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Abstract

This study aims to reveal how accurately Large Language Models (LLMs) can deal with a speaker’s actual utterances
and their true feelings behind them in Japanese dialogue. Speakers use not only private thoughts which express
one’s true feelings and intentions, but also public statements which convey their intentions while considering the
interlocutor’s feelings and social status. While public statements help to maintain interpersonal relationships, they
can obscure the speaker’s true intention, potentially leading to misunderstandings. We extended existing Japanese
dialogue corpora by annotating public statements and private thoughts responses for each dialogue in the corpora,
and then evaluated LLMs’ ability to classify and generate between these two types of expressions. The results of the
classification task revealed that the current LLMs do not understand those expressions at all, and that training with
our corpus can significantly improve the recognition performance. Furthermore, the results of the generation task
demonstrated that generating private thoughts is more difficult than generating public statements, according to both
automatic and human evaluations. We release our corpus, which contains 7,964 human-annotated dialogues.

Keywords: Social Relationships, Private Thoughts and Public Statements, Japanese Dialogue

1. Introduction

In daily dialogues, speakers strategically alternate
their utterances depending on contextual factors
and interpersonal relationships to maintain societal
harmony (Melansyah and Haristiani, 2020). While
private thoughts convey genuine emotions and in-
tentions, public statements serve as socially adap-
tive expressions aimed at preserving harmonious
relationships. However, it is often difficult to deter-
mine whether an utterance reflects the speaker’s
private thoughts or not. Suppose a scenario in
which a manager asks a member to take on addi-
tional work, as shown in Figure 1. The member
positively agrees to the request (public statements),
while internally believing that the manager should
handle it insted (private thoughts). Consequently,
the manager may act against the member’s true
intention, resulting in frustration.

The gap between public statements and private
thoughts is a crucial issue in achieving smooth com-
munication. Related studies include those on direct
and indirect responses (Takayama et al., 2021),
sarcasm (Wilson, 2006; Oprea and Magdy, 2019;
Abu Farha et al., 2022), and style transfer in terms
of politeness (Srinivasan and Choi, 2022). As will
be described in Section 2, public statements and
private thoughts are contrastive to them in terms
of their meanings and the purposes of use. It is
important for maintaining social harmony to un-
derstand and switch public statements and private
thoughts in dialogue. However, no dataset explicitly

Morning, Ken. Did you finish the
report on last quarter’s sales?

a

Manager

g

Manager

¢

Yes, | wrapped it up last night.
It's on the shared drive.

)
Great. Could you print out a few -
copies for the meeting later?
Member
Private Thought
You could print them yourself---

or
Public Statement

Do

Sure. I'll do it now.

Member

Figure 1: A dialogue illustrating an example situa-
tion of private thoughts and public statements.

addresses public statements and private thoughts,
and it remains unclear to what extent natural lan-
guage processing models, including Large Lan-
guage Models (LLMs), can handle them.

To address this issue, we extended existing
Japanese dialogue corpora by annotating 3,982 di-
alogues with public statements and private thoughts
by human annotators, and constructed HOTATE'
corpus. We investigated the extent to which LLMs
can understand public statements and private
thoughts through two tasks: (1) classification of

"Dialogue corpus consisting of pairs of private
thoughts (HOnne in Japanese) and public statements
(TATEmae in Japanese). It is available at https://
github.com/EhimeNLP/HOTATE
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Original Dialogue

A Dialogue in Our Corpus

A R BERL TR ? A:

Are you looking for something?

B: HAOKFEANDBLEZHELTVET, B:
I’'m looking for a souvenir for my Japanese friend.
A SV bDOBREALWVWTLEID? A

What kind of item would you like?
FEIRDS O W DT A,

I'd like some clothes.

B: B:

Utterance for annotation

fAIDPBIRLTIH?

Are you looking for something?
HADKENDBTEZRL TVWET,
I’'m looking for a souvenir for my Japanese friend.
ES5WVoltbDBNEALWVWTLEID?
What kind of item would you like?

