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Figure 3.1: Unsupervised Learning 

 

From the working of unsupervised learning it is clear that there is no feedback from the environment to 

inform what the outputs should be or whether the outputs are correct. In this case the network must 

itself discover patterns, regularities, features or categories from the input data and relations for the input 

data over the output. 

  

Kohonen Self-Organizing Map: 

The Self-Organizing Map is one of the most popular neural network models. It belongs to the category of 

competitive learning networks. The Self-Organizing Map is based on unsupervised learning, which means 

that no human intervention is needed during the learning and that little needs to be known about the 

characteristics of the input data. The SOM can be used to detect features inherent to the problem and 

thus has also been called SOFM, the Self-Organizing Feature Map. 
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Unit 3: Unsupervised Learning 

 

Unsupervised Learning 

Unsupervised learning is where you only have input data (X) and no corresponding output variables. 

 

The goal for unsupervised learning is to model the underlying structure or distribution in the data in 

order to learn more about the data.  

 

In ANNs following unsupervised learning, the input vectors of similar type are grouped without the use 

of training data to specify how a member of each group looks or to which group a number belongs. In 

the training process, the network receives the input patterns and organizes these patterns to form 

clusters. When a new input pattern is applied, the neural network gives an output response indicating 

the class to which the input pattern belongs. If for an input, a pattern class cannot be found then a new 

class is generated.  

These are called unsupervised learning because unlike supervised learning above there is no correct 

answer and there is no teacher. Algorithms are left to their own devises to discover and present the 

interesting structure in the data. 
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The Self-Organizing Map was developed by professor Kohonen. The SOM has been proven useful in many 

applications. The SOM algorithm is based on unsupervised, competitive learning. It provides a topology 

preserving mapping from the high dimensional space to map units. Map units, or neurons, usually form a 

two-dimensional lattice and thus the mapping is a mapping from high dimensional space onto a plane. 

The property of topology preserving means that the mapping preserves the relative distance between 

the points. Points that are near each other in the input space are mapped to nearby map units in the 

SOM. The SOM can thus serve as a cluster analyzing tool of high-dimensional data. Also, the SOM has 

the capability to generalize. Generalization capability means that the network can recognize or 

characterize inputs it has never encountered before. A new input is assimilated with the map unit it is 

mapped to. 

 

Architecture of Kohonen SOM: 

 

 
Figure 3.2: Architecture of Kohonen SOM 

 

The ar hite ture o sists of two la ers: i put la er a d output la er luster . There are  u its i  the 
i put la er a d  units in the output layer. Basically, here the winner unit is identified by using either 

dot product or Euclidean distance method and the weight updation using Kohonen learning rules is 

performed over the winning cluster unit. 

 

Flowchart:  
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Figure 3.3: Flowchart of Kohonen SOM 

 

Training Algorithm: 

Step 0: Initialize the weights wij, Random values may be assumed. They can be choosedn as the same 

range of values as the componenets of the input vector. If information related to distribution of clusters 

is known, the initial wieghts can be taken to reflect that prior knowledge. 

 Set topological neighborhood parameters: As clustering progresses, the radius of the 

neighbourhood decreases. 

 Initialize the learning rate α: It should be a slowly decreasing function of time. 

Step 1: Perform steps 2-8 when stopping condition is false. 

Step 2: Perform steps 3-5 for each input vector x. 

Step 3: Compute the square of the Euclidean distance that is for each j=1 to m, 

 

Downloaded from  be.rgpvnotes.in

Page no: 3 Follow us on facebook to get real-time updates from RGPV

https://be.rgpvnotes.in
https://www.facebook.com/rgpvnotes.in
https://be.rgpvnotes.in


 

 

Step 4: Find the winning unit index J, so that D(J) is minimum. (In steps 3 and 4, dot product method can 

also be used to find the winner, which is basically the calculation of net input, and the winner will be the 

one with the largest dot product.) 

Step 5: For all units j within a specific neighborhood of J and for all I, calculate the new weightsL 

wij(new) = wij(old) + α[ i-wij(old)] 

or                                                            w ij(new) = (1- α wij old  + α i 

Step 6: Update the learning rate α usi g the for ula α t+  = .5 α t . 
Step 7: Reduce radius of topological neighborhood at specified time intervals. 

