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Abstract: When designing rule-based dialogue systems, the need for elaborate design by the de-
signer is a challenge for dialogue systems. One way to reduce the cost of creating content is to gen-
erate utterances from data collected in an objective and reproducible manner. This study focuses on
rule-based dialogue systems using survey data, and more specifically on opinion dialogue where
the system models the user. In opinion dialogue, there has not been much study of topic transition
methods for modeling users while maintaining their motivation for dialogue. To model them, we
adopted information content. Our contribution includes the design of a rule-based dialogue system
that does not require elaborate design. We also reported an appropriate topic transition method
based on information content. This is confirmed by the influence of the user's personality character-
istics. The content of questions can give the user a sense of the system's intention to understand
them. We also reported the possibility that the system's rational intention contributes to the user's
motivation for dialogue with the system.
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1. Introduction

Recently, systems for having dialogue with people have been widely studied. Dia-
logue systems can be divided into two categories: non-task oriented and task oriented.
Non-task oriented dialogues contribute to continuing conversations with users [1-2] and
to building human social relationships [3]. There are two main methods for developing
non-task oriented dialogue systems: a machine learning approach [4-6] and a rule-based
one [7-8]. The former approach generally requires large corpus data. When using existing
corpora, however, it is difficult to control the utterances of the dialogue system. There is
difficulty in context management which makes it unsuitable for long dialogues. On the
other hand, this method is not dependent on the designer’s skill or subjectivity, so it is
highly reproducible and can handle many contents. Compared to this, rule-based meth-
ods have advantages in terms of control of utterance and context management and can
generate high-quality utterances on a limited number of topics. However, it is necessary
for designers to consider every response, and the cost of generating utterances is high. In
rule-based dialogue, it is desirable to have a method that can reduce the cost of generating
utterances and can produce them as intended by the designer.

Understanding (modeling) the user is also important for dialogue systems. Uchida et
al. [9] have reported that a female android's willingness to understand their user correlates
with their satisfaction with the dialogue and their dialogue motivation with it. Another
system collects the information necessary for product recommendation through dialogue
[10]. Therefore, it is desirable for dialogue systems to model users to increase their dia-
logue motivation, or to improve the accuracy of estimation. Additionally, there is a benefit
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in reducing the cost of implementing a dialogue system by clarifying how to realize a
dialogue system that understands the user based on the collected data.

In this study, we focus on non-task oriented dialogue among dialogue systems, and
among them, opinion dialogue. Opinion dialogues are dialogues in which subjective opin-
ions are exchanged, and it is said that exchanging subjective opinions is a kind of self-
disclosure [11]. Therefore, it reflects the user's personal values, etc. There are several pos-
sible purposes for people to engage in opinion dialogue. One is to obtain information that
they do not know or that they are interested in; Bohm et. al [12] describes dialogue as a
way to collectively observe hidden values, intentions, and cultural differences. In other
words, it can be interpreted that users are motivated to engage in dialogue when they
become aware of values they were unaware of through dialogue. The desire to have one's
opinion known (self-expression) is one of the generally recognized motivations for dia-
logue [13], and the function of self-expression is listed as one of the functions that activate
interaction. Hiraki et al. [14] also described ”assertiveness” : findings related to the desire
for people to share the same opinions and to agree with one another. In order to realize
this in a dialogue system, users can ask questions to the dialogue system to obtain infor-
mation that they do not know or are interested in, or present their opinions. In other
words, the user can achieve this through user-initiated dialogue, and the system only
needs to respond to the user's questions. However, in terms of self-expression and asser-
tiveness, it may be effective for the system to ask the user questions or express opinions
in an attempt to get to know the user. In the case of a first-time dialogue, when there is no
mutual understanding between speakers, it is difficult for the user to actively recognize
the dialogue system as a partner for assertiveness and self-expression. Therefore, there is
merit in using system-driven methods to achieve the dialogue sought by the user.

Until now, dialogue systems have mainly focused on building systems that answer
users' questions. In contrast, there have been few approaches aimed at the latter. That is,
there were no models for expressing opinions to explore how to collect user opinions to
satisfy users. As a result, no investigation of what kind of topic transition strategy would
be best had been pursued.

To address this issue, this paper builds an opinion expression model that can elicit
users' opinions with various strategies, and clarifies what kind of topic transition strategy
will increase user satisfaction. By doing so, we contribute to identifying dialogue strate-
gies that increase users' willingness to interact.

In the dialogue act of a dialogue system, speech in which the dialogue system pre-
sents a general opinion or questions the user's opinion in the form of a specific opinion is
considered effective. For example, "Pizza is good?" the target and opinion should be ex-
plicitly stated by the system. Since different users have different interests, they may not
have specific opinions on a given topic or may not be interested in it. It is undesirable to
ask such users ambiguous questions expecting that they will spontaneously give specific
opinions. Furthermore, if they are repeatedly asked questions about topics in which they
are not interested, they may become less willing to interact with the system.

In human-human dialogue, the dialogue changes gradually depending on the rela-
tionship. For example, without information about the user, it is not known on which topics
they hold many subjective opinions. Therefore, it is conceivable to find the opinions that
they hold by asking easy questions for many people to answer, or by learning about their
experience first. If the user modeling is advanced, however, presenting topics on which
the user is likely to hold opinions will be efficient to collect their subjective opinions. In
this study, we examine the topic selection rules for what kinds of questions should be
selected to promote the user to feel that the system is "trying to understand the user.”

The dialogue system can consider various strategies such as whether it is sufficient
to know only one "very rare" opinion of the user, whether the quality (rarity) and quantity
(number of opinions) are important, or whether the number of opinions is sufficient. This
corresponds to considering whether quality or quantity is more important for the dialogue
system to understand the user. Through an experiment with this dialogue system and
impression evaluation, we examine what kind of estimation methods make the user's
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impression of the dialogue better to understand them. From this knowledge, we discuss
what makes people feel that they understand others. Since these are considered related to
the user's personality, we also examine the relationship between the personality and the
system’s willingness I to estimate.

2. Existing Research

Dialogue systems that model the user are a different approach from question-and-
answer agents such as ELIZA [7] and machine learning-based dialogue systems such as
LUNA [15]. This system is expected to be used in dialogue systems and dialogue robots
to build longer-term relationships. Collaborative filtering [16] is a method to model the
user. It can estimate their opinions from the data of known users based on the similarity
between them and the co-occurrence of opinions. It has been reported that this method is
not fully effective with a small number of data of the users [17]. To solve this problem,
methods such as grouping objects [18] and utilizing knowledge [19] have been proposed.
However, these do not take into account interactive methods that require additional in-
formation input from the user to maximize estimation. Uchida et al. [9] have reported a
dialogue system that expresses user’s opinions as tables and estimates their preferences
and similarities of items. The dialogue system asks questions to the user, resulting in an
efficient estimation of other user’s opinions from a small number of opinion data. How-
ever, the estimation handles only likes and dislikes, and cannot handle multiple adjec-
tives. In addition, only one third-party data set is referred to in the estimation process,
and estimation is not possible by referring to models of multiple users. The ability to as-
sume multiple third-party models and to allow for a high degree of freedom in expression
would allow for more general chat dialog situations. In this paper, we propose a method
for modeling user opinions interactively with less data that can be associated with the
user, while allowing for multiple third-party models and highly flexible expressions of
opinions.

It is shown that the dialogue system’s willingness to understand the user dialogue
contributes to the dialogue motivation in a certain topic [9]. However, the relationship
between estimation methods and the willingness has only been investigated to a limited
extent. Therefore, this paper proposes a user's opinion estimation system and investigates
its effect on the user's subjective impressions.

3. Proposed Method
3.1. Opinion Model

The knowledge of the dialogue system is called an opinion model. The model holds
opinion information defined by nouns, adjectives, and their pairs for each person. The
system holds opinion models for multiple people, and each noun and adjective is de-
scribed on a different semantic network. This has the advantage that it is easier to express
the polysemy of a particular noun. For example, consider the case where we describe the
relationship among three nouns: "pizza" "pizza served at restaurant A" and "restaurant
A." “pizza" is a general noun that is not limited to be served at a restaurant, while "pizza
served at restaurant A" is a noun that is limited to the restaurant. Here, both "pizza" and
"pizza served at restaurant A" are food, and can be included in the expression "Did you
eat X?". In this way, the processing differs depending on the type of relationship with
other nodes and is the same regardless of whether the relationship exists or not. The se-
mantic networks can describe the type of relationship (edge type) between nouns and can
flexibly increase or decrease the number of other nouns (neighbor nodes) that are related
to a particular noun. Therefore, we adopted it as a knowledge model that satisfies the
requirements of both language generation and knowledge processing. In the previous
study [9], it is difficult to increase the number of noun types. On the other hand, in our
method using semantic networks, the number of noun types can be increased simply by
creating new nodes and adding them to the existing semantic network.
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When estimating other user opinions (estimated data) from a small number of ob-
tained user opinions (input data), which method is superior, referring to the entire data
or only certain data? In the case of the topic "impressions of food" which is the subject of
this system, there is a relationship between "opinions about cake" and "opinions about
pizza." Here, it is important whether the other is useful in estimating opinions on the other
topic. However, the opinions are limited to the same topic. In the previous study [9], it is
not suggested that this method is effective even in the case of mixed topics, such as "pizza"
and "cake" where it is not certain that the tendencies of opinion are the same. Hence, This
study adopts semantic networks to the model user’s opinion.

