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Abstract

This paper proposes a dialogue strategy for clarifying and constraining queries to document retrieval systems with
speech input interfaces. It is indispensable for spoken dialogue systems to interpret user’s intention robustly in the presence
of speech recognition errors and extraneous expressions characteristic of spontaneous speech. In speech input, moreover,
users’ queries tend to be vague, and they may need to be clarified through dialogue in order to extract sufficient informa-
tion to get meaningful retrieval results. In conventional database query tasks, it is easy to cope with these problems by
extracting and confirming keywords based on semantic slots. However, it is not straightforward to apply such a metho-
dology to general document retrieval tasks.

In this paper, we first introduce two statistical measures for identifying critical portions to be confirmed. The relevance

score (RS) represents the matching degree with the document set. The significance score (SS) detects portions that affect
retrieval results. With these measures, the system can generate confirmations to handle speech recognition errors, prior
to and after the retrieval, respectively. Then, we propose a dialogue strategy for generating clarifications to narrow down
the retrieved items, especially when many documents are matched because of a vague input query. The optimal clarification
question is dynamically selected based on information gain (IG) – the reduction in the number of matched items. A set of
possible clarification questions is prepared using various knowledge sources. As a bottom-up knowledge source, we extract
a list of words that can take a number of objects and potentially causes ambiguity, using a dependency structure analysis of
the document texts. This is complemented by top-down knowledge sources of metadata and hand-crafted questions.

Our dialogue strategy is implemented and evaluated against a software support knowledge base of 40 K entries. We
demonstrate that our strategy significantly improves the success rate of retrieval.
� 2006 Elsevier B.V. All rights reserved.
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1. Introduction

In the past years, a great number of spoken dia-
logue systems have been developed. Their typical
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task domains include airline information (ATIS&-
DARPA Communicator) (Levin et al., 2000; Pota-
mianos et al., 2000; Rudnicky et al., 2000; Seneff
and Polifroni, 2000), train information (RAILTEL)
(Bennacef et al., 1996), and weather information
(Zue et al., 2000). Although there are several sys-
tems that address planning or tutoring dialogues
.
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(Allen et al., 1996; Stent et al., 1999; Rayner et al.,
2003), in most cases, the tasks of dialogue systems
are database retrieval and transaction processing.
In these tasks, the speech understanding process
tries to convert automatic speech recognition
(ASR) results into semantic representations equiva-
lent to database query (SQL) commands. This
means the system designers can define keywords to
achieve the task a priori and manually using data-
base field names and their values. For example, in
flight information tasks, a set of keywords is defined
for origin, destination, date, and flight number
entry. Thus, the user queries of these tasks are inter-
preted by extracting such keywords from the ASR
results, and the dialogue process is designed to
disambiguate unfixed database slots.

On the other hand, in recent years, the target of
spoken dialogue systems has been extended to
general document retrieval (Barnett et al., 1997),
including manuals and Web pages. These kinds of
applications are expected to be useful especially
when retrieving information with keyboardless
devices such as a PDA, a tablet PC and a car naviga-
tion system. For example, Chang et al. (2002) devel-
oped a spoken query system that retrieves documents
from the Chinese news corpus used in TREC-5 and
TREC-6. Fujii and Itou (2003) designed the
speech-driven Web retrieval sub-task in NTCIR-3,
which is a TREC-style evaluation workshop. Harab-
agiu et al. (2002), Hori et al. (2003) and Schofield and
Zheng (2003) present speech-input open-domain
question-answering (ODQA) systems by enhancing
typed-input ODQA systems. In such document
retrieval tasks, it is not possible to convert ASR
results into definite semantic representations. There-
fore, the automatic speech recognition (ASR) result
of the user query is usually matched against a set of
target documents by using a vector space model,
which represents documents and queries using a
vector of occurrence counts of words or lexical
features.

However, simple use of ASR results causes prob-
lems in document retrieval systems:

(1) Errors in automatic speech recognition (ASR).
Errors are inevitable in large vocabulary

continuous speech recognition. Such errors in
the query input consequently cause erroneous
retrieval results, but not every recognition
error affects information retrieval. Therefore,
adequate confirmation is needed to eliminate
misunderstandings caused by ASR errors.
(2) Redundancies in spoken language expressions.
In spontaneous speech, user utterances may

include extraneous expressions such as disflu-
encies and irrelevant phrases, e.g. ‘‘you know’’
and ‘‘I want to know’’. This means not every
portion of the user utterance is important for
information retrieval. On the contrary, the
inclusion of irrelevant phrases might degrade
the matching with correct entries, thus such
phrases should be eliminated or ignored in
the matching.

