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ABSTRACT. 
The paper introduces one paradigm of neuro-fuzzy techniques and an approach to building on-line, adaptive intelligent 
systems. This approach is called evolving connectionist systems (ECOS). ECOS evolve through incremental, on-line 
learning, both supervised and unsupervised. They can accommodate new input data, including new features, new classes, 
etc. New connections and new neurons are created during the operation of the system The ECOS framework is presented 
and illustrated on a particular type of evolving neural networks - evolving fuzzy neural networks. ECOS are three to six 
orders of magnitude faster than the multilayer perceptrons, and fuzzy neural networks (trained with either the 
backpropagation algorithm, or with a genetic programming technique). ECOS belong to the new generation of adaptive 
intelligent systems. This is illustrated on several real world problems for adaptive, on-line prediction, decision making 
and control. 

1. Introduction 

The complexity and the dynamics of many real-world 
problems, in particular engineering and manufacturing, 
require using sophisticated methods and tools for building 
on-line, adaptive decision making and control systems. 
Such systems should be able to 'grow' as they work, to 
increase their knowledge and refine the model through 
interaction with the environment. 

Many developers and practitioners in the area of neural 
networks (NN), fuzzy systems (FS) and hybrid neuro
fuzzy techniques have enjoyed the power of these, now 
traditional techniques, when solving AI problems. 
Simultaneously, several difficulties have manifested when 
these techniques are applied to real world problems which 
include speech and image recognition, adaptive prediction, 
adaptive on-line control, intelligent agents. These tasks 
usually require flexible learning and dynamically adaptive 
intelligent systems (IS) that have 'open' structures and are 
able to process both data and knowledge. 

Seven major requirements (that are addressed in the 
ECOS framework presented later) are listed below [21]: 
An IS should be capable of: 
(1) Learning quickly from large amount of data therefore 
using fast training, e.g. 'one-pass' training. 
(2) Adaptation in both a real time and an on-line mode 
where new data is accommodated as it comes. 
(3) Maintaining an 'open' structure where new features 
(relevant to the task) can be introduced at a later stage of 
the system's operation, e.g., the system creates 'on the fly' 
new inputs, new outputs, new connections and nodes. 
(4) Incremental accommodation of all that is, and that will 
become, known about the problem, i.e. in a supervised or 

unsupervised mode, using one modality or another, 
accommodating data, rules, text, image, etc. 
(5) Learning and improvement through active interaction 
with other IS and with the environment in a multi-modular, 
hierarchical fashion. 
(6) Adequate representation of space and time in their 

different scales, with parameters to represent short- and 
long-term memory, e.g. age, forgetting, etc. An IS should 
be memory-based, where information is added, retrieved, 
deleted at any time of the functioning of the system. 
(7) Self- analysis in terms of behaviour, global error and 

success; to explain what it has learned and what it 'knows' 
about the problem it is trained to solve; making decisions 
about its own improvement. 

The above seven requirements have not been met in any 
one of the existing IS and connectionist models in 
particular, but some of these features have already been 
explored in three main groups of models: 

• constructivist, emphasising growth in the development 
of the NN structure [10,11,12,14]; 

• reductionist, emphasising 'fat' reduction from the NN 
[34,36,37 ,38, 17' 19,8, 15,30,33]; 

• knowledge-based NN, emphasising knowledge and rule 
manipulation in a connectionist structure 
[20,25,26,27,28,29,35]. 

The framework ECOS presented in [21,23] and the ECOS
based evolving fuzzy neural network EFuNN [22,24] 
belong to each of the above groups as they have the 
corresponding features. Significantly, they are examples of 
a new group of methods to be formed, the group of 
evolving Al. 
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2. Evolving Fuzzy Neural Networks 
EFuNNs 

