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Abstract

A general connectionist model, called neural fuzzy control network (NFCN), is proposed for the realization of a fuzzy
logic control system. The proposed NFCN is a feedforward multilayered network which integrates the basic elements
and functions of a traditional fuzzy logic controller into a connectionist structure which has distributed learning abilities.
The NFCN can be constructed from supervised training examples by machine learning techniques, and the connectionist
structure can be trained to develop fuzzy logic rules and find membership functions. Associated with the NFCN is
a two-phase hybrid learning algorithm which utilizes unsupervised learning schemes for structure learning and the
backpropagation learning scheme for parameter learning. By combining both unsupervised and supervised learning
schemes, the learning speed converges much faster than the original backpropagation algorithm. The two-phase hybrid
learning algorithm requires exact supervised training data for learning. In some real-time applications, exact training
data may be expensive or even impossible to obtain. To solve this problem, a reinforcement neural fuzzy control network
(RNFCN) is further proposed. The RNFCN is constructed by integrating two NFCNs, one functioning as a fuzzy
predictor and the other as a fuzzy controller. By combining a proposed on-line supervised structure—parameter learning
technique, the temporal difference prediction method, and the stochastic exploratory algorithm, a reinforcement learning
algorithm is proposed, which can construct a RNFCN automatically and dynamically through a reward-penaity signal
(i.e., “good” or “bad” signal). Two examples are presented to illustrate the performance and applicability of the proposed
models and learning algorithms.

Keywords: Neural networks; Connectionist; Fuzzy control; Fuzzy predictor; Gradient descent; Supervised—unsupervised
learning; Reinforcement learning.

1. Introduction

Among the schemes in bringing the learning abilities of neural networks to automate and realize the design
of fuzzy logic control systems [2-5,7,9-13, 15, 18, 19, 22, 24-27, 29], the most popular one is to imbed a fuzzy
system into a neural network. In this scheme the fuzzy system is installed in an architecture isomorphic to
neural networks, i.e., a multilayered network, where each node performs a function such as to make the entire
network perfectly equivalent to the fuzzy system. In this approach, the gradient descent method that is akin
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to the backpropagation algorithm is usually used to train the network. Examples include Jang’s adap-
tive-network-based fuzzy inference system (ANFIS) [7, 22], Berenji and Khedkar’s generalized approximate
reasoning-based intelligent control (GARIC) [2, 3] for reinforcement learning problems, Yager’s implemen-
tation of fuzzy controllers using a neural network framework [27], Nauck and Kruse’s [18] fuzzy back-
propagation approach [18], Wang and Mendel’s [26] orthogonal least-squares learning, and many others
[5,13,25]. The approaches developed in the paper follow this scheme.

In this paper, a general neural-network (connectionist) model is proposed to realize fuzzy logic control
systems. This connectionist model, in the form of feedforward multilayer net, combines the idea of fuzzy logic
controllers and neural-network structure and learning abilities into an integrated neural fuzzy control
network (NFCN). An NFCN can be constructed automatically through learning from the input-output
training data sets. In this connectionist structure, the input and output nodes represent the input states and
output control signals, respectively, and in the hidden layers, there are nodes functioning as membership
functions and fuzzy rules. The NFCN brings the spirit of human-like thinking and reasoning into a neural
network structure. Moreover, NFCN performs both the parameter learning (i.e. learning the membership
functions) and the structure learning (i.e., learning the fuzzy logic rules).

A structure—parameter learning algorithm is proposed for setting up the proposed NFCN. This two-phase
hybrid learning algorithm combines unsupervised learning and supervised gradient-descent learning proced-
ures to build the rule nodes and train the membership functions in two separate phases. This hybrid learning
algorithm performs superiorly to the purely supervised learning algorithm (e.g., backpropagation learning
rule) due to the a priori classification of training data through an overlapping receptive field before the
supervised learning. Since the proposed NFCN maintains the spirit of human-like thinking and reasoning as
in fuzzy logic systems, it eliminates the disadvantage of a normal feedforward multilayered net which is
difficult for an outside observer to understand or to modify. So, if necessary, experts’ knowledge can be easily
incorporated into the proposed structure to speed up the network learning.

The two-phase hybrid learning scheme requires precise training data for setting the link weights and the
link connectivity of NFCN. For some real-world applications, precise data for training/learning are usually
difficult and expensive, if not impossible, to obtain. For this reason, there has been a growing interest in
reinforcement learning algorithms for neural networks [1,3,9]. In this connection, we further extend the
NFCN to the reinforcement learning problem. For the reinforcement learning problem, training data are
very rough and coarse, and they are just “evaluative” as compared with the “instructive” feedback in the
supervised learning problem. Training a network with this kind of evaluative feedback is called reinforcement
learning, and this simple evaluative feedback, called reinforcement signal, is a scalar. In addition to the
roughness and non-instructive nature of the reinforcement signal, a more challenging problem to the
reinforcement learning is that a reinforcement signal may only be available at a time long after a sequence of
actions has occurred. To solve the long time-delay problem, prediction capabilities are necessary in
a reinforcement learning system. To achieve the goal of solving reinforcement learning problems in fuzzy
logic systems, a reinforcement neural fuzzy control network (RNFCN) is proposed which consists of two
closely integrated NFCNs. One NFCN, the action network, is used for the fuzzy controller, it can choose
a proper action or decision according to the current input vector. The other NFCN, the evaluation network, is
used as the fuzzy predictor, and it performs the single- or multi-step prediction of the scalar external
reinforcement signal. The fuzzy predictor provides the action network with more informative and beforehand
internal reinforcement signals for learning.

Associated with the proposed RNFCN is the reinforcement structure—parameter learning algorithm
which uses the temporal difference technique on the evaluation network to decide the output errors for
either the single- or multi-step prediction. With the knowledge of output errors, an on-line supervised
structure—parameter learning algorithm is developed to train the evaluation network to obtain the
proper membership functions and fuzzy logic rules. For the action network, the reinforcement struc-
ture—parameter learning algorithm allows its output nodes to perform stochastic exploration. With the
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internal reinforcement signals from the fuzzy predictor, the output nodes of the action network can perform
more effective stochastic searches with a higher probability of choosing a good action as well as discovering
its output errors. Again, after finding the output errors, the whole action network can be trained by the
proposed on-line learning algorithm. Thus, the proposed reinforcement structure—parameter learning algo-
rithm basically utilizes the techniques of temporal difference, stochastic exploration, and the on-line
supervised structure—parameter learning algorithm. It can determine the proper network size, connections,
and parameters of an RNFCN dynamically through an external reinforcement signal. Moreover, learning
can proceed even in the period without any external reinforcement feedback. After learning, the action
network becomes an independent fuzzy logic controller which can be used to control the plant in the original
environment.

In Section 2, the proposed NFCN is introduced and described. The two-phase hybrid learning algorithm is
presented in Section 3. The structure of the proposed RNFCN and the corresponding reinforcement
structure—parameter learning algorithm are presented in Section 4. In Section 5, two examples are used to
illustrate the utility of the proposed systems. First, the model car example as suggested by Sugeno [21] is
simulated to demonstrate the capabilities and the performance of the proposed hybrid learning algorithm.
Then, the cart-pole balancing problem is simulated to demonstrate the capabilitics of RNFCN. Finally,
conclusions are summarized in Section 6.

2. Neural fuzzy control network (NFCN)

This section introduces the structure and functions of the proposed neural fuzzy control network (NFCN),
which is a feedforward multilayered connectionist structure to realize the traditional fuzzy logic control
systems from sets of input—output training data. The NFCN integrates the basic elements and functions of
a traditional FLC (e.g., membership functions, fuzzy logic rules, fuzzification, defuzzification, and fuzzy
implication) into a connectionist structure which has distributed learning abilities to learn the input/output
membership functions and fuzzy logic rules. Fig. 1 shows the structure of our proposed NFCN. The system
has five layers. Nodes at layer one are input nodes (linguistic nodes) which represent input linguistic variables.
Layer five is the output layer. Nodes at layers two and four are term nodes and act as membership functions
to represent the terms of each respective linguistic variable. Each node at layer three is a rule node which
represents one fuzzy logic rule. Thus, all layer-three nodes form a fuzzy rule base. Layer-three links define the
preconditions of the rule nodes, and layer-four links define the consequents of the rule nodes. Therefore, for
each rule node, there is at most one link (perhaps none) from some term node of a linguistic node. This is true
both for precondition links and consequent links. The links at layers two and five are fully connected
between linguistic nodes and their corresponding term nodes. The arrow on the link indicates the normal
signal flow direction when this network is in use. We shall later indicate the signal propagation, layer by
layer, according to the arrow direction. Signals may flow in the reverse direction in the learning process as
discussed later.

