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The aim of this paper is to provide a formalism for fuzzy rule bases, included in our prototype
system FUZZY ENTERPRISE. This framework can be used in Distributed Knowledge
Management Systems (DKMSs), real-time interdisciplinary decision making systems, that
often require increasing technical support to high quality decisions in a timely manner. The
language of the first-degree predicates facilitates the formulation of complex knowledge in a
rigorous way, imposing appropriate reasoning techniques.
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1. Introduction

Decision Support Systems (DSS), as a kind of interactive computer-based information systems,
help decision makers utilize data and models to solve mostly semi-structured or un-structured
decision problems in practice. Intelligent DSS, along with knowledge-based decision analysis models
and methods, incorporate well databases, model bases and intellectual resources of individuals or
groups to improve the quality of complex decisions (Bergmann et al. 2009, Walzer et al. 2008,
Mazilescu 2012). In the recent years, multi-criteria DSS, group DSS, and Web-based Customer
Recommender Systems have had unimaginable developments and improvements in dealing with
complex, uncertain, and un-structured decision problems under the support of computational
intelligent technologies (Wagner et al. 2001). DKMS implies human resources management, ICT
methods and Al techniques for which representing and processing of knowledge are key problems. The
correct management of knowledge, organized in the distributed knowledge models and exploited by
an Enterprise Control Support System (ECSS), can raise the competition strength of the enterprise only
through the complete integration of the technological aspects within the human and organizational
ones. A well defined knowledge structure, which is based on the inclusion of heterogeneous and
distributed information which may be used by any member of the enterprise at any moment,
represents the basis for a knowledge ontology. The ontologies are just the first step in the knowledge
structuring and managing of distributed knowledge, implemented at the level of the different agents
with which the enterprise may necessarily interact. The goal proposed for development within the
project FUZZY ENTERPRISE PR357 is to integrate the multiple sources of knowledge regarding
products, services, financial resources, firms and associations in order to offer a rigid, unique,
interactive resource process for enterprise leadership as well as other components such as distributed
agents, which may integrate different knowledge models (Mazilescu 2010, Quian 1992).

Knowledge representation and exploitation within an expert system are rather conflicting
characteristics, whereas the increase in knowledge representation power reduces system'’s efficiency
and increases the difficulty of developing it. Many Artificial Intelligence problems are difficult to solve
from the computational point of view. An observation which may help to reduce this complexity is that
often these problems have the following property: inputs can be divided into two parts, of which, a
part of these inputs is relatively constant long time, compared with the second part. In such situations,
seems right to make some changes on the constant part, in order to reduce the time of obtaining the
solution for the Al problem, if the second part varies, but is known at certain moments of time.
Transformations made in advance are called pre-processing or knowledge compilation. Using variables
in an expert system allows knowledge factorization. First order predicates language facilitates
expressing complex knowledge rigorously, imposing appropriate reasoning techniques. Definition of
certain propagation and inference procedures for real-time expert systems, involves the development
of powerful reasoning mechanisms, as well as adapting the control algorithms to the state spaces,
which are often very large. The FRCOM system is conceptually based on all the properties summarized
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above and consists of the compiled fuzzy rules base (management model) and the inference engine. To
highlight the characteristics of this system, the following elements must be described: i) The
formalism, specifying the types of knowledge supported by the system. Are presented, in order, the
fuzzy knowledge syntax and the basic features of compiled linguistic models, system’s parameters, the
elementary fuzzy filtering, the compatibility of possibility distributions for generalized modus ponens
inference scheme; ii) Compiler design, which includes the static structural discrimination component
of the fuzzy state, the fuzzy unification as the basic element of the structure of compiled fuzzy
knowledge (aimed at checking the consistency of fuzzy substitutions), the algorithm that generates the
variables binding network. Network termination nodes correspond bijectively to the rules from the
rules base; iii) Inference engine algorithm based on fuzzy logic, which includes techniques for
reasoning in the presence of compiled imprecise knowledge. As a first step in the practical
implementation of any fuzzy expert system, knowledge representation aims to describe the problem
domain as a model that includes relational entities and symbols, according to an appropriate
formalism. Section 2 is about general characteristics of our framework. We provide an extended framework
for a compiled fuzzy rule base, included in our prototype system FRCOM. Section 3 points out concluding
remarks.

