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Learning objectives

By the end of this week, you will be able to:

* Learn basic concepts of reinforcement learning

* Learn basic concepts Supervised learning

 Learn neural network and issues with training a neural network
* Learn concepts of convolutional neural network

* Workout an example problem of convolutional neural network

Dr Varun Ojha, University of Reading, UK 2
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Content of this week

« Part 1: Reinforcement Leaning

Part 2: Supervised Learning
« Linear and non-linear regression

« Cost functions (Classification and Regression)

Part 3: Neural Network
* Shallow network
* Activation functions

* Deep learning

Part 4: Convolutional Neural network (CNN)

Part 5: Practical Exercise (CNN)

Quiz

Dr Varun Ojha, University of Reading, UK 3
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Learning

Supervised Unsupervised Semi-

Supervised
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Part 1

Reinforcement
Learning
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Semi-Supervised

Environment
reward

X learner y
Input action
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Reinforcement
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* the problem statement: to walk,
« the agent: a child
* the environment: a surface on which to walk
e an actions: walking one step to another
 areward: a chocolate
 child receives a chocolate for taking a step
(a positive reward)

* child do not receive a chocolate for not
taking a step (a negative reward)

Dr Varun Ojha, University of Reading, UK 9
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Reinforcement Learning:
Implementation

 The mathematical framework for defining a solution in

reinforcement learning scenario is called Markov Decision
Process. Which can be designed as:

= Set of states, S

= Set of actions, A

= Reward function, R

» Policy, m — a set of actions taken defines the policy ()

= Value, VV — rewards given on an action defines the value V

Dr Varun Ojha, University of Reading, UK 10
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Reinforcement Learning:
Implementation

* For a:
= Set of states, S
= Set of actions, A
= Reward function, R
= Policy, m — a set of actions taken defines the policy ()
= Value, V — rewards given on an action defines the value VV

* Reinforcement Learning aims at maximizing

E(r; |m, s;)

Dr Varun Ojha, University of Reading, UK 11
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Shortest Path Problem

C o

O Q) =

Goal State

Source of example: http://mnemstudio.org/path-finding-g-learning-tutorial.htm 12
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Epsilon greedy algorithm

Set of states S are the nodes, e.g.,
S = {A,B,C,D,E,F}.

Set of actions 4 are going from one node to another

e.g.,
A={A->EC - D, E - F, etc}.

Goal State | The reward function is the value represented by
edge, e.g. the cost of an action:

A — D = —1 (costly move — negative reward)

B — F = 4100 (promising move — positive reward)

The policy is the “way” to complete the task, e.g.,
n={A->FE->F}

Or

n={B->D->E - F}
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Epsilon greedy algorithm is not optimal since its only
exploit current state, i.e., pure exploitation

pure exploration vs pure exploitation
We need to explore and exploit both

Goal State

Policy based learning

Dr Varun Ojha, University of Reading, UK 14
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Policy based learning

Policy based,
where our focus is to find optimal policy

Value based,
where our focus is to find optimal value, i.e.

cumulative reward

Goal State

Action based,
where our focus is on what optimal actions to

take at each step

Dr Varun Ojha, University of Reading, UK 15
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Q-Learning: a policy-based learning

1. Initialize the Values table Q(s, a) and learning rate y.
2. Observe the current state s = s;.

3. Choose an action a; for state s, based on one of the action selection policies (e.g.
epsilon greedy)

4. Take the action, and observe the reward r; as well as the new state s;.1 .

5. Update the Value for the state using the observed reward and the maximum reward
possible for the next state as per.

Set the state to the new state s = s;,¢, and repeat the process until a terminal state

Sgoal IS reached.

Dr Varun Ojha, University of Reading, UK 16



Q-Learning: A policy-
based learning

1.

Initialize the Values table Q(s, a). Also, called Q Table

Observe the current state s = s;.

Choose an action a, for state s; based on one of the action
selection policies (e.g. epsilon greedy)

Perform the action,
Measure the reward r; as well as the new state s, .

Update Q the Value for the state using the observed reward
and the maximum reward possible for the next state as per

Q(s,a) = R(s,a) +y max {Q (s’,a")}
a’'eA
Il Q(state, action) = R(state, action) + learning rate * Max[Q(next state, all actions)]

Set the state to the new state s = s;.1, and repeat the process
until a terminal state s, is reached.

Dr Varun Ojha, University of Reading, UK
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Chose action a; from Q

\

Perform Action

\

Measure Reward 1,

\ 4
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@

A
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Initialize R Table (Input Problem) o

(typically given by problem definition, given y = 0.8)

4 )
Initialise Q
& J
( .
Goal Chose action a,
100\ State . from Q )
4 )
Perform Action
. J
4 )
Measure Reward r;
& J
( ~ )
A B C D E F Update Q
A -1 -1 -1 -1 0 -1 \. J
B -1 -1 -1 0 -1 100
C -1 -1 -1 0 -1 -1
-D 1 0 0 -1 0 -1
E 0 -1 -1 0 -1 100
F -1 0 -1 -1 0 100 O

18
Source of example: http://mnemstudio.org/path-finding-g-learning-tutorial.ntm



Initialize Q Table 1:13 PM

(given y = 0.8, typically initial Q value set to Zero)

