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Introduction
• In September 2016, DeepMind presented WaveNet. 

• Wavenet is an ARM with dilated, causal, 1d convolutions. 

• Wavenet out-performed the best TTS systems (parametric and concatenative) in Mean 
Opinion Scores (MOS). 

• Before wavenet, all Statistical Parametric Speech Synthesis (SPSS) methods modelled 
parameters of speech, such as cepstra, F0, etc.  

• WaveNet revolutionized our approach to SPSS by directly modelling the raw waveform 
of the audio signal. 

• DeepMind published a paper about WaveNet, but it did not reveal all the details of the 
network. 

• Here an implementation of WaveNet is presented, which fills some of the missing 
details.



Probability of speech segments
• Let  denote the set of all possible sequences of length  over . 

• Let  be a probability distribution which achieves higher values for speech 
sequences than for other sequences. 

• Knowledge of the distribution , allow us to test whether a sequence  
is speech or not. 

• Also, using random sampling methods, it allows us to generate sequences that with high 
probability look like speech.    

• The estimation of  is easy for very small values of  (e.g., ).

Ω𝑇 𝑇 {0,1, …, 𝑑 − 1}

𝑃 :Ω𝑇 → [0,1]

𝑃 :Ω𝑇 → [0,1] 𝑥1𝑥2⋯𝑥𝑇

𝑃 𝑇 𝑇 = 1,2

Estimation of  
Green: Random samples 

Blue: Speech samples. Value 0 
corresponds to silence

𝑃 (𝑥1) Different views of , which was estimated from 
speech samples from the arctic database. 

𝑃(𝑥1𝑥2)



Probability of speech segments
• The estimation of  for very small values of  is easy but it is not very useful since the interdependence of 

speech samples, whose time indices differ more than ,  is ignored. 

• In order to be useful for practical applications, the distribution  should be estimated for large values of  

• However, the estimation of  becomes very challenging as  grows, due to sparsity of data and to the 
extremely low values of . 

• In order to robustly estimate , we take the following actions. 

1. The dynamic range of speech is reduced within the interval [-1,1] and then the speech is quantized into a 
number of bins (usually ). 

2. Based on the factorization , we calculate the conditional probabilities 

 instead of . 

• The conditional probability   is numerically more manageable 

than .

𝑃 𝑇
𝑇

𝑃 𝑇 .

𝑃 𝑇
𝑃

𝑃

𝑑 = 256

𝑃(𝑥1, …, 𝑥𝑡) =
𝑇

∏
𝑡=1

𝑃 (𝑥𝑡 |𝑥1, …, 𝑥𝑡−1)

𝑃(𝑥𝑡 𝑥1, …, 𝑥𝑡−1) 𝑃(𝑥1, …, 𝑥𝑡)
𝑃(𝑥𝑡 𝑥1, …, 𝑥𝑡−1) =

𝑃(𝑥1, …, 𝑥𝑡)
𝑃(𝑥1, …, 𝑥𝑡−1)

𝑃(𝑥1, …, 𝑥𝑡)



Dynamic range compression and Quantization
• Raw audio, , is first transformed into , where , for 

 using an μ-law transformation 

     where  

• Τhen  is quantized into 256 values. 

•  Finally,  is encoded to one-hot vectors. 

• Toy example:

𝑦1…𝑦𝑡…𝑦𝑇 𝑥1…𝑥𝑡…𝑥𝑇 −1 < 𝑥𝑡 < 1
𝑡 ∈ {1,…, 𝑇}

𝑥𝑡 = 𝑠𝑖𝑔𝑛(𝑦𝑡)
ln(1 + 𝜇 𝑦𝑡 )

ln(1 + 𝜇)
                          

𝜇 = 255
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−2.2,   − 1.43,   − 0.77,   − 1.13,   − 0.58,   − 0.43,   − 0.67 , …−0.7,   − 0.3,  0.2,   − 0.1,  0.4,  0.6,  0.3
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0, 1, 2, 1, 2, 3, 2, …
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into 4 bins
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…

bin 0

bin 1

bin 2

bin 3

one-hot vectors

Input to WaveNet



The conditional probability

• The conditional probability   is modelled with a categorical 
distribution where  falls into one of a number of bins (usually 256).  

