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Sentence from: Beckman, M. E. & Ayers, G. Guidelines for ToBI labelling. OSU Res. Found. 3, (1997)



Text-to-speech synthesis
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Text-to-speech synthesis /‘\
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Sentence from: Beckman, M. E. & Ayers, G. Guidelines for ToBlI labelling. OSU Res. Found. 3, (1997)
LOGIOS Lexicon tool: http://www.speech.cs.cmu.edu/tools/lextool.html
H*, L-L%: ToBlI labels Beckman, M. E. & Ayers, G. Guidelines for ToBlI labelling. OSU Res. Found. 3, (1997)



Text-to-speech synthesis — Unit selectio
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Hunt, A. J. & Black, A. W. Unit selection in a concatenative speech synthesis system using a large speech database. in Proc. ICASSP 373-376 (1996).
Black, A. W. & Taylor, P. A. Automatically clustering similar units for unit selection in speech synthesis. (1997)



Text-to-speech synthesis — Statistiqa/l‘\
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http://hts.sp.nitech.ac.jp/?Welcome

OVERVIEW STATISTICAL SPEECH SYNTHESIS Sré%\ﬁ
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Next phone: N
Context-dependent | Next Next phone: AH

- . g Stressed syllable: True
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OVERVIEW STATISTICAL SPEECH SYNTHESIS
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Statistical parametric speech synthesis
(SPSS)

. Parametric: speech parameterized as

acoustic features vectors

. Statistical: decision trees, HMM, and

DNN for input-to-output mapping
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OVERVIEW — STATISTICAL SPEECH SYNTHESIS Sﬁ\q
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OVERVIEW — STATISTICAL SPEECH SYNTHESIS Sﬁ\q
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OVERVIEW — STATISTICAL SPEECH SYNTHESIS Sﬁ\ﬁ
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Regression is much simpler ﬁ
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OVERVIEW — STATISTICAL SPEECH SYNTHESIS SZé%lq
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Maximum likelihood parameter generation
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OVERVIEW — STATISTICAL & DNN
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OVERVIEW STATISTICAL & DNN
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RNNs are usually restricted to problems where |

Aligned!
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the alignment between the input and output
sequence Is known in advance (Graves 2012)
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HMM is needed for alignment Iearnlng
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OVERVIEW SEQ-TO-SEQ MODELS /‘\
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Single neural network for
Joint alignment & regression & linguistic analysis
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Text-to-speech synthesis — Recent methocris/‘\
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https://tonywangx.github.io/slide.html#dec-2020

Acoustic model

* Predict acoustic features from linguistic features

Text | Linguistic [ Acoustic | Acoustic | )
Text 4{ Analys|s] features :[ Model J features :kVOCOderJ :SpeeCh

- [HMM-based [416, 356, 415, 357]
— Linguistic—Acoustic — DNN based [426, 284]
 RNN based [78, 422], Emphasis [191]

(Acoustic Model - "ARST [375], DeepVoice 3 [270]
Tacotron 1/2 [382, 303], DurlAN [418]
FastSpeech 1/2 [290, 292], DCTTS [332]
TransformerTTS [192], VoiceLoop [333]
ParaNet [268], Glow-TTS [159]

| Grad-TTS [276], PriorGrad [185]

— Char/Phone— Acoustic}—
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RECENT SEQ-TO-SEQ TTS

HOwW DO THEY WORK?



SEQ-TO-SEQ MODEL /]\

- Task
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SEQ-TO-SEQ MODEL /]\

- Task

@UU\D\UUUUUUWUUEP/DUUUU/D);D/U%UUU}

Seqg-to-seq model

Proposed by machine translation community
Wide application in speech recognition

buodddad




SEQ-TO-SEQ MODEL /‘\

- Task
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SEQ-TO-SEQ MODEL

- Encoding-decoding

v Simple & effective for
short sequence

>3ingle code ¢
>Long sequence?

