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Speaker clustering based on non-negative matrix factorization using

i-vector-based speaker similarity

FukucHl YUSUKE! TaAwARrRA NAOHIRO! Ogawa TETSUJI! KOBAYASHI TETSUNORI*

Abstract: We have developed a novel speaker clustering method by integrating highly accurate speaker
representation and a clustering algorithm. The conventional method caused significant degradation in
clustering accuracy when the number of utterances increased. High-accuracy speaker representation and
high-performance clustering method are required to realize robust speaker clustering system against such
a condition. For this purpose, we used i-vectors for the speaker representation, which contributes to the
realization of high-accuracy speaker verification systems, and efficient non-negative matrix factorization for
the clustering algorithm. Experimental results show that the proposed method outperforms the conventional
methods, irrespective of the amount of data.

Keywords: speaker clustering, i-vector, non-negative matrix factorization

oobooooooocoooboocooboooooobooooo

1. 0OOooo

ooOWwebOOOOODOOOODOOOOODOOOOO
cooobooooooooobooooooboOooobooooo
cobobooooooooobooooooboooobooooo
cobobooooooooobooooooboOooobooooo
O00o0o00bO0oo0ooO0ooooooo ooooooo
cobobOooooocooboooooooOooboooo

1 ooooo
Waseda University, Shinjuku, Tokyo 164-0042, Japan

© 2012 Information Processing Society of Japan

ooo0oooo0oO0booOoOoOoO0ooOOoOoOooOoOoOooa
ooo0oooOoOoooooOooooa
o0o0oooOo0o0oooOo0ooooOoOoO0oooOoOoooa
ooo0ooooOoOoooOoOoOooooOoOoOooooOoOoooao
ooooobooOooooooO0oOooobooOoooboOooao
O00000000000000000 (Gaussian mixture
model; GMM) 0000000000 [2],[3],[4], 00O
ooooooooOobooooOobooOooOoooOoooooboo
0000000 e 0000000 00ooonoooooo



gogoooooood
IPSJ SIG Technical Report

gboboooooboboooooobgoboboooog
0000000000000 Bayesian information criteria;
BIC)OODUODOOUODOODOODOOOOO (agglomerative
hierarchical clustering; AHC) 0 k-means 0000000
goboboooooboboooooobgoboboooog
gbobooooog
gboboboooboboboboooooobooboobo
oOoooOBICOODOUODOOOOOOOOOOOO
(BIC-AHC) OO UOOO ¢4)0O0D0O0ooOoooooooo
gobobboogooboooobooboooobooooobooog
gboboooboobobooooooboboboooog
gbobooooobobooooooboboboooog
goboooobbooooobooooobboooboooog
000 (non-negative matrix factorization; NMF) 0 00O
O00000oo0oo0OD [(fjoo0oooooooooo
00000000000 (Gaussian mixture model: GMM)
gbobooooobooboboooooobobooboog
000 GMM OOOO0OOOO cross likelihood ratio(CLR)
gboboooooboobooooooboboboooog
gbobooooobooboboooooobobobog
ocooooooOooooboDOooDpDOoboooo GMMOOOO
O000pDoo0oOoooooooooD BICODOOoODO
gbooooooboboboooooooboboooog
gboboooooboobobooooboboboooog
ocooobDo GgMMOOODODOOOOOOOOOOO
obooooooboboooooooboboboooog
oboboooooboobobooooooboboooog
000o00o00o0bOoooOoogn i-vector OOOOO
OO0O00O0OD0OD00 kmeans 0O00OOOOOOOCOCOO
obobooooobooboooooobooboboooog
O000000o0ooOooooooooo (6o
goobobooobooboboboooooobobo
oo00oooooogn i-vector DODOOOOOOODOOO
goobobboboooooobobboooooooobobog
gbobooooobobobooooooobobooog
cooooooDboooBICOOODOOOOOOOOOOO
[4]0i-vector 00O ODOODOOOO kmeans 10000
OO0 7joGMMOOOOOOOO0ODODOO NMFOOO
000000000 [(p)Ooo0oo0oooooooooo
gboobooooobooboboooooobooboboooog
oboobooo
gbod200000000000000000DO0ObOO
oboobobob3obooboobooooooooooodg
oobobobobo4b00b00ob0obooooooooodg
oO0oO0oOoO0oOoODObDOobooOsoO csJooooa
oobobooooobooboboooooooboboooog
obobobooboboedbOobOobOOOO

