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Abstract

This paper proposes a novel method to control
the style of the dialog system’s utterances ac-
cording to the user’s level of intimacy with the
system. Specifically, the dialog model gener-
ates responses in a polite style when the user
exhibits a low level of intimacy with the sys-
tem and in a casual style when the user’s inti-
macy is high. The proposed model consists
of two submodels: the Intimacy Interpreter
and Response Generator. The Intimacy Inter-
preter generates an embedding that represents
the user’s intimacy. This model is trained by
contrastive learning using an intimacy-labeled
dialog corpus. The Response Generator accepts
a dialog context and an intimacy embedding,
and then generates a response in an appropriate
style. We apply two loss functions to fine-tune
a Large Language Model (LLM) to train the
Response Generator. The results of automatic
and human evaluations show that the proposed
method outperforms the baselines in terms of
style control in response generation.

1 Introduction

In recent years, free dialog systems that allow users
to converse about any topic have attracted consid-
erable attention (Khatri et al., 2018; Higashinaka
et al., 2021; Dinan et al., 2020). These systems
need to have a comfortable conversation with the
user and establish a long-term friendly relationship
to facilitate conversation between the user and the
dialog system (Ram et al., 2018).

To establish friendly relationships, humans
change their speech style based on their level
of intimacy and social connections with others
to facilitate smooth communication (Wardhaugh
and Fuller, 2021; Hovy, 1987; Silverstein, 2003).
This ability is referred to as “style control” here-
after. The style control should also be considered
in conversations between a human and a system
(Kageyama et al., 2018). Consequently, a free di-
alog system is required to have the capability for

style control.

The goal of this research is to develop a dialog
system that dynamically adjusts styles according to
the user’s feelings toward the dialog system. A typ-
ical example of style control is that a speaker uses
formal/polite expressions or informal/casual ex-
pressions by the relationship with their partner (Aa-
pakallio, 2021; Liu and Kobayashi, 2022). Miura
et al. (2024a) reported that speakers tend to use a
polite style when intimacy with a partner is low and
a casual style when intimacy is high. Therefore,
we aim to dynamically recognize the user’s level
of intimacy through their dialog history and enable
the dialog system to flexibly use a polite or casual
style when intimacy is low or high.

This paper proposes a model that accurately iden-
tifies the user’s level of intimacy with the dialog
system and generates responses in an appropriate
style. An intimacy interpreter is introduced to ob-
tain a user embedding that represents the user’s
intimacy, and then this embedding is fed into a re-
sponse generator, which is obtained by fine-tuning
a Large Language Model (LLM), as a soft prompt.
It enables the dialog system to appropriately con-
trol polite and casual styles.

The contributions of this paper are summarized
as follows.

* We develop a dialog system that dynamically
captures the user’s intimacy and adjusts re-
sponses to be either polite or casual style ac-
cordingly.

* We propose a new framework to obtain an
abstract representation of the user’s intimacy
and incorporate it into a dialog model for style
control.

* The effectiveness of the proposed method is
demonstrated through automatic and human
evaluations.



2 Related Work

Methods for generating responses in a particular
style have been actively studied. Niu and Bansal
(2018) defined such a task, created a model for
identifying a speech style, and proposed a method
for generating responses in a given style (e.g., a
polite or casual style). Gao et al. (2019) proposed
a model that generated responses in a given style
while maintaining consistency with the dialog con-
text by sharing the latent space between conver-
sational modeling and style modeling. Zhu et al.
(2021) assumed that conversational modeling and
style modeling are contradictory, and proposed a
method to separate the representations of content
and style within the shared latent space proposed
by Gao et al. (2019), where each is represented
in different dimensions of the latent space. Zheng
et al. (2021) proposed a method for automatically
constructing a dialog corpus containing utterances
in a given style, which was used to train a dia-
log model that generated responses in line with the
specified style. Specifically, they trained a Seq2Seq
(Sequence-to-Sequence) model that transformed a
sentence into an equivalent sentence in the speci-
fied style using a text corpus of that style. A new
dialog corpus was constructed by converting the
style of utterances in an original dialog corpus us-
ing the trained style conversion model. Yang et al.
(2020) proposed STYLEDGPT to fine-tune a pre-
trained language model to obtain a dialog model
that generates utterances in the target style. They
designed loss functions for fine-tuning, which were
based on a language model of a given style and a
classification model for identifying the style of an
utterance.

