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Abstract

In previous work a novel knowledge representatiaralled Knowledge
Cartography, was introduced. The method allowsd&scription, in the form of a
map of concepts, of interrelationships among cotscegistinguished in a
terminology and for gradual (with growth of our kwledge) assignment of
individual objects to those concepts. Effectiverafsthe process of building map
of concepts is a key factor influencing usabilifittte method. This paper presents
a new map-creating algorithiireeFusionwhich exploits binary decision diagrams
originally developed for supporting VLSI design. Tpaper presents also some
current applications of Knowledge Cartography.

1. Introduction

In previous papers [1],[2] we presented a new neetled representation of
knowledge formulated in terms of Description Logicslled Cartographic
Approach or Knowledge CartographyBy knowledge representation we mean here
a mapping from domain of DL terms into another dimmand vice versa. For a
given representation to be sensible, two requirésnerust be met: the mapping
must be performed in acceptable time and the dthaget) representation (a result
of the mapping) should allow for easier realizatddrsome important tasks, such as
standard and non-standard inference tasks.

This paper addresses both issues in the cont&xambgraphic Approach. Thaap

of conceptds the main notion in the approach. A map of cpte@escribes how
(possibly complex) DL concepts are mapped into fmrotlomain: the domain of
binary signatures. Specifically, this paper focusesan efficient algorithm of
creating a map of concepts. The algorithm, callexeFusionis considerably faster
than another algorithm used previously, and enablegstem to load and process
huge ontologies. We also present tools built sotliat exploit the Cartographic
Approach. The tools are able to make use of eassigrfature analyses and
transformations.

The rest of the paper is organised as follows: &ctiBn 2 we make a brief
introduction to Knowledge Cartography. Section 8egi details ofTreeFusion
algorithm that creates a map of concepts. Sectiovedviews recent applications of
the Cartographic Approach. A summary concludeptper.



2. Maps of concepts

Maps of concepts are in fact a concise descriptibinterrelationships among
concepts defined in a terminology. In this sectidine following exemplary
terminology is used:

Womare Person ~Male
Man = Personi -Woman

Parent= Persom ChasChildT (1)
Mother= Parentrn - Male

ChasChildPerson= ChasChildT 1 Person

The graphical representation of a map of conceggembles a Venn diagram that
shows domains of concepts in a terminology as apeathe map. An important

thing is that not satisfiable areas (i.e. areashih cannot belong any individual)

are removed from the map. The procedure of remonotgsatisfiable areas from a
map is illustrated in Figure 1.

Woman

> A&Q

Fig. 1. The first axiom from the terminology (1) resultissome areas being removed from the initial
map of three concept@/oman Male, andPerson

By aregionwe mean an area in a map of concepts that doesontdin any other
area. A binary representation of the map is credigdassigning to regions
consecutive natural numbers. In this way, each @amea map of concepts is
represented by a string of binary digits (bits)ezhlasignature The length of all
signatures equals to the number of regions in a Wap” at thek-th position in a
signature denotes that the region numbéredincluded in the area represented by
this signature. Each concept can be assigned ssignature, because any concept
is represented by an area in the map. In this wayphtain a set of signatures as a
binary representation of a map of concepts, as showig. 2. (Note that concepts
of the form CR.C are included in a map only if they are giverplicite in a
terminology.) The signature representation is convenient asyrirderences can be
performed by executing binary operations, e.g. \aence of concepts can be
determined just by checking equality of signatifgk[2]).

! Concepts in the form dfR.C are transformed to the equivalent form-aiR.- C.



Person 00001111

Male 00110110

Parent 00001100

Mother 00001000

Woman 00001001
JhasChild.T 01101100
FhasChild.Person 00001100

Fig. 2. The graphical and the binary representation of p afi@oncepts for the terminology (1)

3. The algorithm to create a map of concepts

Currently, for the creation of map of concepts, TreeFusiomalgorithm is used. An
effect of the algorithm is an assignment of sigreguto atomic concepts and
concepts of the form dfR.C appearing in any axiom in terminology (called jtjin
cartographic concepjs

The TreeFusioralgorithm is based o@rderedBinary Decision Diagrams (OBDD
[3], [4]. These diagrams has been developed priynéor VLSI circuits design.
They allow to design circuits that realize funcgonith thousands of variables. An
OBDD diagram has a form of a binary tree. Each t@ominal vertexv is assigned

a natural number denoteddex(v) From each non-terminal vertex come out two
edges denoted respectively 0 and 1. Vertices tohwihiese edges come are denoted
low(v) andhigh(v), respectively. Leaves are assigned a logicalevafld or 1.

