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Background: Why Voice Generation Matters?
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Voice is becoming a general-purpose interface for interaction and content creation.



Limitations of Existing Voice Generation Research

é )
[ TTS ][ vVC J[ SVS J Training Objective
[ SVC J (E di tingj e Reconstruction loss ~ | ™
L . ) Human Perception
""" " e Intelligibility
a e Naturalness
¢ Different models g P
. ® Musicality
e Different datasets SELLELIILE <
o ...
¢ Different training recipes _ Y

€ Fragmented Across Tasks

€ Misaligned with Human Perception

These limitations motivate the need for unified and human-aligned voice generation



Focus: Three Core Scientific Questions

Scientific Question 1 Scientific Question 2 Scientific Question 3

Controllable Voice Generation Unified Voice Modeling Human Preference Alignment




Challenges in Controllable Voice Generation

1. What to Control? 2. How to Control?

* Content — what is said or sung Explicit labels Natural language F Reference audio b

» ' @ 1 e

short audio prompt
specifies desired

characteristics
Focus of this thesis

3. Why is controllability challenging?

o Linguistic information such as phonemes, words, sentences, and lyrics.

* Prosody — how the voice evolves over time

style labels / text descriptions of

o Suprasegmental cues such as pitch, duration, rhythm, stress, and loudness. : . .
: parallel data voice attributes

4 Melody — musically structured prosody

o A pitch-duration contour constrained by musical notes, rhythm, and key;
especially important for singing.

* Style — how it is expressed

O Accent, emotion, speaking habits, singing techniques, genre, and 4 ] . . . )
performance nuances. e Entangled attributes: Different voice attributes are

: , , , , o highly entangled in the acoustic signals.
4 Timbre/Speaker Identity — who is speaking or singing ¢ Limited supervision: Parallel data are scarce.

o Acoustic characteristics and personal vocal traits that make a speaker or Attribute labels are expensive to collect.
singer recognizable. \_ .

Voice Attributes for Controllable Generation 1-7]

How to learn disentangled, reference-
controllable voice representations for various

| | o attributes under limited supervision?
Sundberg, J. and Rossing, T. D. (1990). The science of singing voice.

[1]
[2] Tan, X. (2023). Neural Text-to-Speech Synthesis. Springer.

[3] Taylor, P. (2009). Text-to-speech synthesis. Cambridge university press.

[4] Umbert, M., Bonada, J., Goto, M., Nakano, T., and Sundberg, J. (2015). Expression control in singing voice
synthesis: Features, approaches, evaluation, and challenges. IEEE Signal Process. Mag., 32(6):55-73.



Challenges in Unified Voice Modeling

Diverse Tasks, Heterogeneous Requirements

Text to Speech

Voice Conversion

Singing Voice Synthesis

Singing Voice Conversion

Speech Editing

Singing Lyric Editing

Input Conditions

o Text
o Target speaker reference

Main Manipulation

Generate correct content
Imitate timbre, style, and prosody

o Source speech
o Target speaker reference

Preserve content
Convert speaker

o Lyrics
o Musical score
o Target singer reference

Generate correct lyrics and melody
Imitate timbre, style, and prosody

o Source singing
o Target singer reference

Preserve lyrics and melody
Convert singer

o Original speech
o Edited text

Modify only the text

Original singing
Edited lyric

O O

Modify only the lyric

How to design a single formulation that can
unify diverse tasks?

Speech-Singing Distribution Gap

SVCC (cd) - %— 8 Speech
VCTK - %: B Singing voice
PS -.-———
M4Singer 1 b‘
SVCC (id) - —.———
Popbutfy - —*
OpensSinger —‘-‘—
POPCS - ———
Opencpop - ———————
CsD { ———
100 200 300 400 500 600 700
Frequency (Hz)
1007 Long-Term Average Spectrum zi;‘gé”gd‘;mce
75 - + Opencpop
¢ M4Singer
+ PS
5.0 1 Ao Popbutfy
x OpenSinger
55 v CSD
» PopCs
L 0.0 - “ ®e
There are distinct FO0, e et
energy, and timbre w25 O A
e Speech 0% % > o * 0"
patterns between Spelech ~s0{ o Seee B
and singing voices. 11 o sk ° %

-10 -5 0 5 10 15

How to design shared representations that can
bridge speech-singing distribution gaps?

[1] Xueyao Zhang, ct al. Leveraging Content-based Features from Multiple Acoustic Models for Singing Voice Conversion. Machine Learning for Audio Workshop, NeurIPS 2023.



Challenges in Human Preference Alignment

Challenges in Reward Signals (i.e., What to Align?)

Limitations of metric-based rewards

-
Objective Metrics

e WER
e SIM

e MOS predictors

~

_J

possible mismatch /
reward hacking

4 Human Preference )

\_

Intelligibility

Naturalness

Musicality

Human feedback is ideal but expensive
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Challenges in Algorithms ¢.e., How to Align?)

® Diverse gene
O Auto-regre

o Flow-Matc

rative architectures
ssive based

hing based

o Masked Generative Model based

e Multiple preference objectives

o Speech emphasizes intelligibility and
naturalness.

o Singing additionally requires melody

quality and

| pitch accuracy.

o A key chal
alignment
offs.

enge 1s multi-objective
without harmful trade-



Research Aim: Human-Aligned Unified Voice Generation

Scientific Question 1

Controllable Voice Generation

Scientific Question 2

Unified Voice Modeling

Scientific Question 3

Human Preference Alignment

Contribution 1

Vevo: Controllable

Speech Generation

&y
gy
.........

Contribution 2

Vevo2: Unified Speech and

Singing Voice Generation

.
at®
--------

from speech-only to
speech-singing generation

Open-source System

[ ]
.......

Contribution 3

Human-Aligned

Voice Generation

from unified generation to
human-aligned generation

Contribution 4

Amphion: An Open-Source Audio, Music, and Speech Generation Toolkit

10
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How to achieve controllable speech generation?

Naive Approach: Learning Mappings from Parallel Corpus

utterance_1 utterance_1

utterance 2 utterance 2

X Y

utterance N utterance_N

Speaker A‘( Voice Conversion )7 Speaker B

Accent A—( Accent Conversion )7 Accent B

Emotion AA( Emotion Conversion }Emotion B

Parallel corpus is expensive to collect and not scalable.

12



Prior Art: Disentanglement Enables Controllability

Training Stage: Attribute Disentanglement Speech attributes in Vevo:

0 Style: how it is expressed

Loz ie  Timbre: who is speaking
J\/\/\I\r —— ( Disentanglement ) e T Style

Timbre

Inference Stage: Substituting Attributes for Precise Control

Content Content
J\/\/\/\r Style —— ( Voice Conversion ) —— J\/\/\/\r Style

Timbre ‘-‘ Timbre
Source \ J ; Target
prompt
Content
J\/\/\/\r Style
Timbre ................................................................................ .-
Reference \ )




How to achieve the disentanglement?

Existing works

©® Knowledge Distillation

o0 Auxiliary tasks such as ASR, FO
Prediction, or Speaker Verification

(EACodec 11).

® Perturbation-based Training

O Signal-based perturbation (NANSY [2]),
Adversarial learning (F4Codec 1)

Supervised Disentanglement

[ |:Gradient Reversal Layer

[ ]:Supervision Prosody Normalized FO GRL: Phone
W v —»|  GRL: Speaker

'|‘H'J|H|II|‘\|[|HI—>

Content

: /l\
Enc Latent h—>| va > z, FT Dec

_yl‘\lulm"\!'ll”\’

Acoustic Detail Y. - ¥
N Va oy
Speak
A
: Conditional Layer Norm
—> Timbre Extractor » h,
FACodec (ICML 2024)!1]

Domain knowledge driven,
High interpretability

Weaknesses

(1) Dependence on annotated data

(2) Multiple losses, unstable training

[1] Zeqian Ju, et al. Naturalspeech 3: Zero-shot speech synthesis with factorized codec and diffusion models. ICML 2024.
[2] Hyeong-Seok Choi, et al. Neural analysis and synthesis: Reconstructing speech from self-supervised representations. NeurIPS 2021.




