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Abstract

This paper deals with the problem of exploiting prosodic in-
formation in syntactic analysis of spontaneous monologue ut-
terances of non-professional speakers. Duration of pauses at
phrase boundaries and relative Fy contour features, which im-
prove parsing accuracy of read sentences, were also found to
be effective for parsing spontaneous speech. Dependency anal-
ysis was performed by the minimum penalty parser on aca
demic presentation speech recorded in Corpus of Spontaneous
Japanese, a large-scale database of spontaneous Japanese with
rich linguistic annotations. Preliminary experiments on rela-
tively clean parts of the monologue data utterances showed that
the pause and Fy features are effective to improve the accu-
racy of dependency analysis of spontaneous utterances, and that
combined use of both features will give further improvement. It
was also found that the effectiveness of pause information was
larger when pause models were estimated separately for zero-
duration and non-zero-duration pauses, which better model the
actual distribution of pause duration than asimple Gaussian dis-
tribution. Although thisis a preliminary study, the results are
promising.

1. Introduction

Researches related to the problem of recovering syntactic struc-
ture based on prosodic information are found in the literature
[1, 2, 3, 4]. The problem of exploiting prosodic information in
ASU isfound in [5], in which prosodic information is used to
recognize phrase boundaries and to select alternative string hy-
potheses. However, very little work has been done in NLP field
to incorporate prosodic information directly into aparser aslin-
guistic knowledge, and exploit it in the search process. Eguchi
and Ozeki presented a method of incorporating prosodic infor-
mation into a Japanese dependency structure parser [6]. The
parser can handle both symbolic information such as syntactic
rule and numerical information such as the probability of de-
pendency distance of a phrase in a unified way as linguistic in-
formation. Asresults of our previous work in which an optimal
combination of various prosodic features was sought for [ 7], the
duration of pauses at phrase boundaries and relative F; contour
features were found to be most effective.

Our recent work [8] supportsthat pause and Fp information
can be applied effectively to dependency analysis in a speaker-
independent condition by normalizing the prosodic features and
by employing simpler (i.e., with more generalization ability)
models for the distributions of the features. It has also been
shown that linear combination of pause and Fp information [9]
improves parsing accuracy more than the cases where pause or
Fy information is used by itself in a speaker-independent con-
dition aswell asin a speaker-dependent condition.

A natural application of our framework will be analysis of
spontaneous utterances. In this paper, the dependency anal-
ysis method is applied to spontaneous monologue utterances
recorded in Corpus of Spontaneous Japanese (CSJ) [10], which
is alarge-scale database of spontaneous Japanese with rich lin-
guistic annotations. As a preliminary study, relatively clean
parts of the monologue data of CSJis analyzed to examine the
effectiveness of the pause and F; features that has been shown
to be effective in dependency analysis of read sentences by pro-
fessional speakers.

2. Parser
2.1. Dependency distance

A Japanese sentence is a sequence of syntactic units called bun-
setsu (hereafter simply referred to as “phrase”), where a bun-
setsu consists of content words followed by function words.
Let wiws ... wy, be a sentence represented as a sequence of
phrases. If w; modifies wj;, then j — i isreferred to as the de-
pendency distance of w;.

From a dependency grammatical point of view, the struc-
ture of a Japanese sentence can be determined by specifying the
dependency distance of each phrase in the sentence. Thus any
information related to the dependency distance is expected to be
useful for dependency analysis.

2.2. Dependency structure

The dependency structure of a sentence wyws . . . wq, IS deter-
mined by specifying a function S that maps a modifier phrase
to the modified phrase:

S:{L,2,....m—1} = {2,3,...,m}.
The function S must satisfy the following constraints in order
to reflect syntactic properties of Japanese language:
e Vie{l,2,...,m—1}:4 < S(i)

o Vije{l,2,....m—1}:
i <j=(S() <jorS(j) <S(i).

A function that satisfies these constraints is referred to as a de-
pendency structure on wiws . . . wy,. Note that our parser can
be easily applied to other languages provided that their syntax
satisfies these constraints.

2.3. Minimum penalty parser

In our parser, linguistic knowledge is represented by a function
F(w;, w;) that measures the amount of penalty when a phrase
w; 1S to modify a phrase w;. The parser searches for a depen-



Table 1: Freguency of dependency distancesin CSJand ATR

Dependency CSJCore APS ATR PB Sentences
Distance | Frequency % | Frequency %

1 38570 | 595 1909 | 65.3

2 9154 | 141 500 17.1

3 4724 7.3 253 8.7

4 2822 4.4 126 4.3

5 1940 3.0 73 25

>6 7585 11.7 61 21

Total 64795 | 100.0 2922 | 100.0

dency structure S that minimizes the total penalty

m—1
F(wi, wse))

=1
given a sentence wiws . . . wp, [6].

