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Abstract

A unificd approach for integrating explicit and implicit
knowledge in connectionist coxpert systens  is
proposed. The explicit knowledge is represented by
discrete fuzzy rules, which are directly mapped into an
couivalent Multi Purpose Neural Network based on
MAPI ncuron (Rocha 1992), Learning result is a
refincment process of data sets, which is reprosented in
a module (or combination of modules} of classical
feedforward simuclures incorperating implicit fuzzy
rules. The combination of explicit and implicit
knowledge modules is viewod as an itcrative proccss
in knowledge acquisition and relinement.

1. Introduction

The  difficulties  arising  from  cxtracting
knowledge from trained neural nciworks and io
integrate implicit (connectionist) knowledge with
symbolic expert systems arc starting points in the
dircction of developing ncural expert systems, In
these systems, connectionist tools are interpreted
as hardware and fuzzy logic as softwarc
implementation of human rcasoning, In that way,
a  modular  simcture of  conmectionist
implementations of cxplicit and  implicit
knowledge could be interpreted as a homogenous
systcm  combining inductive and deductive
learning and reasoning.

A family of connectionist tools is developed as a
collection of fuzzy processing operators to modei
logic orientcd computation of fuzzy scts. The
MAPI neuron, proposcd by (Rocha, 1992), is a
nseful  tool to add another level of
programmability in fuzzy reasoning. The
combinations of generalized fuzzy computation,
the cxpanded MAPI modcl and specific
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distributed architecturc, arc used as a powerful
fuzzy-conncetionist processing tool,

In this paper, a connectionist modcl based on the
MAPI formal ncuron is proposcd to represent
multi-promises fuzzy rules. In scction 2, the
formal neuron MAPI and fuzzy operators
implemented using MAPE structure arc shortly
presented. In scetion 3, the theorctical aspects of
mapping fuzzy rules in Multi Purpose Neural
Nctworks (MPNN} used as Hybrid Fuzzy Neural
Networks (HFNN) and a gencralized structure of
MPNN equivalent with a discrete mulbti-premiscs
fuzzy rale basc (DFRB), based on the fuzzy
processing  abilitics of MAPI  necuron, are
discusscd, The scction 4 identifics methods of
combining cxplicit and implicit knowledge
conncctionist modules and cmphasizes aspects of
knowledge acquisition and redundaney. Rosults
from a financial test application arc reported in
scction 5. The paper is cnding with some
cenclusions and ideas on future work.

2. Multi Purpose Neural Networks

Multi Parposc Neural Networks (introduced by
Rocha, 1992) define a formal language to support
complex  chemical processing  involved in
different types of lcarning and rcasoning, The
capabilitics of thesc connectionist tools to
perform fuzzy computing on fuzzy signals define
Multi Purposc Neura! Networks based on MAPI
ncuron model (Rocha, 1992) as HHybrid Fuzzy
Newral Networks (Buckley and Hayashi, 1993).

2.1. The MAPT Neuron

The Artificial Neuron N was proposcd by (Rocha
1992) and devcloped  under  bio-chemical
evidences of neuro-phisiology, as so calied the
MAPI ncuron;

(O N={{W,}, Wo, T,R, C, ©, {0} }, where:

o {W,} is the family of pre-synaptic inputs
conveyed over N by all its n pre-synaptic axons;

s W, is the output code of N;

¢ T is the family of transmitters used by N to
exchange mcssages with other ncurons;

o R is the family of rcceptors to bind the
transmitter releascd by the pre-synaptic nourons,
The strength s; of the synapsis with the i-th pre-
synaptic ncuron is;
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(2) s=M{D) "M(r)*u(t,0)* vo and the post-synaptic
activity v; is evaluated as {3) vi=w;® 8., M(t} is the
size of fiunctional pool of the transmitter t at the
pre-synaptic cell ni. M(r) is the amount of 1
available to bind t (t,ris the affinity of t"r
binding. vy is the standard elcetromagnetic
variation triggered by this binding. ~, *, * | © arc
T-norms or T-co-norms;

» @ is the function used to appregate the actual

n
pre-synaptic activity: (4) afg( wi° si) ;

» {o.,g}is a family of thresholds and cncoding
functions defined as:
wi,if an < on

(3 w=4 wu,iTan>0z ;

g(an), othorwise

e ( isthe set of controllers, activated by §;° r>>
¢, teT,, reR, geC, T, is the set of presynaptic
transmitters. Each ¢; cxerciscs actions over N
itself and over other neurons,

The formal ncuron introduced cxhibits the
capabilitics of a muliipurposc processing device,
since it is ablc to handlc different types of
numcrical calculations. This is in contrast with
the simple processing capability of the classic
ncuron introduced by McCulloch and Pitts, 1943,
The structures presented in scction 3 use this
ncurat moedel in order to  perform  fuzzy
computing by choosing various forms of the
paramcters given above.