Vevo: Self-Supervised Disentanglement without Annotations

Intelligibility Speaker Similarity FO Correlation
o 4o . . WER S-SIM S-SIM FPC
Existing Speech Tokenizers Representations | #Vocab |~ |\ (o (000 (to sro) ()
Ground Truth - 5.526 0.762 0.087 1.000
el ead 24th layer features - 5.706 0.266 0.400 0.768
ilggelied 18th layer features - 5.324 0.250 0.505 1 0.824
AR 12th layer features - 5.348 0.200 0.626 1 0.805
T PPG features - 6.143 0.449 0.157 0.741
ASR tokens 29 7.836 0.463 0.125 0.698
\ Decoder / ________ K-means tokens | 1024 | 11.493  0.398 0.150 0.734
........................................................ _ o o “on e e
Content-style Tok
VO LR 4096 | 6908+  0.403  0236) 0797 |
VQ-VAE tokens 1024 6.967 1 0.418 0.249 0.764 |
........................... TE—— 32 9.731 71 0.426 0.161 | 0.706 |
................................... 16 13.1691  0.441 0.146 0.672
/ Encoder \ .......................................... 8 21.813 1 0.392 0.109 | 0.675

f

A\

Reconstruction-based Self Supervised Training

Content-style Tokens

Content Tokens

Content is the last to be
filtered out

Timbre is the first to be
filtered out

Acoustic-level Information Semantic-level Information

Key Findings: Codebook size is a disentanglement bottleneck for speech tokenizers

[1] Wei-Ning Hsu, et al. Hubert: Self-supervised speech representation learning by masked prediction of hidden units. TASLP 2021.



Vevo: From Disentangled Speech Tokens to Controllable Speech Generation

Content Tokens

:O‘:

Content-Style Tokens

O;

Acoustic Representations
(e.g., Mel-Spectrogram)

O

: | Ie}
Flow-matching PN
Transformer : O :

-
Autoregressive : :
— : :
J\/\/\/\' — > O Transformer }__)' 8 : —
- - .
Source O A
Style Reference
Content Tokens Content-Style Modeling
Extraction

‘e
.0
[ - .
\_ - (] .
[ - *
[ - 0‘
[ - .
] n *
1 u - .
- [ ]

prompt

e S
J\/\/\/\f ie Linguistic content: Source
5- Style: Style Reference
Timbre Reference :e  Timbre: Timbre Reference

Acoustic Modeling Waveform Synthesis
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Training: Selt-Supervised, In-Context Learning

O O 0O OO O O leos
r t r t tr ft 1 1

Autoregressive Transformer ]

rtr 1t 111
lsoleQOOlseplOOOOOOO |
Duration 1
Reduction O00O0O0
i Content 1 i Content-Style | I
Tokenizer Tokenizer - 1
N x 7 N x 7 Content-Style

Tokenizer
\_ .

y'y Lak bosatd 4 et s e o L el
J\/\/\/\’ Mel Spectrogram
., Extraction
Training sample J\/\/\I‘f |

Training sample

Content-Style Modeling: Next Token Prediction Acoustic Modeling: Masked Mel-Spec Prediction



Inference: Refterence-based Controllability

Auto-regressive Transtormer (AR model
[eos] ., AR-model Predicted
? ? CTQ ? ? Content-Style Tokens

[ Autoregresswe Transformer ~ Source’s Content,
1 1 1T 1T 1T T 1 1 T\ I\iV\ivivr . Style Reference’s Style|
sl i i O O O [sep] ______________

Style Reference’s Source’s Style Reference’s

Content Tokens Content Tokens Content-Style Tokens

Flow-matching Transformer (FM model)

p
Flow-matching
k Transformer

Timbre Reference’s AR-model predicted

Source’s Content,
. Style Reference’s Style,
. Timbre reference’s Timbre |

18



Inference Case: Zero-Shot Accent Conversion

Content Tokens

American-accented
(female)

Content-Style Tokens Acoustic Representations

emENy onmunm

fo} fo}

: , O , O
Autoregressive i O Flow-matching ¢ O > |
Transformer : O : Transformer O {
. " . - . 1
. . A P ,
A f N ' P~ Arablc accented

prompt O prompt O (female)

Arabic-aceented
(male)

< No parallel corpus
< No accent labels

< No transcriptions

Fully self-supervised learning Yet enables accent conversion
on speech waveforms

19



Experimental Setup

® Training Data

e Libri-light (60K hours of English audiobook speech data)

e Evaluation Tasks
o Zero-Shot Voice Conversion
o0 Preserve content, Convert speaker
e Zero-Shot Style Conversion (e.g., Accent Conversion, Emotion Conversion)
o Preserve content, Preserve speaker, Convert Style
o Zero-Shot Text to Speech

o Follow text, imitate speaker

20



Results: Zero-Shot Voice Conversion

Style-preserved Zero-Shot VC

Model AR? Training Data | WER S-SIM FPC N-MOS SS-MOS PS-MOS

~ | (ContRep/Model) | ({) (tor)() (to2)(1) | (1) (to ) (1) (to 2) (1)

HierSpeech++ [113] | X 500K / 2.8K 4233 0385  0.634 | 3.05 .5, 3.24 iy 3.08 102

LM-VC [220] v 1K / 60K 8.623 0310  0.524 | 2.90 ., 2.98 .y 2.16 1o

UniAudio [235] v 1K / 100K 7.241 0264 0575 | 3.04 1015 2.47 Loz 2.51 4o

FACodec [90] X 60K / 60K 3.682 0327  0.611 | 2.50 105 3.10 4 3.10 o2

Vevo-Voice v 60K / 60K 7694  0.458  0.485 | 3.09 .., 3.51_,, 2.60 1o,

Vevo-Timbre X 60K / 60K 2.968 0.420 0.686 | 3.35_.,, 3.36 ., 3.45 .,

Style-converted Zero-Shot VC

Model WER S-SIM A-SIM E-SIM | N-MOS SS-MOS AS-MOS ES-MOS

() (tor)(P) (tor)(D) (tor)(T) (1 (tor) (1) (tor)(T) (to ) ()

Ground Truth 10917  0.762 0.763 0.965 : - - -

HierSpeech++ [113] | 12.921  0.466 0.526 0.658 | 3.04 101 3.15 1oy 3.13 Lou 2.55 o1
LM-VC [220] 20.353  0.312 0.426 0.649 | 240 14 256 105 3.02 Ly 2.46 Lo
UniAudio [235] 15.751  0.311 0.486 0.611 | 2.95 .o, 239 40y 242 4 2.41 Lo,
FACodec [90] 12.731  0.434 0.514 0.688 | 2.36 10, 3.19 Lo 3.01 .y 2.30 Lo,
Vevo-Timbre 12.351  0.486 0.567 0.816 | 3.43 .0 3.46 o5 3.55 Lo 2.66 g
Vevo-Voice 15214 0517 0.614  0.872 | 3.24.,,, 3.70 15, 3.90 .. 3.20 -,

Vevo-Timbre:
o Only using FM model
o Content-preserved, Style-preserved, Timbre-converted

Vevo-Voice:
o Using both AR and FM models
o Content-preserved, Style-converted, Timbre-converted

Key Findings

(D Style-Preserved VC: Vevo-Timbre
dominates common VC metrics vs.
existing baselines

@ Style-Converted VC: Vevo-Voice
significantly outperforms existing
baselines on accent/emotion imitation

@ Vevo-Timbre vs. Vevo-Voice:
o Vevo-Timbre: excels at preserving

source style
O Vevo-Voice: excels at style imitation
__ 7+ higher speaker similarity
| o Trade-off: Vevo-Voice has higher |
‘ WER due to the auto-regressive |
design

We will address this issue via intelligibility
alignment (see Part I11)

21



Results: Zero-Shot Style Conversion

Accent Conversion

Model Zero | Supervision | WER A-/E- A-/E- N- A-/ E-
-shot | 5o o1 Text| (B ACC() SIM(T) | COMS (1) CMOS (1)
ASR-AC [89] X X v 4.775 0.633 - 0.00 0.00
Vevo-Style (ASR) v X X v 1.550 0.723 0.570 0.32 . 0.49 .,
Vevo-Style v X KX X 3.083 0.663 0.562 0.30 4o 0.35 42
VoiceShop [6] X /7 / 5.547 0.642 - 0.00 0.00
Vevo-Style (ASR) v X X v 3.553 0.735 0.585 0.26 ., 0.18 .,
Vevo-Style v X X X 5.464 0.673 0.554 0.12 ., 0.13 s
Conv-Speak [230] X / X 9.950 0.571 - 0.00 0.00
Vevo-Style (ASR) v X X v/ | 2778 0.864 0.574 0.10 005 0.40 ..,
Vevo-Style v X X X 3.889  0.903 0.580 | 0.15 ., 0.60 .,
Emotion Conversion
Model Zero | Supervision | WER A-/E- A-/E- N- A-/ E-
-shot | 5o o1 Text| (W ACC() SIM(T) | COMS (1) CMOS (1)
Emovox [271] X | X v v |15444  0.750 - 0.00 0.00
Vevo-Style (ASR) v X X v 9.842 0.692 0.800 1.74 L, 0.45 ...,
Vevo-Style v X X X 10.221  0.754 0.825 1.78 L2 0.49 .,

