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Nonparametic Bayesian Double Articulation Analyzer
for Direct Language Acquisition from Continuous Speech Signa

Tadahiro Taniguchj Shogo NagasakaRyo Nakashim&

Abstract—Human infants can discover words directly from has different lists of phonemes and words clearly shows that
unsegmented speech signals without any explicitly labeledata.  jnfants have to acquire them through developmental presess
In this paper, we develop a novel machine learning method ckdd From the viewpoint of statistical learning, the learning

nonparametric Bayesian double articulation analyzer (NPB bl . direct | isiti f i
DAA) that can directly acquire language and acoustic models problem, 1.e., direct language acquisiion irom contingiou

from observed continuous speech signals. For this purposeye SPeech signals, is very difficult because infants do not have
propose an integrative generative model that combines a lguage access to the truth labels of speech recognition resultsthier

model and an acoustic model into a single generative model words, the language acquisition process must be completely

called the “hierarchical Dirichlet process hidden languag model” ; ; ; ;
(HDP-HLM). The HDP-HLM is obtained by extending the unsupgrylsed, in contrast with most current automatic cpee
recognition (ASR) systems.

hierarchical Dirichlet process hidden semi-Markov model HDP-
HSMM) proposed by Johnson et al. An inference procedure =~ Most modern ASR systems have a language model that
for the HDP-HLM is derived using the blocked Gibbs sampler represents knowledge about words and their distributional

originally proposed for the HDP-HSMM. This procedure enables  probabilities as well as an acoustic model that represents
the simultaneous and direct inference of language and acols noyledge about phonemes and their acoustic features. Both

models from continuous speech signals. Based on the HDP- . . .
HLM and its inference procedure, we developed a novel double are usually trained using large transcribed speech dataset

articulation analyzer. By assuming HDP-HLM as a generative and linguistic corpora through supervised learning. Hawev
model of observed time series data, and by inferring latent infants do not have access to such explicitly labeled degtase

variables of the model, the method can analyze latent double They have to acquire both language and acoustic models from
articulation structure, i.e., hierarchically organized latent words raw acoustic speech signals in an unsupervised manner.

and phonemes, of the data in an unsupervised manner. The ndve Th fi bout what kind of h infants utili
unsupervised double articulation analyzer is called NPB-BA. € question about what Kind of cues human Intants utiize

The NPB-DAA can automatically estimate double articulation t0 discover V\_/0rd3 from continuous speech signals aris_es-
structure embedded in speech signals. We also carried out tw Saffran et al. listed three types of cues for word segmantati
evaluation experiments using synthetic data and actual huan  prosodic, distributional, and co-occurrentcé [2]. Prosadies
continuous speech signals representing Japanese vowel seqces. rely on acoustic information, such as post-utterance ause

In the word acquisition and phoneme categorization tasks, . L .
the NPB-DAA outperformed a conventional double articulation stressed syllables, and acoustically distinctive finalabjés.

analyzer (DAA) and baseline automatic speech recognitiorystem DiStribUtiO_na| cues represent the statistical relatigostbe-
whose acoustic model was trained in a supervised manner. tween neighboring speech sounds. Co-occurrence cues are

Index Terms—Language acquisition, child development, used by chil_dren t(_)_learn words b_y detecting which sounds
Bayesian nonparametrics, latent variable model co-occurs with entities in the environment. Although many
researchers had considered the distributional cues to de to

complex for infants to use, Saffran reported that word segme
I. INTRODUCTION tation from fluent speech can be accomplished by 8-month-

NFANTS must solve the word segmentation problem iﬂld infants based on sqlel_y on distributional cugs [3]. It is

order to acquire language from the continuous speeﬂﬁo reported that the dlstrlbunongl cues seem to be used by
signals to which they are exposed. The word segmentatiWnts by the age of 7 m_onths, Wh|c_:h is earlier than mostrothe
problem is that of identifying word boundaries in contingou®4®s [412 These results |mply that infants have a fuqdamgnte}
speech. If the speech signals are given to infants as igolafgéchanism that can estimate word segments using distri-
words, the task is easy for them. However, it has been knofHtiona! cues. In addition to this fundamental segmentatio
that a relatively small number of infant-directed utteramc Mechanism using distributional cues, the prosodic and co-
consist of an isolated word[1]. If infants had knowledeCcurrence cues are believed to help_ Fhe word segr_n.entatlon
about words and phonemes innately, the problem could @ec‘k only as supplemental cues. In addition, from the vieatpo

