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Rapid Progress in TTS Over the Last Few Years
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2016 2017 2018 2019 2020 2021 2022 2023

WaveNet

DeepVoice

Tacotron

Tacotron2

GST 
Tacotron

WaveGlow

FastSpeech

MelGAN

HiFiGAN

Wave-Tacotron

VITS

dGLSM

Natural Speech

2024

Predict spectrogram “image”
Partly-learned vocoder

Learn vocoder End-to-end audio output
(implicit internal representations)

Multi-modal LLM / audio 
token generation

BASE TTSFastSpeech2

TorToise

VALL-E

Bark

https://arxiv.org/abs/1609.03499
https://arxiv.org/pdf/1702.07825.pdf
https://arxiv.org/abs/1703.10135
https://arxiv.org/abs/1712.05884
https://arxiv.org/abs/1803.09017
https://arxiv.org/abs/1803.09017
https://arxiv.org/abs/1811.00002
https://arxiv.org/abs/1905.09263
https://arxiv.org/abs/1910.06711
https://arxiv.org/abs/2010.05646
https://arxiv.org/abs/2011.03568
https://arxiv.org/abs/2106.06103
https://arxiv.org/abs/2203.16502
https://arxiv.org/pdf/2205.04421.pdf
https://arxiv.org/pdf/2402.08093.pdf
https://arxiv.org/abs/2006.04558
https://arxiv.org/abs/2305.07243
https://arxiv.org/abs/2301.02111
https://github.com/suno-ai/bark?tab=readme-ov-file
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Outline: From spectrogram prediction + 
vocoding to audio token models
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● End-to-end differentiable text-to-wave models (VITS deep dive)

● Audio token models!
○ Creating tokens from audio
○ Leveraging transformer / LLM machinery for audio and audio+text token sequences
○ Interruptions and listening+thinking while speaking: Streaming token models
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Neural TTS paradigm: Increasingly text to waveform
Decreasing reliance on explicit intermediate representations
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Spectrogram 
Prediction

Waveform 
Synthesis“Hello”
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Final step of waveform synthesis: vocoding 
WaveNet model
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DeepMind Post

https://deepmind.com/blog/article/wavenet-generative-model-raw-audio
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GAN-based vocoders
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● Generative adversarial network (GAN)-based vocoders have good quality/latency trade offs

○ Simultaneously train two networks: a generator and a discriminator

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

○ Examples include: MelGAN, Parallel WaveGAN, HiFiGAN (figure of this model below)

https://arxiv.org/abs/1910.06711
https://arxiv.org/abs/1910.11480
https://arxiv.org/abs/2010.05646
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WaveGlow 
Architecture
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Prenger et al. 2018

● Directly maximising 
likelihood makes 
training more stable (no 
perceptual losses)

● One model to train

● Quality equal to 
WaveNet

● Synthesize audio in 
parallel

https://arxiv.org/abs/1811.00002
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WaveGlow Loss Function
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Prenger et al. 2018

Fit z to a unit Gaussian 
Distribution

Change of variables from 
coupling

Ensure 1x1 conv kernels 
remain invertible

https://arxiv.org/abs/1811.00002
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Text to waveform with an end-to-end 
differentiable model: VITS
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VITS

10

● Glow-TTS style flow model with monotonic alignment search

● Reference encoder with variational auto-encoder (VAE) latent space

● Flow model to produce varied duration modeling

● HifiGAN inspired waveform decoder

● Fully end to end training

Kim et al. 2021

https://arxiv.org/pdf/2106.06103.pdf
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Motivation: End-to-end + learning text/audio alignment
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Parallel TTS systems are two-staged: (1) first 
learn to generate spectrograms, and then (2) 
generate waveforms. 

Created to generate waveforms with end-to-end 
gradients to optimize the system jointly. 

No explicit supervision of intermediate 
representations
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VITS
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Kim et al. 2021

Training Inference

https://arxiv.org/pdf/2106.06103.pdf
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VITS: Model
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In the VITS context

x = waveform

xmel = mel spectrogram

z = high dimensional vector

Take the ELBO one term at a time.

1 Reconstruction loss, or Eq(z|x)[ log p(x|z) ]  

1. Fix an audio sample x from dataset. Compute xmel from x. 

2. Sample z’~qφ(z|x). Sample x’~pθ(x|z’). Compute x’mel from x’.

3. Compute ||xmel - x’mel||1. This is proportional to Eq(z|x)[ log p(x|z) 
]. 
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VITS: Model
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In the VITS context

x = waveform

xmel = mel spectrogram

z = high dimensional vector

c = { ctext, A }

ctext = phonemes from text

A = alignment matrix 
(shape: |ctext| x |z|)

Take the ELBO one term at a time.

