UNITV NEURAL NETWORKS

Perceptron - Multilayer perceptron, activation functions, network training - gradient descent optimization
- stochastic gradient descent, error backpropagation, from shallow networks to deep networks -Unit
saturation (aka the vanishing gradient problem) - ReLU, hyperparameter tuning, batch normalization,
regularization, dropout.

WHAT IS ARTIFICIAL NEURAL NETWORK?

An Artificial Neural Network [ANN] is a mathematical model that tries to simulate the structure and
functonalities of biological neural networks. Basic building block of every artificial neural network is
artificial neuron, that is, a simple mathematical model (function). Such a model has three simple sets ol
rules: multiplication, summation and activation. At the entrance of artificial neuron the inputs are weighted
what means that every input value is multiplied with individual weight. In the middle section of artificial
neuron s sum function that sums all weighted inputs and bias. At the exit of artificial neuron the sum of
previously weighted inputs and bias is passing through activation function that is also called transfer

function.
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STRUCTURE AND FUNCTIONS OF ARTIFICIAL NEURON.

An artificial neuron is a mathematical function conceived as a model of biclogical neurons, a neural
network. Artificial neurons are elementary units in an artificial neural network. The artificial neuron
receives one or more inputs (representing excitatory postsynaptic potentials and inhibitory postsynaptic
potentials at neural dendrites) and sums them to produce an output (or activation, representing a neuron's
action potential which is transmitted along its axon). Usually each input is separately weighted, and the
sum is passed through a non-linear function known as an activation function or transfer function. The
transfer functions usually have a sigmoid shape, but they may also take the form of other non-lineat
functions, piecewise linear functions, or step functions. They are also often monotonically increasing
continuous, differentiable and bounded. The thresholding function has inspired building logic gates
referred to as threshold logic; applicable to building logic circuits resembling brain processing. For
example, new devices such as memristors have been extensively used to develop such logic in recent times.
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Perceptron

Whereas a computer generally has one processor, the brain is composed of a very large (1011) number of
processing units, namely, neurons, operating in parallel.

Neurons in the brain have connections, called synapses, to around 104 other neurons, all operating in
parallel.

In a computer, the processor is active and the memory is separate and passive,

but it is believed that in the brain, both the processing and memory are distributed together over the
network;

processing is done by the neurons, and the memory is in the synapses between the neurons.



The perceptron is the basic processing element. It has inputs that may
come from the environment or may be the outputs of other perceptrons.
Associated with each input, x; € ®,5 = 1,...,d, is a connection weight,
or synaptic weight w; = R, and the output, y, in the simplest case is a
weighted sum of the inputs (see figure 11.1)

d
¥ =2 WiX; + Wy
J=1
wy 15 the mtercept value to make the model more general; it 1s generally
modeled as the weight commng from an extra bigs uni, xq, which is always

+1. We can write the output of the perceptron as a dot product

y=wlx

where w = [wo,wi1,...,wd]¥ and x = [1,x1,...,x4]" are augmented vec-
tors to include also the bias weight and mmput.

During testing, with given weights, w, for input x, we compute the
output ¥. To implement a given task, we need to learn the weights w, the
parameters of the system, such that correct outputs are generated given

the inputs.
When d = 1 and x is fed from the environment through an input unit,
we have

¥ = WX + wWao
The perceptron as defined in equation 11.1 defines a hyperplane and as
such can be used to divide the input space into two: the half-space where
it is positive and the half-space where it is negative (see chapter 10). By
using it to implement a linear discriminant function, the perceptron can
separate two classes by checking the sign of the output. If we define s(-)
as the threshold function

(@) = 1 ifa=0
S =7 0 otherwise

then we can

Oy ifsiwTx)=0

EhlIISE{ s otherwise



Figure 11.2 K parallel perceptrons. xj,j = 0...., d are the inputs and y;,i =
1,.... K are the outputs. w;; is the weight of the connection from input x; to
output y;. Each output is a weighted sum of the inputs. When used for K-class
classification problem, there is a postprocessing to choose the maximum, or
softmax if we need the posterior probabilities.



WHAT IS A PERCEPTRON?

A perceptron is a binary classification algorithm modeled after the functioning of the human brain—it
was intended to emulate the neuron. The perceptron, while it has a simple structure, has the ability to
learna
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What is Multilayer Perceptron?

A multilayer perceptron (MLP) is a group of perceptrons, organized in multiple layers, that can
accurately answer complex questions. Each perceptron in the first layer (on the left) sends signals to all
the perceptrons in the second layer, and so on. An MLP contains an input layer, at least one hidden layer,

and an output layer’ Perceptron Input And Output
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The perceptron learns as follows:

1. Takes the inputs which are fed into the perceptrons in the input layer, multiplies them by their
weights, and computes the sum.

2. Adds the number one, multiplied by a "bias weight”. This is a technical step that makes it possible to
move the output function of each perceptron (the activation function) up, down, left and right on
the number graph.