2.2. Fuzzy Logic and MAPI Neuron

The cxtended version of Modus Poncns s
proposed in (Zadeh, 1983):
(6)IF X, is A, » ... "X, is A, THEN Y is B

(Xiis A~ A Xas A

YisB
This process is performed in four steps:
s  Matching (the compatibility o between A
and A): in the MAPI casc, the t'r coupling
measures the matching between the incoming
information and the prototypical knowledge
cncoded in R,
» The aggregation function is a triangular norm

or even a non-monotonic aggregation based on
n
geometric mean: (7) a,= 91 ().

¢  Projection: the compatibility o, of the

conscquent i1s obtained as function of the
agpregated value o,
(8) 0. = g{6.), where o, measures the

compatibility of (Y is B') with (Y is B).

s Inverse-Matching and Defuzzification: in
MAPI context arc performcd at the axonic
terminals. The inverse matching can be described
by any triangular norm or co-norm assigned to
axonic procossing.

2.3. Neural Fuzzy Operators

Arising from thc junction of fuzzy sets and
neurocomputation (Pedrycz 1993, Pedrycz and
Rocha 1993, Buckley and Hayashi 1995),
Artificial Neural Networks performing fuzzy
computation are heterogencous parallel structures
aimed at logic-based proccssing of fuzzy data
with fuzzy neural functions. The aggregation and
projection  arc  performed by  gencralized
apgregative OR and AND neurons. The standard
implementation of fuzzy sct connectives involves
triangular norms or co-norms, Generally:

i
(9) ¥=T—conorm I_Xi T-norm WiJ.
1=t

J
(10) y=T—norm [x T-conorm wi),
ju

where x; and w; are the inputs and the weights of
the MAPI neuren implementing fuzzy operators,
The ncural implementation is an  equivalent
structure, which uscs the method of combining
rules first (Buckley and Hayashi, 1995),

3. Explicit Knowledge Representation
Using MPNN

Lxplicit  knowledge  ropresentation  using
connectionist tools is viewed as a subject of
mapping oxplicit rules into MPNN architccture
(used as HI'NNs). The aim of this strategy is to
obtain hybrid fuzzy ncural struetures, cquivalent
to Discreie Fuzzy Rule Based Systems,

3.1, Reasoning with a Fuzzy Rule Base

Let be considered a single rule with three

antecedents described as:
(INIFXisAANDY is BAND Uis C THEN Z
15D,

760



A, B, C, D arc fuzzy sets having associated
matching functions pa, Hp, Me, Mp. Let the
matching function pa(€) be described by a vector
X of size Nx, so that:

(12) x=palE), if v<E<atiry, i=1,2,.., Nx-1.

Thus, the fuzzy set A is:

(13 A =[x X

Similarty, fuzzy scts B, C and D are described in
discrete Torms as follows:

(9 B=[yr -yl vimmlw), if Bowspia,
i=1,2,.., Ny-1

(15) C =[w llNu], uimpa(v), if yi<ugy,
i=1,2_.., Nu-~1

(16) D=z ), zEpl), if Si<t<Ein,
i=1,2,., Nz-1.

The fuzzy relation:

(17} R:AxBxCxD—I0,1],

(18) pr(x,y,u,2(pa(5) () (L) pin(5)
defines the implication according to (6), where *
is a conjunctive T-norm and T is an assoctative T-
norm; so that given A', B, C%
(19) D=(AB"CYR, whecre
interpreied as max-I™ operator,

O Ini)ul neurnng ll'l‘ﬂ‘ 1|

LRI

[Assoctilis

¢ is wusually

Figure 1. MPNN cquivalent to A role with three
premises.

3.2. Mapping Fuzzy Rules inte MPNN

The implementation of an explicit multi-premises
rule presented in (11) fnto an equivalent MPNN
structute using MAPI ncurons with fuzzy abilities
{as described above) is shown in figwre 1. The
voectors are considered of size Ni, Ny, N,
respectively,

In these conditions, D'=(A"B“C"R, wherc
inyerse matching is tmplemented by the axonic
¢ncoding at the output neurons (Rocha, 1992),

4. Integration of Explicit and Implicit
Knowledge in Connectionist Systems

Symbolic processing is considered as a traditional
way in Artificial Intelligence; unlike symbolic
models, lcarning plays a confral role in
conncetionist structures. A combination of both
approaches is alrcady the subjoct of research in
hybrid systems. Viewing connectionist modcls as
a powerful tool to process knowledge, it is
straightforward to try to build conncctionist
intelligent systems, mainly applied to perccptual
tasks, where discovering explicit rules does not
seem cither natural, or dircct. Like humans,
connectionist models rely on learning low-level
tasks. lcarning by cxample is not a gencral
solution: it cannot be stressed for exhibiting any
intelligent behavior, Many situations are solved
by intclligent entitics using explicit rulgs.

