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Abstract that is, user information, from utterances in or-
der to develop personalized dialogue systems us-
ing the extracted user information. For instance,
for a user who said “l went to London.”, “I live in
Tokyo.”, and “I love One Direction.” (a pop band),
we want to personalize conversations as follows.

We propose a method to extract user in-
formation in a structured form for person-
alized dialogue systems. Assuming that
user information can be represented as a
quadruple (predicate-argument structure,
entity, attribute category, topicwe focus Ex. 1 Telling users that the system remembers con-

on solving problems in extracting pred- versations in the past.

icate argument structures from question- User | would like to go traveling!

answer pairs in which arguments and pred- SysTEM: You went to London the other
icates are frequently omitted, and in esti- day, didn't you?

mating attribute categories related to user
behavior that a method using only context user information.

words cannot distinguish. Experimental USER : What time does Frozen start?

results show that the proposed method sig- SYSTEM : At 10 AM at Tokyo Theater.
nificantly outperformed baseline methods

and was able to extract user information

Ex. 2 Complementing unknown conditions with

Ex. 3 Providing information related to user inter-

with 86.4% precision and 57.6% recall. ests. _ .
USER : It's time to practice karaoke.
1 Introduction SYSTEM : A new song byOne Direction is

. coming out soon.
Recent research on dialogue agents has focused

extensively on casual conversations or chat (Rit- To implement personalized dialogue systems

ter et al.,, 2011; Wong et al.,, 2012; Meguro etsuch as this, the extracted user information should

al., 2014; Higashinaka et al., 2014) because chasatisfy the following requirements.

oriented conversational agents are useful for enter- ] )

tainment or counseling purposes. To make users 1.1t should'ha_lve information to reprod_uce what

want to talk to such conversational agents more, ~ USers said in order to tell users their past ut-

users and systems need to know each other well _ t€rances. . :

since it is important to build relationships of trust = It EhOUId ha\:jg'lnformatlon to complement

between users and systems (Bickmore and Picard,3. Lljtn th%vﬁ?dcohna\;go?ﬁform ation that can be

2005). : searched to determine which information to
In casual conversations between people, peo- provide

ple sometimes talk about themselves such as men-4 | should have information to determine when

tlonlng thglr hobbies or experiences. Our manual systems will use which user information.

examination of text-based casual conversation be-

tween two people indicated that 26% of utterances To satisfy requirement 1, we extract the

are self-disclosure utterances that convey informapredicate-argument structure (PAS), which repre-

tion about the speaker. We also observed the sansents “who did what to whom.” PAS is useful

tendency in casual conversations between a persdor representing the basic content of an utterance.

and a system. Higashinaka et al. (2014) proposed a method to
On the basis of these findings, we propose @enerate system utterances from PAS. For require-

method to extract information about the speakemments 2 and 3, we extract entities such as person
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Input: User utterance, the previous utterance, context NPs
e.g. "l went to London.”, “Where did you go?”, null

2

Dialogue-act estimation

(Section 2.1)
e.g. self-disclosure P» No extraction
IF self-disclosure W ELSE

Predicate-argument structure analysis
(Section 2.2 and Section 3)

e.g. <[pred: go goal(=ni): London]) ¥» No extraction
IF ga/wo/ni slot is filled ELSE
Entity extraction || Attribute category estimation || Topic categorization
(Section 2.3) (Section 2.4 and Section 4) (Section 2.5)
e.g. London | e.g. Experience e.g. Travel |

Output: <Predicate-argument structure, Entity, Attribute category, Topic>
e.g. <(pred: go goal: London), London, Experience, Travel>

Figure 1: Overview of user information extraction.

and location names, which represent keywords. e Entity extraction

For requirement 4, we extract attribute categories ® Attribute category estimation

such as hobbies and experiences, which represent® TOPIC categorization

aspects of users, to determine which information \We focus on solving problems in analyzing

will be used, and we extract topics such as musigredicate argument structures of question-answer

and travel, which represent main subjects, to depairs in which arguments and predicates are fre-

termine when to use the information. quently omitted, and in estimating attribute cate-
Therefore, we extract a quadrugleAS, entity,  gories related to user behavior that a method using

attribute category, topjaas user information from only context words cannot distinguish. In this sec-

a user utterance. From the above examples, wgon, we outline the overall functionality of a user

extract the following information. information extraction system; further methods to

solve the problems are described in sections 3 and
e “| went to London.” — ((pred: go goal:

London), London, Experiences, Travel

o “I live in Tokyo.” — ((pred: live locative: ~ 2-1 Dialogue-act estimation

Tokyo), Tokyo, Place of residence, Holise ~ We identify the dialogue-act of utterances to de-
termine whether the input user utterance contains
information about the user him/herself. We use
the dialogue-act tag set consisting of 33dialogue-
acts listed in Table 1, proposed by Meguro et al.

