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Soft Computing and Deep Learning

Unit - 1

Evolution of Computing

Pre Computers Era

Pen and Paper era

Concept of numbers became concrete

Zero was invented by Brahmagupta or Aryabhatta

Number systems evolved

Earliest known computation tool - Abacus thought to have been invented in 2400 BC

Computational theories evolved with the advent of logarithms etc

Computers Era

Digital electronics used for computing led to modern computers around 1931

Alan Turing modelled the Turing machine

ENIAC - first electronic general purpose computer, announced to public in 1946

Specialized hardware for networking enabled culmination into Internet and WWW

Evolution of Application Specific Integrated Circuits (ASIC)

Software Defined Era

Software started getting more sophisticated

Evolved over paradigms like multi-tier architecture, loosely coupled system, off-host processing, etc

Advent in the area of virtualisation

Lot of concepts could be abstracted easily at various levels, enabling a lot of use cases

Tiered storage can be exposed as a single block store as well as file system store at the same time

Concepts like SDN, SDS led to SD-Everything

Hardware commoditized

Beyond Software

Computing moved away from “computing devices” into general-purpose devices like watches, 

clothing, cars, speakers, toasters etc.

Every device is becoming intelligent

Software along the path of being commoditised

Soft Computing and Hard Computing

HC deals with precise models where accurate solutions are achieved quickly

SC 

deals with approximate models and gives solution to complex problems
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Introduced by Professor Lotfi Zadeh

Ultimate goal is to emulate human mind as closely as possible

Involves partnership of several fields

Includes probabilistic reasoning, for its uncertainty control techniques

Uses of a combination of GAs, neural networks and FL

Constituents are complementary, not competitive

Components of Soft Computing

NNs

has the ability to learn by example

imitate animal brain and components

no need to understand internal mechanisms of a task or devise an algorithm to perform it

information processing model 

Fuzzy systems

Evolutionary computation, including:

Evolutionary algorithms (genetic algorithm)

Harmony search

Ideas about probability including

Bayesian network

Chaos theory

underlying patterns and deterministic laws of dynamical systems highly sensitive to initial conditions 

once thought to have been completely random states of disorder and irregularities

Perception

“do what I mean, not as as I say”

programming with “human common sense capability”

Applications of Soft Computing
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Systems and Manufacturing

logic controller converts sensory inputs to fuzzy variables defined according to IF_THEN rules

used in engine control, automatic transmissions, antiskid steering, etc.

Image Processing and Data Compression

fastest solutions to pattern recognition

Handwriting Recognition

uses “block-level technique” where system recognizes particular script from a number of script docs 

given

uses discrete cosine transform and discrete wavelet transform

Pattern Recognition

Unit - 2

Membership Functions
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defines how each point in the input space is mapped to membership value between 0 and 1

Features in characterising membership function:

Core - region of universe that is characterised by complete membership in the set

Support - region of universe characterised by a non-zero membership in the set

Boundary - region of universe containing elements that have non-zero but not complete membership

Fuzzy Set Types

Fuzzy Singleton - set whose support is a single point in X with value 1

Normal Fuzzy Set - has membership function has at least one element x in universe whose membership 

value is unity. This element is called prototypical element.

Subnormal Fuzzy Set - has no membership function has its value equal to 1

Convex Fuzzy Set - has membership function whose membership values are strictly monotonically 

increasing / decreasing with increasing values for elements in the universe

Nonconvex Fuzzy Set - possesses characteristics opposite to convex fuzzy set

Fuzzy Relations

Relate elements of universe X to those of universe Y through Cartesian product of the two universes
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Fuzzy Control

Technique to embody human-like thinkings into a control system

Designed to give acceptable if not accurate reasoning

Can emulate human deductive thinking

Uncertainties can be dealt with fuzzy logic

Fuzzification

Transforming a crisp set to a fuzzy set or a fuzzy set to a fuzzier set

Translates accurate crisp input values into linguistic variables

Quite simple

Methods:

