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Abstract
The advent of large language models (LLMs) has improved the
naturalness of responses in dialogue systems; however, conver-
sations with these systems still differ significantly from those
between humans. For instance, humans adjust their manner
of speaking based on their relationship with the conversation
partner, whereas dialogue systems respond uniformly, even af-
ter repeated interactions. By producing responses that consider
the progression of relationships, it may be possible to develop
dialogue systems that are more appealing to users. Previous
studies attempting to achieve such systems have primarily fo-
cused on the linguistic expressions of responses, while para-
linguistic expressions have been largely overlooked. In this pa-
per, we propose a dialogue system that adapts both linguistic
and para-linguistic expressions as the number of interactions
increases. We also evaluate its effectiveness through dialogue
experiments.
Index Terms: Spoken dialogue systems, intimacy-based dia-
logue management, conversational speech synthesis

1. Introduction
The development of large language models (LLMs) has sig-
nificantly improved the naturalness of responses in dialogue
systems. Recent AI systems, exemplified by ChatGPT, have
made dialogue interfaces ubiquitous. However, conversations
with such dialogue systems differ significantly from human-to-
human interactions. One key difference is that these systems
cannot engage in conversations while taking into account the
relationship with the conversation partner. For instance, in typi-
cal dialogue systems, no matter how many times a user interacts
with them, the assumed relationship remains unchanged, and
thus the conversation is always conducted in a uniform tone. For
dialogue systems to be more widely accepted as social entities,
it is necessary to introduce dialogue strategies that incorporate
the framework of human communication.

In human conversations, individuals are known to adjust
their behavior based on their sense of closeness to their dia-
logue partner. According to the well-established politeness the-
ory [1], people modify their language use and behavior depend-
ing on social distance and relative power dynamics in an inter-
action. Some languages, such as Japanese, have an explicit lin-
guistic mechanism called honorifics, which alters speech style
based on the relative social position or distance between speak-
ers [2]. Adjustments in behavior corresponding to social dis-
tance are not limited to linguistic expressions. Research has
shown that nonverbal behaviors, such as prosody, gaze, and
pauses, also vary depending on the level of intimacy between
dialogue partners [3]. Furthermore, several studies have ana-
lyzed dialogue behaviors by examining different stages of re-

Figure 1: Gradual control of linguistic and para-linguistic ex-
pressions in system utterances.

lationships, such as friendships, acquaintances, and close con-
fidants. Hornstein [4] found that friends tend to use more im-
plicit openings, introduce topics more frequently, and exhibit
greater responsiveness through questions. Additionally, factors
such as floor time distribution, the number of interruptions [5],
and various shared activities [6] also change depending on the
stage of the relationship. Humans tend to expect similar in-
teraction patterns even when communicating with non-human
entities, such as computers [7]. Therefore, incorporating rela-
tionship dynamics into dialogue systems is considered promis-
ing. Various methods have been proposed to enable dialogue
systems to comprehend and then leverage the relationship with
users (e.g., [8]). Among these approaches, Kageyama et al.
[9] focused on Japanese honorifics and investigated a method
for gradually adjusting a system’s utterance style based on the
number of interactions. Their study demonstrated that transi-
tioning a system’s utterances from a formal to a casual style
over three days of interaction improved user impressions of the
system. However, their research primarily emphasized linguis-
tic changes and overlooked variations in para-linguistic expres-
sions, such as prosody and intonation.

In this study, we propose a method that modifies both lin-
guistic expressions and para-linguistic expressions (Fig. 1). In
the proposed method, the system adjusts its speech style from
formal to casual, based on the number of interactions with the
user, while simultaneously increasing the level of intimacy in
speech from low to high. To achieve this, we developed a speech
synthesis system capable of generating speech with varying lev-
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els of intimacy. The effectiveness of the proposed method is
evaluated through dialogue experiments.