solved relatively easily. However, the fact that each laggu of phonemic category a(;qU|S|t|on, dlstr.|but|.onal pati?em‘
sounds have been considered to provide infants with clues
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called the nonparametric Bayesian double articulatiofyaea without any knowledge of words, only with the knowledge
(NPB-DAA) which can automatically estimate double articuef phonemes and/or syllables in an acoustic model. In such a
lation structure, i.e., hierarchically organized latemtrels and recognition task, the phoneme recognition error rate tably
phonemes, embedded in speech signals. We proposed ib@somes high. To overcome this problem, several researcher
a computationally feasible explanation for the simultareeohave proposed word discovery methods utilizing co-ocewee
acquisition of language and acoustic models. To develop tbees.
NPB-DAA, we newly introduce probabilistic generative mbde
called the hierarchical Dirichlet process hidden Iangua%e
model (HDP-HLM) and its inference algorithm. '
The remainder of this paper is organized as follows. Sec-Roy et al. ambitiously implemented a computational model
tion [ describes the background of the proposed methdfat enables a robot to autonomously discover words from raw
Section1l presents the HDP-HLM by extending hierarchicahultimodal sensory inpu{[16]. Their results were impetfec
Dirichlet process-hidden semi-Markov model (HDP-HSMMgompared with recent state-of-art results. However, their
proposed by Johnson et dll [6]. The HDP-HLM is an prob&ults showed it was possible to develop cognitive models tha
bilistic generative model that integrates acoustic anduage can process raw sensor data and acquire a lexicon without the
models for continuous speech signals. Sedfidn IV desctitees need for human transcription or labeling.
inference procedure of HDP-HLM, and our proposed NPB- lwahashi et al. implemented an interactive learning method
DAA. Sections[¥ and_MI evaluate the effectiveness of thior a robot to acquire spoken words through human-robot
proposed method using synthetic data and actual sequerititggraction using audio-visual interfaces [17]. Theirrfeag
vowel speech signals. Sectibn VIl concludes this paper. process was carried out on-line, incrementally, activalyl
in an unsupervised manner. lwahashi et al. also proposed a
Il. BACKGROUND method that enables a robot to learn linguistic knowledge
through human-robot communication in an unsupervised man-
ner [18]. The model combines speech, visual, and behavioral
information in a probabilistic framework. Though its perfo
With respect to statistical computational models, mang&in mance was still limited, the model is considered to be a more
of unsupervised machine learning methods for word segmesophisticated model than that proposed in Roy et al.'s ptevi
tation have been proposed in the last two decades [7],[[B], [8tudy from the viewpoint of statistical machine learnin@][1
[1Q], [17], [12], [13], [14], [15]. Brent proposed modelded On the basis of this work, Iwahashi et al. developed an
dynamic programming 1 (MBDP-1) for recovering deletethtegrated online machine learning system combining dpeec
word boundaries in a natural-language téxt [7]. The MBDPAdisual, and tactile information obtained through intei@t It
presumes that there is an information source generating #rebled robots to learn beliefs regarding speech unitsdsyor
text explicitly and segments the target text so as to maxmithe concepts of objects, motions, grammar, and pragmatic
the text's probability. Venkataraman proposed a statisticand communicative capabilities [19]. They called the syste
model for segmentation and word discovery from phonen€ore.
sequences by improving Brent’s algorithm [8]. Araki et al. built a robot that formed object categories and
Recently, Bayesian nonparametrics, including the hierarequired their names by combining a multimodal latent Diric
chical Dirichlet process and hierarchical Pitman-Yor msx; let allocation (MLDA) and the NPYLM[[20]. They showed
have enabled more sophisticated methods for word segmtrat the iterative learning of MLDA and NPYLM increases
tation. These models have fully Bayesian generative mod&lerd segmentation performance by using distributionalscue
and make it possible to calculate the appropriately smabthand co-occurrence cues simultaneously, but they repdnsed t
n-gram probability for a word that has a long context. Thedhe prediction accuracy decreases as the phoneme recaogniti
retically, they can treat an infinite number of possible veorderror rate increases. To overcome this problem, Nakamura et
Goldwater proposed an HDP-based word segmentation metlabdintegrated statistical models for word segmentatiod an
and showed that taking context into account is importaniultimodal categorization. They showed that a robot can
for statistical word segmentation![9], [10]. Mochihashiatt autonomously form object categories and related words from
proposed a nested Pitman-Yor language model (NPYLM), @ontinuous speech signals and continuous visual, audaady
which a letter n-gram model based on a hierarchical Pitmamaptic information by updating its language and categticna
Yor language model is embedded in the word n-gram modeiodels iteratively[[21].
They also developed the forward filtering backward sampling Not only object information, but also place information
procedure to achieve efficient blocked Gibbs sampling awrdn be used as co-occurrence cues. Taguchi et al. proposed
hence infer word boundariels [11]. a method for the unsupervised learning of place-names from
However, all of the above mentioned word segmentationformation pairs that consist of spoken utterances and the
methods presume that transcribed phoneme sequences orrmthile robot’s estimated current location without any plio-
data without any recognition errors can be obtained by tlgistic knowledge other than a phoneme acoustic madeél [22].
learning system. However, in practice, before acquiring Ehey optimized a word list using a model selection method
language model containing an inventory of words, a learbased on description length criterion. Taniguchi et al. €com
ing system, i.e., an infant, has to recognize speech signbised NPYLM and Monte Carlo localization (MCL) methods

Lexical acquisition using co-occurrence cues

A. Word segmentation using distributional cuesin transcribed
data



and developed simultaneous localization and word disgoveghe basis of transcribed data only [31]. The method is not

methods for a robot. Their model updates language model amdompletely unsupervised learning method from raw speech

speech recognition results iteratively by referring torthigot’s  signals, but does automatically determine relations betwe

location information, as estimated by MCLL [23]. sounds and transcribed alphabets and forms an acoustid mode
in an unsupervised manner.

C. Word segmentation using distributional cues in noisy input There have been several studies about the simultaneous

. . : unsupervised learning of acoustic and language models: How
As described above, it becomes clear that using co- L :
. . ever, a very small number of statistical learning methoas th
occurrence cues can mitigate the ill effects of phoneme ' . L .
- . : can simultaneously acquire integrated acoustic and layggua
recognition errors in a word discovery task. However, wheth
. , models have been proposed. Brandl et al. attempted to gevelo
or not the word discovery task can be achieved solely from . ;
) ) 4 . . an unsupervised learning method that enables a robot to
raw speech signals is still an open question. Neubig et al. )
. . simultaneously obtain phonemes, syllables, and words from
extended the unsupervised morphological analyzer prapose . . . .
. . . acoustic speech _[82]. They did not successfully build such
by Mochihashi et al. and enabled it to analyze phoner%es stem, but reported their preliminary results. Walter et
lattices [24]. Heymann et al. modified Neubig et al.’s altfori y ' P P y i

. . al. proposed a word discovery method that uses an HMM-
and proposed a suboptimal two-stage algorithm [25]. Heyma ased method for finding acoustic unit descriptors in palrall
et al. reported that their proposed method outperformed t 9 P

original method in an experiment that used lattice inpl\ﬁ/ﬁh a dynamic time warping technique for finding word

generated artificially from text input. In addition, theyeds sggments [d3]. How.e.vefr, their mod_el is still heuristic frema
. . _viewpoint of probabilistic computational models. As Fekim
the discovered language model for phoneme recognition

I . ) .
an iterative manner and reported that recognition perfaoea ep al. pointed out, word segmentation and phonetic category

was improved[[26]. Elsner et al. proposed a computatio a(qusmon are undoubtedly mutually dependent. Theesfar

model that jointly performs word segmentation and |eam8%%neoret|cally integrated probabilistic generative motelthe

. . L . . Simultaneous acquisition of language and acoustic mogels i
explicit model of phonetic variatiori [27]. However, theyddi desirable. To develop such an intearated theoretical méuz|
not start with acoustic sound, but with dictated noisy tegt, ) P 9 m

