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Abstract

Generative models in vision have seen rapid
progress due to algorithmic improvements and
the availability of high-quality image datasets. In
this paper, we offer contributions in both these ar-
eas to enable similar progress in audio modeling.
First, we detail a powerful new WaveNet-style
autoencoder model that conditions an autoregres-
sive decoder on temporal codes learned from
the raw audio waveform. Second, we introduce

NSynth, a large-scale and high-quality dataset of

musical notes that is an order of magnitude larger
than comparable public datasets. Using NSynth,
we demonstrate improved qualitative and quanti-
tative performance of the WaveNet autoencoder
over a well-tuned spectral autoencoder baseline.
Finally, we show that the model learns a mani-
fold of embeddings that allows for morphing be-
tween instruments, meaningfully interpolating in
timbre to create new types of sounds that are re-
alistic and expressive.

In this paper, we outline a data-driven approach to audio
synthesis. Rather than specifying a specific arrangement
of oscillators or an algorithm for sample playback, such as
in FM Synthesis or Granular Synthesis (Chowning, 1973;
Xenakis, 1971), we show that it is possible to generate new
types of expressive and realistic instrument sounds with a
neural network model. Further, we show that this model
can learn a semantically meaningful hidden representation
that can be used as a high-level control signal for manipu-
lating tone, timbre, and dynamics during playback.

Explicitly, our two contributions to advance the state of
generative audio modeling are:

e A WaveNet-style autoencoder that learns temporal
hidden codes to effectively capture longer term struc-
ture without external conditioning.

e NSynth: a large-scale dataset for exploring neural au-
dio synthesis of musical notes.
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OQ | NSynth Super

* Magenta collaborated with Google Creative Lab.

*  https://www.youtube.com/watch?v=iTXU9Z0NYoU&t=1s
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O1

Autoregressive Model

* Audio AAZRO| BE sk&SH= unsupervised learning

« Audio—sequence data®?] statistical dependencyE 2tEs5t0d DEZIS 5l{0F &t
« T AZA7IX|Q] audio waveform: x = {xq, ..., x7}
o p(x)= x52E x4 7EK|Q] HIO|E{7} TS 2| conditional probability2 HE3S 4= US: autoregressive

9 p(xt) = p(xtlxllet "'rxt—l)
* Joint probability is factorized as a product of conditional probabilities

p(x1)

X1 | X2 [X3 Stack of Convolution

p(x1,%X2) = p(x)p(x2]%1)

Layers2 H86k= A

p(X1,X2,%3) = p(Xq, X2)Pp(X3]X1,X3)

-Ve
X1 | X2 [X3 | X4 | -« Ke—1]| Xe X1 a\l\o‘eg‘ess‘ )
* p(X) =[lt=1 p(XtlX1, ) X—1)

¥ WaveNet
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O1

Dilated Causal Convolution

 Causal convolution: O[2He| Zt= & 4= 7] ME0l t AIE 0|2 LUS2 AESE = gt
(t AL input2 t — 1 AEQ] outputE &)

« Dilated: H2 AHAZOZ 2 receptive fieldE Y= (512 dilation > 1024 receptive field)

Oput @ @ @ O 0 0O 00000 OPOO®GO

Hidden
Layer

Hidden
Layer

Hidden
Layer

nput @ ©O ©O O O 0O 0000000000



2019-02—-08 Seminar —_——0—0

Neural Audio Synthesis of Musical Notes with WaveNet Autoencoders 1 WaveNet

O1 | Residual and Skip Connections
*  WaveNet: o timestep0i| A
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O1

Residual and Skip Connections

«  WaveNet: St timestepOilA HRS I 2&

A

512
dilation=g8  Residual Block Lz» 1x1
| 512
dilation=4  Residual Block LZ» 1x1 (22A = 712
30 layers | 512 2564 3 25 Ry — 1 —22 Rey — 1a —28 softmax
dilation=2  Residual Block LZ» 1x1
| 512
dilation=1 Residu‘azl Block LZ» 1x1 ot limesten
512
Causal Filter



S e e e

2019—-02—08 Seminar
1 WaveNet

Neural Audio Synthesis of Musical Notes with WaveNet Autoencoders

01 | Softmax Distributions

« QHIMOZ audio?] distribution= E31517| {6H, Gaussian Mixture Model 52 AF2 (continuous)

=L
«  PixelRNN, PixelCNNz} SAFSHA, 2+ amplitude ZYS S| class2 716 softmax distribution= AFE (discrete)

