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Learning of neural networks: Topics

 Concept of learning

• Learning in

 Single layer feed forward neural network

• Multilayer feed forward neural network

• Recurrent neural network

• Types of learning in neural networks
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Concept of Learning
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The concept of learning

• The learning is an important feature of human computational
ability.

• Learning may be viewed as the change in behaviour acquired
due to practice or experience, and it lasts for relatively long
time.

• As it occurs, the effective coupling between the neuron is
modified.
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The concept of learning
• In case of artificial neural networks, it is a process of modifying

neural network by updating its weights, biases and other
parameters, if any.

• During the learning, the parameters of the networks are optimized
and as a result process of curve fitting.

• It is then said that the network has passed through a learning
Phase.
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Types of learning
• There are several learning techniques.

• A taxonomy of well known learning techniques are shown in the following.

• In the following, we discuss in brief about these learning techniques.
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Supervised learning

• In this learning, every input pattern that is used to train the network is
associated with an output pattern.

• This is called training set of data. Thus, in this form of learning, the
input-output relationship of the training scenarios are available.

• Here, the output of a network is compared with the corresponding
target value and the error is determined.

• It is then feed back to the network for updating the same. This results in
an improvement.

• This type of training is called learning with the help of teacher.
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Unsupervised learning

• If the target output is not available, then the error in prediction can not
be determined and in such a situation, the system learns of its own by
discovering and adapting to structural features in the input patterns.

• This type of training is called learning without a teacher.
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Reinforced learning

• In this techniques, although a teacher is available, it does not tell the
expected answer, but only tells if the computed output is correct or
incorrect. A reward is given for a correct answer computed and a penalty for
a wrong answer. This information helps the network in its learning process.

• Note: Supervised and unsupervised learnings are the most popular forms of
learning. Unsupervised learning is very common in biological systems.

• It is also important for artificial neural networks: training data are not always
available for the intended application of the neural network.
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Gradient descent learning
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Gradient descent learning
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Stochastic learning

• Stochastic learning

In this method, weights are adjusted in a probabilistic fashion.

Simulated annealing is an example of such learning (proposed
by Boltzmann and Cauch)
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Hebbian learning
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Competitive learning

Competitive learning:

• In this learning method, those neurons which responds strongly
to input stimuli have their weights updated.

• When an input pattern is presented, all neurons in the layer
compete and the winning neuron undergoes weight adjustment.

• This is why it is called a Winner-takes-all strategy.

In this course, we discuss a generalized approach of supervised learning
to train different type of neural network architectures.
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Learning ANNs

In this course, we discuss a generalized approach of supervised learning
to train different type of neural network architectures.
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Training SLFFNNs
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Single layer feed forward NN (SLFFNN) training

• We know that, several neurons are arranged in one layer with
inputs and weights connect to every neuron.

• Learning in such a network occurs by adjusting the weights
associated with the inputs so that the network can classify the
input patterns.

• A single neuron in such a neural network is called perceptron.
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Single layer feed forward NN training
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Single layer feed forward NN training
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Single layer feed forward NN training
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Single layer feed forward NN training
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Learning of neural networks: Topics

Concept of learning

 Learning in

 Single layer feed forward neural network

• Multilayer feed forward neural network

• Recurrent neural network
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Training MLFFNNs
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Training multilayer feed forward neural network
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Specifying a MLFFNN
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Specifying a MLFFNN
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Specifying a MLFFNN
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Specifying a MLFFNN
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Learning a MLFFNN
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Input layer computation
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Input layer computation
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Hidden layer computation
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Hidden layer computation
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Output layer computation
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Output layer computation
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Output layer computation
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Back Propagation Algorithm
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Method of Steepest Descent

• Supervised learning is, in fact, error-based learning.

• In other words, with reference to an external (teacher) signal
(i.e. target output) it calculates error by comparing the target
output and computed output.

• Based on the error signal, the neural network should modify its
configuration, which includes synaptic connections, that is , the
weight matrices.
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Method of Steepest Descent

• It should try to reach to a state, which yields minimum error.

• In other words, its searches for a suitable values of parameters
minimizing error, given a training set.

