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Abstract

In this paper, we propose a new robust discourse
processing compensating for misrecognition in a spo-
ken dialogue system. . _

As the current speech recognition is not able to ob-
tain adequate accuracy, a robust discourse processing
which compensates for misrecognition is required in
a spoken dialogue system. Here, we developed some
functions for the robust discourse processing to re-
duce extra interactions caused by misrecognition. We
incorporated the robust discourse processing func-
tions into a spoken dialogue system and evaluated the
effectiveness. The experimental result showed 27%
reduction of extra interactions.

1 Introduction

The performance of a speaker independent large
vocabulary speech recognition system is now
improving(1, 2]. However, it’s not adequate enough
for a real spoken dialogue system. Unless speech
recognition is perfect, what to do with misrecognition
is important. Therefore, we propose a new robust dis-
course processing compensating for misrecognition in
a spoken dialogue system in this paper.

We recently established a speaker independent spo-
ken dialogue system, TARSAN[4]. The major mech-
anisms of TARSAN were: 1) a dynamic vocabulary
prediction, 2) a user’s intention understanding, and
3) an utterance-pair discourse processing. The state
of an utterance-pair is represented as ‘context’ in this
paper. These mechanisms enabled to deal with a large
size of vocabulary and to realize a smooth conversa-
tion.

The reported experiment showed about 90% of
a speech understanding rate[4]. However, we also
found that mis-understanding caused a number of ex-
tra interactions. The mis-understanding mainly de-
rives from misrecognition. Therefore, a robust dis-
course processing compensating for misrecognition is
required.

In this paper, we first introduce the baseline system,
TARSAN. Next, we investigate the misrecognition er-
rors which prevent the user from smooth conversa-
tion. The major errors are a) keyword misrecogni-
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tion, and b) functional word misrecognition. In both
cases, either the dynamic vocabulary prediction, the
user’s intention understanding, or the utterance-pair
discourse processing have problems.

To solve these errors, we propose a new robust dis-
course processing with adding the following functions.

A) misrecognized input cancelling:
B) context-driven intention understanding:

We incorporate these robust discourse processing
functions into our spoken dialogue system TARSAN
and examine their effectiveness. The effectiveness is
measured by comparing the results with the baseline
TARSAN and the expanded one.

Finally, we conclude the paper.

2 System Description

A spoken dialogue system TARSAN is a travel guid-
ance system based on full text retrieval using commer-
cial CD-ROMs. The CD-ROMs contain more than
80,000 semi-structured texts about sightseeing spots
classified into 24 genres. The user is able to get travel
information through conversation along with one’s in-
terest. An input by keyboard typing, which covers
wider expression than speech, is also available. Ta-
ble 1 shows an example of a dialogue using TARSAN.

The major mechanisms of TARSAN, which enable
a smooth conversation are as follows:

2.1 Dynamic Vocabulary Prediction

To deal with a large scale information in a spoken
dialogue system, TARSAN uses a recognition gram-
mar composed of a ‘dynamic vocabulary’. The ‘dy-
namic vocabulary’ is predicted according to the con-
text in a dialogue, and enable to accept the input in
the specific context. This mechanism make it pos-
sible to deal with a large scale vocabulary without
performance reduction on speed and accuracy.

It is reasonable to use a hierarchical structure of ge-
ographical names (Figure 1) as a discourse strategy
for a travel guidance. Therefore, we adopt this strat-
egy to realize a smooth conversation. In TARSAN,
all district names are always contained as the ‘static
vocabulary’, on the other hand, local place names are
processed as the ‘dynamic vocabulary’.
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Table 1: Example of typical dialogue

usr0: | FERFICHIFRERL T,

(Tell me the temples in Chiigoku-chihé.)

sys0: | BRILRIC 164 #, TRBIRIC 151 4, WORIC 135 £,
BEURIC 87 L, GitTe29 DY T,

(There are 629 temples; 164 in Okayama-ken, 151
in Hiroshima-ken, 185 in Yaemaguchi-ken, 87 in
Tottori-ken, and so on.)

