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Abstract. The paper introduces evolving fuzzy neural networks (EFUNNS) as a means for
the implementation of the evolving connectionist systems (ECOS) paradigm that is aimed
at building on-line, adaptive intelligent systems that have both their structure and
functionality evolving in time. EFUNNs evolve their structure and parameter values
through incremental, hybrid supervised/unsupervised, on-line learning. They can
accommodate new input data, including new features, new classes, etc. through local
element tuning. New connections and new neurons are created during the operation of the
system. EFUNNS can learn spatial-temporal sequences in an adaptive way through one
pass learning, and automatically adapt their parameter values as they operate. Fuzzy or
crisp rules can be inserted and extracted at any time of the EFUNN operation. The
characteristics of EFUNNS are illustrated on severa case study data sets for time series
prediction and spoken word classification. Their performance is compared with traditional
connectionist methods and systems. The applicability of EFUNNSs as general purpose on-
line learning machines is discussed what concerns systems that learn from large databases,

life-long learning systems, on-line adaptive systems in different areas of Engineering.
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1. Introduction

The complexity and the dynamics of real-world problems, such as adaptive speech
recognition and language acquisition [21,34,41], adaptive intelligent prediction and
control systems [1], intelligent agent-based systems and adaptive agents on the Web [81],
mobile robots [20], visual monitoring systems and multi-modal information processing
[37,54], large Bio-informatics data processing, and many more [2,4], require sophisticated
methods and tools for building on-line, adaptive, knowledge-based intelligent systems
(1S). Such systems should be able to: (1) learn fast from a large amount of data (using fast
training); (2) adapt incrementally in an on-line mode; (3) dynamically create new modules
— have open structure; (4) memorise information that can be used at a later stage; (5)
interact continuously with the environment in a “life-long” learning mode; (6) deal with
knowledge (e.g. rules), as well as with data; (7) adequately represent space and time
[2,5,35,36,38,61,66,71]. Developing a computational model called evolving fuzzy neurd
network (EFUNN) that meets the seven requirements above is the objective of the current
paper.

Several methods and systems have been developed so far that meet some of the criteria
above and that have influenced the development of EFUNNs These are methods and
systems for: adaptive learning [4,5,7,8,14,30,46,47,48]; incremental learning
[6,7,8,9,19,53,58,61,71]; lifdong learning [69,35,36,82]; on-line learning
[17,21,22,28,31,35,36,42,44,61,66,67,69]; constructivist structural learning
[15,19,11,14,9] that is supported by biological facts [14,62,73,77,82]; selectivist structural

learning [26,29,49,56,59,64,50,32]; hybrid constructivist/selectivist structura learning
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[52,66,70,31]; knowledge-based learning neural networks (KBNN) [57,24,25,30,33,38,44,
45,51,63,76,77,83].

The EFUNN model presented in the paper has elements from all the groups above. The
model is called evolving because of the nature of the structural growth and structura
adaptation of the whole evolving connectionist system (ECOS) it is part of. In terms of
on-line neuron alocation, the EFUNN model is smilar to the Resource Allocating
Network (RAN) suggested by Platt [61] and improved in other related models [21,66].
The RAN model allocates a new neuron for a new input example (x,y) if the input vector
X is not close in the input space to any of the aready alocated radial basis neurons
(centers), and also — if the output error evaluation (y-y’), wherey’ is the produced by the
system output for the input vector X, is above an error threshold. Otherwise, centers will
be adapted to minimise the error for the example (x,y) through a gradient descent
algorithm. In terms of adaptive optimisation of many individual linear units, EFUNN is
close to the Receptive Field Weight regression (RFWR) model by Schaal and Atkeson
[71]. EFUNNs have also similarities with the Fritzke's Growing Cell Structures and
Growing Neural Gas models [19], and with other dynamic radial basis function networks
(RBFN) [58,5,78] and with the counter-propagation networks [27] in terms of separating
the unsupervised learning, which is performed first, from the supervised learning, applied
next, in a two-tyre structure. Creating new nodes is a feature also of SCONN [12] and VC
network [84]. The EFUNN learning algorithm differs from the above in many aspects,
mainly in the local element tuning, in the employment of simpler and faster learning
modes, in more flexibility when evolving internal structures and representations, and in
the knowledge-based orientation. A comparative analysis between EFUNNs and other
similar models on benchmark problems shows that while EFUNNS are comparable with

the other methods in terms of accuracy of the obtained results, they are much faster, more
3



controllable, and evolve meaningful internal representations. EFUNNS suggest a new
neuro-fuzzy systemic approach that employs more sophisticated supervised/unsupervised,
knowledge-based learning methods. The functionality of EFUNNs can be fully utilised
when EFUNNSs are used as elements of an ECOS framework for adaptive, intelligent,

knowledge-based systems.

2. The ECOS framework

Evolving connectionist systems (ECOS) are systems that evolve their structure and
functionality over time through interaction with the environment — fig.1 [35]. They have
some (“genetically”) pre-defined parameters (knowledge) but they also learn and adapt as
they operate. They emerge, evolve, develop, unfold through learning, and through
changing their structure in order to better represent incoming data.

[Figure 1]

A block diagram of the ECOS framework is given in fig.2. ECOS are multi-level, multi-
modular structures where many neural network modules (denoted as NNM) are connected
with inter-, and intra- connections.

[Figure 2]

The main blocks of ECOS are described below.

Feature selection part. It performs filtering of the input information, feature extraction and
forming the input vectors.

Representation (memory) part, where information (patterns) are stored. It is a multi-
modular, evolving structure of NNMs organised in groups. This is the most important part
of ECOS. One redlisation of a NNM is the EFUNN, presented in the next section.
Higher-level decison part. It consists of modules that receive inputs from the

representation part and also feedback from the environment.
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@ Action part. These are modules that take input values from the decision part and pass

output information to the environment.
Knowledge-based part. This part extracts compressed abstract information from the
representation modules and from the decision modules in different forms of rules, abstract
associations, etc. This part requires that the NNM should operate in a knowledge-based
learning mode and provide with the knowledge about the problem under consideration.
Adaptation part. This part uses statistical, evolutionary (e.g. genetic agorithms [23,79]),
and other techniques to evaluate and optimise the parameters of the ECOS during its
operation.
The ECOS operation principles correspond to the seven requirements to the intelligent
systems presented in section 1 [35]. They are also based on some biological facts and
biological principles (see for example [55,62,68,72,82]). Implementing NNMs of the
ECOS framework require connectionist models that support these principles. Such model

is the evolving fuzzy neural network (EFUNN).

3. The Evolving Fuzzy Neural Network (EFUNN) Model

3.1. General principles of EFUNNs

Fuzzy neural networks are connectionist structures that implement fuzzy rules and fuzzy
inference [25,51,63,83,38]. FUNNSs represent a class of them [38,33,39,40]. The EFUNN
model presented here is principally different from all the fuzzy neural network models
introduced so far despite some structural similarities. EFUNNS evolve according to the
ECOS principles. A brief first introduction of EFUNN was given in [36]. Here the EFUNN
architecture and functionality are further developed, illustrated and analysed in details.
EFUNNSs have a five-layer structure, similar to the structure of FUNNSs (fig.3d). But here

nodes and connections are created/connected as data examples are presented. An optional
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short-term memory layer can be used through a feedback connection from the rule (also
caled, case) node layer (see fig.3b). The layer of feedback connections could be used if
temporal relationships of input data are to be memorised structurally.

