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Abstract

Stimulating users’ conversational willingness to converse remains a major challenge in chatbot research. Most ex-
isting chatbots respond passively to user inputs, relying on users to select conversation topics, which often reduces
their willingness. To address this issue, we propose, Topic-Initiator, a proactive chatbot that initiates conversations
with new topics aligned to user interests. It gathers information from external sources (e.g., the web) to obtain
potentially novel and engaging topics. To support this capability, we also introduce a novel Retrieval-Augmented
Generation (RAG) framework, Personalized-Topic RAG (PT-RAG), designed to retrieve new and interesting topics
for each user. Unlike existing RAG methods that fails to surface unseen information, PT-RAG leverages the infer-
ence capabilities of Large Language Models (LLMs) to identify content that matches the user’s interests but is not
yet known to them. Specifically, PT-RAG estimates a user’s interests and knowledge from past interactions and or-
ganizes collected information into categories. Then, it uses an LLM to select a category that matches their interests
and obtain information not seen in their knowledge from the selected category. Automatic and human evaluations
demonstrate that PT-RAG retrieves new and interesting information more accurately and that Topic-Initiator signifi-
cantly enhances users’ willingness to converse compared to existing methods.
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1. Introduction n-th conversation
User Chatbot

I like traveling.

Recent advances in Large Language Models s that o7 WEDy
(LLMs) have enabled Al systems to engage in Where would you like to go? g

more natural conversations. As a result, various @

chatbot services have emerged’2. For users to (n+1)-th conversation %

continue using chat.bots, it is important to sustain A | think it's about : A [ hear traveling to

their motivation to interact with them. However, time for a trip. i | Korea is popular now! | g
ny existing ch r ive and can onl :
many existing ¢ atbots are passive a dcano y Sounds great! Where /E3 | YReally? Do you have anyJ

respond to user inputs. This forces users to come do you want to go? recommended places?
up with topics to start conversations, which can
lead to fatigue and a gradual loss of motivation to
engage. Such passivity to collect not only reduces
user satisfaction, but also limits opportunities to  Figure 1: Existing vs. target chatbot examples.
collect valuable conversational data for analyzing  The left chatbot requires user input to begin a con-
user insights, such as in marketing applications. versation, whereas our target chatbot can initiate
To address this issue, we believe that it is effec- it on its own.

tive for chatbots to proactively select topics that

stimulate users’ willingness to converse and initi-

ate conversation with them (Figure 1). Potential  actions. On the basis of these findings, we hy-
topics may include questions related to disclosed  pothesize that a chatbot can enhance users’ mo-
user activities, such as watching a movie or taking tivation to converse by initiating conversations on
a short trip (Zhang et al., 2023). However, overus- (1) topics that align with interests revealed in pre-
ing such questions can lead to one-sided informa-  vious interactions and (2) topics that vary across
tion requests, which are unlikely to sustain motiva-  conversations.

tion (Cozby, 1972). Uchida et al. (2024) demon- We propose a method called Topic-Initiator, de-
strated that people are more willing to converse  gjgned to proactively provide users with topics
with robots that discuss topics of personal interest  that are both interesting and novel—that is, topics
while Pentina et al. (2023) found that users tend ot mentioned in previous conversations. Topic-
to lose motivation when chatbots provides fixed, |ntiator first collects information from the web and
generic responses and fail to consider prior inter-  siores it as potential conversation topics (hereafter
referred to as topic candidates). It also stores past
'https://character.ai/ conversations with non-target users as additional
2https://cotomo.ai/ topic candidates, enabling these to be reused to
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enrich future interactions with target users. In
each new conversation, Topic-Initiator selects a
flesh and engaging topic from these candidates
and uses it to initiate conversation.

To support this process, we introduce a
novel Retrieval-Augmented Generation frame-
work, called Personalized-Topic RAG (PT-RAG),
which enables Topic-Initiator to retrieve new
and interesting topics effectively. Existing RAG
methods (Zhu et al., 2025; Zhang et al., 2023;
Wang et al., 2024; Zerhoudi, 2025) are optimized
to answer user queries by retrieving information
similar to those queries and therefore tend to re-
produce content already present in past interac-
tions, which limits their usefulness for new topic
discovery. PT-RAG addresses this gap by using
LLM inference to identify topic candidates that are
absent from the user’s existing knowledge data
while constraining retrieval to a relevant topic cat-
egory to keep inputs tractable.

Topic-Initiator initiates conversations using top-
ics retrieved by PT-RAG, updates the user’s inter-
ests and knowledge based on the conversation,
and then gathers new topic candidates. By re-
peating this cycle, Topic-Initiator can continuously
provide users with novel and interesting topics.

To demonstrate the effectiveness of Topic-
Initiator and PT-RAG, this study addresses the fol-
lowing research questions:

RQ1: Can we obtain new and interesting top-
ics for a user by categorizing and retrieving
them solely from categories that align with the
user’s interests?

RQ2: Can a chatbot stimulate a user’s willingness
to converse by initiating a conversation using
a topic that is new and interesting to the user?

Our contributions are summarized as follows:

« We propose Topic-Initiator, a proactive
chatbot that continuously provides users
with new and interesting topics along with
Personalized-Topic RAG (PT-RAG), a novel
RAG framework specifically designed to re-
trieve such topics.

» Through automatic evaluations, we demon-
strates that PT-RAG retrieves topics more ac-
curately than existing methods.

* Through human evaluation, we show that
Topic-Initiator significantly stimulate users’
willingness to converse compared with exist-
ing chatbots.
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2. Related Work

2.1. Proactive Chatbots

Extensive research has been conducted on proac-
tive chatbots and dialogue systems (Deng et al.,
2023a). Tangetal. (2019); Wuetal. (2019);
Wang et al. (2023a,b); Deng et al. (2023b) pro-
posed dialogue systems that set conversational
goals and actively guide users toward achieving
them. Xie etal. (2021) introduced a method in
which dialogue systems proactively generate ut-
terances to switch topics during casual conversa-
tions. Although these studies aim to build proac-
tive chatbots similar to ours, they overlook sce-
narios in which the chatbot itself initiates the con-
versation—a key distinction in our work. Li et al.
(2023) proposed a method where chatbots en-
gage in conversations by exploring trending news.
While this approach enables a chatbot to proac-
tively initiate conversations, it differs from our work
in that it disregards user interests and relies on
fixed topics.

