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@}y“‘ 1.1. INTRODUCTION TO ARTIFICIAL INTELLIGENCE

%, S-'\VQ%A‘-L’KF‘ Ll f\@ s | ) P o " "Artificial Intelligence is a branch of computer science that deals with déveloping :
. @\“‘f wlng }-5"\ & m EA o e nt mtelhgent machines which can behave like human, think like human, and has ability -
ok . oK bl : - to'take decisions by their own."

Artificial Intelhgence is a combination of two words Artificial and Intelligence,
T R o j which refers to man-made intelligence. Therefore, when maE;fﬁ;:es are equipped with
_ . ] e 9 . man-made intelligence to perform intelligent tasks similar to humans, it is known as
C B B ot f y ; 11 AT | Artlﬁclal Intelligence. It is all about developing intelligent machines ‘that can
e o f” & : [ sunulatc the human bram and work & behave like human bemgs i

: 1. '| 1. HlSTORY OF ARTIFICIAI. INTEI.I.IGENCE ' .

2 - et . Artificial intelligence is assumed a new technology, but in reality, it is not new.

AP : e X 3 = el o omad ; - The researchers in the field of Al are much older. It is said that the concept of

; g " SR S ‘ 7 | mtelhgent machines was found in Greek Mythology Below are some keystones in

- A e o _ 1 B : - the deve]opmeut of Al:

o . & Inthe: year 1943 Warren McCulloch and Walter pits proposed a model of

3 % : : : Artificial neurons. ,

r P USRI 1L ey 1] 4% In the year 1950, Alan Turing - published a "Computer Machmery and

: ' ‘ T : ‘ ' r A o Intelhgence" paper in which he introduced a test, known as a Turing

 Test. This test is used to determine intelligence in machines by checking if d
- the machine-is capable of thinking or not. - i

: A R A : 1. < In the year 1956, for the first time, the term Artificial Inﬁelligen;:c was -

" : AL Pl RS Ch ' ; : ~ coined by the American Computer scientistJohn Mc Carthy at ‘the

f: ALY gl L - T ‘ B ey [ " Dartmouth Conference. John McCarthy is also known as the Father of AL .
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In the year 1972, the first full-scale intelligent humanoid robot,
WABOT1, was created in Japan.

In the year 1980, AI came with the evolution otg‘Expert Systems. These
systems are computer programs, wh:ch are designed to solve complex
problems :

In the year 1997, IBM Deep Blue beat world chess champion Gary -

Kasparov and became the first computer to defeat a yvorld chess champion.

In the year 2006, Al came into the business world, World's top companies
like Facebook, TW1tter and Netflix also started using AI in their
applications.

1.1.2. TYPES OF ARTIFICIAL INTELLIGENCE

Artificial Intelligence can be divided in various types, there are malnly two types
of main categorization which are based on capabilities and based on func_tlonally of
AL Following is flow diagram which explain the types of AL

( Arificial Intelligence )

Narrow Ge eral Strong Reactive Self
Al I: - Al Machines - . Awareness
v i P : " Limited Theory

! : Memory ‘of mind

Fzg I 1 Al lype-I Based on Capabtl:ttes

1 Weak Al or Narrow Ai. : A

i

_0..

®,

o

Narrow Al is a type of Al whrch is able to perform a dedicated task w1th .
mtelhgenee The most common and currently available Al is Narrow Al m
the world of Artificial Intelhgence

< Narrow Al cannot perform beyond its field or llmltatlons, as it is oniy

trained for one specific task. Hence it is also termed as weak Al Narrow
Al can fail in unpredictable ways if it goes beyond its limits.

e —

:

Problem Solving

9,
Q'.

£
R

Apple Siri is a good example of Narrow Al, but it operates with a limited
pre-defined range of functions. ‘

IBM's Watson supercomputer also comes under Narrow Al, as it uses an
Expert system approach combined With Machine learning and natural
language processing. 7

Some Examples of Narrow Al are playing chess, purchasing suggestions
on e-commerce site, self-driving cars, speech recognitior, and image
recognition.

2. General Al:

A

®,
e

General Al is a type of mtelhgence whlch could perform any intellectual

- ‘task with efficiency like a human
: The idea behind the general Al to make such a system which could be

smarter and think hke 2 human by its own.

" Currently, there is no such syStem exist which couid -come under general

Al and can perform any task as perfect as a human

‘The worldwide researehers are now focused on developing machmes w1th :

General Al

As systems wrth general Al are still under research,-and it wﬂl take Iots of
efforts and time to develop such systems : g

i SuperAl' '

B Intelligent than-
human

- Fig. 1.2
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Super Al is a level of Intelligence of Systems at which machines could
surpass human intelligence, and can perform any task better than human
with cognitive properties. It is an outcome of gengral Al

Some key characteristics of strong Al include capability include the ability
to thmk, to reason, solve the puzzle, make judgments, plan, learn, and
communicate by its own. '
Super Al is still a hypothetlcal concept of Artificial Intelhgcnce

] Development of such systems in real is still world thanging task.

1.1.3. -ARTIFICIAL INTELLIGENCE TYPE-2: BASED ON FUNCTIONALITY

1. Figacﬁve Machines’

o

&

Purely reactive machines are the most basic types of Artificial Intelligence.

Such AT systerns do not store memories or past expenences for future
actlons :

These machines oﬁy focus on current scenarios and react on 1t as per -

possible best act:on

IBM's Deep Blue system is an example of reactlve machmes

' Google's AlphaGo is also an example of reactive machmes

1 lelted Memory

,short pe

d of time.. :
These machmes can use stored data for a- lmuted time penod only.

Self-driving cars are one of the. best examples of Limited Memory
systems. These cars can store recent speed of nearby cars, the dlstance of
other cars, spe_ed limit, and other information to navigate the road.

i 3 Theory of Mmd

o,
L **

.’0

Theory of Mind Al should understand the human emotlons people
beliefs, and be able to interact socially like humans
This type of Al machines i is still not developed, but researchers are makmg
‘lots of efforts and improvement for developing such Al machines. -

! :

Problem Solving

4, Self-Awareness

2,
oo

2,
..0

o

Self-awareness Al is the future of Artiﬁqi.g Intelligence. These machines
will be super intelligent, and will havc their own consciousness,
sentiments, and self-awareness.

These machines will be"smarter than human mind.

Self-Awareness Al does not exist in reahty still and it is a hypothetical
concept.

A.l Approaches

The definitions of Al accofd_iﬁg to some text books are categorized into four
approaches and are summarized in the table below:- :

Limited r;emory machmes can store past expenences or some data for a

<. Systems that think like human
¢ Systems that act like human
~ % 'Systems that think rationally
< Systems that act rationally

Thmkmg Humanly

" Thinking Rationally

| “The exciting new. effort ‘to make.

computers think . machlnes with
minds, in the full and literal sense”,
(Haugeland, 1985) :

we associate with human thinking,
activities such as declsmn-makmg,

“(The automation of) activities that

“The. study of -mental - faculties
through the use of computatxonal _

i ‘models™.

(Chamla.k and McDermott 198 5)

“The study of the computations that '
make it possible to percewe reason, | -

| and act”.
.| problem solving, learning ... :
; “Winston, 1992
- ‘(Beilman, 1978). CWi o, )_ :
Acting Humanly Acting Rationally

perfonn functions that require
mtellzgence when performed by

people
(Kurzwell 1990)

“The art of creating machines thatr'

“Computational Intelligence is the
study of the des1gn of mtelhgent
ageﬂ .

| (Pooleetal, 1998) ‘




“The study of how to make
computers do things at which, at the
moment, people are better”.

(Rich and Knight, 1991)
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“Al.. is concerned with intelligent
behavior in artifacts”.

(Nilsson, 1998) '

Table 1.1. Some definitions of artificial imelligence, organized into four categories

Thinking humanly: The cognitive modelmg approach

To say that a program thinks like a human, consider the human thinking which
_can be expressed in three ways:

introspection - trying to catch our own thoughts as they go by;
psyeho[ogneal experunents observmg @ person in aetlon

brain imaging - observing the brain in action. -

" Once there is sufficient precise theory of the mind, it becomes p0551b1e to express
the theory as a computer program '

Cognitwe Study of Human Mmd

Itis a hlghly mterdlsclplmary field whlch combines 1dcas and methods ﬁ'om
. psychology, computer science, phllosophy, linguistics and neuroscience.

" The goal of cognitive science is to characterize the nature of human knowledge
and how that knowledge is used, processed and acquired -

g Acting humanly: TherTurmg Tgst approach

The Turing T proposed by Alan Tunng(1950) was desxgned to prov1de a
satisfactory ope;atldnal deﬁmuon of intelligence. A computer passes the test if o
humah interrogator,’ after posing some written questlons cannot tell whether the
- written responses comie from a person or from a computer. _

7

‘The computer would need to possess the foliomng capabilities:

o,

<. natural language processmg to enable it to communicate successfully in
Enghsh ; s
] knowledge representation to store what it knows or hears;

)

<% automated reasoning to use the stored information to answer questmns and
to draw new conclusions; : :

- discover new patterns

LR

% machine Eeammg to adapt to new cxrcmnstanees and to, detect and to

Problem Solving

" < computer vision to perceive object and

<+ robotics to manipulate objects and to move about

Thinking rationally: The “laws of thought” approach

< Aristotle The concept of “right thinkirig” was proposed by Aristotle. His
syllogisms provided. patterns for argument structures that always yielded:
correct conclusions when given correct premises. -
4 The canonical example starts with Socrates is a man and all men are
mortal and concludes that Socrates is mortal. L
< These laws of thought were supposed to govern the operaﬁdn of the mind;
their study initiated the field called logic. g
% Logicians developed a prec:se notation for statements about objects in the
~ world and the relatxons among them Logics are needed to create
mtelllgent systems.

* Acting rationally: The rational agent appro_ach '

I

- An agent is just something that acts operate autonomously, perceive their
environment, persist over a prolonged time period, ada'p{ to ch'ange, create and
pursue goals. A rational egent is onie that acts so as to,achieve the best outcome -
~ One way to act ratmnally is to deduce that a given action is best and then to act on

‘that eonclusmn On the other hand, there are ways of actmg ratmnally that cannot be
said to involve inference. -

The rational-agent approach to AI has two advantages over the other approaches
First, it is more general than. the . “laws of thought” . approach because correct

mferenee is just one of several possible mechamsms for achieving ratnonahty =}
Seeond it i$ suitable for scientific development

<1 AP'PLICATIONS OF Al

1. Game Playmg : :

Alis wzdeiy used in Gammg Different strategle games such as Chess, where the -
machine needs to think Jogically, and v:deo games to prowde real—tlme experiences
use AﬂlﬁC-lal Intelllgenee ;
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2. Robotics:

Artificial Intelligence is commonly used in the field of Robotics to develop
intelligent robots. Al implemented robots use real-time updates to sense any obstacle
in their path and can change the path instantly. Al robots can be used for carrying
goods in hospitals and industries and can also be used for other different purposes.

3. Healthcare:

In the healthcare sector, Al has diverse uses. In this field; Al can be used to detect
diseases and cancer cells. It also helps in finding new drugs with the use of historical

~ data and medlcal mteihgence

4. Computer V‘smn

~ Computer vision enables the computer system to understand ‘and derive
meamngful information from digltal images, video, and other visual mput w1th the

% help of Al o -

5. Agrlcu!ture - ; + —~
Al is now wxdely used in Agriculture; for exampIe with the help of Al we.can
eas1ly 1dent1fy defects and nutrient absences in the soil. To identify these defects Al
robots can be utilized, Al bots can also be used in crop harvestmg ata hlgher speed 4 '
~ than human WOrkersar | 5 : :

’. i

6. E-cnmmerce P ' G

AI 'is one of the w1dc1y used and demandmg technologles in the E—commerce

mdustry With Al, e-commerce businesses are ga:mng .more profit and grow in.
business by recommendmg products as per tH®hser requirement.

b

1. Social Media

_ Different social medla web51tes such as Facebook, Instagram, Twuter etc use Al |
to make the user: expenences much better by ‘providing different features. For'
example, Tmtter uses Al to recommend tWeets as per the user interest and search
' .hiStOI'Y ‘ d
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1.3. PROBLEM SOLVING AGENTS

When the correct action to take is not immediately obvious, an agent may need to
to plan ahead: to consider a sequence of actions that form a path to a goal state. Such
an agent is called a problem- solving agent, and the computational process it
undeftakes is called search. f ; £
.. The agent can follow this four-phase problem—SoI‘;ing process:

<  Goal Formulation: Goals organize behavior by limiting the objectives

and hence the actions.to be oonsidéred.
< Prob!em Formuiation The agent devises a description of the states and
actmns necessary to reach the goal an abstract model of thc relevant part

.of the world. _ _
% Search' Before taking any acti'on- in the real world, tho agent simulates
: scquences of actions in its model, searchmg until it finds a sequence of
actlons that reaches the: goal ‘Such a sequence is called a solution. The
agent mxght have to simulate multiple sequences that do not reach the
~ goal, but eventually it will find a solution (such as going from Arad to
Sibiu to Fagaras to Bucharest), or it will find that no 'solution is possible.
ol Execﬁtion: 'Ihe é_gont can now execu;ce_ tho actions in the soluﬁon, oneata -
" time. It is an important-pfoperty that in-a'ﬂjlly observable, deterministic,
‘known envuonment, the solutmn to any problem is a fixed sequence of
actmns If the model is correct, then once the agent has found a solution, it .
: ~can ignore ‘its percepts while it is executmg the actions—because the
. squtlon is guaranteed to lead to the goal. Control theorists call -this an
open-loop system: ignoring the _percepts breaks the loop between agent
~* and environment. If there is a chance that the model is 7 \incorrect, or the
environment is nondetemﬁxiistio, then gh_e agent would be safer using a

closed-loop approach that monitors the precepts.
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1.3.1. COMPONENTS TO FORMULATE THE ASSOCIATED PROBLEM
< Initial State: This state requires an initial state for the problem which
starts the Al agent towards a specified goal. In tils state new methods also
initialize problem domain solving by a specificglass. '

% Action: This stage of problem formulation works with function with a
specific class taken from the initial state and all possible actions done in
this stage. , ‘ «*

% Transition: This stage of problem fermulation infegrates the actual action
done by the previous action stage and collects the final stage to forward it
to their next stage.

Y
o

mte_grated transition model or not, whenever the ‘goal ac}ucves stop the

action and fofwarq‘irito the next stage to determine the cost to achieve the

- "goal.

% Path costing: This compoﬁent of problein—solv'"ing nmnérical assigned

what will be the cost to achieve the goa] It Tequires all hardware seftware-

" and human werkmg cost.

Goal test: This stage detemnnes that the specified goal achieved by the - i

1 4 SEARCH AL?ORITHMS

i T

¥
Search algonthrfns are ore of the most important areas of Artlﬁclal Intelhgence ;

’ This‘topic will expfam all about the search algonthms in AL

- Problem-solving agents: .

In Artificial Inte,llxgenqe Search ’cechmques are umversal problem~solvmg
fmethods Ratmnal agents or Problem-solvmg agents in Al mostly used these search

strategms or algorithms to solve a. specific problem and provide' the best result.

Problem-solving agents are the goal-based agents and use atomlc representation. In
this topic, we will learn various problem-solving search algonthms ]
1.4.1. SEARCH ALGORITHM TERMINOI.OGIES

Search Searchmg is a step by step procedure to solve a search—problem ina
gwen search space. A search problem can have three main factors:

Problem Solving @

% Search Space: Search space represents a set of possible solutions, which a
system may have. '

)
Lo

Start State: It is a state from where agent begins the search.

K7
L

Goal Test: It is a function which observe the current state and returns
whether the goal state is achieved or not. '

Search tree: A tree represe;ltaﬁon of search problem is called Search tree. The
root of the search tree is the root node which is corresponding to the initial state.

Actions: It gives the deScriptimi of all the available actions to the agent.

Transition model: A description of what each action do, can be rebresented as a ‘

- transition model.

_Path Cost: Itisa 'fuu6tien which assigns a numeric cost to each path.

Solution: It is an act:on sequerice which leads from the start node to the goal

‘node.

Optunal Solutlon Ifa solutlon has the lowest cost among all solutions:

142 PROPERTIES OF SEARCH ALGORITHMS

Followmg are the four essentlal properties of search algonthms to compare the

: efﬁcmncy of these algonthms

Completeness A search algonthm is said to be compIete if it guarantees to retum

- a'solution if at least any solution exists for any random input.

Optlmahty If a solutxon found for an algonthm is guara.nteed to be the best
solution (lowest path cost) among all other solutlons then such a solution for is said

~ to be an optimal solution.

Tlme Complexity: Tlme complemty is a measure of t]me for an algonthm to

E complete its task.

Space Complexlty It is the maximum storage space requlred at any pomt during

. the search, as the complexity of the problem.
. 143, TYPES OF SEARCH ALGORITHMS -

- Based on the search problems ‘we: can cIass1ﬁr the search algonthms into
uninformed (Blind search search and informed search (I_{eunstlc search) algorithms.',

\-
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[ Search Algorithm j

; l
f i

| Uniformed / Blind ; | Informed Searcﬂ
=1 Breadth first search- : Best First Search
—=- Unifrom cost search y :
QA¥search.

L Depth first search

| Depth limited search

| .| lterative deeping depth-
___ first search’

= Bidirectional search

<«  Fgls

"1.4.4. UNINFORMED/BLIND SEARCH

. The uninformed search does not contain’ any domain knowledge such .as

) eIoseness the location of the goal. It operates in a brute-force way as'it only includes . -
mformatlon about how to traverse the tree and how to identify leaf and goal nodes.
Uninformed search applies a way in which search tree is searched w1thout any:

information about tife search space like m;t:al state operators and test for the goal, s0
it is also called blird search. It examines each node of the tree until it achieves the
goalmode. . {- ' Sy i TR

Itean be divided into five main types
% Breadth-first search
. * Uniform cost search
‘< Depth-first search .

L >

" % Iterative deepening depth first seareh
% Bidirectional Search

- 1.4.5. INFORMED SEARCH

Informed search algonthms use domaln knowledge In an mformed seareh,

problem - information is available which can guide the search. Informed search - -

i

R

i

Problem Solving

strategies can find a solution more efficiently than an uninformed search strategy.
Informed search is also called a Heuristic search.

A heuristic is a way which might not always be guaranteed for best solutlons but
guaranteed to find a good solution in reasonable time.

Informed search can solve much complex problem which could not be solved in

another way.
~ An example of informed search algorithms is a traveling salesman problem.
1. Greedy Search
2. . A* Search

] 5 UNINFORMED SEARCH ALGORITHMS

Uninformed seareh is a class of gerleral-purpose search algorithms which operates 58
in brute foree-way Uninformed search algorithms do not‘have additional information
about state or search space other than how to traverse the tree, so it is also called
blind search. , : :

Followmg are the various types of unmformed search algonthms

4 Breadth first Search

2. Depth-first Search

3. l)epth—llnﬁted. Search \
'4. Iterative deepening depth-ﬁrst search
e Uliifonn cost search

6. Bidirectional Search

151 ' BREADTH-FIRST SEARCH: . S
< Breadth-first search is the most common search strategy for traversmg a
tree or graph. This algorithm searches breadthwise in a tree or graph, so it .
is called breadth-first search. - ; Sy i ] j
-+ BFS algorithm starts éearehirig from the root node of the tree and expands.
all successor node at the current level before movmg to nodes of next
level.
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.0

% The breadth-first search algorithm is an example of a general-graph search
algorithm.

< Breadth-first search implemented using FIF%) queue data structure.

Advantages:

K2

% BFS will provide a solution if any solution exists.

% If there are more than one solutions for a given problem then BFS w111

provide the minimal solution which requires the least number of steps.

Disadvantages .
‘< It requires lots of memory since each level of the tree must be saved into
~memory to expand the next level.
< BFS néeds lots of time if the solution is far away from the root node.

Example

* In the below u'ee str&ture we have shown the traversing of the tree using BFS
algonthm from the root node S to goal node K. BFS search algorithm traverse in
layers, so it will follow the path which is shown by the dotted arrow, and the
traversed path willbe: -~ .- = . : y

1 S—>A—>B—>C—>D->G—+H-—>E—>F—>I—aK
Breadth FlrstSearch fr oty Sl

‘Level 0 s

Level 1 .

Level 2 {

- Level 3

£ ;

Level 4

. Fig. 1.4, Breadth First Search

e .

|

Problem Solving

[1.15]

(
Time Complexity: Time Complexity of BFS algorithm can be obtained by the

pumber of nodes traversed in BFS until the shallowest Node. Where the d = depth of
shallowest solution and b is a node at every state.

T®) = 1+b2+ 83 +... b4-0(b9)
Space Complexity: Space complexity of BFS algorithm is given by the Memory
size of frontier which is O( b4y, & 2 T (
Completeness: BFS is complete, which means if the shallowest goai node is at,
some finite depth, then BFS wﬂl find a solution. '

Optimality: BFS is optimal 1f path cost is a non—decreasmg functlon of the depth'
of the node. - ) (
1.5 2. DEPTH-FIRSTSEARCH B g : i

Depth-first search is a recursive algonthm fot traversmg a tnee or graph
 data structure. ‘ 1 |
"% It-iscalled the depth-first search because it starts from the root node and‘
: follows each path to its gneatest depth node before movmg to the next

(

&,
0‘0

(

path. : g
- ¢ DFS uses a stack data structure for its unplementatlon ( -
% . The process of the DFS algorithm is. smular to the BFS algonthm g .
Advantage: : ¢ b AR S A

4% DFS requires very less memory as it only needs to store a stack of the{
nodes on the path from root node to the current node.

% It takes less time to. reach to the goal node than BFS algonthm (1f lt
traverses mthe nght path) g ; LT

Dlsadvantage “ i i ; . . '(

.0

. There is the p0351b111ty that many states keep re-occurrmg, and there is no (

guarantee of ﬁndmg the solutlon

e DFS algorithm goes for deep down searchmg and sometlme it may go to
the infinite loop - : ] TR o e el

(
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e e

Example:

In the below search tree, we have shown the flow of depth-first search, and it will

follow the order as: , ' %

Root node —> Left node — right node

Tt will start searching from root node S, and traverse A, then B, then D and E, after
traversing E, it will backtrack the tree as E has no other successor and still goal node

is not found. After backtracking it will traverse node C and then G, and here it will
terrmnate as it found goal node.

Depth First Search

Level 0

Level 1

Level 2-

Level 3 j

; F:g L5. DepthFlrstSearch e

Completeness@FS search algorithm is complete \mthm finite state space as: 1t
will expand every‘node within a imuted search treg. :

Time Complﬂ'xlty Time complex1ty of DFS will be equwalent to the node
~ traversed by the algonthm It is given by - : ; : :

T(n) = 1+n2 + 3 +. X n'" =0 (nm)

Where, m = ma@nmum depth of ary node and this can be much larger than d

¢ (Shallowest solution-depth)

" Space Complexlty DFS algorithm needs to store only smgle pth from the root

‘node hence space . complex1ty of DFS is equivalent to the " sme of the ﬁmge set,

which is O(bm).
Optlmal DFS search algonthm is non-optlmal as it may generate a large number

_of steps or hlgh cost toreach to the goal node.

Problem Solving

1.5.3. DEPTH-LIMITED SEARCH ALGORITHM:

A depth-limited search algorithm is similar to depth-first search with a
predetennined limit. Depth-limited search can solve the drawback of the infinite path
in the Depth -first search. In this algorithm, the node at the depth limit will treat as it
has no successor nodes further.

Depth-limited search can be  terminated with two Conditions of faalure

% Standard failure value: It indicates that problem does not have any
solution.

% Cutoff failure value: It 'defn_les no solution for the problem within a given
depth limit. -
Advantages: : ; ‘ |
Depth-limited search is Memory efficient.
Disadvantages: , 2
@ Depth;limited search also has a‘disadvantage of incompleteness.
'« It may not be optimal if the problem has more than one solution.

Example:

Depth Limited Search

Level 0

Level 1

Level 2

| Level3, |

: . Fig. L.6. Depth Lumted Search ,
Completeness: DLS search algontl'un is complete if the solution is above the
-depth-limit. &
‘Time Complexlty Tlme complexlty of DLS algonthm is O(bf).
Space Complemty Space complexxty of DLS algonthm is O(b x ﬁ)
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: Disadvantages

Optimal: Depth-limited search can be viewed as a special case of DFS, and it is
also not optimal even if £ > d.

1.5.4. UNIFORM-COST SEARCH ALGORITHM $

Uniform-cost search is a searching algorithm used for traversing a weighted tree
or graph. This algorithm comes into play when a different cost is available for each
edge. The primary goal of the uniform-cost search is to find a path to the goal node
which has the lowest cumulative cost, Uniform-cost search‘ expands nodes according
to-their path-costs form the root node. It can be used to $olve any graph/tree where
the optimal cost is in demand. A uniform-cost search algorithm is implemented by
the pﬁcrity queue. It gives maximuin pﬁority to the lowest cumulative cost. Uniform
cost search is equivalent to BFS algcnthm if the path cost of all edges is the same.

Advan'tages

- % Uniform cost search is optlmal because at every state the path with the

least cost is chosen. - :
e

e It does not care about the number of steps involve in searchmg and only
concemed about path cost. Due to wlnch thls algonthm may be stuck in an

mﬁmte loop

“Eampler T T

- Level 0

Level 1

Level 2

Level 3 -

Level 4 .

Fig. 1.7. Unq'fonnbd;t Search:

Problem So{ving 1.19

Completeness:

Uniform-cost search is complete, such as if there is a solution, UCS will find it.
Time Complexity:

Let C* is Cost of the optimal solution, and ¢ is each step to get closer to the goal
node. Then the number of steps is = C*/ ¢ + 1. Here we have taken +1, as we start
from state 0 and end to C*/ &.

Hence, the worst-case time complexity of Uniform-cost search is O(b, + [C*/
el
Space Complexity:

The same logic is for space complexity so, the worst-case space complexity of
Uniform-cost search is O(b, + [C*/ e])

Optlmal

Uniform-cost search is always optm:lal as it only selects a path with the lowest
path cost. 4

15 5. l'I'ERATIVE DEEPENING DEPTH- ﬂRST SEARCH

The 1terat1ve deepening algonthm is a combmanon of DFS and BFS algorithms.

This. search algorithm finds out the best depth limit and does it by gradually

increasing the limit until a goal is found. ;
- This algorithm performs depth-first search up to a certain "depth limit", and it
keeps increasing the depth limit after each iteration until the goal node is found. '
This Search algonthm combines the benefits of Breadth—ﬁrst search's fast search
and depth-first search's memory. efﬁc;ency

The iterative search algorithm is useful uninformed search when search space is
large, and depth of goal nodeis unknown : :

Advantages

% It combines the benefits of BFS and DFS search algorithm m terms of fast
search and memory efficiency. '

: Dlsadvantages

@« The main drawback of IDDFS is that it repeats all the work of the previous
phase.
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: complexity is O(bd).

Example:

Following tree structure is showing the iterative deepening depth-first search.
IDDFS algorithm performs various iterations until it doel not find the goal node. The
iteration performed by the algorithm is given as:.

- lterative deepening depth First Search

Level 0

Level 1

Level2 |

Level 3

Fig. 1§ Iterative deepening depth first search

1st Iteratxon -—>A ' ' Dail
2“"Iterau<m—>A B,C AN 7 : | &
3'dIterat10n—)A,BDECFG ‘ i : A |
4ﬂ‘Iteratton—>ABDHI,ECFKG S g e
In the fourth 1tcrat10n, the algorlthm will find the goal node.

Completeness t ', )

ThlS aigonth:ﬂ is complete is if the branclung factor is ﬁmte

Time Comp|ex|ty e . it £ S
Let's suppose b is the branching factor and depth is d then the worst-case time

T

Space Complexity
The space complex1ty of IDDFS will be O(bd)

- Optimal: : !

IDDFS algonthm is ophmal if path cost is a non- decreasmg function of the depth
of the node . : ; : .

Problem Solving

6. Bidirectional Search Algorithm:

Bidirectional search algorithm runs two simultaneous searches, one form initial
state called as forward-search and other from goal node called as backward-search, to
find the goal node. Bidirectional search replaces one single search graph with two
small subgraphs in which one staris the search from an initial vertex and other starts
from goal vertex. The search stops when these two graphs intersect each other.

Bidirectional search can use search techniques such as BFS, DFS, DLS, etc.
Advantages: 1 -

-+ Bidirectional search is fast.

2,

% Bidirectional search requires less memory

; Disadvantages:

R Implementation of the bidirectional search tree is difficult.
‘¢ In bldlrectlonal search one should know the goal state in advance.

: Exam ple: : ‘
In the below search tree, bidirectional search algorithm is applied. This algorithm
divides one graph/tree into two sub-graphs. It starts traversing from node 1 in the
“forward direction and starts from goal node 16 in the backward direction. -
‘The algorithm terminates at node 9 where two searches meet.
: Bid}ecﬁonal Search

Root Node

Intersection %5, >
Node e

Goai Node ‘

Fig. 1.9. Bidirectional Search '
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Completeness: Bidirectional Search is complete if we use BFS in both searches.
Time Complexity: Time complexity of bidirectional sgarch using BFS is O(bd).
Space Complexity: Space complexity of bidirectional search is O(bd).
Optimal::Bidireetional-search is Optimal. |

1.6. HEURISTIC SEARCH STRATEGIES

L ]
w .

A heuristic is a technique that is used to solve a problem faster than the classic
methods. These techn{ques are used to find the approximate solution of a problem
when classical methods do not. Heuristics are said to be the problem-solvmg

techniques that result in pracncal and quick solutions,

Heuristics ‘are strategies that are derived from past experience with similar

problems. Heunstlcs use fitactical methods and shortcuts used to produce the-
solutions that may or may not be optimal, but those solutions are sufficient in a glven-

limited timeframe.

Why do we need heuristlcs'-'

Heunstics are used in s1tuat10ns in which there is the reqmrement ofa short-term
solution. On Taci H complek situations with limited resources and time, Heunsﬁcs

~ can help the eo@pames to- make quick decisions by shortcuts and approximated
calbulatlons Most of the heunstlc methods involve mental shortcuts to make

deelslons on past expenences

The heuristic method might not always prowde us the finest soiutlon but it is
t assured that it helps us find a good solution in a reasonable tu_,r.le o

; ‘Based on context, there can be dxfferent heuristic methods that correlate with the
problem's scope. The' most common heuristic methods are - trial and error,
guesswork, the ‘process of etiini’natio;x, historical data analysis. These methods

 involve simply available information that is not pm'tictllar to the problem but is ﬁmst

" appropriate. They can include representative, affect, and availability heuristics.

Problem Solving

Heuristic search techniques in Al (Artificial Intelligence)

\ Hill Cimbing

Heuristic Search \ _Constraint Satisfaction Problems
in Artificial a
S T
inloligerico , Simulated Annealing

/ " Best- First Seach (BFS)

_ i Fig. 1.10.
We can perform the Heuristic techniques into two categories:
Direct Heuristic Search techniques iﬁ__Al
It includes Blind Search, Uninformed Search, and Blind control strategy. These |

-search techniques are not always possible as they require much memory and time.

These techniques search the complete space for a solution and use the arbitrary
ordering of operations. -

~ The examples of Direct Heuristic. search techmques include Breadth-First Search
(BFS) and Depth First Search (DFS)

‘Weak Heurls_tie_Search teqhmques inAl

It includes Informed Search, Heuristic Search, and Heuristic control strategy.

 These techniques are helpful when they are applied. properly to the right types of -
tasks. They usually require domam-spec1ﬁc information.

The examples of Weak Heuristic search techmques include Best First Search
(BFS) and A*.

Before describing certam heunstlc techmques let's see some of the techniques

- listed below:

< Bldlrectional‘ Search
% A*search
% Simuilated Annealing
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% Hill Climbing

7

«» Best First search

%

L)

< Beam search
First, let's talk about the Hill climbing in Artificial intelligence.

Hill Climbing A!gonthm

It is a technique for optnmzmg the mathematical pzoblems Hill Climbing is
* widely used when a good heuristic is available. 5 _ .
- It is a local search algorithm that continuously moves in the direction of
increasing elevation/value to find the mountain's peak or the best solution to the
problem. It terminates when it reaches a peak value where no neighbor has a higher

value. Traveling-salesman Problem is one of the widely discussed examples of the |
Hill chmbmg algorithm, in which we need to minimize the distance traveled by the -

saiesman. ; :
"It is also called greedf local search as it only looks to its good immediate

neighbor state and not beyond that. The steps ofa simple hlll-chmbmg algonthm are _

listed below:

. Step 1: Evaluate the mmal state. If itis the goal state, then return success and :

Stop. : :
Step 2 Loorp Until a solution is found or there is no new opera.tor .left to
% apyly. iy Iy i ;
. Step 3: Se’eet and apply an operatur to the current_ state.
! Step 4: Check new state:
: Ifit is a goal state, then return to success and quit.

4

_Else if it is better than the current state then ass1gn a new state as a 5' s

current state.
Else if not better than the current state, then retum to step 2.
Step 5: Ex1t

Best first search (BFS)

T]ns algorithm always chooses the path which appears best at that moment Itis §
the combination of depth-first search and breadth-first search algorithms. It lets us to

Problem Solving

take the benefit of both algorithms. It uses the heuristic function and search. With the
help of the best-first search, at each step, we can choose the most promising node.

Best first search algorithm:
Step 1: Place the starting node into the OPEN list.
Step 2: If the OPEN list is empty, Stop and return failure.
Step 3: Remove the node n from the OPEN list, which has the lowest value of
- h(n), and places it in the CLOSED list.
Step 4: Expand the node n, and generate the successors of node n. :
Step 5: Check each successor of node n, and find whether any node is a goal
node or not. If any successor node is the goal node, then return
_ success and stop_the search, else continue to next step.
Step 6: For each successor node, the algorithm checks for evaluation ﬁmetion; .
~ f(n) and then check if the node has been in either OPEN or CLOSED
list. If the node has not been in both lists, then add it to the OPEN ltst
Step 7: Return to Step i

A* Search Algorithm

A*. scareh is the most commonly.known form of best-first search. It uses the

 heauristic function /(#) and cost to reach the node n- from the start state g(n). It has

combined features of UCS and greedy best-first seareh, by wluch it - solve . the
i problem efﬁclently

It finds the shortest path through the search space using the heuristic functmn.
This search algorithm expands fewer search tree and gives optimal results faster
Algonthm of A* search :

" Step 1: Place the starting nod in the OPEN list.

Step 2: Check if the OPEN list is empty or not. If the hst is empty, then retum ‘
failure and stops, ;
. Step 3: Select the node from the OPEN list whlch has the smallest value of 7 T
the evaluation function (g +h).If node n 1s the goal node, then return
' success and stop, otherwise. :
Step 4 Expand node n and generate all o_f.its Suecessors, and put » iuto the
closed list. For each successor #', check whether »'is already in the
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Problem Solving

OPEN or CLOSED list. If not, then compute the evaluation function !

. for n' and place it into the Open list.

Step 5: Else, if node n' is already in OPEN and‘CLOSED, then it should be

attached to the back pointer which reflects the lowest g(n") value.
Step 6: Return to Step 2. ‘

Examples of heuristics in everyday life

' Stereotyping

Examples of
Heuristics

Some of the real-llfe examples of heuristics that people use as a way to solve a |
problem:

- ¥ Common sense: It isa hetmstlc that is used to solve a problem based on
- the observation of an individual. '

% Rule of thumb; In heunstlcs we also use a term rule ‘of thumb. This
' heurigtic. allows an individual to make an approxmlatlon without domg an
exhalﬁtrve seafch. JE

-
&
o 3

that the problem is already being solved by therm and working backward in
their mmds 10 see how much a solution has been reached.

o,

K4 Avarlab‘lllty heuristic: It allows a person to judge a situation based on the
examples of similar situations that come to mind.

e Familiarity heuristic: It allows a person to approach a problem on the
* fact that an individual is familiar with, the same situation, so one should act
similarly as he/she acted in the same situation before. a4

% Educated guess: It allows a person to reach a conclusion without d_oing an
exhaustive search. Using it, a persofr considers what they have observed in

Workmg backward: It lets an individual solve a problem by assuming |

the past and applies that history to the situation where there is not any
definite answer has decided yet. ]

Types of heuristics

There are various types of heuristics, including the availability heuristic, affect
heuristic and representative heuristic. Each heuristic type plays a role in decision-
making. Let's discuss about- the Awvailability heuristic, affect heuristic, and
Representative heuristic.

Availability heuristic .
Availability heuristic is said to be the judgment that people make regardlng the

‘Jikelihood of an event based on information that quickly comes into mind. On

making decisions, people typically rely on the past knowledge 'or'experience of an
event. It allows a person to judge a situation based on the examples of similar

‘situations that come to mind.

Representative heuristic

It occurs when we evaluate an event's probablhty on the basis of its similarity with
another event. :

Exgmple: We can understand the representative heuristic by the example of

 product packaging, as consumers tend fo associate the products quality with the

external packaging of a product Ifa company packages its products that remind you
of a high quality and well known product, then consumers will relate that product as

. having the same quality as the branded product

So, instead of evaluating the product based on its quality, customers correlate the -
products quality based on the similarity in packagmg :

- Affect heurlstic

It is based on the negatlve and posmve feelmgs that are linked w1th a certain’
stimulus. It includes quick feelmgs that are based on past behefs Its theory is one's
emotmnal response to a stimulus that can'affect the dec1s1ons taken by an 1nd1v1dua1 '

When people take a little time to evaluate a s1tuatlon carefully, they Imght base
their decisions based on their emotional response.

Example: The affect heuristic can be understood by the example of
advertisements. ' Advertisements can influence the emotions of consumers, so it

 affects the ‘purchasing decision of a consumer. The' most common examples of
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advertisements are the ads of fast food. When fast-food companies run the
advertisement, they hope to obtain a positive emotional response that pushes you to
positively view their products. 7 4

If someone carefully analyzes the benefits and risks of consuming fast food, they
might decide that fast food is unhealthy. But people rarely take time to evaluate
‘everything they see and generally make decisions based on their automatic emotional
response. So, Fast food companies present advertisements that rely on such type of
Affect heuristic for generating a positive emotional response which results in sales.

: 1.7. LOCAL SEARCH AND OPTIMIZATION PIIOB_LEMS

Local search algorithms operate by searching from a start state to neighboring

states, without keeping track of the paths, nor the set of states that have been reached, -

That means they are not systematic - they might never explore a portion of the search

~ space where a solution actually resides. However, they have two, key advantageé' @

they use very little memory¢and (2) they can often find reasonable solutions in large

or infinite state spaces for which systematlc algorithms are unsuitable. Local search-
algorithms can also solve optimization problems, in whlch the aim is to ﬁnd the best |

' state according to an objective function.

To understand local search, consider the states of a problem laid out in a state- -

: space landscape, as shown in Figure.
\ Objective IuT "

g 4

Shoulder

__—global maximum

Local maximum
/

“flat” local maximum

——t — —"State space
Current
state

:

Each point (state) in the landscape has an “elevation,” defined by the value of the
objective function. If elevation corresponds to an objective function, then the aim is
to find the highest peak - a global maximum - this is known as hill climbing. If
elevation corresponds to cost, then the aim is to find the lowest valley - a global
minimum - this is known as gradient descent.

Problem Solving

Hill-climbing Seerch
The hill-climbing search algorithm, wﬁich is the most basic local search

- technique. At each step the current node is replaced by the best neighbor. The hill-

climbing search algorithm keeps _track of one current state and on :each iteration
moves to the neighboring state with highest value - that is, it heads in the direction
that provides the steepest ascent. It terminates when it reaches a “peak” where no
neighbor has a higher value. Hill climbing does not look ahead beyond the
immediate neighbors of the current state. ;
Algorithm' Hill Climbing Search
: functlon HILL-~ CLIMBING(problem) returns a state that is a local maximum
current < problem INITIAL 2
whlle true do
" ‘neighbor < -a hjghest-valued successor state of current
if VALUE(nelghbor) < VALUE(current) then retum current
current < neighbor Sl
Hill cI_Imbing is sometimes called greedy local search because it grabs a good
neighbor state without thinking ahead about where to go next.’
Unfortilhately, hill climbing can get stuck for axiy 0f the following reasons:

Local Maxima: A local maximum is a peak that is higher than each of its
nelghbonng states but lower than the global maximum.

