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Abstract. Object-oriented technology has become mature enough to satisfy

many new requirements coming from areas like computer-aided design

(CAD), computer-integrated manufacturing (CIM), or software engineering

(SE). However, a competitive information management infrastructure often

demands to merge data from CAD-, CIM-, or SE-systems with business data

stored in a relational system. One approach for seamless integration of object-

oriented and relational systems is to migrate from a relational to an object-

oriented system. The first step in this migration process is reverse engineering

of the legacy database. In this paper we propose a new graphical and execut-

able language calledGeneric Fuzzy Reasoning Nets for modelling and apply-

ing reverse engineering knowledge. In particular, this language enables to

define and analyse fuzzy knowledge which is usually all what is available

when an existing database schema has to be reverse engineered into an

object-oriented one. The analysis process is based on executing a fuzzy petri

net which is parameterized with the fuzzy knowledge about a concrete data-

base application.

1 Introduction and Related Work

Object-oriented technology has become mature enough to satisfy many new require-
ments coming from areas like computer-aided design (CAD), computer-integrated
manufacturing (CIM), or software engineering (SE). Those new requirements are not
fulfilled by relational technology [LS88, Mai89]. However, a competitive information
management infrastructure often demands to merge data from CAD-, CIM-, or SE-sys-
tems with business data stored in a relational system. In addition, complex dependen-
cies between those data stored in the different systems might exist and should be
maintained. One approach for seamless integration of object-oriented and relational
systems is to migrate the data (and the corresponding schema) from a relational to an
object-oriented system.

The whole migration process consists of three steps which are (1) theschema migration
process which maps a relational schema to an equivalent object oriented schema, (2)

Published inProc. of ESEC/FSE ’97, Zurich, Switzerland. LNCS 1301.Copyright © 1997 Springer



thedata migration process which converts extensions of the relational schema to exten-
sions of the object oriented schema and (3) theapplication migration process which
creates a new application program using the object oriented database for every applica-
tion program that uses the legacy database.

This paper focuses on the first step in the migration process, namely the migration of
the schema. A major job to do when migrating a schema is to analyse and reverse engi-
neer the schema. This paper proposes a new approach for analysing existing relational
schemas in order to reverse engineer them into object-oriented ones.

Analysing an existing database schema means to analyse the schema definition, the
application code written in a so-called embedded SQL (Standard Query Language)-lan-
guage where the embedding language is e.g. C or COBOL, and the available extensions
of the schema. This analysis requires to express possibly uncertain assumptions about
the schema which is to be reverse engineered. These assumptions may be partly dedu-
cable from the schema definitions and in particular the defined integrity constraints or
from the SQL-queries within the application code. They may also only be deduced from
the currently available schema extensions. Furthermore, an application has been devel-
oped incrementally over time by many developers who are sometimes even not acces-
sible any more and who often did not do a good job on documentation. The result is that
integrity constraints may even define contradicting constraints.

In order to retrieve an object-oriented schema an analysis tool should help to combine
basic assumptions and to investigate their consequences. As many of those assumptions
are uncertain, a tool should be able to deduce different possible consequences and their
confidences. By supporting an incremental and interactive verification process, the tool
should then let the reverse engineer decide finally which is the best alternative to
choose.

Existing approaches [DA87,JK90,SK90,And94,PB94,PKBT94,FV95] do not support
this kind of reasoning process, since the knowledge about the reverse engineering proc-
ess is usually not defined explicitly but hard-coded in a batch-oriented analysis tool.
One notable exception is an approach which is based on defining the reverse engineer-
ing knowledge in terms of PROLOG-rules [SLGC94]. However this approach as well
as all others do not support the explicit (and thus easily changeable) definition and anal-
ysis of uncertain knowledge.

The next section gives a more detailed example which kind of semantic information we
have to derive and which kind of uncertainty we have to deal with. Section 3 then
presents our approach how to capture formally and precisely yet intuitively the (uncer-
tain) reverse engineering knowledge about relational databases. Section 4 describes the
inference engine which analyses basic facts about the investigated database and which
then infers as much semantic information as possible by applying the reverse engineer-
ing knowledge described within Section 3. Within this step the inference engine incor-
porates and verifies interactively added user knowledge. Section 5 concludes with
describing the current state of our work.



2 A Motivating Scenario

Due to its simplicity the relational model lacks the expressive power to explicitly rep-
resent high level modelling concepts like, e.g. object relationships, aggregation, and
inheritance. However, indicators for these concepts are spread all over the application
code, the schema and the extension of a legacy relational database. The focus of reverse
engineering is to find such indicators in order to recover information about high level
modelling concepts. In [FV95] this process is described assemantic completion of a
relational schema. Consequently, the recovered information which is the result of this
process is denoted as thesemantic information of a relational schema. This semantic
information is the basis for a translation of the relational schema into an object-oriented
data model, as described in [FV95].