[Figure 3 a,b]

The input layer represents input variables. The second layer of nodes (fuzzy input
neurons, or fuzzy inputs) represents fuzzy quantization of each input variable space. For
example, two fuzzy input neurons can be used to represent "small" and "large" fuzzy
values for a particular input variable. Different membership functions (MF) can be
attached to these neurons (triangular —fig.4, Gaussian, €tc.).

[Figure 4]

The number and the type of MF can be dynamically modified which is explained in sub-
section 3.4. The task of the fuzzy input nodes is to transfer the input vaues into
membership degrees to which they belong to the MF.

The third layer contains rule (case) nodes that evolve through supervised and/or
unsupervised learning. The rule nodes represent prototypes (exemplars, clusters) of input-
output data associations that can be graphically represented as associations of hyper-
spheres from the fuzzy input and the fuzzy output spaces. Each rule node r is defined by
two vectors of connection weights — W1(r) and W2(r), the latter being adjusted through
supervised learning based on the output error, and the former being adjusted through
unsupervised learning based on similarity measure within a local area of the problem
space. A linear activation function, or a Gaussian function, is used for the neurons of this
layer.

The fourth layer of neurons represents fuzzy quantization of the output variables, similar
to the input fuzzy neuron representation. Here, a weighted sum input function and a

saturated linear activation function is used for the neurons to calculate the membership
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degrees to which the output vector associated with the presented input vector belongs to
each of the output MFs. The fifth layer represents the values of the output variables. Here
a linear activation function is used to calculate the defuzzified values for the output
variables.

A partia case of EFUNN would be a three layer network without the fuzzy input and the
fuzzy output layers. In this case a dightly modified versions of the algorithms described
below is applied, mainly in terms of measuring Euclidean distance and using Gaussian
activation functions.

The evolving process is based on either of the two assumptions: (1) no rule nodes exist
prior to learning and all of them are created (generated) during the evolving process; or (2)
there is an initial set of rule nodes that are not connected to the input and output nodes and
become connected through the learning (evolving) process. The latter case is more
biologically plausible [82]. The EFUNN evolving agorithm presented in the next section
does not make a difference between these two assumptions.

Each rule node, e.g. 1j, represents an association between a hyper-sphere from the fuzzy
input space and a hyper-sphere from the fuzzy output space (see fig.5a), the WA(r))
connection weights representing the co-ordinates of the center of the sphere in the fuzzy
input space, and the W2 (r;) — the co-ordinates in the fuzzy output space. The radius of the
input hyper-sphere of a rule node § is defined as R=1- S, where § is the sengtivity
threshold parameter defining the minimum activation of the rule node 1, to a new input
vector x from a new example (x,y) in order the example to be considered for association
with this rule node. The pair of fuzzy input-output data vectors (%,ys) will be allocated to
the rule noder; if % fallsinto ther; input receptive field (hyper-sphere), and y fdls in the
r; output reactive field hyper-sphere. This is ensured through two conditions, that a local

normalised fuzzy difference between % and W1(r;) is smaller than the radius R, and the
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normalised output error Err=|ly —y’ || / Nout is smaller than an error threshold E, Nout is
the number of the outputs and y’ is the produced by EFUNN output vector. The error
parameter E sets the error tolerance of the system.

Definition. A local normalised fuzzy difference (distance) between two fuzzy membership
vectors dir and s that represent the membership degrees to which two real-value data
vectors d; and d, belong to pre-defined MFs, is calculated as:

D(dhs,dr) = [lds - Cor [ / [|chs + dlat]l, 1)

where: ||x - y|| denotes the sum of al the absolute values of a vector that is obtained after
vector subtraction (or summation in case of ||x + }||) of two vectorsx and y; * / * denotes
division. For example, if d1t=(0,0,1,0,0,0) and d»t=(0,1,0,0,0,0), than D(d;,dz) = (1+1)/2=1
which is the maximum value for the local normalised fuzzy difference (see fig.4). In
EFUNNSs the local normalised fuzzy distance is used to measure the distance between a
new input data vector and a rule node in the local vicinity of the rule node. In RBF
networks Gaussian radial basis functions are alocated to the nodes and used as activation
functions to calculate the distance between the node and the input vector across the whole
input space.

Through the process of associating (learning) of new data points to a rule node i, the
centres of this node hyper-spheres adjust in the fuzzy input space depending on the
distance between the new input vector and the rule node through a learning rate |, and in
the fuzzy output space depending on the output error trough the Widrow-Hoff LMS
algorithm (delta algorithm) [80], as it is shown in fig.5a. This adjustment can be
represented mathematically by the change in the connection weights of the rule node |
from W1(r") and W2(r;") to W) and W2(r"*Y) respectively according to the

following vector operations:
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W1 D)=W1 (9) + 11 (WL (1) - %) @)

W2 (D) =w2(r) +1i2 (A2-y) . ALY 2)
where: A2=f,(W2.A1) is the activation vector of the fuzzy output neurons in the EFUNN
structure when x is presented; A1(r;() =f; (D(W1(r;"), %)) is the activation of the rule
noder;"") ; a simple linear function can be used for f and %, e.g. A1(r;")) = 1- D(W1(r;"),
X)), l,1and |, 2 are the current learning rates of rule node r; for its input layer and its output
layer of connections respectively; further in the paper we will assume that the two learning
rates have the same value calculated as I = 1/ Nex(r;), where Nex(r;) is the number of
examples currently associated with rule node ;. The statistical rationale behind this is that
the more examples are associated with a rule node the less it will “move’ in the input
space when a new example has to be accommodated by this rule node.

When a new example is associated with a rule node f not only its location in the input
space, but also its receptive field expressed as its radius Rj, and its sensitivity threshold S
change as follows:

R "V =Rj ® +D W1 ("), w1 (")), respectively (3)
§®=g9 - DW1(), w1 ")

The learning process in the fuzzy input space is illustrated in fig.5b on four data points
d1,d»,ds and d4. Fig.5b shows how the centre rj(l) of the rule node r; adjusts (after learning
each new data point) to its new positions r;'?, ¥,  when one pass learning is applied.
Fig.5c shows how the rule node position would move to new positions ?®, @ and
r,*®, it another pass of learning was applied.

[Figure 5a,b,c]

The weight adjustment formulas (2) and (3) define a standard EFUNN that has the first
part updated in an unsupervised mode and the second — in a supervised mode similar to

standard RBF networks [58] and their modifications [5,78]. But here the formulas are
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applied once for each example (x,y) in an on-line mode, that is similar to the RAN model
[61] and its modifications [66]. The standard supervised/unsupervised learning EFUNN is
denoted as EFUNN-g/u. In two other modifications of EFUNN, namely double pass
learning EFUNN (EFUNN-dp), and gradient descent learning EFUNN (EFUNN-gd) dlightly
different update functions are used as explained in the next sub-section.