With this five-layered structure of the proposed connectionist model, the basic functions of a node can be
defined. A typical network consists of a unit which has some finite fan-in of connections represented by
weight values from other units and fan-out of connections to other units. Associated with the fan-in of a unit
is an integration function f which serves to combine information, activation, or evidence from other nodes.
This function provides the net input for this node:

- ok 0. k) Lk k
net-input = f(u{, u, ..., ul; wi, W, ... wh), 8}

where u{ represents the ith input signal at the kth layer, w® represents the ith link weight of the kth layer, the
superscript k indicates the layer number, and p represents the number of a node’s input connections. This
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Fig. 1. Proposed neural fuzzy control network (NFCN).

notation will also be used in the following equations. A second action of each node is to output an activation
value as a function of its net input:

output = o = a(f), )
where a(-) denotes the activation function. For example (in standard form),
f= Zp“ w®u® and a= 1 —, 3)
= 1+e™/

We shall next describe the functions of the nodes in each of the five layers of the proposed connectionist
model.
Layer 1: The nodes in this layer transmit input values directly to the next layer. That is,

f=u? and a=f @)

From Eq. (4), the link weight at layer one (w{") is unity.
Layer 2: Each node in this layer functions as a membership function. For example, for a bell-shaped
function, we have

2 _ .02
/= M{c.(mij,o-ij)z = (E'—zmu—)“ and a=¢e’, )

ij
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where m;; and o;; are, respectively, the center (or mean) and the width (or variance) of the bell-shaped function
of the jth term of the ith input linguistic variable x;. We shall use bell-shaped membership function in this
paper.

Layer 3: The links in this layer are used to perform precondition matching of fuzzy logic rules. Hence, the
rule nodes should perform the fuzzy AND operation,

f=min@,ud,..,u) and a=f (6)

The link weight in layer three (w{®) is then unity. We can also use product operator for the fuzzy AND
operation. It is differentiable and suitable for the derivation of a learning algorithm. However, it requires
more computations than the min operator.

Layer 4: For the hybrid learning algorithm, the nodes in this layer have two operation modes: down-up
transmission and up-down transmission modes. In the down—up transmission mode, signals flow upwards
and the links at layer four perform the fuzzy OR operation to integrate the fired rules which have the same
consequent, where the bounded sum operation is used for fuzzy OR:

f= i u® and a=min(l,f). )

i=1

Hence, the link weight w{* = 1. In the up-down transmission mode, signals flow downwards and the nodes

in this layer and the links in layer five function exactly the same as those in layer two. For the RNFCN, the
nodes in this layer only operate in the down-up transmission mode.

Layer 5: For the hybrid learning algorithm, there are two kinds of nodes in this layer. The first kind of
node performs the up—down transmission for the training data y; to feed into the network. For this kind of
node,

f=y; and a=f (8)

The second kind of node performs the down—up transmission for the decision signal y; output. These nodes
and the layer-five links attached to them act as the defuzzifier. If m;;’s and o;;’s are the centers and the widths
of output membership functions, respectively, then the following functions can be used to simulate the center
of area defuzzification method [8]:

=Y wQu? =Y (mjo;)ul® and a=

o )
Here the link weight at layer five (wﬁf’ }is m;;0;;. For the RNFCN, we have only one kind of nodes performing
the down—up transmission for the decision signal output.

Based on the above connectionist structure, a two-phase hybrid learning scheme will be proposed to
realize the NFCN from the given input-output training data sets. This learning algorithm includes structure
and parameter learning to determine optimal centers (m;;’s) and widths (g;;’s) of term nodes in layers two and
four. Also, it will learn fuzzy logic rules by deciding the connection types of the links at layers three and four;
that is, the precondition links and consequent links of the rule nodes.

3. Two-phase hybrid learning algorithm

In this section, we shall present the proposed two-phase learning scheme for realizing the NFCN from the
given input—output training data sets. In phase one, a self-organized learning scheme is used to locate initial
input and output membership functions and to find the presence of fuzzy logic rules. In phase two,
a supervised learning scheme is used to adjust optimally both input and output membership functions for
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desired outputs. Before this network is trained, an initial form of the network is first constructed. Then,
during the learning process, some nodes and links of this initial network are deleted or combined to form the
final structure of the network. Let T(x;) denote the term set of the linguistic variable x;. Then in its initial
form (see Fig. 1), there are [];]7(x;)| rule nodes with the inputs of each rule node coming from one possible
combination of the terms of input linguistic variables under the constraint that only one term in a term set
can be a rule node’s input. Here | T'(x;)| denotes the number of terms of x; (i.e., the number of fuzzy partitions
of input state linguistic variable x;). So the state space is initially divided into | 7'(x}| X | T(x3)| % --- x| T(x,)|
linguistically defined nodes (or fuzzy cells) which represent the preconditions of fuzzy rules. Also, initially, the
links between the rule nodes and the output term nodes are fully connected, meaning that the consequents of
the rule nodes are not yet decided. Only a suitable term in each output linguistic variable’s term set will be
chosen after the learning process.

3.1. Self-organized learning phase

The problem for the self-organized learning can be stated as: Given the training input data
x;(t),i = 1,...,n, the desired output value y;(t), i = 1,...,m, the fuzzy partitions | T(x)| and | T'(y)|, and the
desired shapes of membership functions, we want to locate the membership functions and find the fuzzy logic
rules. In this phase, the network works in a two-sided manner; that is, the nodes and links at layer four are in
the up—down transmission mode so that the training input and output data are fed into this network from
both sides.

First, the centers (or means) and the widths (or variances) of the (input and output) membership functions
are determined by self-organized learning techniques analogous to statistical clustering. This serves to
allocate network resources efficiently by placing the domains of membership functions covering only those
regions of the input/output space where data are present. Kohonen’s feature-maps algorithm [14] is adopted
here to find the center m; of the membership function:

[ X(£) = Metoses (8) | = min {||x(t) — m;(e)] }, (10)
1<i<k

mclosest(t + 1) = Mgjosest (t) + a(t) [X(t) - mclosest(t)]’ (11)

mi(t + 1) = mi(t) for m; # Meiosests (12)

where x(t) is the value of some linguistic variable at time ¢, m;(¢) is the center of cluster i at time t, M jogesc () 1S
the center closest to x(t), x(t) is a monotonically decreasing scalar learning rate, and k = | T(x)|. This
adaptive formulation runs independently for each input and output linguistic variable. The determination of
which of the m;’s is m_;,,.. can be accomplished in constant time via a winner-take-all circuit. Once the centers
of membership functions are found, their widths can be simply determined by the first-nearest-neighbor
heuristic as

| m; — Mgjosest |
r

o; = , (13)
where r is an overlap parameter. In the second learning phase, the centers and the widths of the membership
functions will be fine-tuned optimally.

After the parameters of the membership functions have been found, the signals from both external sides
can reach the output points of term nodes at layers two and four (see Fig. 1). Furthermore, the outputs of
term nodes at layer two can be transmitted to rule nodes through the initial architecture of layer-three links.
So we can get the firing strength of each rule node. Based on these rule firing strengths (denoted as 0{>(t)’s)
and the outputs of term nodes at layer four (denoted as 0{*(¢)’s), we want to decide the correct consequent
links (layer-four links) of each rule node to find the existing fuzzy logic rule by competitive learning
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algorithms [15]. As stated in the last section, the links at layer four are initially fully connected. We denote
the weight of the link between the ith rule node and the jth output term node as w;;. The following
competitive learning law is used to update these weights for each training data set:

W) = oM (— w; + o). (14)

Here 0$" serves as a win-loss index of the jth term node at layer four. The theme of this law is that learn if

win. In the extreme case, if 03‘” is a 0-1 threshold function, then the above law says learn only if win.