Step 8: Test for stopping condition of the network. 

 

Counter Propagation Network: 

Counter propagation networks were proposed by Hecht Nielsen in 1987. They are multilayer networks 

based on the combinations of the input, output and clustering layers. The application of counter 

propagation nets are data compression, function approximation and pattern association. The 

counterpropagation network is basically constructed from an instar-outstar model. This model is a three 

layer neural network that performs input-output data mapping producing an output vector y in response 

to an input vector x, on the basis of competitive learning.  

A counterpropagation net is an approximation of its training input vector pairs by adaptively constructing 

a look-up-table. By this method, several data points can be compressed to a more manageable number 

of look-up-table entries. The accuracy of the function approximation and data compression is based on 

the number of entries in the look-up-table, which equals the number of units in the cluster layer of the 

net. 

There are two stages involved in the training process of a counterpropagation net. The input vectors are 

clustered in the first stage. Originally, tr is assumed that there is no topology included in the 

counterpropagation network. However, on the inclusion of a linear topology, the performance of the net 

can be improved. The clusters are performed using Euclidean distance method or dot product method. In 

the second stage of training, the weights from the cluster layer units to the output units are tuned to 

obtain the desired response.  

There are two types of counterpropagation nets: (i) Fullcounterpropagation net and (ii) forward-only 

coumerpropagation net. 

 

Full Counterpropagation Net: 

Full counterpropagarion net (full CPN) efficiently represents a large number of vector pairs x:y by 

adaptively constructing a look-up-table. The approximation here is x*:y*, which is based on the vector 

pairs x:y, possibly with some distorted or missing elements in either vector or both vectors. The nerwork 

is defined to approximate a continuous function f, defined on a compact set A. The full CPN works best if 

the inverse function f-1 exists and is continuous. The vectors x and y propagate through the network in a 

counterflow manner to yield output vectors x* and y*, which are the approximations of x and y, 

respectively. During competition, the winner can be determined either by Euclidean distance or by dot 

product method. In case of dot product method, the one with the largest net input is the winner. 

Whenever vectors are to be compared using the dot product metric, they should be normalized. Even 

though the normalization can be performed without loss of information by adding an extra component, 

yet to avoid the complexicy Euclidean distance method can be used. On the basis of this, direct 

comparison can be made between the full CPN and forward-only CPN. 

For continuous function, the CPN is efficient as the back-propagation net; it is a universal continuous 

function approximator. In case of CPN, the number of hidden nodes required to achieve a particular level 

of accuracy is greater than the number required by the back-propagation network. The greatest appeal 

of CPN is its speed of learning. Compared to various mapping networks, ir requires only fewer steps of 
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training to achieve best performance. This is common for any hybrid learning method that combines 

unsupervised learning (e.g., instar learning) and supervised learning (e.g., outsrar learning). 

As already discussed, the training of CPN occurs in two phases. In the input phase, the units in the cluster 

layer and input layer are found to be active. In CPN, no topology is assumed for the cluster layer units; 

only the winning units are allowed to learn. The weight updarion learning rule on the winning cluster 

units is 

Vij(new) = Vij(old)+ α [xi- Vij(old)],    i=1 to n 

Wkj(new) = Wkj(old)+ β (yk - Wkj(old)],    k=1 to n 

The above is standard Kohonen learning which consists of competition among the units and selection of 

winner unit. The weight updation is performed for the winning unit. 

 

Architecture: 

The four major components of rhe instar-outstar model are the input layer, the instar, the competitive 

layer and the outstar. For each node i in the input layer, there is an input value xi. An instar responds 

maximally to the input vectors from a particular cluster. All the instars are grouped into a layer called the 

competitive layer. Each of the instar responds maximally to a group of input vectors in a different region 

of space. This layer of instars classifies any input vector because, for a given input, the winning instar 

with the strongest response identifies the region of space in which the input vector lies. Hence, it is 

necessary that the competitive layer single outs the winning instar by setting its output ro a nonzero 

value and also suppressing the other outputs to zero. That is, it is a winner-take-all or a Maxnet-type 

network. An outstar model is found to have all the nodes in the output layer and a single node in the 

competitive layer. The outstar looks like the fan-out of a node.  

