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¥
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|
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|
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LECTURE #3 ALENTS OF ARTIFICIAL INTELLIGENCE) INTELLIGENT ALENTS

Simple Reflex Agent

JUIVOIIAU

Figure 210 A simple reflex ugent. 1t acts scconfing 10 a ruls whose condition matches
the curront state, as defined by the pereept

We call such a connection a condition-action rule, written as:
if car-in-front-is-braking then initiate-braking.
(Also called situation-action rules, productions, or if-then rules)

Simple reflex agents have the admirable property of being simple, but they turn
out to be of limited intelligence.

The Simple reflex agent will work only if the correct decision can be made on the
basis of only the current percept - that is, only if the environment is fully
observable. Even a little bit of unobservability can cause serious trouble.

For example, the braking rule given earlier assumes that the condition car-in-
front-is-braking can be determined from the current percept - a single frame of
video.

A simple reflex agent driving behind such a car would either brake continuously
and unnecessarily, or, worse, never brake at all.

The advantages of Simple reflex agents are :
1.Very easy to implement
2.Computational complexity is minimal

Problems with Simple reflex agents are :

1.Very limited intfelligence.

2.No knowledge of non-perceptual parts of the state.

3.Usually too big to generate and store.

4.If there occurs any change in the environment, then the collection of rules
need to be updated.

The simplest kind of agent is the simple reflex agent. These agents select actions
on the basis of the current percept, ignoring the rest of the percept history.

Simple reflex behaviors can be understood as follows: Imagine yourself as the
driver of the automated taxi. If the car in front brakes and its brake lights come
on, then you should notice this and initiate braking.

In other words, some processing is done on the visual input fo establish the
condition we call "The car in front is braking." Then, this triggers some
established connection in the agent program to the action “initiate braking."

Model-based Reflex Agent

{_Coadion-actioa m\c;}—>{ p
| Agent Actaatces

Figure 211 A model-based reflex agent.

wreept) returns an action
oncepeion of the world state
n of how the next state depends on current state and action
dition—sction rules
lly 1

Figure .12 A model-based refiex agent. It keeps track of the current state of the world,
using an internal model. It then chooses an action in the same way as the reflex agent.




The most effective way to handle partial observability is for the agent to keep
track of the part of the world it can't see now. That is, the agent should maintain
some sort of internal state that depends on the percept history and thereby
reflects at least some of the unobserved aspects of the current state.

For other driving tasks such as changing lanes, the agent needs to keep track of
where the other cars are if it can't see them all at once. And for any driving to be
possible at all, the agent needs to keep track of where the cars are.

First, we need some information about how the world evolves independently of the
agent. For example, an overtaking car generally will be closer behind than it was a
moment ago.

Second, we need some information about how the agent's own actions affect the
world. For example, when the agent turns the steering wheel clockwise, the car
turns to the right, or after driving for five minutes northbound on the freeway, one
is usually about five miles north of where one was five minutes ago.

Goal-based Agent

What it will be like

JUSWUONAUF

Goal What action |
RN, should do now

Agent

Figure 2.13 A model-based, goal-based agent. It keeps track of the world state as well as
a set of goals it is trying to achieve, and chooses an action that will (eventually) lead to the
achievement of its goals.

This knowledge about "how the world works"—whether implemented in simple
Boolean logic or some other logic/scientific theories—is called a model of the
world.

An agent that uses such a model is called a model-based agent.

Knowing something about the current state of the environment is not always
enough to decide what to do. For example, at a road junction, the taxi can turn
left, turn right, or go straight on. The correct decision depends on where the taxi
is trying fo get fo.

In other words, as well as a current state description, the agent needs some sort
of goal information that describes desirable situations. For example, being at the
passenger's destination.

The agent program can combine this goal information with the model (the same
information as was used in the model-based reflex agent) to choose actions that
achieve the goal.




Utility-based Agent

- What it will be like

What my actions do I of || \Ih,\;:c“.m ‘\ i

( Uttty ) How happy I will be
Unility

in such a state

JUDWUONAUF

What action I
should do now

Figure 2.14 A model-based, utility-based agent. It uses a model of the world, along with
a utility function that measures its preferences among states of the world. Then it chooses the
action that leads to the best expected utility, where expected utility is computed by averaging
over all possible outcome states, weighted by the probability of the outcome.