1 Reconstruction loss, or Eq(z|x)[ log p(x|z) ]  

1. Fix an audio sample x from dataset. Compute xmel from x 

2. Sample z’~qφ(z|x). Sample x’~pθ(x|z’). Compute x’mel from x’

3. Compute ||xmel - x’mel||1. This is proportional to Eq(z|x)[ log pθ(x|z) ] 

2 KL divergence, or Eq(z|x)[ log  qφ(z|x) - log pθ(z|c) ]

1. Fix an audio sample x from dataset. Fetch context c for x. 

2. Sample z’~qφ(z|x) 

3. Evaluate log qφ(z|x) and log pθ(z|ctext, A)
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VITS: Model
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The VITS graphical model:

x = waveform

xmel = mel spectrogram

z = high dimensional vector

c = { ctext, A }

ctext = phonemes from text

A = alignment matrix 
(shape: |ctext| x |z|)

Take the ELBO one term at a time.

1 Reconstruction loss, or Eq(z|x)[ log p(x|z) ]  

1. Fix an audio sample x from dataset. Compute xmel from x 

2. Sample z’~qφ(z|x). Sample x’~pθ(x|z’). Compute x’mel from x’

3. Compute ||xmel - x’mel||1. This is proportional to Eq(z|x)[ log pθ(x|z) ] 

2 KL divergence, or Eq(z|x)[ log  qφ(z|x) - log pθ(z|c) ]

1. Fix an audio sample x from dataset. Fetch context c for x. 

2. Sample z’~qφ(z|x). (Use same sample as in Step 1). 

3. Evaluate log qφ(z|x) and log pθ(z|ctext, A)

3 Add the two. 
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VITS: Adversarial 
training
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● Let the decoder pθ(x|z) be the generator G. 

● Introduce a discriminator D. 

● Optimize a variation of the GAN objective

x = waveform, z = latent 

Ladv = E(x,z) [ (Dφ(x)-1)2 + (D(G(z)))2 ] + Ez [ (D(G(z))-1)2 ]

● Add an additional feature matching loss

 Lfm= E(y,z)[ suml 1/Nl || D
l(x) - Dl(G(z)) ||1  ]

T = # of layers in discriminator
Dl = feature map of l-th layer with Nl features
This is like a reconstruction loss for intermediate layers

Visualization of feature matching
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VITS: Alignment
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In the VITS model, we assume 
access to an alignment matrix 
A (shape: |ctext| x |z|).

How do we get this?

Alignment is between input text and target speech audio. We 
want to find the best matrix A such that we

maxA ELBO = maxA log pθ(xmel|z) + log p(z|ctext, A) - log q(z|x)

                    = maxA log pθ(z|ctext, A)

                    = log N(fθ(x) | μθ(ctext, A), σθ(ctext, A))

This is a search problem over all possible alignments. We don’t 
have any labels for this so it’s generally hard,

● To make this problem simpler, limit candidate alignments 
to be monotonic and non-skipping. 

○ ^This trick often helps in TTS

● This makes it possible to do dynamic programming to 
find the best alignment. 
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VITS: Duration 
Prediction
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Use alignment to compute 
duration prediction. 

Add some randomness to 
make it sound realistic.

Simple approach

Given an alignment A, duration for the i-th token di = sumj Aij. 
Can compute all durations summing across columns in A. 

But, this doesn’t capture variability of speaking rates. For more 
realistic rhythm, VITS adds a model to introduce stochasticity. 

VITS approach

Generative model to output duration d~pθ(d|ctext) from the input 
text. Use variational dequantization since d is discrete.
Optimize a lower bound on log pθ(d|ctext)

flow++

https://proceedings.mlr.press/v97/ho19a/ho19a.pdf
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VITS: Objective
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VITS objective= (1) VAE reconstruction loss + 
  (2) VAE KL divergence + 

(3) Duration prediction loss + 
(4) Adversarial loss + 
(5) Feature matching loss 

VITS Architectures
● WaveNet residual blocks for encoder qφ(z|x)
● ctext is ingested using a hidden layer from a  transformer
● normalizing flow fθ is a stack of affine coupling layers 

where the Jacobian determinant is 1.
● Decoder pθ(x|z) is a HiFi-GAN. The discriminator is also 

the one used in HiFi-GAN.
● The duration predictor is a network of stacked residual 

blocks and convolutional layers.
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VITS: Summary
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● Combines the best features of flows, VAEs and GANs: End-to-end training, controllable prosody through 
VAE, Fast parallel inference (67 real-time-factor on 1 Nvidia V100)