Complex tasks may give raisc to local minima,
that 1t s, lcarning by cxample paradigm is useful
in small tasks. Onc answer is to combine different
connectionist modules solving various subtasks of
a main problem. The conn¢ctionist integration of
explicit knowledge and learning by cxample
appears to be a natural solution of developing
connectionist intelligent systems. The problem to
be solved is the uniformity of integration: explicit
and implicit rules should be represented in a
neural manner: in this casc, wsing MPNN as
HFNN to encourage the modularization.

Architcetures bascd on cooperating conneclionist
modules are proposcd to solve imtegration of
explicit and implicit knowledge. First module is
developed in a top-down manncr, using the
methods of mapping available cxplicit rules in
neural structures, as described above. The sccond
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one is responsible for unmanageable cases of
implicit knowledge, achicved using learning by
example paradigm. Since the discrcte fuzzy
inputs and outputs are considercd common for all
rules three stratepics used to combine explicit
knowledpe module (EKM) and implicit
knowledge module (JKM) arc identificd:

1) EKM is firstly designed by mapping fuzzy
rules in MPNN, on which further learning with
training samples 1is bascd. This way the
konowledge is kept at lcast sub-symbolic. The
main goal is not just to reduce training period, but
mainly to improve the gencralization abilities of
“the network. The disadvantages consist in both,
redsstribution of symbeolic a prion knowledge {or
at least building haloes of initial rules), and
necessity of a new refinement of final
incorporated knowledge in the resulted network.
This strategy follows the variations of concept
support fechpigues (Prem et al 1993) with the
difference of the method used to insert a priori
knowledge:
a) Inserting some rules describing a subset
of cases of desired input-output mapping, and
learning the {raining samples (inserted
explicit rules play the role of a complement
of the training sets in supplying knowledge to
the network).
b) Inserting the symbolic concepts beligved
to he rclevant for the problem solution, and
lcarning by supporting the relovant concepts
during training,
c) TInscrting explicit rules as in 1b followed
by a training phasc in which the used hidden
units are different from them designed in first
phase. The resultcd structure is cxhibited in
figure 2.

pieit Al
Figure 2. Imlegration of cxplicit and implicit
knowledge modules in raining network.

2) All sub-modules implementing explicit rules
are firstly combined in a global module: EKM (a
case similar to firing rules first mecthod, as in

Buckley and Hayashi, 1993) and a learning by
example IKM is generated. The final output is
obtained following a process of training a third
gating network with two global outputs
controlling the outputs of EKM and IKM (figure
35 i

implicit modules

Figurc 3. Integration of explicit an
using 4 gating network,

The design and training wmethod of the gating
network and the aggregative output network
follow the principles of hybrid learning presented
in (Langari and Wang, 1996).

This method of explicit and implicit knowledge
integration is uscful in complex problems solving,
which are simply breaking down in sub-problems,
a major part of them casily defined as symbolic
(fuzzy) rules; the IKM is used to gencralize and
to characterize the domain of solutions explicitly
unidentified.

3) The global architecture combines the explicit
and implicit sub-modules using a gating network,
which mediates the competition of all imvolved
cxpert networks {figure 4) as a network based on
firing different {explicit and implicit) rules first.

The resulted structure is a modular network:
expert networks arc represented by a defined
mumber of EKMs and IKMs solving various sub-
problems of the main task, and the pating network
mediates  the comypctition, EKMs  represent
explicit rules identificd by expert or refined from
a previous oxtracting rules from IKM phasc;
IKMs are useful espccially for such complex
problems having solutions distributed not only in
a compact intervals in hyper-space, but isolated,
situated in intersection of compact sub-domains
or inhomogeneous infervals. Afler training,
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different coxpert nctworks compute different
functions mapping different regions of input
space. The weights introduced to realize the
global network arc obtained using a competitive
algorithm. The number of output neurons of
gating network is indicated by the number of
expert networks, and the activations of the output
neurons must be nonnegative and sum to one
(Langari and Wang, 1990).

The structurcs and mcthods presented argue the
use of connectionist systems in symbolic
processing. Since the EKMs presented are
demonstrated to be equal to Discrete Fuzzy Rule
Systems, the homogenous intogration of cxplicit
rmles and data tramming sets comes with the
advantage of a well cover of the problem domain.
In that case, the constraimnt of ncural networks
dimension is solved by modularity paradigm.

Figurc 4. Basic configuration of integrated network
based on firing cxplicit and implicit rules first.