3. Feeds the sum through the activation function—in a simple perceptron system, the activation
function is a step function,

4. The result of the step function is the output.



A multlayer perceptron is quite similar to a medern neural network. By adding a few ingredients, the
perceptron architecture becomes a full-lledged deep learning system:

# Activation functions and other hyperparameters: a full neural network uses a variety of
activation functions which output real values, not boolean values like in the classic perceptron. It is
more flexible in terms of other details of the learning process, such as the number of training
iterations [lterations and epochs), weight initialization schemes, regularization, and so on. All these
can be tuned as hyperparameters.

« Backpropagation: a full neural network uses the backpropagation algorithm, to perform iterative
backward passes which try to find the optimal values of perceptron weights, to penerate the most
accurate prediction.

+  Advanced architectures: full neural networks can have a variety of architectures that can help
solve specific problems. A few examples are Recurrent Neural Networks (RNN), Convelutional
Neural Networks [CNN), and Generative Adversarial Networks [GAN).

Training a Perceptron

The perceptron defines a hyperplane, and the neural network perceptron is just a way of implementing the
hyperplane.

Given a data sample, the weight values can be calculated offline and then when they are plugged in, the
perceptron can be used to calculate the output values.

ONLINE LEARNING In online learning, we do not write the error function over the whole
sample but on individual instances. Starting from random initial weights,
at each iteration we adjust the parameters a little bit to minimize the
error, without forgetting what we have previously learned. If this error
function is differentiable, we can use gradient descent.

For example, in regression the error on the single instance pair with
index t, (xf, ¥, is

and for j =0,...,d, the online update is

(1L.7)  Awj =n(r' - y")x]

where n is the learning factor, which is gradually decreased in time for
sTOCHASTIC  convergence. This is known as stochastic gradient descent.

GRADIENT DESCENT Similarly, update rules can be derived for classification problems using
logistic discrimination where updates are done after each pattern, instead
of summing them and doing the update after a complete pass over the
training set. With two classes, for the single instance (x',#") where 1/ = 1
if x' € C; and rf = Dif x" £ (5, the single output is

¥' = sigmoid(w” x")
and the cross-entropy is
Efiw|x', r') = —rflogy" — (1 - rf)log(1 — »")
Update = LearningFactor ° (DesiredOutput - ActualOutput) ° Input



Fori=1,...,K
Forj=0,...,d
wyy — rand(—0.01,0.01)
Repeat
For all ix",r") £ X in random order
Fori=1,...,K
oy — 0
Forj=0,...,d
o — oy +w”xj
Fori=1,...,K
¥ — explog) | Xy explog)
Fori=1,...,K
Forj=0,...,d
wip — wiy + i — yx
Until convergence

Figure 11.3 Perceptron training algorithm implementing stochastic online gra-
dient descent for the case with K > 2 classes. This is the online version of the
algorithm given in figure 10.8.
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Multilayer Percepirons

A perceptron that has a single layer of weights can only approximate lin-
ear functions of the input and cannot solve problems like the XOR, where
the discrimininant to be estimated is nonlinear. Similarly, a perceptron
cannot be used for nonlinear regression. This limitation does not apply
to feedforward networks with intermediate or hidden layvers between the
input and the output layers. If used for classification, such multilayer
perceptrons (MLP) can implement nonlinear discriminants and, if used
for regression, can approximate nonlinear functions of the input.

Input x is fed to the input layver (including the bias), the “activation”
propagates in the forward direction, and the values of the hidden units
#p are calculated (see fipure 11.6). Each hidden unit is a perceptron by
itself and applies the nonlinear sigmoid function to its weighted sum:

1
1+ exp [— (-1 whyxs + wio)

Iﬁ=sig:ruuid{w{x}= ],h=l,__.,H

The output y are perceptrons in the second layer taking the hidden
units as their inputs

H
N=viz= Z ¥ihZn + Vip

h=1
where there is also a bias unit in the hidden layer, which we denote by #o,
and v are the bias weights. The input layer of x; is not counted since
no computation is done there and when there is a hidden layer, this is a
two-layer network.,



xg = +1 X Xa
Figure 11.6 The structure of a multilayer perceptron. ;. j — 0,..., d are the
inputs and zg. h — 1,.... H are the hidden units where H is the dimensionality
of this hidden space. zp is the bias of the hidden laver. w01 — 1..... K are the

outpult units. wy; are weights in the first layer, and wp are the weights in the
second layer.

WHAT IS A NEURAL NETWORK ACTIVATION FUNCTION?

In a neural network, inputs, which are typically real values, are fed into the neurons in the network. Each
neuron has a weight, and the inputs are multiplied by the weight and fed into the activation

function. Each neuron’s output is the input of the neurons in the next layer of the network, and so the
inputs cascade through multiple activation functions until eventually, the output layer generates a
prediction. Neural networks rely on nonlinear activation functions—the derivative of the activation
function helps the network learn through the backpropagation process.
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SOME COMMON ACTIVATION FUNCTIONS INCLUDE THE FOLLOWING:

L

The sigmoid function has a smooth gradient and outputs values between zero and one. For very
high or low values of the input parameters, the network can be very slow to reach a prediction,
called the vanishing gradient problem.