As an illustrating example consider the cutout of a relational database system repre-
sented by its schema (Fig. 1), its extension (Fig. 2) and its application code (Fig. 3). The
reverse engineered object model for this example is given in OMT-like notation in
Fig. 5. In order to be able to produce this object model the semantic information
depicted in Fig. 4 has to be deduced from the legacy database. In the following we will
explain how this information is retrieved from the sample database.

First we deduce that there may be two different kinds (variants) of persons, due to the
fact that every person in the sample extension has either a null-value in theAFR column
or in thedep  column, but there is no person that has both columns with null value. Due
to our domain knowledge about the analysed database application, we name the variant
with values in theAFR columnDeveloper , while the other variant withdep  values
is denoted asManager .

Attribute dep  is probably a key of variantManager , as it is declared as an index and
it is not-null in this variant and the functional dependencies to all other attributes in
Developer  hold in the extension.

Furthermore, the first statement in Fig. 3 selects two persons with differentname
attributes. In [And94] this is called a cyclic exclusion, which serves as an indicator that
name is a key of tablePerson . On the other hand, the second select statement, which
gets theAFR value of some entry in tablePerson  with a specific value forname,
includes the keyworddistinct, which is a negative indicator forname being a key

Fig. 1: Sample database schema

create table Project (
descr varchar(50) not null,
manager varchar(50),
size numeric,
scheduled datetime)

create table Person(
name varchar(80),
email varchar(80),
dep varcher(80),
AFR real)

create index Person(dep)

create table WP(
descr varchar(50) not null,
proj varchar(50)
dev varchar(50),
size numeric,
scheduled datetime,
foreign key proj references Project(descr))



[And94]. Due to our experience, we know that some programmers tend to use the key-
word distinct by default even if not necessary. Thus, we resolve the above conflict by
assigning a higher weight to the pro argument than to the counter argument.

From the observation that tables
Project  and WP both have
attributes descr , size  and
scheduled  with matching types, it
is likely that at-a-time these attributes
have identical meaning. According to
[FV95] attributes with identical
meanings are collected in so-called

equivalence classes. Normally, this indicates an inclusion dependency (IND) between
both sets of attributes. However, this assumption can be disproved by analysing the
extension in Fig. 2. In fact, there is no tupel in tableProject  andWP with common
values in these columns. Therefore, we assume that there is a hiddendomain relation
Task  for all tupels inProject  andWP. At this, the term domain relation is used as
the relational analogy for a superclass in the object oriented data model (cf. [FV95]).
The deduced inheritance relationship is characterized by inclusion dependencies (ISA-
IND) from Project  andWP to the new domain relation.

Moreover the third statement of Fig. 3 is a strong indicator that attributedev  of table
WP belongs to the same equivalence class as attributename of tableperson , because
the statement includes a join of both tables over these attributes. Thus, we conclude that
there exists an IND in either direction between these attributes. However, we already
know that there are two different variants ofperson , namelyDeveloper  andMan-
ager . Thus, we have to check for both variants, whether the possible INDs can be dis-
proved by a counterexample in the extension. In fact, the assumption of an IND between
variantManager  andWP is refuted by the given extension, while INDs in both direc-
tions between variantDeveloper  andWP are fulfilled.

According to [FV95], we classify the IND going from tableWP to tableDeveloper
as akey-based IND, as we assumed that the attributes on its right side built a key in table
Developer . Such an IND represents a referential integrity constraint and is called an
R-IND in [FV95]. Consequently, the supposed inverse IND fromDeveloper  to WP
is denotedinversely key-based but not key-based. Such INDs are classified as so-called

Fig. 2: Database extension

Person name email dep AFR
Steve snoopy NULL 1.2
Brenda brenda MW NULL
Martin mksoft NULL 1.9
Boris bumbum NULL 1.4
Michael mike IS NULL

...

Project descr manager size scheduled
Varlet Michael 150 05/31/97
Merlin Brenda 320 06/01/98
GEN Michael 80 02/01/97

...

WP descr project dev size scheduled
Trafo Varlet Martin 30 02/01/97
PE Merlin Steve 20 04/01/97
GUI GEN Boris 10 01/01/97
Ana Varlet Martin 12 03/01/97...

Fig. 3: Application code

select * from Person x,y
where (x.AFR>$A) and (y.AFR>$A)
and not (x.name=y.name)
...
select distinct AFR from Person
where name=$N
...
select email from Person,WP
where scheduled<$E and dev=name
...