The diffzrent sources of the information explicitly
and implicitly integrated in presented modules
cxhibit the problem of knowledge redundancy m
the final structurc, The integration strategy
presented in 4.1) is not suitable for this problem:
explicit knowlcdge is viewed as a starting point
of lcarning by cxample, The stratcgy bascd on
concept support indicates the most cfficient
compact domain in verifying the majority of data
patterns. The last two mcthods, based on explicit
and implicit module intcgration arc open fo

process, without any validations, redundant
knowledge. If the application is oriented to
identify the answers as clear as possible, it is
preferable to minimize the redundancy, The
method to implement redundancy minimization is
based on selection just the data scts from training
collection, which are not suitable to verify the
implemented rules. The resulted training data sets
describe such domains in the hyperspace, which
are not covered by the explicit rules. The main
disadvantage is that IKMs obtained by learning
data arc able to generalize just in their domain.

In the situation of a non-validation process of
implicit knowledge, the  comscquences  of
maximization of the redundancy of data in
resulted structure arc: the advantage of the
possibility to generalize on the full mpuls space,
the advantage to refine more covering cxplicit
rules from IKM, subjects to define new
concentrated EKMs and the disadvantage of a
much more complicated structure than s
nceegsary,

5, An Example in the Financial Domain

The capabilitics of MPNN to perform fuzzy
computing {Rocha, 1992, Rocha and Yager,
1992, Pedryez and Rocha, 1993) and the methods
of tntcgrating cxplicit and implicit knowledge arc
tested in a financial application developed to
solve a portfolio problem. The ncural reasoning
engine is accorded to multiple premiscs fuzzy
rules, which model a portfolio ¢cvaluation process,
taken from the currcnt Romanjan  financial
context.

Three explicit three-premise fuzzy rules were
uscd. The explicit rules describe criteria for the
portfolio value to be classified as ncgative, zero
or positive and wcre obtained by consnlting a
financial c¢xpert. In the application, triangular
membership functions arc used for primary fuzzy
scts. All of these rules cover a limited part of the
input space. The knowledge base mapped in the
EKM is:

CNIF (X is LOW,} AND (Y is HIGH;) AND (U
is LOW;) THEN (Z is PO)

(22) 1F (X is MED} AND (Y is MED,;) AND (U
is MED;) THEN (Z 15 ZE)

(23} IF (X is HIGH,) AND (Y is HIGH;) AND
(U is HIGH,} THEN (Z is NE)
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where, for cxample, X s USD/1000ROL, The
data scts are obtained from the currency
fluctuation in financial years 1990-1998,

The proposed methods of integrating explicit and
implicit rules i a conucctionist structure were
tested using the same rules and unplicit
information, The coneept supported by the
network 1n the first casc was the currency
fluctuation differences in an infernal political
crisis. After training, the following values (Prem
el al, 1993} worc computed for comparison
(figurc 5):

v the pereentage of cases of the whole data set
that trained TKM classified correctly,

v the pereentage of cascs of the whole data set
that given rutes classified corrcotly;

v the percentage of cases of the whole data scot
the final network classified correctly: cascs
la,bc, 2,3

Be

F
Figurc 5. Preliminary rcsulis of integrating cxplicit and
implicii knowledge in a connectionist siructure. The
prediction rate of a regularly trained KM (value a) is
coinpared to the results obtained by rules connectionist
siructure EKM (valuc b}, and inicgrated networks
presented in Ia (valuc ¢), 1b (valuc d), lc (value ¢), 2
(value £), 3 (valuc g).

6. Conclusions and Future Work

This paper described a neural approach of fuzzy
rcasoning using a neural structure bascd on
generatized MAPI neuron, and some strategics to
integrate explicit and implicit knowledge in
conncctionist systems. The developed MPNN
structurc 1s eguivalent with a discrete multi-
premises fuzzy rule base. Using fuzzy capabilitics
of the MAPI newron, on¢ of the main advantages
of mapping fuzzy rules in MPNN structurcs is
developing of a programmable neuro-fuzzy tool.
The raison of implementing fuzzy rules using

MPNN consists in both, thc neccessity of
combining explicit and implicit knowledge in a
natural manner, and the property of MAPI
ncurons to be implemented as fuzzy processors
(Rocha, 1992, Pedryez ct al, 1995).

Future rescarch will focus on using neural MAPI
operators and MPNN structures for knowledge
acquisition, in order to develop expert systems
with particular applications in the financial arca.
This aim supposes to clarify the problems of
combining ncural modules using fuzzy gateway
based on MAPI model and to oblain somc
theoretical rcasons for the results obtained using
different integration strategies. Also the rescarch
will be focused on identifying methods to extract
fuzzy rules from trained neural networks and to
describe stratcgics of using neural expert systems
in knowledge acquisition, particularly 1n financial
forccasting.
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