Vevo-Style:
o Using both AR and FM models
o Content-preserved, Style-converted, Timbre-converted

Vevo-Style (ASR):
o We replace the input content tokens as ASR-predicted phones.
(i.e., introducing the text supervision)

(D Vevo-Style: Self-Supervised Only,

Zero-Shot, Yet Superior

o Trained solely on unlabeled
audiobook speech — no accent/
emotion fine-tuning

o Outperforms existing baselines 1n
intelligibility, quality, and accent/
emotion imitation

i /@ Vevo-Style (ASR): Text Supervision |

| Further Boosts Performance ‘

o Replacing content tokens with ASR-
predicted phones further improves
WER and accent imitation

We will borrow this idea and introduce text
supervision in Vevo2 (see Part II)

22



Results: Zero-Shot TTS

Zero-Shot TTS

Training | WER S-SIM A-SIM E-SIM | N-CMOS SS-MOS AS-MOS ES-MOS
Data O, () () (1) (1) (1) (1)

- 11.348 0.710 0.633 0.936 0.00 - - -
171K 8.400 0.614 0.640 0.839 | -0.18 105 411 4050 3.99 4025 3.66 4019
100K 9442  0.659 0.645 0.822 | -0.04 ,.,, 416.,, 438.,, 3.76_.,,s Vevo-TTS:

o Tlc
45K 13.226  0.400 0.485 0.735 | -1.24 .,,, 282 .., 277 ., 2.63 ., Using both AR and FM models

o For AR model, we input text
60K 9.414 0.463 0.575 0.811 | -0.35 .4,  3.87 100 349 .4  3.61 .5 directly rather than using

Model AR?

Ground Truth
CosyVoice [48]
MaskGCT [218]

VALL-E [212]
Voicebox [111]
VoiceCraft [157]

Vevo-TTS

9K 13.057 0.392 0.517 0.788 | -0.50 .,,s 347 .5, 3.29 .., 352 ., content tokens

o Text-followed, Style-imitated,
Timbre-imitated

NS>\ | >®SN

60K 12.066 0.505 0579 0.840 | -0.14.,, 405., 412., 4.03_,

Key Findings

@ Vevo-TTS vs. Voicebox:
O Identical training data, lgtl higher WER (common AR model weakness), but excels across all other metrics

We will address this issue via intelligibility alignment (see Part I11)

@ Vevo-TTS vs. SOTA |
o Outperforms CosyVoice & MaskGCT 1n emotion imitation, despite training on far less diverse data (audiobook vs |

We will follow this data design in Vevo2 (see Part II)
o Verifies our content-style tokens effectively capture style info and are directly usable by downstream models (e.g., TTS) without

Targe-scale n-the-

extra adaptation

23



Impact and Recognition in the Field

VEVO: CONTROLLABLE ZERO-SHOT VOICE IMITA- TITLE 5 CTEDBY  YEAR
TION WITH SELF-SUPERVISED DISENTANGLEMENT Vevo: Controllable zero-shot voice imitation with self-supervised disentanglement 61 2025

X Zhang, X Zhang, K Peng, Z Tang, V Manohar, Y Liu, J Hwang, D Li, ...
ICLR 2025

Xueyao Zhang'* Xiaohui Zhang® Kainan Peng® Zhenyu Tang® Vimal Manohar?,
Yingru Liu? Jeff Hwang® DangnaLi® Yuhao Wang® Julian Chan? Yuan Huang?

1ZTh}i1Zh§:ig Wu;‘ .Miq%boi}\glaz o Published at ICLR 2025; cited 60+ times
€ nese Uuniversity o ong Kong, enznen €la . . cqoq o .
(Cited and used as a baseline by CMU, JHU, PKU, Tencent, Bilibili, Kuaishou, and others)

Towards Controllable Speech Synthesis in the Era of Large Language € In the zero- S]’lO { Setting among l‘he SIX models Vevo performs
Models: A Systematic Survey _ ’ ’ .
best in both naturalness (4.43+0.55) and expressiveness
Tianxin Xie', Yan Rong!, Pengfei Zhang', Wenwu Wang?, Li Liu"", (4.32+0.75), indicating strong general quality without explicit

'The Hong Kong University of Science and Technology (Guangzhou), >University of Surrey

HKUST & University of Surrey (EMNLP 2025)

guidance.”

“Vevo addresses similar limitations by introducing a
controllable framework for timbre and style conversion. The
system comprises two stages. an autoregressive transformer

GenVC: Self-Supervised Zero-Shot
Voice Conversion

O Gamees Kinudanpur, Matthow Wiewnr, Nichoas Andrens followed by a flow-matching transformer. Both stages are
Human Language Technology Center of Excellence ° o o o o o
Johns Hopkins University trained with self-supervised, in-context learning, making the

Johns Hopkins University (ASRU 2025) Jramework scalable.”
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Motivation: Why Unity Speech and Singing Voice Generation?

Key Intuition: Speech and singing generation can mutually benefit from unified modeling.

Large-scale Data
—_— . .
Speech | ———— | Singing

Prosody Following &
Expressiveness Modeling




Vevo2: Three Core Designs for Unified Voice Generation

€ Unified Formulation & Extended Controllability

€@ Unified Voice Representations

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

i Content i Style {:i Timbre : (Prosody) (Melody ) |
.............................................. T ! — —31 Encoder VQ Decoder
From Vevo to Vevo2: Additional controllability on prosody and melody

From Vevo to Vevo2

o Text to Speech Propose unified tokenizers that capture speech-singing
Synthesis Tasks - Ef:ﬂnmgllrgozesslig:;m shared patterns and singing-specific attributes.
O Instrument to Singing

o Voice Conversion
o Accent Conversion . . . . .
Conversion Tasks © Emotion Conversion e Speech-Slnglng J oint Tralnlng

o Singing Voice Conversion

o Singing Style Conversion Implicitly infer
Editing Tasks o Speech Editing TTS Textreeemmmrrrerees the prosody =777 > Waveform

5 o Singing Lyric Editing
Explicitly follow
Red: New tasks enabled by Vevo?2 SVS Text, Melody ------- E)he mglo dy -» Waveform

Design a unified and controllable framework that

1 tl t 1 lt t th ° lo .t
supports both speech and singing voice generation. Jointly train one model to support both implici

prosody inference and explicit melody following.

27



1. A Unified and Controllable Framework for Voice Generation

Text Tokens Content-Ster Tokens Acoustic Representations

Target Text—>i O _|—>

Autoregressive Flow-matching
- " S Transformer I O—{ Transformer ]_> Q'_’ J\/\/\I"

craennd

g..- = -..§ (Op tgona”y) | ““
| Prosodic O S OP‘“’"“”Y) O I Target E
¢ — 1 A e [ :
Source - rresseeans s s s Y e ———————
_., HO) ie Linguistic content: Target Text
, ie Prosodic contour: Prosodic Source
?j Prosody Tokens ‘e Stvle: Stvie R
TSty le Reference Timbre Reference ty ' lye, eference :
. ie Timbre: 7imbre Reference
Key extension from Vevo: SRS

the prosody/melody control®

Vevo2 decomposes unified voice generation into controllable attributes through multi-prompt conditioning.

* Prosody: suprasegmental cues such as pitch, duration, rhythm, stress, and loudness. Melody: A pitch-duration
contour constrained by musical notes, treated as a musically structured prosody in Vevo2.

