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Deep learning-based TTS system
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Speech analysis

• Vocal cords
• Voiced sound : quasi-periodic
• Unvoiced sound : noisy

• Vocal tract
• Shaping voice color

https://www.youtube.com/watch?v=X_JvfZiGEek

Speech production model

 목소리의 톤을 결정 (아 아 )

 발음을 결정 (아/에/이/오/우)

https://www.youtube.com/watch?v=X_JvfZiGEek


Speech analysis
Speech waveform
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음성 신호는 시간 축에서 특정한 에너지를 갖는 파형의 형태로 존재합니다
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Fourier 변환을 통해 주파수 축에서 음성을 관찰할 수 있습니다



Speech analysis
Speech waveform

F0: 목소리의 톤을 표현하는 파라미터 (아 아 )
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F0: Fundamental frequency

Fourier transform



Speech analysis
Speech waveform

Formant: 발음을 표현하는 파라미터 (아/에/이/오/우)
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Speech analysis
Speech waveform

Formant: 발음을 표현하는 파라미터 (아/에/이/오/우)
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Fourier transform

http://hyperphysics.phy-astr.gsu.edu/hbase/Music/vowel.html

http://hyperphysics.phy-astr.gsu.edu/hbase/Music/vowel.html
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Speech waveform
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Speaker-specific attributes
(tone, volume, timbre, speaking rate, …)



Speech analysis
Mel-spectrogram
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Mel-spectrogram: 음성의 다양한 특성들을 시간-주파수 축으로 표현



Speech analysis
Mel-spectrogram

복잡해 보이는 시간 축 신호를 주파수 축에서 보면 음성을 분석하기 쉬워집니다 
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Fourier transform



STFT 신호를 시간 축으로 붙인 2D 이미지
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Mel-spectrogram
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Mel-spectrogram
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음성을 시간-주파수 축에서 분석할 수 있게 되었습니다
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Mel-spectrogram
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음성을 시간-주파수 축에서 분석할 수 있게 되었습니다

F0

Formant

음성 대부분의 정보량은 저주파 대역에 !

저주파 대역의 정보량에 집중할 수 있다면?



Speech analysis
Mel-spectrogram
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음성을 시간-주파수 축에서 분석을 더 잘 할 수 있습니다

음성 대부분의 정보량은 저주파 대역에 !

저주파 대역의 정보량에 집중할 수 있다면?

주파수 축으로 

Mel-filterbank적용

Formant

F0

모델이 음성 신호를 이해하기 쉬워집니다  ←



Speech analysis
Deep learning-based TTS system
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Speaker-specific attributes

(tone, volume, timbre, speaking rate, …)

주어진 입력 텍스트로 부터 사람의 음성 특성을 모델링 하는 태스크
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TTS acoustic model
How to generate acoustic parameters?

How are you?Input
Text

HH  AW AA    R    Y  UW

Phoneme-level
Context

Embedding

Text Encoder

Text Analyzer

Encoder

Text analyzer extracts phoneme sequence from the given text

Text normalization
3.2km → 삼쩌미키로미터
naver.com → 네이버닫컴
1588-7942 → 이로팔팔칠구사이  

Break prediction
삼쩌미키로미터 → 삼쩌미V키로미터 
네이버닫컴 → 네이버닫컴
이로팔팔칠구사이 → 이로팔팔V칠구사이  

Grapheme to phoneme conversion
삼쩌미V키로미터 → ㅅ/ㅏ/ㅁ/ㅉ/ㅓ/ㅁ/ㅣ//ㅋ/ㅣ/ㄹ/ㅗ/ㅁ/ㅣ/ㅌ/ㅓ
네이버닫컴 → ㄴ/ㅔ/ㅣ/ㅂ/ㅓ/ㄷ/ㅏ/ㄷ/ㅋ/ㅓ/ㅁ
이로팔팔V칠구사이 → ㅣ/ㄹ/ㅗ/ㅍ/ㅏ/ㄹ/ㅍ/ㅏㄹ // ㅊ/ㅣ/ㄹ/ㄱ/ㅜ/ㅅ/ㅏ/ㅣ

음소: 음운론상의 최소 단위



TTS acoustic model
How to generate acoustic parameters?