In this paper, the work is done in Japanese al{2014). Their tag set is designed for annotating
though we want to apply our method to other lan-listening-oriented dialogue, but because speakers
guages in the future. For languages other thaH listening-oriented dialogue are allowed to speak
Japanese, instead of PASs, semantic role labelirfgeely, the tag set can cover diverse utterances,

e ‘| love One Direction.” — ((pred: love
accusative: One Direction), One Direction,
Hobbies/Preferences, Mugic

(SRL) can be used (Palmer et al., 2010). making it suitable for casual conversation.
. . We evaluate whether the input user utterance
2 User Information Extraction contains information about the user in two cases,

An overview of the method we propose to extract™ follows.

user information(PAS, entity, attribute category, 1. the dialogue-act of the user utterance is one

topic), from user utterances is shown in Figure 1. _ of the self-disclosure tags: No. 3-11.
The method has five parts: 2. the dialogue-act of the user utterance is one

of the sympathy/agreement tags: No. 22-23,
¢ Dialogue-act estimation and the dialogue-act of the previous utterance
e Predicate-argument structure analysis is one of the question tags: No. 14-19.
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No. | Dialogue-acts No. | Attributes No. | Attributes
1 | greeting 1 | relationship:family 18 | occupation
2 | information 2 | relationship:partner|| 19 | place of business
3 | self-disclosure.fact 3 | relationship:lover 20 | position in company
4 | self-disclosure.experience 4 | relationship:other 21 | journey to work
5 | self-disclosure.habit 5 | name 22 | biography
6 | self-disclosure.preference.positive 6 | gender 23 | earnings
7 | self-disclosure.preference.negative 7 | age 24 | expenditure
8 | self-disclosure.preference.neutral 8 | blood type 25 | possessions
9 | self-disclosure.desire 9 | birthday 26 | knowledge
10 | self-disclosure.plan 10 | constellation 27 | hobbies/preferences
11 | self-disclosure.other 11 | Chinese zodiac 28 | habits
12 | acknowledgment 12 | characters 29 | experiences
13 | question.information 13 | physical description| 30 | strong points
14 | question.fact 14 | home town 31 | abilities
15 | question.experience 15 | place of residence 32 | opinions/feelings
16 | question.habit 16 | house mate 33 | desires
17 | question.preference 17 | house type 34 | other

18 | question.desire

19 | question.plan

20 | question.self-questioning

21 | question.other

22 | sympathy/agreement

23 | non-sympathy/non-agreement
24 | confirmation

Table 2: Attribute category tag set.

answer pairs in which arguments and predicates
are frequently omitted. For example, predicate el-

25 | proposal ALe e

26 | repeat lipsis is not targeted by the analyzer. Therefore,

% gg;ﬁgcg?se we use a method described in section 3 to analyze

29 | thanks the PAS for question-answer pairs.

§<1) fﬁ}lrl)0|09y To extract user information, we need to select
ner . .

32 | admiration a PAS from the ones in the input utterances. _We

33 | other select the last PAS in the utterance on the basis of

the observation that important information comes
last in many Japanese utterances. Additionally, we
should not output insufficient PASs in which argu-
ment slots are not filled at all because the extracted
We use a method proposed by Higashinaka ebass would be used to generate system utterances.
al. (2014) to estimate a dialogue-act. They trainedrherefore, we output PASs only when at least one

a classifier using a support vector machine (SVM) f the argument slotg@, wo, or ni) of the predi-
The features used are word N-grams, semantigate is filled.