• Note that, this problem turns out to be an optimization
problem.
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Method of Steepest Descent
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Method of Steepest Descent
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Method of Steepest Descent
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Method of Steepest Descent

DEBASIS SAMANTA
DEPARTMENT OF CSE

IIT KHARAGPUR



9

Method of Steepest Descent
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Calculation of error in a neural network
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Calculation of error in a neural network
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Supervised learning : Back-propagation algorithm
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Supervised learning : Back-propagation algorithm
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Supervised learning : Back-propagation algorithm
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Supervised learning : Back-propagation algorithm
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Supervised learning : Back-propagation algorithm
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Supervised learning : Back-propagation algorithm
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Supervised learning : Back-propagation algorithm
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Supervised learning : Back-propagation algorithm
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Batch mode of training
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Batch mode of training
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Tools for Fuzzy Logic
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Tool Link Comment

Fuzzy Logic Toolbox https://in.mathworks.com/products/fuzzy-logic.html Matlab Toolbox

MLF http://www.unisoftwareplus.com/products/mlf/index.html Commercial

LFLC http://irafm.osu.cz/en/c49_linguistic-fuzzy-logic-controller-lflc/ Commercial

FisPro http://www7.inra.fr/mia/M/fispro/fispro2013_en.html Open Source

Kappalab https://cran.r-project.org/web/packages/kappalab /index.html Open Source

GUAJE FUZZY https://sourceforge.net/projects/guajefuzzy/ Open Source

Some of the popular tools of Fuzzy Logic are tabulated below
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Matlab Fuzzy Toolbox
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 Matlab Fuzzy Toolbox consist of two useful tools:

FIS Editor: This Editor in combination with 4 other editors provides a
powerful environment to define and modify Fuzzy Inference System (FIS)
variable

Fuzzy Controller: This is a block in fuzzy Toolbox Library in Simulink
environment. This block admits FIS variable produced by FIS Editor and
implements the desirable rules

To start the MATLAB fuzzy toolbox type “fuzzy” in the command line of MATLAB



4

Example:  Understanding Traffic Patterns

Debasis Samanta
CSE

IIT KHARAGPUR

In this example we attempt to understand the relationship between the number of
automobile trips generated from an area and the area's demographics. Demographic
and trip data were collected from traffic analysis zones in New Castle County,
Delaware. Five demographic factors are considered: population, number of dwelling
units, vehicle ownership, median household income and total employment.
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Example:  Understanding Traffic Patterns
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 Define the inputs and output. For the
given problem we have five input and
one output.

 Assign names to inputs and outputs

 As can be seen, the FIS has 5 inputs and
1 output with the inputs mapped to the
outputs through a rule-base (white box
in the figure).
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Example:  Understanding Traffic Patterns
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 Notice that all the inputs and outputs have exactly
3 membership functions. The 3 membership
functions represent the 3 clusters

 Each input in the FIS represents an input variable in
the input dataset and each output in the FIS
represents an output variable in the output dataset

 Notice that the membership function type is
"gaussmf" (Gaussian function) and the parameters
of the membership function are [1.162 1.877],
where 1.162 represents the spread coefficient of
the Gaussian curve and 1.877 represents the
centre of the Gaussian curve
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Fuzzy rules
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 The first rule can be explained simply as follows.
If the inputs to the FIS, population, dwelling units,
num vehicles, income, and employment, strongly
belong to their respective cluster1 membership
functions then the output, num of trips, must strongly
belong to its cluster1 membership function.

 Similarly other rules can be defined
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Output Evaluation
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 After defining all possible fuzzy rules the output
can be analyzed by providing all the input value to
the fuzzy system

 In our case, three fuzzy rules are defined.
 For the given input

[3.29, 1.169,1.656,26.9,8.256]
 The output is

14.5
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Tools for Genetic Algorithm
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Tool Link Comment

Genetic Algorithm Toolbox https://in.mathworks.com/help/gads/genetic-algorithm.html Toolbox for Matlab

GEATbx http://www.geatbx.com/ Toolbox for Matlab

ECJ https://cs.gmu.edu/~eclab/projects/ecj/ Open Source

Evolver http://www.palisade.com/evolver/ Commercial

GeneHunter http://www.wardsystems.com/genehunter.asp Commercial

Some of the popular tools of GA are tabulated below
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Using the Genetic Algorithm Tool (Matlab)
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Fitness function

Number of 
Variables

Options

Start 
Algorithm

Display 
Results 

To start the MATLAB ANN toolbox type “gatool” in the command line of MATLAB
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Example: Rastrigin's Function
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1. Enter gatool at the command line to open the
Genetic Algorithm Tool.

2. Enter the following in the Genetic Algorithm
Tool: In the Fitness function field, enter
@rastriginsfcn.

3. In the Number of variables field, enter 2, the
number of independent variables for Rastrigin's
function.

4. Click the Start button in the Run solver pane
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Example: Rastrigin's Function
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The final value of the fitness
function when the algorithm
terminated: Function value:
0.5461846729884883
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Tools for ANN
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Tool Link Comment

Neural Network Toolbox https://in.mathworks.com/products/neural-network.html Toolbox for MATLAB

FANN http://leenissen.dk/fann/wp/ Open Source

Neuro Modeler https://sourceforge.net/projects/neuromodeler/ Open Source

WEKA https://www.cs.waikato.ac.nz/ml/weka/ Open Source

EasyNN http://www.easynn.com/ Commercial

Encog Machine Learning 
Framework

http://www.heatonresearch.com/encog/ Commercial

Statistica http://statistica.io/ Commercial

Some of the popular tools of ANN are tabulated below
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MATLAB ANN toolbox is used for the 
following tasks

 Function fitting

 Pattern recognition

 Data clustering

 Time series analysis

To start the MATLAB ANN toolbox type “nnstart” in the command line of MATLAB

Using the ANN Toolbox (Matlab)
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Click Fitting Tool to open the Neural Network Fitting Tool.