Goal
100 \ State

A B C D E F A B C D E F

Ala1 12 1 a1 o a Alo o o o o o

B|-1 -1 -1 0 -1 100 B|lo o o o0 0 o0

c|l1 1 -1 0 -1 -1 clo o o0 0O 0 O 0
- Dl1 0o o0 -1 o0 - - Dlo o o 0 0 o0

E|lo0 -1 -1 0 -1 100 E|lo o o o o0 o0

F|l1 0o -1 -1 0 100 Flo o o o o o O

19
Source of example: http://mnemstudio.org/path-finding-g-learning-tutorial.ntm



Chose an Action 1:13 PM
(giveny = 0.8, say, ’

let choose a random state, say its B

we have possible actions [
Tap.p, =1B — D}

100\ State from Q

Initialise Q ]

A B C D E F A B C D E F

Ala1 12 1 a1 o a Alo o o o o o

B|-1 -1 -1 0 -1 100 B|lo o o o0 0 o0

c|l1 1 -1 0 -1 -1 clo o o0 O 0 O 0
- Dl1 0o o0 -1 o0 - - Dlo o o 0 0 o0

E|lo0 -1 -1 0 -1 100 E|lo o o o o0 o0

F|l1 0o -1 -1 0 100 Flo o o o o o O

20
Source of example: http://mnemstudio.org/path-finding-g-learning-tutorial.ntm



Perform Action 0 1:13 PM

(given y = 0.8, say, select a random action chosen from B

Say we performed Initialise Q
action by chance N J
Goal Tagr =18 > F} [ Chose action a, ]
100\ State L from Q )

A B C D E F A B C D E F

Ala1 12 1 a1 o a Alo o o o o o

B|-1 -1 -1 0 -1 100 B|lo o o o0 0 o0

cl|-1 -1 1 0o -1 -1 clo o o0 o0 0 O 0
- Dl1 0o o0 -1 o0 - - Dlo o o 0 0 o0

E|lo0 -1 -1 0 -1 100 E|lo o o o o0 o0

F|l1 0o -1 -1 0 100 Flo o o o o o O

21
Source of example: http://mnemstudio.org/path-finding-g-learning-tutorial.ntm



Measure Reward ’ 1:13 PM

(given y = 0.8) Reward for action:
Tap . r = 1B 2 F} Initialise Q
Goal R(S, Tay) = 100 ( Chose actiona, |,
100\ sState L from Q )
Perform Action

A B C D E F A B C D E F
Ala1 1 14 a1 o 2 Alo o o o o o
B|-1 -1 -1 o0 -1 100 Blo o o o 0 o0
cl1 1 1 0o -1 41 clo o o o o0 o
- Dl1 0o o0 -1 o0 - - Dlo o o o0 0 o0
E|lo0 -1 -1 0 -1 100 E|lo o o o o o
F|l1 0o -1 -1 0 100 Flo o o o o0 o O
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Source of example: http://mnemstudio.org/path-finding-g-learning-tutorial.ntm



Update Q ’ 1:13 PM

(given y = 0.8, say, current state is S = B Reward for action:
Tap . r = 1B 2 F} Initialise Q
Goal R(S, Tay) = 100 ( Chose actiona, |,
State L from Q )
Q(s,a) = R(s,a) +y max{Q (s',a")} - . \
Perform Action
Q(B'T[aBaF) 5 R(B' T[aB—>F) & J
+0.8 max {Q(F’ T[aF—>B)’ Q(F’ naF—>E)’ Q(F’ T[aF—>F)}
Q(B,m4,_,) = 100 Measure Reward 1,
+0.8 max {0,0,0} S <

= 100+ 0.8 *0 =100

F Update Q

A B C D E F A B C D E

Al-1 -1 -1 -1 0 -1 Alo o 0 0 0 ©

B|-1 -1 -1 0 1 100 B 0 0 0 0 0 100

c|l1 1 -1 0 -1 -1 clo o o O 0 O 0
- D1 o o -1 o0 -1 - Dlo o o o0 ©0 ©

Elo0 -1 -1 o0 -1 100 Elo0 o o o0 0 o0

F|l1 0o -1 -1 0 100 Flo o o o o o O

23
Source of example: http://mnemstudio.org/path-finding-g-learning-tutorial.ntm



Goal State? 1:13 PM

(given y = 0.8, say, may be not, o ?
we have not find best path Reward for action:

Tap.r =B = F} [ Initialise Q ]

4 o
Goal R(s, Moy ;) = 100 Chose action a; |
State L from Q )
Q(s,a) = R(s,a) +y max {Q (s',a)} r : ~
a
Perform Action
Q(B' T[aB—>F) 5 R(B' T[aB—>F) \. J
+0.8 max {Q(F’ T[aF—>B)’ Q(F’ naF—>E)’ Q(F’ T[aF—>F)} - ~
(B, mg,_,) = 100 Measure Reward r,
+0.8 max {0,0,0} s g
= 1004+ 0.8 «0 =100 . 4
4 )
A B C D E F A B C D E F Update Q
Al-1 -1 -1 -1 0 -1 A|lO0O 0O O O 0 O N -
B|-1 -1 -1 0 -1 100 B|l]Oo 0o o0 o0 0100
e a4 4 ® - -l clo o o o o0 o 0
BEo |+ o o 1+ 0o 1| [FEMc|lo o o o o o
E|lo -1 -1 0 -1 100 Elo0 o o o0 o0 0
F|l-1 0 -1 -1 o0 100 Flo o o o 0 o©
24