. , . authors introduced the general concept of double articmat
recognized phoneme sequences with errors. Their model does

not include acoustic model learning. analysis.
They showed that the ill effect of phoneme recognition
errors can be mitigated to some extent by using distribg Double articulation analysis

tional information more appropriately. However, all of see

: . llzrom a general point of view, unsupervised word discovery
methods, except for lwahashi et al., used an acoustic moge . ; . .
rom raw speech signals is regarded as a double articulation

previously trained in a supervised manner. Therefore,ethes . . . : :
. - . analysis of the time series data representing a speechl.signa
models are insufficient as a constructive model for langua

e : YRe double articulation structure is a well-known two-laye
acquisition from raw speech signals. Hence, the unsumv'%ierarchical structure, i.e., a word sequence is genefate

learning of an acoustic model is also an important problem, .
a language model, a word is a sequence of phonemes, and each

phoneme outputs observation data during the period itgisrsi

D. Unsupervised learning of an acoustic model The word discovery problem becomes a general problem about

In contrast with the word segmentation task, the acquisinalyzing the time series data that potentially have a doubl
tion of an acoustic model is basically a categorization taskticulation structure by estimating the latent acoustimdet
of the feature vectors transformed from continuous speeah well as the latent language model.
signals. Mixture models, including hidden Markov models Taniguchi et al. proposed a double articulation ana-
(HMMs) and Gaussian mixture models, have been used lyaer (DAA) by combining the sticky HDP-HMM and the
model phoneme category acquisition. For example, Lake et dPYLM [B4]. The sticky HDP-HMM proposed by Fox et al.
used an online mixture estimation model for vowel categoiy an nonparametric Bayesian extension of HVMMI[35]. They
learning [28]. However, the phoneme acquisition has provapplied the DAA to human motion data to extract unit motion
to be complex categorization task in a feature space. Tiem unsegmented human motion data. However, they simply
distribution of the feature vectors of each phoneme overlaged the two nonparametric Bayesian methods sequentially.
with each other, and the actual sound of the phoneme depemtsy did not integrated the two models into a single generati
on its context. Feldman et al. pointed out that feedbackodel. Therefore, if there are many recognition or categeri
information from segmented words is important for phonettion errors in the result of the first latent letter recogniti
category acquisition. They demonstrated this effect thhouprocess, i.e., segmentation process by the sticky HDP-HMM,
simulations using Bayesian models [29]. the performance of the subsequent process, i.e., unsapdrvi

Lee et al. proposed a hierarchical Bayesian model that cetmunking by the NPYLM, deteriorates. In the terminology of
discover a proper set of sub-word units and an acoustic modeDAA, a latent letter and a latent word basically correspond
in an unsupervised manner_[30]. However, their model did a phoneme and a word in speech signals, respectively. In
not estimate the language model. Lee et al. also proposethis paper, we call this method “conventional DAA’ in order
hierarchical Bayesian model simultaneously discoverimg tto differentiate it from the DAA newly proposed in this paper
phonetic inventory and the Letter-to-Sound mapping rules @e., NPB-DAA. Conventional DAA has been successfully
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Fig. 1. Overview of unsupervised learning of language armlisiic models through human-robot interaction, and theeiggive process of speech signal
assumed in the DAA

applied to human motion data and driving behavior data the HDP-HMM, a latent word in the HDP-HLM transits to
which were also considered to potentially have a doubilee next latent word on the basis of a language model. An
articulation structure. Conventional DAA has been used fdlustrative overview of the proposed method and the target
various purposes, e.g., segmentation [36], predictioh [38], task are shown in Fidll 1. We can naturally derive an inference
data mining[[39], topic modelind [40],_[41], and video sumprocedure for the HDP-HLM based on the blocked Gibbs
marization [[42]. Conventional DAA owes its successful tesusampler. First, we briefly describe the HDP-HSMM. We then
with respect to driving behavior data to the fact that digvindescribe the HDP-HLM.

behavior data were continuous and smooth compared with raw

speech signals. For a driving letter, which corresponds toAa HDP-HSMM

phoneme in continuous speech signals, the recognitiom erroypp.HSMM is a nonparametric Bayesian extension of
rate was still low. However, itis expected thatastraigllwﬁnrd the conventional hidden semi-Markov model (HSMNIJ [6],
application of the conventional DAA to raw speech signalé Wi[z3). Unlike HDP-HMM, which is an nonparametric Bayesian

inevitably turn out badly. _ extension of conventional hidden Markov model (HMM)[35],
Therefore, based on the background mentioned above 4l  the HDP-HSMM explicitly models the duration time
this paper, we propose an integrated probabilistic geweratys 4 nigden state. A graphical model of the HDP-HSMM is

model, HDP-HLM, representing a latent double articulatiogya\wn in Fig[®. The generative process of the HDP-HSMM
structure that contains both a language model and an acouglijescribed as follows.

model. By assuming HDP-HLM as a generative model of

observed time series data, and by inferring latent variabfe B~ GEM(y) 1)
the model, we can analyze latent double articulation atrect m; ~ DP(a, B) i=1,2,...,00 2
of the data in an unsupervised manner. A novel double articu- (0, wi) ~ Hx G i=1.2 .. 00 ©)

lation analyzer is developed on the basis of the HDP-HLM

and its inference algorithm. This HDP-HLM-based double s ™ Mzaa s=12,...,5 )

articulation analysis method is called NPB-DAA. Dy ~ g(w:,) )

Ty = 2z t=ttl+1,...,t2  (6)

I1l. GENERATIVE MODEL ye = h(bs,) (7

In this section, we propose a novel generative model, the i Z Do ®)
HDP-HLM, for time series data that potentially has a double s = ?

articulation structure, by extending HDP-HSMMI [6]. As in- 21D, -1 )

dicated in its name, HDP-HLM latently contains a language s
model. In contrast with the conventional case where a latamhereGEM andDP represent the stick breaking process and
state transits to the next state on the basis of a Markov psocBirichlet process, respectively [45], [44]. The parameter



in spoken language, which is the fundamental idea of the

Y —> of HDP-HLM, the super state:; corresponds to a word
extension. The-th super state, = i has a phoneme sequence

v w; = (wi1, - -, Wik, - - -, Wi, ), WhereL; is the length of the
o —*@ i-th word w;. The generative process of the HDP-HLM is
X \ described as follows.
D3~ - ey o

TEM L DP(alM, gEM) i=1,2,...,00 (11)

VM~ GEM(yV) (12)
VM~ DP(M VMY =12, 00 (13)

WM

ti=1 th=D+1 t,=T-D &1 Wik ~ Ty i=1,2,...,00,
t3=D; t%zDr'FD 2 t2=T k=1,2,...,L; (14)
(Hj,wj)NHxG 7=12,...,00 (15)
Fig. 2. Model of the HDP-HSMM[]6]
Zs wafl s=1,2,...,8 (16)
anda are hyperparameters of th&P, 3 is a global transition Lok = Wk s=1,2,...,8 (17)
probability that becomes the base measure of the transition k=19 I (18)
probability distributions related to each super state, ani T
a transition probability distribution related to theth super Dy, ~ g(wi,) s=12,...,5 (19)
state. Additionally,H and G are base measures for emission k=1,2,...,L.. (20)
distribution and duration distribution.
In contrast with the case where HMM assumes that a hidden z, = [ t=tl, ...t (21)
statex; transits to the next hidden statg,; according to 1
a Markov process, the hidden semi—Markgv Model (HSMM) tae = Z Dy + Z Do +1 (22)
assumes that a hidden super stateransits to next hidden , = Wk
ti, =t + Dsi — 1 (23)

