Training Neurofuzzy Networks with Participatory Learning
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Abstract

This paper introduces a new approach to ad-
just a class of neurofuzzy networks based on
the idea of participatory learning. Partici-
patory learning is a mean to learn and revise
beliefs based on what is already known or be-
lieved. The performance of the approach is
verified with the Box and Jenkins gas fur-
nace modeling problem, and with a short-
term load forecasting problem using actual
data. Comparisons with alternative training
procedures suggested in the literature are in-
cluded to shown the effectiveness of partici-
patory learning to train neurofuzzy networks.

Keywords: Participatory Learning, Fuzzy
Systems, Neurofuzzy Networks.

1 Introduction

Neurofuzzy systems have been widely used in different
areas of science and engineering, including medicine,
economics, fuzzy mathematics, game theory, systems
modeling to mention a few.

As part of computational intelligence, neurofuzzy sys-
tems combine two major paradigms, neural networks
and fuzzy systems. The combination results in systems
that integrate the representation richness of fuzzy sys-
tems with the learning ability of neural networks. The
central idea behind neurofuzzy systems is the capa-
bility to tune fuzzy systems using learning procedures
and data. Suitable methodologies and learning algo-
rithms are among the most important issues when de-
signing neurofuzzy systems [1].

In the past years several methods to train neuro-
fuzzy systems, especially neurofuzzy networks, have
been proposed. In general these methods are based
on gradient descent and/or reinforcement approaches
1, 2, 3, 4].
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These techniques produce satisfactory results in many
cases but currently there is no consensus on which one
is the best since they depend heavily on the data set
characteristics [5].

In 1990 a new learning approach, namely Participatory
Learning (PL), was introduced by Yager as a model
of learning that captures many of the salient features
of human learning [6]. This approach assumes that
learning and beliefs about an environment depend on
what the system already knows about the environment
[7].

Recently, the participatory learning paradigm was
used to develop an efficient unsupervised fuzzy clus-
ter algorithm [5] and to find rule base structures in
adaptive, evolving fuzzy modeling procedures [8].

Alternative methods, such as Bayesian analysis [9],
have been developed to combine current belief with
new knowledge about the environment coming from
observations. In this work we adopt an approach based
on the assumption that probability density functions
are not easily available or computable, what precludes
the use of Bayesian approaches.

More precisely, this paper suggests the use of PL idea
to develop a new training procedure for hybrid neuro-
fuzzy networks. The procedure does not dependent on
the data set because the current knowledge about the
environment is part of the learning process itself and
influences the way in which new observations are used
for learning [5].

The paper is organized as follows. Next section re-
views the main ideas and concepts of participatory
learning. Section three presents the neurofuzzy net-
work structure. Session 4 details the training proce-
dure suggested in the paper. Session 5 summarizes
simulation results and comparison studies. Section 6
concludes the paper summarizing its contributions and
issues for further investigation.



2 Participatory Learning

The main characteristic of participatory learning is
that an exogenous observation impact in causing learn-
ing or belief revision depends on its compatibility with
the current system belief. In particular, observations
conflicting with the current belief are discounted [6].

Let v € [0,1]™ be a variable that represents the belief
of a system. The aim of the participatory learning is
to learn the value of this variable based on a sequence
of observations x* € [0,1]" that encodes the knowl-
edge about the value of the variable v. In this sense
z" is a manifestation of value of v in the k — th obser-
vation. Thus we use the vector 2* as a means to learn
valuations of v. The learning process is participatory
if the usefulness of each observation z* in contributing
to the learning process depends upon its acceptance by
the current estimate of the values of v as being valid
observation [6]. Participatory learning means that, to
be relevant for the learning process, 2* must be close
to v*. A mechanism for updating the current beliefs
of v is a smoothing like algorithm:

=0k 4 apy (2t - o) (1)
where £k = 1,..., P, and P is the number of observa-
tions; v**! is the new system belief; v* is the current

belief; x* is the current observation; o € [0,1] is the
learning rate; and py € [0,1] is the compatibility de-
gree between x* and v*. As an example, p can be
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Notice that, if p;, = 0 (observation too far from current
belief) we get from (1) that v**! = v* and the system
is maximally closed to learn. On the oder hand, if
pr = 1 we see from (1) that v¥*+1 = v* 4 a(zF — %),
therefore the system is maximally open for learning.
However, in other for pj to equal 1 it must be the case
that 2¥ — v¥ = 0 for all 4. This condition implies that
vF = zF and hence we get v*T! = v¥, which implies
that no learning occurs [10].