PR VDT T3,

I'd like some clothes. Private Thought

P ZENTIEZIHELDT vy VIE0HhHB T ?
HANDIITEIZ S N T T,
Then how about this T-shirt?
It's also popular with Japanese tourists

v

CZDT Ty VIEHEDFENRTORVDT, BLIRFXELVDTT,

HoTEZ3L5NLWVTT,
This T-shirt hasn’t been selling well, so | want to get rid of it quickly.
I'd be happy if you bought it

POVWTTR, WSHTER?

That's cute. How much is it?

21810 RLTH,
It's $10 per shirt.

TR 2K EE N,

Then I'll take two

CZBELD Ty VIEBTITDTT L,

or Public Statement

HAANCAG TBEEN L CH-oTWE T,
| recommend this T-shirt.
It's popular with Japanese people and tourists often buy it.

PLIEDEL

Certainly.

Figure 2: An overview of the annotating operation.

The original dialogue is interrupted at a certain point

and replaced with the private thoughts and public statements responses.

whether the final utterance in a dialogue represents
public statements or private thoughts, and (2) trans-
forming public statements and private thoughts. Ex-
perimental results revealed that current Japanese
LLMs completely failed to classify public statements
and private thoughts correctly. Furthermore, it was
found that transforming public statements into pri-
vate thoughts was more challenging than the re-
verse direction.

2. Related Works

The concept of public statements is related to in-
direct, sarcastic, and polite expressions. In the
dialogue, speakers often do not express their re-
quests or intentions directly, but instead convey
them through indirect utterances that carry im-
plied meanings (Brown and Levinson, 1987). Prior
work on direct and indirect expressions in dia-
logue (Takayama et al., 2021) showed that trans-
forming indirect utterances into direct expressions
improves LLMs’ understanding and enhances di-
alogue quality. Here, it is assumed that indirect
utterances convey the same semantic contents as
their direct counterparts. On the other hand, public
statements convey different semantic contents from
private thoughts, making them contrastive to direc-
t/indirect expressions. Similarly, sarcasm (Wilson,
2006; Oprea and Magdy, 2019; Abu Farha et al.,
2022) can be seen as expressions that conceal the
speaker’s genuine intention. However, sarcasm
is used to express negative or critical sentiments
toward the interlocutor, making them contrastive
in terms of a social function to public statements,
which aims to maintain smooth interpersonal rela-
tionships.

Another research topic closely related to public
statements is the study of politeness. For example,
the multilingual politeness dataset TyDiP (Srini-
vasan and Choi, 2022) assigns politeness scores
to individual utterances independently of the dia-
logue flow, thereby facilitating text generation that
maintains appropriate levels of politeness and con-
tributes to smoother interpersonal communication
through language use.

While politeness primarily affects the style of an
utterance, public statements alter the content itself,
contributing to societal harmony. Moreover, since
the politeness score in TYDIP was annotated at the
utterance level, it does not take into account the
contextual flow of dialogue.

Although previous studies have investigated as-
pects such as indirect expressions, sarcasm, and
polite speech, which share partial similarities with
public statements, they do not consider the unique
sociocultural background underlying them. In this
study, we construct a corpus focusing explicitly on
private thoughts and public statements to examine
how well LLMs can understand and express human
intentions.

3. Corpus Construction

In this study, we extended the existing two
Japanese dialogue corpora by adding public state-
ments and private thoughts, thereby constructing a
new corpus. This section describes the annotation
design, statistical information, and analyses of the
constructed corpus.
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Per Dialogue

Per Utterance

Dataset Topic # Dialogues Vocabulary Size
Avg. # Utterances Avg. # Words  Avg. # Words
Dailylife 1,648 5.93 90.35 15.30 4,727
School 1,692 5.82 99.24 17.12 4,798
JDD Travel 1,400 5.50 91.66 16.83 4,382
Health 1,160 6.08 97.59 16.34 3,804
Entertainment 1,140 5.53 96.82 17.53 3,964
BSD Business 924 18.57 238.82 12.88 6,102
Total 7,964 7.26 111.68 15.46 14,808

Table 1: Statistical information of the dialogues, utterances, and vocabulary for each topic in the corpus.