Learning Agent

A learning agent can be divided into four conceptual components:

Performance standard

1. Performance Element
2. Critic Element

3. Learning Element

4. Problem Generator

JUDWUOTAUY

Figure 2.15 A general leaming agent.

In many areas of Al, learning has become the preferred method for creating
state-of-the-art systems.

Learning has another advantage, as we noted earlier: it allows the agent to
operate in initially unknown environments and to become more competent than its
initial knowledge alone might allow.

The word "utility" here refers fo "the quality of being useful,” not to the electric
company or waterworks. Sometimes, goals alone are not enough to generate high-
quality behavior in most environments. For example, many action sequences will get
the taxi to its destination (thereby achieving the goal), but some are quicker, safer,
more reliable, or cheaper than others. Goals just provide a crude binary distinction
between "happy" and "unhappy" states. A more general performance measure should
allow a comparison of different world states according to exactly how happy they
would make the agent. Because "happy" does not sound very scientific, economists
and computer scientists use the term utility instead.

Like goal-based agents, a utility-based agent has many advantages in terms of
flexibility and learning. Furthermore, goals are inadequate, but a utility-based agent
can still make rational decisions.

First, when there are conflicting goals, only some of which can be achieved (for
example, speed and safety), the utility function specifies the appropriate tradeoff.

Second, when there are several goals that the agent can aim for, none of which can
be achieved with certainty, utility provides a way in which the likelihood of success
can be weighed against the importance of the goals.

The key components of this system are the learning element, responsible for
making improvements, and the performance element, responsible for selecting
external actions.

The learning element utilizesss feedback from the critic on how the agent is
performing and determines how the performance element should be modified to
achieve better outcomes in the future.

The design of the learning element is heavily influenced by the design of the
performance element. When attempting to design an agent that learns a specific
capability, the initial question is not "How will I get it to learn this?" but rather
"What kind of performance element will my agent require to execute this once it
has learned how?"

With an agent design in mind, learning mechanisms can be developed to enhance
each aspect of the agent.

The critic informs the learning element about the agent's performance relative to
a predetermined performance standard. The critic's role is essential because the
percepts alone do not offer any indication of the agent's success.




The problem generator serves as the final component of the learning agent. Its
role is to propose actions that will result in novel and informative experiences.

The major points to recall are as follows:

1) An agent is something that perceives and acts in an environment. The agent
function for an agent specifies the action taken by the agent in response to any
percept sequence.

2) The performance measure evaluates the behavior of the agent in an
environment. They can be fully or partially observable, single-agent or
multiagentformance measure, given the percept sequence it has seen so far.

3) A task environment specification includes the performance measure, the
external environment, the actuators, and the sensors. In designing an agent, the
first step must always be to specify the task environment as fully as possible.
Task environments vary along several significant dimensions. They can be fully or
partially observable, single-agent or multiagent, deterministic or stochastic,
episodic or sequential, static or dynamic, discrete or continuous, and known or
unknown.

Why would we want an agent fo learn?

There are three main reasons:

1) First the AI designers cannot anticipate all possible situations that the agent
might find itself in.

For example, a robot designed to navigate mazes (networks of paths and hedges
designed as a puzzle through which one has to find a way) must learn the
layout of each new maze it encounters.

2) Second, the Al Agent designers cannot anticipate all changes over time; a
program designed to predict tomorrow's stock market prices must learn to adapt
when conditions change from boom to bust.

3. Third, sometimes human programmers have no idea how fo program a solution
themselves.

For example, most people are good at recognizing the faces of family members,
but even the best programmers are unable to program a computer to accomplish
that task, except by using learning algorithms.

4)The agent program implements the agent function. Various basic agent-
program designs exist, reflecting the type of information made explicit and
utilized in the decision process. These designs vary in efficiency, compactness,
and flexibility. The appropriate design of the agent program depends on the
nature of the environment.

5)Simple reflex agents respond directly to percepts, while model-based reflex
agents maintain internal state to track aspects of the world not evident in the
current percept. Goal-based agents act to achieve their goals, and utility-based
agents aim fo maximize their own expected “happiness."