Each binary diagram can be treated as a tree mpneg some logical formula.
Numbers assigned to non-terminal vertices can d&&ted as indices of variables
used in the formula. We definecafactor of variables for a tree as a function
assigning to indices (and variables) used in teedrvalues from {0, 1}. In this
way we can define a value of logical formula foy @ofactor by traversing the tree
from the root and moving from the current verteto low(v) if the variablez with
index i =indexXVv) has been assigned value of 0, ohigh(v), if 1. The procedure
terminates in the leaf—its value is the logicalueafor the whole formula (if for
specified cofactor the value of the formula is Licks assessment is called
satisfiablg.

The diagram’s ordering guarantees that for eactexerindexv) <indexlow(v))
and indexVv) <indexhigh(v)), if only the specified edges lead to non-terrhina
vertices. An example of an ordered binary diagrashiown in Figure 3a.

In the TreeFusion algorithm we applied structures and processinghaoukt
proposed in [3]. The fundamental feature of thegdiens is the fact that they are
kept in areduced form It means that there are no repeating subtreestlzand
diagrams are turned into form of general digrage® (Figure 3b). The reduction of
a tree is performed by tmeduceprocedure [3].



Fig. 3. An example of OBDD diagram before (a) and aft¢réouction

Two ordered and reduced decision trdesndd, describing formula$, andf,
respectively can be joined together with respectaime logical operatioap with
the use ofapply procedure. If the same variables in both formulase been
assigned the same indices, the resulting dreepresents the formula op £ [3].
Theapply procedure takes as parameters the roots of bexhk {respectively; and
V,) and the operatioap. Time complexity ofapply procedure for graphG; andG,
is proven to b&®(|Gy||G)).

By using theapply procedure, we are able (using simple trees depintEigure 4a)
to build a complex logical expression. Figure 4baildes how to build such a tree.

L EN:
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Fig. 4. Elementary trees (a) and steps to create a diafgwatime logical formula; 0z, « z (b)

We exploited OBDD trees idreeFusionas follows. For each axiom in a
terminology T a logical formulaf(a) is built according to the following rules:

f(C=D) =f(C) - f(D), f(CC D) =f(C) - (D), f(-C) = -f(C),
f(Cm D) =f(C) Of(D), f(CL D)=fC) (D), f(ORC)=Ff(=[R~C), f(T)=

f(O) = 0, f(CR.C) =zrc, f(A) =za (A is an atomic concept). The formula is then
transformed into a binary decision diagram, undier ¢condition that cartographic
concepts are assigned variables with specific @d{there must exists a bijectign
for this assignment, see Fig. 5). Using this diagome can determine signatures of
concepts satisfying an axiom being processed. Eatactor represented by a
descending path leading to a leaf with valuedsitive path also represents one
column in a signature, i.e. a single region. Dupngcessing of a terminology a tree
D is being built. The tree represents a formula Wwhica conjunction of formulas
f(a) for each axioma in the terminology. The processing of each subsegaxiom

triggers the following operatiom := apply(D, f(a), D).
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Fig. 5. An example of a process of building a tree foaaiom

The described operations constitutes the main périfreeFusion There is
possibility that during this part spurious regi@me generated. The reason for that is
that concepts of the foriiR.C are treated as atomic concepts. Figure 6a shows an
example of a map with spurious regions. Some ragame in fact unsatisfiable,
which has not been detected by the main part oalperithm. For example, there
cannot exist an individual belonging iR A and not belongingR.B (because each
member ofA is a member oB). These spurious regions are eliminated during
postprocessingvhose details are out of the scope of this papenerally speaking,
postprocessing checks satisfiability of regionsigeesl to concepts of the form
[R.C by checking whether it is possible to create aéétdividuals whose relation
through roleR with some individuah would make the individua to be a member
of a (possibly complex) concept represented by ghngle atomic region (see Fig.
6b for an example).

b) column extraction ___| - o
A 01000000000 (119 enrlchlng
B 01100900000 |5pq by sums (unions)
C 00010000000
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Fig. 6. An example of a map with spurious regions credtgdhe main part offreeFusion(a)
and a course of actions undertaken during postpsirug (b)

Direct use of OBDD trees allowed for processingédaterminologies. However, the
algorithm turned out vulnerable to ordering of amgin a terminology processed.
This problem has been solved by the method desttiedow, which turned out
also to substantially improve the scalability of #igorithm.