- SA H0|HE 2567l EeAZE F0O regression =M|E multi—class classification =X|= Het

apnyjdwy
apnydwy

Time

digital(computer): quantization

analogue: waveform
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02

* Recent breakthroughs in generative modeling of images: high—quality and large—scale datasets

Motivations

* Audio signals in the wild contain multi—scale dependencies = constrained domains

* AJZHo| XIF| J|EIS &I AR|2 BHASHS 7S R20|L} THK|= AZ|7} BHo| AALE

AN

airplane E::s__‘_.ﬁv > @:_&:

automobile [~ - "”ﬁ' E @ E ﬂ“ a a 6

| ot 5000000000000000D000
e Eimil RES ¥ EEE FEIV ) EINI RPN LRI ]
cat al sl s bl LA & 222,2222224422222348.2
deer %33333337)3333357\3—533
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[ CIFAR 10 ] [ MNIST ]

12



2019—-02—08 Seminar

Neural Audio Synthesis of Musical Notes with WaveNet Autoencoders

02

Dataset Description

- oF S0l thet YEE Zelst U= H|o[EA

* 4 seconds, 16kHz = 64,000 data points

* 305,979 musical notes

*  Unigue pitch(& =0|), timbre(S4H), and envelope(It& S S{MS0| T24T! M)
e Train — 289,205 & Validation — 12,678 & Test — 4,096

* Instrument, pitch, qualities, sample rate (samples or data points per second),

source & Ciet MHE K&

e e e

2 NSynth Dataset

Family Acoustic | Electronic | Synthetic Total
Bass 200 8,387 60,368 | 68,955
Brass 13,760 70 0] 13,830
Flute 6,572 35 2,816 9,423
Guitar 13,343 16,805 5,275 | 35,423
Keyboard 8,508 42,645 3,838 | 54,991
Mallet 27,722 5,581 1,763 | 35,066
Organ 176 36,401 0 36,577
Reed 14,262 76 528 | 14,866
String 20,510 84 0| 205%4
Synth Lead 0 0] 5,501 5,501
Vocal 3,925 140 6,688 | 10,753
Total 108,978 110,224 86,777 | 305,979

13
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03 | Motivations

*  WaveNet & SampleRNN2} Z2 autoregressive modelsOj A GZ= 2ot 7HE!
7

¢ HWX B2 2C|2 (~500ms)0f| CHSHA= E2 Mes=2 EROLL, 71 2LLE MMst=Hl JAH M= external conditionOf|
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Figure 1: Snapshot of the unrolled model at timestep ¢ with &K' = 3 tiers. As a simplification only
Input one RNN and up-sampling ratio = 4 is used for all tiers.

[ WaveNet ] [ Sample RNN ]
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03 | Architecture

e Goal: LERIFL T1XE AFZ3HA external condition 10| A|1<Y H|0|EIE kg 1l MM
- embedding layer7t H&tS CHAIE
« (WaveNet—like) Encoder: infers hidden embeddings distributed in time

« (WaveNet) Decoder: use the embeddings to effectively reconstruct the original audio

i WI kil Input
\[I IR Auio Chunk
|
T I
Temporal . = WaveNet
Encoder . :: Decoder
x3
I
JH“‘)’ x.\l Input J'l’J'““\"'q’y'\Jl\U.lq'.' Next Step
H l ‘, WP Audio Chunk ' \' | «1" Prediction

16
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* O|O|E{Q] latent variableE st&ot7| €loH causal convolutionS AFESHK| &S

Temporal Encoder

« Parameterized skip—connections& AF235HX| L2

@ 1x1 Conv: 16Xt (channel) embedding

. “Hitch | @ Avg Pool: strideE AtE23HA temporal resolution

o Skt A o
= Z28e = US

Temporal
Encoder

ex) 16,000 samples/sec?! 4=mM2| QC|29]
embeddingS 52 H?

X3 | -
- 64,000 samples / 512 = 125

JH'“ v"; ,.1} Input - 125 x 16 embedding matrix

“H Audio Chunk
> QL U=E =64,000/ (125 x 16) = 32
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03 | WaveNet Decoder

Upsample

WaveNet \

Temporal I
Decoder 1

Encoder

« WaveNet?| blockt Z2 #AXE L1 QO MH, embedding matrix25E| conditioned

'J\‘]"'\;‘f""’f““"r“*“"“"’ . ‘Jﬂ{"J\"“'f"“"""‘“"""" el
—| Decoder Block }
> ar
residual T
| » 1x] ——
©
tanh o
conditioning \/
by embedding
»  1x1 >  +
Causal Dilated Conv
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03 | WaveNet Decoder

“J ' M)

