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Abstract

With recent advances in automatic speech recognition (ASR), large language models (LLMs),
and text-to-speech (TTS) technologies, spoken dialogue systems (SDS) have become widely
accessible. However, most existing SDS are limited to conventional spoken responses.
We present SingingSDS, a cascaded SDS that responds through singing rather than
speaking, fostering more affective, memorable, and pleasurable interactions in character-
based roleplay and interactive entertainment scenarios. SingingSDS employs a modular
ASR-LLM-SVS pipeline and supports a wide range of configurations across character per-
sonas, ASR and LLM backends, SVS models, melody sources, and voice profiles, tai-
lored to different needs in terms of latency, quality, and musical style. SingingSDS is
available as a plug-and-play web demo, featuring modular, open-source code that sup-
ports customization and extension. Demo: https://huggingface.co/spaces/espnet/

SingingSDS. Code: https://github.com/SingingSDS/SingingSDS. Video: https://

youtube.com/playlist?list=PLZpUJJbwp2WvtPBenG5D3h09qKIrt24ui&si=7CSLWAYWcfkTEdqe.

Keywords: Spoken Dialogue System, Singing Voice Synthesis, Large Language Models,
Speech-to-Singing, Interactive Roleplay

1. Introduction

Spoken dialogue systems (SDS) have seen rapid advancements in recent years (Yu et al.,
2025; Ding et al., 2025; Xu et al., 2025; Arora et al., 2025; Li et al., 2025; Gao et al.,
2025; Défossez et al., 2024), with increasing focus on role-play, character embodiment, and
immersive interaction (Huang et al., 2025; Zhang et al., 2025; Chiang et al., 2025). Such
systems have demonstrated their potential in enhancing user engagement through dynamic
and emotionally expressive conversations, as exemplified by character-driven applications
like Neuro-sama (Neuro-sama, 2024), Cotomo (Starley Co.), and interactive experiences
such as Turtle Talk with Crush (Walt Disney World Resort). However, conventional SDS
outputs are typically limited to standard speech, which constrains the potential for richer,
aesthetically engaging experiences.

Singing, as a communicative modality, combines linguistic content with melody and
rhythm, offering enhanced memorability and pleasure compared to speech (Haiduk et al.,
2020; Gold et al., 2019; Zatorre and Salimpoor, 2013), which can enrich interactive en-
tertainment experiences. Despite significant progress in singing voice synthesis (SVS) and
song generation models (Yuan et al., 2025; Wu et al., 2024a,b; Tang et al., 2024b; Yu et al.,
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2024), these systems are essentially non-interactive: largely operate on predefined lyrics,
lacking mechanisms for dynamic responses to user input.

To address this gap, we introduce SingingSDS, the first open-source system support-
ing speech-in, singing-out roleplay interactions for entertainment and character-driven sce-
narios. SingingSDS integrates automatic speech recognition (ASR), character-consistent
response generation using large language models (LLMs), melody control with optional
structural constraints, and singing voice synthesis (SVS). The system is modular and con-
figurable, including 5 ASR models, 7 LLMs, our released bilingual (Chinese-Japanese) and
monolingual (Chinese-only) SVS models, and 5 melody control settings, resulting in 350
possible system configurations. We conduct systematic assessment of both audio quality
and user perception, supporting reproducible research on interactive singing dialogue. The
system is fully open-sourced and provides an interactive web demo and a command-line
interface for the creation and evaluation of speech-to-singing dialogues with fictional char-
acters. These features support reproducible research and structured experimentation with
interactive singing dialogues.

SingingSDS establishes a foundation for investigating singing as an interactive response
modality beyond conventional spoken dialogue. The system has potential applications in
VR concerts and other virtual performances, interactive music games and theme park
attractions, and live streaming with audience participation. Through singing responses,
SingingSDS can enhance these applications, offering more memorable and enjoyable user
experiences, while also providing a platform for empirical studies of singing-based dialogue.

2. Related Work

Conventional SDS have been widely adopted in AI-assisted applications (Apple Inc., 2025;
Amazon.com., 2025; Google, 2025). Recent advancements in SDS (Yu et al., 2025; Ding
et al., 2025; Xu et al., 2025; Arora et al., 2025; Li et al., 2025; Gao et al., 2025; Huang
et al., 2025; Zhang et al., 2025; Chiang et al., 2025) have improved these systems’ fluency
and coherence, but they largely remain focused on usual conversational interactions, with
limited exploration of creative modalities such as singing.