Source of example: http://mnemstudio.org/path-finding-g-learning-tutorial.ntm



Next lteration 0 1:13 PM

(if goal is to find more path)

o )
Initialise
Chose a random state say “D” L Q )
Moy g = {D - B} _ .
Goal Tap,c ={D = C} Chose action a;
State Tap g = {D - E} L from Q )
Q(s,a) = R(s,@) +y max{Q (s',a")} - . \
Perform Action
Q(D'T[aD—»B) = R(D’T[aD—»B) \. J
+0.8 max {Q (B' T[aB—>D)’ Q(B' n“B—)F)} , ~
(B, q,) = 0 + 0.8 max {0,100} Measure Reward r,
—0+0.8 *+100 = 80 s g
2 4 N
A B C D E F A B C D E F Update Q
Al-1 1 -1 -1 o0 -1 A|loOoO O O o0 0 o0 ~
B|-1 -1 -1 0 -1 100 Bl o o o0 o0 0100
C -1 -1 -1 0 1 -1 C 0 0 0 0 0 0
- D -1 0 0 -1 0 -1 - D 0o 80 0 0 0 0
E 0 -1 -1 0 1 100 E 0 0 0 0 0 0
F -1 0 -1 -1 0 100 F 0 0 0 0 0 0

25

Source of example: http://mnemstudio.org/path-finding-g-learning-tutorial.ntm



Stable State? 0 1:13 PM

(if we want to find optimal path from — we continue until Q Table converge

Initialise Q

Goal Chose action a;
100\ State from Q

A

4 \
Perform Action
\_ J
4 \
Measure Reward 1,
U J
\ 4
f N
A B C D E F A B C D E F Update Q
Al-1 12 1 -1 o0 -1 Alo o o o0 o0 © ~
B|[-1 -1 -1 o0 -1 100 Bl o o o0 o0 0100
cl1 1 -1 o0 -1 -1 clo o o O O0 O
-D-1oo-10-1 -D0800000
E|lO0O -1 -1 0 -1 100 E|O0O O O O 0 O
F|l-1 o -1 -1 0 100 F|lo0o o o O O0 ©

26

Source of example: http://mnemstudio.org/path-finding-g-learning-tutorial.ntm



Let Say After Many lterations 0 1:13 PV

(Q Table converge)

Initialise Q

Goal Chose action a;
100\ State from Q

A

4 \
Perform Action
\_ J
4 \
Measure Reward 1,
U J

A B C D E F A B C D E F Update Q
Al-1 -1 -1 -1 0 -1 AlO O 0 0 8 ©0 -
B|-1 -1 -1 0 -1 100 B|O 0 0 64 0 100
cl1 1 1 0 1 - clo o o 6 o0 o0
Relo |21 o 0o 1 0o 2 Q="o|o0 s 5 0o 8 o0
E|0 -1 -1 0 -1 100 E|l64 0 0 6 0 0
F|l-1 o -1 -1 o0 100 F|lo 8 0 0 8 0

27

Source of example: http://mnemstudio.org/path-finding-g-learning-tutorial.ntm



Reinforcement
Leaning
Example : Atari
Game

https://www.youtube.com/watch?v=V1eYniJORNK



https://www.youtube.com/watch?v=V1eYniJ0Rnk

Part 2

Supervised
Learning



Input

II

learner

Feedback loop



22| 17| Regression and Classification
Class/Traget attribute
Inputs Attributes Targit\/é)rl_%sstgc')sutput RegreSSion
’ Uty (Dependent) Continuous
Al A2 _ (Numerical)
EX. 0 Al A2, A3, labeled data
Ex. 1 A1, A2, A3,
Ex'i At, AZ, A3, Target (Class)
* Ak A2 s Attributes (A3) L
Records ex.4 Al A2, A3, CIaSS|f|Cat|0n
Ex.5 Al A2, A3, .
Ex. 6 2 . ” Discrete |
Ex.7 a1, p2, A3, (Categorical)
E: A, A2, Adg labeled data
X. Alg A2, A3q

Dr Varun Ojha and Dr Giuseppe Di Fata
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@
||| Tasks: R | d Classificati
: dSKS. Regression an assification
o
Continuous Discrete
labeled data labeled data
Inputs (X) Target (Y) u Inputs (X) Class (Y)
Area (m2) Distance(mile) Price (EBn) SEEEE - Length (cm) Weight (kg) Sales
Ex. 0 76.85 17.27 0.15 Ex. 0 23.2 3.2 Good -
Ex.1 7697 19.54 0.5 =X 70.9 19.5 sad [
Ex. 2 7710 18.51 0.76 Ex. 2 60.5 18.51 Bad -
Ex. 3 85.28 46.09 0.23 =56 ¢ 24.5 4.6 Good -
Ex. 4 85.42 35.83 0.6 Ex. 4 110.0 35.83 Bad -
Ex. 5 88.02 2 59 0.67 EX. 5 23.8 3.7 Good -
Ex. 6 7705 6.34 0.89 Ex. 6 25.8 4.5 Good -
Ex.7 77.49 6.98 0.2 Ex. 7 24.7 4.9 Good [ ]
Ex. 8 85.81 12.18 0.55 Ex. 8 85.8 25.6 Bad -
Ex. 9 98.81 2.18 9.45 - Ex. 9 78.8 20.33 Bad -