How are you?Input
Text

HH  AW AA    R    Y  UW

Phoneme-level
Context

Embedding

Text Encoder

Text Analyzer

Encoder

Text encoder extracts high-level context features from the given phoneme sequence

Text normalization
3.2km → 삼쩌미키로미터
naver.com → 네이버닫컴
1588-7942 → 이로팔팔칠구사이  

Break prediction
삼쩌미키로미터 → 삼쩌미V키로미터 
네이버닫컴 → 네이버닫컴
이로팔팔칠구사이 → 이로팔팔V칠구사이  

Grapheme to phoneme conversion
삼쩌미V키로미터 → ㅅ/ㅏ/ㅁ/ㅉ/ㅓ/ㅁ/ㅣ//ㅋ/ㅣ/ㄹ/ㅗ/ㅁ/ㅣ/ㅌ/ㅓ
네이버닫컴 → ㄴ/ㅔ/ㅣ/ㅂ/ㅓ/ㄷ/ㅏ/ㄷ/ㅋ/ㅓ/ㅁ
이로팔팔V칠구사이 → ㅣ/ㄹ/ㅗ/ㅍ/ㅏ/ㄹ/ㅍ/ㅏㄹ // ㅊ/ㅣ/ㄹ/ㄱ/ㅜ/ㅅ/ㅏ/ㅣ



TTS acoustic model
How to generate acoustic parameters?
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Aligner upamples context embeddings from phoneme-level to frame-level

Frame-level
Context

Embedding
Aligner

HH         AW          AA    R        Y         UW



TTS acoustic model
How to generate acoustic parameters?
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Acoustic decoder predicts acoustic parameters from the given context embeddings
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Aligner

HH         AW          AA    R        Y         UW



TTS acoustic model
How to generate acoustic parameters?

Frame-level
Context

Embedding

Output
Acoustic

Parameter

Acoustic Decoder

Decoder

Acoustic decoder predicts acoustic parameters from the given context embeddings

How are you?Input
Text

HH  AW AA    R    Y  UW

Phoneme-level
Context

Embedding

Text Encoder

Text Analyzer

Encoder

Aligner

HH         AW          AA    R        Y         UW

Training loss
𝕃𝕃 = x − 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(c) 𝟐𝟐

x: Acoustic parameter
c: Context embedding
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Statistical parametric speech synthesis (2023)



TTS acoustic model
Statistical parametric speech synthesis (2023)

Frame-level
Context

Embedding
(Rule-based)

Output
Acoustic

Parameter

FF/LSTM

Decoder

How are you?Input
Text

HH  AW AA    R    Y  UW

Phoneme-level
Context

Embedding
(Rule-based)

Text Encoder

Text Analyzer

Encoder

Aligner

HH         AW          AA    R        Y         UW

FF/LSTMTraining loss
𝕃𝕃 = x − 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(c) 𝟐𝟐

x: Acoustic parameter
c: Context embedding

The first DNN model for the TTS acoustic model
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TTS acoustic model
Tacotron 2 (2018)

Frame-level
Context

Embedding

Output
Acoustic

Parameter

Acoustic Decoder

Decoder

The first seq2seq model for TTS acoustic model

How are you?Input
Text

HH  AW AA    R    Y  UW

Phoneme-level
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Encoder

Aligner

HH         AW          AA    R        Y         UW



Acoustic Decoder

HH         AW          AA    R        Y         UW

TTS acoustic model
Tacotron 2 (2018)

How are you?Input
Text

HH  AW AA    R    Y  UW

Phoneme-level
Context

Embedding

Text Encoder

Text Analyzer

Encoder

Conv. x3

BLSTM

Conv. + LSTM 모듈을 이용해 high-level context feature 를 얻어낼 수 있음



TTS acoustic model
Tacotron 2 (2018)

Frame-level
Context

Embedding

Output
Acoustic

Parameter

Acoustic Decoder

Decoder

HH         AW          AA    R        Y         UWHH  AW AA    R    Y  UW

How are you?

Text Encoder

Text Analyzer

LSTM x2
PreNet

PostNet

Projection

Autoregressive decoder: 합성음 품질을 높임



Acoustic Decoder

HH         AW          AA    R        Y         UW

TTS acoustic model
Tacotron 2 (2018)

HH  AW AA    R    Y  UW

How are you?