C-INDs, as they reveal a cardinality constraint for the regarded relationship betweenWP
andDeveloper , i.e. there is at least one tupel inWP for each tupel inDeveloper .
Together, these two inverse INDs are translated into an association betweenWP and
Developer with cardinality 1-n to 0-1 in the object-oriented model (Figure 5).

The reader should note that due to the lack of space we do not present all parts of the
sample database that is investigated in order to derive the depicted semantic informa-
tion. In addition some information like e.g. the names for the variantsDeveloper  and
Manager cannot be deduced automatically, but has to be added manually.

3 Generic Fuzzy Reasoning Nets

In order to make reverse engineering knowledge about relational databases accessible
for a (semi-)automatic analysis process, it has to be specified in a formal representation.
Moreover, it is of great importance that this knowledge is easily adaptable. For exam-
ple, different legacy database applications may provide different sources of information
which has to be considered in the reverse engineering process. Furthermore, the credi-

Fig. 4: Semantic information for the given database schema

Variants:
Person: Developer(name,email,AFR)
Manager(name,email,dep)

Keys:
project(descr)
WP(descr)
Person(name)
Manager(dep)

Not Null:
Project(manager,descr)

Equivalence Classes:
{WP.descr,Project.descr}
{WP.size,Project.size}
{WP.scheduled,Project.scheduled)}
{WP.dev,Developer.name)}
{WP.proj,Project.descr}
{Project.manager,Manager.name}

Domain Relations:
Task(descr,size,scheduled)

Inclusion Dependencies:
R-IND:

Project(manager)⊂ Manager(name)
WP(proj)⊂ Project(descr)
WP(dev)⊂ Developer(name)

C-IND:
Developer(name)⊂ WP(dev)

ISA-IND:
Project(descr,size,scheduled)⊂
Task(descr,size,scheduled)
WP(descr,size,scheduled)⊂
Task(descr,size,scheduled)

Fig. 5: Resulting Object Model

Person
name
email

ManagerDeveloper
AFR

Department
depName

Task
descr
size
scheduled

Project WP
1-n



bility of indicators may differ from one to another developer/company depending on the
preferred style of programming and the history of the legacy database application.

Coding the reverse engineering knowledge in a programming language like C or C++
is not feasible, since this approach lacks the desired flexibility. Even if this knowledge
is modelled in textual rules (e.g. in PROLOG) extensive specifications might be diffi-
cult to understand. Thus, because of its expressive power we developed a graphical for-
malism, so calledGeneric Fuzzy Reasoning Nets (GFRN) which are described in this
section.

Let us consider the following reverse engineering ruleR:

if  the application code includes a select statement with adistinct keyword qualified
by a set of attributesa then it can be deduced with certaintyφ thata and all its subsets
do not represent candidate keys.

The GFRN notation of our sample rule
R is shown in Fig. 6. There are two
predicates, sel_dist 1 and key 1,
which are represented by ovals and an
implication, which has a rectangular
shape. Predicates are labelled with
unique names which are indexed by

their arity. Predicates and implications are connected by directed edges. An outgoing
edge from a predicate to an implication denotes that this predicate is in the antecedent
of the implication, while an ingoing edge from an implication to a predicate shows that
the predicate is in the implication’s consequent. Negations are represented by black
arrow heads. Each edge is labelled with a (list of) formal parameter(s), which serves as
argument for the participating predicate. Each implication has an associated confidence
factor (φ). Furthermore, each implication has a set of constraints over the formal param-
eters of its in- and outgoing edges. In Fig. 6 the implication has only one constraint
which specifies parameterb to be a subset of parametera.

The semantic of a GFRN is formally defined by a translation into weighted formulas in
first-order logic: Each predicate is translated in a corresponding predicate symbol. Each
implication is translated into a pairF*

:=(F, φ), whereφ is a valuation (usually between 0
and 1) andF is a closed formula in classical first-order logic[CS80]. The reader should
note that in the GFRN language all formal parameters of implications are implicitly
quantified with a universal quantifier. For example the implication in Fig. 6 is translated
in the following logic formulaF:

F: (∀a)(∀b⊆a)(sel_dist(a)⇒¬key(b))

In different approaches to uncertain logic the valuationφ can have different semantic.
In probabilistic logic [Paa88]φ defines a probability measure for the likelihood thatF
is fulfilled, while in possibilistic logic[DP88] which is based on the theory of fuzzy sets
[Zad78]φ represents an upper bound of possibility thatF is true (respectively a lower
bound of necessity in necessity valued possibilistic logic [DLP94]).

Fig. 6: GFRN notation of rule R

sel_dist1
a

b⊆a
φ

key1
b



We choose a possibilistic semantic forφ because in our application domain valuations
are intuitively chosen by the reverse engineer based on heuristics and assumptions
rather than on statistical analysis of precise likelihood measures. Furthermore compu-
tation of probabilistic measures is much more expendable, in order to fulfil all axioms
of probability theory and as argued we do not need this degree of precision. For a
detailed discussion on the pros and cons of probabilistic and possibilistic logic we refer
to [DP88].

