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Introduction

o Classification from noisy data
Classification from noisy or multi-source audio

f, =x, +n,

Noisy signal

Noisy
features

o Poor performance because of high noise
variability
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State of the art

o Signal level: Noise suppression or
source separation

S, Yn=Xnt+e,
Noisy signal
Separated Noisy
signal features
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State of the art

o Feature level: Features robust to
additive or convolute noise
errors produced by source separation

-~ —~—

Sn ¥Y¥n = Xn + €en
Noisy signal
Separated Noisy
signal features
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State of the art

o Classifier level: Classification that
accounts for possible distortion of the
features, given some information about
this distortion [Cookeol, Barker0s, Deng05, Kolossal0]

Y, =Xn t+e,

~

Sn Noisy features
Noisy signal Information
Separated about feature ‘

signal distortion /

UNCERTAINTY
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State of the art limits and our

contributions

O It iIs assumed that the clean data
underlying the noisy observations have
been generated by the GMMs.

[CookeOl, Barker05, Deng05, KolossalO]

O Introduction and
Investigation of a new
criterion for GMM learning and decoding
as an alternative to the
criterion.
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State of the art limits and our

contributions

O Uncertainty is taken into account
only at the decoding stage, assuming that
the GMMs were trained from some clean
data_ [CookeO1, Barker05, Deng05, Kolossal0]

O Deriving two new
Expectation Maximization
allowing learning GMMs from noisy data
with for the both

criteria considered.
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GMM decoding from noisy data

I
o GMM 6 = {uﬁﬂziﬂwi i1

I
p(xﬂ|9) — Zizl wiN(Xn“"'z’a Ez)

o Uncertainties
Binary (either observed or missing) [Cooke01, Barker05]
(“asymptotically” more general) [Deng05, Kolossal0]

Yn = Xn + e, Xn ™ N(YTL& z_}n,)

known unknown unknown known
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Criteria

O Model-driven criterion
(likelihood integration) [state of the art]

[Deng05, KolossalO]

GMM Missing feature Feature expectation
p(xn|0) P(YnlXn, 2n)

fii(y. $10) = / p(y %, =)p(x|0)dx

M =N

®

N T
- H ZwiN(Ynlﬁia 2+ 3,)

n=1 i=1
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Criteria

O Data-driven criterion
(log-likelihood integration)
[proposed]

frui(y, £10) = Ex [log p(x(0)]y, =]

/ p(xly, =) log p(x|0)dx
RM x N

N I
Z / p(}{n |yn: i"n) log Z W’iN(anf-"i: 2)
n=1JRY i=1
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o Introduction

o GMM decoding from noisy data
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GMM learning from noisy data

o Binary uncertainty
EM algorithm [Ghahramani&Jordan94]

o Gaussian uncertainty

We derived for
the both criteria considered
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GMM learning from noisy data

Algorithm 1 One iteration of the EM algorithm for the likeli-
hood integration-based GMM learning from noisy data.

Algorithm 2 One iteration of the EM algorithm for the log-
likelihood integration-based GMM learning from noisy data.

E step. Conditional expectations of natural statistics:

Vi OC WiV (,,Vul“f,:. Y+ Euj:
and Z{."r'f,‘-n =1, (13

Xin = Win (Va — pg) + pq, (14)
ﬁ-’xx,i.u = ﬁ%,nj}-in + {I - ‘E'T'i,'n;' Ex,‘fr: {] 3)

where

“'T-z.,n = E-a [E-z. + Eu-_ -t - {]é‘]
M step. Update GMM parameters:

N
1
Wi = E;"T@,n, I[]_u'r]

N
1 A
e = = Z’H,nxi,u; (18)
Zn:l i ——
N
1 &
Ei = N Zﬁ'f-.unacx,a,n = ,u'f_,urf- {]Q]

n=1 Fin n=1

E step. Conditional expectations of natural statistics:

. _1 Lig
Vi < Wil (¥t Bi)e~ 7 EL En))
and E éﬂr.'l.ﬂ = 1? (20

M step. Update GMM parameters:
N

1
Wy = ."..-_'Zﬂr.%'“’ (21)
- n=1

N

1
. Z Tin¥n, (22)
Z;;:;[ i —

Zg’:l '"r'q,.;l;':}ru E ?!‘!"a,:”:,,vﬂ _ ,U.,JI + Eﬂ
N iy k
Zu=1 Yin

=

=

Needed some approximations

Generalizes “asymptotically” the binary
uncertainty EM [Ghahramani&Jordan94]

1st September 2011 CHIME 2011, Florence, Italy 15



Outline

o Introduction

o GMM decoding from noisy data
o GMM learning from noisy data
O

o Conclusions and further work

1st September 2011 CHIME 2011, Florence, Italy 16



F
r d
INVENTEURS DU MONDE NUMERIQUE

Artificial uncertainty

Y, = Xn + €, 3, = diag {[52, ,,]m}

_ =2
Xn ™ N(Yﬂ: En) 1 log Im.n -
2. e, isdrawnfrom A(0, 32,,)

IS drawn from a Gaussian

o Artificial uncertainty

gives us a possibility to control some
characteristics of the uncertainty,

allows us leaving the study of the
following situations for further work:

o realistic feature-corrupting noise,
o estimated uncertainty covariances.
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Characteristics of the uncertainty

o Feature to Noise Ratio (FNR) (dB)

FNRlelong 1%, — o2

o Noise Variation Level (NVL) (dB)

NVL = stdev ({10 logy f_fm,n}m n)
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Evaluated setups

o All possible combinations of
FNR4pain = {—20,—-10,0,10,20}
FNRtest — {—207 —].Oj 0, ].O:, 20}

NVLiain = {0, 4, 8}
NVLtest — {0*} 21: 4:: 6:: 8}
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Artificial data

GMMs used for clean data generation Clean data
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Real data

O Speaker recognition task

o Setting Is quite similar to [Reynolds95]
TIMIT database
10 male speakers
16-states GMMs
Feature space dimension = 20

o Differences with [Reynolds95]

Features: Logarithms of Mel-Frequency Filter-
Bank outputs (LMFFB) instead of MFCC

GMMs with full covariance matrices
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Artificial data results
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Correct classification rate
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Correct classification rate

Impact of NVL (FNR train = FNR test = =10 dB)
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Artificial data

GMMs used for clean data generation Clean data
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Real data results
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Conclusions and further work

o Conclusions

We validate the uncertainty decoding
approach as compared to a approach.

We show that considering the uncertainty allows us to

of noise between the
training and testing sets,

for improved
performance.

o Further work

Considering realistic feature-corrupting noise and
uncertainty covariances estimation.

Considering the within a
GMM-based classification framework with
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