3.2. Dialogue System

The purpose of this dialogue system is to model users maintaining their motivation
for. Modeling users means estimating opinions of specific users. But the dialogue system
is not allowed to ask any questions. Dialogue has rules, such as maintaining context, and
any deviation from these rules leads to dialogue breakdown [20]. The information that the
dialogue system is looking for to model the user does not necessarily match what ques-
tions can be asked in the current situation. Also, the semantic network is needed in the
process of modeling the user. While related research has been conducted such as in [21-
22], few have been developed for the purpose of being used in dialogues. Since it costs to
collect, maintain, and construct such data, it is desirable to be able to construct such data
from opinion data that can be collected on a large scale through questionnaires. However,
the information obtained in this way is considered to be simple, so it may not be able to
guarantee the complexity required for a dialogue system. Therefore, it is necessary to find
a method to increase the accuracy of the dialogue system by utilizing data with a simple
structure and with as little manual maintenance as possible.

There are two main types of functions required for opinion dialogues: The first is the
function to correctly recognize the user's intentions from the user's utterance (intention
level), which are developed in [23]. The second is the function to ask questions that will
promote the user's modeling based on their opinions collected through the dialogue and
the knowledge of the system (opinion level). The intention level has two additional func-
tions: the first is to determine whether the user has the relevant answer to the topic or
question and is suitable to ask it (interest or knowledge). The second function is to cor-
rectly recognize what the user said and what the user intended in response to the user's
answer, and to recover if the user's answer is not recognized.

Intention-Level

[ (Dinterest or knowledge ]

l

(@Target Experience

l

Opinion-Level

Figure 1. Process flow.

In this paper, we implemented the dialogue system shown in Figure 2.
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Figure 2. Dialogue System Architecture.

The intention level dialogue corresponds to the "Experience dialogue". The second is
"Opinion dialogue" which corresponds to the opinion level. This is the phase in which the
dialogue system asks the user for their opinion on a particular noun and obtains the user's
response. Since the number of opinions that a user has for a particular noun is limited, it
is necessary to change the topic to collect more opinions. Therefore, the dialogue system
repeats "Experience dialogue"” and "Opinion dialogue”. The following is the flow from
"Experience dialogue" to "Opinion dialogue”. This is referred to as one cycle.

—

Experience
question

get user
answer

topic change
question

First opinion question

{

First Opinion estimation
question

I
Second opinion question

1
Second Opinion
estimation question

L

Utterance in which the topic is presented by the
system

Figure 3. Flow of Dialogue.

The dialogue system asks an experience question, and if it is an opinion that the sys-
tem has knowledge of, it asks an opinion question. The opinion question involves ques-
tion generation and opinion estimation, and is repeated twice in this system. The reason
for repeating this process twice is that if three or more questions are asked, the user will
feel that the dialogue system is asking questions in a monotonous and one-sided manner,
and their motivation for dialogue will decrease. We thought that the user would be able
to agree that the questions were based on the results of the estimation made by the
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dialogue system in response to the first question if they were asked up to twice. If the
user's intention was unclear or if their intention did not exist in the system's knowledge,
an error recovery was performed.

In this study, opinions are defined as a combination of nouns and adjectives. In other
words, the dialogue system aims to identify nouns and adjectives in a single cycle, each
of which is conducted in "Experience dialogue" and "Opinion dialogue”. In order to iden-
tify nouns in the "Experience dialogue"” shown in Figure 1, it is necessary to specify the
candidates by considering the noun ones presented by the user and the context of the
dialogue. For this purpose, a "Noun network" a semantic network with nouns as nodes, is
necessary. Furthermore, to prevent users from asking questions that they have already
asked once, it is necessary to maintain "user experience data" which is a combination of
polarity and nouns that express whether the user has experience.

The "Comment generator" generates general opinions from "third-party opinions"
which are opinion data. This is used in "Opinion dialogue" to reduce the proportion of
questions in the dialogue act. This is because a dialogue consisting only of questions di-
rected from the dialogue system to the user will decrease in the user's motivation for dia-
logue. "User model optimization" estimates opinions that should be added to the current
user model and generates questions. "User model estimation" estimates and extends the
user model from the current user model, which is not explicitly stated in the dialogue. It
is not directly involved in utterance generation, but indirectly influences it through the
user model.

3.3. Data Collection

In this study, we handle opinions about food as the object of the opinion model. This
is because eating and drinking are matters deeply related to people's daily lives, and it is
highly likely that many people have opinions about them. The opinion model is defined
in the form of "[noun] is [adjective]". For example, opinions such as "pizza is good". First,
opinion data on food and beverages were collected through a crowdsourced question-
naire survey. The participants were 74 people between the ages of 20 and 60 living in
Japan. The questionnaire items are as follows.

Table 1. Opinion data collection item.

Question Type Items
Whether you have been to a par- Marugame Udon, McDonald's, Saizeriya, Yoshinoya, Gyoza no
ticular restaurant Ousho

Impressions of specific menus good, bad, salty, greasy, sweet, spicy, expensive, cheap, no par-
ticular impression!
Whether or not they have had a Have eaten, have never eaten
particular menu item

Eight adjectives were adopted to the impressions of specific menus. Restaurants were
selected from restaurants that have a nationwide presence in Japan and are considered
well-known throughout the country. Some other restaurants offering similar food and
beverages were omitted. This was done to avoid bias in the opinion data collected. Menus
were those listed on each restaurant's website as of December 2021. Alcoholic beverages
and general soft drinks, which are restricted to those who can drink, were removed, and
semi-solid items such as shakes were used as those classified as sweets. Opinion data were
collected for an average of 31 items per menu and 367 items per person in 493 types of
food and beverage items offered under the name of restaurants.

From the opinion data, a set of specific restaurants (restaurant) and their menus
(menuy) are extracted. Then, a genre (genre) was assigned to each menu. The criteria for
this process are as follows:

1. Nouns included in multiple menu names were used as genres.
2. One genre is adopted for each menu item.
3. If there are multiple menu components, the main one is used.
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4. Assign a menu genre that can be inferred from the restaurant where the menu item
is served.
5. If there are abbreviations or synonymes, treat them as the same.

In this dialogue, "genre" means "What did you eat? For example (genre)?" (6) The
word is used in the context of "What did you eat?”. In this dialogue, genre is used in the
context of "What did you eat?”. For example, toppings and condiments such as cheese,
sauce, and miso are additional to menus, and it is not appropriate to consider them as
typical items when menus are abstracted. In some cases, (burger) is also considered a
genre, but since it is synonymous with (hamburger), it is treated as the same genre. In
many cases, the genre is not included in the product name of menus offered at specialty
stores. For example, some menus offered at hamburger restaurants are expressed in the
form of "X burger" while others are hamburgers but omit the "burger" part. These were
adjusted manually. These subcategories of nouns and adjectives such as "menu", "restau-
rant", "genre" and "objective" which are the components of opinions, are hereinafter re-
ferred to as categories. The "noun network" in Figure 1 describes a semantic network with
relations between noun categories, the relations between restaurant and menu, and be-
tween genre and menu. The genre-menu relation is called isa relation, and the restaurant-
menu relation is. The genre-menu relationship is called "isa" and the restaurant-menu re-
lationship is called "has". “User model" and "third-party opinions" are described as a pair

of menus and objectives.

3.4. Dialogue to Specify Intention

In this dialogue system, the "intention level" identifies "what have you eaten at res-
taurants before?”. In the opinion level that follows, the dialogue system asks opinion ques-
tions such as "Do you think it tastes good?" or "Do you think it is expensive?" about a
specific food or drink, and the dialogue system estimates "Then I thought you would say
Xis tasty too”. After the opinion level is completed, the next experience question is asked
by determining the topics that can be presented in order to continue the dialogue. At this
point, the user does not always speak in a way that is ideal for the system. In such cases,
the system identifies what the cause is, and then makes an utterance to return to a dialogue
that achieves the system's goal. This is called error recovery. Error recovery in the "pres-
ence or absence of interest or knowledge" section is explained in the "determining strate-
gies according to interest or knowledge" chapter, "identifying the intended concept” is
explained in the chapter of the same name, and "opinion level" is explained in the "opinion
dialogue" section.

3.4.1. Determining strategies based on interest and knowledge

There are cases where users do not retain the answers intended by the system with
respect to the topics presented by the dialogue system. For example, if the answer to the
question "What did you eat for lunch?" was given in the morning, the user may respond
"l did not eat" or "It is not noon yet”. Also, the user may not remember the question. In
this case, the answer to the question, such as "I don't remember" may clearly indicate that
the answer to the question cannot be provided at this time. For example, in response to a
question such as "Have you ever been to (a restaurant)?" the respondent may explain the
reason by saying, "I went there a long time ago" indirectly indicating that they do not
remember or that they do not intend to continue the topic. In such cases, if a dialogue
strategy that elaborates on the topic is chosen in such cases, the user may be forced to
recall memories that he or she does not remember, or the user's motivation for dialogue
may be dampened by the use of unmotivating topics. In these cases, it is necessary to
check the user's interest and knowledge, and if necessary, to avoid the topic. This requires
rules that depend on the state of the dialogue and the type of questions asked by the dia-
logue system. The rules used in this dialogue system are described below.

Table 2. Error Recovery - Type.
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Rule Name Immediately preceding Example of user's ut- System Response
question - type terance
forget any “I forgot” Ask close questions with one level of
“I don’t remember” elaboration. (1)
not interest open topic “I'm not interested” “Are you interested in a meal?" and if

yes, end the dialogue.

open topic is an utterance that resets the current context and presents a new topic. (1)
is an act of speech that corresponds to an example, and "for example" is attached to the
beginning of the sentence. For example, "Have you ever had a cheeseburger at (a restau-
rant)?". This is a dialogue act that falls under the example. In this case, both the user and
the system can be used when the subject of the cheeseburger has not been mentioned im-
mediately before. (The purpose of (1) is to encourage the user to recall the experience.
The details are explained in the section "Intention Estimation by Elaboration". The [not
interest] indicates that the user is not interested in the topic or does not feel that it is worth-
while to interact with the system, and the preconditions for a conversation to begin with
are not met. Therefore, in this case, it is judged that the dialogue must be terminated.