The knowledge that we used in our reverse engineering scenario (Section 2) is easily
modelled in a GFRN as shown in Fig. 7. We already know predicatessel_dist 1 and
key 1 from Fig. 6. The fact that a cyclic exclusion might be an indicator for a key con-
straint is specified by an additional predicatecycl_excl 1 and implicationi 2.

According to our experience with legacy database applications we have chosen the con-
fidence of implicationi 2 as quite high (0.8) while the confidence of implicationi 1 is
relatively low (0.3). This is due to our observation that a cyclic exclusion serves as a
credible indicator for a key constraint, while the keyworddistinct  is often used in
application code when it is not really needed.

Implication i 10 specifies with confidence 1 that a supposed key constraint may only
exist, if it cannot be disproved by a counterexample in the database extension.

Furthermore, the GFRN includes a predicatejoin 1 which reflects the fact that we are
interested in finding joins over attributes of different tables in the application code of
the legacy relational database. The argument of predicatejoin 1 is a set of tupels, each
tupel representing a pair of compared attributes of both tables. As argued in our reverse
engineering scenario such a join statement may reveal an inclusion dependency in one

cycl_excl1

i2: 0.8

v2⊆v1

i1: 0.3

v2

v1

i3: 1.0

i4: 0.6

v2

i8: 1.0

equc2

i6: 1.0

i9: 1.0

v3,v4

v2∈v1
v1

i7: 0.5

join1

v3=π1(v2)
v4=π2(v2)

v2=π2(v1)

v2=π1(v1)
v3=π2(v1)

v1

v1

i5: 0.6
v2=swap(v1)

v2v1

v1

v3

C-IND1
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key1

R-IND1

IND1

disprIND 1 tcomp2

ncomp2

v1

v1

v1,v2

v1,v2

v1,v2

v1,v2

Fig. 7: Generic Fuzzy Reasoning Net
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or the other direction between the participating attributes. This is reflected via implica-
tion i 5 which has two outgoing edges to predicateIND1. The right edge is labelled with
parameterv2 which is constrained to be the application of functionswap on parameter
v1. Functionswap is defined to take a set of pairs and to exchange the element posi-
tions of each pair. Consequently, for a given join statementi 5 specifies the conclusion
of an IND in both possible directions with a certainty factor of 0.6.

A supposed IND may only reside if it cannot be disproved by an analysis of the exten-
sion of the legacy database. This is specified by implicationi 6. Moreover,i 9 strictly
implies that every pair of attributes in an IND belongs to the same equivalence class. At
this, functionsπ1 andπ2 stand for the relational projection on the first and the second
element in each tupel.

Another heuristical indicator for a possible equivalence of two attributes is the compat-
ibility of their names (ncomp2). Furthermore, it is obvious that equivalent attributes
must have compatible types, which is specified throughtcomp 2 andi 8. The reader
should note that due to the application of fuzzy sets in our approach the notion of type
and name compatibility is not as strictly defined as in most other approaches.

Finally, implicationsi 3 andi 4 serve to classify an IND as either an R-IND, if there is
a key constraint for the attributes on the right of the inclusion, or a C-IND if this is not
the case and the left hand of the inclusion dependency is assumed to be a key.3

Formally a GFRN is defined by the following 5-tuple.

Definition 1: Generic Fuzzy Reasoning Net

A generic fuzzy reasoning netis defined by a 5-tupleGFRN:=(P, I, E, F, cf), where

• P = {p1
k1, p2

k2, ..., pz
kz} is a finite set of uniquepredicate symbols, where

kq∈ denotes the arity of predicate symbolpq
kq.

• I= {i 1, i2, ..., im} is a finite set ofimplications, each implicationig ∈I is a tupel
ig = (ιg,Vg, Kg), with

• ιg, a uniqueimplication identifier,

• Vg=<v1, v2, ..., vf>, f ∈ +, a list of uniqueparameter namesof impli-
cation ig,

• Kg={k1,k2,...,ks}, s ∈ is a finite set ofconstraints overVg, with

kx=(w,r,fu,<w1,w2,...,wu>)  where w,w1,...,wu∈Vg ,r ∈{∈,⊆} and fu∈F .

• E ={e1,e2,...,en}, n∈ + is a finite set ofedges, where eacheg∈E is a tupeleg=

(χg, lg, sg, dg,Ag), with
• χg an uniqueidentifier,

3. The confidence of implication i4 has been chosen as 0.6 because according to
[FV95] an IND may also represent an inheritance relationship (classified as an
ISA-IND), if there exists key constraints for both sides of the IND.