Ridges: A ridge is a spemal form of the local maximum. It has an area i which is
higher than its surroundmg areas; but itself has a slope, and cannot be reached in a

. Smgle move. Ridges result in a sequence of local maxima that is very difficult for

gneedy al gonthms to navigate.
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Plateaus: A plateau is a flat area of the state-space landscape. It can be a flat local
maximum, from which no uphill exit exists, or a shoulder, from which progress is
possible. % i

Many variants of hill climbing have been invented. Stochastic hill climbing j
chooses at random from among the uphill moves; the probability of selection can
vary with the steepness of the uphill move. This usually converges more slowly than
steepest ascent, but in some state landscapes, it finds better solutions. First-choice
hill climbing implements stochastic hill climbing by gmi"eraﬁlllg successors randomly

~ until one is generated- that is better than the current staté. ‘This is a good strategy
* when a state has many (e.g., thousands) of SUCCESSOTS. : '

- Another variant is random-restart hill climbing, which adopts the quote “If at first
you don’t succeed, try, try again.” It conducts a series of hill-climbing searches from e A : . Pt ,
randomily generated initial states, until a goal is found. It is complete with probab1hty ‘Figure (@) : The 8-queens problém: place 8 queens on a chess board so that no queen
1, because it will eventually generate a goal state as the initial state. If each- hill- attacks annther. (A queen attacks aﬂy piece in the same row; ‘column, or diagonal.)
climbing search has a prabability of success, then the expected number of restarts’ The ﬁgurc (b) shows the % values of all 1ts D as——
required is 1 / p. The expected number of steps is the cost of one successful 1teratlon'
plus (1 —p) / p times the cost of failure. For 8-queens, random-restart hill climbing i is Blocks world problem
very effective indeed. Even for three _gmlhon queens, the apprgach can find solutions -

Consider the blocks world problem with the four blocks A, B, C, D with the start

in seconds’
and goa.l states gwen below.
2 The success of hill chmbmg depends very much on the shape of the state-space-
landscape: if are. fey local maxima and plateaus; random—restart hill climbing 5
- will find a goo luuon very quickly. A D
D C
Exampte . c B -
¥ " To illustrate hill climbing, Consxder the 8-queens problem The complete-state B A
formulatlon is ‘used here, which means that every state has all the components of a e !
Initial State b Goal State
solution, but they rmght not all be i m the right place. In this case every state has 8 : I :

t  queens on the board, one per column. The initial state is chosen at random, and the
- successors of a state are all possible states generated by moving 'a smgle queen to.
- another square .in the same column (so each state has 8 x 7 = 56 successors). The
heuristic cost function is the number of pairs of queeﬁs that are éttacking each other;
this will be zero only for solutions. (It counts as an attack if two p1wes are in the |
same line, even if there is an mtervenmg plece between them.) = |

Assume the foliowing twp‘opéraﬁons:
(i) Pick ablock and put it on the table.
' (i) Pick a block and place it on another block

Solve the above prleem using Hill Chmbmg algorithm and a suitable heunsuc '
f“nctxon Show the mtennedxate decisions and states
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Solution:
Define the heuristic function

L
h(x) = +1 for all the blocks in the structure if the block is correctly positioned or :

h(x)=-1 for all uncorrectly placed blocks in the structure.

Adversarial Search

- Adversarial search is a

we fry to plan ahead of the world and other agents are planning against us.

0
%

2

o,
...

&
L

2,
i 4

: associated

- environment,

In previous topics, we have studied the search strategies which are only §
with a single agent that aims to find the solution which often

expressed in the forrn ofa sequence of actrons

But, there might ‘be some 31tuat10ns where more than one agent is .
searehmg for the solution in the same search space, and this srtuatton';

usually occurs in ‘game ‘playing.

The environment ‘with more than one agent is termed as multi-agent |
in which each agent is an opponent of other agent and |
playing against each other. Each agent needs to consider the action of”

other agent and effect of that aetron on their performance

So, Searches in which two or more players with conflicting goals are |
are called

trymgrto explore the same search space for the solution,
adv searclles, often known as Games.

AL
- Types of Games in Al: a5
; ~ Deterministic Chance Moves
; Perfect information Chess, Cheekers,. go, | Backgammon, monopoly
Othello ; :
Imperfect information Battleships, blind, tic- | Bridge, poker, scrabble,
' | tac-toe ‘ nuclear war |

search, where we examine the problem which arises when

Game}l are modeled as a Search problem and heuristic evaluation funetlon,‘
and these are the two main factors whreh help to model and solve games in

i

r
g
!

Problem Solving

2,
5

o

Perfect information: A game with the perfect information is that in which
agents can look into the complete board. Agents have all the information
about the game, and they can see each other moves also. Examples are

‘ Chess, Checkers, Go, etc.

Imperfect information: If in a game agents do not have all information
about the game and not aware with what's going on, such type of games
are called the game with imperfect information, such as ric—tac-toe
Battleship, blind, Bridge, etc. ; ’
Deterministic games: Deterministic games are those games which follow |
a strict pattern and set of rules for the games, and there is no randomness
associated with them. Examples are chess, Checkers Go, tic-tac-toe, etc.

Non-deterministic games: Nen—determmrstlc are those games which have

. various unpredictable events and has a factor of chance or luck. This factor

=3

®,
ol

_of chance or luck is introduced by either dice or cards. These are random,
and each action response is not fixed. Such games are also called as .

stochastic games.

Example Backgammon, Monopoly, Poker, etc.

Zero‘-Sum Game
Zero-sum games are adversarial search which iﬁvelves‘-pere competiti_onl

: In Zero-sum game each agent’s gain or loss of utility is exactly balanced

by the losses or gains of utrlrty of another agent

One player of the game try to maximize one smgle value, w]:nle other

player tries to mmrmme it.

Each move by one player in the game is called as ply.
Chess dnd trc-tac-toe are examples of a Zero-sum game. -

Zero-sum game: Embedded thlnkmg

" The Zero-sum game mvolved embedded thmkmg in which one.agent or player is

' trymg to ﬁgure out:

What to do
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<+ How to decide the move
9

% Needs to think about his opponent as well
<% The opponent also thinks what to do

Each of the players is trying to find out the response of his opponent to their |
actions. This requires embedded thinking or backward reasoning to solve the game |

problems in Al

L
“

Formallzatlon of the problem.

A game can be defined as a type of search in Al which can be formalized of the

following elements:

®,

¥

Initial state: It spec;ﬁes how the game is sef up at the start.

*,
L4

'Player(s) It specifies wiuch ‘player has moved in the state space.

L2
L g

Action(s): It returns the set of legal moves in state space.

R
L4

'in the state space.

. o 'I‘ermmal-Test(s) Terminal test is true if the game is over, else it is false |

at any case. The state where the game ends is called terminal states.

9,
o

For Chess, the putcomes are a win, loss, or draw and its payoff values are
+1 0 ’/z And for t1c-tac—toe, utility values are +1, — 1, and 0.

Game tree: [

/

" tree dare the moves by players Game tree mvolves mmal state, actions function, and
result Function. :
_Example: Ti T'c-Tac-Toe game tree.

~ The following ﬁgure is showmg part of the game-tree for tlc-tac-toe game.
Followmg are some key points of the game:

There are two players MAX and MIN. :
Players have an alternate turn and start with MAX.
MAX maximizes the result of the game tree

=

S0 o
o o.o

&,
o

Pproblem Solving

SV T ORRTIRPTE. S S

MIN minimizes the result.

Result(s, a): Ttés the transmon model, wiuch speelﬁes the result of moves

Utility(s, p): A utility function gives the final numeric value for a game
- that ends in terminal states s for player p. It is also called payoff function.
Exampler Explanatlon.

A game tree is a tree where nodes of the tree are the game states and Edges of the

X] TIX —TX]
X X X
X X X
] F
: X[0IX] -[XTolX] [T IX l
- X LR : 4
ik [XIx{o] [olo

{4 From the initial state, MAX has 9 possxble moves as he starts first. MAX

place x and MIN place o, and both player plays alternatively until we

 reach‘a leaf node where one‘player has'_three.,in a Tow or ellfs'quares are

filled. .

* Both players will compute each node, mimmax, the minimax value wh1ch
s the best achxevable utxhty agamst an optimal adversary ;

Suppose both the players are well aware of the tic-tac-toe and playmg the

. best play. Each player .is doing his best to prevent another one from
‘winning. MIN‘is achng agamst Max mfhe game. '

~So in the game tree, we have a Iayer of Max; a. layer of MIN and each

layer is called as Ply. Max place x, then MIN puts o to prevent Max from
winning, and this ‘game continues until the terminal node
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o,

< In this either MIN wins, MAX wins, or it's a draw. This game-tree is the
whole search space of possibilities that MIN and MAX are playing tic-tac-

%

Hence adversarial Search for the minimax procedure works as follows:

toe and taking turns alternately.

oo

» It aims to find the optimal strategy for MAX to win the game.
It follows the approach of Depth-first search.

5,
0‘0

In the game tree; optimal leaf node could appegs at any depth of the tree.

L)

*0

discovered.

Ini a given game tree, the opumal strategy ‘can be determined from the mmlmax

state of maximum value and MIN prefer to move to a state of mmlmum value then:

For a state S MINIMAX(s)
UTILITY(S) . If TERMINAL—TEST(S)
{max aeActions(s) MINIMAX(RESULT(S al)) IfPLAYER(s) = MAX
mlnaeActions(s) MIN"IMAX(RESULT(S a)) If PLAYER(s) = MIN

» Propagate the mmlmax values up to the tree until the termmal node’

kT

value of each node, which can be written as MINIMAX(n). MAX prefer to move to a |

| 1 8. CONSTRA!NT SATISFACTION PROBLEMS

_ constraints on PTe varlable Such. a problem is called a constramt satlsfactlon
i problem or CS ' :

Def' ining Constraimt Satlsfactlon Problems

a set of variables, {X,, Kt

D is a set of domams one for each vanable {Dl,

A\

“C'is a set of constramts that spec1fy allowable combmahons of values. -

‘A domain, D,- s cpnsm_t_s of a set of allowable values, {v,,... vk} for variable X, .

: For. eﬁample' a Boolean variable would have the domain {true, false}. Different

. variables can have different domams of different sizes. Each constramt consists of a

constraint and rel is a relation that defines the values that those variables can take on,

A constraint satlsfactlon problem consists of three components X, D and C:Xis

.D,}. g

Rt S e ]

A problem is solved when each vanable has a value that satlsﬁes all the 1

; paxr C; (scope,rel) , where scope is a tuple of vanables that part101pate in the

Problem Solving 1.37

For example, if X, and X, both have the domain, {1, 2, 3}then the constraint
saying that X; must be greater than X2 can be written as ((X;.X,).{(3,1).(3:2),(2,1)})
((XlsXZ)XI >X2)

CSPs deal with assignments of values to vanables X, =

vy X, }An

‘ assignment ﬂ:at does not violate any constraints is called a conslstent or legal

assignment. A complete assignment is one in which every variable is assigned a
value, and a solution to a CSP is a consistent, complefe assignment. A partial
assignment is one that leaves some variables una351gned, and a partiai solution is a
partial assignment that is consistent. : : 3

Example problem: Map colormg,

Consider a map of Australia showing each of its states and territories .The task is

§ - to color each region with elthgr red, green, or blue in $uch a way that no two
- §  neighboring regions have the same color. To formulate this as a CSP, the variables

are the regions defined as follows:
= {WA,NT, Q, NSW V SA T}

Northern ;
~ Territory

Wesbar~ Queensland
Australla

~ Tasmania Qj
(a)

: (b).
The domam of every vanable is the set D

{red, green, blue} The constramts 3

¢ require nelghbormg reglons to have distinct colors.
C= {SA;& WASA#NTSA #QSA#NSWSA#VWA ;ENTNT;E Q,Q #

§ NSW,NSW#£V}.

There are many posmbie solutmns to this problem, such as ‘
{WA red NT = green,Q = red, NSW g:reen,V =red,SA = blue, T red }
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It can be helpful to visualize a CSP as a constraint graph. The nodes of the graph
correspond to variables of the problem, and an edge connects any two variables that |

participate in a constraint. . &

Example problem: Job-shop scheduling

Factories have the problem of scheduling a day’s worth of jobs, subject to various
constraints. In practice, many of these problems are solved with CSP techniques.
Consxder the problem of scheduling the assembly of a car. The whole job is
composed of tasks. Constraints can assert that one task must occur before another -
for example, a wheel must be installed before the hubcap is put on. Constraints can
also spec1fy that a task takes a certain amount of time to complete. ' iy

Consider -a small part of the car assembly, consxstmg of 15 tasks: mstall axles

(front and back) affix all four wheels (nght and left, front and back), tighten nuts for

each wheel affix. hubcaps and mspect thc final assembly The tasks can be
represented with 15 vanal‘alps ‘

{AxleF AxleB, WheelRF WheeILF WheelRB WheelLB NutsRF
NutsLF NutsRB NutsLB ,CapRF ,CapLF ,CapRB,CapLB Inspect}

Next precedence constramts are represented between individual tasks. ‘Whenever a .
task T, must occur before task T,, and task takes duration d to complete an

. anthmctlc constramt of thc form can be added

T, +d; <

o In this exam{’le, the axles have to be in place before the wheels are put on, and it |
,takes 10 minute

AxleF + 10 < WheelRF AxleF + 10 < WheelLF ; AxleB +10 < Whee]RB :

to mstalf an axle, hence the constrmnts can be written as

; ‘AxleB+10<WheelLB s
. Cryptarlthmetlc P'roblems Examples ;
B i SEND + MORE = MONEY
' RINE e
8 . E-N. D
R UMD R E

€3 € €

‘M 0 N E Y

i

Problem Solving

Cryptarithmetic Problems: It is an arithmetic problem represented using letters.
1t involves the decoding of digits represented by a character.

Constraints:

2,

% Assign a decimal digit to each of the letters in such a way that the answer
is correct

< Assign decimal digit to letters

- 4% Cannot ass;gn different digits to same letters
% No two-letters have the same digit
% Unique digit assigned to each letter

¢ From Column 5, M = 1, since 1t is only carry-over p0551b1e from sum of 2
single digit number in column B ! '
' 5. 4 331
Vool A BN B
+ 1 0 R E
eI W eril "‘,'csl‘ ey . By
' I N B %

" To produce a carry from colmnn4tocolu1i1nrl5 ‘S+M is at least 9 50 ‘S =
80r9’so‘S+‘M=-9_or10’&50‘0=Qor1’..But‘M=_l’,'so‘0=0’.
el 5.-4 372 1 o

&
B 4

9. B oNs. D
A BB
o O Ry

E Y

5 il 0 N

% 1fﬂ1ere1scarryfromcolumn3to4then“E 9’&so‘N 0’.But ‘0= 0 -
sotherelsnocarry&‘S 9’&‘C =0, - . :

@ Tf there is no carry from column 2t03 then ‘E N’ whmh is unposs1b1e
; thereforethereiscarry&‘N E+1’&°C;=1" &
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& If there is carry from column 1 to 2 then ‘N + R=E mod 10’ & ‘N=E + *%
1’ s0o ‘E+ 1+ R =E mod 10°, so ‘R =9’ but ‘S = 9°, so there mustbe |
{ carry from column 1 to 2. Therefore *c1=1 gz, ‘R=8, p
% To produce carry ‘c1=1" from column 1 to'2, there must be ‘D + E=10 +
i Y' as Y cannot be 0/1 so D + E is at least 12. As D is atmost?&EisaI
M least 5(D cannot be 8 or 9 as it is already assigned). N is atmost 7 & N=
. E+1’so ‘E Sor6’. :
: i L IwaereG&D+Eatleast 12theanouldbe7 but ‘N = E+1’&N
' would also be 7 which i is impossible. Therefore ‘E=5" & ‘N =6’. o
. D+Eisatleast 12 hence ‘D=7" & ‘Y =2’
Solution: . :
D 5
+
€ 1.0 5 -
Leti}er ; Digit Value
S 95
‘ R 3
zr ."-./;, N 6
. g 0 il e o
R ' . :
# M 1
: '-0'. 0 "
| . R 8 . iy
i F N )
Y 2

Constramt Propagatlon lnference inCsp

——WIM

In CSPs there is a'choice: an algonthm can search (choose a new vanable »

- assignment from several posmbﬂrﬁes) or do a specific type of inference eaIIed -

eonstramt propagatlon usmg the constraints to reduce the number of legal values for
;8 vanable whlch in turn can reduce the legal values for another vanable and so on.

Problem Solving 1.41

The key idea is local consistency. If each variable is treated as a node in a graph
and each binary constraint as an arc, then the process of enforcing local consistency
in each part of the graph causes inconsistent values to be eliminated throughout the
graph. There are different types of local consistency, which are as follows.

Node consistency

A single variable (corresponiding to a‘node in the CSP network) is node-consistent
if all the values in the variable’s domain satisfy the variable’s unary constraints. For
example, in the variant of the Australia map-coloring problem where South
Australians dislike green, the \(ariéble_ SA starts with domain {red , green, blue}, and
this can be made node consistent by eliminating green, leaving. SA with the reduced .
domain {red , blue}. Thus a network is node-consastent if every variable in the
network is node-consistent. It is always possible to ehmmate all the unary constraints
in a CSP by running node con31stency

Arc consistency

A variable in a CSP is arc-consastent if every value in its domam satisfies the

| _ variable’s binary constraints. More - formally, X is “arc-consistent - with respect to

another vanable X, if for every value in the current domam Di there is some valuein

”the domain D; that satisfies the bmary eonstramt on the arc (X, » X;). A network is

arc-consistent if every variable is arc consistent -with every other variable. For
example, consider the constraint Y = X2 where the domain of both X-and Y is the set

~ of digits. This constraint canbeexphcrtly wr1ttenas {(X Y) {(0, 0), (1 1) (2 4,3,
b

. To make X arc-consistent with respect to Y, reduce X’s domam to {0, 1, 2, 3}
and also to make Y arc-consrstent with respect to X then Y ’s domain becomes {0,
1 4,9} and the whole CSP is atc-consmtent

,The most popular algorithm for arc cons1stency is called AC-3.

_ function AC—3(csp) returns false if an mcousrstency is found and true otherwise .

queue < a queue of arcs, nntrally all the arcs in csp
while queue is not empty do
X, X ;) <Pop(queue)
if REVISE(csp, X, X,) then
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Problem Solving

" respect to X, .
arc. But if thJs revises D (makes the ‘domain smaller), then. add all arcs (X,, . X)) to

if size of D, = 0 then return false
for each X, in X, NEIGi—IBORS —{X;} do
‘add (X, , X)) to queue a3 th %
return true : :
function REVISE(csp, X, , X )returns true iff we revise the domain of X;-
revised « false ‘ : 7
for each x in D, do . " s

-

if no value Y in D, allows x,¥)to sausfy the constraint between X;and X,

_then' ’

delete x from D,
revised < ftrue "
return revised

" To make every vanabie arc-consistent, the AC-3 algonthm maintains.a queue of
arcs to consider. Imtlally,’ﬁne queue contalns all the arcs in the CSP. AC-3 then pops

off an arbitrary arc (X , X; ) from the’ queue and makes X; arc-consistent with

If this leaves D unchanged, the algorithm Just moves on to the next

the queue where X, isa nexghbor of X;. This has to be done because the change in D;
might enable further reductions in the domains of D;, even if X, is consu:lered

previously. If ?]ZS revised down to nothmg, then the whole CSP has no eonmstent

-3 can. immediately retum failure. Otherwise, it keeps checkmg,
values fromthe domains of variables until no more arcs are in the

solution, and
trying to remo

" queue, At that point, a CSP that is equwalentto the original CSP is left - they both
but the arc-cons1stent CSP will inmost cases be faster to

have the same solutions -
search because lts vanables have smailer domains

Path Consnstency

Path consistency tlghtens the bmary constramts by usmg 1mp11e1t constramts that ‘
 are infetred by lookmg at triples of variables. j ~

A two-variable set {X;. X, } is path-cons15tent with Iespect to a third variable X,
if, for every assignment {X; = ¢

= ) conslstent with the constraints on {X; , :
| X}, there is an' assignment to X,,, that satisfies the constraints on {X; , X,,} and {X,,

B R G R T mq

| %) This is called path consistency because one can think of it as looking at a path

4 from X to X with X, in the middle.

Let’s consider the path consistency fares in coloring the Australia map with two
colors. Consider the set {WA, SA}which is path consistent with respect to NT. By

enumerating the.consistent assignments to the set. there are only two assignments:

{WA =red ,SA =blue}and {WA = blue, SA = 'red-}.In both of these assignments NT

' .can be neither red nor blue (because it would conflict with either WA or SA).

Because there is no valid choice for NT, both assignments can be eliminated there is
no valid assignments for {WA ‘SA}. Therefore, there can be no solutmn to this
problem. :

K -conSIstency

Stronger forms of; propagahon can be defined thh the notion of k -consistency. A
CSPisk- consistent if, for any set of k-1 variables and for any consistent asmgnment :
to those variables, a eonsxstent value can always be assigned to any kth variable -

A CSP:is strongly k -eonsnstent if it is k-consistent and is alse(k

1) -consistent,
(k- 2) eonmstent, all the way down to I -consistent. :

Global constramts

A global constramt is one mvolvmg an arbltrary number of vanables (but not

‘necessarily all vanables) Global constraints occur frequently in real problems and.

can be handled by special- purpose algonthms For example, the All diff constraint

says that all the variables involved must have distinct values (as ‘in the_ i
§ cryptarithmetic problem and Sudoku puzzles)

~ One simple form of mcon51stency detectxon for AIldlff constraints works as
follows: if m variables are involved i in the constraint, and if they n have posmble
distinct values altogether, and m>n ; then the constramt cannot be sausﬁed

This leads to the followmg simple algonthm ,
& Fu'st remove any vanable in the constramt that has a s:ngleton domain,

and delete that variable’s value from the domains of the rematmng '
vanables s

>3

.Repeat as long as there are singleton variables.

4

‘than domain values left, then an inconsistency has been detected.

}

If at any point an empty domain is produced or there are more variables L
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Alldi ff(A1,A2,A3,B1,B2,B3,C1,C2,C3)
% The popular Sudoku puzzle has introduced millions of people to constramt Alldi fi(A4,A5,A6,B4,B5,B6,C4,C5,C6)
satisfaction problems, although they may nd realize it. Sl

8
i

< A Sudoku board consists of 81 squares, some of which are initially filled§ - ’ -
with digits from 1 to 9. The puzzle is to fill in all the remaining squares aa_cktrackmg Search for CSP
such that no digit appears twice in any row, column, or 3 x 3 box The term backtracking search is used for a depth-first search that chooses values
R e e : for one variable at a time and backtracks when a variable has no legal values left to
o R i ! assign. The algorithm is shown in Figure.
 chonai A dregd Wiy PR Foit jugbaraiscg 758 8 i . ; ,
A 3 P W B : Al 4| 8|3]9]2]1]|6|5]7 function BACKTRACKING-SEARCH(csp) returns a solution, or failure
Bl o 5 Yoodisdie 1 B|9|6|7]3]af5]|8]2]1 return BACKTRACK({},csp) -
. 1.8 o - ‘2 s B Sl s sl 1l - function BACKTRACK(ass1gnment ¢sp) returns a solutmn, or failure’
2 St ' - g i b ik L) i o B AR 1fa551gnmentlscom leteth return assi i o
El 7 . ; 8 el 7] 2]e]5]s]|4|[1]3]s P = assignme
» s 17 1 s - wEalal s 7laloFzLal 5 _ var(—SELECT—UNASSIGNED-VARIABLE(csp)
G 216 gls| G|'3a|7|2|6|8|9|5|1]|4 for each valuemORDER-—DOMAIN -VALUES(var, ass1gnment csp)do -
H| 8 o fad Al 9 H| 8|1 _4 2|513|7]|6)9 if value is consistent with assigriment then
: i e 1_ 3 - : 6 A B 1 7 3‘ 3] ‘add {var—value}féassignnient 5 |
4 @ ; L L inferences INTERFENCE(csp var, i, valite)
S Fig. I L. .- . ‘ ' 1f mferences;tfallurc then
A Sudoku. e cansbe’ considered a CSP with 81 variables, one for each square /
i i add inferences to assignment .
* The variable es Al through A9 is used for the top row (left to right), down to I1 .
through I9 forjthe bottom row. The empty squares have the domain{l, 2, 3, 4, 5, 6, 7 result <—BACKTRACK(a§§1gnment, CSP)
8 9} and the pre-filled squares have a domain consnstmg of ‘a 'single value. lfrcsult?&fallure then
return result

addmon, there are 27 dxﬁ'erent Alldiff constraints, one for each unit (row column,
“and box of 9- squares) : 2 : -

Alldi fi(A1,A2,A3,A4,A5,A6, A7 A8 A9)
Alldi _ff(Bl—,B2,B3,B4,B5,B6,B7,B§,B9)_

remove {var value} and mfcrences from assignment

A retum fallu:e

It repeatedly chooses an unass1gned variable, ‘and then tries all valnes in the
dOmam of that variable in. turn, trying to find a solutxon If an- mcons1stency is

detected, then BACKTRACK retums failure, causing the prev10us call to try another
value,”

- Alldi fi(A1,B1,C1,D1ELFLGLHLI1)

o B

.+ Part o.f vthe search tree for thé Australia prbblem is shown in Figure ,
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representation. of CSPs is standardlzed there

WA = blue

Q=red Q= blue ' ot
/r"""--. ¥

th 112, . v
where variables are assigned in the order WA,N’I' Q, . . . Because. the
’no need to supply .
BACKTRACK.ING-SEARCH with a domam-Speclﬁc Imtlal state, action functlon,
transition model, or goal test. ‘

~

S —y ‘ :
3

r
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TWO MARKS QUESTION AND ANSWERS (PART - A)

SR ST AR

{ 1. When did first A.1 idea was Proposed?

In the year 1943, Warren Mc Culloch and Walter pits proposed a model of
Artificial neurons. A

2. Whatis AI?

Artificial Intelligence is a branch of .computer science that deals with
developing intelligent machines which can beliave like human, think hke human,
and has ability to take decisions by thelr own.

Artificial - Intelhgence is' a combmatxon of two ‘words Artificial and
Intelligence, which refers to man-made mtelhgence Therefore, when machmes_ ‘

are equipped with man-made intelligence to perform mtelhgent tasks s:,m:lar to
- humans, it is known as Artificial Intelhgence

3 Llst Some Applzcatmns af Ad ?
':° Game Playmg :
- Al is widely used in Gaming. Different strategm games such as Chess

where the mac]gine needs to think logically, and video games to prowde :
real-time expenences use Artificial Intelllgcnce =5

% Robotics:
Artificial Intelhgence is COMOnly geed in thc field. of Roboucs to-
. -develop intelligent robots. Al 1mplemented robots use real-tlme updates to
sense any obstacle in their path and can change the path instantly. Al

robots can be used. for carrying goods in hospltals and industries and can
also be used for othcr dlfferent purposes ‘

- % Healthcare: : o : o
~In the healthcare sector, Al has leCI'SC uses. In thlS ﬁeId, Alcan beused
to detect diseases and cancer cells. It also helps in ﬁndmg new drugs with
the use of historical data and medlcal intelligence.
4 Wkat are the Four Pha.ses of Problem solvmgAgents? :
" 4% Goal Formulation
" % 'Problem Formulation -
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By By % % Start State: It is a state from where agent begins the search.
o ® Goal Test: It is a function which observe the current state and returns

+ Execution ' > : o

whether the goal state is achieved or not.

5. List the Types of Artificial Intelligence?

Search tree: A tree representation of search problem is called Search tree.
(Avificial Intelligence ]

The root of the search tree is the root node which is correspondmg to the -
initial state. 3 it

Actions: It glves the description of all the available actions to the agent.

{

Narmow @General Strong .
Al Al Al

Transition model: A description of what each action do, can be
represented as a transition model.

Reactive 4
Machines Awareness
y Limited  Theory
Memory of mind -

self
* Path Cost: It is a function which assngns a numenc cost to each path.

. Solution: It is an action sequence which leads from the start node to the

: e ; o oal node. *
' 6. Different Between Super A1 & Weak A.1? - g

Optnnai Solutmn' Ifa solution has the lowest cost among all solutlons

S.No " Weak Al §< . Super Al
o T _‘ i Super Al is a level of intelligerice What are the WP“ of Search Algomhm?

wa al ks type Of_AI ¥en of Systems at which machines i [ 2 ] _

.| is able to perform e'd_edlcated task bl tafots rtmin intelligence, Seamh Algonthm ‘

| with - intelligence. '_Ttxe' 'tnost (i o TR eny ik beties | : | : !‘ . 5 ‘.
common’ and 'ct_u-tently_ avellab_le, iy ok e eegniﬁve ] r =t - |
AI 1 . Nalrow {\I = t.heworld = properties. It is an Outcome of £ “Uniformed /Biind. | - - | Informed s'eamh'—l '_ ,
Artt?elal _Intel%llgence. . : general AL~ , L] “Broadih it soarch Bk Fim'géarch.
Narjow Al cannot gerform | , e iy "1 ~ || unifrom cost search . : :
bey nd its field or lumtatmns, Some key characteristics of strong | | , St : Asearch
it is only trained for one specific | Al include capability include -the _ﬂ Begth fret sonrcy
task. Hence it is also termed as abzhty to thmk, to reason, solve the | ———————

weak: AI Narrow AI can fail m_

unprechcta.ble ways if it goes
| beyond its limits. -

puzzle, - make Judgments plan,

learn, and communicate by its own.

|| Dépth limited search | - -

~ lterative deeping depth |- - |
first search

L Bidirectional search

7. What are the Search algonthm Temmalag:es’

Wkat is Blind Search and it o;pes ?

The uninformed search does not contam any domam knowledge such as . .
deseness the location of the goal It operates in a brute-force way as it only
lneludes information about how to traverse the tree and how to 1dent1fy leaf and

* Search: Searchmg is a step by step procedure to solve a search-problem in
" given search space. A search problem can have three main factors:

< Search Space: Search space represents aset of posmble solutmns, which a
system may have.
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10.

i A

' _‘Breadth-f'rst Search

goal nodes. Uninformed search applies a way in which search tree is searched :
without any information about the search space like initial state operators and
test for the goal, so it is also called blind search*It examines each node of the |

tree until it achieves the geal node.
It can be divided into five main types: :
< Breadth-first search
Uniform cost search = - .
% . Depth-first search z '
% Iterative deepening depth—ﬁrst search
Bidirectional Search

o

R
*

&,
>

Write about Informed search?
. Informed search algorithms use domam knowledge. In an mfoxmcd search
problem 1nformat10‘11_1s available which can guide the search. Informed search |

strategies can find a solution more- cfﬁc1ently than an unmformed search)

strategy. Informed search is also called a Heuristic search

A heuristic is a way which might not always be guaranteed for best solutmus

i

but guaranteed to ﬁnd a good solution in reasonable time.

_ Informed'search can solve much complex problem which could not be solved' :

in anotheriway
Anex ple of: mformcd search algonthms isa travelmg salesman problem
1. GJpedy Search ‘ ' :
2. A¥ Seaich -

Dlscuss about BFS & DFS?

. Breadth first search i is the most common search strategy for traversing

“tree or graph This algonthm searchcs breadﬂlvwse in a tree or graph, so it§

is called breadth~ﬁrst search

';' BFS algorithm starts searching from the root node of the tree and expands

all successor node at the currcnt level before movmg to nodes of nex
level. & e

I

¥

|

]

i
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)

% The breadth-first search algorithm is an example of a general-graph search
algorithm,

< Breadth-first search implemented using FIFO queue data structure.

,;E pepth-first Search

% Depth-first search is a recursive algorithm for traversmg a tree or-graph
data structure.

&
0.0.

It is called the depth-first search because it starts from the root node and
follows each path to its greatest depth node before moving to the next .
“path. i ) :

% DFS uses a stack data structure for its implementation.

% - The process of the DFS algorithm is similar to the BFS algorithm.

12 Explam about heuristic search strategies?

A heuristic is a techmque that is used to solve a problem faster than the
class1c methods. These techniques are used to find the approximate solution of a

. problem when classical mcthods do not Heuristics are said to be the problem-
solvmg techmclues that result in practical and quick solutions.

: Heunstlcs are strategws thdt are derived from- past experience. W1th similar

problems. Heurlstlcs use practical methods and shortcuts used to produce the

- solutions that may ot may not be optimal, but those solutxons are sufficient in a
, -gwen limited timeframe.

1'3, Why do we need heurtst;cs?

Heunstlcs are used'in situations-in which there is the requxrement ofa short-

. term solution. On facing complex ‘situations with limited ‘resources and time,

-Heuristics can help the companies to make quick decisions by shortcuts and
- approximated calculations. Most of the heuristic methods involve mental :
shortcuts to make dec1smns on past experiences. i

14. Whaf is Local maxima and Ridges in Hill C[imbing’ i

~ Local Maxima: A local maximum is a- peak that is lngher than’ each of its
_‘nelghbenng states but lower than the global maximum.

Ridges: A ridge is a special form of the local maximum. It has an area which
is hlgher than its surroundmg areas, but 1tse1f has a slope, and cannot be reached .

=it H
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in a single move. Ridges result in a sequence of locaI maxima that is very
difficult for greedy algorithms to navigate. g
15. Give an real life exdmple of Heuristics search? i

Stereotyping '/ [ Eyamples of

Heuristics )

Educated Guess

16. Types of games in A.I7

o Perfect inforfiation: A game with the perfect mformatlon is that in which .

" agents cah look into the complete board. Agents have all the information
“about the game and they can see each othcr moves aIso Exa.mples
Chess, Checkers, Go, etc, ‘ '

- % Imperfect information: If ina game agents do not have all mformatlon
~about the game and not awate with what's going on, such type of § games
areTcalled the game w1th 1mperfect information, such as tlc-tac-toe

- Ba‘leslnp, bhnd Bndge,etp , : 2 -

% Det rmmlstlc games: Detemmstlc games are those games whlch follo
a strict pattern and set of rules for the games, and there is no randomnes:
associated with them. Examples are chess, Checkers, Go, tic-tac-toe, etc.

\
17. Defme CSP.

A problem is solved when each variable has a valuc that satlsﬁes all th
" constraints on the variable. Such a problem is called a constramt satisfacti 1
problem, or CSP 3 i :

18. What is K-Consistency? - g,

Stronger forms of propagation can bc defined with the l:lOth[l of k-
* consistency. A CSP is k - consistent if, for any setof k=1 vanables and for an

Im

L _
o
+
=

consistent assignment to those variables, a consistent value can always be
assigned to any k" variable _

A CSP is strongly k - consistent if it is k - consistent and is also(k — 1) -
consistent,(k — 2) - consistent, all the way down to 1-consistent.

19. Draw a Game Tree?

Max (x)

X 1 o
Max (O) : j X X X

Max (x

—

‘Terminal

| MES
.
Ll
L]

bt i=d

Utility
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PART - B &C |

. 1. Give your detail views on A.l 4 i U N IT I I

3. Explain Hill Climbing Search algorithm : .
‘ ‘ , S § Acting under uncertainty — Bayestan inference — naive bayes models. Probabilistic
' 4. Write briefly about Adversarial Sgarch? o _ reasoning — Bayesian networks — exact inference in BN — approximate inference in
i 5. Write about Heuristic search techniques-in AI? = : 4 BN- causal networks.
o 6. Write about CSP with suitable example? 5 * | 2.1. ACTING UNDER UNCERTAINTY |
7. Explam the types of Umnformed search algcnthms? . - | '
" B .Uncertainty: ; !
.8' EEplatn e tipes Of My search algonthm Till now, we have learned knowledge representation using first-order logic and
9. Steps in problem so}xing agents? propositional logic with certainty, which means we were sure about the predicates.

With this knowledge representanon, we might wnte A—B, which means if A is true .
then B is true, but consider a 31tuat10n where we are not sure about whether A is true
or not then we cannot express this statement, this situation is called uncertamty

10. What are the gpplicétitm. of Al

il

SRR A kA PP So to represent uncertain knowledge, “where we are not sure about the predlcates, :

we need uncertam reasonmg or probabﬂlsuc reasonmg
Causes of Uncertamty '

Following are some leadmg causes of uncertainty to occur in the real world

1. Information occurred from unrehable sources.
2. “Experimental Errors

k4 Equipment fault .

i B ; 4. Temperature variation

5. 'cumate'é,hange

Probabilistic Reasonmg

o s —y
N

Probabilistic reasoning is a way of knowledge representat:on where we apply the
concept. of probability to indicate the uncertamty in knowledge. In probabilistic
Teasoning, we combine probability theory with logic to handle the uncertainty.
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We use probability in probabilistic reasoning because it provides a way to handle
the uncertainty that is the result of someone's laziness and ignorance. '

In the real world, there are lots of scenarios, wheréme certainty of something is |

not confirmed, such as "It will rain today," "behavior of someone for some

situations," "A match between two teams or two players." These are ptbbable before observing new information.

sentences for which we can assume that it will happen but not sure about it, so here

. 'we use probabilistic reasoning.

*
-

Need of Probablllstu: Reasonmg in AI
" & When there are unpredictable outcomes.

% When specifications or possﬂslht:les of predleates becomes t00 Iarge to 1

handle.

‘¢ Whenan unknown error occurs during an experiment.

* In probabilistic reasoning, there are two ways to solve problems with uncertam‘

knowledge -
R Bayes' rule

< Bayesian Statistics

As probabilistic. reasom'hg uses probabihty and related terms, so before !

; understandmg probablhsttc reasoning, let's understand some common tenns

Probabllity Probablhty can be defined as a chance that an uncertain event:will ]
“occur. It is th numencaf[ measure of the likelihood that an event will occur. The |
“value of prolvablhty always remams between 0 and 1 that represent 1dea1 ]

; unoertamtles 5o
0=<PA)=<1, where P(A) isthe probablhty of an event A.
P(A) 0, mdlcates total uncertainty in an event A,

" PA)=1, mdlcates total certainty inan event A.

We can find the pmbab111ty of an uncertain event by usmg the below formula.

Number of desired outcomes -
Total number of outcomes

Probab111ty of Occun'ence =

L/

< P(—'A) probabxhty of anot happenmg event.
3 P(“A) + P(A) 1 7
Event: Each possible outcorue of a variable is called an event.

o |

|
|

P,.obabzhsnc Reasoning

Sample space: The collection of all possible events is called sample space.

Random variables: Random variables are used to represent the events and
objthS in the real world.

Prior probability: The prior probablhty of an event is probablhty computed

Posterior Probability: The "probability that is calculated after all evidence or

i information has takeu into account. It is a combination of prior probability and new

informetion.
Conditional Probability:
" Conditional probablhty isa probabxhty of occurrmg an event when another event -

: has already happened

Let's suppose, we want to calculate the event A when event B has aIready
occurred, "the probablhty of A'under the conditions of B", it can be written as:

' PAAB)
Where P(AAB) = Joint probability of Aand B~ .

'P(B) = Marginal probability of B.

Fig.21. . g
If the probabalzty of A is.given and we need 0 ﬁud the probab:hty of B, then it

WIH be glven as:

P!AAB!

: lP(B 14) = Tpay.
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It can be explained by using the below Venn diagram, where B is occurred event, ;
so sample space will be reduced to set B, and now we can only calculate event A lnﬁmte sequence of a particular event and then to look at the relevant frequency in

when event B is already occurred by dividing the probybility of P(A AB) by P(B ). .

