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Evolving COnnectionist Systems (ECOS) - Principles

 ECOS are neural networks that learn from data and interact with their environment to evolve their structure,
functionality, and internal knowledge representation.

* The learning process can be supervised, unsupervised, active, sleep/dream, forgetting/pruning, fuzzy rule
insertion- and extraction-related, and so on.

e With little or no prior knowledge, "one-pass" training is used to quickly learn from large amounts of data.

* New input variables that are relevant to the task are allowed; and new outputs (classes), connections, and
neurons are created/evolved.

e System self-evaluation in terms of behavior, global error and success, and knowledge representation.

* Applied to the development of various computational intelligence models, including evolving simple
connectionist systems, evolving spiking neural networks, evolving rule-based and fuzzy systems, evolving
kernel-based systems, evolving quantum-inspired systems, and many other integrated hybrid models.
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Modelling and Rule Discovery
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Evolving Classification Function

ECF Classification Model

V
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IRIS Flower Classification Model
Evolving Classification Function [ECF]

* The Iris flower dataset is widely used in machine learning and pattern
recognition. It includes measurements of the sepal length/width and petal
length/width of 150 samples of iris flowers, 50 samples from each of three

different species: Iris setosa, Iris versicolor, and Iris virginica.

* Each sample in the dataset is labeled with the iris flower species, making this a
supervised learning problem. The objective is to design an MLP model that can

predict the species of an iris flower given its measurements.
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ECF Classification Model: The Dataset

* Iris time series dataset consists of 150 iris plants.

* Four Features: sepal length/width, petal length/width. s setosa iris versicolor iris virginica

* Three Classes: Setosa, Versicolor, and Virginica.

* Iris dataset modelling for classification.

* Modelling method: ECF.

. . .. . . petal sepal petal sepal petal sepal
* |ris dataset split 20/80 training-learning ratio.
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ECF Classification Model: Data Loading
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ECF Classification Model: Input and Visualisation

n Figure No. 1: Neucom-Array Viewer, Iris.txt - A n NeuCom - 2D Visualization
* Multi-plotting 2D visualization
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ECF Classification Model: Parameters, Modelling and Analysis

. . Parameters:
né Neucom - ECF - o X MaxField If the distance between a new sample (to be used for training) and every cluster centre is
File Help greater than this value, a new RN is created.
Aveiatie carmeets [T P 208 3] lvaﬂame3 - P = | MinField Initial radius of a newly created RN (rule nodes).
: MofN Number of nodes which are referenced to determine the class of the current sample.
Mode
[Tran ° 5] MF Number of Membership Functions (MFs) which are used to fuzzify the input data.
T T T T T
— Actual Epochs Number of learning iterations used by the network.
3r f i lr — Desired ['7 1 Paramet
ﬂ | }\ [ | l . —— Results:
! \ ! o Classes Number of classes which the network distinguishes between.
f l l Min Field 0m
25} i [ [ \ | Mof E Num Rn  Number of rule nodes in the networks structure.
25 } ] l J[ \ff \\ { MF 2 Correct Number of samples which have been successfully classified by the network.
© l \ | v \ | Epochs 4 Incorrect Listing only samples which have been incorrectly classified.
3 2 - 1 .
g | I f A Resuls Options:
= [ | \ { | ” /\ i Classes 3 Start: Begin which ever is currently displayed in the mode menu (training, testing, etc.)
e ] | | y | \1 \ | | bl ‘ Rules: Extract and display the rules which have been created by the network
15F -
F \ f l \ ]l . ‘ | \‘\ | F — % ooz Reset: Delete the current network from memory.
J Incorrect
. \ \ | \ } i Graphical presentation:
: L [ | \#f [ { |l_J | Sample No. | | P p :
1r - — ~ . Predicted Output vs predicted: plots network output vs desired output as dictated by the data set.
h : - - p - 0 Actual %Accuracy/class: Displays in a bar chart the percentage of each class which have been correctly classified.
Sample No of rule nodes: Number of rule nodes dedicated to each class by the model.
Status
ST View data: Graphical representation of the data (circles) and the rule node centres (squares).
Start Rules Reset | IDutput vs Predicted ;] SRl

RN radius: Displays radii of each rule node. The rule nodes are grouped together according to their class.

