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Abstract

In order to process non-factoid questions in NTCIR-
6 QAC, we introduced two types of approaches. First
one has a monolithic architecture that retrieves an-
swer passages related to a question using lexical
chain. The other one has a type-by-type architecture
and consists of four subsystems: i) the subsystem for
definitional and other-type questions, ii) the subsystem
for why-type questions, iii) the subsystem for how-type
questions, and iv) the subsystem for factoid questions.
Each of two approaches is based on a common hy-
pothesis that the appropriateness of answer candidate
for non-factoid questions can be measured by the com-
bination of a) appropriateness of writing style and b)
relevance to the question.
Keywords: Non-factoid question-answering, lexical
chain, lexico-syntactic patterns.

1 Introduction

In recent years, the question answering (QA) has
gained attention as a way of information access to
a large amount of text. QA is the technology that
extracts answers for user’s natural-language question
from a knowledge resource, i.e., a large amount of text.
It is expected that QA systems can answer to not only
factoid questions, which are well studied, but also non-
factoid questions like questions of definition type, why
type, how type, and so on.

In order to process non-factoid questions in
NTCIR-6 QAC, we introduced two types of ap-
proaches. First one has a monolithic architecture that
retrieves answer passages related to a question using
lexical chain. The other one has a type-by-type archi-
tecture and consists of four subsystems i) the subsys-
tem for definitional and other-type questions, ii) the
subsystem for why-type questions, iii) the subsystem
for how-type questions, and iv) the subsystem for fac-
toid questions. Each of two approaches is based on a
common hypothesis that the appropriateness of answer
candidate for non-factoid questions can be measured
by the combination of a) appropriateness of writing
style and b) relevance to the question.

This paper reports the architectures and the experi-
mental results in NTCIR-6 QAC.

2 Related work

Han et al.[3] proposed a probabilistic model for def-
initional question-answering. The model is very sug-
gestive for the methodology of answering non-factoid
questions. It is the combination of the following three
models: 1) general language model, 2) topic language
model, and 3) definition language model. The last two
model would be essential to answering definitional
questions. The topic language model corresponds to
relevance of answer candidates to the question. On the
other hand, definition language model represents the
appropriateness of writing style in terms of definition.

Most of previous studies follow the scheme. Some
proposals utilize lexico-syntactic patterns to find an-
swer candidates in terms of the appropriateness of
writing style[2, 7]. To complement topic-related
words, Kosseim et al.[4] proposes a method to extract
from Wikipedia a list of interest-marking term and use
them to score answer candidates. Summarization tech-
niques are also used to reduce redundancy in answer
candidates[1].

Our approach is basically a combination of major
techniques in the previous studies including 1) lexico-
syntactic patterns to find the key sentence, 2) retrieval
of variable-length passage, 3) summarization based on
clustering passages. On the other hand, the main con-
tributions of this paper are summarized as follows: a)
query expansion using the Web to improve the cover-
age of document retrieval, b) we introduced a passage
retrieval method based on lexical chains to find appro-
priate extent of related description, c) to detect topic-
related lexical chains only, we introduce a method to
find interest-marking words and eliminate unrelated
chains, d) we also propose a unified score for answer
candidates calculated from document score, passage
score, and score of writing style.

3 Overview of our systems for NTCIR-6
QAC

As described for the definitional question-
answering by Han et al.[3], we also hypothesize that
the appropriateness of answer candidate for non-
factoid questions can be measured by the combination
of the following two measures.

Appropriateness of writing style: how appropriate
is the writing style of the candidate in terms of�����
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the type of the given question?

Relevance to the question: how relevant is the can-
didate to the “topic” of the question?

By the first measure, each text segment like sen-
tence is evaluated in terms of writing style of answers
corresponding to the type of given question. For exam-
ple, the Japanese sentence (1) describes the definition
of “NPO-hou (NPO-law),” and it includes an appropri-
ate answer candidate for the question (1). In the sen-
tence (1), the combination of the case marker TO and
the topic marker WA together with the copula DE-SU is
one of writing styles to express a definition. In this pa-
per, we call sentences including such key phrases key
sentences.