Example:
Ina class, there are 70% of the students who like English and 40% of the students
who likes English' and mathematics, and then what is the percent of students those

who like English also like mathematics? Y

' Saiu!ion:
Let, A is an event that a student likes Mathematics
B'is an event that a student likes English

AAB o
P(A:B)~—LP(T§)—1 07 =51%
. chce, 57% are the students who like English also like Mathematics'
< ‘ :

- 2.2. BAYESIAN INFERENCE

-~ hence, the concept of ‘Probability’ was introduced. .
There are 3 dlfferent approaches available to detenmns the probab111ty of an|

Statxstlcs is the study to help us quanhfy the way to measure unceri:amty and.

event. ;
Classical

s Frequentist

3

< Bayesian

Let’s understand the d:fferences »among these 3 approaches with the help of a,

snnple example:

" Suppose we're rolling a falr su:-snded die and we want to ask what is thell
¢ probability that the die shows a four? Under the Classical framework, all the possible:
outcomes are equally likely i.e., they have equal probabilities or chances. Hence,§
answéring the above question, there are six possiblc outcomes and they are all!

equally likely. So, the probability of a four on a fair six-sided die is just 1/6. Thi

Classical approach works well when we have well-defined equally likely outcomes.

But when things get a little subjective then it may become a little complex.

On the .other hand, Frequentist definition requires us to have a hypothetical

. that hypothetical infinite sequence. In the case of rolling a fair six-sided die, if we

roli it for the infinite number of times then 1/6th of the time, we will get a four and

hence, the probability of rolling four in a six-sided die will be 1/6 under frequentist
definition as well. :
" Now if we proceed a httle further and ask if our die is fair or not. Under
frequentist paradigm, the probablhty is either zero when it’s not a fair die and one if
it is a fair die because under frequentist approach everything is measured from a

physical perspective and hence, the die can be either fair or not: We cannot assigna . |

probability to the faimess of the die. Frequentists are very objectivc in how they
define probabilities but their approach cannot glve intuitive answers for some of the
deeper subjective issues.

Here comes the advantage of the Bayes:an approach |

Bayesian perspective allows us to .incorporate personal behef/opuuon into the
decision-making process. It takes into account what we already know about a
particular ‘problem even: before any empirical eviderice. Here we a,lso' have to
acknowledge the fact my personal belief about a certain event may be different than

others and hence, the outcome that we wﬂl get using the Baycsmn approach may also =,

be different. f :
For example, I may say that there is a 90% probabihty that it will rain tomorrow

‘Whereas my friend may say I think there is a 60% chance that it will rain tomorrow, .

So 1nherenﬂy Bayestan perspective is a subjective approach to probability, but it
gives more intuitive results in a mathema.tlcally rigorous framework than the

Frequentist approach. Let’s dlscuss tlus in detail in the followmg sec’uons
221, BAYES' THEOREM '

. S1m_phst1cally, Bayes
mathematical equation

' P(B|A)P(A)

et

Wwhere A is an event and Bis ev1dence So, P(A) is the prior probablhty ofevent A

and P(B) is ewdence of event B. Hence, P(BJA) is the likelihood. The denommator is /i

theorem ‘can be expressed through the following

e




a normalizing constant. So, Bayes’ Theorem gives us the probability of an event ; _
based on our prior knowledge of the conditions that might be related to the event and .
updates that conditiopal probability when some new fnformation or évidence comes

up.
Prior x Likelihood Function
Evidence

Posterior Probability =

Now let’s focus on the 3 components of the Bayes’ theorem

-3 Prior i -
" Likelihood

Posterior k

L
. e
»

%

" Prior Dlstrlbutmn This is the key factor in Bayesian inference which allows v us |
to mcorporate our psrsonal beliefs or own judgements into the decision-making |

process through a mathemaucal representation. Mathematically speaking, to express

our beliefs about an unknown parameter 6 we choose a distribution function called’
‘the prior dlstnbutmn This distribution is chosen before we see any data or run any

I expenment

How do we choose a- pnor‘7 Theoretxcally, we deﬁne a cumulatlve dlstnbutlon‘
ftmctxon for the unknown parameter 6. In basic context, events w1th the prior
probabtllty of zero will have the postenor probablhty of zero and events with the ;
prior probablhty of one, will have the posterior probability of one. Hence, a good
Bayesian ﬁ‘ﬁwork wilf not assign a point estimate like 0 or 1 to any event that has §.

already occurrgd or already known not to occur. A very handy widely used techmque
- pf choosing priors is using a family of distribution functions that is sufﬁc:ently

‘flexible such that' a member of the family will represent our beliefs. Now let’s
.. understand this concept alittle better : 3

@) Conjugate Priors - Con_]ugacy occurs when the final postenor,

dlstnbutlon belongs to the family of similar probabxhty density functions
as the prior belief but with new parameter values which have bcen updated

to reflect new evidence /. information. Examples Beta—Bmomtal, Gamma

. Poisson or Normal-Normal i :

(i) Non-conjugate Priors - Now, it is also quite possible that the personal'

belief cannot be expressed in terms of a suitable conjugate prior and for

E
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Prgbabz'l istic Reasaning-

those cases simulation tools are applied to approximate the posterior
distribution. An example can be Gibbs sampler.

(¢ii) Un-informative prior — Another approach is to minimize the amount of
information that goes into the prior function to reduce the bias. This is an
attempt to have the data have maximum influence on the posterior. These
priors are known as uninformative Priors but for these cases; the results
might be pretty similar to the frequentist approach.

Likelihood — Suppose 0 is the unknown parameter that we are trying to estimate.
Let’s represent fairness of a coin with 0. Now to check the fairness, we are flipping a
coiﬁ infinitely and each time it is either appearing as ‘head’ or ‘tail’ and we are
assigning a 1 or 0 value accordingly. This is known as the Bernoulli Trials.
Probabiiity of all the outcomes or ‘X’s‘talcing some value of x given a value of theta.

‘We're viewing each of these outcomes as independent and hence, we can write this

in pfoduct notation. This is the probability of observing the actual data that we
collected ‘(head or tail), conditioned on a value of the parameter theta (faimess of .
coin) and can be expressed as follows-
pEIgy =@y xi-—a -

* This is the concept of hkehhood whxch is the density function thought ofasa’
function of theta. To maximize the _llk_ehhood i.e., to make the event most likely to
occur for the data we have, we will choose the theta that will give us the largest value
of the likelihood. This is referred to as the maximum likelihood estimate or MLE.

- Additionally, a quick reminder is that the generalization of the Beroulli when we

have N repeated and mdependent tnals isa bmoxmal We will see the apphcation
later in the article. '

Post‘erloi-‘_ Distribution — This is the result or 01rtput of the Bayes’ Theorem. A

- posterior probability is the revised-or updated probability‘of an event occurring after
- taking into consideration new information, We calcuiate the posterior probability

POX)ie., how probable is our hypothes1s about 0 given the observed ev1dence

Mechanism of Bayesian lnference

The Bayesian approach treats probability as a degree of behefs about certain event
given the available evidence. In Bayesian Learning, Theta is assumed to be a random

- Variable. Let’s understand the Bayes1an mferencc mechamsm a little better with an

eXample
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Inference example using Frequentist vs Bayesian approach: Suppose my friend |

challenged me to take part in a bet where I need to predict if a particular coin is fair

or not. She told me “Well; this coin turned up ‘Head*$70% of the time when I ﬂipped'

it several times. Now I am giving you a chance to flip the coin 5 times and then you
have to place your bet.” Now I flipped the coin 5+times and Head came up twice and
tail came up thrice. At first, I thought like a frequentist.

So, 0 is an unknown parameter which is a representation of fairness of the coin|

and can be defined as s = b gl
= {fair, loaded}

Addmonally, I assumed that the outcome variable X (whether head or tail) follows :

Binomial distribution with the following functional rapresentatlon

(Cx) prx (1 —p)* ™
: L7 Sl
wCx T xli(n -x)'
Now in our case n ='¥. ;
- Now my likelihood function will be ol b
i 51 by iy |
¢ JIO) = =% "(E) oo
s 8 L . ; : =
- fX|e) = X,—X(SS-_-—X—); x (0.7% x (0.3)° "%, if6=loaded .
Now, I sawjithat headx:ame up twice, so my X =2.
WhenX— ,f(BIX 2) 0.31 if © = fair
=0.13 if 0 '=loaded
Therefore, usmg the frequentist approach Ican conclude that maxlmum hkehhood
“ie., MLE (theta hat) fair. :

MLE (9) - .

Now- comes the tncky part If the qucstxon comes how sure am I about myl}
predlctlon'? I will. not be able to answer that question perfectly or correctly as in a}
frequentist world, a coin is a physical object and hence, my probab1l1ty can be eithe ¢
“0Oor1 ie., the coin is either fair or not. . g
‘Here comes the role of Bayesian inference whlch will tell us the uncertainty'in my
predlctlon ie., P(® | X= 2) The Bayesian inference allows us to mcorporate our}

r

: Probabilistic Reasoning
A

inowledge/information about the unknown parameter 8 even before looking at any
data. Here, suppose I know my friend pretty well and I can say with 90 % probability
that she has given me a loaded coin.

Therefore, my prior P(loaded) = 0.9. I can now update my pnor belief with data
" and get the posterior probability using Bayes’ Theorem.

_ _fX10)£(®) -
119 = 51X 070 |
My numerator calculation will be as follows- _
N Sl i
IO)x 16) = g5 *(3) (O, when o~ i

fX|0)x £(0) = )—(,—;—(-55—'_—)(), x (0.7)% x (0.3)5-X x (0.9),whene=1oaded

The denominator is a constant and can be calculated as the expression below.

§ Please note that we are here basically summing up the expression over all possible

values of @ which is only 2 in this case i.c., fair or loaded.
; : 5! (1Y 5!
Ef(Xle)f(e) T x( ) + x (5— X)'

Hence, after replacmg X with 2 we can calculate the Bayesmn probablhty of the

% (0.7)x % (03)5-X

1 coin bemg loaded or fair. Do it yourself and let me know your answer! However, you

will realize that this conclusmn contams more mformatlon to make a bet than the
frequentist: approach v '

222, APPI.ICA'I'ION OF BAYESIAN INFERENCE IN FINANCIAL RISK MODELING

e.g., regression, Random Forest, neural networks, etc. Apart from that, it also gamed

typically shows some loss events with low frequency but high severity. For these
typical low-frequency cases, Bayesmn inference turns out to be useful as it does'not
Tequire a lot of data.

inability to infer about the parameter uncertamty, Bayesian inference was considered
t0 be more informative as it has the capacity of combining expert opinion with actual
data to derive the posterior distributions of the severity and frequency distribution
Parameters, Generally, for this type of statistical modeling, the bank’s internal loss

: Bayesxan inference has found its apphcatlon in various widely used algonthmsf ]

_ popularity in several Bank’s Operational Risk Modelling. Bank’s operation loss data ©

Earlier, Frequentist methods were used for operational nsk models but due to its -
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R

“data is divided into several buckets and the‘frequencies of each bucket loss are.' o
determined by expert judgment and then fitted into probability distributions.
N ;

2.3. NAIVE BAYES MODELS

Na‘l'ue Bayes Algorithm

: ‘ event B.
% Naive Bayes algorithm is a supervised learning algorithm, which is based.
on Bayes theorem and used for solving classification problems. ]

*,
...

It is mainly used in text elassﬁcatxon that meIudes a hlgh dunens:onalQ
training dataset.

Naive Bayes Classifier is one of the simple and most effective
Classification algonthms which helps in building the fast machine Ieammg
~ models that can make quick predictions. :
% Itisa probablhstto classifier, wluch means it predicts on the basis of the
probability ofin object. ; |

%_ Some popular examples of Nalve Bayes Algonthm are spam ﬁltrsrtton,
Sentimental analyms and’ elassxi')ung articles !

&,
...

&

; Nawe Bayes

The Naive Bayes algonthm is eompnsed of two words Naive and Bayes WhtchL
can  be describad as:

L2

‘.‘

* Na‘\“ve It is. called Naive because it assumes that the occurrence of a
certjé.m feature is independent of the occurrenee of other features. Such as'
if the fruit is identified on the bases of eolor shape, and taste, then red,]
spherical, and sweet fruit is recognized as an apple. Hence each feature :
1nd1v1dua11y contributes to tdentlfy that it is an apple thhout dependmg ond
each other. g

%

% Bayes: It is called Bayes because it depends on the principle of Bayes Wo
; '_Theorem

Bayes Theorem:

% Bayes' theorem is also known as Bsyes Rule or Bayes' law, which is used'
to determine the probability of a hypothesis w1th prior knowledge. It
depends on the conditional probabtltty : :

The formula for Bayes' theorem is given as:

P(B | A) P(A)

P(AIB) = = by

Where,
P(A|B) is Posterior Probability: Probability of hypothesis A on the observed

P(B}A) is Likelihood Probablhty Probab1hty of the evidence given that the
probability of a hypothesis is true.

P(A) is Prmr Probabxllty ‘Probability of hypothesis before observmg the
evidence.

P(B) is Marginal Prohablllty Probab1hty of Ev1denee

Types of Naive Baves Model:
~ There are three types of Naive Bayes Model which are given below

‘Gaussian: The Gaussian model assumes that features follow a normal '
dlstnbutxon This means if predictors take continuous values instead of .
discrete, then the ‘model assumes that these values are sampled from the
Gaussian dtstnbutlon. "

Mulhnomml The Multmomtal Naive Bayes class:ﬁer is used when the
data is multmomlal dtstnbuted It is primarily used . for document

classification problems, 1t means a particular document belongs to which . -

category such’ as Sports, Pohtlcs educauon etc. The clasmﬁer uses the
frequency of words for the prechctors '
Bernoulh .The Bernoulli classifier works similar to the Multinomial
class1ﬁer but the predictor variables are the independent Booleans :
vanables Such as if a particular word is present or not in a document. ThlS

: model is also famous for document class:ﬁcatlon tasks.

rking of Nalve Bayes' Classaﬁer.

Workmg of Naive Bayes' Class1ﬁer can be understood thh the help of the below
examplﬁt .

Suppose we have a dataset of weather condltmns and ' correspondmg target
~ Variable "Play" So usmg ﬂus dataset we need to declde that whether we should play.
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or not on a particular day according to the weather conditions. So to solve this §

problem, we need to follow the below steps: 3
1. Convert the given dataset into frequency tables.
2. Generate Likelihood table by finding the probabilities of given features.
3. Now, use Bayes theorem to calculate the posterior proBabilify.

Problem: If the weather is sunny, then the Player should play or not?

Solution: To solve this, first consider the below dataset:

Outlook ~ Play
0 -Rainy‘ Yes
1 Sunny Yes.
2 Overcaét Yes
2 Overcast ‘ Yes
"‘4T' . Sunny - No.
5 Rainy .. Yes
6 Sunny Yes
T Overcast © Yes
e 8 Rainy No.
,,';‘ 9 | Sunny No
‘: 10 Sunny Nl
1 " Rany ‘No»
'f.’i il 12 Overcast Yes
13 | f Ovcrcast_" Yes
Frequency table for the Weather Conditions: .
Weather Yes _No
Overcast g 70-
_ Rainy '. 9 3
Sunny . Dot _ g 4
Totabn =] verill ggdse of 4

Likeiiho"d table weather condition:
Weather No Yes
‘Overcast 0 5 5/14= 035
Rainy 2 2 4/14=0.29
Sunny 2 13 5/14=035
e P
All 4/14‘—"0.29 10/14‘=.Q.71

| Applying Bayes' Theorem:

P(Y es]Sunny)
P(Sunny|Yes) =
P(Sunny)

So P(Yes|Sunny) =
P(No|Sunny) =
P(SunnyNO) =
. PQo) =

_ P(Sunny). =

B s P(No|Smmy)

P(Sunnlees)*P(Y es) / P(Sunny)
3/10=0.3

= 035
P(Yes) =

0.71

03%0.71/035=0.60
P(Sunny|No) * P(Nﬂ) / P(Sunny)
2/4=05 : i
029 ‘
0.35 A
05*029/0 35=041

So as we can see from the above calculatwn that PY es|Sunny) > P(NolSunny)

Hence on a Sunny day, Player can play the game..

Advantages of Naive Baves Classnf‘ er:

)
%

“datasets.

Naive Bayes is one of the fast and easy ML algonthms to predlct a class of :

% Itcanbe uséd for Binary as well as— Multi-class'Classiﬁcations

% Tt performs’ well in Mulu-class predlctlons as compared to the o;her

Algbnﬂms

* It is the most poptﬂar_‘choice for text elassification problems.



Disadvantages of Naive Bayes Classifier:

% Naive Bayes assumes that all features are independent or unrelated, so it :
cannot learn the relationship between featufes. ‘

Applications of Naive Bavee Classifier:
. ¢ It is used for Credit Scoring.
% Itis used in medical data classification.

< It can be used in real-time predictions becatse Nafve Bayes Classxﬂer is an

eager learner. ]

" & It is used in Text classification such as Spam filtering and Sent:ment
ana1y51s

0

2.3.1. BAYESIAN NETWORK

Bayesran belief network is'key computer technology for deahng with probab111st1c
‘events and to solve a 3roblem whlch has uncertainty. We can define a Bayesmﬁ
network as: | :

"A Bayesmn network isa probeblhstlc g;raphlcal model wl'uch nepresents a set o"
vanables and their. eondrtronal dependencies using a directed acyclic graph."

‘It is also called aBayes network, bellef network, declsmn network,
or Bayesian model. W0t

Bayesmn etworks ; ,are probablhstic, because these networks are! bmlt from
aprohablll xhstnbutlon and also use probabrhty theory for: prechetlon and
anomaly det#ction d :

Real world applications are probabilistic in nature, and to represent the
relationship between multiple events, we need a Bayesian network.:It can also be
used in various tasks including predlctlon anomaly detection, diagnostics, automa
insight, reasoning, t1me series predretlon and decision making under uncertainty.

" Bayesian Network can be used- for building | models from data and exp
opinions, and it consists of two parts: e
" & Directed Acyclic Graph
& Table of conditional probabilities.

The- generalized form of Bayesian network that represents and solve decision

problems under uncertain knowledge is known as an Influence diagram. ]

Artificial Intelligence and Machine Learning| _probabilistic Reasoning

2.15

A Bayesian network graph is made up of nodes and Arcs (directed links), where:

&
e

@

, Fig, 2.2,
Each node corresponds to the random variables, and a variable ~can
be continuous or dlserete

Arc or directed -arrows représent the causal relationship or conditional

: probahilities between random variables. These directed hnks Or arrows

connect the pair of nodes in the graph i
These links represent that one node dlrectly influence the other node, and

~ if there is no directed hnk that means that nodes are’ mdependent with each

other_

o In the above diagram, A B; C, and D are raridom vanables ;
. represented by the nodes of the network graph.

. If we are considering node B, ‘which is connected with node A by a
directed arrow, then node A is called the parent of Node B..

e Node Cis independent of node A.

The Bayesmn network graph does not contain any eychc graph Hence,

itis known as a dlreeted acychc graph or DAG.

‘The Bayesmn network has mamly two eomponents o

o’o

p

Causal Component .
Actual numbers

Each node in the Bayesxan -network has condmon probablhty dlstnbutlon PX; | -

Parent(X ) ), which deterrmnes the effect of the parent on that node,
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Bayesian network is based on Joint probability distribution and conditional ¢

probability. So let's first understand the joint probability distribution:
, \ :

Joint probability distribution:

If we have variables x,, x5, X3, ... , X, then-the probabilities of a different

combination of x|, x;, X3.. x,,, are known as Joint probability distribution. ]

P[ﬁcl, X3y X350 wee » Xp], it can be written as the following way in terms of the joint

probability distribution. : ] .
=PI L B X P05 Bxsinin B, ) : ]
= Plxy| %3, X300 X, [P[x; | X550, X, ] oo Plx, - 1%, [P[x, ).
- In general for each variable X, , We can write the equatmn as:

P(X; 1X ......... 1) P(X |Parents(X »
2.3.2. EXPI..ANATION OF BAYESIAN NE]'WORK

Let's understand the Rayeman network through an example by creatmg a duected ]

- acyclic graph:

'Example: Hany installed a new burglar alarm at his home to detect burgiary The §

~ alarm reliably responds at detecting a burglary but also responds for minor:

earthquakes. Harry has two neighbors David and Sophia, who have taken a

responsibility to inform Harry at work when they hear the alarm. David always calls-

Harry when bg hears the alarm, but sometimes he got confused with the phone E

 ringing and ca‘ls at that tlme too. On the other hand, Sophla likes to listen to high |
. musie, so somy:tlmes shie misses to hear the alarm Here we would like to compute

the probability'of Burglary Alarm.

Problem:

Calculate the probability- that~ alarm ‘has sounded, but there is nelther al
burglary, nor an earthquake occurred and David and ~Sophia hoth called the |

. Hamy. SHG o g el o2 R
0. Solution: i - : ‘

% The Bayesian network for the above problem is glven below. The network 1
structure is showing that burglary and earthquake is the parent node of the3
" alarm and directly affecting the probability of alarm's gomg off, but Dawd‘

and Soplua s.calls depend on alarm probability.

Probabilistic Reasoning

The network is representing that our assumptions do not directly perceive
the burglary and also do not notice the minor earthquake, and they also not
confer before calling.

The conditional distributions for each node are given as conditional
probabilities table or CPT.

Each row in the CPT must be‘sum to I because all the entries in the table
represent an exhaustiv‘e set of cases for the variable.

In CPT, a boolean variable with &k boolean parents contains
2K probablhues Hence, if there are two parents, then CPT  will contain 4
‘probability values

List of all events occurring in this network:

% Burglary (B)
% Earthquake(E)
| Alann(A)
< David Calls(D)
< Sophia calls(S)
T |0.002 e 5 Jooii
0.998 E | Earthquake z:::;
P(A=T)| P(A=F)
094 | .0.06
: 095 _0.04
4 AL i | o069 | o069
3 TR 0.999 [ 0999
_A Jro=n[rPo=F) . A [re=T[resr]
T T oe1 .00 David Calls ) T 075 | 025 |
F 1" 005] 095 |} & 002 | 098

Fig. 2.3,
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distribution: ]
P[D, S, A, B, E] P[D|S, A, B,E]. P[S, A, B, E]

1l

Artificial Intelligence and Machine Learning 3!} P,-gbabilistic Reasoning

We can write the events of problem statement in the form of probability: P[D, §, i Coﬂditi""a’ probability table for Sophia Calls:

A, B, E], can rewrite the above probability statement using joint probability

The Conditional probablhty of Sophla that she calls is depending on its Parent
Node "Alarm."

Let's take the observed probablhty for the Burglary and earthquake component:

I

P[D|S, A, B,E]. P[S| A, B, E]. P[A, B, E]

P[D|ALP[S|AB,EL.P[ABE
'P[D | Al. P[ S| A]. P[A| B, E]. P[B, E]

= P[D|A]. P[S| A} P[A| B, E]. P[B [E]. P[E]

P(B = True) = 0.002, which is the probability of burglary.
 P(B="False) = 0.998, Which is the probability of no burglary.
P(E = True) =0.001, which is the probability of a minor earthquake

P(E = False) = 0.999“,'Which is the probability that an earthquake not occurred.
We can provide the conditional probabilities as per the below tables:

Condntlonal probahilsty table for Alarm A:

The Condltlonal pmbablhty of Alarm A depends on Bmg_m and ea:ﬂlquake

B 'E. PA=Tre) | POA=Tlse)
»True True 094 | - 0.06
e | False | 095 0.04°
. 1 False: True 031 0.69
False False 0.001 0.999

Condltlonal probabmty table for ba\ud Calls:

"~ 'The Conditlonal probabﬂlty of Dav1d that he will call depends on the probabih '
il of Alarm. :

A ~ P(D =True) P(D Falsc)
. Trie 091 0.09
~ False 0.05 095

A P(S = True) P(S = False)
True 0.75 0.25
False 0.02 0.98

From the formula of joint distribution, we can write the problem statement in the

{ form of probablllty distribution:

p(S,D,A,~B,=E) = P (S|A) * P (D|A)* P (AI-B A —E) * P (-B) * P (<E).
0.75* 0.91* 0.001* 0.998+0.999 ;
0.00068045;

2.3.3. EXACT INFERENCE IN BAYESIAN NETWORK

Inference by enumeratlon

Any conditional probability can be computed by summing terms from the full

' joint distribution. More specifically, a query P (X | ) can be answered using

Equation (13.6), which we repeat here for convenience:
P(Xie) aP(X, e)= a EP(X e.y)
Now, a Bayesian . network gives a_ con’iplete representation of the fuil joint

§ distribution. More specifically, Equation shows that the terms P(x, e, ) in the joint

distribution can be written as products of conditional probabilities from the network.
Therefore, a query can be answered using a Bayesian network by computing sums of
‘products of conditional probabilities from the network. -

In F1gure an algorithm, ENUMERATE—JOINT—ASK was glven for mference by
.enumeration from the full joint distribution.

' The algorithm takes as input a full joint distribution P and looks up vaiues therein.

§ ltis a simple matter to modify the algorithm so that it takes as input a Bayesian
i hetwork 5, and "looks up" joint entnes by multiplying the corrcspondmg CPT entries
“from b,

Consider the query P(Burglary | John Calls = e Vo ol = ti'ue).
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The hidden variables for this query are Farth quake and Alarm. Equation using |
initial letters for the variables in order to shorten the expressions, we have ]

P@B|j,m)=aP®B,j,m)=a X} P(B,e,aj,mk

The semantics of Bayesian networks (Equation ) then gives us an expression in §
terms of entries. For simplicity, we will do this just for Burglary = true:
P(b ljm)=aX X P(b)P(e)P(a |6, e)P( | a) P(mla)

e a ‘

To compute this expression, we have to add four terms, eaclh computed by |
multiplying five numbers. In the worst case, where we have to sum out almost all the
variables, the complexity of the algorithm for a network with n Boolean variables is

Artificial Intelligence and Machine Learning i probabilistic Reasoning

P(—alb.e) P(a/b,—e)
: .05 .94

O(n2n). An improvement can be obtained from the followmg s1mp1e observatlons
P |j,m)=aP(®) Z P(e) Z P (a | b, e) P(j| a)P(m | a)

the P(b) term is a constant and can be moved outs:de the summaltions overa and
e, and the 13(e) term caxﬁae moved outside the summation over a. Hence, we have

This expression can be evaluated by looping through the variables in order i

‘ multiplying CPT entries as we go For each summation, we also need to loop over!

the variable's possible values. The structure of this. comiputation is shown in Figure

14.8. Using the numbers from Figure, it obtain B(b; j, m)=a x 0 00059224 “The

corraspondmg computatmn for ylelds a x 0.0014919; henee ' '
P(B |j, m) 1 0. {0.00059224, 0. 0014919) ~(0.284,0.716) -

‘That is; the(chance of a burglary, gwen calls from both nelghbors, is abeut 28%.4

/The evaluatlorl process for the expression in Equatlon is shown as an expression tree
“in Figure. The ENUMERATION-ASK algorithm evaluates such trees using depth—
first recursion. Thus, the space complex1ty of ENUMERATION—ASK is only Imearl
- in the number +of vamables—effectlvely, the algorithm sums over the full _]omt
distribution without ever constructing it explicitly. Unfottunately, its time complexity
- for a network with n Boolean variables is always 0(2n) -better than the O(n2n) for the;
' s:mple approach descnbed earlier, but still rather grim. One thing to note about the]
tree is that it makes explicit the repeated subexpressions that are evaluated Iby the [
algonthm The products P(jla) P(mla) and P(jl}a).P(ml1a) are computed twice, once]
for each value of e. The next section describes a general method that avoids such
wasted computations.

L2
L <

o

0,

A2
b

A
‘..

&

Fig. 2.4. The Structure of the e'xpresswn shown in equation. The evaluation praceeds top- ]
down, multiplying values along each path and summing at the “+' nodes. Notlcé the

! repetmon of the paths for and m.

g 234 APPROXIMATE'!NFERENCE IN BAYESIAN NETWORI( ,
¢ A method of estlmatmg probabilities in Bayesxau networks also called

‘Monte Carlo algonthms

We will dlscuss two types of algonthms ~direct sampling and ‘Markov v
chain samplmg

: Exact mference becomes mtractable for large multxply-connected networks

" Variable ehmmatlon can ‘have exponential t1me and space complex1ty

Exact inference is strictly HARDER than NP-complete problems (#P-hard)

Direct Samplmg ;

Take samples of everts

We expect the frequency of the samples to eonverge on the probablhty of
the event

Used to compute eonditionalprobabilities. P(X|e)

Generate samples as before
Reject samples that do-not matcljl-evidehce

Estimate by counting the how often event X is inthe resulting samples
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Likeli ighti i ied i
ikelihood Weighting , i[ustration above shows a causal network corresponding to the rules (applied in a
% Avoid inefficiency of rejection sampling | Ieﬁ-tO‘.f ight scan) and initial condition.
& Fix values for evidence variables and only skmple the remaining variables :
- ; cells not being nodes corresponding
% Weight samples with regard to how likely they are rule mobile automatlﬂﬁ updated merged to updating events

Markov Chain Sampling

i
]

< Generate events By making a random éhange to the preceding evenf

- This change is made using the Markov Bianket of the variable to be
changed

% Markov Blanket = parents c}uldren chxldren s parents :

& Tally and normalize results

L

2

24 CAUSALNETWORK P e

causal nelwork.

Flg. 26

The ﬁgure above shows the procedure for dlagranunatlcally creating a causal
network from a mobile automaton

‘In an evolution of a multiway system, each substituﬁoq event is a vertex in a
causal network. Two events which are relatec_l by causal dependence, meaning one
occurs just before the other, have an edge between the corresponding vertices in the -

 causal network. More pteclsely, ‘the edge is a directed edge leading from the past
event to the future event. 7

Some causal networks are independent of the chcqoe of evolutlon, and these are‘
called causally i mvanant

A causal network isan acychc digraph arising from an evolutlon ofa subsututlon i hatd o i ‘ _ et

 system, (BB->A AAB —BAAB) and representlng its history. A B A A B The 241, CAUSAUNVARlANCE Y : o
Amultlway system that generates causal networks whlch are all 1somorphlc-

1

e - L a acyclic digraphs is said to exhibit causal invariance, and the causal network itself
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is also said to be causally invariant. Essentially, causal invariance means that no|
matter which evolution is chosen for a system, the history is the same in the sense
that the same events occur and they have the same &ausal relationships. The figurest
above illustrate two nontrivial substitution systems that exhibit the same causa];
networks independent of the order in which the rules are applied. '

Whencvcr,;wo rule hypothcscs overlap in an cvolutmn the coxrcspondmg systent
is niot causall mvanan( Hence the simplest way to search for causal i mvanance is 0}

as AABB Fg : Lt
A mobxlc alitomaton s;mulatcd by a strmg subshtutlcn system is an example of g

condition contains only a smglc active cell.

Multiway System

A multiway system is a kind of substltutlon system in which multlple statcs :
permitted at any stage. This accommodates rule systems in which there is more thagg
 one possible way to perform an update. A

88 probabilistic Reasoning @

A B B

: Fig. 2.8.
A simp'lc. example is a string substitution system. For instance, take the
rules {AB-> A, BA — B} and the initial condition ABA. There are two choices for

: how to proceed. Applying the first rule yields the evolution ABA to ‘AA, while .
applying the second rule yields the evolution ABA—AB - A. So at the first step,

there is a single state ({ABA}), at the second step there are two states {AA, AB}
and at the third step there is a single state {A}.

A path through a multlway system arxsmg from a choice of whzch substltutlons to
make is called an evolution. Typically, a multnway system will have a large number

' of possible evolutions. For example, consider strings of A s and Bs with the rule

AB — BA. Thcn most strings will have more than one occurrence of the substring A
B, and cach occurrence Icads down another path in the multlway systcm
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TWO MARKS QUESTION AND ANSWERS (PART - A)
1. What is Probabilistic reasoning? i

'2. What is Markov's Dectsmn process? ;
The solution for 4 reinforcement learning problem can be achieved using d

: Markov decision process or MDP. Hence, MDP is used to formalize the
: problem. It can be.said as the mathematical approach to solve a reihforceme
learning problem. A&he main aim of this proeess is o gain maximum positivg

o 0:0

< Probabilistic reasoning is a form of knowledge representation in which

concept of probability is used to indicate the degree of uncertainty
knowledge. In AL probabilistic models are used to examine data using§

" statistical codes. ;
% Probabilistic reasoning is using logic and«Brobability to handle uncerta

situations. An example of probablhsttc reasoning is usmg past situationg

. and statlstlcs to predlct an outcome.

rewards by choosing the optimum pohcy
' MDP has four elements, Whlch are:
A set of finite states S
. A set of finite actions A
Rewards ~
Policy Pa 4
In thi process, the agent performs an action A to take a transition from

0:0

9,
o

S;to S2 or from the start state to the end state, and while domg these actions, th

agent gets some rewards The series of ac’aons taken by the agent can be definej
as the pohey ; 1
What is a Bayesian network aml why is it mtportant in AI b

‘ Bayes:an networks are the graphical models that are used to show.

pI‘Obablllsth relationship between a set of variables. It is a directed cycle grapl

that contains multiple edges, and each edge represents a conditional dependéncyfl
& 10,

Bayesmn networks are probabllxstlc because these networks are built frof
aprobablhty distribution, and also use probablhty theory for predlctmn ang

* ahomaly detection. It is important in Al as it is based on Bayes theorem and

be used to answer the probabilistic questions.

Artificial Intelligence and Machine Learnin :

4.

Probabilistic Reasoning

Define Bayesian Learning.

It calculates the probability of each hypotheses, given the data and makes
predictions on that basis, (i.e.) predictions are. made by using all the hypotheses,

: nghted by their probabilities rather than by using just single “best”

hypotheses.
Define Naive Bayes model. 7

In this r_nodel, the “class” variable C is the root and the “attribute” variable XI
are the leaves. This model assumes that the attributes are conditionally .
independent of each other, given the class.

What is exact inference in Bayesian network’

Exact inference. In exact inference, we analyncally compute the condmonal
probablhty distribution over the variables of interest.

What are the 3 di ﬂ"erent approaches available to determme the probabthty of

. an event?

% Classical
@ Freiluentist :
» - Bayesian
Write 3 types of Naive Bayes Model,
% Gaussian-
° Multmomial _
B Bl t o o i & \ ,
What are the applicatidne of Naive Ba_].;e.é'. Classifief? by g [
% Itis used for Credit Scoting. e ‘
% Itis used in medical data clasmﬁcatmn

It can be used in real-tlme predlcnons because Naive Bayes Class1ﬁer isan
* eager learner.

4 It is used in- Text clasmﬁcation such as Spam’ ﬁltermg and Sentlment
analysis.
What is ap;;roxzmate,inferenc-ing in Bayesian network?
Computing posterior and marginal probabilities constitutes the backbone of
almost all inferences in Bayesian networks. These computations are known to be -
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intractable in general, both to compute exactly and to approximate (e.g., by:"

sampling algorithms).
What is Markov Chain Sampling? t

% Generate events by making a random change to the preceding event

changed
% Markov Blanket = parents, children, children’s parents
& Tally and normalize results
What is causal network?

A causal network is an acyclic - digraph arising from an evolution of
a substitution system, and representing its history. The illustration above shows af

causal network {B B->A AAB->BAA B} correspondmg to
rules (apphed in a left;to-right scan) and 1n1t1a1 condition ABAAB
‘ #

PART-B&C.

‘Explain Bayes’ theorem with example.

5.  Ilustrate causal network with neat dlagram

Explain orking of Naive Bayes' Classifier with example'
Write in getail about exact inference in Bayesmn network /
Explain ih detail about approximate mference in Bayes:an network. i

A\

sedokokdkdkok ok ko skdkok ok ok
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UNIT III
SUPERVISED LEARNING

&% This change is made using -the Markov Blanket of the variable to be}

Introduction to machine learning — Linear Regression Models: Least squares, single
& multiple variables, Bayesian linéar regression, gradient descent, Linear
Classification Models: Discriminant function — Perceptron algorithm, Probabilistic
discriminative model - Logistic regfession, Probabilistic generative model — Naive
Bayes, - Maximum margin classifier — Support . vector machine, Decision Tree
Random Forests

3.1. LINEAR REGRESSION MODELING . .

Linear Regressmn has actually been around for a very long time (around 200 :

{

years). It is a linear model, i.e. it assumes a linear rclatlonsth between the input , '

vanables(x) and a single output vanable(y) The y here is calculated by the linear
combination of the input variables.. ‘Linear regressmn is a type of machine learning -
algorithm that is uséd to model the relation between scalar dependent and one or-
more independent vanables The case of having one. independent variable is known

as simple linear regression, while the case of having multxple lmear regressions is .

known as multiple linear regressions.
Llnaar Regmsslon ¥

‘Single predlctor X———Y

Multiple Linear Regression

; XiN_ - :
xz\ |
Multiple \
. predictors x3“-—-\___._ Y
B AT e
Xs/'
" Fig. 3. 1

In both of these lindar regressions, the model is constructed usmg a linear
Pl‘edlctor function. The unknown data parameters are estu:uated using the available
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dataset because this feature has various applications such as finance, economics,
epidemiology, etc. :

3.1.1. REGRESSION ALGORITHMS ; '

Regression algonthms are used when you notice that the output is a continuous
variable, whereas classification algonthms are used when the output is divided into |

sections such as Pass/Fail, Good / Average / Bad, etc. ‘We have various algorithms

for performing thc regression or classification actmns -with Linear ‘Regression
Algorithm being the basic algonthm in Regressmn

Coming to this Regressmn, before getting into the algontlnn let me set the base

for you. In schooling, 1 hope you remember the line equatlon concept. Let me give a

brief about it. You were given two points on the XY plane, i.e. say (x; ,¥,) and (x, ,

¥, ), where y; is the output of x, and y, is the output of x, , then the line’ equatxon

thai passes through the pomts is (y Y1) =mx =x;) where m is the slope of the line. |

e ‘\‘ T

L P -7 S i
fﬁ\ 1 y=-14x+140 |.
\ | 10 \ ;

- fﬂéﬁ-mg
/]

=2t 0 2 |4 |6 |8 [10.

N 5
12\ 14

: th 3.2
7 After finding the line equatmn, if you are given a pomt, say (x3 ; y3) you wouid
be éasily able to predict if _the point lies on the line or the distance of the point from

the line.’ This was the basic regression that I had done in schooling. without even

-

§ gene
- output of the train data set properly and then use the same equation to predict the

Supervised Learning : [33]

realizing that this would have such great importance in Machine Learning. We
rally do in this to identify the equation line or curve that could fit the input and

output value of the test data set. This would result in a continuous desired value.
Two Types of Linear Regression
Let’s talk about two types of Linear Regression
& Simple Linear Regression s
& Multiple Linear Regression
1. Simple Linear Regressmn

‘In Sunple Linear Regresszon we try to find the relatxonsh]p between a smgle w

independent variable (input) and a corresponding dependent vanable (output) ThlS
can be expressed in the form of a straight line.

The same equation of a line cnn be re-written as:
Y = BpthXte
. Y represents the output or dependent variable.
2. B, and B, are two unknown constants that represent the mtercept and
coefficient (slope) reSpecnvely

3 8 (Epsﬂon) is the error term..
The followmg isa sample graph ofa Slmple Linear Regresswn Model

15

10

L ] 1 vl -1 LI

P T O ! | T T Y N | I (S0 Vo [ (A TRy I [ W (U 0| O v (OO L D 1 e T

L T 200 © 90 40 B0 B0
Fig. 3.3. Graph of Simple Linear Regression Model -




Applications of Simple Linear Regression include :

1. Predicting crop yields based on the amount of rainfall: Yield is :

dependent variable while the amount of raiifall is independent variable.

2. Marks scored by student based on number of hours studied (ideally) : | i
Here marks scored is dependent and number of hours studied is

.independent.

