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Abstract

The work presented in this paper is devoted to the
modeling of distribution of post-phrase pause dura-
tion for dependency analysis of read Japanese sen-
tences. The pause information is incorporated into
a dependency structure parser, which handles nu-
merical information as part of linguistic knowledge.
A series of our previous works has shown that the
duration of pauses is constantly effective to improve
the parsing accuracy among other prosodic features.
This paper aims to improve the parsing accuracy by
reforming pause distribution functions to better fit
the actual distribution of pause duration. First, the
pause distribution is divided into two parts, each of
which is represented by a separate model: one by
a discrete probability model, and the other by a bi-
modal p.d.f. Secondly, pause duration is calculated
in log scale. All the experiments show that these
modifications improve parsing accuracy.

1. Introduction

Prosody contains information that is lost when utter-
ances are transcribed into letters or characters. Such
information may be useful for language processing,
which has traditionally relied solely on information
extracted from written materials.

Many authors have suggested possible use of
prosodic information for syntactic analysis. Uyeno
et al. observed systematic changes in the duration
of pauses at phrase boundaries and pitch contours
of read Japanese sentences depending on their syn-
tactic structures [1]. Fujisaki et al. presented the
syntactic role of pause in Japanese text reading on
the rate of occurrence and the duration of a pause at
a syntactic boundary [2]. Komatsu et al. obtained
something like a parse tree by successively dividing a
sentence at phrase boundaries using prosodically de-
fined association strength between adjacent phrases
[3]. Veilleux et al. reported the use of prosodic infor-
mation for parse scoring [4]. Sekiguchi et al. showed
that prosodic information is effective for determining
if adjacent phrases are in modification relation [5].

Eguchi et al. employed five prosodic features,
then constructed a model to represent a statistical
relationship among those features and dependency
distances between phrases. Then, by incorporating
the model into a Japanese parser that can utilize
numerical information as linguistic knowledge, they
found that those prosodic features, especially the du-
ration of pause, are effective to improve the parsing
accuracy [6]. In our works [6, 7, 8], statistical dis-
tributions of pause duration are modeled by Gaus-
sian density functions. Our latest work [9] showed
that there are effective combinations of other dis-
tribution functions as well as Gaussian function to
better model the actual distribution of the duration
of pauses. This paper push this line further. First,
the pause distribution is divided at the dip into two
parts, each of which is represented by a separate
model, then the pause after the dip is modeled as
a 2-mixture Gaussian distribution. Secondly, pause
duration is calculated in log-scale.

2. Dependency analysis

A Japanese sentence is a sequence of phrases, where
a phrase is a syntactic unit called bunsetsu (here-
after simply referred to as “phrase”) in Japanese,
consisting of a content word followed by (possibly
zero) function words such as particles and auxiliary
verbs.

From a dependency grammatical point of view,
the structure of a Japanese sentence can be described
by specifying which phrase modifies which phrase
in the sentence. Thus the syntactic structure of a
sentence x1xy...%,,, represented as a sequence of
phrases, is described by specifying a function S that
maps a modifier phrase to its modificand (Fig. 1):

S:{L2,...,m—1}y —{2,3,...,m}. (1)

Reflecting syntactic properties of the Japanese lan-
guage, the function S must satisfy the following con-
straints:
o Vie{l,2,...,m—1}:1<5(i) (2)
o Vije{l,2,... o m—1}:i<j
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=50 =75 or S()=50). (3)

A function that satisfies the above two constraints is
referred to as a dependency structureon x12s ... %y,
Under a dependency structure S, S(¢)—i is called the
dependency distance between z; and xg(;), or simply
dependency distance of ;.

post-x; pause

o e
| [ REEREY

Figure 1: Dependency structure. A function S maps
a modifier phrase x; to its modificand xs(;y. The du-
ration of the pause that immediately follows the mod-
ifier ; (“post-m; pause”) is used as prosodic feature.

In our dependency structure parser, linguistic
knowledge is represented by a function F(z,y) that
measures the amount of penalty when a phrase z
modifies a phrase y. The parser then searches
for a dependency structure S that minimizes the
total penalty 2?1_11 F(wi, ws(;)), given a sentence
T1xo ... 2y, [L10].

2.1. Penalty function

In this work and in the series of our works [6, 7, 8, 9],
the penalty function F'(z,y) is defined on the basis of
statistical knowledge about the relationship between
the prosodic features and the dependency distances.

