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Speaker identification

Speaker verification

Claimant (Target speaker)

Imposter (Background speaker)

False acceptances/false rejections
Features
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Speaker identification

Speaker verification

Claimant (Target speaker)

Imposter (Background speaker)
False acceptances/false rejections
Features
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Mismatch conditions



OVERVIEW OF A SPEAKER VERIFICATION SYSTEM
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OUTLINE

© SPECTRAL FEATURES FOR SPEAKER RECOGNITION
@ Mel-Cepstrum
@ Sub-Cepstrum



CUES FOR RECOGNITION: HIGH LEVEL

Clarity
Roughness
Animation
Magnitude

@ Pitch intonation
@ Articulation rate

@ Dialect



CUES FOR RECOGNITION: HIGH LEVEL

@ Vocal tract spectrum
@ Instantaneous pitch
o Glottal flow excitation

o Modulations in formant trajectories
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@ Compute STFT:

X(n,wg) = i x[m]w[nfm]e_jukm

m=—o00

where w) = 2% k with N the DFT length
@ Apply mel-scale filters Vi(wy) on | X(n, wy)|:

[Vi(wi) X(n, w)

@ Compute the energy in each mel-frequency band:
1 U
2
Emer(n, 1) = — > [Vi(wi) X(n, w)
Ak k=t
=
where L; and U, denote the lower and upper limit of the /th filter and
Y

A= [Vi(wi) |
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MEL-CEPSTRUM

@ Compute STFT:

oo
X(n,wg) = Z x[mlw[n — mle /“k™
m=— oo
where w) = 2% k with N the DFT length
@ Apply mel-scale filters Vi(wy) on | X(n, wy)|:

[Vi(wi) X(n, w)

@ Compute the energy in each mel-frequency band:

Y

1

Emer(n, 1) = = 3 V(i) X(n, i)
k k=Ly

where L; and U, denote the lower and upper limit of the /th filter and

Y
2
A= |Vi(wi)l
k=L,
o Compute mel-cepstrum:
1 R=L 27
Conetln, ml = — > log (Epei(n, 1)) cos (—- Im)
R 1=0 R

where R is the number of filters.
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SUB-CEPSTRUM

e Convolve mel-scale filter impulse response wu;[n] (subband
filter) with x[n]:

X(n,wr) = x[n] * uy[n]
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where p[n] is a smoothing filter.



SUB-CEPSTRUM

e Convolve mel-scale filter impulse response wu;[n] (subband
filter) with x[n]:
X(n,wp) = x[n]  u[n]

o Compute energy:

N/2

Esn(n, )= > pln—m]|X(n,w)
m=—N/2

where p[n] is a smoothing filter.

o Compute subband cepstrum:

R-1

1 2
Csub[”» m] = E Z |og(ESub(n’ I))COS(%Im)
1=0



COMPARING MEL-CEPSTRUM AND SUB-CEPSTRUM

DFT

X(n, o)

x[m] —»(?—»

w[n —m]

N

v

x[n] —=| w[n]ei®kn

e—jogn

X[ == v|n]

X(n, (1)|) o

B Emel(nu I)

= H —><?—> Energy
Vi(oy)
(a)
[l = pInl [ Energy

> Esub(n, )

(b)



ENERGIES FROM MEL-SCALE AND SUBBAND FILTER
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© SPEAKER RECOGNITION ALGORITHMS
@ Minimum-Distance Classifier
@ Vector Quantization
o Gaussian Mixture Model - GMM



MINIMUM-DISTANCE CLASSIFIER

o Compute the average (mel or subband) cepstral features for
the training data:
_ 1M
C'[n] = m mz_l C*"[mL, n]

where L denotes the frame length.
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MINIMUM-DISTANCE CLASSIFIER

o Compute the average (mel or subband) cepstral features for
the training data:
C‘tr _ 1 u Ctr L
= 3 3 €t
where L denotes the frame length.
o Compute the average cepstral features for the testing data:

ts 1 il ts
C¥[n] = I E C¥[mL, n]
m=1

o Compute a distance:
1 Rl

D = o " (C¥1n] — T[]

n=1

o For speaker verification:

if D > Threshold, then speaker is verified
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segment
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segment
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UsiNG AcousTic CLASSES

o Let assume we know the acoustic class of each speech
segment
@ For each class i compute the mean:

Ciln] = 5 X py CF L]
Coln) = g Yoy CFlmL, ]
o Compute the Euclidean distance in each class:

1 R-1

Di = R_1 Z(C’tr[”] — CP[n)?

n=1



UsiNG AcousTic CLASSES

o Let assume we know the acoustic class of each speech
segment
@ For each class i compute the mean:
Ciin] = A5M_ cirimL, n]
Ctlnl = & 5M . csmL, ]
o Compute the Euclidean distance in each class:

R-1

1 tr ts 2
Di = R_1 Z(Ci [n] — G*[n])

n=1

@ Average over all classes:

1/
772



UsiNG AcousTic CLASSES

o Let assume we know the acoustic class of each speech
segment

@ For each class i compute the mean:
> M
Crlnl = w Z%,ﬂ Ci'[mL, n]
- 1 !
Celnl = 55 2Zme1 CF[mL, n]
o Compute the Euclidean distance in each class:

R-1

1 tr ts 2
Di = R_1 Z(Ci [n] — G*[n])

n=1

@ Average over all classes:

1/
772

@ Use D as previously for speaker verification (or identification)
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Let x be a d x 1 vector

o Gaussian pdf:

LIPS 1CS L 2l S

Var' /1]

where p is the mean vector and X the covariance matrix.