2. The Fuzzy Formalism

The types of knowledge accepted by FRCOM system are: i) variables (symbols always
preceded by 7, as ?x, ?y, which will occur only in rules); ii) atomic constants (numbers or strings); iii)
possibility distributions or fuzzy constants (symbols always preceded by the character *’ and used to
represent imprecision); iv) logical operators. Possibility distribution can take any form. This
complexity can cause a number of difficulties for the application of possibility theory. In economic
practice, when the variables are numeric, it appears that a trapezoidal possibility distribution on
continuous referentials is well suited. It can be represented through four parameters (g, d, ¢, 9).
Trapezoidal form of possibility distributions is preserved in most of the inference and calculation
operations. All the fuzzy constants used in knowledge representation and modelling, for the synthesis
of fuzzy reasoning algorithms, are represented by trapezoidal possibility distributions, such as g <d, o,
02> 0, called T-numbers. Fuzzy constants can occur both in facts and rules, and are always associated to
fuzzy sets (T-numbers) through constfaz function. Within FRCOM we can equate the fuzzy set to a
fuzzy constant. Undefined fuzzy constants are not allowed. A fuzzy constant has always a value
corresponding to a continuous, trapezoidal and normalized fuzzy set. Using possibility distributions
provides a unified framework for representing imprecision and uncertainty. Parameter  is used to
measure fuzzy sets uncertainty (0 < { < 1). If a fuzzy set is uncertain, the parameter { must be defined
in constfaz function through a list (uncertain { ). We admit that a completely uncertain fuzzy set ({ = 1)
has no effect on system’s behaviour. In contrast to facts, a reason is a structured list in which variables
may occur. This signifies the presence of variables, atomic constants and of fuzzy constants within
reasons’ structure.

In addition, the reasons (named also motives) may occur in both the conditional part and in
rules’ conclusion. Uncertainty is allowed in the conditional part and in the consequent of generalized
modus ponens inference scheme, only if a particular linguistic model requires it. In most expert systems,
the rules within the rules base are independent. Independence indicates clearly that no other rule
interferes with the consequences inferred by any of the rules. Such rules are called normal rules. For fuzzy
knowledge processing, the rules’ independence hypothesis is not always valid. It is the case of incomplete
rules which infer conclusions based on a collection of dependent rules. Appears obvious the syntax
difference between the two types of rules, as follows:

independent_rule:: = (R antecedent name — consequent)

where name is an atom indicating the name of the rule, antecedent is a conjunction of several reasons
and predicates, consequent is a sequence of actions. Normal and incomplete rules’ antecedent is a
conjunction of reasons and predicates. During the stage, the reasons will be correlated with the facts
stored in the facts base. In order to increase the knowledge representation capacity, are introduced
predicates that appear as reasons in the left side of the rules. It is highlighted the presence, within the
management model structure, of predicates F(a), which are flags that emulate human reasoning
sequences, in order to achieve the management expert system’s goal. The knowledge representation
formalism for FRCOM system is:

antecedent :: = condition*

condition :: = reason | reason reason_index | predicate
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reason_index i1 =< atomic constant >

reason :: = expression in which are allowed the three types of data;
predicate :: = (predicate_sym predicate_arg predicate_arg)
predicate_arg :: = predicate | atomic constant | fuzzy constant | variable
predicate_sym = {= 5, >* AT, *NY

consequent :: = conclusion*®

conclusion :: =reason | reason reason_index | predicate | procedure

Predicates =*, *< and >* have binary values, while *I1, *N are fuzzy predicates. If fuzzy
linguistic models are introduced in an expert system, it becomes more complicated due to considering
the fuzzy processing at all system'’s levels, such as: fuzzy filtering, imprecise sets compatibility, fuzzy
unification, calculation of the inferred conclusion together with the calculation of propagation for the
parameters that manage imprecision, selection of strategies in which are naturally embedded also
elements of factual knowledge imprecision. A major difficulty in the use of expert systems in DKMSs is
the unpredictability of the rules’ execution time. While a series of works have dealt with the problem of
optimizing the response time of an expert system based on production rules, by developing more
competitive algorithms or parallel hardware structures, the approaches to guaranteeing the response
time using filtering algorithms, such as Rete algorithm (Shvartzshnaider et al. 2010). In the next
paragraph we present the problems in the filtering stage of the inference engine’s cycle, emphasizing
the classic characteristics of a knowledge compiler.

Problem solving is the process which consists of searching within a search space of the
problem and of knowledge search. We are concentrating on Rete search algorithm, adapted for fuzzy
knowledge. We believe that the execution time in knowledge search is the basis for planning activities.
Software and hardware improvement is a possible approach to obtaining certain response times. To
obtain such response times, is necessary to elaborate a predictability mechanism for filtering time, to
evaluate the response times. Also, has been shown the NP-completeness of Rete algorithm.

