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We present a morphological analysis method for a dialogue text understanding sys-
tem which progressively understands utterrances with robustness. We developed an
analysis method for spontaneous dialogue texts based on inter pausal utterrance.
This method is effective to make its analysis results much better. The results shows
that: (1) connectivity cost that is assigned to each bi-gram of part-of-speeches is
differ from each speaker in particular cases, and therefore it is effective in increasing
recall to extract connectivity cost separately from the other speaker’s utterances;
(2) if the system is trained with enough pausal data, additional trainings by pausal
infomation for new utterance sets are not nessesary; (3) it is effective in increasing re-
call to use classified pause information by using their duration; and (4) the increase
in the recall of pronunciation level analysis results is bigger than that of reading
level analysis results, and that of reading is bigger than that of surface form level
analysis results. one of the reasons for (4) is because Japanese ideograph present in
surface form provides much infomation about japanese contain words than Japanese
syllabary in reading and pronunciation.
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1 Introduction

Our aim is to bild a spoken dialogue text understanding system which incrementaly under-
stands utterrances with robustness. The initial stage of text analysis for any NLP task usually
involves the tokenization of the input into words (Sproat, Shin, Gale, and Chang 1996). In
many languages the punctuation mark that indicates the end-of-sentence boundary is am-
biguous, and most tokenizers of writings must be equipped with special sentence boundary
recognition rules (Palmer and Hearst 1997). Forthermore, it is more complicated problem than
in writing to recognize sentence boundaries in speech, because explicit punctuation is absent
in speech and speech is not necessarily composed of sentences. Similary, both manual or auto-
matic recognition of discourse segment boundaries is also complicated, because the discourse
structural infomation can be inferred from orthographic cues in text, such as paragraphing
and punctuation; from linguistic cues in text or speech, such as discourse markers; from vari-
ation in referring expressions, tense, and aspect; from prosodic/accoustic cues, such as pitch
range, pausal duration, intonational variation (Hirschberg and Nakatani 1996). Meanwhile,
the recognition of pauses as utterance boundaries is less complicated than that of sentence



boundaries or discourse segment boundaries, thus we present a morphological analysis method
based on inter pausal utterance.

2 Theory

2.1 A Stochastic Tagging Model

Chasen (NAIST 1999), a free Japanese Morphological analyser which segments sentences into
morphemes and tags them with their parts of speech, is used as a morphological analysis
engine of our experiment. This analyzer is based on the minimum connection cost method,
which estimates the optimal tag sequence s 1 = {S0,51,-- -, Sn, Snt1} for given observation
morpheme sequence w; , = {w;,ws,...,w,} by summing up morpheme cost Cb(w;) and
connectivity cost C(s;,s;+1) of two parts of speech, and outputs the result with the minimum
cost:

n
arg min Z(Cb(wi) + C(si,8i41)), (1)

S0,n+1 i—0
where sg and s,41 are the special parts of speech which denote beginning-of-sentence and

end-of-sentence, respectively.

Connectivity and morpheme costs are automatically extracted from a part of speech tagged
corpus. In order to tune these costs, part of speech bi-gram Markov model is employed, and
the probability parameters of maximum likelihood estimate (MLE) model are transformed

into its connectivity costs:

C(s;,8; =lo =lo ,
(52, 141) & P(sit1 | si) & F(si,5i41)

where the F(s;) is the frequency of the part of speech s;, and F'(s;, s;41) is the frequency of
the part of speech state transition from s; to s;y1.

(2)

Similarly, morpheme costs are also obtained from the MLE model:

Ch(w;) =log ————— =log ———— 3

(1) P(w; | 5;) F(wi,s:)’ )

where F'(w;, s;+1) is the frequency of the morpheme w; produced by the part of speech state
s;, and the Chasen’s standard maximum costs of connectivity and morpheme are 4000.

In this study, We used our own connectivity consts and Chasen’s default morpheme costs.

2.2 A criterion of difference between connectivity costs of speakers

Connectivity rules Ry(s;,s;+1) denote that transitions from part of speech states s; to part of
speech states s;;; are possible for each i. Figure 1 shows a diagram associated with (p — 1)-
regular graph G that is a set V(G) of those speakers v1,...,v, with a certain connectivity
rule R(s;,,8:,+1) and a set E(G) of pairs of speakers, where each label on the speakers is his
v; own connectivity cost C;j(s;y, Sio+1), and each label on the arcs is the difference between
the costs of adjacent speakers.