 

 
Figure 3.4: General Architecture of Full CPN 
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Figure 3.5: Architecture of Full CPN 

 

 
Figure 3.6: First Phase of Training of Full CPN 
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Figure 3.7: Second Phase of Training of Full CPN 

 

Forward-Only Counterpropagation Network: 

A simplified version of full CPN is the forward-only CPN. The approximation of the function y = f(x) but 

not of x = f(y) can be performed using forward-only CPN, i.e., it may be used if the mapping from x to y is 

well defined but mapping from y to x is not defined. In forward-only CPN only the x-vectors are used to 

form the clusters on the Kohonen units. Forward-only CPN uses only the x vectors to form the clusters on 

the Kohonen units during first phase of training. 

In case of forward-only CPN, first input vectors are presented to the input units. The cluster layer units 

compete with each other using winner-take-all policy to learn the input vector. Once entire set of 

training vecrors has been presented, there exist reduction in learning rate and the vectors are presented 

again, performing several iterations. First, the weights between the input layer and cluster layer are 

trained. Then the weights between the cluster layer and output layer are trained. This is a specific 

competitive network, with target known. Hence, when each input vector is presented to the input 

vector, its associated target vectors are presented to the output layer. The winning cluster unit sends its 

signal to the output layer. Thus each of the output unit has a computed signal (Wjk) and the target value 

{Yk). The difference between these values is calculated; based on this, the weights between the winning 

layer and output layer are updated. 

 

Architecture: 

It consists of three layers: input layer, cluster (competitive) layer and output layer. The architecture of 

forward-only CPN resembles the back-propagation network, but in CPN there exists interconnections 

becween the units in the cluster layer (which are not connected). Once competition is completed in a 

forward-only CPN, only one unit will be active in that layer and it sends signal to the output layer. As 

inputs are presented to the network, the desired outputs will also be presented simultaneously. 
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Figure 3.8: Architecture of Forward Only CPN 

 

Adaptive Resonance Theory: 

The adaptive resonance theory (ART) network, developed by Steven Grossberg and Gail Carpenter 

(1987), is consistent with behavioral models. This is an unsupervised learning, based on competition, 

that finds categories autonomously and learns new categories if needed. I he adaptive resonance model 

was developed to solve the problem of instability occurring in feed-forward systems. There are two types 

of ART: ART 1 and ART 2.  

ART 1 is designed for clustering binary vectors and ART 2 is designed to accept continuous-valued 

vectors. In both the nets, input patterns can be presented in any order. For each pattern, presented to 

the network, an appropriate cluster unit is chosen and the weights of the cluster unit are adjusted to let 

the cluster unit learn the pattern. This network controls the degree of similarity of the patterns placed 

on the same cluster units. During training, each training pattern may be presented several rimes. It 

should be noted that the input pattersn should not be presented on the same cluster unit, when it is 

presented each time. On the basis of this, the stability of the net is defined as that wherein a pattern is 

not presented to previous cluster units. The stability may be achieved by reducing the learning rates. The 

ability of the network to respond to a new pattern equally at any stage of learning is called as plasticity. 

ART nets are designed to posses the properties, stability and plasticity. The key concept of ART is that the 

stability plasticity can be resolved by a system in which the network includes bottom-up (input-output) 

competitive learning combined with top-down (output-input) learning. The instability of instar-outstar 

networks could be solved by reducing the learning rate gradually to zero by freezing the learned 

categories. But, at this point, the net may lose its plasticity or the ability to react to new data. Thus it is 

difficult to possess both stability and plasticity.  

 

Adaptive Resonance Theory 1: 

Adaptive resonance theory 1 (ART 1) network is designed for binary input vectors. As discussed generally, 

the ART 1 net consists of two fields of units-input unit (F1 unit) and output unit (F2 unit)-along with the 

reset control unit for contolling the degree of similarity of patterns placed on the same cluster unit. 