Text Encoder

Text Analyzer

DecoderEncoder

Location
Sensitive
Attention

Attention 메카니즘을 이용해 인코더-디코더 사이의 alignment 를 얻어낼 수 있음



TTS acoustic model
Tacotron 2 (2018)

End-to-end acoustic model + WaveNet vocoder 

당시최고 합성 모델인 Concatenative 보다 우수한, 녹음에 가까운 수준의 음성 합성 모델

https://ai.googleblog.com/2017/12/tacotron-2-generating-human-like-speech.html

https://ai.googleblog.com/2017/12/tacotron-2-generating-human-like-speech.html


TTS acoustic model
FastSpeech 2 (2020)



TTS acoustic model
FastSpeech 2 (2020)

Frame-level
Context

Embedding

Output
Acoustic

Parameter

Transformer

Decoder

How are you?Input
Text

HH  AW AA    R    Y  UW

Phoneme-level
Context

Embedding

Transformer

Text Analyzer

Encoder

HH         AW          AA    R        Y         UW

트랜스포머기반의 인코더-디코더 사용

Positional
Encoding

Positional
Encoding

Aligner



TTS acoustic model
FastSpeech 2 (2020)

Frame-level
Context

Embedding

Output
Acoustic

Parameter

Transformer

Decoder

How are you?Input
Text

HH  AW AA    R    Y  UW

Phoneme-level
Context

Embedding

Transformer

Text Analyzer

Encoder

HH         AW          AA    R        Y         UW

Duration predictor-based alignment

파라미터 복원을 병렬로(non-autoregressive) 처리함으로써 생성 속도를 개선

Positional
Encoding

Positional
Encoding

Duration
Predictor
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Zero-shot voice cloning
Recording constraint

Conventional TTS

> 30~60 min

Script reading

Professional voice actor

Clean studio

Voice cloning

< Few seconds

Spontaneous speaking

Non-professional

Anywhere

Recording amount

Speaking type

Speaker

Recording amount

Natural UnnaturalTTS quality
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Voice cloning
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Recording amount
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Recording amount

Natural UnnaturalTTS quality

Recording quality matters: Poor recording → TTS degradation



Zero-shot voice cloning
Recording constraint

Conventional TTS

> 30~60 min

Script reading

Professional voice actor

Clean studio

Voice cloning

< Few seconds

Spontaneous speaking

Non-professional

Anywhere

Recording amount

Speaking type

Speaker

Recording amount

Natural Very naturalTTS quality

Recording quality matters: Poor recording → TTS degradation



Zero-shot voice cloning
Recall – Conventional TTS

Frame-level
Context

Embedding

Output
Acoustic

Parameter

Acoustic Decoder

Decoder

The model directly learns characteristic of the target voice..

How are you?Input
Text

HH  AW AA    R    Y  UW

Phoneme-level
Context

Embedding

Text Encoder

Text Analyzer

Encoder

Aligner

HH         AW          AA    R        Y         UW

Training loss
𝕃𝕃 = x − 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(c) 𝟐𝟐

x: Acoustic parameter
c: Context embedding

 Output quality is heavily dependent on target data
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Key solution: Applying audio infilling task



Zero-shot voice cloning
Key solution: Applying audio infilling task

[ MASK ]

Decoder

Frame-level
Context

Embedding

Output
Acoustic

Parameter

Acoustic Decoder

HH         AW          AA    R        Y         UWJ. Devlin, et al., “BERT: Pre-training of deep bidirectional transformers for language 
understanding,” arXiv preprint arXiv:1810.04805, 2018.

Inspired by BERT’s masked language modeling,

the model is trained to predict masked acoustic parameters using neighboring acoustic information



Zero-shot voice cloning
Key solution: Applying audio infilling task

J. Devlin, et al., “BERT: Pre-training of deep bidirectional transformers for language 
understanding,” arXiv preprint arXiv:1810.04805, 2018.

Inspired by BERT’s masked language modeling,

the model is trained to predict masked acoustic parameters using neighboring acoustic information

Frame-level
Context

Embedding

Output
Acoustic

Parameter

Acoustic Decoder

Decoder

[ MASK ]

HH         AW          AA    R        Y         UW

Training loss
𝕃𝕃 = x𝒎𝒎 − 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(x𝒖𝒖𝒎𝒎, c) 𝟐𝟐

x𝒎𝒎: Masked acoustic parameter
x𝒖𝒖𝒎𝒎: Unmasked acoustic parameter

c: Context embedding



Zero-shot voice cloning
Key solution: Applying audio infilling task

Training with large-scale speech corpora

Frame-level
Context

Embedding

Output
Acoustic

Parameter

Acoustic Decoder

Decoder

How are you?Input
Text

HH  AW AA    R    Y  UW

Phoneme-level
Context

Embedding

Text Encoder

Text Analyzer

Encoder

Aligner

[ MASK ]

