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The Technical Committee on Intelligent Informatics (TCII) of the IEEE 
Computer Society deals with tools and systems using cognitive and 
intelligent paradigms such as knowledge engineering, artificial neural 
networks, fuzzy logic, evolutionary computing, and rough sets, with 
research and applications in data mining, Web intelligence, brain 
informatics, intelligent agent technology, parallel and distributed 
information processing, and virtual reality. 

 Introduction to natural computing principles 
 Neural Networks 

 Film:  Neurons 

 Fuzzy Systems 

 Film: Inverted Pendulum 

 Neuro Fuzzy Systems 
 Evolutionary Computation 
 Hybrid Evolutionary Neuro Fuzzy Systems 
 Swarm Intelligence 

 Film: Swarm Bots 

 View nature as a source of inspiration or 
metaphor  

 Development of new techniques to solve complex 
problems with unknown or unsatisfactory 
solutions 

 Computational resources are used for 
simulation 

 Modelling biological life processes 

 New computational materials 

Computing inspired 
by nature 

Simulation and 
emulation of nature 

Computing with 
natural materials 

 Lead to: engineering new computational tools; design of systems 
with “Nature-like” behaviour;  synthesis of new forms of life;  new 
computing paradigms;  and embedded intelligence 

 Real World Applications 
 Biometric security systems 

 Autonomous vehicle navigation 

 Artificial vision 

 Humanoids 

 Swarm bots 

 Speech recognition and synthesis 

 Associative memory 

 Sensors and instrumentation 
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Swarm 
Intelligence 

Others (DNA, 
Immuno, 
Quantum 

Computing) 
Neural 

Networks 

Fuzzy 
Logic 

Evolutionary 
Algorithms 

 Applications where the system is perceived to 
possess one or more attributes of reason: 
▪ generalization 
▪ discovery 
▪ association 
▪ abstraction 

 Systems which have 
 Tractability 
 Robustness 
 low cost solutions 

 Flexible information processing capability 
 

 Fuzzy, imprecise or imperfect data 
 No available mathematical algorithm 
 Optimal solution unknown 
 Rapid prototyping required 
 Only domain experts available 
 Robust system required 
 Modelling natural phenomena 

 
(2) CLUSTERING 
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True function 

Over-fitting  to noisy  training data 

(3) FUNCTION APPROXIMATION  (4) FORECASTING 
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Airplane image partially 
occluded by clouds 

Associative 
memory 

(5) CONTENT ADDRESSABLE MEMORY 

Retrieved airplane image 
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Engine 

Controller 

Idle 
speed 

Load torque 

Throttle 
angle 

(6) CONTROL 

B 
C 

D 
A 

E 

(7) OPTIMIZATION 

The Brain Metaphor 

 3.14172133 x log 47 / sin 22 = ? 
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 100,000,000,000 
neurons 
 Computing cells 

 10,000 connections on 
average per neuron 

 1,000,000,000,000,000 
connections in the 
human brain… 

 The brain is a 
massively parallel 
feedback dynamical 
system 

 Pressing questions… 
 

 How does the human 
brain work? 

 How can we exploit the 
brain metaphor to build 
intelligent machines? 

 Massively parallel adaptive networks 

 simple nonlinear computing elements  

 model some of the functionality of the human 
nervous system 

 partially capture some of its computational 
strengths 

 

wij xi 

x0 = +1 

x1 

xn 

 S sj 

w0j 

weight    sum   transform         signal  

Neural networks deal with neurally inspired modeling  

Sum and squash 
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Linear 
neuron 

Sigmoidal 
neuron 

Input layer Hidden layer Output layer 
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 Pattern recognition (clustering, classification) 
 Time series prediction 
 Associative memory 
 Optimization 
 Feature map formation 
 Function approximation 
 Thousands of others… 

 Task: Learn to discriminate between two 
different voices saying “Hello” 

 Data  

 Sources 

▪ Steve Simpson 

▪ David Raubenheimer 

 Format 

▪ Frequency distribution (60 bins) 

▪ Analogy: cochlea 

 Feed forward 
network 

 60 inputs (one for 
each frequency bin) 

 6 hidden neurons 
 2 outputs  

 0-1 for “Steve” 

 1-0 for “David” 

 

Steve 

David 

 