(O a scalar or vector

Encoder

D

Decoder
yl:N

M O1C> fc‘

O—~O=0~0 p(yrnlzim) = || p(wnly<n )
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L1:M

C — RNN(wlM)



SEQ-TO-SEQ MODEL /‘\
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SEQ-TO-SEQ MODEL /\\
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SEQ-TO-SEQ MODEL /‘\
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SEQ-TO-SEQ MODEL /‘\

J Attention c, = Z ST Yn
m=1
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SEQ-TO-SEQ MODEL /‘\
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SEQ-TO-SEQ MODEL FAILURE CASE,B/‘\
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TACOTRON Acoustic feature vé&

d TTS systems Yi:N

[ Griffin-Lim reconstruction ]

Tacotron

Linear-scale

spectrogram
................................................... { CBHG ]
PEEEEER e S
B I \ B N Seq2seq target
i : % 5 . with r=3
I \ Decoder \~‘ .| Decoder ‘~‘ .| Decoder
[} RTA‘IN J RTN A Rl‘\‘lN
[ ] [ ] [ ][ ][ ] [ ] Attention *—l__|[ Attention \ [ Attention \ [ Attention
RNN v RNN v RNN
Attention is applied - ) ; L)
Pre-net to all decoder steps \ \
' Pre-net | Pre-net \‘. Pre-net
[ m “ G “ [j
Character embeddings <GO> frame v "\

TN nnr Encoder
Phoneme / characters

Wang, Y. et al. Tacotron: Towards End-to-End Speech Synthesis. in Proc. Interspeech 4006—4010 (2017).

L1: M



A FAILURE CASE OF SOFT ALIGNM

Samples & audios from (He 2019)

S
g
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RMXN

Encoder timestep

100

50

00@ D000

0 250 500 750 1000 1250 1500 1750 2000
Decoder timestep

yl:N

Crashes \ ReadAVs \ 00000000 \ foo , doc WriteAVs \ 11111111 \ foo 2 , doc:
That makes post-processing a little painful since the fuzzer reports crashes in
the hierarchical structure mentioned above.

He, M., Deng, Y. & He, L. Robust Sequence-to-Sequence Acoustic Modeling with Stepwise Monotonic Attention for Neural TTS. in
Proc. Interspeech 1293-1297 (2019). doi:10.21437/Interspeech.2019-1972
https://mutiann.github.io/papers/interspeech2019/



HYBRID APPROACHES (HARD ALIGNME}Aﬂ\
- Generation: similar to DNN-HMM approach

’ “‘ 'm

| | a1 el L | “ m
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\ L W [AM R Aligned
Waveform gen. Waveform gen. | ~_
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Decoder Decoder
Attention dy vy | CRKRRYPP 5O
> nUp_Sampleu

Encoder p(dmfﬁ;M) 60 V4o
Li:M O0O00O0O00O0O Encoder
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Ren, Y. et al. Fastspeech: Fast, robust and controllable text to speech. in Proc. NIPS 3171-3180 (2019).
Yu, C. et al. Durian: Duration informed attention network for multimodal s%/nthesis. arXiv Prepr (2019)
Z%r%g{sz(égggr)wg, J., Cheng, N., Xia, T. & Xiao, J. AlignTTS: Efficient feed-forward text-to-speech system without explicit alignment. in Proc. ICASSP 6714—



Key components in TTS

TN [317, 230, 439], G2P [412, 327, 328]
)_ Prosody Prediction [319, 141, 284, 258]
Unified Model [259, 446]

DeepVoice 1/2 [8, 88]

— Text Analysis  —{ Char—Linguistic

HMM-based [418, 358, 417, 359]
—(Linguistic—)Acoustic }— DNN based [428, 285]
RNN based [79, 424], Emphasis [192]

— Acoustic Model - "ARST [377], DeepVoice 3 [271]
Tacotron 1/2 [384, 304], DurlAN [420]

- FastSpeech 1/2 [291, 293], DCTTS [333]
—(Char/Phone—)Acoustlc)— TransformerTTS [193], VoiceLoop [334]
ParaNet [269], Glow-TTS [160]

Grad-TTS [277], PriorGrad [186]
—(Vocoder in SPSS +—{ STRAIGHT [156], WORLD [239] )
A WaveNet [255], Par.WaveNet [256] )
(Vocoder )__(ngulsnc_)wav | WaveRNN [151], GAN-TTS [23]
LPCNet [365], WaveGlow [280]
_{ Acoustic— Wav }_ FloWaveNet [164], MelGAN [179]