super stater;; after a probabilistically determined duration
time D, which is sampled from a duration distributigtw. ). ye=h(0z,) t=12,..T (24)
The super state, is sampled from a categorical distributiothere BWM is the base measure and"™ and WM are
7., _, related to the previous super state ;. When the super

state z, and duration timeD, are sampled, a sequence OF
hidden stateqz; | 1 + Zj,;ll Dy <t <37 _ Dy} are _
determined to be:;. An observation daturmy, at timet is
assumed to be drawn from an emission distributiowhose
parameter i9,,. Observation datg, are generated b¥ (6., )

yperparameters of a word model, which generates words,
e., latent letter sequences. Furthermdp® (o'VM W)
outputs w;-’VM, representing the transition probability from
latent letter j to the next latent letter. By contrasg™™
is the base measurey®™ and +“™ are hyperparameters
for D, steps. of the language model, anBP (oL BLM) outputs 7t

ot L representing the transition probability from latent wardo
An efficient sampling inference procedure based on ﬂ@ﬁe next latent word. The superscrigid/ andW M indicate
backward filtering forward sampling technique was prOpos‘?gnguage model (LM) or word model (WM), respectively
for constructing a blocked Gibbs sampler [6]. A Simila[rhe latent letters contained in theth latent \;vordw- are .
algorithm was proposed for HDP-HMM by Fox et al. [35]. Thesequentially sampled fromW™ . The k-th latent Ietf[er of
algorithm is derived from a weak-limit approximation of th Wik—1"

: . e i-th latent word is represented hy;y.
number of hidden super states. The computational cost of eI\Z : b lw““ e .
. : 5 n contrast with HMMs, the duration distribution is explic-
message passing algorithm can be reduce@({0d,,..N*),

where T is the length of the observed dat, is the state itly determined for each latent lettéy, in the HDP-HLM. The

T . X ) HDP-HLM inherits this property from the HDP-HSMM _|[6].
cardinality, andd,, .. is the maximal duration of a super staterhe duration timeD.,,. of latent letterl,,, which is thek-

for truncation. The order is almost the same as that of the " ctier of thes-th latent wordz, in a sampled word

backward filtering forward sampling algorithm for the HDP- . . Lo
HMM, except for the constant factaky... sequence, is drawn from the duration distributigfw;,, ),

wherew;, is the duration parameter for latent letlgg. The

duration of a latent wora, becomed, = Zf:l Dg,.. When

B. HDP-HLM we assume thag is a Poisson distribution); also follows
The generative model for time series data that potentiablyPoisson distribution whose paramete[@éﬁ1 wy,, because

have a double articulation structure can be obtained by ef-the properties of Poisson distributions.

tending the HDP-HSMM. A graphical model of the proposed In the HDP-HLM, latent word:; determines a latent letter

HDP-HLM is shown in Fig.[B. In the generative modekequencely, = w, i, (K = 1,2,...,L. ). Based on the
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determined sequenae,_, durationDy,, of Iy is drawn, and
observationg; are drawn from an emission distributiégd,;, )
corresponding tox; = Ilyuk)- The mapss(t) and k(t)

sumption hardly improved the word segmentation perforraanc
although computational cost and complexity increased| .[11]
Therefore, the bigram assumption must be appropriate for a

represent the indices of words and letters, respectively i word segmentation and word discovery task.

latent word sequence at time Using this generative model, If we derive an efficient inference procedure for this two-

a continuous time series data with a latent double articulat layer hierarchical generative model, the inference proced

structure can be generated. In this paper, we assume it infer the acoustic model and language model simultane-

observed time series daga represents a feature vector of theusly.

speech signal at timeand is generated in this way. Generally,

the HDP-HLM can be applied to any kind of time series data IV. INFERENCE ALGORITHM

that has a double articulation structure. In this section, we derive an approximated blocked Gibbs
From the viewpoint of language acquisition, we review thgampler for the HDP-HLM. The sampler can simultaneously

generative model. In the conventional DARA [34], a DAA ignfer latent letters, latent words, a language model, and an

composed of two separated machine learning methods, iagpustic model. Concurrently, the inference procedure can

sticky HDP-HMM for encoding observation data to letter seestimate the overall double articulation structure fromtgwu-

guences and NPYLM for chunking letter sequences into woedis time series data. Therefore, we propose the unsupervise

sequences. On the one hand, the transition probabitifié$ machine learning method NPB-DAA. The overall inference

and /Y™ correspond to the word bigram and letter bigrararocedure is shown in Algorithm 1.

models in the NPYLM, respectively. Therefofe;," M, 7'V M)

contains information regarding a language model. On therottA. Inference of latent words: z

hand, {wja 0j}tj=12 : \ ' In the HDP-HSMM, a backward filtering forward sampling
acoustic model, which corresponds to a sticky HDP-HMM ig;qcedure is adopted instead of the direct assignment pro-
conventional DAA. cedure. When each latent state strongly depends on other
The HDP-HLM assumes that the language model consistsraighboring latent states, the direct assignment proegdur
a word bigram model. Mochihashi et al. compared the bigrawhich is a naive implementation of the Gibbs sampler, result
and trigram language models and showed that the trigram asa poor mixing rate [6]. Johnson et al. showed that a blocked

.....



Gibbs sampler using a backward filtering forward samplindynamic programming. If we define forward messagék)
procedure that can simultaneously sample all hidden stasssthe probability that thé-th latent letter in the relevant
of an observed sequence outperforms a direct-assignmiatent word w; transits to the next latent letter at time
Gibbs sampler. By extending the backward filtering forwaragfter emitting observations, forward messagé¢k) can be
sampling procedure and making it applicable to HDP-HLMegcursively calculated as follows:
we can obtain an inference procedure for HDP-HLM.

The calculation of the backward messages for super states t kAl d'~1

i in HDP-HSMM is as follows. ar(k) = > P |ww,) [ Py | uw,)a-a-1(k—1)
d’'=1 t'=0
Bi(i) = P(ye41:1 | 250y =4, Fy = 1) (25) (32)
= ZB;(])P(ZS(H&) :] | Zs(t) = 2) (26) ao(O) =1 (33)
J
N i By applying the calculation formula shown above, backward
B =P : s =i, F=1 27 )
i) Tftyt+1'T | 2oy =6 By ) @) message®; (i) and B; (i) can be calculated. Using the calcu-
_ Z Bua(i)P(Dig1 = d| zyiy1) = i) lation procedure for backward messages, the forward sampli

procedure proposed in the HDP-HSMM can be employed. The
backward filtering forward sampling procedure enables the
blocked Gibbs sampler to directly sample latent words from
Br(i) =1 (29)  observation data without explicitly sampling latent lettén

where F, is a variable indicating that is the boundary of HDP-HLM.