Execution time prediction is a distinct problem. There are three basic aspects of real-time
problems: execution speed, ability to react after a certain time and sensitivity (system’s ability to react
to external interruptions during the reasoning process). Production systems are characterized by a
rules base and a facts base, each rule being characterized by a left side and a right side. On the right,
there are frequently three functions likely to be achieved: add an element in the facts base, modify or
delete an existing fact. Such a system repeats, during its execution, the basic cycle. Most of the
execution time of an expert system is used for the filtering stage, Rete algorithm aiming to improve the
filtering stage time. The elements moving within the network are called chips. The network consists of
different types of nodes, through which chips may pass, being stored in o-memories. Copies of chips
that satisfy certain conditions are transmitted to successive nodes. The most used node is the one with
two inputs. Chips arriving at the nodes with two inputs are compared with the chips stored in the
opposite memory of chips. In this way, the chips can flow through the network until they reach the
terminal nodes. If the antecedent of a rule is instantiated at some point by a set of chips, then the rule
in question reaches the conflicts set. We are interested in the time in which a chip covers the Rete
network, as the basic problem in assessing the problem solving time of an expert system based on
compiled knowledge structure.

Expert systems’ compiling technique is applied exactly in the filtering stage, aiming to improve
the filtering efficiency by avoiding exhaustive browsing of the rule base. Working memory content
represents the expert system’s state x5EC at a time ke T. Classic filtering algorithm analysis illustrates
the inefficiency of the inference engine’s control cycle, which has to perform numerous unnecessary
operations. It forgets the information acquired in previous cycles and executes the procedure of
correlating all the rules’ conditions with all the facts in the facts base. Noticing all these shortcomings,
there have been proposed compilation techniques based on the fact that, in every control cycle, only
the facts that change will occur in the set of conflicts. Changes in the facts base are very few compared
with the number of control cycles executed by the inference engine. Knowledge compiling allows:
determining the characteristics to be tested for each filter, so that only the facts with the same
characteristics to be able to unify with the filter; organizing a global network that allows sharing
common structures; maintaining, within the network, the information obtained from previous cycles
and allowing the propagation of changed facts.

Improving condition-fact pattern-matching is based on the following observation: “There may
be maintained some characteristics for the conditions from the conditional part of the rules (which
refers to conditions’ syntax). Using these characteristics we can develop a tree that will discriminate
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the conditions in small groups or individual conditions. With the occurrence of a fact, its characteristics
are tested. If the fact has the same characteristics as the cause, it may be an instance of the condition. In
this way, we determine a minimum set of conditions which are able to filter this fact”. For example, for
Rete compiler, the discrimination tree is a test tree which is constructed as follows: each condition in
the rules base is compiled into a series of single-cause tests, considered as features related to the
length of the elements (if the condition is a list) and of the condition’s constants. The set of conditions
is grouped into a network with a common root, called distribution node. The test tree can be generated
incrementally. Knowing the tree corresponding to a set of causes {C1 ,..., Ci-1}, the testing sequence for
the cause C; will be a new path added to this tree, starting from the root or from a sub-tree. The test
tree will have as much leaves as different conditions existing in the left side of all rules in the rules
base. The test tree will be used to assess any changes in the facts base. Propagation of facts is thus easy
to manage. The test tree, even if considerably improves the condition-fact filtering operation, has also
some disadvantages: the data can traverse the network on multiple paths. The use of binary tests
makes the same information to be extracted several times by the same fact. Given these disadvantages,
we propose a unification tree structure.This tree, like the test tree, discriminates the conditions but in a
more efficient way. Relative to the complexity of algorithms, we can mention: i) For classical filtering
algorithm its value is O(|BF| |AB]); ii) The cost of the test tree is O(|BF]). In the worst case, there is no
common condition among rules, or O(log|BF|) for the most favourable hypotheses; iii) For the classical
unification tree, complexity is O(log k), where k is the number of different conditions within the rules
base. There can be formulated also the problem of unification tree optimization, but it belongs to the
class of NP-complete problems. In addition, the characteristics evaluation time and the frequency of
events occurrence in the facts base are often unknown. Improving the variable binding. This stage aims
to determine the global instances of the rules. Internal and graphic representation of the rules is
achieved through a variables binding network, which is developed taking into account the
discrimination tree’s leaves. It definitely reflects the relationship between the rules’ conditions. The
relationship between the conditions of the rules is seen in the relationship between conditions’
variables. Let us examine the variables binding network for the rule Ry: If (A (B ?x) C) (B ?y 7x) (CD 7x
?y) then ... In this situation, the relationship between the conditions of R; is formulated through testing
the equality of variable x? from the cause (A (B ?x) C) and (B ?y ?x). The a-memories serve to store the
set of instances of reasons (5 facts), while B-memories are used to store a conjunction of partial
instances, corresponding to the global antecedent of the rule. The network is built incrementally
through iterative procedure, as follows: i) Choose two parts of the antecedent of a rule (reason or
conjunction of reasons); ii) Build a connecting node to store the relationships needed to be checked by
the two parties (their conjunction); iii) Create a f-memory, allowing storage of the instances that
satisfy the tests present at node level, within the variables binding network structure. The procedure is
repeated until is obtained an instance at the level of the global antecedent of a rule.

