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ABSTRACT

In this paper, an unknown word processing method is
investigated as an approach to achieve the robust spon-
taneous speech understanding. The unknown words are
detected by a subword-unit based decoder and the pro-
cess is incorporated into the One-Pass search algorithm.
The preliminary experiments showed that the method is
also effective to the utterance including interjections (or
filled pauses). In addition, the phrase-spotting based ap-
proaches were compared with the One-Pass search method
in which the unknown word processing was incorporated.
The experiments showed that the One-Pass method at-
tained the best performance on spontaneous speech.

1. INTRODUCTION

Recently, studies on spontaneous speech recognition and
understanding have been done extensively. While the
main approaches for realizing the analytical and verifi-
cation methods of spoken language are also based on con-
ventional methods used for read speech, these approaches
have not been sufficiently evaluated for spontaneous speech.
In general, we should consider two aspects of speech
recognition approaches for spontaneous speech: the verifi-
cation method, which can process out-of-vocabulary words
as well as restarts and filled panses; and the parsing method
for spoken language, which can accept the syntactically
ill-formed sentences. Word spotting is one of promising
approaches to the verification problem. However, the lack
of higher-level knowledge in the verification process may
make the recognition accuracy degrade. The other ap-
proaches to resolve the verification problem have been
studied: the garbage modeling[l, 2] and the subword unit
based modeling[2, 3] of the unknown words. Although the
latter seems to be more promising in continuous speech
recognition, it consumes much processing times in that all
the probable unknown words in many grammatical states
have to be verified independently. In this study, we first
performed preliminary experiments to investigate the per-
formance on utterances with unknown words or interjec-
tions using a fast approximate search method which is in-

corporated into the One-Pass search recognition algorithm[5].

The word- or phrase-spotting based approach seems
to be effective in spontaneous speech since only the prob-
able word candidates contribute to the sentence hypoth-
esis. However, the parsing strategy has not sufficiently
been studied when a heuristic search fechnique is used
with weak syntactic constraints. In this paper, we first
compare two strategies using a semantic grammar which
has a weak syntactic constraint to allow ellipses of post-
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positional particles and inversion. Then, the phrase spot-
ting based approach is compared with the one-pass search
method which incorporates the unknown word processing
method.

2. VERIFICATION OF
OUT-OF-VOCABULARY WORDS

2.1. Incorporating into One-Pass Search

If we construct the acoustic models based on subword
units, the unknown word can be modeled as an arbitrary
sequence of subword units. To prevent from increasing a
search space in continuous speech recognition, an approx-
jmate method of unknown word processing is employed.

An approximative method to reduce the computation
for the syntax-directed connected word recognition has
been proposed previously[4], which bundles the verifica-
tion process of the word which corresponds to different
grammatical states. Similarly, we can apply the idea
to the unknown word verification process. Our prelimi-
nary experiment using syllable HMM acoustic models has
showed an insignificant difference of the performance in
compared with the exact verification method. Here we
describe the approximative method briefly assuming that
the subword unit is syllable.

In the dynamic time warping or the Viterbi scoring
method for continuous speech recognition, e.g. the One-
Pass algorithm[5], the accumulated likelihood score of the
hypothesis which arrives at a grammatical state ¢ is rep-
resented as

Lq(#) = max {Ly(m) + L™(m+1:4)}, (1)

where Lg() is the maximum verification score among the
Viterbi paths which arrive at state ¢ in i-th frame, L™(m+
1:1) is the accumulated verification score of the word n
summed up between m + 1 ~ ¢ frame and §(p, n) = ¢(the
word n is outputted at the state transition from p to ¢)
should be satisfied if a syntactic constraint is imposed.
The accumulated likelihood score of the optimal syllable
sequence without lexical constraints can be represented as

L(3) = max{L(m) + L*(m +1: )}, (2)

where s is a syllable. This recursive formula is efficiently
calculated by O(n). We approximate the second term in
equation (1) by equation (2) when n is an unknown word.
That is, only the optimal boundaries obtained by equa-
tion (2) are considered as the candidate of m in equation
(1) and L™{m+1 : 1) is calculated as L(¢) — L{m). In prac-

tice, we should impose a penalty on the likelihood score of
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unknown words because the score always equals or higher
than the likelihood of any of the vocabulary words.