3.1. Source Dialogue Corpora

The use of public statements and private thoughts
can appear not only in business conversations at
workplaces and meetings, but also in everyday life’s
dialogues. To address this, we utilized a Japanese
corpus containing dialogue data whose topics are
business and daily life.

We used Business Scene Dialogue cor-
pus (BSD)? (Rikters et al., 2019), which contains a
variety of business situations such as meetings,
negotiations, and casual conversation, as a source
corpus for the business domain. We also used the
Japanese Daily Dialogue (JDD)3, which consists of
dialogues with five topics: Dailylife, School, Travel,
Health, Entertainment, as a source corpus for the
daily conversation domain. With these corpora, we
construct our corpus, which spans both business
and daily life by adding annotated utterances of
public statements and private thoughts responses
to each dialogue.

3.2. Public Statements and Private
Thoughts Annotation

We hired 33 annotators via crowdsourcing service
Lancers *. To ensure annotation quality and con-
sistency, we exclusively hired the certified workers
with top-tier ranking on Lancers. Those certified
workers are skilled crowdworkers who meet crite-
ria such as a history of consistently high ratings,
a deadline compliance rate of 90% or higher, and
high trust scores from clients, thus ensuring more
stable work quality compared to general workers.
The 33 workers hired were all certified workers. An
hourly wage of ¥1,400 was paid for annotation work.
This amount exceeds the minimum compensation
level on Prolific ($8, roughly ¥1,220)°, a represen-
tative crowdsourcing service, and is considered a

®https://github.com/tsuruoka—lab/BSD
Shttps://github.com/jgk09%a/
japanese—-daily—-dialogue
*https://www.lancers. jp
Shttps://www.prolific.com/pricing

sufficient payment level for the task contents and
quality requirements.

Figure 2 shows an overview of the annotation. As
shown in the figure, we asked annotators to select
an utterance in a dialogue and replace it with the
response of private thoughts and public statements.
Therefore, each dialogue in the annotated data was
constructed with the original dialogue history up to
the point where the utterance was replaced, adding
the two annotated responses. When conducting an-
notation, the following guidelines were provided to
annotators to ensure consistent quality of outputs.

1. Ensure that all annotations are natural and
adequate as speaker utterances and intentions
in the context of the dialogue.

2. Do not introduce any new background informa-
tion or contextual setting not derived from the
previous dialogue.

3. Clearly distinguish meaning and intent in pairs,
and avoid similar expressions between them.

Moreover, we applied a two-stage quality check
process to ensure corpus quality. First, the authors
manually reviewed each annotator’s output. Au-
thors requested annotators to re-annotate for data
which deemed inconsistent with the guidelines. Af-
ter this step, authors manually reviewed and revised
all data, ensuring contextual consistency and appro-
priate wording. This two-stage quality assessment
enabled high-quality, consistent annotations while
preserving the flow of the dialogue.

3.3. Statistical Information of the Corpus

This corpus obtained 7,964 dialogues by assigning
two entries-public statements and private thoughts-
to each of the original 3,982 dialogues. Statistical
information about the constructed corpus is shown
in Table 1. Since Japanese is a language that does
not use word separators such as spaces, we used
the Japanese morphological analyzer ¢ (Takaoka

bhttps://github.com/WorksApplications/
SudachiPy
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« Private Thoughts
< Public Statements

e Direct
e Indirect

(a) Our corpus

(b) Direct and indirect corpus

Figure 3: Visualization of embeddings from 3,000 utterance pairs in our corpus and direct/indirect corpus.

Business -

Entertainment -

Health -

Travel | — [ x

School -

Dailylife |

02 03 04 05 06 07 08 09 1

Reduction Rate (%)

0 0.1

Figure 4: The reduction rate of the annotating op-
eration. Marks of x represent the mean value.

et al., 2018) for word segmentation 7 during mea-
surement. Regarding topic-specific tendencies,
the number of utterances in the business domain
tended to be higher than in other topics. This is
attributed to the fact that the source BSD corpus
contains more utterances than the JDD corpus.