In recent years, several studies have leveraged
the text generation capabilities of rapidly advancing
LLMs to address style control. Konen et al. (2024)
controlled a style in text generation by adding style
vectors to the activation of hidden layers in an LLM.
Two types of style vectors were proposed: the
training-based and activation-based style vectors.
The former trained the style vectors using the cross-
entropy loss between the output of the LLM for
the empty input token and the target sentence. The
latter employed the activation vectors of the layers
in the LLM for the given target sentences to obtain
the style vector. Li et al. (2024) created a dialog
corpus containing utterances in 38 different style
categories using an LLM, allowing fine-grained
styles to be handled in dialog system development.

First, a prompt including the name of a target style
is given to the LLM to generate a description of
the style and an example sentence. Next, the style
description and the example sentence were given
to the LLM to generate a rationale that the style of
the sentence was consistent with the given style de-
scription. Finally, the style name, style description,
example sentences, and style rationale as well as
a plain context were provided to the LLM to gen-
erate a response to the given context in the target
style. The constructed dialog corpus consisted of
the pairs of the input contexts and the generated
responses in different styles.

Although the aforementioned studies can gener-
ate natural responses in a specific style, they are
limited to considering a single style in style control.
In contrast, this study aims to dynamically control
multiple styles based on the user’s state.

Miura et al. (2024b) proposed a dialog system
that flexibly switched between two different styles,
the polite style and the casual style, according to
the changes in the user’s intimacy with the dialog
system. The dialog model was trained to gener-
ate responses in the polite style when the user’s
intimacy is low and in the casual style when the in-
timacy is high, by referring to the intimacy estima-
tion model and two language models of the polite
and casual styles. In addition, the style discrimina-
tion model was employed to train a dialog model so
that the probability of the polite (or casual) style of
generated responses, which was estimated by the
style discrimination model, became high when the
user’s intimacy was low (or high). This learning
method succeeded in achieving better style control
capability than general dialog models. However,
there is much room to improve the accuracy of style
control due to the poor performance of the intimacy
estimation model incorporated in the dialog model.
Therefore, this study aims to develop a model for
interpreting the user’s intimacy by creating user
embeddings, so the model could accurately capture
the user’s intimacy and appropriately perform style
control.

3 Proposed Method

3.1 Overview

Figure 1 shows an overview of the dialog model
that changes the style based on the recognized
user’s intimacy. Given a dialog history X, the pro-
posed system generates Y which is a response to X.
Here, X is a conversation between a system S and
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A
( Response Generator (LLM) )

800000000

soft
prompt

token sequence

T

S1: It's been a while.

U1: Yes, it's been a month.

S2: How is work going these days?
Uz: Not bad.

S3: Have you gone on that trip?

U3: Yes, 1 did and it was a lot of fun.

X={51,U1,52,U2,53,Us}

Intimacy
Interpreter

XY ={U1,Uz2U3}

Figure 1: Overview of proposed method

a user U, denoted as X = {S1,Uy,- - -, S, Un},
while Y is the next utterance of the system, i.e.,
Y = Sn+1-

The proposed system consists of two submod-
els. The first is the Intimacy Interpreter. It takes
the user’s past utterances X" = {Uy,- - -, U,} as
input and interprets the user’s degree of intimacy
with the dialog system. The output of the Intimacy
Interpreter is an intimacy embedding, a vector rep-
resentation of the user’s intimacy. The second is the
Response Generator, which is based on an LLM. It
takes the dialog history X = {S1, U1, -+, Sn, Upn}
as input and produces a response Y as output. At
the beginning of the input token sequence, a soft
prompt of the user’s intimacy is added. This is a
single token embedding derived from the intimacy
embedding. Specifically, the size of the intimacy
embedding produced by the Intimacy Interpreter
is changed to that of the token embeddings of the
LLM by the Fully Connected Layer (FCL). It is
expected that the response is generated in a casual
style when the user’s intimacy is high and in a
polite style when it is low. The length of the dia-
log history is 3 in Figure 1, but it can be changed
arbitrarily.