(1) a. NPO-hou-to-wa tokutei-hieiri-katsudou-
NPO-law-TO-TOP specified-nonprofit-activity-
sokushin-hou-no tsuushou-de-su
promotion-law-REL popular name-BE-POL
The NPO law is the popular name of the law to pro-
mote specified nonprofit activities.

b. NPO-hou-to-wa nan-de-su-ka
NPO-law-TO-TOP what-BE-POL-INTERROG
What is the NPO-law?

Since the description surrounding the key sentence
may have some relation to the key sentence, it has
to be extracted along with the key sentence. The ex-
tent of the description may vary according to the given
question and the key sentence, which may have topic-
related information more than the question. We expect
that the extent can be determined by the second mea-
sure described above.

3.1 Overview of the system with a monolithic
architecture

According to the hypothesis described above, we
developed a system shown in Figure 1 (a), which cor-
responds to the system ID forst1. The system has
a monolithic architecture, and processes all types of
questions including factoid questions uniformly1.

With regard to the appropriateness of writing style,
we manually constructed a set of lexico-syntactic pat-
terns that match with key sentences and assign score
of appropriateness to matched sentences. With re-
gard to the relevance to the question, we propose a
method to retrieve passages related to topic using lex-
ical chain. It is a modification of the method proposed
by Mochizuki et al.[5]. The retrieval method also as-
signs relevance score to each passage. A set of answer
candidates consists of not only the extracted passages
but also the key sentences. Each answer candidate is
assigned score of answer, which is a combination of
the score of appropriateness and the score of relevance
as well as the score of document retrieval, in order to
select “good” answer candidates.

The process is summarized as follows.

Step 1: Classify the input question into a type of
question using a set of manually constructed
lexico-syntactic patterns for question classifica-
tion. Each of pattern detects an interrogative and
a question focus in a question and classifies the
question into one of types shown in Table 1 when
the pattern is matched. In the table, other rep-
resents the type of non-factoid questions other

1Lexico-syntactic patterns to find key sentences are dependent
on question types.

than definition, why and how. It should be
noted that the questions of the type factoid are
treated as the type of other in the system with a
monolithic architecture.

Step 2: Analyse the question to extract keywords that
are content-bearing words or compound nouns,
which are series of noun phrases and undefined
words. When the question type is definition,
also extract a question target, which is a topic
noun phrase, and the head of the target, which
is the last Bunsetsu segment of the topic noun
phrase. With regard to why, how, and other,
extract a clue predicate, which is a last verb or a
last adjective.

Step 3: Retrieve documents with keywords and addi-
tional keywords. The additional keywords are ob-
tained from the result of Web search. (See Sec-
tion 4.)

Step 4: According to the type of the given ques-
tion, Apply a set of manually constructed lexico-
syntactic patterns of writing styles to each sen-
tence in retrieved documents. Each sentence is
given a score of appropriateness that is associated
with a matched pattern. (See Section 5.1.)

Step 5: Filter out irrelevant documents according to
the document score and the sum of appropriate-
ness score of sentences in the document. (See
Section 5.2)

Step 6: From remaining documents, retrieve passages
related to the topic of question using the infor-
mation about lexical chains related to the topic,
and assign a relevance score to each retrieved pas-
sage. (See Section 5.3)

Step 7: Calculate a unified score for each answer can-
didate by combining the score of appropriateness,
the score of relevance, and the score of document
retrieval. Then, select a set of final answer can-
didates by using clustering-based summarization
technique. (See Section 5.4)

Table 1. Types of question
Name of type Examples
definition “� � �-to-wa nan-desu-ka”,

“� � �-tte nani” (what is � � �)
why “naze � � �-desu-ka” (why � � �)

“� � � riyuu-wa nan-desu-ka”
(what is the reason for � � �)

how “� � � dou su-reba yoi-desu-ka”
(how do I do � � �)
“� � � yari-kata-wa nan-desu-ka”
(what is the way to do � � �)

factoid “� � �-wa dare-desu-ka”
(who is � � �)
“� � �-wa doko-desu-ka”
(where is � � �)

other “� � �-wa dou-desu-ka”
(other type) (how about � � �)
factoid is treated as other in the system with
a monolithic architecture.