28



2. Unitied Speech-Singing Tokenizers

Reconstructed features

T Upsampling

\ Decoder /

Unified Prosody vVQ

Tokenizer
/ Encoder \

TDownsampling

Chromagram
features

v<¢ Unified prosody and melody encoding

O0 Chromagram features capture both speech prosody and singing
melody signals

v.¢ Octave- and notation-free

o Friendly for speech—singing unification and scalable training

v.¢ Robust across audio domains

o Applicable to speech, singing, and even instrumental music

Reconstructed features

el
A A

‘ Upsampling

\ Decoder /

VQ

/ Encoder \

TDownsampling

W -
Chromagram Whisper
features features

Unified Content-Style
Tokenizer

v Weak text supervision

o Whisper features provide ASR-pretrained linguistic cues
v Prosody / melody preservation

o Chromagram features help retain prosodic and melodic information
v AR-friendly token sequence

o Low frame rate (12.5 Hz) reduces sequence length and alleviates the AR
modeling burden

29



3. Speech-Singing Joint Training

(1) Unified Content-Style Modeling: Explicit & Implicit Prosody Learning

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll
‘

Training sample o [\ \ .o T LS LA LT
(Speech or Singing) Y\ 7 e

| ]
.....
-----------------------------------------------------

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

o EPL for singing-like control: prosody / melody is explicitly provided.

o IPL for speech-like generation: prosody is implicitly inferred from text and context.

(2) Unified Acoustic Modeling: Timbre-disentangled Flow-matching

Transformer

r Flow-matching l
Content-Style Tokens : O O OO O .

Input the timbre-perturbed whisper and chromagram
features to the proposed content-style tokenizer

(O Text Token
(O Prosody Token
(O Content-Style Token

B Unmasked Mel-Spec

Prediction
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Experimental Setup

® Training Data

e Emilia (101K hours of in-the-wild speech data) + SingNet (7K hours of source separated singing
voice data)

e Evaluation Tasks
e Synthesis Tasks:
o0 Zero-Shot TTS, Zero-Shot SVS, Humming to Singing, Instrument to Singing, etc.
e Conversion Tasks:
o Zero-Shot VC, Zero-Shot SVC, Accent & Emotion Conversion, Singing Style Conversion, etc.
e Editing Tasks:

o Zero-Shot Speech Editing, Zero-Shot Singing Lyric Editing
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Results: Synthesis Tasks on Speech and Singing Voice

Zero-Shot Text to Speech & Text to Singing

Expressive Speech Singing Voice
Model #Hz Data PT?
: N- SS- N- SS-

(#hours) WER = SIM | cmos  cmos | WER  SIM | cMos  cmos
Ground Truth - - - 1091 0.687 | 147 ..., 087 oo | 12.65 0.658 | 1.27 .o.s  0.55 o4
F5-TTS [26] - 101K X 11.77 0.695 | -1.05 .,,; -0.06 .,,, | 16.12 0.597 | -1.89 .,,, -1.29 ...,
MaskGCT [218] 50 101K X 13.42 0.736 | -1.14 .,,, 0.07 _,,, | 11.71 0.753 | -1.74 .,,, -0.97 ;.
CosyVoice 2 [49] 25 167K v 11.20 0.706 | 0.10 .,,, -0.16 ., | 16.18 0.659 | -1.68 .,,; -1.12 .,
101K X 15.52 0.677 | -0.84 ., -0.06 _,,, | 19.39 0.658 | -1.02 .,,, -0.48 .«
Vevo2-base 12.5 7K X 37.57 0.611 | -1.25 .,,, -0.57 .,,, | 2538 0.692 | -0.69 .,,, -0.36 .,
101K, 7K X 1432 0.681 | -0.49 .,,, -0.03 .,, | 15.78 0.708 | -0.28 .,,, -0.09 ...,

Vevo?2 12.5 | 101K, 7K | 11.48 0.689 | 0.00 0.00 7.66 0.725 | 0.00 0.00

Vevo2-base:
o The pre-trained model of Vevo2

Vevo2:
o Using the multi-objective alignment
based on Vevo2-base (see Part I11)

Key Findings

@ Competitive with existing models
o Vevo2 1s competitive on expressive speech and significantly improves subjective singing voice quality over zero-shot TTS baselines.
o0 The multi-objective alignment further improves the full system; details are left to Part I11.

(D Mutual benefit from unified speech-singing pre-training
O Speech data improves singing intelligibility; singing data enhances expressiveness, prosody, and similarity for speech generation.
o Compared with speech-only or singing-only training, the unified model achieves better overall quality.
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Results: Conversion Tasks on Speech and Singing Voice

Vevo2-FM:
O Only using FM model
o Content-preserved, Melody-preserved,

Z.ero-Shot Voice Conversion

Key Findings

Model English Chinese Style-preserved, Timbre-converted @ Timbre Conversion
WER SIM UTMOS | WER SIM UTMOS ,
Crommd Trath p . P - Vevo2: o Vevo2-FM achieves strong speaker /
roun Ira . - . . - . . 5 5 5 . .
o Using both AR and FM models singer similarity in both VC and

FACodec [90] 4.88 0.355 2.79 8.20  0.495 2.10 o Content-preserved, Melody-preserved, QVC. This validates the
Vevo-FM 3.01 053 351 4.06  0.695  2.86 Style-converted, Timbre-converted .
CosyVoice2-EM [49] | 4.66 0530  3.86 | 2.80 0.728  3.08 effectiveness of the FM model for
NeuCoSVC 2 [174] | 3.57 0227  3.15 2.90 0.468 251 timbre conversion while preserving
SeedVC (VC) [134] | 2.97 0565 331 | 245 0737  2.69 content, style, and melody.
Vevo2-FM 935 0.645  3.59 6.88 0725  2.83 :
Vevo? 353 0.692 381 | 301 0.755  3.00 Q) Melody Following N

o Vevo2-FM obtains competitive

— . . Melody-MOS 1n SVC. This shows
———— = content-style tokens effectively
ngiis 1nese o o
Model & : - : > capture melody information for
N- Style- Melody- N- Style- Melody- .- . .
WER SIM | oo ovos  Mos | WER SIM| o 0 CPis  MOS sInging voice conversion.
Ground Truth 16.48 - - - - 12.82 - - - - @ Vevo2-FM vs. Vevo?2
FACodec [90] 32.81 0.434 - - - 36.97 0.473 - - - o Vevo2-FM excels at preserving
Vevo-FM 24.05 0.567 | -0.64 00y -0.45 .0  0.71 0, | 22.85 0.610 | -0.55 .., -0.44 .o 0.88 Lo, source style and melody. Vevo2
CosyVoice2-FM [49] | 23.59  0.553 | -0.64 to1 -0.63 1015 2.25 405 | 20.14 0589 | -0.63 1oss -0.54 100y 1.65 Lous achieves better intelligibility and
NeuCoSVC 2 [174] | 30.61 0.481 - - - 32.26 0.519 - - - ke fmarier s i it ucir}ll AR
SeedVC (SVC) [134] | 22.86 0.508 | -0.05 .o;; -0.24 155 2.89 100 | 15.65 0.550 | -0.33 155 -0.54 100 2.93 40 " y 1 content tyl j ¥ 2
ased content-style modeling.

Vevo2-FM 29.82  0.587 | -0.12 .o, -0.11 .., 291, | 2254 0.611 | -0.03 105 -0.32 10, 2.90 Lo Y g
Vevo?2 11.64 0.601 | 0.00 0.00 2.24 .., | 14.53 0.623 | 0.00 0.00 2.38 Loy
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Results: Editing Tasks on Speech and Singing Voice

Zero-Shot Speech Editing & Singing Lyric Editing

Model Expressive Speech Singing Voice
N- PS- N- MS-
WER SIM FPC CMOS CMOS WER SIM FPC CMOS CMOS
SSR-Speech [213] | 29.56 0.588 0.721 | -1.36 ,,,, -0.89 ., | 51.92 0.710 0.804 | -1.43 ,,,, -1.10 ..,
F5-TTS [26] 21.35 0.733 0.730 | -0.19 ,,,, -0.21 ,,, | 29.78 0.784 0.821 | -1.15 ,,,, -0.97 .,
Vevo2-base 23.54 0.795 0.782 - - 29.69 0.841 0.872 - -
Vevo2 16.83 0.799 0.792 | 0.00 0.00 17.98 0.848 0.877 | 0.00 0.00

Key Findings

(D Unified Editing across Speech and Singing
o Vevo2 supports both speech editing and singing lyric editing within the same framework.
o It modifies the target text / lyrics while preserving the original voice characteristics.