3. Predicting the Salary of a pefson based on years of expérience ThUS- .
Experience become the mdependent vanable while Salary becomes the

dependent variable A . _“

2. Multlple Linear Regression

In"Multiple Linear Regression, we try to find the relationship between.2 or more
independent variables (inputs) and the correspom;lmg dependent variable (output).]

‘The independent variables can be continuous or categorical. _

Predictor, ‘x-variable’,
. independent variable,

.explanatory 1 vanable . Coefficient
' 'BD"'B{) .+|32X2—

‘Lmear pr_edictor

response, dependent vanabie random error,

observation, y-varfable “noise”
i = 4B
o { 40 %
v 4
! Tt e o
[3 3
a5 :
g Species
3 & Selosa
2 30 ® Versicolor-
A ® Vir'ginis_:a

g
o

i .
o .

6 7 8
Sepal fength (mm

Fij ig. 3 4. Grapk for Multiple Linear Regresswn Model
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The equation that describes how the predicted values of y is related to pr
independent variables is called as Multiple Linear Regression equation

Supgrvised Learning

Above is the graph for Multiple Linear Regression Model, applied on the iris data
gel. .

3.2. LEAST SQUARE METHOD

_The least square method is the pfocess of finding the best-fitting curve or liﬁe of
pest fit for a set of data points by reducing the sum of the squares of the offsets

(residual part) of the points from the curve. During the process of finding the relatxon

between two variables, the -trend of outcomes are estimated quantitatively. This

process is termed as regressmn analysis. The method of curve fittmg s an approach

to regression analysis. This method of ﬁumg equations which approxunates the
curves to given raw data is the least squares

It is quite obvious that the fitting of curves for a particﬁla;‘ data set are not always
unique. Thus, it is required to find a curve having a minimal deviation from all the
measured data points. This i is. known as the best- ﬁttmg curve and is found by using
the least-squares method

3.2.1. LEAST SQUARE METHOD DEFINITION - Y - ¢

The Ieast—squares method is a crucial stat1st1ca1 method that is practised to find a
regressmn line or a best- fit line for the given pattern. This method is described by an

‘ equatlon with specific parameters. The method of least squares is generously used in
- evaluation and regressxon In regression analysis, this method is said to be 3 standard

approach for the approxnnatmn of sets of equations hawng more equatmns than the
number of unknowns..

The method of least squares actually deﬁnes the solutlon for the minimization of -
the sum of squares of deviations or the. erfors in the resuIt of each equation. Find
the formula for sum of squares of errors, which help to-find the variation in obscrved

§ data, The least-squares method is oﬁen applied in data fitting. The best fit result is .

assumed to reduce-the sum of squared errors or residuals which are stated to be the.
differences betwccn the observed or expenmental value and con-espondmg fitted
value Elven in the model.
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3.2.3. LEAST SQUARE METHOD FORMULA
The least-square method states that the curve that best fits a given set of
observations, is said to be a curve having a minimum sum of the squared residuals

(ot deviations or ‘errors) from the given data points. Let us assume that the given
poiﬂts Of data are (x[s yl)! (xz ] yZ)s (x3 L] y3)9 ssey (xn s yn) in which all x’s are

There are two basic categories of least-squares problems:
% Ordinary or linear least squares % :
< Nonlinear least squares ‘
These depend upon linearity or nonlinearity of the residuals. The linear problem
 are often seen in regression analysis in statistics. On the other hand, the non-linex
problems are generally used in the jterative method of refinement in which the mode|
is approximated to the linear one with each iteration. <

independent variables, while all y’s are dependent ones. Also, suppose that f(x)is the
fitting curve and d represents error-or deviation from éach given point.

Now, we can write:

3.2.2. LEAST SQUARE METHOD GRAPH . d, = y, - f(x,)
; In linear regresslon, the line of best fit isa stralght lme as shown in the following dy = y,—f(x,)
; L dy = Y3 =J(x3)
= i K
— = = yﬂ ~] ()
A . B P =t |8 e
| T . _":. - The Ieast-squa.res explain that the curve that best fits is represented by the
i + _"- ST T property that the sum of squares of all the deviations from given values must he“'
o 7 5 e 3 0 B P 8 O 3 ‘minimum, i.e: ‘ :
e n
= $= %
s E ® bt = i : . : i=1
: 10} ' O 1 {8 3 40 5 ﬂcTr'. % - L
s p .. :p ZP T 1 T Fag. § = Z[y'__fx ]z
e . Fig 3.5. i=1

S=d4 +& + & +...n+a'§-

The given ta pomts are to be minimized by the method of reducing residuals ¢
.- offsets of each' point from the line. The. vertlcal offsets are generally used in surfz f
; polynomial and hyper plane problems, while perpendicular. offsets are utilized i

Sum = Mlnzmum Quantity :
Suppose when we have to determine the equatlon of line of best fit for thc given :

~ common practice. data, then we first use the following formula.
: 7h : s it s TheequmOnofleastsquarelmexsgwenbyY a+bX
E_/' - C'&/" 7' Normal equatlon for ‘a
ARG, S o | B 2 - as5x,
_»-f ' 03007 o 'i, N"rmﬂ equaton forb:
: Sy , R TXY = ayX+ bEX | ,
Solving these two normal equatlons we can get the required trend line equatlon.

Vertical . i . Perpindicular
afhgia. e A st ‘ Thus, we can get the line of best fit with formula y=ax+b



Solved Example ]
The Least Squares Model for a set of data ( x;, ¥1), ( X35 ¥2), (X3, ¥3)s «os (%, §
y,) passes through the point ( x, , ,) where x,, is thg average of the x;‘s and y,, is %
the average of the y;‘s. The below example explains how to find the equation of a §

Question:

straight line or a least square line using the least square method.

Consider the time series data given below: 5
o 8 L3l lmial 8] & s ) ¥,
yota B iilBle &b 9. k] H

Use the Jeast square method to detennme the equatmn of line of best ﬁt for the
data. Then plot the line. ' 1

Salutwn

' Mean of x; valuies = §+3+2+10+11+3+6+5+6+8)!10 62/10= 624
Meanofy,values (4+12+1+12+9+4+9+6+1+14)/10 72/10=7.2]

Straight line equationis y = - a+bx.
. normal equations are s
- : Yy = an+bYx
. T = a¥x+byxl
I 2T 3 x2 xy
R goye W8 s 1
Tl AT R
§ v Boibs by q 5 o
e 0P| = 120
Xl 9. . 121 99
ThETEE S0 nilliss 0258
6 9 36 54
o & ) ase ) a0
T e e . 8
B 14 T 112
¥x =62 Yy =72 2x2=468 Zzy 503

Artificial Intelligence and Machine Learning § S upervised Learning :

ubstituting these values in the normal equations,
10a+62b = 72 S
62a+468b = 503 d(2)
(1) *x62-(2)x 10, '
620a + 3844 — (620 a + 4680 b) = 44’641— 5030

=836 b= =566
b = 566/836
b = 283/418
" b = 0677
Substituting b - Q. 677 in equatlon (1)
10+ 62(0.677) =
- 10a+41974 = 72 -
; 10a = 72-41.974
10a = 30.026
‘a = 30026710
" a-=3.0026

Therefore, the gqﬁéﬁpn becomes,
: y =a+be
y =3 0026+0677x
This is the reqmred trcnd lme equation. :
Now we can find the sum of squares of deviations from the obtained values as:

dy'= - [4-(3.0026 + 0.677+8)] = (- 4. 4186)
dy = [12-(3.0026 + 0.677*3)] =(6.9664)
dy = [1-(3.0026 +0.677%2)] = (~3.3566)
§ Ad.;' = [12-(3.0026 + 0.677*10)] = (2 2274)
Cds = [9—(3.0026+0.677*11)] =(-1.4496)
L dg = [4-(3.0026 +0.677%3)} = (~1.0336) A
d; = [9-(3.0026+0.677*6)] = (1.9354)
dy. = [6-(3.006+0.677*5)] = (-0.3876)
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( dy = [1—(3.0026 +0.677*6)]= (—6.0646)
dyy = [14—(3.0026+0.677*8)] = (5.5814)"

Td? = ( 4.4186)2 + (6.9664)2+ (— 3.3566) + (%2274)2 +(-1.4496)" +
( ‘ (~1.0336)% + (1.9354)2 + (— 0.3876)2 + (— 6.0646)2 + (5.5814)2

( = 159.27990
‘ ' |
7
( A L /’
e
( TV
y
SEEDA
y = 3.0026 + 0.677 X 4
" )
-20 | 4818 ol | (=511 5 10 15
i/
/|
y a3
/
o Fig. 3.6.
T ] s
& 3 SINGI.lF VARIABLE REGRESS[ON
i 0 £ ]
: Smgle vanable Imear regresswn is one. of the fundamental tools for anj

| the shape a line.

.ages we don't have data on.

mterpretanon of data. Usmg linear regression, we can predict continuous variab! !
outcomes givep'soine data, if the data has a roughly linear shape ie.it generally o1
: _ 7 B Model Concept :
st Visually, it appears that th1s data is approxunated pretty well by a "line of “,;
" fit". This is certainly not the only way o approximate this data, but for now it's pre
- good. Single variable linear regression is the tool to find this line ‘of best fit. The a‘:
of best fit can then be used to guess how many hormclde deaths there would be d

Supgrvised Learning ) :

By the end of this tutorial yeu can run linear regression on this homicide data, and
in fact solve any single variable regression problem.

Original data g Result of single variable linear regression
Relationship between age and v A?: ra”d homicide
homicide deaths in the US oA Imearediession

1 X Xy 2 é
o x o
& 600 % o
£ £ £
% 5001 % % %

@
a 4004 x"xxx '%
o Xx b=}
‘D (&)
A4 x He]
£ 300 x g
:l?: * xX¥ %X i
g 200}, Lo lpon o CNERERER R
; 20 25 30 35 40 45 50 20 25 30 35 40 45. 50 55

~ Age i : | . Age
Fig. 3.7.
Data Set format

For regression problems the goal isto predlct a continuous- vanable output, given
some mput variables (also called features). For single variable regression, we only
have one mput vanable, called X, _and our desired output y. Our data setD then
consists of many examples of x and ¥, 80: : ;

D = {6591 %2 52 )eeoslim s Vi)

where mm 1s the number of examples in the data set. For a concrete example, the
homicide data set plotted above looks like:
g D = {(21,652),22, 633),....(50, 197)}
We w:ll wnte code to load data sets from files later. '

So, how can we maﬂiemaﬁcally model single linear- tegressioh" Since the goal is

~.to find the perfect line, let's start by defining the model (the mathematical descnptmn

of how predictions will be created) as a line:
V'(xsa.b ) = ax+ b

* where x is an input, y' is the predlctmn for the mputx and aand b are model

] Darameters Note that although this is an equatlon for a line with xx as the variable,
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* the values of a and b determine what specific line it is. To find the best line, we Just
need to find the best values for (the slope) and b (the y-intercept).
For example, the line of best fit for the homlglde data above has a slope of ¢

about a =~ —17.69 and a y-mteroept of b = 1000. How we find the magic best values |

_ for ag and bb we don't know yet, but once we find them, prediction is easy, since we ]
just use the formula above. 1
So, how do we find the correct values of the model parameters a and b? First, we |
‘need a way to define what the "best line" is exactly. To do so, we define a loss
function (also called a cost ﬁmctmn), which measures how bada particular chmcei
of @ and b are. Values of @ and b that seem poor (a line that does not fit the data set)"
should result in a large value.of the loss function, whereas good values of @ and b (a‘j :
 line that fits the data set well) should result in small values of the loss function. )

In other words, the loss function should measure how far the predicted line is] ]
from each of the data pomts and add this value up for all data points. We can write f

" this as:

L(a, b) = 3 o (x;. a, b) - yf)2 -

i=1 )

Recall that there are mm examples in the data set, x, is the it input, and y; is the
ith desu?ed output So,( ¥'(x;,a , b) —y,)* measures how far the ith predlctlon is from]
the ith desired output. For example, if the prediction y'’is 7, and the correct output yL
.10, then we tvould get’ (7 = Tp=10. Squarmg it is nnporwnt so that it is always|
_ positive. P i : i
i Fmally, we just add up all of these individual losses ‘Since the smallest poss1ble?
Values for the squared terms indicate that the line fits the data as closely as possible,]
the line of best fit (determmed by the choice of a and & occurs exactly at the smallest]
value of L(a ,b). For thlS reason, the model is also called least squares regrcssmn i

’,_ - Optlmizmg the Model
" At this point, we have fully defined both our model:
y'(x.a,b) = ax+ b
~ and our loss function, into which we can substltute the model

L{a, 3) = 2 O (xp» @, 5) - J’)Z“ Z(ax +b - y)2

=1 i=1

. Supervised Learning

We crafted L(a , b) so that it is smallest exactly when each predicted y' is as close

d o possible to actual data y . When this happens, since the distance between the data
" points and predicted line is as small as possible, using @ and b produces the line of
I pest fit. Therefore, our goal is to find the values of @ and b that minimize the
] ﬂmctwn L(a, b). But what does L really look like? Well, it is essentl.ally a 3D

parabola which looks like:

Fzg 38. -

mmnnum L must be ent].rely ﬂat that is the denvatlves are buth 0:

Bl e gl ﬁ\e‘
- v 22(ax,-+b y,)xi—O SO

T 5

: : B

oL - IS R B i SN
Fhes .2 2(ax, +b - y,)—o _‘,\9\@. s .‘.‘%

: . xs ,pf _
If you need to review this aspect of calculus, I would recomme@i&an Academy -

k| wdeos Now, for this problem it is possible to solve for aand b using the equations

above, like we would in a typical calculus ¢ourse. But for more advanced machine

| Ieall'nmg this is unposs;ble, so instead we will learn to use an algorithm
-called grad1ent descent to find the minimum.

The idea is intuitive: place a ball at an arbitrary Iocatlon on the surface of LL, and |
:;‘rwlll naturally roll downhill towards the flat valley of L and thus find the minimum.
¢ know the dxrectlon of "downh:ll" at any location since we know the: denvatwes
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: 3 4 MULTIPLE VARIABLE REGRESS!ON

- more independent variables and one dependent vanable You can use multlplr

Artificial Intelligence and Machine Learning 3

/,
‘.'f

of L: the derivatives are the direction of greatest upward slope (this is known as
the gradient) so the opposite (negative) derivatives are the most downhill direction. |
Therefore, if the ball is currently at location (a , b), w can see where it would go by ':
moving it to location (a', ') like so: w1

B aL
a' =a-az;
e oL
b'= b— ey

wheré ao is a constant called the learning rate, which we will talk about more
later. If we repeat this process then the ball will continue to roll downhill into the |
minimum. An animation of this process looks like:.

" Fzg 3.9,
%eﬁ.pve Au‘ﬂm %rachent descent algorithm for long enough, then it w111 ﬂnd the

optuna] chatron fbr (@, l;) ‘Once we have the optimal values of @ and b , then that's}
. it, we can Jus;uSe-them:to ‘Predict a rate of hormclde deaths given any age, usmg the;

“a ey

iy

Yl

‘model: .
"(x) ='ax+b .

‘Multiple Variable regressmn is used to estxmaxe the relationship between tn ")

Variable Regressmn when you want to know:

sk

. regression:

Supervised Learning 3.15

1. How strong the relationship is between two or more independent
variables and one dependent variable (e.g. how rainfall, temperature, and
amount of fertilizer added affect crop growth).

The value of the dependent variable at a certain value of the independent

variables (e.g. the expected yield of a crop at certain levels of rainfall,
temperature, and fertilizer addition).

£ Multiple linear regression example

You are a 'publie health researcher interested in social factors that influence heart
disease. You survey 500 towns and gather data on the percentage of people in each

¥ town who smoke, the percentage of people in each town who bike to work, and the
‘ ‘ percentage of people in each town who have heart disease. Because you have two

independent variables and one dependent variable, and all : your variables are

# quantitative, you can use multiple linear regression to analyze the relatlonshlp
| between them. :

. Assumpttons of multiple linear regression -

Multxple linear regressxon makes all of the same assumpuens as simple linear
: o
I-Iomogenelty of vamnce (homoscedasticity): the size of the error in our
_-predlcnon doesn t change significantly across the values of the
independent variable. :

1.

Independence of observations: the. observations in the dataset were
collected using statistically valid samplmg methods, ‘and there are no 4
. hidden relatxonshlps among variables. : :
In multiple linear regression, it is possxble that some of the independent.
variables are actually correlated with one another, so it is important, to .
check these before developing the regression model. If two independent
 variables are too highl,y. ‘correlated (r2 > ~ 0.6), then only one of them
-should be used in the regression model.

Nnrmahty The data follows a normal distribution.

Lineanty the Tine of best fit through the data points is a stralght line,
ather than a curve or some sort of grouping factor. -~

~
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Multiple linear regression formula
The formula for a multiple linear regression is:
y=PBo+B X;+...+B,. X, + €
@ = the predicted value of the dependent variable
@ Bo = the y-intercept (value of y when all other parameters are set to 0)

%+ By X, = the regression coefficient ( B,) of the first independent vanable;
(X,) (ak.a. the effect that increasing the valye of the independent variable]

has on the predicted y value)

= do the same for however many mdependent variables you-are testmg ]
_ B,, X, =the regression coefficient of the last independent variable

&, o,
e o0

€ = model error (a.k.a. how much varia'tioh there is in our estimate of )

2,
e

To find the best-fit line for each independent variaBle, multiple linear regressio‘
calculates three things:
% The regressmfcoefﬁcwnts that lead to the smallest overall model error.
% The ¢ statistic of the overall model. - ;
‘ oo The associated p value (how' hkely it is that the ¢ statistic would hav
occurred by chance if the null hypothesis of no relatlonshlp between the§
mdependent and dependent variables was true). " i

3 -l'

3 5. BAYESIAN LINEAR REGRESSION

model

In the Bayesran viewpoint, we, formulate lmear regression using probabﬂr
distributions rather than point estimates. The response, y, is not estimated as a singlel
. ’value but is assumed to be drawn from a probab111ty distribution. The model f_
Bayesian Lmear Regresswn with the Tesponse sampled from a normal dlstnbuuon is!

'y ~ N(BT X, o2I)

| Supervised Learning
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deviation o (multiplied by the Identity matrix because this is a multi-dimensional
formulation of the model).

The aim of Bayesian Linear Regression is not to find the single “best” value of the
model parameters, but rather to determine the posterior distribution for the model
parameters. Not only is the response generated from a probability distribution, but
the model parameters are assumed to come from a distribution as well. The posterior
probability of the model parameters is conditional upon the training inputs and

‘ Qutputs:

POIB.X*PBIX)
Py [X)

PBly, X) =

‘Here, P(B |y , X) is the posterior pmbability"distribution of the model parameters "

given the inputs and outputs. This is equal to the hkehhood of the data, P(y | B, X),
multlphed by the  prior probabﬂrty of the parameters and divided by a normahzatlon

constant. ThlS is a'simple expression of Bayes Theorem the fundamental

‘underpinning of Bayesian Inference

Likelihood * Prlor :
Normallzatlon

Postenor

Let’s atop and thmk about what thls means. - In contrast to OLS, we have i

posterior distribution for the model parameters that is proportional to the likelihood
of the data multiplied by the pnor pmbabﬂlty of the parameters. Here we can observe

the two primary beneﬁts of Bayesran Linear Regression. - o

1. Priors: If we have domain knowledge, or-a guess for what the model
" . parameters should ‘be, we can ‘include’ them in our model unlike in the
-frequentist approach which assumes everything there is to know about the '

. parameters comes from the data. If we don’t have any estimates ahead of
time, we can use non-mformatlve prmrs for the parameters such as a -
normal distribution. - ; 0 : : FE

~ Posterior: The result of performing’ Baye31an Llnear Regressxon is a
! _dlstnbutlon of possrble model parameters based on the data and the prror

" - This allows us to quannfy our. unoertamty about ‘the model: if we have
fewer data points, the posterror dlstnbutron will be more spread out .

; AS the amount of data points increases, the hkelrhood washes out the. pnor andin =

the tase of mﬂmte data, the outputs for the ‘paraméters converge to the values -
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=

Intercept

obtained from OLS. The formulation of model parameters as distributiong

encapsulates the Bayesian worldview: we start out with an initial estimate, our prior,

: and as we gather more evidence, our model becomes%ess wrong. Bayesian reasoning
is a natural extension of our intuition. Often, we have an initial hypothesis, and as wej

_ collect data that either supports or disproves our ideas, we change our model of thq
« world (ideally this is how we would reason). i , el

d o ; ' 3.5.1. IMPLEMENTING BAYESIAN LINEAR REGRESSION
i - _ In practice, evaluating the postenor distribution for the model parameters 1§
b gl intractable for continuous variables, so we use sampling methods to draw Sampleg
E oy from the posterior in order to approximate the posterior. The technique of drawing :
; random samples from a distribution to approximate the distribution is one apphcatm \
of Monte Carlo methods. There are a number of algorithms for Monte. Carl
sampling, with the most common being variants of Markov Chain Monte Carlo (s ‘
 this post for an appl’ieagoh in Python). S o

5|gma

; 3 5.2. BA‘!ESIAN LINEAR MODELING APPLICATION
* The basic procedure for Implementmg Bayeswn Lmear Regressmn is: spec1
pnors for the model parameters (I used normal dlstnbutlons in. this exampi
creatmg a model mappmg the trammg mputs to the training outputs, and then have ;

/ occumng
* model parameters These are the result of 1000 steps of MCMC meamng
* algorithm drew 1(100 steps from the postenor dlstnbutmn T

. Ifwe compare the mean values for the slope and mtercept to those obtamed w ;
OLS (the intercept from OLS was -21 83 and the slope was 7 17), we see that th
L are very similar. However, while we can use the mean as a smgle point estimate, W§
‘also have a range of posmble values for the model parameters As the number of d
points increases, this range will shrink and converge one a’ smgle value represen "
" greater confidence in the model parameters. (In Bayes:an inference a range for
' vanable is called a credible interval and which has a shghtly dlﬂ'erent interpretai
from @ confidence interval in frequentist inference). i

Duration (min} 3




When we want show the linear fit from a Bayesian model, instead of showing
only estimate, we can draw a range of lines, with each one representing a different
estimate of the model parameters. As the number of ddtapoints increases, the lines
begin to overlap because there is less uncertainty in the model parameters. In order to
demonstrate the effect of the number of datapoints in the model, I used two models,

the first, with the resulting fits shown on the left, used 500 datapoints and the one on 3
“the right used 15000 datapoints. Each graph shows 100 possible models drawn from |

the model parameter posteriors. ;. e

- Bayesian Linear Regressxon Model Results with 500 (1eft) and 15000 observatrons

(right) -

for 15. 5 mmutes The red vertical hne indicates the point estlrnate from OLS
- Postenor Predlctson for 15.51Mmut :

o
W
R
i

- s g

' probability Density . -

e Fig. 3.1 1 Pastenor Probabdtty Densrty of Calones ‘Burned ﬁ'am Bayesmn Model

© We see that the probability of the number of calones burned peaks: around 89. 3 ]

. but the full estimate is a range of possrble values.

Artificial Intelligence and Machine Learning

There is much more variation in the fits when using fewer data points, which 4
represents a greater uncertamty in the model. With all of the data points, the OLS and ¢
Bayesian Fits are nearly identical because the priors are washed out by the
likelihoods from the data. When predlctmg the output for a single datapomt using.our
Bayesian Linear Model ae also do not get a. smgle value but a dtstnbutlon
Following is the probablhty density plot for the number of calories burned exercrsmg 4
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3.6. GRADIENT DESCENT

Gradient Descent is known as one of the most commonly used optimization
algorithms to train machine learning models by means of minimizing errors between
actual and expected results. Further, gradient descent is also used to train Neural
Networks. In mathematical termmology,,Optrmrzatxon algorithm refers to the task of
mmnmzmg/mammrzmg an objective function f(x) parameterized by x. Similarly, in

machine learmng,_ optimization 1s the task of rmmrmzmg the cost functlon
parametenzed by the model's parameters

The main objective of gradient descent is to minimize the convex function using
iteration of parameter updates. Once these machine learning models are optnmzed
‘these models can be used as powerful tools for Artlﬁclal Intelligence and various
computer science applications. The best ‘way to define the local minimum or looal i
maximum of a functxon using gradient descent is as follows ¥
- % If we move towards a negative gradient or away from the gradient of the

ftmction at the current pomt, it will give the local minimum of that
functlon : : : e

Whenever we move towards a posmve grad:ent or towards the gradient of

the function at the current pomt we will get the local maximum of that
functlon ek P : :

. Initial - 715
; : ,-/ Gradient .

Weight

Incremental

Step \ :

: ________,'.——-—-' Minimum Cost
Wei'ght ; 4 ' :
‘ th 312 ‘ ™ . ' i
This ehtire prooedure is known as Grad;ent Ascent which i is also known as

Steepest deSceut The main objective. of usmg a gradient descent algontkm is to

Minimize the cost functmn usmg deratzon. To achleve thls goal it performs two : { {
" steps 1terat1vely :

‘ Derivative of Cost

r 3 o



{
4

- simple linear regression is given as:

. derivative or slope and then use-a tangent line to calculate the steepness of this slope

. pomt it approaches the lowest pomt, which is called a point of convergence 4

& Calculates the first-order derivative of the function to compute the gradient
or slope of that function.

& Move away from the direction of the gra&ient which means slope

: mcreased from the current point by alpha times, where Alpha is defined as” .

Learning Rate. It is a tuning parameter in the optmnzauon process which
helps to decide the length of the steps. y

How does Gradient l?escent work? : gy i age

‘Before starting the workmg principle of gradient descent, we should know some
basic concepts to find out the slope of a line from linear regressmn. The equatlon for .

13

Y = mX+c
Where 'm' represents the slope of the line, and '¢' represents the mtercepts on the
y-axis. gt &
' -I* starting point :

Loss

e —y

o : i CF l Valueofweight

= i i 4 Pomf of convergence; i.e.
: : where the cost function is
v 1 ! A at its minimum

<

‘The starting pomt(shown iri above fig. )is used to evaluate the perfonnanee asitis ?
«considered just as an arbitrary- point. At this startmg point,. we will derive the

“Furthier, this slope will inform the updates to the parameters (we1ghts and b1as)

The slope becomes steeper at the starting point or arbitrary pomt but whenever s

new parameters are generated, then steepness gradually reduces, and at the lowest

o
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The main objective of gradient descent is to minimize the cost function or the
error between expected and actual. To minimize the cost function, two data points
are required: Direction & Learning Rate ' )

_These two factors are used to determine the partial derivative calculation of future
iteration and allow it to the point of convergence or local minimum or global
minimum. Let's discuss learning rate factors in brief;

Learning Rate:

It is defined as the step size taken to reach the rmmmum or lowest. pomt This is
typically a small value that is evalyated and updated based on the behavior of the
cost function. If the learning rate is high, it results in larger steps but also leads to -
risks of overshootmg the minimum. At the same tiime, a low leammg rate shows the

£ small step sizes, which compromlses overall efﬁmency but gives the advantage of

more precision. ‘
Small Le_aminQRate i

Large Learning Rate

Loss

y i

" Value of welght
- Fig. 3.15.

Value of weight .

3 é 1. TYPES OF GRADIENT DESCENI‘ -

Based on the error'in various trammg models the Gradient Descent learmng :
ngonthm can be divided into : '

% " Batch gradient. descent,
-2 Stochastle gradlent descent, and
. Mlm-batch gradient descent ]
Let's understand these different types of gradxent descent



r
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2. Stochasttc gradlent descent

' training example per iteratiort. Or in other words, it processes a training epoeh ol

1. Batch Gradient Descent:

Batch gradient descent (BGD).is used to find the error for each point in the -
training set and update the model after evaluating Al training examples. This}
procedure is known as the training epoch. In simple words, it is a greedy approach;il
where we have to sum over all examples for each update.

Advantages' ef Batch gradient descent:
« It produces less noise in comparison to other gradient descent.
It produces stable gradient descent couverge‘nce
< It is Computationally efficient as all resources are used for all tralnm:
samples '

Stoehashc gradient .descent (SGD) is a type of gradient descent that runs onef

each example within a dataget and updates each traunng example's parameters one-at
a time. As it requires only one training example at:a time, hence it is easier to store il
allocated memory. However, it shows some ‘computational efficiency losses n

companson to ‘batch gradient systems as it shows frequent updates that require mo; d
detail and speed Further due to frequent updates, it is also treated as a noisjf

gradient. However, sometimes it can be helpful in ﬁndmg the global rmmmum :u._
alse escapmg the ocal minimum. ‘ _ k:

Adva ntages of S#ochastlc gradlent descent.

eons1sts of a few a.dvantages over other gradlent descent.
4 Itis eamer to allocate in desxred memory.
e Ttis reIahvely fast to compute than batch grachent descent

.+ Ttiswmore efficient for large datasets 3

'3, Mini Batch Gradient Descent:

“stochastic grachent descent It divides the training datasets into small batch sizes’ _ :
perfomxs the updates on those batches separately. Sphttmg training datasets inig

smaller batches make a balance to mamtam the computational efficiency of ba

~ 1.Local Mlmma and Saddle Pomt-

For convex problems, gradlent descent can find the gIobal minimum easﬂy, w]:uIe !

Supervised Learning

gradient descent and speed of stochastic gradient descent. Hence, we can achieve a

special type of gradient descent with higher computational efficiency and less noisy
gradient descent.

Advantages of Mini Batch Gradient Descent:

% Itis easier to fit in allocated memory.
% [Itis computationally efﬁcwnt

o

% It produces stable gradient descent convergence.

3.6.2. CHALLENGES WITH THE GRADIENT DESCENT
Although we know Gradient Descent ‘is one of the most popular methods for

optimization problems it still also has some challenges. There are a few challenges

as follows:

¢

for non-convex problems, it is sometimes difficult to find the global ‘minimurm,

. where the machine learmng models achieve the best results

& e.o \ 1 £

Saddle|point

15 B

1.0

0.5

=05 GO 05 10 . 15 . 20
: Fig. 3.14, |
Whenever the slope of the cost function is at Zero or Just close to Zero, ‘th1s model

::JPS learnmg further. Apart from the global minimum, there occur some scenanos
3t can show thls slop, which is saddle point and local mmlmum Local mlmmax

LY TR
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generate the shape similar to the global minimum, where the slope of the cost

function increases on both sides of the current points.

In contrast, with saddle points, the negative gradient &ﬂy occurs on one side of

the point, which reaches a local maximum on one side and a local minimum on the |
other side. The name of a saddle point is taken by that of a horse's saddle. The name |
of local minima is because the value of the loss function is minimum at that point in
a local region. In contrast, the name of the global minima is given so because the |
~ value of the loss ﬁmeuon is mmlmum there, globally aorf)ss the enfire domain the '

loss function.

2. Vanishing and Exploding Gradient

‘In a.deep neural network, if the model is trained with gradlent deseeut and :
~ backpropagation, there can occur two more issues other than local mnnma and saddle

point.

'

* Vanishing. Gradients' <

Vamshmg Gradlent occurs when the gradlent is smaIler than expected. Durmg
 back propagation, this gradient becomes -smaller that causing' the decrease n the § ;
leamning rate of eatlier layers ‘than the later layer of the network. Onee thls happens, |

the weight parameters update until they become ms1gmﬁcant

Explodmg GradlenL
Explodlng

w1thm the model : he 3 v

3 i LINEAR CLASS!FICAT]ON

A lmear ela551ﬁer does elass:ﬁeatlon dec1s10n based on the value ‘of a line "

combination of the characteristics. Imagme that the linear classifier will merge in ol

it's weights all the chiaracteristics that deﬁne da partlcular class. (L1ke merge al
samples of the class cars together) - 3

This type of cla551ﬁer works better when the problem is Imear separable

s graélent i _]ust oppos:te to the vamshmg gradlent as it occuts when the §
" Gradient is too ]hrge and creates a stable model. Further, in: this scenano, model i
welght increases, and they will be represented as NaN. This problem can be solved ~
tising the dlmensmnahty reductxon teehmque, which helps to minimize complex1ty_

B input vector
W : Weight matrix
¢obr ik Biasvector. -

! A Linear Separable .-

g Non Linear Separable
® @@ ®

FES W,B) = i (W,x)+b

- airplane 'elessiﬁer {8

©

deer classifier - <

Fzg 3.6,
. The weight matrix will have one row for every class that neéds to be elass1ﬁed )

:ﬂ one eolumn for ever element (feature) of x. On the pleture above «each line will
5 l‘epresented by arow in our welght matnx '

! Weight and Bias Effect

The effect of changing the weight wﬂI ehange the line angle, whlle changmg the

i bms wﬂi move the line leﬁ/nght
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Parametric Approach

image’'parameters

o, W 1 10 numbers,
: - ) X indicating class
scores
[32 x 32x 3] ) =
" . array of numbers 0...1 : « :
(3072 numbers total)
Fi’g 5 - A

nnportant components:

% Score. Functlon. Isa funotmn ifs (x W b). that w111 map our raw input} i

vector to a score vector

- % Loss Functmn. Quanttﬁes how well our current set of welghts maps som
mput xtoa expected output y, the loss function i 1s used durmg training}
ttmc : : : :

b -change the hypothesm/model to map some mput, to some of tho output class. ‘

Dunng the training phase, Whlch oons1st asa optlmlsatmn problem, the weightj

(W) and bias ( ‘are the pnly thing that we can change _
Now some optcs that are unportant on the. dlagram below: .

,? ‘& The'i 'input- unago x is stretched toa smgio dimension vector, this lo - '

spatxal mformatton ;

% . The welght matnx w111 have one colimn for every element on the mput

‘ t]us case 3 labels) : L) : ]
% The bias will have one row’ for evexy clement of the output (on thlS casé
labels) ' ‘

"f!t The loss. will receive the- current scores and the expected output for :
. currentinput X - W g g 0
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Consider each row of W a kind of pattern match for a specified class. The score

for each class is calculated by doing a inner product between the input vector X and
the specific row for that class.

Ex:  score,, = [0.2(56)—0.5(231)+0.1(24) + 2(2)] + 1.1 =— 96.8

=Y. idea transform a vector of numbers into

scores for each possible class.

On this case we fransform the matrix of numbers (lmage)
‘on a 1d vector (All spatlal information is losf)

On this example our image became an array4x1, and we

3 vl d
What the oomputer o nee toclassnfy images as (cat, dog, ship)
7 82% cat :
. image . 15%dog
classification 2% hat
; : 1% mug : : : :
Linear model f(x,W;b)
“Input size o
. | |02]-05 0.1 20| 14 _96.8
3 classes{ [1.5] 1. : s
sy [15] 13 2o +|32(= (4379
' Weight: w Bias'(B) Scores |
.3x » ; [
. Input(X) 3x1 ax1 "
: 4x1 ‘
‘ Matnx multiplication result : : aae s
- TR ‘ . 1
L The desired ' E > | Loss
£ esirod scores output for the :
b *.  catimage vector (X)
Y (cat) B T
. Training How well
B ** the parameters W, B
map the. mputtotho desired "~
' X : : outptu :
\ e Fig, 3.18.
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Bias trick ;
Some learning hbranes implementations, does a trick to consider the bias as part i
of the weight matrix, the advantage of this approachils that we can solve the hn ar.
classification with a single matrix multiplication. -

W) = W.x

02 |-05]01|20] |56 |11 0:2 |-05| 0.1 2,(} 14|] 56

16| 1321 |00 | |231 |, 32| = 15(1a]21.[ 00| 32|l |28t
0 025| 02 |03 ] | 24 12 o |o2s| 02 -_o.é "___1,2 2 | §
W 2 b A ;..‘,W b1 27 1
: X -  new, sl’ngIe-W'l £ 1 i

oy ,l : | %

A Sl 3.19.

: Basmally you add an extra row at the end of the mput vector and concatenate ;f
column on the W matnx - 4

L3

"3 8. LINEAR DISCRIMINANT FUNCTION ANAI.YSlS

: Lmear Di cnmmaut Analy:us isa dlmensmnahty reduetlou techmque that
‘eommonly lzed for supemsed classification problems. It is used for modellirg
. differences 1“1 groups’ i.e. separatmg two or more classes. It is used. to project ti§f

' features in hxgher dimension space into a lower d1mens1on space. For example, ﬁf T

" have two classes and we need to separate them efficiently. Classes can hayg :
 multiple features Using only a single feature to elassnfy them may ‘result in so n_l.@ ;

overlappmg a$ shown in the below ﬁgure So, we will keep on mcreasmg It
number of features for proper classification.

200 00¢ 00 00 .

___________

Overiappmg
' Fig. 3.20.
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Example:

Suppose we have two sets of data points belonging to two different classes that we
want to classify. As shown in the given 2D graph, when the data points are plotted on
the 2D plane, there’s no straight line that can separate the two classes of the data
points completely. Hence, in this case, LDA (Linear Discriminant Analysis) is used
which reduces the 2D graph into a 1D-graph in order to maximize the separability
petween the two classes.

5 S

L8 .
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- T TR
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’ O e O \‘1‘ O
o - Rl
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I—Iere Lmear Dlscnmmant Analysxs uses both the axes (X and Y) to create a
new axis and projects data onto a new axis in a-way to maxumze the separation of

* the two ca‘tegones and hence, reducmg the 2D graph into a 1D graph.

Two criteria are used by LDA to create anew axis: %) o
1. Maxnmze the dlstanee between mearis of the two classes

2. Minimize the variation within each class

p e
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In the above graph, it can be seen that a new axis (in red) is generated and plotted
in the 2D graph such that it maximizes the distance between the means of the two
classes and minimizes the variation within each classtIn simple terms, this newly
generated axis increases the separation between the data points of the two classes
After generating this new axis using the above-mentioned criteria, all the data points
of the classes are plotted on this new axis and are shown in the figure given below.

_________________ o
jod

‘-.

Y &

-"' -"

“"-—-... "

Newa!s

\__ 5
______

But Linear Dlscnmmant Analy51s fails when the mean of the dlstnbutlons are:
shared, as it becomes 1mp0s51ble for LDA to find a new axis that makes both the

: classes linearly separable. In such cases, we use non-hnear mscnmmant analysns

‘

: Mathematics
Let’s suppose we have two classes and a d- dmlenswnal samples such as xl % us

.X,, where: ;
| By samples coming from the class (c 1) and n, commg from the class (c,)-

If x, is the data pomt, then its pmjeetzon on the line represented by unit ‘vector v

can be written as vTx; .

" Let’s consider u, and u, be the means of samples class cl and €y :espectxveiy ‘

before projectiw:

projec’tiorl and # cari be. calculated by:

?_ = 1 ny
! : By =ne vTx, —va,
® ‘ . 1 xjec
Similarly, ] :
: | iy = VT,

Now, In LDA we need to normalize |\w16et11de{\mu 1} -\w1det11de {\mu_: 2} 1

. CIIS

- and 4 ‘that * denotes the mean of the samples of class after

Lety i=v "{T}x i be the pro_]ected samples, then scatter for the samples of :

| 3.9.1. EXTENSION TO LINEAR DISCRIMINANT ANALYSIS (LDA)

Linear Discriminant analysis is one of the most simple and effective methods to
' solve classification problems in machine learning. It has so many extensions and
variations as follows:

1. Quadratic Discriminant Analysis.(QDA): For multiple input variables,
-each class deploys its ewn estimate of variance.

2. Flexible Discriminant Analysis (FDA): it is used when there are non-
linear groups of inputs are used, such as splines.

3. Flexible Discriminant Analysis (FDA): This uses regularization in the

.estimate of the variance (actually covariance) and hence moderates the
influence of different variables on LDA.

Real-world Applications of LDA

Some of the common real-world applications of Linear discriminant Analysis are
| given below:

¢

| Face_Recognition

Face recognition is the popular appllcatlon of eomputer vision, where each faceis ~
i rcpresented as the comb‘matmn of a number of pixel values. In this case, LDA is used
to minimize the number of features to a manageable number before going through
¥ the class1ﬁcat10n process. It generates a new template in which each dimension
‘consists of a linear combination of pixel values. If a lmear~ combination is generated

- using Fisher's linear dwcmnmant then it is called Fisher's face

Medical

. In the medical field, LDA has a great application in class1fy1ng the patient disease
; on the basis of various parameters of patient health and the medical treatment which
is going on. On sich parameters, it classifies disease as mild, moderate, or severe.
1 This classification helps the doctors in either i mcreasmg or decreasmg the pace of the
’ treatment.