IN

IN

IN

IN



• lg:(pq
kq,(ι,V,K)) ∈ (P× I), a location,

• sg ∈ {+, -}, a sign,
• dg ∈ {antecedent, consequent},a direction, and
• Ag=<α1,α2,...,αkq>,anactualization vector of eg whereαj=ε or αj∈V

for 1≤j≤kq.

• F= {f 1
u1, f2

u2, ..., fx
ux} is a finite set of uniquefunction symbols, whereuq∈

denotes the arity of function symbolfq
uq.

• cf: I → (0, 1] is a function that associates real values between 0 and 1 to impli-
cations.

4 The Fuzzy Inference Engine

A GFRN solves the problem to represent general reverse engineering knowledge for-
mally but yet intuitively accessible. In order to analyse existing applications, this
knowledge has to be combined with concrete information about the application’s
schema, the available extensions, and the available procedural code (cf. the example in
Section 2). An inference engine uses the knowledge expressed in a GFRN together with
concrete information about an existing application to infer all possible pieces of seman-
tic information about the application (e.g. Fig. 4) together with their confidences. The
confidence information is then used by the reverse engineer to decide which are the
pieces of semantic information that are used to construct the object-oriented schema.

4.1 Introducing Incomplete Information to the Inference Process

The inference process starts with the defined GFRN and a usually incomplete amount
of information about a concrete application. This information is incomplete because it
is not feasible to retrieve all facts about the application which may be relevant for
deductionbefore the inference process is started. For example it is not practical to deter-
mine in advance the set of all possible inter- and intrarelational dependencies that can
or cannot be disproved via the extension of a relational database application, since the
number of resulting facts grows exponentially with the size of the analysed schema. The
only way out is to start inferencing with incomplete information which may be com-
pleted depending on the intermediate results during the inference process (as we will
illustrate later).

In our approach we will refer to the initial amount of incomplete information as the
premise, which consists of a set of facts which we callaxioms. We distinguish three
types of axioms which are handled differently during the inference process.

The first type of axioms are so-calledstrong axioms, since they cannot be disproved
during the inference process. Typically, strong axioms are automatically retrieved dur-
ing an initial investigation of the concrete legacy database application. Revisiting the
motivating scenario in Section 2 the information that a select-distinct statement and a
cyclic join has been found in the application code will be represented in our approach
as two strong axioms with confidence 1.

IN



Another type of axioms are calledweak axioms. Weak axioms stem from the subjective
belief of a reengineer that certain facts may be true with a given confidence. As opposed
to strong axioms the confidence of weak axioms may be changed during the inference
process. For example let us assume that the reengineer in our sample scenario interac-
tively adds the assumption that attributedev  is a key of tableWP with his/her subjective
confidence of 0.5. Given the available extension in Fig. 2 this assumption has to be
refuted during the inference process, as the values of attributedev  are not unique for
each tupel in tableWP.

Finally, a premise may include a number ofdeferred axiomswhich are evaluated on an
on-demand basis during the inference process. For example, if we consider the GFRN
in Fig. 7 it is obvious that axioms over predicatesdisprIND 1 andtcomp 2 should be
defined as deferred, because otherwise, as argued above, there would be an enormous
number of strong axioms that would have to be created.

Formally, a premise is defined as follows.

Definition 2: Proposition

Let (P, I, E, F, cf) be a GFRN andU the set of constants in our universe of discourse.
A proposition dis a tupeld:=  (pq

kq, O), where

• pq
kq is a predicate symbol,

• O:= <o1, o2, ..., okq>, is a list ofconstants, oi ∈U; 1 ≤ i ≤ kq.

Any propositiond:=(pq
kq, <o1,... , okq>)  is said to be in the extend ofP (d ∈ext(P)),

iff pq
kq∈P.

Definition 3: Premise

A premise ZG over a given GFRNG:=(P,I,E,F,cf) is defined as a tupelZG:= (As
G,

Aw
G, Ad

G):

• As
G:= {a s

1, a
s
2, ..., a

s
n}, n ∈ + is a finite set ofstrong axioms, while

Aw
G:= {a w

1, a
w

2, ..., a
w

m}, m ∈ + is a finite set ofweak axioms,

where eacha ∈As
G∪Aw

G is a tupela := (d, s, φ)
• d ∈ext(P)is aproposition,
• s ∈{+, -} is thesign of a, and
• φ ∈ (0, 1] is aconfidence.

• Ad
G:= {a d

1, a
d
2, ..., a

d
m}, m ∈ + is a finite set ofdeferred axioms,

where eacha ∈Ad
G is a tupela := (p, s, φ)

• p ∈P is apredicate,
• s∈{+, -} is thesign of a, and
• φ:ext(P)→ (0, 1] is aconfidence function.