3.4.2. Identification of Intended Concepts

The act of interpreting the user's response in this dialogue system is implemented by
mapping candidate answers maintained by the system to the user's intentions (specific
concepts that the user wanted to answer to the system's questions). The efficiency of this
process leads to an increase in the number of user opinions obtained in relation to the
number of dialogue turns, thus better achieving part of the purpose of the dialogue (mod-
eling the user). The following two methods were implemented to identify the intended
concepts.

3.4.3. Intention Estimation by Elaboration

In this dialogue system, opinions are defined as a combination of menu and option.
Since each menu has its own name, it is ideal that users could directly suggest the name
of the menu. However, it is not always possible for the user to provide such a name. For
example, in response to the question "Please tell me what else you have eaten at (a restau-
rant)" some users provide specific examples such as "I have eaten at (restaurant) X" while
others provide answers without specificity such as "I have eaten a variety of foods”. This
is assumed to be because the intent of the question is too vague, there are too many things
that come to mind to narrow it down to one, or the memory is too vague to recall imme-
diately. Therefore, in such cases, the system asks, "Have you ever eaten X?" and the system
should provide specific examples. The intention is to stimulate the user's memory, and to
have the user recall an experience that leads to a concrete opinion. The concrete example
presented at this time should be a plausible guess. This item is explained in the section on
"plausible assumptions”. As described above, open questions are those that prompt the
user to say "what" or "where" but do not provide specific examples.

The purpose of close questions is to encourage users to recall their experiences.
Therefore, it is desirable that the candidate answers presented by the dialogue system
through close questions be concepts that are close to or encompass the user's intentions.
Consider the following example.

SYSTEM "What have you eaten at (a restaurant)?" (1)
USER "Various things." (2)
SYSTEM “For example, have you had teriyaki corn pizza?” (3)

In utterance (3), the dialogue system presents a specific menu. The user who receives
this utterance considers the relevance of the utterance (3) based on the immediately pre-
ceding context (1) and (2). In this case, if there is a common understanding that (teriyaki
corn pizza) is a typical menu item at (a certain restaurant), the relationship between (1)
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and (3) can be inferred. However, if there is no such common understanding, the user
cannot fully understand the intention of the utterance (3). In other words, in the above
dialogue example, the reason why the dialogue system made such an estimation may be
unclear to the user. The cause of this problem is that there is no plausibility that the user
thinks the experience presented by the system is what the user is experiencing. In other
words, the system asks questions that have no basis for estimation and that are considered
to have a low probability of being experienced by the user. Therefore, one solution is to
generate questions that have a high probability of being agreed upon, regardless of what
intentions the user may have recalled. Specifically.

SYSTEM "What have you eaten (a restaurant)?"
USER "Various."
SYSTEM "Have you ever eaten pizza, for example?”

It is desirable that Pizza is a genre, a concept that encompasses multiple menus in the
"noun network" of Figure 1. It is expected that the probability is higher for a "genre" that
can be affirmed by having eaten any one of the menus in the "noun network" than the
probability that a user retains the experience of eating each individual menu. Therefore,
in this dialogue system, the following flowchart was implemented to make the "noun net-
work" correspond to the intention-specific dialogue.
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Figure 3. Dialogue system flowchart.

The [extract category] determines the categories for which the context is empty in the
order restaurant, genre, menu. The [open question] and [close question] are determined
depending on this category. If no answer is obtained after one [open question], [close
question] is repeated up to two times. Since [close question] requires estimation of the
dialogue system, the accuracy of the estimation depends on whether the purpose of the
dialogue can be achieved. On the other hand, in [open question], there is a wide range of
user responses, which can lead to errors such as ambiguous responses or failure of the
dialogue system to recognize them. Therefore, by employing both types of questions, the
probability of recognizing the user's experience is increased. The reason why [open ques-
tion] is placed before [close question] is that [close question] is a one-way repetition of
questions from the dialogue system, which is undesirable from the viewpoint of motiva-
tion for dialogue. The reason for repeating [close question] up to two times is also the
same: repeating the same dialogue action multiple times may remind the user of mechan-
ical behavior toward the dialogue system.

The concept of context was used above. This is a set of variables that describe the
state of the dialogue, in the following format

Table 3. Context used in dialogue to specify intention.
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Label Description Rule
restaurant Name of restaurant
Allow unknown when menu is
genre Name of genre of menu
known
menu Name of food
opinion Opinion on menu

In Table 3, the levels of abstraction are higher from the top and lower from the bot-
tom. Question generation, such as which genre to select from a particular restaurant and
which menu to select from a particular genre-restaurant combination, is explained in the
next chapter. It also identifies the restaurant even if the genre is filled first, and identifies
the restaurant even if the menu is filled. However, if the menu is filled, we added a rule
that the restaurant is not identified if the menu is filled. The reason for this is that the
relationship between restaurant and menu is has, while the relationship between genre
and menu isa. In the usage of what kind of experience the user retains, in the case of has,
the relationship from menu to restaurant is not specified (the dialogue system cannot de-
termine without confirming with the user that the presented genre or menu is offered by
the restaurant), whereas in the case of isa, the relationship from menu to restaurant is not
specified. In the case of isa, this is because of the social (not dependent on the user's expe-
rience) structure of the menu itself. For example

SYSTEM "What have you eaten at (a restaurant)?"
USER "I have eaten Margherita pizza."
SYSTEM "Is Margherita pizza a pizza?"

An example would be the above utterance. Asking this question to the user is an act
that emphasizes the lack of common sense of the dialogue system, and may decrease in
the user's motivation for dialogue, and is also useless in efficiently identifying the user's
intention. For this reason, we have added the rule that if a sub-concept of "isa" exists, the
blank space in the upper-level concept is acceptable. The dialogue labels to fill in the above
context are listed in Table 4.

Table 4. Type of utterance.

Label Description
open-genre Ask a question about GENRE in a WHAT.
close-genre Ask a question about genre in a YesNo.
open-menu Ask a question about menu in a WHAT.
close-menu Ask a question about menu in a YesNo.
open-restaurant Ask a question about restaurant in a WHERE.
close-restaurant Ask a question about restaurant in a YesNo.
open-topic While changing the topic, ask the experience question, "What
have you eaten before?”
close-opinion Ask questions about the user's experience in YesNo while pre-
senting adjectives
talk-opinion Give feedback on the system in response to user responses

For each of the categories listed in Table 3, open and close are implemented, plus
open-topic. However, open-opinion was not implemented; two question types, open and
close, were provided for each column. This is the minimum structure that was needed to
implement the following hypotheses.

1. Priority is given to topics presented by the user rather than topics presented by

the system.

Since the purpose of dialogue is the user's experience, it is desirable for the user
to present specific experiences to the dialogue system. When the system uses
estimation to ask questions to the user, the probability of achieving the dialogue
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objective depends on the accuracy of the estimation. Therefore, in order to obtain
the user's experience with a small number of dialogue acts, the dialogue system
should give priority to utterances that elicit topic suggestions from the user as
much as possible. The reason why a small number of dialogues is desirable is
that it is burdensome for the user to continue a monotonous dialogue for a long
period of time. In other words, user satisfaction can be improved by modeling
the user with a smaller number of conversations.

2. Encourage users to recall their experiences.

In some cases, users may not be able to recall their own experiences clearly in
response to system questions. In a chat dialog, a highly abstract question such
as "What did you do yesterday? in a chat dialog, a question with a high level of
abstraction may not allow the user to recall concrete details immediately. There-
fore, if the user does not give a clear answer, it is necessary to provide an exam-
ple from the dialogue system.

3. Do not repeat the same dialogue act.

If the user does not give a meaningful answer to a particular question to the
system, the system should attempt to resolve the issue by other means. For ex-
ample, if the question "What did you eat?" does not return an intention that the
system can interpret, it is undesirable to repeatedly ask "What did you eat?” Re-
peated mechanical responses will decrease in the user's motivation for dialogue.
“What did you eat at that time at X?" The latter is a solution to some extent by
changing the expression to "What did you eat at that time?” However, this
method cannot solve the problem when the question intention is accurately con-
veyed to the user and no answer is obtained. In addition, "Did you eat X?" fol-
lowed by "Then did you eat X?" Then did you eat X? If the user repeatedly says
the same thing over and over again, but only the words are changed, the proba-
bility of being able to infer the user's intention is low. However, if there are only
two or three candidates for estimation, it is acceptable to say, "Then, did you eat
X?" in the sense of "If it is not X, then it is only X." is acceptable. It is also possible
that (a) "I thought it was X, but it could be X" could be accepted as the intention.
However, if the same question type is not answered twice in a row, the same
question is not asked a third time. The second failure is acceptable to the user
because the user feels that the system is generating a different question than the
first one, based on the results of the first failure. However, since the third ques-
tion is not different from the second one, repeating the failed method may have
a negative effect on the user. Therefore, the number of repetitions of close ques-
tions in one cycle is limited to two.

While maintaining the opportunity for the user to speak freely, (1) and (2) can be
satisfied by giving an example from the system if no answer is obtained. If no answer is
obtained after two open and close questions, the question type cannot be repeated due to
the condition (3). Therefore, it is necessary to change the topic by using open-topic. Talk-
opinion and close-opinion are described in the chapter "Opinion Dialogue”.

3.4.4. Intention Estimation Handling Ambiguity

Dialogue systems need to identify user responses from user statements. In [Intention
Estimation by Elaboration], we described an intention estimation method based on slot-
filling. This is called intention estimation by slot filling. As another method to identify
user responses, we also implemented a method that uses analogy from words that indicate
the characteristics of branches (menus). This is called intention inference from notation.
In [Intention Estimation by Elaboration], specific intentions are identified one by one from
ambiguous intentions. However, if the user directly states a word that indicates the item
(menu) to be inferred, the menu can be identified without the above means. Intention es-
timation by slot filling as in [Intention Estimation by Elaboration] has the advantage that
the dialogue proceeds under the initiative of the dialogue system, but on the other hand,
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the number of dialogue turns until an opinion is obtained is large. On the other hand,
intention estimation by notation requires users to spontaneously say the words as in-
tended by the system, but the number of dialogue turns is small. However, not many users
have the opportunity to apply the intention estimation by notation. However, if the user
provides a clear answer, the dialogue act of slot-filling intention estimation, which reveals
the answer little by little, will lead to a decrease in the user's motivation for dialogue.
Because the system asks questions about words that the user has already said, the user
may distrust the recognition ability of the dialogue system, leading to a sense of frustra-
tion and a decrease in the user's motivation for dialogue. Therefore, it is desirable to use
the two intention estimation methods together.