“if Customer_identification -

In customer identification, LDA is currently being apphed It means with the help

A °fLDA; we can easily identify and select thé features that can specify the group of

Gustomers who are likely to purchase a specific product in a shopping mall. This can
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~ example, "will you buy this prod

3.9, PERCEPTRON IN MACHINE I.EARNING

. Binary classm

- Basic Components of Perceptlon

. Input Nodes or Input Layer:

be helpful when we want to identify a group of customers who mostly purchase a

product in a shopping mall.
For_Predictions %

LDA can also be used for making pred10t1ons and so in decision makmg For §
» will give a predicted result of either one or two §

possible classes as a buying or not.

In Learnmg 4

Nowadays robots are being trained for learning and talking to simulate human' '

work, and it can also be considered a classification problem. In this case, LDA builds]|
similar groups on the basis of different parameters, including pitches, frequencies,
sound, tunes, etc. ' 5.0 4

Perceptron isa lmearAMaehme Learning algonthm used for supervrsed lea

for various binary classifiers. This algorithm enables neurons to learn elements -* :
- processes them one by one during preparatlon 0 '

Perceptron model is also treated as one of the best and simplest types of Artificiz ;7?

Neural networks However, it is asupewlsed learning algorithm of binary clasﬂﬁers i
- Hence, we can consider it as a single-layer neural.network with four main§

i

parameters i ei':mput valjes, we1ghts and Bias, net sum, and an actlvatlon ftmctlon

.Binary classifiers are deﬁned as the functlou that helps in deeldmg whether inpuf l E

can be consrdered as linear classifiers. In simple words we can understand it ;:;; .
a classification al,gonthm that can predict linear predictor furiction in terms of weigh :

and feature vectors.

components. These are as follows

“This is the primary component of Perceptron Wthh accepts the mrtlal data mt
system for ﬁu'ther processmg Each input node contains a real numencal value..
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Wight and Blas

Weight parameter represents the strength of the connection between units. This is
another most important parameter of Perceptron components. Weight is directly
proportional to the strength of the associatéd input neuron in deciding the output.
Further, Bias can be considered as the line of intercept in a linear equation.

‘ Actwatlon Function: < -

These are the final and rmportant components that help to determine whether the
neuron Will fire or not. Activation Function can be considered primarily as a step
function. |

Inputs  Weights

weighted sum - Step function i

&

~ Output

; Fzg. 3 23

3.9, 1. TYPES OF PERCEPTRON MODELS

'Based on the Iayers, Perceptron models are drwded into two types. These are as
follows: i

1. Smgle—layer Perceptron ModeI ‘_
2. Multl-layer Perceptron model |

Single Layer Peroeptron Model

Thrs is one of the easiest Artlﬁclal neural networks (ANN) types A smgle-layered o

Perceptron model consists feed-forward network and also includes a threshold

- transfer function inside the model. The main objectwe of the single-layer pereeptron-
_ model is to analyze the Ilnearly separable objects with bmary outcomes,

In a single layer perceptron model, its algonthms do not contain recorded data, so 9

_“l’t begrns with inconstantly allocated input for weight parameters. Further, it sums up




o

all inputs (weight) After adding all inputs, if the total sum of all inputs is more than
a pre-determined value, the model gets activated and shows the output value as +1.
If the outcome is same as pre-determined or threshold %alue, then the performance
_ of this model is stated as satisfied, and weight demand does not change. However,
this model consists of a few discrepancies triggered when multiple weight inputs |
values are fed into the model. Hence, to find desired output and minimize errors, |
some changes should be necessary for the weights input.
" Smgle—layer perceptron can leam only linearly separable pa

Artificial Intelligence and Machine Learning

| |

3.9.2. MULII-I.-AYERED PERCEPTRON MODEL |

g Like a single-layer perceptron model, a multi-layer perceptron model also has the
b . same model structure but has'a greater number of hidden layers : ':
| The multl-layer perceptron model is also known .as the Backpropagatxon |
algorithm, whlch executes in two stages as follows .;
< Forward Stage: Acttvatlon functmm start from the mput layer in the 1
forward stage and terminate on the output layer , _ :
Backward Stage. In the backward stage, werght and blas values are ;
modified as per the model's requuement In this stage, the error between
" actual output and demanded ongmated backward on the output layer and §
ended gn the mput layer. ; : 1

X3

neural networks hmvmg various layers in which activation function does not remain §

lmear, similar to a single layer perceptron ‘model. Instead of linear, aettvatton

function can be execiited as sigmoid, .TanH, ReLU, etc for deployment. '

A multi-layer gerceptron model Has greater processmg power and can process. |

{ linear and non-linear pattetns. ‘Burther; it can also implement logic gates such as{§
| AND, OR, XOR, NAND, NOT XNOR, NOR. ‘

Types of Activation functlons. o
X Sig_n,ﬁmction o
% Step function, and

<

% Sigmoid function

Hence, a mu,(tx—layered perceptrou model has considered as muluple artlﬁctal' =

Supervised Learning
a; \ a; 8
+1 +1 +1

{ 5% e 7B

i in; in;

1

Z r. _1
Step Function Sign Funclior] Sigmoid Function
' Fig. 3.24.

The data scientist uses the actwatxon function to take a subjective dCClSIOI’l based
on various problem statements and forms the desired outputs. Activation function
may differ (e.g., Sign, Step, and Sigmoid) in perceptron models by checking whether
the learmng process is slow or has vanishing or exploding gradients.

Perceptron Working Model

Perceptron is considered as a single-layer neural network that consists of four
main parameters named input values (Input nodes), welghts and Bias, net sum, and
an activation function. The perceptron model begins with the multiplication of all
mput values and their weights, then adds these values together to create the Welghted
sum. Then thxs welghted sum is apphed to the activation functxon 'f to obtam the o

Net input
function

Thl ‘Fig. 3.25. Perceptron rule
s step function or Aetlvatton function plays a vital role in ensuring that output -

g is
mapped betWeen required values (0,1) or (-1,1). It is important to note that the

We;
gwlght of input is indicative of the strength of'a node. Similarly, an input's bias value
es the ablhty to sluﬂ the activation ﬁmctlon curve up or down
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Perceptron model works in two important steps as follows: Producing a realistic dog or a cat image is a Generative Modelling problem

Step-1 ' L1 _
In the first step first, multiply all input values with corresponding weight values §
and then add them to determine the weighted sum. Mathematically, we can calculate §

The more the neural networks got adopted, the more the generative and
discriminative domains grew. To understand the algorithms based on these models,
you need to study the theory and all the modehng concepts.

i the weighted sum as follows'
‘ ‘ S Wi ¥ %, = xyF Wt xy Wy, 3.10. DISCRIMINATIVE MODELS -
: i 1 Wy TRy M : .
‘ , ~ Add a special term called blas ' to this weighted sim to 1mprove the modcl' The four most common and 1nterestmg problems in the Image domain.
( performance. : Sk
: e Classification Object’ I w
) Z i SeEnadiation + Localization Detection Segr:t:‘:t:teion
ol ‘5.11. Step-z 2 ! 5t » i £ & > ‘.
R”“ 1y In the second step, an actwanon function is apphed w1th the above—mentloned
E»; g weighted sum, whmh gwes us output elther in binary form or a continuous value s
. follows: 1 s B _ by
Y f(z ¥ x i e ?’ﬁ:?'si;t- e } LDOQ];DOQ' Cat  Dog, Dog, Cat
LR : 5
.-5.'-Gen‘e|_-atiye‘and Discriminative quels- . No objects, just pixels  Single Object MuwpD;je £
 Fig. 3.27. '

3 Many of you may have already used Discriminative Model]mg to solve.a
| classification problem in Machine Learmng or Deep Learning. Bemg a superset of
¥ Machine Learnmg and Deep Learmng algonthms, Discriminative Modellmg is not -
' limited to classification tasks. It is also widely used in object detection, semantic
: B segmentation, pamptlc segmentatlon keypoint detectlon, regression problems, and‘ -
: . language modelling.-
: B fﬂw discriminative model falls under the supervised learning branch. In a
. classification task, given that the data is labelled, it tries to distinguish Vamong :
 classes, for example, a car, traffic llght and a fruck, Also known as classifiers, these 4
#f - Models correspond image samples X to class labels Y, and discover the probablhty

ot ‘ Fzg.326 1
el - of i
Most of the Machine Learning-and Deep Leaming problems that you solve 18 Image sample x € X belonging to class label y € Y.

3 " concéptualized from the Generative and Discriminative Models. In Machilg am'll"hey leam to model the decision boundaries among classes (SUCh as cats, dogs -

i1 ¥ ‘ _ Leammg, one can clearly msungulsh between the two modelling types 2 = ftziers ). The decision boundary could be linear or non-linear. The data points that
| » " Classifying an 1mage as a dog or a cat falls under D1scnmmat1 -‘“The i away from the decision boundary (i.e. the- outliers) are not very important.
Modelling E scriminative model tries to learn a. boundary that separates-the posmve from

Generative
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1
the negative class, and comes up with the decision boundary. Only those closest to |
this boundary are considered. i

X1A‘

Fig. 3.28. Image showing the classifi cation of data péints by Discriminative models.
‘In trying to classify a sample x belonging to class label y, the dlscrmunatw
“model indirectly learns certain features of the dataset that make its task easier. Fo
example, a car has four wheels of a circular shape and more length than width, whilg
the traffic light is vertical with three circular rings. These features help the modefj
~ distinguish between the tyo classes. Vg

The discrimmative models could be:
probabilistic ' *
X log1st1c regressxon
X3 a deep neural network, which models P(YIX)

. Non-probabmstlc

~ < ' Support Vector Machme (SVM) whlch tnes to learn the mappmgs dlrecti :

from the data points to the classes with a hyperplane

Discriminative modelling learns to model the conditional probabﬂlty of class lab ch
¥ given set of features x as P(Y[X). ‘

‘Some of the d1scmnnnat1ve models are:

Supervised Learning

support Vector Machine
% Logistic Regression
% k-Nearest Neighbour (KNN)
% Random Forest
% Deep Neural Network ( such as AlexNet, VGGNet, and ResNet )

Let’s study a few discriminative models and discover their prominent features.
Deep Neural Network

A deep neural network (DNN) is an ANN with multiple hidden layers between the
input and output layers. Similar to shallow ANNs, DNNs can model complex non-
linear relationships. The main purpose of a neural nétwork is to receive a set of
inputs, perform progressively oomplex calculations on them, and give outpt to solve
real world problems like clasmﬁcatmn We restnct ourselves to feed forward neural

networks. y :
We have an input, an output, and a ﬂow of seq'uéntia-l data in adeep networR. :
| @ input Cell - Recurrent Neural Network (RN
&8 Hidden Cell - 0
@ outputCell -
’ Kemel 2

‘ Recurrent Cell

s : Deep Con*volutlonal Netwnrk (DCN)
Feed Forward (FF) ™5 S -

th 3.29.
*-Neural networks are w1de1y used in supervised learning and reinforcement
learning problems. These networks are based on a set of layers connected to each
4 other.In deep learning, the number of hidden layers, mostly non-linear, can be large;

* Say about 1000 layers. DL models produce much better results than normal ML

Detworks. We mostly use the gradient descent method for optmuzmg the network

and nnmmmmg the loss function.



We can use the Imagenet, a repository of millions of digital images to classify a -
dataset into categories like cats and dogs. DL nets are increasingly used for dynamic
images apart from static ones and for time series and text‘%hnalyms Training the data
sets forms an important part of Deep Leaming models. In addition, Backpropagation
i$ the main algorithm in training DL models. DL deals with training large neural

; networks with complex ihput output transfonnations

One example of DL is the mapping of a photo to the name of the person(s) i m

photo as they do on social networks and descnbmg a plcture with a phrase is another

Artificial Intelligence and Machine Learning ]

recent application of DL.

Shallow Neural Network ‘Deep Neural Network

4 : O'(W xl +w|_; x2+w|'3w3)

U(VJIYI +v_i3

s are fL}nctlons that have inputs like x; ; X , ¥3-.
" transformed to otputs like z, , z; , z; and s0 on in two (shallow networks) or several '

\r |

o
BT 3 HY, VstV YY)

- Neural netwo : \that

‘mtermed;ate opegaﬁons also called layers (deep. networks).The weights and biase g
> are the weights or synapses of layers of theff

neural networks. The best use case’ of deep leaming is the supervnsed learm

. change from layer to layer. ‘w’ and ‘v

: problem Here, we have large set of data inputs with a desired set of outputs.
Here we apply back propagatmn algonthm to get correct output predlctlon g

; dlglts We can train deep a Convolutlonal Neural Network with Keras to clas& /! '
 images of handwritten digits from this dataset. The firing or activation of a néural ngg *
* classifier produces a score. For e‘xample to classify patients as sick and healthy, Wil

. consider parameters such as height; weight and body temperature, blood pressure i

- A high score means patlent_ is sick and a low score means he is healthy.

vised Learni
Super rring 343

1 ‘cat

0 ‘dog’

Deep Neural Network

i Modify parameters to fix errors
with backpropagation

Each node in output and hidden layers has its ‘own classifiers. The input layer
takes inputs and ‘passes on its scores to the. next hidden layer for further activation
and this goes on till the output is reached. This progress from input to output from
left to right in the forward d1rect1on is called forward propagation.”

Credlt assignment path (CAP) in a neural network is the series of transfonnatlons
starting from the input to the output. CAPs elaborate probable causal connections

 between the input and the output. CAP depth for a given feed forward neural network

or the CAP depth is the number of hidden Iayers plus one as the output layer is
included. For recurrent neural networks, where a 51gnal may propagate. through a-

| layer several times, the CAP depth can be potentlally lnmtless

Architecture of Deep Neural Nétwork

Conv “l
Layer1 Layer2 Layera TE Layer
; .. Fully
Pooling Pooling Poolag  Connected
 Layert . ‘Layer2 Layerg Layer :
- ‘ " Feature Extractor ] [ 2\ Blasiioe ]
Fig. 3.30.
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To understand deep neural networks, go back in time and first know Linear ,and‘
Logistic Regression. ]

i

3.11. LINEAR REGRESSION

‘house-price predictions etc. Also, being a parametrig Machine Learning algorithmj|

,where y is the dependent. variable (predicted output y-axis), m is the slope of the

Like the name suggests, it is a regression model and a supervised learnin'i'
algorithm. It thus inputs variables to output a continuous target like stock price;

some of its parameters are learned during the training phase.
Linear Regression tries to find a linear decision boundary. The algorithm is quitg

Simplé and intuitive, and based on the equation of a line from two points: y =mx +

line, x is the independent input variable (x-axis), and b is the y-intercept.

100 T T ' :
i ’ ; "y L ] *
o 08,
go}* e T
;g% 9N g
A
el : :  oFaa - & Ayl
ok _ J
401 A | e
20 i ...-'~' : E : . . g _
1.3 7 ®q # :
&Sl
! 9 10 20 30 .
! g

! Fig. 3.31.

To simplify a bit, assume x is the area of a house (in square feet), while y isf"
price. The variables m and b are,randomly initialized, and their values are updatd
till the loss (n’réan squared error) between the prediction, ) and the true value (»)§
minimum (does not r'e‘éducejﬁmher).

3.12. LOGISTIC REGRESSION

Logistic Regression is a parametric, supervised-leamning algorithm used to ﬂ;
classification problems. It is a generalized, linear Machine Learning-algoriti§
because the outcome always depends on the sum of the inputs and parameters. Dodf -

k.

Supervised Learning
(
get con-fused by its name though. Addition of a Logistic Functionto Lj
Regression built Logistic Regression. This was done to convert the target ‘near
from continuous to deterministic, & bounded between 0 — 1. i

(
—@__. output ’
(

Unit step
function -

Activation

- function function

Fig. 3.32. Schematic of a logistic regress;ion classifier
Sigmoid Activation Function

1.0 i | 1
s |
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Fig. 3.33. Sigmoid Activation Function = = : ¢

A graph showing the
o Tl.le above figure shows. the Logistic Function,
the sigmoid activation function, which takes a real-value

"’%‘? a range between Oand 1. It converts large neg
Positive numbersto 1. ‘ :

curve fitting of Sigmoid Activation function

ative’ numbers to 0 and large :

also commionly known as -
d number (x) and squashes it

:’hﬁfem.pdiﬁ.ed lin.ear regression equation can be given as y = o(m . b) where !
sigmoid activation function. Like Linear Regression, here t0o, the parameters

-are ; : '
‘¢ Updated by calculating the loss between the predicted -output and true label. A

.h- A & < V
Onary ¢ross-entropy function is used as the loss function. X LA
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3.13. GENERATIVE MODELLING

Generative modelling defines how a dataset is gen¥ated It tries to understand the
distribution of data points, providing a model of how the data is actually generated in
terms of a probabilistic model. (e.g., support vector machines or the perceptron
algorithm gives a separating decision boundary, but no model of generating synthetic
data points). The aim is to generate new samples from what has already been
distributed in the training data. s %

Assume you have an autonomous driving dataset with an urban-scene setting. You
now want to generate images from it that are 'semantically and spatially similar . Thig
is a perfect example of a generative modelling problem. To do this, the generatlve
model must understand the- data’s underlying structure and leamn the realistic,

generalized tepresentatlon of the dataset, such as the sky is blue, bulldmgs are
usually tall, and pedestnans use sidewalks. . i

o TramupSamples ‘ Geoerated Samples

_ Generated ~ Progel(X)

Trainiig Data ~ Pga(X)

d15tnbutlon such that: When you sample from the d1stnbut10n Pmodel,, it gen”‘ i
_peahstxc observations that represent the true distribution.
To generate such tralmng samples you need a training dataset, which consis ‘.

L unlabelled data points. Each-data point has its own features, such as individual p piig

values (1magc-domam) and a set of vocabulary (text—domam) This whole proces

]

generatzon is stochastic and mﬂuenc |
g es the individual samples generated by the

Supervised Learning

Random Noise

Generated Samples

Generative
Model

model(x)

th 3 35, Image wsunltzmg the concept of ‘noise adds randamness
, generated are diverse :
Generative models, you know by now, try to learn the probablhstxc distributio f
the training data: This helps them represent the data more realistically. In the abI:J ;
figure, the generative model learns to generate urban-scene i images, takmg a mndow !
noise as a matrix or vector. Its task is to generate realistic samples X,. i
probablhty distribution similar to Pdata (original data from the tramll’n t "_Eh :
noise adds randomness to the model and ensures that the mmges geﬁe::tf):d ar:

so the images h

3 dlverse

Tvpes of Generative Mddefs
¢ Naive Bayes .
Hidden Markov Models
Autoencoder G
‘Boltzmann Machines
Variational Autoencoder

s Generatwe Adversanal Networks

Naive Bayes Classifier Algorlthm ; 2 e ;

. L
Lo

Nawe Bayes algonthm isa supervlsed Iearmng algor1ﬂ1m which is based
on Bayes theorem and used for solvmg clasmﬁcanon problems

e o
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o
0‘0

4

models that can make qulck predictions.

& It is a probabilistic classifier, which means it predicts on the basis of the ‘

probability of an object.

Sentimental analysis, and classifying artlcles

*®

Naive Bayes Classifier is one of the simple and most effecttve
Classification algorithms which helps in building the fast machine learning

"¢ Some popular examples of Naive Bayes Algorithm are spam filtration, |

3.14. NAIVE BAYES

The Naive Bayes algorithm is compnsed of two words Nawe and Bayes, Whlch .

can be described as: . g

% Naive: It is called Naive because it assumes that the occurrence of a _
* certain feature is 1ndependent of the occurrence of other features. Such as | i
if the fruit is id®fitified on the bases of color, shape? and taste, then red, .
"splierical, and sweet fiuit is recognized as an apple. i[-lenee_eaeh t:eature-
individually contributes to identify that it is an apple without dependmg on |

\
each other. . :
>3

{

Theore}rt,

Bayes Theorem! 5 m : | S R e o

/ to determine the probability of a hypothesis w1th prior knowledge
~depends on- the conditional probablhty

% The forrula for Bayes' theorem i 1s'g1ven as:-

o PB| AP(A
; :, g P(AiB)_=_@JIT("B))J__l'

Bayes: It is called Bayes because it depends on the prmclple of Bayes

y hich is used -
¢ Bayes' ltheorem is also known as Bayes' Rule or Bayes' law, W 8 Workmg of Nawe Bayes Classﬁ‘er

I

d variable "Play",

Supervised Learning
P(B|A) is Likelihood probability: Probability of the evidence given that the

probablhty of a hypothesis is true.

P(A) is Prior Probability: Probability of hypothes:s before observing the
evidence.

P(B) is Marginal Probability: Probability of Evidence.
Types of Naive Bayes Model: -
" There are three types of Naive Bayes Model, WhICh are given below:

<

X Gausstan The Gaussian model assumes that features follow a normal
distribution. This means if pred1ctors take continuous values mstead of

discrete, then the model assumes that these values are sampled from the .
Gaussian d1stnbutton

Multinomial: The Multmormal Naive Bayes ela331ﬁer 1s used when the

data is multmomtal dlStl‘lblltcd It is pnmarlly used for . document

classification prohlems it means a particular document belongs to which
- Category such as Sports, Pohtrcs edueatlon etc. The class:ﬁer ‘uses the
; frequeney of words for the predictors.

L] Bernoul]r _The Bernoulh classifier works similar ‘to the Multinomial

classifier, but the predictor variables are the mdependent Booleans
_'vartables Such as if-a particular word is present or not in a document This
model is: also famous for document clasmﬁcatlon tasks

Suppose . we have a .dataset of Weather condlttons and correspondmg target

So using this dataset we need to decide that whether we should play
Or not on a- pamcular day aceordmg to the weather conchttons So to solve this

; pmblem we need to follow the below steps:

G Convert the given dataset into frequency tables. . ;
2 Generate L1kehhood table by ﬁndmg the probabilities of given features.
3." Now, use Bayes theorem to calculate the postermr probability.

PrOblem If the weather is sunny, then the Player should play or.not?
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Solution: To soivé this, first consider the below dataset:

Frequency tab!e for the Wea;her Condlt:ons

QOutlook Play
0 . Rainy Yes
1 Sunnjr Yes
2 Overcast, ~ Yes
‘13 Overcast . Yes
14 “Sunny Ne
5 " Rainy - Yes .
6 Sunny - Nes
7 . Overcast - | Yes
8 .|  Rainy No
9 ~ Sunny - No_
10 | Sunny Yes -
11 Rainy No
12 "Overcast Yes
13 . Overcast Yes .

_Yes . |. No

‘ W’eather
z’ ~_.Overcast 5 .
_ Rainy 73 g
o e Sunny . 3 :
d . Total 10 5
_'Lnkehhood table \n(eather cpndltlon :
‘| Weather No ."°- ¢ | Yes
Overcast. |0 il i 5/14=035 |
‘Rainy g 4 2 4/14=029
Sunny 2 |3 5/14=035
|AnL 4/14=029 |10/14=0.71

Supervised Learning

Applying Bayes' Theorem:

P(Yes|Sunny) = P(Sunny|Yes)*P(Y. es) / P(Sunny)
P(Sunny|Yes) = 3/10=0.3
P(Sunny) = 0.35
: P(Yes) = 0.71
So P(Yes|Sunny) = 0.3%0.71/0.35 = 0.60
P(No|Sunny) = P(Surny|No) * P(No)IP(Sulmy)
P(Sunny[NO) = 2/4=0.5
_P(NO) = 0.29
. P(Sunny) = 035 - :
By s P(No|Sunny) = 0.5%0.29/0.35=0.41.

'So as we can see from the above calculation that P(Y. eslSunny) > P(No[Sunny)
Hence on a Sunny day, Player can play the game.

Advantages. of Naive Bayes Classifier: .

% Naive Bayes is one of the fast and easy ML al gonthm.s to predlct a class of

'3* It can be used for Binary as well as MuItl-cIass Clasmﬁcatxons

v It pexforms well in Multi-class predlcnons -as compared to the other -
Algorithms.

% Itis the most popula.r choicé for text classification problems.

Dlsadvantages of Nawe Bayes Classifier: -

g

*: Naive Bayes assumes that all features are independent or unmlated s it’
' cannot learn the’ relatlonshlp between features
Applmtions of Na'l‘ve Bayes CIass:f' er:.
% Itisused for Credlt Scoring. ‘
% Itisused in medical data classification.

~ It can be ‘used i in real-time predlctmns because Naive Bayes ClaSSIﬁcr is
4n eager leamer
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% It is used in Text classification such as Spam filtering and Sentiment
analysis.

3.15. MAXIMUM MARGIN CLASSIFIER

The maximal margin classifier is the optimal hyperplane defined in the (ra;e). case
‘where two classes are linearly separable. Given an # x p data matrix X with a binary

response - variable defined asy € [-1;1]] it might be possil;le to ddeﬁge ap-

dimensional hyperplane. : . ihr
hX) = BotP X, '*'ﬁzxz""‘“ﬁpxp: xT,p+B=0
such that all observations of each class fall on opposite sides of the hyperplane.

"This separating hjperplane, has the property_" that if Bis constrained to be a unit

vector, ||B]| = 5B =1, then the product of the hyperplane and response variables are

. positive perpendicular distances from the hypérplane, the smallest of.'-which may bos

termed the hyperplane margin; M,‘ i
¥i G B+Bg) > M | Y
The rﬂaximal margin classifier .is the hyperplane with the maxunum
| margm, max{M} subject to [|B]| = L. A'sep,a’;atiné_ hyperplane rarely exists. In fact,

even if a separating hyperplane does exist, its resulting margin is probabl.y

undesirably narrow. Here is the maximal margin classifier. '.
) i Support vectors

s, Marginis
* maximized -

 3.16. SUPPORT VECTOR MACHINE |

Supervised Learning

The data set has two linearly separable classes, Yy €—1,1] described by two
features, X, and X, . The code is unimportant - just trying to produce the

visualization.
SVM classification plot
i i

3
2 -t
s :

0. % ;

s
ot -

0 = i

Fig. 3.37.

-Support Vector Machiric (SVM) is a non-parametric, :'supervised legfning_ i

technique very popular with engineers for it produces excellent results with

significantly less compute. A Machine Learning algorithm, it can be applied to both

classification (output is deterministic) and regression (output is continuous)
problems. It is largely used in text classification, image classification, protein and
gen@claésiﬁcation._ : : ' AN ;

Image showing the Kemnel Trick technique, the dimensional space, using which

SVM can be easily implemented.

~ SVM can separate both linear and non-linear data points. A kernel-trick helps
Separate nion-linear péints. Having no kernel, the Linear SVM finds the hyperplane

with the maximum margin-linear solution to the problem. The boundary points in the
feature space are called support vectors (as shown in the figure above). Based on
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their relative position, the maximum margin is derived and an optimal hyperplane
drawn at the midpoint. The hyperplane is N — 1 dimensional, where N is the number

of features present in the given dataset. For exainple,'A linetwill indicate the

" decision boundary if a dataset has two features (2d input space).

Input Space S

_ Feature Space

Whl] dowe needa hyperplane with maximum margin?’

" The decision boundary with the maximum margin works best, increases the

- chance of generahzatlon Enough freedom to the boundary points reduces the chance
of misclassification. On the, other hand, a dec1s1on boundary with smaller margins
) usually leads to overﬁttmg

: , ‘ £ Margin - - Support Vedtors
ki S ¥ e
4 o R g i L} 1 e - _"
Kot ; r : “Decision |\ Ao 6 7
N Boundary Nt N~ T
- A 4 : ‘ S P4
! 'I= “\“ =|lO O T ¥ D l“ \\ -“O rd
. [} [ ' % \ 3 y
D 'I ‘\‘:: O - D 1‘.“ \‘ \l" i s O
-‘ Dl ?l‘ O . L!Negative N . “\ -‘1 “‘1 £ ; P iﬁve
v 1\~ - Hyperplane [ e e R
SN : S L T Hyperplane
i H e O i R
il i by il : i o
Which hyperplane maximizes the margin? b ) SVM
il . Fig.3.38.

Image deplctmg the selection of the hyperplane that maximises the margm
- between the data pomts

Supervised Learning ) ‘

When the data points are not separated in a linear fashion, the Non-Linear SVM is
used. A kernel function or a kernel trick helps obtain a new hyperplane for all the
training data. As shown in the figure above, the input space is projected to a higher-

dimensional feature space, such that the distribution of data points in the new -

hyperplane will be linear. Various kernel tucks such as polynomial and radial basis
function are used to solve nonlmear elassrﬁcanon problems with SVM

3.17. RANDOM FOREST

' Like SVM, Réndom Forest also falls in the class of discriminative modelling. It is -

one of the most popular and powerful Machine Learning algorithms to perform
. classification and regression. Random Forest became a hit.in the Kaggle

- Community as it helped win many competitions.

; It is an ensemble of dee1smn -tree models Hence, to understand the Random %
- Forest algorithm, you need to know Decision Trees Microsoft trained adeep,

randomlzed dec1s1on-forest classifier to predict 3D posnlons of body joints, from a
smgle—dopth image. There was no temporal mfonnatron, and hundreds of thousands

+ of training i images were used.

What are Decision Trees?

A Deczszon Tree is a non-parametric, supervnsed Iearmng algonthm used in both

' classification and regression" problems. However it is predommantly used for

classification. The decision tree progressively splits the data into smaller groups,
based on certain- attributes, until they reach an end, where the data can be termed a
label. Once it learns to model the data usmg labels, it tries' to label the test set
aceordmgly It is'a tree-structured elassxﬁer eonsnstmg of a root node, an

i 1ntennedwte or decision node and a leaf node.

: ‘
The data is represented in a tree structure, where each:

9 1nterna.l node denotes atest on an attribute (basrcally ! condmon)

o,

% branch represents an- outcome of the test

% leaf node holds _a elasslIabel
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Supervised Learning

Decision Trees can broadly be categorised into two types:
When the target variable is categorical (as shown in the figure above),

% It predicts one of the two categories: play and do not play.

3

+ Features include: outlook (sunny, windy, rainy ) hum:dtty, and windy. The
Decision Tree learns from these features, and after passing each data point
through each node, it ends up at a leaf node of one of the two categoncal
targets (play or do not Pplay).

When the target variables are continuous,

For example, predicting the housé
price, based on different features of the house. g
The splitting in decision trees could be:

¢ binary (yesino)

< el

% multiway ( Sunny, rainy, overcast )

The Decision Trees analyse all the data features to ﬁnd the ones that split the

- trammg data into subsets to give the best classification’ results The training phase

- -also determines whlch data attnbutes will be the foot node, branches and
intermediate. Data is spht recurslvely till the tree reaches the leaf node. How the -

Decision Trce splits is governed by Gini Impunty or Entropy-the two cntena for

selectmg the mtermedlate ( condmons ) nodes.

- The Decision Trees commonly use the Gini Impurity metric to create dec1smn

; pomts that illustrate how finely the data has been spht

o’o
classnﬁcatlon, and the Gini Impunty 1s zero ( best ).

< When the observatlons are equally Spllt between the la‘bels, the G1m
Impunty value is one (‘worse ).

\

_ The decision tree module can be imported the sklearn hbrary

1 | from- sk]eam tree import DeclsmnTreeCIasmﬁer

Now apply all you learnt about the Decision Trees ,to-kn'ow Random Forest.. -

When all. the observat:ons belong to the same label, 1t 1s a perfect :
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Random Forest Simplified

Instance

, r Mdjority - Voting {

&

Fig, 3.40. :Image s'fwwing the architecture of a Random Forest classifier.

Yot can bild e Random Forest classifier by combining multiple Deqis._ion Tre_,cs 2
_ (as'éhoWn in the figure abovéj; This brings the weak: classiﬁerg togéﬁler and y.oy f:nd |
up Wlth a more robust classifier. The derived model is not just stronger, but dlso

more accurate and generalizes better, ( improves variance ). ) :
Import the Random Ffr‘est algorithm directly from the_sl'c_lgarlx'll- library.

1.} B skleam.ejgsgmbie,import RandomForestClassifier
Becaube bootstrap satmiples train the Random Forest algorithm, random samples
or data I;Oints can be drawn from the dataset, with replacemgqt. x} . :
To ensemble the Decision Trees, Randon Forest usés the bagging method.. This
¥ e

i one r(liffe:rs a bit though- from conventional bagging. In;tead of using all the f;atums
in alRandom Forest, draw its random subsets to train each tree. The random feature

selettion allows the trees more independence. Each tree can men ‘capture umque
information from -the dataset, which in turn improves the model’s accuracy ‘and

 training time. After ensembling all the trees, it calculates the ﬁnal ‘output, using .
: majority voting. The label with the maximum number of votes is termed the‘e final

prediction. - = - I w3 \

Supervised Learning

Decision Tree Classification Algorithm

.,

oo

* Decision Tree is a Supervised learning technique that can be used for both
classification and Regression problems, but mostly it is preferred for-
solving Classification problems. It is a tree-structured classifier, where

* internal nodes represent the features of a dataset, branches represent the
decision rules and each leaf node represents the outcome.

In a Decision tree, there: are-two nodes, which are the Decision
Node and Leaf Node. Decision nodes are used to make any decision and

have miultiple branches, whereas Leaf nodes are the output of those
decisions and do not contain any further branches,

The decisions or the test are performed on the basis of features of the given

2,
e

2,
0.0

- dataset. 3
Decision Node Roof Node
. . . X r
AU ek Node 1Es Decision Node
: Vr s A | I
Leaf Node ' @. ‘ Leaf Node Decision Nt;dg

: ; Ji ey 4k ¥
W ( Learnode .@

Fig. 341,

¢ It is'a graphical /rcp;eéentaﬁon'for getting all the pos_sible solutions to a

problem/decision based on given conditions. i : ; -
% It is called a decision tree because, similar to a tree, it starts with the root
 node, which expands on further branches and constructs a tree-like
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< In order to build a tree, we use the CART algorithm, which stands
for Classification and Regression Tree algorithm.

< A decision tree simply asks a queétion, and based on'the answer (Yes/No),
it further split the tree into subtrees.

% Above diagram explains the general structure of a decision tree:

3.18. DECISION TREE TERMINOLOGIES

« Root Node: Root node is from where the\' deciéion tr:ee starts. It represents
the entire dataset, which further gets divided into two or more
homogeneous sets.
segregated further after getting a leaf node. ‘ ey

L Sp_ﬁtti‘ng: Splittiné is the process of dividing the decision node/root node
into sub-nodes ac’cordig ,’;o the given conditions. A

< Branch/Sub Tree: A tree formed by splitting the tree. sty

‘% Pruning: Pruning-is the ;ﬁrocess of rcmoviﬁg the unwax_lte_d braﬁchés from

the tree. ; e Bl el e w70 gl '

‘¢ Parent/Child node: The root node of the tree is called the parent node,

~ and other nodes are called the child nodes.
2y ot :

_ How does the Decisiol‘l‘ree algorithm Work?

In a decision tree, fi predicting the class of the given ddtaset, the algorithm starts

. from the root node of {hé tree. This algorithm compares the values of root attribute -

with the record (feal dataset) attribute and, based on the comparison, follows the

- branch and jumps to the next node. |

or the next node, the‘:"algoﬁthm .againjcomﬁa_res'the attribute value with the other

Sub:-no.dgs and move further. It continues the process unt_il it reaches the leaf node of
the tree. The complete process can be better understood using the below algorithm:

4+ Step-2: Find the best 'atﬁ'ibutg:_in the dataset uéing Attribute Select.ion

Measute (ASM). -

o3 'Step;3f Divide the S into subsets that contains pmsible_vélﬁes for the best . ;

attributes.

% Leaf Node: Leaf nodes are the final output node, and the trec‘camiot be . . Hika il :
£ : o cc::e.pted offers and Declined offer). Consider the below diagram:

Attr?bute_SeIection Measures '

o -4+ isi 3
Step : Generate the decision tree node, which contains the best attribute

% Step-5: Repursively make new decision trees using the subsets of the
dataset created in step -3. Continue this process until a stage is reached

Example: Suppose there is a candidate who has a job offer and wants to d id l
wheﬂjt?r.'he should accept the offer or Not. So, to solve this problem, the décisiorf (t::'c:
tsht:;rts ezt'lt;l tl_1.e .root node (S.alary attribute by ASM). The root node splits further into

il ecision node (distance from the office) and one leaf node based on the

. corresponding labels. The next decision node further gets split into one decision node

(Cab facility) and one leaf node. Finally, the decision node splits into two leaf nodes

Salary is between
-$ 50000 - $ 80000

Office near to
. home

Provides Cab -
facility

Declined
3 offer
Fig.3.42. -

3

While implementing a Decision tree, the main issue arises-that how t(-) select the

_best attr%bute forih\e root node and for 'sub.'-nodcs. So, to solve such problems there is
a technique which is called as Attribute selection measure or ASM ﬁy this
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Gini indc;x is a measure -of impurity or purity used- while creating a

decision tree in the CART(Classification and Regression Tree) algori

‘An attribute with the low Gini index should be_pll'eferred ds compared to
. the high Giniindex. . i, .
It only creates binary spIits,:ancIi
o create binary splits. - ; ;
 Gini index can be calculated using the below -formTlla: :
Gini Index = le—Ej-_P} ‘

the CART algorithm uses the Gini index :

r
Artificial Intelligence and Machine Learning
_
measurement, we can easily select the best attribute for the nodes of the tree. There
are two popular techniques for ASM, which are: .
< Information Gain
« Gini Index
1. Information Gain: :
- ¢ Information gain is the measurement of changes in entropy after the .
‘segmentation of a dataset based 6q an attribute. | 47,’ ‘
& It calculates how much information a feature providesus abogt a clas.s.
; % According to the value of information gain, we split the npde al'ld build the
 decision tree. o ‘ o :
& A decision tree algorithm always tries to maxnmze ‘the Vfalue ;i):
 information gain, and a node/attribute having the hxghest information g
g is si:lit first. It can be calculated using thc below formu}a: |
" Information Gain = Entropy(S) — [(Weighted Avg) * Entropy(each feature)
Entropy: Entropj/ isa metnc to measure the impurity in a giveq gttnbute_.. It
* specifies randomness in data. Entropy can be cglcu__lated as: i,
. Entropy(s) = - P(yes)log, P(ves) ~ P(no) log, P(no)
Where, : b o g
- S = Total gumber of samples -
P(yes) £= probability of yes
P(no)}= probability of no _
B e ‘ 3
2. Gini Index: - ]

Supervised Learning

TWO MARKS QUESTIONS & ANSWERS (PART - A)

- % Simple Linear Regression

Define Regression algo}iti‘tms?

Regression algorithms are used when you notice that the output is a
continuous variable, whereas classification algorithms are used when the output
is divided into sections such as Pass/Fail, Good/Average/Bad, etc. We_ have
various algorithms for performing the regression or classification actions, with
Linear Regression Algorithm being the basic algorithm in Regression.

- - What are the two types of Linear Regression?

* % Multiple Linear Regression
Write simple linear regression? 0
' Y=By+B, X+€ .
% Y represents the output or dependent variable.
"% By and B, are two unknown constants that represent the - intercept and
: cogfﬁciéﬁt (slope) respectively. : '
* g (Epsiloﬁ) is the error term.

» - Write Applications of Simple Linear Regression? - __
% Predicting crop yields based on the amount of rainfall: Yield js

dependent variable while the amount of rainfall is independent variable, -
3 Marks scored by student based ont number of hours studied (ideally) :
~ Here marks scored is dependent and number of hours studied is
‘ _indépenc_lent. : s S ‘ iy _
Predictihg the Salary of a person based on years of experience : Thus
Experience become the independent variable while Salary becomes the
dependent variable ; : -

o
e

.  Whatis mean by Homogeneity of varfimce? iy )
- . The size of the error in our prediction doesn’t change significantly across the
values of the independent variable. A ‘ :

. Define Linearity? :

. The line of best fit .th'r‘ough the data points is a straight line, rather than a

- curve or some sort of grouping factor, -
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7. How does Gradient Descent work?