The idea exploited ifreeFusionis based on the observation that combining two
diagrams with'] (AND) operation can be done in O(1) time if rangésndices of
variables in the two trees (ranges from the lowed#x to the greatest index used in
a tree) are disjoint (we call this operatigmin; see Fig. 7a). Since variables
correspond to concepts, the idea was to find grad@xioms referring to disjoint
sets of concepts.

This idea was put into work by buildinggraph of axiomsGraph of axioms is a
bipartite graph in which two classes of nodes aedu “black” ones representing
axioms, and “white” ones representing cartograptoacepts. A black node is
connected with a white node iff the concept represg by the white node is used in



the axiom represented by the black node. To detergioups of axioms referring
to disjoint sets of concepts,gaaph bisectionalgorithm has been exploite@Graph
bisectionis a problem of finding a smallest set of edgessehremoval separates
the graph into two components whose sizes (hunmfdgoaes) are similar.

This idea is presented in Figure 7b. There is shewgraph of axioms for an
exemplary terminology. Use of bisection separabedgraph into two components.
The variables for concepts have been indexed ih auway that ranges of indices
for the two components are disjoint. Trees for qmhts of the terminology will be
built independently and then joined. The joint tE2&vill be then combined witlhl
(AND) operation with a tree for thgluing axiom, i.e. axiom represented by the
node incident to the separating edge.

D,
1(1// gluing ~a__7
axiom

_—_

Fig. 7. lllustration of idea of optimizingreeFusion (a) joining trees with disjoint ranges of indices
(b) graph of axioms and its bisection

This indexing scheme allows for substantial redurctof execution time. The two
trees are built independently and then joint by(&)@peration. Gain obtained in
this way has been illustrated in Figure 8: executimme without optimization is
proportional to the area greyed in Fig. 8a. Usbiséction corresponds to reducing
the time from the area greyed in Fig. 8a to thea greyed in Fig. 8b. Iterative use
of bisection provides further reduction, allowingr freaching CIg°k) for pure
taxonomies (i.e. pure-tree hierarchies of conceyifs disjoints between each pair
of concepts at every level) whekés the number of concepts in the terminology.

a) size of b) size of
processed processed
data data
structure structure
. [ , ”
next axioms next axioms

Fig. 8. lllustration of execution time: (a) without bisket, (b) with single bisection



4. Applications of map of concepts

Knowledge Management Group at @GdlR University of Technology
(KMG@GUT) [5] develops various ideas in the fieltl kmowledge management
based on the Cartographic Approach. In this sesti@present most interesting and
advanced results.

4.1 Terminology visualization

Map of concepts can be used to present to a hurmean relationships among
concepts. Originally developed form of map of cqisewas actually a graphical
form. In the course of work led by KMG@GUT the aigfam calledEnergyDots
for terminology visualization has been developethe Talgorithm uses binary
representation of map of concepts. It transformes himary representation to a
bidimensional picture easily readable by humandgs H&igorithm is based on a
method of graph drawing described in [6]. Nodesgmdphs are represented as
“dots” (small circles) being reification of regiorfatomic areas corresponding to
columns in concept signatures).

The original method described in [6] uses the motd “force field” influencing
graph nodes. There are two kinds of forces influepanodes and these are:
repulsive forces (every two nodes repulse eachrotra attractive forces (every
two nodes connected with an edge attract each )otBgr simulation of force
influence, the state corresponding to minimal epgygtential is being gradually
established. Minimal energy potential is chosenainway fulfilling esthetical
criteria.

The EnergyDotsalgorithm adapts notions of force field and repalsand attracting
forces. Repulsive forces between “dots” are congpatealogically as in [6]. The
difference is in the way of calculating attractieeces. During this calculation the
list of concept signatures is read. For each canaegignatures(C) is retrieved.
“Dots” corresponding to regions with “1” in signa&us(C) attract each other to a
common pole whose coordinates are calculated asvarage of coordinates of
relevant “dots”.

The output of the algorithm is an arrangement o0b6tstl on the plane. For
readability, “dots” corresponding to regions belioggto cartographic concepts can
be distinguished by various colours.

Initial version of the algorithm gives good resulExemplary result oEnergyDots
algorithm for a simple ontology is depicted in Figw. Time of executing the
algorithm for a taxonomy is proportional tologn, wheren is the number of
regions.
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Fig. 9. Terminology visualization by usirignergyDotgor Petsterminology.