IN
IN

IN



4.2 Fuzzy Petri Nets

The requirement to deal with incomplete and inconsistent information demands an
inference mechanism that allows for nonmonotonic reasoning. We employ fuzzy petri
nets (FPNs) [Loo88,KM96] to execute GFRN specifications as they fulfil the above
requirement. A further advantage of this approach is that petri nets are an ideal choice
for implementing the proposed inference engine, because they can be evaluated effi-
ciently due to their high degree of structural parallelism and pipelining [KM96].

Generally, a petri net [Pet81] is a directed bipartite graph with active and passive ele-
ments. In terms of terminology we follow [KM96] and call active elementstransitions,
while passive elements are referred to asplaces.

Definition 4: Fuzzy Petri Net

Given a finite set of propositionsD a fuzzy petri net(FPN) is defined by a tupel
FPN:= (Pl, Tr, C, D, c, th, m, b), where

• (Pl, Tr; C) is a net without isolated elements, with

• Pl := {pl 1, pl2, ..., pl2n}, n ∈ +, is a finite set ofplaces,

• Tr := {tr 1, tr2, ..., trx}, x ∈ +, is a finite set oftransitions,
• C ⊆ (Pl × Tr) ∪ (Tr × Pl) a flow relation.

• m: Pl→ [0, 1] is a function that associates real values between 0 and 1 to places.
• b: {+,-} × D→ Pl is a bijective function that associates signed propositions to

places.
• c,th : Tr→ [0, 1] are functions that associate real values between 0 and 1 to tran-

sitions.

According to Definition 4 each placepl in an FPN is marked by a real value (m(pl))
between 0 and 1. Each proposition is associated with two places in an FPN: The mark-
ing of one place represents the fuzzy belief that the proposition is true, and the marking
of the other place represents the fuzzy belief that its negation is true. Furthermore, each
transitiontr has a confidence (c(tr)) and athreshold (th(tr)).

As an example, Fig. 8 shows a transition withk input places. At a certain point in time
t we denote the fuzzy beliefs associated to placespl1 to plk with mt(pl1) to mt(plk),
respectively. In order to determine, whether transitiontrq is enabled the fuzzy AND-
operator (which is defined as the minimum function) is applied on the fuzzy beliefs of
all its input places. If the result of this operation is greater than the thresholdth(trq) then
trq is said to be enabled. In this casetrq generates afuzzy truth token fttt+1(trq) for its
output arcs which computes to the result of the above AND-operation concatenated
with the transitions confidencec(trq) via another AND-operation. Otherwisefttt+1(trq)
is defined to be zero.

IN
IN



Fig. 9 shows that given a placeplj with fuzzy beliefmt(plj) in the output ofu transitions,
the new fuzzy beliefmt+1(plj) is computed by applying the fuzzy OR-operator (which
is defined as the maximum function) over the set of fuzzy truth tokens generated by
transitionstr1 to tru. In case there is no transition withplj in its output (u=0), the fuzzy
belief forplj remains unaltered.

A major difference of the employed FPN formalism in contrast to classical petri nets is
that when an enabled transition fires, tokens are not removed from its input places. On
the contrary, input tokens are only copied and remain at there original places. This pro-
cedure is necessary for logic inference, since the truth of a proposition may imply the
truth of several other conditions. Because of this speciality well-known structural con-
flicts like deadlocks and traps [Pet81] can not occur in an FPN.

In [Loo88], Looney presents an algorithm for belief evaluation in acyclic fuzzy petri
nets. This algorithm is extended in [KM96] for FPNs with arbitrary topology. At-this,
evaluation of fuzzy beliefs is carried out by a number of subsequent belief revision
steps. In each belief revision step the fuzzy beliefs at all places in the FPN are updated
in parallel according to Fig.8 and Fig. 9. The evaluation process terminates when the
FPN has reachedsteady-state. This is the case when the most recently performed belief
revision step did not cause a change of any fuzzy belief in the entire FPN.

However, some FPN may exhibit sets of places that show periodically oscillation of
their fuzzy beliefs over an infinite number of belief revision steps. In this case it is said
that limitcycle exists at each of these places. The evaluation algorithm presented in
[KM96], which is also utilized in our approach, allows for a detection and elimination
of limitcycles.

4.3 Expansion and Evaluation of a FPN based on a GFRN

In the following we will explain how a GFRN with a given premise can be executed by
expanding and evaluating a fuzzy petri net. Due to the lack of space we will only give
an informal description of the inference algorithm. A formal specification of this algo-
rithm using graph rewriting systems is described in [JSZ97].

