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0O 1. The dPLRM method (the left-hand side) vs. the GMM-based method (the right-
hand side).



dPLRM O0O00O000O0 203

000 k00 pi(x)0 0000 cOkOO0O0O0O0OOO0OOOOOO 0000000
0000000000 0000010 KOOOOOOOOO ex=(0,...,1,...,00 00
O00O00000000000KxNOOOOOYOOOOOooooooo
(2.1) Y=y ;yn]=leci;---;€cy]
0000 ;00000 y,;=e,; 02; 00000000
0000 RV OO RFODODODDOOOOO
(2.2) F(x)=Vk(x)

O00VOD KxNOOOOOOOOOOOOOOOOODOODOODOODOOODODk(x) 000 RO
ORVNODODOODOOOO

(2.3) k(m)z(K(ml,w),...,K(wN,w))t
ooo K(:B,:B/)DDDDDDDDDDDDDDDDDDDDD plz)DDODOOOOODOOO
Oooo
(2.4) p(@)=p(F(z)) = (p1(F(x)),...,px (F(x)))"
)

000 p(F(x)= %

0000000000000 p(xz) 000000000 L(v)ODOOOOOOOOO0000

goobooooooboon

N N
(2.5) L(V)==) log(pe,(2;) =~ _log(pe,(Vk(z;)))
j=1 j=1
oooooo (vyooooooooooooooooooooOooOOoOoOooooOooODOO0o0oO
000000000000 00F(x)000000000DO00O0O000 pz 000000
ooooooood p(z)00L(V)OOOOOO VvOMLOOO V™ (=argmax — L(V))
v

0000p"(z)=p(V™k(x)) DODODODO

ooooooooooooooooooooovO0Oooooooooooooooooo
oooooo00ooOoOo0ooOo0o0ooooooOoO0o0oooOooooOooUooooooooOg
V' (=argmax — PL(V)) 0000000000OO

v

(2.6) PL(V)=L(V) + gnrévféné

ooo|-|s000000000000O00OODODOODOOOOOOVOOOOOOOOO
00000ro0dd KxKOOOOOOOOoOooOoOoOorooooooooooooaoo
goooo0o0ooooooooooooooooo

_1 ¢
(2.7) r-—YYy
KONxNOODOOOOOOOOOOOO
(2.8) KI[K((Bh(Bj)]i,j:l,...,N

000000000000 O0OOOO0OO0OO0COO0O0DOCOO0OO Tanabe, 2001a1]
O2e60000000COOOOCOCOOOOOODOV-O0OO0OO0O0O0O0O0O0O0O0O000O0
goood

(2.9) VPL=(P(V)-Y +TV)K=0k,n



204 oooooo s3000 200 2005

000 P(V)0O0 ;000000000000 p(z;)=p(Vk(z;)) D Kx NOOOOOOO
0Y M21M00000000000 p'x)=p(V'k(z)) 0000 Vv*O0O0O0O0D00000
000000000000000

00000000000 VOKxNOOMOOO{viy}oooooooooooo
(2.10) Vit v _ AV i=0,...,0
000 AV OD000D000000000000
(2.11)

N
S (b)) — pla,)(pl@) AV k(@) (k(@,))) + STAV R = (P(V') = Y +6TV)K
j=1
gboboooobooooobobdl Tanabe, 2001a, 2001b, 20032 00000000
oooooooo pP(VvyO0OODOOOOOOODOOCOOOO0OOD20O0O0O0O0OOOOO
gbobobgoobogooboobooboobgbgobgoooogon

22 UJO00OO0OOOOO
g0d3sgopoooobobuoooobood

23 0OO00O0OOOOOOODOO

gooooooboobooOooooOobOOoooobDOooobobOoUoobobooboOobooobooDo
go00o0oobOoO0OodpLRM OOOO0DOOOOODOO PLRMI Penalized Logistic Regression
MachinelD OO OOOOOOdPLRMO PLRMOOOOOOOOODOOODOOOOOODOOO
0000000 F)OOPLRMOOOOOOOOODOOOODO O OO Tanabe, 2001a, 2001b,
2003al1]

(2.12) F(x)=Wep(x)

000 ¢(x)=(¢,(2),...,0,,(x) 00000000 20 000000WO KxmOOOOO

Testing data: {X}};
Predictor: p”(x)

y

Probabilistic prediction of speakers for

Training data set: {(X;,¢;)} ;. v *
4 4
eachdatax;: p (x})

| Convert class data {c;} into Y | ¢

Calculate the summation over samples and

dPLRM learning decide a deterministic prediction of a single
speaker:
Parameter matrix: V* M % ,
\ ¢ =argmax 3 log(p"k (x)))
k i=l

Predictor : p"(x) = p(V k(x))

0 2. Training procedure. O 3. Testing procedure.



