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15. Each sentence will be additionally annotated with corresponding
emotion labels and intent labels. The emotion labels are chosen from one of
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neutral]. The intent labels are chosen from one of the following nine
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welfare project were misused.
-Angry-

Spk B -That's terrible! 1 can
understand why you're angry.
-Neutral-

N Z

article about how the
funds for the public
welfare  project were
misused. / am furious!

Spk B: Oh, really? That's
terrible! I can understand
why you're angry.

M Spontaneous content

3. Dialogue Script

1. Dialogue Script Draft Generation

2. Spoken Dialogue Recording

Re-identification

)

Item Collection Recording
Language EN ZH EN ZH
Dialogues 7,033 8,776 1,196 2,451
Utterances 62,603 99,126 10,033 21,688

Words 856,011 1,688,778 157,967 507,008
Min words per utterance 1 1 2 2
Max words per utterance 299 322 53 92
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Liu R, Hu Y, Ren Y, et al. Generative expressive conversational speech synthesis[C]//Proceedings of the 32nd ACM International Conference on

Multimedia. 2024: 4187-4196.
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<text> Return the gender of the <turn>1</turn> <audio>Speech Path (.wav)</audio>
speaker (Male or Female). <speaker>Spk-A</speaker> <gender>Male<gender>
</text> <textual>Utterance Content</textual>
<audio>Speech Path (.wav)</audio> </dialog>
$ q> <question>
Sentence-level: Pitch, Tempo, Energy </dialog> Assume that you are a speech captions generator capable of producing corresponding emotional
<question>

and stylistic descriptions for each utterance of dialogue. Based on the provided conversational
context <dialog>, each sentence's stylistic factors (<pitch>, <tempo>, <energy>, <gender>), and
the <emotion>, generate a basic descriptive caption. Please focus exclusively on the speaker's
emotion and expressive style, and avoid including irrelevant content (such as place names,
personal names, events, etc.).

P Combine the conversational content <dialog>, including the text

o[t : o 2 S
<textual> and speech <audio> modalities, to determine the emotion in

each turn <turn> of the dialogue. (Choose one of eight emotions: angry,

Calculate the mean of the style factor contempt, disgusted, fear, happy, sad, neutral, surprised).

</question> 5
¥ - </question>
Comparison with threshold <reply format> <
i e g o reply format>
Return the results in a Python dictionary format: {'<turn>':'emotion’, 2 e S e = P
P et ! Return the results in a Python dictionary format: {'<turn>""'basic caption','<turn>":'basic
[} [} . ¥ Baaah o
Low Normal High </reply format> 4 caption’.......}. 4
g </reply format> /
Empathetic Captions G
<dialog> *

<turn>1</turn>
<audio>Speech Path (.wav)</audio>
<basic caption>The joyful man's fervent delivery is accompanied by a normal pitch and moderate pace.<basic caption>

</dialog>

<question>

You are a generator that can rewrite text descriptions in combination with speech. Please now, following any one of the principles below and based on the corresponding <audio> in <dialog>, rewrite each <basic caption>
in the dialogue. After generating, check the consistency between the description and the speech style and emotions to avoid discrepancies between descriptions and actual situations:
1) Replace with synonyms: Substitute adjectives or adverbs in the target sentence with other words that have the same meaning.

2) Change sentence structure: Adjust the grammar of the sentence to avoid repeating the same expressions.

3) Add detailed descriptions: Incorporate more details to enrich the expression.

4) Change the order of descriptions: Rearrange the sequence of descriptions to prevent patterned structures.

5) Introduce emotional intensity: Vary the intensity of emotions to add depth.

6) Use emotion-related verbs: Employ verbs that more vividly convey the expression of emotions.

7) Describe the dynamic changes of speech: Illustrate the process of emotional changes in speech.

8) Use emotion-related adverbs or adjectives: Enhance emotional expression by incorporating adverbs or adjectives related to emotions.

</question>

<reply format>

Please return the results in a Python dictionary format: {'<turn>""empathetic caption','<turn>"'empathetic caption’,...... }

</reply format>

Hu Y, Liu R, Ren Y, et al. Chain-talker: Chain understanding and rendering for empathetic conversational speech synthesis[C]//Findings of the
Association for Computational Linguistics: ACL 2025. 2025: 1988-2003. 24
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Let's Go Real Talk: HEIXHE ST EEIHE

Transcription:

“It is very necessary for
communication purpose”
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Transcription: <Al> Start of Al Response Token
b P - <S> Start of AV Speech Token
How do you feel about 0 AV Speech Token

internet these days?”

Park S, Kim C, Rha H, et al. Let’s go real talk: Spoken dialogue model for face-to-face conversation[C]//Proceedings of the 62nd Annual Meeting of the
Association for Computational Linguistics (Volume 1: Long Papers). 2024: 16334-16348. 83
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~ I used to play the piano and __

r | e s r -
o Hi, how arc you? @ flute but haven't in a while.

How to respond
and express?

The UniTalker responds to the user with empathetic
=

2 speech and natural talking-face animations.
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+ Target Utterance: T used to play the

s piano and flute but haven't in a while. |
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Multitasking Dialogue Context Modeling
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Hu Y, Liu R, Ren Y, et al. UniTalker: Conversational speech-visual synthesis[C]//Proceedings of the 33rd ACM International Conference on

Multimedia. 2025: 10248-10257.
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