Intuition - each curve is a membership function corresponding to various fuzzy (linguistic) variable

Inference - uses knowledge to perform deductive reasoning

Rank ordering - pairwise comparisons enable us to determine preferences and this results in 

determining order of membership

Angular fuzzy sets

Neural network

Can use IF_THEN rules to fuzzify

Defuzzification

Fuzzy set transformed to crisp set

Quite complicated

Methods:

Maximum membership principle

Centroid method
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Weighted average method

Center of sums

Uses centre of gravity methods to find centroid of sets

IMPLICATION RELATION

If x is A THEN y is B

R = (A * B) U (A’ * Y)

IF x is A THEN y is B ELSE y is C

R = (A * B) U (A’ * C)

“ * “ => minimum of two sets

“ U “ => maximum of two sets

Numerical Ref.: https://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.1039.4729&rep=rep1&type=pdf (pages 

4-6)

Max-Min Composition

R(X, Y) and S(Y, Z) is denoted by R(X, Y) o S(Y, Z) as

Min-Max Composition

R(X, Y) and S(Y, Z) is denoted by R(X, Y) o S(Y, Z) as
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Fuzzy Inference System

Construction

Rule base

Contains fuzzy IF-THEN rules

Database

Defines membership functions

Decision-making Unit

Performs operation on rules

Fuzzification Interface Unit

supports application of numerous fuzzification methods, and converts the crisp input into fuzzy 

input.

Defuzzification Interface Unit - fuzzy input converted to crisp output

Knowledge base - collection of rule base and database formed upon conversion of crisp input to fuzzy 

input
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Fuzzy Logic Controller

Design steps:

Identification of variables − input, output and state variables must be identified of the plant which is under 

consideration.

Fuzzy subset configuration − universe of information divided into number of fuzzy subsets, each subset 

assigned a linguistic label. 

Obtaining membership function − obtain membership function for each fuzzy subset that we get in above 

step.

Fuzzy rule base configuration − formulate fuzzy rule base by assigning relationship between fuzzy input 

and output.

Fuzzification

Combining fuzzy outputs − By applying fuzzy approximate reasoning, locate fuzzy outputs and merge 

them.

Defuzzification

Predicate Logic

Predicate 

expression of >= 1 variables based on a specific domain

Can be made a proposition by either authorising a value to the variable or by quantifying it

Quantifier

Used to quantify variable of predicates

// p(x) is a proposition over universe U

Existential Quantifier (∃)

∃x p(x)

There exists at least one value in the universe of variable x such that p(x) is true

Universal Quantifier (∀)

∀x p(x)

For every x∈U, p(x) is true

Fuzzy Decision Making

Steps:

Determining set of alternatives

Evaluating alternatives

Comparison between alternatives
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Types:

Individual

Only a single person responsible for taking decisions

Multi-person

Includes several persons so that expert knowledge is used to make decisions

Multi-objective

Several objectives to be realised

Multi-attribute

Takes place when evaluation of alternatives can be carried out based on several attributes of the 

object

Applications of Fuzzy Logic

Altitude control of spacecraft

Traffic control 

Decision making systems

Stock market predictions

Optimization of food item production (milk/cheese)

Unit - 3

GA Operators

Selection

Select fittest individuals, let them pass their genes to next generation

Parents are selected based on their fitness scores

Rank-based Selection:

first ranks population, then every chromosome receives fitness from this ranking

worst has fitness 1, second worst fitness 2, .., best has fitness N (number of chromosomes) 

computationally expensive

slower convergence, as best chromosomes don’t differ by much

Crossover

Most significant phase

For each pair of parents to be mated, a crossover point is chosen at random from within genes

Offspring created by exchanging genes of parents among themselves until crossover point reached

New offspring added to population

Mutation

In new offspring, some bits in bit string can be flipped

Occurs to maintain diversity within population and prevent premature convergence

Types:

Bit Flip Mutation: >= 1 random bits are flipped; used for binary encoded GAs

Random Resetting: random value from set of permissible values assigned to randomly chosen 

gene

Swap Mutation: two positions on chromosome randomly chosen and interchanged

Scramble Mutation: subset of genes chosen from chromosome and scrambled

Inversion Mutation: subset of genes is taken and reversed as string

Fitness Function

Determines how fit an individual is

Fitness = ability of an individual to compete with other individuals

Gives a fitness score for each individual

Probability that an individual is selected for reproduction is based on its fitness score

Convergence
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Phenomenon that causes evolution to halt because every individual in the population is identical

Can be avoided with a variety of diversity generating techniques

Working Principle

GA begins with a set of solutions (represented by chromosomes) called population

Solutions from a particular population taken and used to form a new population

New population describes next generation (hoping next gen will be better than previous gen)

Solutions selected according to their fitness to form new solutions

Fitness = ability of a solution to survive and pass on to next gen

More the fitness, higher the chance to reproduce

Next gen created by exchanging individual genes of parents and also by changing genes randomly in 

individual chromosomes

Repeated until some condition is satisfied (e.g.: number of generations, improvement in best solution, etc.)

Encoding Methods

Binary encoding

Chromosomes are strings of 0s and 1s and each position represents a particular characteristic of the 

problem

Permutation encoding

Useful in ordering like TSP. In TSP, every chromosome is a string of numbers, each represents a city to 

be visited 

Value encoding

Used where complicated values like real numbers are used and binary encoding would not suffice

Octal encoding

String made up of octal numbers (0 - 7)

Smaller than binary encoded strings

Hexadecimal encoding

String made up of hexadecimal numbers (0 - 9, A - F)

Smaller than binary and octal encoded strings

Tree encoding

Used for evolving expressions for genetic programming

Every chromosome is a tree of some objects like functions/commands in a programming language

Numerical Ref.: https://www.youtube.com/watch?v=IZEhdgjZyf0

Traditional vs. Genetic 
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GA uses probabilities in operators

GAs work with population instead of a single point

Evolutionary Programming vs Genetic Algorithms

EP GA

evolve intelligent behavioural model evolve genetic model

individual solution is FSM individuals are represented as a binary 

string

parent selection is stochastic using 

tournament

both deterministic and stochastic 

selection can be used

probabilistic selection children replace parents

mutation is Gaussian perturbation fixed size mutation

does not use recombination to produce 

offspring; only mutation

uses various recombination operators

Applications

NNs

Scheduling applications

DNA analysis

TSP

Digital Image Processing

Unit - 4
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Learning Rules

Hebbian

identifies how to modify weights of nodes in a network

if two neighbor neurons activated and deactivated at same time, weight connecting these neurons 

should increase

for neurons operating in opposite phase, weight between them should decrease

if no signal correlation, weight should not change

used for both soft and hard activation functions

unsupervised learning rule, since desired response of neuron is not used in learning procedure

W_ij = X_i * X_j

Perceptron

network starts learning by assigning a random value to each weight

calculated output compared with expected value along with error function

then weights are adjusted, checking each time if error has increased or decreased

example of supervised learning

Delta

modification in sympatric weight of node is equal to multiplication of error and input

compare output with input vector

if difference zero, no learning takes place

else, weights adjusted to reduce difference

change in weight from u_i to u_j is r * a_i * e_j

r = learning rate

a_i = activation of u_i

e_j = difference between expected and actual output of u_j

can use with both single output unit and several output units

assume that error can be directly measured

aim is to reduce error

Correlation

supervised learning

assumes that weights between responding neurons should be more positive, and weights between 

neurons with opposite reaction should be more negative

desired response is used for weight-change calculation

starts with initialisation of weights to zero

Outstar

used when nodes in a network are assumed to be arranged in a layer

weights connected to a certain node should be equal to desired outputs for neurons connected 

through those weights

Activation Functions

Linear

f(x) = x

-inf to +inf

Sigmoid
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differentiable, monotonic