Steve 

David 

0.43 

0.26 

0.73 

0.55 

Steve 

David 

0.43 – 0  = 0.43 

0.26 –1 = 0.74 

0.73 – 1 = 0.27 

0.55 – 0 = 0.55 
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Steve 

David 

0.43 – 0  = 0.43 

0.26 – 1 = 0.74 

0.73 – 1 = 0.27 

0.55 – 0 = 0.55 

1.17 

0.82 

 Present data 
 Calculate error 
 Backpropagate error 
 Adjust weights 
 Repeat 

Steve 

David 

0.01 

0.99 

0.99 

0.01 

 Performance of trained network 
 

 Discrimination accuracy between known “Hellos” 

▪ 100% 

 

 Discrimination accuracy between new “Hellos” 

▪ 100% 

 Network has learnt to generalise from original data 
 Networks with different weight settings can have 

same functionality 
 Trained networks ‘concentrate’ on lower 

frequencies 
 Network is robust against non-functioning nodes 

 Solved by Lang and 
Witbrock 2-5-5-5-1 
architecture 138 weights. 

 In the Lang–Witbrock 
network each layer of 
neurons is connected to 
every succeeding layer. 
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 Carnegie Mellon University’s (CMU) Navlab 
 Equipped with motors on the steering wheel, brake and 

accelerator pedal thereby enabling computer control of the 
vehicles’ trajectory 

 ALVINN  
▪ (Autonomous Land Vehicle In a Neural Network) 

 Input to the system is a 30 × 32 neuron “retina”  
 Video images are projected onto the retina 
 Each of these 960 input neurons is connected to four hidden 

layer neurons which are connected to 30 output neurons 
 Output neurons represent different steering directions—the 

central neuron being the “straight ahead” and the first and 
last neurons denoting “sharp left” and “sharp right” turns of 
20 m radius respectively 

 To compute an appropriate steering angle, an image from a 
video camera is reduced to 30 × 32 pixels and presented to 
the network 

 The output layer activation profile is translated to a steering 
command using a center of mass around the hill of activation 
surrounding the output neuron with the largest activation. 

 Training of ALVINN involves presentation of video images as 
a person drives the vehicle using the steering angle as the 
desired output 

 ALVINN runs on two SUNSPARC stations on board 
Navlab and training on the fly takes about two 
minutes 

 During this time the vehicle is driven over a 1/4 to 
1/2 mile stretch of the road and ALVINN is presented 
about 50 images, each transformed 15 times to 
generate 750 images 

 The ALVINN system successfully steers NAVLAB in a 
variety of weather and lighting conditions 

 With the system capable of processing 10 
images/second Navlab can drive at speeds up to 55 
mph, five times faster than any other connectionist 
system 

 On highways,  ALVINN has been trained to navigate 
at up to 90 mph! 

 Feedback Neural Networks 

 Adaptive resonance theory 

 Self-organizing feature maps 

 Hopfield networks 

 Bidirectional associative memory 

Everything is a matter of degree 

 

Lotfi Zadeh 
Director, Berkeley Initiative in Soft Computing (BISC)  

University of California Berkeley 
 

In 1965, Lotfi Zadeh introduced the theory of fuzzy sets:  A fuzzy set is a collection of objects 
that might belong to the set to a degree, varying from 1 for full belongingness to 0 for full 
non-belongingness, through all intermediate values. 
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 Fuzziness stems from lexical imprecision - an 
elasticity in the meaning of real world 
concepts 

 Examples: 
 Around,  about 

 Somewhat 

 Light, heavy 

 Soft, hard 

 Light green… 

1 

0 30 50 

Age 
75 90 

Every person is given a degree of membership 
between 0 and 1 to indicate how OLD the person is. 

 Advice to driving student: 
 Begin braking 74 feet from the crosswalk 

 Apply the brakes pretty soon 
 Children quickly learn to interpret: 
 You must be in bed around  9 pm 

We assimilate imprecise information and vague 
rules and reason effortlessly using a fuzzy logic 

The Fuzzy Moral: Precision Carries a High Cost 

 A set is a collection of related items 
 E.g  Middle Age ={ 38, 40, 43, 41, 42} 

 All persons between age 37 and 43 years 

0 20 40 60 80 
0 

1 

• A fuzzy set is a 
collection of related 
items which belongs 
to that set to 
different degrees. 

Age 



15-Jul-13 

10 

 Is a 40 year old MIDDLE-AGED? 
 Is a 50 year old MIDDLE-AGED? 

