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@ Where
3)

A id
) “

H(F|Q;) = 1 if X e€dq
77710 otherwise

D
Sl = Xa—
and f(X|f;, 7, A;)=] [B(Aja) exp (-A(Aj )‘70.
d=1 jd

with
Ajar/T(3/Aja)

B(Aja)=
20}dr(1//\jd) I’(l//\jd)

[T(3/Aj) Ajal2
and A(/\/d)_lir(l/)tjd)

)
where I'(.) is the gamma function and ji = (yy, ..., iip),
= (cy,...,0p),and A = (Ay, ..., Ap) are the mean,
standard deviation and shape parameters respectively.
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@ The log-likelihood function is given below.
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o1&
pi = Lpli%) (10)
N
@ Mean
N = Aja—2
s~ e PURD (X = o X+ Ta)
jd — 3 Aja—2
Y pUIXe) [ Xia — wja| ™
where
Ta =

. Aig—1
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The Vy, represent gradient with respect to basis function,
bias vector and shape parameter.

@ The standard ICA model is used for the log-likelihood as
follows:

SAR - p(EI)
log p(Xilfij, Gj, Aj) = log |de£.| (16)
J

(Concordia University, ECE Department) 13/27



Bounded Generalized Gaussian Mixture Model
with ICA

@)

Outline

@ The gradient ascent is used to estimate the shape parameter
by maximizing the log-likelihood and represented as:

Introduction

Proposed

Algorithm

Experiment and v;‘\ log[ X|® Zp(]|X 3 logp(X,LZ_iJ, 5’], /\]) (17)
Results 7

Conclusion and

Future Work

(Concordia University, ECE Department) 14727



@)

Bounded Generalized Gaussian Mixture Model
with ICA

Outline
Introduction

Proposed
Algorithm

Experiment and
Results

Conclusion and
Future Work

@ The gradient ascent is used to estimate the shape parameter
by maximizing the log-likelihood and represented as:

V3, log[p(X]©)] ZPOIX ﬂlogp()?ilﬁj/@ﬁj) (17)

@ The gradient ascent is used for the adaptation, with the
gradient of the component density with respect to shape

parameter vector Xj for each component of the mixture

model. 3
AAj o« p(j|X;) — log p(Xifij, 01, A)) (18)
oA,
d oL - N
5 log p(Xi|fi;, 7, ;) = A;[1— 2tanh(sj,i)s{i] (19)
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by maximizing the log-likelihood and represented as:

V3, log[p(X]©)] ZPOIX ﬂlogp()?ilﬁj/@ﬁj) (17)

@ The gradient ascent is used for the adaptation, with the
gradient of the component density with respect to shape
parameter vector A; for each component of the mixture
model. 3

AAj e p(j|Xi) = log p(Xilfij, 3, A;) (18)
dA;
d SiL oo > o\
—- logp(Xilfi;, &}, A;) = Aj[1 — 2tanh(3;,)5;]  (19)
J

@ By combining Eqgs. (18) and (19), we get:

AA;j o« p(j|X:)A;[1 — 2 tanh (5, i)S] T (20)
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@ An estimate of the shape parameter using gradient ascent is
as follows:

Aj = A+ a(p(j|X:)A; [T — 2 tanh(5;,)57]) 2D

where the source is represented as: 5j; = A; ' (X; — b;).

@ The adaptation of basis functions for each class is
performed by maximizing the log-likelihood with respect
to basis functions A; for each component of mixture model.

N
Va, log[p(X10)] = Y p(ilXi) Va, log p(Xilfij, 7, A;)  (22)

i=1
@ The adaptation performed by the gradient ascent with
respect to the basis functions is given as:

o0 oo L o
AA; “P(J|Xi)ﬂ log p(Xi|j, 7}, A;) (23)
y
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@ By using the standard ICA model for log-likelihood, we
get:
AA;j o p(j|X;)Aj[T — 2 tanh(5;,)5] ] (24)

@ The bias vector l;; is estimated using an approximate
method as below:

EJ_ZﬁquUWJ
T TN e
im1 PU1Xi)
@ In the adaptation of the shape parameter, basis functions

and bias vector, the gradient of the component of the
mixture model is weighted by p(j|X;).

(25)
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1: Input:Dataset X = {X1,..., XN} i

2: Output: &, &,&3, and &.

3: {Initialization } : K-Means Algorithm. Set &3 = 2.
4: while relative change in log-likelihood > #,,;, do
5:  {[E Step]}:

6: forall 1 <j < K do

7: Computep()?,»\ﬁ,»,t?,»,?»/) fori=1,...,N.
8: Compute p(j|X;) fori =1,...,N.

9: end for

10:  {[Mstep]}:

11: forall 1 <j < K do

12: start ICA Algorithm

13: Update the basis functions A;.

14: Update the bias vector Eju

15: Update shape parameter }\'j:

16: end ICA

17: Update the mixing parameter p;.

18: Update the mean ji;.

19: Update standard deviation d;.

20: end for
21: end while
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surface(3:7) development(9:8) organizations(7:7)

@ Evaluation matrix using ICA Mixture Model

# of Examples P@10 P@N EER
1 28.37% 26.43% 29.20%
5 57.75% 51.39% 13.79%
10 64.87% 58.27% 12.35%

o Evaluation matrix using Gaussian Mixture Model

# of Examples P@10 P@N EER

1 27.0% 17.3% 27.0%
5 61.3% 33.0% 16.8%
10 68.3% 39.3% 15.8%
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@ Ranking of Keywords by EER

@ 5 examples of each keyword

@ The words with more syllables have better performance

organizations(6.1%) development(6.7%) childern(11.3%)

problem(12.6%) artists(13.5%) money(15.8%)
warm(21.4%) year(22.9%)
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