direction; otherwise, correct the orientation accordingly.

If there is no inaccuracy in both the sensor data about directions and the actions
performed by the agent, then this rule yields an optimal strategy for the agent. In this
case, the agent turns only once, namely at the beginning, and then moves straight forward
to the interception point. However, in practice (i.e. for real or simulated robots), the
direction often cannot be determined exactly. Hence the rule stated above leads to the
undesirable behavior that the agent corrects its orientation most of the time, while not
coming closer to the interception point.

Therefore, the rule should be relaxed and a correction should only be done, if the
angle for correcting the direction exceeds a certain threshold e. This strategy is also
illustrated in Fig. 2] The distance d; + ds the agent has to move in this case clearly is
longer than d (because of the triangle inequality). Of course, this is a disadvantage, but
as the evaluation (in Sect. B reveals, the agent does not turn too often and therefore
reaches the goal faster.

Agent Interception
dy Point

Fig. 2. Correction of direction

The interesting question now is clearly: how much does the distance increase, if the
correction of direction is done only after a certain threshold angle ¢ is exceeded? For
this, we apply Mollweide’s formula for triangles with sides a, b and ¢, and corresponding
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angles o, 3 and ~:

a+b cosO‘T—ﬁ

in X
& SlIl2

If we apply this equality to the triangle in Fig.[2, we get the ratio

dy+dy  cos # cos(d — 5)

= S 180°—¢ €
d sin =55—= cos §

which becomes maximal for a given (fixed) threshold angle e, if cos(d — g) =1, ie.

6 = % Thus in the worst case the ratio is 1/cos % As the following table shows, the

overhead wrt. the distance can be neglected for angles up to about 30°.

threshold angle € ‘ 0° 5° 10° 20° 30° 45° 60° 90°
overhead of 1/cos§‘0.0% 0.1% 0.4% 1.5% 3.5% 8.2% 15.5% 41.4%

Therefore, the threshold can be chosen quite high. This does not decrease the per-
formance of the agent for ball interception significantly. Hence, an approximating, i.e. a
qualitative method seems to be very appropriate in this context. We will state a qualitative
method for ball interception in Sect. 33 Its evaluation is given in Sect.[dl

3.3 A Method with Qualitative Velocity

A naive method for ball interception would be just to go straight ahead to the ball. This
certainly can be seen as a non-numerical, qualitative approach. But since the ball moves,
this strategy obviously can be improved. It is better to go to the (earliest) interception
point directly. However, since it often cannot be computed exactly, a qualitative approach
is preferable. This can be done by making use of qualitative velocity and directions. If
the agent looks at the (possibly) moving ball, the agent can distinguish whether the
ball moves (quick) to the left or right (from the point of view of the agent), or there
is no clear bias to one side. This means we consider the projection of the ball velocity
that is orthogonal to the line from the agent to the ball. Note that we abstract from the
component of the velocity which is parallel to this line.

As a measure for qualitative velocity we take the following model, which makes the
simplifying assumption that the ball moves with a constant velocity. The ball velocity
vp 1s normalized wrt. the constant (maximal) velocity v; of the agent. Let us now have a
look at Fig.[3l The ball moves with velocity vy to the point where the agent can intercept
it with velocity v;. The angle 3 is the angle from the ball between the agent and the
(approximated) interception point. The qualitative velocity is now determined by the
angle «, that is the angle from the agent between ball and interception point. The agent
and the ball must arrive after the same time ¢ at the interception point. Therefore, by
applying the law of sine we get

sin o vy -t .
- = and hence sina =
sinfg vyt U1

vg - sin 8
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s
ed érception
Point
Ball
{x
A\

Agent

Fig. 3. Determining the velocity qualitatively

Note that o corresponds to the ball velocity vy projected to the normal of the line
from the agent to the ball, relative to the maximal velocity vy of the agent. Thus, it
is in fact a qualitative notion of velocity. In order to determine the velocity in an even
more qualitative manner, the agent considers a finite number of sectors around the agent.
Sectors are also used for qualitative orientation information in [1]]. Usually the number
of sectors is a power of 2. Let us first investigate the case with n = 8 sectors. Then each
sector has the size ¢ = 360°/8 = 45°. In this context, we map the angle « from above
to one of the sectors (as shown in Fig.[), i.e. to a positive or negative multiple of :

sign(a) - min(round(abs(a)/¢), 90°)

But since we only approximate the actual movement, we only consider 5 different values
for v, namely quick to left (—90°), to left (—45°), neutral (0°), to right (+45°), quick
to right (+90°). Note, that we consider velocity only in one dimension. As before, let §
be the difference angle between the current orientation of the agent and the direction to
the ball. Then, the agent just behaves according to the following rule: if § + « > ¢, then
turn by the angle § + «; otherwise, go straight ahead.

Fig. 4. Qualitative velocity and orientation
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4 Evaluation

We conducted several experiments in order to compare the performances of a variety of
different approaches to ball interception. Those different methods are the following.

NAI and NAIS - the naive methods

If the ball is approximately in front of the player, it runs to the current position of
the ball. Otherwise it turns towards the ball. The notion of approximately in front
of is realized with the help of a threshold angle e. If the absolute value of the angle
0 between the agent’s orientation and the current ball position is less than ¢, the
agent just runs forward (see Fig. Blleft). If, however, || > e, the agent turns by 4,
in order to face the current ball position (Fig.[3right). Please note, that this method
completely ignores the speed and direction of the ball movement.

Following the considerations in Sect. we chose 22.5° as value for € in NAIL
The method NAIS differs from NAI in the value of the threshold angle € only. In
this method the value of € is set to 5°. Choosing between turning and running is
necessary because the Soccer Server treats those actions as mutually exclusive, i.e.
in one simulation step a player can either run (dash) or turn.

L) A &
| 4 L

Fig. 5. Naive ball interception: §; < € — run; d2 > € —turn

NWT - Newton’s method
Newton’s method calculates the point, where the agent can intercept the ball directly.
This method has already been described in Sect. 2.2

LRN - the learned method
This is an approach that uses reinforcement learning to train an agent to intercept the
ball. The actual behavior stems from the Karlsruhe Brainstormers RoboCup team
[O]] and has been introduced in Sect.[2.3]

Q8 and Q16 — the qualitative methods
These are two instances of the qualitative method introduced in Sect. 3.3 Q8 uses
eight different qualitative directions, while Q16 makes use of sixteen sectors.

4.1 The Setting

We used an automated coach agent — called evalcoach — to run the evaluation sessions.
A coach is a special type of agent that can connect to the Soccer Server. In contrast to the
usual agents (the players) a coach is able to move the ball and players on the field and
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to act as a referee, e.g. by changing the play mode of the simulator, e.g. from play.on to
free kick. See [3] for further details. As this client is intended for evaluation or learning
scenarios, it receives data about all the objects on the field in external coordinates,
in contrast to the players, that only receive incomplete information in an egocentric
coordinate system. In addition to that no noise is added to the data received by the coach
client. The basic setup of the evaluation is shown in Fig.[6l A coach and one player are
connected to the Soccer Server.