The TanH function is zero-centered making it easier to model inputs that are strongly negative
strongly positive or neutral.

The ReLu function is highly computationally efficient but is not able to process inputs that
approach zero or negative.

The Leaky ReLu function has a small positive slope in its negative area, enabling it to process zero
or negative values.

The Parametric ReLu function allows the negative slope to be learned, performing
backpropagation to learn the most effective slope for zero and negative input values.

Softmax is a special activation function use for output neurons. It normalizes outputs for each class
between 0 and 1, and returns the probability that the input belongs to a specific class.

Swish is a new activation function discovered by Google researchers. It performs better than ReLu
with a similar level of computational efficiency.

= Sigmoid

- Tanh

Iwo common neural network activation functions - Siemoid and Tanh
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BOOLEAN FUNCTIONS USING McCULLOGH-PITTS NEURON

In any Boolean function, all inputs are Boolean and the output is also Boolean. So essentially, the neuron is
just trying to learn a Boolean function.
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This representation just denotes that, for the boolean inputs x_1, x_2 and x_3 if the g(x) i.e,, sum = theta, the
neuron will fire otherwise, it won't.
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For an OR function neuron would fire if ANY of the inputs is ON i.e., g(x) = 1 here.

T —
\.\\\\ / \.\
™) A\

L0 *—* ye{0,1}

o
1‘2 S \\_ _’//

For a NOR neuron to fire, we want ALL the inputs to be 0 so the thresholding parameter should also be 0
and we take them all as inhibitory input.

NOR Function



NOT Function
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For a NOT neuron, 1 outputs 0 and 0 outputs 1. So we take the input as an inhibitory input and set the
thresholding parameter to 0.

We can summarize these rules with the McCullough-Pitts output rule as:

The McCulloch-Pitts model of a neuron is simple yet has substantial computing potential. It also has a
precise mathematical definition. However, this model is so simplistic that it only generates a binary output
and also the weight and threshold values are fixed. The neural computing algorithm has diverse features
for various applications. Thus, we need to obtain the neural model with more flexible computational
features.

Gradient Descent Optimization:

The simplest approach to using gradient information is to choose the weight
update in (5.27) to comprise a small step in the direction of the negative gradient, so
that

wi™t — W™ _ pv E(w'™) (5.41)

where the parameter i > 0 is known as the learning rate. After each such update, the
eradient is re-evaluated for the new weight vector and the process repeated. Note that
the error function is defined with respect to a training set, and so each step requires
that the entire training set be processed in order to evaluate VE. Technigues that
use the whole data set at once are called bafch methods. At each step the weight
vector is moved in the direction of the greatest rate of decrease of the error function,
and so this approach is known as gradient descent or steepest descent. Although
such an approach might intuitively seem reasonable, in fact it turns out to be a poor
algorithm, for reasons discussed in Bishop and Nabney (2008).

For batch optimization, there are more efficient methods, such as conjugate gra-
dients and quasi-Newton methods, which are much more robust and much faster
than simple gradient descent (Gill ef al., 1981; Fletcher, 1987; Nocedal and Wright,
1999}, Unlike gradient descent, these algorithms have the property that the error
function always decreases at each iteration unless the weight vector has arrived at a
local or global minimum.

In order to find a sufficiently good minimum, it may be necessary to run a
eradient-based algorithm multiple times, each time using a different randomly cho-
sen starting point, and comparing the resulting performance on an independent vali-
dation set.

There is, however, an on-line version of gradient descent that has proved useful
in practice for training neural networks on large data sets (Le Cun ef al., 1989).
Error functions based on maximum likelihood for a set of independent observations
comprise a sum of terms, one for each data point

n
E(w) =Y En(w). (5.42)
n=1

On-line gradient descent, also known as sequential gradient descent or stochastic
gradient descent, makes an update to the weight vector based on one data point at a
time, so that

wiTHl) — ™ _ g E (wl™h). (5.43)



This update is repeated by cycling through the data either in sequence or by selecting
points at random with replacement. There are of course intermediate scenarios in
which the updates are based on batches of data points.

One advantage of on-line methods compared to batch methods is that the former
handle redundancy in the data much more efficiently. To see, this consider an ex-
treme example in which we take a data set and double its size by duplicating every
data point. Note that this simply multiplies the error function by a factor of 2 and so
15 equivalent to using the original error function. Batch methods will require double
the computational effort to evaluate the batch error function gradient, whereas on-
line methods will be unaffected. Another property of on-line gradient descent is the
possibility of escaping from local minima, since a stationary point with respect to
the error function for the whole data set will generally not be a stationary point for
each data point individually.

Error Backpropagation:
WHAT IS BACKPROPAGATION AND WHY IS IT IMPORTANT?