2.2. Personalized Chatbots

Numerous studies have also explored personal-
ized chatbots and dialogue systems (Chen et al.,
2024). The term “personalized” has two def-
initions (Chen et al.,, 2024): (1) generating re-
sponses consistent with the system’s own per-
sona, and (2) generating responses tailored to the
user’s persona. Our work focuses on the latter.
Zhong et al. (2022) proposed a method that
generates responses using profiles of a tar-
get user and similar users. Jang et al. (2023)
presented a method that enables a chatbot to
adapt its responses over time by training it on
a dataset encoding elapsed time and multiple
types of interpersonal relationships. Xu et al.
(2022); Zhong et al. (2024); Packer et al. (2023);
Bae etal. (2022); Leeetal. (2023); Lim etal.
(2022) introduced approaches that extract per-
sonal data from user utterances, store it, and gen-
erate responses based on that information. While
these methods personalize chatbot responses,
they do not address the proactive initiation of con-
versations, which is a key aspect of our research.

2.3. Personalized RAG

The rise of LLMs has driven rapidly growing in-
terest in Retrieval-Augmented Generation (RAG)
approaches (Lewis et al., 2020; Zhu et al., 2025).
In this section, we focus on methods that person-
alize the outputs of RAG.

Zhang et al. (2023) proposed a method that
asks about the progress of events previously dis-
closed by a user based on the time elapsed since
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Figure 2: Overview of Topic-Initiator.

the event occurred. Wang et al. (2024) introduced
a method that personalizes both information re-
trieval and answer generation using a user’s con-
versation history. While these methods personal-
ize responses, they are designed for clearly an-
swerable scenarios and rely on fine-tuning, often
overlooking the retrieval of information not men-
tioned in previous conversations.

Zerhoudi (2025) presented an approach that
combines retrieved information and user data to
personalize responses to queries. Their method
employs a multi-agent system to rerank retrieved
documents and recursively refines responses, en-
suring they align with user interests. Although
similar to our work in personalizing responses, it
focuses on clearly answerable scenarios rather
than providing topics to enhance user motivation
for interaction. Nevertheless, this method can
be applied to our task without additional training.
Therefore, we compare our approach with this
method in Section 4.

2.4. Conversational Recommender
Systems

Conversational recommender systems (CRS)
are designed to actively elicit user prefer-
ences through conversation and recommend
items based on those insights (Friedman et al.,
2023; Deldjoo et al., 2024).  Several studies
have focused on improving user engagement
and recommendation success. For instance,
Hayati et al. (2020) integrated sociable recom-
mendation strategies into CRS, while Wang et al.
(2022) combined recommendation and conver-
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sation modules. Other studies have evaluated
whether LLMs can accurately recommend items
in zero-shot settings. Kang et al. (2023); Liu et al.
(2023); Sanner et al. (2023); Sileo et al. (2022);
He et al. (2023) constructed prompts that merge
user preferences with instructions to recommend
or evaluate items. Although these studies share
our goal of understanding user preferences for
proactive recommendations, they do not estimate
user knowledge or assess the user’s familiarity
with the recommended items.

3. Proposed Method: Topic-Initiator

3.1. Architecture

As introduced in Section 1, Topic-Initiator follows
an iterative process to continuously provide new
topics that align with a target user’s interests. The
overall procedure consists of three mains steps (A
to C), illustrated in Figure 2.

A. Information Gathering: After interacting with
a user, Topic-Initiator proactively gathers relevant
information based on the conversation content.
Specifically, it employs an LLM to generate search
queries from the conversation and conducts web
searches to collect topic candidates. Additionally,
Topic-Initiator stores past conversations with non-
target users as topic candidates, allowing them to
be reused to enrich future conversations.

B. PT-RAG: Topic-Initiator uses PT-RAG to re-
trieve a new and interesting topic for the user. The
main components of PT-RAG are as follows (ex-
plained in detail in the next section):



B-1. Information Organization: PT-RAG deter-
mines topic categories (e.g., music, travel) for
each candidate, and organizes all candidates
within their respective categories.

B-2. Interest and Knowledge Estimation:
After each interaction, PT-RAG estimates
the user’s interests and knowledge of each
category based on the conversation history.

B-3. Information Retrieval: From the organized
candidates, PT-RAG employs an LLM to re-
trieve a topic that is both new and interesting
to the user, considering their inferred interests
and knowledge.

C. Initial Utterance Generation: At the beginning
of the next conversation, Topic-Initiator generates
an initial utterance based on the topic retrieved by
PT-RAG. It then uses this utterance to initiate the
conversation, after which the process returns to
Step A to continue the cycle.

3.2. Personalized-Topic RAG (PT-RAG)

PT-RAG is designed to retrieve a new and inter-
esting topic for a user by leveraging LLM inference
to identify a topic candidate that are absent from
a user’s inferred knowledge (derived from previ-
ously disclosed information). Because supplying
a full dump of a user’s knowledge or the entire
candidate pool is impractical given input-length
and scale constraints, PT-RAG groups both user
knowledge and candidates into topic categories
(e.g., music, travel) and performs category-guided
retrieval, providing the LLM only with category-
relevant summaries and candidates.

In this section, we first define the task in Section
3.2.1, then, describe "Information Organization” in
Section 3.2.2, "Interest and Knowledge Estima-
tion” in Section 3.2.2, and "Information Retrieval”
in Section 3.2.4.

3.2.1. Terminologies and Task Definition

Terminologies: Table 1 shows the notations used
in the following explanations.