 
 
 
 

 What we try to do is to assess the 
compatibility or similarity of X with our mental 
prototype 

Mental Prototypes 
Experience Real world 

measurement 

X 

 Given that you are MIDDLE-AGED what is the 
possibility that you are aged X years? 

 f:  X  [0,1] 

Age Possibility/Belief/Compatibility

0 0.0
10 0.25
20 0.5
30 0.75
40 1.0
50 0.75
60 0.5
70 0.25
80 0

0 20 40 60 80 
0 

0.2 

0.4 

0.6 

0.8 

1 

Age 

M
e
m

b
e
rs

h
ip

 

 

NL NM 

M 

NS ZE PS PM PL 

PL 

PM 

PS 

ZE 

NS 

NM 

NL 

If X = NS then Y = PS 

X 

Y 

57 

A fuzzy system F  is a set of if-then 
rules that maps inputs to outputs. 
The rules define fuzzy patches in 
the input-output state space X  Y.  

58 
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IF WARM, 
THEN FAST 

COOL 

IF HOT 
THEN  
BLAST 

IF JUST  
RIGHT,THEN MEDIUM 

IF COOL, 
THEN 
 SLOW IF COLD, 

THEN 
STOP 

Fuzzy sets can 
be combined 
using rules to 
make decisions 

 Fuzzification interface: transforms input crisp values into fuzzy values 
 Rule base: contains a knowledge of the application domain and the 

control goals 
 Decision-making logic: performs inference for fuzzy control actions 
 Defuzzification interface: produce the crisp output 

60 

Fuzzy system 

Inference 

engine 

Rule 

base Defuzzi-

fication 

Postpro

-cessing 

Fuzzi-

fication 

Prepro-

cessing 

sensors 

Linguistic input Action 
Measurement 
Decision 
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0.6 

0.3 

1 

0 

Small Medium Large 

Laundry Quantity 

Light Normal Strong 

1 

0 

Hard N.H N.S Soft 

Laundry Softness 

0.2 

.75 

Wash Cycle 

Rule 1: IF  Laundry softness is HARD  AND  Laundry quantity is 
LARGE THEN wash cycle is STRONG. 

Rule 2: IF Laundry softness is NOT HARD AND Laundry 
quantity is MEDIUM THEN wash cycle is NORMAL. 

 

 

 Fuzzy control 
 Sendai subway brake control 

 Fuzzy airconditioner control 
 Manufacturing system 

assembly line scheduling 
 Fuzzy camcorder hand-jitter 

cancellation 
 Fuzzy washing machines 
 Software engineering project 

cost estimation 
 Literally thousands of others… 

 
 

Neural Networks 
 Massive parallelism 
 Learning capability  
 Fault tolerance 
 Graceful degradation  
 Black Box 
 Not easily 

interpretable 

Fuzzy Systems 
 Deals in human type 

reasoning 
 Handle uncertainty, 

ambiguity 
 High Interpretability 
 Lack of Learning 

capability 

• Model free processing systems 
• Universal Approximators 

Rule Base 

Defuzzifier Inference Fuzzifier 

• Gaussian 

• Triangular 

• Trapezoid 

• Minimum 

• Product 

Automated 

generation? 

• MOM 

• SOM 

• LOM 

• COG 

•Max 

•Sum 

Neural 

Networks 
Fuzzy 

Systems 

Neuro-

Fuzzy 

x1 

x2 

x3 

• # Hidden Layers 
• # Nodes 
•Connection Architecture 
•Learning Algorithm 

Neural 

Networks 
Fuzzy 

Systems 

Neuro-

Fuzzy 

 ANFIS (Jang, 1993)  
 Fuzzy MLP (Pal/Mitra, 1992)  
 GARIC (Berenji/Khedhkar, 1992)  
 Neuro Fuzzy Model (Wang/Mendel. 1992)   
 Fuzzy Neural Nets  (Buckley/Hayashi, 1994) 
 NEFCON, NEFCLASS (Nauck/Kruse, 1997)  
 FAM, SAM (Kosko, 1992) 
 HyFIS, FuNN, EFuNN  (Kasabov, 1999, 1996, 1998)  
 FALCON (Lin/Lee, 1995) 
 FuGeNeSys, GEFREX (Russo, 1998, 2000)  
 SuPFuNIS, ASuPFuNIS (Paul/Kumar, 2002,2005) 
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 Mamdani method is widely accepted for capturing expert 
knowledge.   
 It allows us to describe the expertise in more intuitive, more human-like 

manner.  

 Mamdani-type fuzzy inference entails a substantial computational 
burden. 

