ABSTRACT

We describe # new type of functionsl dieslpation, thot
proves to be effective for spaaker recognition, Fuactional
dissipation lg based on standard signal transforime, but uses
the trunsforms recurtively fo uncover new loaturcs, We
generate » variety of rsndom musking fancrions and extract
features with severul sighul trensfores iterations. In each
teratian of the recuyvive process, we modify several
cuefficients of the fransformed signot with the largest
abyolute values according to the apecific masking function,
and we cullect haxic statistics of the distributivn of the
cocificients of the mudified transformed signal. We show
thut the statistics generated by the revursive functivnal
dissipation are uble to distinguich sentences uttered by
different speakors, even When the kentenices sre nolsy and
undersempled, providiag s new appmach to speaker
Tecopnition.

BACKGROUND

SPEAKER RECOGNITION.
The voice is mare than simply & sum of sound. It is intrinsically
i and its ity &8 due b (e ionghip between

meaning, intentions cmolion, own health, social gatus, own sell-
esteem cle. {Laver, 1994]. Given the vickness and vaviabilty of
features cmbedded into a single Acoustic signal, +f is ot
surprising that the prohlem of sobustly recognizing s speaker
[rom spontaneous wicrances i3 3till an unsolved problem (Funa,
2005]. e particular type of speaker recognition is the problem
uf matching an input sprech t one of severaf reference speaksrs,
what goss under the namiz of speaker identification.

Speaker identitication problems are particulnely hard when
speechus are undersampled and noisy. and yxt these ase
precisely the conditions found in a variety of farensic and

ial apph These limitatiots, and the &
yariability of m-class signals, make speaker identification an
wdead sclling to lest the Tunits of classification metheds

FUNCTIONAL DISSIPATION,

We generalize in tus project functional dissipation, o feoture
cnhancement teclaugue that we developed in [Napoletans et al,
2007] to classify texture in images, t approach the prablem of
recognizing dufferent speakers on the basix of sentences that they
ather

Functional dissipalion i based en onc of the sinplest and yet
mast suceessful ways to apalyze signuls, e the protesy of
recursve cxtraction of features from the signal itself. The gencral
implementation of this procesy, on which functional dusipation i
based, 15 the fullowing.

Grvon an mtiad approTimation G0 of F. and ar il revidual signal
R=FG.

We expand R i1 some dictiomary D={g,, gy} of sanpler signals

»We select the element g, i the distionary for Whish the norm of innes
prarduc R, g, ™ is masitom

St G GrR g g and RoRl g, g,

The pracess is sepated un the pesidual signal seversl umes 1
exirocd quccessively diffesent rclevant stracinres from the
ognal

Functional dissipation makes u simple, but fundamental change
to fhe last sep of this process: e lagest eoefficients in the
dichionary are modified, belore building the residual sigaal In
s way, this standard approvimation process w hmed inlo 2
slow, nonelinear dissipation of the tmcture of the signal, with ne
approxuwnalion purpases.
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OVERALL PROCESSING OF
INDIVIDUAL SPEECHES

1. Given # speech sigmat

et

3. Perform severul functional dissipation iterations an all
specch fragments (see FUNCTIONAL DISSIPATION
brx} Compule 3 and 4% siatistical moments of cach
fragment resudue, tor cach iterstion

i

Ons on e

el

Clasaily the gawven speech by comparing its distribation
of statistical moments, for oft dixsipation iterntions,
with the vorresponding diributions of momenty of &
set of training speeches for sach class of spenkers (sec
CLASSIFICATION bex).

NOTE

For each detation, moments are normalized so that the
sggregates of mumunds from the figments of ulf
available training speeches have mean 0 and variancel

Residues degrade to noise afler ~20 iferafions
DifTerences among speeches arise i the slow process
of degaudatinn of snformation w the intliul fterativns.
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FUNCTIONAL DISSIPATION

{A) tiiven a speoch fragment

(b) Find its best basis coelficients in a wavelet packels basis (to
detect spikes) 0F in 2 eosine packats hasis (o deteel locolized
frequency inlormation}

B

[

[

(©) Multiply the 1000 svuvelet packets coetlicients with bugest nomm
by the values of 2 divsipation mask at integer points,

v B ot s

as
i,
3]

(d) Project the signal back in time doman

1% et By B e b oD i

() Norwalizs the modified fragment to have norm | and sepeat feps
fojta ()

NOTE

Dissipution mavks a created by (ilering CGaussun white noige
with Jowepuss filiers of variahle frequenc) support

Wavelet packeis basis snd cosing packets hasts are altermated in the
iterated dissipation process, optimizing vach time the basiy o the
signal

CLASSIFICATION

Fur each dissipation mask and dissipation iteration, we can campare
the distributions of statistical momenis of frogments of any two
speeches A and B

In somw cases, when speech A aod speech B are fiom different
spoakers, the twe sets of momenty will not fully everlsp
i
a
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For u given mask Tand dissipatien iteration J, wi cempute the spread
associated to the pair of spreches A snd B Let M(A LF) and M(B,LJ)
be the means of the Tagments' moments, wnd S(A LY, 8B their
respective standand devistions, then the spread 15 defined oy
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spread(LIi=IMIA LI FMIEBLIYS(A LI+ S(B.LT))

Lot S{A B} be the muximum spread across afl mavks and dissipation
derations. We define S{A,B) ax the pseudo-distance of Auad B

We can use K-Nearest Neghbor slassilication methods o classify an
mput raining speech sgcording fo its psendo- distance le e K
closest speeches 1 a st of Unining speeches [rom l) speakers {we
use K=§).

RESULTS

SETTING.

« 40 trining speeches for each of 4 speakers chusses, wplit randomly
into scveral gett of 35 training speeches and 3 keting speeches for
euch sposker,

Gawssian white nose added t the signals, wikh standsrd deviation
el W 5% of thetr mran

Each speech mstance i¢ @ repetition of the same phrase Note
however that the method iy not in principle texi-depeadzent,

106 fragments fideach speech. 50 dissipationmasks 15
disapation itetations.

ERROR RATES
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