Using Ontologies to Index Conceptual Structures for Tendering
Automation

Ahmad Kayed

Robert M. Colomb

School of Information Technology and Electric Engineering
University of Queensland,
Brisbane QLD 4072, Australia,
Email: {kayed,colomb}@csee.uq.edu.au

Abstract

Using natural language to model the tendering makes any pro-
cess associated with tendering automation extremely difficult.
Conceptual Graph is a well-known mechanism for knowledge
representation. We implemented our ontologies using CGs. In
tendering domain, we define two ontologies: The Tendering
Structure and the Abstract Domain Ontology. In this paper
we survey the indexing and retrieving techniques in CG litera-
tures. Then we build a slight modification of these techniques
to build our own indexing technique using these ontologies. Us-
ing this technique enables us to define different type of match-
making. Also to define finding policies to direct software agents
in retrieving process.
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1 Introduction

Conceptual Graphs (CGs) are method of knowledge
representation developed by Sowa [Sowa, 1984] based
on Charles Peirce’s Existential Graphs and semantic
networks of artificial intelligence [Sowa, 1995]. Be-
sides Peirce’s ! primitives, CGs provide means of rep-
resenting case relations, generalized quantifiers, in-
dexicals , and other aspects of natural languages. For
example, figure 1 shows a CG for the sentence a cat
18 on a mat.

Cat ——| Mat

Figure 1: CG for ” a cat is on a mat” [Sowa, 1999b]

In a conceptual graph, the boxes are called con-
cepts, and the circles are called conceptual relations.
There is a formula operator which translates CGs to
formulas in predicate calculus. It maps circles to
predicates with each arc as one argument, and it maps
concept nodes to typed variables, where the type la-
bel inside each concept box designates the type. If
no other quantifier is specified inside a concept box,
the default quantifier for the variable is the exis-
tential 3. The CG in figure 1 could be written as
(Fz : Cat)(Jy : Mat)on(z,y).
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LPeirce’s primitives are Existence, Co-reference, Relation, Con-
junction, and Negation.

A CG g is a bipartite graph that has two kinds of
nodes called concepts and conceptual relations with
following properties:

e Every arc a of ¢ must link a conceptual relation
rin g to a concept ¢ in g. the arc a is said to
belong to the relation r; it is said to be attached
to the concept ¢, but it does not belong to c.

e the conceptual graph g may have concepts that
are not linked to any conceptual relation; but
every arc that belongs to any conceptual relation
in g must be attached to exactly one concept in

g.

e Three kinds of CGs are given with distinguished
names:

1. The blankis an empty CG with no concepts,
conceptual relations, or arcs.

2. A singleton is a CG that consists of a single
concept, but not conceptual relations or arc.

3. A star is CG that consists of single relation
and the concepts that are attached to its
arcs.

According to Sowa [Sowa, 1984], CGs have a direct
mapping to and from natural language and a graphic
notation designed for human readability. Concep-
tual graphs have all the expressive power of logic
but are more intuitive and readable. Many pop-
ular graphic notations and structures ranging from
type hierarchies to entity-relationship or state transi-
tion diagrams can be viewed as special cases of CGs
[Way, 1994]. CGs are semantically equivalent graphic
representation for first order logic (FOL) formalisms.
CGs can model many organizational concepts like
roles or actors [Sowa, 1998], process [Mineau, 1999],
events, procedures, state, situations, and context
[Sowa, 1995]. As well there are many tools to repre-
sent CG in XML formats [Martin and Eklund, 1999].
CGs have been used to embed knowledge in an XML
document [Martin and Eklund, 1999].

Projection and isomorphism are the basic tools
used to query knowledge represented by CG. In many
cases projection and isomorphism are NP-complete
[Cogis and Guinaldo, 1995]. Projection is a function
that conserves the structure, the concept and the re-
lation with the conformity relation. To solve the NP-
complete problem many researchers use the following
techniques [Cogis and Guinaldo, 1995] :

e Use backtracking techniques [McGregor, 1982].

e Restrict the problem to domain where
the problem turns out to be polynomial
[Mugnier and Chein, 1993a].

e Store the graph into a specified hierarchy and
avoid unneeded comparison [Ellis, 1993].



e Restrict the problem to a finite set of graphs
and use indexing code to retrieve these graphs
[Ellis et al., 1994]