Even when the system has narrowed down to one applicable intention for a user's
utterance, it may not be appropriate to determine that it is the user's intention. In other
words, the user may hold a concept that is unknown to the system. For example, in re-
sponse to the opinion "I ate pizza" it is undesirable for the dialogue system to proceed on
the assumption that the user ate Margherita pizza because "this is the only menu item that
includes pizza”. If we use the method of [Intention Estimation by Elaboration], we would
make statements such as, "Do you think Margherita pizza is good?" However, the user
feels that the conversation is interpreted in a way different from their intention, making it
difficult to continue the dialogue. The solution is to change the response depending on
the level of confidence. This can be done with unknown words, as described below, or
with confirmatory dialogue such as, "Are you talking about Margherita Pizza?” and the
confirmation dialogue "Are you talking about Margherita Pizza?” If the intention pre-
sented by the system in the confirmation dialogue is far from the user's intention, it is
inevitable that the user will feel distrust in the recognition ability of the dialogue system
because their cannot intuitively understand the reason for the estimation of the dialogue
system, and the users motivation for dialogue will be dampened. However, we believe
that the dialogue system itself will be more likely to be accepted by the user by showing
an attitude of being unsure of its interpretation. On the other hand, when the estimation
accuracy is high, confirmation questions should not be asked. For example, when some-
one says, "I ate a nugget" it is redundant to ask back, "Did you eat a chicken nugget?" is
redundant. In this way, the user may not be able to grasp the intention of the system's
question when the notations are almost identical or clearly indicate something. Therefore,
it is useful to have a method in which the criterion by which the confirmation utterance
should be implemented depends on the ambiguity of the user's utterance, and the level of
certainty for each concept should be determined from the user's utterance.

For example, assume that the system has a menu item named "Double Cheese Ham-
burger" and the user assumes a similar menu item. In such a case, the user may not be
able to correctly word the formal menu name word for word. For example, the user may
use phrases such as "cheeseburger” or "double cheeseburger”. In such cases, the system
must evaluate the proximity between the user's utterance and the candidate’s answers
that the dialogue system keeps in its internal memory. Also, abbreviations may be used,
or a higher level concept may be implicitly indicated by presenting it. Therefore, it is nec-
essary to have multiple notations for one concept.

Each of the notations can also be broken down into words, resulting in the composi-
tion shown in Figure 5. When a user makes an utterance, it is broken down into mor-
phemes, and whether or not the words in Table 3 are included is determined. KNP [36]
was used for morphological analysis. In this example, it is judged that the user's utterance
"hamburger store" contains the words "hamburger" and "shop". Therefore, since all the
words that make up the notation "hamburger shop" were included in the user utterance,
the notation "hamburger shop" was judged to be a 100% match. The percentage of words
of this designation included in the user utterance is hereafter referred to as the percentage
of agreement.
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Figure 5. Notation blur of hamburger restaurant.

Notation is acceptable if at least one of the conditions is met. A synonym dictionary
is also used at the word level. In this case, "shop" and "eatery" are registered in the dic-
tionary as words that have the same meaning in the context of this dialogue. The above
method can be used to determine the percentage of agreement for each of the designa-
tions. We considered this percentage as representing the confidence level of the system's
interpretation of the user's utterance. In other words, since only one of the maximum
matches is meaningful, we calculate the maximum percentage of matches for each invo-
cation. The closer this value is to 1, the more likely the user accurately referred to the name
held by the system, and the lower the value, the more likely the user referred to a different
concept. In this dialogue system, the rule is that if the maximum match ratio is 1, no con-
firmation question is asked; otherwise, a confirmation question is asked. The reason for
this was to take into account the possibility that a word that was not included in the user's
utterance was an important word if the maximum agreement ratio was not 1.

(1) Nominalizing dictionaries and noun dictionaries corresponding to the superordinate

categories and categories
Each element of a superordinate category itself may be mentioned in a dialogue. For
example, "What kind of [place] is that?" or "The [restaurant] was nice" can be read as
referring to a restaurant. When a specific opinion is presented by a user, it is neces-
sary to have a word or words that refer to a superordinate category or category itself
in order to identify the object to which it refers. For this reason, we have nouns such
as “place” that have the meaning of location, and words such as [genre] and [menu]
that indicate the elements of the category itself.

(2) Notation fluctuation dictionary of instances
In order to distinguish them from higher-level categories and categories, specific
menu names, genre names, restaurant names, adjectives, etc. that belong to the cate-
gory are called instances. We used the notation warping dictionary when there are
multiple expressions for each instance. When a restaurant uses the expression "ordi-
nary" for a standard menu in a specific genre, the combination of ordinary + menu
name, etc. are registered.

(3) Dictionary of word distortion
While [Notation fluctuation dictionary of instances] registers instance-specific word
variants, this dictionary registers variants that are not instance-specific. Only those
that are judged to have synonyms that will not change while the context of this dia-
logue is maintained are registered. Specifically, such pairs as katakana, hiragana,
kanji, and Japanese-English, and abbreviations such as "hamburger" and "burger" are
registered.
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3.5. Common Sense Candidate Ressoning

When asking a close question, a specific noun should be presented from the context.
Specifically, after the user states that he has been to restaurant A, the system asks, "Have
you ever eaten at X?" and generates a question when the user asks the question. For ex-
ample, consider the following context

{ restaurant : (restaurant A), genre : hamburger , menu : unknown }

After this, the context is expressed by keyed brackets. In this case, one of all menus that
have a relationship with restaurant and an isa relationship with genre will be presented.
For example

{ restaurant : (restaurant A), genre : hamburger , menu : hamburger }
{ restaurant : (restaurant A), genre : hamburger , menu : cheeseburger }

are the candidates. The following two algorithms were considered when selecting one of
the menus.

®  Priority is given to the one with the highest frequency in the total data.
® [Estimating a third party close to the user and estimating the user's opinion from the
third party's opinion data

The overall data is represented in Table 1 as a table with columns for people, adjec-
tives, and nouns. Taking the adjectives and nouns as inputs, we can obtain from the over-
all data a list of Boolean values for the number of third parties stored by the system. At
this stage, the context of the dialogue does not include adjectives. In other words, in order
to execute the above algorithm, it is necessary to fix the adjectives to one. Here, the adjec-
tive is fixed to "good". Frequency in 1 means the percentage of true values in the list of
Boolean values for the number of third parties. The second method refers to the method 1
and the second method refers to the method 2. Method 2 differs from method 1 in terms
of the third parties referenced: while method 1 refers to all persons, method 2 refers only
to the data of a subset of persons who are judged to be close to the user. The details of
method 2 are described in the section [Opinion Dialogue].

In the [Intention Estimation by Elaboration], [Inference of Common Sense Candi-
dates] corresponds to close-restaurant, close-menu, and close-genre. These are always
performed after open, as shown in Fig. 4, to explore the possibility of advancing the dia-
logue with fewer dialogue turns by asking open questions. When that fails, the dialogue
system presents a plausible candidate based on the current context and the overall data of
the dialogue system to encourage the user to recall the experience. The "plausibility" cri-
terion can be thought of in two ways: first, by presenting opinions that are generally ac-
cepted, and second, by presenting opinions that are appropriate to the user model. The
difference between the two is described in [Selection Algorithms Based on Information
Content].

3.6. Opinion Dialogue

After [Identification of Intended Concepts], [Opinion Dialogue] is executed. The pur-
pose of [Identification of Intended Concepts] is to recall the user's experience and identify
nouns. In [Opinion Dialogue], the user model is further expanded by identifying adjec-
tives. The following two methods were employed to extend the user model.

1. Directly asking
2. Infer other opinions from the user model

In case 1, for example, "Do you think the cheeseburger (sold at restaurant A) is
greasy?" and the user directly returns Yes or No. While this is highly accurate as a user
model, it requires N turns of conversation to obtain N user models. 2 is the presumption
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that other opinion data not explicitly affirmed by the user is also considered as a user
model. This is an efficient modeling method because it allows the user modeling to pro-
ceed without any dialogue with the user. On the other hand, accuracy (the percentage of
users who agree with the opinions estimated by the dialogue system) is an issue. Further-
more, rules are needed to determine on what basis the system judges the opinions to be
plausible. However, this dialogue system is superior to method 1 in terms of modeling
because it aims to advance more modeling with fewer dialogues.

Also, if random question generation is used, the user may wonder, "Why did the
dialogue system ask these questions?" If random question generation is used, the user
may wonder "Why did the dialogue system ask this question?”. Continuing dialogue for
a long period of time with unclear intentions is considered to be a burden on the user. The
final state that the dialogue system wants to know about the user and the process leading
up to that state are referred to here as "question intention”. For example, if the dialogue
system repeatedly asks questions that anyone can agree on, it can be interpreted as "trying
to ask questions that are easy to answer for users who are meeting for the first time and
have little understanding of each other”. For example, if the dialogue system asks a ques-
tion about "greasy" and the user agrees to the question, it can be interpreted as "the dia-
logue system judges that the adjective greasy is important for understanding my opin-
ion”. The user's motivation for dialogue is likely to change depending on whether or not
the user can sense "question intent" from the dialogue system's questions and what type
of question intent the user has.