Generalized Modus Ponens Inference Scheme

A rule can be represented based on a conditional possibility distribution. Let a relationship
between two variables X and Y respectively defined on the universes of discourse U and V, which is a
restriction of possible values of Y when is assumed that the variable X takes certain values. It can be
expressed through a function myx:VxU — [0,1]. This function is called conditional possibility
distribution and is the degree of possibility that Y takes the value v, given that X takes the value u. If mtx
is a possibility distribution which narrows a priori the possible values of X, we can calculate the
possibility distribution mxy which narrows the possible values of the pair (u, v), through the
combination of myjx and mx. For (V) veV and (V) ueU, takes place the relationship mxy(u, v) = min
(mx(u), myjx(v, u)). By projection, is obtained the possibility distribution of my(v), which narrows the
possible values of variable Y, given by:

(VIVEV. 7y (v)=sup iy, (u, v)=supmin (?IX (u),my, (v, u))
uel uelU

In practice, one rule is not sufficient to fully describe a relationship, this requiring a collection
of rules. If the relationship is represented by a single rule, then we get:

(VIVEV,up(v)= igg min (:II A0y (v, u))

Inequality comes from the fact that is wanted "Y is B" when "Y is B", as soon as B’ is enclosed in
B. There are several possible solutions, but we are essentially interested in the solution which is the
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largest (with respect to fuzzy sets inclusions), since this is the least restrictive (denoted m'yjx(v, u)),
where:

0, if p, (w)=pg(v)

wxy (v, w= {}J,B (v), else

Generalized Modus Ponens inference scheme features are: i) the conclusion B” obtained by
applying it, cannot be more specific or more restrictive than the rule consequent B, i.e. B £ B" if A" is
normalized; ii) the more restrictive is A’, the more restrictive is the conclusion B’, i.e. for A”c A’, it
follows B” < B’; iii) if there is no perfect filtering between the given fact A’ and the rule antecedent A,
then occurs a level of indeterminacy 0. This level is a measure of the possibility that the value of X is
outside the support of A, given that "X is A™", or a measure of the possibility that X is not A, given that "X
is A™"; iv) in practice, the scheme is expressed as an operator which is represented at semantic level as
a conditional possibility distribution. Introduced by Zadeh, the scheme has the following solution:

(VIVEV, ug, (v)=sup min(:err (u),:r:'yx)
uelU

G
where 7'yjx can be denoted by —*. In this case, this relationship can be re-written:

(VIVEV, pg, (v)=supmin (T[Ar (u),ms (0) E) g (u)) or simply B=A o (A E) B)
usl

Let the calculation relationship for pg(u) be a function that transforms pg into pug, during
which occur two phenomena: i) a global level of indeterminacy of B’, for the values which are outside
the support of B; ii) calculating the core of the inferred conclusion B’, which is determined by enlarging
the core of the set B.

Definition 1. The degree of indetermination in the conclusion inferred through generalized
modus ponens scheme, is the degree of possibility that A” is not included in the support of set A, and
the complement to 1 of this degree is to what extent it is necessary that Y takes values in A. The degree
of indeterminacy is noted with 6 and is calculated as follows:

0= sup{p,A,(u)}, uE{uEU,p,A(u)=0 }

Letua =tp(g d, ¢, 8) and pa=tp (g, d’, ¢’, ). We get:

o0 { max (L (g-¢), (1 (d+8)), if Ker(A")NSupp(A) =0
1, else

The degree of indetermination 6 depends on the position of A” with respect to A.

01=1, (g-9), 8,=1, (d+3)
where Supp(ua) = (g-¢; d+0) = 0 = max{6, 6.} = 6:. We may see in figure 8 that if g’<g-¢ or d’>d+9,
then 0 = 1, i.e. conclusion B’ is completely uncertain. The degree of indeterminacy occurs whenever

Supp(A) € Supp(A). If Supp(A) 2 Supp(A’), then 6 = 0. We may see the degree of indeterminacy
exactly as the maximum value in Supp(A’) which is not included in Supp(A).