Fig. 8: Transition withk Input Places
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The inference algorithm has two main phases. In the first phase (expansion), an FPN is
created according to the specified GFRN and a given premise. In the second phase
(evaluation), fuzzy beliefs are computed until steady-state has been reached.

The expansion phase is performed within three steps. In the first step, places for all rel-
evant propositions are created in the FPN. Each proposition in the FPN represents an
instance of a certain predicate in the corresponding GFRN with constants as parameters.
As defined above, a propositiond is represented by two places: One placeb(+,d) carries
the fuzzy belief thatd is true (we call it thepositive place of d), while the other place
b(-,d) carries the fuzzy belief thatd is false (we call it thenegative place of d).

The first propositions that are created in the FPN are defined by the set of strong and
weak axioms in the given premise. Then, iteratively every implication with one or more
existing propositions in its antecedent and/or consequent is checked, whether all its for-
mal parameters are completely determined by the actual parameters of these proposi-
tions. If this is the case, then all propositions that have not yet been created for this
implication are created. Whenever a new proposition has to be created, which is defined
by a deferred axiom, the fuzzy belief of this proposition is computed by its confidence
function.This expansion step is complete when no further proposition can be created.

In the second expansion step, the FPN is completed by creating transitions between pos-
itive and negative places of propositions. The instantiation of an implication in a GFRN
consists of at least two transitions in the FPN. This is because every implication also
implies a contraposition, i.e. from a⇒b we can conclude¬b⇒¬a. In our approach,
the contraposition is considered in the inference process, which allows to refute already
made assumptions when certain other facts they imply prove to be false.

Let us consider the sample GFRN implicationi in Fig. 10 which has two predicates in
its antecedent (p2,p3) and one predicate in its consequent (p1).

The left side of Fig. 11 shows the three pre-existing propositions(p1(c1), p2(c2)) and
p3(c3). If the formal parametersv1,..,v3 of implicationi are bound to constantsc1,..,c3
such that the constraintsK hold, the right side of Fig. 11 shows how implicationi is
expanded into three transitions with confidenceφ4.

Fig. 11: Expansion of Implicationi for Proposition
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At this, transitiontr1 represents the rulep2(c2)∧p3(c3)→p1(c1) while the contraposition
¬p1(c1)→¬(p2(c2)∧p3(c3)) is normalized to¬p1(c1)∧p3(c3)→¬p2(c2), represented
by transitiontr2 and¬p1(c1)∧p2(c2)→¬p3(c3) represented by transitionstr3.

Generally, the number of transitions that are created for the contraposition is equal to
the number of propositions in the antecedent of the expanded implication.

Finally, the third expansion step removes all ingoing edges from propositions that rep-
resent strong or deferred axioms from the FPN. This is done in order to fulfil the
requirement of Section 4.1 that during the evaluation phase, the beliefs of strong and
deferred axioms must not be changed.

The evaluation phase of the inference process starts when the FPN has been completely
expanded. In this phase, fuzzy beliefs are evaluated at each place in the FPN (according
to Fig. 8 and Fig. 9) until steady state has been reached.

The described inference algorithm is given below.

algorithm  inference
begin

Expansion Phase:
For each (strong and weak) axiom create a new proposition;
Repeat

If  there exists a set of propositionsd1..dn with di:=(pi
ki, Oi)

and there exists an implicationi:( ι,V,K) in the GFRN withp1
k1..pn

kn in its
antecedent or consequent
and all formal parametersv∈V are determined byd1..dn

then expand all propositions in the antecedent and consequent ofi.
If  there exists a set of propositiond1..dn with di:=(pi

ki, Oi)
and there exists an implicationi:( ι,V,K) in the GFRN withp1

k1 in its
consequent andp1

k1 ..pn
kn in its antecedent and all formal parametersv∈V

are determined byd1..dn
then expand implicationi for propositiond1 according to Fig. 11

until  FPN complete;
remove ingoing edges from strong and deferred axioms;

Evaluation Phase:
Repeat evaluate FPNuntil  steady state according to [KM96]

end

We now revisit our example scenario from Section 2 to exemplify how the specified
GFRN of Fig. 7 and the defined inference mechanism is used to deduce the semantic
information that was used to create the total many-to-one association between the
classesWP andDeveloper  in the object-model shown in Fig. 5 with a fuzzy belief of
0.6.

4. By default the threshold of transitions is set to zero at expansion time. It may be
increased in order to eliminate limitcycles (cf. [KM96]).



For this example, we assume that it already has been deduced that tablePerson  has
the two variantsDeveloper  andManager . We will usen as an abbreviation for
Developer.name  andd as an abbreviation forWP.dev .