Our contribution in this paper can be summa-
rized as modifying existing CG techniques to in-
dex conceptual structures using ontological method-
ology. In our previous work, we have defined how
to use CG to build ontologies for tendering sys-
tem. Here we will discuss some tools that we
have built to facilitate indexing and matching among
different partners. A detailed description of our
system can be found in [Kayed and Colomb, 2001]
[Kayed and Colomb, 2000] [Kayed, 2001].  Briefly,
our system works as follows: Users (sellers or buy-
ers) use mediator ontology to build their needs/offer.
They send these structures to a mediator. Mediator
checks if these structures are correct. Mediator stores
and indexes them using an agreed ontology. When
users need information they send their requests to
mediator. Mediator does matchmaking using the on-
tology and users’ policies (preferences).

This paper is organized as follows. Section two
summarizes matching, indexing and retrieving tech-
niques in CG literature. In section three we explain
how to use CG to implement our ontologies and some
definitions which will be used later. Section four dis-
cusses our algorithms for correctness, storing, and in-
dexing these structures. Also we discuss how these
indexing can be used to define different matching and
retrieving policy. Section five concludes the paper.

2 Indexing Conceptual Graphs

In CGs there are many methods of indexing. Ellis
[Ellis, 1995] implemented a partially ordered hierar-
chy to index chemical objects. Objects are arranged
in hierarchy based on some partial order over objects.
Fundamental operations construct and maintain an
index based on such partial orders. Sorting CGs in
a partially ordered hierarchy reduces the number of
comparisons. The query contents determine its posi-
tion in the hierarchy. A graph is reconstructed when
the hierarchy is traversed then, a general subsump-
tion algorithm is used to subsume the query by this
graph [Ellis, 1995].

Wermelinger [Wermelinger, 1997] restricted him-
self to tree graphs (no cycle except from the same
node) so the projection became polynomial. He
relaxed the condition for projection from function
(a unique value) to a relation and called it semi-
projection. He proved that semi-projection is equiva-
lent to projection when the graph is tree. He proposed
a polynomial algorithm for semi-projection using the
cover theory.

A Graph Descriptor (GD) is used to encapsulate
some properties of a graph so two graphs can be com-
pared using these GDs. Instead of looking in the
whole graph we look in graph description first.

In injective subsumption domain, where each node
of a subsumed graph is matched by only one of a
subsuming graph, Ellis used GD to define different
types of filters, which can be used in hierarchy to
index a graph. Ellis used injective subsumption in the
domain of indexing chemical objects. Cycles, cycle
length, self-cycle, chain, etc. are descriptors used to
build an index lattice for chemical objects. So if the
structure has a cycle we do not need to look in any
structure that does not have a cycle.

Guinaldo et. al [Cogis and Guinaldo, 1995],
[Guinaldo, 1996] defined graph descriptor in different
way. They defined a linear descriptor for a graph as
a pre-ordered sequence of concepts, relations and the
adjacency edges for each relation according to some
functions. If the graphs generate descriptors that are

linear and equal we can say that these graphs are iso-
morphism. That graphs generate the same descrip-
tors (but not linear orders) means not isomorphism
but that have something in common. So these de-
scriptors can be used to filter and index graphs. Using
these descriptors they proposed an isomorphism algo-
rithm without using projection which in many cases
is polynomial.

Dealing with descriptors is a way to avoid using
projection for matching which is in many cases NP-
complete problem. We are influenced by this work.
But instead of using cycles or length of graph we use
signatures. Moreover, instead of using linear descrip-
tor for the whole graph we use a linear descriptor
(signature) for part of the graph. In the tendering
domain, the structures are too huge so dealing with
pre-determined lattice is not applicable. Ellis et.al.
[Ellis and Lehmann, 1994] need a hierarchy with size
more than 11 million nodes to index graphs of 10
nodes. In tendering domain always we ask about part
of the structure not the whole structure. Splitting
the structures into ontological elements enables us to
index other elements around these ontological signa-
tures.

Signature is a graph with one relation linking two
or more concepts. The signature of a relation type
enforces a minimal coherence in knowledge represen-
tation. The signature may be used for elicitation or
knowledge collection.