Definition 2. The core of the inferred conclusion B’, denoted K, is to determine for which
interval in V, ug/(v) = 1. According to relationship
G
ug(v)= 1 =supmin(my (u),m5 (0) — 15 (v))=1=(3) u€U, so that (1, (u)=1) and s (u) <n5(v)
usl
This is equivalent to the relation:

K=inf (ua(u) Jue {ue U|un(u) = 1}}

We can see that Ker(ua(u)) = [g, d'], and obtain K; = pa(g’) and Kz = pa(d’), which implies K = min (Kj,
K>). It follows that pg(v) = K. Parameter K varies as the parameter 6, in connection with the position of
A’ against the position of A. If Ker(ua-(u)) < Ker(ua(u)), then K = 1.
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For g’ < g-¢ or d’ > d+9, it follows that K = 0. It is noted that the parameter K is zero if and only
if 6 = 1, and K > 0 if and only if 6 <1. Knowing the value of K, we can determine the core Ker(B’) of uz,
which is the K-cut of B. For ug = (gs, ds, ®s, 0g) and Ker(us) = [gs, ds’], the core and the support of the
inferred conclusion pp are calculated as follows:

g fé’(ngq)Bs K): dB' = f% (staB: K): Qg = fZBElS (gB's ngq)Bs 9) 3 63 = f:é'(aBsstdB'ﬂ 9)

Functions
fy. f5. f3 and f&
are similar to those presented in (Mazilescu 2012). The core of B’ is completely determined by the
value of the parameter K.

For K = 1, we get Ker(B’) = Ker(B). Conversely, if 0<K<1, i.e. the core of A" is not included in the
core of A, but is included in A’s support, then Ker (B’) © Ker(B), which means that the result inferred by
a rule is less accurate than the rule’s conclusion. This is due to the filtering between condition A and
the fact A’, which is not precise. The conclusion obtained by generalized modus ponens always leads to
Ker(B") o Ker(B), i.e. the result inferred cannot be more precise than the rule’s conclusion. The
inferred conclusion g is determined finally with the relationship:

Ue = max ((gg, ds, @5, O8), 0)

which shows that the basic element in the generalized modus ponens calculation is to evaluate
parameters 6 and K. If the rule’s fact and condition are low compatible, the inference engine of FRCOM
based on generalized modus ponens scheme induces an increase of the inferred conclusion’s
imprecision. These issues will arise in the case study for the fuzzy case of the flexible production
system, when activating the meta-rules along with their chaining, demonstrating the effective use of all
these theoretical results. Knowing the significance of the four parameters I1, N, 6, K, we may consider
the problem of choosing the reasonable thresholds for the possibility and necessity measures, to
determine the facts that do not filter at all the reasons. This choice must be made in close accordance
with the values of 6 and K parameters, knowing the links between these pairs of parameters. For the
generalized modus ponens scheme, we consider that the associated T-numbers are: (Constfaz *m(tp
gm, dm, Om, Om)), (constfaz *c(tp g, dc, @, 6.)) and (constfaz *f(tp ¢, ds, @1, O)); this scheme proves the
following properties:

Proposition 1 a) K=0 < 6 = 1; b) K> 0 & 6 <1; ¢) Conclusion *¢" inferred through
generalized modus ponens is totally uncertain (v =1) < 6 =1.

Choosing the right thresholds for measures ITand N is based on the next results.

Proposition 2 N(*m, *f) > 0 & 6 <1. This derives from the observation that: 0 < 1 < Supp(*m)
D Ker(*f) & N(*m, *f) >.
We may notice the fulfilment of the condition which ensures the inequality N(*m, (f)> 0 (i.e. 6 <1,
equivalent with Supp(*m) o Ker(*f)) (Figure 1).

Ker(*f)

Supp(*m)

Figure 1. Graphical relationship between N and 6

For the necessity measure and the Generalized Modus Ponens inference scheme, are proved
the following equivalent relations:a) N>0=0<1 < K>0;b) N(*m,*f) =06=1;c) IfN=1, then 6
= 0. Inverse property (6 = 0 = N = 1) is not always true. Outlining a demonstration for the direct, we
get: N = 1 & Ker(*m) o Supp(*f) = Supp (*m) 2 Supp (*f) ©6=0.

The above results show that the necessity measure and the degree of indeterminacy 6 are
closely linked. Also can be revealed a quantitative relation between 6 and N. According to a previous
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observation, the necessity measure is defined by: N(*m, *f) = 1 - max II(Es, *f), TI(Eq4, *f)), showing
clearly that the terms I1(Es, *f) and I1(Eq4, *f) determine the value of necessity measure. If N(*m, *f) is
known, the following two situations may be deducted: 1) TI(Es, *f) = 1-N and TI(E4, *f) < 1-N or
2) I(Es, *f) < 1-N and I1(Eg, *f) = 1-N.