Coach Soccer Server Player
. . L .
sets up situations executes its
measures times <> ball interception
collects data behavior
= E—

Fig. 6. The evaluation setup

The player is only executing its ball interception behavior. For each of the interception
methods described above such a specialized agent exists. In order to reduce the effects
of noise and randomization as far as possible, the players made use of a special type of
information sent by the Soccer Server, the so called fullstate. The fullstate mode allows
an agent to get precise information about the position of the ball even if the ball is
currently not seen. Similarly the player’s position can be determined. In addition to that,
noise in the movement of both ball and player have been set to zero. Although it certainly
is interesting to compare the different methods in the presence of sensor noise (which
could support the claim that qualitative approaches are more robust), the problem is that
then the variances of the measurements become too high in the evaluation.

Each evaluation session consists of 250 different scenarios. Each scenario is specified
by the initial position and velocity of the ball and the player, which are selected according
to the following rules:

1. set the agent in the center of the field, with random orientation and speed;

2. place the ball at an arbitrary position within a 40 x 20 m? rectangle in the middle of
the field (see Fig.[1)); assign a motion with random direction and speed to it.

An episode within such a scenario corresponds to the player trying to intercept the
ball. It ends, if either the agent has successfully intercepted the ball (i.e. the ball can
be kicked by the agent), or the ball goes out of bounds, or a timeout has been reached.
The latter two outcomes of an episode are counted as failures. In order to compensate
network problems and process load, we ran 100 episodes for each scenario. The control
of a session was done by the evalcoach with this algorithm:
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while there is another scenario do
read next scenario
fori:=1to 100 do
setup scenario
run episode %
save duration of episode ¢
note Success or Failure
end for
Record average and variance of duration
Record percentage of successes
end while

.

Fig.7. Initial setup of the evaluation. The agent is in the center of the field. The ball is randomly
placed within the hatched rectangle

4.2 Analysis of the Data

For each of the six interception methods described above an evaluation session was done.
Thus, we obtained tables containing the average interception time for each scenario, the
variances of the times and the percentage of successful episodes per scenario for each
method. Impossible scenarios, i.e. scenarios in which no player succeeded in intercepting
the ball even once, were removed from the table. After this cleaning step, 234 scenarios
were left, in which at least one interception method was successful. They built the basis
for comparing the different approaches.

Let us present some general figures first. The success rate for each scenario lay
by either 100% or 0%. As we eliminated randomness from the evaluation sessions,
this means, that no significant disturbances due to network or process load appeared.
Nevertheless, influences by the hardware can be observed, as the variances of several
scenarios are larger than zero throughout all six sessions.

All interception methods succeeded in almost all scenarios, which can be seen on
the left in Fig.[8l On the right side of this figure the percentage of sessions that were
“won” by a single method is shown. By “won” we mean, that one method was faster
than every other method in the scenario. The slice labeled rest summarizes all scenarios
that had no unique winner, i.e. where two or more methods were equally good.
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NWT 135 (57.7%)

Approach|No. of Successes
NAI 232
NAI5 231
LRN 233 NAI 3 (1.3%)
Q8 232
gé\% %gi Q84 (1.7%)
LRN 18 (7.7%)

Fig. 8. Left: The number of successful interceptions by each approach. Right: The number of times
each method was better than all others. In 73 scenarios at least two methods were equally good

Both the number of successes and the number of scenarios won indicate, that New-
ton’s method (NWT) is slightly superior to the other approaches to ball interception.
This is supported by calculating the means of the interception times, which are shown
in Fig.[9 The lowest average duration belongs to NWT. But all three figures show, that
the learned method (LRN) is only slightly worse than NWT.

The naive method NAIS clearly is the worst approach to ball interception. It has the
lowest number of total successes (231), does not win a single scenario and on average
takes the longest times to intercept a ball (31.5 simulation steps). Surprisingly the second
naive method (NAI) does quite well. On average it performs better than both variations
of the qualitative method, although Q8 wins more scenarios than NAI.

35 T T

w
=)

277

[N
G

20.9

20

Average interception times

NAI NAIS LRN Q8 Q16 NWT

Fig.9. Average interception times of the different approaches

In addition to the measurements described above, we took the average ratios R
between interception times. The average ratio I?j; of the interception times of methods
k and [ is given by

— 1~
Rei=02 g
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where n denotes the total number of scenarios and dg is the interception time of method
j in scenario 7. Figure [10l shows the average ratios between all pairs of methods. This
table once again supports the results from the measurements above, namely a slight
superiority of NWT, but which is closely followed by LRN, although LRN seems to
do better according to the ratio Rywriw = 1.005. A direct comparison between the
interception times of LRN and NWT shows, that NWT is faster than LRN 144 times,
LRN beats NWT 21 times, and 69 times both methods produce equal interception times.
This is also shown on the left in Fig.[[T] But if LRN is faster than NWT in a scenario, it is
usually much faster (up to 15 simulation steps), which has a great impact on calculating
the mean of the quotients.

NAI NAI5 LRN Q8 Q16 NWT
NAI | — 0.8321.436 0.981 1.014 1.413
NAI5(1.261 — 1.8351.229 1.269 1.807
LRN |0.820 0.696 — 0.759 0.802 1.035
Q8 |1.190 0972 1.624 — 1.105 1.626
Q16 |1.077 0.881 1.486 0.961 — 1.472
NWT|0.790 0.670 1.005 0.743 0.777 —

Fig. 10. Average ratios between the methods

Let us now take a closer look at the methods, that we evaluated in two variations,
namely NAI and NAIS as well as Q8 and Q16. In both methods one variation proved to
be clearly superior to the other.

NAI versus NAIS. The method NAI beats NAIS by far. Obviously, this comes from the
different values of the threshold angles. As this angle is much smaller in NAIS5, the player
has to turn often, because the ball moves out of the sector defined by the threshold angle.
For a player using NAI for interception, this sector is much wider and thus the need for
turning arises less frequently. If the threshold angle is not too wide, the additional way
the agent has to run, does not matter very much, as we have shown in Sect. B.2] Thus,
a player using NAI for interception can get to the ball much faster than a player using
NAIS.

Q8 versus Q16. The results of the evaluation show, that from the two variations Q8
and Q16 of our qualitative interception method Q16 is the faster one. Although both
approaches are successful in the same scenarios, the average interception time is less
for Q16. The direct comparison, shown on the right in Fig.[TT], shows that Q16 is faster
than Q8 in 166 different scenarios, which roughly corresponds to 71% of all scenarios.
This result shows that the number of sectors, i.e. qualitative directions, has a significant
influence on the performance of the qualitative ball interception. In Q16 the sectors are
smaller than in Q8 and thus give the player a more finely grained control over its turns
than Q8.
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NWT
144

Q8

61.5% 40

Q16

166 Equal

9.09 )%
LRN Equal
21 69

Fig. 11. Direct comparisons between different interception methods. Left: LRN vs. NWT. Right:
Q8 vs. Q16

One phenomenon, that can repeatedly be observed, is an oscillation at the beginning
of an episode. The player just keeps turning back and forth for some time before it starts
to run. The agent decides to turn based on the qualitative position and velocity of the
ball, but then it turns just too far. So, in the next step the player decides, that it has to turn
back and now turns too far into the other direction. Clearly this effect can be reduced, if
the player divides its surroundings in more sectors and thus has more directions to turn
to at its disposal.

