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Human infants discover words and phonemes using statistical information and prosody. For unsupervised word
discovery, Taniguchi et al proposed the Nonparametric Bayesian Double Articulation Analyzer (NPB-DAA) which
was able to segment speech data into word sequences. However, NPB-DAA uses only statistical information such as
the mel-frequency cepstrum coefficients. In this paper, we extend NPB-DAA method using prosody, i.e., Prosodic
DAA, for unsupervised word discovery. We use the second order differential of the fundamental frequency and the
duration of silent as the prosody. We show in an experiment that Prosodic DAA outperforms NPB-DAA.
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2: HDP-HLM [Taniguchi 16a]

3. NPB-DAA

3.1
(Hierarchical Dirich-

let Process Hidden Language Model: HDP-HLM)

(Hierarchi-

cal Dirichlet Process Hidden semi-Markov Model: HDP-

HSMM) [Johnson 13]

2 HDP-HLM

[Taniguchi 16a]

3.2
HDP-HLM zs HDP-HSMM

backward filtering forward sampling

HDP-HLM zs = i

backward message

Ft Ft = 1

t + 1 Bt(i) zs(t) = i

t+1

B∗
t (i) t+1 zs(t) = i

Bt(i) := p(yt+1:T |zs(t) = i, Ft = 1)

=
∑
j

B∗
t (j)p(zs(t+1) = j|zt = i) (1)

B∗
t (i) := p(yt+1:T |zs(t+1) = i, Ft = 1)

=

T−t∑
d=1

Bt+d(i)p(Dt+1 = d|zs(t+1) = i)

·p(yt+1:t+d|zs(t+1) = i,Dt+1 = d) (2)

BT (i) := 1 (3)

zs(t) = i wi wi = (l1, · · · , lLi)

p(yt+1:t+d|zs(t+1) = i,Dt+1 = d)

R(Li,d) Li d

r

p(yt+1:t+d|i, d) =
∑

r∈R(Li,d)

Li∏
k=1

p(rk|lk)

·
rk∏

m=1

p(y
t+m+

∑k−1
k′=1

rk′ |lk) (4)

R(Li,d) =

{
r ∈ {1, 2, . . .}Li |

Li∑
k=1

rk = d

}
(5)

4

t

k forward message

αt(k) =

t−k+1∑
d′=1

αt−d′(k − 1)p(d′|lk)
d′∏

t′=1

p(yt−t′+1|lk)

(6)

α0(0) = 1 (7)

HDP-HLM t Bt(i)

B∗
t (i) zs(t+1)

Ds(t+1) Dsum
s =∑

s′<s Ds′

p(zs = i|y1:T , zs−1 = j, FDsum
1:s

= 1) =

p(i|j)βDsum
1:s

(i)p(yDsum
1:s

|i) (8)

p(Ds = d|y1:T , zs = i, FDsum
1:s

= 1) =

p(yDsum
1:s +1:Dsum

1:s +d|d, i, FDsum
1:s

= 1)p(d)
βDsum

1:s +d(i)

β∗
Dsum

1:s
(i)

(9)

4. Prosodic DAA

F0

2

HDP-HLM
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Ft

F0 yF0
t
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t

HDP-HLM 3
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3: HDP-HLM

zs zs Dsum
s Dsum

s

Ft Ft Yt

Y1:T yF0
1:T ysil

1:T

p(Yt) (t = 1 : T ) p(yF0
t ysil

t )

βLM ∼ GEM(γLM) (10)

πLM
i ∼ DP(αLM, βLM) (i = 1, . . .) (11)

βWM ∼ GEM(γWM) (12)

πWM
i ∼ DP(αWM, βWM) (i = 1, . . .) (13)

wik ∼ πWM
wik−1

(i = 1, . . .) (k = 1, . . . , Li) (14)

(θj , ωj) ∼ H G (j = 1, . . .) (15)

φqu ∼ HProsody
qu (q = 0, 1) (u = 0, 1) (16)

zs ∼ πLM
zs−1

(s = 1, . . . , S) (17)

lsk = wwzsk (s = 1, . . . , S) (k = 1, . . . , Lzs)

(18)

Dsk ∼ g(ωlsk ) (s = 1, . . . , S) (k = 1, . . . , Lzs)

(19)

xt = lsk (t = t1sk, . . . , t
2
sk) (20)

t1sk =
∑
s′<s

Ds′ +
∑
k′<k

Dsk′ + 1

t2sk = t1sk +Dsk − 1 (21)

Dsum
s =

sLzs∑
t=s1

Dt (22)

yt ∼ h(θxt) (t = 1, . . . , T ) (23)

Ft =

{
0 (t = t1s1 : t′ − 1)

1 (t = t′)
(t′ = t2sLzs

) (24)

yF0
t ∼ hF0(φFt0) (25)

ysil
t ∼ hsil(φFt1) (26)

zs = i

backward message

βt(i) := p(yt+1:T , Yt+1:T |zs(t) = i, Ft = 1)

=
∑
j

β∗
t (j)p(zs(t+1) = j|zt = i) (27)

β∗
t (i) := p(yt+1:T , Yt+1:T |zs(t+1) = i, Ft = 1)

=

T−t∑
d=1

βt+d(i)p(Dt+1 = d|zs(t+1) = i)