(3) Vagueness of user’s query.
Queries are (supposed to be) definite and spe-

cific in conventional document retrieval tasks
with typed-text input (NIST and DARPA,
2003). However, this assumption fails when
speech input is adopted. A speech interface
makes input easier; however, this also means
that users can start utterances before their que-
ries are thoroughly formed in their mind.
Therefore, input queries are often vague or
fragmented, and sentences may be ill-formed
or ungrammatical. In such cases, an enormous
list of possible relevant documents is usually
obtained because there is very limited informa-
tion that can be used as clues for retrieval.

To make information retrieval systems robust
enough to deal with these problems, we need to
design adequate confirmations and follow-up dia-
logue strategies dedicated to the document retrieval
task. This paper addresses dialogue strategies focus-
ing on such confirmations and clarifications.

There have been many studies on confirmation
for ASR error correction, and most deal with data-
base query tasks. In such tasks, since keywords are
pre-defined from the task specification, the system
can focus on them by using confidence measures
(Bouwman et al., 1999; Komatani and Kawahara,
2000; Hazen et al., 2000; San-Segundo et al., 2000)
to handle possible errors. However, it is not feasible
to define such keywords in document retrieval tasks.
The redundancy of spoken language expressions
also makes it impractical to confirm every portion
with low confidence. In this paper, we first propose
two statistical measures that are computed for
phrase units and are applicable to general informa-
tion retrieval tasks. One is a relevance score with
respect to the target document set, which is com-
puted with a document language model and used
for making a confirmation prior to the retrieval.
The relevance score is also used to detect redundan-
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cies in the query sentence. The other is the signifi-
cance score in the document matching, which is
computed after the retrieval by using N-best results
and is used for prompting the user for post-selec-
tion, if necessary.

Then, we present a dialogue strategy for clarify-
ing the user’s query and constraining the retrieval.
It addresses the problems of vagueness in the user’s
query as well as ambiguity caused by ASR errors.
Most of the previous studies on these issues
assume that the target knowledge base has a
well-defined structure. For example, Denecke and
Waibel (1997) devised a method to generate guid-
ing questions based on a tree structure constructed
by unifying pre-defined keywords and semantic
slots. Komatani et al. (2002) also proposed a
method to generate optimal clarification questions
to identify the desired entry by using the content
structure extracted from a manual of electric appli-
ances. Lewis and Fabbrizio (2005) proposed a clar-
ification algorithm to identify the call-type using a
tree structure over the target data. However, these
approaches are not applicable to general document
sets without such structures. In our proposed
scheme, the system dynamically selects an optimal
clarification question that can reduce the number
of matched items most efficiently. A set of possible
questions is prepared using bottom-up and
top-down knowledge sources. As the bottom-up
knowledge source, we conducted a dependency
structure analysis of the document texts and
extracted a list of words that can take a number
of objects, thus potentially causing ambiguity. This
is combined with the top-down knowledge sources
of metadata and hand-crafted questions. Effective-
ness of clarification questions is defined using
information gain (IG). After clarification, the sys-
tem updates the query sentence using the user’s
reply to the question.

The proposed methods are implemented in a doc-
ument retrieval system for a software support
knowledge base (KB) of 40 K entries. This knowl-
edge base is intended to be an automated help-desk
for software support. Experimental evaluations
were carried out to evaluate in terms of retrieval
success rate and efficiency of dialogue.

The paper is organized as follows. Section 2
describes the system overview and task domain. Sec-
tion 3 describes the confirmation strategy to handle
ASR errors and redundancy in spoken queries and
its experimental evaluation. Section 4 presents the
dialogue strategy to clarify users’ vague queries
and its experimental evaluation. Section 5 concludes
the paper.

2. Document retrieval system with speech interface

2.1. System overview

We aim to overcome the problems of document
retrieval systems taking speech input, which are
ASR errors, redundancies in the spoken language
expressions, and vagueness of queries. In the
proposed scheme, the system realizes robust retrie-
val against ASR errors and redundancies by detect-
ing and confirming them based on two statistical
measures. Then, the system makes questions to clar-
ify the user’s query and narrow down the retrieved
documents.

The system flow of these processes is summarized
below and also shown in Fig. 1.

(1) Recognize the user’s query utterance.
(2) Make confirmation for phrases that may

include critical ASR errors.
(3) Retrieve documents from the knowledge base

(KB).
(4) Ask possible clarification questions to the user

and narrow down the range of matched
documents.

(5) Output the retrieval results.