• The tabular representation of  is infeasible, since it requires space 
proportional to . 

• Instead, function approximation of  is used. 

• Well known function approximators are the neural networks. 

• The recurrent and the convolutional neural networks model the interdependence of 
the samples in a sequence and are ideal candidates to represent . 

• The recurrent neural networks usually work better than the convolutional neural 
networks but their computation cannot be parallelized across time. 

• WaveNet, uses one-dimensional causal convolutional neural networks to represent 
.   

𝑃(𝑥𝑡 𝑥1, …,  𝑥𝑡−1)
𝑥𝑡

𝑃(𝑥𝑡 𝑥1, …,  𝑥𝑡−1)
256𝑡

𝑃

𝑃(𝑥𝑡 𝑥1, …,  𝑥𝑡−1)

𝑃(𝑥𝑡 𝑥1, …,  𝑥𝑡−1)



WaveNet architecture – 1×1 Convolutions
• 1×1 convolutions are used to change the number of channels. They do not operate in 

time dimension. 

• They can be written as matrix multiplications. 

• Example of a 1×1 convolution with 4 input channels, and 3 output channels
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Causal convolutions
• Example of a convolution 

• Many machine learning libraries avoid the filter flipping. 

• For simplicity, we will also avoid the filter flipping. 

• Causal convolutions do not consider future samples. Therefore all values of the filter 
kernel that correspond to future samples are zero. 

• Filters of width 2 are causal

1 2 0 3 2 0 1

Input signal Filter
4 2 1 1 2 4

Filter flipped

1 2 4

5 14 14 7 6

Width = 31 2 41 2 41 2 41 2 4

4 2 0

Filter of a causal convolution

4 2

past present



Dilated convolutions
• Example of a dilated convolution, with dilation=2 

• Equivalent filter of a dilated convolution, with dilation=4 

• Dilated convolutions have longer receptive fields. 

• Efficient implementations of dilated convolutions do not consider the equivalent filter 
with the filled zeros.

1 2 0 3 2 0 1

Input signal Filter
4 2 1

Equivalent filter

6 14 5

Width = 3
0 2 04 1

0 2 04 10 2 04 10 2 04 1

Filter
4 2 1

Equivalent filter

Width = 3
0 2 00 0 0 104

Width = 5

Width = 9 = (Filter_width-1)*dilation + 1



Causal convolutions - Matrix multiplications
• Example of a causal convolution of width 2, 4 input channels, and 3 output channels
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Causal convolutions - Embedding
• Example of a causal convolution of width 2, 4 input channels, and 3 output channels
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Dilated convolutions – Matrix Multiplications
• Example of a causal dilated convolution of width 2, dilation 2, 4 input channels, and 3 

output channels. Dilation is applied in time dimension

1

0

0

0

0

1

0

0

0

0

1

0

0

1

0

0

0

0

1

0

0

0

0

1

0

0

1

0

…

In
pu

t c
ha

nn
el

s

Width - time

Input signal
1

3

4

5

2

1

6

1

8

3

1

2

7

0

4

9

Filters

In
pu

t c
ha

nn
el

s

Width Width

0

4

2

1

1

9

1

0

Width

Output channels

1 3 4 5

8 3 1 2

0 4 2 1

1

0

0

0

0

1

0

0

0

0

1

0

0

1

0

0

0

0

1

0

∙ + 2 1 6 1

7 0 4 9

1 9 1 0

∙ =
0

0

1

0

0

1

0

0

0

0

1

0

0

0

0

1

0

0

1

0

7

12

1

4

3

13

10

5

3

4

12

4

10

5

3

O
ut

pu
t c

ha
nn

el
s

Width - time

𝑜𝑢𝑡[𝑐𝑜𝑢𝑡, 𝑡] =
3

∑
𝑐𝑖𝑛=0

1

∑
𝜏=0

𝑖𝑛[𝑐𝑖𝑛, 𝑡 + 𝑑 ∙ 𝜏] ∙ 𝑓𝑖𝑙𝑡𝑒𝑟[𝑐𝑜𝑢𝑡, 𝑐𝑖𝑛, 𝜏]