Let d be the dependency distance of a phrase in
a sentence, and p = (p1,...,pn) the prosodic feature
vector associated with the phrase. The conditional
probability of d given 7 is denoted by P(d | p), which
is written by Bayes theorem as

o _PELOP@

Thus, P(d | p) can be calculated from P(p | d)
and P(d). P(d) is estimated as P(d) = Ng/ )", Na,
where Ny is the number of phrases of dependency
distance d. Then the penalty function F(x,y) is de-
fined as

Flx,y) = { —log P(d(x,y) | p), if (x,y) € DR

00 otherwise
(5)

where d(z,y) is the distance between the phrases x
and y, P 1s the prosodic feature vector associated
with @, and (z,y) € DR signifies that = is allowed
to modify y by the local syntactic constraints, or
dependency rule.
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Figure 2: Histogram of post-phrase pause dura-
tion x for d=1 calculated over all speakers, and
probability models that fit the distribution. P°(d),
P*(d): discrete probability of pause for z=0, and
r > 0; G¥(z|d): single Gaussian p.d.f. for x > 0;
g1(z|d), g2(z|d): Gaussian mizture component of bi-
modal p.d.f. for z > 0.

3. Syntactic information in pause
3.1. Prosodic features

Given an utterance, prosodic features associated with
a phrase z; are defined on the basis of pause, log-
power contour, log-pitch contour, speaking rate, etc.
Many of the features are defined relative to the im-
mediately succeeding phrase ;11 [6, 7, 8, 9]. As the
duration of pauses at phrase boundaries was consis-
tently and dominantly effective in both closed and
open experiments, this paper focuses solely on the
method to better utilize the information of pause du-
ration for dependency analysis. The duration of the
pause that immediately follows a phrase x;, “post-z;
pause” in Fig. 1, is used as prosodic feature.

3.2. Distribution of pause duration

3.2.1. Previous works

In our works [6, 7, 8], statistical distributions of
prosodic features are modeled by Gaussian density
functions (Cy in Table 1 and 3). However the actual
distributions of feature values, especially of the du-
ration of pause, are significantly different from Gaus-
sian distributions. Fig. 2 shows the histogram of
pause duration for dependency distance d = 1 cal-
culated over all speakers in training data (Table 2).
It has a sharp peak at duration=0, then a deep dip
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appears at a small value of duration. Thus in our lat-
est work [9], an effective combination of distribution
functions for d = 1, 2,3 was sought to better model
the actual distribution of the duration of pauses (Cs
- Cs in Table 1 and 3). The difference of parsing
accuracies between the two combination groups Cy
— (5 and Oy — Cs was significant, while the parsing
accuracies did not differ significantly within the com-
bination group of Cy — Cs. This result suggests that
it may be better that the pause distribution before
the dip and after the dip are separately modeled.

Thusin this paper, further modifications on pause
modeling are conducted. First, the histogram is di-
vided at the dip into two parts: pauses of duration =
0 and post-dip distribution. Secondly, as illustrated
in Fig. 2, the post-dip pause distribution seems to
form a multi-modal distribution rather than a uni-
modal one. The paring results will be presented
when a 2-mixture Gaussian distribution is employed
to model post-dip pause duration, as ¢i(z | d) and
g2(z | d) in Fig. 2.

Table 1: Combinations of distribution functions for
the duration of pause. For dependency distance
grater than 3, normalized histograms were used. d
stands for dependency distance.

Comb. | Functions

Full data
Ch Gaussian distribution for d = 1,2, 3.
Cy Poisson distribution for d = 1,2, 3.
Cs Exponential distribution for d = 1.
Gaussian distribution for d = 2, 3.

Post-dip data only
Cy Gaussian distribution for d = 1,2, 3.
Cs Normalized histogram for d = 2.
Gaussian distribution for d = 1, 3.
Cs Gaussian distribution for d = 1, 2.
Poisson distribution for d = 3.

Separation of zero-pause data (for d =1,2,3)

[0 Gaussian distribution
Cs 2-mix. Gaussian distribution
Cy log scaling & 2-mix. Gaussian

3.2.2. Separation of zero-pause

For each dependency distance d calculate the follow-
ing probabilities:

_ N

_ NS
Ny, -

Pld)= 54 PHO =T (©)

where N¢ and Nc‘ll' are the number of phrases of de-
pendency distance d whose post-phrase pause dura-
tion is equal to 0 and greater than 0, respectively.

Then the conditional probability of pause duration p
given the dependency distance d 1s defined as follows:

_ PO(d), ite=0
P(p|d):{ P+((d)) Gt@|d), ife>o0 D

where GT(p | d) is a Gaussian p.d.f. estimated from
the pause data of dependency distance d whose du-
ration is greater than 0. Note that in this paper,
dimension of the prosodic feature vector p equals 1.
The conditional probability of dependency distance
given the pause duration p is estimated by Eq. 4.
Penalty function F'(x,y) is then calculated by Eq. 5.

