k- means (lustering
0

. Ctuskeﬁna e an uhSUFerv{sed ML a\sor‘\l'h'm

o Tdeo in c\uskering

- gmmp\es within a cluster are similar o each atherx

- &amp\cs in Aifterent clusters are Jdissimilayr

* We have learned about c\usterin% with GMM usiwa EM a\goﬁHnm

— GMM  wnodels Hne cluster P'rcbo\b'\lf.sh'ca\l% (SOPF 099‘-8“"“9“%9
| -e. PC"&“) |y=k> = T(K N(a_cn)\/ﬂk;_g_k>

FTo\oabi\i\-j o? dato Poin’r JEU) \oelana'm% o the ‘K Hh clucter

* In this leclure, we introduce tHhe k-meanc c[us\-en’na algoritm

— Unlike &MM; in k-means, we do ‘hard’ cluster assiﬁnmen-?:s

ond there is no probabiliske model



Tahuibon a{i k-means

C ) . .
e k-means o ssumes that Hiere arvre K clusters, and each Fom%' IS

clese tlo ivs cluster center or mean (H«e averoge of Foinl-s in the c\us(-eo

- £ we knew the cluster assl'gmmen\—, we cou\d easi\y Co‘mFU{‘Q the

cenkers

— Tf we knew the centers, we could eas'x\y compu{:e which ?oin’cs

\oe\ona o which clusker

cenler

of

clustey

— Chicken avd eq9 Pvc\olevv\\

Heur\'sl—\'ca\\x/ s‘peakinca, one could

Stax t Yandom'\y and alternate

centey

between Me twe 0@_

cluster
\2)



K -1means

* Tnikalizabon: Rav\dom\y inibialize cluster centers (or means)

* TThe aljori%m ?‘terab‘ve\y alternates between

Yuse sl-er :

— A&sijnmerﬂ: sl-ef‘. Assfﬂn each data Fm‘n‘b o the clozest clucker

— Re{-ﬂ—t—{na step : Move each cluster center Yo the center of- %ravilﬂ

of the data assigned to it
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K-means Objechive

{Ohat s ac\'ma\\y beina oFHmi'z_ed?

k - means c\us’cering amounts to se\ecb‘na the ‘K’ closters souch that the

distances of the Foinb to Phe cluster centers, sommed over all data poink,

15 Mminimized

N K .
i : i ) 2 mean of all data pts x e C
60 m) = argmin S5 1O 12— ] ‘c TR RS,
V) k=1
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Lcenter‘ of cluster wm

N

Tndicator — G (i)
- = 2. v x

?‘VY\G%\G‘(L e 4 ‘CS| P ‘
i = argmin GO *
I R Lt Ny g s i
W =

o otherwise that be(anca to

cluster ‘s’




Houo Jco o?{-\'mize?

OF Hmizabon onb\em :

K

{r‘f‘), ,g& = arg min 2 Z Y(') || ¢ KH:

l._\ K=l
0, 13

e Ihis is o combinalorial oPHm\'tqh‘cm which s NP-hard to solve
. An a\\-emab'na minimizahon sh'od:egy is uvused Yo Solve bhe oFb‘mizaHom

— If we {ix the centers i_/&'_K}, Phen we can easﬂy fnd  tHe oPHmal
ass(sv\ments Y&“) ‘gav‘ each sqmF\e 2(_“)

K
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agsian each Fofnl- b the cluster with the neavrest center
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How +o o?{-\'mize?

OF Hmizabhion P\"ob\em t

N K
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. An Ol“'ernab'na wminimizahon Sl’fod:egy is vsed Yo solve btne oFl'r‘mizaHont

— Simi : : ‘ |
m\ow\y, it we dix the assignments Y\«G) , thea we can easi\y &ind opHmal

centers M K
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K—meomg O\gor\\’\'\m ( L\oyc\'s alsoviﬂ»n«)

Data : § x® }:‘ , number of cluster K

Pyocedovre:

* Tnitalizabion :  Set K cluster wmeans M, ,--L, M, 1 voandom values
. Repeq]: onil canvergence

- As.s\'an'men‘r: Each data Po‘m‘l‘ 2 s ass\'ar\ed ke nearvest center

kP = aram'm | x __J“

J
and the vespan sibilikes

TKU) = ][{K“)-.—_ k] for k=1, - K

- Re{-{ﬂ-\'n% t Eoach center is set o mean of data assfaned h it

T —_—

My, =

b
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Convergence of k-wmeans alqorithm
L4 ~J

Similar to the EM a\goﬁ\—hm) Lloyd’s a]joriHnm comverges be o sl-ah‘cmary

t:oin\' of bhe o\gjec’n‘ve '@uncb'ow, but 1s net fauaranl-eeo\ ke And the 8lo\aal

oFHmum

A bad local optimum

— In prachee, vun it wultiple tmes, each bme with a different

inihalizahon and chk the vesult of bthe vun with swmallest o&:jech‘ve_

finckon  value



Convergence of k-means alqorithm
| )

« Test of convergence : ITF the ossian\men’ts do not change in the assf%nment

sEeP, then converged ({-o ot least a local mfhf‘”"“"‘)

1000 | ~ Assignment step

O\gj.
tun 500 }

Tterabions —



k-weans should vt confused with k-NN

* X-means and k-NN oxe cl\'eferen%} -l"noma\r\ {'hey have certain cimilavibes

- BobPr k-means and k-NN uvse Euclidean dislances ‘4o define <imilaribes

in inPu% space
+ Both are sensibve to the normalizabion of the inPu\‘ values

However, kNN is a SUFevvx‘sed \ea'rm‘na method , while k-means is

an UnsuFerv{sed \ea'rm'ng me thad

e The 'k’ in te two methods thave difRerent *meanfna



Choosing the number of clusters
g

¢ The wumber of clusters K has to be chosen qu\'or{ for both GMM  ond

k-means a\aovﬂ—hm €0Y' clus\-e'rir\%

. Tncreasin% K  will veduce l-fo\f\ni\'\% loss  (or veduce bthe objective ‘?Unchm>

\‘f‘ K= N, #%hen each dato Fo'\nk‘ will have iks own C\US‘CQ‘(‘

Cross— validaton ’cec.hm‘olues are needed to guide selection of K
— But H\ey need to be ao\oPE@d to Unsurevvised CQ’din%
<—ﬁ'\e'(e s no new dala ervor Em,m for c\oskemﬂxa)

* Foxr GMM, one can use the likelihood OP the wvalidation date to find K
N
Trc\inina set {a"’} \/a\\o\ahon cet {“’0)}
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Choosing the number of clusters
4

*  The wvahdation wmmethods should be handled with care

* Tn SuPe'rV\'sed \ea\rm‘h8) oLy 8oa\ i« o obkain 8ood Frecl{c\-\‘ans) 0
minimizing new dato errory vakes sense

1§

. -~ . . . . !
v In c\ushs'rma, the %oa\ is not -necesgoml\/ bo minimize © c\oskermj logs

but to 3ain insx‘a\ﬂ's by @\'hcling o small number OF— clusters

— So  we may Ffefer a comaller number of clusters even if it gives not-so

caooo\ validabon \oss

The ELBOW wmethod is aften uvsed for se\ech‘na K

-—F\ok o?— loss (eiH\er l‘rainfn%, Vq\\'o\ah'on, or boHn)

400 ‘
300 |-

200 | distinct ‘kink' or Hend

Loss/
Okj 4un.