8u,x(x) =



MULTIVARIATE (GAUSSIAN PDF

Let x be a d x 1 vector

o Gaussian pdf:

LIPS 1CS L 2l S

Var' /1]

where p is the mean vector and X the covariance matrix.

8u,x(x) =

@ Estimation of the mean:

=

1 N
=ty
i=1



MULTIVARIATE (GAUSSIAN PDF

Let x be a d x 1 vector

o Gaussian pdf:

LIPS 1CS L 2l S

Var' /1]

where p is the mean vector and X the covariance matrix.

8u,x(x) =

@ Estimation of the mean:

=
=|

N
-y
i=1

o Estimation of the (unbiased) covariance matrix:

N
- 1
> - — - ——
TP ERCRR



(GAUSSIAN MIXTURE MODEL - GMM

@ Mixture of Gaussian PDFs

K

p(x(0) = p(qilx)g,. £, (%)

k=1

where
K
> plaklx) =1
k=1

@ Speaker model, 0
0 = {px; bk, Tk }

for k=1,2,---,K
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SPEAKER IDENTIFICATION

o If we have estimated S target speaker models 6; with
j:1>2>"' 75-
e Maximum a posteriori probability classification:

0 P(6;
max P(6;|x;) = M

; > i1 P(xil6;)
o Maximum Likelihood:

max p(x;|6;)
0;



SPEAKER IDENTIFICATION

o If we have estimated S target speaker models 6; with
j=12..- S
e Maximum a posteriori probability classification:
max P(6;|x;) = M
b >_j=1 P(xil0))
o Maximum Likelihood:

max p(x;|6;)
0;

o if X ={xo,x1,--xm_1} and assuming frames are

independent:
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SPEAKER IDENTIFICATION

o If we have estimated S target speaker models 6; with
j=12..- S
e Maximum a posteriori probability classification:
max P(6;|x;) = M
b >_j=1 P(xil0))
o Maximum Likelihood:

max p(x;|6;)
0;

o if X ={xo,x1,--xm_1} and assuming frames are

independent:
M—1

p(X[0;) = ] p(xil6;)
i=0
o Speaker identification:

M—-1
§ = max Z log [p(xi16))]
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o If we have estimated a GMM for the target speaker 0; and a
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SPEAKER VERIFICATION

o If we have estimated a GMM for the target speaker 0; and a
GMM for a collection of imposters (background model), 6gym

o Compute the ratio:

P(0:|X) _ p(X|0:)P(0:)

P(0sum|X)  p(X[0sum)P(0sum)

o Compute the log-likelihood ratio:

A(X) = log [p(X|0+)] — log [p(X[05um)]




SPEAKER VERIFICATION

If we have estimated a GMM for the target speaker 0; and a
GMM for a collection of imposters (background model), 6gym

Compute the ratio:

P(0:|X) _ p(X|0:)P(0:)

P(0sum|X)  p(X[0sum)P(0sum)

Compute the log-likelihood ratio:

(]

N(X) = log [p(X][6:)] — log [p(X|05um)]
o Compare with a threshold

A(X)
A(X)

A, accept

>
< A, reject



GMM-BASED RECOGNITION SYSTEMS

Target Models
Speaker 1
(Arianna) Select
iea[ure Vectors - . speakelr model Identified Speaker
X0» X15 + - XM =1 . with maximum| 3
Speaker S probability
(Antonio)
()
Target
Model
F Vectors Background Model &
eature Vectors AX)

X0s X1y -+ - XM -1

If A(X) < 6, Reject

(b)




PERFORMANCE OF GMM-BASED RECOGNITION
SYSTEMS

100 ? T * T T t
90 = —

80| =
70 =
60 | =
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40 =
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—e— TIMIT
?8 NTIMIT

0

Correct (in %)

| | | | | |
0 100 200 300 400 500 600 700
Population Size

>> 19 mel-scale coeff (24-1-2-2), 8-component GMM with diagonal
covariance matrix.