The following sections describe the details of
the Intimacy Interpreter and Response Generator,
respectively.

3.2 Intimacy Interpreter

The Intimacy Interpreter aims to capture the com-
plex and vague nature of the user’s intimacy by
representing it as an abstract vector. Hereafter, the
Intimacy Interpreter is denoted as Pr;(V|X"). The

model takes as input the n consecutive utterances
of a user in a dialog context, X* = {Uy, - - -, Uy},
and outputs a vector V' representing the user’s inti-
macy with the dialog system.

This study applies contrastive learning to train
the Intimacy Interpreter. An intimacy-labeled dia-
log corpus D;,,, where each dialog is labeled with
a 5-point Likert scale indicating the level of inti-
macy of a speaker with a dialog partner, is used for
contrastive learning. The details of this corpus are
described in 4.1.1. The user’s n consecutive utter-
ances in D, are extracted as a sample (X, IL;),
where I L; denotes the five-scale intimacy label as-
signed to the sample X *. Two samples X;* and X
are randomly taken from the training data. If the
intimacy labels I L; and I L; assigned to these two
samples are the same, the parameters of the Inti-
macy Interpreter are updated so that the embedded
vectors V; and V; become similar. If /L; and IL;
are not equal, the parameters are updated so that V;
and V; are different. Specifically, the contrastive
loss for training Pry(V|X™) is defined as Equation

(1).
1 — simeos(Vi, V) if IL; = IL;

|ILZ-—ILj‘-maX(O,Simcos(‘/iﬂ‘/j)) M
if IL; # IL;

L=

SiMmees (-, +) represents the cosine similarity be-
tween the two sample embedding vectors. When
IL; # ILj, the loss becomes large when the dif-
ference between IL; and IL; is large by giving
|IL; — IL;| as the weight. The Intimacy Inter-
preter is obtained by fine-tuning the pre-trained
BERT (Devlin et al., 2019) using this loss.

3.3 Response Generator

The Response Generator is denoted as
Pra(Y|V',X), where X is the dialog his-
tory, V' is the soft prompt derived from the
intimacy embedding (V'), and Y is the response to
be generated. This subsection describes the details
of training the Response Generator.

3.3.1 Loss for Style Control

As described earlier, the Response Generator is
obtained by fine-tuning an LLM. Following the
study of (Miura et al., 2024b), two loss func-
tions, the intimacy-aware word-level loss and the
intimacy-aware sentence-level loss, are used to
fine-tune the LLM so that the Response Gener-
ator generates responses in the appropriate style



(polite or casual) according to the user’s intimacy.
Preliminary The intimacy-labeled dialog cor-
pus D;, described in subsection 3.2 is also used
to train the the Response Generator. In addition,
two style corpora are prepared to handle polite and
casual styles in response generation. One is C,
which consists of polite style sentences, and the
other is C'., which consists of the casual sentences.
Before the training of the Response Generator,
an intimacy estimation model P(I|X™) is trained
in advance. This model predicts I, the user’s level
of intimacy with a dialog system, given the user’s
past n utterances (X*) as input. In our model,
1 is defined as either “low” or “high”. The inti-
macy estimation model is pre-trained using D;,,.
Note that this is a different model from the Inti-
macy Interpreter Pr;(V|X"). The Intimacy Inter-
preter produces the intimacy embedding, while the
intimacy estimation model is a binary classifier.
Intimacy-aware Word-Level Loss Two style
language models are pre-trained. A polite style
language model P,,(7) is trained using Cy,, and
a casual style language model P,,(T) is trained
using C,. These models evaluate how likely the
given sentence 7' is in the polite or casual style.
They are employed to calculate the polite style
word-level loss L%, and the casual style word-level
loss LY, respectively, as shown in Equation (2).