6)All agents have the capacity to enhance their performance through learning.

An agent is a learning agent if it improves it's performance on future tasks
after making observations about the world.

Any component of an Al agent can be improved by learning from data.
The improvements, and the techniques used to make them, depend on
four major factors:

1. Which component is to be improved.

2. What prior knowledge the agent already has.

3. What representation is used for the data and the component.
4. What feedback is available to learn from




LECTURE # 627 UNSUPERVISED LEARNING . K-MEANS CLUSTERING
K-Means M;tenhj

- The term K-ymeans was fivst used by Tames Mac Kucerw i
1967 , thougs the (déa gow back ip HUGO Stiirbaus in |956.
*The standarde algorithme was st proposed, by Stuart LloYd
Of- B labs wn 1927 as a tlevique (o1 pulse todt Modulationr,
Wolgh 11 Wasnt  published as a jodrnal artide wmirl 1982.
“(n 1965, Edwarad W Forgy published esseritially the same methoc,
Whith s why it Js soretimes vdjevved o as Lloya—Forgy.
“Kemeano 15 0Nt of the msst  popular "dustenig ! atgo r 19,
© K-mamw hao L-centroids that b Uses 15 defire the snwnber
Of custeys.
A poink 5 considerd o be o a pavticaiar custer if &
s closor to that dusterv’S antroid, theeo any ottrer controild.
“K-Meara Fnd e bert cntroids by ﬂﬁt’t’/rﬁ@b‘nj betweers
(D) assigning dats points to dusters bysed on iy yert controids
(2) ompute  centroids (poinds wiick. dre the centrze of a cluoter)
based on e curyont assignmunto of data points to cdusters.

whert, Cr= K*% durtty cntre (ound by 2akiig e average or
M of AL e points assigned to L.

STEP— 3! FInd ntt’ K-contnids (1¢ the £ numbeor of ycans
basdd o e dath points assighed 1o repuelive duotug)
a0 I oty N OF e currepts partitions.

Crusi, = L = 2

- 7 ges \\*amzzgo of meanters of tnater

STEP—4. Yo LAtk 10 Step-2 , 3t0p Whth. (Lenbolds or copoter
O 40 Nt 4/@4?275' ar Zﬂ%fi& (ZZU@”Z%WMZ.

W other words, the goad, is to attaun e st ohletive  funetion .

“Dow W dpard, v e it seed value X YES ]

“K-Means may not duwways (Nverge at Glotel mihimam
(optimal ssl™ with. loweot Wess)

CK-Means (onverges to locad, mindmia. amd not niccsarily
at i globah mwirima (gloval oplirmw) .

© lonvergence dperido o Tl sed value.

K-Megre %aateﬁhj LThe Algorltheny

GVt the chyster rmmber "K' for any datr ponts ao datz set,
A ﬂlgor/'/z%m IS carritds OUE u {fonv seps after Nutialisation:.

STEP-). Chosse any K-cenbuolds or custer contres rardomdty .

STEP-2: Assign cack datev point @ te mArert centroid o
UL (P . USe Euthidear. gv Lz nstrt O sguare of
EUclidbar. Aas disiAarce metne

Givere a sgt of dakn poivts 4X), s, .. .20y in a datasel
where cach pt- is a d- dimensiovial, veal  vestor, k-Merns
CMOLLrIItg at T parkition the N amtn pomks wito K /<n)
ot ¢ = (6,8, .. ,C} S0 do to mynimize the
Wittt ~cluoter sum OFf squavts [Wess) or EUttidess. Asiasie.
Formally the ob)tetive 7%{}7447‘4% /S 1 fired,

. arg mes £ *
Oyretie Fcam= " > 2 |l zi—cel®
K=l =)

Example | [K-Means)

Problemv . 4 #Yplo 0f mitdicinto — gpth Mdo two altrbuaes
\ (pH £ weight wmdex)
goal — group wito R wuoters

el e e e

. P ---+
_P_____I

Pistane wetrix
(5 Buclidea. Distance
Mashattain Distamee = |xi) }
Lp Norno  (w genenads




| P P

+_____

361
2:83

dar= (-v*+ (-)* =0
der = N@-D2+ (32 =12= 26|
daz=\ (21024 )-1)2= |

dea= @ -2 (z-02={g = 2.63

F=g-——r-"-——%F-7

Loedioo|bodios

+

Aar=[361-D>+ (2:67-1)*
adpz2= (z67-2)2+ (267-1D"%
Adez =N (z67-4)2+4 (2:67-3)*
Adpz= (367-8)*+ (267~