Output signal
𝒅 = 𝟐dilation



Dilated convolutions – Matrix Multiplications
• Example of a causal dilated convolution of width 2, dilation 4, 4 input channels, and 3 

output channels. Dilation is applied in time dimension
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WaveNet architecture – Dilated convolutions
• WaveNet models the conditional probability distribution  with a stack of dilated 

causal convolutions.
𝑝(𝑥𝑡 𝑥1, …, 𝑥𝑡−1)

Visualization of a stack of dilated causal convolutional layers

Input

Hidden layer 

Hidden layer 

Hidden layer 

Output 

dilation = 8

dilation = 4

dilation = 2

dilation = 1

• Stacked dilated convolutions enable very large receptive fields with just a few layers. 
• The receptive field of the above example is (8+4+2+1) + 1 = 16 

• In WaveNet, the dilation is doubled for every layer up to a certain point and then 
repeated: 1, 2, 4, ..., 512, 1, 2, 4, ..., 512, 1, 2, 4, ..., 512, 1, 2, 4, …, 512, 1, 2, 4, …, 512



WaveNet architecture – Dilated convolutions

d=8

d=2

d=4

d=1

d=8

d=2

d=4

d=1

• Example with dilations 1,2,4,8,1,2,4,8



WaveNet architecture – Residual connections
• In order to train a WaveNet with more than 30 

layers, residual connections are used. 

• Residual networks were developed by researchers 
from Microsoft Research. 

• They reformulated the mapping function,           
, between layers from  to 

.  

• The residual networks have identity mappings, , as 
skip connections and inter-block activations . 

• Benefits 

• The residual  can be more easily learned 
by the optimization algorithms. 

• The forward and backward signals can be 
directly propagated from one block to any 
other block. 

• The vanishing gradient problem is not a 
concern.

𝑥 → 𝑓(𝑥) 𝑓(𝑥) = ℱ(𝑥)
𝑓(𝑥) = 𝑥 + ℱ(𝑥)

𝑥
ℱ(𝑥)

ℱ(𝑥)

Weight layer

Weight layer 

+

𝑥

identity𝑥 ℱ(𝑥)

𝑥 + ℱ(𝑥)

Weight layer

Weight layer

+

identity
𝑥 + ℱ(𝑥) 𝒢(𝑥 + ℱ(𝑥))

+𝑥 + ℱ(𝑥) 𝒢(𝑥 + ℱ(𝑥))



WaveNet architecture – Experts & Gates
• WaveNet uses gated networks. 

• For each output channel an expert is defined.  
• Experts may specialize in different parts of the input space   

• The contribution of each expert is controlled by a corresponding gate network.  

• The components of the output vector are mixed in higher layers, creating mixture of 
experts. 

Dilated 
convolution

Dilated 
convolution

tanh σ

×

ga
te

ex
pe

rt



WaveNet architecture – Output
• WaveNet assigns to an input vector  a probability distribution using the softmax function. 

           ,     

• Example with receptive field = 3 

     Speech:    

     Input:       

     Output:                      

     target:                         

      where ,  ,  ….  

    

𝑥𝑡

h(𝑧)𝑗 =
𝑒𝑧𝑗

∑256
𝑐=1 𝑒𝑧𝑐

𝑗 = 1, …,  256

𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥7, 𝑥8, 𝑥9, 𝑥10

𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥7, 𝑥8, 𝑥9

𝑝4, 𝑝5, 𝑝6, 𝑝7, 𝑝8, 𝑝9, 𝑝10

𝑥4, 𝑥5, 𝑥6, 𝑥7, 𝑥8, 𝑥9, 𝑥10

𝑝4 = 𝑃(𝑥4 𝑥1, 𝑥2,  𝑥3) 𝑝5 = 𝑃(𝑥5 𝑥2, 𝑥3,  𝑥4)

