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Text-To-Speech Synthesis

* Text-to-Speech (TTS) is a technology that converts text into human-like speech.
* 1961, Early speech synthesis:

 Researchers John Kelly, Carol Lochbaum, and Max Mathews at Bell Labs created
the first computer-generated recording of “Daisy Bell (Bicycle Built for Two)”.

<)
1978, Speak & Spell:

* A popular educational toy by Texas Instruments

* It used a single-chip linear predictive coding (LPC) synthesizer, making speech
synthesis accessible to the public.




Text-To-Speech Synthesis

* 1984, DECtalk Voice: o
* The process involves several stages: E: )
1. Text Analysis
* Letter-to-sound conversion
* Phonetic and Prosodic Processing
2. Vocal Tract Modeling: "source-filter" model
* Sound Source:

a) A periodic pulse train for voiced sounds
(vowels, 'm’, 'z, etc.).

Source

b) White noise for unvoiced sounds (fricatives (
like 'S" 'fl’ 'Shl’ etc.). Excitation /\M\/\/\ LTI System
* Acoustic Filtering (Formants): The sound source Sy "emton Sl [ g SpesehiSigoal
Is passed through an all-pole filter that simulates oo _— St
the resonant frequencies (formants) of the 2 Nk
human vocal tract (throat, tongue, lips, nasal ?—;
cavity). g

Frequency (Hz)



Text-To-Speech Synthesis

e Source-Filter model:
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——— Speech

x(n) = h(n)*e(n)

x(n) = h(n)*e(n)
l Fourier transform

X(e?)=H(e’*)E(e’”)




Text-To-Speech Synthesis

 Source-Filter model:

Autoregressive (AR) model | Exponential (EX) model
M
K
H(z) = - H(z) = exp Z c(m)z™™
1— Z c(m)z™™ m=0
m=0

Estimate model parameters based on ML
c = argmax p(x | c)
C

e p(z | ¢): AR model — Linear predictive analysis

e p(xz | c): EX model — (ML-based) cepstral analysis




Text-To-Speech Synthesis

 Speech Vocoding
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Text-To-Speech Synthesis

* 1990, Concatenative speech

synthesis: S Whole speech unit database —

* Using large databases of
recorded speech units such
as phonemes, diphones, or
syllables that are stitched
together to create new
speech.
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Text-To-Speech Synthesis

1994, Statistical Parametric Speech Synthesis:

‘{ Front end HStatistical model Yaveform
generator

text Linguistic Speech waveform
specification features
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Text-To-Speech Synthesis

* Spectrogram
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Text-To-Speech Synthesis
* Spectrogram
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Text-To-Speech Synthesis

1994, Statistical Parametric Speech Synthesis:
* Hidden Markov Models (HMM)

* Over-smoothing
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Text-To-Speech Synthesis

1994, Statistical Parametric Speech Synthesis:
* Linguistic-to-acoustic mapping by decision trees

Acoustic space
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Text-To-Speech Synthesis
* Given sequence of linguistic labels, each label is mapped, via the decision tree(s) to
an HMM model and a corresponding duration.

* Each model in the sequence of models generates a number of speech parameters
equal to its duration.

* The speech parameters of the models are concatenated and then are used as input
to a vocoder to produce speech.
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Text-To-Speech Synthesis

e 2010, DNN-based:
* The sequencing or alignment task is solved using Hidden Semi-Markov Models.
* The prediction task is solved by the DNN.
* No decision tree is needed.
* All examples are used to train a single model.

Acoustic
features y

Linguistic
features x

Statistical model Waveform

Front end DNN generator




Text-To-Speech Synthesis

e 2016, WaveNet:

 WaveNet revolutionized SPSS by directly modelling the raw waveform of the
audio signal.

 WaveNet, uses one-dimensional causal convolutional neural networks to
represent P(x;|xq1, ..., X¢—1).



Text-To-Speech Synthesis

e 2016, WaveNet:
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Text-To-Speech Synthesis

« 2018, WaveRNN:

* To increase the efficiency of sampling without compromising their quality,
Kalchbrenner et al., proposed to substitute deep layers of dilated convolutions of
WaveNet with a single layer RNNs
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Text-To-Speech Synthesis

« 2017, Sequence-to-sequence modelling — Tacotron & Tacotron 2:

\
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Text-To-Speech Synthesis

« 2017, 2018, Sequence-to-sequence modelling — Tacotron & Tacotron 2:
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Text-To-Speech Synthesis

« 2017, 2018, Sequence-to-sequence modelling — Tacotron & Tacotron 2:
* |ssues with autoregressive acoustic models
* Slow inference speed for autoregressive generation.
* Synthesized speech is usually not robust, with words being skipped and

repeated.
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Text-To-Speech Synthesis

* 2020, FastSpeech 2:
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Text-To-Speech Synthesis

* FastSpeech 2

Mel-spectrogram — Duration
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Text-To-Speech Synthesis

* Length Regulator

* The number of mel-spectrograms that aligns to a phoneme is called phoneme
duration.

* The length regulator expands the hidden sequence of phonemes according to the
duration to match the length of a mel-spectrogram sequence.

Durations = [3,4, 2,5, 1]

Encoder output



Text-To-Speech Synthesis

* Discrete audio representation:
2021, SoundStream
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SoundStream Architecture

* Causal convolutions
* Double the number of feature maps every time we stride

 Symmetric encoder and decoder
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Text-To-Speech Synthesis

* Discrete audio representation:
e 2024, Mimi
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Residual Vector Quantization - Encode

* Example with two codebooks, each of 4 elements, and dimension 512
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Residual Vector Quantization - Decode

* Example with two codebooks, each of 4 elements, and dimension 512
* Decoding RVQs = [2,3]
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C
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Residual Vector Quantization

* More general example
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Residual Vector Quantization (RVQ)

Algorithm 1: Residual Vector Quantization

Input: y = enc(x) the output of the encoder, vector
quantizers (); for 2 = 1..IN,
Output: the quantized §
7 < 0.0
residual < y
for : =1 to N, do
7 += Q;(residual)
L residual —= Q;(residual)

return gy




Text-To-Speech Synthesis

e End-to-End TTS

‘{ Text-To-Speech P
text waveform

There was a
change now w




Text-To-Speech Synthesis

« 2023, audio tokens in speech synthesis:
* NaturalSpeech 2
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Text-To-Speech Synthesis

« 2023, audio tokens in speech synthesis:
e SoundStorm

0O O ® O O 0O e 0O ®) SoundStream tokens
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Text-To-Speech Synthesis

« 2023, audio tokens in speech synthesis:
 VALL-E & VALL-E 2
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Dialog Systems

Audio Audio
— . > LLM > :
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Full Duplex Dialog Systems

e 2024, Moshi
e 2025, SALM-Duplex
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LLM

* Encoder only
e Classification

* Decoder only
* Text generation,

e Encoder-Decoder
e Machine translation
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