While the connection weights W1 and W2 capture fuzzy co-ordinates of the learned
prototypes (exemplars) represented as centres of hyper-spheres, the temporal layer of
connection weights W3 from fig.3b captures tempora dependencies between consecutive
data examples. If the winning rule node at the moment (t-1) (to which the input data
vector at the moment (t-1) was associated) was max &2, and the winning node at the
moment t is rmax”, then a link between the two nodes is established as follows:

W3(Fmax ™Y, Fmad ) =W3(Fmax 2 rmax®) + I3, AL(Fmax &) AL(Frmac®)) (4)
where: A1(Y) denotes the activation of a rule node r at a time moment (t); k defines a
learning rate - the degree to which the EFUNN associates links between rule nodes
(clusters, prototypes) that include consecutive data examples. If 13=0, no tempora
associations are learned in an EFUNN structure and the EFUNN from fig.3b becomes the
one from fig.3a.

The learned temporal associations can be used to support the activation of rule nodes
based on tempora pattern similarity. Here, temporal dependencies are learned through
establishing structural links. These dependencies can be further investigated and enhanced
through synaptic analysis (at the synaptic memory level) rather than through neuronal
activation analysis (at the behavioura level). The ratio spatial-similarity/temporal-
correlation can be balanced for different applications through two parameters Ss and Tc
such that the activation of arule node r for a new data example they IS defined through the

following vector operations:
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AL (r) = Y4 — Ss. D(WL(r), thewt) + TC.W3(rmax™™, 1) Y40, (5)
where: 1,140,1) IS a bounded operation in the interval [0,1]; D(W(r),0hewt) is the normalised
local fuzzy distance value and a2 is the winning neuron at the previous time moment.
Here tempora connections can be given a higher importance in order to tolerate a higher
spatial distance. If T.=0, then temporal links are excluded from the functioning of the
system.

Figure 6 shows a schematic diagram of the process of evolving of three rule nodes and
setting the temporal links between them for data taken from consecutive frames of a
spoken word “eight”, also used in section 4.1.

[Figure 6]

The EFUNN system was explained so far with the use of one rule node activation (the
winning rule node for the current input data). The same formulas are applicable when the
activation of m rule nodes is propagated and used (the so called ‘many-of-n" mode, or ‘m-
of-n’ for short). Usualy m=3.

The supervised learning in EFUNN is based on the above explained principles, so when a
new data example d=(x,y) is presented, the EFUNN either creates a new rule node , to
memorise the two input and output fuzzy vectors W1(rn= % and W2(rn)= y, or adjusts the

winning rule node r; (or m rule nodes respectively).

After a certain time (when certain number of examples have been presented) some neurons

and connections may be pruned or aggregated. Aggregation techniques are explained in 3.4.

Different pruning rules can be applied for a successful pruning of unnecessary nodes and

connections. One of them is given below:

IF (Age(r;)) > OLD) AND (the total activation TA(r)) is less than a pruning parameter Pr

times Age (rj) ) THEN prune rule noder;,
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where Age(r;) is calculated as the number of examples that have been presented to the
EFUNN after ; had been fist created; OLD is a pre-defined age limit; Pr is a pruning
parameter in the range [0,1], and the total activation TA(r;) is calculated as the number of
examples for which 1, has been the correct winning node (or among the m winning nodes
in the m-of-n mode of operation).

The above pruning rule requires that the fuzzy concepts of OLD, HIGH, etc. are defined
in advance. As a partial case, a fixed value can be used, e.g. a node is OLD if it has
existed during the evolving of a FUNN from more than p examples. The pruning rule and
the way the values for the pruning parameters are defined, depend on the application task.
There are other functions applied on an EFUNN during its operation. Such functions are:
rule extraction (see section 3.3.), MF modification (see 3.4), parameter optimisation (see

3.7).

3.2. EFUNN supervised learning algorithms and inference methods

Three supervised learning algorithms are outlined here that differ in the weight adjustment
formulas:

EFUNN-s/u Learning Algorithm:

Set initia values for the system parameters. number of membership functions; initial
sensitivity threshold S and maximum radius Rmax; error threshold E; aggregation
parameter Nagg - number of consecutive examples after which aggregation is performed
(to be explained in section 3.4); pruning parameters OLD and Pr; number m of nodes
which activation is propagated to the output layer (for the ‘m-of-n" mode); thresholds T
and T for rule extraction

Set the first rule node to memorise the first example (x,y):

W1(ro)= % and W2(ro)=y; (6)
12



IEEE Transactions of Systems, Man and Cybernetics, Part B — Cybernetics (2001), vol31,No.6,
December,2001

Loop over presentations of input-output pairs (X,y)
{
Evauate the local normalised fuzzy distance D between x and the existing rule node
connections W1 (formulae (1)).
Calculate the activation Al of the rule node layer. Find the closest rule node K (or the
closest m rule nodes in case of m-of-n mode) to the fuzzy input vector % so that the input
vector isin the receptive field of this rule node.
if AL(rk) < S (sengitivity threshold for the node ri), create a new rule node for (%,yr)
else
Find the activation of the fuzzy output layer A2=W2.A1(1-D(W1,x))) and the output error
Err=|y- y’'||/ Nout.
If Err > E,
create anew rule node to accommodate the current example (%,yr)
else
update W1(rx) and W2(ry) according to (2) and (3) (in case of m-of-n EFUNN update all
the m rule nodes with the highest A1 activation).
Apply aggregation procedure to the existing rule nodes after each group of Ngg examples
are presented (see explanation in section 3.4).
Update the values for the rule node r¢ parameters S, Re, Age(rk), TA (r).
Prune rule nodes if necessary, as defined by pruning parameters.
Modify membership functions if necessary (see section 3.4).
Extract rules from the rule nodes (as explained in 3.3)
}
The two other learning algorithms presented next are exceptions and if it is not explicitly

mentioned otherwise, the denotation EFUNN will mean EFUNN-</u.
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(b) EFUNN —dp Learning Algorithm

This is different from the EFUNN-s/u in the weight adjustment formula for W2 that is a
modification of (3):

w2 () =w2(r V) +1i (A2- yn). AL(rY), 7

meaning that after the first propagation of the input vector and error Err calculation, if the
weights are going to be adjusted, W1 weights are adjusted first with the use of (2) and
then the input vector x is propagated again through the already adjusted rule node ; to its
position r,-(“l) in the input space; a new error Err is caculated and after that the W2
weights of the rule node | are adjusted. This is a finer weight adjustment than the
adjustment in EFUNN-s/u that may make a difference in learning short sequences, but for
learning longer sequences it may not cause any difference in the results obtained through
the simpler and faster EFUNN-g/u. This is demonstrated in the experiments in section 4.
(c) EFUNN-gd Learning Algorithm

This agorithm is different from the EFUNN-s/u in the way the W1 connections are
adjusted which is no more unsupervised, but here a one step gradient descent algorithm is
used similar to the RAN model [61]:

W)= (9) + 5. (W1 () - %) (A2 -y) AL (1) w2(r©) 8)
Formulae (8) should be extended when m-of-n mode is applied. The EFUNN-gd agorithm
IS no more supervised/unsupervised and the rule nodes are no more allocated at the cluster
centers of the input space. This leads to a lower learning and more difficult interpretation
of the EFUNN structure in terms of extracting meaningful rules. These are the man
reasons why this algorithm is not used further in the paper.