usri: | BEURTI,

(How about in Tottori-ken?)

sysi: | BEUHIC 19 fF, &&TIC 124, HEFEIC 6 #F, WA
e bz L, GEtCer b0 E9,

(There are 87 temples; 19 in Toltori-shi, 12 in
Kurayoshi-shi, 6 in Shikano-ché, 4 in Téhaku-ché,
and so on.)

usr2: | HAEIT T,

(How about in Téhaku-ché?)

sys2: | FUIGSg, &Aptt, by, BERFTT,

(There are En-né-ji, Kurasaka-jinja, Kétoku-ji,
Tempdrin-ji.)

usr3: | FILFOESERUZ,

(When En-né-ji was established?)

sys3: | FRRATT,

(In Heian-jidas.)

usréd: | FEERICR CIRREHAD 72V

(I want to know the hot springs having an effect
on neuralgia.)

sysd: | BAER/ELTT &V,

(Please designate the place name.)

usrs: | PEMITT,

(It’s Chigoku~chihé?)

sysS: | BARIRIC 204, LUCNRIC 20 4, FALLIRIC 1844, TEB
Ric13fe &, SFtCeofkd T,

(There are 89 hot springs; 29 in Shimane-ken,
20 in Yamaguchi-ken, 18 in Okayama-ken, 13 in
Hiroshima-ken, and so on.)

Proper names are also processed as the ‘dynamic
vocabulary’ because of their numbers are huge. The
proper names are added into the ‘dynamic vocabu-
lary’, when the number of candidates retrieved from
the CD-ROM becomes lower than the threshold.

2.2 Intention Understanding

The user’s intention understanding in TARSAN is
based on the input modality analysis. The action
for the input is decided by the relation between the
context in the utterance-pair discourse processing and
the user’s intention.

The major intentions related with this paper are:
‘Question’: input which ends in “# X T (Tell me...)",

“H1h 72\ (I want to know...)”, and so on.
‘Answer”: input which ends in “T¥ (desu)”.
‘Condition-change’: input which ends in “TiX (de-ha)”.
There are other intentions, such as ‘Greeting’,
‘Yes’/*No’ against confirmation, and so on[4].

2.3 Utterance-pair Discourse Processing

In a Q-A type discourse, a recursive structure of the
utterances-pairs can often be seen. To deal with this
structure, a discourse processing using a utterance-
pair stack is proposed|3].
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Figure 1: Hierarchical structure of geographical name

A good eéxample of a discourse processing using the
utterance-pair stack is shown in Figure 2 and Table 1
(see usr4 - sys5).

| | | |
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Figure 2: Utterance-pair Stack

The structure of this discourse sequence is Q(u)-
Q(s)-A(u)-A(s), where Q(u) indicates that the user’s
input is ‘question’ and A(s) indicates that the output
of system is ‘answer’.

1) the intention Q(u) of usr4 is pushed on the user’s

stack.
2) the system asks for further information. The inten-
tion Q(s) of sys4 is pushed on the system’s stack.
3) the user answers for Q(s). the intention A(u). of

usr5 is pushed on the user’s stack.
4) A(u) and Q(s) are popped because A(u) matches

Q(s).
5) Then, Q(s) and A(u) comes at the top of the stacks.
6) A(s) and Q(u) are popped because A(s) matches
Q(u). Finally, the discourse processing succeeds.

3 Examples of Misrecognition

We previously evaluated the performance of the
baseline TARSAN[4]. From the evaluation, we found
that mis-understanding caused a number of extra in-
teractions which prevent the user from smooth con-
versation. The mis-understanding mainly derives
from misrecognition. Therefore, we investigated the
misrecognition errors in this section. The major er-
rors in the baseline TARSAN are as follows.

3.1 Keyword Misrecognition

When the keyword (which define the retrieval con-
ditions) is misrecognized, the context and/or the dy-
namic vocabulary is changed to a wrong ones, which
make the user lose one’s way. An example of a key-
word misrecognition is shown in Table 2.