Dr Varun Ojha and Dr Giuseppe Di Fata



2| Regression: Linear function

v" Best Fit
y = f(x) =wix +wy v" Find the line
Stock 4 (parameters of a line
L Price €g equation) that
| ) minimize the norm of

EEE

the y errors
v (sum of the squares)

Error
e, = Vi -Yi

8
e = z()”\i —}’i)z
i=1

Revenue (x)

Dr Varun Ojha and Dr Giuseppe Di Fata 33



Regression: Non-Linear function

Find values of the
weight: wy, wy, ... Wy,

J = fx)= wo+wix+ wyx? 4+ 4+ wpx™

Stock
Price

)

Revenue (x)

Dr Varun Ojha and Dr Giuseppe Di Fata 34
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Loss function: Mean Squared Error, E

E—ln(A :
= EZ Vi = i)
1=1

y; - predicted output
y; - target output
n - number of examples in training/test set

Dr Varun Ojha, University of Reading, UK 35
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Loss function: Mean Absolute Error, E

n

E—le
== Vi - il

=1

y; - predicted output
y; - target output
n - number of examples in training/test set

Dr Varun Ojha, University of Reading, UK 36



Classification: Linear function

v Best Fit
y = f(x) =wx +wy v Find the line
(parameters of a line
equation) that
minimize the error

Attribute (misclassification) rate

(x2)

Attribute (x;)

Dr Varun Ojha and Dr Giuseppe Di Fata 37



Classification: Non-Linear function

J = fx)= wo+wix + wyx?+ -+ wyx™

A
O
Attribute
(x2)
® Find values of the
weight: wy, wy, ... Wy,
O

Attribute (x;)

Dr Varun Ojha and Dr Giuseppe Di Fata 38
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Loss function: Misclassification rate, E

n

1

" 1(yl Vi)
L=

y; - predicted output
y; - target output
n - number of examples in training/test set

Dr Varun Ojha, University of Reading, UK 39
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Loss function: Log loss

This part will be zero if y; = 0 This part will be zero if y; =1

___________________________________________________________________

y; - predicted output
y; - target output
n - number of examples in training/test set

Dr Varun Ojha, University of Reading, UK 40



1:13 PM

Loss function: Log loss, E

n
1
F=-—) logP(y; 7))
=1

y; - predicted output
y; - target output
n - number of examples in training/test set

Dr Varun Ojha, University of Reading, UK 41



Part 3

Neural Networks



Learning Systems: Neural Networks

Hidden
neurons

Inputs L0 Wo

neurons

synapse
woxo

axon from a neuron

Output
neuron dendrite
cell body f (Z wiz; + b)
w1y i
> w;x; + b >
34! Z o f output axon
activation
Wy Ty function

Biological networks of Al representation
neurons in human brains of biological neural networks

Dr Varun Ojha, University of Reading 43



Learning Systems: Neural Networks

Hidden
neurons

Inputs
neurons

Output
neuron

e few

1 Biological networks of 2 Al representation 3 Mathematical representation
neurons in human brains of biological neural networks of the neural networks

Dr Varun Ojha, University of Reading 44



NEURAL NETWORK 1:13 PM

Architecture

Hidden
layer

Dr Varun Ojha, University of Reading, UK 45



NEURAL NETWORK 1:13 PM

Weights (parameters)

Dr Varun Ojha, University of Reading, UK 46
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For n inputs, a hidden layer node’s h;
output is expressed as:

Where ¢, is an activation function:

Iy wo

*@ synapse
axon from a neuron
~_ WoTo

output axon

activation
function

input
layer

O

Hidden NEURAL NETWORK

layer Computation: Hidden layer

Dr Varun Ojha, University of Reading, UK 47
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For n inputs, a hidden layer node’s h;
output is expressed as:

n
h] = (ph( W]l Xi >
i=1

@ y Where ¢, is an activation function:
For m hidden nodes and a output node, the
output nodes output is expressed as:
Output
layer

m
Y=o Z Wii. h;
j=1

Hidden NEURAL NETWORK

layer Computation: Output layer

Dr Varun Ojha, University of Reading, UK 48
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Sigmoid activation

p(x)

1+ e

1.0} J
@(x) 0.5} /‘ ]

Dr Varun Ojha, University of Reading, UK 49




Tangent hyperbolic activation

p(x)

e* —e*

erxt+e™*

0.5

@(x)

-0.5

1:13 PM

-10 -5

Dr Varun Ojha, University of Reading, UK
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Rectifled Linear Unit (ReLU)

@(x) = max (0, x)

Dr Varun Ojha, University of Reading, UK 51
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RelLU Tanh Sigmoid

1.0 1.0 1.0
0.5 0.5 0.5
0.0 0.0 0.0
-0.5 -0.5 -0.5
-1.0 -1.0 -1.0
-2.0 0.0 2.0 -2.0 0.0 2.0 -2.0 0.0 2.0

Dr Varun Ojha, University of Reading, UK 52
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SoftMax Activation

x

PROBABILITIES

for k units 0.7 DISTRIBUTION OF ALL

k ,Xj :
Z LABELS

p(x;) =

Dr Varun Ojha, University of Reading, UK 53



NEURAL NETWORK: Architecture o

A regular neural network architecture A deep neural network architecture

Zelloll

A\ XA
S MO
RN

i
/) VAW,
N

N
/N
V[‘\V

A

. layer
Hidden Hidden Hidden Hidden
layer 1 layer 2 layer M-1 layer M
SHALLOW LEARNING DEEP LEARNING

Dr Varun Ojha, University of Reading, UK 54
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Deep Learning

Deep learning is an artificial intelligence function that
Imitates the workings of the human brain In processing
data and creating patterns for use in decision making.