A = w0,z ) =0 = ¢/
B wuilly2-36)= 1 — <)

=Y

Euthdeary disiznce
c
4
3 4

Seb-l Use wmitiad sud poings
for posikiord ng

] ( ravdomiey )

] Cr lin) =~ gromp!
C2 (2,) ~ Group 2

daei= J(z—DLHl—UL: )

det= N (51024 4-1)2={25 =5

dga= N (2-2)%+ (1-1)r = &
dpa= Jls-2)2+¢a? = 18 = 4-24

C2=(347,267)

- Reneo mumbershiy  based. o
N cendroids

- lombute Aistzmee  of 2\ ob)eets
to e e Cenbivids

p/:[ o l 361 5 z
214 A3 047 )89 2.

A1 =sqme ¥ (=41, 2,3,4% Stvce =) is urithange,

/

z.14

C = My [Z61,047)=0 47 Dz
D= wun (5,)-88)= 1188 L2

Assign each, objLet
o a4 UUSter Wit
e nearest seed point

A—> min () =0 cr}
B— 2w (l,8)=20 £2
c = mur (56(,283)=2-83 <c2
D= v [5/4_.24): F-29 2

Lompuite vieo centroids of e urrent  paytizon
we o punkbers of sack. dter, We s find o)
antrod of catk group by tating average of- Pumiper values.
g=011)
5Z=/ z+4 45 /+3+4—)

) 3

= (_;)_,?2) = (342,247)

F=a==m="=-t=7

o=e

_?_____

o=/ |+2 i) = (s
: (—’ =) 117

2

CZ: (‘4-25 ’ 324—) :(4.5/3.5)

0-5 32 4.4 <
071 0-7I c2

Lo

C2 2

Stop die 2 16 nuw assignmet
NI Shup W Lath. cluoter
0 lorger chavge. .




Example =2 (K- Means)

in previous prodlgpm , Use O=A [ swd value.

Co=C
Use K- méano withe  Manhatlze. distzriee metric fov olélctér/‘ﬁg
analysis by setivis =2

1) How many steps required (or (oNvorgesse
2) What arve yurrbdisiiy of WO i ters aftor convergence D
3) What are anbvido of W0 toters after (orVergese)

B

K—\eans . o 6wz oter date
A A
A A W—
A A
Witialize contexs rmdomu[

s A
Distance (oeha redlting ao Hrntiono 1
2 2 Stop W Mo hanse.
iterate - Assige /dustor cag. cxamble t clos et center,
© Beadjuss. — thoter andaik chaniging — Keb doing until 777 thange
" EULhid epi- distance — distanu metric unless sgited. (cam be any 2prm)
Sop whts, no further hift of Cerboid.-

A

K-means clustering is mot- global optimam ( lotal optimius)
K- Meghn — randomly choose cenbroids —partitionmg data randor-ly
T eluotering centers are basid g Seplration.
Image

R a B
Rﬁﬁ@//

N2entrite with, RGB valuew
total volwew = %xan = Z7Z yalheo

(Ra,B)
Ywoter ot Size Nxn

RGE 1magt

Nor178

F R — R is worm if —— £(1) 20 ¥ 26 RH v negetiue
— HW=0 & x=0 detinite
—— L= 18 fn) A 2E R L LR
hemegenois

— FA) L FHFLY)  trianguar ihequaldy
) 2)) — general

N2,y — speectic norm
Norms Afaulitates Longho ard it meaAsurLwunts.

s Jlx)), o Euchideane noym (L nsim
S )xlly = )+ e+ o+ )12n) (fg N O Manhattan. diSiavie)

1)
- JJxlp :[[z,[ P4 22) P+ o+ () Pj g /lp 161 )

* WAl = maxt 12100, 122), . . 1 EXn)} (Lo 20T )

K- Means M;tm'@q

Strengitn
‘Relatrvely efticient @ ol L knd)
N=No. of Ob)ULS O data polts
K= n0. of custers
A= of feattres
L= 0. pof erations
Normally, K, i <n
Often terhuviatdd at a lslal optrmum.
The glotal  optitmum may be tund usirg teeniques Suth ag;
Adeteymnistic annealing and. genekic Algotithms

lombiiativnal comp & xity
T By O-Notutim,

Wlaknex

- Need 4o specity K= 1np. 0f cusiers ih advarce .