2.4. Penalty function

The penalty function F'(w;, w;) isdefined on the basis of condi-
tional probability of the dependency distance given the prosodic
feature [6]:

. N —logP(d|p)7 If(wlij)eDR
F(w, w;) = { o0, otherwise @)

where d = j — 1 is the dependency distance of w;, p is the
prosodic feature vector associated with w;, and “(w;, w;) €
DR signifiesthat w; isallowed to modify w; by thelocal syn-
tactic constraints, or dependency rule, DR, which is based on
the morphological structure of the phrases.

3. Database

Corpus of Spontaneous Japanese (CSJ) [10] is a large-scale
database of spontaneous Japanese, which contains about 660
hours or 7.5 million words of speech recordings of academic
presentation speech (APS), simulated public speech, and some
other miscellaneous speech sources. Among them is Core
dataset, to which transcriptions, phonetic labels, dependency
structure information as well as detailed linguistic annotations
(e.g., POS, filled pauses, word fragment, mispronunciation) are
provided. APSis a collection of live recordings of 9 different
academic societies whose fields cover engineering, social sci-
ence, and humanities.

Thereis no clear boundary marks of sentences in the spon-
taneous speech data. So, clause unit that is defined in CSJis
treated as sentence in this paper. Table 1 shows the statistics
of dependency distance in 70 APS monologues of Core dataset,
and that of sentence reading speech of ATR DB [12]. Although
both distributions are almost the same for the distances|essthan
6, CSJ APS data contains longer dependency distances. Thisis
because APSisorally presented written languages, which often
contain filled pauses and inserted phrases that make clause units
lengthy.

4. Prosodic modelsfor dependency analysis

Given an utterance, many of the prosodic features of the phrase
w; (1 < i < m — 1) are defined relative to the immediately
succeeding phrase w;41.

4.1. Pauseduration

The pause duration = of a phrase w; in question is defined as
the interval between the ending time of w; and the starting time
of wi+1. The mean pause duration grows linearly with the de-
pendency distance up to d = 4, though the slope depends on
the speaker asillustrated in Fig. 2-(a), for 10 speakersin ATR
SET B [12]. Thisfact shows that the duration of pause contains
information about dependency distance [6]. The average mora
duration was calculated sentence-by-sentence, and then dura-
tion of pauses in each sentence was normalized by the average
mora duration of the sentence [8].

The same relationship between dependency distance and
pause duration holds for monologue speech in CSJ corpus in
this distance range as illustrated in Fig. 2-(b), though slopes
vary more than ATR case.
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Figure 1. Histogram of pause duration x for d = 1 calculated
over all speakers of ATR DB SET B, and probability models
that fit the distribution. P°(d), P™(d): discrete probability of
pause for x = 0, and z > 0; G (x|d): single Gaussian p.d.f.
forz > 0.

4.1.1. Smplification of P(d | x)

When the pause duration for each dependency distance is mod-
eled by Gaussian p.d.f., there are large overlaps among the dis-
tributions for distances greater than 1. Also, the occurrence fre-
quency of the dependency distance greater than 4 is so low (<
3%) that an estimation of Gaussian parameters is not reliable
[8]. Therefore, asin our previous work, the number of distance
classeswas limited in estimation of P(d | =), that is, pause data
of a phrase whose dependency distance is greater than the pre-
defined upper limit are treated as single class. Table 2 showsthe
dependency accuracy, which is averaged over al APS mono-
logues tested in the experiment. Dependency accuracy is the
percentage of test phrases whose dependency distance were es-
timated correctly.

By limiting the number of distance classes to 3, best depen-
dency accuracy of 65.8% was obtained, as in “no separation”
case in Table 2. Although the improvement was very small
(compared to 65.3% in the case distance limit is oc), the num-
ber of parameters to be estimated was reduced to one-third of
the case where there was no limit on the number of distance
classes. This result is consistent with our previous experiment
in which sentences read by professional announcers were ana-
lyzed [8].
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Figure 2: Pause duration and F; feature value as a function of dependency distance in ATR PB 503 sentences and in CSJ APS
monologue. Different lines correspond to different speakers of ATR in (a) and (c), or different monologuesin (b) and (d).

Table 2: Dependency accuracy (%) distance limit for pause
p.d.f. estimation.

| Distancelimit [ d>1[d>2[d>3[d>4] o |
no separation 65.6 65.8 65.3 65.2 | 653
separation 66.3 66.3 66.5 66.2 | 65.4

4.1.2. Separation of zero-duration-pause

Fig. 1 shows the histogram of pause duration for dependency
distance d = 1 calculated over 10 speakersin ATR SET B. It
has a sharp peak at duration=0, then a deep dip appears at a
small value of duration. The pause duration modeling method
that was effective in our work on ATR data [8, 11] was tested
for CSJdata. Inthismodel, P(x | d) is defined as

P°(d),
Pt(d) G* (x| d),

ifx=0

ifx >0 &)

Pl ={
where G (z | d) isa Gaussian p.d.f. estimated from the pause
data of dependency distance d whose duration is greater than
0. Also, P°(d) = N§/Ny, P*(d) = N /Na, where N3 and
N arethe number of phrases of dependency distance d whose
pause duration is equal to O and greater than O, respectively.
Limitation of distance classes was & so effective for this model,
yielding the best dependency accuracy of 66.5% when the num-
ber of distance classis4, as shownin “separation” casein Table
2.