Par.WaveGAN [256], HiFi-GAN [175]
DiffWave [177], WaveGrad [41]

Char2Wav [316], FastSpeech 2s [293]

)_ ClariNet [270], EATS [70], VITS [161]
Wave-Tacotron [387], EfficientTTS [236]

WaveGrad 2 [42], NaturalSpeech [346] 32

—{Fully E2E Model}—{ Char/Phone— Wav

2022



Acoustic model

SPSS
* Acoustic model in S5
RNN

* Acoustic models in end-to-

end TTS CNN

« RNN-based (e.g., Tacotron
series)

* CNN-based (e.g.,
Deep\oice series)

 Transformer-based (e.g., Fas‘:Speeclln:

series) VAE
» Other (e.g., Flow, GAN, VAE, GAN
Diffusion)
Diffusion

Transformer

low

Acoustic Model | Input—Output AR/NAR Modeling  Structure
HMM-based [424, 363] Ling—MCC+F0 / / HMM

DNN-based [434] Ling—MCC+BAP+F0 NAR / DNN

LSTM-based [79] Ling—LSP+F0 AR / RNN

EMPHASIS [195] Ling—LinS+CAP+F0 AR / Hybrid

ARST [382] Ph—LSP+BAP+F0 AR Seq2Seq RNN

VoiceLoop [339] Ph—MGC+BAP+F0 AR / hybrid

Tacotron [389] Ch—LinS AR Seq2Seq  Hybrid/RNN
Tacotron 2 [309] Ch—MelS AR Seq2Seq RNN

DurIAN [426] Ph—MelS AR Seq2Seq RNN

Non-Att Tacotron [310] Ph—MelS AR / Hybrid/CNN/RNN
Para. Tacotron 1/2 [75, 76] Ph—MelS NAR / Hybrid/Self-Att/CNN
MelNet [374] Ch—MelS AR / RNN

DeepVoice [8] Ch/Ph—MelS AR f CNN

DeepVoice 2 [88] Ch/Ph—MelS AR ') CNN

DeepVoice 3 [276] Ch/Ph—MelS AR Seq2Seq CNN

ParaNet [274] Ph—MelS NAR Seq2Seq CNN

DCTTS [338] Ch—MelS AR Seq2Seq CNN

SpeedySpeech [368] Ph—MelS NAR / CNN

TalkNet 1/2 [19, 18] Ch—MelS NAR / CNN
TransformerTTS [196] Ph—MelS AR Seq2Seq Self-Att

MultiSpeech [39] Ph—MelS AR Seq2Seq Self-Att

FastSpeech 1/2 [296, 298] Ph—MelS NAR Seq2Seq  Self-Att

AlignTTS [437] Ch/Ph—MelS NAR Seq2Seq  Self-Att

JDI-T [201] Ph—MelS NAR Seq2Seq  Self-Att

FastPitch [185] Ph—MelS NAR Seq2Seq Self-Att

AdaSpeech 1/2/3 [40,411,412] | Ph—MelS NAR Seq2Seq  Self-Att

AdaSpeech 4 [399] Ph—MelS NAR Seq2Seq  Self-Att
DenoiSpeech [442] Ph—MelS NAR Seq2Seq  Self-Att

DeviceTTS [127] Ph—MelS NAR / Hybrid/DNN/RNN
LightSpeech [226] Ph—MelS NAR / Hybrid/Self-Att/CNN
Delightful TTS [216] Ph—MelS NAR Seq2Seq  Self-Att

Flow-TTS [240] Ch/Ph—MelS NAR* Flow Hybrid/CNN/RNN
Glow-TTS [162] Ph—MelS NAR Flow Hybrid/Self-Att/CNN
Flowtron [373] Ph—MelS AR Flow Hybrid/RNN
EfficientTTS [241] Ch—MelS NAR Flow Hybrid/CNN
GMVAE-Tacotron [120] Ph—MelS AR VAE Hybrid/RNN
VAE-TTS [451] Ph—MelS AR VAE Hybrid/RNN
BVAE-TTS [191] Ph—MelS NAR VAE CNN