After a neural network is defined with initial weights, and a forward pass is performed to generate the
initial prediction, there is an error function which defines how far away the model is from the true
prediction. There are many possible algorithms that can minimize the error function—for example, one
could do a brute force search to find the weights that generate the smallest error. However, for large
neural networks, a training algorithm is needed that is very computationally efficient. Backpropagation is
that algorithm—it can discover the optimal weights relatively quickly, even for a network with millions
of weights.

HOW BACKPROPAGATION WORKS?

1. Forward pass—weights are initialized and inputs from the training set are fed into the
network. The forward pass is carried out and the model generates its initial prediction.

2. Error function—the error function is computed by checking how far away the prediction is
from the known true value.

3. Backpropagation with gradient descent—the backpropagation algorithm calculates how
much the output values are affected by each of the weights in the model. To do this, it
calculates partial derivatives, going back from the error function to a specific neuron and its
weight. This provides complete traceability from total errors, back to a specific weight which
contributed to that error. The result of backpropagation is a set of weights that minimize the
error function.

4. Weight update—weights can be updated after every sample in the training set, but this is
usually not practical. Typically, a batch of samples is run in one big forward pass, and then
backpropagation performed on the aggregate result. The batch size and number of batches
used in training, called iterations, are important hyperparameters that are tuned to get the
best results. Running the entire training set through the backpropagation process is called

an epoch. S B
an epoch.
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Training algorithm of BPNN:

1. Inputs X, arrive through the pre connected path

Input is modeled using real weights W. The weights are usually randomly selected.

3. Calculate the output for every neuron from the input layer, to the hidden layers, to the
output layer,

4. Calculate the error in the outputs

i~

Errors= Actual Output - Desired Output

5. Travel back from the output layer to the hidden layer to adjust the weights such that the
error is decreased.

Keep repeating the process until the desired output is achieved

Architecture of back propagation network:

As shown in the diagram, the architecture of BPN has three interconnected layers having weights on them.
The hidden layer as well as the output layer also has bias, whose weight is always 1, on them. As is clear
from the diagram, the working of BPN is in two phases. One phase sends the signal from the input layer to
the output layer, and the other phase back propagates the error from the output layer to the input layer.
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Our goal in this section is to find an efficient technique for evaluating the gradient
of an error function E'{w) for a feed-forward neural network. We shall see that
this can be achieved using a local message passing scheme in which information is
sent alternately forwards and backwards through the network and is known as error
backpropagation, or sometimes simply as backprop.

The term backpropagation is also used to describe the training of a multilayer perceptron using gradient
descent applied to a sum-of-squares error function.

It is important to recognize that the two stages are distinct. Thus, the first stage, namely the propagation of
errors backwards through the network in order to evaluate derivatives, can be applied to many other kinds
of network and not just the multilayer perceptron.



5.3.1 Evaluation of error-function derivatives

We now derive the backpropagation algorithm for a general network having ar-
bitrary feed-forward topology, arbitrary differentiable nonlinear activation functions,
and a broad class of error function. The resulting formulae will then be illustrated
using a simple layered network structure having a single layer of sigmoidal hidden
units together with a sum-of-squares error.

Many error functions of practical interest, for instance those defined by maxi-
mum likelihood for a set of i.i.d. data. comprise a sum of terms, one for each data
point in the training set. so that

N
E(w) =) En(w). (5.44)

Here we shall consider the problem of evaluating V E,,(w) for one such term in the
error function. This may be used directly for sequential optimization, or the results
can be accumulated over the training set in the case of batch methods.

Consider first a simple linear model in which the outputs y;. are linear combina-
tions of the input variables x; so that

Yk = E Wi 5 (5.45)
together with an error function that, for a particular input pattern n, takes the form

— 1 2
B, =5 ij{ynk ~ tak) (5.46)

where yni = yr(xn, w). The gradient of this error function with respect to a weight
w;; is given by
ETE::_: = {ynj - tﬂj]Ini (54'}“_'

which can be interpreted as a ‘local” computation involving the product of an ‘error
signal’ y,; — t,; associated with the output end of the link w;; and the variable z;
associated with the input end of the link. In Section 4.3.2, we saw how a similar
formula arises with the logistic sigmoid activation function together with the cross
entropy error function, and similarly for the softmax activation function together
with its matching cross-entropy error function. We shall now see how this simple
result extends to the more complex setting of multilayer feed-forward networks.

In a general feed-forward network, each unit computes a weighted sum of its
inputs of the form

a; =Y wjiz (5.48)



where z; is the activation of a unit, or input, that sends a connection to unit 7, and w;
is the weight associated with that connection. In Section 5.1, we saw that biases can
be included in this sum by introducing an extra unit, or input, with activation fixed
at +1. We therefore do not need to deal with biases explicitly. The sum in (5.48) is
transformed by a nonlinear activation function A(- ) to give the activation z; of unit j

in the form
z_-;i = h{ﬂ_.r:]. {5.49‘}

Mote that one or more of the variables ; in the sum in (5.48) could be an input, and
similarly, the unit j in (5.49) could be an output.

