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FORMULAS AND DEFINITIONS

o A d-dimensional random variable follows a Gaussian, or
Normal, probability law: x — N (p, X)

&) (x) = ! e 20T T x=p)

V2 Jdet (%)
where 1 is the mean vector and X is the variance-covariance
matrix.
o If x = N(0,1) and if y = VI x + p, then y — N (i, X).

e /X defines the standard deviation of the random variable x.
Note this square root is meant in the matrix sense.
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FORMULAS AND DEFINITIONS

@ Mean estimator:
N

=%

i=1
@ Unbiased covariance estimator:
1 N
L= N_-1 Z(Xi — ) (xi — M)T
i=1
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o Likelihood:

p(Xl|0) = ,D(X,'|M, Z) = g(/L,):)(Xi)
@ Joint likelihood :

N

N
p(x16) = [T p(x16) = [T ol = ngz) )

i=1

for X = {x1,x2,--- ,xn} being a set of independent
identically distributed (i.i.d.) points
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FORMULAS AND DEFINITIONS
o Log likelihood:

N

p(X10) = [[ p(xil0) & logp(X|0) = Zlogpx,|9
i=1

o In the Gaussian case:

p(x|0) = %efé(#uff‘l(xw)
V21 \/det (X)
og p(x|6) = 5 log (2r) — 7 log (det () — 5(x — ) T Hx -
o Property:

p(x|01) > p(x|02) <« logp(x|01) > log p(x|02)
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o Bayes’ decision rule:
X € qi if P(qilX,©) > P(qj|X,©), Vj # k

with P(qk| X, ©) being a posteriori probability (while P(qx|©)
is the a priori probability) for classes gx. Note © represents
the set of all 4.
@ A posteriori probability :
p(X|qk, ©)P(qk|O)
p(X|©)

P(qk|X,0©) =

(Bayes' law)
o For speech:

Vk, P(qk|X,0) o p(X|qk, ©)P(qx|©)

@ or in log domain:

log P(qx| X, ©) ~ log p(X|qk, ©) + log P(qx|©)



© GAUSSIAN STATISTICS

© STATISTICAL PATTERN RECOGNITION
@ Bayesian classification

© UNSUPERVISED TRAINING

@ ACKNOWLEDGMENTS

«O>r «Fr <

it
-

nae



PRELIMINARIES

All unsupervised training algorithm assume:

@ a set of models g (not necessarily Gaussian), defined by some
parameters © (means, variances, priors,...);



PRELIMINARIES

All unsupervised training algorithm assume:

@ a set of models g (not necessarily Gaussian), defined by some
parameters © (means, variances, priors,...);

@ a measure of membership, telling to which extent a data point
“belongs” to a model;



PRELIMINARIES

All unsupervised training algorithm assume:
@ a set of models g (not necessarily Gaussian), defined by some
parameters © (means, variances, priors,...);
@ a measure of membership, telling to which extent a data point
“belongs” to a model;

o the above implicitly defines global criterion of “goodness of
fit" of the models to the data, e.g.:



PRELIMINARIES

All unsupervised training algorithm assume:

@ a set of models g (not necessarily Gaussian), defined by some
parameters © (means, variances, priors,...);

@ a measure of membership, telling to which extent a data point
“belongs” to a model;

o the above implicitly defines global criterion of “goodness of
fit" of the models to the data, e.g.:
e in the case of a distance, the models that are globally closer
from the data characterize it better;



PRELIMINARIES

All unsupervised training algorithm assume:

@ a set of models g (not necessarily Gaussian), defined by some
parameters © (means, variances, priors,...);

@ a measure of membership, telling to which extent a data point
“belongs” to a model;
o the above implicitly defines global criterion of “goodness of
fit" of the models to the data, e.g.:
e in the case of a distance, the models that are globally closer
from the data characterize it better;
e in the case of a probability measure, the models bringing a
better likelihood for the data explain it better.