2.1. A general description 

FuNN is a five layer fuzzy-neural network [25-30] (Fig. 1). 
EFuNNs are FuNN structures that evolve according to the 
ECOS principles. EFuNNs adopt some known techniques 
from [5-7,31,32] and from other known NN techniques, 
but here all nodes in an EFuNN are created during 
(possibly one-pass) learning. The nodes representing 
membership functions (MF), the fuzzy label neurons, can 
be modified during learning. As in FuNN, each input 
variable is represented here by a group of spatially 
arranged fuzzy input neurons to represent a fuzzy 
quantisation of this variable. For example, three neurons 
can be used to represent "small", "medium" and "large" 
fuzzy values of the variable. Different membership 
functions (MF) can be attached to these neurons 
(triangular, Gaussian, etc.). New neurons can evolve in this 
layer if, for a given input vector, the corresponding 
variable value does not belong to any of the existing MF to 
a degree greater than a membership threshold. A new 
fuzzy input neuron, or an input neuron, can be created 
during the adaptation phase of an EFuNN. 

The EFuNN algorithm, for evolving EFuNNs, has been 
first presented in [24]. A new rule node (rn) is created and 
its input and output connection weights are set as follows: 
Wl(rn)=EX; W2(rn) = TE, where TE is the fuzzy output 
vector for the current fuzzy input vector EX. In the "one
of-n" EFuNNs, the maximum activation of a rule node is 
propagated to the next level. Saturated linear functions are 
used as activation functions of the fuzzy output neurons. In 
the "many-of-n" mode, all the activation values of rule 
(case) nodes, that are above an activation threshold of 
Ahtr, are propagated further in the connectionist structure. 

2.2. The EFuNN supervised learning 
algorithm 

Here, the EFuNN evolving algorithm is given as a 
procedure of consecutive steps: 

!.Initialise an EFuNN structure with a maximum number 
of neurons and no (or zero-value) connections. Initial 
connections may be set through inserting fuzzy rules in a 
FuNN structure. FuNNs allow for insertion of fuzzy rules 
as an initialisation . procedure thus allowing for prior 
information to be used prior to the evolving process (the 
rule insertion procedure for FuNNs can be applied [ ]). If 
initially there are no rule (case) nodes connected to the 
fuzzy input and fuzzy output neurons, then create the first 
node rn=l to represent the first example EX=x1 and set its 
input Wl(rn) and output W2 (rn) connection weights as 
follows: <Create a new rule node rn to represent an 
example EX>: Wl(rn)=EX; W2(rn) = TE, where TE is the 
fuzzy output vector for the (fuzzy) example EX. 

2. WHILE <there are examples> DO 
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Enter the current, example xi, EX being the fuzzy input 
vector (the vector of the degrees to which the input values 
belong to the input membership functions). If there are new 
variables that appear in this example and have not been 
used in previous examples, create new input and/or output 
nodes with their corresponding membership functions. 

Rule (case) 
nodes 

Fig.l A block diagram of a simple EFuNN system 

3. Find the normalised fuzzy similarity between the new 
example EX (fuzzy input vector) and the already stored 
patterns in the case nodes j= 1 ,2, ... ,rn: 

Dj= sum (abs (EX- Wl(j)) I sum (W1(j)) 

4. Find the activation of the rule (case) nodes j, j=l:rn. 
Here radial basis activation function, or a saturated linear 
one, can be used on the Dj input values i.e. AI (j) = radbas 
(Dj), or A1(j) = satlin (1 - Dj). 

5. Update the local parameters defined for the rule 
nodes, e.g. age, average activation, as pre-defined. 

6. Find all case nodes j with an activation value Al(j) 
above a sensitivity threshold Sthr. 

7. If there is no such case node, then <Create/connect a 
new rule node> using the procedure from step 1. 

ELSE 
8. Find the rule node indal that has the maximum 

activation value (maxal ). 

9. (a) in case of "one-of-n" EFuNNs, propagate the 
activation maxal of the rule node indal to the fuzzy output 
neurons. Saturated linear functions are used as activation 
functions of the fuzzy output neurons: 

A2 = satlin (Al(indal) * W2) 
(b) in case of "many-of-n" mode, only the activation 

values of case nodes that are above an activation threshold 
of Athr are propagate to the next neuronal layer. 

