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ABSTRACT

This paper proposes a new method for spotting
phrases in continuous speech. The phrase spotting is
done based on the weighted sum of an acoustic likeli-
hood and a prosodic phrase boundary likelihood. The
prosodic phrase boundary likelihood is calculated sta-
tistically using pitch pattern HMMs. Introducing the
prosodic phrase boundary likelihood is considered to
have an effect to suppress the false alarms, because
if the start and end points of the phrase candidate
are different from the correct phrase boundaries the
spotting score is lowered. The method was evalu-
ated by Japanese phrase spotting experiments. The
results show that the phrase boundary likelihood is
calculated reasonably, and the phrase detection rate
is improved using the prosodic phrase boundary like-
lihood.

1 INTRODUCTION

We are developing a speech dialogue system based
on phrase spotting[l]. The Japanese phrase, called
Bunsetsu, is a basic syntactic unit consisting of a con-
tent word and a string of function words. The connec-
tion rules between the content word and the function
words can be described by a finite state automaton.
In Japanese, the order of phrases is considerably free
but the inner syntactic structure of the phrase is usu-
ally maintained even in spontaneous speech. So we
consider a phrase spotting based system is suitable to
deal with spontaneous speech. But one of the prob-
lem of the phrase spotting is the appearance of a large
number of false alarms.

To suppress the false alarms we introduce prosodic
features. In Japanese, the boundary of the phrase
is usually observed as a dip on the F0 contour. To
detect the phrase boundaries based on FO contour
several methods [2]-[5] have been proposed. In [2], a
heuristic method is used to calculate a phrase bound-
ary score which has discrete 7 values (0 to 6). In
[3]-[5], the phrase boundary detection is determin-
istic and the value of the likelihood for the phrase
boundary is not considered.
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We propose a statistical and non-deterministic
method for calculating the prosodic phrase bound-
ary likelihood. The prosodic phrase boundary like-
lihood is calculated using HMMs for pitch patterns
of phrases. And the phrase spotting score is calcu-
lated as combination of the acoustic likelihood and
the prosodic phrase boundary likelihood. Hereafter,
the prosodic phrase boundary likelihood is referred as
prosodic boundary likelihood’ for short.

We describe prosodic boundary likelihood calcula-
tion method in sections 2, phrase spotting method
using the prosodic boundary likelihood in section 3
and evaluation experiment in section 4 respectively.

2 PROSODIC BOUNDARY LIKELI-
HOOD

The method proposed here is realized by modi-
fying phrase boundary detection methods described
in [4][5]. Typical pitch patterns of phrases are rep-
resented by Hidden Markov Models(HMMs). And
the prosodic boundary likelihood, prosodic likelihood
of a phrase boundary, is calculated by the forward-
backward algorithm using the pitch pattern HMMs.

2.1 The pitch pattern HMM network

Each pitch pattern of phrase is represented by a
left-to-right 20 state continuous density HMM. And
an HMM network is constructed by connecting the
pitch pattern HMMs as shown in Fig. 1.

The input feature vector for the pitch pattern
HMM is the first and second order regression coeffi-
cients of pitch contour. In the HMM training process,
pitch patterns of phrases are extracted from continu-
ous speech data, and they are divided into pitch pat-
tern clusters[4] using a clustering method. For the
each cluster, the pitch pattern HMM is trained.

2.2 Calculation of the prosodic
boundary likelihood
Calculation of the prosodic boundary likelihood is

based on the forward-backward algorithm. The cal-
culation procedure is as follows:
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(stepl) The forward and backward probabilities of
the input pitch pattern are calculated by the Viterbi
or trellis algorithm using the pitch pattern HMM net-
work.