There exist two sets of weighted interconnection path between F1 and F2 layers. The supplemmental 

unit present in the net provides the efficient neural conrtol of the learnin process. Carpenter and 

Grossberg have designed ART 1 network as a real-time system. In ART 1 network, it is not necessary to 

present an input pattern in a particular order; it can be presented in any order. ART 1 network can be 

practically implemented by analog circuits governing the differential equations, i.e. the bottom-up and 

top-dow weights are controlled by differential equations. ART 1 network runs throughout autonomously. 

lt does not require any external control signals and can run stably with infinite patterns of input data. 

ART 1 network is trained using fast learning method, in which the weights reach equilibrium during each 
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learning trial. During this resonance phase the activation  of F1 units do not change; hence the 

equilibrium weights can be determined exactly. The ART 1 network performs well with perfect binary 

input patterns, but it is sensitive to noise in the input data. Hence care should be taken to handle the 

noise.  

 

Architecture: 

The ART 1 network is made up of two units: 

1. Computational units. 

2. Supplemental units. 

 

The computational unit for ART 1 consisrs of the following: 

1. Input units (F1 unit- both input portion and interface portion). 

2. Cluster units (F2 unit- output unit). 

3. Reset control unit (controls degree of similarity of patterns placed on same cluster). 

 

The basic architecture of ART 1 is shown in figure. Here each unit present in the input portion of F1 layer  

{i.e., F1(a) layer unit) is connected to the respective unit in the interface portion of F1 layer {i.e. F1(b) 

layer unit). Reset control unit has connections from each of F1 (a) and F1 (b). Also, each unit in F1(b) 

layer is connected through two weighted interconnection paths to each unit in F2 layer and, the reset 

control unit is connected to every F2 unit. The Xi unit of F1 (b) layer is connected to Yj unit of F2 layer 

through bottom weights (bij) and the Yj unit of F2 is connected to Xi unit of F1 through top-down weights 

(tji). Thus ART I includes a bottom-up competitive learning system combined with a top-down outstar 

learning system.  

 

 
Figure 3.9: Basic Architecture of ART 1 
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Figure 3.10: Supplemental Unit of ART1 

 

Adaptive Resonance Theory 2: 

Adaptive Resonance Theory 2 (ART 2) is for continuous-valued input vectors. In ART 2 network 

complexity is higher than ART 1 network because much processing is needed in F 1 layer. ART 2 network 

was developed by Carpenter and Grossberg in 1987. ART 2 necwork was designed to self-organize 

recognition categories for analog as well as binary input sequences. The major difference between ART l 

and ART 2 networks is the input layer. On the basis of the stability criterion for analog inputs, a three-

layer feedback system in the input layer of ART 2 network is required: A bottom layer where the input 

patterns are read in, a top layer where inputs coming from the output layer are read in and a middle 

layer where the top and bottom patterns are combined together to form a matched pattern which is 

then fed back to the top and bottom input layers. The complexity in the F1 layer is essential because 

continuous-valued input vectors may be arbitrarily close together. The F1 layer consists of normalization 

and noise suppression parameter, in addition to comparison of the bottom-up and top-down signals, 

needed for the reset mechanism. The continuous-valued inputs presented to the ART 2 network may be 

of two forms. The first form is a "noisy binary" signal form, where the information about patterns is 

delivered primarily based on the components which are "on" or "off," rather than the differences existing 

in the magnitude of the components that are positive. In this case, fast learning mode is best adopted. 

The second form of patterns are those, in which the range of values of the components carries significant 

information and the weight vector for a cluster is found to be interpreted as exemplar for the patterns 

placed on that unit. In this type of pattern, slow learning mode is best adopted. The second form of data 

is "truly continuous.'' 

 

Architecture: 

A typical architecture of ART 2 nerwork is shown in Figure. The F1 layer consists of six types of units- W, 

X, U, V, P, Q -and there are "n" units of each type. The supplememal unit "N" between units W and X 

receives signals from all "W'' units, computes the norm of vector w and sends this signal to each of the X 

units. This signal is inhibitary signal. Each of this (XI, ... , X;, ... , Xn) also receives excitatory signal from the 

corresponding W unit. In a similar way, there exists supplemental units berween U and V, and P and Q, 

performing the same operation as done between W and X. Each X unit and Q unit is connected to V unit. 