Confusion table: Displays in compact format the correct and incorrect classifications made by the system.
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ECF Classification Model: Parameters Modelling and Analysis
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ECF Classification Model: Rules extraction

Rule 1:

if
X1is (1:0.76)
X2is(2:0.60)
X3is(1:0.87)
X4is(1:0.84)

then Classis[1]

Radius = 0.253164 , 208 in Cluster

Rule 7:

if
X1is (2:0.57)
X2is(1:0.80)
X3is(2:0.66)
X4is (2:0.56)

then Classis[2]

Radius = 0.070157 , 4 in Cluster

Rule 13:
if
X1is (2:0.57)
X2is(1:0.70)
X3is (2:0.66)
X4is (2:0.68)
then Classis[3]
Radius = 0.040904 , 12 in Cluster

Rule 19:

if
X1is (2:0.95)
X2is(1:0.75)
X3is(2:0.99)
X4is (2:0.88)

then Classis[3]

Radius = 0.259563 , 37 in Cluster

Rule 2:

if
X1is (1:0.93)
X2 is (1:0.90)
X3is(1:0.94)
X4is(1:0.92)

then Classis[1]

Radius = 0.010000, 5in Cluster

Rule 8:
if
X1is (1:0.62)
X2'is (1:0.55)
X3is (2:0.52)
X4is (1:0.52)
then Classis[2]
Radius = 0.126069 , 52 in Cluster

Rule 14:
if
X1is (1:0.51)
X2is (1:0.95)
X3is (2:067)
X4is (2:0.56)
then Classis[3]
Radius =0.010000, 5 in Cluster

Rule 20:
if
X1is (2:0.57 )
X2is(1:0.65)
X3is (2:0.69)
X4 is (2:0.56 )
then Classis[3]
Radius = 0.010000, 3 in Cluster

Rule 3:

if
X1is (2:0.51)
X2is(1:0.55)
X3is(2:061)
X4is(2:0.52)

then Classis[2]

Radius = 0.072538 , 56 in Cluster

Rule 9:
if
X1is (2:0.62)
X2is(1:0.65)
X3is (2:061)
X4is (2:0.56)
then Classis[2]
Radius = 0.010000, 4 in Cluster

Rule 15:
if
X1is (2:0.95)
X2is(2:0.85)
X3is (2:0.95)
X4is (2:0.84)
then Classis[3]
Radius =0.281771, 63 in Cluster

Rule 4:

if
X1is (1:0.76 )
X2is(1:0.80)
X3is(1:0.66)
X4is (1:0.60)

then Classis[2]

Radius = 0.172745, 54 in Cluster

Rule 10:

if
X1is(2:0.54)
X2is(1:0.95)
X3is(2:0.59)
X4is (2:0.56)

then Classis[2]

Radius = 0.048663 , 3 in Cluster

Rule 16:
if
Xlis (1:0.62)
X2is (1:0.65)
X3is (2:066)
X4is (2:0.76)
then Classis[3]
Radius =0.099973 , 35 in Cluster

Rule 5:

if
X1is(2:0.76)
X2 is(2:0.55)
X3is(2:0.62)
X4is(2:0.52)

then Classis[2]

Radius = 0.107222 , 24 in Cluster

Rule 11:
if
X1is(1:0.51)
X2is(2:0.65)
X3is (2:0.59)
X4is (2:0.60)
then Classis [2]
Radius = 0.010000, 3 in Cluster

Rule 17:
if
X1lis(2:0.60)
X2is (1:0.65)
X3is(2:0.77)
X4is (2:0.80)
then Classis[3]
Radius =0.105996 , 47 in Cluster

Rule 6:

if
X1is(1:0.54)
X2is(2:0.55)
X3is(2:0.64)
X4is(2:0.68)

then Classis [2]

Radius = 0.010000, 4 in Cluster

Rule 12:
if
X1is (2:0.57)
X2 is (1:0.90)
X3is (2:0.57)
X4is (1:0.52)
then Classis[2]
Radius = 0.010000, 4 in Cluster

Rule 18:
if
X1is(1:0.82)
X2is (1:0.80)
X3is (2:0.59)
X4is (2:0.64)
then Classis[3]
Radius =0.010000, 4 in Cluster

Rule 21:

if
X1is (2:0.51)
X2is(1:0.75)
X3is(2:0.77)
X4is (2:0.52)

then Classis[3]

Radius = 0.010000, 3 in Cluster
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GasFurnace Prediction Model

* The gas furnace dataset for time series analysis contains the gas rate and the

percentage CO, in the gas.
* @Gas furnace time series dataset consists of 292 observations.
* Two input features: Methane and CO,
* One output feature: CO,(t+1) = f (Methane(t-4), CO,(t), €)

* dataset modelling for Prediction.