Deep learning is a subset of machine learning in
artificial intelligence that has networks capable of
learning supervised/unsupervised from data that Is
structured/unstructured or labelled/unlabelled.

Source: https://www.investopedia.com/terms/d/deep-learning.asp

Dr Varun Ojha, University of Reading, UK 55



Dr Varun Ojha, University of Reading

Artificial
Intelligence

Deep Learning
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(DEEP) NEURAL NETWORK

Optimisation

______________________________________________________________________________________________________________________________________________________________

 Stochastic gradient descent

initial weight w

global
min

Mini-batch gradient descent E(w)
, | E(w)

y learning
steps

« Batch gradient descent

« Backpropagation w

______________________________________________________________________________________________________________________________________________________________



BACKPROPAGATION

Algorithm for Updating Learning Systems

E = Qutput - Target

Learning Systems Update

Wyew < WOLD + WCHANGE

Dr Varun Ojha, University of Reading 58



BACKPROPAGATION

Algorithm for Updating Learning Systems

Details are in Lecture 5 Slides

E = Qutput - Target

Ly h] S E=YL — Y
’ww ’wjk @
O,
) ijk = (5]}1]
T Awg; = b

Dr Varun Ojha, University of Reading 59



BACKPROPAGATION

Deep Learning

N

N TN N TN
DK/ \’U‘V N4 »‘/“\’« »‘w’:’:‘/ \é’(‘/ \é’c‘/
RIOLRIOTEIOG RIS RIS
B BB NN

input  Hidden Hidden Hidden Hidden Hidden  Hidden Hidden Hidden Hidden Output
layer  layer 1 layer 2 layer 3 layer 4 layer 5 layer 6  layer 7 layer M-1  layer M layer

Forward pass
Output - Target

Back pass

Gradient of error
w.r.t weights

Dr Varun Ojha, University of Reading 60



BACKPROPAGATION

Deep Learning

L o XL XL o XL o X o XL L
S ONGL ORI XL R
SO O B é,“é R

R OLRS
AN S

Wxu, Wuon, Wa,u, Waany, Whone Waen, WhH,

Forward pass

Back pass

Dr Varun Ojha, University of Reading




Vanishing Gradient

A A«g“}\wf/“k:{“??.“\
X @I YR XL X LXK

N
A IIQAEIO <)< SO Y
AWM /"‘\'/ \

Gradient of error back propagation

Dr Varun Ojha, University of Reading 62



Vanishing Gradient

g“y'f{“}\y{“}\{{“}\oﬁ“kg‘

AN
0
' \/ \/ \/ \/ vV \/ \/ \/ Q
7 TN TN N7 &N N 2 NS
X 06X IRK o I 0 00 e 200 1

" AA
>

‘ N\ N\ N/\V N/\V
RN LN

Wxu, Wuon, Wo,u, Woou, Wa,ne Waen, Whagn,

WHL—Z;HL—l WHLY

Forwardpass:y = @ (W@ 1(Wy_1-- @3(W30,(Wr01(W1Xx))) )

0.5 0 011 w = 0.5 1 for a large L this will
y=Ww,| : : be extremely small. That is,
0.0 0.5 weight w is a an exponentially
' ' decreasing function of L

Dr Varun Ojha, University of Reading

e=y —y

This is caused by sigmoid
function because its derivative
lies between 0.0 and 0.25

63



Vanishing Gradient

Lo Lo “A«{/“}\o,.“

/

»‘,( AV N N\ \
X A “ ‘&\“ ‘0‘\“ LN ﬂ‘@ ﬂ“o
) "“v LXOLX "‘"
BB A N /
Wxu, Wuon, Wo,u, Woou, Wa,ne Waen, Whagn, Wuo,_,n, 4, Whay
Forward pass:y = @ (W @ 1(Wp 1 @3(W30,(Wo01,(W1X))) -+ ))
e=y -y
0.5 .- 0.01L1 w = 0.5 "1 for a large L this will | | Solution:
y=W;| : : be extremely larger. That is, Use of ReLU function
00 - 05 weight w is a an exponentially @, (x) = max (0, x)
' ' decreasing function of L
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Exploding Gradient

A«%A}\'f/ﬂk’{“kwﬁ

\ ' / \:’ \ \«’»/
X X \“

VI{‘\' 4!“\'
‘\ /‘

Gradient of error back propagation
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Exploding Gradient

“ 01.“}\91 Aof/“}\m.“ A

N
X

/ Y, N2 \ / \«
X “\“v“; RO O
vv NN
P NN AN W/\ Va
Wxu, Wuon, Wo,u, Woou, Wa,ne Waen, Whagn, Wuo,_,n, 4, Whay
Forward pass:y = @ (W@ 1(Wp_1-- @3(W30, (W01 (W1X))) -+ ))
e =
15 0.0141 w = 1.5 1 for a large L this will | { This is caused by initialization
y=W : : be extremely larger. That is, of weights with large values.
L 0.0 1'5 weight w is a an exponentially
' ' Increase function of L

Dr Varun Ojha, University of Reading
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Vanishing Gradient

gradient become
very small
Loss Convergence
virtually stops
because weights do
not change any more

Dr Varun Ojha, University of Reading 67



Exploding Gradient

Highly fluctuating
gradient descent

Loss Weight abruptly
changes.