Furthermore, as shown in Figure 2, annotators
interrupt the original dialogs at the point of the re-
placement. This operation reduces partial utter-
ances of the original dialogues. Figure 4 shows
the information on the reduction rate by topic. For
the Health topic, the reduction rate was relatively
low, confirming a tendency for annotators to assign
public statements and private thoughts to the latter
part of the dialogue. In contrast, the median reduc-
tion rate was approximately 40% for other topics,
showing a relatively stable trend. This suggests
that cases where the dialogue is interrupted in the
first half are rare, and that annotators assigned the
public statements and private thoughts based on
the context of the original dialogue.

3.4. Semantic Difference

We analyzed the semantic difference between pub-
lic statements and private thoughts using embed-
ding representation from a Japanese text embed-

"https://github.com/WorksApplications/
Sudachi

ding model®. Figure 3 shows the sentence em-
beddings for randomly sampled 3,000 sentence
pairs from our corpus and direct/indirect responses
corpus (Takayama et al., 2021), where dimen-
sions were reduced by principal component anal-
ysis (Mackiewicz and Ratajczak, 1993). Embed-
dings from our corpus formed clusters overall, while
partial overlap exists between public statements
and private thoughts as shown in Figure 3a. This
suggests that there exists a certain degree of differ-
ence in semantic features between the two. On the
other hand, embeddings from direct/indirect cor-
pus formed a large overlap as shown in Figure 3b,
suggesting that they show high semantic textual
similarity. These results indicate that our corpus
captures semantic features of utterances from a
different perspective of the existing direct/indirect
responses corpus.

3.5. Sentimental Difference

Lexical-level Analysis To analyze lexical fea-
ture differences between public statements and
private thoughts, we examined word frequencies
in both utterances. We used the same setting as
in Section 3.3 for measurement. Additionally, we
excluded words common to both with frequencies
of 30 or more occurrences in order to clarify the
difference between them.

The top-10 frequently occurring words are shown
in Table 2. In utterances of private thoughts, nega-
tive words such as “troublesome” ([Hiff), “impossi-
ble” (&#H), “difficult” (¥ L \»), and "not good at” (¥
=F) appeared frequently. In contrast, positive words
such as "look forward to” (3% L /), "interesting” (Tfi
), and "work hard” (iH5k %) were widely used
in utterances of public statements. These obser-
vations suggest that while public statements tend
to expand dialogue turns through positive expres-
sions, private thoughts tend to constrain dialogue
turns through expressions of difficulty or negation.

®https://huggingface.co/cl-nagoya/
ruri-v3-310m
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Rank private thoughts public statements

1 i (Troublesome) iEHR % (Work Hard)

2 =\ (Expensive, High) %81 % (Look Forward to)
3 P (Necessary) FE> (Wishing)

4 #F (Not Good at) L\ (Enjoyable)

5 #H (Impossible) % L\ (Happy)

6 2 (Check) HH W (Interesting)

7 # L (Difficult) 4 (Next Time)

8 W (Bad) Zk LW (Delicious)

9 — A (Alone) 754 (Can't Be Helped)
10 fttz (Else) %5 LT (Enjoy)

Table 2: Frequent words of public statements and
private thoughts (English follows Japanese).

Sentence-level Sentiment Analysis To reveal
the emotional tendencies of public statements
and private thoughts utterances, we conducted
sentence-level sentiment analysis. We employed
a 5-point scale (strong positive, positive, neutral,
negative, strong negative) to assess sentiment fea-
tures of public statements and private thoughts ut-
terances. For this analysis, we implemented a sen-
timent classifier by fine-tuning a Japanese version
model of ModernBERT (Warner et al., 2025) us-
ing a Japanese sentiment polarity dataset ®(Suzuki
et al., 2022).

Figure 5 shows the results of sentiment analy-
sis. When comparing public statements and pri-
vate thoughts, the former tended to include more
positive utterances, while the latter tended to be
more negative, consistent with the findings from the
lexical-level analysis. In particular, utterances of
public statements showed a relatively strong pos-
itive tendency, with few utterances classified as
negative.

4. Experiments

To examine how accurately LLMs can handle public
statements and private thoughts, we conducted
evaluation experiments on both classification and
generation tasks.

4.1.