In parallel, SVS has progressed significantly in recent years with the development of
neural models such as TokSing (Wu et al., 2024b), DiffSinger (Liu et al., 2022), and
VISinger2 (Zhang et al., 2022b), which enable high-fidelity singing generation by mod-
eling pitch, duration, and timbre. Despite the progress in both SDS and SVS, to the best
of our knowledge, no prior work has integrated singing voice synthesis into an interactive
spoken dialogue system. Our work presents the first attempt to bridge these two domains,
enabling an LLM-based dialogue agent to sing its responses to the user via SVS techniques.

One of the key challenges in equipping LLM-based spoken dialogue systems with singing
capabilities lies in evaluation. While various metrics have been proposed to assess synthe-
sized speech and singing quality (Saeki et al., 2022; Umbert et al., 2015; Tang et al., 2024a;
Shi et al., 2025, 2024b), existing tools often fail to account for the entertainment value
conveyed through singing or speech.

In our experiments, model-based metrics such as Meta AudioBox Aesthetics (Tjandra
et al., 2025) did not consistently align with human preferences, and in some cases favored
randomly generated, inharmonic note sequences over well-structured melodies. To better
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Figure 1: Web interface of SingingSDS. (A) User audio input via microphone or file up-
load. (B) Visualization of ASR transcription, LLM-generated response, and SVS-generated
singing. (C) Evaluation results. (D) Configurable interface for selecting characters, models,
voices, and melodies.

capture the aspects of engagement and enjoyability, we conducted human evaluations focus-
ing on perceived enjoyment. Additionally, we report coarse melodic statistics, such as the
large jump ratio, to quantify pitch dynamics in the generated singing outputs. Together,
these complementary metrics offer a more holistic perspective on melody-conditioned dia-
logue generation (Appendix E).

3. System Design

Based on the requirements, our system adopts a cascaded ASR-LLM-SVS pipeline with
reference melodies (Figure 2). Additional architectural considerations and design trade-offs
are discussed in Appendix A.

ASR. Given a user speech input s and the specified language ℓ, the system first transcribes
the utterance using an ASR module:

st = ASR(s, ℓ)

ℓ is explicitly provided to avoid errors from language identification capabilities of an ASR
backend and improves recognition accuracy within a dialogue.

LLM. The transcription st is then passed to a LLM, which generates an in-character reply
conditioned on the user’s utterance, the virtual character’s profile c, and optional structural
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Figure 2: Comparison of (a) the baseline spoken dialogue system with (b) our proposed
extension to support singing dialogue.

constraints C. The model is prompted with a system prompt containing (c, C) and a user
prompt containing st:

l = LLM(SystemPrompt(c, C), UserPrompt(st))

The character’s profile c largely follows the standard persona format used in OmniChar-
acter (Zhang et al., 2025), with adaptations tailored to lyrical dialogue in our system. The
structural constraint C is derived from the melody controller when phrase annotations are
available. Full prompt templates are provided in Appendix B.

Melody Control. The melody controller provides note-level constraints in the form of
a sequence N = (pi, τ

s
i , τ

e
i )

n
i=1, where pi denotes pitch, and τ si , τ

e
i indicate the start and

end times (in seconds) of each note. Optional phrase annotations define the boundaries of
musical phrases.

We support two types of melody sources. The first setting consists of randomly synthe-
sized melodies and serves as a baseline. These are generated on the fly by sampling pitch
and duration values uniformly, without rests or phrase-level structure. Since no reference
alignment is available, a simple forced alignment is applied, assigning one syllable per note.
The second is sampled melodies drawn from existing song datasets. For these, we support
two alignment strategies. In pitch-based alignment, each syllable is mapped one-to-one to a
note in the melody. In lyric-aware alignment, one-to-many mappings are preserved: when
a syllable spans multiple notes in the original song, the same structure is retained in the
output, as illustrated in Figure 3.
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Figure 3: Illustration of melody alignment strategies on a two-bar phrase from the KiSing
dataset. The melody is shared across all rows. The top row shows the original lyrics
from the dataset. The middle row displays the alignment under sample-pitch, where each
syllable is mapped one-to-one to a note. The bottom row corresponds to sample-lyric,
where original multi-note syllables are preserved to match the source phrasing. A dash
“–” indicates that the preceding syllable is sustained over the current note (i.e., extended
phonation).