PRELIMINARIES

All unsupervised training algorithm assume:

@ a set of models g (not necessarily Gaussian), defined by some
parameters © (means, variances, priors,...);

@ a measure of membership, telling to which extent a data point
“belongs” to a model;

o the above implicitly defines global criterion of “goodness of
fit" of the models to the data, e.g.:

e in the case of a distance, the models that are globally closer
from the data characterize it better;

e in the case of a probability measure, the models bringing a
better likelihood for the data explain it better.

@ a “recipe” to update the model parameters in function of the
membership information.
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K-MEANS ALGORITHM

e Start with K initial prototypes i, k =1,--- , K.
e Do:
@ For each data-point x,, n=1,---, N, compute:

di(xn) = (xn — ﬂk)T(Xn — k)
© Assign each data-point x, to its closest prototype pi, i.e.
assign x, to the class gy if:

dk(X,,) S d/(Xn), V/;"é k

© Replace each prototype with the mean of the data-points
assigned to the corresponding class;
Q@ Gotol.

@ Until: no further change occurs.
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e Assume K initial Gaussian models N (uk, k), k=1---K,
and initial prior probabilities P(qx) = 1/K.
o Do:
@ C(lassify each data-point to its most probable cluster q,((OId)
using Bayes' rule.
© Update the parameters:
o update the means:

uf("ew) = mean of the points belonging to q,(f’d)

o update the variances:

(old)

Zi"ew) = variance of the points belonging to g,

e update the priors:

number of training points belonging to q,(f’/d)

p (new) e(new) _
(@] ) total number of training points

© Gotol.
o Until: no further change occurs.
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Global criterion :

K

L©) =) logp(xa|Ox)

k=1 xn€qx
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e Assume K initial models N (uk, k), with P(qx) = 1/K.
o Do:
@ Estimation step:

old old old
P(q\7 100 . p(x, |l £

P (qx(<0/d)|xnve(01d)) (old) (old old
LCCE N CAT AR S

© Maximization step:
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(old)
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Global criterion :

K
£(©) =log ) _ P(qklX,©)p(X|0)

k=1
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Xpnuotodotnon

To Tapov ekmalSeUTIKO UAKO £xel avamtuxBei ota mAaiola Tou
ekmaldeutikol £pyou Tou Stédokovta.

To épyo «Avoikta Akadnuaikad Madnipata oto Naveniotipo Kptneg»
£XEL XPNHATOSOTAOEL LOVO T avadLlapopdwaon Tou eKmMAlSEUTIKOU UALKOU.

To £pyo uloroleital oto mAaiolo Tou Emixelpnotakol Mpoypaupotog
«Exmaideuon kat Al Biou MaBnon» kat ouyxpnuatodoteital oo tnv
Evpwnaikn Evwon (Eupwmaikd Kowvwvikd Tapeio) kat amod eBvikoug
ndépoug.

:‘ % *2 E&ir}'mevm‘m AIA‘ ém MAeleH EznA
* * - -

YNOYPTEIO N KAl BPHEIKEY
EvpwnaikiBvwon  EATKH YITHPELIA ATAXELF L
OO el .. i v e EMGSa kar iixiic Evwone
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TOL AUTOTEAN €pya TpiTWV TL.X. Pwrtoypadieg, Staypaupata KA., Ta onoia EUNEPLEXOVTAL OF
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* Q¢ Mn Epropukn opiletal n xprion:
— 1ou 8ev mepAapPAaveL AUECO 1) EUUECO OLKOVOULKO OdENOG QT TNV XProN TOU £pyOU, yLa TO Slavopéa
Tou épyou Kot adelodoxo
— mou Sev mepAapPavet otkovoptkr cuvaAlayr wg mpolndbeon yia tn xprion fi tpdopaacn oto £pyo
— Tou 8ev mpoomopilel oTo Slavopéa Tou £pyou Kal adelo80X0 EUUETO OLKOVOULKO OdeNOG (TT.X.
Sladnpioelg) anod tnv mpoPoAr Tou £pyou oe SLadKTUAKO TOTO

e O 8wkalolUyog Hrmopel va mapExet otov adelo80xo EexwpLotr dSeLa va XpNOLUOTIOLEL TO £pyO0 Yo
EUTOPLKA XPHoN, EpdooV auTo Tou INTnOEL.
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