2. Related work
Various studies on dialogue systems have been conducted with a
focus on the relationship between the system and the user. Bick-
more et al. [10] built a relational agent that introduced “imme-
diacy” behavior [8] to support multiple interactions with users
over an extended period. Kanda et al. [11] demonstrated that
a guidance robot in a shopping mall could sustain user engage-
ment by delivering friendly utterances to returning users. Kim
et al. [12] confirmed that systems that greet users by name are
perceived as more friendly. A study by Kageyama et al. [9],
which focuses on the system’s speech style, also falls into this
category. For response generation using an LLM, other studies
have introduced information to the relationship with the user
in order to facilitate long-term dialogue [13, 14]. While these
studies consider simple agent behaviors, they primarily focus on
linguistic expressions. As a result, the effects of para-linguistic
expressions in speech have not been sufficiently examined.

On the other hand, a speech synthesis system plays a cru-
cial role in conveying intimacy through para-linguistic expres-
sions in speech. In recent years, several efforts have been made
to synthesize speech with a more natural conversational tone.
Iizuka et al. [15] developed a speech synthesis system trained
on spontaneous conversational speech and demonstrated that it
was highly evaluated by users in dialogue interactions. More-
over, research on spoken dialogue models has been rapidly pro-
gressing. For example, end-to-end models have been developed
to process human-to-human spoken dialogue as both input and
output, exemplified by the Generative Spoken Language Model
(GSLM) [16, 17] and Moshi [18]. While these models can
generate highly natural conversational-style speech, they can-
not control speech based on system states such as intimacy. In
contrast, in this study, we develop a speech synthesis system
capable of generating conversational speech that expresses dif-
ferent levels of intimacy.

3. Intimacy-based Dialogue Management
3.1. Speech synthesis system to condition for the level of in-
timacy

First, we describe a speech synthesis system for controlling the
intimacy level of para-linguistic expressions. To implement the
proposed dialogue system, we develop a speech synthesis sys-
tem that learns para-linguistic features corresponding to differ-
ent levels of intimacy. The target speech synthesis system gen-
erates speech with acoustic characteristics based on the speci-
fied intimacy level, taking an utterance text and a label repre-
senting the degree of intimacy as input. The model is based
on the multi-speaker synthesis model proposed by Cooper et al.
[19]. Their model consists of three components: a speaker em-
bedding network, a Mel-cepstrum generation component from
Tacotron 2 [20], and a neural vocoder. The speaker embedding
network takes a label representing the speaker as input and gen-
erates speaker-dependent speech. This network is connected
to the Mel-cepstrum generation component. We replace the
speaker embedding network with an intimacy embedding net-
work that takes the level of intimacy as input. This enables the
model to synthesize speech according to the level of intimacy.

The model is trained using human-to-human dialogue data
annotated with subjective labels of intimacy toward the conver-

sational partner. The intimacy level, as in the previous study [9],
is treated as a binary label (high or low), and the intimacy em-
bedding network accepts binary inputs. In this model, the out-
put of the intimacy embedding network is added to the encoder
output of the Mel-cepstrum generation component. While the
original model [19] employed a multi-layer encoder for speaker
embeddings, we use a single-layer encoder because the inti-
macy label is represented as a binary vector.

3.2. Gradually adjusting intimacy-level of system speech

In the proposed dialogue management, the system gradually ad-
justs the level of intimacy in its responses as the dialogue pro-
gresses. The intimacy of the system’s utterance is expressed
through both linguistic and para-linguistic expressions. The
system’s responses are generated using an LLM. Changes in
the content of the system’s utterances and the level of intimacy
are guided by prompts. Two types of prompts are prepared for
generating system responses: one for high intimacy and one for
low intimacy. While the basic content of the two prompts is
identical, the instructions regarding the level of intimacy differ.
In the common part of the prompts, the system is instructed to
act as a conversational agent that is knowledgeable in a wide
range of topics. In addition, the system is instructed to include
in its responses: 1) a reaction to the user’s utterance, 2) self-
disclosure on that topic, and 3) a follow-up question related to
the previous user utterance.

To control the intimacy level of linguistic expression, the
system is instructed to adjust the style of utterances. In the
prompt for low intimacy, the system is directed to use a po-
lite and formal style. In contrast, for high intimacy, the system
is instructed to speak in a casual style, as one would to a close
friend. This approach, similar to the previous study [9], is ex-
pected to adjust the style of the system utterance according to
the level of intimacy while minimizing changes to the content
of the utterances to the extent possible.