An important characteristic of the EFUNN learning is the local element tuning. Only one
(or m, in the m-of-n mode) rule node will be either updated, or created for each data

example. This makes the learning procedure very fast (especially in the case when
14



IEEE Transactions of Systems, Man and Cybernetics, Part B — Cybernetics (2001), vol31,No.6,
December,2001

specialised parallel hardware platforms are used). Another advantage is that learning a
new data example does not cause forgetting of old ones [18,65]. A third advantage is that
new input and new output variables can be added during the learning process, thus making
the EFUNN system more flexible to accommodate new information, once such becomes
available, without disregarding the aready learned information.

The use of MFs and membership degrees (layer two of neurons), and aso the use of
normalised local fuzzy difference, makes it possible to deal with missing attribute values.
In such cases, the membership degrees of al MFs will be set to 0.5 indicating that the
value, if it existed, may belong to them. Preference, in terms of which fuzzy MF the
missing value might belong to, can also be represented through assigning appropriate
membership degrees, e.g. 0.7 degrees to “Small” means that the value is more likely to be
small rather than “Medium”, or “Large”.

The supervised learning agorithms above alow for an EFUNN system to always evolve
and learn when a new input-output pair of data becomes available. Thisis an active mode
of learning. In another mode, passive (inner, sleep) learning, learning is performed when
there is no input pattern presented. This may be necessary after an initia learning has
already been applied. In this case existing connections, that store previousy fed input
patterns (prototypes), are used as “echo” data (here denoted as ECO) to reiterate the
learning process. This type of learning may be applied in case of a short on-line
presentation of the data, when only small portion of datais learned, and then the training
is refined through the ECO learning method [31,35].

The evolved EFUNN can perform inference when recalled on new input data. The EFUNN
inference method consists of calculating the output activation value and is part of the
EFUNN supervised learning method when only the input vector x is propagated through

the EFUNN. In case of one-of-n learning mode, the inference is based on the highest rule
15



node activation where the new input data falls into the node’s receptive field, or just the
highest rule node activation if the new input vector does not fall into any of the node
receptive fields. In the m-of-n mode there will be m rules used in the EFUNN inference

process.

3.3. Knowledge—based learning in EFUNNS: rule insertion and rule extraction
EFUNNs are adaptive rule-based systems. Manipulating rules is essential for their
operation. This includes rule insertion, rule extraction, and rule adaptation.
At any time (phase) of the evolving (learning) process fuzzy or exact rules can be inserted
and extracted. Insertion of fuzzy rules is achieved through setting a new rule node 1, for
each new rule, such that the connection weights W1(r;) and W2(r;) of the rule node
represent this rule. For example, the fuzzy rule (IF x; is Small and x; is Small THEN y is
Small) can be inserted into an EFUNN structure by setting the input connections of a new
rule node from the fuzzy input nodes x- Small and x»>- Small to a value of 1, and setting
the output connection of this rule node to the fuzzy output node y-Small to a value of 1.
The rest of the connections are set to a value of zero. Similarly, an exact rule can be
inserted into an EFUNN structure, e.g. IF x; is3.4 and % is6.7 THEN y is 9.5. Here, the
membership degrees to which the input values x; = 3.4 and x»=6.7, and the output value
y=9.5 belong to the corresponding fuzzy values are calculated and attached to the
corresponding connection weights.
Rule insertion and rule extraction are important operations of an EFUNN as it is a
knowledge-based connectionist model. Each rule node rj can be expressed as a fuzzy rule,
for example:

ri: IF Xy is Small 0.85 and x; is Medium 0.15 and X is Small 0.7 and X2 is Medium 0.3

(Radius of the receptive field Rj=0.1, maxRj=0.75)
16
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THEN y isSmall 0.2 and y is Large 0.8 (20 out of 175 examples are associated with this

rule),
where the numbers attached to the fuzzy labels denote the degree to which the centers of
the input and the output hyper-spheres belong to the respective MFs. The degrees
associated to the condition elements are the connection weights from the matrix W1. Only
values that are greater than a threshold T1 are l€eft in the rules. The degrees associated with
the conclusion part are the connection weights from W2 that are greater than a threshold
of T2. The other parameters associated with the rule represent the importance and the
strength of the rule. An example of rules extracted from a bench-mark dynamic time
series data is given in sub-section 3.5. The two thresholds T1 and T2 are used to disregard
the connections from W1 and W2 that represent small and insignificant membership

degrees (e.g., less than 0.1).

3.4. Rule node aggregation and membership function modification
Another knowledge-based technique applied to EFUNNSs is rule node aggregation.
Through this technique several rule nodes are merged into one as it is shown in fig.7ab
and c on an example of three rule nodesry, r, and r3 (only the input space is shown there).
[Figure 7a,b,c]
For the aggregation of three rule nodes r, r», and r3 the following two aggregation rules
can be used to calculate the W1 connections for the new aggregated rule node kg (the
same formulas are used to calculate the W2 connections)
- asageometrical center of the three nodes:
W (ragg)=(W(rs) HW(r2) +W1(ra))/ 3 ©)
- asaweighted statistical center:

W2(ragg)=(W2(r1).Nex(r1)+W2(r2) .Nex(r2) +W2(rs).Nex(rs))/Nsum (10)
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where: NexX(rogg)= Nsum = Nex(ro)+Nex(r2)+Nex(rz)<=Rmax ; Rrygg = d(W1(rxyg),
W1(r)) + Rj; 1 isthe rule node from the three nodes that has a maximum distance from
the new node gy and Rj is its radius of the receptive field. The three rule nodes will
aggregate only if the radius of the aggregated node receptive field is less than a pre-
defined maximum radius Rmax.

In order to select for a given node i the other nodes it will aggregate with, two subsets of
nodes are formed — the subset of nodes ry that if activated to a degree of 1 will produce an
output value y’(r) that is different from y’(rj) in less than the error threshold E, and the
subset of nodes that if activated to a degree of 1 will cause output values different from
y'(rk) in more than E. These two subsets are derived from the W2 connections. Than all
the rule nodes from the first subset that are closer to r; in the input space than the closest to
r; node from the second subset in terms of W1 distance, get aggregated if the radius of the
New node rygq is less than the pre-defined limit Rmax ( as illustrated in fig.7c.

Instead of aggregating all the rule nodes that are closer to a rule node § than the closest
node from a neighbouring class (these nodes form an aggregation pool for r), it is possible
to keep the closest node from the aggregation pool to the other class out of the aggregation
procedure - as a separate node — a “guard” (see fig.8), thus preventing miss-classification
between the two classes on the bordering area. The “guardian” node represents the same
classasr.

[Figure §]

Through node creation and consecutive aggregation, an EFUNN system can adjust over
time to changes in the data stream and at the same time — preserve its generalisation

capabilities.