* Sensitive to initigh seed, points [I-e: random cluster centers).
T Unadle to hardle Vpisy data ard osuttiers.

Nt stitable to discover csters ywitho hion-conveX shapes.




How 2o choose optimem, vale of ¥ 2 (Vimp)
, , Ga lpt of rescarch done |
* We have ‘quality indices — measuras of- the clusters to arcew
AES quality ar check effriciency. (&4 Siluwdle hallx, Dunn thdlx,ei)
WE use them o fingd optimal k.
@/\J) MAX. Yalke OF quality Lhelex
halex chyose corresporiding £ -vae as optirmal

> K

Wh-nmmma
TN

NF-<
\\m

* 0ne other commonly Used gpproath is elbow  method. .

KR—optimal,
objectine. .

ohjekive whan k=nc

|

i

|

° v
.

= .

K

Steb5 : (reatt (mag thiak segmiert HLE 11agt by lolov
Apply label and. color thfo of eathk plxel to seberate color
wnagio corveoprrdivg o Hwer cluotess.

“blue” pixels “white” pixels “pink™ pixels

Some. Reltyants Dotz Cddoia/‘nj works that you 7vay vy :

[1] Nighehal K. Verma and M. Hanmandlu, Color segmentation via. Improved Mountain Clustering Technique,
International Journal of Image and Graphics, vol.7, no. 2, pp. 407-426, Apr. 2007.

[2] Nighehal K. Verma and A. Roy, Self-Optimal Clustering Technique Using Optimized Threghold Function, [EEE

Systeme Journal, vol. 99, pp. I-14, Jul. 2013. (_, s9/— ¢czarch gygg& = fnd £ wnplemert
using codto o site.

~Not fov exam!
Applications of KB-Means

Colony ~ Based 1mage Sdmentation ysiyng k-Means

Steb | laad tolowr umage of HSSUL Stairied witto hupzstosi £ cosin (HPE)
— Finding black downt meth exact blade ~sin lorr ~segmert

Steb2: (myert RyB coloy spact —> ¥ at b color spaee

LT a®st =

“LPa* v*is designed to apbroximate Wurman \ision watitc B4B,

C (ombPlizatcr Eraviformatine blw K4 B 4 rat b*

Q* a% p*) = TLR G, 8) (RG1B)= T (L2 o% 1%)

Stth3 ! K-Mwws plpotering with K= 3,
Steb ! Label every pixed th Lmage using ¥-meano cuoterivg yeoult

[#’-}’{L 4;}{. ey Mlh) a n image labelod by cluster index

> 4 . | I)“

Aun: 10 SLgmmert the Umage based v Colors.
Seqment 1o roughly | apbrox. best matee Lloik ard not exacty .

Shmmary (K-Means)

*K-Means dlagyithme is simple yet populdy mettwd for owstw}jj analysis.
U perforwance is dkermisud by initidlisation and. apbrobriate
Astanct méasure..
*Tre are  sevored, varianis gf K-Means to overcome s weaknesse
— K-Mdrods : resiStane o moise and outters
— K-Modeo © extepsion 1o lattgoriial data custering analysis
— CLARA ' extwision v dérd wit 1arge clatacets
— Mixture modelo [EM algorithm) : nandbing unterizinty of culsters




LECTURE # 8B FUzzZY c-MEANS CLUSTERING

Fidzzy C-Means (FEM, )

*Fuzzy C-Mearnos [Ecm) cwsten‘nj IS an pxtension Of He
K-Meara  diolering deeloped by T C.punn tn 1973 andl irmproved-
by T.C. Bezdek wn )98).