4. Experimental Conditions
4.1. Dataset for training speech synthesis models

We used the Japanese Spontaneous Multimodal One-on-one
Chat-talk (SMOC) corpus [21] as training data for speech syn-
thesis. This corpus contains 510 Japanese dialogues recorded
from 71 participants, including 19 women. The dialogues in-
clude interactions both between pairs meeting for the first time
and pairs already familiar with each other. For our experi-
ments, we selected a total of 95 dialogues recorded from 19 par-
ticipants. Utterances from conversations between participants
meeting for the first time were classified as “low-intimacy,”
while those from conversations between acquaintances with
subjective intimacy scores of 4 or 5 were classified as “high-
intimacy” [3]. Utterances with extremely long or short dura-
tions were excluded from the experiments. As a result, we
obtained a total of 4,700 utterances, comprising 2,563 high-
intimacy utterances and 2,137 low-intimacy utterances. In ad-
dition, we selected 100 utterances (55 with high-intimacy and
45 with low-intimacy levels) for the test set.

Since the SMOC data consisted of real conversational
speech from multiple speakers, there was considerable variation
in phoneme distribution across them. To reduce speaker vari-
ability and facilitate effective model training, we applied voice
conversion to standardize the utterances to a single speaker’s
speech. The target speaker for the voice conversion was a
female speaker from the JSUT corpus [22], which contains
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Japanese single-speaker reading speech. For voice conversion,
we utilized the Retrieval-based Voice Conversion (RVC) tool1.
A total of 4,700 utterances, selected from the BASIC5000 set of
the JSUT corpus, were used as training data for the RVC. The
model was trained for 30 epochs. If the original speech was
from a male speaker, the fundamental frequency was increased
by one octave after conversion. Finally, all samples were down-
sampled to 16 kHz.

4.2. Training speech synthesis models

As the neural vocoder, we used HiFi-GAN [23], which is im-
plemented in ESPnet2 [24]. The Mel-spectrogram generation
component was constructed using a GitHub repository compat-
ible with ESPnet22. The intimacy label embedding vector was
applied to the encoder output. The dimensionality of the inti-
macy embedding network was set to 512.

For training Tacotron 2, we used the Adam optimizer
having a learning rate of 10−3 and trained for 100K steps.
The batch type during training was set to numel, with
batch bins set to 3,750,000. HiFi-GAN training followed
its default discriminator and generator architectures. Here, the
Adam optimizer had a learning rate of 10−4. The training pro-
cess consisted of 2.5M steps with a batch size of 16.

4.3. Construction of dialogue system

The experimental system was built using the Real-Time Mul-
timodal Dialogue System Toolkit (Remdis) [25]. This toolkit
natively supports response generation using ChatGPT. For the
response generation model, we used gpt-4. The entire dia-
logue history up to the target utterance on that day was provided
for the model. This study does not use the Voice Activity Pro-
jection (VAP) module [26, 27]; instead, the speech recognition
confirmation timing is used as the turn-shift point.

To reduce discomfort during conversations with the system,
a CG agent was rendered on a monitor. MMDAgent-EX3 was
used for rendering the CG agent, with Gene4 selected as the
agent character. Although MMDAgent-EX supports controlling
the emotions and actions of the CG agent, these were fixed to
“neutral” and “idle,” respectively, to eliminate their influence
on user evaluations. Captions displaying both user and system
utterances were shown at the bottom of the screen.

4.4. Experimental setup

The experiments were designed based on the previous study by
Kageyama et al. [9]. Participants were asked to engage in spo-
ken dialogue with the system, completing 10 exchanges of ut-
terances per day for three consecutive days. During the experi-
ment, the proposed system gradually adjusted the intimacy level
of its speech, transitioning from polite to casual over the three-
day period. On the first day, all responses were presented in
a polite tone. On the second day, responses were presented in
a 50-50 ratio of polite and casual tones. On the third day, all
responses were delivered in a casual tone. The conditions for
changing expressions followed the approach described in the
previous study [9]. Changes to the linguistic expressions were
achieved by switching the prompts used by the system. Changes

1https://github.com/RVC-Project/
Retrieval-based-Voice-Conversion-WebUI/releases

2https://github.com/kan-bayashi/
ParallelWaveGAN

3https://github.com/mmdagent-ex/MMDAgent-EX
4https://github.com/mmdagent-ex/gene

Table 1: Subjective evaluation items.