* Modelling method: MLP.

* Gas furnace dataset split 30/70 training-learning ratio.

Fri Apr 7, 2023 Tutorial 2: ECF, EFuNN, DENFIS NK.IA 14
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GasFurnace Prediction Model: Data Loading
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GasFurnace Prediction Model: Input and Visualization

Awailable Datasets | Gasfurmace.txt

~| Start |

G asfurnace. txt

#Samples: 292 H#Varables: 3 ]

Methane(t-4)

co,(t)

n Figure No. 1: Neucom-Array Viewer, G... o =< n MeuCom - 2D Visualization
Left 1 Right | File Function Help
! I I |~ [ Filename:
1 | -0.103 | 53.5 | 53.4 :
2 0 53.4 53.1
3 0.178 53.1 52.7
4 0.339 52.7 524
5 0.373 52.4 522
6 0.441 52.2 52
7 0.461 52 52
8 | 0.348 52 524 L or
Up | 3 | 0127 52.4 53 C.
[ 1 10 | 018 53 54 B 30l
Down | 11 | -0.588 54 54.9 —E
12 | -1.055 54.9 56 =
13 | .42 56 56.8 = 20}
14 | -1.52 56.8 56.8
15 | -1.302 56.8 56.4 ol
16 | 0814 56.4 55.7
17 | -0.475 55.7 55
18 | -0.193 55 54.3
19 | 0.088 54.3 53.2
20 | 0.435 | 53.2 | 523 - =
Save As
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Dynamic Evolving Neuro-Fuzzy Inference System

DENFIS Prediction Model

V
V
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Dynamic Evolving Neuro-Fuzzy Inference System
DENFIS Prediction Model: Parameters, Modelling and Analysis

I Neucom - Denfis . . - O
e b DENFIS: Training on 30% Parameters:
Dthr: Distance Threshold which determines the maximum radius of the rule nodes in this network.
Avalable | Gastumace_Nommalised_Sequential_v | ‘ # 3 g a8 M-of-N: Number of nodes which are referenced to estimate the output of the current sample.
Epochs: Number of learning iterations used to train the network
0.9 T 5 T P Mode
- Aitﬂ Tram - Results:
NumRn:  Number of Rule Nodes (RNs) in the network.
N NDEI: Non-Dimensional Error Index, defined as RMSE / StDev of the target series.
Dthr 01 RMSE: Root Mean Squared Error.
:5 MofN 3 Incorrect Listing samples which have been incorrectly predicted.
9 Epochs 2
% Results QM
@ Num Rin 14 Start: Begin whichever is currently displayed in the mode menu (training, testing, etc.)
(=]
NDEI 0.0777 Rules: Extract and display the rules which have been created by the network
RMSE 0.0184
Reset: Delete the current network from memory.
Incomect
Sample 1 vl . .
Predicted Graphical presentation:
n 1 1 1 1 1 1 1 1
0 1 20 30 40 50 60 70 80 90 Actual Output and Predicted: The green line indicates the output produced by the network and the dotted line
R indicates the desired output.
Stat | Fues Reset | [Output and Predicted ~] Netwﬁ,‘f*}‘f;ined ABSE Error: This shows the Absolute Error for each sample.
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DENFIS Prediction Model: Parameters, Modelling and Analysis

N - Denfi o - O
Bt DENFIS: Testing 70%
le Help
Avalable Datasels |Easfumace_Norrnaised_1_8emmna\_?l]‘f-_&.txl j | # Variables g # Samples 204
T T T Mode
1+ 4
Test A
09F
08F Fotene
Dthr 01