The connections between Pi of the F1 layer and Yj of the F2 layer show the weighted interconnections, 

which multiplies the signals transmitted over those paths. The winning F2 units activation is d (0 < d< 1). 

There exists normalization between W and X, V and U, and P and Q. The normalization is performed 

approximately to unit length. 

The operations performed in F2 layer are same for both ART 1 and ART 2. The units in F2 layer compete 

with each other in a winner-rake-all policy to learn each input pattern. The testing of reset condition 

differs for ART 1 and ART 2 networks. Thus in ART 2 network, some processing of the input vector is 
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necessary because the magnitudes of the real valued-input vectors may vary more than for the binary 

input vectors. 

 

   
Figure 3.11 

(a) Architecture of ART 2 Network                  (b) Supplemental part of connection between W and X 

 

Application of Neural Network: 

Pattern and Face Recognition: 

Face recognition is a visual pattern recognition problem. In detail, a face recognition system with the 

i put of a  ar itrar  i age will sear h i  data ase to output people’s ide tifi atio  i  the i put i age. A 
face recognition system generally consists of four modules: detection, alignment, feature extraction, and 

matching, where localization and normalization (face detection and alignment) are processing steps 

before face recognition (facial feature extraction and matching) is performed. 

 

 
Figure 3.12: Structure of Face Recognition System 

 

Face detection segments the face areas from the background. In the case of video, the detected faces 

may need to be tracked using a face tracking component. Face alignment aims at achieving more 

accurate localization and at normalizing faces thereby, whereas face detection provides coarse estimates 

of the location and scale of each detected face. Facial components, such as eyes, nose, and mouth and 

facial outline, are located; based on the location points, the input face image is normalized with respect 

to geometrical properties, such as size and pose, using geometrical transforms or morphing. The face is 
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usually further normalized with respect to photometrical properties such illumination and gray scale. 

After a face is normalized geometrically, feature extraction is performed to provide effective information 

that is useful for distinguishing between faces of different persons and stable with respect to the 

geometrical and photometrical variations. For face matching, the extracted feature vector of the input 

face is matched against those of enrolled faces in the database; it outputs the identity of the face when a 

match is found with sufficient confidence or indicates an unknown face otherwise. 

 

Intrusion Detection System: 

Intrusion detection systems have got the potential to provide the first line of defense against computer 

network attacks. However, this potential is far from being exploited considering the fact that most of 

commercial IDS in the market do not identify novel attacks and generate false alerts for legitimate user 

activities. They mainly deploy misuse detection and are fully dependent on human interaction. Neural 

networks can be applied successfully to tackle these issues and design better intrusion detection system. 

Neural networks have already been used to solve many problems related to pattern recognition, data 

mining, data compression and research is still underway with regards to intrusion detection systems. 

Unsupervised learning and fast network convergence are some features that can be integrated in the 

newly designed IDS system using neural networks. 

 

Robotic Vision: 

Traditionally robot vision and robot control applications are written in imperative languages, such as 

Fortran, Pascal, Modula or C. Since the development of Artificial Intelligence techniques, specialized 

robot languages emerged. The upper layers of robot languages are: programmed in declarative 

languages, such as Lisp and Prolog. Recently, neural computing has become a third exciting programming 

alternative which complements the other programming styles. Neural programming paradigms apply to 

both robot vision and robot control. The basic neural network techniques are applied to robot vision. 

Among these are pattern recognition, blurred image restoration and unsupervised classification. It is 

likely that a judicious blend of these techniques will be used in complex scene analysis. Neural networks 

are characterized by an interconnection structure and a learning rule. These offer a wealth of 

combinations for each particular application. Therefore the major neural network models are analyzed 

and compared. 

This is an approach to the development of a system of multiple neural networks for the purpose of 

recognizing and learning objects with position, rotation, and scaling independence. The approach 

involves the linking of several neural-network schemes (the Kohonen self-organizing network, and the 

adaptive resonance theory network) into a larger system dedicated towards robot vision. Linking these 

networks together in a specified order should allow each network to contribute its strength to the 

overall process of recognizing and learning objects. 
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You can get previous year question papers at  

https://qp.rgpvnotes.in . 
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