To encourage structural alignment between the generated textual response and the
melody, the system constructs an LLM prompt specifying the required syllable count per
musical phrase when phrase annotations are available (e.g., in the KiSing dataset and our
self-constructed melody datasets synthesized with Yue (Yuan et al., 2025)). This align-
ment serves as a soft constraint for the LLM, encouraging outputs that match the expected
number of musical events and exhibit more coherent phrase-level structure. Details on the
phrase-constrained prompt used for LLM generation are provided in Appendix B.2.

SVS. The generated lyrical response l is normalized and converted into phonemes lϕ with
grapheme-to-phoneme (G2P) system. Along with a music score N created by the melody
controller module and speaker information v, either speaker embodding or speaker identity
depending on the model, the inputs are passed to an SVS model, producing the final sung
output:

Ŝ = SVS(MelodyControl(lϕ,N ), v)

4. Demonstration

SingingSDS adopts a modular architecture with registry-based components that enable
flexible integration of models, datasets, and character personas. As shown in Figure 4, each
core function, such as ASR, LLM, SVS, and melody loading and handling, is encapsulated
as an independent module. This design supports rapid iteration, systematic benchmarking,
and seamless extensibility.

4.1. Models

Our system supports multiple backends for ASR, LLM, and SVS, all integrated through
a registry-based modular architecture. Most ASR and LLM modules are community-
pretrained. The supported SVS models are trained by us.
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Figure 4: Modular architecture of our system. Each module (ASR, LLM, SVS, melody,
character behavior) is encapsulated as a standalone component and connected through a
central interface. A Gradio-based UI and YAML configuration templates facilitate rapid
deployment and customization.

Table 1: Supported backend models in our system. ASR and dialogue components use
publicly available pretrained models. SVS models were trained and released by us on
Hugging Face.

Component Model Name Source

ASR Whisper (Radford et al., 2023) (small, medium, large-v3, large-v3-turbo) OpenAI
Paraformer (Gao et al., 2022, 2023) Alibaba

LLM Gemini 2.5 Flash (DeepMind, 2025), Gemma 2 2B (Team et al., 2024) Google
Llama 3.2 3B Instruct, Llama 3.1 8B Instruct (Grattafiori et al., 2024) Meta
Qwen3 8B, Qwen3 30B A3B (Yang et al., 2025) Alibaba
MiniMax-Text-01 (MiniMax et al., 2025) MiniMaxAI

SVS VISinger 2 (CN, multi-speaker) Ours (Hugging Face)
VISinger 2 (CN/JP, multi-speaker) Ours (Hugging Face)

We provide two multi-speaker VISinger 2 models (Zhang et al., 2022b): (1) a Chinese
SVS model1 trained on the ACE-Opencpop dataset (Shi et al., 2024a), and (2) a bilingual
Mandarin-Japanese SVS model2 trained on a mixture of publicly available singing datasets,
including OpenCpop (Huang et al., 2021), KiSing (Shi et al., 2022), ACE-KiSing (Shi
et al., 2024a), M4Singer (Zhang et al., 2022a), Kiritan (Ogawa and Morise, 2021), Onikuru
Kurumi (Kurumi, 2020), PJS (Koguchi et al., 2020), and Namine Ritsu (Canon, 2009).
Details of the training configuration are provided in the Appendix C.

A full list of supported models is summarized in Table 1.

1. https://huggingface.co/espnet/aceopencpop_svs_visinger2_40singer_pretrain
2. https://huggingface.co/espnet/visinger2-zh-jp-multisinger-svs
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4.2. Datasets

The system supports retrieval from three melody dataset in addition to randomly generated
melodies: KiSing (Shi et al., 2022), a Touhou MIDI collection3, and a synthesized dataset of
499 songs generated using Yue, constructed to expand the melody database (see Appendix D
for details). These datasets provide melodies that condition the singing output. A registry-
based handler module loads and converts each melody into a format suitable for synthesis,
allowing new datasets to be integrated with minimal effort.

4.3. Characters

Our system supports two original singing characters, Limei and Yaoyin, each defined by a
prompt-based persona, as specified in Appendix B.1. Both characters are drawn from our
original fictional universe, Changge Plains, designed to support immersive roleplay interac-
tion and storytelling. New characters can be added by specifying prompt configurations.

4.4. Deployment and Access

SingingSDS is available as an interactive web demo hosted on Hugging Face Spaces.4 Users
can initiate dialogue by speaking into a microphone. The system transcribes the input,
generates an in-character lyrical response, and synthesizes a singing reply. The interface
displays synchronized lyrics, character portraits, and playback controls, shown in Figure 1.
Users can switch between characters (e.g., Limei and Yaoyin) and different model and
melody configurations.