18



IEEE Transactions of Systems, Man and Cybernetics, Part B — Cybernetics (2001), vol31,No.6,
December,2001

Through analysis of the weights W3 of an evolved EFUNN, temporal correlation between
time consecutive exemplars can be expressed in terms of rules and conditional
probabilities, e.q.:

IF r (1) THEN r ® (0.3)

(11)
The meaning of the above rule is that some examples that belong to the rule (prototype) .
follow in time examples from the rule prototype r; with a relative conditional probability
of 0.3.
Changing (evolving) MF is another knowledge-based operation that may be needed for a
refined performance after a certain time moment of the EFUNN’s operation. Changing the
shape of the MF in a fuzzy neural structure such as FUNN through gradient descent
algorithm is suggested in [39,45]. Another approach to changing MF is using the data
distribution for each variable, i.e. caculating in an on-line mode the histogram of each
variable and placing the centers of its MFs at the middle of the areas that are of highest
density. Both changing the number and the shape of MFs may be needed for a better
performance of an EFUNN. For example, instead of three MF, the system may perform
better if it had five MF for some of the variables. In EFUNNS there are several possibilities
to implement such dynamical changes of MF asit is graphicaly illustrated on fig.9a,b:

(8 New MF are created (fuzzy nodes are inserted) in the most dense areas of the input
space without a need for the old MF to be changed (fig.9a). The degree to which each
cluster centre (each rule node) belongs to the new MF can be calculated through: (i)
defuzzifying the centres into real values with the use of the existing MF; (ii) finding
the membership degrees to which these values belong to the new MF; (iii) creating

new connections that have as weights these membership degrees;

19



(b) All MFs change in order new ones to be introduced. For example, all stored fuzzy
exemplars in W1 and W2 that have three MFs, are defuzzified (e.g., through the center
of gravity deffuzification technique) and than used to evolve a new EFUNN structure
that has five MFs (fig.9b)

[Figure 9a,b]

3.5. Examples of EFUNN learning, aggregation and rule extraction methods for a chaotic
benchmark time series prediction task
Here the operation of EFUNNS is illustrated on the Mackey-Glass chaotic time series data

(see ds0[16,45,61,5]) defined by the Mackey Glass time delay differential equation:

d(x) ax(t-t)
= - b X(t)
— (12
d(t) 1+x9°(t-t)

This series behaves as a chaotic time series for some values of the parameters x(0) and t

[16,45]. Here x(0) = 1.2,t = 17, a=0.2, b=0.1 and x(t) = O for t < O were assumed. The input-

output data for evolving an EFUNN from the Mackey Glass time series data is in the

following format: input vector: [x(t), x(t-6), (t-12) x(t-18))]; output vector [x(t+6)]. The task

isto predict future values x(t+6) from 4 points spaced at six time intervals in the past.

Example 1 The following values for the EFUNN parameters were set: initid value for

sengitivity threshold S of 0.9; error threshold E=0.1; a maximum radius Rmax=0.2; a rule

extraction threshold of 0.5; aggregation is performed after each consecutive group of 100

examples is presented; “m-of-n” mode, where m=1, is used; the number of membership
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functions MF is 5; 1000 consecutive data examples are used. Some experimental results of the
on-line evolving of an EFUNN are shown in fig.10, namely: (a) the desired versus the
predicted six steps ahead values through one-pass on-line learning; (b) the absolute-, the local
on-line RMSE (LRMSE), and the local on-line NDEI (LNDEI) error over time as described
below; (c) the number of the rule nodes created and aggregated over time; (d) a plot of the
input data vectors (circles) and the evolved rule nodes (crosses) projected in the two
dimensional input space of the first two input variables x(t) and x(t-6).
[Figure 10a,b,c,d]

The generdisation error of an EFUNN on a next new input vector (or vectors) from the input
stream calculated through the evolving process is called local on-line generalisation error.
The local on-line generalisation error at the moment t for example, when the input vector is
X(t), and the calculated by the evolved EFUNN output vector is y(t)' is expressed as Err(t)=
(y(®) - y(t)')/Nout, where Nout is the number of the outputs of the EFUNN. The local on-line
root mean sguare error, and the local on-line non-dimensiona error index LNDEI(t) can be

calculated at each time moment t as:

LRMSE(t)=Q(Si=12...:(Err(i)?)/t)); LNDEI (t)=LRM SE(t)/std(y(1):y(t)), (13)
where std(y(1):y(t)) is the standard deviation of the output data points from 1 to t.
For the chosen values of the parameters, there were 86 rule nodes evolved each of them
represented as one rule (some rules are shown in tabl.1). These rules and the EFUNN
inference mechanism define a system that is equivaent to the equation (12) in terms of the
chosen inputs and output variables subject to the calculated error.
[Table 1]
After certain time moment the LRMSE and LNDEI converge to constant values subject to

a smal error, in the example from fig.10 - LRMSE=0.102, LNDEI=0.191. Generally

speaking, in the case of compact and bounded problem space the error can be made
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sufficiently small subject to appropriate selection of the parameter values for the EFUNN,
an issue discussed in 3.7. In the experiment above the chosen error tolerance was
comparatively high, but the evolved EFUNN was kept of a small size. If the chosen error
threshold E was smaller (e.g. 0.05, or 0.02) more rule nodes would have been evolved and
better prediction accuracy could have been achieved. Different EFUNNSs have different
optimal parameter values, which aso depends on the task (e.g. time series prediction,
classification).

The example here demonstrates that an EFUNN can learn a complex chaotic function
through on-line evolving from one-pass data propagation. But the real strength of the
EFUNNSs isin learning time-series that change their dynamics through time, e.g. changing
values for the parameter t from equation (12). Time series processes with changing
dynamics could be of different origin, e.g.. biological, financial and economics,
environmental, industrial processes, control.

EFUNNSs can also be used for off-line training and testing similar to other standard NN
techniques. Thisisillustrated in another example shown in fig.11.

Example 2. The following parameter values are set before an EFUNN is evolved: MF=5;
initial S=0.9; E=0.05; m=1; Rmax=0.2. The EFUNN is evolved on the first 500 data
examples from the same Mackey-Glass time series as in examplel. Fig.11la shows the
desired versus the predicted on —ine values on the first 500 examples of the time series.
After the EFUNN is evolved, it is tested for a global generaisation on the second 500
examples. Figure 11b shows the desired versus the predicted by the EFUNN values for
these examples in an off-line mode.

In a genera case, the global generalisation root mean square error RMSE and the non-
dimensional error index are evaluated on a set of p new (test) examples from the problem

space as follows:
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RMSE=0(Si=12....pl(yi— ¥7')’]/p; NDEI=RMSE/std(L:p),

(14)

where: std (1:p) is the standard deviation of the data from 1 to p in the test set . The
evauated in this example RMSE is 0.01, and the NDEI is 0.046. After having evolved an
EFUNN on a small, but representative part of the whole problem space, its global
generalisation error can saturate to a satisfactory value.

[Figure 11]

An EFUNN can also be tested for on-linetest error on atest data while further training on
this data is still performed. The on-line local test error is dightly smaller for the example
above.

Generally speaking, if a continuous, incremental learning on all data is possible (in many
cases of time series prediction it is) EFUNNSs should be continuously evolved all the time
in an adaptive, life-long learning mode, aways improving their performance. Typica
application of EFUNN would be modelling and predicting of a continuous financial time
series, modelling of large DNA data sequences, or adaptive spoken word classification

(section 4 and table 3).

3.6. Unsupervised and hybrid (supervised/unsupervised) learning in EFUNNS

The unsupervised method of learning assumes that there are no desired output values
available and the EFUNN evolves its rule nodes from the input space. A node alocation is
based only on the defined maximum radius Rmax. If anew dataitem d activates a certain
rule node r; above the level of § = (1- R), this rule node is adjusted to accommodate the

new data item according to formulae (2), otherwise a new rule node is created. The
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EFUNN unsupervised learning method is based on the steps described as part of the
supervised learning method when only the input vector x is available for the current input
data item d. And the input vector can be either fuzzy or non-fuzzy.