In our solution we collect concepts around rela-
tions. Since the number of relation is small, this
makes indexing around relation signatures more ef-
ficient. At the same time this raises another problem.
Reducing the number of relations and signatures will
affect the level of generalization (abstraction) of the
ontology. To illustrate this, suppose that a concept
”Thing” subsumes the concept ”Electronic Machine”
which subsumes the concept ” Computer”. Users who
are looking for a PC may accept to retrieve all sell-
ers who sell computers but they will not accept to
retrieve all sellers who sell any THING. Because of
that the level of abstraction is important in building
the ontology. To solve this problem we create dif-
ferent signatures for the same relation. If the level
of abstraction is violated, we go down another level
and create another signature for that relation. We
create a linear ordered hierarchy for all concepts that
are subsumed by each signature concept. These hier-
archies are built from an Abstract Domain Ontology
(ADO). We will talk about ADO later.

3 Ontological Indexing

Ontology-based (called also concept-based) search
succeeds in locating artifacts (e.g., documents) in
some repository in many applications. Knowledge
users accomplish this by using ontology that a search
engine applies as an index into repository. In this sce-
nario, users identify their concepts from ontology, the
search engine use these concepts to locate desired ar-
tifacts from a repository [Uschold and Jasper, 1999].
McGuinness [McGuinness, 1998] used description
logic-oriented ontologies in Web-search engine. From
query log analysis, she noted that ontologies have im-
proved the search experience from the perspective of
recall and precision as well as ease of query forma-
tion. Yahoo! categorized and classified documents in
subject hierarchy. Yahoo! use this hierarchy to index
and retrieve documents for his Web-search engine. In
the following, we show how we use ontology to index
CG structures.



3.1 Signatures and Ontologies

In our system [Kayed and Colomb, 2000] we have de-
fined four types of ontologies. Two of them are
relevant to this paper. These are the abstract do-
main ontology (ADO) and the tendering ontology.
The Abstract Domain Ontology contains classes,
which are abstract description of objects in a do-
main. The class has Class-ID, Class-Properties,
Class-Synonyms, Class-Type, Relation, Sub-Class,
and Axioms. A relation is a link between classes,
and axioms are rules that govern the behavior of the
classes. The abstract domain ontology represents a
container of abstract data types for sellers’ catalogs.

The Tendering Ontology represents the core ontol-
ogy in our system. The basic part of it is the Ten-
dering Conceptual Structures (TCSs). We divided
them into three models: buyer, seller, and mediator
models. The buyer model is divided into advertising
model, query model, and policy model. The advertis-
ing model again can be divided into tender invitation,
terms, objects (services), specification, and returned
forms. For the sake of space, we will illustrate our
tendering ontology by detailing one of the most im-
E)orta)mt TCSs i.e. the Tendering Invitation Structure
TIS).

Tendering Invitation Structure The tender in-
vitation structure (TIS) is to inform the tenderers
of the scope of the procurement. The tender invita-
tion provides basic information on the procurement
and guidance to the tenderers on the participation.
We derived the component of TIS from UN EDI-
FACT (Electronic Data Interchange For Administra-
tion, Commerce and Transport) ISO 9735 request for
quote message [Blomberg and Lennartsson, 1997].
We have defined TIS as a nested CG, containing
information about the scope of the procurement, the
address and conditions of contracting entity, nature
of contract, duration/completion of contract, eligibil-
ity, award criteria, rules on participation, and objects
specifications.
Formally TIS is defined using the type function of
CG as follows:
Type TIS(x) is
[TCS : *z]—
(ATTR) + [ContractingEntity]—
EATTR — [Address]
ATTR) < [Name]
EATTR; « [ContractingDuration)
ATTR) <« [Eligibility)
ATTR; — [AwardCriteria]
ATTR) <« [Participation Rules]
(ATTR) <« |Services])—
(ATTR) + [Identification]
EATTR; Description]
ATTR Quantzty]
Measure) < [Unit
RelevantDate) <
(RelevantDate)

ProductionDate]
Expirydate]

A signature is a graph relation that relates two
or more concepts. It’s also called a star graph. The
following graph:

[ContractingEntity(CE)] <+ (ATTR) <
[CE_ Attributes]

is a signature for the relation (ATTR). We index
conceptual structures around signatures of each rela-
tion.