3.2 Overview of the system with a type-by-
type architecture

It is possible that the two measures, namely appro-
priateness of writing style and relevance to the ques-�����
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Figure 1. Overview of systems

tion, heavily depend on the question types. Therefore,
we also developed another system shown in Figure 1
(b), which corresponds to the system ID forst2. It
has a type-by-type architecture and consists of four
subsystems i) the subsystem for definitional and other-
type questions, ii) the subsystem for why-type ques-
tions, iii) the subsystem for how-type questions, and
iv) the subsystem for factoid questions. Given ques-
tions are dispatched to one of these subsystems by the
module of question classification.

The subsystem for definitional and other-type ques-
tions is almost same as the system with the mono-
lithic architecture. On the other hand, the subsystems
for how-type questions and why-type questions have
different components from the the system with the
monolithic architecture. Especially they do not uti-
lize the information of lexical chain. In stead of it,
they use the information of relative position between a
key sentence and an answer passage. Here, we expect
that the relative position depends on the writing style
of key sentences. With regard to factoid questions,
we adopt an existing factoid-type question-answering
system[6].

4 Document retrieval with query expan-
sion using Web — A Common method
used for both of architectures

The search engine used for document retrieval is a
ordinary system, which is based on the tf*idf method
for term weighting and the vector space model for cal-
culating similarity between keywords and a document.

With regard to definitional questions, the number of
keywords is too small to retrieve relevant documents.
We also take account of the difference of vocabularies
of questions and document collection. In order to cope
with the problem and improve the recall of documents,
we introduce a way of query expansion using the result
of Web search engine. The procedure is as follows.

Step 1: Retrieve the top-� ������
������	 snippets by submit-

ting keywords to a Web search engine to perform

the boolean “AND” search. (� ������
������	 � �� and

the search engine “goo” is used in the experi-
ment)

Step 2: Extract words from snippets using a mor-
phological analyser, then calculate the follow-
ing “word score” of each word and select top-
�������

 words as additional keywords:
��������� ��� � ���������	
 ��� � �	
�� ��� (1)

where ����������� ��� is the frequency of the
word� in the snippets, and �������� is the IDF
value of � in terms of the document collection.
(� ������


 � �� in the experiment)

Step 3: Retrieve documents by the following oper-
ations: a) retrieve the top-� ������

��� documents
by using the query that consists of original key-
words (� ������

��� � ��� in the experiment), b) re-
trieve the top-� ������

��� documents by performing
“AND search” with original keywords, c) retrieve
the top-� ������

��� documents by using the query
that consists of original keywords with the weight
1.0 and additional keywords with the weight 0.5.

Step 4: Merge retrieved documents according to
the document score �	
��	
����� of the docu-
ment �� that is calculated with the similarity
��������� between the vector of the question
Q and the vector of the document �� as follows:

����������� �
����� � ���������

��������� � ������ ���
(2)

����� �

�
��� obtained by (a)
	�� by (b) or (c) (3)

5 The monolithic architecture

5.1 Measurement of appropriateness of writ-
ing style

In this step, each sentence of retrieved documents
is assigned a score of appropriateness in terms of writ-�����
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ing style corresponding to the type of the given ques-
tion. It is performed by using a set of manually con-
structed lexico-syntactic patterns that match with key
sentences. Each pattern has a score of appropriateness,
which is a real number between 0 and 1. If a pattern is
matched with a sentence ��, then the sentence receives
the pattern’s score ����������� ���� as its estimated ap-
propriateness. When multiple patterns are applicable
to one sentence, the score of sentence is the maximum
score of patterns.

With regard to definition-type questions, each
pattern is generated from one of templates that has a
slot which will be filled by a question target. If there
are no sentences that match with any of the filled pat-
terns, then the templates are combined with the head
of the target instead of the target itself to make patters
more relaxed.