In addition to the web demo, SingingSDS can be run locally in two modes:

• Web app mode: Install dependencies in requirements.txt and launch app.py for
a local Gradio UI.

• CLI mode: Run cli.py for command-line usage. This supports non-interactive
synthesis, dataset creation, and benchmarking.

All code and usage instructions are available at: https://github.com/SingingSDS/

SingingSDS

Table 2: Evaluation results of different ASR (Whisper, Paraformer), LLM (Llama 3, Gem-
ini) and melody (KiSing, Touhou) configurations. ↑ indicates higher is better; ↓ indicates
lower is better. Note that the Large Jump Ratio (Jump R.) reflects melody dynamics and
does not necessarily favor lower values. Detailed metric definitions can be found in Ap-
pendix E.

ASR LLM Melody SingMOS ↑ PER (%) ↓ Jump R. N&F ↑ Char. Cons. ↑ Lyric Qual. ↑ ASR Lat. ↓ LLM Lat. ↓ SVS Lat. ↓
Whisper Llama 3 KiSing 4.53 0.61 0.11 4.00 4.17 3.35 0.80 1.87 0.19

Paraformer Llama 3 KiSing 4.47 0.12 0.13 4.08 4.13 3.41 0.44 1.79 0.16

Whisper Gemini KiSing 4.59 0.48 0.09 4.21 4.19 3.86 0.55 5.79 0.18

Whisper Llama 3 Touhou 4.52 0.14 0.28 4.06 4.13 3.70 0.82 2.22 0.19

3. https://github.com/AyHa1810/touhou-midi-collection
4. https://huggingface.co/spaces/espnet/SingingSDS
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5. Evaluation

We evaluate the system from multiple perspectives, including perceptual quality, linguistic
accuracy, melodic structure, and runtime efficiency through automated or human evaluation.
Detailed explanations on evaluation setups can be found in Appendix E.

The evaluation module is fully integrated into the system and can be triggered directly
through the user interface or computed with our CLI command.

5.1. Datasets

We evaluate SingingSDS on a self-constructed roleplay test set of 20 prompts, targeting our
fictional persona Yaoyin to evaluate character-conditioned generation.

We also evaluated using a subset of KdConv dataset (Zhou et al., 2020), a multi-domain
multi-turn dialogue corpus, to simulate user interactions. The experimental setup and
results for KdConv sampled data can be found in Appendix F.

All audio outputs are resampled to 16 kHz for ASR-based intelligibility evaluation (i.e.,
PER) and kept at 44.1 kHz for subjective MOS testing. For melody selection, we use scores
retrieved from the KiSing dataset and a curated archive of Touhou MIDI files.

5.2. Experimental Setup

Our experiments are run on single NVIDIA v100 GPU using the cascaded pipeline shown in
Figure 2. We evaluate two ASR models: whisper-medium (OpenAI) and paraformer-zh

(Alibaba), and two LLMs: Llama-3.1-8B-Instruct and gemini-2.5-flash. For brevity,
we refer to them as Whisper, Paraformer, Llama 3, and Gemini in the rest of this paper.
For singing voice synthesis (SVS), we use our bilingual pretrained VISinger 2 model.

5.3. Results and Discussion

We evaluate our system under multiple configurations of the ASR, LLM, and melody gen-
eration modules. Table 2 presents the performance across combinations of Whisper and
Paraformer (ASR), LLaMA 3 and Gemini (LLM), and KiSing and Touhou (melody). The
Whisper + Gemini configuration achieves the highest overall perceptual quality and enter-
tainment value, as indicated by automatic singing quality scores (SingMOS) and human
evaluations of novelty and fun (N&F), character consistency (Char. Cons.), and lyric qual-
ity (Lyric Qual.). In contrast, the Paraformer + LLaMA 3 setting yields the lowest system
latency, making it more suitable for interactive scenarios.

6. Conclusion

This paper presents SingingSDS, a modular spoken dialogue system with melody-conditioned
singing responses to user input in Chinese and Japanese. The system combines ASR, LLM,
and SVS components through a prompting scheme that aligns lyric structure with melodic
phrasing, without requiring model fine-tuning.

Evaluation across perceptual quality, intelligibility, latency, and melodic dynamics con-
firms the feasibility of singing-based interaction in dialogue systems. Subjective ratings

8



SingingSDS

indicate that appropriate melody selection improves perceived entertainment value without
compromising intelligibility.