This method of learning is illustrated here on speech data that represents a spoken word
“eight” (in a phonemic representation: /silence//el//t//silencel). In the experimental results
shown in fig.12, three time lags of 26 mel scale coefficients taken from a window of 12
ms of the speech signal, with an overlap of 50%, are used to form 78—element input
vectors. The input vectors are plotted over time in fig.12b.

Each new input vector from the spoken word is either associated with an existing
rule node that is modified to accommodate this data, or a new rule node is created.
Regularly the rule nodes are aggregated. After the whole word is presented the aggregated
rule nodes represent the centres of the anticipated phoneme clusters without the concept of
phonemes being introduced to the system (fig.12a). The latter figure shows clearly that
three rule nodes were evolved after aggregation, that represent the stable sounds as
follows: frames 0-53 and 96-170 are alocated to rule node 1 that represents /silence/;
frames 56-78 are allocated to rule node 2 that represents the phoneme /ei/; frames 85-91
are allocated to rule node 3 that represents the phoneme /t/; the rest of the frames represent
trangitional states, e.g. frames 54-55 the transition between /silence/ and /ei/, frames 79-84
— the transition between /ei/ and /t/, and frames 92-96 — the transition between /t/ and
silencel/, are allocated to some of the closest rule nodes in the input space. If a higher
sengitivity threshold was used, there would have been additional rule nodes evolved to
represent these short transitional sounds.

[Figure 12a,b]
When more pronunciations of the word ‘eight’ are presented to the unsupervised

EFUNN system, the system refines the phoneme regions and the phoneme rule nodes.
24



IEEE Transactions of Systems, Man and Cybernetics, Part B — Cybernetics (2001), vol31,No.6,
December,2001

Both the supervised and the unsupervised learning methods for EFUNNS are based on the
same principles of building the W1 layer of connections. Either of them can be applied on
an evolving EFUNN, so that if there are known output values the system will use a
supervised learning method, otherwise — it will apply the unsupervised learning method
on the same structure. For example, after having evolved in an unsupervised way an
EFUNN from the spoken word “eight” input data, more data that are labelled with the
appropriate phoneme labels, can be used to continue the learning process of this EFUNN,
now in a supervised mode.

The EFUNNSs also allow for reinforcement learning when instead of exact desired values,
only their fuzzy labels become known during the evolving process. Such values are for

example, Small, Not Very Good, etc. This type of learning is outside the scope of the

paper.

3.7. On-line parameter adaptation and feature evaluation in EFUNNSs

Once s¢t, the initial values of the following EFUNN parameters can be either kept fixed
during the entire operation of the system, or can be adapted (optimised) according to the
incoming data: number of membership functions; value for m-of-n parameter; error
threshold E; maximum receptive field Rmax; rule extraction thresholds T1 and T2
number of examples for aggregation Nagg; pruning parameters OLD and Pr. Adaptation
can be achieved through the analysis of the behaviour of the system, or through a
feedback connection from higher level modules in the ECOS architecture.

One scenario for on-line parameter adaptation is that after some number of examples
presented, or certain time, the initial parameter values will start to adapt to the
characteristics of the input data, such as distribution, dimensionality, time-dependence,

etc. For example, after certain number of examples or if the distribution of the incoming
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data does not change significantly from one time segment to another, the restriction Rmax
can be removed as the receptive field of every rule node will be restricted by the closest to
this rule node example that belongs to another class. Thisis true if there are sufficient data
points that cover most of the areas of the problem space. Another parameter, Nagg, can
also be removed as a redtriction after certain distribution of the input-output space is
achieved and aggregation can be applied after every single exampleis learned.

In another scenario, genetic algorithms (GA) and evolutionary programming techniques
[23,20,78,79] can be applied to optimise the EFUNNS structural and functional parameters
through evolving populations of EFUNNS over generations and evaluating each EFUNN in
the population at certain time intervals. After that, only the best EFUNNSs are kept and
reproduced in another population, which process continuous to evolve in an on-line mode.
Evolutionary strategies that constitute another class of evolutionary computational
methods, are also suitable techniques to optimise the EFUNN parameters over time.

The evaluation of the relevance of the input variables to the task can be done in an on-line
mode through iterative calculation of the correlation of each input variable to each output
class, or to each membership function of the output variables, e.g. Corr (x1, [y is Small,
Medium, High]) = [0.7, 0.4, -0.3] thus producing a continuous information on the most

relevant input features which information is added to the extracted rules and knowledge.

3.8. Adding new inputs and outputs to EFUNN during on-line learning
The local learning procedure and the local normalised fuzzy distance used in the EfuNN
architecture allow for adding new inputs or/and outputs at any time of the system

operation. In this respect the problem space, EFUNN is operating in, is open and the
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accumulated knowledge in an EFUNN structure is incremental. This way of learning is
typica for humans who aways use new sources of information and add new input

variables, classes, concepts in a continuous manner.

4. Comparative Analysis of EFUNNs and other NN and Al Techniques for
On-Line, Knowledge-based Learning

4.1. EFUNN versus traditional NN and fuzzy-neura systems

EFUNNSs are learning machines that can learn in an on-line mode any data set, regardless

of the class of the problem (function approximation, time series prediction, classification,

etc.) either in a supervised-, or in an unsupervised-, or in a hybrid learning mode, subject

to appropriate parameter values selected and certain minimum number of examples

presented.

When issues such as applicability of the EFUNN model, learning accuracy, generalisation

and convergence are discussed for different tasks, two cases must be distinguished:
@ The incoming data are from a compact and bounded data space. In this case the more
data vectors are used for evolving an EFUNN, the better its generalisation is on the whole
problem space. After a time moment T, if appropriate values for the EFUNN parameters are
used, each of the fuzzy input and the fuzzy output spaces (they are compact and bounded) will
be covered by hyper-spheres of the evolved rule nodes that will have different receptive fields
in the general case. We can assume that by a certain time moment T a sufficient number of
examples from the stream have been presented and rule node hyper-spheres cover the problem
space to a desired accuracy. The local on-line error will saturate at this time because any two
associated compact and bounded fuzzy spaces X; and Y; that represent a problem space, can

be fully covered by a sufficient number of associated (possibly overlapping) fuzzy hyper-
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spheres (see fig.5). The number of these spheres (the number of rule nodes) depends a great

deal on the error threshold E, set before the training of the system.
(b) The incoming data are from an open problem space, where data dynamics and data
distribution may change over time in a continuous way. In this case the local on-line error
will depend on the closeness of the new input data to aready stored prototypes in the
existing rule nodes.
The well-established NN and Al techniques have difficulties when applied for on-line,
knowledge based learning [18,65,38]. For example, the multi-layer perceptrons (MLP)
and the backpropagation learning agorithm have the following problems. catastrophic
forgetting [65,38], loca minima problem [3,10], difficulties to extract rules [38], not able
to adapt to new data without re-training on old ones [65], too long training when applied
to large data sets. Many neuro-fuzzy systems, such as ANFIS [63], FUNN [39], neo-fuzzy
neuron [83], cannot update the learned rules through continuous training on additional
data without suffering the catastrophic forgetting. The SOM [47,48] may not be efficient
when applied for unsupervised adaptive learning on new data as SOM assume a fixed
structure and a fixed grid of nodes connected in a topological output space that may not be
appropriate for the projection of a particular data set. The radial basis neural networks
require clustering to be performed first and then the backpropagation algorithm applied
[38]. They are not efficient for adaptive, on-line learning either, despite of some
improvements [5,78].
The EFUNN evolving procedure leads to a similar local on-line error as RAN [61] and its
modifications [66,21], but EFUNNs allow for meaningful rules to be extracted and
inserted at any time of the operation of the system thus providing the knowledge about the
problem and reflecting to changes in its dynamics. In this respect the EFUNN is a flexible,

on-line, knowledge engineering and statistical model. As a statistical model the EfuNN
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performs clustering of the input space. The EfuNN structure also reflects the data
distribution of the input-output space.