Fitting Tool



16

Debasis Samanta
CSE

IIT KHARAGPUR

Click Fitting Tool to open the Neural Network Fitting Tool.

Fitting Tool

Problem Statement
Suppose, for instance, that you have data from a housing application. You want to design a
network that can predict the value of a house (in $1000s), given 13 pieces of geographical
and real estate information. You have a total of 506 example homes for which you have
those 13 items of data and their associated market values
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Fitting Tool

The validation and test data sets are each set to 
15% of the original data.

 Click Load Example Data Set in the Select Data window. The Fitting Data Set Chooser window
opens

 Select House Pricing, and click Import. This returns you to the Select Data window.
 Click Next to display the Validation and Test Data window, shown in the following figure.

 The standard network that is used for function fitting is a two-layer feedforward network, with a
sigmoid transfer function in the hidden layer and a linear transfer function in the output layer.
The default number of hidden neurons is set to 10

 Click Next to reach the training window and then click Train.
 The training continued until the validation error failed to decrease for six iterations
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Hybridization
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 Hybrid systems employ more than one technology to solve a problem.

 Hybridization of technologies can have pitfalls and therefore need to be done with care.

 If one technology can solve a problem then a hybrid technology ought to be used only if

its application results in a better solution.
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Hybrid Systems
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 Sequential hybrid system: 
The technologies are used in pipelining fashion;

 Auxiliary hybrid system: 
The one technology calls the other technology as subroutine;

 Embedded hybrid system:
The technologies participating appear to be fused totally.
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Sequential Hybrid System

Debasis Samanta
CSE

IIT KHARAGPUR

In Sequential hybrid system, the technologies are used in pipelining fashion. Thus, one
technology's output becomes another technology's input and it goes on. However, this is
one of the weakest form of hybridization since an integrated combination of technologies is
not present.

Example: A Genetic algorithm pre-processor obtains the optimal parameters for different
instances of a problem and hands over the pre-processed data to a neural network for
further processing.
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Auxiliary Hybrid System 
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In Auxiliary hybrid system, one technology calls the other technology as subroutine to
process or manipulate information needed. The second technology processes the
information provided by the first and hands it over for further use. This type of
hybridization is better than the sequential hybrids.

Example: A neuron-genetic system in which a neural network employs a genetic algorithm
to optimize its structural parameters that defines its architecture.
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Embedded Hybrid System 
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In Embedded hybrid system, the technologies participating are integrated in such a manner
that they appear intertwined. The fusion is so complete that it would appear that no
technology can be used without the others for solving the problem.

Example: A NN-FL hybrid system may have an NN which receives fuzzy inputs, processes it
and extracts fuzzy outputs as well.
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Typical Hybrid Systems
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S. No. Hybrid System Description
1 Neuro – Fuzzy Hybrid with Multilayer Feed

forward Network as the host architecture
Fuzzy back propagation network

2 Neuro – Fuzzy Hybrid with Recurrent Network as
the host architecture

Simplified Fuzzy ARTMAP

3 Neuro – Fuzzy Hybrid with single layer Feed
forward architecture

Fuzzy Associative Memory

4 Neuro Genetic Hybrid Genetic algorithm based back propagation
network

5 Fuzzy – Genetic Hybrid Fuzzy logic controlled Genetic algorithm



25

Neuro-Fuzzy Systems
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 Fuzzy logic and neural networks are natural complementary tools in building
intelligent systems.

 While neural networks are low-level computational structures that perform well
when dealing with raw data, fuzzy logic deals with reasoning on a higher level, using
linguistic information acquired from domain experts.

 However, fuzzy systems lack the ability to learn and cannot adjust themselves to a
new environment. On the other hand, although neural networks can learn, they are
opaque to the user.
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Neuro-Fuzzy Systems Example
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Neuro-Genetic Systems
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 In neuro-genetic systems neural network calls a genetic algorithm to optimize
its structural parameters

 GA based algorithms have provided encouraging results especially with regard
to face recognition, animal control, and others.

 GA-NN is also known as GANN have the ability to locate the neighbourhood of
the optimal solution quicker than other conventional search strategies.

 The drawbacks of GANN algorithms are : large amount of memory required to
handle and manipulate chromosomes for a given network; the question is
whether this problem scales as the size of the networks become large.
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Neuro-Genetic Systems Example
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Fuzzy-Genetic Systems
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Fuzzy-Genetic Systems Example
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