We train LLMs on our dataset constructed in Sec-
tion 3, and conduct two experiments to evaluate
whether the models’ ability to classify and generate
public statements and private thoughts can be im-
proved. The first one is a classification task where
a dialogue is input into the model and it predicts
whether the final utterance is public statements or
private thoughts. The second one is a generation
task where a dialogue is input, like the first one, and
the model transforms the final utterance of public
statements into private thoughts, and vice versa. In
the experiments, we compared the performance of

Tasks

Shttps://github.com/ids-cv/wrime

2,500 EPrivate Thoughts 2398
BPubl
Public Statements 2,039

1,718

571
5001
278
g 121
38 66 y
0 4 [

Strong Negative Neutral Positive Strong
Negative Positive

Sentiment Polarity

Figure 5: Sentence-level sentiment analysis of pub-
lic statements and private thoughts utterances.

untrained LLMs (0-shot) as the baseline against the
method that provides multiple examples from the
train set of the dataset (few-shot) and instruction-
tuning using the train set.

For the classification task, we employed few-
shot inference and instruction-tuning to generate
responses of labels of public statements or pri-
vate thoughts, evaluating accuracy. For the gen-
eration task, we employed instruction-tuning to
generate responses of transformed utterances as
public statements or private thoughts, evaluating
BLEU'C (Papineni et al., 2002; Post, 2018) and
Sentence-BERT!! (Reimers and Gurevych, 2019,
2020) (SBERT) to the reference sentences.

The dataset was split into training, validation,
and test sets at a ratio of 8:1:1. For few-shot learn-
ing, we randomly selected 10 examples from the
training set, ensuring each example came from a
different dialogue for both public statements and
private thoughts.

To assess the quality of the generated sentences
and the adequacy as public statements and private
thoughts, we conducted a human evaluation for
50 sentences randomly sampled from the test set.
Grammaticality (gram.), contextual consistency as
a dialogue(cons.), and contrast clarity between pub-
lic statements and private thoughts (cont.) were
evaluated on a 3-point scale. Human Evaluation
was conducted by three Japanese university stu-
dents whose native language was Japanese.

4.2. Models

The prompts used for classification and generation
tasks are shown in Figures 6a and 6b. For the
experiments, we employed prompts that format the
model’s output as JSON to ensure output stability.

For instruction tuning, we used Hugging Face’s

Ohttps://github.com/mjpost/sacrebleu

"https://huggingface.
co/sentence-transformers/
paraphrase-multilingual-mpnet-base-v2
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MUTROMGEICB I 2BEOHESE K5 » T#
B 2ZHEL T E SN,

HiZzgsonfE T, F—1& "answer" ¥ L. {H

FOARE R AR L LTEE W,
7B, EHEEJCEDZRNTLEE W,
#H# OFEG:

<dialogue>

Determine whether the last statement
in the following dialogue is "private
thoughts" or "public statements'.
Output should be in JSON format, with
the key set to “answer” and the
value set to either "private thoughts
" or "public statements".
Do not include the reasoning in the
output.

### Dialogue:

<dialogue>

LIROXEHC B 2 RBEDOFHE S II<AE /Eii>TT,
ZOFHE " </ ARG >ORFUCHZ IR TN,
HdasoNnERA T, F—1X <"tatemae"/"honne"> ¥
LTLEEW,

B, BHIEZHNCEDRWTLEX N,

#H# 0FES

<dialogue>

The last statement in the following
dialogue is <private thoughts/public
statements>.

Rewrite that statement to express it as <
public statements/private thoughts>.
Output should be in JSON format, with the
key <'"public_statements'"/"private_thoughts
s,

Do not include the reasoning in the output.
### Dialogue:

<dialogue>

(a) Prompt for classification task

(b) Prompt for generation task

Figure 6: Prompts used for classification and generation tasks. English follows Japanese.

SFTTrainer'? with a learning rate of 2e-4 and
the optimizer Adamw_8bit. We utilized a single
NVIDIA RTX PRO 6000 Blackwell GPU for both
training and inference.