The above method can be extended to impose a gen-
eral constraint for unknown words. We considered two
constraints:

o length of unknown word (number of syllables)
e single occurrence of unknown words in an utterarce

Obviously, the former constraint is easily incorporated
into the above method. The latter is also accomplished
by using two kinds of accumulated likelihood tables, ei-
ther of which corresponds to the hypothesis including an
unknown word or not including unknown words, respec-
tively. However, the computation for updating likelihood
tables also becomes about double while the overall in-
crease of computation will be relatively small in practice.

2.2. Preliminary Results

We have developed a speech understanding system SPOJUS-
SYNO-X which integrates a top-down context-free parser[6].

The acoustic models consist of 113 syllable based HMMs,
which have 5 states, 4 Gaussian densities and 4 discrete
duration distributions. The speaker-independent HMMs
were adapted to the test speaker using 20 utterances for
the adaptation[7]. The grammar used in our speech rec-
ognizer is represented by a context-free grammar which
describes the syntactic and semantic information. The
speech recognition task is “Sightseeing guidance around
Mt. Fuji” with a vocabulary size of 500 words. To investi-
gate the performance for processing of the interjections or
unknown words in spontaneous speech, we incorporated
the unknown word processing into our system.

The experiments for interjection and unknown word
processing are separately performed using the different
corpus. In the evaluation experiment of unknown word
detection and recognition, several proper nouns, such as
the name of mountains or lakes, are removed from the
grammar. Instead, the special terminal symbol which rep-
resents unknown words is added to the rewriting rules of a
wordclass to which an unknown word might belong. This
operation yielded 6 kinds of unknown words and 21 sen-
tences in all the 104 test sentences. The test set consists
of 624 sentences (104 x 6) uitered by 6 male speakers.
The test set perplexity is about 29 when all the unknown
words are registered, that is, for the original grammar.

Table 1 shows the recognition accuracy of the sen-
tences that include unknown words(UWs). To examine
the effect of the constraints for unknown words mentioned
above, the experiments are carried out for several condi-
tions: “none” (with no constraints), “L”(with length con-
straint), “N”(with occurrence constraint) and their com-
binations. The false alarm rate(FA) denotes the rate of
the number of sentences in which some words were de-
tected as an unknown word despite being in the lexicon.
This result shows that more than 70% of unknown words
are correctly detected if we consider only the utterances
which have no recognition errors when the unknown words
are registered (52.8% > 69.4% % 70%). The added con-
straints improved both the detection accuracy of unknown
words and the false alarm rate.

For utterances that include interjections(filled pauses),
the unknown word processing(UWP) was evaluated in
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Table 1: Performance on unknown words(UWs)

Constraint include UWs not include UWs
for UWs (18 x 6 sent. (86 x 6 sent.)
| Correct(%) | Correct(%) [ FA(%)
none 44.4 75.6 9.1
L 49.1 76.7 5.9
N 50.9 75.8 7.6
L,N 52.8 76.7 5.4
UWs registered &
UWP not used 69.4 78.9 0.0

Table 2: Performance on interjections(inter;.)

not include interj. include interj.
Grammar/ % Under-
Method %Correct %Correct standing
Original 86.0 4.0 32.0
-+ 10 interj. 88.0 74.0 76.0
+ 30 interj. 86.0 68.0 74.0
+ T8 interj. 84.0 68.0 76.0
UWP used 84.0 56.0 72.0
+ 10 interj.
& UWP used| 84.0 70.0 74.0

comparison with the conventional approach where the fre-
quent interjections(filled pauses) are registered in the sys-
tem’s lexicon. The context-free grammar was modified
to accept sentences which could be intervened by inter-
jections between phrases. The number of interjections
registered in the system’s lexicon was varied from 10(ap-
peared in the test utterances) to 78(all of the interjections
observed in database[9]). The testing data consisted of
50 utterances of one speaker, which was the subset of 104
utterances used before, and the different 50 utterances in
which half of the sentences were preceded by an inter-
jection and the rest of the sentences was intervened by
an interjection. Table 2 shows the results of the recogni-
tion performance. We can see that the comparable per-
formance for both of the approaches may be obtained.
However, we should know that only the limited kinds of
interjections are used while a great varieties of interjec-
tions would be used in practice. Our further experiments
in the case that some interjections(appeared in test ntter-
ances) were not registered suggested that the combination
of the unknown word processing and the registration of
frequent interjections would be most effective (see the last
row in the table).