Skips Global minima

w

Dr Varun Ojha, University of Reading 68
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Exploding Gradient

A XX o XX o Lo X
\’«’»‘/“\’«’»‘/
[ 2\ 2R\

A

‘ N\ N\ N/\V N/\V
NN

Wxu, Whin, Wa,ny Wasny, Wayng Wasng Waen, - Wa, b, 1 Why

Forwardpass:y = @ (W@ 1(Wy_1-- @3(W30,(Wr01(W1Xx))) )

e=y -y
15 .. 0011 w = 1.5" "1 for alarge L this will | | golution:
=w,|: -~ be extremely larger. That s, Gradient clipping and/or better
00 - 1.5 weight w is a an exponentially weight initialization
' ' increase function of L

Dr Varun Ojha, University of Reading 69
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Part 4

Convolutional Neural Network
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Data

Image: Gary scale

Dr Varun Ojha, University of Reading, UK 71
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Data: 2D

Image: Gary scale

P11 = Piw )
] = : . : nght (H)

Pu1 = P Pw

For Hight = 256, Width = 256

P11 P1,256
I — 5 % 3

P256,1 °°° D256, P256

Width (W)

Dr Varun Ojha, University of Reading, UK 72



Data: 2D

Image: Gary scale

py € {0,1,2., ..., 256}

For Hight = 256, Width = 256

P11 P1,256
I — 8 % 9
P256,1 °°° D256, P256

Hight (H)

Width (W)

Dr Varun Ojha, University of Reading, UK
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Data

Image: Colour

Dr Varun Ojha, University of Reading, UK 74



Data: 3D

Image: Colour

P11
I — :
PH1

P11
I = :
PH1

P11
I = :
PH1

P1:w
PH;.PW

P1:w
PH».pw
P1:W

PH, Pw

Hight (H)

Width (W)

Dr Varun Ojha, University of Reading, UK
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Channel /Depth (D) 13 PM

Data

Image: Colour

P11  Piw
I = ] i :
p i s p ’p
A TEWE T Hight (1)
P11 — Piw
IGreen — [ E E 0
PH1 = PH Pw
P11 = Piw
I = l : .’. 3
PH1 = PH DPw

Width (W)
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Deep Learning

T
] —— .
B
NE
N
R
< 256 >

Gary scale image of size
[256 x 256]

Hidden Hidden Hidden Hidden
layer 2 layer M-1 layer M

layer 1

X65536

input layer
Dr Varun Ojha, University of Reading, UK 77



Convolutional Neural Network (CNN)

QA
e
{
o}o

405
I
X
\
K
A
“

input layer
hidden layer 1 hidden layer 2

A regular Neural Network

O <O
tput layer

4

Convolutional Neural Network

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK
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Convolutional Neural Network (ConvNet)

A ConvNet arranges its neurons in
three dimensions (width, height,
depth).

Every layer of a ConvNet transforms
the 3D input volume to a 3D output
volume of neuron activations.

= In this example, the red input layer
holds the image, so its width and
height would be the dimensions of the
Image, and the depth would be 3 (Red,
Green, Blue channels)

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK 79



1:13 PM

ConvNet/ CNN

Architecture: A Simple ConvNet / CNN
[INPUT - CONV - RELU - POOL - FC]

INPUT [32x32x3] will hold the raw pixel values of the image.
Image width 32, height 32, and with three colour channels R,G,B.

R, G, B
/

height 32

width 32

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK 80
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ConvNet/ CNN

Architecture: A Simple ConvNet / CNN
[INPUT - CONV - RELU - POOL - FC]

CONYV layer will compute the output of neurons that are
connected to local regions in the input, each computing a dot
product between their weights and a small region they are
connected to in the input volume.

This may result in volume such as [32x32x12] if we decided to
use 12 filters

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK 81
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ConvNet/ CNN

Architecture: A Simple ConvNet / CNN
[INPUT - CONV - RELU - POOL - FC]

RELU layer will apply an elementwise activation
function, such as the max(0, x) thresholding at zero. This
leaves the size of the volume unchanged ([32x32x12]).

RELU layer

No change in dimension

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK 82
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ConvNet/ CNN

Architecture: A Simple ConvNet / CNN
[INPUT - CONV - RELU - POOL - FC]

POOL layer will perform a down sampling operation along the

spatial dimensions (width, height), resulting in volume such as
[16x16x12]

12

POOL layer
= » 16

37 16

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK 83
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ConvNet/ CNN

Architecture: A Simple ConvNet / CNN
[INPUT - CONV - RELU - POOL - FC]

FC (i.e. fully-connected) layer will compute the class scores, resulting in
volume of size [1x1x10], where each of the 10 neurone correspond to a
class score, such as among the 10 categories.

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK 84



A Simple Example

Live demo http://cs231n.stanford.edu/

RELU RELU RELU RELU RELU RELU
CONV lCONVl CONV lCONVl CONV lCONVl

l

.