categories obtained from the Japanese thesaurus
Goi-Taikei (Ikehara et al., 1999), and character N-2.3  Entity extraction

grams. We define an entity as a noun phrase (NP) that de-
notes the center word of a conversation. To extract
the entity from the input user utterance, we use
Predicate-argument structure (PAS) analysis inthe center word extraction method proposed by
volves detecting predicates and their argumentddigashinaka et al. (2014). They extracted an NP
A predicate can be a verb, adjective, or copulafrom an utterance and trained a conditional ran-
verb, and the arguments are noun phrases (NPdpm field (Lafferty et al., 2001); NPs are extracted
associated with cases in case grammar. As casdadirectly from a sequence of words without creating
we usega (nominative),wo (accusative)ni (da- aparsetree. The feature template uses words, part-
tive), de (locative/instrumental)to (with), kara  of-speech (POS) tags, and semantic categories of
(source), andnade (goal). current and neighboring words.

We use the PAS analyzer described by Imamura When no NP is extracted from the input user
et al. (2014) to analyze PASs for general utter-utterance, we try extracting an NP from previous
ances. The analyzer works statistically by rankingutterances.

NPs in the context using supervised learning with _ o

an obligatory case information dictionary and a2-4 Attribute category estimation

large-scale word dependency language model. OWe identify an attribute category, which represents
the other hand, the analyzer cannot extract PASaspects of users, for self-disclosure utterances of
correctly in order to analyze them for question-the user, e.g. “l went to London.”— experi-

Table 1: Dialogue-act tag set.

2.2 Predicate-argument structure analysis
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No. | Topics No. | Topics Types | Rate

1 | travel 23 | disaster prevention completed 47.1% (115/244)

2 | events 24 | volunteering argument ellipsis| 28.3% (69/244)

3 | movies 25 | health predicate ellipsis| 7.8% (19/244)

4 | music 26 | post-retirement yes-no 16.8% (41/244)

5| TV . 27 beagty

6 | entertainment| 28 | fashion Table 4: Types of question-answer pairs.

7 | talent 29 | shopping

8 | computers 30 | gourmet dining

9 | games 31 | anime

10 | telephone 32 | occult guments are frequently omitted is problematic.
11 | business 33 | gardening Although many prior studies have been done on
12 | study 34 | sports g ; y p, .

13 | school 35 | art PAS analysis (Taira et al., 2010; Hayashibe et
1‘51 ?n?rr:gs gg ggfs'jaikes al., 2011; Yoshikawa et al., 2011; Imamura et
16 | home 38 | history al:, 2014), the methods they use could not be ap-
17 | housekeeping| 39 | fishing plied to analyze PASs of question-answer pairs
18 | appliances || 40 | fortune-telling with ease. For example, they could not extract the
19 | family 41 | religion . . L

20 | friends 42 | general following PAS because of predicate ellipsis. The
21 | love 43 | other PAS (pred: readaccusative: Fashion magazines)
22 | politics should be extracted from the example.

Table 3: Topic category tag set. “Do you read books?” - “Fashion mag-

azines."— (pred: ¢)

ences. As an attribute category set, we define 145 solve the problem, we break question-

34 categories of attributes in Table 2 on the baynswer pairs down into the following four types,

sis of a questionnaire conducted in a market reznq we propose a method to analyze PAS for each
search study and on the analysis of personal quegs ihnem except for the completed type.
tions (Sugiyama et al., 2014). The inter-annotator

agreement with 200 self-disclosure utterances waSompleted: Both the predicate and its arguments
90.5% (Cohen’s: = 0.885). Because is more are included. (e.g. “What is your hobby?” -
than 0.8, we can say the agreement is high. “My hobby is playing tennis.”)

We used a logistic-regression-based classifier targument ellipsis: A predicate is included, but
estimate attribute categories. We describe in sec-  the argument is omitted. (e.g. “Did you go to
tion 4 the features used to estimate attribute cate- | ondon last year?” - “| went with friends.”)

gories related to user behavi_or_that_a method uUsing e gicate ellipsis: A predicate is omitted, but the
only context words cannot distinguish. argument is included. (e.g. “Do you read

books?” - “Fashion magazines.”)