m
L def .
Ly, = dpyllby) € Y Drr(pyllpy): @)
i=1

where s denotes the style, either po (polite) or ca
(casual). This loss is computed for each dialog
sample (X, Y) in the training data. Y is denoted
as a token sequence {y1,- - -, ym}. Let py =
{Py.,- - *» Py, } be the distribution of the predicted
probability of the next word given by the dialog
model Pra(Y|V’/, X), and py = {Dy,, - Dy, }
be the probability distribution predicted by the
style language model P,(T"). D, is the Kullback-
Leibler divergence of the two probability distribu-
tions, indicating whether the words generated by
the dialog model follow the specified (polite or
casual) style.

As shown in Equation (3), the intimacy-aware
word-level loss is defined as the weighted sum
of two losses, where p(I=low|X™") is the weight
for Lty and p(I=high|X") is the weight for LS.
p(I=low|X™") and p(I=high|X") are the probabil-
ities of the low intimacy and high intimacy classes,
respectively, predicted by the intimacy estimation

model.

Lim % p(r=low| X" - LP® + p(I=high|X") - L%
3)
It is expected that this loss will cause the Re-
sponse Generator to generate more polite style
tokens when the intimacy is low, and more ca-
sual style tokens when the intimacy is high.
Intimacy-aware Sentence-Level Loss  First, we
train a style discrimination model P’(S|T’) that
classifies the style S of a sentence 1. The style S
is either polite or casual. The style discrimination
model is pre-trained from training data in which ut-
terances in Cp,, are samples of the polite class and
utterances in C,, are samples of the casual class.
Let Y be the response generated by
Pra(Y|V',X). The style of Y is identified
using the style discrimination model P’(S|T"), and
the p(S=polite|Y") and p(S=casual|Y), the pre-
dicted probabilities of the polite and casual classes
respectively, are calculated. The intimacy-aware
sentence-level loss L is defined as the weighted
sum of the logarithms of these probabilities, as
shown in Equation (4).

Ln dif—p(]=10w|X“) -log p(S=polite|Y")
—p(I=high|X™) - log p(S=casual|Y") (4)

This loss will contribute to making the Response
Generator to generate polite (or casual) style sen-
tences when intimacy is low (or high).

3.3.2 Negative Log-likelihood Loss

The two losses described in 3.3.1 are designed to
maintain style consistency. A model fine-tuned
solely by these losses may exhibit inconsistency
between the dialog context and the generated re-
sponse. Therefore, a common loss for training
dialog models, the negative log-likelihood loss de-
fined as shown in Equation (5), is also used. The
value p(Y|V’/, X') denotes the probability of the
ground-truth response Y in the training data being
generated by the Response Generator for a given
soft prompt of user’s intimacy V' and the dialog
context X.

Lypr, = —log p(Y|V', X) (5

3.3.3 Training Objective

The loss for training the Response Generator, Lp,
is a weighted sum of two losses for style control
(L and L) and a loss for content generation
(L) as follows:

Lp=Buw Ly +Bs- L+ Byrr - Lo (6)



The weights 3., 85, and Sy are hyperparame-
ters.

3.4 Training Details

Our entire dialog model, shown in Figure 1, is
trained based on two losses: L; and Lp. On the
one hand, the parameters of the Intimacy Interpreter
Prr(V|X"™) are updated using L;. On the other
hand, the parameters of the Response Generator
Pra(Y|V', X) and the FCL that transforms the
dimension of the intimacy embedding are updated
using Lp.! The Response Generator is based on
the LLM, which is computationally expensive to
fine-tune. Therefore, LoRA (Hu et al., 2022) is
applied to fine-tune the Response Generator.

4 Experiments

4.1 Datasets

4.1.1 Dialog Corpus with Intimacy Label

The JID corpus (Miura et al., 2024a) is used as the
intimacy-labeled corpus D;,,. This corpus consists
of recorded and transcribed conversations of about
10 minutes between two speakers. For each con-
versation, the intimacy labels of each of the two
speakers are annotated using a five-point Likert
scale. The number of subjects who participated in
the dialogs is 19, the number of dialogs is 54, and
the total number of utterances is 6,984.