2.2. Task and back-end retrieval system

Our task involves document retrieval from a
large-scale knowledge base (KB). As the target
domain, we adopt a software support KB provided
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by Microsoft Corporation. The KB consists of a
glossary, a frequently asked questions (FAQ) sec-
tion, and support articles. The glossary and FAQ
consist of titles and explanations. The support arti-
cles consist of titles, summaries, and detailed infor-
mation. The specification is summarized in Table 1.
There are about 40 K documents in the KB. An
example support article is shown in Fig. 2.

Dialog Navigator (Kiyota et al., 2002) developed
at the University of Tokyo is a retrieval system for
this KB. The system accepts typed-text input and
outputs a sequence of documents, like a Web search
engine would. The system interprets an input sen-
tence by taking syntactic dependency and synony-
mous expressions into consideration for matching
with sentences in the KB. The target of the match-
ing is the summaries and detailed information in
the support articles and the titles of the Glossary
and FAQ. Since the user has to read the detailed
information in the retrieved documents by clicking
on their icons one by one, the number of items in
the final result is restricted to about 15. This system
has been in service at http://www.microsoft.com/
japan/navigator/ since April 2002.

We used Dialog Navigator as a back-end system
and constructed our own spoken dialogue interface.
Table 1
Specification of target document set (Knowledge Base: KB)

Text collection # Documents Text size
(byte)

Glossary 4707 1.4M
FAQ 11306 12M
DB of support articles 23323 44M

Fig. 2. Example su
We focus on a dialogue strategy to interpret user
utterances robustly, by taking into account the
problems that are characteristic of spoken language
as previously described.

3. Confirmation strategy for robust retrieval against

ASR errors and redundancies in spoken language

expressions

Appropriate confirmation is indispensable to
eliminate misunderstandings caused by automatic
speech recognition (ASR) errors. However, confirm-
ing every portion would be tedious, even with a
reliable confidence measure, because not every erro-
neous portion necessarily affects retrieval results.
We therefore consider the influence of recognition
errors on retrieval and control confirmation
accordingly.

Since Dialog Navigator outputs a dozen or so
retrieved documents, as in Web search engines,
ASR errors included in a query sentence are tolera-
ble as long as the major retrieved documents remain
unchanged. Therefore, we make use of the N-best
results of ASR for the query, and check if there is
a significant difference among the N-best sets of
retrieved documents. If there actually is, we confirm
the portions that caused the difference. This proce-
dure is regarded as a posterior confirmation. On
the other hand, if there is a critical error in the
ASR result, such as in a product name, the subse-
quent retrieval would make no sense. Therefore,
we also introduce confirmation prior to the retrieval
for critical words.

The system flow including the confirmation is
summarized below:
pport article.

http://www.microsoft.com/japan/navigator/
http://www.microsoft.com/japan/navigator/
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(1) Calculate the relevance score for each phrase
of the ASR result.

(2) Make confirmations for critical words with
low relevance scores.

(3) Make a retrieval from the KB for each of the
N-best ASR results.

(4) Calculate significance scores, and generate a
confirmation based on them.

(5) Output the retrieval results.

The flow is also shown in Fig. 3, and explained in
the following sub-sections in detail. The query lan-
guage model is trained with the target KB docu-
ments together with a query sentence corpus so it
will be able to cope with spoken language expres-
sions. The document language model is trained with
only KB sentences and is used to measure the degree
of matching with the document set.

3.1. Prior confirmation using relevance score (RS)

3.1.1. Definition of relevance score

Our relevance score measures the potential
degree of matching with the document set. For this
purpose, we introduce a document language model
different from one used during ASR. To measure
the perplexity of the input utterance, phrase by
phrase, the semantic parser KNP1 is used to seg-
ment the query sentence into phrase units called
bunsetsu.2

The perplexity for a phrase including ASR errors
usually gets larger because such a word sequence is
1 http://www.kc.t.u-tokyo.ac.jp/nl-resource/knp.html.
2 Bunsetsu is defined as a basic unit of Japanese grammar and it

consists of a content word (or a sequence of nouns) followed by
function words.
contextually less frequent. The perplexity for out-of-
domain phrases also tends to be large because they
appear infrequently in the KB. To compute our rel-
evance score (RS), we transform the perplexity (PP)
using the sigmoid function which is widely used to
convert distance into a confidence measure.