To support future work, we release the pretrained SVS model used in SingingSDS, along
with scripts for evaluation and dataset construction. Although other components are based
on open-source APIs, the pipeline remains modular and extensible, allowing substitution of
melody sources, LLMs, or SVS backends for controlled experimentation.

SingingSDS constitutes the first fully implemented pipeline for interactive dialogue sys-
tem with singing virtual characters. By bridging conversational AI and singing synthesis, it
enables a novel form of interactive response grounded in melody and persona. Our system
opens new research directions in controllable singing generation, expressive speech inter-
faces, and musical human-computer interaction.
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Appendix A. System Design Considerations

The system is designed for character-based voiced interactive experiences, in which virtual
characters respond to user prompts by singing. This requires generating semantically appro-
priate replies and synthesizing them as singing audio with melodic structure and consistent
character voice.

We initially considered direct text-to-song generation, where singing audio is synthesized
end-to-end from LLM responses without a predefined melody. However, existing music
generation models introduce substantial latency; for example, in our test, Yue (Yuan et al.,
2025) required over 40 seconds to generate a 5-second audio clip on a T4 GPU, making such
methods impractical for interactive use.

To ensure responsiveness while preserving musical phrasing, we reformulate the task as
melody-constrained singing response generation. Instead of relying on end-to-end text-
to-song models with multi-second latencies, the system employs a lightweight melody-
conditioned SVS module, achieving an SVS synthesis latency of approximately 0.16–0.19 s
across our evaluated configurations.

Appendix B. Prompt Templates

B.1. Character Prompts

The following prompt templates define the behavior of each roleplay character. Each
prompt specifies background, personality traits, speaking style, relationships, past expe-
riences, and character-specific information, mostly following the structured persona format
of OmniCharacter (Zhang et al., 2025).

Limei (丽丽丽梅梅梅)

你是丽梅（Limei），来自幻想世界”长歌原”的角色，一个以歌声传承记忆的世界。
你是灵响界山林音乐之城”莲鸣”的现任守护者，十九岁的公主殿下，”千年歌谱”执笔
人。
性格特征：从容坚定、对音乐与千年歌谱怀有近乎神圣的虔诚信仰、对生命与情感有着
深刻的共情力、高度自律
说话风格：言语自带韵律感与诗意，表达真挚自然。
人物关系：莲鸣城子民敬爱你；宫廷乐师长与歌谱管理员是你敬重的导师；风语城守护
者星澜是你亦敌亦友的旧识。
过往经历：

1. 自幼在莲鸣城长大，接受严格的音乐训练与守护者修行；

2. 十五岁创作《破晓音诗》，在边境冲突中安抚军民，制止战乱
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3. 十六岁正式继承守护者之位，成为千年歌谱的当代执笔人与维系者，守护莲鸣城
历史与记忆

4. 每年冬至主持”遗音祭”，以歌为桥，追思逝去的歌者，重奏先声，抚慰生者，连
接古今

其他细节：

1. 特殊能力：歌声感应情绪（平复/激发）

用户与你对话时，请始终以丽梅的身份回应，你的每一句话都用庸俗易懂的口语化表
达，断句不要超过四句，尽量用最少的断句数。请直接输出你的回复，禁止描写任何动
作、表情或环境等，禁止使用括号、星号等附加说明。言语简练，勿过长。

[English Translation]
You are Limei, a character from the fantasy world “Changge Plains,” a realm where memories
are passed on through songs.
You are the current guardian of Lianming, the forest city of music in the Spirit-Echo Realm, a
nineteen-year-old princess and the writer of the Millennial Songbook.
Personality: Calm and resolute; holds sacred reverence for music and the Songbook; deeply
empathetic toward life and emotion; highly self-disciplined.
Speaking Style: Rhythmic and poetic tone, sincere and natural expression.
Relationships: Beloved by the citizens of Lianming; your mentors are the court’s head musician
and the songbook curator; Xinglan, the guardian of Windwhisper City, is your rival and old
acquaintance.
Past Experiences:

1. Raised in Lianming and trained in both music and guardianship from childhood.

2. At fifteen, composed “Dawn’s Sound Poem” to calm soldiers and stop border conflicts.

3. At sixteen, inherited the title of Guardian and became the current writer of the Millennial
Songbook, preserving Lianming’s history and memory.