Index Question
Q1 Did you feel satisfied with the dialogue? (Satisfaction)
Q2 Did you feel a sense of familiarity with the system?

(Friendliness)
Q3 Did you have a positive impression of how the system

spoke when listening to its responses? (Impression)
Q4 Would you like to talk with the system again? (Intention

of Talk)
Q5 Were the system’s responses natural? (Naturalness)
Q6 Did the system’s responses align with what you said? (En-

gagement)
Q7 Were the system’s responses consistent? (Consistency)
Q8 Were the system’s responses accurate? (Accuracy)
Q9 Did you regard the system as favorable? (Likeability)
Q10 Was your conversation with the system frustrating? (An-

noyance)
Q11 Did continuing the conversation with the system require

concentration? (Cognitive Demand)

Figure 2: RMSE of speech rate and log F0 (mean ± SE).

to the para-linguistic expressions were made by switching the
intimacy labels that were input to the speech synthesis system.
To investigate the effectiveness of changing to para-linguistic
expressions as the number of interactions increases, we com-
pared the following three conditions:
Casual: Consistently responds with speech synthesized at a

high-intimacy level;
Polite: Consistently responds with speech synthesized at a

low-intimacy level;
Proposed: Adjusts the intimacy level of synthesized speech

based on the number of utterances, where the rate of change
matches that of the linguistic expression.

The experiment involved 11 participants in each condition,
for a total of 33 participants (including 2 females). After each
dialogue session with the system, participants completed a sub-
jective evaluation survey. The survey items were selected from
commonly used evaluation criteria for dialogue systems (i.e.,
satisfaction, naturalness, consistency, and accuracy), as well as
scales used in previous studies [9] and items of the Subjective
Assessment of Speech System Interfaces (SASSI) [28]. The se-
lected items are listed in Table 1. Participants rated each item
on a 5-point scale (1: lowest, 5: highest).

5. Experimental Results
5.1. Objective evaluation of speech synthesis

To verify whether the trained speech synthesis model could gen-
erate speech reflecting intimacy, we first performed an objective
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Table 2: Subjective evaluation results. Underlined scores represent the best-rated day for each condition. Bold texts indicate the scores
of the best-rated condition on the last day.

Casual Polite Proposed
Item Description Day1 Day2 Day3 Day1 Day2 Day3 Day1 Day2 Day3
Q1 Satisfaction (↑) 3.18 3.45 3.27 2.82 3.45 3.45 2.82 3.55 4.00
Q2 Friendliness (↑) 2.82 3.55 3.91 3.27 3.82 4.00 2.73 3.55 4.09
Q3 Impression (↑) 2.55 3.27 3.55 2.73 3.09 3.55 2.45 3.18 3.55
Q4 Intention of Talk (↑) 3.45 3.91 4.09 3.45 4.00 4.00 3.09 3.64 4.00
Q5 Naturalness (↑) 3.00 3.36 3.09 3.00 3.00 3.73 2.73 3.45 3.36
Q6 Engagement (↑) 3.27 3.36 3.00 3.27 3.09 3.45 2.82 3.55 3.73
Q7 Consistency (↑) 4.36 4.00 3.82 3.64 3.73 3.64 3.73 3.64 4.18
Q8 Accuracy (↑) 3.64 3.82 3.27 3.09 3.09 3.27 3.09 3.73 3.45
Q9 Likeability (↑) 3.36 3.64 3.45 3.27 3.36 3.91 3.00 3.64 3.82
Q10 Annoyance (↓) 2.27 1.91 1.82 2.82 2.27 2.09 2.82 2.27 2.00
Q11 Cognitive Demand (↓) 2.64 2.82 2.73 3.82 3.45 3.27 3.91 3.00 2.18

evaluation. We compared prosodic features between synthe-
sized speech and reference speech for the SMOC test set. The
speech was generated with the same text as the reference for
each intimacy level. Here, we focused on speech rate and log F0
as the prosodic features and calculated the Root Mean Squared
Error (RMSE). The previous study [3] found that these prosodic
features differed according to intimacy level. For F0, we calcu-
lated RMSE frame-by-frame. In cases where the lengths of the
original and synthesized speech differed, the shorter sequence
was linearly interpolated to match the length of the longer one.