Mamdani type rule 

R= If  x1 is MEDIUM and  x2 is SMALL then  y1 is  LARGE 

If x1 is A1 and x2 is B2 then Z = p1*x1 + q1*x2 + r1 

TSK type rules 

 TSK method is computationally effective and works well with 
optimisation and adaptive techniques 

 makes it very attractive in control problems 

 particularly for dynamic nonlinear systems 

 Classification 
 Medical diagnosis, target recognition, character 

recognition, fraud detection, speech recognition 
 Function Approximation 

 Process modeling, data modeling, machine 
diagnostics  

 Time Series Prediction 
 Financial forecasting, bankruptcy prediction, sales 

forecasting, dynamic system modeling 
 Data Mining 

 Clustering, data visualization, data extraction 
 Control 

 Process control 

 Y = f(X) where 

 X is a set of inputs (numeric) 

 Y is a set of outputs (numeric) 

 f() is an unknown functional relationship between the 
input and the output  

 The ANN must approximate f() in order to find 
the appropriate output for each set of inputs 

Function Approximation: 
creates continuous 
input-output map 

inputs outputs 

 Use a neural network to create a model that can be used to 
estimate the “body density” (e.g. % body fat) of an individual. 

 Train the neural network 
 Inputs: Age (years), Weight (lbs), Height (inches), Neck circumference 

(cm), Chest circumference (cm), Abdomen circumference (cm),  Hip 
circumference (cm), Thigh circumference (cm), Knee circumference 
(cm), Ankle circumference (cm), Biceps (extended) circumference (cm), 
Forearm circumference (cm), Wrist circumference (cm) 

 Output: Actual body density measured with a submersion test 
 Use the neural network 

 Inputs: Same as above 

 Output: Estimate of the body fat percentage 
 

 Similar to function approximation except that 
the output is a “class”, thus they are discrete 

 For example: 
▪ Outputs = on or off 

▪ Outputs = Ford, Tata, or Maruti 

▪ Outputs = Sick or Healthy 

 Classification problems are evaluated by 
thresholding the outputs of the model 

Classifier inputs 
Outputs as 
classes or 
decisions 

 Optical Character Recognition: determine 
if the input image is the digit 0, 1, 2, 3, … 9 
 For more than 2 classes, typically we create 

one output for each class (e.g. class 0: true or 
false, class 1: true or false, etc.). This is called 
unary encoding. 

 10 outputs (0...9). Each image is labeled with a 
class 
▪ image 0 will be (1,0,0,0,0,0,0,0,0,0) 

▪ image 1 will be (0,1,0,0,0,0,0,0,0,0), etc. 

 Must train the network to recognize the digit 



15-Jul-13 

13 

 Time series prediction is very similar to 
function approximation except time plays an 
important role 
 In “static” function approximation, all information 

needed to create the output is contained in the 
current input 

 In time series prediction (dynamic function 
approximation), information from the past is 
needed to determine the output 

Prediction Network: 
Function approximation 

with future values as 
output 

Past and 
present values 
of input 
parameters 

Future values 
to be 
predicted 

 Predict Mackey Glass chaotic signal 
 Chaos is a signal that has characteristics similar to 

randomness, but can be predicted accurately in the short 
term (e.g., weather) 

 Accurate predictions can be made only a few samples in 
advance 

)(1.0
)(1

)(2.0)(
10

tx
tx

tx

dt

tdx











 All of the three previous problem types required a 
known (desired) output for each input 

 In data mining, you don’t know the answer ahead 
of time -- you want to extract data from the input 
 Clustering (finding prototypes) 
 Compression (reduction in dataset) 
 Principal Component Analysis (reduction in 

dimensionality) 
 This type of network is called “unsupervised” 

because there is no “teaching” signal 

Data mining: No 
desired response 

inputs outputs 

Fuzzy 
Controller 

Neural 
Controller 

 Backing up a truck to loading dock 
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Φ : Angle of the truck with the 
horizontal  

x, y  : coordinates in the space 

Θ : steering angle 

b : length of truck 




),( yxrear 

front 
 0x 20x

90  10  x

• Enough clearance assumed between the truck and the 
loading dock such that the coordinate y can be ignored. 

• Numeric data comprises of 238 pairs accumulated from 14 
sequences of desired (x,Φ,θ ) values (Wang/Mendel, 1992). 

• Range of x: 0 to 20 

• Range of Φ: -90º to 270º 

• Range of θ: -40º to +40º 

Controller 

x 

Φ 
θ 

Control value of θ such that the 
 final state (xf, Φf)= (10, 90º)  

View Simulation 

truck.avi
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3 rules 5 rules 

 Training is done using reduced set (42 pairs) considering only first 
three pairs of data from each of the 14 sequences. 

 Finer control is done using the linguistic rules constructed from 
the expert knowledge. 
 