The above said is illustrated here with two experiments. The first one deals with the task
of on-line time series prediction of the Mackey-Glass data. The second one deals with a

classification task on a case study data of spoken digits.

Experiment 1. Time series prediction

A description of the bench-mark data set of Mackey-Glass data was given in section 3.5.
Here the standard CMU benchmark format of the time series is used. The data was
generated with t=17, using a second order Runge-K utta method with a step size of 0.1, of
four inputs: x(t), x(t-6), x(t-12) and x(t-18), and one output: x(t+85). Training data is
from t=200 to t=3200, while test data is from t= 5000 to 5500. All the 3,000 training data
were used to evolve three types of EFUNNSs. For the EFUNN-su and EFUNN-dp the
following initial values of the parameters were chosen manualy: MF=3, S=0.9, E=0.05,
m=1, Rmax=0.2, ng=100. For the EFUNN-gd model the following initial values of the
parameters were used: MF=3, S=0.9, E=0.05, m=1, Rmax=0.2, ng=100. The number of
the centers (rule nodes in EFUNN) and the local on-line LNDEI is calculated and
compared with the one for the RAN mode [61] and its modifications [66]. The results are
shown in table 2. The three modifications of EFUNN result in a smaller on-line error than
the other methods and in a reasonable number of rule nodes.

[Table 2]

If EFUNNS use linear equations for calculating the activation of the rule nodes (instead of
Gaussian functions and exponentia functions as it is in RAN) the EFUNN learning

procedure is much faster than the learning procedure in RAN and its modifications.
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EFUNN aso produces a better on-line generalization, which is a result of a more accurate
node allocation during the learning process.
Software simulators as well as data sets used in the experiments above are available from:

http://divcom.otago.ac.nz/infosci/kel/CBI1 Shtml (-> software -> efunns).

Experiment 2: Spoken word classification

The task is recognition of speaker independent pronunciations of English digits from the
Otago Corpus database (http://kel.otago.ac.nz/hyspeech/corpus/) [75]. 17 speakers (12 males
and 5 females) are used for training and other 17 speakers (12 males and 5 females) are used
for off-line testing. Each speaker utters 30 instances of English digits during recording session
in a quiet room (clean data) for a total of 510 training and 510 testing utterances. Eight mel
frequency scale cepstrum coefficients (MFSCC) and log-energy are used as acoustic features.
In order to assess the performance of EFUNNS in this application, a comparison with Linear
Vector Quantisation (LVQ) is accomplished. Clean training speech is used to train both LVQ
and EFUNN. Office noise is introduced to the test speech data to evaluate the behaviour of the
recognition systems in a noisy environment, with a Signal-to-Noise Ratio of 10dB. The
classfication off-line test accuracy for LVQ and EFUNN, and aso the local on-line test
accuracy for EFUNN, are evaluated and presented in table 3. The LVQ model has the
following parameter values. code-book vectors — 396, training iterations 500 on the whole
training set. The EFUNN has the following parameter values. 1 training iteration; 3 MFs, 157
rule nodes, initial S=0.9, E=0.1, Rmax=0.2, number of examples for aggregation ng,=100.

The results show that the EFUNN with off-line learning and testing on new data
performs much better than the LVQ method (Table 3). As EFUNN allows for continuous
training on new data, further testing and also training of the EFUNN on the test data in an on-

line mode leads to a significant improvement of the accuracy.
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[Table 3]

EFUNNSs in an on-line learning mode can be used as building blocks for creating adaptive
speech recognition systems that are based on the ECOS framework (fig.2). Such systems
would be able to adapt to new speakers and new accents, and add new words to their

dictionaries at any time of their operation.

4.2. EFUNNs, Evolutionary Computation (EC) and Case-Based Reasoning (CBR)
methods

EC is concerned with population-based search and optimisation of an individual
system through generations of populations of systems [23]. EC is applied to the
optimisation of different structures and processes, one of them being the connectionist
structures and connectionist learning processes [13,78,79]. EC, and the genetic agorithms
(GA) in particular, include in principal a stage of development of each individual system,
so that a system develops, evolves through interaction with the environment that is also
based on the genetic materia embodied in the system. This process of development has
been in many cases ignored or neglected as insignificant from the point of view of the
long process of generating hundreds of generations each of them containing hundreds of
individuals. EFUNNSs deal with the process of interactive, on-line adaptive learning of a
single system that evolves from incoming data or through interaction with the
environment. The system can ether have its parameters (genes) pre-defined, or self-
adjusted during the learning process starting from some initial values. There are several
ways in which EC and EFUNNSs can be inter-linked. For example, it is possible to use EC
to optimise the parameters of an EFUNN (or an ECOS) at a certain time of its operation, or
to use EFUNNS for the development of the individual systems (individuals) as part of the

global EC process.
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EFUNNSs and case-based reasoning methods [12] are similar in the sense that they store
exemplars and measure similarities, but an EFUNN has a more flexible inference

mechanism and it is connectionist based that brings all the advantages of the NN methods.

5. Conclusions and directions for further research

This paper presents evolving fuzzy neural network systems EFUNNS as a redlisation of
one of the main modules in a framework of evolving connectionist systems ECOS. ECOS
and EFUNNs comprise methods and systems for general purpose on-line adaptive
learning. EFUNNs have features that address the seven maor requirements to the
intelligent information systems presented in section one. A significant advantage of
EFUNNSs is the local learning, which alows for a fast adaptive learning that is robust to
catastrophic forgetting. Only few connections and nodes are changed, or created after the
entry of a new data item. This is in contrast to the global learning algorithms where, for
each input vector, al connection weights change, thus making the system prone to
catastrophic forgetting when applied for adaptive, on-line learning tasks.