10. Find the winning fuzzy output neuron inda2 and its 
activation maxa2. 

11. Find the desired winning fuzzy output neuron indt2 
and its value maxt2. 

12. Calculate the fuzzy output error vector: 
Err=A2- TE. 

13. IF (inda2 is different from indt2) or (abs(Err 
(inda2)) > Errthr) <Create a new rule node> 

ELSE 
14. Update: (a) the input, and (b) the output 
connections of rule node k=indal as follows: 
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(a) Dist=EX-W1(k); W1(k)=W1{k) + lrl. Dist, 
where lrl is the learning rate for the first layer; 
(b) W2(k) = W2 (k) + lr2 . Err. maxal, where lr2 

is the learning rate for the second layer. 

15. Prune rule nodes j and their connections that satisfy 
the following fuzzy pruning rule to a pre-defined level that 
represents the current need of pruning: 
IF (node (j) is OLD) and (average activation Alav(j) is 
LOW) and (the density of the neighbouring area of 
neurons is HIGH or MODERATE) and (the sum of the 
incoming or outgoing connection weights is LOW) and 
(the neuron is NOT associated with the corresponding 
''yes" class output nodes (for classification tasks only)) 
THEN the probability of pruning node(}) is HIGH 

The above pruning rule is fuzzy and it requires that the 
fuzzy concepts as 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 60 examples. 

16. END of the while loop and the algorithm. 

17. Repeat steps 2-16 for a second presentation of the 
same input data or for ECO training if needed. 

2.3. The EFuNN simulator 

The EFuNN algorithm has several parameters for which 
values should be chosen such that the performance of the 
algorithm is optimised for a certain task. Fig.2 below 
shows the EFuNN simulator that implements the EFuNN 
algorithm and makes all the important parameters available 
to select a value. The simulator has the following options 

concerning the display modes of the evolving EFuNN 
architecture: 
• dynamical display of the nodes as the EFuNN system 

grows and shrinks; 
• display the Root Mean Square Error (RMSE) in the 

process of adaptive learning; 
• display the desired versus the approximated by the 

EFuNNdata 

2.4. Unsupervised and reinforcement 
learning 

Unsupervised learning in ECOS systems is based on the 
same principles as the supervised learning, but there is no 
desired output and no calculated output error. There are 
two cases in the evolving procedure: 
(a) There is an output node activated (by the current input 
vector x) above a pre-set threshold Outhr. In this case the 
example x is accommodated in the connection weights of 
the most highly activated case neuron according to the 
learning rules of ECOS (e.g. as it is in the EFuNN 
algorithm). 
(b) Otherwise, there will be a new rule node created and 
new output neuron (or new module) created to 
accommodate this example. The new rule node is then 
connected to the fuzzy input nodes and to a new output 
node as it is the case in the supervised evolving (e.g., as it 
is in the EFuNN algorithm). 

Reinforcement learning uses similar procedures as case 
(a) and case (b) above. Case (a) is applied only when the 
output from the evolving system is confirmed (approved) 
by the 'critique' and case (b) is applied otherwise. 

Fig.2. EfuNN Simulator. 
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2.5. Evolving fuzzy systems. Rule 
insertion and rule extraction. On-line, 
adaptive learning of fuzzy rules and 
membership functions 

A fuzzy system consists of fuzzy rules (where fuzzy 
variables, fuzzy predicates and fuzzy sets are used) and a 
fuzzy inference method. Evolving fuzzy systems are fuzzy 
systems in which the fuzzy rules evolve and change as the 
fuzzy system operates, thus adding new rules, modifying 
existing rules and deleting rules from the rule set according 
to changes in the environment (e.g., new data arrive 
regularly) . Evolving fuzzy systems have also their fuzzy 
variables, fuzzy membership functions and predicates 
varying as the system operates. 

A FuNN and an EFuNN in particular can be represented 
by a set of fuzzy rules through rule extraction techniques 
[25,28,29]. The fuzzy inference is embodied in the 
connectionist structure. In this respect an EFuNN can be 
considered as an evolving fuzzy system. The rules that 
represent the rule nodes need to be aggregated in clusters 
of rules. The degree of aggregation can vary depending on 
the level of granularity needed. Sometimes, for 
explanation purposes, the number of rules needed, could 
be as many as the number of the fuzzy output values (e.g., 
a rule for "No" class and a rule for "Yes" class for a 
classification task that uses just two output fuzzy values 
denoting "yes" and "no" class values). 