* FCLM clusterivig allows dat poinks 1o be asgigned hzo won
than ong custer

* Tis algorithm  wortes by assigurng membrhip to Atk datw
point ,arr/zpanmhi to zach custer on the basis Of jstance

blw WL clister cutre and datr  peoint. Datd naar o the
LUUStlr center move (o i£S wmandoershup for the particiulor

Chter conter. ALlgarly summatine of punbirsnip of 2acko datz
polnt: shpuld be equal 2o 1.

FDepime a family of puzzy sets Aj whert J=152,...,C s a fdzzy
C—partitions i tu Unjverse of dal points X
&j IS the d-dimensional center of the [7* ciuster.

© ASsign a. membersiip dégree to YAriods data points (X)
cath fuzzy set (fdzzy class). Henit , q single data  poivet
can have pariiad membership degrie h ore ha One cster.
For &g~ e (7 data point (h the jA cluster pave ymbership
degree. i € Lo)1]

* T condition s Bhat the sim of all the wtmbershiy degregs
for A sigle datn point i al e dUsters hias tp be ity (1),

r{"f .

n
> =1 ¥ i=4423. .0}

J=i N _otalme of arin poinis
*Define a filzzy c- parbibon mabrix Ufm groubing a clo)leLtiorn
of n data PoMES hto £ -dUSterS. The oblectve fuviction T
for & tuzzy C= parklbions pp givew ao
n c
ﬂT(U/C)= : Z/ [/x[/'j)m/dl'j)z

Objective Eunction E = N weights timbodusd to k-maans

To jntroduce s aorbom we define a sample set- of 72 datm point
ik we want to LUUster

X= {2?;,2_'2,7?3», C o n)
cath data pont Zy Js dgnet by A fealdreo i

KL= 4 Zea, iz, iz, - ., XiDY  where D =70 of featurew

Dataset Flrlures
X—>

4
P
z, —~

: : C N bold, (vector)
Z2 ytaple data pPrs.
Zz

n
7 vatapoints

NX D wmatrix
datn poidts S peaturas

D 1/2
dij = dlAj—cid= 11 (2;— ol = [dz) (%id — cyet) Z]
Uij = membership of e ith data point . e j7* guster
i) = Bickidean distanct bl 14 puster cordov and (7 date poink
Zid= At tature of- #e it~ gaia sel
mE£ [1,00] weighing paramettr onbols #he ammownt of fuUzzness
w the olasteri%g process (Usually m=2)
&y is the e duster conier dscrivel by D featdre o
TPreseteds . the veator forn
cj=4¢pa,c42,. . ,c49p}
Edth csttr  (Cobrdinalto for wery custor iave be caliulated
ao follows n
cid= 2 (i)™ Zid

S ()™

=)

where A IS a4 vaviable on e feakure spbac i€ d=1,,2,3.. >
Optirmuwmmn fuzzy C- partitions will be obtained by
T¥CVY, ) = min (T(v,e))




Fiuzzy C~-Méans Hustenrio Algsrithne

STeP-1: Initialize U= [ Mij] matrix ,
(Inisial membershipp matrix)

STEP-2 | Laleulake the dustey centers &j for J= 1,2, .

7 —_
= % (MES

y’? randomly.

. wire P9

N="10. of datz poirts

# C= 70 of custers
> (uiv

Eath duster foordinates  for evory duster . be aliulated

v follows : - ”
cid= = ()" Zid

% (i)™

where- d. i 4 variable on e featkure <sbace d= 41,2, ...

Example 1

23 4 566 7 8 9 loh

Wi = degree of yumberspip of  zy i tht Clldstery.

=~
i(llz«'—tﬂ) —
ko1 \N%i-ckll) b=2

Un= 1 =0-99 Mz =

dij=llz-cjll =

(weigpted avenrge)

2—3\2 2-3 \* 2—1l
-3 +(z—//) 2-3

e = M2z =

2 2-
5 (z—u
1

3_ (; 3 21l
(3 3 /;) 2-3

2 (» 3 .

an-l)

x—\)

—11\2 (»-u z
- ) +

x-3

2 2-
+(z—//

1

wmitiad centwoids (ZL1)

it P
dz_/[zu - zZjd.)