5, and 6:



Figurel: Difference between connectivity costs of speakers. A criterion for the measure of
difference between connectivity costs of speakers is given by the following equations 4

p—1
=1, (4)
=1
p—1 p
= Z (Ci( 3107830) Cm(sio’sjo) |a (5)
=1 m=I[+1
6 = loggt, (6)

where p and ¢ are the order and size of graph G, respectively, t is total difference between
connectivity costs of speakers, § is a criterion of difference between connectivity costs of
speakers, and the maximum § is 1000 in this study.

2.3 Recall and Precision

The performance of a set of morphological analyses is measured by recall and precision. Sup-
pose that strings are yielded incrementaly based on a certain unit, such as inter pausal ut-
ternce, discourse segment, sentence, etc., and that a system analyze each string in all the
yields @ = (uy,...,u,), where u; is a string which forms a certain unit. Then let W, be the set
of all morphemes identified by the correct analysis of s;, and W be the set of all morphemes
identified by system analysis of s;. The intersection of W; and W/ (written W; N W/) is the
set of all morphemes which are in both W; and W/, and recall is a proportion between the

number of points in W; N W/ and the number of points in W:

Recall = Lic 1n| Wiy , (7)
i | W
where | W; |, | W! |, and | W, n W/ | are the numbers of points in W;, W/, and W; N W/,

and | W/ |:

respectively. On the other hand, Precision is a proportion between | W; ﬂ w!

k2

Z?:l | Wi n Wzl
E?:l | Wi’

Precision =

(8)
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4.089 S BEGIN

4954 E e-Qto eto eto eto eto filler

6.894 E kono’ kono kono kono kono rentaishi

7.079 E hito hito hito [hito] [hito] noun-general
7.469 E wa- wa ha ha ha -the e
8.176 S 0.707

8.619 E kuro’ e kuro e kuro e [kuro €] [kuro €] noun-general
8.833 E a ga ga ga ga - ase-general
9.398 E hikakuteki  hikakuteki hikakuteki [hikakuteki] [hikakuteki] a -general
9.750 E ni- ni ni ni ni -a

10.053 S 0.303

10.352 E o’-ku o-ku ooku [oo]ku [oo]i a - ontent a -auo ren’ o-te- onne ti e
10.771 E te- te te te te - onne ti e
11.571 S 0.800

Figure2: Example of the part of speech tagged dialogue corpus: (1) acoustic time, (2) start or
end ag of morphemes, (3) phonological transcription including pausal duraion, (4) pronunci-
ation, (5) reading, (6) surface form, (7) surface base form, (8) parts of speech, (9) conjugation
type, (10) conjugated form. Japanese ideograph is bracketed by and .

periment

3.1 orp s

The Multi-modal Dialogue Corpus ( aneko and Ishizaki 1999) is a spontaneously spoken and
task-oriented dialogue corpus of colloquial Japanese, which consists of nine dialogues with
eleven participants (approximately 80 minutes dialogues). This corpus includes Face Task.
Face Task is a cooperative task involving two participants. One speaker, the Explainer, has a
portrait printed on his/her sheet of material, while the other, the Answerer, has 16 portraits
on his/her sheet of material, including the same one as Explainer’s. Explainer describes the
facial feature of the target subject. Their goal is that Answerer detects the target sugject. We
transcribed four of these dialogues with seven participants verbatim at four orthographic levels:
phonological, pronunciation, reading, and surface-form levels. Although the corpus has not
enough size, it manipulates as much as possible the following variables: task, familiarity and
sexuality of speakers, eye contact between speakers. A feature of present corpus is collection
of colloquial Japanese spoken by niversity students. We tagged these transcripts manually
with a morphological structure of a forme; surface base form, part of speech, conjugation
type, conjugated form . A example of the part of speech tagged dialogue corpus is shown in
Figure 2.