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 for each new rule, such as the connection 
weights W 1 and W2 of this rule node represent the fuzzy 
or the exact rule. 

Example i: The fuzzy rule IF xi is Small and x2 is Small 
THEN y is Small, can be inserted into an EFuNN structure 
by setting the connections of a new rule node with the 
fuzzy condition nodes x1- Small and x2- Small to a value 
of 0.5 each, and the connection with the output fuzzy node 
y-Small to a value of 1. 

Example 2: The exact rule IF xi is 3.4 and x2 is 6] 
THEN y is 9.5 can be inserted in the same way as in 
example 1, but here the membership degrees to which the 
input values xl=3.4 and x2=6.7 belong to the 
corresponding fuzzy values are calculated and attached to 
the connection weights instead of values of 0.5. The same 
procedure is applied for the fuzzy output connection 
weight. 

Changing MF during operation may be necessary to 
. refine system performance, e.g., it is defined that instead of 
three MFs, the system should have five MF. In traditional 
fuzzy neural networks this change is not possible, but in 
EFuNNs it is possible, because an EFuNN stores in its Wl 
and W2 connections fuzzy exemplars. These exemplars, 
can be defuzzifyied if necessary at any time of the 
operation of the whole system, and then used to evolve a 
new EFuNN structure that has, for example, five MF rather 
than three MF for the input 
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variables, and three rather than two, MF for the output 
variable. The idea is illustrated on fig. 3. 

Fig.3. Changing the number of MF in EFuNN from 3 MF to 5 
MF is achieved through defuzzifying the membership degrees 
stored as connection weights in the first EFuNN structure, and 
finding the membership degrees of the obtained real values to 5 
MF for the new EFuNN structure, before this structure is 
evolved. 

3. EFuNNs for adaptive, 
time-series prediction, 
making and control 

on-line 
decision 

Application of ECOS for on-line, adaptive time series 
prediction, decision making and control. 

3.1. A general scheme of using ECOS 
and EFuNNs for on-line, adaptive 
prediction, decision making and control 

A general block diagram of an adaptive, on-line decision 
making system is given in fig. 4 [22]. It consists of the 
following blocks: 
• Pre-processing (filtering) block (e.g.; checking for 

consistency; feature extraction, calculating moving 
averages, selecting time-lags for a time-series). · 

• EFuNN block; it consists of modules that are 
continuously trained with data (both old, . historical 
data, and new incoming data). 

• A rule-based block for final decision - this block takes 
the ECOS outputs and applies expert rules. The rules 
may take some other input variables. 

• Adaptation block - this block compares the output of the 
system with the desired, or the real data, obtained over 
certain period of time. The error is used to 
adjust/adapt the evolving modules in a continuous 
mode. 

• Rule extraction, explanation block - this block uses both 
extracted from the evolved modules rules, and rules 
from the final decision making (DM) block to explain: 
(1) what the system currently 'knows' about the 
problem it is solving; (2) why a particular decision for 
a concrete input vector has been made. 

The general architecture from fig. 4 can be used for 
solving the following tasks: 
• On-line financial data analysis and stock prediction 

[3,4,9]; 
• Adaptive process control [1,15,25]; 
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• Adaptive, intelligent agents [39]. 
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Fig. 4. A block diagram of an intelligent, adaptive, on-line 
system for prediction, decision making and control 

3.2. Applying ECOS for adaptive, on-line 
time series prediction 

A case study problem is taken here to illustrate the 
potential of the ECOS and the EFuNNs _for on-li~e 
adaptive prediction and control. The problem IS to ~red1ct 
a waste water flow coming from three pumps mto a 
sewage plant (see [25] for a description of the problem and 
theWWW: 
http://divcom.otago.ac.nz:800/com/infosci/KEUhome.htll_l 
for the data set). The flow is measured every hour. It IS 

important to be able to predict the volume of the flow as 
the collecting tank has a limited capacity (in this case it is 
650 cubic meters) and a sudden overflow will cause 
bacteria, that clean the water, to be thrown away. As there 
is very little data available before the control system is 
installed and put in operation, the control system has to be 
adaptive and learn the dynamics of the flow as it operates. 