0 to 1

softmax more generalised; used for multiclass classification

Softmax

tanh
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-1 to 1

differentiable, monotonic

used for 2 class classification

ReLU

0 to inf

Single Layer Perceptron
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local memory consists of weight vector

simple feedforward NN

no hidden layers

Parts:

input layer

weights and bias

net sum

activation function

Multilayer Perceptrons / Feed forward Networks

also called multilayer perceptrons

goal is to approximate some function f*

e.g.: y = f* (x) maps input x to a category y

no feedback connections in which outputs of model are fed back into itself

feedforward network defines mapping y = f(x, theta) and learns the value of parameters theta that result in 

the best function approximation

information flows through function being evaluated from x through intermediate computations and finally to 

output y; hence the name

represented by composing together many different functions: f(x) = f3 (f2 ( f1 (x)))

f1 is called first layer, f2 second and so on

overall length of chain gives depth of model

hence the name “deep” learning

dimensionality of hidden layers gives width of model

each element of vector plays a role analogous to a neuron

each unit receives input from many other units and computes its own activation value

Back-propagation Networks

allows information from cost to flow backward to compute the gradient

refers only to method for computing the gradient, not as a whole algorithm

Learning:

looks for minimum value of error function in weight space using gradient descent

computes gradient of loss function for a single weight by chain rule

computes one layer at a time

sends readjusted weights and biases back to previous layer recursively to change which neurons are 

activated
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ANN Types

Feedforward NN

input travels in one direction

may or may not have hidden layers

has a front propagated wave and no backprop

used in CV, speech recognition, etc where classifying target classes is complicated

Radial basis function NN

considers distance of a point wrt center

two layers:

first - features combined with RBF in inner layer

output of features taken into consideration while computing same output in next time-step

point is in or around radius => high likelihood of new point being classified into that class

Kohonen Self Organizing NN

comprises either one or two dimensions

location of neuron remains constant when training map but weights differ depending on value

in first phase, every neuron value initialised with small weight and input vector

in second phase, neuron closest to point is ‘winning’ neuron and neurons closest to winning neuron 

move towards the point

euclidean distance between point and neurons calculated and neuron with least distance wins

through iterations, all points are clustered and each neuron represents each kind of cluster

Recurrent NN

saves output of a layer a feeds back to input to help predict outcome of layer

first layer similar to feed forward NN

RNN process starts once product of sum of weights and feature is computed

from one time-step to next, each neuron remembers some information it had in previous time step

each neuron acts like a memory cell

Convolutional NN

input features taken in batch wise like a filter

helps network remember images in parts and can compute operations

computations involve converting RGB to grayscale etc

Modular NN

collection of different networks working independently and contributing towards output

networks do not interact or signal each other in accomplishing the tasks

breaks down a large computational process into smaller components

Associative Memory

aka content addressable memory

stores set of patterns called memories

Work on the basis of pattern association, i.e., store different patterns and at time of giving output they can 

produce one of stored patterns by matching with given input pattern

Auto Associative Memory

single layer feedforward NN where input training and output target vectors are same

weights determined so that network stores a set of patterns

Training:

Initialise all weights to zero and perform following operations for each input vector w_ij = 0 (i, j 

each 1 to n)

Activate each input unit x_i = s_i

Activate each output unit y_j = s_j

Adjust weights w_ij = w_ij (old) + x_i*y_j

Testing
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Set weights obtained during training for Hebb’s rule and perform following steps for each input 

vector

Set activation of input units equal to that of input vector

Calculate net input to each output unit y_inj = sum (i = 1 to n) x_i*w_ij

Apply activation function

y_j = y_inj > 0 ? +1 : -1

Hetero Associative Memory

also a single layer NN

input training and output target vectors are not same

static in nature, hence no non-linear and delay operations

Training same as auto associative except y values are from 1 to m, not 1 to n

Testing same except y_j = 0 if y_inj = 0

Adaptive Resonance Theory

based on competition, uses unsupervised learning

always open to new learning (hence, adaptive) without losing old patterns (resonance)