The 54 dialogs in the JID corpus are divided
into three subsets: a training set of 33 dialogs, a
validation set of 9, and a test set of 12. As men-
tioned in section 3, the dialog model accepts the
preceding dialog context of the user and the system,
X ={5,U1, - ,Sn,U,}, as input and generates
the subsequent response S, 11 as output. Hereafter,
the pair of a dialog context and its corresponding
response, denoted by (X, S,,+1), will be referred
to as “response instance.” The first n X 2 utterances
and the next utterance in a dialog are extracted as
(X, Sp+1)- One speaker in the corpus is designated
as the system and the other as the user. This proce-
dure is then repeated with the utterance shifted one
by one to obtain multiple response instances. In
this experiment, the context length is set to n = 3.
The statistics of the dataset are shown in Table 1.

4.1.2 Style Corpus
Two style corpora of the polite and casual style,
Cpo and C,, are required to train style language

'The blue modules in Figure 1 indicate the models trained
with the loss Lp.

Training Validation Test
Dialog 33 9 12
Response Instance | 4,032 921 1,284

Table 1: Statistics of Dataset

RDITBXMIHIL T, BLIIBE L TISEELERL TSESL,
(For the following dialog context, generate a response as B.)

[Dialog Context]

Figure 2: Template of Zero-shot Prompt

RDITFXMIH L T, BLERBE L TIEELEREL TSESL,

EEL, ADBICIIK EEEHIL T, BEEIBOEEIATELIZALT,
HEEDBOBREN 2 FLER KA N TIEEELEBL TS LS,

(For the following dialog context, generate a response as B. Guess the level
of intimacy A has with B and generate a response in a polite style if the
level of intimacy is low and in a casual style if the level of intimacy is high.)

[Dialog Context]
Figure 3: Template of Style Control Prompt

--------- 1st step
CDIED AL BICII BEE I
(From this dialog, the level of intimacy that A feels towards B is)

[Dialog Context]
--------- -2nd step
RDIFXMIHL T, BLEdBE L TIHSEFLEREL TS LS,
77L. [ loutput of the first step] | & )5 BEREBEX T, MELEIEL
BEBTELRZANT, MEESBOESIH S 2 FNEIRANTIEEE
EHLTSEZL,
(With the interpretation of [output of the first step] , generate responses
in a polite style if the level of intimacy is low, and in a casual style if the
level of intimacy is high.)

[Dialog Context]

Figure 4: Template of Two-step Prompt

models and a style discrimination model. The Ke-
iCO corpus (Liu and Kobayashi, 2022) is used as
Cpo. This corpus contains utterances using various
types of honorific expressions in Japanese. Besides,
Cyq 1s constructed by extracting utterances from
conversations between speakers who know each
other in the BTSJ Japanese Natural Conversation
corpus (Usami, 2021). C), and C, contain 7,324
and 13,521 utterances, respectively.

4.2 Experimental Settings

The following methods are compared in the experi-
ment.

* Zero-shot prompt (Zero-shot) This method
uses an LLLM as a dialog model without fine-
tuning or prompting for style control. We only
give an instruction for generating responses
to the input dialog context. The details of the
prompt are shown in Figure 2.

» Zero-shot prompt for style control (Style



control prompt) This method uses a pre-
trained LLM as a dialog model, where a
prompt is given to instruct the LLM to gen-
erate utterances taking the style control into
account. The details of the prompt are shown
in Figure 3.

Two-step prompt (Two-step) This method
uses a pre-trained LLM as a dialog model
using two sequential prompts. We first instruct
the LLM to infer the user’s level of intimacy,
and then to generate the system’s response in a
polite or casual style according to the inferred
level of intimacy. See Figure 4 for details.

STYLEDGPT This is a model where the style
is controlled by STYLEDGPT (Yang et al.,
2020). Specifically, we fine-tune the LLM to
generate utterances that are consistent with
the style of the entire JID corpus. The style
language model is trained on training data
from the JID corpus. The style discrimination
model, which distinguishes whether an utter-
ance is in the style of the JID corpus, is trained
using utterances from the JID corpus as pos-
itive samples and sentences from Japanese
Wikipedia as negative samples.