In [Opinion Dialogue], users are modeled in two ways: in method 1, the type of ques-
tions generated is important for modeling and motivation for dialogue. In method 2, the
questions asked in method 1 are used as input for estimation. In other words, the consid-
eration of the best way to model users using methods 1 and 2 comes down to the rules of
question generation in opinion dialogue. In the section [Estimation Model], we will dis-
cuss question generation.

3.6.1. Estimated Opinion Model

The purpose of this dialogue system is to model users more efficiently. Therefore, the
system needs to estimate the opinions of users and the rules for generating questions to
make such estimation more efficient. Here, we consider a method for estimating a larger
number of user models from a small amount of data obtained through user interaction.
The method employed in this paper is based on third-party data. The dialogue system
stores the opinion data of many people (overall data) in advance, and judges "who the
user is close to" from a small number of user models. This is based on the assumption that
"people who have the same opinions have a high probability of also having similar opin-
ion trends”. The following three factors were taken into account when making this esti-
mation.

1.  Evaluation of proximity between opinions
One of the studies on classification of dialogue breakdowns [20] is unrelated topics.
This means an utterance that deviates from the previous topic, and is one of the
causes of dialogue breakdown. This dialogue system repeatedly asks questions to
the user multiple times. In such cases, if the immediately following question is not
related to the previous question, it may fall under the category of irrelevant topic. To
prevent this, the system evaluates the closeness of the opinion obtained by the im-
mediately preceding question to the opinion obtained by the next question. Since
opinions are composed of noun-adjective pairs, we have the freedom to refer, for
example, to the distance between nouns, or to the distance between adjectives. In this
paper, only perfect agreement was used for adjectives and distance was used for
nouns. This is because the number of adjective types is small (eight) and cannot be a
distance measure that can be classified at a high granularity. However, it is possible
to consider the association between adjectives for opinions about food, such as "I find
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healthy food tasty" or "I do not like sweet food" depending on the person. This sug-
gests that the association between adjectives may be useful for estimation when con-
sidering the association of opinions by different users. Application of this concept
could make user modeling even more efficient, but this is a topic for future work.

A method for evaluating proximity between nouns is the semantic network "dis-
tance"[24], and its application to word similarity has been suggested with certain
contributions in [25] and others. Also, the semantic networks used include wordnet
[22] and word2vec [26-27]. However, for the reasons explained in the Data Collection
section, it was necessary to use data on real restaurants and the names of the menus
they sell. The data was partially created manually based on wordnet.

The above sets the restriction that only opinions whose distance in the semantic net-
work is within a certain value as the proximity between the immediately preceding
opinion and the next opinion to be presented are presented. This prevents the ap-
pearance of unrelated topics [11]. This threshold is hereafter referred to as the "simi-
larity topic threshold”.

2. Evaluation of proximity of opinion tendencies among people

The few opinions obtained in a dialogue are called "input opinions" and the opinions
that can be inferred from the data are called "inferred opinions”. In [opinion dia-
logue], it is necessary to implement a method of estimating other opinions from user
models. We utilize some third-party data as a method for this, as opposed to the
method of Uchida et al. [9], where opinions are estimated by a statistical evaluation
that takes all data into account. This paper employs a method that first evaluates the
proximity between the user and a specific third party, and then estimates the user's
opinion model. This differs from the conventional method in that it does not refer to
"the data of others who are not judged to be close. This is a device to make the method
use only local data in order to make it applicable even if the opinion expression space
or the overall data is huge. Since it is not possible to use a large amount of data, the
method evaluates the closeness to a specific third party by utilizing a simple criterion:
whether or not there are opinions that coincide with each other. This method is suit-
able for use in dialogue systems, where the emphasis is not on the accuracy of opinion
estimation but on the clarity of the explanatory nature of the estimation.

To determine whether there is a tendency toward the same opinion, the "opinion
agreement rate on nearby topics” is employed. Specifically, the number of nouns at a
certain distance from the noun of the opinion obtained in the dialogue is used as the
denominator, and the number of the same opinion held by both of the two users
judging proximity among the nouns in the denominator is used as the numerator.
The reason for imposing the restriction of "nouns at a certain distance from the noun
of the opinion obtained in the dialogue" in the denominator for calculating the agree-
ment ratio of opinions is based on the hypothesis that nouns that are far apart in
semantic distance are less related to opinion trends. Specifically, it is not common to
judge that opinions about "pizza" are also similar based on the fact that they are sim-
ilar with respect to opinions about "cake. The "third party with opinions similar to
those of the user" is defined as a person whose "agreement rate of opinions on neigh-
boring topics” exceeds a threshold value. This threshold is called the "similar third
party threshold.

3. Evaluation of the likelihood of the estimation
If a third party is sought who is judged to have preferences similar to the user's, the
opinion data of that user should be considered as the user's estimated opinion. How-
ever, the third party's opinion data contains noise, and not all of the opinion data
should be considered as estimated opinion data. In this case, the likelihood of the
estimation is determined for each of the third-party opinion data to determine
whether or not to consider them as estimated opinion data. Specifically, for each
third-party opinion data, we calculate the percentage of third parties who hold that
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opinion. Only those opinions that exceed the threshold are considered to be user opin-
ions. This threshold is referred to as the "opinion estimation threshold.

By imposing the constraints of a in the topic presentation of the dialogue system, we
can avoid dialogue breakdowns; by b, we can estimate third parties with similar opinion
tendencies from the user's statements; and by ¢, we can extract opinions that are common
to all of them. By going through the above process, the user's model can be better esti-
mated with less dialogue. The threshold values used in this experiment are as follows.

Table 5. Opinion dialogue system thresholds.

Type Threshold
Similar Topic Threshold 2
Similar Third Party Threshold 0.2 (20%)
Opinion Estimation Threshold 0.2 (20%)

Similarity Topic Threshold: The semantic network of this system consists of three
layers: restaurant, genre, and menu. Since the target to verify the similarity of nodes is
menu, if this threshold is 2, all other menus belonging to the genre to which a particular
menu belongs are targeted. Since the opinion consists of menu + adjective, the threshold
value must be even. If the threshold is 4, there will be two nodes between the source menu
and the target menu. If the number of nodes to be relayed is more than one, the question
"What is the relationship of the chosen node to the previous context?" means that the ques-
tion "What is the relationship of the selected node to the previous context? In order not to
make the user feel that it is an irrelevant topic, we decided that the value of 2 is appropri-
ate. The other threshold values were related to the number of third parties and menus
maintained by the system, and were adjusted manually, referring to actual dialogues and
estimated opinions.

3.6.2. Selection Algorithm Based on Information Content

The previous chapter described the extension of the user model through dialogue.
That is, it shows the relationship between the opinions that the dialogue system asks ques-
tions about and the user model that may be obtained in the end. Uchida et al. [9] suggested
that the dialogue system's attempts to understand the user's opinions can lead to an in-
crease in the user's satisfaction with the dialogue. At this time, the relationship between
the opinion that the dialog system "understands the user better" and the level of dialog
satisfaction is not clear. For example, hypotheses that contribute to the dialogue system's
"attitude of trying to understand the user" include

® Maximizing the number of user opinions.
® That the opinions obtained are "rare opinions
® Both of them

The following are possible: Knowing many opinions contributes to "user understand-
ing. However, even if the dialogue system is able to know many opinions that are not rare,
if there is no knowledge that differentiates the user from the majority, the dialogue system
may not be able to say that it has fully understood the user. The method to be employed
as the "evaluation index of the final user model" is denoted as "dialogue strategy” below.

If the method presented in [Estimation Model] is an acceptable estimation method
for the user, the dialogue strategy is considered to be communicated to the user through
the questions presented by the dialogue system. Specifically, if priority is given to "num-
ber of opinions" the questions will be those with which many people can agree, or ques-
tions about opinions of high interest in which many people hold opinions. On the other
hand, if priority is given to "rarity of opinions" questions that subdivide the user's prefer-
ences based on the content of the immediately preceding question will be expressed. Thus,


https://doi.org/10.20944/preprints202209.0311.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 September 2022 doi:10.20944/preprints202209.0311.v1

we can expect to manipulate the understanding attitude of the dialogue system by such
indicators as the number and frequency of user information. In this paper, we employed
the quantity of information as an indicator that reflects the number and frequency of in-
formation.

I(E) = —log(E) 1)

P(E) is the probability that event E occurs, where E is the event that the user holds a
particular opinion. This probability is the probability that a third party holds that opinion.
For example, if the dialog system remembers 50 user models and 20 users hold the opinion
"Margherita pizza is good" then P(E(Margherita pizza, good)) = 20/50 = 0.4. I(E) becomes
larger the more rare the opinion is.

In addition, this dialogue system needs to select the best question q from the candi-
date opinions O that can be obtained through the dialogue. Let Q be the set of candidate
questions.

0 =est(q),q €Q 2)

next nodes = {q €Q Imax(f({ I(0)| o € 0}))} (3)

est is a function that estimates the user model when a question q is selected. In (3),
f({1(0)| o € 0}) is calculated for the set of candidate opinions O that can be obtained
through dialogue, and q that maximizes this value is used for question generation. The
function f is a function that expresses "what aspects of the opinion candidates that can be
estimated by the next opinion presentation are evaluated. The function f(X) used in this
study is shown below.

count = |X| 4)
max = max(X) (5)
sum: = Yyex(x) (6)

X is the set of informational quantities, and count is the number of such quantities,
not the amount of information. max is the maximum informational quantity in X, and
sum is the sum of the informational quantities. We investigate the number of opinions to
be estimated and how the impression of the dialogue changes depending on the amount
of information.