For each pattern in the training set, we shall suppose that we have supplied the
corresponding input vector to the network and calculated the activations of all of
the hidden and output units in the network by successive application of (5.48) and
(5.49). This process is often called forward propagation because it can be regarded
as a forward flow of information through the network.

MNow consider the evaluation of the denvative of E,, with respect to a weight
wj;. The outputs of the various units will depend on the particular input pattern n.
However, in order to keep the notation uncluttered, we shall omit the subscript n
from the network variables. First we note that E,, depends on the weight w;; only
via the summed input a; to unit j. We can therefore apply the chain rule for partial
derivatives to give

i D ok, ﬂaj
ﬂwﬁ - Bﬂj ﬂwj,-' {5-5[.}
We now introduce a useful notation
aE,

where the §'s are often referred to as errors for reasons we shall see shortly. Using

(5.48), we can write
da;

B, = =, (5.52)
Substituting (5.51) and (5.52) into (5.50), we then obtain
aF,
_ﬂu_.' = IEJ A {5-53}

Jt
Equation (5.53) tells us that the required derivative is obtained simply by multiplying
the value of 4 for the unit at the output end of the weight by the value of = for the unit
at the input end of the weight (where z = 1 in the case of a bias). Note that this takes
the same form as for the simple linear model considered at the start of this section.
Thus, in order to evaluate the derivatives, we need only to calculate the value of 4;

for each hidden and output unit in the network, and then apply (5.53).
As we have seen already, for the output units, we have

=y — I (5.54)



For batch methods, the derivative of the total error £ can then be obtained by
repeating the above steps for each pattern in the training set and then summing over

all patterns:

oE OE,,
Gy 4 Dy (5.57)

In the above derivation we have implicitly assumed that each hidden or output unit in
the network has the same activation function h(-). The derivation is easily general-
ized, however, to allow different units to have individual activation functions, simply
by keeping track of which form of ki(-) goes with which unit.

T N T .

Figure 5.7 lustration of the calculation of 4, for hidden unit 5 by
backpropagation of the &'s from those units & to which =~
unit 5 sands connections. The blue arrow denotes the
direction of information flow during forward propagation,
and the red armows indicate the backward propagation
of amor information.

provided we are using the canonical link as the output-unit activation function. To
evaluate the 4's for hidden units, we again make use of the chain rule for partial
derivatives.,

aE, dE,, day
§. = — _m_ 5.55
] da; g dag da; { )

where the sum runs over all units k to which unit j sends connections. The arrange-
ment of units and weights is illustrated in Figure 5.7. Note that the units labelled k
could include other hidden units and/or output units. In writing down (5.55), we are
making use of the fact that variations in a; give rise to variations in the error func-
tion only through variations in the variables ag. If we now substitute the definition
of & given by (5.51) into (5.55), and make use of (5.48) and (5.49), we obtain the
following backpropagation formula

5 =h(a;) Y wi;by (5.56)
R

which tells us that the value of § for a particular hidden unit can be obtained by
propagating the &'s backwards from units higher up in the network, as illustrated
in Figure 5.7. Note that the summation in (5.56) is taken over the first index on
wi; (comresponding to backward propagation of information through the network),
whereas in the forward propagation equation (5.10) it is taken over the second index.
Because we already know the values of the §'s for the output units, it follows that
by recursively applying (5.56) we can evaluate the 4's for all of the hidden units in a
feed-forward network, regardless of its topology.
The backpropagation procedure can therefore be summarized as follows.



Error Backpropagation

. Apply an input vector x,, to the network and forward propagate through
the network using (5.48) and (5.49) to find the activations of all the hidden
and output units.

. Evaluate the ;. for all the output units using (5.54).

3. Backpropagate the 4’s using (5.56) to obtain d; for each hidden unit in the

network.

4. Use (5.53) to evaluate the required derivatives.

From shallow networks to deep networks :

A shallow neural network has only one hidden layer between the input and output layers, while a
deep neural network has multiple hidden layers.

A deep neural network learns to make decisions by processing information through multiple hidden
layers.

On the other hand, a shallow network is like having just one layer of decision-making, which might
not be enough to capture the complexity of the problem at hand.

A shallow network might be used for simple tasks like image classification, while a deep network
might be used for more complex tasks like image segmentation or natural language processing.

For instance, a shallow neural network with a single hidden layer can be used to recognize
handwritten digits from the MNIST dataset.

The main advantage of a shallow network is that it is computationally less expensive to train, and
can be sufficient for simple tasks.

However, it may not be powerful enough to capture complex patterns in the data.

A deep network, on the other hand, can capture more complex patterns in the data and potentially
achieve higher accuracy, but it is more computationally expensive to train and may require more
data to avoid overfitting.

Additionally, deep networks can be more challenging to design and optimize than shallow networks.

