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Abstract

Human infants have been called ’stastical learners’ ca-
pable of discovering words from speech signals. For
a computational understanding of the language acquisi-
tion by infants, many researchers have developed machine
learning models that can acquire knowledge about words
and phonemes. The nonparametric Bayesian double ar-
ticulation analyzer (NPB-DAA) is one of the unsuper-
vised methods for a word discovery and can simultane-
ously learn a language model and an acoustic model. By
integrating the NPB-DAA with the deep sparse autoen-
corder, it outperformed pre-existing unsupervised learning
methods. In this paper, we show a new experimental re-
sult about word discovery from multiple Japanese speak-
ers’ speech signals. The results confirmed its effectiveness
to the signle speaker data, but show the difficulty in the
multiple-speaker data.
Keywords — Bayesian Nonparametrics, Deep Learn-
ing, Speech Recognition, Unsurpervised Learning,
Word Discovery

1. EU®IC
ANHOGRIZH DR D 656025t v iEHE T
MhDICEBELER L TV, BEZORG L 55
BEh o iRz EET 2 L E, WRIIRRIEH T —
Yo DHESEMEZ O TWE T EIZRh s, OF
D, $RIFEEREET 28K T, SEICET 5
HERZ R 7. I RGBS 28k L, HEEIlcs
fift L7z bC, FE#EZEARTIHERHL, Tl L
6, HEESHIE X OGEAETS RIS R HAIIC S
ZEALCOIHMBOREE L 3 HitH2 LS A
%, Hif 87 H D5V Rt DORfiatiy 2 Hkd 2

WOERTEAE S 2 oEifl L, HEEEMmTE s L
PRINTW3S (1],

FHAEFICBE T A EAMIE L LT, Rl REE &
LT ¥R b7 —% %2 BGRB8y 3 STt
7121, [3]1 3% %. Mochihashi 5%/ 39 X F U v
7 XA RIZH D < nested Pitman-Yor language model
(NPYLM) %2 L, EIEE B2 L ZREEET
ZHEEICLAZ 2 L2L, 7TFA L T—¥ 060D
LR L HRT, HEE 56 OREEER IR TH
5. ZOBmE LT, 90 R I3 R
MOPHBEICEENDZ EBB TS, 72, W
DYFHBEBEICE VT, BRIEEREBEICH S BV FE
FCHEEZESLZINE RS2V, UL T,
Neibig 513 NPYLM ZH55R L, EFERESkAD 2 &A%
B Rk A 7T 4 AL LTHII SR b D2 H
m UIBREHRMNT L, ZORIR L &b IcH ARk R 2
e S % Latticelm ZHE L 7223, T OFHEITIFE
FEMRIEFN TR 3],

D FERIER % LT 2 13 ERERDBBETH
D, EREELEREESIMHALIER LSRR ST
bz tEZoNTws, s DEEEEDOMHAE
RzETMELT 2 2 EE, A EEMES 23RN
WA 2 72D DFEFEDOME L o> T 5, A, Lee
5 & Kamper 5 I3 EHEE T2 6 Q&% L iEHMESTF
EEERE L7 (4], [5]. F 7, Taniguchi 5 i, hierarchi-
cal Dirichlet process-hidden language model (HDP-HLM)
EINDBEEL B 2w 2 Him Tk 2 MR 5
LT, NMOEFRESOA» S SHEET IV EGE
7V % AR IS HEG S 2 BEMAE B 75 Nonparametric
bayesian double articulation analyzer (NPB-DAA) % $2%
L 7z [6]. HDP-HLM |35 R & g 2 e L
THERNAERE T L TH Y, FEE T IV (word model)
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& HEE 5L (acoustic model) ZEHA TS, X 51T,
NPB-DAA IZ Deep sparse autoencorder (DSAE) % #H #
fBb¥s LT, HAllikLF %%f%@*ﬁﬁﬁiﬁ%ﬁ%ﬁ
LTw2 (7. ZOWETIE, RFEDARICTE > THIK
SNTH—GEEIC L HER T — 577536 DR
BLOEFRRICB VT, P OREMEN 72 5 iR is
i [8] # B2 A Ff>Z LRSI Nk, Lal,
RO RO FiEERTIC B T, B35 T