5 Conclusions

In this paper we presented a variety of methods to intercept the ball in the virtual en-
vironment of the RoboCup simulation league. We introduced a qualitative approach to
ball interception that makes use not only of qualitative directions, but of qualitative
descriptions of velocity as well.

We conducted a number of experiments in order to compare two variations of this
approach to several other methods, including a numerical method and a learned behavior.
These experiments have shown the numerical method and the learned behavior to be the
best. The differences between those two approaches are very small but show a slight
advantage of the numerical method.

5.1 How Useful Is Qualitative Velocity?

The qualitative interception methods did not do very well in the evaluation and turned
out to be similar in performance to a naive approach to ball interception which discards
all information about the movement of the ball. This is, of course, not that surprising,
since a qualitative method works with a rough approximation of the physical reality.
Hence, one clear advantage the qualitative interception method has over the numerical
and the learned methods is its robustness and portability. For the learned method to work
it is necessary that the environment does not change after the learning period. Otherwise
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the whole behavior has to be trained again. The numerical method even depends on the
complete knowledge of the physical model that describes movements in the environment.

In the simulated environment of the Soccer Server with its simple model of mechan-
ics and the quantitative information about objects received by the clients the abstraction
from quantitative data onto a qualitative level seems somehow artificial, as the agent has
to abstract from quantitative information provided by the simulator, reason on the quali-
tative data and finally map qualities back to concrete numbers when it sends a command.
But consider a domain which is too complex to be described quantitatively or in the level
of detail needed by the quantitative methods. In other (real world) domains it may be
very expensive or slow to generate quantitative data from sensor inputs but relatively
easy to achieve a qualitative representation of the world. As the qualitative interception
method makes only very few basic assumptions about the mechanics involved — e.g. the
ball motion does not change its direction without external influences — it is not hampered
by complexity of the underlying physics, e.g. several kinds of friction and noise in the
sensor data.

Furthermore, the representation of the ball position and movement as well as the
actions taken by the player are more cognitively adequate. At least, they are more sym-
bolic and propositional, such that the representations are easy to understand and calculate.
Real-time requirements are easily met because of the simplicity of the calculations. We
only roughly have to measure the velocity (projection) of the ball.

5.2 Future Work

Future work includes further analysis of the data collected in the evaluation sessions.
Since no method was always fastest, but rather every method was better than the others
in one scenario or another, we hope to gain more information about the strengths and
weaknesses of the individual interception methods by further examining and classifying
the data and the different scenarios.

Another piece of work, that will be tackled soon, is the optimization of the parameters
of our qualitative interception method. As we have seen, the number of different direc-
tions the agent knows, have a significant influence on the performance of the method.
In parallel to finding the optimal number of sectors for the proposed method, we will
examine the influence of adding methods for reducing the oscillation effect on the overall
performance of the method.

Last but not least, we plan to apply the proposed method to other domains in order
to test its scalability to other applications (possibly with sensor noise) and its feasibility
outside the world of the Soccer Server. This might help us to understand better where
a qualitative approach for spatial reasoning with velocity is appropriate — not (only) for
the qualitative description of physical behavior, but also for controlling agents.

Acknowledgments. We would like to thank Marion Levelink, Artur Merke, Reinhard
Moratz, Martin Riedmiller and Manfred Stolzenburg for helpful comments, hints to
relevant work, and helping us with the evaluation.
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Abstract. We present a comparison of two new approaches for solv-
ing constraints occurring in spatial inference. In contrast to qualitative
spatial reasoning we use a metric description, where relations between
pairs of objects are represented by parameterized homogenous trans-
formation matrices with numerical (nonlinear) constraints. We employ
interval arithmetics based constraint solving and methods of machine
learning in combination with a new algorithm for generating depictions
for spatial inference

1 Introduction

Understanding and interpretation of textual descriptions of real world scenes
are important for many fields, e.g. navigation and route descriptions in robotics
[13/15], in CAD or in graphical user interfaces (e.g. “The xterm is right of the
emacs.”).

In contrast to qualitative approaches to spatial reasoning [6I§], in [3] we
presented a new metric approach to spatial inference based on mental models ([3]
12]). Starting from sentences like “The lamp is left of the fridge.” we try to create
a mental model which represents the described spatial situation. This approach
uses a directed graph, where the nodes represent the objects and the edges
represent the given relation, e.g. left(fridge, lamp), between two objects.
From this model it is possible to infer relations which were not initially given in
the text or to generate depictions compatible with the description.

The semantics of the relations is given by homogenous transformation ma-
trices with constraints on the variables. As shown in [16], inference of a relation
between two objects is done by searching a path between the objects and mul-
tiplying the matrices on this path. Thereby constraints containing inequalities
and trigonometric functions must be propagated and verified. Only in some rare
cases we can solve these constraints analytically. Furthermore in [I6] a simple
algorithm for generating depictions is proposed. It is restricted to default posi-
tions of objects and to rotations of multiples of 7/2. Moreover, this approach
requires to keep lists with possible positions for every object.

Our aim is now to find a method to solve this kind of constraints and to
generate depictions without the restrictions mentioned above. In this paper we
sketch two approaches to spatial reasoning: First, we use cooperative constraint

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, pp. 299-{313] 2002.
© Springer-Verlag Berlin Heidelberg 2002
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solving methods, in particular interval arithmetics, where inference is supported
by further solving methods. Similarly, in [5] the constraint solver Parcon has
been integrated into a 2D real-time animation environment. While [5] aims at
one particular solution for the placement of objects, our interest is on the whole
solution space. Moreover, we will see that our approach is more flexible because
our system allows the integration of new solvers, like Parcon itself, in a sim-
ple way. This is advantageous if new requirements to the problem formulation
appear. Our second approach on spatial reasoning applies machine learning in
combination with a new algorithm for depiction generation.

This work is structured as follows: We start with an introduction into the
description of spatial relations by means of examples in Sect. Bl In Sect. [3 we
demonstrate an approach of directly solving spatial constraints with cooperating
constraint solving methods. An alternative approach is to use machine learning
as described in Sect. [l In Sect. Blwe compare the different approaches wrt. their
advantages and disadvantages and show perspectives for future work.

2 Expressing Spatial Relations

Our aim is to describe scenes with the help of spatial relations and, given such
spatial descriptions, to generate appropriate scenes or to find out that no actual
scene according to the current description exists, resp. For simplification, we
consider only 2D scenes and represent objects by appropriate geometric figures.

