RecoF o(" @enevabve Models

* 1o the last lectore, we introduced Hhe concept oG %enerah\re models that
models  the joint diskribuhon p(x,y)

® Ne osed GMM l—o 'YVlode\ H‘le jOiﬂl‘ d\Sl’,\’lbU{lOﬂ P(?—/)’)

o Tn SUFe'rV\'sed learnina) the GMM was learned ust’ng both inFut—ouEPu{- dato
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Unsupervised Learning : Cluster Amnalysis

* In unsupervised leovrm'ng, all the datapoints are unlabelled

— T"roin'\na daka, T =12, }:‘

~ Ob}ec\‘ive: Build a wodel that con be veed
o find in‘l’eveSHng patterns in dato.

0.5
T other warcls) build a wodel

of the diskibution P(ZS) 0

. Cluskevi\na —> '?indin% groups of similar x values in the data space




GMM ‘{_lov eluste r\‘na_

* The GMM  introduced in svpevvised \eamina is a joint medel £ x 2y

P(x,y) = p(x17) POy = N(x|mMy.Zy) 7y

« 1o oblain o wnadel en')7 for input X, vse maraiha\(—cdh‘m

p(x) =

o discrete-valued class

/"\ . .
Z P(z )') symmahion because 7y is
Y

» Kince the output N is not observed, we will treat it as a LATENT voriable

latent v-v. «=> exisks in the wmodel but rot observed v date

‘I.:xamp\e'.

— latent variables, W you ave on\y %Iven
E the f@m‘:e-m\-wre values
ond tne cily

observed
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Moximum Likelihead with latent vasiableg

M

m=|\

How chould we cheoze the Farqme%ers _@_'—'—'%.T‘m, Mm, Zm}

We will vee Moxivmum likelilheod Pﬁncfp‘e — Choose \Darame\-ers Hhat

maximize the \ikelihcod of cbcevved dato

" Note that, we don’'t observe the cluster \abels vy, we on\y %e'\‘ the input 2

Giiven dala T= i x; }‘2(

, choose parameters Yo waximize:
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oragnam Xn P({ X3 }i: \ Q)

= arg mox Z An P(—ZL\Q>

Q i=1

¢« We can Hind PC?Q by '\ma'r%incx\\'z'mg ouk Y

M

P(x)= 2 p(x y=m) = 2 ply=m) p(zly=m)

m =)



Visualizing a wixture of Gaussians CiD—- Gavs:(oms)
g
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Visualizing o wmixture of Gaussians (:LD- Gaus;cqns)
g
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Filbing &GMMs  for  unsvpervised leavning

N

*  Nolation: Q = {“m; M, zm}:ﬂ R >=(=§ ZC_i}i=‘ , 7 =iyi}'N
Nxp N—x\ -

e The wmoaximum likelihood objective :

. M
0*3;” In F(X_. le) = “"ﬁg“’"‘ E- An <%l Mo N( = l f‘-‘m,;m>>

Ln geneval , there is no closed-form solution of the above ophimization

unlike Hae SUFevvised \ea'rm'na case

e Use momerical iterabve oFHm'\zal-iorL

Gradient degcent will —che dna\\enges:

* Non- convex
* Need o enforce Y\o‘ﬂ-—he%a\'ivi\y canstraint en T, and PSD conshraint on 2,.

* Derivahves of =, oare expensive



A Different Avaoac\r\ ‘eof oPHmizaJn‘orL

_ Es{-ima\-rng (ovr in(:erﬁn%> the latent variable Y with knoen 8

< Px\‘cerno’ﬂ'n% S%€P3>

— Es’c\'ma\'\'ng bhe GMM Fara‘me\-e—rs 8 with known latent variable Y

Esl—ima\-rng (ovr inFerrin%> the latent variable v with known O

M
* Tf we knew the Param&ers Q@ = %_Tl\m; Mm, ;m}

, we could infer
mz=|

which comPonen‘l' o data Poml‘ x; probably \oe\ongs b by in-(‘ew{ng Y.

(i-e @Qavussian
Com ?cme'n\->

* This is Just %‘ndina : P (\/L =w| 51) > Tlm P N( = | Mow, Zm)
F(\/i-’i ’m> P( &;\ Vo= m)

j:il F(Yi =J> P(-’SL l 7 =J)

?(Yi = wm)| 51) =



A Different A’PPYOQC\'\ —@of oPHmiza]n‘or\.

— ESHW\G\"'Y\B (ov inFefﬁn%> Phe latent variable

Y with known G

C P\\'scerno’n'n% S%GFS >

— Esl—\'ma\—mg the GMM parameters @

with known latent variable Yy

Es’c{ma\—\'v\g the G&MM pavameters 8

with

known latent wvariable

b4
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. I¢

2ome hoewdy we knew

the latent wvavioble vy

woximize the \ikelihood of the \'\m‘n‘c distribubon :

fnp(fxi, v 31 9) S>3 1y —m}{Jln N(2:|to, 20) + da p(y; | ->}
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o O?h'mizecﬂ Favame‘c@rs (From c\oseol—%rr\f\):
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we cauld simply



Expectation - Maximization (eMm) o\goviHﬂm

* We will vze the EM algerithm that alternates behueen the fumo Steps:
— Ex\:ec\-a\\'cm skep (E—S\'ep>= ComFul'e the [:-ro\oab?\f[z.j over Y %iven

we know our current model Fa'rame*evs )

i-€- hew wmuch do we tink each Gauvesiom %enem\-@s each datapoint

— Moximizahon sk'@P (M—S\'GF>1 Agsumin3 trat the comPle‘ce data was

8ene~raked s way, tune the Porame{'@t‘s

of each Qaussian o wmaximize the \1kelihood

of the complete dala
E"Sk@f‘ M"Sk@f’
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Exomple : SUFPOSG you have recorded o bunch of temperatures in March
for  Toronte and Delni , but {201-301‘ which was which, and
they are all jumbled vp together
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Leks \"rj ‘o seFawa\-e Haem usiv\% a wixture c@ Glaussyans  with EM



¢ Choose tae number o?— Gowssiany , M=72

14

¢ Raﬂdow\ly initialize Hae Pamme&-@m Q
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Tterotion 2

E-step M-step
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Heration 1 E-step M-step




EM %J*r yultivormolre (Gaussians (SZD>
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Few foin%s e be yememb eved

¢ The mumber of dusters (G-e. bhe # of Qaussian companents M>
has to be specified before Tunning the alqosithwm

— M i o \—\7§>er‘pamme‘r@r‘ in GMM fm- C\U_ﬁ'@r\'r\g

* EM is o local ophmizer ond lhence s o-rﬂy guarom%@@d ‘o

converge ke a local oFqu [ coddle Foin%

— Poor jnibalizahon can vesult in convergente {o paoY local

OFHmum

— Use vandom Initalizoabons





