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Welcome to this session on multilingual text to speech by Akshit 
and Sungwon (English)
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Pretrained Speakers Input Text

RAD-MMM
Language transfer with native accent and preserving speaker’s voice



Why is multi-lingual multi-accented TTS hard ?
Technical Challenges

• Major Technical Challenges:

• Desired Characteristics of Multi-lingual TTS System

1. Control accent of the synthesized speech à remove user’s accent when synthesizing in target language and apply target 
language accent.

2. Fine-grained prosody control à control over features like F0, emphasis, durations per phoneme, rhythm for flexibility.

3. One Model to Rule them all à all languages, all speakers, all accents. Should be easy to scale to new languages.

Each language has its own alphabet Obtaining speech-text alignment is hard Entangled attributes

Speaks English text

Speaks with en accent

Speaks with specific 
en prosody



One Alphabet to Rule them All
Shared Text Representation for all languages

Source: 
https://en.wikipedia.org/wiki/International_Phonetic_Alphab

et#/media/File:IPA_chart_2020.svg

Each language has independent alphabet. Shared 
alphabet set like IPA is beneficial to support:

Simplified text processing

Simplified speech-text alignment learning

Easy scaling to new languages

Shared token set doesn’t introduce entanglement 
between symbols and speakers. (esp 1 spk/language)

Support for code-switched text to speech (mixed 
languages within same prompt)



One Alignment to Rule Them All
Speech-text alignment for accented TTS

Alignment from TTS Model modelling 
likelihood

P(s_t | x_t ; 𝛳)

s_t: token at frame t
x_t: mel at frame t

Speech has thick accent, condition on 
accent to handle multi-modality: same text 
can be spoken in different ways.

P(<s_t, accent> | x_t ; 𝛳)



Several disentanglement strategies to synthesize them all
Disentangling Attributes to synthesize (accent, speaker, language, text) for better quality synthesis

Regularization of embeddings
Adversarial loss to disentangle text 

(language) and speaker
Data Augmentation

1. v(z): Maximize variance of 
embeddings

2. c(z): Minimize off-diagonal 
elements of covariance matrix 

for z

3. cross-corr(z1, z2) : 
Minimize covariance across 

attributes (spk, accent)

Boosts Speaker Identity Retention 
and more natural accent

Boosts Speaker Identity Retention 
with slightly worse content quality

Boosts Speaker Identity Retention



LIghtweight, Multi-speaker, Multi-lingual Indic TTS – LIMMITS’23 – ICASSP 

Results

Telugu - ఒక# అడ'గ) *,ా రం/012  345 678ళ: ప,య=ణ678?@ పABC2 అవEతGంHI.
English - A journey of a thousand miles can be completed if one step is taken.

LANGUAGE TRANSFER

With few hours of training 
on speaker’s Telugu data

Making a Hindi speaker 
speak Telugu without any 
Telugu data for speaker

Total Participating teams: ~38
Total countries participating in challenge: 11

For more details: aroraakshit.github.io/vani

https://sites.google.com/view/syspinttschallenge2023/leaderboard/main-leaderboard


P-Flow: Non-autoregressive zero-shot TTS through speech prompting
Speech prompting mechanism + Non-autoregressive TTS

P-Flow: A Fast and Data-efficient Zero-shot TTS through Speech Prompting
• NAR-TTS model that takes 3-second reference data of the target speaker for zero-shot TTS
• P-Flow can perform zero-shot TTS without transcript of 3-second reference data

Rank 1 for both 
evaluation metrics 

in Track 3



Background
Zero-shot Personalized Text-to-Speech

• Zero-shot Personalized TTS  (Track 3: Build zero-shot TTS for Indic languages)
• TTS model that generates personalized samples without fine-tuning given a reference speech data for the target speaker 
• Goal: High speaker similarity, Using only a small amount of reference speech, …

• Speaker embedding approach
• Speaker encoder: Reference speech à speaker embedding 𝑒! ∈ 𝑅"

• Rely on a single speaker embedding vector for zero-shot personalized TTS     à     Low Speaker Similarity

• Language Model for TTS + Speech prompting approach
• VALL-E, SPEAR-TTS: Text-conditional Language Modeling for speech
• (Inference) Speech prompting: Use reference speech as a prompt for LM
• Breakthrough in Zero-shot Personalized TTS

• 3-second reference speech à high speaker similarity

• (-) Slow sampling speed, Robustness issues

𝑒! ∈ 𝑅"Speaker
Encoder

𝑥	~	𝑝 𝑠𝑝𝑒𝑒𝑐ℎ 𝑡𝑒𝑥𝑡, 𝑒!)