0_"' N MofN 3
Epachs lf

06
Results
05 Num R "
NDEI 02113
04r T RMSE 0037
03r - Incanrect
0k ] wa No. 1 vI
! ! ! ! Predicted 089276
0 50 100 150 200 250 Actual 0169799
Status:
Statt Rules Reset | | Output and Predicted - Network Tested

Fri Apr 7, 2023

u Neucom - Denfis . - O X
e DENFIS: Incremental Learning
ile Help
Available Datasets IGasfumace_Nnrrnaised_Squmha\_?l]l.lxl j ‘ # Variables 3 # Samples 03 |
1 f I T - Mode
=== Desired l—_l
1+ | i — Actual | o Incremental ¥
09f '
Parameters
08F Dthr 05
5
g. 07k Mof 3
Epoch
- pachs 1
2 06F
Q
% 05 Resuks
'ﬁ T Num Rn 2
= NDE| 01458
RMSE 0.0274
03F
— Incorect
02r SampleNo. [ 74 .
01 ! | | ! fleied 025667
50 100 150 200 250 Actual 025503
Sample
Status:
Start Rules Reset | | Output and Predicted j Incremental Leatning Completed
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DENFIS Prediction Model: Rules extraction

Rule 8:
if X1 is GaussianMF( 0.50 0.95)
X2 is GaussianMF( 0.50 0.06)
then Y = 1.51- 0.51* X1+ 0.34*X2

Rule 15:
if X1 is GaussianMF( 0.50 0.56)
X2 is GaussianMF( 0.50 0.69)
then Y = 1.34- 0.42* X1+ 0.72*X2

Rule 9:
if X1 is GaussianMF( 0.50 0.78)
X2 is GaussianMF( 0.50 0.07)
then Y = 1.49- 0.49*X1 + 0.42*X2

Rule 16:
if X1 is GaussianMF( 0.50 -0.03)
X2 is GaussianMF( 0.50 0.81)
then Y = 1.53- 0.51* X1+ 0.47*X2

Rule 10:
if X1 is GaussianMF({ 0.50 0.64)
X2 is GaussianMF( 0.50 0.20)
then Y = 1.52 - 0.52* X1+ 0.36*X2

Rule 17:
if X1 is GaussianMF( 0.50 -0.11)
X2 is GaussianMF( 0.50 1.03)
then Y = 1.50- 0.51* X1 + 0.51* X2

Rule 11:
if X1 is GaussianMF({ 0.50 0.43)
X2 is GaussianMF( 0.50 0.32)
then Y = 1.49- 0.56 * X1+ 0.54* X2

Rule 18:
if X1 is GaussianMF( 0.50 0.06)
X2 is GaussianMF({ 0.50 1.07)
then Y = 1.42- 044* X1+ 0.60*X2

Rule 12:
if X1 is GaussianMF({ 0.50 0.36)
X2 is GaussianMF( 0.50 0.45)
then Y = 1.39- 0.39*X1+ 0.63*X2

Rule 19:
if X1 is GaussianMF( 0.50 0.20)
X2 is GaussianMF( 0.50 0.95)
then Y = 1.32 - 0.28* X1+ 0.69 * X2

Rule 13:
if X1 is GaussianMF({ 0.50 0.20)
X2 is GaussianMF({ 0.50 0.56)
then ¥ = 139 - 0.46* X1 + 0.65*X2

Rule 20:
if X1 is GaussianMF( 0.50 0.45)
X2 is GaussianMF( 0.49 0.78)
then Y = 1.31- 040* X1+ 0.75* X2

Figure No. 1: Denfis — O X Rule 1:
) if X1 is GaussianMF( 0.50 0.39)
File X2 is GaussianMF( 0.50 0.61)
. 0 then Y = 1.54- 0.56 * X1+ 0.49 * X2
Ded&S @22 Datapoints are denoted as circles
Rule 2:
& rule node centres by red squares | A
Data X2 is GaussianMF( 0.50 0.50)
14- then Y = 1.53- 0.60* X1+ 0.52 * X2
Rule 3:
12+ _ if X1 is GaussianMF( 0.50 0.21)
X2 is GaussianMF({ 0.50 0.71)
(0@ s | then Y = 1.44- 0.40* X1+ 0.57 * X2
1 .
| Rule 4:
Q0 ‘§> if X1 is GaussianMF( 0.50 0.12)
X2 is GaussianMF( 0.50 0.84)
o~ 08F 3 then Y = 1.48 - 0.45* X1 + 0.52* X2
@
__S Rule 5:
o 06 | if X1 is GaussianMF( 0.50 0.60)
- or | X2 is GaussianMF( 0.50 0.39)
then Y = 1.47- 0.53*X1+ 0.59 * X2
04F Rule 6:
if X1 is GaussianMF( 0.50 0.75)
| X2 is GaussianMF( 0.50 0.30)
02k then Y = 1.46 - 0.47 * X1+ 0.49*X2
Rule 7:
if X1 isGaussianMF( 0.50 0.92)
0 : X2 is GaussianMF{ 0.50 0.24)
0.2 12 then Y = 1.51 - 0.50* X1+ 0.33*X2