\Ht’

|
WaveNet
Decoder

‘Ineut
Audio Ghunk

Upsample

« O A|EOICt Of2l ZPHE HHE . computationally expensive o
* pitch: one—hot encodingO|X|2t AX|2 AFZ2SHK|= S mm ], o k MM‘W gepg's'ép
Audio Chun | ~Prediction

conditioning l
by embedding

dilation=4 1x1

—> 1x1 — Decoder Block — 1x1 l

A

256
o Z - > RelU —> 1x1 —5> + ——» RelU — Softmax
dilation=2

— 1x1 —> Decoder Block — 1x1

dilation=1
— 1x1 —> Decoder Block —— 1x1 _
A next timestep
Causal Conv
shifted input Cinput 2H Qf0fl 0= F7I5HH A|EL
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03 | Experiments

* Audio is notoriously hard to represent visually
*  Magnitude spectrograms: 2C|2 A0A LI2E EX HREES &2 &= UCL Hlxet HEE E|E2te

2=z SUS o otof CHE 427t Lis = US

* Base model: convolutional autoencoder > a)  Baseline Spectral Autoencoder

s[1,11k[1,1] 1024 [s[1,11k[1,1] 1024

*  Adam optimizer, batch size = 32, epoohs = 250,000 & [s12.21k4,41 512]
c 8 [2.21k44]_512]
S [s[22]k44] 512 & [s[221k[44] _256]
% s[2,21k[4,4] 256 'E s[2,2] k[4,4] 256
2 [s[2.21k[4,4] 256 S [sl2.21ki44] 256
S [sl2.21kl4,4] 256 S[s2,21k4,4] 128]

s[2,2] k[4,4] 128
5[2,2] ki4,4] 128
s[2,2] k[5,5] 128

g|5[2.2]k[4,4] 128|
8|5[2,2]k[5,5] 128|
[s[2,11k[5,5] 128]

Log Magnitude
Spectra
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03 Experiments

« 3| 271X SHOM AES TS
(I Reconstruction
@ Embedding

Original

Embedding <

Reconstruction <

Bass Glockenspiel Flugelhorn
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03 | Experiments: Reconstruction

« CQT (constant—Q transform) spectrograms * Classification Model
- vertical = frequency - baseline encoder?l &2 1XE AtS
- intensity = magnitude > M7= HIOIHE 7|82 pitch, qualityE 2%

- horizontal = time

- color = instantaneous frequency

WaveNet Baseline

Original

Table 1. Classification accuracy of a deep nonlinear pitch
and quality classifier on reconstructions of a test set.

Pircn QUALITY

Glockenspiel

ORICGINAL AUDIO 91.6% 90.1%,
WAVENET RECON  79.6% 88.9%,
BASELINE RECON  46.9% 85.2%

Electric Piano

Flugelhorn

22
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O3 | Experiments: Embedding

* Linear interpolations between notes
- Original: B Ed. 5 72| 20| SAl0| S2l= &4t

- Generative models: interpolate embeddings =2 combine semantic aspects

Bass Bass + Flute Flute Flute + Organ Organ

Original

WaveNet

Baseline

23
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03 | Links

* https://magenta.tensorflow.org/nsynth

s https://magenta.tensorflow.org/nsynth—fastgen

24
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Other Research

Enabling Factorized Piano Music Modeling and Generation with the MAESTRO Dataset

Published as a conference paper at ICLR 2019
Magenta team

Using decoder of Transformer

https : //magenta. tensorflow.org/maestro—wave2midi2wave

Synthesized
audio

s

Symbolic modelling:
| transformer (section 5)

\E‘»ynthESS' conditional WaveNet (section 6)

Event
prediction

Piano roll (MIDI) | — —.— __— - A =
— [ :

Transcription: onsets & frames (section 4)

Attt ottt

Ground truth
audio

Figure 1: Wave2Midi2Wave system architecture for our suite of piano music models, consisting of
(a) a conditional WaveNet model that generates audio from MIDI, (b) a Music Transformer language
model that generates piano performance MIDI autoregressively, and (c¢) a piano transcription model

that “encodes” piano performance audio as MIDI.
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04 Other Research

* A Universal Music Translation Network

* Facebook Al Research

« Data augmentation, universal encoder and multiple decoders: DeepFake2t AL
* DeepFakeECt =H|Ql 7} BCH= AN XI0|FO0| US

———
/e J R
b/ ) ' .
o = 4 U
—
S Y%
{f & & b
_ [
& @ W
—_ WaveNet J l | -
Encoder ARAR N
Domain Multiple WaveNet
Confusion Decoders

Figure 1: The architecture of our network. The confusion block (dashed line) is employed only
during training.
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