OUTLINE

@ NON-SPECTRAL FEATURES IN SPEAKER RECOGNITION
o Glottal Flow Derivative, GFD
@ Prosodic and other features



LILJENCRANTS-FANT (LF) MODEL FOR GFD

7-parameters LF model:

ur(t) = 0, 0<t< T,
= E,etT)sin[Qo(t —T,)], To<t<T.
= —Ee AT e BTe-T)] T, <t< T,

0.5
Qo, afy\
0 F t
TO Te TC
S -05F
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EXAMPLE OF A GLOTTAL FLOW DERIVATIVE

ESTIMATE [1]
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COMPARING HISTOGRAMS FOR TWO SPEAKERS BASED

ON GFD ESTIMATES [1]
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SPEAKER IDENTIFICATION PERFORMANCE USING
GFD PARAMETERS [1]

TABLE: Using GFD estimates

Male Female

Features
Coarse: 7 LF 58.3% 68.2%
Fine: 5 energy 39.5% 41.8%

Source: 12 LF & energy 69.1% 73.6%

TABLE: Using mel-cepstrum on GFD estimates

Features Male Female

Modeled GFD: 41.1% 51.8%
GFD: 05.1% 95.5%




PROSODIC AND OTHER FEATURES

60 60 |-
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N 53
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---- Unvoiced Excitation

> Left: females, Right: males



EXPLAINING THE PERFORMANCE OF PROSODY FOR

SID

Amplitude (dB)

Amplitude (dB)

Log-Spectrum

Log-Energies
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Xpnuotodotnon

To mapov ekmalSeUTIKO UAKO £xelL avamtuxBei ota mAaiola Tou
ekmaldeutikol £pyou Tou Stédokovta.

To épyo «Avoikta Akadnuaikd Madnpata oto Naveniotipo Kptneg»
£XEL XPNHATOSOTAOEL LOVO T avadLlapopdwaon Tou eKmalSeUTIKOU UALKOU.

To £pyo uloroleital oto mAaiolo Tou Emixelpnotakol Mpoypdupotog
«Exmaideuon kat Al Biou MaBnon» kat ouyxpnuatodoteital oo tnv
Evpwnaikn Evwon (Eupwmaikd Kowvwvikd Tapeio) kat amnod 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

ﬂw
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ZnHeiwpa aderodotnong

« To r(apov UAWKO SlatiBetal pe ToUug 6poug TG aéstaq xpnonq Creative Commons Avadopd, Mn
Epmopikn Xpnon, O)(L MNapdaywyo Epyo 4.0 [1] i petayevéatepn, AleBVAG EK600n EEaLpouvtaL
TOL AUTOTEAN €pya TpiTWV TL.X. Pwrtoypadieg, Staypaupata KA., Ta onoia EUNEPLEXOVTAL OE
QUTO KaL Ta omoia avadEépovtat Hadl e Toug 6POUG XPHONG TOUG OTOo «Znueiwpa Xpriong Epywv
Tpitwv».

[1] http://creativecommons.org/licenses/by-nc-nd/4.0/ @

* Q¢ Mn Epropukn opiletal n xprion:
— 1ou 8ev mepAapPAVEL AUECO 1) EUUECO OLKOVOULKO ODENOG QT TNV XProN TOU £pY0U, yLa TO Slavopéa
Tou épyou Kot adelodoxo
— mou Sev mepAapPavet otkovoptkr cuvaAlayr wg mpoindbeon yia tn xprion fi tpdopaacn oto £pyo
— Tou 8ev mpoomopilel oTo SLavopéa Tou £pyou Kal adelo80X0 EPUETO OLKOVOULKO OdeNOG (TT.X.
Sladnpioelg) anod tnv npoPoAr Tou £pyou oe SLadKTUAKO TOTO

e 0 8wkalolUyog Hrmopel va mapExet otov adelo80x0 EexwpLotr dSeLa va XpNOLUOTIOLEL TO £pYO0 Yo
EUTOPLKA XPHON, EPOoOV aUTO Tou INTNOEL.



Znueiwpa Avadopac

Copyright Navemiotrpo Kpntng, ZtuAiavou lwavvng. «Wnolakn Eneéepyacia
Qwvng. Avayvwplon OpAntn». Exdoon: 1.0. HpdkAelo/P€Bupuvo 2015.
AwaBéoipo amnd tn Siktuakn StevBuvon: http://www.csd.uoc.gr/~hy578



Alatipnon ZNMELWHATWVY

Onoladnmote avanapaywyr n Sltaokeun Tou UAKoU Ba TipEmeL
va oUPTIEPAQUBAVEL:

= 10 Inueiwpa Avadopag

= 10 Inueilwpa Adeloddtnong

= 1Tn 6nAwon Alatnpnong ZNUELWUATWY

= 10 Inuelwpa Xpnong Epywv Tpitwv (edpodoov umtapxel)

pall pe Toug cUVOSEUOUEVOUG UTIEPOUVOEGHIOUC.



2npeiwpa Xpnoneg Epywv Tpitwv

To Epyo auTto KAVEL Xprion Twv akoAouBwv Epywv:

Ewoveg/Zxfuata/Aaypappata/Pwroypadisg
Ewdvec/oxnuata/Saypaupata/dwtoypadies mou mePLEXOVTAL OE AUTO TO OPXELO TIPOEPXOVTAL ATtO TO
BuBAio:

TitAog: Discrete-time Speech Signal Processing: Principles and Practice
Prentice-Hall signal processing series, ISSN 1050-2769

Suyypadéac: Thomas F. Quatieri

Ek&0tng: Prentice Hall PTR, 2002

ISBN: 013242942X, 9780132429429

MéyeBog: 781 oehibeg

KaL avarnapdyovtal LeTtd and ddela tou ek8oTn.
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