dPLRM O0O00O000O0 205

D0O0O0C0ODOPLRMOOOOOO000000000000000WDO0000
(2.13) PLUV)ELUV)+gmﬁWV2h@

000 =0000000000¢(z),%,K(z,2)000000000000dPLRM O PLRM
0000000000 p*(x) OO 0D Tanabe, 2001a, 2001b, 2003a0 0 O O O dPLRM O O
0000000000000 000000000000000000000

(2.14) K(z,2')=(z'z +1)°

oooOoOoOoOoPLRMODODO mOODOOO0OOOOew(x), nxmOOOOOO X00000
gooooooo

s s n J
215 K@o)=p@)'S ) =) .Cra'e) = [scj( [wmw’]i)]

j=0 j=0 i=1
ooo.c;0,;00s0000000000[:;0xeR"O000000O0s00000000O
00300000000 s=500000000¢(zx)0000 mO 0100000000
goooooo0 000000 F(xOOOOOOOOOOOOOOOOD 1ODGMMOOOO
gbobobobobobobobobobooooboodehRMOOO0OO0ODODODODOD
gobobobooooobobobobooboboooboobobobooooboboboooooon
gboobooooogoboboooooaeuMbobooooboooobooooobgon
gbobobgooobobgobgb

3. oood
ggoboooboooboobobooobooevMboooboooboobooo

3.1 0DOD0OO

gobooobooobooo o0 0D0bobO0ooobbO0o0ob0D BOoODOoobD edmTOOO
Ts Do000o0goooogoooboooooooboooooobooooooooo
obooooooooooD 1ekHzOO26 000000000000 0ODO0O0ODOO26000
gobooobobooomi2oooogooogoobooooboooooogooooobooo
U0MO26ms000000000C0 1omsOOOOOOCOO

oooo0o0Obsid Dbs200000000000O00000DS1000000000 ToT1dO
T20 10000003000 12000000000DS200000000 T20 3000
ubooooboooooooboo 1300 Ts 00000 50000000 500000000
uoboboooboooooooooooooOoooboOooooOooooOo0o@moboimooboa
oobOooboooobobodoo kooboo

dPLRMO0OO0O0000O000DO0CO0O0CO00OCOO00O0O00O0O00O0000ss0000
ooooOooo0oOooooOoOoDOoO0oO0oOooOoOo0oOOoOoOboOoOoOoOOOon2emOod OO
oooo led4~le-30000000C0CTM27MO000000O0O0O0DOCCOOOODOOOO
OO0 e64-bitODO0O0OOCOCOCOOOOOOOOOOOOOOOOOOOO000 [-o0.5,05/0000
gobocobooooboocooooobooooon

GgMMUOOOOOOOOOOOOOOOOOOOOO0OO0O 100000 gMMOOOOO
GMM OOOODO0O0 HMM toolkitD HTK, 19890 0 00000000 EMOOOOODOOO
gobooooobooocooooootcOoooooOooooobo ooboobooOooooobooOoOoooa
goboooooooboobooobboooDo



206 oooooo s3000 200 2005

01 0O000O00O000O0OOOOOOO0O0

RESS

L HOESZ 10 FIFE TR TNS,
CRFEHLTECHTNSECR->TLED.
CRLE, BIERIITERTHRIINT 5.
REEBZEDLZEIIABOZEE 7.
L IO LTV EHEE~A - 2O 14 EJIOZ & 72,
CHSDOENFTESP B L HoTWVA.
L INFETOEFER, v v &AL AR VA2 2, TRIZEE L

TEEDITERORT T 4 T o7.
CBREOIEMA L TURLESE, BT THE COEELIAE > T 5.
oL
. FTE
. PR

EER]N

e
N
>

{
|

7N
-

B g
=1
okl

(.I\kal\):—‘(.l\

02 00O To/T1/T2000000 3000000000000000ODO0O0OOOOOO

il ks MFCC Log power spectrum
NI dPLRM 90.7 (87.3,94.7) 92.7 (89.3,96.0)
o GMM 89.3 (85.3,93.3) 84.0 (79.3, 88.7)
SrEE dPLRM 99.3  (98.7, 100.0) 100 .0 (99.3, 100.0)
GMM 99.3  (98.7,100.0) 99.3  (98.7,100.0)
03 0OO0T200000 300000OO0OOOoOOO0O000OODODOOOooOoOoOoO
- I " AR (%)
7AMER ik MFCC Log power spectrum
g dPLRM 88.7 (84.7,92.7) 83.3 (78.7, 88.0)
GMM 84.7 (80.0, 89.3) 68.0 (62.0, 74.0)
e dPLRM 98.7 (97.3,100.0) 973 (95.3,99.3)
GMM 98.0  (96.0, 99.3) 86.7 (82.7,91.3)