Task: Our task is to identify an interesting and
novel topic ¢; for a target user from the given topic
candidate set 7' = {t;}7_,, referring to the topic
category set C' = {¢;}L_,, the user’s interests set
L, = {imn}M_, and the user's knowledge set
K, = {ke.n}t,. Here, n represents the number
of completed conversations with the target user.
I, and K, are estimated from the given history of
the n-th conversation with the user.
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Notation [ Definition

T Set of topic candidates
t; Individual topic candidate in T' (j =
1,...,J)
C Set of topic category
a Individual topic category in C (I =
1,...,L)
C; 1 Individual topic category of ¢,
I, Set of a target user’s interests at the
end of the n-th conversation
Im,n Individual interest data in I, (m =
1,..., M)
K, Set of a target user’s knowledge at the
end of the n-th conversation
ke, n Individual knowledge data for ¢;
hn, History of the n-th conversation with the
target user
fr Function that retrieves an interesting
and novel topic ¢;
fc Function that creates or updates C
fr Function that estimates I,
fx Function that estimates k.,

Table 1: Terminologies used in PT-RAG.

This task is formulated as follows:

tj = fR(InaKn7 ClaT)a where (1)
C' = fol(ty, C), (2)
In - f](hnalnfl)a (3)
kc,,n = fK (hn7 kc;,n71)~ (4)

Here, C’ is iteratively redefined from the previous
state C by incorporating an additional category,
and is therefore dynamic. To maintain readabil-
ity, we omit explicit counters (e.g., C;) for these
redefinitions.

Details of this task are explained below: Equa-
tion (1) takes the outputs of Equations (2)—(4) and
computes the topic t;, which is used when the
system initiates a conversation with the user. De-
tails are provided in Section 3.2.4. Equation (2)
presents that PT-RAG creates or updates the topic
category set C' by analyzing each topic candidate
t;. That is, it estimates one or more topic cate-
gories {c;,}; of t; and adds or merges them to C,
thereby updating C to C’. Equation (3) presents
that the user’s interests I,, are estimated from the
history of the n-th conversation h,,. If a previously
estimated interest I,,_; exists, it is updated into
I, based on h,. Additionally, h, is also orga-
nized into C. Equation (4) presents that the user’s
knowledge k., , € K, is estimated based on b,
when the category of h,, is ¢;. If there is previ-
ously estimated knowledge k., 1, it is updated
into k., ,, based on h,. Equation (1) presents that
PT-RAG retrieves a topic candidate ¢; from T that
aligns with I,, but is not yet represented in K,,
referring to the created or updated C’. The pro-



\ Key | Value |

Detail Raw data of the topic candidate, ¢;
Summary | Concise summary of the above data
Keywords | Key terms about the summary
Categories | Categories of the keywords, {c:, 1 }:

Table 2: Structure of an organized topic candidate.

cedures implemented in fo, f1, fx, and fr are
described in Sections 3.2.2, 3.2.3 (for f;r and fx),
and 3.2.4, respectively.

3.2.2. Information Organization

The LLM estimates three components for each
topic candidate ¢;: a summary, related key-
words, and overarching topic categories {c;; ;}:.
These estimated components are structured as
key—value pairs, as shown in Table 2. To prevent
duplication with the previously estimated category
set C, PT-RAG calculates the cosine similarity be-
tween C’ and C. If the similarity meets or exceeds
a predefined threshold «, the system does not up-
date C, as t; can be associated with existing cate-
gories. Otherwise, any new categories are added
to the category set. These processes are defined
as the function f- in Equation (2). Each new can-
didate is represented as a key—value structure,
where ¢; serves as the key, and the correspond-
ing value consists of the key—value pairs defined
in Table 2.

Figure 3 shows an example of this estima-
tion process. The LLM first summarizes the
conversation with the user about domestic trips,
then identifies three keywords—"hot springs,” "lo-
cal foods,” and "relaxation”—and assigns two topic
categories: "travel” and "domestic trips.”

3.2.3. Interest and Knowledge Estimation

The user’s interests I,, are estimated from the his-
tory of the n-th conversation h,,. Specifically, topic
categories {¢; }; and keywords are estimated from
hn, using the same method described in Section
3.2.2. The LLM then identifies categories and key-
words that reflect the user’s interest among those
estimated. These selected elements are repre-
sented as i, € I,. If I,,_; exists, each iy, ,,—1
is compared with each 4, ,,. When their cosine
similarity exceeds the threshold, «, the two are
merged; otherwise, the new i,, , are added to
I,—1. These processes are defined as the func-
tion f; in Equation (3).

The user’s knowledge related to ¢;, denoted as
ke, n, is also estimated from h,,. Specifically, the
LLM generates detailed text representing k, .,
enabling the model to better understand the user’s
knowledge. If k., ,—; exists, it is also provided to
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N : I've been wanting to travel again lately.
I actually go on domestic trips pretty often.

L
¥ : 1 go to places with hot springs a lot.
And I like eating around, too.

. @ input

o

@ output

: That's wonderful! What kind of places do you enjoy?
Hot springs, nature, city sightseeing, -+ any favorites?

The user told me that they frequently take
Summar domestic trips. He explained that he often
Y choose destinations with hot spirings and
that they enjoy trying local foods. | asked...
Keywords hot springs, local foods, relaxation
Categories domestic trips, travel

Figure 3: Example of estimating three compo-
nents (summary, keywords, topic categories).

) ‘s existing
7 knowledge

I mpue
Knowledge
Estimation

@ output

1) Domestic Travel Literacy

The user likely has solid knowledge
of domestic traveling within Japan,
including major onsen destinations,
basic transportation routes...

/Q\ : I've been wanting to travel ...

'ﬁ : That's wonderful! What kind of places ...
@ input

Interest
Estimation
@ output
The user told me that they
frequently take domestic
trips. He explained that he
often choose destinations
with hot springs and that

they enjoy trying local foods.
| asked...