Example 1. Given the spatial relations right(cupboard, lamp) and
left(fridge, lamp) a possibly intended scene is given in Fig. [Il

right Q left

lamp

cupboard fridge

Fig. 1. Example scene 1: right (cupboard, lamp) and left(fridge, lamp)

However, this is not the only possible scene. The question, whether a scene
is an actual representation of the given set of relations, depends of course on the
intended meaning of the relations. For example, the relation right (cupboard,
lamp) does not necessarily describe only a situation, where the lamp is straight
right from the cupboard. The lamp could be situated for example downright or
upright from the cupboard as well.

For our purposes we investigated scene descriptions based on the relations
left/2 and right/2, which describe the placement of an object left resp. right
from another one, the relations front/2 and behind/2 which place objects in
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front of or behind other objects and the relation at_wall/2 for describing the
placement of an object parallel to a wall with a fixed maximum distance. Further
relations provide that an object is situated in a given room (in_room/1) and they
ensure, that objects do not overlap (not_overlap/n).

As mentioned above, in contrast to qualitative techniques [6§] for spatial rea-
soning we use a metric approach [3l4] known from the area of robotics ([2]). At
this, we associate with every object a coordinate system, its form and size. Rela-
tions between pairs of objects are represented by their transformation matrices.
Thus, the current coordinates of an object depend on its relation, i.e. orientation
and distance, to its relatum, which may be different in different constraints. That
means, changing the relatum of an object we need to transform its coordinates
using the corresponding matrix.

Let us consider the relation right/2 in detail. The relation right (cupboard,
lamp) places the lamp, which is the referent, right wrt. the cupboard, its relatum.
The cupboard is the origin of the relation. The lamp as referent can be placed
within the bisectors of the right angles of the cupboard. Figure Blillustrates this
situation: The lamp (represented by the circle) is placed right of the cupboard
(represented by the rectangle).

cupboard

Fig. 2. The relation right (cupboard, lamp) in detail

Mathematically we can describe the relation right (01, 02) (O1 and O2
stand for the cupboard and the lamp, resp.) by the following inequalities:

Azl > Olw + O2.r (1)
Azo' > Ay + Ol.w — O1.d + /202.7r (2)
Azl > —Ays' + Ol.w — O1.d + V202.r (3)

At this, Ol.w and O1.d represent the width and the depth of the rectangle,
i.e. the cupboard, and O2.r stands for the radius of the lamp. The distances of
the object O2 in the z- and y-directions from the relatum O1 are denoted by
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Axy' and Ayl resp. At this, the lower index is associated to the referent and
the upper index to the relatum.

Note, that for the relation right/2, like for every spatial relation, in general
the formulae differ depending on the form of the relata and referents.

In the remainder of this paper we will use the following example to demon-
strate our work.

Example 2. We extend Example [ giving further constraints which describe the
sizes of our objects and a room. We require the objects to be inside the room
and not to overlap each other. A corresponding scene is given in Fig. Bl

room.w € [4.0, 4.5], room.d € [4.0, 4.5], lamp.r = 0.3,
fridge.w € [0.4, 0.5], fridge.d € [0.4, 0.5]
cupboard.w = 0.4, cupboard.d € [1.0, 1.2],
left(fridge, lamp), right(cupboard, lamp),
in_room(fridge), in_room(lamp), in_room(cupboard),
not_overlap(fridge, lamp, cupboard)

room.w
Y l y
lamp.r
all ’ *
roomi.
¢Eupboard.w fridge.d i X
y fridge.w
X
X
room

' cupboard.d

Fig. 3. Example scene

3 Constraint Solving

An approach to reason about such kind of spatial knowledge is to directly use
constraint solvers appropriate for this kind of problem.

Representing spatial situations requires interval constraints, because the sizes
of the objects and the room are often not given in detail, and we need further
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arithmetic constraints. Thus, for this application it is appropriate to use an in-
terval arithmetic solver, like the Brandeis Constraint Solver [1l[9], which handles
basic operations, like addition and multiplication on rational intervals, as well
as trigonometric and logarithmic functions[] Note that this solver is incomplete,
which means, that it does not detect every unsatisfiable constraint. Thus, it
could be useful to employ a further solver for a part of the constraints. Since we
are interested in getting particular scenes, i.e. generating depictions, we, more-
over, would like to use a constraint solver for guessing the placement of objects.
Thus, the cooperation of different constraint solvers is desirable here.

In [T0] a general scheme for the cooperation of different constraint solvers is
proposed, in [I1] an according implementation is shortly sketched. The problem
of handling spatial knowledge is a typical application for this system.

The cooperating system allows to integrate arbitrary black box solvers pro-
viding a typical solver interface. A meta mechanism coordinates the work of the
individual solvers and the information exchange between them. The system can
be configured by the user wrt. strategies and for evaluation of experiments. It is
possible to define a wide range of different cooperation strategies according to
the current requirements. Using this cooperating system, it is possible to deal
with hybrid constraints over different constraint domains, and thus to describe
and to solve problems which none of the single solvers can handle alone.

An input file for the implementation (see [11] for details) describing the
problem of Example Blis given in Fig.[d. In the first line in the [solver] part we
specify the constraint solver to be used: the Brandeis Interval Arithmetic Solver
ISolverZ

In the file, 01 stands for the cupboard, and 02 and 03 represent the lamp
and the fridge, resp. Instead of Azy! we write dx21. In the [constraints]
part we give constraints describing the sizes of the room and our objects
(lines (1)-(4)) and the constraints which (quantitatively) describe the relations
right (cupboard, lamp) (lines (7)-(9)) and left(fridge, lamp) (lines (12)-
(14)). Further constraints (lines (5)-(6) and (10)-(11)) express a transformation
of object coordinates because of changes of the relata and/or referents. Con-
straints for placing the objects in the room and for ensuring that the objects do
not overlap are left out here.

Our system computes for this input file the following solution space:

4.0 < room.w < 4.5 4.0 < room.d < 4.5
—4.1< dx10 <27 —-3.5< dy10 <35
—-34< dx20 <34 —4.2< dy20 <42
—2.7< dx30 <41 —4.1< dy30 <4.1

! For reasons of simplicity, we do not handle trigonometric nor logarithmic functions
in this paper. Nevertheless they can be used, for example, to describe rotations of
objects in our approach.