© 2012 Information Processing Society of Japan

Vol.2012-SLP-92 No.8
2012/7/20

2. DOOobOoOOoo

goooooobobobobobbobbobooooooooo
googbobooobobobooobobobooooa
oooo0oo21000GMM O0O0O0OOOOOOOOO
00000000000000D0000 Cross likelihood
ratio (CLR) 000000002200 0i-vector 0000
poddddoooooooobbbbbobbobooooa
goddddoooooooooo

21 DO0O0ooOoOoboooboooboo

ooooo GMMOOODOOOOODDOOODOOOO
gooboboboo0oUooUD x;bobooooooog
o000 GMMOOODDOODOO

K K
PXiN) = mipN (@ 4, Zik), O mig = 1)(1)
k=1

k=1
O00oN()OD0O0D0D0000D00000000000on
1

N (Xilpi g Bik) =~
RN CUE TG

exp (— (@) S (2 ) )

00000 = {mip e Zikt,, 0100000 X,
00000000 GMMOOO0000000p,,0 40
mixy 000000 kO0D00D000000000000
00000000000000000000 200 GMM
000000000000000 CLROOOOO (504
000000 ;000000 CLROOOOO00000

p(XiAi) p(X;[A\)

0og ————= + log
P(X5[Ai)

DiC'LR =1
! p(Xi[A;)

(3)

K
MXMQDDDDDDDDDDM:&m%%hzwhﬂ
0000000 GMMOODDOD X; 00000000
0ooooooo

T;

p(XilN) = [ (i) (4)

t=1

2.2 i-vector D00 OOOOOO
2.2.1 i-vector

00 «.000000000000000 GMMOOO0O
0000 M, 00000000 (Total variability; TV)
godoobooooobooooboooboooooooao

M,=m+T- w, (5)

m O universal background model (UBM) D000 O00O
oooooooooo eGMMOOOOOOOOOOOOT
oobooooooooooboocoooooooboooo
oooooooooTvooooooooooooooo



gogoooooood
IPSJ SIG Technical Report

ooooobo ToOooooooooooooooooooo
OOOO0OOOEigen voice 0OO0O0OO0O0O0O0DOOOODOO
oooooo puo0db0w, 000 w0 i-vector O
OO0O000 «0000 jvector OOTVOOOOOODODO
TOOO wOOOODOOOOOOODOOO0OO0O0OO0OO0
oooooooooooon

w, = (I+T'EN(w)T) TS 'F(u) (6)

NwOFu 000000000 000 10000000
oooooo

Ne=>_ P(clz;, Q) (7)
F.=)_ P(do, Q) (z. —m.) (8)

t=1

0000000 cOouUuBMO QUOOOOOOOO FO
O00c¢=1,---,0UBMOOOOOOOOOOOOO
O00m.000 ¢c0000000O0000ON(w) D000
0000 NIIeRF*XF)OOO CFxCFOOOOOO
O0O0O0O0OF(v) 0000 F.OOODDOOOOOOOO
CFx1000000000000000xXx0TVOOO
0000o0o000oo0o0ooo0ooo0 CFxCFOO
O000oO0o00o00oDoOoDoO0oo0Oo Buooooooo
0000 ivector 0000000000 OOOOODOO
ooooooo0ooooo0o0oooooooooooooo
0000 (Fisher discriminant analysis; FDA) 00 00O
00000000 (within-class covariance normalization;
WCCN) OOoUooooouooooooooo
2,22 JO0O0OO0OOOO

ivector 00 000000000000 OOOOOOO
OOFDA OO WCCNOUOOOO [6], [10)]0FDAOOOO
oo0oooo0o0oooo0o0ooooooooooooo
0000000 w— Alwd (w e RY, A € R 4 < d)
oooooo0o0oooo0o0ooooooooooooo
o0o00oo0o00ooo0o0oooooooooooooo
o0o00oo0o00ooo0o0ooooooooooooo
ooooooooo A0 S, 0ooo0o0ooooos, O
O0o0oooO0oooooooooooon

Syv = \S,,v 9)

00000000000000000000000000
00000000000

O00OWCCNOOOOOOOOOOO000000000
0 w— Blwl(we R, B> 000000000000
000000000000000000000WCCN O
00000000000000000000000000
00000000000000 (000000)00000

© 2012 Information Processing Society of Japan

Vol.2012-SLP-92 No.8
2012/7/20

0000000000000 BOoOO sO ;00000
00 w000 s00000000 w,00000 SO0
goooocoooodod

ns

S
W= g >0 o> wd — wn)(wf - w)’ (10)
s=1 i=1
0000 wW-'DO00oDOo0oooooo wW!l=BB'O
gboboooooo
223 0OO0OO0OOO
ub.ddb g j0000b0b000000b0booon
ivector UOOOOOOOOOO0DOO