RS ¼ 1

1þ expð�a � ðlog PP� bÞÞ
Here, a and b are empirically set to �2.0 and 11.0
using data collected from four subjects, which are
different from the data used in our evaluation.
Fig. 4 shows an example of calculating the relevance
score. In this example, phrases that appear in the
beginning and end of the query sentence were incor-
rectly recognized because they were articulated
weakly. The phrase, ‘‘fuyouni natta (= which is no
longer needed)’’, does not contribute to document
retrieval. The perplexity for these portions gets
larger as a result, and the relevance score is corre-
spondingly very small. In the beginning phrase,
although the words ‘‘OS’’ and ‘‘IME’’ appears
frequently in KB, the sequence ‘‘OS IME’’ is less
frequent. Therefore, the system can determine the
portion to be an ASR error by taking context into
consideration.

3.1.2. Confirmation for critical words using

relevance score

Critical words should be confirmed before the
retrieval, because the retrieval result would be
severely damaged if they are not correctly recog-
nized. We define a set of critical words by using
tf Æ idf values, which are derived from the target
KB. As a result, we selected 35 words. Examples
of these critical words3 are listed in Table 2.

We use our relevance score to determine whether
we should make confirmations for the critical
words. If a critical word is contained in a phrase
whose relevance score is lower than a threshold h1,
a confirmation is made. The system presents the rec-
ognized query by high-lighting the phrases that may
include ASR errors on the display. Users can con-
firm, discard, or correct the phrase by selecting these
choices with a mouse, before passing the phrase to
the matching module.

The relevance score (RS) is also used as a weight
for phrases during the matching with the KB,
3 These critical words are different from keywords in database
query tasks. Our task cannot be achieved by simply extracting
these words from the ASR result.

http://www.kc.t.u-tokyo.ac.jp/nl-resource/knp.html


Fig. 4. Example of calculating perplexity (PP) and relevance score (RS).

Table 2
Examples of critical words confirmed prior to the retrieval

Office VisualStudio Word IME
PowerPoint InternetExplorer Excel setup
Outlook OutlookExpress font backup
registry printer mail form
folder password graph cell
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because a phrase with a low relevance score is likely
to be an ASR error or a portion that does not con-
tribute to the retrieval, even if it contains a content
word.

3.2. Posterior confirmation using significance score

(SS)

3.2.1. Definition of significance score

Our significance score is defined using plural
retrieval results corresponding to the N-best
hypotheses of ASR. Ambiguous portions during
the ASR appear as differences between the N-best
hypotheses. The significance score represents the
degree to which the portion is actually influential
to the retrieval by observing the difference of the
retrieval results.
The procedure to calculate the significance score
requires detection of different words between the N-
best hypotheses. We define the significance score
(SS) as the difference between the retrieval results
of the n-th and m-th hypotheses based on the cosine
distance, which is widely used to measure the dis-
tance between sparse vectors.

SSðn;mÞ ¼ 1� jresðnÞ \ resðmÞj2

jresðnÞjjresðmÞj

Here, res(n) denotes the set of retrieved documents
for the n-th query sentence, and jres(n)j denotes
the number of documents in the set. That is, the sig-
nificance score decreases if the two retrieval results
have a large common portion.

3.2.2. Confirmation using significance score

The posterior confirmation is made based on the
significance score. If the score is higher than a
threshold h2, the system makes a confirmation by
presenting the difference in the N-best list of ASR
to the user. Otherwise, the system simply presents
the retrieval result of the first hypothesis without
making a confirmation. Here, we set N = 3 and



Fig. 5. Example user utterances (translation of Japanese).

Table 3
Success rates of retrieval

Success rate (%)
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the threshold h2 for the score to 0.5. In the confir-
mation phase, if the user selects from the list, the
system displays the corresponding retrieval result.
If the user judges all query sentences as inappropri-
ate, the system rejects the current results and
prompts him/her to utter the query again.

3.3. Experimental evaluation of confirmation

strategy

We implemented and evaluated this confirmation
strategy as the front-end of Dialog Navigator. The
ASR system consists of Julius (Lee et al., 2001)
for SAPI.4 For language model training, we used
several corpora: the knowledge base (Table 1),
actual query sentences (typed input) put to Dialog
Navigator, query sentences (typed input) put to
another retrieval system5 that was provided by
Microsoft Japan, and transcripts of simulated spo-
ken dialogue for software support. The total text
size was about 6.9M words. A trigram language
model was trained with a vocabulary of 18 K words.

We collected test data from 30 subjects who had
not used our system before. Each subject was
requested to retrieve support information for 14
tasks, which consisted of 11 prepared scenarios
(query sentences not given) and three spontaneous
queries. Subjects were told that the goal of the sys-
tem was to carry out call center operations, and they
were asked to utter queries as they would to a
human operator. Subjects were allowed to utter a
query sentence again up to twice per task if a rele-
vant retrieval result was not obtained. As a result,
4 http://julius.sourceforge.jp/sapi/.
5 http://www.microsoft.com/japan/enable/nlsearch/.
we obtained 651 utterances for 420 tasks in total.
Fig. 5 shows example user utterances. The average
word accuracy of ASR was 76.8%.