2.5 Topic categorization v A S eith (
. . . . es-no: An answer is either “yes” or “no”. (e.g.
We identify a topic category, which represents the “Do you like to read books?” - “Yes.)

main subject, of the input user utterances, e.g. ‘I
went to London.” — travel. As a topic category  Table 4 lists the percentage of these four types
tag set, we use 43 categories listed in Table 3 baseghong 244 question-answer pairs and indicates

on categories used on a Japanese question and §fat predicates or arguments are omitted in 52.9%

agreement with 200 utterances was 93.0% (Co- The question-answer pairs had some typical
hen'sx = 0.925). Because is more than 0.8, we forms such as “What do you like?” - “(I like}.”.

can say the agreement is high. We can accurately extract PASs from these typical
To categorize topics, we trained a classifier incases using predefined extraction patterns. On the

the same way as done with attribute category esth;asis of these extractions, we propose a four-step

mation. method to analyze the PASs of question-answer

3 Analyzing Predicate-argument pairs.

Structure of Question-answer Pairs

pattern-based extraction: all types

argument complement: argument ellipsis
complete sentence generation: predicate el-
lipsis

guestion PAS copying: yes-no

As mentioned in section 2.2, analyzing PASs for
guestion-answer pairs in which predicates and ar-

http://oshiete.goo.ne.jp/
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Input: question-answer pairs with dialogue-act

Answer entity extraction
(Sectian 3.1)

Pattern-based extraction
(Section 3.2)

IF QA pair has the same predicate | ELSE

IF answer DA
7 is (non-)sympathy

Argument complement ELSE
(Section 3.3 v v
Complete sentence generation | | Question PAS copying
(Section 3.4) (Secticin 3.5)
y

Output: Predicate-argument structure

Figure 2: Process of PAS analysis.

Note that the method can be used to analyze the — (pred: like accusative: answer
completed type as well as other types, because it  entity)
cannot determine if it is the completed type before

analyzing the PAS. Figure 2 outlines the PAS anal- Here,answer entity denotes an answer entity
ysis process. detected in the answer entity extraction.

We show the example, “What kind of food do
3.1 Pre-process: answer entity extraction you like?” - “Sushi.” “Sushi” in the answer utter-

As a pre-process, we extract an answer entity frond"'Ce is extracted as an answer entity. Therefore,
an answer utterance using named entity recogniPred: like accusative: Sushi) is extracted as a
tion since the answer is likely to be regarded as £AS from this example.

named entity. We use the named entity recogni- YWhen the pattern-based method extracts a
tion method proposed by Sadamitsu et al. (2013)9red|cate—argument structure, the steps described
which is based on Sekine’s Extended Named Eni" the following subsections would be skipped.

tity Hierarchy?. 3.3 Argument complement method

3.2 Pattern-based extraction method If an answer utterance has the same predicate that

In the pattern-based extraction step, an attempt idPPeared in the question utterance, the argument
made to extract predicate-argument structures ug_omplement step is executed. _
ing pre-defined extraction patterns. If a pattern can TNis step compares the question PAS and the
extract a PAS, the extracted PAS is output as agnswer PAS that were analyzed using an exist-
answer. ing predicate-argument structure analysis method,
We collected frequently appearing patterns in?‘nd comple_ments the arguments that only appear
the Person-Database (Sugiyama et al., 2014) ud the question PAS. For example, when the ques-
ing the frequent-pattern mining method (Pei etlion PAS is pred: gogoal: London) and the an-
al., 2001) and assembled 20 regular expressioBWer PAS is fred: gowith: friends), pred: go
patterns by checking the collected frequent patgoal: Londonwith: friends) is generated by copy-
terns. The Person-Database consists of a numb#ld “goal: London” from the question PAS.
of question-answer pairs created by 42 questionerss
and includes 26,595 question-answer pairs, which’
cover most of the questions related to the informalf @n answer utterance does not have the same

4 Complete sentence generation method

tion about users. predicate that appeared in the question utterance
The following is an example of a regular expres—and the dialogue act of the answer utterance is not
sion pattern. “(non-)sympathy/agreement”, the complete sen-
tence generation step is executed.
“What * do you like?” - “answer When there is a predicate-ellipsis example, we
entity” generate a complete sentence by replacing a ques-