3.2.3. Bimodal distribution

The distribution of post-dip pause duration may as
well be represented as bimodal as in the case of Fig. 2.
For dependency distances d = 1,2, 3, 2-mixture Gaus-
sian distributions were estimated from the training
data, then used as of GT(p | d) in Eq. 7.

3.2.4. Log scaling

Syntactic information in pause is expected to be bet-
ter utilized by measuring the duration in logarithmic
scale. The post-dip pause duration for dependency
distance d = 1, 2,3 measured in log scale was repre-
sented by 2-mixture Gaussian distribution function,
which is used as GT(p | d) in Eq. 7.

4. Experiments
4.1. Speech material

An ATR speech database [12] was used in this work.
This database contains 503 Japanese sentences ex-
tracted from newspapers, journals, novels, letters,
textbooks, and etc., which are divided into 10 groups
A — J. The sentences have labels that indicate their
dependency structures. It also contains the speech
waveforms for the sentences read by professional an-
nouncers or narrators. Two male speakers’ (MHT,
MTK), and two female speakers’ (FKN, FYM) ut-
terances were used here.

In the following experiments, the sentence groups
A — J were divided into training data and test data
as in Table 2. Exp(i) is for closed experiments, while
Exp(ii) and Exp(iii) are for open experiments. All
the experiments in this paper are speaker-dependent.
Results of parsing were evaluated by parsing accu-
racy, 1.e., the percentage of test sentences whose de-
pendency structures determined by parsing are ex-
actly the same as those described in the database.

4.2. Closed experiments

The experimental condition was Exp(i) in this case.
As shown in Table 3, all reformation of pause dis-
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Table 2: Training data and test data
test data

Condition | training data
Exp(i) A —J (503 snt.) | A —7J (503 snt.)
Exp(ii) D -7 (353 snt.) | A —C (150 snt.)
Exp(iii) A -G (350 snt.) | H—J (153 snt.)

tribution function were found effective. In the table
“Dist.” means a case when P(d(x,y) | P) is replaced
with P(d(z,y)). “Det.” means a case when deter-
ministic analysis [11] was employed. With pause
information represented in the manner of our lat-
est work [9], parsing accuracy has been improved
by 21.6% compared with deterministic analysis, by
9.9% compared with Dist case. The parsing accuracy
was further improved by the reformation of distribu-
tion function (C7,Cs) and measurement scale (Cy)
presented in this work; accuracy was improved from

57.5% to 59.9%, or by 4% with Cy.

Table 3: Parsing accuracy (%) of closed experiments.

Comb. | MHT | MTK | FKN | FYM [ Av.

Ch 57.7 57.3 545 | 55.3 | 56.2
Cy 57.9 56.9 57.1 55.5 | 56.9
Cs 56.7 56.7 55.3 | 56.1 | 55.8
Cy 59.6 57.3 57.3 | 5.5 | 7.4
Cs 59 .4 57.3 57.1 55.7 | 57.4
Cs 60.2 56.9 57.3 | b5.7 | b7.5
C 60.6 58.6 57.7 | 56.7 | b8.4
Cs 60.7 58.6 57.8 | 56.9 | b8&.5
Cy 61.8 59.9 59.3 | 585 | 59.9
Dist. 52.3
Det. 47.3

4.3. Open experiments

In this case, the experimental conditions were Exp(ii)
and Exp(iii), then the results were averaged over the
two cases. The parsing accuracy was further im-
proved from 59.2% to 60.5%, or by 2% by Cy. The
reason for the additional accuracy gain with Cy in
both closed and open experiments is that Gaussian
functions fitted closer to the actual distribution of
pause duration in log scale than in linear scale.

5. Conclusion

This paper focused on modeling distribution of post-
phrase pause duration for dependency analysis of
read Japanese sentences. The parsing accuracy was
improved by 4% in closed and 2% in open experi-
ment, with the reformation of distribution function
and measurement scale. Future work includes nor-

Table 4: Parsing accuracy (%) of open experiments.

Comb. | MHT | MTK | FKN | FYM [ Avr.

[ 60.4 59.8 59.7 | 56.8 | 59.2
[ 61.2 59.9 59.8 | 7.6 | 59.6
Cy 61.1 60.1 60.0 | 58.8 | 60.0
Cy 61.2 60.7 60.4 | 59.5 | 60.5
Dist. 54.5
Det. 49.5

malization of pause duration by local speech rate,
examination of speaker dependency of the prosodic
features, as well as evaluation using a larger dataset.
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