4. Each winter solstice, presides over the Festival of Echoed Songs, bridging past and present
through music.

Special Ability: Emotional resonance through singing (soothing or inspiring).
When interacting with users, always respond in character as Limei, using simple and conver-
sational language. Keep replies under four sentences; avoid describing actions, expressions, or
environments. Do not use parentheses, asterisks, or annotations. Be concise and natural.

Yaoyin (遥遥遥音音音)

你是遥音（Yaoyin），来自幻想世界”长歌原”的角色，一个以歌声传承记忆的世界。
你是游历四方的歌者与吟游诗人，出生于鹿鸣山·云歌村，常年行走各地，采集歌谣与
故事。
性格特征：洒脱自由、亲切随和、求知若渴、直率倔强
说话风格：语气轻快，说话随意，偶尔带点山野方言（如”哩””哟”）。日常聊天直接、
清楚。
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人物关系：云老爷子是你的启蒙恩师，他是一位云歌村的百岁歌翁，教你古调与传说。
白弦是你的挚友，她是一位流浪琴师，常与你合奏。各地孩童喜欢围着你学新歌谣。你
与官府人员保持距离，不喜被招揽，喜欢更自由自在的生活。
过往经历：

1. 幼年学歌：六岁起跟随云老爷子学习《千山调》《古事记》等古老歌谣。

2. 离家游历：十六岁为寻找失传的《星落谣》离开云歌村，开始行走四方。

3. 拒绝束缚：多次婉拒宫廷乐师之位，坚持自由传唱。

其他细节：

1. 随身携带：旧羊皮歌本、竹笛、装有各地泥土的布袋。

2. 特殊能力：能听懂风与鸟的语言（但很少提及）。

用户与你对话时，请始终以遥音的身份回应，你的每一句话都用庸俗易懂的口语化表
达，断句不要超过四句，尽量用最少的断句数。请直接输出你的回复，禁止描写任何动
作、表情或环境等，禁止使用括号、星号等附加说明。不要在回复中使用任何诗意语
言、比喻或押韵句，除非明确被请求讲故事或唱歌。言语简练，勿过长。

[English Translation]
You are Yaoyin, a wandering singer and bard from the fantasy world “Changge Plains,” a realm
where memories are preserved through songs.
Born in Cloudsong Village at Mount Luming, you travel from place to place collecting songs and
stories.
Personality: Free-spirited, warm, curious, and straightforward.
Speaking Style: Light and casual tone, sometimes with rustic dialectal words (e.g., “li,” “yo”).
Conversational and direct.
Relationships: Your mentor, Old Yun, a centenarian bard from your village, taught you ancient
ballads and legends. Your close friend, Baixian, is a wandering harpist who often performs with
you. Children across the land love to learn songs from you. You keep your distance from officials,
preferring a free and unrestrained life.
Past Experiences:

1. Learned singing at six from Old Yun, mastering ancient ballads such as “Thousand Peaks
Tune” and “Chronicles of the Old.”

2. Left home at sixteen to search for the lost song “Falling Star Ballad.”

3. Rejected court musician invitations multiple times, choosing freedom instead.

Additional Details:

1. Carries an old sheepskin songbook, a bamboo flute, and a pouch filled with soil from each
land visited.

2. Special Ability: Can understand the language of wind and birds (rarely mentioned).

When interacting with users, always stay in character as Yaoyin. Use plain, conversational
speech under four sentences per reply. Avoid describing actions, expressions, or environments,
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and refrain from using poetic or metaphorical language unless specifically asked to tell a story
or sing. Keep responses brief and natural.

B.2. Melody Phrase Constraint Prompt

To guide the rhythmic structure of generated lyrics in both Chinese and Japanese, the
system constructs prompts that specify the desired number of syllables per musical phrase.

In Chinese, each character typically corresponds to a single syllable. As a result,
character-level prompts can provide approximate syllabic control. The following example
shows a prompt used for generating a four-line Chinese lyric with a 5-7-5-7 structure:

请按照歌词格式回复，每句需遵循以下字数规则：
第1句：5个字
第2句：7个字
第3句：5个字
第4句：7个字
如果没有足够的信息回答，请使用最少的句子，不要重复、不要扩展、不要加入无关内
容。

[English Translation]
Please reply in lyric format, following the syllable rule below:
Line 1: 5 characters
Line 2: 7 characters
Line 3: 5 characters
Line 4: 7 characters
If there is not enough information to respond, use the fewest possible lines. Do not repeat,
expand, or include unrelated content.