the super state. Iy = 1, zy) # 25441). The variable In the forward sampling procedure, super stateand its

B, (i) in (2Z8) represents the probability that the latent sup@tirationD, are sampled iteratively using backward messages
state z,;) = ¢ and that it transitions into a different supe®@s follows.

state at the next time step. ProbabiliB¢(i) is obtained by

marginalizing over all super statg¢st time step+1. Variable P(zs = ilyr.7, 25-1 = J, Fpsm = 1) =

B{(j) in (27) represents the probability that the latent super P(z, = i|z,_1 = j)Bpsin(i) P(ypsn|zs = i) (34)
state be_comegf from t_ime_ §tept + 1. This pro_bability_ Can  p(p, = dlyi.r, zs = i, Fpam = 1) :&P(DS = d)x

be obtained by marginalizing over the duration variable in °

X P(Yt+1:t+d | 2s(t41) = 1, Dip1 = d)  (28)

- . . P sum, . Hsum Ds = d, Zs = ’L'7 F sum — 1 B sum. Z
(@8). Probability P (v 1.11q | Za(r1) = b Dep1 = d) in (28) (yDS +1: DS -+ = : D3 ) Ds +a (i)
shows the emission probability of observed data ;4 given Dgum(l)
the condition that the duratioM; 1 of zy,1) is d. In the (35)

HDP-HSMM, all time steps with the same super stathare sum .
the same emission distribution. Therefore, the likelihobd WHere 2™ = >y, Dy For further details, please refer
super state, 1), i.e., P(ys1e4a | 2ep1, Degr = d), can be to the opgmal paper, in which the HDP-HSMM were intro-
calculated easily. duced [6].
Surprisingly, in HDP-HLM, the exact same procedure of
calculating backward messages as that of HDP-HSMM can he .
used. We obtain a message passing algorithm for HDP-HLRA Sampling a letter sequence for a latent word: w;
by replacing a super statg in HDP-HSMM with latentword  The sampled, is only an index of a latent word. Concrete
zs in HDP-HLM. Only the likelihood of the latent words, letter sequences; for each latent word should be sampled
i€, P(Yes1:t+d | Zs(et1) = iy Ditq = d), is differ.ent. between according to the correspondence of each sub-sequence of
the two message passing algorithms. The likelihood of thigne series data/* = (yF, 45, . .. ,yﬁk) to each latent word.
occurrence of latent word, ;) = i then becomes When a latent wordz, is given, the generative model of
the observation in the range of a latent worg can be
Ly . reglardedlas an HhDP—fHSMM V\P/Whose supe(rj stat(t}lasI cor:;spond
atent letters. Therefore, in the proposed model, eabh su
‘ z@:,@ kl;[l Pre | @) 771_:[1 P(yt+m+Z:7:11 T L%h”ifihce of observation data corresponding to a latent word
reRt (30) can be considered an observed sequence generated by an
HDP-HSMM. If only a single sub-sequence of observations
corresponds to a latent word, a latent letter sequence dmuld
sampled using an ordinal sampling procedure in the HDP-
HSMM. However, observations containing the same latent
where|z| indicates the number of elements in vecigrand word have to share the same latent letter sequancEhere-

P(yt41:t+d | 2s(t+1) = 4, D1 = d)

|r]
Rt = S [ |r| = L,y mo=d (31)
k=1

r = (ri,re,...,rr,) IS an L;-partition of durationd. By fore, latent letter sequences for observations with theesam
substituting[(3D) intd(28), we can obtain a formula to ckdter latent word are simultaneously sampled, given that theg hav
the backward message of HDP-HLM. the same latent letter sequence. We employ an approximate

The calculation of [(30) looks complicated at first glancesampling procedure based on sampling importance resagnplin
However, the value of (30) can be efficiently calculated gsir(SIR) [48].



If we define the observations sharing the same latent wordAlgorithm 1 Blocked Gibbs sampler for HDP-HLM

y'* = {y', 9% ...,y"} and the shared latent letter sequence Initialize all parameters.
asw, the posterior probability?(w | y'*) becomes ObserveM time series datdy(';, }meq1,2,....m}-
1:k 1:k repeat
P(w [y™") oc P(w)P(y ™™ | w) (36) for m = 1 to M do
. L . /I Backward filtering procedure
=P(w|y) P(y’) [[ P | w) (37) For each ie{1,2,...,N}, initialize messages
— it N
sampling BT(Z) =1.
weight fort=T1to1 do
where P(y?) in (31), representing the likelihood of the E;);s:‘ng(iglésa Bfiv(i) E(;EESU&?%?M mes

observation, can be calculated using the backward filtering
procedure in the HDP-HSMM. Probability’(y* | w) can
also be calculated in the same way (30wifis given.
The HDP-HSMM also provides a sampling procedure for
P(w | y?). Therefore, if we conside”(w | y’) as the
proposed distribution ané?(y7) Hf# P(y' | w) as a weight,
the SIR procedure can be employed|[46]. Specifically, af-
ter a set ofw are sampled from the proposed distribution
Pw|y') j=1,2,...,k, afinal sample is drawn from the
set with a probability proportional to each sample’s weight
Using this procedure, the proposed model can approximately

end for
/I Forward sampling procedure
Initialize s =1 and D' =0
while D™ < T, do
/I Sampling a super state representing a latent word

zs ~ p(2s | Yy, 5 251, Fpsim = 1)

/I Sampling duration of the super state
Ds ~ p(D5|ZS, FDium = 1)

D3N < D™+ D,

sample a latent letter sequeneg for the i-th latent word. enfj Tvrf“: 1
S s—1
C. Sampling model parameters /I Sampling a tentative latent letter sequences
After sampling latent word$z,} for each observation data for s=11to S™ do
and sampling letter sequences for the latent words, other @y ~ P(wlyBam j1.psm {7} M, w5, 05} j=1,2,...,9)

parameters can be updated. Parameters of the language model end for

i.e., {mFM} and sXM, can be updated on the basis of latent end for

word sequences. Parameters of the word model, firg”," } /I Update model parameters

and BWM  can be updated on the basis of sampled letter Sample acoustic model parametées;, §;} on the basis
sequences for latent words. Parameters for the acoustielmod  of tentatively sampled latent letter sequen¢es™}.

i.e., {w;} and{6,}, can be updated if each hidden staieis Sample language model paramefet“*’}, M on the
determined for eacly;. During the SIR process for sampling basis of sampled super states , i.e., latent words.

a letter sequence,w?™} in Algorithm 1 are subsidiarily ob- Sample a word inventoryw; }i—1 2.~ using SIR pro-
tained. To accelerate the mixing rate, the subsidiary sagpl cedure (sed (37)).