Zhitps://sites.google.com/site/extendednamedentityhieratbby expression with an answer entity. A ques-
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tion expression consists of a question word (suclperience tag, and the utterance “I always play ten-

as “what” or “how”) and suffixes or nouns (such nis.”, which should be classified with a habit tag,

as “food” or “meter”). For example, given the because the context words in both utterances are

guestion-answer pair “What kind of food do you the same, “play” and “tennis”.

like?” - “Sushi”, “(I) like Sushi.” is generated  To solve this problem, we need to use features

as a complete sentence by replacing the questio®presenting whether the user behavior has ended,

expression “What kind of food” with the answer is continuing, or was repeated. Therefore, we

entity “Sushi” and then converting a question senpropose using semantic information of functional

tence into an affirmative sentence. words and adverbs as features to classify attribute
The question expression is extracted with a preeategories related to user behavior.

defined question word list and extraction rules.

The rules extract suffixes or nouns attached t@.1 Semantic information of functional words

a question expression as a question EXPresSIofe \1se semantic information of functional words

We can obtain a PAS applylng existing predlcate-in our proposed method. In Japanese, “ta” is a

ated utterance. From the above example, we Cagast tense expression that means the action was
. ' : . 2 ompleted, and “-teiru” is a present tense expres-
obtain the PASfred: like accusative: Sushi). P P P

sion that means the action is continuing, so se-
mantic information of functional words would be
important clues to classify attribute categories re-
If an answer utterance does not have the sam@ted to user behavior. In this paper, we use se-
predicate that appeared in the question utterang@antic labels of function words by analyzing func-
and the dialogue act of the answer utterance i§on words using the method proposed by Ima-
“(non-)sympathy/agreement”, the question PASmuyra et al. (2011) as features. We assume that se-
copying step is executed. mantic labels of functional words would be impor-
A yes-no type answer PAS is empty becausgant clues to classify attribute category, especially
the answer utterance is expressed by an interje¢ghe semantic labels “completion” for the experi-
tion such as “yes” or “no”. This case is regardedences category, “continuance” for the habits cate-
as a case in which a predicate and its argumeni§ory, “supposition” and “admiration” for the opin-

are both omitted, so the question PAS is outpufons/feelings category, and “request” and “desire”
as the answer PAS. For the example, “Did you gGor the desires category.

to London?"- “Yes.”, the question PASIed: go
goal: London) is extracted as the answer PAS. 4.2 Semantic information of adverbs

3.5 Question PAS copying method

4 Estimating Attribute Categories We_use se_mantic information o_f adverbs such as
Related to User Behavior “a little while a_lgo” or “al_ways" in our proposed
method. For instance, in our method, “always”
Attribute category estimation is used to identify expresses that the action is done on a daily basis,
an attribute category for self-disclosure utteranceand “a little while ago” expresses time information
of the user. For example, the utterance “I wentabout when the action was done. In attribute cat-
to London.” should be categorized with an ex-egory estimation, we expect that adverbs express-
periences tag. A simple approach to estimaténg that the action is done on a daily basis would
the attribute category for self-disclosure utterancebe important clues for the habits category, and ad-
of the user is a logistic-regression-based classiverbs expressing the time in which the action was
fier with word N-gram features and semantic cat-done would be important clues for the experiences
egory features obtained from the Japanese theategory.
saurus Goi-Taikei (Ikehara et al., 1999), which are We prepare in advance two lists of adverbs that
used for topic categorization. These context feaare used in order to extract semantic information
tures are important clues for identifying 26 cate-of adverbs: (A) a list of adverbs expressing that the
gories, No. 1-26 in Table 2, but they are not im-action is done on a daily basis, e.g. “always” and
portant clues for identifying the other categories,“every day”, and (B) a list of adverbs expressing
No. 27-34, which are related to user behavior. the time the action was done, e.g. “a little while
For instance, the baseline method incorrectlyago” and “before”. Such lists represent the seman-
classifies the utterance “I played tennis a littletic information of adverbs, so we use the lists of
while ago.”, which should be classified with an ex-extracted adverbs as features.
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Baseline Proposed