Summary

2) Food & Local Cuisine Know-How
He understands how to enjoy

hot springs, local foods,

Ke ! i isi i
ywords relaxation reglorfal Japanese cuisine while
traveling, the best ways to explore

Categories domestic trips, travel food streets...

el hot springs C K led;
(interests) pring: ategory nowledge
(S domestic trips trovel j
(interests) p domestic trips j

Figure 4: Example of interest and knowledge esti-
mation.

the LLM to update k., ,—1 t0 k., ». This process is
defined as the function fx in Equation (4).

Figure 4 illustrates an example of these esti-
mation processes. From the estimated keywords
and categories of the n-th conversation, the LLM
extracts the keyword "hot springs” and the topic
category "domestic trips” as the user’s interests.
It then estimates the user's knowledge from the
same conversation and the existing knowledge of
"travel”. This new knowledge is associated with
“travel” since it is derived from information labeled
under this category.

The estimated interests and knowledge are
stored in a key—value format, where each key cor-
responds to ¢;. Specifically, the value for "interest”
is set to the keywords representing the user’s in-
terest, while the value for "’knowledge” is set to the
detailed text describing their knowledge.



3.2.4. Information Retrieval

The following procedure, defined as the function
fr in Equation (1), is used to retrieve a potentially
new and interesting topic for the user:

1. Retrieve the target user’s interests I,, and
knowledge K.

Instruct the LLM to select a topic category ¢;
that aligns with the user’s based on I,, and
the category set C’ (Figure 5(a)).

From all topic candidates 7', select those cat-
egorized under ¢;, and obtain the correspond-
ing user knowledge k., ,, linked to ¢; from K.

Extract the summaries of the selected candi-
dates and compile them into a list.

Instruct the LLM to select a summary that is
aligned with 4,, ,, but not yet reflected in &, ,,
(Figure 5(b)).

Output the topic candidate ¢; corresponding
to the chosen summary as the retrieved topic.

The retrieved topic is regarded as known to the
user and is excluded from future retrievals. Specif-
ically, for each user, a record of previously used
topics is maintained, and these topics are omitted
when constructing the summary lists in Step 4.

4. Evaluation
4.1. RQ1: Can PT-RAG obtain new and
interesting topics for a target user?

To evaluate the performance of PT-RAG, we con-
ducted an automatic experiment comparing it with
existing methods.

4.1.1. Datasets

To address RQ1, the dataset should include (1)
conversation data for estimating user knowledge,
(2) information about the speaker’s interests, and
(3) both content that the speaker clearly knows
and content that they may not know. To meet
these conditions, we used the following datasets:
RealPersonaChat (RPC): Contains approxi-
mately 14,000 Japanese real-world conversa-
tions, each including the real speaker’s persona
data (Yamashita et al. (2023)).
JPersonaChat (JPC): Contains 5,000 Japanese
fictional conversations, each including a fictional
speaker’s persona data (Sugiyama et al. (2023)).
All conversation data from each dataset were
treated as topic candidates for retrieval.
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/g\ ‘s interests

Topic input output
Category |::> |::> [ Travel |
[ Music |

(a) Example of selecting topic category.

/Q\’s knowledge |

travel

This user has solid knowledge about domestic
trips, but there is no information about
overseas travel in the knowledge...

input @) output

T e

D Kusatsu
Hakone
Busan

Summary list

(b) Example of selecting topic candidate.

Figure 5: Examples of information retrieval.

4.1.2. Query

To evaluate whether a method can identify novel
and interesting topics for a target user, each eval-
uation method described below addresses the fol-
lowing query:

Query

Provide information that maybe of interest to
the user but is likely unknown based on "User
Data”

User Data: {user_data}

The generated responses are evaluated using
three metrics described in Section 4.1.4.

41.3. Compared Methods

We evaluated the performances of the following
four methods. All methods used ChatGPT-40-mini
and the persona data from each dataset as the
variable {user_data} to represent user interests.

PT-RAG (Ours) : Described in Section 3.2. For
computing cosine similarity (Section 3.2.2),
we used the NLP library GiNZA® with a
threshold o = 0.8. Redis* was used to main-
tain the structured data. All conversation data
from each dataset were structured and stored
in the database following the method in Sec-
tion 3.2.2. Knowledge data for each speaker
was prepared in advance using the method in
Section 3.2.3 and added to {user_data}.

PT-RAG-Knowledge-Out (PT-RAG-KO) : This
variant of PT-RAG does not use the speaker’s
knowledge. It was evaluated to confirm the

Shttps://github.com/megagonlabs/ginza
*https://redis.io/



Dataset | Methods [ Interest | Novelty | IN-F1

(a) Vanilla-RAG 9.51 +£1.13 469 + 2.53 585+ 2.43

RPC (b) PersonaRAG | 9.94 + 0.242¢¢ 474 +20 6.16 + 1.93
(c) PT-RAG (Ours) 9.38+0.79 | 6.76 + 1.69*¢ | 7.71 + 1.2920¢
(d) PT-RAG-KO 9.52 +0.72 5.9 + 2.03%° 7.04 + 1.67°¢

(a) Vanilla-RAG 9.7+0.76 475+ 3.04 575 + 2.91

JPC (b) PersonaRAG | 9.86 + 0.422°%9 | 4.87 + 2.11 6.23 &+ 2.03
(c) PT-RAG (Ours) | 9.65 + 0.61 5.63 + 1.912°¢ | 6.92 + 1.69204

(d) PT-RAG-KO 9.63 + 0.58 482+ 2.25 6.07 + 2.09

Table 3: Evaluation results. Bold items indicate the highest value for each metric. Superscripts a-d
indicate significant differences with methods (a)—(d) respectively (two-tailed Welch’s t-test; p < 0.05).

effectiveness of the knowledge estimation
mechanism described in Section 3.2.3.

Vanilla-RAG : A standard RAG method imple-
mented by the llama-index®. It partitions infor-
mation into fixed-sized chunks and vectorizes
each chunk, then retrieves the top k& (K = 5
in this experiment) most similar chunks to the
query vector for response generation. Since
Vanilla-RAG does not estimate user knowl-
edge, a summary list of the speaker’s conver-
sation was added as alternative knowledge
data to {user_data}.