ECOS incorporate important Al features, such as. adaptive learning; non-monotonic
reasoning; knowledge manipulation in the presence of imprecison and uncertainties;
knowledge acquisition and explanation. ECOS and EFUNNSs have features of knowledge-
based systems, logic systems, case-based reasoning systems, and adaptive connectionist-
based systems, al together. Through self-organisation and self-adaptation during the
learning process, they alow for solving difficult engineering tasks as well as for
simulation of emerging, evolving biological and cognitive processes to be attempted. The
life-long learning mode (also implemented in EFUNN) is the natura learning mode of all

biological systems[14,44,73,82].
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The EFUNN methods and the ECOS can be implemented in software or/and in hardware
with the use of either conventional, or new computationa techniques. EFUNN simulators
are available from: http://divcom.otago.ac.nz/infosci/kel/CBIIS.ntml. The EFUNN
applicability is broad and spans across several application areas of computer and
information science where systems, that learn from data and improve continuoudy, are
needed. That includes:

computer systems that learn speech and language;

adaptive process control;

autonomous navigation of intelligent robots;

intelligent agents on the WWW;

intelligent decision support systems,

bioinformatics,

domestic appliances and intelligent buildings,

systems that learn and control brain-, and body states from a biof eedback.
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Table 1

Rule 1: if [x1 is (3 0.658) AND [x2 is (4 0.884)] AND [x3 is
(4 0.822)] AND
[x4 is (4 0.722)] [Radius of the receptive field
Rl = 0.086]
then [y is (4 0.747)[ accompdat ed traini ng exanpl es
Nex(r1l)= 6]
Rule 2: if [x1 is (3 0.511)] AND [x2 is (4 0.774)] AND [x3
is (4 0.852)] AND
[x4 is (4 0.825)] [Radius of the receptive field
R2 = 0.179]
t hen [y is (3 0.913)][accommpdated training

exanpl es Nex(r2)=2]

Rule 16: if [x1 is (2 0.532)]AND [x2 is (2 0.810)] AND [x3
is (3 0.783)] AND
[x4 is(4 0.928)] [Radius of the receptive field
R16 = 0.073)
t hen [y is (5 0.516)] [accomopdated training
exanpl es Nex(r16)=12]
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Notation: The fuzzy values are denoted with numbers as follows. 1- very small, 2- small,
3-medium, 4 — large, 5 — very large; the antecedent and the consequent weights are
rounded to the third digit after the decimal point; smaller values than 0.5 are ignored as

05 IS used as a  threshold T1=T2 for rule extraction)
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Table 2.

Model Parameter Number of On-line LNDEI after learning
values centers (rule 3000 examples
nodes in
EFUNN)
RAN [61] e=0.02 113
0.
3
7
3
RAN-GRD [ e=0.01 50
66 ] 0.
1
6
5
RAN—FP- e=0.02 31 0.160
GQRD [66]
EFUNN-su E=0.05,Rma 91 0.115
x=0.2
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EFUNN-dp E=0.05;Rm 93 0.113
ax=0.2
EFuNN-gd E= 102 0.103
0.05;Rmax=
0.2
Table 3.
Size of the Number  of Global test L ocal test
Method \
model training classification classification
Test _ _
iterations accuracy accuracy
Classifica (off-line) (on-ling)
tion
accuracy
LVQ 386 reference 500 5% N/A
vectors
EFUNN- 175 rule 1 71% 86.6%
s'u nodes
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Captions of figures

Figure 1. ECOS learn through interaction with the environment

Fig.2. A block diagram of the ECOS framework

Fig.3. Evolving fuzzy neural network EFUNN: (@) an example of a standard feed-forward
EFUNN system; (b) an example of an EFUNN with a short- term memory and a feedback

connection

Fig.4. Triangular membership functions (MF) and the local, normalised, fuzzy distance

measure

Fig.5. Adaptive learning in EFUNN: (@) a rule node represents an association of two hyper
spheres from the fuzzy input space and the fuzzy output space; the rule node “moves’
when a new fuzzy vector pair (x;,ys) is accommodated; (b) accommodating 4 pointsin a
rule node rj; (c) two-pass learning of four points that fall in the receptive and the reactive

fields of the rule node ;.

Fig.6. The process of creation of temporal connections from consecutive frames taken
from a pronounced word “eight” data. The three rule nodes represent the three magjor parts

of the speech signal, namely: /silence/ /el /t/.

Fig.7a. Aggregation of rule nodes in an EFUNN - an example of an evolved EFUNN

structure; (b) The process of aggregation of three rule nodes r,r» and 13 into one cluster
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node fgg: () The resulting node &y from the aggregation of the three rules has a

receptive field radius Ry |ess than a pre-defined (as a system parameter) value Rnax.

Figure 8. Aggregation of rule nodes with the use of “guard” nodes. Rule nodes
(presented as circles, the radius of which defining their receptive fields) are
projected in the input space with the class that the nodes support denoted as the
color of the circle (a) before aggregation; (b) after aggregation — note that the
receptive field of the new rule nodes have changed, but the receptive fields of the
unchanged nodes, the ‘guard’ nodes, are unchanged; (c) and (d) — the process of
aggregation as in (a) and (b) but here presented in one-dimensional space of the

ordered rule nodes where spatial allocation of nodesis applied.

Fig.9. On-line membership function modification: (a) new MF are inserted without

modifying the existing ones; (b) 5 new MF are created that substitutethe old 3MF.

Fig.10ab,c,d. Experiments for on-line evolving of an EFUNN from the Mackey Glass chaotic time-series data. An
EFuNN is evolved on 1,000 data examples from the Mackey-Glass time series (4 inputs: x(t), X(t-6), x(t-12) and x(t-18),

and one output Xx(t+6), from the CMU data http://|egend.gwydion.cs.cmu/neural-bench/benchmarks/mackey-

dlass.html). (a) the desired versus the predicted six steps ahead value through one-pass on-line learning; (b) the
absolute, the local on-line RMSE and the local on-line NDEI errors over time; (c) the process of creation and
aggregation of rule nodes over time; (d) the input data vectors (circles) and the rule node co-ordinates (W1 connection
weights) (crosses) projected in the two dimensional input space of the first two input variables x(t) and x(t-6). Some of

the extracted rules are shown in tabl. 1.

Fig.11. (@) An EFuUNN is evolved on 500 data examples from the Mackey-Glass time series (4 inputs: X(t), x(t-6), x(t-12)
and x(t-18), and one output x(t+6); the figure shows the desired versus the predicted on-ine values of the time series;
(b) after the EFUNN is evolved, it is tested for a global generalisation on 500 future data; the figure shows the desired
versus the predicted by the EFUNN valuesin an off-line, batch mode.
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Fig.12. Experimental results with the unsupervised learning EFUNN method on a
single pronunciation data of the word “eight”. From top to bottom: (a) the two
dimensional input space of the first two mel scale coefficients of all data frames (each
of them isa 78 element vector representing 26 mel scale coefficient in three time lags
of 12 ms each with an overlap of 50%); each vector is represented as the consecutive
number of the corresponding frame from the speech sequence; the evolved rule
nodes after aggregation are denoted with their numbers (larger font); the emerged
rule nodes 1,2, and 3 represent each of the three phases of the signal: /silence/, /ei/,
Itl, Isilence/; the data frames are numbered in the order they are presented to the
EFuNNun that shows the time of the frame; (b) all the 78 element mel-vectors taken

from the speech signal of the pronounced word “eight” over time.
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Captions of tables

Table 1. Some of the fuzzy rules extracted from the evolved from the Mackey-Glass

data EFUNN.

Table 2. Comparative analysis of different on-line learning models on the M ackey-
Glass time series. Each model is evolved on 3,000 data examples from the Mackey-
Glass time series (4 inputs: x(t), x(t-6), x(t-12) and x(t-18), and one output x(t+85),

from the CMU data: http://legend.gwydion.cs.cmu/neur al -

bench/benchmarks/mackey-glass.html).

Table 3. The global test accuracy of an LVQ and an EFUNN models applied to the
recognition of spoken English digit words, and the local test accuracy for EFUNN (similar to
the local RMSE). The LVQ model has the following parameter values. code-book vectors —
396, training iterations — 500, while the EFUNN evolved 157 rule nodes and used 1 iteration

for each data example.
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