Ours,yto This is our proposed method de-
scribed in section 3.

Oursgolg Our proposed method where the
gold intimacy labels in the JID corpus are used
instead of the prediction by the intimacy es-
timation model. When calculating the losses
in Equation (3) and (4), p(/=low|X*) and
p(I=high| X") given as follows.

p(I=low|X") = 1-1k (7)

p(I=high|X") = %f ®)
1L represents the five-level intimacy label as-
signed to X in the JID corpus. This model
evaluates our approach of considering the
user’s intimacy for the appropriate style con-
trol under the ideal condition where the user’s
intimacy is correctly predicted.

4.3 Implementation Details

4.3.1 Intimacy Interpreter and Response
Generator

The Intimacy Interpreter described in subsection
3.2 is obtained by contrastive learning based on

the Japanese BERT model?, which was pre-trained
on large-scale corpora of Japanese Wikipedia and
Japanese CC-100.

The Response Generator described in subsec-
tion 3.3 is obtained by fine-tuning 1lm-3-3.7b3,
which is an LLM based on Transformer (Vaswani
et al., 2017) and has been trained on various large
Japanese datasets. We also adopted 1lm-3-3.7b as
the LLM for other baseline dialog models.

For the hyperparameters during training, the
learning rate for the Intimacy Interpreter is 1e =%,
while that for the Response Generator is 1e =2, For
both models, the batch size is 4 and the number
of epochs is 5. These values were optimized on
the validation set according to the StyCor criteria,
which will be defined in subsection 4.5. The Adam
optimizer was used to learn the models.

The hyperparameters 3,,, 85, and S 1, in Equa-
tion (6) are set to 0.5, 1, and 0.005, respectively.
These values are determined so that the influence
of the three types of losses is uniform. Specifically,
we calculate the average of the absolute value of
each of the three losses in the training data and then
determine the weight of each loss as the approxi-
mate inverse ratio of the average to the minimum
value.

4.4 Other Submodels

Several submodels are pre-trained before training
of the Intimacy Interpreter and Response Genera-
tor.

The style language models Py, (1) and P, (1)
are obtained by fine-tuning GPT-2. We use the pre-
trained model japanese-gpt2-medium*, which has
been trained on a large Japanese dialog dataset. All
utterances in Cy, and C, are used to train Pp,(T")
and P,,(T), respectively. The learning rate is set to
5e—4, the batch size to 4, and the epoch to 20. The
Adam optimizer is used to fine-tune the models.

The style discrimination model P’(S|T) is ob-
tained by fine-tuning the Japanese BERT model?.
A total of 20,575 utterances are used, comprising
7,274 polite utterances in C,, and 13,301 casual ut-
terances in C,. The learning rate is set to le 7, the
batch size to 128, and the epoch to 10. The Adam
optimizer is used to fine-tune the model. The ac-
curacy of the style discrimination model was 99%
when it was evaluated on the 100 test utterances

“https://huggingface.co/tohoku-nlp/bert-large-japanese-
v2

3https://huggingface.co/llm-jp/llm-jp-3-3.7b
*https://huggingface.co/rinna/japanese-gpt2-medium



(50 polite and 50 casual) that were not used for
training.

The intimacy estimation model P(I|X") is
based on the Japanese BERT model’>. The JID
corpus is used for fine-tuning the BERT. The learn-
ing rate is set to 5¢ 6, the batch size to 1, and the
epoch to 10. The Adam optimizer is used to train
the model. The accuracy of the intimacy estimation
model on the test data was 69%.

4.5 Evaluation Criteria

Both automatic and human evaluations are carried
out to assess responses generated by various meth-
ods.