SHALLOW NEURAL NETWORK DEEP NEURAL NETWORK
Hidden Multiple hidden layers
process hierarchical features
Input ()
layer =7 . S Output
2 >SN S }\ layer
: AN S
X %
PR,
/ o oo
5 24 g &
A \ S
\ &

Unit saturation - Vanishing Gradient Problem:

Neural network models are trained by the optimization algorithm of gradient descent.

The input training data helps these models learn, and the loss function gauges how accurate the
prediction performance is for each iteration when parameters get updated.

As training goes, the goal is to reduce the loss function/prediction error by adjusting the parameters
iteratively.



e Specifically, the gradient descent algorithm has a forward step and a backward step, which lets it do
this.

e Inforward propagation, input vectors/data move forward through the network using a formula to
compute each neuron in the next layer. The formula consists of input/output, activation function f,

weight W and bias b: _
O' = f(WO1 +b)

e This computation iterates forward until it reaches an output or prediction.
o We then calculate the difference defined by a loss function, e.g., Mean Squared Error MSE, between
the target variable y (in the output layer) and each prediction, y cap:
M

1 Ay
Loss = =Y (yi — yi)*
(]
° 1=1
e With this initial evaluation, we go through a backward pass (a.k.a. backpropagation) to adjust the
weights and biases for each neuron in each layer. To update our neural nets, we first calculate the
gradients, which is nothing but the derivatives of the loss function w.r.t. weights and biases. Then
we nudge our algorithm to take a gradient descent step to minimize the loss function (where alpha
is the learning rate):
U}I 155 _

Wnew =W f;-frf—fkl
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e Two opposite scenarios could happen in this case: the derivative term gets extremely small, i.e.,
approaches zero vs. this term gets extremely large and overflows.

e These issues are referred to as the Vanishing and Exploding Gradients, respectively.

e  When you train your model for a while and the performance doesn’t seem to get better, chances are
your model is suffering from either vanishing or exploding gradients.

e Vanishing or exploding gradients - intuition behind the problem Vanishing
e During backpropagation, the calculation of (partial) derivatives/gradients in the weight update
formula follows the Chain Rule, where gradients in earlier layers are the multiplication of gradients

of later layers:
dLoss dLoss 00" 02
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e As the gradients frequently become SMALLER until they are close to zero, the new model weights
(of the initial layers) will be virtually identical to the old weights without any updates.

e Asaresult, the gradient descent algorithm never converges to the optimal solution.

o This is known as the problem of vanishing gradients, and it's one example of unstable behaviors of
neural nets.

e where

o Exploding

e On the contrary, if the gradients get LARGER or even NaN as our backpropagation progresses, we
would end up with exploding gradients having big weight updates, leading to the divergence of the
gradient descent algorithm.

Vanishing
e Simply put, the vanishing gradients issue occurs when we use the Sigmoid or Tanh activation
functions in the hidden layer; these functions squish a large input space into a small space.
e Take the Sigmoid as an example, we have the following p.d.f.:

f(a) =

|l —e


https://en.wikipedia.org/wiki/Sigmoid_function
https://en.wikipedia.org/wiki/Hyperbolic_functions#Hyperbolic_tangent

e Taking the derivative w.r.t. the parameter x, we get:

y=
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and if we visualize the Sigmoid function and its derivative:

Sigmoid function and it's derivative:
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e We can see that the Sigmoid function squeezes our input space into a range between [0,1], and
when the inputs become fairly small or fairly large, this function saturates at 0 or 1.

o These regions are referred to as ‘saturating regions’, whose derivatives become extremely close to
Zero.

e The same applies to the Tanh function that saturates at -1 and 1.

e Suppose that we have inputs that lie in any of the saturating regions, we would essentially have no
gradient values to propagate back, leading to a zero update in earlier layer weights.

e Usually, this is no big of a concern for shallow networks with just a couple of layers, however, when
we add more layers, vanishing gradients in initial layers will result in model training or convergence
failure.

e This is due to the effect of multiplying n of these small numbers to compute gradients of the early
layers in an n-layer network, meaning that the gradient decreases exponentially with n while the
early layers train very slowly and thus the performance of the entire network degrades.

Exploding
e Moving on to the exploding gradients, in a nutshell, this problem is due to the initial
weights assigned to the neural nets creating large losses.
e Big gradient values can accumulate to the point where large parameter updates are observed,
causing gradient descents to oscillate without coming to global minima.