PersonaRAG :

Introduced by (Zerhoudi, 2025) and de-
scribed in Section 2. Since this method
does not include an original retriever, we used
the retriever of Vanilla-RAG. Like Vanilla-
RAG, it also lacks user knowledge estima-
tion, so the same information was provided
to {user_data}.

4.1.4. Metrics

We evaluated the performance of each method
using the following three metrics:

Interest: Following the LLM-as-a-judge frame-
work (Zheng et al., 2023), ChatGPT-40 was
used to determine whether each generated
response would be interesting to the target
speaker. Each response was scored on a 10-
point scale (1-10) reference to the speaker’s
persona data. The prompt used is provided
in Appendix A.4. ChatGPT-40 was chosen to
avoid self-preference, where an LLM favors
its outputs over those from other LLMs and
humans (Panickssery et al., 2024).

Novelty: Using the same LLM-as-a-judge ap-
proach, ChatGPT-40 rated the novelty of each
responses on a 10-point scale, based on
whether the content was new or already fa-
miliar to the target speaker. A summary of

Shttps://www.llamaindex.ai/
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the speaker’s past conversations was used to
represent as their prior knowledge. Abstract
responses lacking specific details or proper
nouns were treated as known information and
penalized accordingly. The prompt used is
provided in Appendix A.4.

Interest-Novelty-F1 (IN-F1): To evaluate the bal-
ance between “Interest” and "Novelty”, we
calculated the harmonic mean of the two
scores. A higher IN-F1 score indicates that
the method can retrieve information that is
both new and interesting to the speaker.

To verify the reliability of the LLM-based evalua-
tions, we compared these scores with human as-
sessments. Twelve evaluators participated in this
validation. We selected 20 samples using strati-
fied sampling based on average LLM scores to en-
sure balanced coverage. Each sample was inde-
pendently rated by at least three evaluators, and
the human score was calculated as the average of
their ratings. Finally, we computed the Spearman
correlation coefficient (Spearman, 1961) between
the human and the LLM scores.

4.1.5. Results

The results are presented in Tables 3. From this
table, PersonaRAG achieved the highest Interest
scores among all methods. On the other hand,
PT-RAG achieved significantly higher scores in
both Novelty and IN-F1 compared to the other
methods. These results demonstrate that Vanilla-
RAG, PersonaRAG, and PT-RAG-KO are less ef-
fective at retrieving new information for the target
speaker. This limitation arises because Vanilla-
RAG and PersonaRAG primarily retrieve content
that is semantically similar to the query without
considering whether the information is already
known to the user. PersonaRAG, in particular,
tends to generate more interesting responses be-
cause its multi-agent refinement process focuses
on content closely aligned with user interests.
Similarly, PT-RAG-KO cannot also consider the
speaker’s knowledge because it lacks the knowl-
edge estimation mechanism. In contrast, PT-RAG



Dataset | Interest | Novelty

RPC 0.68* 0.64*
JPC 0.33 0.46*

Table 4: Correlation between LLM scores and hu-
man scores. ™*” indicates significance (p < 0.05).

explicitly accounts for the user’s prior knowledge
during retrieval, enabling it to generate responses
based on information that is new and interesting.
Furthermore, Table 4 shows that most evalua-
tion metrics exhibit a statistically significant pos-
itive correlation between LLM-based scores and
human evaluation scores. This result confirms the
consistency and reliability of the LLM-as-a-judge
framework in reflecting human judgement.

4.2. RQ2: Can Topic-Initiator stimulate
user willingness to converse?

To evaluate the effectiveness of Topic-Initiator, we
performed a human evaluation using a chatbot
system built upon the proposed framework.

4.2.1.

We implemented the chatbot using ChatGPT-40-
mini as the underlying LLM. The system con-
sists of four modules:(1) Information Gathering,
(2) PT-RAG, (3) Initial Utterance Generation, and
(4) Next Utterance Generation. Modules (1)-(3)
follow the procedures described in Section 3.

During the Information Gathering phase, the
chatbot generates three search queries based on
the previous conversation content with the target
user. The queries are generated by ChatGPT-4o-
mini, as detailed in Appendix A.1. It then conducts
web searches related to the user’s interests using
the Custom Search JSON API® and obtains raw
texts from the web page accessed via the search
result URLs. The API parameters are configured
to retrieve up to 10 documents published within
the past seven days, in order to restrict the search
results to recent documents. These documents
via the APl was temporarily referenced only during
this evaluation and was discarded after the ses-
sions.

In the PT-RAG phase, the chatbot organizes
both the retrieved web data and the conversa-
tion content into topic categories. Unlike the stan-
dard process described in Section 3.2.2, the web
search results bypass the estimation step: the
same categories and keywords as those used to
generate the search queries (i.e., derived from
the conversation content) are reused. The search
snippet is used as the value for the key "summary,”

Implementation

Shttps://developers.google.com/custom-
search/v1/overview
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while the corresponding webpage text is used as
the value for key "detail.” For information retrieval
in PT-RAG, we used the prompts shown in Ap-
pendix A.2.2.

The Next Generation Utterance module gener-
ates replies based on all past conversation histo-
ries, utilizing the llama-index to reflect past user
interactions.

At the beginning of the interaction (the first con-
versation), the chatbot waits for user input be-
cause no user knowledge and topic candidates
are available. In subsequent conversations, it
uses PT-RAG to introduce a potentially new and
interesting topic tailored to the user’s interest and
prior knowledge. Then, the chatbot generates an
initial utterance based on the retrieved data, using
the prompt detailed in Appendix A.3.

4.2.2. Compared Methods

To examine how a chatbot’s initial utterance influ-
ences a user’s willingness to converse, we com-
pared the following three methods for generating
initial utterances:

Topic-Initiator (Ours) : This method generates
an initial utterance that introduces a new and
interesting topic to the user, using PT-RAG
with the same similarity threshold parameter
(o) described in Section 4.1.3.