After the competitive learning through the whole training data set, the link weights at layer four represent
the strength of the existence of the corresponding rule consequent. Among the links which connect a rule
node and the term nodes of an output linguistic node, at most one link with maximum weight is chosen and
the others are deleted. Hence, only one term in an output linguistic variable’s term set can become one of the
consequents of a fuzzy logic rule. If all the link weights between a rule node and the term nodes of an output
linguistic node are very small, then all the corresponding links are deleted, meaning that this rule node has
little or no relation to this output linguistic variable. If all the links between a rule node and the layer-four
nodes are deleted, then this rule node can be eliminated since it does not affect the outputs.

After the consequents of rule nodes are determined, the rule combination is performed to reduce the
number of rules. The criteria for a set of rule nodes to be combined into a single rule node are (1) they have
exactly the same consequents, (2) some preconditions are common to all the rule nodes in this set, and (3)
the union of other preconditions of these rule nodes composes the whole term set of some input linguistic
variables. If a set of nodes meets these criteria, a new rule node with only the common preconditions
can replace this set of rule nodes. An example is illustrated in Fig. 2, where the first term of x, is common
to all the rules and it thus becomes the only precondition of the resultant rule after the rule combination
scheme.

© O O O O Ruenods)

0Q00,000,0

QO,
XO xl X9

Fig. 2. Example of combination of rule nodes.
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3.2. Supervised learning phase

After the fuzzy logic rules have been found, the whole network structure is established, and the network
then enters the second learning phase to adjust the parameters of the membership functions optimally. The
problem for the supervised learning can be stated as: Given the training input data x;(t), i = 1,...,n, the
desired output value y;(t),i = 1, ...,m, the fuzzy partitions | T'(x)| and | T(y){, and the fuzzy logic rules, adjust
the parameters of the membership functions optimally. These fuzzy logic rules were learned in the first-phase
learning or, in some application domains, they can be given by experts. In the second-phase learning, the
network works in the feedforward manner; that is, the nodes and the links at layer four are in the down—up
transmission mode. The idea of backpropagation is used for this supervised learning. The goal is to minimize
the error function

E=3(y(t) - 9(1) (15)

where y(t) is the desired output, and y(¢) is the current output. For each training data set, starting at the input
nodes, a forward pass is used to compute the activity levels of all the nodes in the network. Then starting at
the output nodes, a backward pass is used to compute JE/0y for all the hidden nodes. Assuming that w is the
adjustable parameter in a node (e.g., the center of a membership function), the general learning rule used is

Aw oc — 3E/dw, (16)

w(t+1)=w(t)+11<—g—fv>, (17)

where # is the learning rate, and

JE _ JE d(activation) _ JE da
ow  O(activation) ow "~ daow’

(18)

To show the learning rule, we shall show the computations of 0E/dw, layer by layer, starting at the output
nodes, and we will use the bell-shaped membership functions with centers m;’s and widths ¢;s as the
adjustable parameters for these computations.

Layer 5. Using Eqgs. (18) and (9), the adaptive rule of the center m; is derived as

0E _ 0E 0a"® iy
= e =~ DO - O] 2 19)

om; 0a*> om, Tou’

Hence, the center parameter is updated by
oul
mi(t + 1) =m(t) + nly(t) = 9] 5 ~15- (20)

| Add 2

Similarly, using Eqgs. (18) and (9), the adaptive rule of the width o; is derived as

OE _ OE 04 mu® (L o) — (Lmou)u®
G0~ 3 o, =~ ~ YO 9] S oud) : (21)
Hence, the width parameter is updated by
o mu(Loul) — ( miﬂiugs))ugs)
oit + 1) = o,(0) + nLy(0) — 9] T4 E 2 . @)

(Zaiu$5))2
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The error to be propagated to the preceding layer is

59 = —% _ )= ha). @3)

Layer 4. In the down—up mode, there is no parameter to be adjusted in this layer. Only the error signals
(6/*s) need to be computed and propagated. The error signal 8{* is derived as in the following:

¢E 0E 84

4

-0 = 2a® ~ a1 6a™®’ 9
where (from Eq. (9))

6055) aa(S) miai(zaiu?)) - (tha ul ))01

8a® " >~ (Lou)? @3)
and from Eq. (23),

OE

PG — 0™ = —[y(t) — p(1)]. (26)
Hence, the error signal is

m;o;(Y o;u 55) —{)ym;o;u 55) 0';
59(0) = [y(0) — 9y Mo Zowe) = Lo 1)

(Tou™)

In the multiple-output case, the computations in layers five and four are exactly the same as the above and
proceed independently for each output linguistic variable.

Layer 3: Asin layer four, only the error signals need to be computed. According to Eq. (7), this error signal
can be derived as

s 6E  O0E 0al® dal®

— (4) 4)
il v N e R VO R (28)

Hence, the error signal is (> = 6{*). If there are multiple outputs, then the error signal becomes 6>’ = ¥, 6",
where the summation is performed over the consequents of a rule node; that is, the error of a rule node is the
summation of the errors of its consequents.

Layer 2: Using Eqs. (18) and (5), the adaptive rule of m; is derived as in the following:

JE 0E da® _OE 2(u(2’ — my;)

= = 29

omy;  8a?® omy;  8a® ¢/ o7 ’ (29)
where (from Eq. (28))

OE OE 0ai®

8a® ;&zﬁ‘” da?’ (30)

)

dal® = -0, G
and from Egq. (6),

0a?® 0a¥ (1 if u{® = min(inputs of rule node k), (32)

aa®  au® |0 otherwise.
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Hence,

J0E
(3052) = % Gk

where the summation is performed over the rule nodes that a* feeds into, and

_[=8Y if a® is minimum in the kth rule node’s inputs,
b= 0 otherwise.

So the adaptive rule of m;; is

s e/ 2(uf? 2— mij)'
6a§ ) ajj
Similarly, using Eqgs. (18), (5), and (30)-(34), the adaptive rule of o;; is derived as
0E _ E oa”  OE . 2 — my;)?
do; '

my(t + 1) = my(t) — 7

= = e
2 2 3
ij 6(15 ) 60',']' 6a$ ) Oij
Hence, the adaptive rule of g;; becomes
2 2
6E 1 2(“5 ) m,-j)

(2) 3
5a,~ Jij

O'U(t + 1) = G'U(t) - 7’
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Fig. 3. Flow chart of the proposed hybrid learning algorithm.
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The proposed two-phase hybrid learning procedure is summarized by the flow chart in Fig. 3. The
convergence speed of the backpropagation in the phase-two learning is found superior to the normal
backpropagation scheme since the self-organized learning process in phase one has done much of the
learning work in advance. The hybrid learning algorithm requires that sets of precise input and output
training data are available. In the next section, we shall consider a more difficult learning problem, the
reinforcement learning problem.