● Training data setup and quality evaluations:
No alignments required! Training data does not require supervision labels are often ambiguous/errors
Very high MOS ratings

● VITS2 improved some components. Other models of this style too. Example, NaturalSpeech:

○ Similar structure to VITS with prior/posterior flow model. Adds phoneme pre-training, differential duration 
modeling and a memory VAE

○ Matches MOS of human speaker on LJSpeech dataset Samples

https://speechresearch.github.io/naturalspeech/


21

CS 224S / LINGUIST 285
Spoken Language Processing

Lecture 6: 
Advanced Deep Learning for Synthesis

Beyond VITS, XTTS: Using GPT on audio tokens for TTS
XTTS casts the audio synthesis problem as a language 
modeling task

● Discretize the audio (via VQ-VAE)
● GPT-style model predicts the next audio token 

conditioned on text and speaker embeddings.
● Conditioning on text and speaker embeddings 

allows the model to extend to multi-speaker, 
multi-lingual and voice cloning applications

21

(Casanova et al, 2024)

https://arxiv.org/abs/2406.04904
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Outline: From spectrogram prediction + 
vocoding to audio token models

22

● End-to-end differentiable text-to-wave models (VITS deep dive)

● Audio token models!
○ Creating tokens from audio
○ Leveraging transformer / LLM machinery for audio and audio+text token sequences
○ Interruptions and listening+thinking while speaking: Streaming token models
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Generative spoken language modeling (in 2022)

23

Nguyen et al 2022

https://arxiv.org/pdf/2203.16502.pdf
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Generative spoken language modeling (in 2022)
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Nguyen et al 2022

https://arxiv.org/pdf/2203.16502.pdf
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Convert audio to tokens & use LLM-inspired 
token models

25
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From waves to discrete tokens: How to tokenize audio?

Demonstration of BPE Tokenization from Zhou et. al, 2023

26

https://arxiv.org/abs/2306.15006
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SpeechTokenizer: Unifying semantic and acoustic 
representations

Zhang et. al, 2024.

27

Auto-regressive (AR) and non-auto-regressive (NAR) layers 
extract different information. Use both for 

https://arxiv.org/abs/2308.16692
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SpeechTokenizer: Architecture uses GAN + tokenization ideas 
from earlier work

Zhang et. al, 2024.

28

● Residual blocks modify 
the encoder inputs in 
multiple steps

● Vector quantization 
encourages stable 
representations

● GAN-style adversarial 
loss for error signal

https://arxiv.org/abs/2308.16692
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SpeechTokenizer: Evaluation by measuring downstream model

Zhang et. al, 2024.
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https://arxiv.org/abs/2308.16692
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LLM-inspired token sequence models

30
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AudioLM: Multiple types of tokenization acoustic+semantic

31

(Borsos et al, 2022)
Similar model: Suno’s Bark. https://github.com/suno-ai/bark

https://arxiv.org/abs/2209.03143
https://github.com/suno-ai/bark
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AudioLM: Hierarchical next-token prediction

32

(Borsos et al, 2022)
Similar model: Suno’s Bark. https://github.com/suno-ai/bark

1

2

3

https://arxiv.org/abs/2209.03143
https://github.com/suno-ai/bark
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AudioLM: Token sequence modeling with acoustic+semantic
● Tokenizers create more acoustic vs semantic information in vectors. LM predicts next tokens
● Generating audio inverts tokens, controlling output uses conditional input (text or audio possible)

33

Sample audio. (Borsos et al, 2022)
Similar model: Suno’s Bark. https://github.com/suno-ai/bark

https://google-research.github.io/seanet/audiolm/examples/
https://arxiv.org/abs/2209.03143
https://github.com/suno-ai/bark
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The dawn of “audio-semantic token processing machines”
Streaming token models naturally extend to listening + 
thinking + speaking (with interruption support)

34
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Interleaving text and speech tokens: CozyVoice2

Du et. al, 2024

35

https://arxiv.org/abs/2412.10117
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Model design choice: Interleaving text and speech tokens in 
CozyVoice2

Du et. al, 2024

36

https://arxiv.org/abs/2412.10117
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Evaluating CozyVoice2: MOS not enough. Check for output 
word errors using ASR and speaker input/output similarity