How to identify a vanishing or exploding gradients problem?
Acknowledging that the gradients’ issues are something we need to avoid or fix when they do happen, how
should we know that a model is suffering from vanishing or exploding gradients issues? Following are the
few signs.
Vanishing

e Large changes are observed in parameters of later layers, whereas parameters of earlier layers

change slightly or stay unchanged
e In some cases, weights of earlier layers can become 0 as the training goes



e The model learns slowly and often times, training stops after a few iterations
e Model performance is poor
Exploding
e Contrary to the vanishing scenario, exploding gradients shows itself as unstable, large parameter
changes from batch/iteration to batch/iteration
e Model weights can become NaN very quickly
e Model loss also goes to NaN
Practices to fix a vanishing or exploding gradients problem
With these indicators of the gradients problems in mind, let’s explore the potential remedies to fix them.
e First, we will be focusing on the vanishing scenario: simulating a binary classification network
model that suffers from this issue, and then demonstrating various solutions to fix it

e By the same token, we will be addressing the exploding scenario with a regression network
model later

ReLU:

Activation Functions:

Sigmoid l Leaky ReLU ’
o(x) = 1 max(0.1z, x)

tanh Maxout
tanh(m) o - max(w] T + by, w3 T + by)

ReLU ELU
max (0, x) {‘” 220
; N ae®—1) z<0 - - )
Sigmoid ] Leak)(; |12eLU 1
o(z) = i max(0.1z, x)

tanh Maxout
tanh(z) ‘° max(wi z + by, wl T + by)

ReLU ELU
max (0, x) {”” 220
ae®—1) z<0 - - 0

Good default choice e &

e An activation function is basically just a simple function that transforms its inputs into outputs that
have a certain range.

o There are various types of activation functions that perform this task in a different manner.

For example, the sigmoid activation function takes input and maps the resulting values in between 0
to 1.

e ReLU stands for rectified linear activation unit and is considered one of the few milestones in the
deep learning revolution.

e [tissimple yet really better than its predecessor activation functions such as sigmoid or tanh.

ReLU activation function formula



f(x)=max(0,x)

e ReLU function is its derivative both are monotonic.

e The function returns 0 if it receives any negative input, but for any positive value x, it returns that
value back.

e Thus it gives an output that has a range from 0 to infinity.
ReLU is used as a default activation function and nowadays and it is the most commonly used
activation function in neural networks, especially in CNNs.

e The model can, therefore, take less time to train or run.

e One more important property that we consider the advantage of using ReLU activation function is
sparsity.

e Since ReLU gives output zero for all negative inputs, it’s likely for any given unit to not activate at all
which causes the network to be sparse.

o ReLU does not face vainishing gradient problem as its slope doesn’t plateau, or “saturate,” when the
input gets large.

e Due to this reason models using ReLU activation function converge faster.

o There are some problems with ReLU activation function such as exploding gradient

e Also, there is a downside for being zero for all negative values and this problem is called “dying
ReLU.”

e AReLU neuron is “dead” if it’s stuck in the negative side and always outputs 0.

e Because the slope of ReLU in the negative range is also 0, once a neuron gets negative, it's unlikely
for it to recover.

Hyperparameter tuning:



Classification of Neural Network

Hyperparameters
Classification by Classification by Classification by
Network Structure Learning & Optimization Regularization Effect
Directly affect the structure of the +  Directly control the training process of the i Directly control the overfitting in the
neural netwark b neural network b neural network :
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regularization
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each layer « Dropout rate in dropout
« Type of loss function regularization

Type of activation function
« Type of model evaluation
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« Epochs

- Training steps
(iterations) per epoch

How to choose a number of hidden layers

One of the hyperparameters that change the fundamental structure of a neural network is the
number of hidden layers, and we can divide them into 3 situations: 0, 1 or 2, many.

We don’t need to use the neural network at all if all we need is a linear boundary since the neural
network is for solving complex problems.

Second, if a data set isn’t linearly separable, then we need a hidden layer.

And normally, a single hidden layer is sufficient because the amount that a model improves by
adding hidden layers isn’t significant compared to the additional work you need to do.

So in many simple applications, one or two hidden layers do their job.

If we are trying to solve a complex problem such as object classification, then we need multiple
hidden layers that apply different modifications to their inputs.

# of hidden layer When
0 Linearly separable data
1~2 Nonlinear boundaries
many Complex problem

Finding an appropriate number is critical because too few neurons can lead to underfitting
whereas too many can lead to overfitting plus longer training time.

Empirically, it’s best to use a number between input and output sizes, and the number changes
based on how complex your problem is.

If a problem is simple and the input and output relationship is clear, then about %4 of the input
size can be a good starting point.



But if the relationship is complex, the number can vary from the input size to less than twice
the input size.

# of neurons in When
a hidden layer

% of the input size Simple input and output relationship

input size ~ 2 x input size - 1 Complex input and output relationship

Batch size, learning rate, epoch

When batch size increases, each batch naturally becomes similar to the full data set because each
batch starts to contain more observations.

This means that each batch will not differ too much from others.

Therefore, its noise will decrease, so it’s logical to use a large learning rate for faster training time.
In contrast, when we use a small batch size, noise increases.

Thus, we use a small learning rate to offset the noise.

Empirically, it has been shown that a large batch size could lead to poor generalization. In contrast,
when we use a small batch size, the noise helps a network to escape a local minimum and leads to
higher accuracy.

It also tends to converge to a reasonable solution faster than a network with large batch size.

So, in general, a batch size of 32 could be a good starting point, but this number really depends on
your sample size, the complexity of a problem, and your computational environment.