VARA-TTS [208] Ph—MelS NAR VAE CNN

GAN exposure [100] Ph—MelS AR GAN Hybrid/RNN
TTS-Stylization [230] Ch—MelS AR GAN Hybrid/RNN
Multi-SpectroGAN [190] Ph—MelS NAR GAN Hybrid/Self-Att/CNN
Diff-TTS [142] Ph—MelS NAR* Diffusion  Hybrid/CNN
Grad-TTS [282] Ph—MelS NAR Diffusion  Hybrid/Self-Att/CNN
PriorGrad [189] Ph—MelS NAR Diffusion  Hybrid/Se}f-Att/CNN
Guided-TTS [161] Ph—MelS NAR Diffusion  Hybrid/Self-Att/CNN
Diff GAN-TTS [215] Ph—MelS NAR Diffusion ~ Hybrid/Seff-Att/CNN




Acoustic model——

* Tacotron 2
* Evolved from Tacotron

* Text to mel-spectrogram
generation

e L.STM based encoder and
decoder

* Location sensitive
attention

 \WaveNet as the vocoder

[

RNN based

Waveform
Mel Spectrogram Samples
5 Conv Layer [ WaveNet |
Post Net 7 iZ MoL
L|near
[ 2 Layer 2LST™ PrOJeC“O"
Pre-Net Layers
p Hlises Stop Token
rojection
Location
Sensitive
Attention
Character 3 Conv Bidirectional

Input Text

_.[

Embedding

1

Layers

I

LSTM

]




Acoustic model——TIransformer based /]\

 FastSpeech [290]

» Generate mel-spectrogram in

parallel (for speedup) —

* Remove the text-speech attention Ny TS ‘=1
mechanism O Eomiene
(for robustness) . —

» Feed-forward transformer with length ™" FFTEIZ% <

Encoding

requlator (for controllability)

Phoneme Embedding H ;
pho

A

Phoneme




Acoustic model——TIransformer based /]\

» FastSpeech 2 [292]
* Improve FastSpeech
» Use variance adaptor to
predict duration, pitch,

energy, etc el
. . o . . ) 2 — A eyEner A
« Simplify training pipeline of Loiond (DG "
- - Yebitch r
FaStSpeeCh (KD) - +Ad - 6 Pitch Predictor
° . _ Encoder : ?
FaStSpeeCh ZS- a fu I Iy end POSitional@_E @9 QLuration
Encoding Duration Predictor
to-end parallel text to wave e 1 ;
m Od e I PhoIeme
(a) FastSpeech 2 (b) Variance adaptor

e Other works
« FastPitch [181]
« JDLT[197], AlignTTS [429]



\ocoder

5 13

~- =
==

Acoustic
Features

g
ns

—{Vocod ea—m

—Vocoder in SPSS ‘}—{STRAIGHT [155], WORLD [238] j

(i Y
p— — ~ | WaveNet [254], Par.WaveNet [255]
(Vocoder y lLinguisticWav_ }— w,yeRNN [150], GAN-TTS [23]

"LPCNet [363], WaveGlow [279]
FloWaveNet [163], MelGAN [178]

' Par.WaveGAN [255], HiFi-GAN [174]
\DiffWave [176], WaveGrad [41]

—: Acoustic— Way j

.