(step2) Using the forward and backward probabil-
ities, the boundary likelihood is calculated by:

{a(si, t) * B(si,£)}
{a(si? t) * ﬂ(siy t)}

max
s;€init. states of each HMM

p(t) = log
max
s;Call states of each HMM

where

p(t) : prosodic boundary likelihood at frame ¢
a(si,t) : forward probability at state s;, at frame ¢
B(s:,t) : backward probability at state s;, at frame ¢

In the equation, the numerator means the most
probable likelihood on a transition path which passes
the initial state of the HMM at frame t, and the de-
nominator means the most probable likelihood of all
transition paths. Dividing the numerator by the de-
nominator, the prosodic boundary likelihood, a nor-
malized likelihood of the path which passes the initial
state of the HMMs at frame t is calculated.

The phrase boundary detection also can be done
by picking up frames where the prosodic boundary
likelihood p(t) is zero.

Figure 1: Pitch pattern HMM network

2.3 Modification of the
boundary likelihood

prosodic

In Japanese, almost syntactic phrases correspond
to the accent unit, but the correspondence is not per-
fect. When the syntactic phrase is not correspond
to the accent unit, the prosodic boundary likelihood
may be low. To cope with this problem, we inves-
tigate the modification methods that use recognition
results of acoustic word filler models which are used
in the phrase spotting process.

methodl Before phrase spotting, the input speech
is recognized using the acoustic word filler models.
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The word filler models consist of whole content words
and function words in the task.

Using the recognition results, the prosodic
boundary likelihood is changed to the maximum
value(=zero) at the frames which are recognized as
start points of the content words by the acoustic filler
models.

This means that the frames which are recognized
as start points of the content word are judged to be
the syntactic phrase boundaries even if the original
prosodic boundary likelihood is low.

At other frames, the prosodic boundary likelihood
is not changed.

method2 The similar modification to the method
1 is adopted. The phrase boundary likelihood is
changed to the maximum value at the frames which
are recognized as start points of the content words.
At other frames, the prosodic boundary likelihood is
lowered by adding a negative penalty value.

This means that the phrase boundaries detected
by the acoustic filler models are judged to be more
reliable than the phrase boundaries detected by the
pitch pattern models. By this modification, the high
values of the prosodic boundary likelihood at non-
boundary frames will be suppressed.

3 PHRASE SPOTTING METHOD

The spotting score of a phrase is given by
the weighted sum of the acoustic likelihood and
the prosodic boundary likelihood. Introducing the
prosodic boundary likelihood is considered to have an
effect to suppress the false alarms, because if the start
and end points of the phrase candidate are different
from the phrase boundaries the spotting score is low-
ered. The filler model is used for modeling of non-
keyword speech. The usage of the filler model is sim-
ilar to [6], but in this spotting method the prosodic
boundary likelihood is integrated to the spotting
score. The conceptual diagram of this method is
shown in Fig.2. The phrase spotting score is calcu-
lated as follows:

£(p,t1,t2)=g(p,t1,t2)+ fwp(t1)+bwp(t2)+w{P(t1)+P(t2)}

where

f(p,11,12) : spotting score of phrase p

g(p,t1,t2) : acoustic likelihood of phrase p

fwp(t1) : forward acoustic likelihood of filler
model at frame ¢1

bwp(t2) : backward acoustic likelihood of filler
model at frame 2

P(11) : prosodic boundary likelihood at frame ¢1

P(t2) : prosodic boundary likelihood at frame ¢2

w : weighting coefficient

4 EXPERIMENTS

The spotting method described above was evalu-
ated by Japanese phrase spotting experiments.
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Filler W Phrase Filler
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Phrase boundary Phrase boundary
likelihood likelihood

Figure 2: Phrase spotting using phrase boundary
likelihood

The spotting method using the prosodic bound-
ary likelihood described in section 2.2 is referred as
‘method 0’ for short.

4.1 Conditions

For the prosodic boundary likelihood calculation, 4
pitch pattern HMMs were trained using phrase pitch
pattern extracted 503 sentences uttered by 10 male
speakers. The pitch pattern HMM network (Fig.1)
was constructed using the pitch pattern HMMs.