3. COMBINATIONS OF VERYFICATION
AND PARSING STRATEGIES

The word- or phrase-spotting based recoguition seems to
be effectivein spontaneous speech since the implicit acous-
tic modeling of the extraneous speech such as restarts
or interjections may not be required. However, in gen-
eral, the parser should employ a heuristic search tech-
nique since the search space becomes extremely large, if a
weak constrained grammar is used for dealing with spon-
taneous speech in a moderate task. In this section, we
first describe the comparison of two parsing strategies us-
ing a semantic grammar which has weak syntactic con-
straints to allow ellipses of postpositional particles and
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inversion. Moreover, the phrase spotting based approach
is compared with the One-Pass search method which in-
corporates the unknown word processing method for ver-
ifying the occurrence of restarts or interjections.

3.1. Phrase-Spotting Based Approaches

A phrase spotter is used as the front-end of the parsers
which are to be compared. The phrase in Japanese, which
is called bunsetsu, is said to be constrained in its order
much less than in English while the word order within a
phrase is fairly constrained. Therefore, we represent the
intra-phrase grammar by a finite state network and the
inter-phrase grammar by a context-free grammar which
allows ellipses of postpositional particles and inversion.
The intra-phrase grammar also allows the arbitrary se-
quence of syllables followed by a bunsetu for dealing with
extraneous speech. The initial and the final state of the
network is connected by a null-arc to allow the spotter to
recognize an optimal phrase and syllable sequence. The
phrase lattice is produced by N-best backtracking of the
partial phrase hypotheses like the lattice N-best method
in the reference [8].

Island-Driven Search

While the island-driven search from a phrase lattice is
promising for spontaneous speech, the algorithm becomes
more complicated than in a usual left-to-right search. There-
fore, we describe the rules of the syntactic and semantic
knowledge by a case-frame like grammar. The rules con-
sist of both the sentence level description and the inter-
phraselevel description. The former has at least one pred-
icate(header) and some phrase non-terminal symbols for
each rule. The phrase order isn’t constrained in these
rules. The latter represents the inter-phrase constraints
by the correspondence between the phrase non-terminal
and the legal phrase class sequence, and is the form of
context-free rewriting rules. The phrase class is a repre-
sentative of the set of phrases of which semantic function
may be identical.

The search procedure first begins by selecting top N
phrases which have predicate verbs to create new partial
candidates. Then, each time a new partial candidate is
created, top N phrases are selected to expand the candi-
dates by checking if the phrase can connect to the candi-
date with the grammatical and temporal(i.e., phrase order
and overlap length) constraints. While the NV is used to
adjust the beam width of the search, the number of candi-
dates which will be expanded is also constrained according
to the sum of the phrase scores for further pruning of the
search space. The constraint is imposed on each set of
candidates which includes the same number of phrases to
avoid the normalization of the candidate scores. Finally,
all the sentence candidates in the list should be ordered
by an evaluation function. Since the candidate may in-
clude the skipped intervals or the overlaps by extrancous
speech and the inaccuracies of the lattice, we introduce
some score weights to the sentence score as shown below.

(sum of phrase scores) + (penalty for overlap)

S =
¢ (frames in length covered by all the phrases)

+ a X (frames in length covered by all the phrases)
— B X (number of phrases)
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Left-to-Right Search

The left-to-right search strategy from a phrase lattice
has been used in our conventional speech understand-
ing system SPOJUS-SYNO I/II[10], which is based on
an Earley-like top-down parser and processed in a frame-
synchronous way. In this approach, the difference from
the above approach is that we should provide the score
for the extraneous speech during the search. We simply
provide a constant score as the estimate of the verifica-
tion score for the skipped intervals. The constant score
is estimated by the normalized log-likelihood score of the
connected syllable decoding over the input, which is ob-
tained from the byproduct of the phrase spotting. Since
the grammar should be the form of context-free grammar,
the rules used in the previous method are converted to the
context-free rewriting rules by enumerating all the possi-
ble phrase orders according to the previous sentence level
description, resulting in the identical syntactic constraint.

3.2. One-Pass Viterbi Search

The One-Pass search algorithm used in section 2.2 can
often attain better recognition accuracies for read speech
and the computational amount is fairly saved by inte-
grating with beam search and pruning method[6]. The
unknown word processing is employed here to verify the
extraneous speech such as interjections and restarts. The
grammar used in the left-to-right method is extended to
allow unknown words(i.e., connected syllable sequence with-
out language model) between all the adjacent phrases. For
comparing with the spotting-based approaches, no inter-
jections are registered in the system’s lexicon.

