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ABSTRACT

In this paper, we propose a model for predicting
pause insertion using a stochastic context-free gram-
mar (SCFQ) for an input part of speech sequence. In
this model, word attributes and stochastic phrasing in-
formation obtained by a SCFG trained using phrase de-
pendency bracketings and bracketings based on pause
locations are used. Using the Inside-Outside algorithm
for training, corpora with phrase dependency brackets
are first used to train the SCFG from scratch. Next,
this SCFG is re-trained using the same corpora with
bracketings based on pause locations. Then, the prob-
abilities of each bracketing structure are computed us-
ing the SCF@G, and these are used as parameters in the
prediction of the pause locations. Experiments were
carried out to confirm the effectiveness of the stochas-
tic model for the prediction of pause locations. In test
with open data, 85.2% of the pause boundaries and
90.9% of the no-pause boundaries were correctly pre-
dicted.

1. Introduction

The control of pause insertion is very important to give
natural prosody to synthetic speech. Though pause in-
sertion is closely related to phrase dependency struc-
ture and has stochastic characteristics[1], no compu-
tational model has been proposed for the statistical
training directly from pause insertion characteristics.
In this paper, a stochastic modeling of pause insertion
is proposed for Japanese and the experimental results
of pause location prediction using this model are shown.

2. A model for the prediction of pause
locations

Phrase dependency structures and part of speech (POS)
before and after boundaries have commonly been used
for predicting pause locations. The automatic decision
of a phrase dependency structure is difficult as phrase
dependency structures are decided not only by syntax
but also by semantics. In this paper, stochastic in-
formation of the phrase dependency structure is used
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in a model for the prediction of pause locations. To
obtain this structural information, phrase dependency
structures and pause locations are first learned using
a SCFG. Next, the parameters representing stochas-
tic information about phrase dependency structures are
computed using the probability of production rules in
the SCFG. Then, these parameters and POS before
and after the boundaries are used in the model for
the prediction of pause locations. This model predicts
pause locations using a feed-forward type neural net-
work, which will be described in section 2.3..

2.1. Learning pause locations using SCFG

For training of the SCFG, the Inside-Outside algorithm
was used(2], applied to partially bracketed text corpora[3].
To predict pause locations using a SCFQG, the informa-
tion of pause location must be captured using SCFG.
We have applied this method to learn a prosodic phrase
dependency structure using this algorithm[4][5]. Us-
ing this method for training the SCFG, the sentential
speech data set are given the following two types of
bracketing information.

¢ Phrase dependency bracketing

The phrase dependency structure and part of speech
sequence were hand-tagged by trained transcribers
according to conventional Japanese school gram-
mar. As the hand-tagged phrase dependency struc-
ture is determined using both syntactic and se-
mantic relations, we only expect that syntactic
information implicitly manifested in this brack-
eting will be captured through SCFG training.

¢ Pause bracketing

Only accent phrase boundaries and pause bound-
aries were considered in this second level of brack-
eting. By listening to speech data and observ-
ing the analyzed Fy contour, accent phrase-sized
units were manually bracketed. Prosodic bracket-
ing was obtained by grouping all the constituents
segmented by pause boundaries.

Corpora with phrase dependency brackets are first used
to train the SCFG from scratch. Next, this SCFG is
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re-trained using the same corpora with pause brackets.

2.2. Parameters for the prediction of pause lo-
cations

For the prediction of the pause locations, the pa-
rameters which represent phrase dependency structures
are needed. As shown in Figure 1, the probability that
the word is part of a left-branching structure which
includes the previous m words [left-branching proba-
bility P,,] and the probability that the word is part
of a right-branching structure which includes the next
n words [right-branching probability @,] are required.
The probabilities represent phrase dependency struc-
tures, and can be calculated using a SCFG in the fol-
lowing fashion. Let afi, 7, k] be the probability that the
non-terminal symbol ¢ will generate the pair of non-
terminal symbols j and k. Let b[¢, m] be the proba-
bility that the non-terminal symbol ¢ will generate a
single terminal symbol m. In the Inside-Outside algo-
rithm, the inner probability e(s,t,7) is defined as the
probability of the non-terminal symbol  generating the
observation O(s),--, O(t) and can be expressed as fol-
lows:

CASE 1: s =t
e(s, s, i) = bt,0(s)]

CASE 2: s #1 )
t-1 i
e(s,t,0) =Y > _ali,j, kle(s,r, j)e(r+1,, k)
j‘k r=s

And the outer probability f(s,t,¢) is the probability
that, in the rewrite process, i is generated and that the
strings not dominated by it are O(1),--,0(s—1) to the
left and O(t + 1), -+, O(T) to the right. Hence:

SIS £(rot, f)als, by dle(rys — 1, )

jk o r=1

f(s,t,9)

T
+ Z f(s,r,5)alj, i, kle(t + 1,7, k) |

r=t+1
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1 if i = S(start symbol)
0 otherwise

and f(1,7,i) = {

The non-terminal symbol ¢ can have two possible rules
J—ikorj— ki fi(s,t,1)is the probability when only
rules j — ik are considered and f,(s,t,17) is the prob-
ability when only rules j — ki are considered. These
are expressed as follows:

T
flst, i) =3 > f(s,r,0)alj,i, ket + 1,7, k)

j.k r=t+1

s—-1 :
Fesit,i) = D> f(r,t,5)ali, k, de(r,s — 1,k)

ik r=1
The probability that the observation O(1), -, O(T) has
a left-branching structure which includes the obser-
vation O(s),--,O(t), and the probability that the ob-
servation O(1), -, O(T) has a right-branching structure
which includes the observation O(s), --, O(t) are respec-
tively given as follows:

Ze(s,t,i)f;(s,t,i)

Ze(s,t,i)f,(s,t,i)

1

The probability generated for the entire observation
0(1),-,0(s),-,0(t),-,0(T) is given e(1, T, S). There-
fore, Pm and @, at the pth word are given as follows:

> elp—m,p,i)fi(p—m,p,i)

P, =
e(1,T,S)
g, = it p it nd)
" e(1,T, S)
2.3. Pause prediction model using a neural net-
work

A model for the prediction of pause locations is rep-
resented by a feed-forward type neural network. The
structure of this neural network has four layers: an
input layer with 50 units, two hidden layers with 25
units, and an output layer with 2 units. The input pa-
rameters consist of left-branching probabilities P, and
right-branching probabilities @, for each input unit
(based on POS labels after clustering particles with
content words). The terminal symbol of words around
the boundary as follows.

e P, and @, at the following words
(mn=1,2,3,4 and sum of more than 5)

— The content word preceding the word before
the boundary



Table 1: Comparison of compatibility scores to brack-
ets based on pause locations between SCFGs obtained
from different learning procedure

SCFG learning using

linguistic brackets

corpus linguistic brackets

& brackets based

only .
on pause locations
training corpus 89.27 % 91.33 %
test corpus 86.99 % 88.36 %

— The word before the boundary
— The word after the boundary

— The content word following the word after
the boundary

o The terminal symbols of the 5 words preceding
the boundary

¢ The terminal symbols of the 5 words following
the boundary

3.

To evaluate the effectiveness of this model, three kinds
of experiments were conducted. One is the comparison
of compatibility scores to brackets based on pause lo-
cations to measure the consistency between the pause
locations derived from the trained SCFG and the pause
locations of natural utterances. Another is an analysis
of the relation between pause insertion and parame-
ters which are obtained using the SCFG. The other is
the prediction accuracy of pause location using natural
utterances.

3.1.

Experiments

Effect of learning pause locations using
SCFG

A sentential speech data set consisting of 503 sentenc-
es[6] was used as the corpora for training the SCFG.
The SCFG used 20 non-terminal symbols and POS
with seven categories of case particles as terminal sym-
bols. To confirm the effectiveness of training using
two types of bracketing, we compared a SCFG learned
using corpora with phrase dependency brackets only
with a SCFG learned using corpora with phrase depen-
dency brackets and brackets based on pause locations.
For the comparison, compatibility scores[3] were calcu-
lated to measure the consistency. As shown in Table
1, the results, indicate that the possibility of learning
pause locations using SCFG. Phrase dependency brack-
ets give reasonable prosodic structuring, and the ad-
ditional prosodic bracketing information increases the
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Figure 2: Linear moment of P,,, @, at each number of
speakers who insert a pause

adequacy of SCFG for the prosodic phrase structure
reflecting pausing characteristics.