In usr2’, TARSAN misrecognize Téhaku-ché as
Toéhoku-chihé. As the result, all local place names
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Table 2: Example of Keyword Misrecognition

usr2’: | LW H T3,

(How about in Téhoku-chihé?)

sys2’: | BRIRIC 302, TBERIC 262 4, (LIIRIC 240 4,
TKEEIC 115 e b, SET 1114 B E 3,
(There are 1114 temples; 303 in Miyagi-ken, 262

Akita-ken, and so on.)

in the dynamic vocabulary are replaced from the city
names including T'6haku-ché to the prefecture names
in Téhoku-chihd (see usr2 and usr2’ in Figure 1).
To return Téhaku-ché into the dynamic vocabulary,
the user must begin from usro.

When the misrecognized keyword is a name of a
genre, not only the dynamic vocabulary is thrown
away, but also the wrong context pushes down the
previous context into the utterance-pair stack. In this
case, the dynamic vocabulary have to be recovered
and the wrong context have to be removed.

3.2 Functional Word Misrecognition

In Japanese, functional words which define the in-
put modality tend to be spoken roughly, because it
appears at the end of the sentence. Misrecognition
of the functional words causes mis-definition of the
modality. This leads mis-understanding of the inten-
tion, because the intention is rigidly defined only from
the input modality, and the context is ignored. Ex-
amples of the misrecongition of a functional word is
shown in Table 3.

Table 3: Examples of Functional Word Misrecognition

HPEHE Tido
(How about in Chiigoku-chihé?)
BIOBVHFELTTEV,

(Other expression is required.)

Ll ¥,

(It’s Tohoku-chihd.)

fBERI 133, BREBICoa i, ILHRIC T3, F
FR 2682 Y, AtCaTotFBY T,

(There are 470 hot springs; 133 in Fukushima-
ken, 94 in Akita-ken, 78 in Yamagata-ken, 72 in
Aomori-ken, and so on.)

HEHE T,

(It’s Chiigoku-chihé.)

NOBWEFEZLTTE,

(Other ezpression is required.)

usrb?:

sys5’:

usrb’’:

sys5’’:

usré?’’:

sys6’’:

In usr5’; TARSAN expects for intention ‘answer’,
however, the intention of the input is ‘condition-
change’ because of misrecognition. Thus, the inten-
tions at the top of the utterance-pair stack conflicts.
As the result, TARSAN rejects that input as (sys5°).
This is because TARSAN misrecognizes “ T (desu)”
to “Tid (de-ha)”; the former is a functional word
which indicates ‘answer’, while the latter indicates
‘condition-change’.
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in Fukushima-ken, 249 in Yamagata-ken, 249 in -

Here is another example of the intention mis-
understanding. In usr5’’, TARSAN first misrecog-

‘nizes the keyword, Chigoku-chihé to Téhoku-chihd.

Thus, TARSAN replies a wrong result as sys5?’
which is against to the user’s request. And again,
in usr6’’, the user intends to correct the keyword
by expressing “It’s Chigoku-chihé” whose intention
is ‘answer’. However, this intention conflicts with the
context of sys5°’?, and TARSAN rejects the usr6’’.

4 Robust Discourse Processing

The robust discourse processing is required, be-
cause the misrecogntions cannot be avoided in a cur-
rent spoken dialogue system. Here, we propose a
robust discourse processing against misrecognitions
mentioned above. '

4.1 Misrecognized Input Cancelling’

To prevent the user from being lost his way by key-
word misrecognition, we add a function to recover the
context and the dynamic vocabulary by cancelling the
misrecognized input.

In order to realize this function for a robust dis-
course processing, we expand the utterance-pair pro-
cessing by incorporating a history mechanism of the
context and the dynamic vocabulary.

By this function, the user can recover the context
and the dynamic vocabulary easily. In the case of
usr2’, the user can input usr2 again after using this
function. On the other hand, the baseline system
requires the user to begin from usr0, which two in-
teractions at least are required to recover the desired
dynamic vocabulary.