Types Precision Recall F Precision Recall F
completed 89.2% (1497167) 87.6% (149/170) 0.884 | 85.3% (1397163) 81.8% (139/170) 0.835
argument ellipsis| 43.1% (66/153)  40.7% (66/162)  0.41963.1% (94/149)  58.0% (94/162)  0.605
predicate ellipsis| 26.3% (5/19) 19.2% (5/26) 0.222 41.74 (10/24)  38.8% (10/26)  0.400
yes-no 40.0% (30/75) 28.0% (30/107)  0.33067.0% (61/91) 57.0%6 (61/107) 0.616
total 60.4% (250/414) 53.8% (250/465) 0.56971.2%6 (304/427) 65.8% (304/465) 0.682

Table 5: Comparison of PAS analysis of question-answer pairs for baseline and proposed methods.

i Method | Accuracy
5 Experiments baseline 76.0% (14,120/18,579)
. , roposed 88.9% (16,523/18,579
5.1 Predicate-argument structure analysis of ﬂpp%r bound (ref.) 90.502,((181,200) )

guestion-answer pairs

We investigated how effective the proposed'_rable 6: Accuracy of attribute category estima-
method described in section 3 was in analyzingd!on.

PAS of question-answer pairs by comparing it

with a baseline method. The baseline method use&e etal., 1991; lida et al., 2007).

was that of Imamura et al. (2014), which is de-

scribed in section 2.2. This method analyzes th& 2  Attribute category estimation

PASs of question-answer pairs as well as the other : . .
d P (;We also investigated the effectiveness of the pro-

utterances. Lo . :
We used 478 question-answer pairs in 480 cgP0sed method described in section 4 when using
sual dialogues between a person and a system (H?_emantic information of functional words and ad-

gashinaka et al., 2014) to evaluate whether the sy%/-erbs as features' by comparing its .reSUItS.W.'th
hose of the baseline method. To train a logistic-
tem could extract PASs correctly.

Table 5 lists the performance results of bothre_gressmn-based classifier, we used LIBLINEAR
methods for various types of uestion-answePN ith both methods.
yp q We used 18,579 self-disclosure utterances as

pairs. Precision is defined as the percentage of cor- : i
. ._well as previous utterances from 4,160 casual di-
rect PASs out of the extracted ones. Recall is the i .
alogues: 3,680 dialogues between two people and
percentage of correct PASs from among the manus )
. 480 dialogues between a person and a system, an-
ally extracted ones. The F measure is the harmonic . S :
. notated with 34 categories listed in Table 2. The

mean of precision and recall.

number of utterances annotated for each category

A comparison between the baseline and Pros, decreasing order was: opinions/feelings 5,580

posed methods indicates that the F measure of tg%O%); experiences 4,758 (25%): habits 2,414

p;(;pcg‘sa?(sjtzztthc%cll tlenli)rﬁ/l\i:el\?e%a?%;; pdoe'rr:(sj'n;?a_lz%); and hobbies/preferences 2,234 (12%). We
EI showed Ithle o oged method's e)ffect' enessused the above self-disclosure utterances for train-
y W prop v hg and testing by ten-fold cross validation.

Specifically, the proposed method increased the 'P Table 6 gives the accuracy of the baseline and

measure by 0.186 points in the argument ellipsis : L .
type and by 0.286 points in the yes-no type. proposed methods in estimating the attribute cat

. egory, and the inter-annotator agreement as a ref-
Our error analysis indicated that 40% of errors gory 9

consisted of a failure to include complementin erential upper bound. A comparison between the
. P Ypaseline and proposed methods indicates that the
arguments of predicates. For examples, from th

i “Did have dinner toniaht?” - “| ate a lit- %roposed method using semantic information of
pair“Lid you , ave er tonight: aiea functional words and adverbs improved the accu-
tle while ago.” the system would not extract the

: ) racy by 12.9 points. The use of a statistical test
correct PAS because the predicate is not the samg, .- Test) demonstrably showed the pro-
in the question (have) and the answer (eat). T

solve this problem, we plan to evaluate whethe osed method's effectiveness. With the proposed

X method, the accuracy was greatly improved to
two predicate-argument structures have the sa ¥ d y mp

. . . M86.9% from 66.4% in the habits category and to
meaning by applylng pargphrase detection methéQ.O% from 68.9% in the experiences category.
ods such as using recursive autoencoders (Socher . )