4. Reinforcement structure—parameter learning algorithm for RNFCN

Unlike the supervised learning problem in which the correct “target” output values are given for each input
pattern to instruct the network’s learning, the reinforcement learning problem has only very simple
“evaluative” or “critic” information instead of “instructive” information available for learning. In the extreme
case, there is only a single bit of information to indicate whether the output is right or wrong. Fig. 4 shows
how a network and its training environment interact in a reinforcement learning problem. The environment
supplies a time-varying vector of input to the network, receives its time-varying vector of output/actions, and
then provides a time-varying scalar reinforcement signal. In this paper, the reinforcement signal r(t) can be
one of the following forms: (1) a two-valued number, r(t) € { — 1, 1}, such that r(¢) = 1 means “a success” and
r(t) = —1 means “a failure”; (2) a multi-valued discrete number in the range [—1,1], for example,
r(t)e {—1, —0.5,0,0.5,1} which corresponds to different discrete degrees of failure or success; or (3) a real
number, r(t) € [ — 1, 1], which represents a more detailed and continuous degree of failure or success. We also

o3

external

r(t+1) :ei:;l:lt:l)rcement YO[T® actions

FUZZY
PREDICTOR

) Output Membership
Functions

istributed Representation

Input Membership | FUZZIFIER
Functions

X(t)
Input States

Fig. 4. Proposed reinforcement neural fuzzy control network (RNFCN).
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assume that r(t) is the reinforcement signal available at time step ¢ and is caused by the input and actions
chosen at time step t — 1 or even affected by earlier input and actions. The objective of learning is to maximize
a function of this reinforcement signal, such as the expectation of its value on the upcoming time step or the
expectation of some integral of its values over all future time.

To resolve the reinforcement learning problems, a new structure, called the reinforcement neural fuzzy
control network (RNFCN), is proposed. The proposed RNFCN, as shown in Fig. 4, integrates two NFCNs
into a learning system: one NFCN for the fuzzy controller and the other NFCN for the fuzzy predictor. These
two NFCNss share the same layers 1 and 2 and have individual layer 3 to layer 5, which are not clearly shown
in the fuzzy predictor in Fig. 4. Each network has exactly the same structure as shown in Fig. 1. In other
words, the fuzzy controller (action network) and the fuzzy predictor (evaluation network) share the same
distributed representation of input states by using the same input membership functions (i.e., the same
fuzzifier), but they have independent fuzzy logic rules (a different rule base and decision-making process) and
different output membership functions (a different defuzzifier). The action network can have multiple outputs
as shown in Fig. 1, although only one output node is shown in Fig. 4. In the multi-output case, all the output
nodes of the action network receive the same internal reinforcement signals from the evaluation network. The
evaluation network has only one output node since it is used to predict the external scalar reinforcement
signal. The action network decides a best action to impose onto the environment in the next time step
according to the current environment status. The evaluation network models the environment such that it
can perform a single- or multi-step prediction of the reinforcement signal that will eventually be obtained
from the environment for the current action chosen by the action network. The predicted reinforcement
signal can provide the action network beforehand as well as more detailed reward/penalty information
(“internal reinforcement signals”) about the candidate action for the action network to learn and to decrease
the uncertainty it faces to speed up the learning. We shall now describe the details of this reinforcement
learning algorithm in the following subsections.

4.1. Stochastic exploration

In this subsection, we first develop the learning algorithm for the action network. The goal of the
reinforcement structure-parameter learning algorithm is to adjust the parameters (e.g., m;’s) of the action
network, to change the connectionist structure or even to add new nodes, if necessary, such that the
reinforcement signal is maximum, that is,

Am; oc Orfom;. (38)

To determine dr/0m;, we need to know dr/dy, where y is the output of the action network. (For clarity, we
discuss the single-output case first.) Since the reinforcement signal does not provide any hint as to what the
right answer should be in terms of a cost function, there is no gradient information. Hence, the gradient or/dy
can only be estimated. If we can estimate dr/dy, then an on-line supervised structure—parameter learning
algorithm can be directly derived for the action network to solve the reinforcement learning problem. To
estimate the gradient information in a reinforcement learning network, there needs to be some source of
randomness in the manner in which output actions are chosen by the action network such that the space of
possible output can be explored to find a correct value. Thus, the output nodes (layer 5) of the action network
are now designed to be stochastic units which compute their output as a stochastic function of their input.
The functions of nodes in the other layers of the action network remain unchanged as described in Section 2.
Such an approach has also been used in other reinforcement learning algorithms [1,9] and is consistent with
the closely related theory of stochastic learning automata [17].

In our learning algorithm, the gradient information dr/dy is also estimated by the stochastic exploratory
method. In particular, the intuitive idea behind the multi-parameter distributions is used for the stochastic
search of network output units. In estimating the gradient information, the output y of the action network
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does not directly act on the environment. Instead, it is treated as a mean (expected) action. The actual action
y is chosen by exploring a range around this mean point. This range of exploration corresponds to the
variance of a probability function which is the normal distribution in our design. This amount of exploration
o(t) is chosen as

k k
o(t) = 3 [1 — tanh(p(t))] = 15 e2® (39

where k is a search-range scaling constant which can be simply set to 1, and p(t) is the predicted (expected)
reinforcement signal used to predict r(t). Eq. (39) is a monotonic decreasing function between k and 0, and
a(t) can be interpreted as the extent to which the output node searches for a better action. Since p(t) is the
expected reward signal, if p(¢) is small, the exploratory range o(t) will be large according to Eq. (39). On the
contrary, if p(¢) is large, o(¢) will be small. This amounts to narrowing the search about the mean y(t) if the
expected reinforcement signal is large. This can provide a higher probability to choose an actual action P(t)
which is very close to y(t), since it is expected that the mean action y(t) is very close to the best action possible
for the current given input vector. On the other hand, the search range about the mean y(t) is broadened if the
expected reinforcement signal is small such that the actual action can have a higher probability of being quite
different from the mean action y(t). Thus, if an expected action has a smaller expected reinforcement signal,
we can have more novel trials. In terms of searching, the use of multi-parameter distributions in the
stochastic nodes (the output nodes of the action network) could allow independent control of the location
being searched and the breadth of the search around that location. In the above two-parameter distribution
approach, a predicted reinforcement signal is necessary to decide the search range o(¢). This predicted
reinforcement signal can be obtained from the fuzzy predictor. If no such prediction is available, the search
range o(t) can be set as a constant. Then the multi-parameter distribution approach reduces to the
single-parameter distribution approach, which has been widely used in the reinforcement learning algorithms
[1]. Once the variance has been decided, the actual output of the stochastic node can be set as

P(e) = N(y(),a(1)). (40)
That is, y(¢) is a normal or Gaussian random variable with the density function
1 o 2 2
S = e e (41)

6/2n
N

For a real-world application, y(t) should be properly scaled to the final output to fit the input specifications
of the controlled plant. This scaling factor or method is application-oriented.
The gradient information is estimated as

or Je-H—y—1) 1 _ y—vy
s [r(t) — p()] [ S =1) ] = [r(t) — p(1)] [T]H, (42)

where the subscript ¢ — 1 represents the time displacement and o is a scaling factor. The time displacements in Eq.
(42) and the following equations reflect the assumption that the reinforcement signal (which may be the
“predicted” reinforcement signal in the multi-step fuzzy predictor) at time step ¢ depends on the input and actions
chosen at time step t — 1. In Eq. (42), the term (§ — y)/o is the normalized difference between the actual and the
expected actions, r(t) is the real reinforcement feedback for the actual action p(t —1), and p(t) is the predicted
reinforcement signal for the expected action y(t — 1). Eq. (42) was derived based on the following intuitive concept.
Ifr(t) > p(t), then p(t — 1) is a better action than the expected one, y(t — 1), and y(t — 1) should be moved closer to
Pt —1). If r(t) < p(t), then p(r — 1) is a worse action than the expected one, and y(t — 1) should be moved farther
away from p(t — 1). This idea also comes from the observations of a discrete gradient descent method. The concept
behind Eq. (42) is frequently adopted in the stochastic exploration techniques.
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After the gradient information is available, we have transformed the reinforcement learning problem to the
supervised learning problem and can apply the gradient descent method to develop the reinforcement
structure—parameter learning algorithm for the action network in the proposed RNFCN. According to Fig.
S, after the initialization process the learning algorithm enters the training loop in which each loop
corresponds to an incoming internal reinforcement signal. The goal now is to maximize the reinforcement
signal r(t). For each input vector from the environment, starting at the input nodes, a forward pass computes
the activity levels of all the nodes in the network, and at the end, stochastic exploration is performed at the
output node to predict dr/dy. Then, starting at the output nodes, a backward pass computes dr/df for all the
hidden nodes. Assuming that w is an adjustable parameter in a node (e.g., the center of a membership
function), the general parameter learning rule used is

Aw oc 0r/dw, (43)
w(t + 1) = w(t) + n(or/dw), 44)

| Initialization I

Forward Signal Propagation
and

Stochastic Exploration
or
Temporal Difference Prediction

Change fuzzy
logic rules

r—

[ Parameter adjustment I

Fig. 5. Flow chart of the proposed reinforcement structure/parameter learning algorithm.
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where 7 is the learning rate, and

?L _ or d(activation)  0Or da
dw  d(activation) ow " daow’

(45)

To show the learning rule, we shall show the computations of or/dw, layer by layer, starting from the output
layer; we use the bell-shaped membership functions with centers m;s and widths ¢;’s as the adjustable
parameters for these computations.