A
N

G
L

E
 

 

          POSITION  x 

RIGHT (R) CENTER (C) LEFT (L) 

POSITIVE 
SMALL 

(PS) 

POSITIVE 
MEDIUM 

(PM) 

POSTIVIE 
BIG 
(PB) 

LEFT 
VERTICAL 

(LV) 

NEGATIVE 
MEDIUM 

(NM) 

ZERO 
(ZE) 

POSITIVE 
MEDIUM 

(PM) 

VERTICAL 
(VE) 

NEGATIVE 
BIG 

(NB) 

NEGATIVE 
MEDIUM 

(NM) 

NEGATIVE 
SMALL 

(NS) 

RIGHT 
VERTICAL 

(RV) 

 

L C R 

LV VE RV 

NB NM NS ZE PB PM PS 

x-position x (center,spread) 

L:Left (0.35,0.098) 

C: Center (0.5,0.028) 

R:Right (0.65,0.098) 

Angle  (center,spread) 

LV: Left Vertical (0.375,0.059) 

VE: Vertical (0.5,0.016) 

RV: Right Vertical (0.625,0.059) 

Steering-angle signal  (center,spread) 

NB: Negative Big (0.00,0.14) 

NM: Negative  Medium (0.25,0.092) 

NS: Negative Small (0.4125,0.05) 

ZE: Zero (0.5,0.028) 

PS: Positive Small (0.5875,0.05) 

PM: Positive Medium (0.75,0.092) 

PB: Positive  Big (1.00, 0.14) 
81 

(a) 5 rules (reduced numeric data) (b) 5 rules (reduced numeric data)   + 5 
expert rules 

(c) 5 rules (reduced numeric data) + 
9 expert rules 

Comparison of (a), (b), (c)  for   

3,3,-30 

 The architecture of the model 
 Which types of inputs/outputs are acceptable?  

 linguistic, numeric, categorical? 

 Which methods/operators are used for composition, signal 
transmission, aggregation, defuzzification methods etc? 

 Structure and parameter learning 
 Is the network structure evolvable and adaptable?  

 How are the variable parameters tuned? 

what is the learning  strategy? 

 Interpretability and accuracy 
  can the behavior of the system be understood by humans or is the 

system interpretable? 

  and is the performance good or is the system accurate? 
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Inference 

Extraction 

algorithm 

If  X1 is MEDIUM and  X2 is 
SMALL then Y1 is  LARGE 

Input Layer Rule Layer Output Layer 

Antecedent weights Consequent weights 

1y1x

(cjk,σjk) 
ky

py

ix

mx

1mx

nx

Linguistic 

Numeric 

Input Layer Rule Layer Output Layer 

1y

ky

py

1x

ix

mx

Linguistic 

1mx

nx

Numeric 

Antecedent weights Consequent weights 

(cjk,σjk
l, σjk

r) 

Problem Statement:  
    Hepatitis diagnosis requires classifying patient into 

two classes DIE or LIVE on the basis of 19 features. 

ASuPFuNIS 

DIE 

LIVE 

6 numeric 
features 

13 linguistic  
features 

http://www.ics.uci.edu/~mlearn/MLRepository.html 

# Attribute Type Range/  

Options 

1 Age Numeric 20-70 

2 Sex Linguistic M/F 

3 Steroid Linguistic Y/N 

4 Antivirals Linguistic Y/N 

5 Fatigue Linguistic Y/N 

6 Malaise Linguistic Y/N 

7 Anorexia Linguistic Y/N 

8 Liver Big Linguistic Y/N 

9 Liver Firm Linguistic Y/N 

10 Spleen Palpable Linguistic Y/N 

# Attribute Type Range/  

Options 

11 Spiders Linguistic Y/N 

12 Ascites Linguistic Y/N 

13 Varices Linguistic Y/N 

14 Bilirubin Numeric 0.3-4.8 

15 Alk. Phos. Numeric 26-280 

16 SGOT Numeric 14-420 

17 Albumin Numeric 2.1-5 

18 Protime Numeric 0-100 

19 Histology Linguistic Y/N 

 19-q-2 ASuPFuNIS architecture 
 Number of trainable parameters: 

63q+38 
 Centers of antecedent and 

consequent fuzzy weights initialized 
in the range (0,1) 

 Spreads initialized in the range (0.2, 
0.9) 

 The linguistic features are 
represented by two fuzzy sets. ‘no’ by 
an asymmetric Gaussian centered at 0 
and ‘yes’ by an asymmetric Gaussian 
centered at 1 with random tunable 
spreads 