3.2 Indexing Overview

We divide the indexing process into two stages: check-
ing the correctness of a structure then indexing it ac-
cording to its signature components. To illustrate
this, suppose that a buyer wishes to invite sellers to
his/her tenders and we wish to index a buyer TIS
structure. The whole TIS is stored in a repository.
The structure is divided into data signatures (DSs).
These DSs will be checked according to the ontologi-
cal signature. Then DSs are compared with the index-
ing list associated with each signature. Using binary-
search-like algorithm we can determine the position
for each DS in that indexing list. These lists are to-
tally ordered by predefined rules of priority and pre-
defined concept ordering sets. These rules will define
the finding policies in retrieving process.

Each signature consists of two or more concepts
and one relation. Different strategies can be defined
to order these signatures. Usually we use the concept
arity as our default strategy. We ordered signatures
according to the concept with arity;, arity,, and so
on. For each ordering strategy we create an ordering
list. In retrieving data, we should determine which
ordering list we are going to use. Usually we use the
default. In a system governed by software agents, we
could define this parameter in agent’s policies. Dif-
ferent agents can use different ordering lists. Also, it
could be defined according to the type of query. If a
certain concept is queried, we could use the list with
high priority for that concept.

In our indexing and retrieving procedure, we use
a binary-search-like algorithm. Concepts should be
totally preordered. Concepts in ADO are partially
ordered. We define Numbering Rules to number the
concept for each signature to be totally preordered.
There are many ways to define these rules. The fol-
lowing is one example of these rules:

e Parents are always greater than their all children.

o Left nodes with their children are greater than
right nodes.

Using the above rules and ADO (see figure 2), we
numbered the following data signatures for the rela-
tion " Type-of”:

1: [Service] «+ (Type — of) < [Electronics]
2 : [Product] + (Type — of ) < [Electronics|
3 : [Service] + (Type — of ) + [TV]

4 : [Product] < (Type — of ) + [TV

5 : [Service] + (Type — of ) + [Computer]
6 : [Product] < (T'ype — of ) < [Computer]
7: |Service] + (Type — of ) + [PC]

8 : [Product] < (T'ype — of ) < [PC]

9: [Service] + (Type — of ) + [Pentium)]
10 : [Product] < (T'ype — of ) < [Pentium)
11 : [Service] + (T'ype — of ) < [Laptop)
12 : [Product] + (Type — of ) < [Laptop)

13 : [Service] + (Type — of ) «+ [Car]

14 : [Product] < (T'ype — of ) < [Car]

Tablel: Example of indexing Data Signatures

We adopt this numbering rule from the depth-
first-search strategy. Software agents whose concern
is generalization and specialization retrieval can use
this strategy. Suppose an agent looks for a PC. This
rule indexes all the children of PC down (e.g., Laptop,
desktop, etc.) and all parents of PC up (e.g., Com-
puters, Electronic machine). Agents, depending on
their policies, can go down the index for more specific
items, or up for more general items. These policies
will control agents’ behavior when they try to find
the closest information to their needs. Other strate-
gies also can be used. A topological ordering strategy
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Figure 2: Part of concepts hierarchy

is used when agent is looking for a broad view about
some concepts. In our example, agents can use this
strategy when they are looking for the types of com-
puter like PC, Mac, mainframe and so on.

We should note that ontological signature concepts
are the maximal concepts in the indexing list i.e. sig-
nature concepts subsume all data signature concepts.
The level of abstraction can be specified more in the
agents’ policy. Agents can traverse up or down only a
specific number of levels determined by their policies.

In the following we will define some structures
needed for our algorithms. Then we will explain the
correctness and indexing algorithms in more detail.

3.3 Definitions

Definition 1. [Guinaldo, 1996] A conceptual graph
is bipartite labeled graph G=(R,C,E,Lab). R and
C denote the set of R-vertices (relation nodes) and C-
vertices (conceptual nodes) respectively. E is the set
of edges. Each vertex x € R U C has label Lab(x).
Labels of vertices are ordered by two partial orders
(Te,<1.) and (Tr,<rq). The set of the edges ad-
jacent to each R-vertex r is numbered from 1 to de-
gree(r) and G;(r) denotes the it" C-vertex adjacent
to r [Guinaldo, 1996].

Let TCS be a set of CGs for tendering concep-
tual structures. Let R be the set of relations for a
tendering structures TCS.

Definition 2. [Sowa, 1999a] A star graph is a CG
that contains a single conceptual relation and the con-
cepts that are attached to each of its arcs.