4. EXPERIMENTAL RESULTS

Experiments were performed on the task “Accommoda-
tion guidance around Mt. Fuji” with the vocabulary size
of 120 words, which is the subdomain of “Sightseeing guid-
ance around Mt. Fuji” task. The testing data for evaluat-
ing the above methods consist of 70 utterances x 2 male
speakers. The testing data includes interjections(filled
pauses) in 20 utterances, ellipses of postpositional par-
ticles in 10 utterances, restarts in 10 sentences and in-
version in 9 utterances (13 utterances are their combina-
tion). The rest 35 utterances have no such ill-formedness
(referred to as legal utterances). The test set word per-
plexity is about 41 in the case that the interjections and
restarts are ignored while the perplexity was about 29
for the 500-word vocabulary task mentioned in section
2.2 which accounted for only legal sentences. The acous-
tic model used in recognition systems consisted of 113
syllable-unit based HMMs which were also used in sec-
tion 2.2. The parameters for above methods, which are
penalty scores for nnknown word processing, score weights
for the island-driven method and beam search width, are
determined by preliminary experiments on the test set.
Table 3 shows the quality of the phrase lattice used
by spotting-based approaches. The rate in the column of
the n-th rank shows the percent accuracy by which an ut-
tered phrase is correctly identified as one among the best n
spotted phrases in the neighborhood. The feature param-
eter MEL and RGC denotes the mel-scaled LPC cepstral

coefficients and the regressive coefficients, respectively.
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Table 3: Phrase spotting results z(}%
Feature [[Detection order and rate (%) |} Missing [Spotted phrases
parameter || Top | <2 | <56 | <10 phrases | per sentence 80
MEL 58.4 | 79.0 | 95.1 98.7 3 (1.4%) 2451
MEL+4RG(| 62.9 | 85.3 | 96.8 98.2 4 (1.8%) 2429
Permissible detected boundary error = +128 msec. 8o
Table 4: Comparison of different approaches wk
(I-D:island-driven method, L-to-R.: left- to-right method)
Phrase! Sentence o0
Feature o ] under-
parameter Method || %WCOR | %A CC | correct(%) standing(%)
D 55.0 52.9 22.9 65.7 0 i :
MEL L-to-R 65.8 53.4 24.3 69.3 I-D L-4o-R One-Pass(1) One-Pass(2)
8“6—?“8%%;'? ggé ;gg 2;111 Figure 1: Comparison of recognition performance
noPass(2) - : - - (MEL+RGC) : phrase accuracy
-D 63.8 57.5 30.7 70.7 o I
MEL+ | T-toR || 683 | 52.7 264 8.6 + %understanding (legal utt.)
RGC [One-Pass(1)| 72.6 | 60.4 35.0 5.7 © %understanding (illegal utt.)
One-Pass(2 77.6 72.4 38.6 77.9

! %COR = (#correct phrases) / (#utterances) X 100
%ACC = (#correct phrases — #insertions)
/ (Ffutterances) X 100

The performance of different recognition methods are
shown in Table 4. One-Pass(2) is the method used in
section 2.2 and the One-Pass(1) is a variant of the One-
Pass(2) method and it approximates the unknown word
processing by using the constant penalty score which is
proportional to the length as the estimate of the unknown
word verification score. The sentence correct and under-
standing mean that the utterance was correctly recog-
nized in the case that detected interjections and restarts
were ignored and that the phrase class sequence and the
meaning of noun phrases were correctly identified, respec-
tively. The phrase accuracy shows that One-Pass(2) is su-
perior to the other methods, in particular, if the dynamic
feature parameter is used. Such results are also significant
for the sentence understanding rate.

The recognition performance with respect to each set
of the legal and illegal utterances is shown in Figure 4.
It should be noted that the One-Pass(2) method is sig-
nificantly better than the others with respect to the ille-
gal utterances while the performance on the legal utter-
ances is comparable. We can also see that, in particu-
lar, the left-to-right method and the One-Pass(1) method
aren’t robust to illegal utterances. In comparison of the
required computations of the implemented systems, the
One-Pass(2) method is required about only half of the
processing time of the other methods.

5. SUMMARY

An unknown word processing method was investigated
as a method for dealing with spontaneous speech. The
preliminary results showed that the method could obtain
a comparable performance for detecting interjections in
continuous speech even if interjections were not registered
to the system’s lexicon. We also compared the phrase-

spotting based approaches with the One-Pass search method

in which the unknown word processing was incorporated.
The experiments showed that the One-Pass method at-
tained the best performance to spontaneous speech.
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