For the acoustic likelihood calculation, we used 303
acoustic phrase models constructed by concatenation
of context independent phoneme HMMs. Two types
of filler models were used, one is the 133 Japanese
syllable filler model, and another is 349 whole word
model which is comprise of the content words and the
function words used for the phrase spotting.

One hundred sentences ( containing 586 phrases )
uttered by 2 male speakers were used for the phrase
spotting.

4.2 Results

Phrase boundary likelihood calculation An
example of the prosodic boundary likelihood calcu-
lation is shown in Fig.3. In this figure, top row labels
indicate correct utterance, and bottom row labels in-
dicate the recognition result by the word filler model,
where capital letter words are content words and
small letter words are function words. The second
row shows interpolated pitch frequency. The third,
the forth and the fifth row, are the prosodic bound-
ary likelihood by the method 0, the modified prosodic
boundary likelihood by the method 1, and the mod-
ified prosodic boundary likelihood by the method 2,
respectively. The correct phrase boundaries are indi-
cated by vertical dotted lines.

The prosodic boundary likelihood is high around
" the phrase boundaries where pitch pattern dips are
observed. However in case of the phrase boundaries
where pitch pattern dips are not observed, the phrase
boundary likelihood calculated by the method 0 tends
to be low. One of the reason is disagreement of
prosodic accent unit and syntactic phrase. For exam-
ple, between the second phrase /nagameno/ and the
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third phrase /yokute/, the prosodic boundary likeli-
hood is low. On the other hand, using the method
1 and 2, the prosodic boundary likelihood are modi-
fied to the maximum value because the content word
/yokute/ is correctly recognized by the word filler
model.
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(a): interpolated pitch frequency

(b): the prosodic boundary likelihood by method 0
(c): the prosodic boundary likelihood by method 1
(d): the prosodic boundary likelihood by method 2

Figure 3: An example of the prosodic boundary
' likelihood calculation

Phrase spotting The spotting results by the
method 0 are shown in Fig.4. Fig.4(a) shows the
results using the syllable filler model, and Fig.4(b)
shows the results using the word filler model. In the
figures, N(=572) indicates the number of phrases in
whole utterances. Phrase detection rates are shown
for various number of candidates in N. Five val-
ues (0, 0.2, 0.4, 0.6 and 0.8) of the weighting co-
efficients for the prosodic boundary likelihood were
tested. If the value is zero the results are for with-
out the prosodic boundary likelihood. Although the
effect of the prosodic boundary likelihcod integra-
tion was greater for the experiments with the syllable
filler model than the experiments with the word filler
model, the phrase detection rates were improved in
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100

the both experiments. Appropriate weighting coef-
ficients were around 0.6 for the former and around
0.4 for the latter experiments, but they were not so
sensitive.

Fig.5 shows the spotting results using the prosodic
boundary likelihood modification methods described
in section 2.3. The phrase detection rates were im-
proved using the modification methods. It proves
that the phrase modification methods are effective.
The method 2 is slightly better than method 1. The
reason is thought to be that the high phrase boundary
likelihood at non-boundary frames was suppressed.

number of
cadidates

90

80

phrase detection rate{%)

70
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5 C O NCLUS ION weighting coeffcient

(a)filler model: syllable network

In this paper, we proposed a new method for spot-
ting phrases in continuous speech. The phrase spot-
ting is done based on the weighted sum of the acoustic 100

likelihood and the prosodic phrase boundary likeli- §
hood. The prosodic phrase boundary likelihood is g 20 number of
calculated statistically using pitch pattern HMMs. § Tazon |
To cope with the disagreement of syntactic phrase 83 80 = 10N
and accent unit, modification methods of the prosodic & E;;:‘
boundary likelihood were investigated. The methods 70 2N
were evaluated by Japanese phrase spotting experi- T
ments. The results show that the phrase detection 60
rate can be improved using the prosodic boundary
likelihood and the modification methods. 50
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