2 Configurations of the used solvers and the solving strategy are allowed to be given
in the input file by the user. Here they are left out.
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[solver]
ISolver = solver.brandeis.Brandeis
[constraints]

room.w, room.d in [4, 4.5]; # width and depth of the room (1)

01.w = 0.4; 01.d in [1.0, 1.2]; # size of the cupboard (2)

03.w, 03.d in [0.4, 0.5]; # size of the fridge (3)

02.r = 0.3; # radius of the lamp (4)
# the coordinates of the lamp wrt. the cupboard

dx21 = dx20 - dx10; )

dy21 = dy20 - dy10; (6)
# the relation right(cupboard, lamp):

dx21 >= 01.w + 02.r; (7)

dx21 >= dy21 + 01.w - 01.d + (2 ~ 0.5) * 02.r; (8)

dx21 >= - dy21 + 01.w - 01.d + (2 ~ 0.5) * 02.r; 9)
# the coordinates of the lamp wrt. the fridge

dx23 = dx20 - dx30; (10)

dy23 = dy20 - dy30; (11)
# the relation left(fridge,lamp):

dx23 <= - 03.w - 02.r; (12)

dx23 <= dy23 - 03.w + 03.4d - (2 ~ 0.5) * 02.r; (13)

dx23 <= - dy23 - 03.w + 03.d - (2 ~ 0.5) * 02.r; (14)

Fig. 4. Constraint file describing Example [2]

At this, dx10, dx20, and dx30 represent the distance of the objects 01, 02,
and 03 resp. from the coordinate origin of the room as relatum. The computed
solution space restricts the space for placing the objects. Figure Bl shows the
area (shaded) for a possible placement of the cupboard (i.e. its center (dx10,
dy10)) in the room. The depth and width of the room (room.d and room.w) are
between 4 and 4.5 length units. The cupboard can be placed on the left wall (dx10
= -4.1) of the room (of width 4.5). Because of the relations right (cupboard,
lamp) and left(fridge, lamp), it cannot be situated on the right wall, there
must be some distance for placing the other objects, thus dx10 < 2.7 holds. For
dy10 holds —3.5 < dy10 < 3.5, this is due to the depth 01.4d of the cupboard.

However, we are not only interested in restricting the solution space of the
variables, but we also want to derive particular depictions. Thus, we introduce
constraints which propose possible positions of the objects and a solver to handle
such constraints.

Besides the interval arithmetic solver ISolver we use now a finite domain
constraint solver FDSolver for the computation of depictions. A finite domain
solver is able to handle constraints over finite domains, in particular constraints
over finite sets. In our case, this is used to handle (finite) sets which describe
possible object locations. The corresponding constraints of the FDSolver are
given in Fig. Bl While the constraints of the lines (1)-(14) as given in Fig. @ are
constraints of the interval solver ISolver, the set constraints of lines (15) and
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-3.5<=dyl0<=3.5

-4.1 <=dx10<=2.7

Fig. 5. Possible positions for a placement of the cupboard 01 in the room

[solver]
FDSolver = solver.csplib.CSPlib
ISolver = solver.brandeis.Brandeis
[constraints]
dx10, dx20, dx30 inn {-3.0, 0.0, 3.0}; (15)
dy10, dy20, dy30 inn {-1.5, 1.5}; (16)

Fig. 6. Extension of the constraint file for generating depictions

(16) in Fig.[d are constraints of the finite domain solver FDSolver. Both solvers
understand equality constraints between variables and ground values like the
constraint 01.w = 0.4 of line (2) and the constraint of line (4) which are, thus,
assigned to both solvers.

Computing solutions, the cooperating system delays the generation of depic-
tions by the finite domain constraint solver to avoid the splitting of the solution
space as long as possible. This principle, known from other systems, e.g. [7],
avoids unnecessary computations caused by nondeterministic search.

Now, the computation yields the 4 solutions represented in Fig. [[l Looking
at these depictions as solutions, we see that the objects are always placed
in the sequence cupboard — lamp — fridge. This is due to the constraints
right (cupboard, lamp) and left(fridge, lamp).For the fridge and the lamp
the dy-values are always the same while the dy-value of the cupboard may differ
from that. The reason is that the lamp can be placed within the bisectors of the
left angles of the fridge only and a depiction with different dy-values for the lamp
and the fridge is, thus, no solution. The cupboard has a larger depth and thus
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Fig. 7. Generated depictions

the bisectors of its right angles include the placement of the lamp at another
dy-value as well.

Even if we can describe our problem in this way, and we are able to compute
depictions, specifying the problem using the pure mathematical description is
not very comfortable and causes the user to write a large number of constraints.
To get nearer to a human description, it is possible to integrate a new solver
which simply performs macro rewriting for particular constraints, for example
it replaces a constraint right (cupboard, lamp) by the corresponding math-
ematical constraints (lines (5)-(9) in Fig. H)). In this way the number of con-
straints which the user must provide can be decreased and the readability is
improved.

Using the described system of cooperating solvers allows to specify spatial
problems in an explicitly quantitative way and as well by introducing translation
functions in a more natural way. It is possible, on the one hand, to restrict
the solution spaces and, on the other hand, to compute depictions, i.e. example
scenes which satisfy a given description, by introducing a finite domain constraint
solver and appropriate constraints. Times for computing solutions are acceptably
of a fraction of a second. The system allows to introduce new black box solvers
according to the current problem. If the kind of problem changes or there are
new requirements to the problem formulation, the integration of new constraints
and new appropriate solvers is possible in a simple and comfortable way.

However, the approach has two disadvantages: At first, the available solvers
are often incomplete. That means, that a constraint solver is not able to detect
every unsatisfiable constraint. Incompleteness is due to the underlying constraint
domain and the associated solving algorithms. Even if, due to information ex-
change between the solvers, the cooperating system is able to detect inconsisten-
cies of a given constraint conjunction which the individual solvers are not able to
detect, in general, the incompleteness of the individual solvers is taken over by
the overall system. The integration of further constraint solvers, for example, a
solver for linear arithmetics based on the simplex method, could allow to stronger
restrict the solution space, however it does not actually solve the incompleteness
problem in general. The other problem is, that with increasing complexity of the
spatial scene and with an increasing number of objects and, thus, of constraints
and variables the computations become more time consuming.
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Thus, in the following Sect. [ we consider another but similar approach for
describing and solving spatial scenes which is as well promising. In Sect. [3] we
discuss their relations and a possible interaction.

4 Machine Learning

Instead of solving the constraints directly we try to learn the decision function
A(x1,...,z,) which decides whether a vector © = (x1,...,z,) of the configura-
tion space belongs to a region where the predicate A is true, i.e. the correspond-
ing constraints are satisfied. In our problem domain (objects located in a room),
the constraints consist of equations and inequalities containing trigonometric
functions which lead to computational difficulties well known from robotics [2].

Before employing machine learning algorithms, we have to construct a train-
ing set by exploiting the given constraint description or by using results of psy-
chological studies. These datasets consist of preclassified feature vectors where
each variable of the constraints represents an attribute, i.e. a dimension in the
feature space. In the following, we will use “class A” for the regions where a
constraint A is satisfied (and “class B” otherwise). By means of the training
sets algorithms of classification learning (e.g. decision tree learning like CALS
or neuronal nets like Dipol, see [14] for both) construct classifiers now. These
decide the class membership of an arbitrarily chosen point z (not necessarily
contained in the training set) by inductive generalization. This decision is very
fast in comparison to using the system of equations and inequalities for a direct
computation of the class membership and therefore it is especially suited for on-
line tasks. In addition, the decision rules make the regions of the configuration
space, where the constraints are satisfied, (approximately) explicit.

Generating training sets in order to get an acceptable approximation of the
decision boundary is also known as “learning by exploration” or “active learning”
in literature and is subject of current research ([I7]).