One concern that can be raised about the described
learning procedure is that it ignores the situation when
a stream of low py’s arises during a long period of time.
In this case, the system should become more open to
learning because it may be the case that the current
belief is wrong, not the new observations. In [6] Yager
proposes a mechanism that monitors the compatibil-
ity of the current beliefs with the observations. This
information is translated into an arousal index used to
influence the learning process, as shown in Figure 1.
The higher the arousal rate, the less confident is the
system with the current belief, and conflicting obser-
vations become important to update the beliefs. Le us
denote ay € [0, 1] as the arousal index. The higher ay,
the more aroused the system will be. The dynamics of
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Figure 1: Participatory Learning with Arousal

Beliefs

the arousal index adaptation is specified as follows:

agy1 = ak + AM((1 = pry1) — ax) (2)

where A € [0,1] is a constant that controls the rate
of change arousal; the closer \ is to one, the faster
the system is to sense compatibility variations. The
arousal index can be seen as the complement of the
confidence in the belief structure currently held.

Expression (1) can be rewritten to incorporate the
arousal mechanism as follows:

o = oF apk e (ah - o) (3)

As it can be noted in (3), while py measure how much
the system changes its credibility in its own beliefs,
the arousal index aj acts as a critic to remind when
the current belief should be modified in front of new
evidences. Moreover, apart from the term p}ﬂ_“’“ Equa-
tion (3) can be viewed as a standard learning rule used
to training neural networks. However, in the presence
of spurious samples in training data set, a learning rule
without the term p,lv_“’ﬂ may not converge or converge
to an incorrect value.

3 Neurofuzzy Network Model

This section introduces the complete structure of the
hybrid neurofuzzy network (RNF), which is composed
by two parts. The first part has an input and two
hidden layers and assembles a fuzzy inference system.
The second is a classic neural network whose purpose is
to aggregate the outputs of the fuzzy inference system.
Figure 2 shows a neurofuzzy network with n inputs
and m outputs. The input layer supplies the inputs
to the neurons in the next layer. The first hidden
layer consists of neurons whose activation functions
are membership functions of fuzzy sets that form the
input space partition.

For each dimension z¥ of a n-dimensional input vector
x" there are N; fuzzy sets A;‘Z Xi=1, ..., N; whose
membership functions are activation functions of cor-
responding input layer neurons. The variable k is the
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Figure 2: Hybrid Neurofuzzy Network Structure

discrete-time, that is, k = 1,2,. .., but it will be omit-
ted in the rest of the paper to simplify notation. Thus,
the outputs of the first hidden layer are the member-
ship degrees associated with the input values, that is,
agi = pyn (i), i =1, ..., nand £ =1, ..., L;
where L is the number of neurons in the second hid-
den layer.

The neurons of the second hidden layer are fuzzy set-
based neurons called or neurons (Figure 3) whose in-
puts ay; are weighted by wy; where wy; corresponding
to the credibility of the input ay;. The neurons use
s-norms to process the inputs. For different instances
of s—norms see [2] and references therein.

Figure 3: Fuzzy Set or Neurons
Fuzzy set-based neurons assume membership degrees
ag; inputs and weights wy; in [0,1]. Therefore they
perform nonlinear mappings [0,1]" — [0,1]. The ac-
tivation function 1, of a or neuron is, in general, a
nonlinear function, but here we assume 1,, to be the
identity function ¥, (u) = u.

It is easy to see that the network structure embeds a
set of if-then rules R = {Rg,k =1, ..., L} of the
form:
Ry : If (a1 is Ai‘l with credibility we) . ..
or (z; is Af‘ with credibility we;) ...
or (zy, is Af‘" with credibility wgp,)

Then, z is z,.

where

n
2 = i§1 (wei t ag;)

Therefore, there is a close correspondence between the
structure of the first part of the neurofuzzy network
and a set of fuzzy rules or, alternatively, a fuzzy rule
base. In addition, the processing scheme induced by
the network structure agrees with the principles of
fuzzy set theory and approximate reasoning [2].

As mentioned above, the second part is a classical neu-
ral network composed by conventional neurons whose
output y; is an aggregation of the inputs 2z, and the
weights 70,0 =1, ..., L,j=1, ..., m.