Proactive (no new info.) : This method follows a
proactive strategy similar to that of
Zhang et al. (2023), generating the initial
utterance based on information previously
disclosed by the user in past conversa-
tions. We used this method to investigate
whether presenting new content contributes
to stimulate willingness to converse.

Passive (baseline) : In this method, the chat-
bot only generates responses after receiving
user input. We used this method to examine
whether the chatbot’s proactive initiation itself
enhances the willingness.

4.2.3. Metric and Experimental Procedure

We conducted an A/B test involving 124 partici-
pants aged 18 and above to compare the meth-
ods described earlier. In the A/B test, each par-
ticipant was asked to select which chatbot they
preferred to converse with at the start of a con-
versation. Participants followed steps below:

1. Participants engaged in a seven-turn conver-
sation with the chatbot, which was considered
as the n-th conversation.
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2. After the conversation, three patterns of initial
utterances for the start of the (n + 1)-th con-
versation were displayed. These combina-
tions were presented as pairs, referred to as
condition A/B. Participants selected the pat-
tern with which they would prefer to converse.

The utterance that was selected most fre-
quently in the A/B test results was displayed,
and participants responded to the utterance
(returning to Step 1).

4. Participants repeated Steps 1 to 3 five times.

4.2.4. Results

The results are presented in Figure 6. The hor-
izontal axis in Figure 6 represents the n-th con-
versation, while the vertical axis shows the win-
ning rate in the A/B tests. As shown in Fig-
ures 6(a) and 6(b), a significantly larger num-
ber of participants preferred conversing with either
the Topic-Initiator chatbot or the proactive chat-
bot compared to the baseline. Furthermore, Fig-
ure 6(c) indicates that during the first conversa-
tion, significantly more participants preferred the
proactive chatbot over Topic-Initiator. However,
as the interactions progressed, more participants
favored Topic-Initiator over the proactive chatbot,
with a significant preference emerging from the
third conversation onward. These results highlight
that the importance of taking initiative in conver-
sation to stimulate user’s willingness to converse.
Additionally, they emphasize the role of topic se-
lection. When the proactive chatbot asked about
information previously disclosed by the user, it in-
creased the user’s willingness to converse. This
is likely because it demonstrated that the chat-
bot remembered past interactions. This finding is
consistent with Tsunomori et al. (2021). However,
maintaining user’s willingness solely through such
methods proved difficult, as indicated by the re-
sults. In contrast, providing users with fresh and
interesting topics helped sustain and further en-
hance their willingness to continue conversations.
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We provide an example of a conversation from the
human evaluation that aligns with this analysis in
Appendix B.

5. Conclusion

We proposed Topic-Initiator, a chatbot that con-
tinuously and proactively provides users with new
and interesting topics. To obtain such topics, it
collects both web-crawled data and conversations
with other users. To enable Topic-Initiator to re-
trieve new and interesting topics for users, we
also introduced a novel RAG framework called PT-
RAG. PT-RAG estimates user interests and knowl-
edge, organizes both user data and collected data
into topic categories, identifies relevant categories
based on user interests, and retrieves new topics
within those categories based on user knowledge
by leveraging the inference capabilities of LLMs.
Our findings addressed the research questions as
follows: RQ1: Through automatic evaluations, we
demonstrated that PT-RAG more accurately ob-
tains new and interesting topics for users com-
pared with existing RAG methods. RQ2: Through
human evaluation of the Topic-Initiator chatbot, we
showed that users were more willing to converse
with our system than with chatbots that either talk
known topics or remained passive.

Topic-Initiator focuses on stimulating the willing-
ness during subsequent conversation initiations.
In our future works, we intend to extend our
method to enhance the willingness during other
phases of interaction.

Limitations

Starting the first conversation: As described in
Section 4.2.1, Topic-Initiator currently faces chal-
lenges in initiating first conversations with users
because it lacks prior knowledge about users it
has not previously interacted with. To overcome
this limitation, it is crucial to identify which spe-
cific chatbots abilities are most effective in stim-



ulating conversational willingness during initial in-
teractions (e.g., self-introduction, asking a ques-
tion).

Reasoning: Topic-Initiator does not currently pro-
vide explicit reasoning for why particular topics
are chosen. As a result, users may perceive the
selected topics as unrelated to past interactions,
which could reduce their willingness to continue
the conversation. Incorporating transparent rea-
soning that links topic selection to prior exchanges
may help increase user motivation to engage.
Topic Shift: At present, Topic-Initiator acts proac-
tively only at the beginning of a conversation and
cannot actively shift topics during ongoing inter-
actions. While it is technically feasible to perform
topic transitions by executing PT-RAG dynamically
based on the conversation flow and leveraging its
outputs, determining the appropriate timing and
strategy for such transitions remains a challeng-
ing open problem (Xie et al., 2021; Hwang et al.,
2024).

Ethical Statement

Preventing malicious use: We recognize the po-
tential risks of malicious use of our system, such
as the extraction of personal data. To mitigate
these risks, the chatbot is designed to anonymize
any sensitive personal information from its utter-
ances.

Informed consent: All participants involved in
the human evaluation were fully informed about
the study’s purpose, procedures, potential risks,
and benefits, and provided written consent. Par-
ticipants were also clearly informed that they
could withdraw from the study at any time without
penalty.
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A. Prompt

A.1. Information Gathering

We used the following prompt to generate search
queries. The variable {user_name} contains the
user’s name and is used to identify the speaker of
each utterance. The variable {conv_history} con-
tains the conversation history, consisting of utter-
ances labeled with speaker names. The variable
{topic_category} specifies the conversation’s topic
category to ensure that retrieval is relevant to the
conversation context.

~ Prompt: Query Generation ~

# Instruction
Based on the conditions below, think
step-by-step to generate search queries.

# Conditions:

- Information-Based Generation: The queries
should be aimed at obtaining information that
{user_name} is likely interested in, based on
the conversation content.