With regard to how type or other type questions,
instead of the application of patterns, it is examined
whether compound nouns or clue predicates in the
question appear in the sentences. If a sentence �� has
a compound noun ��� � 	

�
�
	
�
�

� � �	�
�, then the sen-

tence will received the following score:

����� ��
�����
� ����� �

�

�
�

�
����

��	 ���
�
�

�����
(4)

On the other hand, when the sentence has a clue pred-
icate �
	 in the question, the score

����� �

�����
� ����� � ��� (5)

is given to the sentence. Finally, the score will be as
follows:

�����
�����
� ���� �

�

������

����� ��
�����
� ����� �

�

������

����� �

�����
� ����� (6)

5.2 Filtering out irrelevant documents

Since the calculation of lexical chains is a time-
consuming process and it depends on the amount of
documents to be processed, it is preferable that irrele-
vant documents are filtered out before the calculation.
Therefore, we define the following another document
score �����

�����


�� ���� that takes account of a score of
appropriateness in terms of writing style. Documents
are re-ranked with the score, and the top-� �����


�� docu-
ments is selected. (� �����


�� � �� in the experiment)

���	

	
��

���
����

� ���	
������� �
�

�����

���	

	
��
	 ���� (7)

5.3 Passage retrieval using lexical chains

A lexical chain is a sequence of semantically related
words in a text. It is used for capturing a portion of the
cohesive structure of the text. In this paper, we utilize
lexical chains in order to retrieve passages related to
the topic of question.

5.3.1 Detection of lexical chains

To detect lexical chains, we make use of the program
“lexical chainers.”2 The program reads a text in the
sentence-by-sentence manner. When a sentence is in-
putted to the program, it finds word clusters in a sen-
tence according to the “similarity” between words.
Then, it merge the newly found clusters into a set of
clusters that are found for the portion of text so far.The
process will iterated until the end of text. Each of gen-
erated word clusters �� is regarded as a lexical chain.
As the similarity between two words, we select the
cosine similarity between “word vectors,” which are
rows of a word-by-document frequency matrix. With
regard to a clustering algorithm, the single-link algo-
rithm is adopted and the similarity threshold is �����

����

(�����
����

� ���� in the experiment).

5.3.2 Filtering out lexical chains unrelated to
questions

A set of lexical chains obtained by the method de-
scribed above contains not only chains related to ques-
tion but also unrelated chains, because the method
finds lexical chains independent of the question.
Therefore, we introduce the following procedure to
eliminate unrelated chains and preserve lexical chains
that contain interest-marking words.

Step 1: Delete lexical chains that do not contain any
keywords of the question or additional keywords.

Step 2: Delete words other than “words associated
with the question” from lexical chains. (See be-
low)

Step 3: If two adjacent words in a lexical chain do
not locate within two adjacent sentence, divide
the chain at that point.

In Step 2, the words associated to the question are
gathered according to the similarity relation with a
dumping factor. As shown in Figure 2, the process
starts with the set of keywords as the set of associ-
ated words. If a word in lexical chains has an associ-
ation relation with one of associated words, that is, if
the word has a association score greater than a thresh-
old �����, the word is added to the set of associated
words. The expansion of a set of association words
will be performed until no more words are added to
the set.

The association score is calculated as follows:

�������������� ��� �

������� ��� � ��
�������������� (8)

��
����� �
�

�	
��� ���
(9)

where ����	�� 	�� is the similarity in terms of word
vector and ������	�� is the association level, or dis-
tance of the word from the keywords. The function
	
������� represents a dumping factor according to
the association level �.

2http://www.jaist.ac.jp/�motizuki/software/chainers/chainers-
1.50.2.tar.gz�����
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Figure 2. Gathering words associated
with the keywords of question

5.3.3 Extraction of passage using lexical chains

Mochizuki et al.[5] proposed a method that detects a
portion of text as a passage if all sentences of the por-
tion are covered by , at least, one lexical chain. How-
ever, the method tends to extract longer passages than
expected when the question has more (different) key-
words. On the other hand, when we take the approach
that extracts a portion of text which is covered by a
maximal number of lexical chains, the length of pas-
sage tends to be too short. We need more moderate
approach.

Therefore, we propose the following method to ex-
tract better passages.

Step 1: Calculate “density of lexical chain” for each
sentence, and select each sentence whose density
is maximal. We term the sentence the center of
passages.

Step 2: Determine the extent of passage for each cen-
ter of passage according to the density of sen-
tences adjacent to the center.