=00l

STEP-3 | Update Um v 45
Miy = = =
Za “ Xip—Cj ! m-1
K=1 ” ZL'CIC”

D
dj= d(x—-cj) = ) Zj—Cszldz_} (zid —ZM,)ZJ

(proportion. canumiation)

1)2.

whtre A=1,2,3,. .. D>

stepa 1t WU 0PN < £y sTOP
OMerwise Yeturn 0 step 2.

*Ust M=2 (fuzziness paramieter) wnléss stzted.
* Mo the value of m, beller information , [E35er fUzziness

* Ul K- means ,FCM also veache at locak optimume syl
et the global opliruin.

Initiat Mempershib vaues 1) ¢

dotal [surz)

SO RSO HMWUN

=

Updated clustor centérs L=

C1= 0:99X%2 +12X3 +0-98°X 2 +0-9%5 +0-722x6 +0-52x 7+ 0-262xQ + 0 12X9 + 0027 X)0 + O]

0992 + 12+ 0:98%X 0:9° + 0 74% + 05> +0-26>+ 0:(2 1 0-02% + 0%

S
Similarty Cz = =MHX%

=1




©CoONOOGA~ON

o
- O

c1new
c2new

Example % : Apply ECM ovi D~ pimensionad feature spail data sets
c=2 D=4

Z 23
At ! 2 / P zwr/%baffp(, matrix
A o o o X=[/2Zs ?

4 9

P2 0

dz = Z‘ A1 Ziz: P(/d/Z

d+ 2 Anz Aok

= { 1/0/ 4‘/ 5}
2= 15,599} Stepl: InitiAlisation AL yix
A3= {2/0/9/0) x) A2 A Zq
=1 1,0,0,2) Wof——[ <

Kept to confuse ,

Cao

Assign vandomly.
v

n 3/-£lw*erif7j,we ke subset of e {feature.
pu(ﬂ@t-

Example 2. : Liver fuzzy clusters, convert intd crisp ctusters .

Fuzzy ctysters ([ Soft ctusters)

Z) X2 Z3 24
el [o-gg; 0086 (.99 o]
C2: 0009 0-0l4 (0-007 41

Dotz point withe
partial vembership
0 mdEiple clusters

Crisb Custers (Hard Custers)
P4 L) 23 4

Cl: | ) | 0
C2: 0 o 6] |

T0 convert fuzzly clUSLEtS jnto crish clUsters, 4ssign aaco datz
PiNG to e custer with #e Wighest wmembership vale .

Datzv points  exclusively
bllonng v ot cluster

{1/;7[2, A3}~ pia=41  piz=0
C2! A4} ~7 po~ Kiz=0 [2=1

ANswer: Crish custer Cl= { %, Xz, 23)
2= {x47

same setd valis
il cotlrs or

f? Types of quéstions th exam:
- Lhitialisation yvriatrix O°

). K-Méans Numerical,
2. FeM Mumerical
* initiod LUStey evittrs or initiakisakion matrix  givie
[sLld valne fixed. sv a0 tD gt same  finak clusters)
e aftter N [tlration, what will be e custer
valiuts wsing Fizzy o Means ggorithom 2
Understand FeM weld ~ sslve gxamples to und ercizrd. .

SO taper —~ umplemaent #e paper ~ take MATLAB codl
WHIAL e Py I#or codt for BUS  paper. Subpii]
pist data poink 22

Vs

Wi aw 1o yepbershel withCz
£ mome U v g




CLYSTER VALIDITY INDJCES

“Used to glaate e quality of cldsterihg TeSults. Helbful to
UnArstand. how welh e data bhaw bein clistlred,.

(2) sitnouctie 1ndex

T sibhouettl Codfficient meastres how sivilar an ob)uck is
2 ItS own cster copmparéd to orer clUskers.

" Ranges from —1 Ho 1, where a high valul irdicatt
that the Obitel s well malcheds 1o its pwn custer
and- posrly makthet to neighbouring csters .

" T sithonetie cotfvient cm bt calinlated for
ndividad datza povts and b, averaged  over
A data. points to geb A global méasure.

s5= b—a
max(a)b)

Procediral Steps omn how 4o wombute #he  sitroudtte mdix for Msta/‘n?