\oocoder

 Autoregressive
vocoder

* Flow-based
vocoder

 GAN-based
vocoder

* \VAE-based
vocoder

 Diffusion-based
vocoder

Flow

VAE

Diffusion

AR/NAR

Modeling

Vocoder | Input Architecture
WaveNet [260] Linguistic Feature AR / CNN
SampleRNN [239] / AR / RNN
WaveRNN [151] Linguistic Feature AR / RNN
LPCNet [370] BFCC AR / RNN
Univ. WaveRNN [221] | Mel-Spectrogram AR / RNN
SC-WaveRNN [271] Mel-Spectrogram AR / RNN
MB WaveRNN [426] Mel-Spectrogram AR / RNN
FFTNet [146] Cepstrum AR / CNN
iSTFTNet [153] Mel-Spectrogram  NAR / CNN
Par. WaveNet [261] Linguistic Feature NAR Flow CNN
WaveGlow [285] Mel-Spectrogram  NAR Flow Hybrid/CNN
FloWaveNet [166] Mel-Spectrogram  NAR Flow Hybrid/CNN
WaveFlow [277] Mel-Spectrogram AR Flow Hybrid/CNN
SqueezeWave [441] Mel-Spectrogram  NAR Flow CNN
WaveGAN [69] / NAR GAN CNN
GELP [150] Mel-Spectrogram  NAR GAN CNN
GAN-TTS [23] Linguistic Feature NAR GAN CNN
MelGAN [182] Mel-Spectrogram  NAR GAN CNN
Par. WaveGAN [410] Mel-Spectrogram  NAR GAN CNN
HiFi-GAN [178] Mel-Spectrogram  NAR GAN Hybrid/CNN
VocGAN [416] Mel-Spectrogram  NAR GAN CNN
GED [97] Linguistic Feature = NAR GAN CNN
Fre-GAN [164] Mel-Spectrogram  NAR GAN CNN
Wave-VAE [274] | Mel-Spectrogram  NAR VAE CNN
WaveGrad [41] Mel-Spectrogram  NAR Diffusion  Hybrid/CNN
DiffWave [180] Mel-Spectrogram  NAR Diffusion  Hybrid/CNN
PriorGrad [189] Mel-Spectrogram  NAR Diffusion  Hybrid/CNN
SpecGrad [176] Mel-Spectrogram  NAR Diffusion  Hybrid/CNN
38

TTS Tutorial @ ICASSP

2022



\ocoder—AR /]\

» \WaveNet: autoregressive model with dilated causal
convolution [van den oord et al 2016]

QQOOQOQQQOOOOOO?

‘ Dilljaticl)jn:S
o O O O O O O OOOOOOOQHidden,_aye,
Dilation = 4

/ m’o

©C 00,00 0 0.0 O 0 O.¢ §  Hidden Loyer
O O O | © Input
e Other works

 \WWaveRNN
o | PCNet




Vocoder— HIFiGan /‘\

Mel-Spectrogram

’ for m=1 ...|D,[n]|

_— T~ 7 | A== a I
for 1=1 .. |k, f A \

o

R

1

l |
_____________ l |
{, I \ ResBlock|[1] A for 1=1 D, pnm
k,[l] x1 ConvTranspose I kernel: k,[1] m—_————— -y
[ stride: k,[11/2, channels: h, /2" \| dilations: D,.[1] i Leaky RelU 1
| ' : Sttt ol al ' L
|[ MRF J: —————— j; —————————— ! 1[ ky[n]x1 Conv }l |
8\ vy || blocks I [I| dilation: D,-[n, m, (] : I
l
l

1 e L GE J i

Raw Waveform ‘l‘

Figure 1: The generator upsamples mel-spectrograms up to |k, | times to match the temporal resolution
of raw waveforms. A MRF module adds features from |k,.| residual blocks of different kernel sizes
and dilation rates. Lastly, the n-th residual block with kernel size k,.[n]| and dilation rates D,.[n] in a
MRF module is depicted.

* GANs: Simultaneously train generative + adversarial nets

» Generator: produce audio from the spectrogram.
Discriminator: distinguish generator outputs from real audio

» Faster and high quality than Autoregressive



Generative models for acoustic model/vocod?/\\

 Text to speech mapping p(x|y) is multimodal, since one
text can correspond to multiple speech variations

* Acoustic model, phoneme-spectrogram
mapping: duration/pitch/energy/
formant

* VVocoder, spectrogram-waveform mapping: phase

* How to model a multimodal conditional distribution p(x|
y)?
» Autoregressive, GAN, VAE, Flow, Diffusion Model, etc

» Since L1/L2 can be applied to mel-spectrogram, while
cannot be directly applied to waveform

* Advanced generative models are developed faster in
vocoder than in acoustic model, but finally acoustic
models catch up ©



Fully Endo-End TTS

» FastSpeech 2s: fully parallel text to wave

model

{FastSpeech 2s!