3.3.1. Evaluation of retrieval success rate

First, we evaluated with the success rate of retrie-
val for the collected speech data. We regarded a
retrieval as successful if the retrieval results con-
tained a correct answer to the user’s initial query.
We compared the following cases:

(1) Transcript: A correct transcription of the user
utterance, which was made manually, was
used as input to Dialog Navigator.

(2) ASR result (baseline): The first hypothesis of
ASR was used as input.

(3) Proposed method: Using the relevance and
significance scores, the proposed confirmation
strategy was adopted. Appropriate replies
were chosen manually.

Table 3 lists the success rates for the three cases.
The proposed method achieved a higher rate than
the case where the first hypothesis of ASR was used.
The improvement of 6.4% achieved by the proposed
method was statistically significant (p < .05). When
we broke down the improvement by incorporating
the individual techniques, we identified 22% of the
improvement was due to the prior confirmation,
Transcript 79.9
ASR result (baseline) 64.7
Proposed method 71.1

http://julius.sourceforge.jp/sapi/
http://www.microsoft.com/japan/enable/nlsearch/


Table 4
Comparison with method using ASR confidence measure (CM)

# Confirmation
(per dialogue)

Success rate
(%)

Proposed method 0.34 71.1
CM (h1 = 0.4) 0.12 65.6
CM (h1 = 0.6) 0.39 66.8
CM (h1 = 0.8) 0.74 68.4
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64% due to the posterior confirmation, and 14% due
to the weighting during the matching using the rele-
vance score. Thus, the proposed confirmation strat-
egy is effective in improving the task achievement.

3.3.2. Evaluation of efficiency of confirmation

We also evaluated in terms of the number of gen-
erated confirmations using the dialogue transcripts
of the previous evaluation. The proposed method
generated 221 confirmations. This means confirma-
tions were generated once every three utterances, on
average. The 221 confirmations consisted of 66 prior
to the retrieval using the relevance score and 155
posterior to the retrieval using the significance
score.

We compared the proposed method with a con-
ventional method that used a confidence measure
of ASR. The confidence measure (CM) was com-
puted as a posteriori probability by using the N-best
hypotheses of ASR (Komatani and Kawahara,
2000). In this method, the system generated confir-
mations only for content words having confidence
measures lower than h1. The threshold to generate
confirmation (h1) was set to 0.4, 0.6, or 0.8. In this
simulation, the right answer to the confirmation
was given manually.

The number of confirmations and retrieval suc-
cess rates are shown in Table 4. The proposed
method achieved a higher success rate with fewer
confirmations (less than half) compared with the
case of h1 = 0.8 for the conventional method. Thus,
the proposed confirmation strategy is more efficient,
because it considers the influence to the retrieval.

4. Dialogue strategy to clarify user’s vague queries

We have started a field trial of the system at our
university. In the queries we collected so far, there
are a number of vague ones such as ‘‘I cannot
print.’’ and one-word inputs such as ‘‘Mail’’. More-
over, important information is sometimes lost due
to ASR errors, even when the query utterance is
specific enough. In such cases, an enormous list of
possible relevant documents is usually obtained.
Therefore, it is necessary to narrow down the docu-
ments by clarifying the user’s intention through
dialogue. However, it is not possible in general doc-
ument retrieval tasks to prepare a specific dialogue
flow beforehand.

In the proposed framework, the system generates
optimal questions by dynamically selecting from a
pool of possible candidates. The information gain
(IG) is defined as the criterion for the selection.

4.1. Dialogue strategy based on information gain
(IG)

The IG represents a reduction of entropy, or how
many retrieved documents can be eliminated by
incorporating additional information (a reply to a
question in this case). Its computation is straightfor-
ward if the question clearly partitions the document
set in a completely disjoint manner. However, the
retrieved documents may belong to two or more
categories for some questions, or may not belong
to any category. For example, some documents in
our KB are related with multiple versions of MS-
Office, but others may be irrelevant to any of these
versions. Moreover, the matching score of the
retrieved documents should be taken into account.
Therefore, we define IG H(S) for a candidate ques-
tion S as follows:

HðSÞ ¼ �
Xn

i¼0

P ðiÞ � log P ðiÞ

Here, n denotes the number of categories classified
by the candidate question S. The documents that
are not related to any category are classified as cat-
egory 0. P(i) is calculated by normalizing the num-
ber of matched documents for each category
weighted by their matching scores:

P ðiÞ ¼ jCijPn
i¼0jCij

jCij ¼
X

Dk2i

CMðDkÞ:

Here, Dk denotes the k-th retrieved document ob-
tained by matching the query to the KB, and
CM(D) denotes the matching score of document
D. Thus, Ci represents the number of documents
classified into category i by candidate question S,
which is weighted with the matching score.