1) lLomputt Qusier Assignmends ! Bedin by clstering Your datiset
Using a chosen clustering algorittom , sUth a0 K-Meanwo , FCM.,

Werarcnical ciutering or PBSEAN. Assign sach point 1o its (orres~
pondthg luoter:

2) Gmpute  cluwter ntiide (Optional) : For sspie Hustering
algoriznmo , such. ao K-Means, FLW, compudz e controiol

Of tach cster Thio step 4o Wietesary if ypury da;ta;‘ndm
aAUgorIWn YEQUIL ctnrId based distas.

2) lomputt Average Distance to oWwr prints th the svme cloter (a):
Ror 2ath I dpta poink, caltulate te average distarite
Lsimilarity) o alh other datz points within the same cldster
s distanit mmeasure aeh YAry Ap

endu% on e apblication,
but lommonly used distance rebvics inciude Euchideas distane,

Wianhatior. ai'stanct 0y (s5iM8 simdlarity. pets oenotz e
Vaue a0 4, .

Example: Datasel with 3 cldsters

RIr Lath data point B silhoutie (olruent s
caltnlated by /pm,bwﬁ;:zj

A= arerdage distevie blw #ae print angd ail othor
peints s the sane clster

b = average distance blw the poink ard all points
w the nearest neghloouring custer

© A mghr SiUlE cotlizient mdizates better th?
Y: =06 Dt duster A5SIgneds js apt for datz pk.

e Tt sithouehie hdex is a MEASUTE of holo simulor ame objed
IS fo IES own cluster compared, +o other dMsSEers. [t provielw o
way to aLee the qQUALLY of Lustling  TESuES by méasuring
NL LONESIoN. within LUMSEErS apid e Septiation DL clUsters.
A Wigh silhoudte idix thaiiates objtet (s well cldsiered torile

Aol sil houetie ot ditater ob)ect may be bebter assigred
0 A gifferent custor:

4) Lompute Average Dismce to Data Points i Meighbouring. Llwoters! b)
For cack. [ * datr poivit) caliulate o averay distarce o
AU datn polntS ww he nlareot neighoolwring cluster. This

megre  excluding aar poinds (ropn the samé cudster ao [+
Lebs awgte o yalul as by

5) Lomputt Sithouttte lndex for sath. data point
For LAth. data poink 1%, combute the silhou ettt dtx M;M;_

SZ = bl‘ —dr
max(bi, ac)

N dimbn0O, SiR O inditating data point is on or very néar
L. AedSion koundary betwees cluoters.
If ai <<b; , SIZ 1 Iihdicatng data peit IS wed clwterdd. .
“Uf bik<q , i1 /mafzw;y AL [olnt miay be assigred
1o wrohg cluster:




6) Lompide Overabl Sithouelle Lrdix : onw yau have computed
e bttt pholix (5r Lath datn point, laltulitt the
avage  silhpudte 1AL aLkiss ad datz poinis o obtawn
e overal sibhouce mdix for Jhe LLYSEEYII  FeSUlt.

The formula (or average. sibhoucdie voix < s :

N
s=_1 =g where N = total M. of data poinds
N =1

© dap statistics
(ombarts  total jntia-cluotor variation for il Yalues
of K (N6 .OF clusters) with dwir expeeted

©) withtn —(lpster Swne of Squares [ pcSS) also g &g inettra
K
wiss= £ = //z—,w//z ower wces
1 x£G

f/wz-zmg_

©) Adjssteds Band lndlex CARI) — omeasures sinularity be>
f70e [2dd L . —

Fowlkeo— Mallows  ndex [Em1)

M = i
[ ar+FP) (TP+FN)

oML othor quality windica
@ Davies — Beuddin (rade x

K
b = [ 6 +6)
I /77/' )J%f dcc;;,gj;]

’LJ Joner clustey distahce bito ¢ L C'.

©) Calinsks Hargbasz Indox ( Varlence Batio criterien)

WIHL chuoter dispersine 1324

@ Punn Jndex LOMPALINESS ardd <seplholio

D= num Yo Ity loter distzice
1LiLE

s Inbra cludter Aistmiace

LECTURE # Q  MACHINE LEARNING AND SUPERVISED LEARNING
S0 fav  unsupervised learmng i artificiad intelligence.

* Finding clusters or group ov cateqory labels ard #e 7o Of clusters
or jraups or wtzgar/’zo direetly from the data (e contrast to
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