4.1 Learning Spatial Relations with CALS5

Decision tree learners approximate the class boundaries piecewise linearly by
axis-parallel hyperplanes. Usually, there is a generalization error due to the un-
avoidable approximation of the boundaries between the A-regions and the B-
regions. This error can be measured using a test set of classified example vectors
different from the training set. By increasing the number of training data (and
simultaneously shrinking a certain parameter of CAL5) the generalization error
can be reduced (i.e. the accuracy of the class boundary approximation can be
made arbitrarily high), and in the limit of an infinite training data set the error
becomes zero. This is shown in the following example, which is taken from [4].
There we learned a constraint sin = A;/24/1/2 — A?/4, which expresses the
relation “A bar is right or behind of an object O”. The point S is the origin of
the coordinate system of object O. Thus neither O nor S occur in the inequal-
ity. 4; is the difference of the displacement of a particular point of the bar in
z-direction and y-direction of S divided by the length of the bar.
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’decision boundary’  + "decision boundary’ ——
4r ‘A-region”  x 4r learned, 500 points’ - E
'B-region’ * ’learned, 2.000 points’

(a) A-region and computed boundary (b) Boundaries for 500 and 2.000 points

Fig. 8. Learned vs. computed boundaries

Figure [8(a)| shows the A-region with computed boundary vs. the B-region.
In Fig. 8(b)| the solid real (computed) boundary of the A-region is compared
with the dashed learned boundaries for a training set of 500 and 2.000 points,
resp. It can be seen that the generalization error of the obtained decision tree
shrinks with an increasing number of points for learning. However, in practice
we reach the manageable limit at 200.000 training examples. The constraints
of our relations (like right/2 for circles and rectangles, see Sect.[J) affect
up to seven parameters, thus, we obtain a configuration space of up to seven
dimensions. Thereby we get approximatively ten data points per dimensiorl3
in average. Because of this sparsely populated configuration space, both the
training and generalization errors are rather high. This is shown in Table [1
where we used 200.000 uniformly distributed data points for learning and 5.000
points for testing.

Table 1. Results of the learning process for some spatial relations

Relation® Number of Points Test error

class Aleaves in A in B  for A only for B only overall
atwall(r, r) 143 15.909 184.091 10 % 1% 2 %
front(c, r) 1.984 84.285 115.715 22 % 14 % 17 %
right(c, r) 1.702 84.557 115.443 20 % 13 % 16 %
right(r, c) 2.079 87.550 112.450 26 % 14 % 19 %

3 Supposed we obtain the same number of data on each dimension (like a grid), the
7th root of 200.000 yields approximately six data points on each dimension. Note,
this is not a correct calculation but a simple estimation.
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Furthermore we have to take care for a sufficient large subspace of config-
uration space. The result of a too small scope of training data vs. the area of
the example room is shown in Fig. 0] The resulting classifier does not cover the
intersection of the room area and the right/2 sector.

Scope of training data / N A-region of the relation
(decision tree knows only this area) (area where the relation holds)

Fig. 9. Scope of training data not adapted to the size of the room

The benefits of our learning approach are to get a new, easier representation
of the decision boundary (i.e. the constraints). The new representation contains
the solution of the constraints (i.e. the A-regions), and the accuracy of the ap-
proximation can be arbitrary high. The drawback, however, is the problem of
generating suitable data sets.

4.2 Generating Depictions

In the previous section we transformed the constraints of the spatial relations
into a new representation (i.e. the learned classifiers). As it was our aim to solve
the spatial constraints, we present now an algorithm (see Fig. [[U) for generating
depictions, which uses the learned CAL5 decision trees.

As mentioned above, for every needed relation and for every pair of object
types, corresponding (sub-)relations must be learned. Since we are interested
in those regions in the parameter space where the relation holds, we do some
preprocessing. This means, for each leaf node of the decision tree in the tree
with class A the admissible intervals for every parameter are being extracted.
Note, that each depiction is a point in the configuration space. These points are
represented by vectors, which contain all variables of the problem. Recall that
our relations are binary. Thus, we get three cases: both objects are ‘unknown’,
one object is already placed or both objects are placed. In the first case, we place
one object randomly in the room (lines 09 and 10 in Fig. [I0). This leads us to
the second case. There we pick a class A leaf of the tree and compute the size,
relative position and relative orientation of the other object by assigning values
to the remaining variables of this object within the intervals of the chosen leaf
(lines 11 and 12). If the collision check in line 13 fails (for both, case one and
two), we repeat the procedure up to k times (block between lines 08 and 14). If

4 ¢r’ denotes a rectangle, and ‘c’ a circle
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we do not have admissible values after the kth trial (line 15), we suppose that
the current relation cannot hold in combination with the others and we reject
the depiction generated so far. However, there may exist solutions. Actually we
cannot distinguish between the case “no solution” and “disadvantageous values”.
So if we reject the vector, we have to start again with the first relation. For
practical reasons we work instead on a number of object constellations in parallel.
This means, we are starting with v empty vectors and apply the algorithm to
each vector. Thus, we obtain in each step at most v depictions (valid for the
relations processed so far). If we have to drop a vector, we still have v,, — 1
other scenes in step n. It is not critical to discard “disadvantageous values”
because usually the scenes are underconstrained. In the last case both objects
are already placed and we have to check, whether the values of the objects range
in the intervals represented by at least one leaf (lines 05 and 06). If not, the
relations do not hold, at least for the calculated values.

This procedure is repeated for every relation with the remaining objects,
which satisfy the relations processed in the former steps. Finally we obtain up
to v depictions according to the given spatial description. In the case, that we
have found no depiction, we have to assume that the constraints are unsatisfiable.

Up to now each decision tree represents only the constraints for the particular
relations with the two objects of the specified forms. The background knowledge
(e.g. the objects must not overlap) was not learned but checked after every step
explicitly. In general, it is possible to learn the background knowledge constraints
as well and to check them like the other relations.

The parameters v and k£ depend on the given relations and on the number of
relations. They have to be chosen large enough to get a correct answer (“There
is no solution.” or “We have found at least one.”) by some probability. At the
same time, one should choose rather small v and k, because by increasing the
parameters the calculation time increases, too. So they have to be chosen in
relation to the problem to be solved.

As shown in Table Bl the more relations to solve, the higher v has to be. A
value of 100 for k seems to be a good choice. The number of trials per valid
solution increases exponentially in the number of relations to solve. Not shown,
but critical is the processing sequence. Very restrictive relations like atwall/2
should be solved at the beginning.

Ezxample 3. Supposed we have two relations, right(cupboard, lamp) and
atwall(walll, cupboard). Now we fulfill first the right/2 relation. There-
fore the cupboard may be placed somewhere in the room. After that we cannot
satisfy atwall/2, because the cupboard should be placed near walll, but ac-
tually it is already placed in the room. So we would have to increase v, but
nevertheless the probability to get a solution is very small.