Reference speech



P-Flow: A Fast and Data-Efficient Zero-shot TTS

• P-Flow: A Fast and Data-Efficient Zero-shot TTS through Speech Prompting
• Hypothesis: Speech prompting-based speaker adaptation is the key for zero-shot TTS

1. Introduce Speech prompting mechanism into non-autoregressive zero-shot TTS
• Speech prompted text encoder for speaker adaptation

2. Introduce flow matching generative model, for fast and high-quality speech generation
• Flow matching generative model for fast speech generation

à Fast: 20x faster than VALL-E
à Data-Efficient: Less than 0.01x VALL-E’s training dataset
à Zero-shot: Comparable to VALL-E

Non-autoresgressive TTS + Speech prompting

VALL-E P-Flow

Speech representation Audio codec code Mel-spectrogram

Generative Model Language Model Flow Matching 
Generative Model

Training Data 60,000 hours 260 hours

In-context Learning O O



Speech prompting for non-autoregressive TTS model

• Introduce speech prompting mechanism to non-autoregressive TTS model
• Provide 3-second reference speech as a prompt for zero-shot speaker adaptation.

• How? Consider zero-shot personalized TTS as a masked-autoencoder

1. Sample 3-sec random segment 𝒙𝒑 from the speech data 𝒙
2. Reconstruct the data 𝒙 from speech prompt 𝒙𝒑 and text

• To prevent learning copy & paste, mask the loss for prompted segment

Text 

Speech

𝒙

𝒙𝒑

3-sec speech prompt

𝒙



P-Flow
Speech prompted text encoder + Flow matching generative decoder

P-Flow: Speech prompted text encoder + Duration predictor + Flow matching generative decoder
1. Speech prompted text encoder for speaker adaptation

• 3-sec speech prompt 𝒙𝒑 + Text à Personalized hidden representation 𝒉𝒄 à Expanded hidden representation 𝒉
 

2. Flow matching generative model for fast speech generation
• Personalized hidden representation 𝒉 à Mel-spectrogram
à 10 Euler steps (Significantly faster than VALL-E)   

For LIMMITS challenge, we used 
Diffusion Transformer (DiT) 
architecture as a decoder



P-Flow
Speech prompted text encoder + Flow matching generative decoder

P-Flow: Speech prompted text encoder + Duration predictor + Flow matching generative decoder
1. Speech prompted text encoder: Regression on 𝒙 using the speech prompt 𝒙𝒑 and text input 

• Encoder: 3-sec speech prompt 𝒙𝒑 + Text à Expanded hidden representation 𝒉	
• Encoder loss: 𝐿"#$

% = 𝐿& ℎ	 ∗ 𝑚%, 𝑥 ∗ 𝑚%

 

2. Flow matching generative model: Estimate the vector field 𝒖𝒕 between the data and noise
• Define the flow 𝜙: 𝑝' 𝑥' → 𝑝( 𝑥( , 𝑥(: data, 𝑥': noise

• Decoder 𝑣) estimates the vector field of the flow 𝑢) =
*+!
*)

 given ℎ

• Flow matching loss: 𝐿$,-
% = 𝐿& 𝑣) ∗ 𝑚%, 𝑢) ∗ 𝑚%

(Inference)



Results
P-Flow: A Fast and Data-Efficient Zero-shot TTS !

• Comparison with zero-shot TTS baselines
• YourTTS: VITS + Speaker embedding
• VALL-E: Autoregressive LM for speech + Speech prompting
• P-Flow: Flow matching model + Speech prompting, Sampling: 10 ODE steps

• Sample quality, Pronunciation accuracy: P-Flow > VALL-E
• Fast: 20x faster than VALL-E
• Data-Efficient: Less than 0.01x VALL-E’s training dataset
•  Zero-shot: Comparable to VALL-E

à P-Flow: A Fast and Data-efficient Zero-shot TTS !

Data-efficient 20x faster



Zero-shot TTS for low-resource Indic Languages
Language transfer with native accent and preserving speaker’s voice without fine-tuning

Track 3 in LIMMITS 2024: Zero-shot TTS for Indic Languages

Goal: Build zero-shot TTS model for Indic languages

Core challenge: The LIMMITS dataset has a very limited number of speakers
2 speakers (1 male, 1 female speaker) per each Indic language à a total of 14 speakers (560 hours of data)
Allow to use external multi-speaker datasets for pre-training

We expanded NVIDIA’s zero-shot TTS model, P-Flow, to 7 Indic languages of the challenge. 
We ranked first in both naturalness and speaker similarity in Track 3.



Train P-Flow on LibriTTS + LIMMITS dataset

How to build zero-shot TTS for Indic languages with P-Flow?