4.2 Maps of concepts and inference tasks

Maps of concepts were originally implemented in KASsystem Knowledge
Signature Analys¢r used as a knowledge management subsystem in PIPS
(Personalised Information Platform for life and himaServicel project [7] carried
out within the 6th Framework Programme of Europé&hmon, area Information
Society Technologies, priority E-health. In the IBystem, a map of concepts
supports tasks of inference from terminology. laefere can be carried out in a
simple way, using signatures and relationships eetwsignatures and concepts
(e.g. query about equivalence of conceptandD can be resolved to checking if
signatures are equa(C) = (D), other inferences being performed analogously).
Very important feature of Cartographic ApproachPiPS is possibility of storing
knowledge about numerous individuals and conclissetfout them in an effective
way. The area on the map of concepts assigned tmdividual describes the
knowledge about membership of the individual todperopriate concepts. Map of
concepts also allow answering queries invoking siamdard inferences in a simple
way (in time proportional to signatures size arelrtimber of different signatures).
Because the whole knowledge base (individuals, eyais¢ roles and signatures) are
stored in an Oracle database, efficiency can bdiadally improved by database
optimization techniques. Recent experiments arerdres] in [8].

4.3 Ontology merging and data integration

Also, methods of describing external data sourcéls knowledge layer, allowing
to ask queries to data sources in a way analoggc#dr inference system, have been
developed. Mappings between data and ontology esatexd by assigning to
signatures corresponding queries understandablae @igta source. The presented
problem concerns fetching data from data sourcedeomand in terms of ontology
that describes these sources.

However, integration of knowledge demands developgm& more advanced
techniques of integration of various ontologies aakries processing in a
distributed environment. For this issue, Cartogi@aptpproach is used to calculate
similarity of regions for different ontologies. Tdee similarities allow to define
regions for global ontology that is able to “undansl” all terms in local ontologies.



Each region in the global ontology is additionalsigned a numerical value from
the range [0,1] called a “satisfiability factor’his value reflects the knowledge of
the knowledge base on satisfiability of the regidhe less value of satisfiability
factor, the less is the chance that there existindividual that belongs to this
region. Satisfiability factors are used in the @ of responding to queries
addressed to the global ontology.

4.4 Trust issues

Within the framework of PIPS project, it is of utetamportance that facts (both:
terminological and assertional) come from trustagarses. However, a level of trust
may be different for different knowledge sources, &nsiderable amount of work
concentrates on trust issues for terminologies waodld descriptions. In this
context, the classical DL model of knowledge mustebriched with possibility of
expressing trust issues with respect to both agsesrand axioms.

Nevertheless, building a model is not sufficierftefie is also a need to develop a
way of representing trust in knowledge. This way representation is also
developed on the basis of Cartographic Approachthéntrust-aware framework,
individual and concept signatures are not binagnaiures any more. A signature
consisting of “0”s and “1”s is only a specific casfea general signature consisting
of real numbers from the range [0,1]. In Cartogragkpproach, “0” at a specified
position at an individual’s signature is interpretas certainty of the knowledge
base that a particular individual does not belanthe region corresponding to this
position; and “1” at a specified position of thegrsiture is interpreted as a
possibility (but not certainty) of the fact thattmdividual belongs to the specified
region. In the case of such generalized, signatilme,less value at a specified
position, the less level of certainty (trust) oé tfact that the individual belongs to
the region corresponding to this position. For atgres of concepts, “0” means that
a concept does not encompass the specified regibite “1” means that the
concept does encompass the region. Analogicallyin abe case of individual's
signatures, the less value at a specified positiansignature, the less level of trust
to the fact that the specified region belongs todbncept.

5. Summary

In the paper we present@deeFusiona new algorithm to create a map of concepts
for DL terminology. For common taxonomy-like ontgles it allows for quasi-
linear processing time in function of the numberaxioms in a terminology.
ImplementingTreeFusionallowed for smooth application ofASEA system within
the framework of the PIPS project. Tests performedar show that the algorithm
allows for processing terminologies with a largenber of concepts and axioms,
which is of crucial importance for modern Web-baseal-life applications. It is of
utmost importance that the time efficiency of tHgoathm seems to allow for



dynamic changes in a terminology, which are noobva#d in the current
implementation of KSEA due to its inherent capability of storing as muwh
conclusions as possible at the stage of ontologgithy (for details see [1],[2]).

The algorithm exploits OBDD diagrams, originallyve&ped for VLSI circuits
design. However, new operations and transformatwd@BDDs had to be invented
to adapt it to ontologies processing. New methodndices ordering gave also
promising results.

TreeFusion has extended an area of possible applications obwikedge
Cartography, e.g. towards DL-based ontologies natégn and knowledge sources
trust-awareness. The tools mentioned in this paperbeing presently developed
and used in the FP6 PIPS project. Moreover, theyuaed for education at Giak
University of Technology, which fosters the Semamtieb initiative among young
computer engineers.
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