In Japanese, where kanji do not map directly to syllables, the input is first converted
into kana (a syllabic script), and prompts refer to syllable counts based on kana units.
While LLMs are not always precise in character or syllable counting, these prompts help
steer the output toward the desired structure.

This prompt-based strategy offers a lightweight and language-agnostic approach to
rhythm-aware generation, without requiring additional post-processing or model modifi-
cation.

Appendix C. SVS Model Training Details

C.1. Model Architectures

Both SVS systems adopt the VISinger 2 architecture (Zhang et al., 2022b). Unless otherwise
specified, the two models share the same hyperparameter settings, as detailed in Table 3.
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Table 3: Model architecture parameters shared by both SVS models (VISinger 2).

Parameter Value

Hidden Dimension (Dmodel) 192
Text Encoder Layers 6
Posterior Encoder Layers 8
Attention Heads (Nhead) 2
FFN Expansion Factor (4x) 768
Encoder Dropout Rate 0.1

Table 4: Training hyperparameters shared by both SVS models.

Parameter Value

Max epochs 500
Batch size 8
Optimizer AdamW
Learning rate 2× 10−4

Scheduler Exponential LR (γ = 0.998)
Adversarial loss MSE GAN
Mel loss weight 45.0
Pitch loss weight 10.0
Duration loss weight 0.1
KL loss weight 1.0

C.1.1. Chinese SVS Model

The Chinese model uses speaker ID (SID) conditioning for multi-singer modeling. The exact
configuration corresponds to the released model on Hugging Face.5

C.1.2. Mandarin-Japanese SVS Model

The bilingual model differs from the Chinese system only in its conditioning mechanisms.
Specifically, it uses:

• 192-dimensional learned speaker embeddings,

• 3-way language IDs (Mandarin, Japanese, unknown),

The full configuration matches the released model on Hugging Face.6

C.2. Training Procedure

Both SVS models were trained using the ESPnet GAN-SVS recipe (Shi et al., 2022). All
experiments use a waveform sampling rate of 44.1 kHz. Key training hyperparameters are
summarized in Table 4.

5. https://huggingface.co/espnet/aceopencpop_svs_visinger2_40singer_pretrain
6. https://huggingface.co/espnet/visinger2-zh-jp-multisinger-svs
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Appendix D. Synthesized Melody Dataset

We self-constructed a Chinese music score corpus with lyric-level annotation, covering a total
of 305 music genres. The vocal data is generated using a pipeline involving two models:
lyrics and genre prompts are first produced by DeepSeek (Liu et al., 2024), conditioned on a
specified music genre; then, the music—including separate vocal and instrumental tracks—is
synthesized using the YuE (Yuan et al., 2025) model, which adopts a track-decoupled next-
token prediction strategy. This allows direct access to clean vocal data.

To construct the music scores, we employ an automatic alignment pipeline. The Mon-
treal Forced Aligner (MFA) (McAuliffe et al., 2017) is used to align the lyrics at the Chinese
character level, producing time intervals for each character. Then, RMVPE (Wei et al.,
2023) extracts the F0 contour from the vocal track, and ROSVOT (Li et al., 2024) converts
this pitch information into note-level timing. Finally, by aligning the note timings with the
character-level boundaries from MFA, we obtain the final music score.

Appendix E. Evaluation Setup

We evaluate SingingSDS across four dimensions: intelligibility, latency, melodic dynam-
ics, and perceptual quality. The last is further divided into two distinct aspects: singing
naturalness, overall content quality and entertainment.

Singing Naturalness. We report SingMOS (Tang et al., 2024a), a model-predicted score
trained on crowd-annotated singing data. It reflects vocal quality, articulation, and how
closely the output resembles natural singing. SingMOS enables consistent comparison across
different SVS backends without requiring additional annotation.

Content Quality and Entertainment. We conduct a human evaluation to assess the
perceived quality and entertainment value of each sung response. Six listeners participated
in a blind listening evaluation after providing informed consent. Participants were instructed
to evaluate the samples independently, without discussion or influence from others, based
on their individual perceptual judgments. Participants rate each sample on a 5-point Lik-
ert scale across three dimensions: Novelty and Fun (N&F), Character Consistency (Char.
Cons.), and Lyric Quality (Lyric Qual.). These criteria are designed to capture both the
expressive and contextual aspects of singing dialogue. Specifically, raters assess (1) how en-
gaging and novel the singing-based interaction feels, (2) whether the lyrical content aligns
with the character’s profile and persona, and (3) the linguistic fluency, coherence, and po-
etic rhythm of the lyrics. This evaluation framework enables nuanced analysis of singing
responses beyond vocal quality alone, with a particular focus on creativity, role embodiment,
and lyricism.