results{@w™} obtained in the SIR are used for updating the ~Sample a word mode{x}"*}, " on the basis of
in the same way as the HDP-HSMM. For more details, we until a predetermined exit condition is satisfied.

refer to the original paper in which the HDP-HSMM weré
introduced [[6]. Finally, the overall sampling procedure is

obtained, as described in AlgoritHoh 1. A Conditions

D. NPB-DAA To validate the ability of our proposed method to infer
. .. _ a latent double articulation structure in time series data,

Based on the generative model, HDP-HLM, and its infe(;, applied the proposed NPB-DAA based on the HDP-
ence algorithm shown in Algorithd 1, the proposed NPB-DARy M 1o synthetic time series data. The conventional DAA
is obtained, finally. By assuming HDP-HLM as a generatiy,

\Wwas employed as a comparative method. The time series
model of observed time series data, and by inferring Iatea‘n oy b

Lta are generated using five lettdrg jc; = {1,2,3,4,5
variables of the model, we can analyze latent double artick= ro.r \?VOI’dS{w} o g 3 5?!@35]1 " 1{ S 75]%
lation structure, i.e., hierarchically organized latemtris and where J is a set of letters andV is a set of words.

phonemes, of the data in an unsupervised manner. We callm four words were generated randomly. The sequence
novel unsupervised double articulation analyzer NPB-DAA.

i = [wi1, wie, ..., w;r,] represents a word that is generated
by combining {w;1,w;e,...,w;r,} sequentially wherew;
V. EXPERIMENT 1: SYNTHETIC DATA denotes thé-th letter ofw,. The durations of the letters were

We conducted an experiment using a synthetic dataset thasumed to follow Poisson distributions and their pararaete
explicitly has a double articulation structure to validater were drawn from a Gamma distribution whose parameters
proposed method. were « = 50,8 = 10. The emission distribution was



assumed to be a Gaussian distribution whose parameters were _3(-

u = 5i,0% € {0.1,0.5,1.0}, wherei represents the index of

latent letters. The variance of the emission distributicasw

changed in stages, and the inference results were compared. _4-

Forty time series data items were generated from 20 type§

of latent word sequences. Sixteen of them were pairs of2

words inW, e.g.,([1, 3,5],[1,5]) , and([3, 2], [3,2]). Four of

them were three-word sentences, §.8..2], [1, 3, 5], [1,5]). A

sequence of latent words is represented dy, wo, . .., wy,).

Two observations were generated from each word sequence _g(-
We set the parameters of the NPB-DAA as follows: the

hyperparameters for the latent language model weér¥ =

1.0, = 10.0, and the maximum number of words was  _yq-

six for weak-limit approximation. The hyperparameters for 0 25 <0 75 100

the latent word model were"' = 10.0, "™ = 10.0, and lteration

the maximum number of letters was seven for weak-limit ap-

proximation. The hyperparameters of the duration distiding Fig. 4. Log-likelihood profile through Gibbs sampling = 1.0)

were set tooo = 50 and 8 = 10, and those of the emission

distributions were set tpg = 0,02 = 1.0, kg = 0.01, v = 1. 1.

The Gibbs Sampling procedure was iterated 100 times. I MW%WW%WW HWHH
For the comparative model and conventional DAA, we set x I m

—50-

og likeli

the hyperparameters of the sticky HDP-HMM to be as similar S
to those of the NPB-DAA as possible.

o
fo

B. Results

The average log-likelihood is shown in F[d. 4, where error
bars represent the standard deviation of 30 trials. Thesdtse

adjusted rand in
o
B

—  letter

; - To.2
show that the proposed inference procedure worked appropri ! - d
ately, gradually sampling more probable latent variabtetha wort
iterations increased. 0 20 40 60 80 100

In contrast with ordinal speech recognition tasks, theetarg iteration
task (language acquisition and double articulation amglys Fig. 5. ARI profile through Gibbs sampling? = 1.0)
an unsupervised learning task. Specifically, it is a clusger
task. Therefore, it is difficult to evaluate the methods'fper

mance from the viewpoint of precision and recall because tgyjes data is shown at very top of the figure. The top of each
estimated index of a cluster and the label corresponding fg,e| shows the true latent letters or latent words, whereas
the ground truth data are usually different. We evaluated t e panel beneath shows the inferred results. The vertiesl a
obtair!e_d result using the adjusted raqd index (ARI), Whicr'%present the iteration of the Gibbs sampling. In Eig. 6, the
quantifies the performance of a Cll_JSte”ng task] [47]. figure in the middle shows a latent word sequence estimated
Table[] shows the ARI for estimated latent letters, anﬁging the proposed method, and the figure at the bottom shows
Table[ll shows the ARI for estimated latent words. Althougfhe estimated boundaries of the latent words. These results
the ARI for the latent letters obtained by conventional DARy o\ that the inference procedure works consistently and ca

decreases when the variange increases, that of NPB-DAA oqtimate an adequate boundary for the latent words given the
did not decrease as much. As the ARIs for latent words shoyy;-
the performance of word segmentation by conventional DAA These results show that the proposed method is a more

was poor, even when the ARI for latent letters was larger thaﬂt : . : L
; effective machine learning method for estimating a latent

0.8. In contrast, the ARI for latent words estimated by NPB(Slouble articulation structure embedded in time series. data

DAA was over0.5 in all stages. This shows that the NPB-DAA '

can mitigate the ill effects of phoneme recognition errarthie
word segmentation task, and obtained knowledge about words
can improve phoneme recognition performance. [Fig. 5 showsVIl. EXPERIMENT 2: CONTINUOUS JAPANESE VOWEL

the change in ARI through iterations in the caseréf= 1.0. SPEECHSIGNAL
This shows that the ARI also increased gradually while log
likelihood increases, as in Figl 4. In the second experiment, we evaluated our proposed

An example of estimated latent variables is shown in Eilg. ethod using Japanese vowel speech signals to test the appli
which shows the results for time series data generated fraability of the proposed method to actual human continuous
the latent word sequen¢gs, 2], [1, 3, 5], [1,5]). The input time speech signal.
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TABLE |
ARI FOR ESTIMATED LATENT LETTERS

o2 0.1 0.5 1.0
Conventional DAA
(sticky HDP-HMM) | 0.845 | 0.832 | 0.649

NPB-DAA 0.984 | 0.895 | 0.938

TABLE Il
ARI FOR ESTIMATED LATENT WORDS

o? 0.1 0.5 1.0
Conventional DAA
(sticky HDP-HMM + NPYLM) | 0.122 | 0.107 | 0.125
NPB-DAA 0.594 | 0.509 | 0.618

A. Conditions

We prepared 60 audio data items. We asked a female
Japanese speaker to read 30 artificial sentences aloud two
times at a natural speed and recorded her voice. The 30
sentences were prepared using five wofd®i, aue, ao, ie,
uo}, which consisted of five Japanese vowfsi, u, e, ¢. By
reordering the five words, we prepared 25 two-word sentences
e.g., “ao aioi,” “uo aue,” and “aioi aioi,” and five three-vebr
sentences, i.e., “Uuo aue ie,” “ie ie uo,” “aue ao ie,” “ao i€’ao
and “aioi uo ie.” The set of two-word sentences consisted of
all types of word pairsj x 5 = 25). The set of three-word
sentences were generated randomly.