The system flow incorporating this strategy is
summarized below and also shown in Fig. 6:
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(1) For a query sentence, make a retrieval from
the KB.

(2) Calculate IG for all possible candidate clarifi-
cation questions which satisfy a precondition
(described below).

(3) Select the question with the largest IG (larger
than a threshold), and ask the question to the
user. Otherwise, output the current retrieval
result.

(4) Update the query sentence by using the user’s
reply to the question.

(5) Return to (1).

This procedure is explained in detail in the
following sub-sections.
4.2. Question generation based on bottom-up and

top-down knowledge sources

We prepare a pool of questions using three meth-
ods based on bottom-up knowledge together with
top-down knowledge of the KB. For a bottom-up
knowledge source, we conducted a dependency
structure analysis on the KB. As for top-down
knowledge, we make use of metadata included in
the KB and human knowledge.
Table 5
Examples of candidate questions (dependency structure analysis: metho

Question Precondition

What did you delete? Query sentence includes ‘‘delete’’
What did you install? Query sentence includes ‘‘install’’
What did you insert? Query sentence includes ‘‘insert’’
What did you save? Query sentence includes ‘‘save’’
What is the file type? Query sentence includes ‘‘file’’
What did you setup? Query sentence includes ‘‘setup’’
4.2.1. Questions based on dependency structure

analysis (method 1)

This type of questions are intended to clarify the
modifiers or objects of some words, based on depen-
dency structure analysis, when they are uncertain.
For instance, the verb ‘‘delete’’ can have various
objects such as ‘‘application program’’ or ‘‘address
book’’. Therefore, the query can be clarified by
identifying such objects if they are missing. How-
ever, not all words need to be confirmed because
the modifier or object can be identified almost
uniquely for some words. For instance, the object
of the word ‘‘shutdown’’ is ‘‘computer’’ in most
cases in this task domain. It is tedious to identify
the object of such words. We therefore determined
the words to be confirmed by calculating entropy
for modifier-head pairs from the text corpus. The
procedure is as follows:

(1) Extract all modifier-head pairs from the text
of the KB and query sentences (typed input).

(2) Calculate the entropy H(m) for every
word based on the probability P(i). P(i) is cal-
culated from the occurrence count N(m) of
word m that appears in the text corpus and
the count N(i,m) of word m whose modifier
is i

HðmÞ ¼ �
X

i

P ðiÞ � log PðiÞ

P ðiÞ ¼ Nði;mÞ
NðmÞ

As a result, we selected 40 words that had a large
value of entropy. The system makes questions when
these words are included in the user’s query. Table 5
lists examples of candidate clarification questions
using this method. In this table, the percentage of
applicable documents corresponds to those includ-
ing the words selected, and IG is calculated using
the applicable documents.
d 1)

Percentage of applicable doc. (%) IG

2.15 7.44
3.17 6.00
1.12 7.12
1.81 6.89
0.94 6.00
0.69 6.45



Table 7
List of candidate questions (human knowledge: method 3)

Question Precondition Percentage
of applicable
doc. (%)

IG

When did the
symptom occur?

None 15.40 8.08

Tell me the
error message

Query sentence
includes ‘‘error’’

2.63 8.61

Specifically,
what do you
want to do?

None 6.98 8.04
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4.2.2. Questions based on metadata included in the

KB (method 2)

We also prepare candidate questions by using the
metadata attached to the KB. In general, metadata is
usually attached to large-scale KBs in order to man-
age them efficiently. For example, category informa-
tion is attached to newspaper articles and books in
libraries. In our target KB, a number of documents
include metadata consists of product names to which
the document applies. Using this metadata, the sys-
tem can generate questions to identify the product
to which the user’s query corresponds. However,
some documents are related with multiple versions,
or may not belong to any category. Therefore, the
effectiveness of these questions greatly depends on
the characteristics of the metadata.

Fourteen candidate questions were prepared
using this method. Table 6 lists examples of these
candidate questions. The percentage of applicable
documents corresponds to those having the meta-
data related to the target products.