A comparison between the referential upper

et aI.,_2011). _In ‘?dd'“"”* we plan to_lmprove t.hebound and the proposed method indicates that the
handling of ellipsis and anaphora by incorporating
methods that utilize syntactic structures (Dalrym- *nttp://www.csie.ntu.edu.tw/ cjlin/liblinear/
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| Precision Recall F In a dialogue system used to find out informa-
baseline | 57.4% (171/298) 34.2% (171/500) 0.429

proposed| 86.4% (288/333) 57.6% (288/500) 0.691  ton on the colleagues of the user (Corbin et al.,
2015), the system extracts where the user sits in an

Table 7: Performance of user information extrac-Office and uses the extracted information to search
tion. a database for a personalized information service.
In this study, the same problem exists in that the

) extracted user information is limited to where the
proposed method is very close to the upper bounglgq sits.

accuracy. Kim et al. (2014) used open information ex-

5.3 Overall performance of user information traction (OpenlE) techniques (Banko and Etzioni,
extraction system 2008) to solve this problem. OpenlE extracts

T luate th Il functionality of h dtriples(NP, relation, NP that include relation ex-
|0 evaluate the overall functionaily of.a metho pressions between NPs, without using predefined
implemented with the user information extraction

. . . attern rules. Using this framework, the system
system described in section 2, we used 500 user l@l g y

Wwas able to extrad, like, apple$ in a structured
terances randomly selected from 3,680 casual d\c— f h W | o
. . I lik les.
alogues (Higashinaka et al., 2014) between tw orm from the utterance "l like apples.” in order

. : \ 0 generate system utterances. In this study, be-
people,_and annota_lted with PAS, entity, att”bUtecause their purpose is only to generate utterances
categories, and topics.

directly from extracted user information, they do

Table 7 ists the performance results of the baseﬁot extract attribute categories and topics. Thus,

line aqd proposed methods in extracting USET 1Ny can be said that our work expands the types
formation from user utterances. A comparison

o of personalized conversation by extracting quadru-
between the two methods indicates that the pro P y g4

: ples(PAS, entity, attribute category, topic
posed method improved the F measure by 0.268 < Y gory p. .
) - Much research has been done on information
points. The use of a statistical test (McNemar

search (Shen et al., 2005; Qiu and Cho, 2006) and
zfefztgtgzrr?ggsstrably showed the proposed methOdrsecommendation (Ardissono et al., 2004; Jiang et

: l., 2011) in the research area of personalization.
This result demonstrates that the propose . . .
. —~These studies represent user interests with word
method was able to extract user information

with high precision, 86.4%, and moderate reCa”’VECtOI’S by comparing a vector of user interests

57.6%. User information extracted with such highand documgnt_ vectors and select|_ng a document
O . > 'that has a similar vector to a user interest vector.
precision would be useful for personalized dia-

logue systems, because when the extracted imcoThes.e methods can roughly capture user interests,

mation is wrong, the system personalizes it in theBUt they cannot precisely capture user information.

wrong way- 7 Conclusion
The proposed method could not extract user in-

formation from 167 £ 500 — 333) utterances be- This paper proposed a method to extract user
cause of incorrect dialogue-act estimation (18 Utinformation in a structured form,(predicate-
terances) and PAS analysis (149 utterances). Wegument structure, entity, attribute category,
need to solve these problems, especially in thggpic), for personalized dialogue systems. We fo-
PAS analysis, to extract more user information.  cysed in particular on the tasks of extracting pred-
6 Related Work ica_te argumgnt ;tructur_es from que_stion-answer
pairs and estimating attribute categories from self-
Several studies have been done on extracting uséisclosure utterances of the user. The experiments
information from user utterances (Weizenbaumgdemonstrated that the proposed method outper-
1966; Wallace, 2004: Kim et al., 2014; Corbin formed a baseline method in both tasks and that
et al.,, 2015). Chat bot systems such as ELIZAthe method was able to extract user information
(Weizenbaum, 1966) and ALICE (Wallace, 2004)from human-human dialogue with 86.4% preci-
extract the user information, name, and hobby ofion and 57.6% recall.
the user by using predefined pattern rules to per- In future, we plan to implement a personalized
sonalize casual dialogues. In these systems, sincBalogue system using extracted user information.
the extracted information is limited to match pre-We also want to solve the problems in PAS anal-
defined pattern rules, new rules need to be addegbis to extract more user information and to apply
in order to extract new information. our method to other languages.
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