Here one EFuNN, that has 4 inputs, namely F(t), F(t-1), 
MA12h(t) and MA24h(t), and one output, F(t+l), is 
evolved from the time series data that consists of 500 data 
points. The evolved EFuNN has 397 rule nodes (Sthr=0.9; 
Errthr=0.05; lr=O; no pruning applied). The MSSE over a 
test set of the last 100 data points is 0.0068 (normalised 

data is used) - see fig.5. The longer the EFuNN evolves 
over time (more time series data points are used) the better 
the predicted value for next hour water flow is. 

It is seen from fig.5 that in the beginning the EFuNN 
could not generalise well on the next hour flow, but after 
learning (accommodating) about 400 data points, it 
produces a generalisation that is much better than the 
generalisation on the same test data when a fixed structure 
MLP is used that had 5 inputs, two hidden layers with 6 
nodes in each of them, and one output, trained with the BP 
algorithm for 20,000 epochs (MSSE=0.044, see [25]). The 
EFuNN required 4 orders of magnitude less time for 
training per example at average, than the MLP. 
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Fig. 5. An EFuNN is evolved from the flow F(t), the previous 
hour flow F(t-1), the moving average 12 hours MA12h(t) and the 
moving average 24 hours MA24h(t) data. Here the real values 
F(t+l) and the predicted by the evolving EFuNN for one hour 
ahead are plotted as the EFuNN evolves step by step through the 
time-series data. 

3.3. EFuNN-based embedded systems 
and adaptive intelligent agents 

EFuNNs can be used as embedded intelligent tools in a 
piece of hardware, or as small intelligent agents that 
operate in a distributed environment. The agents can learn 
in a life-long mode, always adapting to new data, 
extracting knowledge, communicating with other agents. 
Such embedded, or agent-based systems can be used in 
numerous applications. Examples include mobile robots, 
stock data analysis, where thousands of EFuNN-based 
agents follow certain time series and communicate 
prediction results, climate prediction, plant and process 
control. 

4. Conclusions and directions for 
further research 

In spite of the advantages of ECOS and EFuNNs when 
applied to on-line, adaptive learning, there are some 
difficulties that should be addressed in the future. These 
include finding the optimal values for the evolving 
parameters, such as the sensitivity threshold Sthr, the er:or 
threshold Ethr, learning rate lrl and lr2, and the forgettmg 
rate. Second, pruning of fuzzy rule needs to be made 
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specific for every application, thus depending on the 
definition of age and the other fuzzy variables in the 
pruning rule. One way to overcome the above problems is 
to regularly apply genetic algorithms and evolutionary 
computing as optimisation procedures to the ECOS and 
EFuNN structures [16,38]. 

Evolving connectionist systems could be considered as a 
new AI paradigm. They incorporate the following AI 
features: learning; reasoning; knowledge manipulation; 
knowledge acquisition; adaptation. This sets new tasks for 
the ECOS future development that are relevant to the 
current AI methods and systems, such as implementing in 
ECOS non-monotonic and temporal reasoning, optimal 
dimensionality spatial representation, meta-knowledge and 
meta-reasoning. More theoretical investigations . on the 
limitations of ECOS are needed. 

This paper presents an application of the ECOS 
framework and the EFuNN model for building on-line, 
adaptive learning systems. Real problems have been used 
to illustrate the potential of this approach. Several 
applications of ECOS and EFuNNs are currently under 
development: adaptive speech recognition; financial 
applications; multi-modal information processing and 
integrated auditory and visual information processing; 
intelligent agents. ECOS and EFuNNs have features that 
address the seven major requirements to the next 
generation neuro-fuzzy techniques presented in section 
one. New implementations of ECOS are anticipated based 
on the brain-like computing approach [2]. 
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