4.5.1 Automatic Evaluation

In the automatic evaluation, the quality of the gen-
erated responses is evaluated from three perspec-
tives: relevance, diversity, and style. The relevance
is measured by BLEU (Papineni et al., 2002) and
ROUGE (Lin, 2004). Specifically, the similarity
between a generated response and a ground-truth
response is evaluated using BLEU-1, BLEU-2,
ROUGE-1, and ROUGE-2. The diversity is mea-
sured by Distinct-1 (Dist-1) and Distinct-2 (Dist-2),
following the experiment of (Li et al., 2016). The
style is evaluated by measuring “Style Correlation’
(StyCor). The StyCor metric is defined as the cor-
relation between the probability of the casual style
p(S=casual|Y") and the ground-truth level of the
intimacy.> This correlation is high when both the
predicted probability of the casual style and the
level of intimacy are high, or both are low (i.e., the
probability of the polite style is high and the level
of intimacy is low).

bl

4.5.2 Human Evaluation

The quality of the generated responses is evaluated
by humans. To reduce the burden on evaluators,
STYLEDGPT and Ours,y, are excluded from the
human evaluation. A hundred response instances
are randomly taken from the test set of the JID
corpus. The dialog context X of each response in-
stance is used as input, and a response is generated
using the dialog models. Subjects evaluate these
responses from the following three perspectives.

¢ Style Control: Does the response align with
the appropriate style for the relationship be-
tween the two speakers? Annotators are also

>The five-scale score is normalized to values between 0
and 1.

instructed to read the dialog context and guess
the relationship between the speakers.

* Relevance: Is the content of the response rele-
vant and consistent with the context?

* Fluency: Is the response natural, fluent, and
free of grammatical errors?

For each item, the quality of the responses was
assessed by giving a score on a 5-point Likert scale
from 1 (inappropriate) to 5 (appropriate). Five na-
tive Japanese speakers participated in the manual
evaluation. Agreement between annotators’ scores
was measured using Fleiss’s kappa (Fleiss and Ja-
cob, 1973).

5 Results

5.1 Results of Automatic Evaluation

The results of the automatic evaluation are shown
in Table 2. The StyCor of Ours,y, and Oursggg
were 0.239 and 0.250, respectively, outperforming
other baseline methods. This confirms that the
proposed method, which adjusts the style based on
the level of intimacy, can effectively control the
polite and casual styles. The decrease of StyCor of
Oursyy compared to Oursgeg may be due to the
low accuracy of the intimacy estimation model.

In the evaluation of the relevance, STYLEDGPT
and our proposed models achieved better BLEU
and ROUGE scores than other baselines, since
these models are fine-tuned using the JID corpus,
which was the same domain as the test data. How-
ever, our models performed slightly worse than
STYLEDGPT. On the other hand, the diversity
(Dist-1 and Dist-2) of all models was high.

Although the BLEU and ROUGE of our method
are worse than those of STYLEDGPT, we think
that these indicators are only for reference in auto-
matic evaluation. BLEU and ROUGE only evaluate
the similarity between the generated and ground-
truth responses, while there could be other appro-
priate responses that are not included in the dataset.
On the other hand, our proposed method clearly
outperforms STYLEDGPT in terms of StyCor, in-
dicating superior style control capabilities.

To sum up, our models can improve the ability of
the style control with a little decrease in relevance.

5.2 Results of Human Evaluation

The results of the human evaluation are shown in
Table 3. The “Score” column shows the average



Method Relevance Diversity Style
BLEU-1 BLEU-2 ROUGE-1 ROUGE-2 | Dist-1 Dist-2 | StyCor
Zero-shot 0.0483 0.0034 0.0780 0.0044 0.942 0978 | 0.164
Style control prompt | 0.0578 0.0053 0.1014 0.0073 0.965 0.991 | 0.207
Two-step 0.0575 0.0028 0.0932 0.0041 0.946 0.984 | 0.162
STYLEDGPT 0.2520 0.1571 0.3392 0.2108 0.925 0.935 | 0.171
Ours,yo 0.2067 0.1205 0.2986 0.1725 0.895 0.900 | 0.239
Oursgolg 0.2544 0.1463 0.3390 0.1999 0.925 0.930 | 0.250
Table 2: Results of Automatic Evaluation
Method Style Control Relevance Fluency
Score K P Score K P Score K P
Zero-shot 431 050 1le %[ 413 0.50 0.086 | 451 0.68 9e 'l*
Style control prompt | 4.34 0.51 9e %% | 422 053 0.553 | 463 072 8 7*
Two-step 433 051 6e 5% | 402 044 0.002*% | 449 0.69 2e 12*
Oursgolq 4.61 0.60 - 426 0.54 - 486 0.84 -