• P-Flow: Trained on LibriTTS performs well on zero-shot TTS in English

• Expand P-Flow to enable zero-shot TTS in Indic languages
• How? Simply train P-Flow on LibriTTS + LIMMITS datasets 

Leveraging multi-speaker English dataset to achieve zero-shot personalization capabilities

LibriTTS

2456 speakers, English
585 hours of data

à Enable to learn zero-shot 
personalization capabilities

LIMMITS

2 speakers x 7 Indic languages
560 hours of data

à Enable to pronounce Indic 
languages correctly

Track 3: P-Flow as NVIDIA submission 
(zero-shot with pretraining)

Speaker Preservation in target language

Naturalness of speech in target language



P-Flow
demo samples using 3 seconds from unseen speaker

Speaker Reference in 
Kannada

एआई को आगे बढ़ाने के अपने काम के 0वारा, अ45त अरोरा और राफेल वाले :कसी =दन अपने जीवनसाथी के पAरवारB 
से उनकD माE भाषाओI मJ बात कर सकत ेहL (Hindi)

AI !ক এিগেয় িনেয় যাওয়ার জন/ তােদর কােজর জন/ ধন/বাদ, অি6ত অেরারা এবং রাফােয়ল ভােল একিদন তােদর ;ীেদর 
পিরবােরর সােথ তােদর মাতৃভাষায় কথা বলেত পারেবন। (Bengali)

AI ಅನು$ ಮುನ$'ೆಸುವ ಅವರ ,ೆಲಸ,ೆ. ಧನ01ಾದಗಳ6, ಅ89 ಅ:ೋ:ಾ ಮತು> :ಾ?ೆ@ 1ಾ0Aೆ ತಮB ಸಂDಾEಯ ಕುಟುಂಬಗJKೆಂLDೆ ತಮB 

ಸMNೕಯ OಾPೆಗಳQR SಾತTಾಡಬಹುದು (Kannada)

AI! మ$ందుక) న+,-ిం/ే 1ా34 ప!67 ధన91ా:;ల), అ?,@ అ3A3ా మ34య$ 3ాCDE వలGH  ఏ:ో  ఒక 3AL 1ా34 MNత PQగSాTమ$లUV 1ా34 

మWతృPQషలZ మWటQH డగలర^ (Telugu)

एआई ल आगे बढ़ाने के अपन काम बर ध2यवाद, अ78त अरोड़ा अउ राफेल वलेै ?कसी Bदन अपन जीवनसाथी के पEरवारF के उनकG 
मलू भाषाओ ंमM बात ल सकत ेहO। (Chhattisgarhi)

Thanks to their work driving AI forward, Akshit Arora and Rafael Valle could someday speak to their spouses’ families 
in their native languages. (English)

AI ला पढेु नेत असले,या .यां0या काया2ब4दल ध7यवाद, अ:;त अरोरा आ?ण राफेल Bहॅले एक Fदवस .यां0या जोडीदारा0या कुटंुKबयांशी
.यां0या मळू भाषते बोल ूशकतील (Marathi)

3 seconds



RAD-MMM and P-Flow
Resources

Samples presented today: https://aroraakshit.github.io/mmitsvc-2024/

Multilingual Multiaccented Multispeaker TTS with RADTTS (RADMMM)

Rohan Badlani, Rafael Valle, Kevin J. Shih, João Felipe Santos, Siddharth Gururani, Bryan Catanzaro

https://arxiv.org/abs/2301.10335

Code & tutorial notebooks available here - https://github.com/NVIDIA/RAD-MMM

P-Flow: A Fast and Data-Efficient Zero-Shot TTS through Speech Prompting

Sungwon Kim, Kevin J. Shih, Rohan Badlani, João Felipe Santos, Evelina Bhakturina, Mikyas Desta, Rafael Valle, Sungroh 
Yoon, Bryan Catanzaro

https://openreview.net/pdf?id=zNA7u7wtIN

P-Flow will be available on Riva soon: https://www.nvidia.com/en-us/ai-data-science/products/riva/

https://aroraakshit.github.io/mmitsvc-2024/
https://arxiv.org/search/cs?searchtype=author&query=Badlani%2C+R
https://arxiv.org/search/cs?searchtype=author&query=Valle%2C+R
https://arxiv.org/search/cs?searchtype=author&query=Shih%2C+K+J
https://arxiv.org/search/cs?searchtype=author&query=Santos%2C+J+F
https://arxiv.org/search/cs?searchtype=author&query=Catanzaro%2C+B
https://arxiv.org/search/cs?searchtype=author&query=Catanzaro%2C+B
https://arxiv.org/abs/2301.10335
https://github.com/NVIDIA/RAD-MMM
https://arxiv.org/search/cs?searchtype=author&query=Badlani%2C+R
https://arxiv.org/search/cs?searchtype=author&query=Shih%2C+K+J
https://arxiv.org/search/cs?searchtype=author&query=Badlani%2C+R
https://arxiv.org/search/cs?searchtype=author&query=Santos%2C+J+F
https://arxiv.org/search/cs?searchtype=author&query=Valle%2C+R
https://arxiv.org/search/cs?searchtype=author&query=Catanzaro%2C+B
https://openreview.net/pdf?id=zNA7u7wtIN
https://www.nvidia.com/en-us/ai-data-science/products/riva/


Thank you!

ध"यवाद
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linkedin.com/in/aakshit/
linkedin.com/in/sungwon-kim-dsail/ 

https://www.linkedin.com/in/aakshit/
https://www.linkedin.com/in/sungwon-kim-dsail/