Layer 5. Using Egs. (45), (42) and (9), the adaptive rule of the center m; is derived:

or or 0a® P—y oul®
= —— = [r(t) — p(t e . 46
om;  da® om; [r(t) = )] |: ¢ Jioa | Zowu® |-y (49
Hence, the expected updated amount of the center parameter is
p— oiul®
am@ =nlre) - p0]| =2 | | | 7)
g -1 L Lot Ji-1

Similarly, using Eqs. (45), (42), and (9), the adaptive rule of the width ¢; is derived:

éor  or 0a® P—y muP (Y ou®) — (Y moul”)ul®
I — t) — t S 7 i [t iV i ] 48
do; 04" Oo; L) = p()] [ 0 -1 (ZU:‘“SS))Z -1 (48)
Hence, the expected updated amount of the width parameter is
5 (5) (5) (5)y,45)
y—Jy mu” (Y oui”) — (Y mioui” Ju;
Aai(t) = H)—p)]| — . 49
a:(t) = nr(@) — p( )][ - ][ oy “9)
The error to be propagated to the preceding layer is
or or P—y
0= 5,5=5,= [0 p()][ . ] (50)

Fuzzy similarity measure: In this step, the system will decide if the current structure should be changed or not
according to the expected updated amount of the center and width parameters (Egs. (47) and (49)). To do this,
the expected center and width are, respectively, computed as

Mi—new = m,(t) + Aml(t),
Oi—new = O-i(t) + AO','(I). (51)

From the current membership functions of output linguistic variables, we want to find the one which is the
most similar to the expected membership function by measuring their fuzzy similarity. The fuzzy similarity
measure [ 11] determines the similarity between two fuzzy sets. If A and B are two fuzzy sets with bell-shaped
membership functions, then

palx)=e ™% and  py(x)= e T (52)

The approximate fuzzy similarity measure of A and B, E(A, B), is defined and can be computed as follows:
Assuming m; = m,,
{AnB| |A n B|

E(A,B)= - ]
AU Bl ¢, /n+ 0,/n—|4NB|

(53)
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where |4 N B] indicates the cardinality of A n B and it can be easily computed from
L my —my + /n(04 + 03)) 1 H(my — my + /n(0, = 0,))
2 T3
o1+ 02) Vo2 = ay)
1 h*(m; —my — \/n(o, — 05))
+ = ’
2 \/;E(Ul —03)

where h(x) = max {0, x}. The detailed derivation of the fuzzy similarity measure is presented in the appendix.
Let M (m;, 0;) represent the bell-shaped membership function with center m; and width g;. Let

|AnB|=

(54)

degree(i’ t) =E [M (mi— news Ti—new ), M(mi— closest > O-i-closest)]
= max E[M(mi—new,ai—new)’ M(mja Gj)]’ (55)

1<j<k

where k = | T'(y)| is the size of the fuzzy partition of the output linguistic variable y(t). After the most similar
membership function M (M; _ josests Ti —closest) t0 the expected membership function M (m;_ ey, 0;—pnew) has
been found, the following adjustment is made:

If degree(i, t) < a(t),
THEN
create a new node M (m;_ v, 0;—new) ID layer 4
and denote this new node as the i-closest node,
do the structure learning process,
ELSE IF M(mi—closesta ai—closesl) # M(mi’ O',-)
THEN
do the structure learning process,
ELSE
do the following parameter adjustments in layer 5:

ml’(t + 1) = Mi—new
O-i(t + 1) = Oi—new

skip the structure learning process.

a(t) is a monotonically increasing scalar similarity index such that lower similarity is allowed in the initial
stages of learning. According to the above judgement, degree(i, t) is first compared to a given similarity index
a(t). If the similarity is too low, then a new term node (new membership function) with the expected
parameters is built since, in this case, all the current membership functions are too much different from the
expected one. This new node with the expected membership function is created, and the output connections
of some just firing rule nodes should be changed to connect to this new term node through the structure
learning process. If no new term node is necessary, it will then check if the ith term node is the i-closest node.
If this is false, it means that some just firing fuzzy logic rules should have the i-closest (term) node instead of
the original ith term node as their consequent. In this case, the structure learning process should bhe
performed to change the current structure properly. If the ith term node is the i-closest node, then no
structural change is necessary, and only the parameter learning should be performed by the standard
backpropagation algorithm. The structure learning process is then described as follows.

Structure learning process: When entering this process, it means that the ith term node in layer 4 is
improperly assigned as the consequent of some fuzzy logic rules which have just been fired strongly. The
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more proper consequent for these fuzzy logic rules should be the i-closest node. To find the rules whose
consequents should be changed, we set a firing strength threshold . Only the rules whose firing strengths are
higher than or equal to this threshold are treated as really firing rules. Only the really firing rules are
considered to be changing their consequents, since only these rules are fired strongly enough to contribute
to the above results of judgement. Assuming that the term node M (m;, 5;) in layer 4 has inputs from rule

nodes 1,...,! in layer 3, whose corresponding firing strength are a!*’s. i = 1, ..., 1, then

IF a(t) > B, THEN change the consequent of the ith rule node
from M(mh O',') to M(mi—closesu Gi—closest)~

Layer 4. There is no parameter to be adjusted in this layer. Only the error signals (6{*s) need to be
computed and propagated. The error signal 6{* is derived as in the following:

or or or o6a®

5@ = 5 = e =5 PR (56)
where from Eq. (9),
da®® miai(deuﬁs’) — (Zmio-iu?))ai
- { (57
o (ow)?
and from Eq. (50),
d p—
=080 =[r—p01| =2 | (58)
da™ o |-
Hence, the error signal is
N (5) (5
59 (1) = [r(t) — y—y mioi (Y ou;”’) — (Y mou;”)o; ‘ 59
(0 = [r(e) — p()] [ = o (59

In the multi-output case, the computations in layers five and four are exactly the same as the above using the
same internal reinforcement signals and proceed independently for each output linguistic variable.

Layer 3: Asin layer four, only the error signals need to be computed. According to Eq. (7), this error signal
can be derived:

or _or _ or dal o
2™ wu®  0a® ou®  0a®
Hence, the error signal is 6{*(t) = 6{*(t). If there is more than one output, then the error signal becomes
0P(t) = ¥, 8i¥(¢), where the summation is performed over the consequents of a rule node; that is, the error of

a rule node is the summation of the errors of its consequents.
Layer 2. Using Eqgs. (45) and (5), the adaptive rule of m;; is derived:

or or da®  or 5 2u® — my;)

o (e) =

3 (). (60)

= = 61
om; 0a® om; oa® ¢ o} ’ (1)
where from Eq. (60),
or or da®
da® = Z 3a® 3’ (62)
o, (©3)

3
oat®
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and from Egq. (6),

0a® (1 if u® = min(inputs of rule node k),
da> _ , (64
ou® |0 otherwise.
Hence,
or
2 ;fh(t)’ (65)
where the summation is performed over the rule nodes that a{® feeds into, and
82(¢) if a; is minimum in the kth rule node’s input,
gty = 1% . P (66)
0 otherwise.
So the adaptive rule of m;; is
or 2u® —my;)
mij(t + 1) = m,-j(t) + n l:é_(z—)] l:efi_—Z——_L . (67)
a;” |t Gij t—1

Similarly, using Eqgs. (45), (5), and (62)—(66), the adaptive rule of g;; is derived:

—6L o oal® | o o 2 — my)? (68)
60’,-,- B 0a§2) 66,-,- h 6052) t O-isj t—l‘

Hence, the adaptive rule of o;; becomes

or 20 — my)?
O'ij(t+1)=0'ij(t)+r[[aa(2):| |:ef. 0_3 j ] 1.
i t ij t—

Note that we perform structure learning only in the output part of the RNFCN (for the output linguistic
variables) in the above learning algorithm. In fact, the same structure learning scheme can be applied to the
input part of the RNFCN for the input linguistic variables, since the error signals for layer-two nodes are
available in Eqs. (67) and (69). This can possibly automate the choice of the number of input fuzzy partition.
However, simulation results show that the error values are usually too small to perform structure changes in
this layer due to the nature of the backpropagation algorithm. Other structure learning schemes need to be
developed to address this problem.