@ Prosody-Preserved Editing
o Vevo?2 preserves the original speech prosody and singing melody, which verifies the effectiveness of the unified prosody tokenizer

for explicit prosody/melody control.

@ Better Intelligibility and Voice Quality
o Compared with SSR-Speech and F5-TTS, Vevo2 achieves lower WER and higher SIM.
o The post-trained Vevo2 further improves intelligibility, naturalness, and prosody following; details are left to Part I11.
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Impact and Recognition in the Field

. THE SINGING VOICE CONVERSION CHALLENGE 2025: FROM SINGER IDENTITY
Vevo2: A Unified and Controllable Framework for CONVERSION TO SINGING STYLE CONVERSION

Speech and Singing Voice Generation

Xueyao Zhang, Junan Zhang, Yuancheng Wang, Chaoren Wang,
Yuanzhe Chen, Dongya Jia, Zhuo Chen, Zhizheng Wu

Published in IEEE TASLP, 2026
(Cited and used as a baseline by CMU, NUS, Meta, Kuaishou, and others)

INSTRUCTAUDIO: UNIFIED SPEECH AND MUSIC GENERATION WITH NATURAL
LANGUAGE INSTRUCTION

Chunyu Qiang'?, Kang Yin?, Xiaopeng Wang?, Yuzhe Liang?, Jiahui Zhao', Ruibo Fu?,
Tianrui Wang', Cheng Gong", Chen Zhang?, Longbiao Wang'!, Jianwu Dang"

! Tianjin University, Tianjin, China
2 Kuaishou Technology, Beijing, China
3 Institute of Automation, Chinese Academy of Sciences, Beijing, China

Kuaishou (ICASSP 2026)

CARTOONSING: UNIFYING HUMAN AND NONHUMAN
TIMBRES IN SINGING GENERATION

Jionghao Han', Jiatong Shi', Zhuoyan Tao?, Yuxun Tang?, Yiwen Zhao', Gus
Xia“, Shinji Watanabe!

! Carnegie Mellon University, ? University of Southern California,
3 Renmin University of China, ¢ Mohamed bin Zayed University of Artificial Intelligence

CMU

Lester Phillip Violeta', Xueyao Zhang?, Jiatong Shi®, Yusuke Yasuda*,
Wen-Chin Huang', Zhizheng Wu?, Tomoki Toda'

INagoya University, Japan, 2The Chinese University of Hong Kong, Shenzhen, China,
3Carnegie Mellon University, USA, 4National Institute of Informatics, Japan

Vevo2 serves as a primary baseline in Singing
Voice Conversion Challenge 2025

ICASSP

2026

“VevoZ2 introduced the first unified speech and singing
generation framework, demonstrating that joint modeling
leverages rich speech data to improve singing quality while
utilizing singing’s expressive characteristics to enhance TTS.

“Vevol investigates humming-to-singing and instrument-to-
singing, with non-vocal inputs purely as melodic or prosodic
guidance rather than timbral conditioning.”
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¢ Background

e (PartI) Vevo: Controllable Speech Generation

e (Part II) Vevo2: Unified Speech and Singing Voice Generation

e (Part III) Human-Aligned Voice Generation

e (Part IV) Amphion: An Open-Source Audio, Music, and Speech Generation Toolkit

e (Conclusion
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From Unified Voice Generation to Human-Aligned Voice Generation

c RQ1: Preference Dataset Construction 9 RQ3: Preference-based Post-Training

Limitations of metric-based rewards
Challenges in Algorithms (i.e., How to Align?)

r R
Objective Metrics (Human Preference\
e WER possible mismatch /| o ppeenigibility e Diverse generative architectures
reward hacking .
e SIM Qerrmarnann e » e Naturalness o Auto-regressive based
e MOS predictors ® MllSicality O Flow-Matching based
® .. o ... o .
L ) \_ ) Masked Generative Model based
e Multiple preference objectives
How to build reliable human preference datasets? © Speech emphasizes intelligibility and

naturalness.

o Singing additionally requires melody
quality and pitch accuracy.

e RQZ: Reward Model Development o A key challenge is multi-objective
alignment without harmful trade-

Human feedback is ideal but expensive offs.
e N - 2\ (€ )
® ® Human - ~— Preference = /\/i Rc.award Fep o o o
(@R s | V| S8 dataset | | aBl signal How to effectively post-train the voice

generators base on the established

f t Is?
Can we build reliable reward models that preference data and reward models

approximate human perception?



RQ1: Preference Dataset — From Automatic Labels to Human Judgements

INTP

Automatically constructed intelligibility preferences

4+ 250K synthetic speech pairs across diverse domains

4+ Focus: intelligibility

4+ Preference labels come from a novel automatic pipeline

W,

Scalable automatic preference labels

SpeechJudge-Data

Human-annotated naturalness preferences

4+ 247K human preference choices on 99K speech pairs
4 Preference labels come from real human listeners
4 Focus: naturalness

Reliable human preference labels
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INTP: Intelligibility Preterence Speech Dataset

DeepSeek-V3 are prompted to generate
intelligibility-challenging text perturbations

j 4 “ f : \
_’ ) > Model A [— m | Prompt —{ Model }—» D |
\_ J J "‘ . 4 '..'.. !
( 9 S My
. p : Perturbed Prompt J\M\MO ».

Prompt —{ Model J— Prompt —
— JJ\’W "
(c) Perturbed Pair .

System Prompt:

BRI VR & —1 Text To Speech (TTS) S AT K,
WA, BT — TTS RGUHITHE - Bk H:
FEIA— DA, FIRMBEEOX S0 B i B3 T
B, MM TTS RGERZ M - Hla0: /R0 LUE
WA EREAERAR G EERIEF - B2 EF
MoFHe, S5, HARAZGINFIMERRE B
%%%E%XWR%E%ﬂE%ﬁ%?@E RIEER, ANHFELE

H E o

»| Model B

(a) Intra Pair (b) Inter Pair

Three Preference-Pair Construction Strategies

Bl +1:
[FAHIA] BRI
Text Type | Example (rEETH] &R IR AR
Regular | A panda eats shoots and leaves. 5 F3:
[FH)%i ] And the idea of standing all by himself in
a crowded market, to be pushed and hired by some big,
Repeated A p anda p anda eats shoots and strange farmer, was very disagreeable. Why not sing that
leaves and leaves and leaves. high note and grow potatoes?
[/RE%iH ] And the eye dear of standing awl bye
Code-Switching ﬁggﬁ HZ shoots 5]5[] leaves o Iﬁlinilselfdirll) a crowdeead marketf two bee pushed a;d
gh red buy sum big, strange far mer, was vary dis
* ation. agreeable. Y knot sing that hi note and grow poe eight
Pmng::tlzg(;:d A pan duh eights shots n leafs. toes?
Punctuation- Key Findings: Human-guided perturbations
A panda eats, shoots, and leaves. . .
perturbed enable scalable negative sample construction.

Diverse Challenging Text Types



SpeechJudge-Data: Naturalness Preference Speech Dataset

Speech Pair (with Target Text)

User Interface of the Human Annotation System

Speech A

arrival.

> 00:00.00/00:25.60

(a) Intelligibility Annotation (pointwise)

a." Is any reading error? (insertion,
omission, or mispronunciation)

b.* Which speech sounds more natural?

[adzoladanlsoledzolgnlenlo iz 13[4, 1806 |17 |18 |19, 20| 21, | 22 | 23 | 24, | 2

& Inthat moment, {H{#EENTE! the stars whispering, the moon smiling. | looked up at the
sky, my heart filled with endless fantasies, 8 RE F#L=/E, exploring the boundless
universe. Maybe in that distant place, HH & 2 WA miracles, waiting for me to
discover. 8—FE R R — story, 8—Z&EXEINIFE longing, longing for my

Speech B

[dzol3odads deolz |8l 12,138 |14 |15 |16 |17, |18, |19, | 20 | 21.| 22 | 23 | 24| 25

& Inthat moment, {H{#EENTE! the stars whispering, the moon smiling. | looked up at the
sky, my heart filled with endless fantasies, 8 REF Fi#L=/E, exploring the boundless
universe. Maybe in that distant place, BH K 2 WiZAY miracles, waiting for me to
discover. 8—HME R #E— story, 8—ZE ¥ #IN1%E longing, longing for my

arrival.