The neurofuzzy network processing can be summa-
rized as follows:

1. N; is the number of fuzzy sets that composes the
partition of i—th input;

2. ay = g (x;) is the membership degree of x; in

the fuzzy set Af‘*, where ay; is the i—th input of
neuron ¢ of the second hidden layer;

3. zg is the output of the /—th neuron of the second
hidden layer:

zZp = i§1 (wgi t agi) (4)

4. y; is the output of j —th nonlinear neuron of the
output layer given by:

yj = flug) = f (Z(Uﬂczk)> (5)

k=1

where, f : ®% — [0,1] is a nonlinear, monoton-
ically increasing function. In this paper, we use
the logistic function f(u;) = 1/(1+ exp(—u;));

5. wp; is the weight between the {—th or-neuron and
the i—th neuron of the first hidden layer;

6. 70 is the weight between the output y; of the
network and the /—th neuron of the second hidden
layer;

The neurofuzzy network architecture is very flexible
because it allows appropriate triangular norms to be
chosen and offers the possibility to extract linguistic
fuzzy rules directly from its topology.

4 Training Procedure

The training procedure suggested in this paper in-
volves three main phases. The first phase uses the
fuzzy c-means algorithm to granulate the input space.
The next phase use the gradient descent to update the



weights related to the classic neural network (r;,’s).
The last phase use the participatory learning paradigm
summarized in section 2 to update the weights con-
nected to the or neurons (wy;’s). The essential imple-
mentation steps are detailed next.

4.1 Generation of Membership Functions

To generate the membership functions of the first hid-
den layer of the network shown in Figure 2 the c-means
clustering algorithm is used. Information about in-
put and output spaces are included in the cluster pro-
cess. The modal values of the membership functions
are the projection of the clusters centers in its respec-
tive universes. We assume Gaussian-shaped function
as membership functions in the first hidden layer neu-
rons. The dispersions of the Gaussians are adjusted to
form a cognition frame of the input space [2].

4.2 Weight Updating

The first step in the weight updating process is to esti-
mate the network output g € [0,1]™ for a given input

€ [0,1]™. This corresponds to the fuzzification of
the input pattern, and successive computation the out-
puts of the remaining neurons layers using Equations
(4) and (5). Next, the learning process aims to min-
imizing an error measure between the actual network
output and a desired output for each input pattern,
that is, to minimize

1 L \2
e= 52(%‘ ) (6)
j=0

where §; is the value of the output unit j and y; is the
desired value of the output unit j.
We update the output layer weights using a gradient
descent method, that is

Arje =n(y; —
where f/(u;) =
activation function evaluated at u, u;
and 7 is the learning rate.

95)f" (uj)ze (7)
f(u;)(1— f(u;)) is the derivative of the
= 25:1(7"3135)7

The next step update the weights of the logical neurons
using the participatory learning idea, as follows.

Participatory Learning Procedure

As discussed in the Section 3, the fuzzy inference sys-
tem encodes in the fuzzy set-based neurons structures
can be seen as a fuzzy relation G : A x Z — [0,1]
where A and Z are two finite universes and G is any
subset of the Cartesian product of these two universes.
In particular, for a* € A and G C A x Z we have that
it is possible to compute an element z* € Z related
with a” of the form 2F = a* o G.

If we choose as s—norm the maximum to the or neu-
rons we have that the operator ‘o’ becomes maz_ t

(sup_ t) and for a given pair (a*,2*) the relation G
can be found by solving the fuzzy-relational estima-
tion problem [2] whose solution is:

G=a"T g2k (8)

where 7' denote the transpose and ¢ is such that
(af; @ 2¢) = sup(c € [0,1] [ ag; t ¢ < z7)  (9)

We can see that the relational matrix G = [g4;] have
strong relation with the weight matrix W = [wy;]. In
fact, for a given pattern [z, yx] and a matrix R = [r;]
of output layer weight’s the better approximation of
the mapping f: xr — yi performed by the network
shown of Figure 2 occurs when W = G.

To find the relation G we need the output of logical
layer neurons zj values. This can be estimated from
yr and R solving the constrained linear least-squares
problem:

1
min {2 ’Rzk - f_l(yk)’2} subject to 0< zF <1

where f71(+) is the inverse of function f in (5). (10)

Next, we compute the fuzzy relation G using (9).

Once G is found we can update weights wy;’s based on
participatory learning paradigm as follows.

AWE = o (pF)' 7 (GF — W) (11)

where « is the learning rate; k = 1, ... P and P is the
number of training pattemS' ay, is calculated according

(2), and
ZZ |gE2 wZz (12)
1=

The procedure to train the neurofuzzy networks using
PL approach (NFPL) proposed in this paper can be
summarized in the pseudo code presented in Figure 4.

5 Experimental Results

To evaluate the performance of the learning algorithm
introduced in this paper, we compare our approach
with alternative models suggested in the literature.
The examples given here include nonlinear system
identification and time series prediction problems. We
adopt the maximum s—norm and the algebraic prod-
uct as the t—norm in the or neurons.