4. Experiment

In [Selection Algorithm Based on Information Content], we presented three types of
indicators to evaluate the final user model: count, max, and sum. count does not include
information content in the equation, but the estimated number of pieces affects the result.
In other words, the dialogue system does not focus on individual opinions, but rather on
the strategy of collecting knowledge about many users. The fact that opinions agreed by
many users can be obtained through dialogue means that the model to be estimated tends
to have more opinions agreed by many users. max includes the amount of information in
the equation, but the number of pieces estimated does not affect the result. In other words,
the dialogue system focuses only on the rarity of the opinions and does not consider how
many can be estimated. This type of high information content and low number of relevant
opinions is a common tendency among uncommon user types. sum includes the amount
of information in the equation, and the number of pieces estimated also affects the results.
In other words, the dialogue system focuses on both the rarity of the opinions themselves
and the number of estimates. Instead of presenting extremely rare or conventional opin-
ions, this method maximizes the acquisition of user models in terms of the amount of
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information. The impression of the dialogue is also considered to be influenced by the
user's personality [28], so the system is also analyzed with these data.

The main experiment will be conducted after a preliminary survey. In the prelimi-
nary survey, third-party opinion data for 40 people were collected online. The subjects are
between 20 and 59 years old, residing in Japan, and are collected in the form of question-
naire data to be answered on the Web. The questions consisted of three items: basic infor-
mation (gender, age, occupation, prefecture of residence, hobbies), user personality char-
acteristics (Japanese version of TIPI [29]), and opinion data (Table 1). This dialogue system
was constructed based on the data obtained from the preliminary data collection. The
main experiment was then conducted. The conditions for collecting subjects were the
same as for the preliminary data collection. In this experiment, 75 subjects responded.
Dummy questions were obtained for both the pre-survey and this experiment to screen
the data. The following procedure was used for this experiment

Conduct a conversation with the dialogue system

Respond to the question, "What is your impression of the conversation?

Repeat 1 and 2 three times

Respond to a questionnaire for basic information, personality characteristics [27], and
opinion data

L

The conditions are (Formula 1) (Formula 2) (Formula 3), and the order is randomized
for each subject. In the "Impressions about the conversation" section, a five-point scale
from "does not apply" to "applies well" was set for the following items.

Did the person try to understand you?
Did they understand you?

Would you like to talk to them again?
Satisfaction with the conversation

Is the presumption natural or not?

4.1.Interface
Fay Fa{ybtﬁﬁb‘ka Let's talk to a chatbot!

CHLMTFTRORYPEY LERELTVWEETEY,
EBROLD, OFy FEEXHICHMCESS A MRV OTIRDEIY,

You will have a short conversation with the robot on this

EEA R LYELS, D 550IDEGoogle FormiCBALTF S0 e ELZEE MR ADBE RS ELA. ?:lexperimental purposes, the robot is basically unable
ID : 2gRPE to answer questions

TSI A RO O—FEfTHT S THIERRIZY £ b Fh3 T4 SIS AT AMS SETA LV EY Y O—FEiTbAEL When the conversation is over, please fill out this ID on
TEAL, the Google Form. (However, you do not need to fill in the
BEHEEECTH TSV LA PO S BA H BY2 T, form for the second time or later)

Erﬁybﬂjﬁ MR LTI >R EOBHBLA SV PRATIEDHEBELE LR, AROOEESURELLYVLTOES D: ZgRPE

Reloading the browser will reset the dialog status, but

-2 LTRR . AL, . .
Al R I TR T SR please do not reload unless instructed by the dialog

[RE RSV LB AN T4 — AL FEANLTF A, PROSSRIFT o HEEA, system.
OF O BEICE L SEIC OO EO0TT IS0, BROBEEFIEEELLVTESL, Please answer in full screen. The layout may be
AR—ZAPERRELLEAALELTER corrupted.

When answering the robot's question with the name of a
restaurant you have been to or an menu you have eaten,

Do RIEILLET] do not make utterances containing more than one
answer.
Hob: BUEORA i S % 0% e ) )
o DA RO e S S TR U M RO R W e etk Please combine all utterances into one and press the
Otk HREE ¥l e HBYETH? "Speech" button.
NRBHCTECErBYET Bl Please enter text in the input form to push the "Speech"
Dftsh: BBEE button. (If the form is left blank, the button cannot be
pushed).

oftyh ARRETHATRSEATIF? Do not enter spaces, special symbols, etc.

EXIEACAILE HUK
Ofiyb: EXIEA>TRELVEBEVLETHT

(a) image (b) English translate

Figure 2. Chat Interface
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The dialogue interface provides notes at the top of the screen and chat-style dialogue
at the bottom of the screen. The dialogue system speaks to the user by entering start. The
name of the dialogue system is unified with "Robot". The dialogue system ends when the
following conditions are met

® Opinion dialogue is performed a total of 4 times.
® The topic presentation is performed 12 times in total

This dialogue system generates a delay in speech. This is done for the following two
reasons: first, to avoid giving the user the feeling that the dialog system is responding
mechanically; second, to evoke the user's attention to what the dialog system says. Specif-
ically, this is to prevent the user from responding randomly without reading sentences in
detail. It is known that in person-to-person dialogue, turns are exchanged alternately and
a certain pause occurs between them [30]. It is also known that differences in robot reac-
tion times can greatly affect the prediction of the robot's response that the user expects
[31]. Therefore, while always delaying for a fixed length of time, the dialogue system was
delayed significantly for statements that the user particularly wanted attention to be paid
to. We divided the delay of this dialogue system into two parts: the delay between the
user's utterance and the system's response (turn start delay) and the delay between the
system's utterances (intra-turn delay time). The following rules were used for the delay at
the start of the turn

® The user speaks 3 seconds after the dialogue system completes its generation of ut-
terances

With the above rule, the delay time varied depending on the time taken to process
the generation of utterances. Since the processing of [Selection Algorithm Based on Infor-
mation Content] takes time in this dialogue system, the delay time increases only for opin-
ion utterances. This may lead the user to predict that the system's opinion utterances are
more important than the other utterances.

In addition, the following rules are used for in-turn delay

® Separate by a punctuation mark (end of sentence)
® Speak 3 seconds after the previous utterance

This delay takes into account the time it takes for a person to type a text. If the utter-
ance is repeated without delay, this is a behavior that is difficult for a person to achieve,
thus taking into account the possibility of giving the impression of machine-like behavior.

5. Result

The Japanese version of the TIPI [27] was used for the users' personality traits, and
five factors [32-33] were assessed: extraversion, cooperativeness, diligence, neuroticism,
and openness. We also analyzed those who retained moderate and high scores on each
personality trait factor. Since the possible values of the Japanese version of the TIPI ranged
from 0 to 16, we divided the TIPI into three groups: 0 to 5.3 as the low group, 5.3 to 10.6
as the middle group, and 10.6 to 16 as the high group. Excluding the low group, the data
for the medium and high groups are defined as open-minded, extroverted, cooperative,
industrious, and neurotic in this paper. The reason for excluding the low group is to en-
sure a sufficient number of data and to analyze each case in which the characteristics of
each factor are strong. A one-factor analysis of variance was performed using these data.
The results are shown in Table 6.

Table 6. Subjective evaluation of each dialogue strategy.

Personality traits Questionnaire item condition
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ANOVA p- sub effect tests Ryan-method p-
max count Sum

value value(pair)

Talk again 2.88 3.00 2.48 0.0251* 0.00952 (count-sum)

Estimation natural- 297 3.06 279

ness

Openness(n=33) Understand 2.85 3.00 2.82
Try to understand 3.64 3.82 3.33 0.0356* 0.0109 (count - sum)
. . 0.00652 (max - sum)

f 291 2. 2. .0122*

Satisfaction 9 85 39 0.0 0.0157 (count - sum)

Talk again 2.81 2.92 2.58

Estlmat;oer;Snatural— »88 3.08 296
Understand 2.77 2.92 2.85
Try to understand 3.58 3.73 3.35
Satisfaction 2.73 2.85 2.38 0.0631+
Talk again
Estimation naturalness
Understand 2.87 2.89 2.58

Try to understand

Extroversion(m=26)

Satisfaction

A 1] /. 21N
NAFICCAdUICTIICSS(IT=4T
5 ) ! Estimation natural- 3.08 3.03 989

ness
Understand 2.89 2.97 2.87
Try to understand 3.63 3.76 3.42
Satisfaction 2.95 2.79 2.55
Talk again 2.78 2.94 2.44 0.0496 *

Estimation natural- 3.00 3.06 2.84

Conscientious- ness
ness(n=32) Understand 2.75 2.97 2.81
Try to understand 3.63 3.78 334  0.0859 +
Satisfaction 2.88 2.75 2.44 0.0756 +
Talk again 3.07 3.00 2.66

Estimation natural- 321 3.14 2.93

ness
N tici =22
euroticism(n=22) Understand 303 303 293
Try to understand 3.66 3.79 3.52
Satisfaction 3.21 2.93 2.72

The "ANOVA p-value" does not show p-values below 0.1. Also, "sub effect tests Ryan-method p-value(pair)" does not
show p-values below 0.05. +: <0.1, * : <0.05, Talk again: "Would you like to talk to them again?", estimation natural: "Was
the estimation natural?”, try to understand: "Did they try to understand you?", satisfaction: "Satisfied with the dialogue?”.

The results showed that max and count were superior to sum in the "satisfaction with
the dialogue" indicator and in the "openness" indicator. In addition, "Would you like to
talk again?" and "Was the other party trying to understand you?" also showed higher
scores for count than sum in the openness condition.

Table 7 shows the amount of user information at the end of the dialogue for each
method. The amount of information of the direct opinion is the amount of information
obtained from the user model obtained when the dialog system asked "Do you think X is
good/expensive/cheap? The amount of information of the directly asked opinion is the
amount of information of the user model obtained when the dialog system asked "Do you
think X is good / expensive / cheap? The amount of information of the estimated opinion
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is the amount of information of the opinion estimated by the system without confirming
it directly with the user.