At first, an initial automatic investigation of the application code in Fig. 3 retrieves the
following three facts (cf. Section 2) which serve as strong axioms with fuzzy belief 1:

Strong axioms: As:= {(cycl_excl1,{n},+,1), (sel_dist1,{n},+,1), (join1,{(n,d)},+,1)}

Furthermore, the reengineer has a subjective belief that with confidence 0.5 attribute
dev  is a key of tableWP. This is represented as a weak axiom.

Weak axiom: Aw:= {(key1,{d},+,0.5)}

Moreover, there is an automatic procedureφ1 that computes the fuzzy belief for com-
patibility of two given attribute types. Finally, we have automatic proceduresφ2 andφ3
which try to disprove supposed key- and IND-constraints by finding counterexamples
in the available extension. Since we want these three procedures to be executed on an
on-demand basis, we define the following deferred axioms.

Deferred axioms: Ad:= {(tcomp1,+,φ1), (disprKey1,+,φ2),(disprIND1,+,φ3)}

The expansion of the FPN in Fig. 12 starts with the instantiation of the strong and weak
axioms, i. e. we create places for the propositionscycl_excl({n}), sel_dist({n}),
join({(n,d)}), andKey({d}).
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Within the first expansion step, implicationi5 is applied to propositionjoin({(n,d)}).
This binds parameterv1 of implication i5 to {(n,d)}. Then the constraintv2=swap(v1)
binds parameterv2 to {(d,n)}. Thus we create places for the two inclusion dependencies
IND({(n,d)}) andIND({(d,n)}). Within the second expansion step, implicationi5 creates
the transitionsjoin({(n,d)}) → IND({(n,d)}) ∧ IND({(d,n)}) and ¬IND({(n,d)}) →
¬join({(n,d)}) and¬IND({(n,d)}) → ¬join({(d,n)). However, the third expansion
step removes the latter two transitions because they target a strong axiom.

The just createdIND({(n,d)}) proposition allows the instantiation of implicationi9. This
creates an equivalence class propositionequc(n,d). This in turn enables the expansion
of implication i8 creating propositiontcomp(n,d). Note thattcomp(n,d) is defined by a
deferred axiom. In addition, the expansion of implicationi6 creates proposition dis-
prIND({(n,d)}). Altogether, the inclusion dependency will be verified by analysing the
type compatibility of the involved attributes and by searching for a counterexample in
the database extension. The remainder of the depicted FPN is expanded analogously.

The evaluation of the expanded FPN starts by assigning the fuzzy beliefs of the strong
and weak axioms to the corresponding places. Thus, the depicted propositions
cycl_excl, sel_dist, andjoin get a fuzzy belief of 1. The positive place ofKey({d}) gets
the fuzzy belief 0.5 based on the reverse engineer’s decision.

According to Fig. 8 and Fig. 9, the confidence of transitioncycl_excl({n})→ Key({n})
restricts the maximum fuzzy belief propagated to the positive place ofKey({n}) to 0.8.
Analogously, the negative place ofKey({n}) gets a fuzzy belief of 0.3 from proposition
sel_dist({n}). Altogether, we have a higher belief that attributename is a key of table
Developer .

The evaluation of the propositiondisprKey({d}) detects two tuples of tableWP with
valueMartin  in their dev  attribute. This counterexample assigns belief 1 todispr-
Key({d}). This is propagated to the negative place ofKey({d}). Thus, the subjective
belief of the reengineer thatdev  is a key of tableWP has been disproved by a deferred
axiom.

Furthermore, propositionsIND({(n,d)}) and IND({(d,n)}) get a positive fuzzy belief of
0.6 fromjoin((n,d)) and a negative fuzzy belief of 0.2 from the type compatibility test.
Then, the fuzzy beliefs ofR-IND({(d,n)}) andC-IND({(n,d)}) compute to 0.6. Together,
the R-IND and the C-IND indicate an association betweenDeveloper  andWP that
has the cardinalities shown in Fig. 5 with a confidence of 0.6.

5 Concluding Remarks

In this paper we presented GFRNs as a new expressive graphical and executable for-
malism to specify uncertain reverse engineering knowledge. GFRNs have been defined
formally and a first prototype of the proposed inference engine already exists. The
expressiveness of GFRNs is now validated by applying them to practical examples as
part of industrial projects.



We currently develop a GFRN editor that facilitates creation and customization of
GFRN specifications. This will be used to build a database of reverse engineering
knowledge for relational databases.

A major point is that GFRNs and the corresponding inference engine will not be used
as stand alone tools. As soon as the inference engine is integrated into our database
migration environment [JSZ96], the user may interactively add and verify assumptions
about a database and derive all semantic information necessary for the migration to the
object-oriented data model. This enables our migration environment to provide sophis-
ticated support for the entire database migration process.
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