3.2 0DO0OO0OODS1000

20000 bsioboooobOocooboooooobooboobooeocmobbOoboOoOononon
goooooooooboboooooboooooobooobo daPLRMOOOOOOOOODOOOO
gobooboooooosgobooboobobooooooooboboboooooobobooOobOdPLRM
oboooobooobooooooOobOboOoboOoOoOoboboOoooOooooocooooo

3.3 DO0O0O0O DS2000O

gs3guobobo bs2b0gobooboooobboooobboo oo bboog
dPLRMOGMM OO OOOOOOOOODOO0OODO0bOOobOoobobooobobogo
gobooobooboobooobooob egvMiooboooooobooboobooboo
goeMMUOObOoooooooboooboobbooo™2eb@moboonbboboon
gogoboooboboooobooga

g4000oboeMM oo boo MFECCODODDOOODDODODOOoLDDDOooooo
gogboobogooboobobobobbob gMMUbboobobboobobbobobon
goobdpLRMOOOOOOOODODOODODOODODODOOO0DOOODbOoOoODDbDOn



i i i i §

H I [H i HIE L T B I

il Hi O dPLRM (sent.) 60 § §I §|§ i §|: § B dPLRM (word)
H H H TH y

E § § § B GMM (sent.) 40 § §I EIE § §|§ § B GMM (word)
H H IH H H

lalalw o g,

L8, 1 L, o WELIIRJHIE AR N
0123456789 0123456789

Speaker ID Speaker ID
(A) Sentence speech (B) Word speech

dPLRM O0O00O000O0

O 4. Speaker identification rates (%) using MFCCs extracted from (A) sentence and

(B) word speech for each speaker.

0O 4. 00O To/T1/T200000030000000000000000O 10020030ms 0
gooooooooobo0oOooooooDoo

207

000 (%)
nooon oo 10 ms shift 20 ms shift 30 ms shift
0o dPLRM | 92.7 (89.3,96.0) 91.3 (87.3,94.7) 90.0 (86.0,94.0)
GMM 89.3 (85.3,93.3) 86.0 (81.3,90.7) 85.3 (80.7, 90.0)
oo dPLRM | 100.0 (99.3,100.0) 100.0 (99.3, 100.0) 100.0 (99.3, 100.0)
GMM 99.3 (98.7,100.0) 98.0 (96.0, 99.3) 96.7 (94.0, 98.7)

3.4 UO0OopDoooobood

40000 DS100000O0DOO0O0 1omsO0 20030ms0 0000000 noonon
gobobogobgboboobooboboosstobooboobbodPLRMOOODDODOO
gobbdos3somsbgoodboo3sgb1gbobooboobooobooboboooobooo
Ioms OO0 O0OOOO0O0 GMMUOODODODOOoooOooooboooooboodeLRMOOOOO
gogbooobodbooboobbobboobboobobboboobboobboboon
gooooooood

4. 00O

dPLRMOO0O0OO00OOD0ODOODOODOGMMOOOOODOODOODOODOO sO00000
0 0000 "00000b00obDgoo0OobDO0o00 o0b0oo0O0o0o0o0bO0b0Og dPLRM OO
goboooooeGMMOO0OO0O0OO0O0ODOO0ODOO0OO0ODOOO0ODOOO0OODOODODODOOODOOOn
Joo0o0oodPpPLRMO0O0O0OOOODODOOODOODOOOODOODOOOOODOODOOO
[ Tanabe, 2003b[L]

K

Hy=— pi(a:)logpk(w:)
k=1

(4.1)

ooboboooooooboocooooobooooobooboooo
gobooooboodono2400s0090100 1090000000000000O0 dPLRMOOO
goboooooboobooobooooooooooboooobobooOoooooOooooobooOoOoooobooo
goboooooboooooocMMUOOOO0OO0oOoooOoOoOoOOoOoOoOOOoOoOOoOoOoOooDooo
obobooooboooooboooooboooooooooboobobodPLRMOOOOOOODOOO
ubobobooooobooobobooobooooOooooooodPLRMOOOOOOOOODOCOO



208 oooooo s3000 200 2005

x 10* dPLRM x10° GMM
[oh} oo}
B 1 '5 1
= 0 a0
g £
& -1 & -1
) Waveform Waveform
el
o 3 _SOMWW
g 05 %
gl . = -100
y Identified speaker Identified speaker
=4
g 3 ‘5OWW
g 05 %
0 ; x -100
1 Other speaker 1 - Other speaker 1
o g -50
g 0.5 %
< -100
0 =
y Other speaker 2 - Other speaker 2
g 05 g™
= o A f\ £ -100
1 Other speaker 3 o Other speaker 3
g -50
o Q
© 05 £
Q. [
0 A B RISV, WY < -100
1 Other speaker 4 - Other speaker 4
o g -50
g 0.5 %
0 L “M < -100
1 Other speaker 5 - Other speaker 5
8 05 g™
ST A § %o
1 Other speaker 6 - Other speaker 6
g g 50
g 0.5 %
NN An £ -100
y Other speaker 7 . Other speaker 7
€ 05 g W
- A £ -100
1 Other speaker 8 ° Other speaker 8
g -50
€05 % W
& 0 A £ 100
Other speaker 9 0 20 40 60 80 100
z 1 % Other speaker 9
2
g 0.5