First, we consider case 1), where II(Es, *f) > I[1(Eq4, *f), understanding the fact that the value of
possibility measure between the fuzzy set E; and the fact (fuzzy) *f determines the necessity measure
because:

N(*m, *f) = 1 - max (TI(Es, *f), [I(Eq, *f)) = 1 max(1-N, I1(Eq, *f) < 1-N)) = 1-(1-N) =N

It suffices to consider the left side, E; of the complement of *m. We have the situation when
T1(Es, *f) 2 T1(Eq, *f), and the significance of T1(Es, *f) is defined by:
I1(Es, *f) = sup min Ues(uo), H+e(uo))
Following the above observations, we get:
a) 0 < 04 < 05 < 1, II(Es, *f) = II(Eq, *f), 6 = max (05, 04) = 05
b) 0 < 64 < 65 < 1, TI(Es, *f) <TI(Eq, *f), 0 = max (6, 64) = 04

For N(*m, *f) = 1 - max (I1(Es, *f), I1(Eq, *f)), with max (Es, Eq) = T¥m, we get:

a) if TI(Es, *f) = I1(Eq, *f), then 0 = 6,
b) TI(Es, *f) < TI(Eq, *f), then © = 0q

Based on these observations, we may conclude that the values of parameters 6 and K can be
considered as a type of filtering between a fact and the rule’s antecedent, when applying generalized
modus ponens scheme. Necessity N and the degree of indeterminacy play a similar role in evaluating
the basic filtering degree. Thus, it becomes natural to select as threshold for the necessity measure in
the filtering stage (for the inference engine that uses generalized modus ponens scheme) the value N >
0, as it ensures consistency between fuzzy filtering and generalized modus ponens inference scheme.
Following the analysis in this paragraph, and correlating it with the values of possibility and necessity
measures also used in the fuzzy variables binding stage, we settle as a criterion for fuzzy filtering
within FRCOM, the simultaneous fulfilment of conditions:

TI(*m, *f) = 1 and N(*m, *f) > 0

which ensure the preservation of normality for the possibility distributions derived from the logical
inferences.

A Fuzzy Knowledge Model
Predicates >* and =* within the structure of fuzzy rules base allow imprecise comparison of

the values of instant loads X1, .., X6, for subsystems M1, .., M6 respectively. In this case, the fuzzy
management model becomes:

1. If ((Z*(X1 7x) (X2 ?y)DAE* (X1 7x)(X3 72)) A (Z*(X1 7x)(X4 7v)) A (* (X1 7x)(X5 ?w)) A (Z* (X1

7x)(X6 ?E)) A (—(Fal ?v1)) A (—(Fa3 ?v3)) A (—(=*(X1 ?x)(X2 ?y))) A (ge *n))

then ((x1b 1) A (x3b 0) A (x5b 0) A (x7b 0) A (x9b 0) A (x10b 0) A (x11b 0) A (x2b 1))

2. If (B*(X1 ?2x)(X2 ?7y)) A (B*(X1 7x)(X3 72)) A (Z*(X1 ?7x)(X4 7v)) A (Z*(X1 7x)(X5 ?w)) A (2*(X1

7x)(X6 7€) A (—( Fa2 ?7v2)) A (—(=%(X1 7x)(X3 72))) A (=* (X1 ?x)(CFS *zero)) A (ge *n))

then ((x1b 2) A (x2b 0) A (x4b 0) A (x6b 0) A (x7b 0) A (x9b 0) A (x10b 0) A (x11b 0) A (x3b 1))

3. I ((E*(X2 ?y)(X1 7x)) A (B*(X2 ?7y)(X3 ?72)) A (2* (X2 ?7y)(X4 V) A (2* (X2 ?7y)(X5 7w)) A (2*(X2

?y) (X6 2€)) A (—(Fa3 ?vs)) A (—(Fal ?2vi)) A (—(=*(X1 7x) (X2 ?7y))) A (ge *n))

then ((x1b 3) A (x3b 0) A (x5b 0) A (x7b 0) A (x9b 0) A (x10b 0) A (x11b 0) A (x4b 1))

4. If (Z*(X3 72)(X1 7x)) A (=* (X3 72)(X2 ?y)) A (=* (X3 ?2)(X4 V) A (=* (X3 ?2)(X5 ?w)) A (2*(X3

72)(X6 7E)) A (—( Fad 7v4)) A (—(=*(X3 72) (X5 ?w))) A (Z*(X1 ?x)(CFS *zero)) A (ge *n))

then ((x1b 4) A (x2b 0) A (x4b 0) A (x6b 0) A (x7b 0) A (x9b 0) A (x10b 0) A (x11b 0) A (x5b 1))