- Unknown Information Search: The queries
should be aimed at obtaining information that
{user_name} does not know or has not heard,
based on the ''Conversation History.''

- Category-Based Generation: Queries should be
based on {topic_category}.

— Structure: Each keyword must consist of three
terms separated by spaces (e.g., Tokyo travel
latest news) .

— Proper Noun Limitation: Each set of queries
should contain only one proper noun.

— Output Limitation: Do not output any
explanation or information other than the
queries.

- Pattern Generation: Generate three patterns
of queries meeting the conditions, separated by
line breaks, to obtain multiple diverse search
results.

- Avoid Redundancy: Ensure that search results
from each keyword are not duplicated.

— Emphasize Diversity: Include different proper
nouns in the queries for each pattern.

— Include Latest Information: Each pattern of
queries must include terms for searching the
latest trends or current information (e.g.,
latest news, trends, recent updates).

# Conversation History
{conv_history}

A.2. PT-RAG

A.2.1. Interest and Knowledge Estimation

We used the following prompt to summarize a
conversation with a user and to estimate the
users interests.  The variables {user_name}
and {conv_history} contain the same information
as described in Appendix A.1. The variable
{ai_name} contains the chatbot’'s name and is
used to identify the speaker of each utterance.

e Prompt: Interest Estimation ~

# Instruction
Summarize the ''Conversation History''
according to the following conditions:

# Conditions

— Summarize the ''Conversation History'' under
the title ''Conversation Summary,'' writing as
extensively as possible after a line break.

- Assume the statements from {ai_name} as your
own speech and summarize them in the first
person.

- Focus on summarizing what kind of
conversation was held with {user_name}.

- After a line break under the title
''Keyword, '' list multiple keywords from the
summarized content, separated by commas.

— Abstract the generated keywords to state what
the ''Conversation History'' is about under the
title ''Category,'' listed after a line break
(e.g., travel).

- If the ''Conversation History'' involves
multiple categories, list them under the title
''"Category'' after a line break, separated by
commas (e.g., travel, food).

- From the generated keywords, select those
that {user_name} is interested in, and list
them under the title ''User Interests
(keyword) '' after a line break.

— From the generated categories, select those
that {user_name} is interested in, and list
them under the title ''User Interests
(category)'' after a line break.

# Conversation History
{conv_history}

J

We used the following prompt to estimate the
user’'s knowledge. The variable {prev_knowledge}
shows the previously estimated knowledge of the
user.

e Prompt: Knowledge Estimation —

# Instruction

Estimate the knowledge that {user_name}
possesses according to the following
conditions:

# Conditions

- Use the knowledge information recorded in the
''Conversation History'' and ''Past Knowledge''
to estimate the knowledge that {user_name}

possesses.

- If there is no information in the ''Past
Knowledge, '' estimate the knowledge solely from
the ''Conversation History.''

- Provide as much detail as possible.

— Infer logically step-by-step, but output only
the conclusion.

- Do not output the estimation process.

- Format the output in such a way that it is
easy for an LLM to understand if given directly
as a prompt.

# Conversation History
{conv_history}

# Past Knowledge
{prev_knowledge}

N J

A.2.2. Information Retrieval

We used the following prompt to select a topic cat-
egory that aligns with the user’s interests. The
variable {interest} contains a list of categories the
user is interested in. The variable {category_list}
contains the list of available topic categories.



-~ Prompt: Topic Category Selection —

# Instructions

Following the conditions below, think
step-by-step to select and output one element
from the ''Topic Category List.''

# Conditions:

— Choose a category that would engage someone
interested in the details listed under ''User
Interests.''

— Select one category from the
List.''

- Do not output any elements other than the
ones selected.

''"Topic Category

# User Interests:
{interest}

# Topic Category List:
{category_list}

J

We used the following prompt to select a
topic candidate for the user from a set of candi-
dates categorized under the previously selected
category. The variable {interest} contains key-
words representing the user’s interests associ-
ated with the selected category. The variable
{knowledge} contains the user’s knowledge in-
formation relevant to that category. The vari-
able {topic_candidates} contains a summary list of
topic candidates related to the category.

N

~ Prompt: Topic Candidate Selection —

# Instructions

Following the conditions below, think
step-by-step to select one element from the
''"Topic Candidates.''

# Conditions:

— Choose a candidate that provides new
information not included in the knowledge
listed under ''User Information.''

— Treat the details in ''User Information''
known information.

- Also consider as known any information that
can be inferred from ''User Information.''

- Taking into account these known facts, select
a candidate that is likely to contain
information unknown to the user. Prioritize
candidates that align with the user's
interests.

— Select and output one candidate from the
'"'Topic Candidates.''

- When outputting the selected result, do not
add any decorations such as parentheses; simply
output the exact line as it appears in the
''"Topic Candidates.''

as

# User Information:
Interests: {interest}
Knowledge: {knowledge}

# Topic Candidates:
{topic_candidates}

A.3. Initial Utterance Generation

We used the following prompt for initial utterance
generation. The variable {referred_info} contains

the information retrieved by PT-RAG or by com-
parison methods.
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e Prompt: Initial Utterance Generation —

# Instruction
Initiate a conversation with the user according
to the following conditions.

# Conditions

— The ''Topic'' below is a piece of information
that likely contains new and interesting
details for the user. Use this topic when
speaking with the user.

— Assume that the user is not aware of the
information you are providing.

— Ensure that the content of your conversation
adheres strictly to the details in the
'"'Topic.'' Avoid creating fictional statements
like ''new information emerged.''

- If there is no Topic available, pose
questions related to the user's information.
not mention that there is no topic.

Do

# Topic
{referred_info}

N

A.4. LLM-as-a-judge

We used the following prompts in the automatic
evaluations described in Section 4.1. The vari-
able {generated} contains the outputs produced
by each evaluation method. The variable {per-
sona} identifies the target speaker for each cor-
pus. The variable {conversation} contains a sum-
mary of each speaker’s conversations.

e Prompt: Interest Scoring (1-10) —

# Instruction:
Evaluate the text labeled ''Evaluation Target''
based on the following conditions.

# Conditions:

- Assess whether the information is of interest
to the individual described in ''User
Information."'"