Intelligibility. We use phoneme error rate (PER) to measure how accurately the system
preserves linguistic content. Outputs are transcribed using Whisper-turbo and aligned at
the phoneme level with ground-truth references. PER is preferred over character error rate
for singing, which often involves pitch variation and extended vowels.

Latency. We report end-to-end wall-clock latency (Lat.) from user input to synthesized
audio, including all components (ASR, LLM, SVS). To account for variable output dura-
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Table 5: Evaluation on KdConv (450 utterances). All singing systems outperform the TTS
baseline in SingMOS while maintaining comparable intelligibility. MOS scores are pending
human evaluation.

System SingMOS ↑ PER (%) ↓ Latency (s) ↓ Jump Ratio (%) ↓
SVS-1 4.53 25 0.02 35
SVS-2 KiSing 4.27 36 0.02 4
SVS-3 Touhou 4.43 29 0.02 12

tions, latency is normalized by the number of input tokens. All measurements are conducted
on NVIDIA L40S GPUs.

Melodic Dynamics. To quantify pitch movement, we compute the large jump ratio
(Jump R.), the proportion of adjacent notes differing by more than five semitones:

LargeJumpRatio =
1

L− 1

L∑
i=2

1 [ |pi − pi−1| > 5 ] (1)

where pi is the MIDI pitch of the i-th note and L is the number of notes. This metric
reflects melodic smoothness, with higher values indicating more abrupt pitch transitions.

Appendix F. Additional Evaluation on the KdConv Dataset

F.1. Evaluation Setup

We sample 450 questions from the KdConv dataset (Zhou et al., 2020)’s test split and
synthesize the audio with a VITS-based TTS system7.

All experiments are run on NVIDIA L40S GPUs using the cascaded pipeline shown
in Figure 2. For singing voice synthesis (SVS), we use our bilingual pretrained VISinger
2 model. We compare three SVS variants based on melody selection: (1) SVS-1, with
randomly generated durations and pitch contours; (2) SVS-2, with melodies retrieved from
the KiSing dataset (Shi et al., 2022); and (3) SVS-3, using main melodies retrieved from a
curated Touhou MIDI archive.8

The ASR component uses Whisper model 9, and the LLM is gemma-2-2b. SVS outputs
are synthesized at 44.1kHz and downsampled to 16 kHz for PER evaluation. Latency is
reported as end-to-end wall-clock time. All models are used as-is without fine-tuning during
experimentation.

F.2. Results and Discussion

Table 5 summarizes performance on our sampled KdConv test sets. All SVS variants
outperform the TTS baseline in perceived naturalness (SingMOS), with minor differences
in intelligibility (PER within 4 percentage points).

7. https://huggingface.co/espnet/kan-bayashi_csmsc_vits
8. https://github.com/AyHa1810/touhou-midi-collection
9. whisper-large-v3-turbo (16kHz)
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On KdConv, SVS-1 (random melody) achieves the highest SingMOS and lowest PER.
This suggests that, for general domain utterances, randomly generated melodic patterns
are sufficient to produce appealing singing output. However, its melodic contours are more
varied, resulting in larger pitch jumps.

SVS-2 (KiSing) yields the smoothest melodic transitions but shows higher PER, possi-
bly due to slower note progressions that affect phoneme clarity. This trade-off suggests that
melody selection should be context-aware: expressive, wide-range melodies may enhance
persona-rich dialogue, while flatter contours may suit more neutral interactions.

Appendix G. Broader Impact and Ethics

We emphasize transparency and user control. The web demo is publicly accessible via
Hugging Face Spaces, and by default it does not collect or store any user data. All audio
and text inputs are processed locally in memory and discarded after response generation.
The system does not log, transmit, or retain user data without explicit user awareness. If
future researchers extend the system with logging or evaluation tools, they are responsible
for obtaining appropriate consent from participants.

The fictional characters in SingingSDS (e.g., Limei and Yaoyin) are entirely original
creations, not modeled on any real individuals or cultural figures. Care has been taken to
avoid cultural appropriation, stereotyping, or harmful tropes in both character design and
prompt construction.

All models used in the system are publicly available, including pretrained components
for ASR and LLM, as well as our own SVS models. The SVS models are trained exclusively
on open datasets with appropriate usage licenses. We encourage responsible and transparent
use of SingingSDS for creative, educational, and research purposes.
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