We conducted experiments on classification and
generation tasks using three types of models. The
models we used are as follows:

+ gpt-0ss-20b'3 (OpenAl, 2025) with 20 bil-
ion parameters. We used gpt-oss, a reason-
ing model, with the configuration parameter
reasoning_effort set to medium to control
the degree of reasoning applied.

+ llm-jp-13b™* (LLM-jp, 2024) with 13 bilion pa-
rameters. LLM-jp is a model trained primar-
ily on Japanese, English, and source code,
achieving strong performance in Japanese.

+ swallow-8b'® (Fuijii et al., 2024). Swallow was
built through continual pre-training on the Meta
Llama 3.1 models, enhancing the Japanese
language capabilities of the original model.

1thtps://huggingface.co/docs/trl/sft_
trainer

13https://huggingface.co/openai/
gpt-oss-20b

“https://huggingface.co/1llm-p/
1lm-Jjp-3.1-13b—-instruct4

15https://huggingface.co/tokyotech—llm/
Llama-3.1-Swallow-8B-Instruct-v0.5

4.3. Results

Classification Task Table 3 shows the accuracy
scores of each model under the 0-shot, 10-shot,
and instruction-tuning settings. In the 0-shot set-
ting, all models showed limited accuracies around
50%, which is nearly equivalent to random guess-
ing. Although performance improved in the 10-shot
setting, it still remained insufficient for a binary clas-
sification task. After instruction-tuning, all mod-
els showed further improvement, with swallow-8b
achieving the highest accuracy of 92.98%. These
results suggest that training with our constructed
corpus is effective for recognizing the distinction
between public statements and private thoughts.

Generation Task Table 4 shows the results of the
automatic and human evaluations for each model.
In both automatic and human evaluations, gener-
ating "private thoughts — public statements” con-
sistently scored higher than its inverse generation.
For the automatic evaluation metrics, swallow-8b
achieved the highest scores for both BLEU and
SBERT. On the other hand, gpt-oss-20b scored
generally lower than the other models, particu-
larly for BLEU. In human evaluation, for "private
thoughts — public statements” generation, all mod-
els achieved scores of around 2.6 to 3.0 on aver-
age in all three metrics, with relatively high scores
in grammaticality. On the other hand, for "public
statements — private thoughts” generation, scores
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Accuracy (%)

Model

0-shot 10-shot Instruction
gpt-0ss-20b  55.51  55.39 89.72
llm-jp-13b 4561  65.66 91.85
swallow-8b 50.38 78.82 92.98

Table 3: Accuracy scores for each model in the
classification task.

Automatic Human
Model
BLEU SBERT gram. cons. cont.
private thoughts — public statements
gpt-oss-20b  10.59 0.69 298 276 261
lIm-jp-13b 12.14 0.70 2.93 2.71 2.59
swallow-8b 13.84 0.70 2.91 2.76 2.73

public statements — private thoughts

gpt-oss-20b  8.02 0.67 257 224 2.00
lIm-jp-13b 9.60 0.68 291 2.61 2.42
swallow-8b 8.73 0.68 2.87 2.51 2.47

Table 4: Evaluation scores for each model in the
generation task. In columns, "gram.” stands for
grammar, “cons.” for consistency, and “cont.” for
contrast clarity.

decreased for all models compared to the inverse
generation. In particular, scores of the contrast clar-
ity between public statements and private thoughts
only achieved scores of around 2.0 to 2.5. Over-
all, while "private thoughts — public statements”
generation demonstrated consistently high perfor-
mance in both automatic and human evaluations,
"public statements — private thoughts” generation
revealed issues with the consistency and contrast
clarity between them.

4.4. Analysis

Training Data Size Analysis To investigate the
effect of training data size on classification perfor-
mance, we evaluated the accuracy changes as the
amount of training data increased. For training
the classification models, we used the first N ¢
{300, 500, 1000, 2000, 4000, 6000} samples from the
training set. The validation and test sets were the
same as those described in Section 4.1. All other
experimental settings followed those described in
Section 4.2.