.
6.
2.
1.
1

.
2.
5.
2.
1

.
1.
1.
7.
1

.
1.
6.
2.
1

0
.
1.
1.
8

WaveNet output:  
probabilities from softmax
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WaveNet architecture – Loss function

• Example with receptive field = 3 and filter width = 2 and  speech samples 

     Speech:    

     Input:                 # drop the last sample  

     Output:                       # After shift right “filter_width”-1 samples 

     target:                         # crop the first “receptive_field” samples  

      where ,  ,  …. 

• During training the estimation of the probability distribution  

     is compared with the one-hot encoding of . 

• The difference between these two probability distributions is measured with the mean 
(across time) cross entropy:

 

𝑇 = 10

𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥7, 𝑥8, 𝑥9, 𝑥10

𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6, 𝑥7, 𝑥8, 𝑥9

𝑝4, 𝑝5, 𝑝6, 𝑝7, 𝑝8, 𝑝9, 𝑝10

𝑥4, 𝑥5, 𝑥6, 𝑥7, 𝑥8, 𝑥9, 𝑥10

𝑝4 = 𝑃(𝑥4 𝑥1, 𝑥2,  𝑥3) 𝑝5 = 𝑃(𝑥5 𝑥2, 𝑥3,  𝑥4)

𝑝𝑡 = 𝑃(𝑥𝑡 𝑥𝑡−1, …,  𝑥𝑡−𝑅)
𝑥𝑡

𝐻(𝑥4, …, 𝑥𝑇 ,  𝑝4, …, 𝑝𝑇) = −
1

𝑇 − 3

𝑇

∑
𝑡=4

𝑥⊺
𝑡 ∙ log(𝑝𝑡) = −

1
𝑇 − 3

𝑇

∑
𝑡=4

256

∑
𝑐=1

𝑥𝑡(𝑐)log(𝑝𝑡(𝑐))



WaveNet – Audio generation
• After training, the network is sampled to generate synthetic utterances. 

• At each step during sampling a value is drawn from the probability distribution computed 
by the network.  

• This value is then fed back into the input and a new prediction for the next step is made.  

• Example with receptive field 3 and 4 quantization channels 

     Input:       

     Output:                     

     sample:                     

     Input:             

     Output:                           

     sample:                          

𝑥1, 𝑥2, 𝑥3

𝑝4 = 𝑊𝑎𝑣𝑒𝑛𝑒𝑡(𝑥1, 𝑥2,  𝑥3) =

0 . 2
0.3
0 . 4
0.1

𝑥4 = 1

𝑥2, 𝑥3, 𝑥4

𝑝5 = 𝑊𝑎𝑣𝑒𝑛𝑒𝑡(𝑥2, 𝑥3,  𝑥4) =

0 . 7
0.1
0 . 1
0.1

𝑥5 = 0

Probability distribution 
over the symbols 0,1,2,3



WaveNet – Audio generation
• Sampling methods 

• Direct sampling: Sample randomly from  
• Temperature sampling: Sample randomly from a distribution adjusted by a 

temperature ,  , where  is a normalizing constant. 

• Mode: Take the most likely sample,  

• Mean: Take the mean of the distribution,  

• Top k: Sample from an adjusted distribution that only permits the top k samples 

• The generated samples, ,  are scaled back to speech with the inverse μ-law transformation.

𝑃 (𝑥)

𝜃 ~𝑃𝜃(𝑥) =
1
𝑍

𝑃 (𝑥)1/𝜃 𝑍

argmax
𝑥

𝑃 (𝑥)

𝐸𝑝[𝑥]

𝑥𝑡

𝑢 = 2
𝑥
𝜇

− 1

speech =
𝑠𝑖𝑔𝑛(𝑢)

𝜇 ((1 + 𝜇)𝑢 − 1)

Convert from   to 𝑥 ∈ {0,1, 2,…,  255} 𝑢 ∈ [−1,1]

Inverse μ-law transform



Fast WaveNet – Audio generation
• A naïve implementation of WaveNet generation requires time , where  is the 

number of layers. 