4.2.3. Questions based on human knowledge

(method 3)

Software support is conventionally provided by
human operators at call centers. We therefore pre-
pare candidate questions based on the human
knowledge that has been accumulated there. In
particular, we include three questions written by
an expert. For instance, the question ‘‘When did
the symptom occur?’’ tries to capture key informa-
tion to identify relevant documents. The categories
for the IG calculation were defined using hand-
crafted rules by focusing on key-phrases such as
‘‘after . . .’’ or ‘‘during . . .’’. Table 7 lists the candi-
date questions.

Fig. 7 shows an example dialogue where the
system asks questions based on IG.
Table 6
Examples of candidate questions (metadata: method 2)

Question Precondition Percentage of
applicable
doc. (%)

IG

What is the version
of your Windows?

None 30.03 2.63

What is your
application?

None 30.28 2.31

What is the version
of your Word?

Query sentence
includes ‘‘Word’’

3.76 2.71

What is the version
of your Excel?

Query sentence
includes ‘‘Excel’’

4.13 2.44
4.3. Update of retrieval query sentence

Through the dialogue to clarify the user’s query,
the system updates the query sentence by using the
user’s reply to the question. As described in Section
2.2, our back-end information retrieval system does
not adopt a simple ‘‘bag-of-words’’ model, but con-
ducts a more precise dependency structure analysis
for matching; therefore, forming an appropriate
query sentence is more desirable than simply adding
keywords. Moreover, it is more comprehensible to
present the updated query sentence than to show
the sequence of ASR results. The update rules of
the query sentence are as follows:

(1) Questions based on dependency structure
analysis.

The user’s reply is added immediately
before or after the word that is the reply’s
modifying head. For instance, the reply to
the question ‘‘What did you delete?’’ is
inserted right after the word ‘‘delete’’ in the
query sentence.

(2) Questions based on metadata in the KB.
Phrases ‘‘In {Product name} {version

name}’’ are added to the query sentence.
(3) Questions based on human knowledge.

The position where the user’s reply is
inserted is specified beforehand for each ques-
tion candidate. For instance, the reply to the
question ‘‘Tell me the error message.’’ is
inserted right after the word ‘‘error’’ in the
query sentence.

An example dialogue where the system updates
the user’s query is shown in Fig. 8. In the example,
the system makes a confirmation ‘‘Retrieving with
‘When I try to open it in explorer, I cannot open
Excel 2002 file’ ’’ at the end of the dialogue, before
presenting the actual retrieval result.



Fig. 7. Example dialogue.

Fig. 8. Query sentence update using user’s reply.

T. Misu, T. Kawahara / Speech Communication 48 (2006) 1137–1150 1147



Fig. 9. Example of scenario and user utterances.
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4.4. Experimental evaluation

We implemented and evaluated the proposed
method. We collected new test data from 14 subjects
who had not used our system.6 Each subject was
requested to retrieve support articles for 14 tasks,
which consisted of prepared scenarios (query sen-
tences not given). The subjects were allowed to utter
a query again up to twice per task if they thought an
adequate retrieval result was not obtained. As a
result, we collected 238 utterances for 196
(=14 · 14) tasks in total. Fig. 9 shows an example
of the scenario and user utterances. The average
word accuracy of ASR was 82.9%. The threshold
value of IG for the system to make a clarification
question was set to 1.0 initially, and incremented
by 0.3 every time the system generated a question
through a dialogue session.

First, we evaluated the success rate of retrieval.
We regarded a retrieval as successful when the
retrieval result7 contained a correct document entry
for the scenario. We compared the following cases:

(1) Transcript: A correct transcription of the user
utterance, which was made manually, was
used as input.

(2) ASR result (baseline): The first hypothesis of
ASR was used as input.
6 The test data and subjects are different from those described
in Section 3.3. In Section 3.3, the subjects were asked to utter as if
they were talking to a human operator, but for evaluation
described in this section, such instructions were not given.

7 As described in Section 2.2, the retrieved documents were
ordered by their matching scores and their number was restricted
to about 15, since the user had to read detailed information about
the retrieved documents by clicking on their icons.
(3) Proposed method (log data): The system
generated questions based on the proposed
method, and the user replied to them as he/
she thought appropriate.
We also evaluated the proposed method by
simulation in order to confirm its theoretical
effect. Various factors of the entire system
might influence the performance in real dia-
logue, which is evaluated by the log data. Spe-
cifically, the users might not have answered
the questions appropriately, or the replies
might not have been correctly recognized.
Therefore, we also evaluated with the follow-
ing case.

(4) Proposed method (simulation): The system
generated questions based on the proposed
method, and appropriate answers were given
manually.