3.2. Analysis of the relation between pause in-
sertion and P,,,Q,

As P, (Qn) is the probability that the word is part
of a left(right)-branching structure which include the
previous m (next n) words, the linear moment of P,
(@n) [Mp(Mgq)] represent left(right)-side phrase char-
acteristics. As the pause insertion relate to left(right)-
side phrase structure, a simple pause insertion model
can be represent by this linear moment. Though it is
estimated that the proposed model using a neural net-
work are represent similar and more complex model,
it is difficult to accurately represent the structure of
this model. Therefore, the linear moment of P,,,Q,
was used in this analysis of the relation between pause
insertion and P, Q,. To investigate the relation be-
tween Mp, Mg and pause insertion, boundaries were
classified into eleven categories by the number of speak-
ers who insert pause, and the average of these moments
is calculated for each categories. As shown in Figure
2, the results show Mp increases in proportion to the
the number of speakers who insert a pause. In par-
ticular, Mp of boundaries at which all speakers insert
a pause has very large score, Mp of boundaries where
no speaker inserts a pause has very small score. And
Mg of boundaries at which someone inserts a pause is
smaller than M ¢ of boundaries where no speaker inserts
a pause. These results show that the boundaries will
can be classified pause boundary and no pause bound-
ary by difference of Mp, M¢q. And the pause prediction
model using P, @, will be effective.



Table 2. Prediction results

percentage of correct prediction
used
corpus A
parameter A4+B B
training 99.7% (371/372)
Pp,Qn corpus 95.0% (s3s1/5633) 94.7% (4980/5261)
POS test 85.2% (317/3732)
corpus 89.8% (s0s1/5633) 90.9% (4744/5261)
training 93.3% (346/372)
POS corpus 82.5% (1645/5633) 81.7% (4299/5261)
only test 86.8% (322/372)
: corpus 81.5% (4390/3633) 81.1% (4268/5261)

A: boundaries where all speakers insert a pause
B: boundaries where no speaker inserts a pause

100
% L B training corpus
| [E] test corpus

pause insertion rate{%)]

o 1 2 3 4 5 6 7 8 9 10
number of speakers who insert a pause

Figure 3: Pause insertion rate at each number of speak-
ers who insert a pause

3.3. Accuracy of the prediction of pause loca-
tions
Experiments using the model for the prediction of pause
locations were carried out to confirm the effectiveness of
the model. The model was trained using 7002 samples.
As the pause location is different among speakers, ten
speaker’s utterances were analyzed. And the bound-
aries are classified to eleven categories by the number
of speakers who insert pause. As the it is important
to predict boundaries where all speakers insert a pause
and boundaries where no speaker inserts a pause, the
evaluation of prediction results was carried out for the
371 boundaries where all speakers insert a pause and
the 5261 boundaries where none of them insert a pause.
For the calculation of prediction score, all word bound-
aries are used as boundary candidates. The result is
shown in Table 2. To evaluate the effect of the use
of Pp,,@n, experimental results of the prediction us-

ing POS only are shown in same table. Table 2 shows
that pause locations were predicted successfully using
the model which was controlled by the parameters ob-
tained by a SCFG, and this model will be effective for
the prediction of pause locations. The prediction re-
sults for each number of speakers who insert pause are
shown in Figure 3. Figure 3 shows that the pause in-
sertion rate increases in proportion to the number of
speakers who insert a pause, the prediction using this
proposed model is reasonable in the result for bound-
aries where someone insert a pause. Though the pre-
diction of no-pausing boundaries look quite successful
in percentage terms, the false alarm rates calculated
over possible phrase boundaries are still high (about

24%).

4. Conclusion

We propose a model for predicting pause insertion us-
ing a stochastic context-free grammar (SCFG) for an
input word sequence without any information on phrase
structure. Qur results show that the proposed model
will be effective for the prediction of pause locations. In
the future, we will carry out experiments for predicting
some kinds of pause locations. As the false alarm rate
is high, we will consider the reduction of this rate.
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