S EBOFEE D SR ER L Tw1 5 k%i%@bi‘
HMTH B0, HEGEE DEFE S0 5 OERER

ERINTELT, HEGEE» R EHESIC 5@1,
CHEA L ZBOEMERBIE S TWwiho 7z, Lk
Mo TABZE TlE, NPB-DAA & DSAE Offt&AE 7L
ZHWT, BEGEEDIEH T — 5 0 6 Hhii7s Lk

EGz2iT», ZOFRBEETRICOWTH#RT 5.
2. NPB-DAA

Z 2 Cl¥ NPB-DAA DAL E 7V CTdH % HDP-HLM
IZOWTHH L, DSAE & NPB-DAA Difi&E T INIC
DN S, 8, NPB-DAA Diftinftzs &0t
M [7] ICEHE S LT 5

2.1 HDP-HLM

HDP-HLM (&, X% H#§)&§ % Language model, H
A2 KT % Word model, & DH#H % £fD Acoustic
model %> 5 7 %5, HDP-HSMM [9] DHEEE T I TH
%, M 1ICHDP-HLM 7' 5 7 4 ANVET LV ZRT,
7 & HDP-HLM @ super state TH 1), EEHGEEZEL
TWw3, £, i FHD super state TH % z, =i 13 H
F wi= Wity ooy Wik ooy wir,) ZFFD T 5, 72721 L
B i BHOME w, DRZITH B, 7, LBEEIZ
Tok)ickans,

B ~ GEM(y*M)
n.iLMNDP(aLM’ﬁLM) 121’2’. 00
ﬁWM NGEM('}/WM)
aM ~DP(a™M VM) j=1,2,.. e
wig ~ Ty M i=1,2,...,0
k=1,2,..,L;
(6;,w;) ~HxG j=12,... 00
zg ~ M s=1,2,..,8
le = Wk s=1,2,...,8
k=1,2,..,L,
Dy~ g(oy,) s=1,2,...,8
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VLM
L del
rmage o) .
@? _ Latent words
ym (Super state sequence)
¢ = m\
Do )
@
=N~ T
Word model L
(Letter bigram) ="+ Latent letters
Duration \} AcousticPw?lcﬂ
D 0121
H
(5w G o G ) e G 6 e
Observation H_) H/_) ;\/—J
1 HDP-HLM ® 277 7 4 AANVET IV
k=1,2,....L,
Xt = sk t= tgk,...,tgk
tS]k = Z Dsl + Z Dsk/ +1
s'<s K <k
2 _ .1
tsk — tsk +D5k - 1
yi = h(6y,) t=1,2,....T
ZCT, BYM ZRIRHETH Y, aVM & VM 3

SE# LT % word model DNA IN—8F X = TH
%. DP(a"M BWM) 1 ZVEAE T j 2> 6 RDLTFAND
EBHER M 2 M5, M BEIEHETH D,
aM L M OZHEENA TS AR BN T BN A 8—8
FA—YTHD. £, DP(arM BIM) | ZWELEHEE |
5 RDHGENDBBMEE atM 2 135, 7, b
EDOF LM & WM 3% 1211 LM: Language Model
& WM: Word Model Z &R L T\ 5, BIEHEE w; 1
GENDWELTE afM policyy 7 rang,
HDP-HLM T, FRaofmid B ET 4 K& > T
WRE D, BET I DFHURH Dy 13 g(00y,) 92524
JREND, LEL, g s BHOBERE w, OFD
k FmHOBIEXTTHY, o, \FEELT Ig DR
NIRX=FTH2., i, BIEYE w, DRHGEREIZ
Dy=Y, Dy L7 %.