: il st

TR T

ANTRS



http://cs231n.stanford.edu/

ConvNet o
Convolution Layer

32

An input volume in red
(e.g. a 32x32x3), and

—
/

32

an example volume of

0000 neurons in the first

Convolutional layer.

3

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK 86
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ConvNet
Convolution Layer

« CONV layer’s parameters consist of a set of learnable filters.

 Every filter is small spatially (along width and height), but
extends through the full depth of the input volume.

A typical filter on a first layer of a ConvNet might have size
5x5x3 (I.e. 5 pixels width and height, and 3 because images
have depth 3, the colour channels)

A very good source: http://cs231n.github.io/convolutional-networks/
Dr Varun Ojha, University of Reading, UK 87
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ConvNet
Convolution Layer

* Forward pass: we slide (convolve) each filter across the width
and height of the input volume and compute dot products
between the entries of the filter and the input at any position.

 When we slide the filter over the width and height of the input
volume we will produce a 2-dimensional activation map that
gives the responses of that filter at every spatial position

» We can have a set of filters (e.g., 12)

A very good source: http://cs231n.github.io/convolutional-networks/
Dr Varun Ojha, University of Reading, UK 88
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ConvNet
Convolution Layer

p

///////

mm
16 x16x3 16x16x3 16x16x3 16x16x 3
filter 1 filter 2 filter 3 filter 4
36 Xx 36 X 3 16 x16x 4

Dr Varun Ojha, University of Reading, UK 89



ConvNet

Convolution
Layer

Requires four hyperparameters:
 Number of filters K,

 their spatial extent F,

* the stride S,

« the amount of zero padding P.

Source: http://cs231n.github.io/convolutional-networks/

Input Volume (+pad 1) (7x7x3)

—

Filter WO (3x3x3)

®[:,:,0] wi[:,:,0]
0 oo 0 0 o ﬂ‘l__l
EG 1 1 0 _llll_t]_
D_“EID_D 0 0 0 (]Ill -1
RN P e S SR B i wOl[:,:,1]
0 1 0 0 - i
0 1 2 0 [0 |[-1]
0 0 0 |1_1

= a a9

== B

o o

S O O D O D ND

oo a a a a o o

(1x1x1)
.. 01

Filter W1 (3x3x3)
wll[:,:,0]
1 0 -1

Bias bl (1x1x1)
L1[:,:,0]
0

Output Volume (3x3x2)

ol:,:

710

2 5

r "—"]
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http://cs231n.github.io/convolutional-networks/

Input Volume (+pad 1) (7x7x3) Filter W0 (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

ConvNet f}
Convolution o

Layer

Requires four hyperparameters:
 Number of filters K = 2,

» their spatial extent F = 3,

* the stride S = 2,

» the amount of zero padding P = 1.

]

m 0

0 |2_ 1 0 0
01 2 01 0 O
il 20O 2 B
0 0 2 0 0 1 0
0 0 00 0 0 O

Source: http://cs231n.github.io/convolutional-networks/ 91



http://cs231n.github.io/convolutional-networks/

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

#[:,:,0] wo[:,:,0] wll:,:,0] ol:z,:,0]
ﬂﬂUOMﬂﬂ . 0 Jf1 -1} 5 0 7
ﬂlmlﬂ 10 0 AR 9 6 3
0 211 o N B o |[-1}fo 5 (27==2
0 1 0 [:,:,11 o[:,:,1]
ConvNet T T | BER
0 0 0 0 | -14 -10 -2
. 0 0 -1 9 0 -4
Convolution ...
0 0
Layer T
0 1
0 0
0 2
0 0
0 0
Stride (central cell jump) = 2 ls
0 0
0 2
0 2
0 1
0 2
0 0
Source: http://cs231n.github.io/convolutional-networks/ 0 0 92
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Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

#[:,:,0] wo[:,:,0] wll[:,:,0] ol:,:,0]
DG[JUD"D"[} 1 1 -1 llll'f,lI -1 7 |0 |2
i 28 2 ) 2 |5 |1
0 0 0 O -1 0 1
0 1 0 2 o[z, :,1]
ConvNet  :°:: E
0 1 1 2 ==
I . 0 0 0 0 -1 -2 2
Convolution ...
0 0 0 O
Layer 0 2 0 1
i fOS 22 )
0 2 0 O
i fON F 2
il D 0
0 0 0 O
®[:,:,2]
0 0 0 O
i 28 2 )
M PO 2 1
i NN S T
0 1 0 2
i O 0 1
Source: http://cs231n.qgithub.io/convolutional-networks/ 0O 0 0 O 93



http://cs231n.github.io/convolutional-networks/

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

x[:,:,0] wO[:,:,0] wl[:,:‘,__g] o[:,:,0]
7 0 2
25511
-1 0 1
ol[:,:,1]
-4 -6 2
ConvNet 33
. -1 -2 2
Convolution
Layer
> 1as b0 (1x1K1) Bia (1x1x1)
1 0 bO[ s, 0 1[:,:,0]
0 0 0
0 0
'D-rl'}. 0 0 0
0 2 0 0
PP o o
ED 11 0
0 ll[l_’? 0 0 0
0O 0 0 1 2 0 0
Source: http://cs231n.qgithub.io/convolutional-networks/ O 0 0 0 0 0 0 94
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Input Volume (+pad 1) (7Tx7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