T
Z,Zj
peos = v =J (11)
Wzl =
oooo z, O i-vector w, 0000 FDA O WCCN O
gobgoooboooobbtbotb«gobobooooboobo

ggno

3. bbOooouobbooond

goboobooboobboobooboboooboo
00000000oooooooooogooooBICOOO
gooboboboboooooooo NMFOOOOOO
ggboogooooboo

3.1 BICOOODOOODOOoOOoOOoOOO
BICOOODODODOOODOODOOODOOODOOOO
DDDDDDDDDDDDDDDDDDDBIC&D BIC;
000 X, 000 X;0000000000000000
gogboooboobboooboobuoobboooboon
00 BICOOOOOOODOOOODODOoOoOoooOoOoOn

N; + N;
#10g|20|

+%w+ggii%bﬁNﬁ4W) (12)

2
N; N;
BICiyj = 7log|21| + #log\Eﬂ
@ d(d+1
L, dd+D)

S+

o O2000000000000000000OCOOO
ooooooOo000X; 0 3; 00000000000
ooooooonN, 0 N;000000000000000
d000000DOO0OO0000 000000000000
gooooooooooooooooodooog:.o0a0o
o0 jo0000b000o0oooooooooooogon
goooocooo

BICY; =

)log(Ni +Nj). (13)

ABIC;; = BICY, — BIC; (14)

00000000000 ABIC;; 00000ABIC;; O
0000D00D00000000000000000000
0000D0000000000000000000000



gogoooooood
IPSJ SIG Technical Report

cobooboooooooobooooooooobooooo
00000000000 ABIC;; 000000000
O0oo000oo0oooooooooooonD (14O
ooooooooood

3.2 00000000000000000
000 Uo000o000000o000ooooooooo
0000 VeRVXY OOOOODOODOODOOODOOO
(Non-negative Matrix Factorization; NMF) 00 0000
0000000000000000 voooooooo
0000 WeRUVSOOoOoOooo HeRXYV OoOooo
0o00o0o0o0oooo0oo0oo0o00000000

V~ WH (15)

000 vooooosSoooooooooooooog
00O wiOdooooobooooooobooooooo
HO.OOOOOOOOODODODOOOOOOOOO s
ddddddddooododddw0ooooooa
dddddooooooooooobooooooooon
§,, = arg max Hy ,, (16)

S

00000 w=1,---,0 00000 (16) 0000000
goooobooobo s, 00000D000D0O0ODbO210
0O000o0oooooooooD GMMOOOOOOOOO
0000000 CLROOODOOO0OOOO0Oi-vector OO
gobooboobbobbooboobooobboob
oo0oooow o HOOODODOOoOOooOoooo voo
00000000000000000000 (11000
god

D(V||IWH) =

2

= Vi + (WH)”> (17)

WO HOD(V||WH)OOOODODODOOOO0O0O0000
000000000000000000000000

Zu Ha,uw,u/(WH)i,u

i,a i,a 1

W7 — Wv Zu Ha,u ( 8)
2os HeaVsj/(WH)s

HQJ' — Ha,j ZS }{Sya J (19)

0000 V,0W,,;,0H,; 0000000 WO WO H
00, ;0000000000000000000000
000000000000000000000000000
00000000000000000000000000
00000

4. JUuoobooooooao

uoboooooboooooooooobocooooooo
cooooOoboo 1oobocoooboobcoooooboOooo

© 2012 Information Processing Society of Japan

Vol.2012-SLP-92 No.8
2012/7/20

01 0ooooooooooo

Speaker Clustering
Method . .
representation algorithm
BIC [4] single Gaussian | BIC-AHC
GMM-NMF [5] GMM NMF
IV-kM [7] i-vector k-means
IV-NMF (proposed) i-vector NMF

O0OOO0OOUBIC 4 0000000000O0O0OO0OOO
0Jddddoogoooon 3.1 00000GMM-NMF OO
0go0ooooo 210000 GMMOOOO CLR OO
gooooooooboboooooboooon 320000
NMF OOOOOOODODODODO BICOOOOOOOOOd
000000000000000D0000O00 Blooo
JoodClROOODDOOOOOO0O0OO0OOOODODOn
OO000O0OONMFOOOOODODODDODDODOOOOOOO
000000oodoogoIv-kM OQid-vectorO OO OO
O kmeans 00 0000000000000 k-means O
gooooooooboboooobooooooooooa
0000 [fjD0000000000000000O0OO00
Oivector UOODODOO0ODOO0OO0OOOOODODOODDOOO
NMFOOOOOOOOODODODODOOOO i-vector OO 0O
gooooboooobooooobooobooooooa
000000000000D000 (20000000000
ogoooooooooo
0 , v<0

f(v)—{ v3 ., otherwise (20
000oooooooooooooo0ooooooooon
ooooooooooooooooooooooooon
ooo0oooooooooDooooooooooooon
ooooooooooooooooooon