Definition 3. A signature S;(R) = (C,E) repre-
sents the it star graph which fixes the arity of a re-
lation R and shows the greatest concept types this
relation type can link. C denotes the set of Concepts
and E is the set of edges linking the concept with R. In
[Mugnier and Chein, 1993a] the set of all star graph
is called the basis of the support (well-formed graph)
and there is only one signature for each relation.

Definition 4. Let Ordering_Strategy be a set of
all possible linear sequences for a finite set of concepts.

Definition 5. Let L(C;) be the set of concepts sub-
sumed by the concept C;. Let TOL(C}, J) be a set of
total pre-ordered concepts subsumed by the concept
C; under Ordering_Strategy J. Let <ror(c,,7) be a
subsuming relation defined under this total pre-order.

Definition 6. Let CPR(S;(r),J) =
C1,C2,...,Degree(r) be a linear sequence of
concepts of a specific signature i for a relation r
under Ordering_ Strategy J.

As a general policy, we always order referents using
normal keyword ordering. In CG sense, the * domi-
nates all other referents and also the top concept T
dominates all other concepts.

3.4 Correctness and Indexing Procedures

Using the previous definitions we define the correct-
ness and indexing algorithm.

Correctness Checking Procedure The idea
here is to check whether a structure is correct or not.
If all its elements are correct according to the onto-
logical signatures then we can store the data in the
repository and add each signature of this structure in
the appropriate indexing list.

Input: A TCS structure

Output: T = True if each element of TCS follows
a signature, otherwise false. LS is an array contains
signatures with the address of their associated index
list, LS will be empty if T = False.

Start:
0-T = True
1-Split the TCS structure into star graph form
2-Store results of step 1 in the set SEQ
3-For each signature S in SEQ Do
Find the appropriate signature that
matches S in the repository by
Find a relation r in the repository that
matches the Relation of S
If r = Empty then T = False: Return
Else
For each signature S; of r DO
Check if all Arity Concepts of S are
<= of all Arity Concepts of S;
respectively If the result is
True for S; then go step 4
Else
Next signature S;
T = False: Return
4-Insert the signature S and the address of
associated index list of S; into LS
5-Return

Suppose we like to check the correctness of the
data signature [Product] < (Type — of) < [PC] of
some TIS structures. We find that the relation Type-
Of has many signatures, one of them is [Service| +
(Type — Of) « [Product]. Since Product < Service
and PC < Product according to the concept type
hierarchy (see figure 2) so we return the index list for
the signature [Service] < (T'ype — Of) < [Product].

If all elements of data structure is correct then we
store the whole structure in the repository and start
insert its data signatures in the indexing list.

Procedure Indexing_data_ structure

Purpose: Insert data structure in the signature-
indexing list using concept priority rule K and Pre-
ordering strategy J.

Input : The Array LS

Start:



For each element in LS Do
L = LS(i).Index_List.(K,J)
S = LS(i).Signature
B = The position of the first element in L
E = The position of the last element in L
Pos = Adding-Signature(B,E,L,S)
Insert the signature at the position Pos
Next element
End Procedure

Function Adding_ Signature

Purpose: Add a signature S in the right place in
the index list L by using Binary Search like techniques
and priority indexing rules.

Input : B the first position in the list L, E the
end position in the list L, S the signature to be added
in the list L, the Degree(r) is function returns the
number of arity of a relation r.

Output: The position where to add the signature

Start:

P; = 1/ Priority level 1 for concept caparison,

2 for referent comparison.

P, = First element in CPR(S, K)

M = 1' The Middle Element in the list L

S1:

If E < B then Go Terminatel

M =INTEGER(B+ E)/2

Let x be the concept vertex of arity Ps of S

Let ¢ be the concept vertex of arity P» of L(M)