Box and Jenkins Gas Furnace

The Box and Jenkins system identification is a well-
known benchmark problem. Identification uses of 290
pairs of input/output data taken from a laboratory
furnace [11]. Each data sample consists of the methane
flow rate, the process input variable, z*, and the CO,
concentration in off gas, the process output, y*. This is
a dynamical process with one input z* and one output

y*. The aim is to predict current output y(k) using



Begin NFPL
Read Training Data;
Granularize the input space (section 4.1);
p:=n° of training patterns;
WHILE err 2 error tolerance DO
ti=1;
WHILE t < p DO
Read (x%y);
Estimate the network output y* (section 3);
Compute the approximation error e using (7);
Compute the variation of the weights rw‘s using (8);
Update the r,(_‘s weights;
ti=t+l;
END WHILE
t:=1;
WHILE t < p DO
Read (x',y");
Compute the z* from y* and R using (11);
Compute the fuzzy relation G using (9) ;
Determine the compatibility degree p, using (13);
Determine the arousal index using (3);
Compute the variation of the weights w using (12);
Update the wu‘s weights;
ti=t+l;
END WHILE
Calculate the general approximation error err
END WHILE

END NFPL

Figure 4: NPFL Approach

past input and output values, with the lowest error.
Different studies indicate that the best model structure
for this system is y* = f (yF~1, 2*74).

Figure 5 depicts the model output obtained by the
NFPL approach. Comparison results with previous
fuzzy /neurofuzzy approaches that works with the
same inputs is given in Table 1. We notice that NFPL
perform as well as the one of the best model.

T
——— Desired Output
—— NFPL Output
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Figure 5: Box and Jenkins Gas Furnace Identification

Load Forecasting

An application example that shows the effectiveness of
the participatory learning in neuroffuzy training is the
short-term load forecasting. The task load forecasting
is to accurately predict the 24 hourly loads of the next
operation day.

We use a training data set composed by hourly loads
from May of 2000 to February of 2001 of an electrical

Table 1: Gas Furnace Identification

Model N° Rules | Mean Square Error
Pedrycz [12] 81 0.5656
Xu and Lu [13] 25 0.5727
Delgado [14] 4 0.4100
Yoshinari [15] 6 0.5460
Rutkowski [16] 9 0.4912
NFPL 9 0.4528

utility located at the Southeast region of Brazil. The
input variables of the model are Lj;,_1 and Lj,_o, which
represent the load at times h—1 and h—2, respectively.

To show the efficiency and the data-independent na-
ture of the PL approach during training, two cases
are considered. The first case (Case 1) data was col-
lected without any measurement error. In the second
case (Case 2) we introduce uniform random noise in
selected samples of the training data. Four different
neural network models were trained using data of the
two cases, namely, a classic multilayer perceptron with
2 hidden layers with 12 and 8 neurons, respectively,
trained with backpropagation algorithm (MLP), an
adaptive neurofuzzy system [17] using the same num-
ber of fuzzy sets to granulate each input variable (AN-
FIS), and the neurofuzzy network presented in Fig-
ure 2 with 64 neurons in second hidden layer. The
RNF was trained in two different ways. The first way
uses participatory learning as detailed in Section 4
(NFPL). The second one adopts a non-participatory
version (NF-NPL) of the learning procedure proposed
in section 4, that is, we exclude the participatory with
arousal term p,~®* from Equation (11). The Mean
Absolute Error (MAE) is used to evaluate the results.

1 — 100
— ~k k

MAE_F};y —y‘yT (%) (13)
where §* is the k-th predicted value, y* is k-th real
value and P is the number of values to predict. The
results obtained are summarized in Table 2. Figure 6
shows the load forecast results provided by the neural
models for September 12, 2001 in both, Case 1 (a) and
Case 2 (b).

Table 2: Load Forecast

Model MAE (%) - Case 1 | MAE (%) - Case 2
MLP 7.20 12.95
ANFIS 5.74 11.47
NF-NPL 6.86 12.07
NFPL 3.98 4.42

As it can be seen in Figure 6 and Table 2, all neural
models show comparable performance in Case 1. How-
ever, in Case 2 the participatory model improves the
forecast substantially and outperforms the remaining
neural models. The participatory nature of NFPL is
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Figure 6: Short Term Load Forecasting

able to smooth the effect of noise using the compati-
bility measure.

6 Conclusions

In this paper we have introduced a new training proce-
dure for a class of hybrid neurofuzzy network based on
participatory learning paradigm. Experimental results
show that participatory learning provide an effective
alternative for supervised training of neurofuzzy net-
works that do not dependent of training data set and is
as efficient as alternative fuzzy /neurofuzzy approaches
addressed in the literature.
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