 Learning rate and momentum: 0.0001 
 Training and test set classification 

accuracy used as the performance 
measure 
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 40,1,1,2,1,2,2,2,1,2,2,2,2,0.60,62,166,4.0,63,1 
 38,1,2,2,2,2,2,2,2,2,2,2,2,0.70,53,42,4.1,85,2 
 38,1,1,1,2,2,2,1,1,2,2,2,2,0.70,70,28,4.2,62,1 
 22,2,2,1,1,2,2,2,2,2,2,2,2,0.90,48,20,4.2,64,1 
 27,1,2,2,1,1,1,1,1,1,1,2,2,1.20,133,98,4.1,39,1 
 31,1,2,2,2,2,2,2,2,2,2,2,2,1.00,85,20,4.0,100,1 
 42,1,2,2,2,2,2,2,2,2,2,2,2,0.90,60,63,4.7,47,1 
 25,2,1,1,2,2,2,2,2,2,2,2,2,0.40,45,18,4.3,70,1 
 27,1,1,2,1,1,2,2,2,2,2,2,2,0.80,95,46,3.8,100,1 
 58,2,2,2,1,2,2,2,1,2,1,2,2,1.40,175,55,2.7,36,1 

 155 patterns 
 32 patterns belong to class Die and remaining 123 to 

class Live 
 Pattern with unspecified features: 75 

 DISCARD: 20 patterns with either missing linguistic feature 
value, or more than two missing numeric feature values 

 RECONSTRUCT: 55 incomplete cases with the average value of 
the missing feature calculated on a class-wise basis 

 Data Set 1 (hep80): comprises 80 patterns of 
155 available patterns which are originally 
complete 

 Data Set 2 (hep135): comprises 135 patterns, 80 
originally complete and 55 reconstructed 

 Five sets each of 70% training-30% test 
patterns randomly selected 

Methods Testing Accuracy (%) 

SuPFuNIS (3 rules / hep135) Avg: 94  Best: 97.5  

SuPFuNIS (5 rules / hep80) Avg: 92.50 Best: 100 

ASuPFuNIS (2rules / hep 135) Avg: 97.5 Best: 100 

ASuPFuNIS (2 rules / hep 80) Avg: 97.5 Best: 100 

Wang-Tseng approach 91.61 

k-NN, k=18 90.2 

Bayes 84.0 

LVQ 83.2 

Assistant-86 83.0 

CN2 80.1 

 Robust against random data set variations 
 Economical in terms of network architecture while 

being able to yield a high performance 
 Capable of handling both the numeric and linguistic 

information efficiently 
 ASuPFuNIS performs well as a 
 Classifier/diagnostic system 

 Predictor 

 Controller 

 Gradient descent: 

 Sensitive to initialization of network parameters 

 Gets trapped in local minima 

 Cannot learn network structure 

 Require: Simultaneous learning of structure 
and parameter estimation 

 Number of rule nodes 

 Essential features 

 Fuzzy set centers and spreads 
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Inspired by Darwin's Theory of Natural Selection 

 Genetic algorithms  
 Evolutionary strategies 
 Genetic programming 
 Differential evolution 
 Swarm Intelligence 

 John H. Holland, 1975 
Adaptation in natural and artificial systems 

 Focus was on natural systems, simulation 

 Introduced the genetic algorithm 

 Mostly theory, some applications: 

▪ game-playing 

▪ search programs 

 Concentrate on population rather than a 
single individual 

 Each individual has a fitness 
 Individuals that are fit enough to survive will 

reproduce 
 Create new individuals from existing ones 

 Crossover 

 Mutation 

 Crossover:  Two (or more) individuals from the 
current generation are used to form an individual in 
the next generation 

 Mutate:  A single individual from the current 
generation is mutated to form an individual in the 
next generation 

 Selection:  An individual from the current 
generation is copied into the next generation based 
on fitness 

 A fitness function guides the evolutionary process! 

 Individuals are represented by their genome, 
or genotype 
 1y

ky

py

Phenotype: Network 

Genotype: Real valued string 

3.31 1.3 2.1 9.31 8.9 7.6 8.5 9.23 2.41 

Network parameters 
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 Consider the “subset sum” problem: 

 Given a set of integers S and a target value T, find a 
subset of S that has maximum sum without 
exceeding T 

 This is an optimization problem 
 The related problem arises in cryptography 

 As the genome, use a bit-vector 
 There is one bit for each element in the set S 
 The bit is 1 iff the element is in the subset 

 S = {19, 23, 35, 52, 61, 68, 76, 84, 92} 
 T = 200 
 Genome is an element of {0, 1}9 

 Possible individuals: 
 010001001,  sum{23, 68 , 92} = 183 

 101000010,  sum{19, 35, 84} = 138 

 In this case, the sum of the numbers is the fitness of 
the string, which is the quantity we wish to 
maximize 