If x<70L(s,7) ¢ Then B=M + 1:Go S1

If X>TOL($,J) ¢ Then E = M — 1:Go S1

If X:TOL(m,J) ¢ Then

(*We check if we can go a lower level
comparison priority*)
If P> <Degree(r) Then
P2 :PQ + +UnderPriorityOrderK 1
Go Compare2
If P, =Degree(r) Then Py = 2:Py, = 1:Go
Compare2
Compare2:
Case P,
1: (Concept Comparison):
Let x be the concept vertex of arity
P2 of S
Let ¢ be the concept vertex of arity P»
of L(M)
If X<T0L(2,J) C Then
B=M:P,=1:P,=1:Go S1
If X>TOL(2,J) C Then
E=M:P=1:P, =1:Go S1
If X:TOL(m,J) ¢ Then
If Py <Degree(r) Then
P,=PF+ +UnderPriorityOrderK1
Go Compare2
If Py =Degree(r) Then
P1 =2: P2 =1
Go Compare2
2: (Referent Comparison)
Let x be the referent of the concept
vertex of arity Py of S
Let ¢ be the referent of the concept
vertex of arity P of L(M)
(* If x has no referent this means that
x=c*)
If x<c Then
B=M:P=1:P,=1:Go S1
If x>c Then
E=M:P=1:P =1:Go S1
If x=c Then
If P> <Degree(r) Then
P2 = P2 + +UnderPriom'tyOrderK]-
Go Compare2
If P, =Degree(r) Then
Go Terminate2

End Case
Terminatel:
If x<c then Return M+1
If x> ¢ then Return M-1
Terminate2:
(*We can Return (M-1) or Return (M+41)
since there are equal*)
Return (M+1)

Explaining the algorithm The above function is
a binary-search like algorithm. It aims at finding a
position in a pre-ordered list to insert a certain signa-
ture. Since a signature contains two or more concepts,
these signatures can be pre-ordered in different ways
according to which concept you will start with and
according to which hierarchy is being used to order
the signature’s concept. After setting these param-
eters, the Indexing-data- structure procedure calls
Adding-Signature function to find where to add this
signature. The function Adding-Signature starts in
the middle of an indexing list, and compare the In-
dexed Signatures (ISs) with a Data Signature (DS).
If an IS matches the DS we stop and insert the DS
in that position. If not, we go up (if DS < IS) or
down (if DS > IS) and repeat the process until we
terminate. The first termination occurs if we jump
out of the list (the end of list is less than the start-
ing positing), so we insert the signature close to the
last middle. The second termination occurs when we
find a match, so we can insert the signature before
or after that position. The main difference between
this algorithm and binary-search algorithm is in way
of comparing. Here we are comparing signatures. Us-
ing these lists data could be retrieved. A retrieving
algorithm is the same as Adding-Signature function
with small difference. In Adding-Signature function
we try to find a position to insert a new DS, while in
retrieving process we try to find the positing of an IS.

3.5 Ontological Matching

Formal ontologies define the roles, the concepts,
and the relations between concepts. In the litera-
ture, there are many compatibility measures to check
the similarity between concepts using ontology. In
[Kayed and Colomb, 2000] we have defined different
levels of matching. Starting from exact matching to
weak matching. Our matching algorithm is the same
as the insert procedure with little modification in Ter-
minatel and Terminate2. In Terminatel we return
no answer and stop. In Terminate2 we return true
and start traversing the index down or up for more
answers. We stop traversing depending on agent’s
policy i.e. when the distance between the indexed
signature (IS) and the data signature is zero or small.

To illustrate this, suppose a seller agent wants to
find a buyer who likes to buy a PC. Two signatures
can be formulated as follows:

DS1 : [Product] < (Type — Of) < [PC]
DS2: [PC| + (ATTR) < [Name : Dell].

Suppose we have the following ontological signa-
tures:

S1: [Service] < (T'ype — Of) < [Product]

S2 : [Product] < (ATTR) < [Name].

The relation ”Type-Of” and ”ATTR” may have
other signatures. DS1, DS2 are correct since they are



subsumed by S1, S2 respectively. Using the arity pol-
icy, we easily can find that the indexed signature (IS)
in line 7 table 1 is the same as DS1. Indexed signa-
ture points out to structures in the repository that
contains these signatures. Using the same method we
can find the address for DS2. The common addresses
will be returned as answers for the query.

If we traverse down line 7, we note that there is
a ”Kind-Of” relation between the corresponding con-
cepts of lines 8-12 and DS1. We stop traversing down
line 13 since there is no relation between Car and PC
in ADO.

Depending on the relation between corresponding
signatures, we define the following matching types:

e Exact matching: Each concepts of DS is the same
as IS i.e. DS-IS=0.

e Synonym matching: All concepts in DS has
”Synonym” relation with the corresponding con-
cepts in IS (i.e. DS —gy,, IS = 0). These rela-
tions are calculated from ADO. We use WordNet
[A.Miller, 1995] to add synonyms relation to our
ADO ontology.

e Relational matching: There exist a relation R
between the corresponding concepts signatures
(iie. DS —g IS = 0). Where R is any relation
like kind-Of, Part-Of, etc.