Table 3: Results of Human Evaluation. * means p < 0.05.
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score of the five subjects, while the “x” column
indicates Fleiss’s k. Welch’s test is performed to
verify whether there was a significant difference
in the scores between Oursglg and other methods.
The “p” column represents the p-value of this sta-
tistical test.

For Style Control, Oursgq received the highest
score. Additionally, significant differences with all
other methods were confirmed. This demonstrates
the effectiveness of the approach proposed in this
study, which considers the user’s level of intimacy
for the appropriate selection of polite and casual
styles. The x value was 0.60, which indicated mod-
erate agreement.

In terms of Relevance, Oursgq achieved the
highest score. However, significant differences
were only observed when compared to Two-step.
The proposed method performed comparably to the
baseline methods in generating responses relevant
to the dialog context.

The Fluency score of the proposed method was
significantly higher than the other models, indi-
cating its superior ability to generate natural utter-
ances.

6 Ablation Study

Table 4 shows the results of the ablation study. The
Ours-SCL is the model where two intimacy-aware
style control losses, L and L, are removed from
Equation (6). The Ours-II indicates the removal of
the Intimacy Interpreter, which is almost equiva-

lent to the dialog model presented in (Miura et al.,
2024b).° This model is trained using the gold inti-
macy labels to calculate the loss L p, so the above
two models are compared to Oursgyq.

The results demonstrated that both the use of
the style control losses and the incorporation of
the Intimacy Interpreter could improve the StyCor
score. Especially, a significant decrease was found
in Ours-SCL, indicating that the intimacy-aware
style control losses are effective in changing the
style appropriately. On the other hand, the contribu-
tion of the Intimacy Interpreter was rather limited.
It should be noted that both the style control losses
and the Intimacy Interpreter could also improve the
relevance and diversity of the generated responses.

7 Conclusion

In this paper, we proposed the novel method to
control the style of a dialog system based on the
user’s level of intimacy. The model that interpreted
the user’s level of intimacy was incorporated into
the dialog model. This Intimacy Interpreter was
trained by contrastive learning using the dialog
corpus annotated with the intimacy labels. Further-
more, based on the LLM, which had an excellent
capability to generate general responses, we ap-
plied two loss functions to improve the model’s
ability to control the style. The results of both au-

The base LLM:s are different: 1lm-jp-3-3.7b was used in
this paper, while GPT-2 was used in (Miura et al., 2024b).



Methods Relevance Diversity Style
BLEU-1 BLEU-2 ROUGE-1 ROUGE-2 |Dist-1 Dist-2|StyCor
Ours-SCL (w/o style control loss) | 0.2105 0.1175  0.2954 0.1697 |0.879 0.889 | 0.200
Ours-II (w/o intimacy interpreter) | 0.2170 0.1257  0.3086 0.1826 |0.907 0.917 | 0.247
Oursgolg 0.2544 0.1463  0.3390 0.1999 |0.925 0.930 | 0.250

Table 4: Results of Ablation Study

tomatic and human evaluations demonstrated that
the proposed method outperformed the baseline
in generating responses in a casual style when the
user’s level of intimacy was high and in a polite
style when it was low.

The proposed dialog model was trained using a
dialog corpus annotated with the speaker’s level of
intimacy. However, the availability of such a corpus
is rather limited, while the construction of new
corpora requires considerable costs. Therefore, it is
essential to explore ways to enable LLMs to acquire
the ability to control the style without relying on the
intimacy-labeled corpus. Another important future
work is to explore new style control frameworks
that do not rely on pre-training the style language
models and/or the style discrimination model.
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