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1 Introduction

In many situations, a process-operator expresses his knowledge about a process in terms of human concepts,
e.g. "A low temperature causes a high pressure”, but is not able to give the mathematical relation underlying
the process. When giving decision-support to a human operator, the explanation that accompanies the given
hypothesis is as important as the hypothesis itself and should, therefore, be expressed in human concepts. In
this article, we present a reasoning system that is able to reason with human concepts, by using fuzzy sets to
represent these concepts. Moreover, the presented reasoning system is able to reason forward (deduction) and
backward (abduction) as well as learn from examples (induction). Most other reasoning theories only consider
one reasoning form, however, in our view, the three reasoning forms must be considered simultaneously [1].
As isillustrated in Figure 1, each threesome of cause, effect and corresponding rule-strength makes up three
inseperably connected relationships, where an instantion of two out of three membership values completely sets
the third. Each reasoning form (and corresponding reasoning operator) is associated with one such relationship,
and therefore should be (chosen) consistent with eachother. Another aspect that is overlooked by other reasoning
theories is that in assigning a rule-strength between two fuzzy sets, the influence of the other sets is implicitly
neglected. In order to decouple individual rules from their inherent multi-rule environment, we have introduced
the concept of sub-effects[1]. Figure 2 shows a schematic overview of the reasoning system.
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Figure 1: The three relationships Figure 2: The Reasoning System

2 Fuzzyfication

Fuzzyfication is defined as a function F which performs a unique mapping from a subset of the real domain into
the fuzzy domain:

Fo: X = [0,11" : Fo@)=p={pi=px;|i=1,...Nx } Nx € N\{0} (1)

, Wwhere Nx equals the number of fuzzy sets (or human concepts, e.g. "alow temperature”) on X. Similarly to
p, t represents the membership values of Ny fuzzy setson Y. In order to predict real values, defuzzyfication
must be the inverse operation of fuzzyfication, hence finding that real value that resembles most the given unique
membership set [2].
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3 Reasoning

By introducing the concept of a sub-effect Y; < X;, representing the individual contribution of cause X; to the
total effect Y}, this sub-effect is completely determined by cause X; and the corresponding rule strength between
X; and Y;. Therelation X; — Y; < X; is defined by the deduction operator D that is chosen depending on the
application domain. Finally, the resulting effect Y; is completely determined by &l the corresponding sub-effects



Table 1: Overview of operators

Relationship Generic Choosen
Deduction X; =»Y;<qX; 84 = D(pi,rm-) Sij =Di-Tij
Aggregation Y; = AGG:(Y; < X;) tj = AGGi(si;) ti =38

that can be combined using the aggregation operator AGG that is aso chosen depending on the application
domain. In this article we have chosen multiplication for the deduction and summation for the aggregation
operator (see also table 1). In [1] we have defined a basic set of properties for each operator and give several
functions that comply with these properties. Once the deduction operator D and the aggregation operator AGG
are chosen, the relationships in the model become known and the three reasoning forms can be determined.

e Deduction, i.e. determine t¥, given p* and R, is performed by a simple matrix multiplication:
t* =DeD[p*; R]=p* ‘R ©)
, Where superscript & indicates the k-th observation and R. the complete rulebase.

e Induction, i.e. determine R, given K observations of p* and t*, follows by minimizing the distance
between the estimated t*, being t*, and the observed t* for all samples. Thisis equivalent to minimizing
the following error-function:

E=%-;||f<gk)—f<yk> ||2=%-§k:||£k—tk P = SliptR-e @
In order to determine the rulebase that minimizes E, we employ the Mean Square Error estimation:
R=FP".-P)'.PT.T (5)
, Where the k-th row of P and T corresponds to one observation set of p* and t* respectively.

¢ Abduction, i.e. determine p*, given t* and R, is performed by finding all sets of causes that result in the
given set of effectsif deduction was applied on these causes:

p* =ABD[t";R]={p|p-R=t"} (6)

These reasoning forms can be used to predict the real valued output as well as the input of a complex process,
after being learned from examples and is able to give explanations by providing the most significant rules.

e Predict real-valued output §*, given the input z* and known rulebase R.:
g* = F, Y (DED[ Fu(a®) ; R]) = F, M ( Fula®) - R) @)

o Predict real-valued input 2*, given the output y* and known rulebase R.:
it = F 1 (ABD[F, () ; R]) = F, ' ({p|p-R=F,(y")}) ®

In this article we have presented a consistent tri-directional reasoning system and shown how it can be applied to
model a complex process.
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