Therefore, using a grid search could also be appropriate.

For the learning rate, we usually start with 0.1 or 0.01 or we can use a grid search from 0.1 to 1e-5.
And when the learning rate is small, you need more iteration to find a minimum point.

Epochs: Depending on a problem and random initialization, the number of epochs we need for
convergence varies.

We often set the number of epochs high and use early stopping so that the neural network stops
training when an improvement coming from updating its weights does not pass a threshold.

Hyperparameter General starting point
Learning rate 0.1 or 0.01 or grid search
Epoch Early stopping
Batch size 32 or grid search

Batch Normalization:

Even after the model has been fully trained such that its training error is small, it exhibits a high
test error rate. This is known as the problem of Overfitting.

The training error fails to come down in-spite of several epochs of training. This is known as the
problem of Underfitting.

price

d = 1 (under-fit) d=2 d = 6 (over-fit)

house size house size house size



[llustration of Underfitting and Overfitting

Types of Normalization:
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e Batch normalization is a deep learning approach that has been shown to significantly
improve the efficiency and reliability of neural network models.

e Itisparticularly useful for training very deep networks, as it can help to reduce the internal
covariate shift that can occur during training.

e Batch normalization is a technique used to improve the performance of a deep learning
network by first removing the batch mean and then splitting it by the batch standard
deviation.

e  When applied to a layer, batch normalization multiplies its output by a standard deviation parameter
(gamma) and adds a mean parameter (beta) to it as a secondary trainable parameter.

e The goal of batch normalization is to stabilize the training process and improve the generalization
ability of the model.

e It can also help to reduce the need for careful initialization of the model’s weights and can allow the
use of higher learning rates, which can speed up the training process.

Batch normalization equations
During training, the activations of a layer are normalized for each mini-batch of data using the following
equations:

e Mean: mean =1/m Yi=1to m xi

e Variance: variance = 1/m }'i=1 to m (xi - mean)”2

¢ Normalized activations: yi = (xi - mean) / sqrt(variance + €)

e Scaled and shifted activations: zi = yyi + 3, where y and 8 have learned parameters

During inference, the activations of a layer are normalized using the mean and variance of the activations
calculated during training, rather than using the mean and variance of the mini-batch:

¢ Normalized activations: yi = (xi - mean) / sqrt(variance + €)

e Scaled and shifted activations: zi = yyi + 8
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Advantages of batch normalization

Stabilize the training process. Batch normalization can help to reduce the internal covariate
shift that occurs during training, which can improve the stability of the training process and
make it easier to optimize the model.

Improves generalization. By normalizing the activations of a layer, batch normalization can
help to reduce overfitting and improve the generalization ability of the model.

Reduces the need for careful initialization. Batch normalization can help reduce the
sensitivity of the model to the initial weights, making it easier to train the model.

Allows for higher learning rates. Batch normalization can allow the use of higher learning
rates that can speed up the training process.

Dropout Regularization

When you have training data, if you try to train your model too much, it might overfit, and when you
get the actual test data for making predictions, it will not probably perform well. Dropout
regularization is one technique used to tackle overfitting problems in deep learning.

DLNs also exhibit a little understood feature called Self Regularization.

For example for a given amount of Training Set data, if we increase the complexity of the model by
adding additional Hidden Layers for example, then we should start to see overfitting, as per the
arguments that we just presented.

However, interestingly enough, increased model complexity leads to higher test data classification
accuracy, i.e., the increased complexity somehow self-regularizes the model.

Hence when using DLN models, it is a good idea to start with a more complex model that the problem
may warrant, and then add Regularization techniques if overfitting is detected.



Some commonly used Regularization techniques include:
e Early Stopping
e L1 Regularization
e L2 Regularization
e Dropout Regularization
e Training Data Augmentation
e Batch Normalization

Training with Drop-Out Layers

e Dropoutis aregularization method approximating concurrent training of many neural networks with
various designs.

e During training, some layer outputs are ignored or dropped at random.

e Dropout is an extremely versatile technique that can be applied to most neural network
architectures.

e It is useful especially when your network is very big or when you train for a very long time,
both of which put a network at a higher risk of overfitting.

(a) Standard Neural Net (b} After applying dropout.

e To apply dropout, we need to set a retention probability for each layer.

e The retention probability specifies the probability that a unit is not dropped.

e For example, if we set the retention probability to 0.8, the units in that layer have an 80% chance of
remaining active and a 20% chance of being dropped.

e Standard practice is to set the retention probability to 0.5 for hidden layers and to something close
to 1, like 0.8 or 0.9 on the input layer.

e Qutput layers generally do not apply dropout.

e Dropoutis applied by creating a mask for each layer and filling it with values between 0 and 1
generated by a random number generator according to the retention probability.

& 0.3

e

[ ] 0.2

®

e We could also fill the mask with random boolean values according to the retention probability.
o Neurons with a corresponding “True” entry are kept while those with a “False” value are discarded.
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