(69)

4.2. Fuzzy predictor

We shall use an NFCN to develop a fuzzy predictor (evaluation network) as shown in Fig. 4. It shares the
same fuzzifier as the action network; that is, both use the same internal representation, which is an
overlapping type of distributed representation of input patterns. The fuzzy predictor receives an external
reinforcement signal from the environment and produces internal reinforcement signals to the action
network. There are two kinds of fuzzy predictors: single-step fuzzy predictor and multi-step fuzzy predictor,
suitable to different reinforcement learning problems. The function of the single-step fuzzy predictor is to
predict the external reinforcement signal r(¢) one time step ahead, that is, at time ¢ — 1. Here, r(t) is the real
reinforcement signal resulting from the inputs and actions chosen at time step t — 1, but it can only be known
at time step ¢. If the fuzzy predictor can produce a signal p(t), which is the prediction of r(¢) but is available at
time step t — 1, then the time delay problem can be solved. With a correct predicted signal p(t), a better action
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can be chosen by the action network at time step ¢ — 1, and the corresponding learning can be performed on
the action network at time step ¢ upon receiving the external reinforcement signal r(t). As indicated in the last
subsection, p(t) is necessary for the stochastic exploration with multi-parameter probability distribution (Eq.
(39)). The other internal reinforcement signal #(z) in Fig. 4 is set as #(¢) = r(t) — p(t), which is the prediction
error for computing Eq. (42) by the action network. Basically, the training of a single-step predictor is
a simple supervised learning problem. Thus, the reinforcement learning algorithm for the single-step fuzzy
predictor is exactly the same as the on-line supervised learning algorithm proposed for the NFCN with
a single output node. The single-step prediction is the extreme case of the multi-step prediction. Hence, we
will focus on the multi-step fuzzy predictor in the following.

When both the reinforcement signal and input patterns from the environment may depend arbitrarily on the
past history of the network output and the network may only receive a reinforcement signal after a long
sequence of outputs, the credit assignment problem becomes severe. This temporal credit assignment problem
results because we need to assign credit or blame to each step individually in such a long sequence for an
eventual success or failure. Hence, for this class of reinforcement learning problem, we need to solve the
temporal credit assignment problem together with the original structure credit assignment problem of
attributing network error to different connections or weights. The solution to the temporal credit assignment
problem in the RNFCN is to design a multi-step fuzzy predictor which can predict the reinforcement signal at
each time step within two successive external reinforcement signals which may be separated by many time steps.
This multi-step fuzzy predictor can assure that both the evaluation network and the action network do not
have to wait until the actual outcome is known, and they can update their parameters and structures within
the period without any evaluative feedback from the environment. To solve the temporal credit assignment
problem, the technique based on the temporal-difference methods is used [23]. Unlike the single-step prediction
or the supervised learning method which assigns credit according to the difference between the predicted and
actual output, the temporal-difference methods assign credit according to the difference between temporally
successive predictions. Some important temporal-difference equations of three different cases are summarized
below.

Case 1: Prediction of final outcome. Given the observation-outcome sequences of the form
X1,X2, .-, Xm, Z, Where each x, is an input vector available at time step t from the environment, and z is the
external reinforcement signal available at time step m + 1. For each observation-outcome sequence, the fuzzy
predictor produces a corresponding sequence of predictions p,, ps, ..., P, €ach of which is an estimate of z.
Since p, is the output of the evaluation network at time ¢, p, is a function of the network’s input x,, and the
network’s adjustable parameters w,, and can be denoted as p(x,,w,), where w, can be m;(t) (center of
membership function) or a;(t) (width of membership function). For this prediction problem, the learning rule,
which is called TD(4) family of learning procedures, is

t—1

Aw, = n(p,— pi-1) ), ¥ m, (70)
k=1

where p,+1 =2, 0< A< 1, and n is the learning rate. 4 is the recency weighting factor with which
alternations to the predictions of observation vectors occurring k steps in the past are weighted by A*. In the
extreme case that 4 = 1, all the proceeding predictions, py, p,, ..., p;— 1, are altered properly according to the
current temporal difference, p, — p,— 1, to an “equal” extent. In this case, Eq. (70) reduces to a super-
vised-learning approach, and if p, is a linear function of x, and w,, then it is the same as the Widrow—Hoff
procedure [6]. In the other extreme case that 4 = 0, the increment of the parameter w, is determined only by
its effect on the prediction associated with the most recent observation. A theorem about the convergence of
TD(0) when p, is a linear function of x, and w, can be found in [23].

Case 2: Prediction of finite cumulative outcomes. In this case, p, predicts the remaining cumulative cost
given the tth observation x,, rather than the overall cost for the sequence. This case happens when we are
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more concerned with the sum of future predictions than the prediction of what will happen at a specific future
time. Let r, be the actual cost incurred between time steps t — 1 and ¢. Then p,_, is to predict z,_, = Z;":tl Te.
Hence, the prediction error is

m+1 m+1
Zycy —P-1 = Z 'e —Di-1 = Z (re + Px — Px-1),
k=1 k=1
where p,,., is defined as 0. Thus, the learning rule is

t—1

Aw, = n(re+ pe— pi-1) Z j~hk71‘7wpk- (1)
k=1

Case 3: Prediction of infinite discounted cumulative outcomes. In this case, p,_, predicts z,_, =
Yer oY risx = r, + yp,, where the discount-rate parameter y, 0 < y < 1, determines the extent to which we are
concerned with short- or long-range prediction. This is used for prediction problems in which exact success
or failure may never become completely known. In this case, the prediction error is (r, + 7p,) — p;— 1, and the
learning rule is

t—1

Aw, = n(r; + yp. — P:—1) Z )*'_k_lvak- (72)
k=1

In applying the temporal difference procedures to the proposed RNFCN, we let A = 0 due to its efficiency
and accuracy [23]. A general learning rule used for the above three cases is

Aw, = n(r;+ ype — p:—1) VoDi -1, (73)

where y, 0 < y < 1, is a discount-rate parameter, and 7 is the learning rate.

We shall next derive the learning rule of the multi-step fuzzy predictor according to Eq. (73). In this case,
p(t) is the single output of the fuzzy predictor (evaluation network) for the network’s current parameter w(t),
and current given input vector x(t), at time step ¢. Here, p(t) can be any kind of prediction output in the
various cases of the multi-step prediction problem stated above. According to Eq. (73), let

PYy=r(t)+ ypt) —pt—1), 0<y<1. (74)

Then 7(t) is the error signal of the output node of the multi-step fuzzy predictor. The general parameter
learning rule then is

t—1

w0 2] (9)

where w is the network parameter (i.e., m; or a;). The learning rule for each layer in the fuzzy predictor can be
computed as in Egs. (45)-(69). The only exception is that the error signal is different. Thus, the learning
equations for the multi-step fuzzy predictor are the same as in Egs. (45)—(69) but with the term

ro-pen| 222

[

replaced by the term #(tr) in Eq. (74). Also the multi-step fuzzy predictor will provide two internal
reinforcement signals, the prediction output p(¢), and the prediction error #(t), to the action network for its
learning (see Fig. 5).