4.2 Context-Driven Intention Analysis

To prevent the user from being irritated by func-
tional word misrecognition, we add a context-driven
intention understanding mechanism. This mechanism
decides the intention not only from the input modal-
ity, but also from the context.

When the intention decided from the input modal-
ity analysis conflicts with the ones which belongs to
the context, the intention of the input is assumed to
be mis-analyzed because of the misrecognition. In
the new intention analysis, the intention of the input
is changed according to the context and the confu-
sion probabilities of recognition among the functional
words.

Using this mechanism, for example, the intention of
usr5’ is changed from ‘condition-change’ to ‘answer’,
and usr5’’ from ‘answer’ to ‘condition-change’. Af-
ter all, either input is accepted as the user intended,
and sys5 is correctly replied (see Table 1 & 3).
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5 Experiment

We perform an experiment to examine the effective-
ness of the proposed robust processing mechanism.
The effectiveness is measured by comparing the re-
sults with the baseline and the expanded TARSAN,
using the dialogues which we used in [4]. The dia-
logues are uttered by 20 male subjects by giving typ-
ical conversation templates.

Each of the three templates contains 8 interactions;
totally 480 interactions unless misrecognition hap-
pens. The results are shown in Table 4.

In Table 4, M.R. indicates the misrecognitions. R.L
indicates the interactions for recovering the context
and the dynamic vocabulary. E.L indicates the total
extra interactions ( E.I = M.R. + R.I). T.L indicates
total interactions ( T.I = 480 + E.L ) for the user’s
to finish the prepared templates.

The reduction of the extra interaction is 27% (from
77 inputs to 56), the misrecogntion is 19% (from 57
inputs to 46), and the recovering interaction is 50%
(from 20 inputs to 10). Here, we count the recovering
interaction of misrecognized input cancelling as one
interaction.

Keyword misrecognition

There are 15 keyword misrecognitions in the base-
line system. In order to recover the context and the
dynamic vocabulary from these misrecognitions, 20
interactions are required, as shown in Table 5. The
table indicates that 4 misrecognitions don’t have to
recover, while 5 misrecogntions need one interaction
to recover, 3 need two interactions and 3 need three.

In the expanded system, two keyword misrecogni-
tions is removed and the total misrecognitions de-
crease to 13. This was because these inputs appear
after the recovered inputs. 10 interactions are omit-
ted and The total was reduced to 10.

- Functional word misrecognition

There are 12 functional word misrecognitions in the
baseline system. In the expanded system, 9 cases out
of 12 are improved to be acceptable by the context-
driven intention understanding.

The other three functional word misrecognitions are
not able to deal with the proposed method, yet. This
is because the intention decided by misrecognition
does not conflict with the context.

Other misrecognition.

There are 30 other misrecognitions. These can be
classified into: 1) 11 input repetitions of the same
misrecognition, 2) 8 inputs which don’t affect the
context, 3) 6 input rejections in speech recognition
process, 4) and so on.

As for these misrecognitions, a new method should
be studied.
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Table 4: Results of the experiment

M.R. RIL | EL | T.L
baseline 57 20 77 | 557
expanded 46 10 56 | 536

Table 5: Extra interactions by keyword misrecognition

0 1 2 3] Total
baseline {4 5 3 3 20
expanded | 3 10 0 O 10

6 Conclusion & Discussion

In this paper, we proposed a robust discourse pro-
cessing which compensates for misrecognition in a
spoken dialogue system. We incorporated the pro-
posed method into TARSAN and performed an eval-
uation. The result showed 27% reduction of extra
interactions compared to the baseline TARSAN.,

As for evaluation, we count the numbers of inter-
actions, however, this evaluation does not take into
account of the quality of the dialogue. The comfort-
ableness of the user will differ, even if the counts of
interactions are the same. We insist that misrecog-
nition input cancelling is better than utilizing a con-
versation strategy to recover the context and the dy-
namic vocabulary, because the the former should only
know a single natural function. However, this differ-
ence of the quality does not appear in the evaluation
that we performed. To evaluate the quality in a spo-
ken dialogue, a new measure is required.
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