Du et. al, 2024

37

https://arxiv.org/abs/2412.10117
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Conversational speech-to-speech models: Moshi

Défossez et. al, 2024

38

https://arxiv.org/abs/2410.00037
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Neural audio codec (Mimi): Learning semantic and acoustic 
representations

Défossez et. al, 2024

39

https://arxiv.org/abs/2410.00037
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Streaming token models naturally extend to 
listening+speaking and interruption

40
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Residual quantized (RQ)-Transformer: Create context vector 
z for fine-grain generation by depth transformer

41

V: Learned embeddings
z: context vector for depth transform
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Conversational speech-to-speech models: Moshi

Défossez et. al, 2024 Demo on https://moshi.chat

42

https://arxiv.org/abs/2410.00037
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Questions?
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A variational autoencoder is a latent variable model of the form
pθ(x,z) = pθ(x|z)p(z) 

where x is our observed data (phoneme audio), and z is a high 
dimensional  latent variable. Pick θ to maximize log pθ(x) , called 
“evidence”.

This is hard but we can derive a lower bound. We introduce a 
inference network qφ(z|x), mapping x to a Gaussian. Then:

log pθ(x) = log ∫z pθ(x,z) dz = log ∫z pθ(x|z)p(z) dz  
                = log ∫z pθ(x|z)p(z) qφ(z|x) / qφ(z|x) dz  
                = log Eq(z|x)[ pθ(x|z)p(z) / qφ(z|x) ] 
                ≥ Eq(z|x)[ log p(x | z) + log p(z) - log qφ(z|x) ]       (Jensen’s Inequality)

                      = Eq(z|x)[ log p(x | z) ] - KL[ qφ(z|x), p(z) ]
  

This is called the “evidence lower bound” or ELBO. We want to 
maximize it w.r.t parameters θ and φ. qφ(z|x) and  pθ(x,z) are 
parameterized by neural networks.
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We want to condition the 
latent variable on another 
variable c

46

Background: 
CVAEs

A conditional variational autoencoder looks similar but with an 
additional variable: 

where pθ(x|z,c) = pθ(x|z). In this case, the ELBO becomes:

log pθ(x|c) ≥ Eq(z|x)[ log p(x|z) ] - KL[ qφ(z|x), p(z|c) ]

Again, we want to maximize it w.r.t parameters θ and φ. qφ(z|x) and  
pθ(x|z) are neural networks.

We may sometimes parameterize pθ(z|c) as a third neural network. 

pθ(x,z|c) = pθ(x|z)p(z|c) 
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Background:
Invertible Flows
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A method to build a 
complex distribution from a 
simple one using invertible 
functions. 

Define an invertible function f. Assume a simple distribution p(z). 
Given a sample z~p(z). Now, compute z’= f(z). 

Normalizing flows guarantee that distribution 

log p(z’) = log p(z) - log | det ∂f/∂z |

In other words, there’s a closed form expression for the resulting 
distribution! You can then stack multiple flows together.

If zK = fK … f1(z0) and z0~p(z0). Then

log pK(zK) = log q0(z0) - sumk ( log | det ∂fk/∂zk-1 | )

We often parameterize the function fθ with a neural network.

Example of image flow samples
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Start with a simple distribution p0(z|c) as a Gaussian distribution 

where the mean/stdev are outputs from a neural network. If we 
want a more expressive distribution, we can define an invertible 
mapping fθ where fθ(z) ~ pθ(z|c). Then, by rules of normalizing flows

pθ(fθ(z)|c) = p0(z|c) | det ∂fθ(z)/∂z |

VITS: Priors

48

In VITS, the prior pθ(z|c) is 
parameterized to be more 
expressive. This is done 
using normalizing flows.

N(μθ(c), σ(c))

Using a strong prior turns out to be important for sample quality.
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Background:
GANs

49

In image generation, 
adversarial losses typically 
improve sample quality. 

Define a discriminator D and a generator G as two neural networks. 
The generator maps a latent variable z to a waveform x. The 
discriminator classifies an input x as real or generated.

The loss function is:

minθ maxφ Ex [ log Dφ(x) ] + Ez [ log(1 - D(Gθ(z))) ]

This is a minimax game. 

● A perfect discriminator would separate generated examples 
from real ones in the dataset.

● A perfect generator would produce samples indistinguishable 
by the discriminator.

Over time, both push each other to be better. You end up with a 
powerful generator. 

Example of image GAN samples