5. If ((Z*(X3 72)(X1 7x)) A (Z* (X3 72)(X2 ?y)) A (2* (X3 72)(X4 V) A (2* (X3 72)(X5 ?w)) A (=* (X3

72)(X6 7E)) A (—(Fa5 ?vs)) A (=* (X1 ?x) (CFS *zero)) A (ge *n))

then ((x1b 5) A (x2b 0) A (x3b 0)A(x4b 0) A (x5b 0) A (x7b 0) A (x9b 0) A (x10b 0) A (x11b 0) A

(x6b 1))
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6. If (Z* (X4 7v) (X1 7x)) A (Z* (X4 V) (X2 7y)) A (Z* (X4 7v) (X3 72)) A (2* (X4 7v) (X5 7W)) A (Z*
(X4 7v) (X6 ?2E)) A (—(Fab ?ve)) A (—(=* (X4 7v) (X2 ?7y)))) A (=* (X1 ?x) (CFS *zero)) A (ge *n))

then ((x1b 6) A (x2b 0) A (x3b 0) A (x4b 0)A(x5b 0) A (x8b 0) A (x9b 0) A (x10b 0) A (x11b 0) A
(x7b 1))

7.1 ((Z* (X4 7V)(X1 7x)) A (Z*(X4 V) (X2 7y)) A (Z* (X4 ?7W) (X3 72)) A (Z* (X4 7v) (X5 ?w)) A (2* (X4
2V)(X6 ?€)) A (—(Fa7 ?2v7)) A (=* (X1 ?x) (CFS *zero)) A (ge *n))

then ((x1b 7) A (x2b 0) A (x3b 0) A (x4b 0) A (x5b 0) A (x7b 0) A (x9b 0) A (x10b 0) A (x11b 0) A
(x8b 1))

8. If (Z*(X5 ?w) (X1 7x)) A (2*(X5 ?w) (X2 ?y)) A (Z*(X5 ?w) (X3 72)) A (Z*(X5 W) (X4 V) A (2*¥(X5
?2w) (X6 ?€)) A (—(Fa8 ?vg)) A (—(Fa9 ?vo)) A (— (=* (X5 ?w) (X6 ?€))) A (ge *n))

then ((x1b 8) A (x2b 0) A (x3b 0) A (x4b 0) A (x5b 0) A (x7b 0) A (x11b 0) A (x9b 1))

9. If (Z*(X6 7€) (X1 7x)) A (Z* (X6 7€) (X2 ?y)) A (* (X6 7E) (X3 72)) A (Z* (X6 7E) (X4 V) A (2* (X6
?€) (X5 ?w)) A (—(Fa9 ?ve)) A (—(Fa8 ?vg)) A (— (=* (X6 ?E) (X4 7v))) A (ge *n))

then ((x1b 9) A (x2b 0) A (x3b 0) A (x4b 0) A (x5b 0) A (x7b 0) A (x11b 0) A (x10b 1))

10. If (=* (X6 7€) (X1 7x)) A (Z* (X6 7E) (X2 ?7y)) A (2* (X6 7€) (X3 ?72)) A (* (X6 ?E)(X4 V) A
(Z*(X6 7€) (X5 ?w)) A (—(Fal0 ?vio)) A (—(=*(X1 7x) (X2 ?y)))) A (*(X1 ?x)(CFS *zero)) A (ge *n))
then ((x1b 10) A (x2b 0) A (x3b 0) A (x4b 0) A (x5b 0) A (x7b 0) A (x9b 0) A (x10b 0) A (x11b 1))
11 If ((=* (X1 7x) (X2 ?y)) A (=* (X1 7x) (X3 ?72)) A (=% (X1 ?x) (X4 V) A (=% (X1 ?x) (X5 W) A (=*
(X1 7x) (X6 2E)) A (ge *s)) then ((x1b 0) A (sol ?s))

12. If (ge *n) A (x12b 1) then ((x1b 0) A (x2b 0) A (x3b 0) A (x4b 0) A (x5b 0) A (x6b 0) A (x7b 0) A
(x8b 0) (x9b 0) A (x10b 0)) A Init(control module)

13. If (X1 7x) A (X2 ?7y) A (X3 72) A (X4 ?V) A (ge *n) A (gep1 *b) then (X1 X2 X3 X4 ?vg) A (gep1*b1)
14. If (X1 X2 X3 X4 ?7vq) A (ge *n) A (gep1 *b) A (dse *ma) then (gep1*b1) A Init(r8)