The density of lexical chain for the sentence �� is
defined as follows:

����������� � (10)

�� �
�
��������

���

���

�
��������

����������

	��
������

���������� �

���� � ���
	���

��� ��� �
�


�������

��� ��� (11)

where� is the set of keywords in the question, �����
is a set of lexical chains that cover the sentence �� ,
��������� is the number of sentences that are covered
by the chain �.

Each sentence that has a maximal density will be
one of centers of passages. The center and some sen-
tences adjacent to the center form one passage. Basi-
cally, we also use the density to determine the extent

of passage, but passage detection using the raw value
of density may generate very long passage. To cope
with the problem, we introduce a window function to
produce passages with a predefined length. The fol-
lowing equation represents the adjustment of density
in terms of the center of passage ��.

���������� ��� � ��� �

����������� �
	� � �
 � �����

	�
(12)

where � is a parameter that controls the window size
(� � � in the experiment).

We adopt the extent from the sentence �� to the sen-
tence �� as a passage in terms of the center ��. The
extent is defined as follows:

� � ����
�
 � �� � �

����������� ��
� ��� �

� � ������������	 (13)

� � ��	���� � �� � �

����������� ��
� ��� �

� � ������������	 (14)

where �� is a parameter that controls the length of
passages (�� � ��� in the experiment).

Using the density, we define the score ��	
��������
of a passage ����, which consists of the sentences from
�� to ��, as follows:

���������� �

��	������� �����������

��	������
��	���� �����������

(15)

where ���� is the set of all retrieved passages.

5.4 Answer selection

A set of answer candidates consists of not only the
extracted passages but also the key sentences. The pro-
cess of answer selection chooses “good” answer candi-
dates by taking account of increasing importance and
reducing redundancy, simultaneously.

5.4.1 Scoring answer candidates

The score of answer candidate is a combination of 1)
document score, 2) score of appropriateness of writing
style, and 3) passage score, as follows:

����������� � � � ���������������


 � � ���������


 � � ����	
��
��

���� (16)

where �	��	�� is the document that 	� belongs to,
and the parameters 
, �, and � control the ratio of
mixture of score.

��� �� �� �

�
����� ���� � definition type
�� � � otherwise (17)

The score ��	
�
�����

�	 �	�� is calculated for the def-
inition or why types as follows:

����
	
��

��
���� � ��	

�����
����

	
��
	 ���� (18)

and for other types as follows:
����

	
��

��
���� �

��	� ��	
������

���� �
	
��
	 ������

��	
������

���� �
	
��
	 ���
�	 (19)

where�� and ��� are a compound noun and a clue
predicate in the question.�����
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5.4.2 Reducing redundancy

Since answer candidates come from different docu-
ments, they may have redundant information. This sit-
uation is the same as multi-document summarization.
In order to reduce the redundancy, several researches
like Stein et al.[9] and Radev et al.[8] utilize the doc-
ument clustering to detect redundancy. We also intro-
duce a similar type of redundancy control mechanism
that is based on the document clustering as follows:

Step 1: Cluster answer candidates with the threshold
������ of similarity.

Step 2: Select a representative answer candidate for
each cluster, and calculate the modified score for
the representative by taking account of the size of
cluster.

The adopted clustering algorithm is an ordinary ag-
glomerative complete-link clustering. The similarity
between answer candidates is defined as the cosine
similarity between the word-frequency vectors of an-
swer candidates. If the similarity between two clusters
is larger than the threshold ������, then these clusters
are merged. (������ � ��� in the experiment.)

The representative answer candidate for a cluster is
the candidate whose score is largest. The final answer
score is the modified version of the answer score as
follows.

�����
��������

�	
��� � ��� �

������	 ���� � �� �
�

�
��	�� ����� (20)

6 A type-by-type architecture

6.1 The subsystem for definitional and other-
type questions

The system is almost same as the system with the
monolithic architecture. However, it employs a differ-
ent strategy to determine the extent of a passage in the
following way. First, each passage has to start with
a key sentence. Second, the extent of passage ���� is
calculated as follows:

� � �

� � 
������ � �� � �

������	
��
 �	�
 	�� �

�� � �����	
�	���� (21)

where � is the index of key sentence. The parameter
L for the window function (12) is 5, and �� � ��� in
the experiment.