Rule 14:
if X1 is GaussianMF( 0.50 0.30)
X2 is GaussianMF( 0.50 0.83)
then ¥ = 1.18 - 0.34* X1+ 0.88*X2

Rule 21:
if X1 is GaussianMF( 0.50 0.37)
X2 is GaussianMF( 0.50 0.97)
then Y = 1.05 - 0.22*X1 + 1.00 * X2
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EFUNN Prediction Model: Parameters, Modelling and Analysis

u Neucom - EFuNN for prediction EFuNN: Training on 30% - a X Pa rameters:

File Help e . . .
Available Datasets IGasiumace,Normalisedjeweﬂl\aljﬂ'/mtx! ;] | # Variables 3 # Samples 88 | Sens'tl\”ty ThreShOId MaXImum CIUSter radlus (rU|e nOdes)
| E—— ‘ Error Threshold: Level of error tolerance for the output
1ain hd
7E , ‘ ‘ : : , P Number of Membership Function: No. of membership function used in fuzzy inference system.
Sensitivity Threshold IT . . . .
osf ) — Actual S AT e ore Learning Rate for W1: Learning Rate for the weights of first layer
S S | | Leaming Riate for wi [ . . .
Lo P 2 i Learning Rate for W2: Learning Rate for the weights of second layer
- Pruning I
5 e Ca Pruning: Whether to prune old nodes
g T QQ"B‘J ID’.‘ es
— Maximum Field [ ns . H :
- I P Node Age: If Pruning is enabled, then old nodes should be removed
= EFuNN Version asic v . . .
2 8 || T Aggregation: Whether to allow similar rule nodes to be merged.
I Rule Fiter  « | [ T Allles . . . . . . . .
} — Max Field: Maximum radius for clusters in self-tuning mode. (only applied in self-tuning mode)
| Num Rn 4 .. .
roel e Number of Activity Rule Nodes: Number of rule nodes used to derive the output
a1l L L " " " " " " | Smw_"'“'“r:‘f”"";;l EFuNN Version: Standard or Self-tuning EFUNN
Predicted H 1
Sample Actua Recurrent Connection: Whether to allow recurrent connections
st | Rules Reset [Output and Predicted | Nemg[‘:t?";med Resu |tS:

NumRn: Number of Rule Nodes (RNs) in the network.
Graphical presentation:

NDEI: Non-Dimensional Error Index, defined as RMSE / StDev of the target series.
Output and Predicted: The green line indicates the output produced by the network and

the dotted line indicates the desired output. RMSE: Root Mean Squared Error.
ABSE Error: This shows the Absolute Error for each sample. Incorrect Listing samples which have been incorrectly predicted.