> 00:00.00/00:26.00

14.5%

Speech A (O Has Error (O No Error

A +2

A +1

Speech B (O Has Error (O No Error

Tie

B +1

B +2

A Large-Scale Human Preference Dataset for Speech Naturalness

(99K pairs, with 2.49 annotations per pair on average)

6.5%

(b) Naturalness Annotation (pairwise)

18.4%

18.8%

25.8%

Regul E 1
Dataset Preference egular XPTESSIvE Total
en zh en zh mixed
Speech]udge-Data (pref) 61.7 L5, 744 L, | 99.9 L5 73.0 Lo 625 L5, | 69.0 L.
ImageReward [229] Binary — — — — — 65.3 Lsex
InstructGPT [153] — — - — — 72.6 4,5,

[1] Long Ouyang, et al. Training language models to follow instructions with human feedback. arXiv 2022. OpenAl. (25K+ citations)
[2] Jiazheng Xu, et al. ImageReward: Learning and Evaluating Human Preferences for Text-to-Image Generation. NeurIPS 2023. (1.4K+ citations)

ARS

CosyVoice2
CosyVoice2-INTP
F5-TTS

Ints-INTP
MaskGCT

B Emilia-Large
Genshin Impact
In-house Whisper
KeSpeech

. L2-Arctic

Il ParaSpeechCaps

en2en

Diverse Data Coverage
w2 Y Six TTS Models with diverse

zh2en

zh2mixed architectures

zh2zh

< Both regular and expressive
speech cases

W Chinese, English, and code-
switching settings

High Annotation Quality

69.0% inter-annotator agreement,
comparable to established human-
preference datasets in textl!! and visionl]
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RQ2: Reward Model Development — From BTRM to GRM

Scalar Critique
( T ) ( T h
BTRM GRM
. T J . T y,
Prompt, Responses Prompt, Responses
Bradley-Terry Reward Model (BTRM) Generative Reward Model (GRM) [1][2]

< Native judgment, AudioLLM-ready

< Simpler pipeline, Easier trainin
W pler pip : 5 v More compute, Better Performance

< Efficient inference
= Y Clear critiques, Better explainability

< Deterministic scoring o . o
W< Richer reasoning, Better generalization

[1] Lunjun Zhang, et al. Generative verifiers: Reward modeling as next-token prediction. ICLR 2025. Google DeepMind.
[2] Z1jun Liu, et al. Inference-time scaling for generalist reward modeling. arXiv 2025. DeepSeek-Al.
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Key Idea: Human Judgement as a Verifiable Reward

Chain-of-Thought Prompt Rationale-based Output
e We are comparing the naturalness of two text- Here's an analysis of the naturalness of Output A and Output B:
to-speech models' outputs. The models need to ---
speak the target text accurately and naturally. Output A:
o Target text: {J }. Output A: {</,}, Output B: o Prosody and Intonation: The intonation generally follows the sentence

structure well, ...
o Pacing and Rhythm: The pacing is consistent and relatively fast, but ...
o Articulation and Clarity: Articulation is excellent...

{<,}. Analyze the two output above, and
score them with number from 1 to 10.

o :

I;kztle).Please valtiate the maturalness of hoh Speech Judge- <_>_ _()Vf:rall Naturalness: Output A is clear and intelligible, demonstrating ...
audio outputs based on the following GRM Output B:
criteria: Prosody and Intonation, Pacing o Prosody and Intonation: The prosody and intonation are highly unnatural...
and Rhythm, Articulation and Clarity, and o Pacing and Rhythm: The pacing is extremely inconsistent and erratic ...
Overall Naturalness. o Articulation and Clarity: While some individual sounds are correctly

O (2) After conducting a detailed analysis of pronounced, the severe fragmentation of words...
each criterion, using the following output o Overall Naturalness: Output B sounds highly artificial...
template to highlight your conclusion: ===
Output A: X, Output B: X. Conclusion: Output A: 7.5, Output B: 2

Q’ RLVR Reinforcement Learning with

Pref P
reterence rarse Verifiable Rewards (RLVR) [11(2]

Human Verification

[1] Zhihong Shao, et al. Deepseckmath: Pushing the limits of mathematical reasoning in open language models. arXiv 2024. DeepSeek-Al.
[2] Daya Guo, et al. Deepseek-rl: Incentivizing reasoning capability in llms via reinforcement learning.. arXiv 2025. DeepSeek-Al.



SpeechJudge-GRM: Supervised Fine-Tuning (SFT) + RLVR

Chain-of-Thought Prompt

e We are comparing the naturalness of two text-
to-speech models' outputs. The models need to
speak the target text accurately and naturally.

e Target text: {7 }. Output A: {&/,}, Output B:
{&/,}. Analyze the two output above, and
score them with number from 1 to 10.

¢ Note:

audio outputs based on the following
criteria: Prosody and Intonation, Pacing
and Rhythm, Articulation and Clarity,
and Overall Naturalness.

O (2) After conducting a detailed analysis of
each criterion, using the following output
template to highlight your conclusion:
Output A: X, Output B: X.

SpeechJudge-Data

RL Dataset
(CoT Prompts)

!

Policy Model

Rollouts

Human Preference

lllllllllllllllllllllll

: ‘ i Audio A 13
‘ : AudioB €M ;

. *
llllllllllllllllllllll

Rationale-based Output

0 (1) Please evaluate the naturalness of both
0 L

Here's an analysis of the naturalness of Output A and Output B:

Output A:

© Prosody and Intonation: The intonation generally follows the sentence structure well, ...

o Pacing and Rhythm: The pacing is consistent and relatively fast, but ...
© Articulation and Clarity: Articulation is excellent...
© Overall Naturalness: Output A is clear and intelligible, demonstrating ...

Output B:

o Prosody and Intonation: The prosody and intonation are highly unnatural...
© Pacing and Rhythm: The pacing is extremely inconsistent and erratic ...
© Articulation and Clarity: While some individual sounds are correctly pronounced, the

severe fragmentation of words...

© Overall Naturalness: Output B sounds highly artificial...

Conclusion: Output A: 7.5, Output B: 2

' Gemini-2.5-Flash

é N
Q SFT Dataset
(CoT Prompts + Outputs)
Preference Parse . ’
AudioA st ; ‘
Audio B Q ‘
...................... Human 0 ) .
Verification RL Dataset
(CoT Prompts)
\_ w,

(a) SFT & RL Datasets

Human Preference as Verifiable Reward

Here's an analysis of the naturalness of
Output A and Output B:

Output A:

© Prosody and Intonation: ...

© Pacing and Rhythm: ...

© Articulation and Clarity:...

© Overall Naturalness: ...

Output B:

© Prosody and Intonation: ...
© Pacing and Rhythm: ...

© Articulation and Clarity: ...
© Overall Naturalness: ...

Conclusion: Output A: 6, Output B: 4

Here's an analysis of the naturalness of
Output A and Output B:

Output A:

© Prosody and Intonation: ...

© Pacing and Rhythm: ...

© Articulation and Clarity:...

© Overall Naturalness: ...

Output B:

© Prosody and Intonation: ...
© Pacing and Rhythm: ...

© Articulation and Clarity: ...
© Opverall Naturalness: ...

Conclusion: Output A: 4, OQutput B: §

Here's an analysis of the naturalness of
Output A and Output B:

Output A:

© Prosody and Intonation: ...
© Pacing and Rhythm: ...

© Articulation and Clarity:...
© Overall Naturalness: ...
Output B:

© Prosody and Intonation: ...
© Pacing and Rhythm: ...

© Articulation and Clarity: ...
© Overall Naturalness: ...

Conclusion: Output A: 7, Output B: 3

Here's an analysis of the naturalness of
Output A and Output B:

Output A:

© Prosody and Intonation: ...
© Pacing and Rhythm: ...

© Articulation and Clarity:...
© Overall Naturalness: ...
Output B:

© Prosody and Intonation: ...
© Pacing and Rhythm: ...

© Articulation and Clarity: ...
© Overall Naturalness: ...

Conclusion: Output A: 6, Output B: 8

Audio A 3

-----------------------------------------------------------------------------

AudioB €8 Audio A €8

ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

Accuracy Reward: -1

Audio B 3 Audio A 13

ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

Accuracy Reward: +1

Audio A €8

Accuracy Reward: -1

(b) RLVR

GRPO
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RQ3: Alignment Algorithms — From AR models to Others

Contribution 1: We propose the DPO extensions for FM-based and MGM-based models.