15. If (X1 X2 X3 X4 ?vq) A (ge *n) A (gep1 *b) A (dss *ma) then (gep1*b1) A Init(r4)

16. If (X1 7x) A (X2 ?y) A (X4 7v) A (ge *n) A (gepz *b) then (X1 X2 X4 ?vg) A (gep2*b1)

17. If (X1 X2 X4 ?7vg) A (ge *n) A (gepz *b) A (d13z *ma) then (gepz *b1) A Init(r2)

18.If (X3 ?72) A (X4 7v) A (X5 ?w) A (X6 2E) A (ge *n) A (geps *b) then (X3 X4 X5 X6 ?vq) A (geps *b1)
19. If (X3 X4 X5 X6 ?7vg) A (ge *n) A (geps *b) A (d21 *ma) then (gepsz *b1) A Init(r3)

20. If (X1 7x) A (X3 72) A (X4 V) A (X5 ?7w) A (X6 7€) A (ge *n) A (geps *b) then (X1 X3 X4 X5 X6 ?vq)
A (gep4 *b1)

21. If (X1 X3 X4 X5 X6 ?vg) A (ge *n) A (geps *b) A(dsz *ma) then (geps*b1) A Init(r6)

22. If (X2 ?2y)A(X4 2WIA(XS 2WIA(X6 2E) A (ge *n) A (geps *b) then (X2 X4 X5 X6 ?7vq) A (geps *b1)

23. If (X2 X4 X5 X6 ?v4) A (ge *n) A (geps *b) A (daz *ma) then (geps *b1) A Init(r7)

24. If (X1 X2 X4 ?vq) A (ge *n) A (gep2 *b) A (dse *ma) then (gep2 *b1) A Init(r8)

25. If (X3 X4 X5 X6 ?vq) A (ge *n) A (geps *b) A (d1z *ma) then (geps *b1) A Init(r2)

Rules 5 and 7 have priorities 0.3 in order to allocate the priority 0.1 to rules 13, 16, 18, 20, 22,
25, to meet the management strategy. The other rules (2,3, 4, 6, 8, 10, 14, 15, 17, 19, 21, 23, 24), except
for rules 9 and 1 who had priority 0, will have priority 0.1. Intermediate fuzzy variables gepi, gep,
geps, geps and geps are degrees of partial balance between groups of subsystems (1, 2, 3, 4), (1, 2, 4),
(3,4,5,6),(1,3,4,5,6) and (2, 4, 5, 6). These variables were used to eliminate the unbalance situations
obtained in the crisp case, these being the expert management meta-knowledge in the field. They
depend essentially on the structure of flexible production system and are actually imprecise
knowledge used in decision synthesis. For each inference cycle must calculate all the corresponding
fuzzy values, and generate the updated facts and thus the current state of the management system. The
fuzzy management model has the following properties: i) variable gep; appears in rules 14 and 15, and
its value is recalculated after the filtering between its current fuzzy value and the reason (gep: *b) by
applying the generalized modus ponens inference scheme. The same calculation method applies to
other partial balance degrees; ii) for meta-rules 14, 16, 18, 20 and 22 fuzzy unification is applied
differently, requiring the calculation of the resulting fuzzy value for the variable ?vq from the
consequent (according to the results and examples presented in paragraph 2.2.2); iii) variable ?v,,
together with variables gepi, gepz geps, geps, geps, allows chaining the fuzzy rules while the
management model is used by the RT-CFKMS inference engine; iv) within the structure of meta-rules
13-25 are present fuzzy variables dss, dss, di3, d21, da3, d4z, representing the fuzzy instant differences
between subsystem loads referenced by the corresponding indexes, in the appropriate order. The
values of these variables can be T-numbers tp *ma(2 gep;11),j=1.. 5 and tp *mi(0 1 0 1). Fuzzy value
*b is generated similarly.
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3. Conclusions

Formal logic reasoning is embedded in rule-based production systems. Experts’ operational
knowledge is expressed as rules, each rule gathering information relative to its launching conditions
and information on the resulting effects. Following the tests presented and the knowledge
representation and exploitation structures within FRCOM, we may outline the following conclusions: i)
the formalism chosen for knowledge representation is strong enough to support the representation of
some types of knowledge underlying the management decisions synthesis. It has the advantage of
factorizing the knowledge, which substantially reduced the size of fuzzy rules base. Also, this
knowledge representation method is more appropriate to express some types of knowledge similar to
those commonly used in the decision synthesis through natural language; ii) the management fuzzy
model for the problem presented was developed incrementally, as was embedded in the model
sufficient domain knowledge, resulting from the limitations observed for the crisp case. Is it possible to
constantly adapt the management fuzzy model through simulations, often rather difficult; iii) the
inferential subsystem based on fuzzy logic, designed and presented throughout this paper, solves the
management situations correctly, both from the computational point of view and in terms of the
semantics of the conclusions inferred through the chosen inference scheme; iv) modeling the economic
problems and the expert system as systems with logical events allowed the qualitative analysis of
management expert system.
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