HDP-HLM T3 AEHGE 7, DI TE X TR Ig =
wok (k=1,2,.,L;) ZIET 5. ZOH w, ICTHDW
T, lg OFHGERE Dy 2VERR S 0, HI19546 h(6,,) D
SEIMT =%y, DEREI NG, Zruck by, BEHE
ELTF v 7SN XIE—EDE LY — v %
For—stLceET LI N,
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Inference
Acoustic
mode | A B c

B2 vaXy FPEGEHET— 065 LR e G
T % 12D DIREFIEO 2B

2.2 NPB-DAA & DSAE OFSETIL

AR TRE T 2 A EF RO BRZ 2 1R
$. DSAE ZEEFDE 50 6 HHEFEE R %I
R T =7 %ML Twb, 2L 7T, NPB-DAA 13%
DRI T — 7 #T LT3, 22 TO¥XETFEIX
TRCHLZ LFEETH D, SHEE5D 6 ORHEdhH
PHESE O HKAI 2 L TfibhiTws, LadoT,
PREE T TH 5 NPB-DAA & DSAE DfixE TV
&, BT ) EGEE A E T 6 DGEDFEAP, F
FKOHHERZ - D OFHMEEZ AT 2 €TV
flit7hH 3,

3. B

DSAE % fl& &+ 72 NPB-DAA % VT, EHA
DFEEFRT =506 Al LiB5ER 21T, EBRT
Z 4 FEEDFEEHE T — Yo g L IcHEE LA
fli*F¥g% & o572 L 2%, DSAE % fla& o+ 7 NPB-
DAA DMEEIZ 1 FEEDADEGTET— Y 2L 72
TR (7] TOWBER Lo, L L, 45EE0EH
T =805 FIRHEE L 725 E DR IX, 568 &I
E LG EOmREE KRE S TH-7. 512, DSAE
ZHOWT, 43FE07 =%ty Fo o L R
DT RMERL 72 & 2 A, BUGEE & LGRS DR
ERUCKEZRTNDEL TR I Ebh o,

3.1 EERSEE
HAGEZEGEE T 28242 AL, 30 Xz HRK

BRAE—=FT2RTOMEDIBELIFHATD S, &t

60x4 X DEFERFE L, 7L, EcHWw-
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S, HAGERFES {a, i, u, e, 0} DA SRS 1172
5 HiGE {aioi, aue, ao, ie, uo} DIAGOE TIEL N D
DTH%, 30XDH b, 25 XiF 2 FEL (Paioi aue”, "uo
ie’72 L) TOh, SXIF3IFEXTH S, FEETlE, 2
EFEDDH % DSAE Z A b ¥ 72 NPB-DAA [7] &
K~ 2 bV & LT MFCC % V272 NPB-DAA O [6],
conventional DAA [10], # L THEFED E 7 ik ®E C
% % Julius [8] Z LbfE L 7-. F 72, NPYLM & Latticelm
DY 7+ 27 latticelm [11] Z V72, Z OAthod Kk
FRIiZOWTIE [7] LFHETH 5. DI, 2 40
HHET—% v b & K-DATA, M-DATA, 2 %D H M
FE DT —% % v b % H-DATA, N-DATA & W-FR$ %,

3.2 EERER

F1LIC4FEE TR L7355~ FIEE (ARD)
D% RT, FHEOKREIC (MAP) LELDHBHD
X, OFEN 20T LB ROFEEE2 ESTVD
—H, 20 54TD I b FEBMERDRKA & Lo R R 2R
LTw3, ¥/, AM(IMDINCHEF =y 7 ~w—7
X, ZNZTNHANCHFTEETTILL L IFIE L WHEEEE
HZ2LOTVBEFETHLNLEIPETRLTVS,
WELT, ZOHESHEIY Z7I2BWT, REFEIZ
BEFEOMEZE Eilo7, £/, Z0EETIX, 4
HEEDDT =Yy b6 1 EEE T LICHEE LR
Hrlolnd, 2R 1FEEDHDT —F 279
B [7] T 6 U FHIEE L D b RWLES R A Rl L 7.