T
LK
A

Mel-spectrogram Waveform
Decoder Decoder

Positional @_E
Encoding
Variance Adaptor

A

Encoder

Positional
Encoding

Phoneme Embedding
+

Phoneme

(a) FastSpeech 2

A

[ |

ConvlD

Conv 1x1

— r S :

f

Gated Activation

EXN

*

Dilated Conv1D

S— . S

Transposed Conv1D

\ A

t ,
[ Pe—— :
... Predictor Linear Layer
E Ener | S *
Energy Predictor LI I;rop out
Yebich A
€ ConvlD + ReLU
Pitch Predictor
: :
9 i LN + Dropout
@ Duration
Duration Predictor| f
3 ConvlD + ReLU
\ A
|
(c)
(b) Variance adaptor ~ Duration/pitch/energy

predictor

(d) Waveform decoder



Spoken Language Modelling on Speech Tokens

ﬂcoustic tokens Semantic tokens Unified tokens

i
] .
1 s
1 -
] —
1 * i
| t Q0 =
i v '8 ?
Q000 Q000 : NAR R — o
; : 1 o000 2 2
] .
SoundStream HuBERT : Q000 — -
Encodec W2VBERT SpeechTokenizer E 1) -
1
L] Ll l
; AR
- |-| |-| |-| |--‘ |--| ||..| 1 i
'I|‘|I|||u|‘|||||n|‘|||||~| 1 CCC L i T
]
]
(a) Different Speech Tokens : (b) Unified Speech Language Model J
Content, Timbre, ... OContent Timbre, ...

Figure 1: Left: Illustration of information composition of different discrete speech representations.
Right: Illustration of unified speech language models. AR refers to autoregressive and NAR refers to
non-autoregressive. Speech tokens are represented as colored circles and different colors represent
different information.

SpeechTokenizer, Zhang, et al, 2024



Audio/Speech Tokenization
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Standard architecture of an audio tokenizer performing inference, figure
adapted from Mousavi et al. (2025). An input waveform x is encoded (generally using a series
of downsampling convolution networks) into a series of embeddings z¢. Each embedding is
then passed through a quantizer to produce a series of quantized tokens g;. To regenerate the
speech signal, the quantized tokens are re-mapped back to a vector zq, and then encoded (usu-
ally using a series of upsampling convolution networks) back to a waveform. We’ll discuss
how the architecture is trained in Section 16.2.4.
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Spoken Language Modelling on Speech Tokens
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Figure 1: General Schema for dGSLM: A discrete en-
coder (HuBERT+kmeans) turns each channel of a dia-
logue into a string of discrete units (ci,..cy). A Dia-
logue Language Model (DLM) is trained to autoregres-
sively produce units that are turned into waveforms us-

Dialog GSLM (2022)
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TTS as a large language model (VALL-E)
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The 2-stage language modelling approach for VALL-E, showing the inference
stage for the autoregressive transformer and the first 3 of the 7 non-autoregressive transform-
ers. The output sequence of discrete audio codes is generated in two stages. First the au-
toregressive LM generates all the codes for the first quantizer from left to right. Then the
non-autoregressive model is called 7 times to generate the remaining codes conditioned on all
the codes from the preceding quantizer, including conditioning on the codes to the right.
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TTS as a large language model (VALL-E)
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13T LR Training procedure for VALL-E. Given the text prompt, the autoregressive
transformer is first trained to generate each code of the first-quantizer code sequence, autore-
gressively The the non-autoregressive transformer generates the rest of the codes. Figure from

Chen et al. (2025).



TTS as a large language model (VALL-E)
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Inference procedure for VALL-E. Figure from Chen et al. (2025). The tran-
script for the 3 seconds of enrolled speech is first prepended to the text to be generated, and
both the speech and text are tokenized. Next the autoregressive transformer starts generating
the first codes ¢, 11 1 conditioned on the transcript and acoustic prompt.



Interleaved modeling of Speech and Text Tokens

Cozyvoice? (Du et al., 2024)
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(a) Supervised speech tokenizer

(b) Text-Speech Language Model (¢) Chunk-aware Flow Matching
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Current developmentsin TTS /]\

e Fully Controllable TTS
e |dentity
e Dialect
e (Contextual Appropriateness

e Explainable, light weight models
¢ Grounded in Human mechanisms
e Edge Deployable
e Seamless interfacing with other Modalities