ART is a vector classifier which accepts an input vector and classifies it into a category depending upon 

which stored pattern it resembles the most

Operating principal:

Recognition phase

input vector compared with classification presented at every node in output layer

output of neuron = 1 if best matches with applied classification else 0

Comparison phase

comparison of input vector to comparison layer vector is done

condition for reset = degree of similarity < vigilance parameter

Search phase

network searches for reset and match done in above phases

if no reset and match is good, classification is over

else process repeated and other stored pattern must be sent to find correct match

Self Organising Map

Feature mapping is used to convert wide pattern space into a typical (1D or 2D) feature space

Neighbor topology must also be preserved, hence SOM required

Steps:

Select random input

Compute winning neuron

Update neurons

Repeat for all input data

Classify input data

Most used topologies:

Rectangular Grid

24 nodes in distance-2 grid

16 nodes in distance-1 grid

8 nodes in distance-0 grid

Winning unit indicated by #
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Hexagonal Grid

18 nodes in distance-2 grid

12 nodes in distance-1 grid

6 nodes in distance-0 grid

winning unit indicated by #

Training:

initialise weights, learning rate alpha and neighborhood topological scheme

Continue steps 3-9 when stopping condition is not true

Continue steps 4-6 for every input vector x

Calculate Euclidean distance for j = 1 to m

Obtain winning unit J where D(j) is minimum

Calculate new weight of winning unit 

w_ij (new) = w_ij (old) + alpha * [x_i - w_ij (old)]

Update learning rate

alpha * (t + 1) = 0.5 * alpha * t

Reduce radius of topological scheme

Check for stopping condition of network

Applications

Speech Recognition

Multilayer networks with/without recurrent connections

KSOM

inputs are short segments of speech waveform
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maps same kind of phonemes as output array, called feature extraction

Character Recognition

Multilayer NNs like BPNNs

Neocognition

Signature Verification

Face Recognition

Unit - 5

Architecture of DNN

Input - set of features fed into model for learning

Weight - gives importance to features that contribute more towards learning

does so by introducing scalar multiplication between input value and weight matrix

Transfer function - combine multiple inputs into one output value so activation function can be applied; 

done by summation of all inputs to transfer function

Activation function - introduces non-linearity in working of perceptrons to consider varying linearity with 

inputs

without this, output would just be a linear combination of input values 

Bias - shifts value produced by activation function

Input Layer - data fed to model is loaded here; only invisible layer in complete NN architecture that passes 

complete information from outside world without any computation

Hidden Layers - intermediate layers that do all computations and extract features from data

Output Layer - takes input from preceding hidden layers and comes to a final prediction based on model’s 

learnings

in case of classification/regression models, this has a single node

Restricted Boltzmann Machines

2-layered NN

layers are input and hidden layers

every node in a hidden layer is connected to every node in a visible layer

nodes within a layer are not connected, due to computational complexity

during training, RBMs calculate probability distribution of training set using a stochastic approach

when training begins, each neuron gets activated at random

model contains respective hidden and visible bias

hidden bias used in forward pass to build activation

visible bias helps in reconstructing input

since reconstructed input always different from original input, RBMs aka generative models

because of built-in randomness, same predictions result in different outputs: most significant difference 

from an autoencoder
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Deep Belief Network

typical architecture but includes a novel training algorithm

multilayer network where each pair of connected layers is an RBM

so DBN is represented as a stack of RBMs

input layer = raw sensory inputs

each hidden layer = abstract representations of this input

output layer implements network classification

Training in two steps:

unsupervised pre-training

each RBM trained to reconstruct its input

e.g.: first RBM reconstructs input layer to first hidden layer; next RBM trained with first hidden 

layer as input layer

this process continues until each layer is pre-trained

supervised fine-tuning

output nodes are applied labels to give them meaning (what they represent in the context of 