5 Discussion

In the previous sections we sketched two approaches to spatial reasoning. First,
we have shown how to use a system of cooperating constraint solvers, where
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Depiction generation algorithm

INPUT: number v of initial vectors and number k of trials
relations r that have to hold

OUTPUT: up to v depictions, where all relations 7 hold

ALGORITHM:

01 foreach relation 7:

02 identify objects and object types by object descriptions

03 load the corresponding (pruned) decision tree

04 foreach vector v:

05 if both objects were placed

06 then check whether relation 7 holds

07 else

08 repeat up to k times:

09 if both objects are new

10 then place first object randomly in room

11 pick area (random according to weight of leaf)

12 assign values to variables within intervals of leaf
13 check non-overlapping with other objects and walls
14 until check passes

15 if no success

16 then drop vector v

17 show remaining vectors (depictions)

Fig. 10. Algorithm for generation depictions using decision trees

the inference of an interval arithmetic solver is supported by further solving
methods. In the second approach we applied machine learning in combination
with a new algorithm for depiction generation to this kind of problem.

The direct constraint solving approach may at first seem to be evident. Using
our system of cooperating solvers the restriction of the solution space is possible
as well as to compute particular depictions. The system is comfortable in use and
can be extended by new solvers in a simple way. However, the disadvantages of
the possible incompleteness of the solvers, and, thus, as well of the overall system,
and an increasing time effort by increasing complexity of the spatial scene must
be taken into consideration.

Using the learning approach yields decision trees, which are very well in-
terpretable. The approximation of the decision boundaries may be (at least in
principle) arbitrarily high. Generating suitable training sets, however, is not triv-
ial. The depiction generation algorithm employs the decision rules for restricting
the space of possible solutions. In the limit of generating an infinite number of
depictions (i.e. exhaustive search) the algorithm finds every possible solution.
Because the processing sequence of the relations is critical, we may find no so-
lution, although there is one. However, the scene descriptions in this problem
domain are usually underconstrained, and, thus, it is usually not a problem
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Table 2. Some test runs and typical results of our algorithm

Combination of relations suitable v/k number v per valid depiction (average)
single relation, e.g. 100/10 2
right(steffi, cupboard)

two relations, e.g. 1.000/100 10

right(steffi, cupboard)

front(steffi, fridge)

three relations, e.g. 1.000/100 61
right(steffi, cupboard)

left(fridge, lamp)

right (cupboard, lamp)

four relations, e.g. 1.000/100 375
right(steffi, cupboard)

left(fridge, lamp)

right (cupboard, lamp)

front(steffi, fridge)

five relations, 10.000,/100 638
similar to above

to find an alternative solution by constructing another sequence (i.e. following
another path in the problem space).

Comparing the approaches of learning on the one hand and constraint solving
on the other hand, at first they seem to be very different. However, they are
not: The constraint solving approach takes the given constraints, checks their
satisfiability, and tries to compute solutions. The learning approach generates
rules for constraint decision using training data. This means, however, that these
rules together with the search procedure build as well a constraint solver for the
provided constraints; its behavior depends on the kind, amount and complexity
of training data.

We think, that the direct solving approach can be useful for a more large-
grain scene estimation, while the learning approach can allow (dependent on
the provided training data) a more fine-grain consideration and as well look-
ing at exceptions. This yields further research perspectives: Constraint solving
could be used for an early exclusion of unsatisfiable scene descriptions. Because
of the possible incompleteness of the solvers, it will not in general detect every
inconsistency. For a more fine-grain elaboration of the remaining areas the learn-
ing approach could yield then better results. A second promising idea is to use
constraints and constraint solving to prestructure the rule set for the learning
method and to tare particular parameters afterwards using the learning mech-
anism with selected training data. This may allow to reduce the training cost
and increase the speed of the depiction generation.
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From Simulated Dialogues to Interactive
Performances with Virtual Actors

Elisabeth André

University of Augsburg

Abstract. In my talk, I will argue in favor of a shift from applications
with single presentation agents towards flexible performances given by
a team of characters as a new presentation style. Infotainment and edu-
tainment transmissions on TV as well as advertisement clips are ex-
amples that demonstrate how information can be conveyed in an ap-
pealing manner by multiple presenters with complementary characters
and role castings. However, our approach distinguishes from conventional
TV presentations by at least two features: adaptivity and interactivity.
I will illustrate the approach by means of various academic and indus-
trial projects we conduced at DFKI GmbH and at Augsburg University.
In the first group of systems, the attribute “flexible” refers to the sys-
tem’s ability to adapt a presentation to the needs and preferences of a
particular user. In the second group of systems, flexibility additionally
refers to the user’s option of actively participating in a computer-based
performance and influencing the behavior of the involved characters at
runtime. While a plan-based approach has proven appropriate in both
versions to automatically control the behavior of the agents, the sec-
ond group of systems calls for highly reactive and distributed behavior
planning.

M. Jarke et al. (Eds.): KI 2002, LNAI 2479, p. 317, 2002.
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Time, Knowledge, and Cooperation:
Alternating-Time Temporal Epistemic Logic and
Its Applications

Michael Wooldridge

University of Liverpool

Abstract. Branching-time temporal logics have proved to be an ex-
traordinarily successful tool in the formal specification and verification of
distributed systems. Much of this recent success stems from the tractabil-
ity of the model checking problem for the branching time logic CTL.
Several successful verification tools (of which SMV is the best known)
have been implemented that allow designers to verify that systems sat-
isfy requirements expressed in CTL. Recently, CTL was generalized by
Alur, Henzinger, and Kupferman in a logic known as “Alternating-time
Temporal Logic” (ATL). The key insight in ATL is that the path quanti-
fiers of CTL could be replaced by “cooperation modalities”, of the form
< G >, where G is a set of agents. The intended interpretation of an
ATL formula <« G > & is that the agents G can cooperate to ensure that
@ holds (equivalently, that G have a winning strategy for ®). It turns
out that the resulting logic very naturally generalizes and extends CTL.
In this talk, T will discuss extensions to ATL with knowledge modali-
ties, of the kind made popular by the work of Fagin, Halpern, Moses,
and Vardi. Combining these knowledge modalities with ATL, it becomes
possible to express such properties as “group G can cooperate to bring
about @ iff it is common knowledge in G that &”. The resulting logic
— Alternating-time Temporal Epistemic Logic (ATEL) — has a range of
applications, which will be discussed in the talk. In addition, I will relate
some preliminary experiments with ATEL model checking, which shares
the tractability property of its ancestor CTL. (This talk reports joint
work with Wiebe van der Hoek.)
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Semantic Web Enabled Web Services

Dieter Fensel

Vrije Universiteit Amsterdam

Abstract. Currently, computers are changing from single, isolated de-
vices into entry points to a worldwide network of information exchange
and business transactions called the World Wide Web. However, the easy
information access based on the success of the web has made it increas-
ingly difficult to find, present, and maintain the information required by
a wide variety of users. In response to this problem, many new research
initiatives and commercial enterprises have been set up to enrich avail-
able information with machine-understandable semantics. This semantic
web will provide intelligent access to heterogeneous, distributed informa-
tion, enabling software products to mediate between user needs and the
information sources available. Web Services tackle with an orthogonal
limitation of the current web. It is mainly a collection of information
but does not yet provide support in processing this information, i.e., in
using the computer as a computational device. Recent efforts around
UDDI, WSDL, and SOAP try to lift the web to a new level of service.
Software programs can be accessed and executed via the web. However,
all these service descriptions are based on semi-formal natural language
descriptions. Therefore, the human programmer need be kept in the loop
and scalability as well as economy of web services are limited. Bringing
them to their full potential requires their combination with semantic web
technology. It will provide mechanization in service identification, con-
figuration, comparison, and combination. Semantic Web enabled Web
Services have the potential to change our life in a much higher degree as
the current web already did.
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DFG Priority Program RoboCup (SPP-1125)
Cooperating Teams of Mobile Robots in
Dynamic Environments