The learning algorithm for the action network is the same as that derived in Section 4.1 above. However,
due to the different nature of the internal reinforcement signal #(t), the learning algorithm of the action
network with the multi-step fuzzy predictor will be different. The goal of the action network is to maximize



C.-T. Lin | Fuzzy Sets and Systems 70 (1995) 183-212 203

the external reinforcement signal r(t). Thus, we need to estimate the gradient information dr/dy as we did
above. With the internal reinforcement signals p(z) and #(t), from the evaluation network, the action network
can perform the stochastic exploration and learning. The prediction signal p(¢) is used to decide the variance
of the normal distribution function in the stochastic exploration in Eq. (39). Then the actual output ${t) can
be determined according to Eq. (40). Since #(¢) is the prediction error, the gradient information is estimated as

k) [yA——Z X ] . (76)
oy o t—1

In Eq. (74), the prediction error is #(t) = r(t) + yp(t) — p(t —1) = r(t) — [p(t —1) — yp(t)]. Since p(t —1)
predicts the accumulated reinforcement signal in the future (i.e. r(¢) + yp(t)), p(t — 1) — yp(t) predicts the next
reinforcement signal (i.e., r(t)). Thus, r(t) is the reinforcement signal with respect to the actual action (t — 1),
and [ p(t —1) — yp(t)] is the reinforcement signal with respect to the expected action y(t —1). Then from the
equation
L vo-te-n-pon| 2] w
y c -1
we can observe that if r(t) > [ p(t — 1) — yp(t)], the actual action p(t — 1) is better than the expected action
y(t —1). So y(t — 1) should be moved closer to p(t — 1). On the other side, if r(t) < [ p(t — 1) — yp(t)], then the
actual action p(t —1) is worse than the expected action y(t —1). So y(t —1) should be moved further away
from P(t —1).
Having the gradient information dr/dy (Eq. (77)), the learning algorithm of the action network can be

determined in the same way as in the previous section. The exact learning equations are the same as in Eqs.
(43)—(69) except that

o - pn | 220 |

g
has been replaced by the new error term

0+ 0 - pie =11 2|

t—1

5. Illustrative examples

A general purpose simulator has been written in the “C” language to simulate and show the applicability of
the proposed systems. Using this simulator, two typical examples are presented in this section. The first
example is to use NFCN to control an unmanned vehicle by learning the driving technique of a skilled driver,
and the second example is to use RNFCN to solve the cart—pole balancing problem.

5.1. Example 1: fuzzy control of unmanned vehicle

This example illustrates the applicability of the proposed two-phase hybrid learning algorithm for
constructing the NFCN for the control of the “fuzzy” car conceived by Sugeno [21]. The car has the ability to
learn from training examples to move automatically along a track with rectangular turns. The goal is to
demonstrate that the car, under a NFCN, can learn from past driving experiences of a skilled driver, and then
the car can run automatically for similar road conditions as if it were driven by a skilled driver. The input
linguistic variables are xo, x;, and x, which represent the distance of the car from the side boundary of the
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track, the distance of the car from the turning point of a corner, and the current steering angle, respectively
(see Fig. 6). The output linguistic variable y is the next steering angle. The constraints of these variables are
0<x9<250cm, 0 < x; €£700cm, and — 65° < x,, y € 65°. The training data are obtained in the process
when a skilled operator guides the fuzzy car along the track as shown in Fig. 9. A total of 780 input—output
training pairs are used. In the simulation, we set the side of fuzzy partitions of x,, x;, and x, to 3, 5, and 5,
respectively; that is, the input linguistic variable x, has three fuzzy sets (“close”, “normal”, and “far”) in
describing the distance of the car from the side of the track.

In the simulation, the two-phase hybrid learning algorithm is used to set up the proposed NFCN with sets
of off-line training data. In this simulation, the size of fuzzy partitions of the output linguistic variable is set to
10 and the overlap parameter is set as r = 2.0. Figure 7 shows the curve of mean-squared error with respect to
the number of epochs, and the curve of mean iteration number with respect to the number of epochs. Here the
learning rate is set to 0.15 and the error tolerance is 0.01. From the second curve, we can find that the average
iteration number for a single training point to converge is rather small from the beginning, meaning that the
phase-one, self-organizing learning process has done much work already. The learned NFCN is shown in
Fig. 8. After the whole connectionist fuzzy logic controller is established, it is used to control the car. We keep
the speed of the car constant, and assume that there are sensors on the car to measure the state values x,, x;,
and x, which are fed into the controller to derive the next steering angle. The simulated result is shown in

.6~
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Fig. 6. The state variables in the fuzzy car example. Fig. 7. Learning curves: mean error and mean iteration versus

time (epoch) in the fuzzy car simulation using hybrid learning
algorithm.
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Fig. 8. Structure of the NFCN after the supervised learning in the fuzzy car simulation.

Fig. 9. The dotted curve is the training path and the solid curve is the path that the fuzzy car runs under the
control of the proposed connectionist fuzzy logic controller. We found that these paths coincide closely. We
simulated this example several times with different initial steering angles, and the results we obtained were
nearly the same.

5.2. Example 2: the cart—pole balancing problem

The proposed RNFCN with the multi-step fuzzy predictor has been simulated for the cart—pole balancing
problem or the so-called inverted pendulum balancing problem. This problem is often used as an example of
inherently unstable, dynamic systems to demonstrate both modern and classic control techniques as well as
the learning control techniques of neural networks using supervised learning methods [28] or reinforcement
learning methods [1].

As shown in Fig. 10, the cart—pole balancing problem is the problem of learning how to balance an upright
pole. The bottom of the pole is hinged to a cart that travels along a finite-length track to its right or its left.
Both the cart and the pole can move only in the vertical plane; that is, each has only one degree of freedom.
There are four input state variables in this system: 6, angle of the pole from an upright position (in degrees); 6,
angular velocity of the pole (in degrees/s); x, horizontal position of the cart’s center (in meters); and X, velocity
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Fig. 9. Simulation results of the fuzzy car running under the control of the learned NFCN in the fuzzy car simulation, where the dotted
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Fig. 10. The cart-pole balancing system.

of the cart (in m/s). The only control action is f, which is the amount of force (N) applied to the cart to move it
toward its left or right. The system fails and receives a penalty signal of — 1 when the pole falls past a certain
angle (£ 12° is used here) or the cart runs into the bounds of its track (the distance is 2.4 m from the center to
both bounds of the track). The goal of this control problem is to train the RNFCN such that it can determine
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a sequence of forces with proper magnitudes to apply to the cart to balance the pole for as long as possible
without failure.

The model and the corresponding parameters of the cart-pole balancing system for our computer
simulation are adopted from [1] with additional consideration of friction effects. This model and its
parameters are also used by Barto et al. [1]. The equations of motion that we used are

B(t +1) = 8(z) + A8(2), (78)
0 + 1) = 6()

y mg sin 6(t) — cos (t)[ f(t) + m‘,l(().(t)1r/180)2 sin 8(t) — p.sgn(x{t))] — ypmé(t)/mpl
(4/3)ml — m,1 cos? 6(t)

L}

x(t + 1) = x(t) + 4%(t),

G+ 1) = () + 4 £(t) + myI[(6(t)n/180)% sin 6(r) — "(j(t)n/180 c0s 0(t)] — pesgn [1()]

where g = — 9.8 m/s?, acceleration due to the gravity, m = 1.1 kg, combined mass of the pole and the cart,
m, = 0.1 kg, mass of the pole, I = 0.5 m, half-pole length, . = 0.0005, coefficient of friction of the cart on the
track, p, = 0.000002, coeflicient of friction of the pole on the cart, and 4 = 0.02, sampling interval.