• Recently, Tom Le Paine et al. have published their code for fast generation of sequences 
from trained WaveNets. 

• Their algorithm uses queues to avoid redundant calculations of convolutions. 

• This implementation requires time .

𝑂(2𝐿) 𝐿

𝑂(𝐿)

Fast



Basic WaveNet architecture
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WaveNet architecture – Global conditioning
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WaveNet architecture – Global conditioning
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WaveNet architecture – Local conditioning

Res. block

Res. block

Res. block

Res. block

Res. block

𝑝(𝑥𝑡 |𝑥𝑡−𝑅, …, 𝑥𝑡−1, h𝑡)

Res. block

𝑥𝑡−1𝑥𝑡−2𝑥𝑡−3𝑥𝑡−4

𝑊5

𝑊4

𝑊3

𝑊2

𝑊1

h𝑡

Linguistic 
features

U
ps

am
pl

in
g



WaveNet architecture – Local conditioning
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WaveNet architecture – Local conditioning
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WaveNet architecture – Local and global conditioning
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WaveNet architecture for TTS
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WaveNet architecture -Improvements
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WaveNet architecture - Improvements
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WaveNet architecture - Improvements
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WaveNet architecture - Improvements
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WaveNet architecture - Improvements
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WaveNet architecture -Improvements
➢ In order to increase the receptive field of WaveNet, we may use filter width 3 instead of 2 

in dilated causal convolutions.

Signal

Filter of 
width 2 
and 
dilation 2

Signal

Filter of 
width 3 
and 
dilation 2



WaveNet architecture -Improvements
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WaveNet architecture -Improvements
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WaveNet architecture -Improvements

𝑝(𝑥𝑡 |𝑥𝑡−𝑅, …, 𝑥𝑡−1)

ReLU

ReLU

Softm
ax

1X1

1X1

Post-processing in the original WaveNet 8-bit quantization

ReLU

ReLU

1X1

1X1

Post-processing in 16bit WaveNet (high fidelity WaveNet) 16-bit quantization

Parameters of mixture of logistics

➢ The original WaveNet maximizes the cross-entropy between the desired distribution 
and the network prediction  

➢
The 16bit WaveNet maximizes the log-likelihood 

[0,…, 0,1, 0,…, 0]  𝑝(𝑥𝑡 |𝑥𝑡−𝑅, …, 𝑥𝑡−1) = [𝑦1, 𝑦2, …, 𝑦256]
1

𝑇 − 𝑅

𝑇

∑
𝑛=𝑅+1

log𝑝(𝑥𝑡 |𝜋, 𝜇, 𝑠)



Generated audio samples for the original WaveNet
• Basic WaveNet Model trained with the cmu_us_slt_arctic-0.95-release.zip database 

(~40 min, 16000 Hz) 

• WaveNet model with local conditioning TTS linguistic labels, trained with an American 
English female speaker database (~5 hours, 16000 Hz).

Front end Statistical model
Waveform 
generator

text waveform
WaveNet used as a 

statistical model and 
as a vocoder



 WaveNet sometimes produces type I and type II artifacts (Wu et al., Collapsed speech segment detection 
and suppression for WaveNet vocoder, 2018.). 

 Type II artifacts are common in the original WaveNet, but very rare in the 16-bit WaveNet. 

 They are caused by the sampling during synthesis. 

 Type I artifacts are rare in the original WaveNet but occur sometimes in the 16-bit WaveNet 

 They are instabilities which can be detected even at training time, by plotting the parameters of the 
predicted distribution .  

 During synthesis they are triggered by mis-aligned or by unseen labels or even by silence segments.

𝑝(𝑥𝑡 |𝑥<𝑡, 𝑙𝑡)

WaveNet – Known Problems

Type II artifats

Type I artifats



The source of type I artifacts

• The type I artifacts is a characteristic of a trained model which predicts out of range 
values for the mean and scale of the output distribution.  