Table 7. Parameters after dialogue.

max count sum
Sum of information content of directly 11.26 9.619 9.741
heard opinions (average) (1.413) (1.380) (1.337)
Sum of information content of opinions ~ 39.37 51.67 50.33
estimated (average) (2.141) (2.253) (2.218)
Average of the number of opinions di- 5.211 4.816 4.895
rectly heard
Average of the number of opinions esti-  19.61 21.87 24.29
mated
Number of types of opinions held by the 286 279 320
user model (38 total)
Average number of duplicates of one 2.606 2.979 2.884

type of opinion

To investigate the impact of estimation accuracy on the impression of the dialogue,
the correlation between estimation accuracy (percentage of correct answers) and impres-
sion evaluation was also examined. The results are described from Table 8 to 11.

Table 8. Correlation coefficients between the percentage of correct answers for directly asked items
and the questionnaire index.

Agreeable- Extraver- Conscien- Neuroti- Openness

ness sion tiousness cism
Did the interlocutor (robot) try to under-  .0404 128 .0249 -.0821 .0404
stand you? (.691) (.:264) (.819) (.493) (.691)
Did the robot understand you? 0172 .0652 -.0314 -.0269 0172
(.866) (:571) (.773) (.823) (.866)
Would you like to talk again? .0531 .0966 .00909 .0321 .0531
(.602) (400) (.933) (.798) (.602)
Satisfied with the dialogue? -.0360 .0126 .0974 .0345 .0360
(.723) (.913) (:370) (.774) (.723)
Whether the presumption is natural .0350 .0881 .0201 -.00574 .0350

(.731) (443) (.853) (.962) (.731)

Table 9. Correlation coefficients between the percentage of correct answers for the estimated items
and the questionnaire index.

Agreeable- Extraver- Conscien- Neuroti- Openness

ness sion tiousness cism
Did the interlocutor (robot) try to under- ~ .132 204+ 168 -.0118 132

stand you? (.193) (.0730) (.120) (.921) (.193)

Did the robot understand you? 204+ .360** .304** .143 .258%*
(.0730) (.00121)  (.00425) (.229) (.00992)

Would you like to talk again? .168 .319** .265* 120 .252*
(.120) (.00442) (.0130) (.315) (.0118)

Satisfied with the dialogue? -.0118 377 .305** 179 .280**
(.921) (.000675)  (.00404) (.132) (.00497)

Whether the presumption is natural 132 .315** .250% 124 .244*

(193)  (00491)  (.0193)  (298)  (.0150)

Table 10. Correlation coefficients between the information content for directly asked items and the
questionnaire index.
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Agreeable- Extraver- Conscien- Neuroti- Openness

ness sion tiousness cism
Did the interlocutor (robot) try to under-  .0261 127 .0117 -117 .0261
stand you? (.797) (.269) (.914) (-330) (.797)
Did the robot understand you? 127 -.0399 -.0937 -125 -.0639
(.269) (.729) (.388) (.:300) (.:530)
Would you like to talk again? 0117 .00657 -.0534 -.0725 -.0267
(.914) (.954) (.623) (.545) (.793)
Satisfied with the dialogue? -117 -.0421 -135 -.0959 -.0880
(.330) (.714) (:213) (.423) (.387)
Whether the presumption is natural .0261 -.0170 -.0698 -.103 -.0577

(.797) (.883) (521) (.388) (571)

Table 11. Correlation coefficients between the information content for the estimated items and the
questionnaire index.

Agreeable- Extraver- Conscien- Neuroti- Openness

ness sion tiousness cism

Did the interlocutor (robot) try to under- ~ .123 181 141 .0381 123
stand you? (.225) (.113) (-191) (.751) (.225)

Did the robot understand you? 183+ 291** 205+ .101 183+
(.0697) (.00969) (.0569) (.400) (.0697)

Would you like to talk again? .146 .180 154 .0791 .146
(.149) (.115) (.155) (.509) (.149)

Satisfied with the dialogue? 174+ 222+ 199+ .152 174+
(.0842) (.0507) (.0649) (.202) (.0842)

Whether the presumption is natural 113 .180 117 .0929 113

(.263) (116) (.280) (438) (.263)

0.05. +:<0.1, *: <0.05.

The "opinions directly questioned" refer to the opinions that the dialogue system
asked the user during the course of one dialog. The "estimated opinions" are the opinions
of the user model at the end of a dialogue, excluding the opinions that were directly ques-
tioned. The percentage of correct answers is the percentage of the opinions that were in-
cluded in the opinion survey data conducted after the end of the dialogue. The question-
naire index is the value of the subjective survey of the dialogue conducted after the dia-
logue. The correlation between the estimated percentage of correct answers and the ques-
tionnaire index showed weak correlations for cooperativeness, extraversion, industrious-
ness, and openness. Although it could not be confirmed for neuroticism tendency, the
number of mothers tended to be smaller for neuroticism tendency than for the other indi-
cators. Furthermore, the correlation between the estimated information content on opin-
ions and the questionnaire index showed weak correlations in extroversion and diligence
with the index "Did the other party understand you? The correlations were confirmed
only for the estimated opinions, and none of the correlations were confirmed for the opin-
ions directly asked.

Examples of dialogues are presented below.

ROBOT: Excuse me for coming on such short notice! I would like to know about your food prefer-
ences, and I hope you will stay with me for a short time. If you eat out, where have you been?
USER: I have been to [name of family restaurant].

ROBOT: I see. USER: Yes, I have been to [name of family restaurant]. Have you ever been to [name
of Chinese restaurant], for example?

USER: I have been there.

ROBOT: I see. What did you eat at [name of Chinese restaurant]?

USER: I had gyoza.

ROBOT: I see. What kind of dumplings did you have?

USER: I had garlic zero ginger dumplings.

ROBOT: Do you think garlic-zero ginger dumplings are good?

USER: I think they are good.
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ROBOT: Hmmm. Then, do you think [name of Chinese restaurant] ramen is good?

USER: I think it is good.

ROBOT: I guess. I have the impression that those people like healthy food. Do you think ramen is
inexpensive?

USER: I think it is cheap.

ROBOT: Hmmm. Then, do you think [name of sushi]'s asari-dashi ramen is inexpensive?

USER: I think it is cheap.

ROBOT: I guess. I have a vague impression that people like that would say that asari-dashi ramen
is cheap. What else have you eaten at [name of Chinese restaurant]?

USER: I have had fried rice.

ROBOT: Do you think fried rice is good?

USER: I think it is good.

ROBOT: I see. Do you think fried rice is cheap?

USER: I think it is cheap.

ROBOT: I see. It's time for us to go, so I'm going to end now. Thank you very much.

%% The parts that can identify actual stores are indicated in generic notation with [ ].

4. Discussion

In this study, we developed a dialogue system to model users' opinions, and differ-
ences in users' motivation for dialogue were examined depending on the methods of the
opinions to be modeled. The results showed that sum was inferior in terms of motivation
for dialogue under the high openness condition, while count scored higher than sum in
terms of understanding attitude and dialogue satisfaction under the same openness con-
dition. In addition, the information content and the correctness rate of the estimated opin-
ions were positively and weakly correlated with some subjective ratings in some condi-
tions.

The conditions in this dialogue are the differences due to the methods of the opinions
to be modeled. Chat dialogues are generally not only about exchange information, but
also aiming to continuing the dialogue and the dialogue itself. Therefore, the attitude of
understanding the dialogue system is not necessarily important for the user. On the other
hand, even in chat dialogues, it is thought that some people's motivation for dialogue is
greatly influenced by what the other party has said rather than by the social rules of the
dialogue. In Table 6, only openness showed significant differences among the three con-
ditions of "whether or not you were satisfied with the dialogue", "whether or not you
would like to talk again" and "whether or not the other party was trying to understand
you”. This suggests that for those with high openness, differences in the nature of the
presumed opinion of the user may affect their motivation for dialogue, etc. In [28], which
investigated the relationship between personality traits and dialogue, it was suggested
that openness and main effects are factors, and the results here are similar.

Table 7 shows that sum and count are almost equal in terms of the total information
content, while max is inferior. In terms of the number of opinions, sum is greater than
count, and count is greater than max. This suggests that max is not a superior method
from the viewpoint of advancing user modeling and that sum is a superior method. On
the other hand, Figure x shows that sum was inferior to the other two methods in subjec-
tive evaluation in terms of "whether you were satisfied with the dialogue", "whether you
would like to talk to the person again" and "whether the person tried to understand you”.

There is no significant difference in the information content of the opinion directly
mentioned between sum and count, and there is a significant difference in the information
content of the opinion inferred. In other words, there is a suggestion that users were able
to sense the tendency of opinions that can be inferred from their opinions through the
dialogue. However, this does not deny the possibility that there are other hidden factors.
The results indicate that there may be a relationship between the difference in the esti-
mated information content and subjective evaluation. To investigate this result, the corre-
lation coefficients between the information content and subjective evaluation are shown
in Table 11 [Correlation coefficients between the estimated information content and the
questionnaire index]. The results show a significant trend toward a weak correlation
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between motivation for dialogue and the estimated information content in the extrovert
group. This indicates that those with extroverted personality traits have a better impres-
sion of the dialogue system's ability to estimate more user models. On the other hand,
there was no significant difference in [the correlation coefficient between the information
content directly asked and the questionnaire index]. This indicates that the information
content that can be estimated as a result is more important than what is directly presented
as the information content that affects the motivation for dialogue. This indicates that us-
ers are able to experience the estimates of the dialogue system through the dialogue, and
that their motivation for dialogue is influenced by the information content that the esti-
mates contain. The considerations that led to these results are as follows. First, "opinions
that directly question" are constrained by the structure of the dialogue. Specifically, when
asking a question to a user, the user may feel uncomfortable if the question is suddenly
asked with a high information content (unusual). Furthermore, the dialogue environment
in this experiment is a dialogue that takes place in a situation similar to a first meeting
and ends in a few minutes. In such a dialogue environment, users may negatively perceive
opinions with a high information content. Therefore, there are two possible factors that
affect the motivation for dialogue in terms of the information content: "whether the infor-
mation content is appropriate for the dialogue environment" and "the degree to which the
dialogue system understands the user" for "opinions to be asked directly”. Therefore, it is
not a relationship where the greater the information content, the higher the motivation for
dialogue. On the other hand, if we interpret that "the information content of the estimated
opinion" has nothing to do with the dialogue environment, but only the degree of under-
standing, it could explain why a positive correlation between the information content and
motivation for dialogue was confirmed only for the estimated opinion. Clarifying this fac-
tor is a future issue.