o

20 40 60 80 100

0O 5. Comparison of dPLRM probability estimates (left side) and GMM likelihood
estimates (right side): the waveform of the word “MOICHIDO” spoken by the
identified speaker (top row), the frame-wise dPLRM probability estimates/the
frame-wise GMM likelihood estimates for the speaker and other 9 speakers (2nd
to 11th rows), and the entropy (12th row). The z-axis indicates frame numbers.

gooboooboooboobboobboboobbooo

5. OO0

goboooboooooocoooooodPLRMODOOOOOOOOOOOOOOOOOOO
goboooooooooboooooooboboboooboooosobooboooooooboboo
uboooobooobooooooooooobooOoboooobooobOoOooOaPLRMOOOCOOOO
obooooooooocoooooocoeMMMUOOobOoOooOooooooobooooobooboono



dPLRM O0O00O000O0 209

obobooooooobooboocoooobooboooooboooooemMOObOOooOoOooooo
gobooooboocooboocooo
ooboooobooooobooboooboooobOooobooobOoOooooooo

oooo

ob0o0o0oOobOobo0o0oboobOoO0oo0noBsieso036 0000 COeE5000920 0000
200400 ISMOOOOOOOOOOOODOOOOOOO0

gooooon

go0ofd1ess0 OoOO0oO0o0oooooooboooooooboon

HTKO 19890  The hidden Markov model toolkit, http://htk.eng.cam.ac.uk

Matsui, T. and Tanabe, K[J 2004all Speaker recognition without feature extraction process, Proceed-
ings of Workshop on Statistical Modeling Approach for Speech Recognition: Beyond HMM,
Kyoto, 79-84.

Matsui, T. and Tanabe, K.[0 2004b[l Speaker identification with dual penalized logistic regression
machine, Proceedings of ODYSSEY 2004 - The Speaker and Language Recognition Workshop,
Toledo, 363-366.

Matsui, T. and Tanabe, K.[J 2004cll Probabilistic speaker identification with dual penalized logistic
regression machine, Proceedings of 8th International Conference on Spoken Language Process-
ing, 111-1797-1800.

Murthy, H. A., Beaufays, F., Heck, L. P. and Weintraub, M 19991 Robust text-independent speaker
identification over telephone channels, IEEE Transaction on Speech and Audio Processing,
7(5), 554-568.

NISTO 19961 NIST speaker recognition evaluations, http://www.nist.gov/speech/tests/spk/index.
htm

Stevens, S. S0 197500 Psychophysics, John Wiley & Sons, New York.

Tanabe, K.[J 2001all Penalized logistic regression machines: New methods for statistical prediction
1, ISM Cooperative Research Report, No. 143, 163—-194.

Tanabe, K.[0 2001b[l Penalized logistic regression machines: New methods for statistical prediction
2, Proceedings of Information-Based Induction Sciences 2001, Tokyo, 71-76.

Tanabe, K[ 2003all Penalized logistic regression machines and related linear numerical algebra, [
goboob0o00D0O0000No. 1320, 239-249.

Tanabe, K[12003bll Entropy-based probabilistic discrimination with dPLRM for collectively labeled
noisy data and related performance indexed] manuscriptll



210 Proceedings of the Institute of Statistical Mathematics Vol. 53, No. 2, 201-210 (2005)

dPLRM-based Speaker Identification

Tomoko Matsui! and Kunio Tanabe?

IThe Institute of Statistical Mathematics
2Department of Science and Engineering, Waseda University

This paper applies the dual Penalized Logistic Regression Machine ({PLRM) to text-
independent speaker identification. This machine implicitly discovers speaker character-
istics relevant to discrimination only from training data by the mechanism of the kernel
regression. Therefore, the speaker identification method based on dPLRM does not re-
quire the conventional feature extraction process depending on prior knowledge. We show
that the dPLRM method is competitive with the conventional Gaussian mixture model
(GMM)-based method with data of 26-dimensional Mel-frequency cepstral coefficients
(MFCCs) extracted from training speech uttered by 10 male speakers in three different
sessions, even though the dPLRM method directly handles coarse data of 256-dimensional
log-power spectrum. It is also shown that the dPLRM method outperforms the GMM-
based method especially as the amount of training data becomes smaller.

Key words: Speaker recognition, speaker identification, kernel regression, dual Penalized Logistic
Regression Machine, implicit feature extraction.