6.2 The subsystem for why-type questions

This subsystem finds passages of fixed length that
include a key sentence. The length of passages is three
in the experiment. The relative position between the
key sentence and the passages is determined according
to the writing style of the key sentence, namely, the
matched lexico-syntactic patterns of writing style.

The score of passage ��������� ���� is calculated by
the following equations:

�����
���
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� � � ��������
���

����
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where �� is a key sentence in the passage �� of the
document �	, 	 is a set of keywords, ���	���	�
returns the headline of �	, and �
� �� � �
������ ����� ���	� in the experiment.

6.3 The subsystem for how-type questions

Since the how-type question requires a way to do
something, the predicate, or the verb phrase, in the
question that corresponds to “do something” is ex-
pected to play an important role in the how-type ques-
tion. We term the predicate focused predicate.

From the question, this subsystem extracts the rela-
tive clause that contains the predicate Then, the system
produces several types of paraphrases of the relative
clause that are expected to appear with answer can-
didates in documents. These paraphrases are used as
lexico-syntactic patterns of writing styles. Sentences
that are “similar” to the paraphrases are detected as
key sentences. The similarity is calculated based on
the number of keywords in the sentence, whether the
sentence contains the focused predicate or not, and the
surface similarity between the sentence and the para-
phrase.

The system finds passages of fixed length that in-
clude a key sentence. The length of passages is three
in the experiment. Since the relative position of an-
swer candidate to the paraphrase is usually fixed, the
system may find the position of answer candidate ac-
cording to the paraphrase that matched with the key
sentence.

7 Experimental results and discussion

In NTCIR-6 QAC, we submitted two runs,
forst1 and forst2, as the formal run. These run
IDs correspond to the system with the monolithic ar-
chitecture and the system with the type-by-type archi-
tecture.

Before we examine the performance in terms of
question answering, let us check a basic information
about question answering. The average number of
answers per question is shown in Table 2. It should
be noted that the questions of the type factoid are
treated as the type of other in the system forst1.
According to the table, the system forst1 seems to gen-
erate about six answers per question. On the other
hand, forst 2 is three. However, it also should be noted
that this is the result of cutting off the lower ranked
answers requested by the task organizers. Originally
a little bit more answers are generated. Since answer
candidates includes a number of incorrect answers, we
have to have a better mechanism to control the number
of answers.

Table 3 and 4 show the number of answers with
judgment generated by System forst1 and System
forst2, respectively. These tables show the per-
formance of question answering in answer-by-answer�����
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Table 2. Average number of answers per
question

Detected
Q. type forst1 forst2

def. 4.57 4.05
why 6.44 3.09
how 7.00 5.00
other 6.12 6.12
factoid
(other) 6.06 1.91
All 5.93 3.26

Table 3. Number of answers with judg-
ment generated by System forst1

Detected Judgment
Q. type A B C D Total

def. 19 21 6 50 96
why 10 35 11 150 206
how 0 5 9 28 42

other 3 9 3 34 49
other

(factoid) 13 36 5 146 200
All 45 106 34 408 593

Table 4. Number of answers with judg-
ment generated by System forst2

Detected Judgment
Q. type A B C D Total

def. 20 16 7 42 85
why 5 24 5 65 99
how 0 4 2 24 30

other 3 9 3 34 49
factoid 2 0 4 57 63

All 30 53 21 222 326

manner. Both of systems have relatively better
performance for definition-type questions than other
types. Table 4 shows that the system forst2 finds
few correct answers for the questions that are detected
as factoid-type. As described below, it is caused by
the failure of question classification. The many of
non-factoid questions are incorrectly classified into the
type of factoid.

Table 5 and 6 show the number of questions to
which the systems, forst1 and forst2 respec-
tively, reply at least one answer of the judgment.