5. DOOooboooboon

O1000o0oo0oo0oooobooboooooooooa
goboooooooooooboooooooooboooo
gobooooooooooocooboocooboocoooo

51 0000
51.1 00000
00000000000 (CSJ) (1200000000
050000500000 4600000000000
000000000000000D0000000000 4
00000000000000000000000 500 ms
00000000000000000000 5s00 10s
000000000000000000000 50000
0 1000000000000000000000000
00100000 1000000000000000000
00000000000 500000000000000



gogoooooood
IPSJ SIG Technical Report

goboobobooboooboo

5.1.2 OOO0ODOOOOOO
00000000000 0BIC OO0 GMM-NMF O
O000Do0oo0oO0 12000 MFCC OOODOGMM-
NMF OOOO GMMOOOOO 80000000 OO
080 GMMUODODOOCLRO 000OO0ODOODOO
gooobobobboil1sb00oooobobobboooog
IV-kM O IV-NMF 000 UBMOi-vector DO OO0 TO
FDAOWCCN OUODOODO0O0OO0O0O0DOO0ODoDOoOoooo
1830 D000 bObOOoOooobooooobg 28,171 00O
O00oDooooooUBMOOODO MFCC12000
AMFCCI12000AAMFCC 1200000 36000
oobooobboOoobbs120000i-vector 0O O
OO0 3B00000FDAOODDO 100000000000
OO0 WCeNDOoooo

5.1.3 ODOO0O0O0OO0ODOOOO
gbboboooooobobboooobobbooooboboo
00000000 0O0O0ONMF OOO0O0ODOk-means 00
00000000ooooo (000 1wo)ooooo
BICOOOOOOO (12)0(13) 0000 BicoOooOoO
jddddUd cU00U0U0UU0DUODUODUUODUODUUOUOOODO
000 KOOOOOoOOoO (Wooo ooloooooo
a=680a=138)000000000NMF 00000
O HOWOODOOOOODOOODOOooOoooooooao
gobooboobobooboobuoobobooboob
ooboooobg oooortooobogoo

5.14 0O0O0O0O
00000000o0oooUooooooooog (av-
erage speaker purity; ASP) D O000OOO000OO (average
cluster purity; ACP) D000 O00OO0OOOUO0OO KOOO
O00U0ooo00oO0 Buoo00oo p, 00oooo
dobooboobobooobooboobooobobooo
0000000000 o 000000o0o000o0ooo
dobooboobboooboobuoobobooobooo
goboooobgoooo

S n2,
pi:Z?g (21)

2
G= e (22)
i J

oooosOoooO0ouvoo0o0o0dn; 000 000
gdbbOn, DOODD :00000D00O0O0OD0ODOOOnN
oo jo00boboobo0 s0gboobobogob
O0000000DO0O0 VasepOODOOOOO Vacp O
gobooboboobooooga

s
1
Vacp= i ; Dl (23)

© 2012 Information Processing Society of Japan

Vol.2012-SLP-92 No.8
2012/7/20

02 0O0O0OO0OC0OOCOO0O000 Koooooooooooooo
goooooooooooooooooooboooo

# speakers | # utterances | K value

10 0.989

5 100 0.610

BIC 10 0.993

10 100 0.592

10 0.922

0 100 0.914

IV-kM 10 0.920

10 100 0.896

10 0.977

5 100 0.931

GMM-NMF 10 0.940

10 100 0.896

10 0.984

5 100 0.987

[V-NMF 10 0.966
10 100 0.944

1S3
Vasp i ]Z:% q;in; (24)

KOOooooooooooooooooooao
K=+/Vacp - Vasp (25)