Before starting the working principle of gradient descent, we shou}d know
some basic concepts to find out the slope of a line from linear regression. The

equation for simple linear regression is given as:
Y = mX+c

Where 'm' rei}resents the slope of the line, and 'c' represents the intercepts on

the y—akis. ; . : &

4" starting point
Loss

. Ta

Value of we;ght

Po;nt of convergence, i.e.
‘where the cost function is
- atits minlmum

The startmg pomt(shown in above ﬁg) is used to. evaluate the performance as

itis cons1dered jusfas an arbltrary point. At this starting point, we will derive the
~ first derivative or #lope and then use a tangent line to calculate the steepness of
“this fslope Further, ﬂns slope will mform the updates to the parameters (welghts
and bias). : 'y 25 ] el
_ 8 Write the Advamages of Batch gradzent descent?
o It produces less noise in companson to other gradlent descent.

-

{
"+ & It produces stable gradient descent convergenoe

i

, samples
9. WhattsSGD’ :

Stochastic gradlent descent (SGD) isa type of gradlent descent that runs one

training example per iteration. Or in other words, it processes a trammg epoch

% Itis computatlonally efﬁc1ent as all resources are used for all trammg'

Supervised Learning

for each example within a dataset and updates each training examplé's
parameters one at a time. As it requires only one training example at a time,
hence it is easier to store in allocated memory

10. Write about Mini Batch Gradient Descent?

Mini Batch gradient descent is the combination of both batch gradlent descent
“and stochastic gradient descent. It divides the training datasets into small batch
sizes then performs the updates on those batches separately. Sphttmg training
datasets into smaller batches make a balance to maintain the computational
efficiency of baich gradient descent and speed of stochastic gradient descent.

Hence, we can achieve a special type of gradient descent - with h1gher
- computational efﬁc:ency and less noisy gradient descent.

 11. Whatis QDA? -

i

Quadratic Dlscnmmate Analysis (QDA) For multiple input vanab]es each
class deploys its own estimate of variance.

12. Whatis FDA? , :
. FDA uses regu]anzatlon in the estimate of the variance (actually covarlance) 5
and hence moderates the mﬂuence of dlﬂerent variables on LDA.
. What is Binary classifier? AP
* Binary classxﬁers are deﬁned as the function that helps in deciding whether
input data can be represented as vectors of numbers and belongs to somie speclfic
class. It can be considered as linear. classifiers. In simple words, we can

understand it as aclassification algorithm that can predict lmear predlctor
“function in terms of weight and feature vectors.

14. Some of the discriminative models? -
' % Support Vector Machine .

Logistic Regression

k-Nearest Neighbour (KNN)

Random Forest ,
; Deep Neural Network ( such as AlexNet VGGNet; and ResNet )
15. Iype of Generatwe Models? -

% - Naive Bayes

>
’:‘ 0:0 o

,
oS
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. % Hidden Markov Models

J

Autoencoder

&,

o

.Boltzmann Machines

,
L

Variational Autoencoder
Generative Adversarial Networks'

o

%
o0

16. Wnte applications of Naive Bayes Classgf er?
& Itisused for Credit Scoring. . L
& Iti is used in medical data class:ﬁcation' |
% It can be used in real-time predlctmns because Nawe Bayes Class:ﬁer is -
an eager learner. ;
& It is used in Text classification such as Spam ﬁltermg and Sentlment
. -analysis.
17. Write about SVM? .
Support Vector Machme (SVM) is a non-parametnc, supemsed leammg
" techniique very popular with engineers for it produces excellent results with
 significantly less compute. A Machine Learning algonthm, it can be apphed to0.
both classification (output is deterministic) and regressmn (output is. contmuous)
: problems. It is largely used in text classification, unage classification, protem _
_ and gene classzﬁcation. : - :
18. Def ne Randam orest? : :
Like SVM, R*ldom Forest also falls in the'class of dlscnmmatwe modellmg
It ;s one of the &nost popular and ‘powerful Machine Learmng algorithms to
: perform classification and regression. 'Random - Forest became a hit in
the Kaggle Community as it helped w1{1 many competitions.
N SN ——r
A !
B PART-B&C
1 Explam the types of Linear Regresswn"
2. Write in detail about Least Square Method?
3

Write in djetail'about Bajresian Linear Regression?

Supervised Learning

What are the Types of Gradient Descent?
Explain about Linear Classification?

Discuss about Real-world Ap]ﬁlicaﬁons of LDA?

- Write Briefly about Perceptron working Model?

Compare Generative and Discriminative Models‘?
What is Deep Neural Network‘?

. Compare Linear Regression and Logistic chressxon?

. Write in detail about Generative Modelling?

. Explam m detail about Naive Bayes Classifier Algonthm‘?
. Write in detail about Bayes' Theorem?

’ Explam in detail about Maximum Margin Class1ﬁer‘7

. Wnte in detall about Decision tree?

ks ook o ok ook o ook o o kol e e
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UNIT IV

ENSEMBLE TECHNIQUES AND
_UNSUPERVISED LEARNING

‘Combining multiple learners: Model combination schemes Votmg, Ensemble .
Learning - bagging, boosting, stackmg, Unsupervised learning: K-means, Instance |
Based Learning: KNN, Gaussian mixture models and Expectanon maxumzatmn

4.1. COMBINING MULTIPLE LEARNERS

Model oomposcd of multlplc learners that complement cach other whxch are |
combined to aftain higher accuracy Indmdual algonthms are called base Icarners

L

% Each base learner should be s:mplc & reasonably accutatc :

% Together producing the requzred accuracy.

'Ensemblé Technique

Itis a machine learning techmque that combmcs several base modcls in order to
producc one optimal predictive model.

1

Decismn Trees is best to outline the- deﬁmtton and practlcahty of Enscmblc

Methods (howcvcr itis lmpoxtant to note that Ensemble Mcthods do not only pertain
fo Dcc1s1on Trees).

A Decision Tree detcrmmes the prcdictlve value bascd on series of questions and - I,
conditions. For instance, this simple Dcclsmn Tree determining on whether an -

‘mdlvxdual should play outside or not. The tree takcs several weather factors into
account, and glven each factor either makes a decision or asks another question. In

this example, every time 1t is overcast. However, if it i is rammg, it is needed to ask if
it is windy or not? If wmdy, do not play. But given no wmd, so ready to go outside to

- play.
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- Dependent variable: PLAY

: Play 9
Don't Play 5

Play - 3
Don'tPlay 2

Play = 4
‘Don’t Play 0

Play 2
Don't Play 3.

: 'Play -3
Don'tPlay 0 |

Play 0
Don't Play 2

" | Play 0

3 .
by ' Don't Play 3

| Portey 0

Fig. 4.1.
© 4.1.1." SIMPLE ENSEMBLE TECHNIQUES
" A few simple but powerful techniques, namely:
1. MaxVoting .7
i 'Avqragingf , :
3. Weighted Averaging

1. Max Voting

The max voting method isigenbraily"used for classification problems. In this '

| tﬁchnique; multiple modéls are used to make predictions for each data point. The

‘predictions by each model are considered as a ‘vote’. The predictions whz.ch we get:

from the majority of the models are used as the final prediction.

For ekample when you asked 5 of your colleagii_es to rate your movie (out of 5); ;.

we’ll assume ‘three of them rated it as 4 while two of them gave i;_a.- 5. S.ince th.e
“majority gave a rating of 4, the final rating will be taken as 4. ¥ou can'?pns:der this
- as téking the mode of all the predictions. . ; :

e M i

Ensemble Techniques and Unsupervised Learning Cg E O 8 ’ 1

The result of max voting would be something like this:

Colleague Colleague Colleague Colleague Colleague Final
i 2 3 4 5 ratin
g 4 - 4 ot 4
2, Ave:"aging

Similar to the max voting technique, 'multfple predictions are made for each data -
point.in averaging. In this method, we take an average of predictions from all the
models and use it to make the final prediction. Averaging can be used for. making

- predictions in regression problems or while calcu-léting‘ probabilities for classification

problems. ¢ : : : : ;
~ For example, in the below case, the averaging method would take the average of
. all the values, 5 ‘5 : : '
ie.(S+4+5+4+4)/5=44
Colleague. Colle.ague - Colleague ':Col!eague Colleague Final
8 T R 3 3. cof 5 _rating
S 4 i g inai]s vaugp 4 A ]
3. Weight'éd Average = A = e %

This is an extension of the .aiwer.aging method. All models are assigned different
weights defining the importance of each-model for prediction. For instance, if two of
your colleagues are critics, While_others have no prior experience in this field, then
the answers by thesé two friends are given more importance as compared to the other
people. o P N
The result is calculated as [(5 x 0.23) + (4 0.23) + (5 x 0.18) + (4 x 0.18) + (4
0.18)]=4.41." 3 T ¢ |

Colleague 'Col]éa'gue Colleague Cﬁueégﬁe Colleague | Final
i SR CE 3 Ve rating
Weight | 023 0.23 0.18 018 " | o018 '
Rating | 5 gt b 4 4 44
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4.2. ADVANCED ENSEMBLE TECHNIQUES

4.2.1. STACKING : b

Stacking is an ensemble learning technique that uses predictions from multiple
models (for example decision tree, knn or svm) to build a.new model. This model is
used for making predictions on the test set. Below is a step-wise explanation for a
simple stacked ensemble: : '

1. The train set is split into 10 parts.

Train set
1
2
= 3 " g
N - 40
- Test set '

. base model (suppose a decision treé) is fitted on 9 parts and predictions
are made for the 10th part. This is done for each part of the tram set. '

7 . ‘Trainset’ DT
;
| 2
/ : '3
: 10
AR R B :  Testset '
i
i

3. The base model (in this case, decision tree) is thaﬁ fitted on the whole tram |
dataset. Using this model, predictions are made on the test set. -

Ensemble Techniques and Unsupervised Learning

Train set DT
_——

2

3
10.|_|
“Test set DT
. |

4. Steps 2 to 4 are repeated for another base model (say knn) reéﬁlting“in
another set of predictions for thie train set and test set. ;

Train set

DT knn
i |
: Train
; predictlon
s set
. 10
_ Testset DTkﬁn
1 Test
prediction
set

S Thﬂ predxctlons from the train set are. used as features to ‘build a new

model

gt 10

DT knn

-], - | Train
. | prediction
set

- DTknn

Test
prediction

| set.
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6. This model is used to make final predictions on the test prediction set.

.2.2. BLENDING
’ 2Blending follows the same approach as stacl.(in.g but uses only calS h‘:lfl?;l; _
(validatioﬁ) set from the train set to make predictions. In_.oti‘nelic'1 W:Jret,and ”
stacking, the ﬁredidions are made on the holdout set only. The holdou : s 'aetailéd
prédictions are used to build a model which is run on the test set. Here is a

explanation of the blending process: - . Mol
1. The train set is split into training and validation sets.
‘  Trainsét -
Training set
: Validation set
Tost set

Model(s-) are fitted on the training set. -
predicti he validation set and the test set. .
_ The predlctlons_are madf op-. the v n et ,

? ¢. Tainset . DTknn

— t : | Validation
% s = ot . _prediction

; plle s set.

“Testset .- DT knn
.| Test
prediction
set-

The validation o and its predicﬁons are used as features to build a new model.
This model is used to make final predictions on the test and mem-fatms.

Ensemble Techniques and Unsupervised Learning

4.2.3. BAGGING

The idea behind bagging is combining the results of multiple models (for instance,
all decision trees) to get a generalized result. Here’s a question: If you create all the
models on the same set of data and combine it, will it be useful? There is a high

chance that these models will give the same result since they are getting the same
input. So how can we solve this problem? ‘

One of the techniques is bootstrapping.

Bootstrapping is a sampling technique in which we create subsets of ob’servaﬁons

' from the original dataset, with replacement. The size of the subsets is the same as the

size of the original set. - :
Bagging (or Bootstrap 'Aggregating),techniqﬁe uses these subsets (bags) to get a

-fair idea of the distribution (complete set). The size of subsets created for bagging
may be less than the original set. : 4 g ok

| Original Data '
: AR, o) )
3% ' .y AR I
- l»'Subs‘etml [_subSet DZ'_@Jset D:’a—&.lbse_t m] Eubset D5
Sk BB %

. l Original Data '

; % y U i
[Subset D1| ISubset DZI-ISubsét 03,_ lSubsetD4] |-Subsems|
UOdeH] I Médelz] Model 3 H Model4l l Madel 5 ,
: : ~* ( Combined Wipia
. | Prediction R

Fig. 4.3.
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1. Multiple subsets are created from the original dataset, sglecting
observations with replacement.

2. A base model (weak model) is created on each offfhese subsets.

The models run in parallel and are independent of each other.

Ensemble Techniques and Unsupervised Learning

49]¢

8.

Similarly, multiple models are created, each correcting the errors of the |

previous model.

The final mode] (Stron o 4 3 '
g learner) is the : (
(weak learners). weighted mean of all the models

(

4. - The final predibtions are determined by combining the predictions from all
e +
the models. 3+ - e o + )
’ + + i (@) {
) ‘ + -+ o+
4.2.4. BOOSTING gl ¢ A s = ‘
Before we go further, here’s another question for you: If a data point is i_ncorrccﬂy g e
_predicted by the first model, and then the next (probably all models), will combining = L Gl ® -
the predictions provide better results? Such situations are taken care of by boosting. 1 T = ’ ;
 'Boosting is a sequential process, where each subsequent model attempts to correct : B
the errors of the previous model. The snicqeeding models are dependent on ‘the P e !
previous model. Let’s underst‘}'_m,d the way boosting works in the below steps. 6 + o i 0
1. A subsetis émated'fom the original dataset. ' P
2. Initially, all data points are given equal weights. ] ., iE
‘3. A base model is created on this subset. 10 T o : (
: ¥ ] 2 o . , the boosting algorithm combir o i
4. ‘This model is used to make predictions on the whole dataset. S i St g’[h eg(?rldﬂim.ldczlnzlb@es a number of weak learners to form
_ it T il 4 L ~individu ' ) :
; 5. Errors are calculated using th_e actuﬂ values and predicted va_]ues. ‘ ‘entire dataset, bu,t'théy e weui:bid:(],?n :f:::;i ol;o:hpzrf:mn well on the
6.. The obsprvations ,which are incorrectly predicted, are given' highet model actually bgosté the performance of the ensemblz S A
weights. | (Here, the three misclassified blue-plus points will be given Wy : ONviE e
~ higherwights) ' SR e T
/7. Another ‘model is created and predictions are made on the' dataset. i o5 (
. (This model tries to correct the errors from the previous model) -~ : e _ ;
(s . : : : by |+ =
? iy | R, befi e ' '
L 43. UNSUP m
\ iplihy . -3. UNSUPERVISED LEARNING
3 i .
Pehis - , m ;g;::ﬁf;ms?d leaitlj:iir{g,. also known as unsﬁpervised mﬁchine Ie'amiﬁg,‘ uses |
- | | algorithm‘sedi - alhgizzsnjms to analyze and cluster unlabeled datasets. These
Sorit] scover patterns or data groupin, 2 i ;
g : : i e gs without the need for hum
Fig. 44. Intervention. Its_ ability to discover similarities-and differences in information makeailtl-
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the ideal solution for exploratory data analysis, cross-selling strategies, customer, 4.3.2. UNSUPERVISED LEARNING AI:GORITHMS
s‘egmentation, and image recognition. \ 1 Below is the list of some popular uﬁsupervise A Tesiering alsat
Otherwise, Unsupervised learning is a machine lebrning technique in which R neane e g algorithms:
models are not supervised using training dataset. Instead, models itself find the & KNN(k h 'éhbo
v B -nearest nei Is)

R

** Hierarchal clustering

0

hidden patterns and insights from the given data. It can be compared to learning
P ‘E‘II_! ' which takes place in the human brain while learning new things.

Unsupervised learning cannot be directly applied to a regression or classification
problem because unlike supervise&- learning, we have the input data but no
corresponding output data. The goal of unsupervised learning is tofind the

':.. Anomaly detection
% Neural Networks
% Principlg Component Analysis

®

" underlying structure of dataset, group that data according to similarities, and % Indepen derit Component Analysis ;
represent that dataset in a compressed format. . - ¥ ey "4 Apriori algorifh'm Bl
4.3.1. TYPES OF UNSUPERVI“SEb LEAR_NIN(-? ALGORITHM' 2 P (o5 % Singular value decomposition

4.3.3. K-MEANS CLUSTERING
X t{:;i\det:lns (;lustering Is .an unsupervised leéming algorithm. There is no 1abeléd
T this clustering, unlike in supervised learnin . v 7
- e _ n _ g. K-Means performs the division
of objects Into clusters that share similarities and are dissimilar to 'thé'objeéts'

Unsupervised Learning

<} belonging to another cluster.

.. WB:VLO cf‘eat‘e.‘For example, K, = 2 refers to two clusters; There is a way of finding
out what is the best or optimum value of K fora given data. £ :

For a.bct_ter undgrsta_nding of k-means, let'srt,ak'e an example from cricke&.' Imaginc .

Association -

e e i ]« T e o okt iy Yt et
B S J. : ! : : group e J  information on the runs scored by the pl i) 2 e world, which gives
; or no similarities with the objects of another group. Cluster analysis finds Tt iy matches o . Y 1€ p. a.ygr and the wickets taken by them in the
' the commonalities between the data-objects and categorizes them as per § - Based on this information, we need to group the data into tw
: | el c!usters, namely batsman and bowlers, b

. the presente and absence of those commonalities. _ _
{ & Association: An association rule is an unsupervised learning method |
which is used for finding the relationships between variables in the large |
- database. It determines the set of items that_;occur‘s together in the dataset.
_A.ssoc‘-iation nﬂe makes marketing strategy more effg:ctive. 'Such as people Here, we have out data N e ; ey :
who buy X item (suppose a bread) are also tend to purchase Y d  the y-axis is about the runs scored, and o xthan choﬂrdfnatcs. o MR
- (Butter/Jam) item. A typical example of Association rule is Market Basket 1 players. - T R 1 the x-axis about the Wickets taken by the
Analysis. ' 1t o : e : Sl AR T

Solutiai_:.-

Assign data points

!
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If we plot the data, this is how it would look:

&
When we plot the dat:, tvv:Z ;:rtlhseee
| a clear separation bef
: ; e e class of batsman & bowler l
Runs: e il 2 7 o
24 S o : :
& Ha¥ - :
s, e
| Fig. 4.5.

- 4.3.4. APPLICATIONS OF K-MEANS CLUSTERING -
K-Means clustering is used in a variety of examples or bus

like: , sl S

" Academic performﬁce

iness cases in real life,

L

D
0‘0

Diagnostic systems

Scarch engines

ofe

% Wireless sensor networksA i 5 A
o The flowchart below shows how k-means clustering works:

i g f : F Elbow point (k) J S
, g = Measure the J TS s
—_'[ @fnce : _ - | Convergence .

| ! i . L 20 G *+ Grouping based on
' 1 i E—ﬁ'-c-lusters are if . g _miqimum distance . A
. i.unstable o — ‘ _] B
Reposiﬁon the e
TR {_ centroids ] {ifclusters are |

Fig. 4.6.
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4.3.5. K-NEAREST NEIGHBOUR (KNN) ALGORITHM FOR MACHINE LEARNING

&

. cat and dog, but w

o
0’.

K-Nearest Neighbour is one of the simplest Machine Learning algorithms
based on Supervised Learning technique.

K-NN algorithm assumes the similarity between the new- case/data and

available cases and put the new case into the category that is most similar
to the available catégories.

K-NN algorithm stores all the available data and classifie
point based on the similarity. This means when new data
can be easily classified into a well suite
algorithm.

K-=NN algorithm can be used for Regression as well as for Classification
but mostly it is used for the Classification problems. “
K-NNis a honspa;raxilen-ic algorithm, which means it does,not make any
.assumption on underlying data, : ‘

s a new data

category by using K- NN

It is also called a lazy learner al'gorithm‘bgcause it does not learn from the
' training set immediately instead it.stores the dataset and at the time of :
classification, it performs an action on the dataset. ‘ '

... KNN Ciassifier

> | S

¥ Predicted Qltput *~

a

Input Value

7 e . Fig.4.7.
% KNN algorithm at the trai
- gets new data, then it classifies that data into
similar to the new data. ' ’

ning phase just stores the dataset and when it
a category that is much

Example: Suppose, we have an image of a creature that looks similar to

e want to know either it is a cat or dog: So for this

identification, we can use the KNN algorithm, as it works on a similarity

[4.13]¢

(

(

(

appears then it -
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measure. Qur KNN model will find the similar features of the new data set
to the cats and dogs images and based on the most similar features it will
put it in either cat or dog category. 7 44

The K-NN working can be explained on the basis of the below algorithm:

2,
L0

Step-1: Select the number K of the neighbors
% Step-2: Calculate the Euclidean distance of K number of neighbors

Step-3: Take the K nearest ne1ghbors as per the ca]culated Euclldean
distance. :

< Step-4 Among these k ne1ghbors count the number of the data pomts in
each category. '

°,
Q..

2,
o

Step-5: Assign the new data pomts to that category for which the number
of the nelghhor is maximum. ;

o,

% - Step-6: Our modei is ready

Suppose we have a new data po:ﬂ and we need to put it in the requxred category.
Conmder the below image: : :

'

<><>
09 0
<><>‘@<>_

CategoryB -

- S — g

.'_x‘, .-.""‘. O o New Data

ik LT OV O point
3 CatégoryA . . . i
N . _ , =
S
Fig. 43, ; ‘

Flrstly, we will choose the number of nexghbors, so we will choose the k=5.
% Next, we will calculate the Euclidean distance between the data points.
The Euclidean distance is the distance between two points, which we have
alr'eady'studied in geometry. It can be calculated as:

T

Ensemble T echnigues and Unsupervised Learning

B(X2.Yz)

Moyt 1y A

Euchdean Distance between A1 and 82 j Xp— X1) +(Yo— Y1)

% By calculating the Euchdean distance we got the nearest ne1ghbors as -

three nearest neighbors in category A ‘and two nearest neighbors .in
«category B. Consider the below image:

I, @ : & CategoryA 3 nelghbors

| | - . CategoryB 2 neighbors
‘ ’ Qi 5
& i ol .® . i i %&g 2
” : @ ; : 00 c“ -.\'“:-U. i
o \ ategoryB T GL\‘$‘ %4'\‘. '\\“"@ \\\9\
. - i % = 3
h i g ‘6\“ .'._ \,'t":’ \\@*\‘?-‘ﬁg’a\)\é
ew : g N
O <>©o point i \CP&.\%“@;;}‘.Q‘;‘"
. 9 A® G @b
o 0 : O
. . RS AR
Category A i T **
Ry

i _As we can see the 3 nearest netghbors are from category A, hence this new

data point must belong to category A,
Adtlantages of KNN Algorithm:
Y :

% Itis simple to implement,

% . Itis robust to the hoisy ttjeining dete .

P S M e g R L R TN : —
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% It can be more effective if the training data is large.

Disadvantages of KNN Algorithm: :
% Always needs to determine the value of K which may be complex some
time.

% The computation cost is high because of calculating the distance between
the data points for all the training samples. -

4.4. INSTANCE BASED LEARNING

The Machine Learning systems - which are categorized as_,instance(-lbzed_
learliing are the systems that learn the training examples by heart and then

generalizes to new instances based on some similarity measure. It is called instance- -

‘based because it builds the hypotheses from the training instances. It is also known

: : y i ing until a '
as memory-based learning or lazy-learning (because they delay processing

new instance must be classified)#The time complexity of this ajgorithm depends

' upon the size of training data. Each time whenever a new query is encountered, its

previously stores data is-examined. And assign to a targ‘_at function value for the new
instance, - ‘ . .. o Db w
. The worst-case time complexity of this algotithm is O (z), where n is the num

of Training instances. For example, If we were to create a spam filter with an

in's'ianceaﬁgsed"ileaming Iléorithm; instead of just flagging emails that are already
i r 4 ) -

%, et g'i!ﬁg-"emails our spam filter '\vould be programm 1ed to‘also- flag SR Is
vaghih ates XJ}"-" «S.J;:m!ﬂ_ to thém. This requires a measure of resemblance between two “
o tﬁatem;iqgkgﬁflgﬁ'ﬂs.gf;ﬁt?ﬁ! Sy SO two emails ¢ould be the same senderl or the i

i o A 4 LI 5 " . J

8 LIPSP TN g D
repetitive e gﬁﬂ;l&samc keywords or spmethlmg else..
: % :

\
ig "

. Advantages: e il 2 4
11, Instead of estimating for the entire instance set,.local approxnnatwns can
. | “ " bemade t:O the target 'ﬁlﬂpﬁon. > Y i
2. This algoﬁthﬂx can adapt to new data easily, one which is collected as we
: g '

Dis‘a‘dvantages:

1. Classification costs are high

Ensemble Techniques and Unsupervised I,earning

2. Large amount of memory required ‘to -store the dat
involves starting the identification of a local model fro
Some of the instance-based learning algorithms are
1. K Nearest Neighbor (KNN) -

Self-Organizing Map (SOM) .

m scratch.

2

3. Learning Vector Quantization (LVQ)
4. " Locally Weighted Learning (LWL)
5. Case-Based Reasoning

4.5. GAUSSIAN MIXTUREMODEL (GMM)

'Ihis'mbdel is a soft probabilistic clustéxing model that allows us to describe the
membership of points to a set of clusters using a mixture of Gaussian densities. It is a
soft classification (in contrast to'a hard one) because it asSigns probabilities of

 belonging to a specific class instead of a j

observation will belong to every class but with different probabiliti
: GMM consists of two parts — mean wectors. (1) & ‘covariance matrices (). A
Gaussian distribution is defined as a continuous probability distri

a bell-shaped curve. Another name " for Gaussian distribu
distribution. Here is a picture of Gaussian mixture models:

€s.

Cluster 2 -

Cluster 1

. Cluster3

‘E‘T ] M3 i
3 : Fig.49. liwe. o
- GMM has many applications, such as density estimation, clustering,

and image

segmentation. For density estimation, GMM can be used to estimate the probability

a, and each query

definitive choice. In essence,  each

bution that takes on -
tion: is the normal

(

et

(
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i ou
density function of a set of data point;. F;)Irn leg;ir;;i; (;‘vlll\;ltlzlbz?z) :-e Ausnzdf(‘zj Ern ag]:
a points t e from the s )

ts(;ifllﬂ:ia(:(::,p(g;;\sdlrigzn:sed to partition an image into diferent regions: ot

Gaussian mixture ‘modeis can be used for a varie':tyf of u;e lii::rs;n:ic H:; g1:sg
identifying customer segments, detecting f.raudulent actl.wty,lan c:i s
In each of these examples, the Gaussian mixture model is able t0.1 il
the data that may not be immediately obvious. As a result, Gaussian ;

’ ; &
" are a powerful tool for data analysis and should be considered for any clustering task.

i1 i1 i lels:
The following are three different steps to using gaussian mixture mode. g
X Determihiug a covariance matrix that defines how each Gaussian 15 1e ate
. 0’0 )

ni i jer their means
to one another. The more similar two Gaussians are, the_closer the;

5 e ‘f
will be and vice versa if they are far away from each other in terms of

‘ | i i is
similarity. A gaussian mixture model can have a covariance rr_natnx that

. clusters there are.. - : . P 2 .
: 1 define how to optimally separate data

ia ] tric. -
diagonal or symme’ i

' jans in each group defines how many -

Determining the number of Ggusm

g i ‘ ‘whic]
Selecting the hyperparameters. w. Y, -
using gagussian mixture models as well as deciding on whether or not each

ian iance matrix is diagonal or symmetric.
.gaussian’s covariance matrix is diagonal or symme

The following ar&different?scenarios when GMMs can be used:

L
..O

) - * * h . - .n
Gaussianmixture models can be used in a variety of : go;:nm_ms, includi ‘g
hen dath is generated by a mix of Gaussian distributions when there is
when dath is ge

uncertainty about the correct number of clusters,_and when clusters ha\_re :

: ian mixture
 different shapes. In each of these cases, the use of a Gaussian

model can help to improve the,accuracy of results. For example, when data i

is generafe'ii by a mix of Gaussian distributions, using-a Gaussian mixture

model can help to better identify the underlying patterns in the data. In,

" addition, when there is uncertéinty about the correct number of clusters,
' the use of a Gaussian mixture model can help to reduce the error rate.

Gaussian mixture models can be used-for anomaly detection; l-)y ﬁthnff a .
‘ model to a dataset and then scoring new data points, it 1s possﬂ.ale to .ag,
pdints that are 'siglniﬂcantly different from the rest of the data (1.§. :

o,
e

- models:

2,
0‘0

o,
0.0
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outliers). This can be useful for identifying fraud or detecting errors in -
data collection.

In the case of time series analysis, GMMs can be used to discover how
volatility is related to trends and noise which can help predict future stock
prices. One cluster could consist of a trend in the time series while another
can have noise and volatility from other factors such as seasonality or
external events which affect the stock price. In order to separate out these
clusters, GMMs can be used because they provide a probability for each
category instead of simply dividing the data into two parts such as that in
the case of K-means. '

Gaussian miixture models can generate synthetic data . points that are
similar to the original data; they can also be used for data augmentation,

‘Here are some real-world problems which can be solved’-using Gaussian mixture

" Finding patterns in medical datasets: GMMs can be used for Segménting

images into multiple categories based on their content or finding specific

 patterns in medical datasets, They'can be used to find clusters of patients -
~with similar symptoms, identify disease subtypes, and even predict
~outcomes. In one recent study, a Gaussian mixture model was used to

analyze a dataset of over 700,000 Ppatient records. The model was able to
identify previously unknown patterns in the data, which could lead to
better treatment for patients with cancer. '

Modeling‘nat;irai‘phenbmena: GMM can be used to model natural
phenomena where it has been found that noise follows Gaussian

- distributions. This niodél of probabilistic modeling relies on the

assumptioii;_th‘at there exists some’ \inderlying continuum of unobserved

entities or .attributes and that each member “is associated with

meéasurements taken at equidistant points in multiple observation se_Ssidns.
Customer behavior ahalysis: GMMSs can be used for p'erforming
customer behavior analysis in marketing to make predictions about future

‘ _purchases based on historical data. -

‘Stock price prediction: Another area Gaussian mixture models are used is

in finance where they can be applied to a sfock’s price time series. GMMs
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can be used to detect change points in time series data and help find
turning points of stock prices or other market movements that are
otherwise difficult to spot due to volatility and noise}
Gene expression data analysis: Gaussian mixture models can be used for
gene expression data analysis. In particular, GMMs can be used to detect
differentially expressed genes between two. conditions and identify which
genes might contribute toward a certain phenotype or disease state.

; . “

2,
0..

4.6. EXPECTATION-MAXIMIZATION

What isan EM algorlthm?

The Expeetatmn—Maxmxzatxon (EM) algenthm is defined as the combination of
various unsupemsed machine learning algonthms “which is used to determme
the local maximum llkehhood estimates (MLE) or maximum a postenorl

~ estimates (MAP) for unobservfule vanables in statistical models. Further, it is a

technique to find maximum, Jikelihood estimation when the latent variables are
‘present. It is also referred to as the latent vanable model. A latent variable model

consists of both observable and unobservable vanables where observable can be
predicted while unobserved are inferred from the observed variable. These

unobservable varlable; are known as latent variables.

‘ 7
Key Pomts ‘ : : 7 .
¢ It is knowh as the latent variable model to determine MLE and MAP
iz parameters “for latent vanables

% Itisused to predxct values of parameters in mstanees where data is mlssmg'
or unebserveble for learmng, and th1s is done until convergence of the -

; 2] values occurs.

416 1 EM ALGORITHM

* The EM algenthm is the combination of various unsupemsed ML algonthms,
‘such as the k-means clustering algorithm. Being an iterative approach, it eonsmts
of two modes. In the first mode, we estimate the missing or latent variables. Hence it
is referred to as the Expeetatmniestxmatmn step (E-step) Further, the other mode is

Ensemble Technigues and Unsu i ] |
ipervised Learning

ulsed to optimize the parameters of the models so that it can explain the data more
clearly. The second mode is known 4s the manmtzat’ion—step or M-step.

M - step

Updaté Hypothesis

" E-step

. Update Variables

Fig. 410

4 ‘7‘.' Expectatwn step (E - step) It mvolves the estxmatlon (guess) of all

missing values in the dataset so that after completing this step there
shouid not be any missmg value, ; ;

i .
L

Manmlzatmn step (M - step): This step involves the use of esumated
data in the E-step and updatmg the parameters.

< Repeat E-step and M-step until the convergence of the vaIues occurs.
The primary goal of the EM algorithm is to use the avmlable observed data of the

dataset to estimate the missing data of the latent vanables and then use that data to

update the values of the parameters in the M—step
What is Convergence in the EM algorlthm'-‘

‘Convergence is defined as the specific situation in probablhty based on intuition,’

e.g., if there are two random variables that have very less difference in the1r

probability, then they are known as converged. In other words, whenever the values

of given vanables are matched with each other it is called convergence.

_‘4 62. STEPS IN EM AI.GORITHM

The EM algonthm is eempleted mamly in 4 steps, which 1ne1ude Imtlahzauon :

Step! Expeetatlon Step, Maximization S
2 ;s tep, and conver; ence Step. Thy
explained as follows: A SR Steps &

b t S is 1 G |

I Step: The very first step is to initialize the parameter values Fdrther
the system is provided with incomplete observed data w1th the assumptlon
that data is obtamed from a specific model.
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< 2" Step: This step is known as Expectation or E-Step, which is used to
estimate or guess the values of the missing or incomplete data using the
observed data. Further, E-step primarily updates the viriables. ‘

& 31 Steb: This step is known as Maximization or M-step, where we use
complete data obtained from the 2" step to update the parameter values.
Further, M-step primarily updates the hypothesis. ,

4™ step: The last step is to check if the values of ‘_‘lhatent variables are

converging or not. If it gets "yes", then stop the protess; else, repeat the
process from step 2 until the CONVErgence occurs.

, l Intilal Values ]
; : TR
_ __,[ - Expectation Step J
3 g b :
[. Maximization Step ]

&,
one

[
‘ i

4.6.3. GMM TRAININGt,’ INTUITION g S0 )

' First,""w'e are going fg visually describe what hapi.)ens during the training of a
GMM model because it will really help to build the necessary intuition for EM. So
let’s say we are back hlfo'gihe one-dimensional example but withoqt labels thisti;ng.
Try to imagine how we could assign cluster labels'tq the below'observ_aﬁons:

\

e ®» 00 0e € G 000 ¢ & & ET TR L

0.0 0.5 " 40 w3 AR 1
Petal Width [, ot
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Well, if we already knew where the Gaussians are in the above plot, for each
observation, we could compute the cluster probabilities. Let’
you have it in mind. So we would be assigning a color to the p

10 '

s draw this picture so
oints below:

.

8-

“Likelihood
o

%]
1

. ‘& .
0.0 05 1.0 g 20 25  3g
e Petal width '

~ Intuitively, for one selected observéiion and one selected Gaussian, the probability -
of the observation belonging to the cluster would be the ratio between the Gaussian
value and the sum of all the Gaussians. Something like: j

. ’ . 'N -, X .
_ P(x; belongs to Cluster 1) . = &%M

?,(x,- belongs to Cluster 2) = %_&_zl_ﬂz__ézz withZ= ) oy N (x, | B 2)).
3 AR : Tk e L i -
a3 NG, [y, X)) :
—

To find, where the Gaussians are to be located in the above plot, already in . '
possession of the observation’s labels, like so: '

i P(x; belongs to Cluster 3) =

Petal width . -
- Species
¢ sefosa
* versicolor,
‘e Virginica Jj.
e @ sve e B ®ms v e s epe sop me ®
T T a T m— —— ’
0.0 .05 1.0 15 20
: 7 Petal width

Now we could easily find the parameter values and draw the Gaussians, It saffices
to consider the points independently, say the red points, and find the maximum

likelihood estimate. For a Gaussian distribution, one can demonstrate the following
resulis: - p YLt
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L@14q1)

L(02,92)

p(xI©)

L(©3,93)

\|

0 10 20

The EM algorithm starts by assigning random parameters. So let’s say we start

with the following lower bound:

1,

L]
30 40 50
(]

L(©0,q0)

- px|@)

r 7

g 601 &
0 10 ! 206

et 5
3[)7' _40 50°

‘The al‘gbri%hm will n W'_})erfoi;n two sﬁccess_ivc’ steps: -

1. Fix®and adjg.ls'.t q so ';hét fh_c lower-bound gets as close as possible to the

! log-likelihood. For example, during the first step, we o gl |

= &

_L(©0,90)
e

_P©)

P — T 1 2
2 g eo,_.'o: 20 30 40 50

el

bt i o M W i L e
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2. Fix g and adjust © so that the lower-bound gets maximized. For example,
during the second step, we compute ©1:

p(x|@)

/L(@0,q1)

S e B b T

T 4 T B - :
10 2 2 @ 0

0]

0

Sorto sum up this intuitioh, the EM algorithm breaks up the difﬁculfy of finding .

the maximum of the likelihood (or a least a local maximum) into a series of
successive steps that are much easier to deal with. In order to do so, it introduces a
lower ‘bound that is parametrized by the vector © for which we want to find the
optixfmm and a.variaﬁoxi_al lower bound ¢ that we can also modify at will,

4.7.1. APPLICATIONS OF EM ALGORITHM

The primary aim of the EM algorithm is to estimate the missing data in the latent
variables through observed data in datasets, The EM algorithm or latent variable

- model has a broad range of real-life applications in machine learning. These are as

follows: ‘ i . , _ : .
4 _The EM algorithm is applicable in data clustcxih_g in m'achine‘leaming.
@ It is often used in computer vision and NLP (Natural language processing),

- the Gaussian Mixture Model and quantitative genetics.-
% Itisalso used in psyéhometrics for estimating item parameters and latent
abilities of item response theory models.

% It is also applicable in the ‘medical and healthcare industry, such as in
 image reconstruction and structural engineering, ' ;

% Itis used to estimate the value of the parameter in mixed models such as °
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Advantages of EM algorithm _
% It is very easy to implement the first two basic éteps of the EM algorithm
in various machine learning problems, which are E-stefh and M- step.
¢ Lis mostly guaranteed that likelihood will enhance after each iteration.
% It often generates a solution for the M-step in the closed form.

Disadvantages of EM algorithm o :

' The con\?ergence of the EM algorithm is very slow. _.*

It can make convergence for the local optlma only.

'.It takes both forward and backward probability into conmderatlon It is

&, S
D> I X

o,
L

opposme to that of nmnerlcal optlmlzatlon whlch takes only forward‘

. probabilities.