Our algorithm provides two types of comparison. One
compares concepts and the other compares referents.
We use the * in the referent side to indicate any ref-
erent. Referents are compared by keyword matching.
User can use * to ignore referent comparison. Since
we use binary-search like algorithm, the complexity
of the algorithm is log(n).

3.6 Discussion

Matching between a query (which is a CG) and the
facts knowledge in the repository is done by finding
a projection between the query and some knowledge
facts. Mugnier et. al. [Mugnier and Chein, 1993b]
proved that finding a projection between two graphs
is an NP-complete problem. They also proved that if
the projected graph is tree then the projection turns
to be polynomial. In our case, we build the query
around the signature, which is a tree. So projection
using signature is polynomial. To locate data effi-
ciently, we sort these data signatures using an ADO
ontology. We retrieve data by a binary-search like
algorithm. By using the ontology to locate data we
gain the following:

e We could split the query into signatures which
turn it from graph to tree which changes projec-
tion to polynomial.

¢ Ontology enables us to sort signatures in a to-
tally ordered set, so we could apply a binary-
search like algorithm which turns the complexity
to log(n).

e Using different policies to order, index, match,
and retrieve data. This helps us to build a
mediated-agent-based tendering system.

e Data signatures ordering list reflect the general-
ization/specialization properties. We use these
properties to traverse the list for more likely an-
swers or to apply soft-matching.

e The predefined signatures enable us to define bid
evaluation rules. We can determine which par-
ticular signatures from seller model are best fit
with other signatures from buyer model.

Other methods of indexing CG (e.g., [Ellis, 1993])
direct their effort to index the whole graph in a hierar-
chy. We use the ontology to index graph’s parts (sig-
natures) where these parts point to the whole graph
(structure) in the repository. The explicit ontology
and the numbering rules enable us to define a sub-
suming relation among signatures. This enables us to
retrieve data as well as structures by a binary-search
like algorithm.

4 Conclusion and Future Work

There are increasing interesting in ontology in many
domains. Ontological analysis will be the first step in
building a robust online system. The web is changing
the way of building systems. In an open environment,
is not enough to define terms to be used by internal
users. Now the whole world needs to understand your
terms. The whole world will be your customer. The
complexity in building online systems should reflect
simplicity on user side. Define your term, classify
them, formalize them, using an existing or updated an
existing ontology, and providing tools to solve any se-
mantic conflicts become essential steps before putting
a system online.

In this paper, we defined different types of match-
ing through different relations defined in the ontology.
This helps software agent in performing different type
of policies depending on the users’ needs. Agency
means that agent can behave on behalf of the user,
but this behavior is controlled by given strategies or
policies. These policies define how the agent could
work autonomously. We use relations to apply dif-
ferent type of matching. All these relations can be
extracted from the ADO ontology.

We define our indexing procedure according to
concept, order set. This ordering can be simple or
complex according to the user preferences. We usu-
ally use the Is-A relation to build these sets. In the fu-
ture we will use other relation like part-of, collection-
of, and feature-of, etc. These set will be built accord-
ing to the application domain.

We retrieve query by matching query signatures
and indexed signatures. The distance between the
indexed signature and data signature is calculated.
If the distance is acceptable we start traversing for
more relaxed matching. We used exact match or any
relational matching determined by agent policy.

The distance between signatures is calculated ac-
cording to the relation types among the corresponding
concepts. To say that a signature S; is a " Type-Of”
So, all concepts in S; should have a ”Type-Of” re-
lation with S5. In our future work, we will improve
it so that all concepts in S; should have a relation
subsuming the ” Type-Of” relation.

Since our structures are built upon predefined sig-
natures, our ongoing work is to define rules of match-
ing for bid evaluation. A signature S; in structure
TCS, is best fit with signature S5 in structure T'C'Ss.
We are defining rules that match signatures between
tender invitation and sellers profile.

The contribution of this work can be summarized
as use of ontological matching with existing CG in-
dexing technique to index tendering structures. This
method can be applied in any domain where seman-
tic matching is required. Our work is distinguished
from other in that; our work is care about the data
as well as the structure, matching parts of graphs not
only the whole graphs, and indexing structures using
ontological methodology.
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