®[:,:,0] wl[:,:,0] wll[:,:,0] ol:,:,0]
0 0 ' 7 |0 |2
0 2 2 |5 |1
0 0 -1 0 1
0 1 o[z, :,1]
ConvNet B
0 1 3501
- 0 0 -1 -2 2
CO”VOIUthn xl:,
0 0
Layer T
0 0
o E Bias BT (1x1x1)
0 0 [:,:,0]
0 1 -
0 0
x[:,:
0 0 0
0 2 0
0 0 0
0 0 0
0 1 0 0
O ¢ 0 1 2 0 O
Source: http://cs231n.qgithub.io/convolutional-networks/ 0O 0 0 0 0 0 0 95
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ConvNet
Convolution

Layer

Source: http://cs231n.github.io/convolutional-networks/

Input Volume (+pad 1) (7x7x3)
®x[:

=R - R - (U - R o R - N =

e o oo o o oH

L= IR = R - Y o R o R = R =

[}
]

r

0
2
0

:, 0]

=

T = T T Y — T S O N Rt

o N s = = o

[ 3]

| 3]

o o O e

| - R e T e R e ]

—

| T = Y e T s [ T R P N T = N = ]

[ T

0

0

0
0
]

EE

Filter WO (3x3x3)

wO[:,:,0]

1as
b

- r

(I1x1x1)
1,01

Filter W1 (3x3x3)

Output Volume (3x3x2)

wll[:,:,0] ol:,:,0]
J;IE"-T 7 0 2
D_||1_T N ER
1||1 1 -1 0 1
: ol:,:,1]
-4 -6 2
=3 =50 11
-1 2 2
Bias b¥(1x1x1)
blf:,:,0]
0
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http://cs231n.github.io/convolutional-networks/

Input Volume (+pad 1) (7x7x3) Filter W0 (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

#[:,:,0] wO[:,:,0] wll:,:,0] ol:,:,0]
0 0 1 1 -1 7 0 2

ConvNet E
Convolution

0O 0 0 0

Layer T B
0 0 2 201 -1 1
L i B 2 13500 (1x1x1 Bias b1 (1x1x1)
ﬂ 1 s [:,:,0]
[0 ] ’
0

Source: http://cs231n.github.io/convolutional-networks/
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ConvNet
Convolution

Layer

Source: http://cs231n.github.io/convolutional-networks/

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

#[:,:,0] wo[:,:,0] will[:,:,0] ol:,:,0]
0 0 7 |0 |2
0 2 A R S |
0 0 -1 0 1
0 ol:,:,1]
0 -4 -6 2
0 -3 51
0 -11-212
®[:

0

0

0

0 Bias b¥(1x1x1)

0 blf:,:,0]

0 0

0

®[:

0

0

0

0

0

0

0 98


http://cs231n.github.io/convolutional-networks/

ConvNet
Convolution

Layer

Source: http://cs231n.github.io/convolutional-networks/

Input Volume (+pad 1) (7x7x3)
[:

it

o ool o o eaXloeo o alolole

o o o o o o ot

[}
]

[
L

(== B S R Ty

=

[ T

:, 0]

c © K o7

=

wl[:,:,0]

0 0

2 0

0 0

0 2

i1

i 2

0 0

r 1]

0 0 0

0 1 0
N i E

o 0 Bias b0 (#x1x1)
12 [L]r]o b0 L7, 0]
10@{]

o o [ofo

r 2]

ol [0l i o
2 0 2 0
3 2

i1 0

o 2 [o]o

0 1 [2 IE
o T

Filter W0 (3x3x3)

Filter W1 (3x3x3)

will:,:,0]

Bias blA1x1x1)
bl :,0]

Output Volume (3x3x2)
ol:,:,0]
7 0 2
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ConvNet
Pooling Layer

224x224x64

112x112x64

pool

—

- e 112
224 downsampling

112
224

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK
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Pooling layer down
samples the volume
spatially,
iIndependently In
each depth slice of
the input volume

100
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ConvNet
Pooling Layer

Single depth slice
Jl1]1]2]4
max pool with 2x2 filters
HelmeN 7 | 8 and stride 2 6 | 8 _
- 2 B Max Pooling
> 14 . layer
1 | 2 [
y

A very good source: http://cs231n.github.io/convolutional-networks/
Dr Varun Ojha, University of Reading, UK 101
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ConvNet
Fully Connected (Dense) Layer

/]

‘

Zéé/‘ Classes

—
‘ —
‘ \

Dr Varun Ojha, University of Reading, UK
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ConvNet
Dense Layer < Convolution Layer

=

7 X 7x512 1x1x 4096

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK 103



ConvNet

Dense Layer & Convolution Layer

X7

7 X7 x512

////////

1234567 4095 4096

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK

y

1:13 PM

1x1x 4096
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ConvNet
Dense Layer < Convolution Layer

ooooooo T oo

1234567 4095 4096

7 X7 x512 1x1x 4096

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK 105
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ConvNet
ConvNet Architecture

INPUT — [CONV — RELU —> POOL]*2 — FC — RELU — FC

A very good source: http://cs231n.github.io/convolutional-networks/

Dr Varun Ojha, University of Reading, UK 106
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Deep Learning, Yoshua Bengio, lan Goodfellow, Aaron Courville, MIT Press
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