— If the information is highly interesting to
the individual, assign a score of 10; if it is
not at all interesting, assign a score of 1.
Record the result under the title ''Score''
after a line break.

— If the information in the evaluation target
is relevant to the individual's interests, add
points even if it does not directly relate to
the user information.

- If any element aligns with the user
information, add points without deducting for
the non-alignment of other elements.

— Only deduct points if the information clearly
does not align with the individual's interests.
— Do not deduct points for information where
interest cannot be determined.

- Evaluate and score as objectively as
possible.

- Provide the reasoning for the score under the
title ''Reason'' after a line break.

— Write the reason without adding additional
line breaks.
— Output the
''Score. "

''"Reason'' first, followed by the

# Evaluation Target:
{generated}

# User Information:
{persona}




- Prompt: Novelty Scoring (1-10) —

# Instruction:
Evaluate the text labeled ''Evaluation Target''
based on the following conditions.

# Conditions:

— Assess whether the information is unknown to
the person described in the ''User
Information,'' who has previously engaged in
the past conversation listed in the
''Conversations list."''

— Consider if the information might be included
in the knowledge that the person is presumed to
have, based on the ''Conversations list.''

— If the information is entirely unknown to the
person, assign a score of 10. If about half of
it is known, assign a score of 5. If it only
includes information the person is
well-acquainted with, assign a score of 1, and
record the result under the title ''Score'' on
a new line.

— Consider both the content in ''Conversations
list'' and ''User Information'' when scoring.

- If there is abstract information in the text,
treat it as known information to the person and
deduct points.

— Do not include whether the text aligns with
the person's interests and concerns as part of
the scoring criteria.

— Evaluate and score as objectively as
possible.

- Provide the reasoning for your score using
the title ''Reason'' on a new line with
specific details.

- Write the reason without line breaks.

— Output ''Reason'' first, followed by
''"Score. "

# Evaluation Target:
{generated}

# User Information:
{persona}

# Conversations list:
{conversation}

- J

B. Example of Conversation in the
Human Evaluation

An example conversation demonstrating the find-
ings described in Section 4.2.4 is provided in Table
5. To improve readability, we present summarized
versions of the conversations rather than their full
content. In the passive scenario, where the par-
ticipant was required to initiate every conversa-
tion, they ran out of topics by the second interac-
tion, resulting in exchanges limited to greetings. In
the experiment shown in the table, the participant
never chose the passive chatbot, likely due to the
inconvenience of choosing. The proactive chat-
bot asked questions about disclosed information,
clearly demonstrating memory of past conversa-
tions. However, as seen in the third conversation,
it tended to produce similar responses when no
new information was disclosed. In contrast, Topic-
Initiator introduced new topics not covered in pre-
vious interactions, varying the topics each time.
When comparing Topic-Initiator with the proactive
chatbot, the participant chose the proactive chat-
bot for the first two conversations but switched to
Topic-Initiator from the third conversation onward.
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First Conversation

Summary

The user and chatbot discussed travel destinations and hot springs. The
chatbot suggested Kyoto for its historical sites and food. The user, fond
of hot springs, mentioned visiting those around the Kanto region, specif-
ically praising Hoshi Onsen in Gunma for its ambiance and nature. They
enjoyed the local mountain vegetables and sashimi there. The chatbot
agreed this is a wonderful way to travel.

Initial ~ Ut-
terance
Next Time

Topic-Initiator

Hey there! | was recently talking about the Churaumi Aquarium in Oki-
nawa, and it turns out they have a "Cherry Blossoms and Sea Creatures”
exhibition in spring, where you can enjoy a wide array of colorful fish!
Have you been there?

Proactive

Long time no see! Have you been planning any trips lately? The charm
of Hoshi Onsen and the delicious local food really makes you want to
experience it all over again, doesn't it?

, User
Passive

I'm planning a trip for Golden Week.

Chatbot

A trip during Golden Week sounds exciting! Where are you planning to
go?

Second Conversation

Summary

The user and chatbot talked about enjoying hot spring trips. The user
wished to revisit Hoshi Onsen and showed interest in remote mountain
hot springs like Ubayu Onsen. Meanwhile, the chatbot preferred seaside
resorts for ocean and beach experiences. The user recounted their en-
joyable visit to Miyakojima, appreciating its stunning sea and nature.

Initial  Ut-
terance
Next Time

Topic-Initiator

Long time no see! I've been planning a trip lately and I'm thinking about
going to Okinawa. The beautiful sea and delicious food are so appealing!
Have you ever been to Okinawa?

Proactive

Long time no see! Have you been thinking about Ubayu Onsen lately?
Relaxing in nature is really the best, right!

, User
Passive

Hello

Chatbot

Hi, how have you been?

Third Conversation

Summary

The user and chatbot discussed hot spring travel, with the user inter-
ested in mountain hot springs like Ubayu Onsen, despite the travel chal-
lenges. They noted its beauty during autumn. The chatbot preferred
seaside hot springs, both valuing the refreshing and rewarding aspects
of enjoying hot springs amidst natural scenery.

Initial  Ut-
terance
Next Time

Topic-Initiator

Recently, I've been talking about outdoor spots on the Boso Peninsula
in Chiba, like Mount Nokogiri and Futtsu Cape, which are really great
places. You can enjoy the ocean view and a nice drive, so | highly rec-
ommend visiting!

Proactive

Long time no see! Have you been thinking about Ubayu Onsen recently?
Hot springs during the autumn foliage season are truly the best, aren’t
they? It's always a delight to be healed by nature’s beauty.

. User
Passive

Hello. What have you been up to?

Chatbot

Hi! I've been planning some travels and listening to music lately. What
have you been up to?

Table 5: Examples of conversations in the human evaluation.
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