network)
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training then applied using either gradient descent or backprop to complete the training 

proceess

Deep Learning Libraries and Platforms

Caffe

written in C++ with bindings in Python, MATLAB

switching between CPU and GPU using a single flag

high-speed, processes > 60M images in a single day

aims for mobile phones and computational constrained platforms

Theano

written in Python

faster than Tensorflow

supports wider range of operations

Keras, Lasagne, Blocks built on top of Theano

computational graph is nice abstraction

problematic on AWS

TensorFlow

written in C++, Python, CUDA

provides a high level API, complex coding not required

supports both CPUs and GPUs

architecture:

data preprocessing

building model

training and estimating model

PyTorch

written in Python

uses dynamic computation graphs 

completely Pythonic (classes, OOP, etc)
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automatic differentiation for creating and training DNNs

tensor computation similar to NumPy

DL4J

written in C++, Java

great if Java used

integrates well with Hadoop and Apache Spark

Unit - 6

CNN

network architecture for DL which learns directly from data, eliminating the need for manual feature 

extraction

useful for finding patterns in images to recognize objects, faces, and scene

also useful for classifying non-image data like audio, time series, and signal data

Convolution puts input through a set of convolution filters, each of which activates certain features from the 

data

Pooling simplifies output by performing nonlinear downsampling, reducing number of parameters that 

network needs to learn

Properties:

Stability

small local deformations don’t change content of data (“label”)

go beyond simple translation invariance

Invariance

CNNs don’t care where an activation fires, simply that it does fire

Invertibility

RNN
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output from previous step fed as input to current step

feed-forward networks have no memory and only consider current input

in RNN, information cycles through a loop

considers current input along with what it has learned from previously received inputs

has short-term memory

advantages:

process any length input

computation for a step can use information from many steps back

model size doesn’t increase for longer input

same weights applied on every timestep

symmetry in how inputs are processed

disadvantages:

slow

difficult to access information from many steps back

vanishing gradient

applications:

sequence classification - sentiment and video classification

sequence labelling - PoS tagging, NER

sequence generation - machine translation and transliteration

LSTM

long short-term memory

advanced RNN

handles vanishing gradient (faced by RNN)

hidden state called short term memory

cell state called long term memory

Gates:

Forget gate - decide whether information from previous timestamp to be kept or forgotten

Input gate - quantifies importance of new information carried by input

○
●

●
●
●
●

○
○
○
○
○

●
○
○

◆
◆
◆

○

●
●
●

○
◆
◆
◆

○
◆
◆
◆

●
○
○
○

●
○
○
○

Output gate 

New information passed to cell state is a function of a hidden state at previous timestamp t - 1 and input x at 

timestamp t

Language Modelling

task of predicting what word comes next

formally: given a sequence of words x1, x2, …, xt, compute the probability distribution of the next word xt+1

can also be thought of as a system that assigns a probability to a piece of text

N-gram language models

n-gram = chunk of n consecutive words

bigrams = chunks of 2 consecutive words

first, make a simplifying assumption: x(t + 1) depends only on preceding n - 1 words

problem: sparsity

increasing n makes sparsity worse

Neural LM

fixed-window improves over n-gram

problems:

fixed window too small

enlarging window enlarges W

window can never be large enough

no symmetry in how inputs are processed

Image Captioning

generating textual description of an image

uses both NLP and CV

Network topology

Encoder

can be thought of as CNN

input image given to CNN to extract features

last hidden state connected to decoder

Decoder

RNN

does language modelling upto word level

first timestamp receives encoded output from encoder and also <START> vector

Training:

set x1 = <START> vector and y1 = first word in sequence

set x2 = word vector of first word and expect network to predict second word

last step xT = last word and yT = <END> token

Testing:

set x1 = <START> vector

compute distribution over y1

sample a word from distribution, set embedding vector as x2 and repeat until <END> token is 

generated