KOoOooOooooooooooooooooooooo
gooobooocoooooobooooooooboooo 10
od

5.2 0O0O0OO
02000000000 BICO IV-EM O GMM-NMF
ooooo (IV-NMF) OOOOOoOoooOoooooon
oo0o0o0OOoo0oO0ooooOo IV-NMFOOOOOOO
0000000 KOoOooooooooooooooo
gbooooooboobooooooboboooboobooo
IV-NMF O GMM-NMF 000 Iv-kMOOOOOO0OOO
000000000000 oo0BIC-AHCOOOOOOO
000 1000000 BICCAHCOOOOOOOOOOO
goooooooo woboboooooooooboooooo
BIC-AHC OOOOOO
coboboboooboooboooobooooooooo
e BIC
coobOooobooOooboooOoobooOoOooooa
ooooOooobooOooboooOoobooOoooooa
cobooOoooboooooOooOooboOoOoooooa
ocooooooooooon
e IV-kM
ooooOoooooocoOooOooOooboOoOoooooo
cooboooooOoooobooobooboOooooo
¢ GMM-NMF



gogoooooood
IPSJ SIG Technical Report

cooboboooooooooooobooooooo
oooooooOoOoO0OO0O BICOOOOOOOOO
ooolv-keMOOOOOOOOOOOOOOOOOO
oooooooooooorv-keMODOOOOO00O
cooooooo
e IV-NMF
coooboooooboooobooooooooooo
000000000 BICOOOODOOODOOOOOO
cooboboooooboooobooooooooooa
coooooooboooooboooooooon 300
coobobooobooooooobooooooooooa
cooobooooooocooobooooooOooooa
coooooooboocoooooooooooooa
ooo
ooo0o0oO0oooooooOoooooooono IV-kMOIV-
NMF OOOOOOOODOOO i-veccor 0O0O0OOO0OO
BICOGMM-NMF OOOOOOOOODOOOODOOOOOO
cooobooooooocooobooooooboOoobooooo
cobOoobOo0obOoOobOO0o0obOO0OdOi-vector 0OOO
coboboooooooooboooooooOooooooo
cooboooboooobooooooOoooOooOooono
oooooOO0O000000O0OO0OD0OO00000O0O0ONMF
OO0ooo0o0ooooooooood (GMM-NMFOIV-
NMF)OOO 20000000000000000000
cooboboooboooooboocoooooOooboooo
cooooooooooobooooooOobocOoobooooo
coooooooooobOocooboocOooono

6. OO

O0O00O0OivectorDO0DOODOOODOOOO NMFOO
ooboboooooboobobooooooboobobooooog
gobgooboobooboboobooboobboob
gboooobobooboboobobobobooog
oboboooooboobobooooooboobobooooag
goboobooboobboobooboobboon
gobooboboobooboboooboobboooboo

gooo

[1]  T.J. Reynolds, et al., “Clustering via the Baysian in-
formation criterion with applications in speech recogni-
tion,” Proc. ICASSP, vol.2, pp.645-648, May 1998.

[2] D.A.Reynolds, et al., “Blind Clustering of Speech Utter-
ances based on Speaker and Language Characteristics,”
Proc. ISCLP, vol.7, pp.3193-3196, Nov. 1998.

[3] D.A. Reynolds, et al., “Speaker Verification Using
Adapted Gaussian Mixture Models,” Proc. Digital Sig-
nal Processing, vol.10, pp.19-41, Jan. 2000.

[4] S. Chen and P. Gopalakrishan, “Speaker, environment
and channel change detection and clustering via the
Bayesian information criterion,” Proc. DARPA Broad-
cast News Transcription and Understanding Workshop,
pp.127-132, May 1998.

[6] M. Nishida et al., “Speaker clustering based on

© 2012 Information Processing Society of Japan

[7]

8]

Vol.2012-SLP-92 No.8
2012/7/20

non-negative matrix factorization,”

pp-949-952, Aug. 2011.

N. Dehak et al., “Front-end factor analysis for speaker
verification,” IEEE trans. Speech Audio Process., vol.19,
no.4, pp.788-798, May 2011.

S. Shum et al., “Exploiting intra-conversation variability
for speaker diarization,” Proc. Interspeech, pp.945-948,
Aug. 2011.

P.Kenny, et al., “Eigenvice modeling with sparse train-
ing data,” IEEE trans. Speech Audio Process., vol.13,
no. 3, pp-345-354 May 2005.

P. Kenny et al., “A study of interspeaker variability in
speaker verification,” IEEE Trans. Audio, Speech, Lang.
Process., vol. 16, no. 5, pp. 980-988, Jul. 2008.

A. Hatch et al.,, “Within-class covariance normaliza-
tion for SVM-based speaker recognition,” Proc. ICSLP,
pp.1471-1474, Sept. 2006.

D. D. Lee and H. S. Seung, “Algorithms for non-negative
matrix factorization,” Proc. NIPS, pp.556-562, Nov.
2000.

K. Maekawa, “Corpus of spontaneous Japanese: its de-
sign and evaluation,” Proc. SSPR, pp.7-12, Apr. 2003.
A. Solomonoff et al., “Clustering speakers by their
voices,” Proc. ICASSP, vol.2, pp.757-760, May 1998.

Proc. Interspeech,