TWO MARKS QUESTIONS AND ANSWERS (PART - A)

14 qu'me Ensemble methods
. Itisa machme learning technique that combines several base models in order
. to produce one optlmal predictive model. Decision Trees is best to outline the
_ definition and practi ity of Epsemble Methods (howevent is important to note
that Ensemble Meth  do not only pertam to Decision Trees) i
) List the Ensembte ckmques ' :
e few simple but powerful techmques namely
% Max Voting
o Averagmg
,p:* Welghted Averagmg .
3.. : IWmt are the Advanced Ensemble techmques
‘ & Stacking
< Blending
< Bagging

2
1

< Boosﬁug

Ensemble Techniques and Unsupervised Learning

_4. What do ydu mean by Unsupervised learning

Unsupervised learning, also known as unsupervised mﬁchine learning, uses
machine learning algorithms to analyze and cluster unlabeled datasets. These
algoutfnns discover hidden patterns or data groupings without the need for
human intervention. Its ability to discover similarities and differences in
information make it the ideal solutien for exploratory data analysis, cross-selling
strategies, customer segmentation, and image recognition

S. ' List some of the popular 'unsupefpis'éd learning algorithms.-
: L@ K-means clustering y . ;
% KNN (k-neérest neighbors) .
% Hierarchal clustering A ‘
% Anomaly detection
% Neural Networks -. , _
% . Principle Co:iprnent Aﬂ'alysis
%. Independent Component Analysns :
L Apnon algorithm
4 .'S_mgular value decon_iﬁbsition, el 2

6. State the Applications of K-Means Clustering.

"~ K-Means clustering is used in a variety of examples or business cases in real
life, like: - :
& Academic perfonnance
e D;agnostlc systems
% Search enginés

o

% Wireless sensor networks

7. State the Gaussmn Mlxture Model (GMM)

. This model is a soft probablllstzc clustering model that allows us to descnbe

+ the membership of points to a set of clusters using a mixture of- Gaussian -
" densities. It is a soft classification (in contrast to a hard one) because it assigns
probablhties of belonging to a specific class instead of a deﬁmtwe choice. In
essence, each observation will belong to every class but w1th diﬁ'erent I

‘ probabllmes
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8. Mention the pros and cons of KNN Algorithm.
Advantﬁges of KNN Algorithm:
< It is simple to implement. t
- #» .Itis robust to the noisy training data
< . It can be more effective if the training data is large.
Disadvantages of KNN Algorithm:
& Always needs to determine thé value of K which maysbe complex some
time. s ) i ‘
% The computation cost is high because of calculating the distance between
the data points for all the training samples.
9. Whati is meant by Expectatwu Maximization (EM) mtmtwn?
The Expectatwn—Mamnuzatlon algorithm is performed exactly the same ‘way.
In fact, the- optimization procedure we describe above for GMMs is a specific
1mplementatmn of the EM algdfithm. The EM algorithm is just more generally
and formally defined (as it can be applied to many other optimization problems).
So the general idea s that we are trying to maximize a likelihood (and more
frequently a log-hkehhood), that is, we are trymg to solve the followmg-
. optimization problem
'ng_c log P(le @) = ﬂ?x log[ 1;[ P(x; | ©) ] 7 m®a§; ? log (lf(x;_l @)
, 17 . PART-B&C
1. Elaborate Ensemble Techniques in detail
2. Conipare the Advanced Ensemble techmques
3. Explain the Working of Unsupervised Learmng ‘
4, Clarify on Unsupervised Leaming Algorithm
5.. Detail the Steps to créate' k-means clusters
6, Demonstrate Gaussian Mlxture Model (GMM) ;
7

Discuss on Expectatlon Maximization (EM) intuition -

**#******#*******ﬁ

UNITV
NEURAL NETWORKS

Perceptron - Multilayer perceptron, actlvatmn functions, network training — gradient
descent optimization — stochastic grament descent, error backpropagation, from
shallow networks to deep networks — Unit saturation (aka the vanishing gradient
problem) — ReLU, hyperparameter tuning, batch nonnallzatlon regulanzatlon

" dropout.’

What is the Perceptron Model in Machine Learning?

Perceptmn is Machine Learning algonthm for supervised learning of various
binary classification tasks. Further, Perceptron is also understood as an Artificial |
Neuron or neural network unit that helps to detect certain mput data computations in

] busmess intelligence. Perceptron model is also treated as one of the best and simplest

types of Artificial Neural networks. However, it is a supervised ieammg algorithm of
bmary classifiers. Hence, we can consider it as a single-layer neural network Wlth

. four main parameters i.e., input values, weights and Bias, net sum, and an

actwatmn functmn

Basic Components of Perceptron
- Mr. Frank Rosenblatt invented the perceptron model as a bmary classifier whlch
contains three main components. These are as follom

Inputs Wenghts " Netinput  ° Activation
] function °  function

— . @ H _:r'.output

. Fig. 5.1.
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Input Nodes or Input Layer:

This is the primary component of Perceptron which accepts the initial data into
the system for further processing. Each input node contains a regl numerical value.
Wight and Bias: ' ' ‘ ! :

Weight parameter represents the strength of the connection between.units. This is
another most important parameter of Perceptron components. Weight is directly
proportional to the strength of the associated input neuron in deciding the output.
Further, Bias can be considered as the line of intercept in a linea? equation.
-Activation Function: 3 _ ; ‘ .

These are the final and important components that help to determine whether the
neuron will fire or not. Activation Function can be considered primarily as a step
function. - ;o i : '

; Types‘bfActivation functions: .

< Sign function ‘ el o 6 g 0
‘& Step function,'and ‘ o
4 Sigmoid function ,
L y ‘ &
. +1 5 o308 K > +1 _
: .S e iplsinss | oo i
T ‘ini it . e g
i ; Y g
“ Step Function " Sign Function - . Sigmoid Function
' ' 'Fig. 5.2. :

b The data séin:ntist uses 'the activéiion function to -taice a subjeéti_ire débisiqn based
on fvarious problem statements and forms the desired outputs. Activation function
may differ (e.g., Sign, Step, and Sigmoid) in perceptron models b

‘the learning process is slow or has vanishing-or exploding gradAientsf.

How does Perceptron.work?

~ In Machine Learning, Perceptron is considered as a single-layer neural network
~ that consists of four main parameters named input values (Input nodes), weights and },‘f ;

. performance,

y checking whether

Perceptron ﬁUnt_:tion

Neural Networks 53]
7 53
B- . - . ] : ' =
mllitlst; 1;'et s.um, and ‘an activation function. The perceptron model begins with the
y tp t;}catxol:l of all input values and their weights, then adds these values together to
Teate the weighted sum. Then this weighted sum is applied to the activation function

7 to obtain the desired output. This activati i
. ; activation function is also kn
. function and is represented by 'f. #5 S

Net input
‘fu'?ct"_’“ - function -

Perceptron rule -
; . Fig.53

Perceptron model works in two important steps as follows;
Step-1 .

In the first step first, multiply all input values'-\-vith’ corresbonding v‘vei‘ght.r values :

and then add them to determine the weight
, oy i ; ‘ thy ted sum. Mathematically, we

;he weighte d_sumasfollows: SR . ,. ily, we can calculate
_ ' Lt rpe ay *wp + xz-* WZ-F... w"'l*xn
Add a special term ca!led, bias '5' to this weighted sum to improve the model's

: ! 'ZwJ*xﬁb_

Step-2 s

weiI:;h :}:z second hslte;), an activation function 1s applied with the above-mentioned
ed sum, which gives us output either in binary forr conti ‘

s, : e : binary form or a continuous value as

Y= fCw *x, +b)

Peféﬂpﬁ'()ﬂ function 'y'(x.)" can be achi Evet if - . ;
i g5 s ed as output by multiplying the input '
with the learned weight coefficient 'w". -~ SN Pting the st x
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Mathematically, we can express it as follows: '
' £6) = Lifw.x+b>0 |
otherwise, f(x) =
& W represents real-valued weights vector
% 'b' represents the bias j

*,

oY represents a vector of input x _values.

5.1. MULTI - LAYERED PERCEPTRON MODEL ]

Multi-l..ayer percepti'oa defines the most complex architecture of artificial neural
networks. It is substantially formed from multiple layers of the perceptron. Tensor
Flow is a very popular deep learmng framework released by, and this notebook will
guide to build a neural network with this library. If we want to understand what is 131.
Multi-layer perceptron, we have‘td develop a multl-layer perceptron from scratc

. using Numpy.

The p1etor1a1 representation of multi-layer perceptron learning is as shown below—
' . Output Layer ;o

’ Hidden Layer :
Input Layer .
put Lay - .5 / i \

l' - th 5.4.

MLP networks are used for supemsed learning format. A typical learmng
" algorithm for MLP néetworks is also called back Pro;aag_atmns _algenlhmﬂ:&t ]
multilayer perceptron’ (MLP) is a feed forward arnﬁ.mal neural' 'netwdrk :1 21
generates a set of outputs from a set of inputs. An MLP is eharactenzed by sever T
layers of input nodes connected as a direct¢d graph between the input nodes i

Neural Networks - @ ;

connected as a dlrected graph between the input and output layers. MLP uses |
backpropagation for training the network. MLP is a deep learning method.

The algorithm for the MLP is as follows:

1. Just as with the perceptron, the inputs are pushed forward through the |
MLP by taking the dot product of the input with the weights that exist
between the mput layer and the hidden layer (WH). This dot product _
yields a value at the hidden layer. We do not push this value forward as we |
would with a perceptron though.

9 ‘MLPs utilize activation functions at each of their calculated layers. - There

© are  many activation  functions .to . discuss: rectified linear
units (ReLU), sigmoid function, tanh. Push the calculated output at the
current layer through any of these activation functions.

3.  Once the calculated output at the hidden layer has been pushed through the
- -activation function, push it to the next layer'in the MLP by takmg the dot
product with the corresponding weights.
Repeat steps two and three until the output layef is reached.

At the output layer the calculatlons will either be used for a back

,'propagation algorithm that corresponds to the actlvatlon function that was - -
selected for the MLP (in the case of training) or a decision will be made
based on the output (in the case of testing).

Like a single-layer perceptron model, a multl-layer perceptmn model also has the
same model structure but has a greater number of hidden layers. The multi-layer

_ percepﬁon model is also known as the Back propagatlon algonthm, which executes
in two stages as follows: ; I

~ % Forward . Stage. Actwatlon functions start from the mput layer in the
. forward stage and terminate on the output layer.

<4 Backward Stage: In the backward stage, weight and blas values are : i
. modified as per the model's requirement. In this stage, the error between .
actual output and demanded originated backward on the output Iayer and

* ended on the input layer

I-Ience a multi-layered perceptron model has consxdered as multzple aruﬂclal H
neural nebworks having various layers in which actwatmn functlon does not remain -
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linear, similar to a single layer perceptron model. Instead of linear, activation
function can be executed as sigmoid, TanH, ReLU, etc., for deployment.

A multi-layer perceptron model has greater processing pov&er and can process
linear and non-linear patterns. Further, it can also unplement logic gates such as
AND OR, XOR, NAND; NOT, XNOR, NOR.

Advantages of Multl-Layer Perceptron

e A multi-layered perceptron model ¢an be used to solve eomplex non-lmear

problems. :
< It works well with both small and large input data.
<+ It helps us to obtain quick predictions after the training.
% It helps to obtain the same accuracy ratio w1th large as well as small data.

Dlsadvantages of Multi-Layer Perceptron.
% In Multi-layer perceptron computatlons are difficult and tlme-consummg

% In muin-layer Perceptron, it is difficult to pred1ct how much the dependent.

variable affects each independent variable. -
R The model functioning depends on the_ql;ahty of the training. 5

4

5.2. ACTIVATION FUNCTIONS e AT R

: Gat "’
. Inputs - Weightst
x1 :

.. activation
net input-

function
- mefj.r - ; i

; _activation
A transfer ) . L
| i function 1 :

J . @

3 threshold

xn. ]
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Neural Networks

An activation function is a function that is added to an artificial neural network in
order to help the network learn complex patterns in the data. When comparing with a -
neuron-based model that is in our. brains, the activation function i 1s at the end
deciding what is to be fired to the next neuron. The neuron doesn’t really know how
to bound to value and thus is not able to decide the firing pattern. Thus the activation
function is an important part of an artificial neural network. They basically decide

- whether a neuron should be activated or not. Thus it bounds the value of the net’

input. The activation function is a non-linear transformation that we do over the input
before sending 1t to the next layer of neurons or finalizing it as output

5.2.1. TYPES OF ACTIVATION FUNCTIONS
- Several dlffercnt types of activation functlons are used in Deep Learmng Some of

- them are explamed below:- -

1..Sigm0|d_Act|vat|on Function - . :
: el k' Sigmoid Activation Function

12

10 e - —

© 08—t — — e
06 ' i /

S B l = i

7 S B
00 —— —

: f(X)

~0.2 4— - —
-100 .75 50 28 00 25 .BO 7K _ 108
' The Slgmo:d Functlon looks lzke an S-shaped curve.
~ Formula : f @=1/ (1+ e"— z)
-Why and when do we use the Slgmmd Actlvatlon Function?

1. The output of a sigmoid function ranges. between 0 and 1. Since, output
: values bound between 0 and 1, it normalizes the output of each neuron.
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2. Specially used for models where we have to predict the probability as an
output. Since the probability of anything exists only between the range
of 0 and 1, sigmoid is the perfect choice. i
Smooth gradient, preventing “jumps” in output values.

4. The function is differentiable. That means, we can find the slope of the
sigmoid curve at any two points.

S Clear predmttons i.e very close to 1 or 0.

2. Tanh or Hyperbolic Tangent Activation Functlon -
' y

f(x) = tanh x

/

The tanh actwaton fllnatlon is also sort of sngmo:dal (S-shaped)

§ Lk 2

e f@) = tanh ()= Tre2r !

Formula of tanh activatiop-function .
- Tanhisa hyperbollc tangent function. The curves of tanh function and 51gm01d
functlon are relattvely sumlar But it has some advantage over the sigmoid function,

Let's look at what it is. ;
Why is tanh better compared to s:gmmd actlvatlon finction? -

1. First of all, when the mput is large or small the output is almost smooth -, -
and the gradient is small, which is not conducive to welght update. The -

Neural Networks ‘

dlfference is the output interval. The output interval of tanh is 1, and the ¢
whole function is O-centric, which is better than sigmoid.

2. The major advantageis that the negative inputs will be mapped (
strongly negative and the zero mputs will be mapped near zero in the tanh "
graph.

1op
. — sigmoid
—tanh

th 5.6.

e 14 ReLU (Rect:ﬂed Linear Umt) Activation Functlon-
ou:(pul

[4;]

[ B T,

e

_ Fig. 5. 7
The ReLU is half rectified (from the bottom). f(z)is zero when zis Iess than Zero .
and f(z) is equal toz when z 1s above or equal to zero.. =

o~ i e {max((} ,x) J.;'ZOO

The ReLU (Rectlﬁed Linear Unit) function is an activation function that is

| ‘currently more popular compared to other actwatnon functions in deep learmng

. Compared with the sxgmmd funcuon and the tanh funcuon, it has the
followmg advantages

1. When the input is _positi\_fe,rthere is no gradient Satut'ation prdblém.
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2. The calculation speed is much faster, The ReL.UJ function has only a linear = . - C;Imtrast o R-eLUs‘, EFUS have negative vatlues which 3110“.@ tl_lem to
relationship. Whether it is forward or backward, it is much faster than P !‘Jshlmear‘l Gk actfvatmns CIOSEI: to zero hk_e batch normalization by
sigmoid and tanh. (Sigmoid and tanh need to calculate the exponent, which % 1) b coTnp utational complexity. Mean shifts toward zero speed up

will be slower.)

4. Leaky RelLU Activation Functior; : " % ELUs saturate to a negative value with smaller inputs and thereby decrease

An activation function specifically designed to ‘compensate for the dying ReLU _ i the forward Propagated variation and information,
problem, : ; 4 : ; outg : .. !— T ‘ T
: fly) i ly) : 2l - P ~ ELU /
| A=y o ey T s ‘ 1, :LRZibU L /
iy=o| y o sl b el =2 | :
i ’ f(y) =ay ’ : B & . i :
il | . s . _ | AT : 4
: ; : Fig. 5.8. ReLU vs Leak RelU : S 1 2 i . . o B——
bn ig. '_’e Vs cy A ‘ 18 | . 7 ——/
- Why Leaky ReLU is better than ReLlJ? st S & : _ —_— : : i
: SR i e T S : ~10 . VIR S i
L ify;>0 s & L%, ‘ ‘ g 3 b ‘
. f(y‘) o a;,y; ify;<0 elSEis 2

{ ol i i3 | : g ‘ . Fig. 59. ELy vs Leaky ReLU vs ReLl/ -
1. The leaky ReLU adjusts the problem of zero gradients for negative value, : P :
by giving a very small linear component of x to negative inputs(0.01 x).
2." The leak helps to iricrease the range of the ReLU function. Usually, the
value of 2 is 0.01 or 50. : gt

3. Range dfthe Leak ReLU is (-infinity to isifinty), _.

5.3. NETWORK TRAINING

R SRR e

In the pmcéss of training, we want to start with a bad pert_'ormmg heﬁral netﬁrork

i /
- 5. ELU (Exponential Linear L%ts) Function- ; h ; j
ELU is alsg Proposed to'solve the problems of ReLU. In contrast to ReLUs, ELUs

closer to tfl':xe natural gradient, i
iy e ; R X x>0

 Obvioisly, BLU has all the advantages of ReLU, and: : "

' % No Dead ReLU issues; the mean of the output is close to 0, zero-centered, . - .

not, in _sen'sg that they are not only using the infd_nﬁat‘ion pi'ovided by the function, ,
but also by its gradient. ' 1 , L SECW- Sk WSt & T, '

i e SR
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derivative is the rate of how fast our function is changing when we take inﬁni_tely
small step in the positive direction. Mathematically it can be written as the following:
V.= B—ax' Vx;

Which means: how much our function changes(left term) approximately equals to
derivative of that function with respect.to some variable x multiplied with how much
we changed that variable, That approximation is going to be exact when we step we
take is infinitely small and this is very important concept of ﬂ)qderivativ_e.

E ¢ RS,

: Let’s go back-to out function, f(x)" = x2. Obviously, the minimum of that function‘

is at point x = 0, but ow would a computer know it ? Suppose, we start off with
- 7 s ;

some random value of and this value is 2. The derivative of the function in thatinx

= 2 equals 4. Which mieans that is we take a step in positive direction our ﬁmcti‘on
will change proportionally to 4. :

Our derivative only guarantees that the function will decrease if take infinitely

LY

* small step. Generally, you want to control how big of step you make with some kmd
of l;yper-paréinetcr. This hyper-parameter is called learning rate and I’11 talk about it

later. Let’s now see what haﬁpens if we start at a point x =— 2. The deriva_tivc is now
equals — 4, which means, that if take a small step il}'positive 'directiqn our function
will change proportionally to — 4, thus it will decrease. That’s exactly Awhat we mt.

.
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{

Whenx > 0, our derivative greater than zero and we need to go in negative )
direction, whenx < 0, the derivative less than zero, we need to go in positive
direction. We always need to take a step in the direction which is opposite of (
derivative. Let’s apply the same idea to gradient. Gradient is vector which points to
some direction in space. It actually point to the direction of the steepest increase of (
the function. Since we want minimize our function, we’ll take a step in the opposite
direction of gradient. e . ’
In neural network we think of inputs x, and outputs y as fixed numbers. The
variable with respect to which we’re going to be ‘taking -our derivatives are
weights w, since these are the values we want to change to improve our network. If
~we compute the gradient of the loss function w.r.t our weights and take small stepsin
the opposite direction of gradient our loss will gradually decrease ‘until it converges

~ to some local minima. This algorithms is called Gradient Descent. The rule for

updating weights on each iteration of Gradient Descent is.the following:
5 i !l 5 - ‘ '
W =W _,I r 6‘73;

Ir in the notation above means leaniitig rate. It’s there to control how big of a step

J

* we're taking each iteration. It is the most important hyper-paramieter to tune when !

training nepral networks.
5.3.1. THE ARTIFICIAL NEURAL NETWORK ol e ‘
To build a good Artificial Neural Network (ANN) you will need: the following
Ingredients: : ‘ _ v : ;
% Artificial Neurons (processing node) composed of: : ‘
¥ (many) input neuron(s) connéction(s) (dendrites)
v a'i:omp'utation ‘unit. (nucleus) composed of:
= alinear function (ax +5)
" an activation function (equivalent to the the synapse)
v’ an output (axon) St

Preparation.to get an ANN for irriage classification tra ining:

1. Decide on the number of output classés (meaning the number of image
 classes— for example two for cat vs dog). : ' P
e
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2. Draw as many computation units-as the number of output classes (congrats
you just create the Output Layer of the ANN).

3. Add as many Hidden Layers as needed within the defined architecture.
Hidden Layers are just a set of neighboured Compute Units, they are not
linked together. i P
Stack those Hidden Layers to the Output Layer using Neural Connections

© 5. It is important to understand that the Input Layer is basically ‘a. layer of
. .data ingestion : oL ;
. 6. Add an Input Layer that is adapted to ingest your data (or you will adapt

your data format to the pre-defined architecture)

7. Assemble many 'A_Iﬁficialj Neurons together in -a way where

the output (axon) anNeuronon a .given Layeris (one) of the input of

another Neuronon a subsequent Layer. As a consequence, ‘the Input - '
Layer is linked to the Hidden Layers which are then linked to the Output

Layer (as shown in tf€ picture below) using Neural Connections .

L _ Trainiﬁg a'h Artificial Néui*al Network (ANN) requires just a féw steps:

1. First an ANN will require a random weight initialization
- Split the dataset in batches (batch size)
Send the batches 1by 1 to the GPU

A w P

weights) # : 7

Cofnpare ﬂ{e;‘c’éﬂculéted output to the expected output (loss)

Adjust thé‘quightS (using the léaming ‘rate increment or decrement)
according to the backward pass (backward.gradient propagation). ‘

S

- 54, STOCHASTIC GRAD‘ENT DESCENT - -

g R
- What is Gradient Descent? _ 3
S ; g A, L
. Gradient Descent is a generic optimization algorithm capable of finding optimal -
solutions to a wide range of problems. The general idea is to tweak parameters
iteratively in order to mihinﬁ_ze the cost function. An important parameter of

: Calculate Té' forward pass (what would ‘be the output with the current 8

Neural Networks : . @

Gradient Descent (GD) is the size of the steps, determined by the learning rate

hyperparameters. If the learning rate is too small, then the algorithm will have to go
through many iterations to converge, which will '

: take a long time, and if it is too hi
we may jump the optimal value. T

What is the objective of Gradient Descent?

. Gradientf in plain terms means slope or slant of a surface. So éradient descent
?1terallly means descending a slope to reach the lowest point on that surface. Let us
‘ Imagine a two dimensional graph, such as a parabola in the figure below.

'y y=x2-2x-3
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A parabolic function with two dimensions (x , y)

In_th.e above graph, the lowest point on the parabola occurs atox = 1. The objéctivé
:)f gradient descent algorithm is to find the value of “” such that “y” is minimum
" here is tt?nncq as the ob_ljec'ti\{e function that the gradient' desbéntl é]go'rithm
operates upon, to descend to the lowest point, L . W

'

5.4.1. TYPES OF GRADIENT DESCENT:

Typically, there are three types of Gradiem Des;ﬁént:
% Batch Gradient Descent i , Y ot 18
& Stochastic; Gradient Descent il ghot 2l dolitwe,



e

: Artificial Intelligence and Machine Learning

< Mini-batch Gradient Descent

Stochastic Gradient Descent (SGD):

In Stochastic Gradient Desceni, a few samples are select;% randomly instead of
the whole data set for each iteration. In Gradient Descent, there is a term called

“patch” which denotes the total number of samples from a dataset that is used for

calculating the gradient for each iteration. In typical Gradient Descent optimization,
like Batch Gradient Descent, the batch is taken to be the whole Elataset. :

'Su‘pposé, you have a million samples in your dataset, s0 if you use a typical
Gradient Descent optimization technique, you will have to use all of the one million
samples for completing one iteration while performing tht Gradient Descent, and it
has to be done for-every itcration' until the minima are reached. Hence, it becomes

. computationally vé.ry expensive to perform. This problem is solved by Stochastic
Gradient Descent. In SGD, it uses only a single sample, i.e., a batch size of one, to : i

perform each iteration. g ol
‘Steps in SGD: '

1. - Find the slope of the objective function with' respect to each parameter /-

feature. In other words, compute the gradient of the function.

2. Pick a random initial value for the parameters. (To clarify, in the parabola’

example, differentiate “y” with respect to “x”. If we had more features like

Xy, %, etc., we'take the part:.al derivative of *)” w1th respect to gach-uf the’ - :

R

| featwes.)_ ' e : b
3. Update the grqdient f;mption by plugging in the parameter values. -

‘-

rate.
Calculate the néw parameters as : new params = old params -step size L
' ’ 6. Repeat steps 3 to 5 until gradient is almost 0_; ' ' :

Stdchéstic Gradiént Descent using Python i why : %

The SGD algorithm is used in several loss ﬁmcﬁons. Simply put, it is used to -

hﬁnim_ize a cost function by iterating a gradient-based weight update. Instead of

“from it, which is why it is also known as mini-batch gradient descent.

4/ Calculatg: the step sizes for each feature as : step size = gradient * learning -

==Y

: looking at the full dataset, the weight update is applied to batches randomly extracted H
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Below is the process of the stochastic gradient descent algorithm:

1. The algorithm starts at a rando i initiali
m point by initializing thi i i
random values ‘ il Wltht
2. Then it calculates the gradients at that random point
Then it moves in the opposite direction of the gradient

The process contindes to repeat itself until it finds the

oint inim
loss P nt of m . um

s e from sklearn.datasets import make_cléssiﬁcation '

from sklearn.linear_model import SGDClassifier -
from sﬂm.model_selecﬁon impoﬁ cross_val_score
samples = 500 '
Cxy= make_classiﬁ9afi0n(i,1;samplés=samples, n;feanires=2,
| n_informative=2, n_redundant=0, o
* n_clusters _per_class=1) 7

- . 4 ; . i n ) \ 3 . A
.S.GD_lclasmﬁer = SGDClass:f_ier(loss_='!perceptron", learning_rate="optimal"
: n_iter_no_change=10) iaq

pfi!:t(_cms’s_fvél_soofe(SGD_classiﬁer, X, Y, scoring="accuracy" cv¥1 0).mean())

5.3. ERROR BACKPROPAGATION, FROM 'lSHALLOW ﬁETw'okKs W . |
_ DEEP NETWORKS peibaa] ods 0 il ;

i Back.propa_gation is one of the important con;:épts of ﬁ ﬂcuial néﬁvork. Oﬁr task is
to classify our data best. For. this, we have to update the weights- of parameter and.‘ l

: bias, but how can we do that in a deep ‘neural ‘network? In the linear regression

model, we use gradient descent to optimize the parameter. Simi,iarly here we also use

+ gradient descent algorithm using Backpropagation.

]?ackpfgpagaﬁoﬂ defines the whole propess enconipass_ing both the calculation of
the - gradient and its need in the stochastic gradient descent, Technicall).r‘
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backpropagation is used to calculate the gradient of the error of the network
concerning the network’s modifiable weights. The characteristics of
Backpropagation are the iterative, recursive and effective appfpach through which it
computes the updated weight to increase the network until it is not able to implement
the service for which it is being trained. Derivatives of the act1vat1on service to be
known at network design time are needed for Backpropagatlon

Backpropagation is widely used in neural network training and calculates the loss
function for the weights of the network. Its service with a multi*layer neural network
and discover the internal description of input-output mapping; It is a standard form of
artificial network training, which suppoits computing gradient loss function

. concerning all weights in the network. The backpropagat:lon algorithm is used to
train a neural network more effcctwely through a chain rule method. This gradlent is

used in a simple stochastic gradient descent algorithm to find weights that minimize

the error. The error propagates backward from the output nodes to the inner nodes.

The training algonthm of bwkpropagatlon mvolves four stages whzch are as

foIlows j
o Initialization of ‘weigh'tsr— There are some small random values are
" assigned. ' i ' '

% Feed-forward — Each unit X receives an input signal and transmits this -

s1gnal to each of the hidden unit Z;, Z,, ... Z,. Each hidden unit calculates
the activatiof functlon' and sends its signal Z, to each output unit. The

output unit ?aleulates the activation function to form the response of the '

" given input pattern. -

: - % Backpropagation of errors — Each output unit compares activation
Y, with'the target value T to determme the associated error for that unit. It
is based on thé error, the factor Sﬁk K=1,. .. m)is computed and is used

. to distribute the error at the output unit Yk back to all units in the previous

A ~ layer. Smularly the. factor 56J(; =1,...p)is compared for each hidden

‘ unit Z 5o : ;

% It can update the weights and biases.

Cons1der the followmg Back propagatton neural network example d.lagram to

understand

Fgn

T 1 e

Neural Networks ‘

@ Hidden layer(s)

The General Algorithm .

The backpropagatlon algorithm proceeds in the foIIowmg steps, assuming a‘
suitable learmng raté\ "~ alpha oand. random initialization of the
parameters w_{tj}’.‘k.wijk: ’ .

Deﬂnition

Calculate the forward phase for each i Input-output pair ( Xz

J’a ) and store
.the results 3, Yas a and o ;

‘ for each node j in layer k by proceedmg from
layer 0, the input layer, to layer m, the output layer.

?.’ Calculate the backward phase for each mput-output parr ( xd, yd.) and

dE,
store the results ™ k for each wexght w connecnng node in layer k — 1

“to node j in layer k by proceedmg from layer m, the output layer, to layerl
the input layer,
(a) Evaluate the error term for the ﬁnal layer 6”' by usmg the second :
_equation, : i
'(b) Backpmpogate the error terms for the hidden layers 8 » working

backwards from the final hldden Iaycr k=m-1,by repeatedly usmg
the third equation.

(c) Evaluate the partlal denvatlves of the individual -error Ed with
respect to w¥ i by usmg the first equation, - A -
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OE,

3. Combine the individual gradients for each input-output pair a'w’;. to get

. OE(X, 0), . : _"Q g X
the tota! gradient —g%i—l 7 for the entire set of input-output pairs {
X »1) ( ;; ¥n )by using the fourth equation (a simple average. of
1> - ) E] , i
the individual gradientg). % il
4. Uﬁdate the weights according to the learning rate o and total gradient
i - . . . N - . 3 f the
'@%-—91 by usingl the ﬁﬁh equation (movm‘g in the direction o
e |
negative gradient).
How Backprop_a‘gaiion Algorithm Works : _ 3
" Inputs X, arrive through the préconnected pat:h Sppqensiadt )
-1.. Input is modeled using real weights W. The weights are usually r.andor.nly

selected. < i

‘2. Calculate the output for every neuron.from the input layer, to the hidden _

layers, to the output layer. 7
3. i Calculate the errof in the outputs -~
" EmorB = Actual Output - Desired Output

4. Travel back froga the output Iay'cr..to_thé hiddéﬁ layer to adjust the weights

 such that the e'n#n. is decréased. i oil ot :
5. Keep repeating ;!.he _p;oce'ss until the desired qutput'is achlevgd
Whyr We Ni{egd Backpropa'gati‘on? _ .
Most prdmiﬁent adirahtages of Backprdpagai_.;ion are: j
R Backprdpagaﬁon, is fast, simple and easy to. program . -
& Tthasno parameters to tune apart from the numb_ers of input

% It is a flexible method as it does not -r_equirc prior knqwledgg: apout the

*_network _ _ ! .
It is a standard method that generally works well ;

.
...

2,
.‘0 )

learned.

i el 3
It does not need any special mention of the features of the functmr;lto be¢

Ne‘zrural Networks 5

Types of Backpropagation

There are two types of Backpropagation which are as follows — :

Static Back Propagation — In this type of backpropzligation,‘th‘e static output is
created because of the mapping of static input. It is used to resolve static
classification problems like optical character recognition.

Recurrent Backpropagation — The Recurrent Propagation is directed forward or

directed until a specific determined value or threshold value is acquired. After the
certain value, the error is evaluated and propagated backward. '

Key Points )

% Simplifies the network strucuﬁ'é by cIémcnts weighted links ‘that have the
. least effect on the trained network : : ,
*  You need to étudy.a-group of iﬂpﬁt and activation values to develop the
relationship between the input and hidden unit layers. =
“* It helps to assess the impact that a giveh input variable has on a network
~ output. The knowledge gained from ihis“analysis should be represented in
~ rules. N L8 j IR,
% Backpropagation isAesp'ecially useful for deep neural networks working o_n.
error-prone p;oiwts, such as image or speech fecogﬁ.iﬁdn. .
3 ‘ Béckpropagation; takes advantage -of the chain and power rules allows
. backpropagation to function with any number of outputs. ;

56, UNIT SATURATION (AKA THE VANISHING GRADIENT PROBLEM)

The vanishing gradient problem is -an  issue that sometimes arises when
training machine learning algorithms through gradient descent. This ‘most often

~ occurs in neural . networks that have sé..veral neuronal layers such as in a deep
learning system, but also occurs in recurrent neural networks. - J

The key point is that the calculated partial derivatives used to compufe the

- gradient as one goes deeper into the network. Since the gi‘adi_ents control how much

the network learns during training, if the gradients are very small or zero, then little .

1o no training can take place, leading to poor predictive perfonngncr;; :
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becomes small.

‘when the inputs of the
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The problem:

As more layers using certain activation functions are added to neural networks,
the gradients of the loss function approaches zero, making the ﬂetwc_)rk hard to train.

Why: ,
Certain activation functions, like the sigmoid function, squishes a large input

space into a small input space between 0 and 1. Therefore, a large change in the input
of the sigmoid function will cause a small change in the output. Hence, the derivative

- e —sigmoid ¢ .
7 --- Derivative Sigmoid |
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The sigmoid function and its derivative

. As an example, Image 1 is the sigmoid function and its derivative. Note how
10id function becomes larger or smaller (when x| becomes

bigger), the Hg‘:riyaﬁvejb%qomes dlose to zero.

--Why: it’s'gignificant: : ; : LN,
' For shallow network with only a few layers that use these activations, this isn’ta

big problem. However, when more layers are used, it can cause the gradient to be too
sma]l for training to work effectively. Gradients of neural networks are foundusing

& baclc;propagation. Simply put, backpropagation finds the derivatives of the netw'orki
by moving layer by layer from the final layer to the initial one. By the chain rule, the

derivatives of each layer are multiplied down the network (from the final layer to the
initial) to compute the derivatives.of the initial layers. e
However, when » hidden layers use an activation like the sigmoid

function, n small derivatives are multiplied together. Thus, the gradient decreases

Neural Networks
exponentially as we propagate down to the initial layers. A small gradient means that
the weights and biases of the initial layers will not be updated effectively with each
training session. Since these initial layers are often crucial to recognizing the core
elements of tht_a input data, it can lead to overall inaccuracy of the whole network.
Solution: ' uk

The simplest solution is to use oth;:r activation functions, such as ReLU, which
doesn’t cause a small derivative. Residual networks are another solution, as they
provide residual connections straight to earlier layers. The residual connection
directly adds the value at the begiﬁning of the block, x, to the end of the_blﬁck F(x)

-+ x). This residual connection doesn’t go through activation functions that

“‘sqliashes” the derivatives, resultipg in a higher overall derivati_vé of the block.

X
.Weight layer -
F(x) ¥
Weight layer _ Mty
 Fex

A residual block

-~'‘Derivative Sigmoid 1

10 - -6 .4 2 0 2 5 5 8 10

. Fig. 5.15. Sigmoid function with restricted inputs
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Finally, batch normalization layers can also resolve the issue. As stated before, the
problem arises when a large input space is mapped to a small one, causing the
derivatives to disappear. In Image 1, this is most clearly seen at¥when |x| is big. Batch
normalization reduces this problem by simply normalizing the input so [x| doesn’t
reach the outer edges of the sigmoid function. As seen in Image 3, it normalizes the
input so that most of it falls in the green region, where the derivative isn’t too small.

What is an activation function? . .

Activation function is a simple mathématical function tha‘t‘tramfo'rms the given.
‘input to the required output that has a certain range. From their name they. activate
the neuron when output reaches the set threshold value of the function. Basically

they are responsible for switching the neuron ON/OFF. The neuron receives the Sum
of the product of inputs and randomly initialized weighits along with a static bias for

each layer. The activation flinction is applied on to this sum, and an output is
-generated. Adivaﬁon functions introduce a ﬂén—linearity, s as to make the network-
learn complex -patterns- in'the d4® such as in the case of images, text, vi.d‘eqs oF 1
-sounds. W_ithout an activation function our model is going to bel_xa{re like a linear : -

regression model that has limited Iearning capacity.

5.7. RELU

~ The recti_ﬁcﬁ iine'ar,qsﬁvaﬁon unit, or ReLU, 13 one of the few-landmarks in the

‘deep learning revolutigh. It’s -simple, yet it’s far superior to previous activation

functions like sigmoid of tanh, ¢
3 i ke | ) = ;
-ReLUfformula is : f¢x) = max(0, x)
2 y=x
* - ~‘ 3
I, _
i 2 .
\
1F . b
L 0 ‘ 3
' 4 2 -1 0 1, 2 "3 el L
' Fig. 5.16.

Neural Networks

Both the ReLU function and its derivative are monotonic. If the function receives
any negative input, it returns 0; however, if the function receives any positive value

x, it returns that value. As a result, the output has a range of 0 to infinite. ReLU is the !

most often used activation function in neural networks, especially CNNs, and is
utilized as the default activation function,

Implementing ReLU function'in Python

'We can implement a simple ReLU function’ with Python code using an if-else

statement as,

def ReLU(x): '
- ifx>0:
re'_cumx ‘

_else: -

The posiﬁve value is retlirn'ed"as it is and for values_' less than (negative valueé) or

..equall to’ zero, 0.0 is réturneq.- Now, _we'll'tclst out function by giving some input
values and plot our result using pyplot from matplotlib library. The input’range of

yaIues is from — 5 to 10. We apply our defined function on this set of input values.

" pyplotplot(series_in, series out) | odg SR

from maiplotﬁb import pyplot

defrelu(x):
return max(0.0, x)

input = [x for x in range(-5, 10)] Tt & i
# apply telu on each ininit A
output = [;'eiii(x) for x in input]

_ #plot our result e

£

pyplot.show()

‘We see from the plot that all the'n-e.:g;at_i{re values have been set to zero, and the

positive values are returned as_it is. Note that we've given a set of consecutively
- Increasing numbers as input, so we've a linear output with an increasing sldpe. :
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| Advantages of ReLU: .

- tanh in the h_iddén‘- layers léadS-fo the infamous problem of "Vanishing Gradient". The
. "Vanishing Gradient" prevents the earlier layers from learning important information
when the network is backpropagating. The sigmoid which is a logistic function is

‘ .~ " 0to 1. Also Sigmoid ang tanh satx;_rate and have lesser se’nsiﬁvity. i

Some of the advmmlcs of ReLU are: i ‘
5 i 4 i . i e
< ‘Simpler‘Cmgxpntatio'n: Derivative remains constant i.e 1 for a positive

/input and this reduces the time taken for the model to learn and in.

‘ v 4 nﬁrﬁmizingﬂleeﬂnrs. : .
* * Representational Sparsity: It is cdpable of outputting a true zero value.

- a smooth flow. So, it is best suited for supervised tasks on large sets of
( ol labelled data.
. : ‘ ‘

Disadvantages of ReLU:

L Exploding ‘Gradient: ‘This occurs when the gradient gets -?.cg}lmulated, ;
*  this causes a large differences in the subsequent weight updates. This asa’

ReLU is used in the hidden la"gers insteéd of Sigmoid or tanh as using sigmoid or -

- -more preferrable to be used in regression or binary classification related problems =~
“and that too only in the output layer, as the output of a sigmo‘i_d_ function ranges fmm 13

¢ % Linearity: Linear activation functions are easier to optimize and allow for

TR

i

Neural Networks

result causes instability when converging to the global minima and causes
instability in the learning too.

9,
hd

Dying ReLU: The problem of "dead neurons” occurs when the neuron gets
. stuck in the negative side and constantly outputs zero. Because gradient of
- Ois also 0, it's unlikely for the neuron to ever recover. This happens when
the learning rate is too high or negative bias is quite large.

5.8. HYPERPARAMETER TUNING

A Machine Learning model is defined as a mathematical model with a number of
parameters that need to be learned from the data. By training a model with existing

: d&_zta, we are able to fit the model paramet_e:rs. However, there is another kind of -

parameter, known as Hyperparameters, that cannot be directly learned from the
regular training process. They are usually fixed before the actual training process
begins. These parameters express . important properties of the model such as its

complexity or how fast it should learn.