Table 5. Number of questions to which
the system replies at least one answer at
the judgment (forst1)

Judgment

Detected
Q. type A

A
+B

A
+C

A
+B
+C

D
only Total

def. 10 18 10 18 3 21
why 7 20 9 22 10 32
how 0 3 2 5 1 6

other 3 7 3 7 1 8
other

(factoid) 11 19 13 21 12 33
All 31 67 37 73 27 100

Table 6. Number of questions to which
the system replies at least one answer at
the judgment (forst2)

Judgment

Detected
Q. type A

A
+B

A
+C

A
+B
+C

D
only Total

def. 11 16 12 17 4 21
why 3 14 6 17 15 32
how 0 1 2 3 3 6

other 3 7 3 7 1 8
factoid 2 2 6 6 27 33

All 19 40 29 50 50 100

As shown in the tables, System forst1 finds at least
one correct answer(A) or one partially correct answer
(B,C) for 73% of questions. There is no big differ-
ence between forst1 and forst2 in definition-
type, why-type, how-type, and other-type. On the
other hand, we can see that the system forst2 fails to
find correct answers for the questions that are detected
as factoid-type.

In the evaluation using the last two tables, the rank
of correct answer candidate are not taken account of.
In order to examine the ability of ranking answer can-
didate, namely, the effectiveness of scoring method,
the type-by-type mean reciprocal rank of each system
is shown in Table 7. The table shows that the scoring
method of the monolithic architecture produceses gen-
erally better ranking than that of type-by-type architec-
ture. Table 8 shows the type-by-type mean precision
of each system.

According to the results described above, the sys-
tem based on monolithic approach has better perfor-
mance than that of the type-by-type approach. How-
ever, it is mainly due to the failure on the question-
type classifier, which is used in both of approaches.�����
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Table 7. Mean reciprocal rank
Judgment of correct answer

Detected forst1 forst2
Q. type A A+B+C A A+B+C
def. 0.383 0.742 0.406 0.698
why 0.109 0.405 0.078 0.484
how 0.000 0.597 0.000 0.417
other 0.175 0.452 0.175 0.452
factoid
(other) 0.211 0.485 0.020 0.111
All 0.199 0.517 0.131 0.400

Table 8. Mean of precision
Judgment of correct answer

Detected forst1 forst2
Q. type A A+B+C A A+B+C
def. 0.226 0.582 0.222 0.521
why 0.051 0.281 0.039 0.348
how 0.000 0.354 0.000 0.200
other 0.064 0.298 0.064 0.298
factoid
(other) 0.074 0.276 0.020 0.086
Total 0.093 0.348 0.071 0.285

The performance of the question-type classifier is de-
scribed in Table 9. As it shows, the many of non-
factoid questions are incorrectly classified into the
type of factoid. The system forst2 is affected by
the failure. On the other hand, the system forst1
is not affected because it treats all questions as non-
factoid type even if the questions are detected being of
the factoid type.

Table 9. Performance of question classi-
fication (forst1 and forst2)

Actual Detected Q. Type
Q. type def. why how other factoid
def. 16 0 0 0 0
why 0 30 1 0 2
how 0 0 5 0 0
other 1 2 0 8 23
factoid 0 0 0 0 1
def.
or

other 3 0 0 0 4
def.
or

other
or

factoid 1 0 0 0 0
other

or
factoid 0 0 0 0 2
how
or

other 0 0 0 0 1
Total 21 32 6 8 33
Recall 1.00 0.91 1.00 0.24 1.00

( ��
��

) ( ��
��

) ( �
�

) ( �

��
) ( �

�
)

Precision 0.95 0.94 0.83 1.00 0.09
( ��
��

) ( ��
��

) ( �
�

) ( �
�

) ( �

��
)

8 Conclusion

In order to process non-factoid questions in
NTCIR-6 QAC, we introduced two types of ap-
proaches. First one has a monolithic architecture that
retrieves answer passages related to a question using

lexical chain. The other one has a type-by-type archi-
tecture and consists of four subsystems i) the subsys-
tem for definitional and other-type questions, ii) the
subsystem for why-type questions, iii) the subsystem
for how-type questions, and iv) the subsystem for fac-
toid questions.

The experimental results in NTCIR-6 QAC show
that the system based on the former approach has bet-
ter performance than that of the latter approach. How-
ever, it is mainly due to the failure on the question-type
classifier, which is used in both of approaches. The
many of non-factoid questions are incorrectly classi-
fied into the type of factoid. The latter system is af-
fected by the failure.

In order to achieve better performance, we need a
more precise question classification method that can
classify questions into not only non-factoid types but
also sub-types of factoid.
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