Table 8 lists the retrieval success rate and the
rank of the correct document in the retrieval result
for the four cases. The proposed method achieved
a better success rate than when the ASR result
was used. The improvement of 12.6% for the simu-
lation was statistically significant (p < .01), and
7.7% for the log data was statistically significant
(p < .05). These figures demonstrate the effectiveness
Table 8
Success rate and average rank of correct document in retrieval

Success
rate (%)

Rank of
correct doc.

Transcript 76.1 7.20
ASR result (baseline) 70.7 7.45
Proposed method (log data) 78.4 4.40
Proposed method (simulation) 83.3 3.85
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of the proposed method. The success rate of retrie-
val in the simulation was about 5% higher than that
of the log data. This difference is considered to be
caused by the following factors:

(1) ASR errors in the uttered replies.
The retrieval sentence is updated with the

user’s reply to the question regardless of
whether the reply has ASR errors. Even when
the user notices the ASR errors, he/she cannot
correct them. Although it is possible to confirm
them by using ASR confidence measures, this
would make the dialogue more complicated.
Hence, it was not implemented this time.

(2) User’s misunderstanding of the system’s ques-
tions.

Users sometimes misunderstood the sys-
tem’s questions. For instance, to the system
question ‘‘When did the symptom occur?’’,
some users replied ‘‘just now’’ instead of giv-
ing exact information for the retrieval. To
solve this problem, it may be necessary to
make the questions more specific or to display
example replies.

We also evaluated the efficiency of the individual
methods by simulation. In this experiment, each of
the three methods was adopted to generate ques-
tions. The results are in Table 9. The improvement
rates of the three methods did not differ very much,
and the most significant improvement was obtained
by using the three methods together. While the
questions based on human knowledge are rather
general and were used more often, the questions
based on the dependency structure analysis are spe-
cific, and thus more effective when applicable.
Hence, the questions based on the dependency
structure analysis (method 1) obtained a relatively
high improvement rate per question.
Table 9
Comparison of question methods

Success
rate (%)

# Generated
questions
(per dialogue)

ASR result (baseline) 70.7 –
Dependency structure

analysis (method 1)
74.5 0.38

Metadata (method 2) 75.7 0.89
Human knowledge

(method 3)
74.5 0.97

All methods (method 1–3) 83.3 2.24
Finally, we evaluated the success rate by using
the confirmation strategy proposed by Section 3
together. Here, we conducted a simulated experi-
ment against the test data used in this section,
because the same test data should be used to mea-
sure the additional gain, and it was not possible to
collect data from the same subjects for responding
to the clarification dialogue. As a result, we
obtained an overall improvement of 14.2% absolute
(84.9% success rate) against the baseline case of
ASR result. The effect of combination is confirmed,
though it is not large.

We assume the small gain by adding the confir-
mation strategy was due to the difference in the
styles of the test data. In Section 3, the subjects were
asked to utter as if they were talking to a human.
The utterances were long, and thus the system con-
firmed many critical words that were incorrectly rec-
ognized. On the other hand, queries in this section
were relatively short and included fewer critical
words to be confirmed. The confirmation strategy
worked well for long utterances in this test data.

5. Conclusion

We have addressed an efficient dialogue strategy
for document retrieval tasks, and have approached
the major problems caused by speech input: ASR
errors, redundancies in spontaneous speech, and
the vagueness of the user’s query. We first introduced
two measures of the relevance score and the signifi-
cant score, so that the system would generate confir-
mations to handle recognition errors, prior to and
after the retrieval, respectively. An experimental
evaluation in the retrieval from a software support
knowledge base (KB) showed that the proposed
method generates confirmations more efficiently for
better task achievement compared with a method
using the conventional confidence measure of ASR.
We also proposed a dialogue strategy for clarifying
vague queries. Candidate questions were prepared
based on the dependency structure analysis of the
KB together with the KB metadata and human
knowledge. The system selected an optimal clarifica-
tion question based on information gain (IG). The
query sentence was then updated using the user’s
reply. Another experimental evaluation showed that
the proposed method significantly improved the suc-
cess rate of retrieval, and all three types of the pre-
pared questions contributed to the improvement.

The proposed approach is intended for restricted
domains, where all KB documents and several
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knowledge sources are available, and it is not appli-
cable to open-domain information retrieval such as
Web search. We believe, however, that there are
many targets of information retrieval in restricted
domains, for example, manuals of electric appli-
ances and medical documents for expert systems.
The methodology proposed here is not so dependent
on the domains, thus applicable to many other tasks
of this category.
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