The constraints on the variables are —12°< 6<12°, —24m<x<24m,and —1ION<f<10N. In
designing the controller, the equations of motion of the cart-pole balancing system are assumed to be
unknown to the controller. A more challenging part of this problem is that the only available feedback is
a failure signal that notifies the controller when a failure occurs; that is, either |8} > 12° or |x| > 2.4 m. This is
a typical reinformation learning problem and the feedback failure signal serves as the reinforcement signal.
Since a reinforcement signal may only be available after a long sequence of time steps in this failure avoidance
task, a multi-step fuzzy predictor is required for the RNFCN. Moreover, since the goal is to avoid failure for
as long as possible, there is no exact success in finite time. Also, we hope that the RNFCN can balance the
pole for as long as possible for infinite trials, not just for one particular trial, where a “trial” is defined as the
time steps from an initial state to a failure. Hence, Eq. (73) is used here for the temporal-difference prediction
method. The reinforcement signal is defined as

") = { —1 if |8(t)] > 12° or [x(¢)] >24m, (79)

0 otherwise,

and the goal is to maximize the sum ¥;° , y*r(t + k), where y is the discount rate.

In our computer simulation, the learning system was tested for 10 runs by trying to use the same learning
parameter values in [1]. Each run consisted of a sequence of trials; each trial began with the same initial
condition 6(0) = 6(0) = x(0) = x(0) = 0, or with a randomized initial condition, and ended with a failure
signal indicating that either |6(t)] > 12° or |x(t)| > 2.4 m. The randomized initial condition means that after
each failure, the initial configuration was independently and randomly chosen such that

—10 < 6(0) < 10, —50 < 6(0) < 50, —2 < x(0) < 2, and —10 < x(0) < 10. The input fuzzy partitions were
set as |T(x)| =3, |T(X)|=3,|T@)| =7, and |T(#)| = 3 for all runs. For each run, the input (output)
membership functions were initialized so that they covered the whole input (output) space evenly, and the
output fuzzy partition was initialized as | 7T(f)| = 7. The membership functions were chosen to be the
bell-shaped functions (Eq. (5)). Also, in the initiation of each run, each rule was assigned with a consequent
term randomly. There is a total of 189 rules in the beginning. Here we assumed that no expert knowledge (in
the form of [F-THEN rules) are available. Runs were consisted of at most 50 trials unless the duration of each
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run exceeded 500 000 time steps. A run was successful and terminated after 500 000 time steps before all 50 trials
took place; otherwise, it was called “a failure” and terminated at the end of its 50th trial.

In our computer simulations, a total of 10 runs were performed. Among these 10 runs, five of them started
with zero initial conditions and the others started with randomized initial conditions. The simulation results
(see Fig. 11) showed that the RNFCN can learn to balance the pole within 20 trials. In most of the 10 runs, the
learning was completed before 10 trials. It was observed that the runs starting with randomized initial condition
usually took more trials. Fig. 12 shows the angle deviation of the pole about the center point when the cart—pole
system was controlled by a well-trained RNFCN. This performance is better than the results presented in [1]
and compatible to those in [3]. In most runs, the final number of learned output membership functions is less
than 15 as compared to 189 output membership functions that were used in [9] for each run; that is, one output
membership function for each (overlapping) grid of input space.

6. Conclusion

A general connectionist model of a fuzzy logic control system called NFCN was proposed. The proposed
model introduces the low-level learning power of neural networks into the fuzzy logic system and provides
high-level human-understandable meaning to the normal connectionist architecture. A hybrid learning
scheme which combines a self-organized learning algorithm and a supervised learning algorithm was
developed for performing the structure and parameter learning of this model. The hybrid learning algorithm
performed well when sets of precise supervised training data are available. We also described the develop-
ment of integrating two NFCNs into an integrated RNFCN for solving various reinforcement learning
problems. By combining the techniques of temporal difference, stochastic exploration, and a derived on-line
supervised structure—parameter learning algorithm, a reinforcement structure—~parameter learning algorithm
was proposed for the RNFCN. The proposed RNFCN makes the design of fuzzy logic controllers more
practical for real-world applications since it greatly lessens the quality and quantity requirements of the
feedback training signals. Computer simulations of the unmanned vehicle control and the cart—pole
balancing problem satisfactorily verified the validity and the performance of the proposed supervised
learning algorithm for NFCN and the reinforcement structure-parameter learning algorithm for the
RNFCN, respectively.

Appendix: approximate similarity measure of fuzzy sets

We use an approximate approach to reduce the computational complexity of the fuzzy similarity measure
of two fuzzy sets with bell-shaped membership functions. Since the area of the bell-shaped function ¢ =~ 9%/’
is o/m and its height is always 1, we can approximate it by an isosceles triangle with unity height and the
length of bottom edge 2a,/n. We can then compute the fuzzy similarity measure of two fuzzy sets with such
kind of membership functions (see Fig. 13).

To derive the equations of the similarity measure of two fuzzy sets with isosceles triangular member-
ship functions, we observe all the possible relative relationships of two isosceles triangles on a horizontal
axis (x-axis). Let 4(m;,0;) denote the isosceles triangle with unity height, bottom-line length 2g; \/E,
and center of bottom-line at m; on x-axis. Assume the two end-points of the bottom-line of A(m,,g,) are
a and b on x-axis, and the two end-points of the bottom-line of 4(m,,s,) are ¢ and d on x-axis (see Fig. 13).
That is,

a=m1-—al\/1_t, b=m1+al\/1_t, c=m2—azﬁ, d=m2+62ﬁ.
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Fig. 13. Two isosceles triangular membership functions.

First, if m, = m,, then obviously, |4 N B| = a,./% (if 6, > ;) or |4 N Bl = 6,/7 (if 6; < 6,). In the
following discussion, we assume m; > m,. Let us consider the following four possible situations:

Case 1. If a = d, then |A N B| = 0 since the two membership functions do not overlap.

Case 2. If b>d > a = ¢, then

|4~ B|=3(d—a)y

_l(mz—m1+alﬁ+azﬁ)2 A)
2 (O'l + Uz)ﬁ ) ‘
Case 3: If b > d and ¢ > a, then
|A Bl = 3(x2 — ¢)y2 + 3(y1 + y2) (%1 — Xx2) + 3(d — x1) y1. (A2)
We can get
_ [m; —my + \/775(0'1 — 02)]?
F(x2 — ¢}y, =50, 2 s
2 2 \/7_5(0'1 — 63)
(A.3)
1 1 [my—m + \/E(al + 0,)]?
E(d—x1))’1=“0'z 2 .
2 \/E(OH + 02)
Since

(V1 + y2)(x1 — x2) = $(x; — @)y — 3(x2 — a)y,. (Ad)
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we can get the following results:

1 [mz—ml +ﬁ(0’1 +O'2)]2
s(xy —a)y, =0, 3 s
2 2 \/;(01 + 03)
(A.5)
1 1 [my—my + /1o, — 6,)1
sz~ a)y, =30, 2 .
2 2 ﬁ(al —03)
So the final result is that
A< LMo m ot Jre = e) 1Dy —m+ /r(on + 0] A6)

2 \/7;(01 —02) 2 \/7-‘7(61 +02)

Case 4: If b < d and a > ¢, then
AN Bl =3(b—x)y: + 3(x, —a)y, + 3(d — x;)y, — 3(d — x1)y1. (A7)

We can get the following results:

1 1 [my—my + /n(o, — 62)]°
(b~ x)y1 =504 >
2 2 \/;(0'1 - 0,)*
1 [my —my + /oy + 6,)]°
s(x2 —a)y, =z 04 > s
2 2 \/E(GH + 63) (AS)
i 1 [my—my + /n(0y + 02)1? ‘
E(d“xz)Y2=562 > s

\/1;(01 + 0'2)
1 L [my—my + ﬁ(ax —0;))°
s(d —xy)y; =50, .
2 2 ﬁ(ol —a,)

So, we can get
_ 2 _ _ 2

|AmB|=—1-[m2 m1+ﬁ(01+02)] +l[m1 m2+ﬁ(01 0,)] . (A9)

2 ﬁ(al + 0,) 2 \/E(OH —0,)

From the above discussion and the truth that m, — m; + ﬁ(ol + 6,)< 0 implies m, — m, +
\/E(al — 6,) < 0 implies m, — m; + \/E(az + o) < 0, we can conclude a general formula for |4 N B} as in
Eq. (54). Notice that this general formula is true even when m; = m,.
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