 Change a set of bits at random 
 

 101000010  sum{19, 35, 84} = 138  
 
 111000010  sum{19, 23, 35, 84} = 161 

 
 Note that a mutation could be “fatal”, 

resulting in a totally unfit individual 
 Such individuals will be eventually eliminated 

through a selection process 

 Combine two individuals 
  001010000  sum{35, 61} = 96 

 100000110  sum{19, 76, 84} = 179 

 
 

 New genomes 
 001000110  sum{35, 76, 84} = 195 

 100010000  sum{19, 61} = 80 

crossover point selected at random 

Better 

 Based on fitness evaluation 
 Example: Roulette wheel selection 

proportional to fitness 
Spin once to select 

String 1

String 2

String 3

String 4
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 f(x) = x + abs(sin(32*x)) on x = [0, pi] 

0 0.5 1 1.5 2 2.5 3 3.5
0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

 Pop size: 200 CR: 0.6 Mutation probability: 0.001Bit resolution: 20 

 Average fitness 50 
generations (blue) 

 Maximum fitness 
50 generations 
(red)  

 Other evolutionary algorithms 

 Differential Evolution 

 Real genetic algorithms 

 Compact genetic algorithm 

 Tens of other variants 

 Evolutionary programming 

 A technique for searching through a space of 
finite-state machines 

 Initialize population 
 Evaluate each vector, find best member 
 Mutation and recombination 
 Select child if better than parent 
 Repeat until: 
 Predefined number of generations reached 

 All Vectors have converged 

 No Improvement after x generations 

1 1 0 1 1 0 1 1 1 1 3.41 1.1 0.89 2.31 0.34 0.09 3.34 1.23 0.21 1.11 

Feature spreads 
Antecedent centers/spreads 
Consequent centers/spreads 

Antecedent Enable Bits 

1y

ky

py

- F + 

R1 R2 Best population member 
(Xbest) 

Current member (R) 

Exponential 
Crossover 

Trial  Vector (R) 

Mutant Vector 

V0 = F*(XR1-XR2) + Xbest 

Old population 
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XR1 1 1 0 1 1 0 1 1 1 1 

XR2 1 0 0 1 0 0 1 0 1 1 

Xbest 1 0 0 1 0 0 1 0 1 1 

Identical bits: 
No 
perturbation 
in connection 

Different bits: 
Perturb 
connection 
with 
probability 0.5 

Xmutant 
1 1 0 1 0 0 1 0 1 1 

Xmember 
1 0 0 1 0 0 1 0 0 1 

Xtrial 
1 0 0 1 0 0 1 0 1 1 

Dissimilarity Based Bit Flip Operator  

3.41 1.1 0.89 2.31 0.34 0.09 3.34 1.23 0.21 1.11 

Fitness 
better than X1 ? 

If yes, include trial vector 
in new population, else keep 

original member New population 

1 0 0 1 0 0 1 0 1 1 

Repeat procedure for 
entire population 

 How about having networks of different rules in a same 
search space?? 

 Simultaneous existence of networks with different rule 
spaces 
 

3 4 5 

Phenotype 

Genotype 

1y

ky

py

1y

ky

py

Feature spread  
segment 

Antecedent 
segment 

Consequent 
segment 

Enable bit 
segment 

Feature spread  
segment 

Antecedent 
segment 

Consequent 
segment 

Enable bit 
segment 

Parent 1:  

Parent 2:  

1
,

q
gjX

2
,
q
giV

0.6 4.3 9.5 4.9 3.6 4.2 1.6 1.8 9.4 0.9 2.6 3.7 5.2 2.1 4.7 3.9 6.7 3.7 0.5 9.7 1 1 1 0 0 0 1 1 

7.6 2.9 9.8 7.3 3.9 7.3 8.2 5.5 4.3 0.9 1.3 8.8 5.2 3.7 0 1 1 1 0 

Feature spread  
segment 

Antecedent 
segment 

Consequent 
segment 

Enable bit 
segment 

Parent 1:  
1
,

q
gjX

Parent 2:  2
,
q
giV

Offspring 1 :  1
,
q

gjT

Offspring  2:  2
,
q
giT
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 Cost function : 
 Network error estimator * WNEE + Rule Count * WRC 

 