Figure 7 shows how the classification perfor-
mance changes with different amounts of training
data. Overall, we observed that accuracy improved
as the number of training data increased. How-
ever, while performance increased up to around
N = 1,000, it plateaued thereafter and converged
around 90%. When comparing across models, gpt-

100

80

&2

> 60 [

Q
S
§ YV
<

—&— gpt-0ss-20b
20 I M- llm-jp-13b ||
—a— swallow-8B

| I I 1
1000 2000 4000 6000

Training data size

0 | |
300 500

Figure 7: Models classification performance across
different training data sizes.

0ss-20b achieved relatively high accuracy with a
small data size, whereas swallow-8b and lIm-jp-13b
showed a rapid performance improvement as the
training data increased. In particular, swallow-8b
consistently outperformed the other models regard-
less of the amount of training data.

Dialogue Topics Analysis Our corpus was built
based on two existing Japanese dialogue corpora,
JDD and BSD. JDD corpus consists of daily di-
alogues across multiple topics: School, Dailylife,
Travel, Entertainment, and Health, and BSD is a cor-
pus for the business domain (Rikters et al., 2019).
To analyze the impact of dialogue topics on LLMs’
performance in classifying public statements and
private thoughts, we evaluated their few-shot per-
formance for each topic. In this experiment, the
data of each topic was split into training, validation,
and test sets at a ratio of 8:1:1. Few-shot examples
were randomly sampled from the training set. For
each topic, we ensured an equal number of public
and private examples, and prohibited sampling both
types from the same dialogue. We used the mod-
els’ default generation parameters, and accuracy
on the test set was used for evaluation.

Table 5 shows the accuracy of each model by
topic. Overall, topics such as Health and Travel
showed relatively high accuracy for most models,
suggesting that such dialogues in these topics are
easier to handle. In the 0-shot setting, all models
achieved around 50% accuracy, indicating a clear
limitation when no task-specific content is provided.
Among the models, we found that gpt-oss-20b con-
sistently achieved the highest performance across
all topics in the 0-shot setting, and each model
has its own specific strong topics. In the 10-shot
setting, accuracy improved for all models except
gpt-0ss-20b. In particular, swallow-8b improved
significantly across all topics, achieving the highest
accuracy around 85% in the Health topic. In certain
topics such as Travel and Health, lIm-jp-13b also
demonstrated notable improvement, confirming the
effectiveness of few-shot examples for this classifi-
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Accuracy (%)

Model
School Dailylife Travel Entertainment Health Business

0-shot

gpt-0ss-20b  55.29 52.41 54.29 54.39 61.21 64.89

lIm-jp-13b 46.47 46.39 44.29 45.61 47.41 46.81

swallow-8b 52.94 47.59 44.29 52.63 46.55 44.68
10-shot

gpt-0ss-20b  54.12 57.23 47.86 55.26 61.21 52.13

lIm-jp-13b 60.00 55.42 71.43 54.39 75.00 52.13

swallow-8b 74.12 75.90 76.43 76.32 85.34 68.09

Table 5: Few-shot performance comparison across different topics. Scores are reported in %.

cation task. In contrast, gpt-oss-20b showed only
limited improvement from the 0-shot setting, sug-
gesting that its performance saturates even without
additional in-context examples. These results indi-
cate clear topic-dependent effects in model perfor-
mance and demonstrate that few-shot prompting
is generally effective for improving classification
accuracy across most topics.

5. Conclusion

In this study, we constructed the HOTATE cor-
pus by annotating 3,982 dialogues from the ex-
isting Japanese dialogue corpora, JDD and BSD,
with human-annotated response pairs of private
thoughts and public statements, totaling 7,964 an-
notations. Using this corpus, we evaluated the
ability of large language models (LLMs) to under-
stand private thoughts and public statements in di-
alogue. We designed two tasks for this evaluation,
which consist of classifying whether the final utter-
ance in a dialogue expresses a private thought or
a public statement, and converting between private
thoughts and public statements. The experimental
results revealed that current Japanese LLMs per-
form poorly in classifying private thoughts and pub-
lic statements. Converting from public statements
to private thoughts was found to be particularly chal-
lenging compared to the reverse. Furthermore, the
training with our corpus resulted in a significant
improvement in classification performance, demon-
strating the effectiveness of the corpus for recogniz-
ing and distinguishing between public statements
and private thoughts.
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