The relationship between the percentage of correct answers and motivation for dia-
logue is discussed. Table 9 [Correlation Coefficients between Correct Answer Rates of Es-
timated Items and Questionnaire Indicators] confirms a weak positive correlation be-
tween correct answer rates and four question items. Only the tendency toward neuroti-
cism was not found to be significantly different, but this may be due to the small popula-
tion size of the neurotic tendency. Therefore, it is suggested that regardless of personality
traits, a high rate of correct answers for presumptive opinions may improve the impres-
sion of dialogue. However, there was no association with the rate of correct answers in
the posture of understanding. This can be interpreted as the attitude of trying to under-
stand the user is not an evaluation of the possibility of estimation by the dialogue system,
but rather of the behavior of trying to estimate. Therefore, it is possible that there was no
correlation with the percentage of correct answers, which is one of the indicators of the
degree of estimation. On the other hand, no correlation with subjective evaluation was
found in the [percentage of correct answers to direct questions]. We believe that this may
be due to the tacit understanding between the user and the dialogue system that the dia-
logue system is trying to understand the user interactively. In other words, the user un-
derstood that the dialogue system did not fully understand the user in the early stages of
the dialog, and the user was able to tolerate the dialogue system's low-precision questions.
On the other hand, the rate of correct answers to the estimated opinions was correlated
with the motivation for dialogue. As mentioned above, users can experience the results
and trends of the estimation of the dialogue system, which are not explicitly stated,
through the dialogue. In other words, we thought that the users were able to feel that the
user model estimated by the dialogue system from the previous dialogues was not con-
sistent with their own self-perception. In Table 9 [Correlation Coefficients between Cor-
rect Answer Rate of Estimated Items and Questionnaire Indicators], there may be no rela-
tionship between the correct answer rate of the estimated opinions and personality char-
acteristics, except for the neurotic tendency. A low correct response rate means that if one
of the objectives of the user's dialogue is mutual understanding, the user feels that they
could not fully achieve the dialogue objective. This feeling may have a negative effect on
such indicators as motivation for dialogue and dialogue satisfaction, regardless of the
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personality trait. It is difficult to determine whether the neurotic tendency's different re-
sults from other personality traits may be due to the small number of data, or whether
there are factors that appear only in the neurotic tendency.

Here, we discuss the differences in estimation methods (max, count, sum). Refer to
Figure 6. It can be seen that sum is inferior to the other methods in terms of subjective
evaluation. That is, it suggests that the dialogue system's attempt to maximize the infor-
mation content acquired is not favorably accepted by the user. We believe that this is due
to the fact that the intent of the question is unclear. What we want to know through a few
turns of dialogue is "Do you think cheeseburgers are good?" but rather an opinion that
emerged as a result of the combination of multiple menu items. The user who receives the
question considers the intent of the dialogue system's question, but the lack of an intuitive
answer to it is likely to have a negative effect. In chat dialogues, dialogue can be divided
into units called discourse [34]. Within a discourse, specific topics are explored in depth,
and there are scattered repetitions of the dialogue process, with topic changes taking place
between the discourse and the discourse. When mapped against this structure, it feels
more natural to have a simple and specific question intention within the discourse. It is
possible that the question intent referring to the sum of the rarity of multiple opinions was
perceived as complicated by the user. sum's method is also contrary to the structure of the
dialogue, and may have given the user the impression that only topic transitions were
system-driven and no in-depth exploration was done. On the other hand, there is not
much difference in the subjective evaluation of max and count. In Uchida et al.[9], it is
reported that the count method is optimal. max, which is a method to maximize the infor-
mation content of a specific opinion, has the same level of evaluation as count in subjective
evaluation, and is considered to be one of the most reliable methods as an estimation al-
gorithm in topic presentation. On the other hand, max has the lowest average number of
overlapping opinions in Table 7, and sum and count have the same level of overlapping
opinions. This means that sum and count methods have less spread of estimation com-
pared to max. Although not introduced in this study, this indicator is important for a di-
alogue system that updates its knowledge model through dialogue with the user and im-
proves with each successive dialogue. On the other hand, in Table 7 [Number of types of
opinions held by user models], max only slightly increases in relation to count. This is due
to the low average number of opinions estimated for max. Although the difference be-
tween max and count is small for the data used in this experiment, max is expected to be
a better method when dealing with sparse data with a large number of opinion types and
small data. On the other hand, when dealing with dense data with a small number of
opinion types and a large amount of data, count is considered to be superior from the
standpoint that the number of estimates per dialogue is larger. On the other hand, the sum
method maximized the [number of opinion types held by the user model]. Although this
method is inferior in terms of subjective evaluation by the interviewee, it is superior in
terms of updating and improving the system with fewer interactions. This is expected to
be useful for interfaces with less interactive elements, such as questionnaires.

This experiment is a chat-style dialogue, and there is no interface for the user to infer
the personality or characterization of the dialogue system. For the user, the dialogue sys-
tem is not able to infer the personality of the person. Therefore, it is possible that the user
did not feel that they wanted the system to understand him/her. Furthermore, in a first
face-to-face dialogue, the user should start by asking innocuous questions that are easy
for the user to answer, and questions that require an understanding of the context before
and after, or sensitive questions, should be asked only after the relationship between the
two parties has been established. This dialogue structure may have contributed to the in-
crease in count's subjective evaluation in this experiment. In other words, other estimation
methods may be effective in a long-term dialogue or in a dialogue environment where
information on the user is provided in advance, rather than in a first face-to-face dialogue.
If the motivation for dialogue is based on the desire to communicate without limiting the
recipient, as in the case of the desire for self-disclosure [35], this dialogue experiment can
achieve this. If the desire is based on the social act of dialogue itself, the "count" method,
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which repeatedly asks easy-to-answer questions, can be used. If the desire is based on the
construction of a long-term relationship, such as the "sum" and "max" methods, can be
used.

In this experiment, 50 people's opinion data were implemented in the dialogue sys-
tem prior to the dialogue experiment. This number of people is referred to as the number
of third-party data. If there is no bias in the data collection method, the estimation accu-
racy is expected to increase with the number of persons. Under the conditions of this ex-
periment, a higher number of people is preferable because the higher accuracy of the es-
timated opinions has a positive effect on the motivation for dialogue. On the other hand,
to estimate the tendency of other people's opinions, there is a degree of knowledge about
the tendency of third-party opinions that is generally stored as prior knowledge. That is,
even when the number of third-party data is not large, it is possible to engage in natural
dialogue as people do. If the number of third-party data is small, the user may behave like
a person who has little understanding of others and little experience in dialogue, and if
the number is large, the user may feel as if the person has repeatedly communicated with
others. In such a category of human-like behavior, it is thought that differences in impres-
sions may occur depending on personality and experience. In this dialogue, there was no
utterance that told the user how much third-party data the dialogue system holds. There-
fore, it is possible that the user implicitly expected the dialogue system to have sufficient
estimation capability, and it is thought that the estimation capability correlated with the
motivation for dialogue. In other words, there is a possibility that the user will accept even
a small amount of third-party data by making utterances that show behavior that is not
confident even in the dialogue system's words and actions, and by telling the user that the
number of third-party data is small. Impression evaluation in dialogues where dialogue
system knowledge is low, the user has more confidence in the utterance, and the imbal-
ance of confidence in the utterance may have a different tendency than in this experiment.
The fact that a method for maintaining the user's motivation for dialogues with a small
amount of third-party data and low estimation accuracy can be clarified means that the
cost of collecting information to improve accuracy when building a dialogue system can
be reduced. In other words, it indicates that the cost of creating a dialogue system will be
lowered. This is an issue to be addressed in the future.

The topic of food impressions was adopted in this study. We discuss the generaliza-
tion of the experimental results to other topics. First, the relationship between the estima-
tion method and the amount of the data is discussed above. Food is something that is
related to many people every day, so some overlap in preferences and opinions between
subjects can be expected. In terms of adjectives, "good" is considered to have a large sub-
jective factor, while "sweet and spicy” can be explained by the amount of sugar and stim-
ulants contained in the food, and thus have relatively few subjective factors. In other
words, the data tends to have a wide distribution of opinions that are common to all users
and opinions that are specific to each user. On the other hand, if the data has a large sub-
jective factor and it is difficult to find common opinions in general, we can expect that the
estimated number of max and sum will be better than in this experiment. In the case of
data where there are almost no subjective factors and common opinions are somewhat
self-evident, the difference between count and max is expected to be more pronounced.

This dialogue system can be applied to other dialogues by creating a noun list, an
adjective list, third-party opinion data, noun distortion data, and noun-noun relationship
data. Third-party opinion data, which has the largest number of data, can be collected
through questionnaires. Therefore, the dialogue system can be constructed without much
effort on the part of the dialogue designer. Since it is possible to accumulate impression
data on concepts (e.g., pizza, Tokyo, etc.) through the chatbot, it is expected to be applied
to quantitative evaluation of impressions of advertisements and catch phrases. Since the
opinion model of an individual interlocutor is estimated, it can be applied to product rec-
ommendation. By utilizing the opinion models of individuals, it is also expected to be
applied to person-to-person matching and clustering based on similarity of interests and
preferences. This classification of people's opinion tendencies is considered useful for
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analyzing personality characteristics and classification tendencies limited to specific top-
ics, rather than universal personality characteristics such as the Big Five.
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