The model focuses on relationship between adjacent acoustic parameters,

rather than reconstructing the target data



Zero-shot voice cloning
Key solution: Applying audio infilling task

Inference with 5~10 seconds speech prompt

Frame-level
Context

Embedding

Output
Acoustic

Parameter

Acoustic Decoder

Decoder

Yes!Input
Text

Y        EH            S

Phoneme-level
Context

Embedding

Text Encoder

Text Analyzer

Encoder

Aligner

[ MASK ]

Y    EH    S

Text Input

Speech
prompt

From the given text and speech prompt,

the model generates corresponding acoustic parameters



Zero-shot voice cloning
Key solution: Applying audio infilling task

Inference with 5~10 seconds speech prompt

Frame-level
Context

Embedding

Output
Acoustic

Parameter

Acoustic Decoder

Decoder

Yes!Input
Text

Y        EH            S

Phoneme-level
Context

Embedding

Text Encoder

Text Analyzer

Encoder

Aligner

[ MASK ]

Y    EH    S

Parameter
Output

From the given text and speech prompt,

the model generates corresponding acoustic parameters

Text Input



Zero-shot voice cloning
Key solution: Applying audio infilling task

Inference with 5~10 seconds speech prompt

Acoustic Decoder

“그중에서 제일 중요한 거 하나만 봐도 한 60~70%고
그다음이 한 10%, 20% 정도 됩니다.”

Text Encoder

Text Analyzer

Aligner

[ MASK ]



Zero-shot voice cloning
Key solution: Applying audio infilling task

Inference with 5~10 seconds speech prompt

Acoustic Decoder

Text Encoder

Text Analyzer

Aligner

[ MASK ]

“그중에서 제일 중요한 거 하나만 봐도 한 60~70%고
그다음이 한 10%, 20% 정도 됩니다.”



Zero-shot voice cloning
Key solution: Applying audio infilling task

Inference with 5~10 seconds speech prompt

Acoustic Decoder

Text Encoder

Text Analyzer

Aligner

[ MASK ]

“아아아, 그게 뭔지 아세요?”



Zero-shot voice cloning
Key solution: Applying audio infilling task

Inference with 5~10 seconds speech prompt

Acoustic Decoder

Text Encoder

Text Analyzer

Aligner

[ MASK ]

“아아아, 그게 뭔지 아세요?”



Zero-shot voice cloning
Key solution: Applying audio infilling task

Inference with 5~10 seconds speech prompt

Acoustic Decoder

Text Encoder

Text Analyzer

Aligner

[ MASK ]

“Everything is fun, fun, that's the motto
of my life, what do you think?”



Zero-shot voice cloning
Key solution: Applying audio infilling task

Inference with 5~10 seconds speech prompt

Acoustic Decoder

Text Encoder

Text Analyzer

Aligner

[ MASK ]

“Everything is fun, fun, that's the motto
of my life, what do you think?”



Zero-shot voice cloning
Overcoming the recording constraint

Conventional TTS

Professional voice actor

Clean studio

0.03B

Real time x5 (CPU)

Voice cloning

Non-professional

Anywhere

0.41B

Real time x5 (GPU)

Speaker

Model size

Inference speed

Natural Very naturalTTS quality

Clean studio

> 30~60 min

Anywhere

< Few seconds

Recording environment

Recording amount

Speaking type



Zero-shot voice cloning
Evaluations

Conventional TTS

1.8%

4.2

Voice cloning

1.1%

4.4

Dataset

Naturalness (MOS)↑

~1h / speaker

68.0 %

4~8s / speaker

78.3%Speaker similarity (SECS)↑

Intelligibility (CER)↓

4 Korean speakers (2 male + 2 female)

SECS; speaker embedding cosine similarity: 스피커 임베딩 벡터간의 유사도
CER; character error rate: 입력 텍스트 출력 음성의 ASR 결과(텍스트)간의 오류율
MOS; mean opinion score: 전문가 청취평가(1~5 scale)



Zero-shot voice cloning
Examples

Conventional TTS Voice cloningRecording

슈팅 사정거리 안에서 기회가 왔을 때는 좀 더 과감하게 시도를 해 줘야죠.

사건을 배당받은 서울중앙지검 공공형사수사부는 기초 자료 검토를 시작했습니다.



Zero-shot voice cloning

https://elevenlabs.io/https://play.ht/



Zero-shot voice cloning

Ethical problem ?



Q / A



gregorio.song@gmail.com
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