Some examples of model hyperparameters include: : s
'The penalty in f,ogistic Regression Classifieri.e. L, or L, regularization g
& The lea@ng rate for training a neural network. _. .
The C and siéma hyperparameters for support vector machines.
" Thekin k-nearest neighbors, i ;
Models ‘can have many hyperparaxneters_ and finding the best combination of
parameters can be treated as a search problem_. The two best strategies for

; 'Hypexparax_neter tuning are:

Grid Search cV _ ; :
' In GridSearchCV approach, the machine leaming model is evaluated for a range

~of hypexparameter values. This approach _is qalled GridSearchCV, bepéuse it searches
- for the best set of hyperparameters from a grid of hyperparameters values. For

- example, if we want to set two ‘hyperparameters 'C and Alpha of the Logistic

Regression Classiﬁer model, with different sets of values. The grid search techniqﬁe‘

-~ will i:opsir,uct* many versions of the model with all possible 'com_bindtions of

hyperparameters and will return the best one.
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As in the image, for C = [0.1, 0.2, 0.3, 0.4, 0.5] and Alpha = [0.1, 0.2, 0.3, 0.4].
For a combination of C = 0.3 and Alpha = 0.2, the performance score comes out to

be 0.726(Highest), therefore it is selected. %
E 0.701 0.703 0.697 0.696

04]| 0.600 0.702 0.698' 0.702
l0a]| 0721 0726 | o713 | o70s

:'z_ 0.706 0.705 0.704 0761 -

eloal neem 0692 0688 | 0675

o1 [P0zl o3 0.5

v ‘ Alpha '

The followmg code 111us11'ates how to use GridSearchCV
4 Necessary imports :

from sklearn linear model impfBrt LogisncRegressmn
from sklearn. model selection import GpdSearchQV

# Creating the ljyperparametel" grid :
c_space = nb logspace(-5, 8, 15)

: param | grid={'C:c space} ' _

; # Instantlatlng logi lc regres,smn classifier -

logreg = Log;stlcRe essmn() )
# Instantlatmg the (ridSearchCV object

'Iogreg ev= GndSearchCV(logreg, param, _gnd cv= 5)
logneg_cv fit(X, y) .

# Print the tuned parﬁmeters and score

pﬂmt("Tuned L0g1$t1c
{}" ﬁ)rmat(logreg cvbest _params_)) '

pnnt("Best score is { !k format(logreg_cv best score_))

Regression . Parametérs:

Output

Tuned Loglstzc Regrcssmn Parameters {‘C’ 3 7275937203 149381} Best score is

' 0.7708333333333334

Neural Networks :

Drawback:

GridSearch CV will go through all the intermediate combinations of
hyperparameters which makes grid search computationally very expensive.

9, Randomuzed Search CV

Randomized Search CV solves the drawbacks of GndSearch CV, as it goes

through only a fixed number of hyperparameter settings. It moves within the grid in a
random fashion to find the best set of hyperparamcters Th1s approach reduces
unnecessary -computation.

The following code illustrates how to use RandomlzedSearch CV
# Necessary imports
_ from scipy.stats import randint
from sklearn.tree import DecisionTreeClassifier -
from sklearh.model_selection import RandomizedSearchCV

# Creating the hjpefpa;aiﬁet_er grid
paralﬁ_'c-list = {"max_depth": [3, .Nene], :
. amax_feé;tures": randint(1, 9),
"min_samples_leaf": randint(1, 9),

ucriterion'u: [llginill’ y1¢nﬁ.OPYI']} J

# Instantiating Decisien Tree classifier
- free= DemslonTreeClasmﬁer() 5
# Instantiating RandomlzcdSearchCV ob_]ect
‘tree V= RandonuzedSearchCV(tree param dist, cv-= 5)
tree cVv. ﬁt(X y)

# Prmt the tuned parameters and score

= 3 pnnt("Tuned Decision Tree Parameters: {". fonnat(tree cv. best _params_))

% pnnt("Best score is {} " fonnat(tree cv. best _score )

{

(
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Output:
Tuned Decision Tree Parameters: {‘min_samples leaf’: 5, ‘max_depth’: 3,
‘max_features’: 5, “criterion’: ‘gini’} Best score is 0.7265625 %

5.9. BATCH NORMALIZATION

* batch normalization takes place in (hat'ches,,_ not as a single input.

' 'weigpi ma!nx W : \

Normalization is a data pre-processing tool used to bring the numerical data to a
common scale without distorting its shape: -Generally, when we input the data to a

" "machine or ‘deep learning algorithm we tend to change the values o a balanced

scale. The reason we normalize is partly to ensure that our model can generalize
.appropriately'. Now cbming back to Batch normalization, it is a process to make
- neural networks faster and more stable through adding extra layers in a deep neural

network. The new layer performs the standardizing ‘and normali;ing .operations on
the input of a layer coming from a previous layer. A typical neural network is trained
using a collected set of input data called batch. Similarly, the normalizing process in

. XX XN NI XN
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Initiaﬁy, our inputs X,, X,, X,, X, are in normalizéd form as they é;;e coming
from the pre-processing stz{ge. When the input passes through the first layer, it
transforms, as a sigmoid function applied over the dot product of input X and the
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Similarly, this transformation will take place for the second layer and £o till the
last layer L as shown in the following image.

W, = W, é W w‘s‘_

Normalize the inhu_is
hy = o(W;X)
TS hy = o(W, hy) = 6(W,o(W, X))
: 0 _'=. o(Wy, hy ) | .
Although, our input X was normalized with time the output will no longer be on

_ the same scale. As the data go through multiple layers of the neural network and I,

activation functions are applied, it leads to an internal co-variate shift in the data.

How does Batch Normalization work? U L N RNy

* Since by now we hé‘vg‘ a clear idea of why we need Batch normalization, let’s
understand'how_it works. It is a two-step process. F irst, the input is normalized, and
later rescaling and offsetting is performed. el '
Normalization of the lﬁputj &

Normal-izaﬁon ‘is the process of transfohniné-the data to have a mean zero and
standard. deviation one. In this step we have our. batch input from layer h,' first, we

" need to calqlﬂate_th'e mean of this hidden activation.

Here, m is the number of neurons at layer h. Once '-we‘ha\ie meant at our end, the
next step is to calculate the standard -'de\'{iatidn of the hidden activations. -

R [‘,:‘,.‘Z (hf—u)?} -

. Further, as we ‘have the mean and the standard deviation reédy. We vﬁll norinalize .
the hidden activations using these values. For this, we will subtract the mean from
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: ‘Handles\'intern‘al covariate shift-

each input and divide the whole value with the sum of standard deviation and the

smoothing term (g).The smoothing term(g) assures numerical _stabiiity within the

- operation by stopping a division by a zero value. t
i (h—p)
fporm) 54 g

Advantages of Batch Normalizétion
Now let’s look into the advantages the BN process offers.. <

S_peed Up the Training

" By Norina]izing the,hiddeﬁ layer activation the Batch normalization speeds up the
- training process. : : '

&

It solves the problem of internal-covariate shift. Through this, we ensure that the
input for every layer is distributed Edund the same mean and standard deviation. If

* you are unaware of what is an internal covariate shift, look at the following example.

Internal covariate shift

‘Suppose we are training an;‘i_mage classiﬁcaﬁon m_odei, that'cl.asSiﬁgs the imagg's :
into Dog or Not Dog, Let’s say we have the images of white dogs only, these images .
will have certain distribution as well. Using these images model will update its .

paramigters, . . ¥ o 7

Smoothens the Loss Fungtion

‘LBétch normalization sinsothens the loss ftmct_ipn that in turn by optimizing the
' model parameters improves the training speed of the model. .

~model. To understand- why we need to shrink the coefficients, let us see the belov
. example: o, 7 : ' gl s

0

5.10. REGULARIZATION' . - S

{

' The Problem of Overfitting

S0, before diving into regularization, let’s take a step back to understand what
bias-variance is and its impact. Bias is the deviation between the values predicted by

the model and the actual values ‘whereas, van'anc_e is the difference between the
- predictions when the model fits different datasets. o

Neural Networks ' 532

When a model performs well on the training data and does not perform well ¢
the testing data, then the model is said to have high generalization error. In othér
‘words, in such a scenario, the model has low bias and high variance and is t{
complex. This is called overfitting. Overfitting means that the model is a good fit on
the train data compared to the data, as illustrated in the graph above. Overfitting fis
also a result of the model being too complex. i -

Wha_t Is Regularization in Machine Learning?

Regularization is one of the key concepts in Machine learning as it helps choose a
simple model rather than a complex one. We want our model to perform well both on,
the train and the new unseen data, meaning the model must have the ability to by
generalized. Gmeralizaﬁon error is “a measure of hbw_ accurately an' algorithm can
predict outcome values for previously unseen ddta.” Regularizétion refers to th.
modifications ‘that 'caq'be made to a learning algorith:ﬁ that helps to reduce thir .
generalization error and not the training error. It reduces by . ignoring the less

and decreasing the complexity of a model, .

~ important features, It also he]ps prevent overfitting, making the model more robus

How Does Regularization Work? . -

- Regularization works by shrinking the beta coefficients of a linear wéreséiorg

. Salary

Siope is
by+bs

~ Total years ; ~ )
of experience Nl ; (
¥ =bo + baXa + baxq + byxsxy =il
: Fig. 5.18. ;
. In the above graph, the two lines represent the relationship between total years of
experience and salary, where salary is the target variable. These are slopes indicating
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the change in salary per unit change in total years of experience. As the slope b, + b,
decreases to slope b, we see that the salary is less sensitive to the total years of
experience. By decreasing the slope, the target variable (salary) b§came less sensitive
to the change in the independent X variables, which increases the bias into the_
model. Remember, bias is the difference between the predicted and the actual values.

With the increase in bias to the model, the variance (w,hich is the difference
between the predictions when the model fits different datasets.) decreases. And, by
decreasing the variance, the overfitting gets reduced. The modelg‘having the higher
variance leads to overfitting, and we saw above, we will shrink or reduce ﬁ;e beta
coefﬁcieh;s to .overcome the overfitting. The beta coefficients or-the weights.’ of the
features converge towards zero,' which is known as shrinkage.

What Is the Regularization Parametel? _ Ay
For linear regrﬁ;ssion,. the mgtﬂz}dgaﬁon has two terms in the loss function:
The Ordinaty Least Squares (OLS) function, and |

* - The penalty term
It becomes :
' ~ Loss function_

o = Loss function . + Penalty term
. regularization ; 2 “ols :

' The goal of the linedr regression model is to minimize the loss function. Now for
Regularization, the goal becomes to minimize the following cost function:

: R el st ‘
L l o E (y:c! '“ypred)z gk Penalty
: oLy ) _ !
Where, the penalty term -i:omprises the regularization parameter and the weighf:s

associated with the variables. Hence, the penalty term is: :

© penalty = A*w. -
Whél_'e, TR T '
' A = Regularization parameter - : LS i
b = weight associated with the variables; generally gonsidered tobe -

the L — p norms

The fegtﬂarization parameter in machine léami_rxg is A : It imposes a higher penalty

on the variable having higher values, and hence, it controls “the strength of the

| penalty term. This tuning parameter controls the bias-variance trade-off. i

~* {c) Elastic Net Regression

Neural Networks '

A can take values 0 to infinity. If A = 0, then means there is no difference between
amodel with and without regularization. '

- Regularization Techniques in Machine Learning

Each of the following techniques uses different regularization norms (L-p) based
on the mathematical methodology that creates different kinds of regularization.
' These methodologies have different effércts on the beta coefficients of the features,
The regularization techniques in machine learning as follows: ;
(a) Ridge Regression :

The Ridge regression technique is used to anélyze the model where the variables
may be having multicollinearity. It reduces the-insignificant independent variables

though it does not remove them completely. This type of regularization uses the L,

norm for regularization,

Cost function = (yac,—ypm&)2+?\.- | w Hg
i=1 ; :

"(b) Lasso Regression |

Least Absolute Shrinkage and Selection “Operator (or LASSO) ‘Regr.ession-

penalizes the coefficients to the extent that it becomes zero. It ‘eliminates the -

insignificant independent variables. This regularization tecfmii;uef uses the L1 norm
for regularization. S iR :

© Costfaiiction = 3 Gyey ~FpreaP+ AW, ©
ety i=1 GBI 3 ;

The Elastic Net Regression téchnique is a combination of the Ridge and :Laéso :
regression technique. It is the linear combination of penalties for both the L; -norm

- and L, -norm regularization, -

- The model usiiig‘elastic net regression -allows the -ieaming of the 's'p&rse model
- where some of the points are zero, similar to Lasso regularization, and yet maintains -

.

the Ridge regression properties. Therefore, the model is trained on both the L, and .

. Lynorms. -

" The cost function of Elastic Net Regression is;

.

z ¢ n " i . i
. 3 e : . 2 g g o
COSt function =. Z (yac! _ypred)2 + lrid’ge : " w ”2 * ‘A‘!a.rxo 3 " w “l
! e - i=1 s _ $ i
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When to Use Which Regularization Technique?
The regularization in machine learning is used in following scenarios: -

Ridge reéression is used when it is important to considgr‘all the independent
variables in the model or ‘when many. interactions are present. That is where
collinearity or codependency is present amongst th_e variables. ,
 Lasso regression is applied when there are many predictors availablg and would

want the model to make feature selection as well for us. ¥
When many Varilables are present, and we éan’t_ determine Whéther to use Ridge or
~ Lasso regreééion, then the Elastic-Net regréssior} is your safe bet.

f

5.11.. DROPOUT

“Droi)out” in machine learning refers to the process of répdomly ignoring certam
~ nodes in a layer during training. Ini the figure below, the neural network on the left
represel-ltsﬂa typical neural networlgwflere all units are activated. _O_n the right, thf: red -
7 units have been dropped out of the model — the values of their weights am_i biases

are not considered during traiping. )

(a) ,Sta;ldafd Neural Net _
, Fig.5.19: i g g S
;Drppout. is used asl a reg_ula‘rizatibn technique - it prevents. ovgrﬁtting by ensuring
that lip units are codependent (more on this later). il "4
\

(b) After applying dropout

.
+*

,Cq‘fnr'noh Regularization Methods ,

- Common regularization techniques include: L el e
. 'Eafly stopping: stoi: trainiﬁg au;dmatically when a specific pé;‘formancé mcasure )

(eg. Validation loss, accuracy) stops improving RS :
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Weight decay: incentivize the network to use smaller weights by adding a penalty
to the loss function (this ensures that the norms of the weights are rele{tively evenly
distributed amongst all the weights in the networks, which prevents just a few
weights from heavily influencing network output) ‘

Noise: allow some random ﬂuctuatidns in the data through augmentation (which
makes the network robust to a larger distribution of inputs and hence improves
generalization) : ' : .

Model combination: averagé the odtputs Qf separately trained neural networks

. (requires a lot of computational power, data, and time) : '
- Dropout remains an extremely popular protective measure against overfitting
because of its efficiency and effectiveness. " : '
How Does Dropout \_Nork? :

When we apply dropout to a'neural network, we’fe creating a “thinned” network,
with unique combinations of the units in the hidden layers being dropped randomly
at different points in time during training. Each time the gradient of our model is
lupfiated, we generate a new thinned neural network with different units dropped
based on a probability hyperparameter . Training a network using dropout can thus -
be viewed as training loads of different thinned heural networks and merging them
into. one network thatpmks ﬁp- the key _préperties of each thinned network. This
proceSs allows dropout to reduce ﬂ'iepi'.ei'ﬁttir_lg- of models on training data.

This graph, taken from the paper “Droﬁput; A Siin‘ple Way to Prevent Neural .
Networks from Overfitting” by Srivastava et . aI, compares the changé in

:  classification error of models without dropout to the same models with dropout

(keeping all other hyperparameters constant). All the models have been trained on -

the MNIST dataset,

~ Itis observed that tﬁe models with dropout had a lower classification error than -
the same models without dropout at any. given point in time. A similar trend ‘was
observed when the models were used to train other datasets in vision, as well as

-~._.speech recognition and text analysis. The lower error is because dmpout‘.hel_ﬁs‘ &

prevent overfitting on the fraining data by reducing the reliance of each unit in the

"hidden layer on other units in the hidden layers.
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(a) Without dropout

;
; \ Fig. 5.21.. ; _

It can be observed in figure athat the units don’t seem to - pick Up on'any
meaﬁingﬁxl feature, wherea$ in figure b, the units seem to have picked up on distinct

-edges fpnd spots in the data provided to them. This indicates that dropout helps break
co-adaptations among 'un_its,' and each unit can act more independently when dropout s

‘regularization is used. In other words; without dropout, the network would never be .
able to catch a unit A compensating for another unit B’s flaws. With dropout, at -

some point unit A would be ignored and the training accuracy would Qecrease-as a
result, exposing the inaccuracy of unit B. .
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The Downside of Dropout

Although dropout is clearly a highly effective tool, it comes with certain
drawbacks. A network with dropout can take 2 — 3 times longer to train than a

- standard network. One way to attain the benefits of dropout without slowing down

training is by finding a regularizer that is essentially equivalent to a dropout layer.
For linear regression, this regularizer has been proven to be a modified form of L
_regularization. :

TWO MARKS QUESTIONS AND ANSWERS (PART-A)

1. Whatis the ?erceptran- model in Machine Le;tming?'

: : Rér_ceptro;z is Machine Learning algori:_hm Jor supervised learning of various-
binary elassification tasks. Further, P_crceptr_qn is also understood as ‘an
Artificial Neuron or neural network unit that helps to detect certain input data
the best and simplest types of Artificial lNe ural networks. _

2.- How does'l?ercepi}on work? '

computations in business intelligence. Perceptron model is also treated as one of

In Machine Learning, Perceptron is considered -as a singlé-layer neural
" network that co:isisté of four'main parameters named input values (Input nodes), -
‘wei_gfhts and Blas, net sum, and an activation function. The perceptron model
begins with the multiplication of all input values and their weights, lthen adds
these ‘values together to create the weighted sum. Then this weighted sum is
 applied to the activation function 'f" to obtain, the desired output. This activation
function is also known as the step fljnétion and is represented by 'f".

3. List down the advantagés of Multi-Layer 'Perceptr"an;

% A multi-layered perceptron model can be used to solve complex non-linear
problems, : -

- % Itworks well with both small and large.input data.
“ Tt helps us to obtain quick predictions after the training. ,
It helps to obtain the same accuracy ratio with large as well'as small data.

.
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4. Compare the types of Activation Functions.

Activation Functions , . %
Sigmoid " Leaky ReLU
; - max(0.1 x,x) !
G(x_ 1+ e—lx i ! : | i 7
" tanh ; ~ Maxout ;
tanh(x) o max@! x+by, wlox+by)
ReLU it ELU - _
TP A e x20
m_ax(O,x). ,{a(ex,, iyl

5. 'Define an Activation function ot

“An activation functid_n is a il'lim,:tion that is added to an artificial geural j
network in order tohelp the netwgrk learn complex patterns in the data. When -

comparing with a neuron-based 'modél that is in our brains, -the activation
function is at the end deciding what is to be fired to the next neuron. The flepmn
doesn’t feally-kno'“-f.hpw to bound to, value and thus is ot able to. dec1deﬂ1af;
- firing pattern. Thus the activation. functipn'is an unpoﬂant part of an artlﬁcl
- -neural network.” j : e :
6. How do. you train a neural network?

In the process of ':niﬂg,\w"- nt to start with -a bad.,lp_‘??fdrming_ ne?{gl : g
network and wind up wjth network with high agcuracy. In terms of loss function, , .

- we want our loss funiction to much lower in the end of training. Improving the
vant ss functi

netv(rorkd‘s'possibl’e, because we can change its function by adjusting weights. We

want to find another function that performs béﬁer than the initial one.
7. What is the objective of Gradient Deéscent?.” - »

. Gradient, in plain t¢erms means slope.or slant of a surface. So gradient descent

2 literally means descending a slope to reach the lowest point on that surface
8. Listllth'e types of‘ Gradient Descent: :
" Typically, there are three types of Gradient Descent:
%+ .Batch Gradient Descent
% Stochastic Gradient Descent
l % -'Mini-baitch Gradient Descent

i

12
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9. Definea Stochastic Gradient Descent (SGD):

In Stochastic Gradient ﬁcscent a few samples are selected randomly instead
of the whole data set for each iteration. In Gradient Descent, there is a term
called “batch™ which denotes the ‘total number of samples from a dataset that is
used for ceilculating_ the gra_dient for each iteration. In typical Gradient Descent ]
optimization, like Batch Gradient Déscent, the batch is taken to be the whole
dataset. il e

10. Write an algorithm for stochﬁ&tic gradient descent '
1 The algorithm starts at a random point by initializing the weights with
random values : ‘ g lss 5
Ther it calculates the gradients. at that random boint {1
Then it.m'o"feé in the opposite direction of the gfadient
"The _pro-cess' contiﬁuqs ‘t_d repeat itself until it finds the boirit of minimum
loss Sy ' : ' el

11. What do You mean by back propogation?

- Backpropagation defines . the. whole -process - encompassing - both the
'caI(;ulation of the gradient and its need in -the 'stocl_lastic gradient descent.
; Technjcall}f,'bﬁckpropagaﬁon is used to calculate the gradient of the error of the
s network concerning, the network’s modifiable weights. The characteristics of
" - Backpropagation are the iterative, recursive and effective approach through
- which it computes the updated weight to increase the network until it is not able
to implement the servideforu‘\ndﬁch’it isbeing trained ‘
What is a Backpropagation of error? . : e ol
- Each output unit compares activation Y, with the target value T, to determine
- 'the associated error for that unit. It is based on the error, the factor 8K =1,...
- m) is computed and is used to distribute the error at the output unit Y, back to all
units in the previous layer. Similarly the factoi- 88j =1, ... p) is compared for
eachhidden unit Z,. ; ikt BB S g :

13 How Baclqwropagation Algpr&h(ﬁ, Works :
~ <% TInputs X, arrive through the pl"_econnécted path iy
' % Input is modeled usiné real weights W. The weighf§ are usually randomly
selected. b sl S0 fomeg ull "
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% Calculate the output for every neuron from the input layer, to the hidden
layers, to the output layer. \

% Calculate the error in the outputs
o Errorg = Actual Output — Desired Output

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

-14. List the Types of Backpropagation i 4 _ S

There are two types of Backpropagaﬁon which are as fol?ows =
‘Static Back Propagation — In this type of backpropagation, the static outptlt
is created because of the mapping of static input. It is used to resolve static

,claséiﬁcation problems like optical character recognition. .

Recurrent Backpropagation — The Recurrent Prqpagaﬁon is directéd
forward or directed until a specific- determined value or thresho}d value is
acquired. After the certain '@l{m, the~-error is evaluated anq propag_ated.

. backward. _ : % By -
15. What is Unit saturation (vanishing gradient problefn)' i L _ ;
The vanishing. gradient problem is an issue that som‘etimes'grises when
training michine learning algorithms-through gradient descent. This most often

<

occurs in neural networks that have several neuronal layers such as in a deeg :

. learning system, but a'lrso occurs in recurrent neural networksr.__ ; T
" 'The key point is that the cdlculated partial derivatives used to compute the

gradient as one goes?dgeper into the network. Since the gradients control how

much the network ledrris during training, if the gradients are very small or zero,

- then little to no training can take place, leading to' poor ‘pre‘dicﬁve‘ perfonqange. g =

16. Define ReLU . o S i il tiion
' - The rectified linear activation unit, or ReLU, is one of the few landmarks in

tHe deep leamning revolution. It’s simple, yet it’s' far -superior to"pr_f:v1ous--

‘a‘ditivation functions like sigmoid or tanh N
: ReLU formula is :- f(x)=mé‘tx(0,x)_ S
17. StatéHypérparamter turii!tg Aoy ee e ,
N A Machine Learning model is defined as a mathematical model with &

number of parameters that need to be learned from the data. By'training a model .

with existing data, we are able to fit the model parameters. However, there is

20, Define Dropout.

“Drépqut’? in machine learning refers to the process of randomly igr10ﬁng '
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another kind of parameter, known as Hyperparameters, that cannot be directly |

learned from the regular training process. They are usually fixed before the
actual training process begins. These parameters express important propetties of
the model such as its complexity or how fast it should learn.

18. What is Randomized Search CV?
RandomizedSearchCV- solves ‘the drawbacks of GridSearchCV, as it goes

through only a fixed number of hyperparameter settings. It moves within the grid

in a random fashion to find the best set of hyperparameters. This approach
reduces unnecessary computation. Wl
19, Clarify the concept Regylarization in Madtine Learning?
" Regularization is an application”of Occam’s Razor. It is one of the key
~ concepts in Machine learning as it helps choosera simple model rather than a
- complex one. We want our model to perform well both on the train and the new
"', unseen data, meaning ‘the ‘model must have the ability -to be generalized.

" Generalization etror is “a measure of how accurately an algorithm can predict -

outcome values for previously unseen data.”

Regularization refers to the modifications that can be made to a learning -

 algorithin that helps to reduce this generalization error and not the training error.

It redt_lcés by ignoring the  less important._features. Tt also helps prevent
overfitting, making the model more:robust and decreasing the complexity of a

‘model.

certain nodes in a layer during training._ In the figure below, the neural network

on the left represents a typical neural network where all units are activated. On -

~~ weights and biases are not considered during training, -
- 21. How Does Dropout Work?

 the right, the red units have been dropped out of the model — the values of their

 When we apply’ dropout to é,neura’l network, we’re creating a “thinned” - :

‘network with unique combinations of ‘the units in the hidden layers being
dropped randomly at- different points in time during training. Each time the

.. gradient of our model is updated, we generate a new thinned neural network

8
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with different units dropped based on a probability hyperparameter p. Training a
network using dropout can thus be viewed as training loads of different thinned
neural networks and merging them into one network.that picks up the key
properties of each thinned network. This process allows dropout to reduce the
ovetfitting of models on training data. '
22. What is the Downside.of Dropout?

~ Although _dr'opout is clearly a highly effeotive tool, it comes with certain
drawbacks. A network with dropout can také 2 — 3 times4bnger to train than a
standard network. One way to attain the benefits of dropout without slowing

down training is by ﬂnding a regﬁlarizer that is essontialIy equivalent to a -
dropout layer. For linear regression, this regulanzer has been proven to be a

modlﬁed form of L, regulanzauon

e el cPART—*B‘&‘C’

Explam the Basxo Componcnts of Perceptron :

: Demonstrate the Multl-Layered Perccptron Model:
Elaborate Actwatlon functions in detail.

{ Clanfy how to tram a neural network.. 3

: Explam Stoohastlc radient descent.

~ What is back pro Jtlon’? How Backpropagatlon Algorlthm Works"

-~ Write'in detail the 11 shmg gradle,'nt problem o
Dlscuss on ReLU

" Demonstrate the strateg:es for Hyperparameter tumng

10.. Expiam the Regulanzanou Techniques in Machme Learmng
11 How Does Dropout’ Work'f‘ D1§cuss : Lk’ LS, & bl

\© po" r'-""P\,.U' :P*_'!-'" "
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ol | Narrow Aljsa type of AI whmh is Super Al is a level of Inte]hgence of |

MODEL QUESTION PAPERS

. Model Question Paper - 1
B.E.IB.Toch DEGREE EXAMINATION.,,

- Fourth Semester
C83491 - ARTIFICIAL INT ELLIGENCE AND MACHINE LEARNING
i ; s, . (Regulations 2021) o
Time: Three Hours 3 o " Maxi ‘
ol , Maximum: 100 Marks
Answer ALL Questions 2

: ‘ _ PART ~ & (10 x2=20 -M#rks)
1. WhatisAI? T
Artificial Intelhgence is a branch of computer science that deals with

developing intelligent machines which ¢
an behave hke human thmk like
: and has ab111ty to take dec:s:ons by their own, ‘ : l human’

s Artificial Intelhgence is a combmauon of two words Artificial .and :
: telhgence -which refers to man-madc intelligence, Therefore, when ‘machines

are equipped with man-made intelligence to
. perform intelligent tasks simil
humans, it i is known -as Arnﬁcml Intelhgence i s

Z Dg{ﬁ'rent Between SuperA I & Weak A I -
SNo it o, WeakAI ER R = P SuperAI

‘_ able to performadedlcated task with Systems at which machines could
W mtelhgence .The most common and 'surpass human intelligence, and can
y outrenﬂy available Al is Narrow Al perform any task better than human
llnn | ‘t_he : world of Artlﬁcngl' with cogmtwe properties.- It is an ;
telligence. . -~ A outcome of general AL - '

' 2 | Narrow Al cannot perform beyond ‘Some key characteristics of strong |
: _1ts field or limitations; as it is only [ AI include capability inoiﬁ&é the'| .
trained for one specific task. Hence it ability to- think, to reaooﬁ, s'olv.o the: i
is also termed as weak AL Narrow puzzle, make Judgments, plan, Iearn <
Al can fail in unprcdlctable ways if it and communicate by itsown. . [~

goes beyond its limits, - ~* - s T




MQ.2 Artificial Intelligence and Machine Learning Model Question Papers

3. What are the Types of Search Algorithm?

L Search Algorithm

the steepness of this slope. Further, this s]

: ope will inform the updates to t}
parameters (weights and bias).

‘ % Loss | Starting point (
i 2 it |
Ij\iformed / Blind ; L Informed Searﬂ
Breadith first search i nest First Search
=1 Unifrom cost search A*s é':r ch (
Depth first search :
= Depth Iimited search

i ! ; Valuecfwel’ht

* Paint of convergence, i.e.
where the cost function is
at its minimum

lterative deeping depth
first search :

e Bldirectiqn_al saarch ;

_ b i , : : K& 6 Type of Genemttve Models'? : : : | {
4. What is Probabilistic reasonﬁg’ f : ey : ; e : iR
% Naive Bayes f

Ay Probablhst:lc reasoning is a form of k:nowledge representation in whxch the ' ;

f e e B k i
concept of probability is used.to indicate the degree of uncertmnty in e i M_Odds i i ' DU L ;
knowledge In AL probabtltstxc models are used to examine data using® il : ’f‘ “Autoencoder i = | Bis .
statistical codes, ' e B Boltzmann Machines
% Probabilistic reasomng is using logic and probablhty o handle uncertam‘ gt o ‘:'_  Variational Autoencoder i
S situations, examplemf probabilistic rcasomng is using past situations £ EERBAE - Generattve Adversarial Network .

and statistics { predtctanoutcome 7 ; Bl ,* " 7  Write appltcatmns afNazve Bayes Class fer?
5. How does Gradien. Descent work? . :

s S ~ % Ttis used for Credlt Scoring.
Before starting the working pnnclple of gradtent descent, we should know - i SAEREE used in medical data classnﬁcatmn

<%
some basic concepts to'find out the slope of a line ﬁom linear regresswn The % It éan be used in real
b equanon for simple lindar regressmn is glven as: - an eager leamer
f,‘ A oy Y=mX+c

. Where 'm! represents the slope of the line, and ! ' represents the. mtercepts on
.the y-axis. . \

ttme predlcttons because Nafve Bayes Class:ﬁer is

& It is used in Text classtﬁcatlcn such asSpam filtermg and Sentxment |
analys:s

" The starting point (shown in below ﬁgure) is used to evaluate the

performance as it is con31dered just as an arbitrary point. At this starting pomt,
. we will denve the first derivative or siepe and then use a tangent lme to calculate

- 8. What do you mean by Unsqperwsed leammg
: i Unsupemsed learnmg,

also known -as unsupemsed machine lcammg uses
. machine learning algori

thms to analyzc and cluster unlabeled datasets These
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“10.

1T

L 1

‘(a} Explain Bayes® theorem with example

algorithms discover hidden patterns or data groupings without the need for
human intervention. Its ability to discover similarities and differences in
information make it the ideal solution for exploratory data anflysis, cross-selling

" strategies, customer segmentation, and image recognition

Define a Stochastic Gradient Descent (SGD):
In Stochastic Gradient Descent, a few samples are selected randomly instead

" of the whole data set- for each iteration. In Gradient Descent, there is a term

called “batch” which denotes the total number of samples freth a dataset that i is
used for calculating the gradlent for each iteration. In typical Gradient Descent
optimization, like Batch Gradient Descent, the batch is taken to be the whole
dataset.

Write an alganthm for stochastzd gmdtem descent. ”; .

1. The algorithm starts at a random point by mmahzmg the welghts with"

random values : -
2. Thenit calculates the gradfant's at that random point
*3. Then it moves in the opposue direction of the gradxent

4. The process continues to repeat 1tself until it ﬁnde the pomt ‘of mxmmum,

loss it

PART - B (5 x13=65 Marks)
(a) Wnte about (’SP ‘Vlth smtable example" ‘b

' Ans Refer Page(No 1 36
I OR]

(b) Explam the types of Umnformed search algonthms? :

Ans. Refer Page No.I. 13

\ ‘Ans: Refer Page No.2.5

/ ' [OR]

- '(b) IIlustrate causal network with neat d1agram

" Ans: Refer Page No.2.22 .

S

Model Question Papers

13. (a) Write in detail about Generative Modelling?
Ans: Refer Page No.3.46 .
‘ [OR]
() -Explain in detall about Naive Bayes Classifier Algorlthm'?
-Ans: Refer Page No.3.47 *
14. (a) Detazl the Steps to create k-means clusters
Ans. Refer Page No.4.11
: [OR]
(b) Demonstrate Gaussian Mlxture Model (GMM)
Ans Refer Page No.4:17.
15 (@) Expla.m the Regulanzatlon Teclnuques in Maehme Learmng
Ans: Refer Page No 5.35 BT
o - poRy
®) How Dees bropout.Wbrk? ;
©, Ans: Refer Page No.537

- PART '-'c (1x15 = 15 Marks)

16. (a) Solve the Cryptanthmetlc prohlem CSP SEND + MORE MONEY ?

Ans. Refer Page No. 1.38
[OR] _
(b) Explam Bayes theorem w1ch example.
Ans: Refer Page No 2 10 '

‘********i****e*******]
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Model Question Paper - 2
B.E.B.Tech DEGREE EXAMINATION.,.
Fourth Semester %

CS3491 - ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING

(Regulations 2021)
Time: Three Hours . : Maximum: 100 Marks
' Answer ALL Questions ]
PART — A (10 x 2 =20 Marks)
1. List Some Applictaions of A.I?

% Game Playmg

R

Al is widely used in Gammg Dlﬂ'erent strategic games such as Chess, where

the. machine needs to think Iogxcally, and video games to prowde real-time

. experiences use Artificial Intelhgence
% Robotics: , . :
Artificial Intelhgence is commonly used in the ﬁeld of Robotlcs to develop

L

intelligent robots. AT unplemented robots use teal-fime updates to sense any.

obstacle in their path and can change the path mstantly Al robots can be used

for carrying goods in hospltals and industries and can also be used for other_ Y

different purposes.
Heal;hcare, 1 e e : s
" In the healthcare §o i, Al has diverse uses. In this ﬁel'd Al can bé used to

detect diseases and cancer cells. It also helps in ﬁndmg new drugs with the use

" of h1stoncal data and‘medlcal 1ntelhgence

‘2. List the types of Arti f’ cial Inte!ltgence?
o ( Artifi clal intelilgence ]

 Narrow General Strong Reactive Self
Al ‘Al Al Machines - - Y\ Awareness
i : - Limited - " Theory .
Memory . of mind

-

s, Def' ine Bayesmn Learning.

Model Question Papers

3. What is Blind Search and it types?

The uninformed search does not contain any domain knowledge such as
closeness, the location of the goal. It operates in a brute-force way as it only
includes information about how to traverse the tree and how to identify leaf and
goal nodes. Uninformed search applies a way in which search tree is searched
without any information about the-search space like initial state operators and
test for the goal, so it is also called blind search. It examines each node of the
tree until it achIeves the goal node.

It can be divided into five main types
‘Breadth-first search
* Uniform cost search
Depth-first search
Iterative deepening depth-first search
- Bidirectional Search

4 Give an real life axample af Heumt:cs search?

Y
L

o o
0-.0 0.0

.,
0

0,
3

1 Stgreotsrping ;

Examplesof \ . . .
Heuristics ~

Educated Gdess

-+ Common
_sense

Rule of thumb

Profiling

. It calculates the probablhty of each hypotheses gwen the data and makes
predlctlons on that basis, (i.e.) predictions are made by usmg all the hypotheses,

weighted by their probabilities rather than by usmg jUSt smglc “best”
hypotheses.

6. 'Define Naiveé Bayes model.

In this model, the “class” vatiable C is the root and the “attnbute” variable XI

. are_the leaves. This model assumes that the attnbutes are conditionally
T 1ndepcndent of each other, given the class. :



Artificial Intelligence and Machine Learning -

7. Write simple lmear regresswn"
= Both Xte

@,
o0 )

< J

Y represents the output or dependent variable. -
p -

*°Le

*,

coefficient (slope) respectively.
< g (Epsilon) is the error term. ;
8. Whatis meant by Expectation Maximization (Elm mtmﬂon 2

The ExpectatnomMaxnmzauon algorithm is perfonncd exactly the same way.
In fact, the optimization procedure we describe above for GMMs is a specific

implementation of the EM a!gonthm The EM. algonthm is just more generally
,and formally defined (asit can be apphed to many other optimization problems) 3

So the general idea is that we are trying to max1m1ze a hkehhood (and more

frequently a log-hkehhood), that is, we are trymg to’ solve the following -

: optlmlza’uon problem -

- max log P(X| @)= ni(gxlog[HLP(:é-.l @j_)] = mgx Z—'log' @6110) .

« g, Cangpare the (vpes of Acnvatwn Functwns. .

" Activation Functmns -
Sigmoid 1 : 'Leaky Re_I-.U
- Jegeuibs " 7 max(0.1x;x)
=1 = ] : o
/ =10 ) ¢ 10
, tanh 7 - Rt M
* tanh(x) max(w'lr X fi- }:;_I,,.w;r x +.b,)
r E s
v
- ReLU . ~ ELU .
max(0,x) . {x x>0
e afer = 1) x<.0

s and B, are two unknown constants that represent the intercepi and -

14. (@) Compare the: Advanced Ensemble techmques

Model 1
Question Papers

10. How do you train a neural network?

In the process of training, we want to start with a bad performing neural
network and wind up with network with high accuracy. In terms of loss function,
we want-our loss function to much lower in the end of training. Improving the
network is possible, because we can ¢change its function by adjustmg weights. We -

- want to find another ﬁmotlon tﬁat performs better than the initial one.

PART - B (5 x '13 = 65 Marks)
11. (@) Explain Hill Climbing Search algorithm,
Ans: Ret_‘er Page No;i.29 ;
. [OR]-
(b) ‘What are the applxcatxon of AI.
- Ans: Refer Page No.1.7
12, (a) Explam Workmg of Nalve Bayes Classxﬁcr ‘with example
Ans Refer Page No.2.11
; : - [OR} :
; (b) Explam in detml about approxnnate mference in Baycsnan network.
Ans: Refer Page No 7 fo 5 VIR 5
13 (a) Explain in detail about Maximum ﬁ%&g;n Classﬂier‘J \ :
" Ans: Refer PageNo.3.52 ' e Bl "1 '9', -?% o I it
: i IORJ "y, ik
®) Wnte in detail about Decision tree’? e, -,,'?-’ ', J?’Qﬁy ;';7’&’:‘3,«,
Ans Refer Page No.3 55 - :

Ans Refer Page No. 4.4
: -[OR] ;
(b) Explam thc ‘Workmg of Unsupervised Leammg
Ans Refer Page No. 4 11
15. (a) Clanfy how to.train a neural network.
. Ans: Refer Page No.5. ll '
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[OR] :
(b) Explain Stochastic gradient descent.
Ans: Refer Page No.5.16

PART - C,(l x15=15Marky) s

16. (@) Explain the types of Uninformed search and Informed search algoni‘hm?

Ans: Refer Page No.1.13.
: : Y [OR]
" (b) Demonstrate Gausman Mlxture Model (GMM) I’
Ans: Refer Page No 4. 17‘ y \
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