4.2. Fy contour feature

The log-Fo contour of the phrase w; was first smoothed by fit-
ting aparabola. Then, the F; at the time-center of the curve, f;,
was picked up as the Fy feature of the phrase w;. Figure 3isa
typical example of the distribution of f = fiy1 — fi. Thereis
a significant difference between the distribution for d = 1 and
thosefor d > 1. Inother words, f = fi+1 — fi hasinformation
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Figure 3: Distribution of fi11 — fi ford = 1,d =
d=3.

2, and

about whether the phrase modifies the immediately succeeding
phrase or not.

Lower half of Fig. 2 illustratesthevalueof f = fi11—fi as
afunction of dependency distance. The property of this feature
is clear in the ATR case (Fig. 2-(c)): the value changes from
negative to positive as d changes from 1 to 2, and remains un-
changed as d becomes larger. For 38 out of the 49 monologues
that are plotted in Fig. 2-(d), value of f is negative for d = 1
and positive for d > 1 asin ATR data, while for the rest the
similar relation is not observed.

4.3. Linear combination of pause and Fy information

In order to combine pause and Fp information to make asingle
penalty function, a weighted sum of the log conditional proba-
bility of dependency distance given the pause duration and that
given Fy information [9] is calculated as

F(wi7wj)

= —HalogP(d[z)+ (1 —-a)logP(d]f)}, (3

where d = j — ¢. The optimum value of «a was determined
experimentally.



5. Experiments
5.1. Experimental condition

A small part of the data was selected from the Core APS of CSJ
in such away that it does not contain restarts, nor filled pauses
that do not have a phrase to modify. Also, clause units that
consist of morethan 31 phrases were excluded. By thisfiltering,
373 sentences (clause units) or 3211 phrases chosen from 44
monol ogues were extracted for the analysis dataset consisting of
3211 dependency relations. This filtering was done because we
wanted to check, as a preliminary study in this paper, whether
our method that is effective for read speech is promising or not.

Sentences in this dataset was then split into 3 subsets of
equal size so that the distributions of sentence length in terms
of the number of phrases are balanced. One subset consists of
about 145 sentences or about 1300 phrases, chosen from 36 or
38 monologues. One of the 3 subsets was left for evaluation
and the other 2 datasets were used for estimating pause and Fp
feature value distributions. Dependency accuracy was obtained
by averaging over three different evaluation subsets. The re-
sults are not speaker independent because there are overlaps in
monologues among the evaluation datasets, although no clause
unit isincluded in multiple evaluation datasets.

Pause duration and Fy features were extracted from the la-
bel files of CSJ. Asfor dependency rule DR, the same rule that
had been used in read sentence cases in our previous work was
used, by mapping POS system of CSJto that of ATR DB.

5.2. Resultsand discussion

Table 3 shows the dependency accuracy obtained in various
conditions. The baseline dependency accuracy was 60.4% by
the deterministic analysis [13] in which no prosodic informa-
tion was used.

With the use of pause information, the dependency accu-
racy was improved, asin our previous works on read sentences
by professional announcers [8, 9, 11]. The improvement was
5.4 points over the baseline, or 6.1 points when the pause distri-
bution was modeled separately for zero-duration and non-zero-
duration pause (Pause_Separated). Fp information was also ef-
fective, with the same improvement rates (6.1 points) as in the
case of Pause_Separated.

The last two rows show the results when pause and Fp in-
formation were linearly combined. The accuracy values are the
average of the best dependency accuracies obtained at the opti-
mum values of «.. Dependency accuracy was improved slightly
in both cases, PausetFy and Pause_Separated+Fp, giving 6.6
point improvement over the baseline. In Pause Separated+ Fp
case, the optimum values of « shifted close to 1. This in-
dicates that the pause information was better represented by
Pause_Separated model.

Table 3: Dependency accuracy in various conditions of prosodic
information usage.

| Condition | Dependency Accuracy (%) |

[ Deterministic (no prosody) | 60.4 |
Pause 65.8
Pause_Separated 66.5

[Fo | 66.5 |
Pause +Fp 67.0
Pause_Separated +Fj 67.0

6. Conclusion

In this paper, we conducted a dependency analysis of sponta-
neous monologue speech by the minimum penalty parser utiliz-
ing pause and Fp information. Duration of pauses at phrase
boundaries and relative Fy contour features, which improve
parsing accuracy of read sentences, were found to be aso ef-
fective for parsing spontaneous speech. It was shown that bet-
ter performance was obtained by employing simpler models for
pause duration and Fy feature distributions, and that linear com-
bination of them yielded further improvement over the base-
line. Although the experiments are preliminary, the results are
promising.

The baseline dependency accuracy was not enough: it is
86.3% in ATR DB case. So, as a future work a dependency
rule tuned to spontaneous speech analysis should be developed.
Making a framework to process events specific to spontaneous
speech, such as filled-pauses and restarts, is also a part of our
future work.
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