• They are not caused by the sampling algorithm.  

• They are instabilities of the model which are related with, 
1. the form of the loss function in combination with  
2. audio segments with small variations around the mean trajectory, where the mean 

trajectory is computed across the whole database. 
3. In silence segments, a WaveNet model learns mean , and standard deviation 

.    
𝝁 ≅ 𝟎

𝟎 < 𝝈 ≈ 𝟎



Cross-entropy loss vs negative log-likelihood loss 

• We will compare the stability of the two loss functions using the LJ Speech Dataset 1.1, created by Keith 
Ito. 

• This dataset contains audio clippings and long silence segments between words. 

• The network architecture is similar in both tests. Only the output layers and the losses differ.  
a) The output layer is a 256 softmax and the loss is cross-entropy  
b) The ouput layer predicts the two parameters  and  of a Gaussian distribution with loss the negative log-likelihood𝜎 𝜇



Cross-entropy loss vs negative log-likelihood loss 

• The following images show the utterance LJ001-0001 synthesized by a model trained with cross-entropy 
and a model trained with negative log-likelihood.

Figure a): Cross-entropy Figure b): negative log-likelihood



Heuristic solutions to avoid type I artifacts
1. Using bigger and cleaner databases 

• This is the classic machine learning approach, which, as expected, it also reduces the type I artifacts. 
• However, depending on the application, having a bigger or a cleaner database is not always feasible.  

2. Reduce the silence regions 
• All publicly available implementations of WaveNet remove the silence regions at the beginning and at 

the end of each utterance. And this simple mechanism greatly improves their stability. 
• However, not all silence regions can be removed (e.g., the silence regions between words). 

3. Adding small noise to the data 
• This is effective to avoid type I artifacts in WaveNet, but the noise during training affects the quality of 

the synthesized speech.  
• Also, this technique does not significantly helps with Parallel WaveNet. 

4. Using dropout 
• Dropout helps the convergence of a model, especially when the training database is small or has 

noise. 
• Dropout, is absolutely necessary in speech recognition. 
• However, dropout may slightly affect the quality of the synthesized speech. 
• Also, dropout reduces but it does not completely eliminate the type I artifacts.



Heuristic solutions to avoid type I artifacts
5. Clipping the gradients (e.g., tf.clip_by_value(gradient, min_value, max_value) ). 

• This mechanism does not help significantly when there are outliers with extremely large values (e.g., 
). 

• Due to memory and time constraints, the gradient clipping is applied 
after the averaging across time (tf.reduce_mean(loss)). 

• For example, in Figure a) a few outliers affect the mean loss of Wavenet.  
6. Clipping the values of the outliers in the loss function (e.g. loss = tf.maximum(loss, max_loss_value)). This 

is shown in Figure b) .  Then average the loss across time (tf.reduce_mean(loss)). 
• The influence of the outliers is reduced and kept under control.

log𝑙𝑜𝑠𝑠𝑡 = 1012

Figure a) Figure b)

log𝑙𝑜𝑠𝑠



Heuristic solutions to avoid type I artifacts
7. Clipping the variance parameter predicted from the network to values above a threshold (e.g., log_scale = 

tf.maximum(log_scale, log_scale_min). 
• This mechanism is used in all publicly available implementations of WaveNet and it works. 
• However, it does not prevent the network to keep producing very small variance parameters, since no 

feedback signal that is propagated back to the network. 
• Unfortunately, very small variances are also associated with out of range mean values.  

8. Adding a term to the loss function that penalizes the small variances.  

9. Using weight normalization (Tim Salimans, Diederik P. Kingma, Weight Normalization: A Simple 
Reparameterization to Accelerate Training of Deep Neural Networks, 2016). 

10. Use large batch_size.



Heuristic solutions to avoid type I artifacts

  Example from the LJ Speech dataset:

a) Natural b) Cross-entropy

c) Negative log-likelihood d) Negative log-likelihood with combinations of 
the heuristics
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