Show Data: Plots the data and rule nodes where appropriate.
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n Neucom - EFuNN for prediction . - ] X n Neucom - EFuNN for prediction . - ] X
0, d
e b EFuNN: Testing 70% e s EFuNN: Incremental Learning
fvalable Datasets [Gasfumace_Nom)aIsed_Sequenlial_?ﬂ'fmlxt ;] | # Variables 3 1 Samples 204 ‘ Available Datasets IEasFUInace_Nomesed_Secpa’llia\_?ﬂ"/o.lxl l] | 1 Variables 3 # Samples 203 ‘
Mode Mode
Test hd Incremental d
1 - T T A T T L P 1 T . P
; o - Desired Sensitivity Thieshold 09 :‘, Sensitivity Thieshold 09
osl 0 — Actual | | |ErerTheshold ] oal ; | | Enor Thieshold n
E | ‘: i R Number of Membership Functions 3 ) 5 | S . Number of Membership Functions ]
i : : 0 Learning Rate for 1 n it /i i Learming Rate for W1 1
08 Ao I i . ; | Leaming Rate for w2 n1 08- ; 1F Ay y ol 7| Learring Rate for w2 N
H E : i : \ ' Pruning I™ Yes | Y i ; ; Pruning [~ Yes
3 U7 A . | 1| ot T 5 U7 . I | T e -
3 ; ! ! ; | Loy Aggregation [™ Ves g \ : ! “‘ Agregaion I Yes
g 06 ; ; i . I 1 | Masimum Fied s = 06 o L B A | Masimum Fiekd [ns
.3 b ] i [ | ! ‘h. Number of Activity Rule Nodes 2 % '\.' '.’\\ | I : .:: E Nutmber of Activity Rule Nodes 2
% 05 'I‘ ) by :: ) 3 ‘; ' - | EFuNN Version Basic g 05F i : :,\ . Y - | EFuNN Version Basic v
= o : | Recurent Connection | Yes = | " Desired Recurrent Connection | Yes
[ v I o [} ! 5l
O 04p: ‘ ‘ | 4 |RueFiter ] [ Al 0 04F — Actual | 4 |RueFiter  ¢]] T e
\: L ] X X
v 1 ‘-‘ Results ‘ Results
03 : i N Num Rn 4 0.3F " . Num An 100 |
[ HDE| 05017 | NDEI 03817 ’i
02k g 4 RMSE 00342 02k 4 RMSE 0068
Prediction Details Prediction Details —— -
04 I L I I Sanle N . 04 L L I SancieNo = |
0 50 100 150 20 %0 e, | 1 A 100 150 20 20 arpetle 1 L |
Sample Predioted 060581 Sample Predicted 051124 |
| | Space - togdl|
Actua 065739 e OBIO | ren g
Statt Rules Reset | I Dutput and Predicted j Status: Start Rules Reset | | Dutput and Predicted j Stalus: (BTG
Netwark Tested Incremental Leamning Completed
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EFUNN Prediction Model: Rules extraction

Data points are denoted as circles

Bl e e et & rule node centres by red squares ° * Rule 1:
' if
I [lsms [imtas K EENEE N [Var 1] —> (MF 1) @ 0.220 & {MF 2) @ 0.780 & (MF 3} @ 0.000 &
h'm+_l [Var 2] > (MF 1) @ 0.000 & {MF 2) @ 0.806 & (MF3) @ 0.194 &
Dt then  Output for (MF 1) @ 0.000 Output for {(MF 2) @ 0.782 Output for {(MF 3) @ 0.105
1§§?affi§%g%ﬁ§?n§53' Q®0 g Sl Theshod P o
L Eor Thiesheld T =
v oo Number of Membership Functions [# .RUIe 2'
08 @60 Leaming Rate for W1 T if
ol e L [Var 1] > (MF 1) @ 0.094 & {(MF 2) @ 0.906 & {MF 3) @ 0.000 &
Note e i [Var 2] > (MF 1) @ 0.000 & {MF 2) @ 0.835 & {MF3) @ 0.165 &
06F Agoreqation [ Yes
§ Mii:mﬁe‘d — then  Output for (MF 1) @ 0.000 Output for (MF 2) @ 0.916
@ 05- Number o Actviy Pule Nodes 7
'; EFUNN Version m
04r Recurent Connection | Yes
03k Fule Fiter ﬂ_| j’m
- Resuls
02+ ] NumRn 82
NDEI 03118
01k L] AMSE 00675 Rule 162:
- m © Prediction Detals If
| | | | | | I | | | =
TR TR F AT R 3 [Var 1] > (MF 1) @ 0.000 & (MF 2) @ 0.954 & (MF 3) @ 0.046 &
= o= el [Var 2] > (MF 1) @ 0.000 & (MF 2) @ 0.481 & (MF 3} @ 0.519 &
b Fudet et | % LabelCentes Nezw:::hr‘fém then  Output for (MF 1) @ 0.000 Output for {MF 2) @ 0.518 QOutput for (MF 3) @ 0.482
[ Label Samples
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