# 2 1%, DSAE % #lA &bt 72 NPB-DAA % H\»
T, 368 2 &N CRENT L 72354 (one speaker)
DY) ARL & 4 GEE DT DT —F Xy koo FIRHEE
L 7284 (four speakers) ® ARI DI TH 5. 4 5F
FRDT =%y b o FRICEFEES 2T/ & C
%, H—ih#H 2 L IHN T e A L IR L TE R,
HEEE HICHE LS HERMET L, K31k 456850
F—4%%v b5 DSAE THilH L 72 3 Ryt R
% Principal component analysis (PCA) IZ & D 2 RJGIZ
T 7RO RO KITH 5. 2096, EXIZ
4EE 2B ORYOMKTH D, ARUTBHETEE O
H-DATA & 21354 @ K-DATA 2 N5 ORI ¢
bbb, ZIho, PUEGEH L LS ORBZERICK
ERTNDBDHDLI EBLD S,

4. HHLDOHIC

AT, SEFEES» S DHM% L iEFESD Tk
& LT DSAE % fflaér ¥ 72 NPB-DAA DL, #H
BahgcnIERRIC X b VERE R B L 72, S o EERT,
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K1 HEE S NIRRT EIFEREED ART

Letter Word

Method ARI ARI AM LM
NPB-DAA with DSAE (MAP) [7] 0.621  0.627
NPB-DAA with DSAE [7] 0.523  0.448
NPB-DAA with MFCC (MAP) [6] 0.599 0.486
NPB-DAA with MFCC [6] 0.561 0.394
Conventional DAA with DSAE [10] 0.548 0.078
Conventional DAA with MFCC [10] 0.591  0.091
Julius
(phoneme dictionary + NPYLM [2]) 0.486  0.297 v
Julius
(phoneme dictionary + latticelm [3])  0.538  0.319 v
Julius DNN
(phoneme dictionary + NPYLM [2]) 0.633  0.396 v
Julius
(word dictionary) 0.586 0.486 v
Julius DNN
(word dictionary) 0.674  0.769 v

F2 HMEFEHEITLDOTFT I oHEEL LA DY
ARI & 4 5EE SO T —% 26 FRHEE L 72549 ARI

Letter Word

NPB-DAA with DSAE  ARI ARI
one speaker (MAP) 0.621 0.627
one speaker 0.523 0.448

four speakers (MAP) 0.161 0.073
four speakers 0.234 0.139

DSAE % #l& &t 72 NPB-DAA 23EAF DEEHER 7235
FHERAREEE X D b OB OERIER B TH B
T LRI NN, ERERRECC KBUBGEAE & 5
A5 LRI REFEICL OpH D, ZoFEE L
THEBERFE~NDONIGHZE T 5B, EBRT, 4 A
D5 — % % [ DSAE & NPB-DAA (27 [ f#HT L
7HAEICB VT, 4 NgDOERT—F &2l % IZf#hT L
TG E oM & L TR ERIE T2 A 5k,
TAUE, FREIC K AFEFERE LA ALk EoE I
L0, HEFLEACERLBBRINIXREDDDNE)
HETHD LRI NTWwE DL EEZNS, —
Ji, ANREDOEIRIZ, BEL 7 Ah ST 72 & A
DHHIBERPOERZERLTVS, InzHEBT 2

O:H-DATA a:Blue
[J:k-DATA acfENE usRed
i M-DATA

2
H

second principal component

seand principal component

ED 0.0 05 S 00 05
first principal component first principal component

X3 DSAE %5 PCA I2Z¥H1 L 72 B D By 46 X
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0k, BRIk ST & o TS L 22EEE oA G A
T, FEHERFOEHE D & ahid IRTE 723 H R %
Br0ED7 TR —FBEZLoN5D, 5% 505
DETH L, X612, VOFERMESZ RS 27
DT, REFED X9 HEtHEGwRN LT TV EFEBED
Bize LEbE THRHT S LIFAAIRTHS, #
HIERE, MR EOSE LI LT, Ao S S
DWRTI D &I UKD E DI Tirbit T
D0, FIAORARERE L ED X IR DL T
200k EDERERDL, MEZED THLEL D,
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