Thomas Christaller
Fraunhofer AIS

The priority program 1125 of the Deutsche Forschungsgemeinschaft funds re-
search on methods, components and tools in the domain of cooperating teams
of mobile robots operating in dynamic environments. An important goal of
the six-year program is to foster synergistic collaboration of research groups
working especially in the context of RoboCup. The first two-year phase started
in June 2001 with 14 projects. A list of all funded projects can be found at
http://www.ais.fraunhofer.de/dfg-robocup. Each project contributes to at least
one of the following working groups.

WorkingGgroup “System Integration” (AG1)

This working group concentrates on methods and tools required to integrate
hardware and software components of a mobile robot team to a whole system.
Aspects are descriptions of and interfaces to sensors, actuators, robot control
programs and middleware for inter-robot communication. One goal of the first
phase is the definition of a simulation framework which allows to integrate and
exchange components and results from different projects.

Working Group “Learning” (AG2)

All projects working on machine learning (reinforcement learning, Kohonen,
neuro-evolutive) are cooperating in this working group. One goal is to apply
the results from machine learning achieved in simulated virtual environments to
real robots. This includes basic skill learning or learning of team behavior. In
order to compare different learning approaches, benchmarks will be defined.

Working Group “Architecture” (AG3)

This working group deals with models and representations relevant for mobile
robot teams. This includes local and global world models derived from sensoric
input for navigation and self-localisation. In the context of multi-agent systems,
research topics are detection of tactic and strategy of a single robot or a team
of robots, cooperation in a team of robots, detection of plans as well as develop-
ment and exchange of distributed plans.

http://www.ais.fraunhofer.de/dfg-robocup
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DFG Priority Program (SPP-1083)
Intelligent Agents and Realistic Commercial
Application Scenarios

Stefan Kirn

Ilmenau University of Technology

Besides the development of the object-oriented paradigm within software engi-
neering, the area of intelligent software agents was established as a new sub-
discipline of artificial intelligence in the late 1970s. In a sense, it can also be
understood as an extension of the object-oriented paradigm by introducing “in-
telligent objects” into this field. Intentional models define agents as software
systems which autonomously adjust their behavior in accordance with dynami-
cally changing goals. With this definition, artificial intelligence has taken a step
from a technological level to research areas which lie at the heart of economic
theories. For example, the concept of limited rationality of software agents on
the one hand and the model of the so-called “homo oeconomicus” ground on the
same roots, and there are relationships between the manager/contractor model
in negotiation-based coordination and the approach of principal/agent theory in
economics, or between models of cooperation processes in multi-agent systems
and transaction-cost theoretic approaches in the New Institution Economics.

On this basis researchers from management science, information systems,
and computer science are collaborating in order to advance the state of the
art in intelligent software agents so that agent technologies for large systems
in realistic commercial application scenarios can be developed and tested. With
that one goal is to find and investigate a new approach to the development of
application systems and to an improved adaptivity of companies with respect to
dynamic market processes. In particular, this approach should more closely meet
the requirements of the networking and the dynamics of worldwide distributed
business processes than existing proposals.

The program focuses on the logistics domain. For one, this business cross-
section function is particularly affected by the networking phenomenon. For an-
other, research in Germany on agent-based application scenarios has reached a
leading position in recent years. Information logistics and material-goods logis-
tics as two typical and important business application and research areas are to
be investigated in the manufacturing industry, where one can already build on
a large body of experience, and the health care domain. Especially the latter is
characterized by dynamic relationships regarding the planning and execution of
service processes and is hence a perfect reference domain for large agent- based
systems. Another focus is the so far largely unexplored business- and market-
related impact of agent technology. The transdisciplinary goals of this priority
program will have fruitful repercussions on business theories and reference mod-
els, and it will enable the participating research groups to play a leading role in
standardization efforts for agent technologies.

http://www.wirtschaft.tu-ilmenau.de/wi/wi2/SPP-Agenten
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DFG Priority Program (SPP-1077)
Socionics — Investigating and Modelling
Artificial Societies

Thomas Malsch
Hamburg-Harburg University of Technology

Classical Al has a long history of building computer systems according to mod-
els of the human brain. In contrast, Distributed Artificial Intelligence (DAI)
assumes that intelligence is inherently social, emerging from the interactions of
multiple autonomous and dispersed entities. From the very beginning of their
work, researchers in DAI have used metaphors of the social world as a source
of inspiration. However, this occupation was based on a rather intuitive under-
standing of how human societies are organised — despite appeals to systematically
lay “firm social foundations for DAI research” (Les Gasser).

The research programme of Socionics addresses exactly this demand. It
brings together researchers from the field of DAI with sociologists in an in-
terdisciplinary attempt to answer the fundamental question: How to exploit
models from the social world for the development of intelligent computer tech-
nologies? Work in Socionics demands from sociologists to precisely specify the
conceptual apparatus with which they observe and explain the unique features
of human society (flexibility, combined with ultra-robustness). From computer
scientists, it demands that they design large-scale systems, which are in the end
non-deterministic. To both, it offers a fascinating potential to stimulate inter-
disciplinary research and to develop innovative applications.

Research in Socionics claims to address three aspects of computational social
intelligence:

— It strives to develop new techniques and methods in DAI by sociologically en-
hancing the construction of large-scale multiagent systems beyond the scope
of contemporary approaches. The reference here is clearly “computational”.

— The use of computer models in sociological theorizing marks the “sociological
reference”, claiming to gain new perspectives on classical problems of soci-
ology, as well as new methodologies to reason about them (e.g. agent-based
social simulation).

— Finally, since they are directly involved in the development of new technolo-
gies with a “praxis reference”, researchers in Socionics also gain deep insights
into hybrid artificial societies, in which human beings and technical agents
interact on the same level.

The research programme is organized in 12 individual projects, each run jointly
by “tandems” of computer scientists and sociologists. The projects have success-
fully finished the first phase, which was concerned with establishing the inter-
disciplinary agenda and with achieving a multi-paradigm view on sociologically
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enhanced DAI. The current second phase focuses on the problem of scalability, a
central problem for DAI, with open questions not only with computational, but
also sociological and praxis reference. This problem is ideally suited to demon-
strate the potential of the Socionics research programme to produce innovative
solutions.

For more information, please look at the programme’s web site or contact the
programme’s coordinator, Prof. Dr. Thomas Malsch.

http://www.tu-harburg.de/tbg/SPP/Start_SPP.html
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