·p(yt+1:t+d, Yt+1:t+d|i, d) (28)

βT (i) := 1 (29)

zs(t) = i wi Wi = (l1, · · · , lLi)

p(yt+1:t+d, Yt+1:t+d|zs(t+1) = i,Dt+1 = d)

p(yt+1:t+d, Yt+1:t+d|i, d) =
∑

r∈R(Li,d)

Li∏
k=1

p(rk|lk)

·
rk∏

m=1

p(y
t+m+

∑k−1
k′=1

rk′ |lk)p(Yt+m+
∑k−1

k′=1
rk′ |lk) (30)

R(Li,d) = {r ∈ {1, 2, . . .}Li |
Li∑
k=1

rk = d} (31)

forward message

αt(k) =

t−k+1∑
d′=1

αt−d′(k − 1)p(d′|lk)

·
d′∏

t′=1

p(yt−t′+1, Yt−t′+1|lk) (32)

α0(0) = 1 (33)

HDP-HLM t βt(i)

β∗
t (i) zs(t+1)

Ds(t+1) Dsum
1:s =∑

s′<s Ds′

p(zs = i|y1:T , Y1:T , zs−1 = j, FDsum
1:s

= 1) =

p(i|j)βDsum
1:s

(i)p(yDsum
1:s

, YDsum
1:s

|i) (34)

p(Ds = d|y1:T , Y1:T , zs = i, FDsum
1:s

= 1) =

p(yDsum
1:s +1:Dsum

1:s +d, YDsum
1:s +1:Dsum

1:s +d|d, i, FDsum
1:s

= 1)

· p(d)βDsum
1:s +d(i)

β∗
Dsum

1:s
(i)

(35)

5.

5.1

NPB-DAA ( Prosodic DAA

)

3

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

3D3-OS-4a-03



5.2
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Robust Epoch And Pitch EstimatoR∗1

5.3
HDP-HLM

αLM = 10.0 γLM = 10.0 weak-limit

35

αWM = 10.0 γWM = 10.0 weak-limit

30

α0 = 200 β0 = 10 MFCC

μ0 = 0 Σ0 κ0 = 0, 01

ν0 = (dimension + 2)

Ft = 0 μ0 = 0 Σ0

κ0 = 100 ν0 = (dimension + 2) Ft = 1

μ0 = 1 Σ0 κ0 = 2 ν0 = (dimension + 2)

100 1

20

5.4

(Adjusted Rand

Index: ARI) ARI

1 0

1 4 Prosodic DAA NPB-DAA

ARI 1 2

Prosodic DAA ARI ARI

Prosodic

DAA NPB-DAA t ARI

ARI 1%

6.

NPB-DAA

1:
ARI ARI

Prosodic DAA 0.370±0.022 0.671±0.054

NPB-DAA 0.261±0.014 0.497±0.072

∗1 REAPER: Robust Epoch And Pitch EstimatoR :
https://github.com/google/REAPER

4:

[Saffran 96] Saffran, Jenny R., Aslin, Richard N. and New-

port, ElissaL.: Statistical Learning by 8-Month-Old

Infants, American Association for the Advancement of

Science, Vol.274, No.5294, pp.19261928, 1996

[Jusczyk 92] Jusczyk, Peter W and Hirsh-Pasek, Kathy

and Nelson, Deborah G Kemler and Kennedy, Lori J

and Woodward, Amanda and Piwoz, Julie.:Perception

of acoustic correlates of major phrasal units by young

infants, Cognitive psychology, Vol.24, Num.2, pp.252-

293, 1992

[Taniguchi 16a] Taniguchi, Tadahiro and Nagasaka, Shogo

and Nakashima, Ryo.: Nonparametric Bayesian Dou-

ble Articulation Analyzer for Direct Language Acqui-

sition From Continuous Speech Signals, IEEE Trans.

Cognitive and Developmental Systems, Vol.8, Num.3,

pp.171185, 2016

[Taniguchi 16b] Taniguchi, Tadahiro and Nakashima, Ryo

and Liu, Hailong and Nagasaka, Shogo.: Double ar-

ticulation analyzer with deep sparse autoencoder for

unsupervised word discovery from speech signals, Ad-

vanced Robotics, Vol.30, Num.11-12, pp.770783, 2016

[Tada 17] Tada, Yuki and Hagiwara, Yoshinobu and

Taniguchi, Tadahiro.: Comparative Study of Feature

Extraction Methods for Direct Word Discovery with

NPB-DAA from Natural Speech Signals, Joint IEEE

International Conference on Development and Learn-

ing and Epigenetic Robotics, 2017

[Ozaki 18] Ryo Ozaki and Tadahiro Taniguchi.: Acceler-

ated Nonparametric Bayesian Double Articulation An-

alyzer for Unsupervised Word Discovery, The 8th Joint

IEEE International Conference on Development and

Learning and on Epigenetic Robotics, 2018

[Johnson 13] Johnson, Matthew J. and Willsky, Alan S.:

Bayesian Nonparametric Hidden Semi-Markov Mod-

els, Journal of Machine Learning Research, Vol.14,

pp.673701, Feb.2013

4

The 33rd Annual Conference of the Japanese Society for Artificial Intelligence, 2019

3D3-OS-4a-03