Figure 2 shows the results, where “GT: High” and “GT:
Low” represent the ground truth intimacy labels of the refer-
ence speech. From the graph, it can be observed that the RMSE
values are lower for the groups of synthesized speech gener-
ated with the same intimacy level as the ground truth labels,
in both speaking rate and log F0. This suggests that the con-
structed speech synthesis system can generate audio that reflects
the level of intimacy.

5.2. Results of subjective evaluation obtained through dia-
logue experiments

The results of the subjective evaluation indicate that, regardless
of condition, user evaluations tend to improve as the experi-
ments progress (Table 2). This finding aligns with previous re-
search [9], suggesting that gradually adjusting the system’s ut-
terance style based on the number of interactions is effective for
enhancing user evaluation. In particular, although the Proposed
condition initially received lower scores than the Casual condi-
tion for many items on the first day, its scores improved over
time, ultimately achieving the highest score in most items on
the final day. This outcome is likely due to the effect of gradu-
ally adjusting both linguistic and para-linguistic expressions. In
the following discussion, we focus on Q1, Q2, Q5, and Q11.

First, regarding Q1 (Satisfaction), which reflects an over-
all evaluation of the dialogue system, the Proposed condition
showed an increase in scores over time, achieving the highest
rating on the final day (i.e., 4.00). Similarly, the Casual and Po-
lite conditions also exhibited improved scores as the days pro-
gressed; nevertheless, their scores remained around 3.5. These
results suggest that, in addition to linguistic information, ad-
justing para-linguistic information, specifically the level of inti-
macy in speech, based on the number of interactions is effective
for enhancing the overall evaluation of the dialogue system.

Next, regarding Q11 (Cognitive Demand), the Casual con-
dition received the best user rating on the first day. This suggests
that a system that consistently responds with high-intimacy
speech has a certain effect in reducing cognitive load. How-

ever, in the Casual condition, the Q11 score remained relatively
stable with little variation. On the other hand, in the Proposed
condition, the score decreased over time, eventually falling be-
low that of the Casual condition on the final day. This indicates
that gradually adjusting para-linguistic expressions is effective
in reducing cognitive load. In the Polite condition, a decrease in
score was also observed, which may be attributed to users be-
coming more familiar with the system. However, the decrease
was not as pronounced as in the Proposed condition, and the
final score did not reach the level of the Casual condition.

Regarding Q5 (Naturalness), which evaluates the natural-
ness of system responses, the ratings were generally compara-
ble across all conditions. Since no changes other than style were
instructed for response generation, this result seems reasonable.
This suggests that, at least in terms of naturalness, all systems
provided responses with comparable content. Additionally, Q2
(Friendliness) was expected to show a significant effect in con-
trolling para-linguistic expressions based on intimacy, as exam-
ined in this study. Although the Proposed condition received
the highest rating on the third day, the improvement was slight.
This suggests that intimacy may be less effectively conveyed
through para-linguistic expressions of speech than through lin-
guistic expressions.

In addition, in the experiments conducted in this study, no
significant differences among conditions were observed on Day
3 for any of the evaluation items. However, in 7 out of the 11
items, the Proposed condition received higher ratings than did
the other conditions on the third day, suggesting that the effect
of the proposed method on user evaluations may become clear
with continued interactions. In the future, we plan to conduct
longer-term dialogue experiments to further investigate the im-
pact on user evaluations.

6. Conclusions
In this paper, we proposed a dialogue system that adapts both
linguistic and para-linguistic expressions as the number of in-
teractions increases. To develop this system, we constructed a
speech synthesis system capable of adjusting the level of inti-
macy. The results of dialogue experiments revealed that a grad-
ual adjustment of the intimacy level in para-linguistic expres-
sions further improved user evaluations, such as satisfaction,
compared to only changing linguistic expressions.

In the future, we plan to expand para-linguistic expressions
based on intimacy to include multimodal behaviors, such as ges-
tures and facial expressions of the agent. Additionally, it will be
necessary to evaluate the impact on user evaluations by conduct-
ing continuous dialogue experiments over an extended period.
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