3.2 lassi cation of pa ses

An inter pausal utterance is extracted from corpus, where pauses are classified into two cate-
gories by their duration and they are denoted by two characters: if a pausal duration is shorter
than a threshold of time, then denoted by , else by , as shown in Figure 3. Then the
inter pausal utterance and categorized pauses are input to the morphological analyzer and
analyzed, where we can see classification of pauses by threshold of time causes the recall of
morphological analysis either of increase or decrease, as is shown in Figure 4. In this case, the
recall increases from 84.39 ( = Osec.) to 84.86 (T=0.316sec), then decrease to 84.03
(T=2.512sec).
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(a) (b) (c)

Figure3: Examples of inter pausal utterances, where utterances are transcribed at three au-
thographic levels: (a) surface form level, (b) reading level, and (c) pronunciation level, and
pauses are denoted by two characters: if a pausal duration is shorter than threshold , then
by ,orelse by . Japanese ideograph is bracketed by and .

Figure4: elation between the threshold of time and the recall of the system analysis with
using examples of pronunciation level transcripts of speaker F O.

3.3 Analysis conditions

A dialogue corpus is a collection of utterance sets of speakers: ={ 1,---, n}, where
i is an utterance set of the speaker ;. We use eight analysis conditions by combinations
of training sets, test sets, and the number of thresholds as is shown in Table 1, where is
an utterance set which substanciates dummies for the pausal elements of the intersection of
and 20 of . The test set and the lerning set are generally disjoint, but most of our
test sets are contained by their lerning set, because our courpus does not have enough size to

extract test sets from it.

esults and Discussion

Table 2 shows each speaker’s recall value of the analysis results at the surface form level.
Figure 5 shows the mean recall values of the analysis results.
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Table 1: Analysis Conditions.

Table 2: Each speaker’s recall and precision at the surface form level

1 1 12 ] o2l 01 | 1 000 1 00
2 2 2 00 1 i
2 0 0 0 02 0 2
0 0 2 0 12 0 2
0 0 1 0 1 2
0 0 232 0 1 0
01 0o 00 0 12 0
0 0 0 1 00
0 0 i 2 0 1
0 1 1 2 10
0 1 0 2| 02 1] 20
0 1 1 0 2| 2 2 2
0 1 | 10000 2 2 2 1
01 00 0 00 0
1 0 1 0 11|
0 2| 0 2 1 1]
01 000 0] 00 0 0
1 22 0 1 2 2 ]
100 00 22 2 0 2 1 |
(a) (b)
Figure5: The relation between mean recall values and analysis conditions, where S, , and P

are Surface form,

respectively. The analysis conditions are shown in Tablel.

eading, and Pronunciation - three authographic levels of the transcription,



Table 3: Difference between the connectivity costs of speakers: the difference between the costs
of part of speech state transition from s; to s;;1, where g is a number of relations between the
speakers, 6 is the difference between connectivity costs of speakers which is given by equation
4, 5, and 6 of section 2.2, and - is mean difference of costs. The part of speech pp denotes

Japanese postposition.




3 ffect of the lassi cation of pa ses

As is shown in Figure 5 (a), the mean recalls of the analysis condition 4 is bigger than those
of the analysis condition 3 at all authographic levels. Since the difference between conditions
3 and 4 is only that the training sets of the latter involves pauses classified into two categories
by their duration, then this fact indicates the classification of pauses is effective.

Relation between A thographic levels and recall

As is shown in Figure 5 (a) and (b), making a comparison between adjacent conditions,
the increase in the mean recalls of pronunciation transcritpts is bigger than that of reading
transcripts, and that of reading transcripts is bigger than that of surface form transcripts.

onclusion

We studied a method for morphological analysis of transcripts from spontaneously spoken
dialogue based on inter pausal utterance. The resuts shows that: (1) connectivity cost that
is assigned to each bi-gram of part-of-speeches is differ from each speaker in particular cases
shown in Table 3, and therefore it is effective in increasing recall to extract connectivity cost
separately from the other speaker’s utterances; (2) if the system is trained with enough pausal
data, additional trainings by pausal infomation for new utterance sets are not nessesary; (3)
it is effective in increasing recall to use classified pausal information by using their duration;
and (4) the increase in the recall rate of pronunciation is bigger than that of reading, and that
of reading is bigger than that of surface form, one of the reasons for these results is because
Japanese ideograph present in surface form provides much infomation about japanese contain
words than Japanese syllabary in reading and pronunciation.
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