The recorded data were encoded ingdimensional mel-
frequency cepstrum coefficient (MFCC) time series datagisin
the HMM Toolkit (HTK) [. The frame size and shift were set
to 25 and10 ms, respectively. Twelve-dimensional MFCC data
was obtained as input data by eliminating power information
from the original 13-dimensional MFCC data. As a result, 12-
dimensional time series data at a frame ratd @f Hz were
obtained.

The hyperparameters for the latent language model were set
to vIM = 10.0 ando*M = 10.0, and the maximum number
of words was set to seven for weak-limit approximation. The
hyperparameters for the latent word model wete = 10.0
and oM = 10.0, and the maximum number of letters was
seven for weak-limit approximation. The hyperparametdrs o
the duration distributions were setdo= 200 ands = 10, and
those of the emission distributions were setutp= 0,03 =
1.0, ko = 0.01, and vy = 17 = (dimension-5).

For the conventional DAA, we set the hyperparameters of
the sticky HDP-HMM to be as similar to those of the NPB-
DAA as possible. The hyperparameters for the NPYLM used
in the conventional DAA were set ta = 0.1 andd = 0.1.

The Gibbs sampling procedure was iterated 100 times. With
different random number seeds, 20 trials were performed.

As a baseline method, we employed an open-source con-
tinuous speech recognition engine, Jullushich is widely
used in Japanese speech recognition tasks. Julius’'s acoust

IHidden Markov Model Toolkit| http://htk.eng.cam.ac.uk/

20pen-Source Large Vocabulary CSR Engine Julius:
http://julius.sourceforge.jp/. The Linux binamgictation-kit-v4.3.1-linux.tgz
was used in this experiment. The software encodes the mtoddta into
36-dimensional MFCC data including dynamic features aneks ukem for
speech recognition.


http://htk.eng.cam.ac.uk/
http://julius.sourceforge.jp/
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TABLE Il DAA’ show the ARI averaged over 20 trials. In contrast,
ARI FOR ESTIMATED LATENT LETTERS AND WORDS “NPB-DAA (MAP)” obtained the maximum a posteriori prob-
ability (MAP) of the 20 trials. An advantage of the NPB-DAA

| Method [ Letter ART | Word ART || AM_[ LM | 5 that the method can calculate the posterior probabifitst o
NP'?\I'PDQ_/?DX\/"\AP) g'ggi 8"3‘22 given dataset after the learning phase because the NPB-DAA
Conventional DAA 5584 5072 is derived from a generative model, i.e., HDP-HLM, which

Julius (phoneme dictionary integrates the language and acoustic models. In contréist wi
+ NPYLM) 0.483 0.315 v the conventional DAA and similar methods that do not have
Julius {phoneme dictionary appropriate generative models, the NPB-DAA can obtain an
+ latticelm) 0.524 0.426 v . . . .
T = appropriate learning result by referring to the probapilithe
ullus (monophone . . . o .
+ word dictionary) 0.565 0548 sy rows with M_AP_ in Table1) §how that t_hls probability is an
Julius (triphone adequate criterion for selecting a learning result.
+ word dictionary) 0.516 0.636 v v The results show that the NPB-DAA outperformed not only

the conventional DAA but also Julius-based word discovery
systems whose acoustic models were trained in supervised

model is trained by using a large number of speech datarn@nner._One reason is that the acou;ti_c quels of the_ DAAs
a supervised manner. We prepared four conditions for Julilféere trained only }‘rom the female participant's speechalgn
The first one was called “Julius (phoneme + NPYLM).” In thid" contrast, Julius’s acoustic model was trained by the cpee
condition, we used Julius as a phoneme recognition syst&fgnals of many speakers. In other words, NPB-DAA acquired
by preparing a phoneme dictionary containing five Japanefeaker-dependent acoustic model in contrast with thatsul
vowels {a, i, u, e, (}E After encoding continuous Speechused s.peaker-mdependent acoustic model.. This adaptaftion
signals into phoneme sequences using Julius as a phoné}?\%LfSt'C model to the speaker must have increased the NPB-
recognizer, unsupervised morphological analysis basetien DAAS performance. _ o
NPYLM was conducted to discover words and a langua eThe res_ults show that a naive appllcatlon_of the NPYLM
model. The second condition was called “Julius (phonemel@ récognized phoneme sequences results in poor word ac-
latticelm).” In this condition, we also used latticelm, whi 9uisition performance, especially in conventional DAA.-Be
is an unsupervised morphological analyzer for lattice outpc@use the theory of the NPYLM does not presume that letter
from an ASR system. The method was proposed by Neulsi§auences have recognition errors, the existence of pronem
et al. as an extension of Mochihashi's NPYLM [24]. In thig€cognition error deteriorates word segmentation peréois.
condition, the latticelm softwalfledeveloped by Neubig et al. The methods that simply apply an NPYLM to obtained
was used. phoneme sequences, i.e., the conventional DAA and Julius
In the third and fourth conditions, called “Julius (mono{Phoneme dictionary + NPYLM), output bad results in the
phone + word dictionary)” and “Julius (triphone + word dasti word ARI cqmpared with those of the Iettgr_ ARI. However,
nary),” respectively. we prepared a complete word dicwnalattlcelm, which presumes_phongme recognition errors hoeso
that contained all of the words that appeared in the targflént, could not dramatically improve the performance of
speech signal, i.gaioi, aue, ao, ie, ug for Julius. This Word acquisition in our experimental setting.
condition provides almost an upper bound for the perforreanc N contrast, “Julius (triphone + word dictionary)” imprave
of our task. Except for in “Julius (triphone + word dictiogr  tS word ARI performance with respect to letter ARI perfor-
Julius uses a monophone-based acoustic model contained@1ce- “Julius (monophone + word dictionary)” also kept its
the dictation kit. The acoustic model is trained in a supmedi Performance high with respect to the word recognition task
manner using a large number of labeled speech data. “Julfignpared with the phoneme recognition task. We note that

(triphone + word dictionary)” used a triphone-based adousth€ word error rate was 28.9 % and the phoneme error rate
model for comparison. was 23.9 % in Julius (monophone + word dictionary).