AR-based

FM-based

MGM-based

Po (yi|x)

Coro = —Ep [log o (3 (log Zeulz

Pref (Yw | T)

& Pref (Y1 |T)

)l

Lprorm = —E
opoM = —Ew 1oy D,

log o (ﬁ (log

Pe (yiu‘yzua t, :l?)

log

Pref (Y |y:°, t, )

Pe (yi ‘yéa t, :l?)

pref(yll ‘y}ga t, LE)

)

ﬂ
v |

Lppro-MgMm = —E

log o (B (log

(yw ayl ,.’B)ND,t

po (Yo |Ys » T)
pref(yéulyzuam)

log

Po (y(l)‘yi’ )

pref(yé ‘yé 9 33)

)

Vanilla DPO algorithm
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RQ3: Alignment Algorithms — From Single-Objective to Multi-Objective

Contribution 2: We propose the multi-objective alignment algorithm based on GRPO.

....... )

Target Text

Intelligibility Rewards

.......

Completions _)ﬁ Intelligibility ) 8 ,_ Group Advantages
grimim s . Reward Model Compua‘ng
Prompt [ 00000; ‘ 0
oo}t OOOQ . O00O0: &
....................................................................................... g R 1O
° Prosody Similarity : ~:i _ Group Advantages
Pms"dy foken l O : O O O O O O | Reward Model )5 O i Computing
Extractwn Y O
Prosody Similarity
Rewards

Instrumental Music

Singing Voice

Multi-objective alignment for both intelligibility
and prosody similarity based on Vevo2

Y
Add P { GRPOJ
A

O Text Token
O Prosody Token
(O Content-Style Token
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Results: Effectiveness of INTP

Zero-Shot TTS models of Different Architectures (betore and atter the INTP alignment)

Model Regular cases Articulatory cases Code-switching cases Cross-lingual cases Avg
WER SIM N-CMOS | WER SIM N-CMOS | WER SIM N-CMOS | WER SIM N-CMOS || WER SIM N-CMOS
ARS 3.96 0.717 : 20.03 0.693 - 54.15 0.693 - 19.76 0.630 - 2447 0.683 -
w/ INTP 232 0727 047 ., | 12.83 0.713 0.64 .5 | 3691 0.698 0.63 3 90.57 0.632 0.82 . 1541 0.692 0.64 ..,
F5-TTS 3.44 0.670 - 16.84 0.635 - 33.99 0.609 - 16.86 0.546 - 17.78 0.615 -
w/ INTP 238 0.652 038 ., | 1297 0.628 0.30 19,3 | 1598 0.576 0.67 L3 7.13 0509 047 .44 9.62 0.591 044 .,
MaskGCT 2.34 0.738 - 1243 0.714 - 29.06 0.696 - 12.34 0.629 - 14.04 0.694 -
w/ INTP 2.23 0.737  0.23 L4 9.13 0.722  0.57 1036 | 19.70 0.704 0.19 L 7.87 0.633 0.29 .3 9.73 0.699 0.32 .5
CosyVoice 2 2.09 0.709 : 8.12 0.696 : 33.36 0.672 - 8.78 0.600 - 13.09 0.669 -
w/ INTP 1.65 0.709 0.24 ., 6.87 0.696 0.20 .6 | 28.31 0.671 0.63 L3 5.39 0.603 0.28 .3 10.56 0.670 0.33 .,
Ints 3.14 0.688 - 12.08 0.666 - 22.88 0.646 - 9.78 0.572 - 11.97 0.643 -
w/ INTP 236 0.686 0.20 L3 938 0.664 0.11 ., | 13.80 0.642 0.20 435 6.28 0.571 0.18 ;23 796 0.641 0.17 45

o AR-based: ARS, CosyVoice 2, Ints, FM-based: F5-TTS, MGM-based: MaskGCT
o CosyVoice2 and Ints have not participated in the INTP construction.

Key Findings

(D INTP alignment improves zero-shot TTS across different architectures:
o After INTP alignment, all evaluated models show clear improvements across diverse cases. The gains are consistent across AR-based,

FM-based, and MGM-based TTS models, demonstrating the broad applicability of INTP.

@ Weak-to-strong generalization of INTP:
o INTP remains effective even for stronger and more intelligible models, such as CosyVoice 2 and Ints. This suggests that INTP provides
transferable preference signals rather than only overfitting to the models used to build the dataset.




Results: Eftectiveness of SpeechJudge-Data and SpeechJudge-GRM

Agreement (%) of Different Reward Models with Human Preferences

Key Findings

Model Regular Expressive Total (D SpeechJudge-GRM better aligns with
Qwen2.5-Omni-7B 62.0 59.7 60.6 human preferences | |
Gemini-2.5-Flash 73.5 66.2 69.1 © Speechudge-BTRM achieves higher

agreement with human judgments than
SpeechjJudge-BTRM 77.5 69.5 72.7 existing AudioLLM:s.
Speechjudge-GRM (S.FT ) 7.8 /3. 75:3 15 W/ Voting@10: For cach o SpeechJudge-GRM further improves
w/ Voting@10  77.4 /1.6 /16 prompt, the GRM generates agreement through CoT-based SFT
SpeechJudge-GRM (SFT+RL) 79.0 76.0 77.2 10 outputs, and the final : O
L : and RLVR. Besides, with inference-
w/ Voting@10  80.5 78.7 79.4 decision 1s obtained by

majority voting. time scaling, Voting@10 boosts the
final agreement to 79.4%.

Subjective Evaluation of Vevo2 Before and After SpeechJudge Alignment @ SpeechJudge-based alignment

improves Vevo2 generation quality
Model T-ACC N-CMOS o Alignment with INTP, SpeechJudge-

Vevo2-base 84.0%  0.00 Data, and SpeechJudge-GRM
consistently improves Vevo2’s
intelligibility and naturalness.

w/ INTP 87.0% 0.18 ., o w/ SpeechJudge-GRM (offline):

S hTudee-Dat 91.0% 0.16 We use the SpeechJudge-GRM as . .
/S ‘}T/ dpeegé}\l,l geﬁ- . 910% 0.21 oo an offline data annotator O SpeechJudge-GRM online alignment
w/ Speechjudge- (0 :.%ne) el R © w/ SpeechJudge-GRM (online): achieves the best naturalness
w/ SpeechJudge-GRM (online) 90.0% 0.25 ., We use the SpeechJudge-GRM as

: Improvement.
an online reward scorer

T-ACC: Subjective intelligibility metric (Text Accuracy)
N-CMOS: Subjective naturalness metric (Naturalness CMOS)



Results: Eftectiveness of Multi-Objective Alignment for Vevo2

H L Qe I o Qi e
Model umming-to-Singing | Instrument-to-Singing o 550
Base 3286 0.534 0.769 40.38 0.503 0.716
w/ Intell 1749 0.581 0774 | 20.03 0.502  0.731 Melody 1”30
w/ Prosody | 17.27 0.585 0.784 17.94 0.525 0.745 Accuracy ' 80.0
" The first and last model represent Vevo2-base and Vevo2, respectively. w/ Intell: Base w/ Intell Vevo?
Only intelligibility reward is used for post-training.
Subjective Results

Key Findings

(D Single-objective alignment improves intelligibility but causes trade-offs
o Using only the intelligibility reward significantly improves WER and Text Accuracy. However, it can hurt melody-following ability,
with Melody Accuracy dropping below the pre-trained model.

@ Benefits of prosody modeling for intelligibility
o Jointly optimizing intelligibility and prosody rewards improves both Text Accuracy and Melody Accuracy. This suggests that stronger
prosody modeling can also benefit pronunciation and intelligibility.

@ Vevo2 benefits from multi-objective post-training
o Compared with single-objective alignment, multi-objective alignment better matches the requirements of unified speech and
singing generation. It improves controllability without sacrificing one perceptual objective for another.