 WNEE  is  the network error estimator weight and   

 WRC  is the rule count weight  

• Iris data involves classification of 

three subspecies of the Iris flower 

namely Iris Setosa, Iris Versicolor and 

Iris Virginica 

• The four input feature 

measurements of the Iris flower 

are—sepal length, sepal width, 

petal length and petal width 

• There are 50 patterns (of four 

features) for each of the three 

subspecies of Iris flower 

http://archive.ics.uci.edu/ml/datasets/Iris 

 Initial network structure 4-q-3 

 Inputs      - 4 

 Rules (q) - 2,3,4,5         [qmin = 2, qmax = 5] 

 Output     - 3 

 

 
F CR 

String size 

(Real part) 

Enable bits 

(Binary part) 
Initial  

Popsize / 
rule 2 3 4 5 2 3 4 5 

0.5 0.8 50 71 92 113 8 12 16 20 200 

WNEE WRC Run # 
Population distribution after 5000 generations 

2 3 4 5 

1.0 0.0 1 0 0 0 800 

2 0 0 0 800 

3 0 0 0 800 

1.0 0.5 1 0 0 800 0 

2 0 0 800 0 

3 0 0 800 0 

1.0 1.0 1 0 800 0 0 

2 0 800 0 0 

3 0 800 0 0 

1.0 1.5 1 0 800 0 0 

2 0 800 0 0 

3 0 800 0 0 

1.0 2.0 1 800 0 0 0 

2 800 0 0 0 

3 800 0 0 0 

Population Convergence  
Statistics after 5000 
generations for Iris 
Classification Problem 
with initial  population 
size  200 per rule 
 
F = 0.50 
CR = 0.80 

Model 
Rules 

2 3 4 5 

LVQ - 17 24 14 

GLVQ-F - 16 20 19 

GA - 2 4 2 

RS - 2 2 2 

SuPFuNIS - 1 1 0 

ASuPFuNIS - 0 0 0 

vlX-DE ASuPFuNIS 1 0 0 0 

 Computation times are too large 
 Parallel implementation of DE 
 Reduces computation time 

 Improves performance 
 Parallelization Strategies 
 Master-slave model 

 Island model 

 Cellular model 



15-Jul-13 

22 

 The CGA represents the 

population as a probability 

distribution vector over the 

set of solutions 

 In every generation, 
competing chromosomes are 
generated on the basis of the 
current PV, and their 
probabilities are  updated to 
favour a better chromosome, 
which is the winning 
chromosome.  
 

World Congress on Computational Intelligence, Brisbane, Australia, 
June 10-15, 2012 

realchrom 

realchrom1 

realchrom2 

binchrom 

binchom1 

binchom2 

realchrom1 

realchrom2 

binchrom1 

binchrom2 

realchrom1 

realchrom2 

binchrom1 

binchrom2 

chrom1 

chrom2 

chrom3 

chrom4 

Parent 
chromosome 
generating 
four children 

PVreal PVBinary 

α is the weight regulator  

Collective emergent intelligent behaviour 

 “Swarm Intelligence (SI) is the property of a 
system whereby the collective behaviors of 
agents interacting locally with their 
environment cause coherent functional global 
patterns to emerge.” 

 
 Provides a basis with which it is possible to 

explore collective (or distributed) problem 
solving without centralized control or the 
provision of a global model 

Food 

 The ants choose one branch over the other due 
to some random fluctuations. 

 Probability of choosing one branch over the 
other: 
 
 

 The values of k (short path time) and n (=2) 
determined through experiments 

 Pheromone evaporation dynamics also need to 
be considered 

Bn

i

n

i

n

i
A P

BkAk

Ak
P 




 1

)()(

)(

 Can explore vast areas without global view of 
the ground 

 Can find the food and bring it back to the nest 
 Will converge to the shortest path 
 



15-Jul-13 

23 

 By leaving pheromones behind them 
 Wherever they go, they deposit pheromones 
 Mark the area as explored and 

communicating to the other ants that the 
way is known 

 Distributed process: 

 Local decision-taking 

 Autonomous 

 Simultaneous 

 Macroscopic development from microscopic 
probabilistic decisions 

 Requires adaptation to real world situations 

 Other more sophisticated variants 

 Ant aging: after a given time, ants are tired and 
have to come back to the nest 

 2 different pheromones : away (from nest) and 
back (from source of food) 

 

 Particle Swarm Optimization 
 Swarm bot communication 

 TSP 
 Network routing 
 Machine scheduling 
 Vehicle routing 
 Edge detection in images 
 Clustering 
 Swarm robotics 
 CI systems parameter optimization 

 

http://www.swarm-bots.org/ 
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http://www.swarm-bots.org/ 

Thanks from the nnl Team… 

Neural Networks Laboratory 

Dayalbagh Educational Institute 

Dayalbagh, Agra UP 282005 INDIA 

spaul.dei@ieee.org 