In the research field of ASR, it is widely known that a good
language model improves word and phoneme recognition per-
B. Results formance. The NPB-DAA could not improve the performance

We provided word and letter ground truth labels to abf word ARI with respect to letter ARI performance. However,
frames of the speech signal data and evaluated the relaipnst obtained an adequate language model and prevented the
between the truth labels and estimated latent letter and weicore of the word ARI from becoming far worse than that
indices. of the letter ARI. To achieve such an error-proof word ac-

The results are shown in Talilellll. Check marks in the AMuisition, the direct inference of latent words are impotta
and LM columns indicate that the method used a pretrainRiPB-DAA. In the inference procedure described in Sedfidn Il
acoustic model and given true language model, respectivejtent words are sampled directly without sampling latent
We see that “NPB-DAA (MAP)” outperformed the convenietters while marginalizing all possible latent letter seqces.
tional DAA. The results of “NPB-DAA’ and “Conventional This achieves an effect similar to that of a given language

. ) - o model in the inference process
3In addition, Julius’s dictionary also contains silB andEsto represent . P . . .
silence because of its system requirements. Typical examples of the estimation results are shown in

4latticelm: http:/Awww.phontron.com/latticelm/indexahi Table[TV for NPB-DAA and conventional DAA. Each number
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in parentheses represents an estimated phoneme label, each
space represents a phoneme boundary, each number in boléf |,
style represents a sampled index of a word, afidépresents § 10 4
a boundary between successive words. For example, “ao " 0 B 7™
was divided into two words, i.e., “5 0 1” and “6 3 4 6,” in -10§
the NPB-DAA results, and their word indices were 3 and 4.-20f
In Table[1M, the sampled letters corresponding to the word-3o
“‘ie” are underlined. Although conventional DAA could not 5 , 20 40 60 80 100 120
estimate “ie” as a single word, the NPB-DAA could estimateg 0
“ie” to be a single word: “4.” In the conventional DAA results 2
several phoneme recognition errors can be found. The errors?
completely deteriorated the following chunking process,, i
unsupervised morphological analysis using a NPYLM, as pastz2o
research has frequently pointed out. As shown in Table IV,
NPB-DAA had some phoneme recognition errors. However, i§ 40
the NPB-DAA, latent words are sampled on the basis of the
marginalized phoneme distribution before sampling calecre |
phoneme sequences. This property of the sampling procedure
seemed to improve the performance of NPB-DAA.
An example of the estimated latent variables is shown 5
in Fig. [@, which shows the results for time series data
corresponding to a vowel sequence, “ao ie ao.” The input time
series data, i.e., 12-dimensional MFCC time series dag, ar;
shown at the top of the figures. The middle and the bottont o
figures show the inference process. The top of each figur@
shows the true latent letters or latent words, whereas the o
bottom shows the inferred result. The vertical axes reptese
the number of Gibbs sampling iterations. This shows that the ,,
inference procedure worked for human vowel sequence data,
and could estimate an adequate unit for each word. 5

Frame
20 40 60 80 100 120

Iteratio
N
o

VII. CONCLUSION

(=2}
o

In this paper, we proposed NPB-DAA for direct and si-
multaneous acquisition of language and acoustic modets fro 8o
continuous speech signals in an unsupervised manner. For
this purpose, we proposed an integrative generative model
called the HDP-HLM by extending HDP-HSMM. Based on Frame
the generatlve model, W,e derived an mf,erence procedure Q& 7. Example of inference results for “ao ie ao.” MFCC teatvectors are
extending the blocked Gibbs sampler originally proposed fgiotted in the top panel. The middie and bottom panels shawiriference
HDP-HSMM. The method is expected to enable a developsults of latent letters and latent words, respectivelffeznt colors denotes
mental robot to simultaneously obtain language and aapustiferent states.
models directly from continuous speech signals. To evaluat
the performance of the proposed method, two experiments _ i i
were performed. In the first experiment, the proposed methB@t Of our future work. To achieve these aims, we still have
was applied to synthetic data, and it was shown that the rdet¥y/0 main problems: feature extraction and computationst.co
can successfully infer latent words embedded in time seriesTo address these problems, more sophisticated feature ex-
data in an unsupervised manner. In the second experimdfaction methods are needed. Deep learning has gained at-
we applied the proposed method to actual human Japan@’éion recently because of its impressive feature extmact
vowel sequences. The result showed that the proposed metpgeformance. Integrating a deep learning method into the-NP
outperformed a conventional two-stage sequential meth&\A should improve its performance.
conventional DAA, and a baseline ASR method. Computational cost is another problem. Even though the

One of the most important challenges in our future work @ize of the dataset used in the Experiment 2 was very small,
to achieve complete human language acquisition from speetchook approximately 240 minutes for 100 iterations using
signals. We did not achieve complete language acquisitian Intel Xeon CPU E5-2650 v2 2.60 GHz, 8 cores16
from speech signals that includes consonants as well advow@PU. In particular, the computational cost of the blocked
in this study. Language acquisition from more natural sheeGibbs sampler was)(T'L,,4.d3,,. N2 ,.), Where L,,.. is

max max

signals like child-directed speech by human parents ae athe maximum number of latent letters for a wokd), .. is




TABLE IV
EXAMPLE WORD DISCOVERY RESULTS

13

[ Vowel sequence]

Estimated NPB-DAA results

| Estimated conventional DAA results |

ao ie 3(G01)/4(6346) 226(20341541)

ao ie ao 3(501)/4(6346)/3(01)/0(646)| 494(3)/675(230)/374(1541201)
aue ie 6(651264)/4(6346) 329(2384541)

ie ie 4(6346)/4(6346) 389(54141541)

ie uo 4(6346)/5(12)/3(501)/0(06) 401(541801)

ie aioi 41(6346)/1(5646361)/4(63486) 813(541245)/602(430345)

the maximum duration of a word, an¥l,,,,.iS the maximum [12] M. Johnson and S. Goldwater, “Improving nonparametdsayesian
number of words. To apply the proposed method to a larger
dataset, improving its computational cost will be necessar
Currently, the accuracy of the language acquisition i$ stil
limited, as shown in TableJIl. In this paper, we focused on [a3]
language acquisition method based on distributional cuds a
proposed a mathematical model for language acquisition. Giy)
viously, distributional cues are not enough for more adeura

language acquisition. As suggested by several compugdtio
and robotic studies, making use of co-occurrence cues i

k2

proves the accuracy of language acquisition [21]) [23]].[22
The proposed HDP-HLM is a fully probabilistic generative
model. Therefore, introducing other factors into consitien

is relatively easier than for other heuristic models. TlEs |
also advantage of our approach. Combining prosodic and co-
occurrence cues into the NPB-DAA, and obtaining a mof&’]
accurate and more plausible constructive developmental la

guage acquisition model is also a direction for future redea [18]
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