Impact and Recognition in the Field

Advancing Zero-shot Text-to-Speech Intelligibility across | SPEECHJUDGE: TOWARDS HUMAN-LEVEL JUDGMENT

Diverse Domains via Preference Alignment

Xueyao Zhang™!, Yuancheng Wang™!, Chaoren Wang',
Ziniu Li', Zhuo Chen?, Zhizheng Wu'
'The Chinese University of Hong Kong, Shenzhen
“ByteDance Seed

FOR SPEECH NATURALNESS
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(Cited by Meta, MIT, THU, Tencent, Xiaomi, and others)

MEASURING PROSODY DIVERSITY IN ZERO-SHOT TTS: A NEW METRIC,
BENCHMARK, AND EXPLORATION

Yifan Yang'*, Bing Han'*, Hui Wang®, Long Zhou*', Wei Wang*, Mingyu Cui®, Xu Tan?, Xie Chen'*

1X-LANCE Lab, MoE Key Lab of Artificial Intelligence, Jiangsu Key Lab of Language Computing,
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GSRM: Generative Speech Reward Model for
Speech RLHF

Maohao Shen!2*T Tejas Jayashankar!*, Osama Hannal"*, Naoyuki Kandal:*,

Yancheng Wang! 3T, Katefina Zmolikova', Ruiming Xie!, Niko Moritz', Anfeng Xu''*T Yashesh
Gaur!, Gregory Wornell?, Qing He!, Jilong Wu!

1Meta Superintelligence Labs, 2Massachusetts Institute of Technology, 3Arizona State University,
4University of Southern California

Meta & MIT

“We evaluate the prosody diversity of zero-shot TTS systems
from [32], which are aligned via Direct Preference
Optimization (DPO) on the INTP dataset for intelligibility,

using vanilla DPO for AR and extended DPO for NAR MGM.”

“SpeechJudge extends generative reward modeling to judge
speech naturalness. ... SpeechJudge synthesizes CoT using a
teacher speech LLM directly conditioned on the raw audio
signal, resulting in reasoning that is mediated by implicit

acoustic representations the speech LLM can capture.”
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Amphion: An Open-Source Audio, Music, and Speech Generation Toolkit

e Support reproducible research and help junior researchers and engineers get
started 1n the field of audio, music, and speech generation research and development.

= Text [ Descriptive Text
y Amphion Our North-Star Objective:
§ Speech §» Singing Voice Toolkit — '%W’ .J
Audio Any to Audio

é Musical Note

e TTS: Text to Speech (.. supported)

mmdetection | Public
OpenMMLab Detection Toolbox and Benchmark

e SVS: Singing Voice Synthesis (.. supported)
@ Python T¥ 31,681 &8 Apache-20 % 9,740 (&) 1,755 (6 issues nee dhelp) I 182 Updated on Aug 21, 2024

e VC: Voice Conversion (.. supported)

Amphion | Public

g AC: ACCG nt COHVGI’SIOH (,,_: SuU ppOl’tEd) Amphion (/feem'faran/) is a toolkit for Audio, Music, and Speech Generation. Its purpose is to support

reproducible research and help junior researchers and engineers get started in the field of audio, music, and
® SVC: S|ng|ng VO|Ce Convers|on (" Supported) speech generation research and development.

. .y @Python T 9,390 MBmiT ¥ 757 (D 140 §% 16 Updated on May 27
e TTA: Text to Audio (.. supported) i, ——

e TTM: Text to Music (& developing)

mmsegmentation | Public

OpenMMLab Semantic Segmentation Toolbox and Benchmark. >9 08K Stars at GitHub,
e More... @ Python ¢ 9,230 BB Apache-20 % 2,759 (©) 769 (4 issues nee dhelp) §9 94 Updated on Aug 13, 2024 TOp 2 Of OpenMMLab
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Strength 1: Unified Audio Generation Framework
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Strength 2: Beginner-friendly End-to-End Work{low
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\_ J v,
| High-quality | [  Unified | [ \
Pre-trained Evaluation Various Metrics
Vocoders g Scripts L y
MultiGPU | [ ) [ Training
. . . Dynamic
Training with : Progress
Batch Sizes :
DDP Monitor
J v
4 N\ )
Offline On-the-fly
Feature Extraction Feature Extraction
\_ VAN J

(

&

Support both Academic and User Custom Datasets

~

_J

One-stop research platform

suitable for both novices and
experienced researchers
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Strength 3: Visualization and Interactivity

SingVisio: Visual Analytics of Diffusion Model for Singing Voice Conversion Help?
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Liumeng Xue*, Chaoren Wang*, Mingxuan Wang, Xuevao Zhang, Jun Han, Zhizheng Wu. SingVisio: Visual
Analytics of Diffusion Model for Singing Voice Conversion. Computers & Graphics.
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Recognition in the Field

© drwuz | Paperauthor 12d 3 Jason Calacanis @ - Following eee X
| invest in 100 new startups a year...
get a meeting with my team at launc...

The corresponding repo: https://github.com/open-mmlab/Amphion ?g’:k ‘;‘ appointment

Also we are working hard on HF demos, checkout this week: https://huggingface.co/amphion Surivy Madrs fust blew my mind on This Weelk in

Startups with a new Al demo.

& 13 * Watch as he demos Amphion's open-source Singing
Voice Conversion Model on Hugging Face.

It perfectly converts Adele's 'Someone Like You' to John
Mayer's vocals.

[ © julienc 1

It's 70% there off the bat.

@M IOOkmg forward ‘A" There is incredible revenue potential here.
Imagine if Spotify figures out how to integrate this into

x Amphion v(.1 and its technical report were released on Dec. 18, 2023. their product, and for artists to automatically generate

more royalties from leasing out their voices.

The report ranked No. 1 on Hugging Face Daily Papers and attracted el Bravo!
attention fl’OIn Hugging Face CO-fOllndeI' and CTO J“lien ChallmOIld. #generativeai #startups #tech #royalties

Conversion Result

Q #% Hugging Face

# hf-amphion-colab~y G e e
AK© - model does is it can take a
@_akhaliq Follows you singing voice And so I've
° Al research paper tweets, ML @Gradio (acq. by @HuggingFace ) dm for promo
# hf-amphlon-COIab ,submit papers here: huggingface.co/papers/submit
@AK F £ 12 B 18 HEIZ 7T XMlE, X& # hf-amphion-colab BYF 3k &3 Science & Technology (2 huggingface.co/akhaliq Joined April 2014
3,094 Following 427.3K Followers

3‘» ¢ Followed by Chih-Kai Yang, Yuancheng Wang, and 78 others you follow

x On Dec. 19, 2023, Silicon Valley investor Jason Calacanis
featured and highly praised Amphion’s singing voice

s AK, a major AI community influencer on Twitter/
conversion demo on his show This Week in Startups.

X, created a dedicated Hugging Face Slack
channel to support Amphion.
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In the dynamic landscape of artificial intelligence, audio, music, and speech generation has
undergone transformational strides. As open-source communities thrive, numerous toolkits
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Key Contributions of This Thesis

-

Disentangled Representation Learning
for Controllable Speech Generation

Contribution 1: Self-supervised disentanglement enables
controllable and zero-shot speech generation.

-~

e Unified Voice Modeling across Speech

and Singing Voice

.

4+ Xuevao Zhang, et al. Vevo.: Controllable zero-shot voice imitation
with self-supervised disentanglement. ICLR 2025.

Contribution 2: A unified and controllable framework for
speech and singing voice generation.

W,

-
e Human-aligned Voice Generation through

Preference Alignment

~

Contribution 3: Alignment improves intelligibility,
naturalness, and melody quality for voice generation.

o

4+ Xueyao Zhang, et al. Vevo2: A Unified and Controllable Framework
for Speech and Singing Voice Generation. TASLP 2026.

-

Open-Source Ecosystem for
Broader Impact

.

+ Xueyao Zhang*, et al. Advancing Zero-shot Text-to-Speech Intelligibility
across Diverse Domains via Preference Alignment. ACL 20235.

+ Xueyao Zhang*, et al. SpeechJudge: Towards Human-Level Judgment for
Speech Naturalness. ICLR 2026.

Contribution 4: Amphion releases models, datasets, tools,
and demos for reproducible and extensible research.

N\

4+ Xueyao Zhang*, et al. Amphion.: An Open-Source Audio, Music and Speech
Generation Toolkit. SLT 2024.

4+ Xuevao Zhang, et al. Leveraging Diverse Semantic-based Audio Pretrained
Models for Singing Voice Conversion. SLT 2024.

Wy,

*: Co-first author

59



s e
£l e

e
s/ /

60

Acknowledgement

Many thanks to all my labmates for their support and encouragement!



Thanks for listening!

< 47" SCHOOL OF
gy H BT XK F ORI & DATA SCIENCE
> o " The Chinese University of Hong Kong, Shenzhen ) R55R % B KPS




