PAT 464/564 (Winter 2026)

Generative Al for Music & Audio Creation

Lecture 13: Generative Adversarial Nets

Instructor: Hao -Wen Dong

UNIVERSITY OF MICHIGAN



Representative Types of Deep Generative Models

ADeep autoregressive models
| Recurrent neural network (RNN)
| Long short -term memory (LSTM)

| Transformer model

ADeep latent variable models
| Variational autoencoder (VAE)

(I' Generative adversarial network (GAN) ] TodaybYs topic!

| Diffusion model

| Flow-based model

AAnd many other s
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Deep Latent Variable Models
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Discriminative vs Generative Models

Discriminative Generative

OO0 O
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Discriminative models learn Generative models learn the
the decision boundary underlying distribution
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Deep Latent Variable Models

Alntuition : Learn to map a known distribution to the data distribution

Known distribution Data distribution
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Deep Latent Variable Models

Alntuition : Learn to map a known distribution to the data distribution

How to measure
their difference?
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Deep Latent Variable Models

Alntuition : Learn to map a known distribution to the data distribution

What we want the model to learn!

I
0(@  0(a) [0(w| o))
/ AN

Data distribution Latent distribution
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Convolutional Neural Networks ( CNNS)



Reusable Pattern Detectors
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Reusable Pattern Detectors
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Reusable Pattern Detectors
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Reusable Pattern Detectors
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Convolutional Neural Network (  CNNSs)

RGB: 3 channels Channels increase as we go deeper

(Grayscale: 1 channel)
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2D Convolution

Input

Kernel

Output
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2D Convolution
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2D Convolution
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2D Convolution

Input Kernel Output

(p P @ P (p p
(p P (p p (G p
(p P C(p p (p p)

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan



2D Convolution

Input Kernel Output
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2D Convolution

Input Kernel Output

High activation when
the local pattern is
close to the kernel

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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2D Convolution

Input Kernel Output

Low activation when
the local pattern
differs from the kernel
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2D Convolution

Input

Kernel
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Output
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2D Convolution

Input

Kernel

Output
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2D Convolution

Input

Kernel

Output
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Convolutional Layer

AA convolutional layer consists of many learnable kernels

To be learned

N

1
\: BE

— [Convolutional layer ] —
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Each kernel detects
a local pattern
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Convolutional Neural Network (  CNNSs)

RGB: 3 channels Channels increase as we go deeper

(Grayscale: 1 channel)
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Repeat several times Fully -connected layers
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What does a CNN Learn?

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Learned CNN Kernels In a Trained AlexNet

1st convolutional layer 2nd convolutional layer

11x11
kernels

(Source: cs231n.github.io)

cs231n.github.io/understanding -cnhn

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

5x5
kernels
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Learned CNN Kernels In a Trained AlexNet

Top activations

Layer 1

Learned CNN kernels

Boundary
detector

Color detector

(Source: Zeiler et al., 2014)

Matt hew D. Zei | e rVisaatizihg &ad UndeFsandigguConvolugional Networks , BCCY2014.
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https://arxiv.org/pdf/1311.2901

Learned CNN Kernels In a Trained AlexNet

Learned CNN kernels Top activations
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(Source: Zeiler et al., 2014)

Matt hew D. Zei | e rVisaatizihg dha UndeFsandiggiConvolugonal Networks , BCCY2014.
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https://arxiv.org/pdf/1311.2901

Learned CNN Kernels In a Trained AlexNet

Learned CNN kernels Top activations
Grid detector

AKERARL

T ULLHITIY

Human detector
(Source: Zeiler et al., 2014)

Matt hew D. Zei | e rVisaatizihg &ad UndeFsandigguConvolugional Networks , BCCY2014.
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https://arxiv.org/pdf/1311.2901

Learned CNN Kernels In a Trained AlexNet

Learned CNN kernels Top activations

(Source: Zeiler et al., 2014)
Matt hew D. Zei | e rVisaalizihg dRad UndeFs@andigguConvolugonal Networks , BCCY2014.
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Learned CNN Kernels In a Trained AlexNet

Learned CNN kernels Top activations

(Source: Zeiler et al., 2014)
Matt hew D. Zei | e rVisaalizihg dRad UndeFs@andigguConvolugonal Networks , BCCY2014.
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Generative Adversarial Net ( GAN)
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Deep Latent Variable Models

Alntuition : Learn to map a known distribution to the data distribution

Known distribution Data distribution
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Deep Latent Variable Models

Alntuition : Learn to map a known distribution to the data distribution

How to measure
their difference?
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Known distribution Data distribution
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Generative Adversarial Nets ( GANS) (Goodfellow et al., 2014)

The generator aims to make the fake
samples indistinguishable from the
real samples for the discriminator The discriminator aims to

tell the fake samples

: from real samples
Random noise Fake samples

Gen

\ 4
=

Real/fake

» 1/0

O(i__

Real samples

lan J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde -Farley, Sherjil Ozair, Aaron Courville, and Yoshua Beng i o0 Genegative Adversarial Networks , NeurlPS 2014.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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https://arxiv.org/pdf/1406.2661

Generative Adversarial Nets ( GANS): Training

The generator aims to make the fake
samples indistinguishable from the
real samples for the discriminator The discriminator aims to

tell the fake samples
from real samples

Random noise Fake samples
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lan J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde -Farley, Sherjil Ozair, Aaron Courville, and Yoshua Beng i o0 Genegative Adversarial Networks , NeurlPS 2014. 37
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https://arxiv.org/pdf/1406.2661

Generative Adversarial Nets ( GANSs): Generation

Random noise Fake samples

-y Gen o I \\l Real/fake
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lan J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde -Farley, Sherjil Ozair, Aaron Courville, and Yoshua Beng i o0 Genegative Adversarial Networks , NeurlPS 2014. 38
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https://arxiv.org/pdf/1406.2661

Deep Convolutional GANs (DCGANS)(Radford et al., 2014)

Use CNNs for both the
generator and discriminator

Random noise Fake samples
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CONV 3 64

Alec Radford, Luke Metz, and So umi t hUnSupérmsedsRepresentgdtion Learning with Deep Convolutional Generative Adversarial Networks , LR 2016. 39
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https://arxiv.org/pdf/1511.06434

Transposed Convolution

Convolution Z
Transposed 7
convolution

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Deep Convolutional GAN: Examples
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Groundtruth MNIST
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https://arxiv.org/pdf/1511.06434

Latent Space Interpolation of a GAN

Latent space

(Source: Brock et al., 2019)

Data space

Andrew Brock, Jef f Do n a h warge Sala GANK @inireg fior Figh FdelityyNataral Img@ge Synthesis , ELR 2019.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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https://arxiv.org/pdf/1809.11096

GigaGAN: Scaling up GANSs

A golden luxury motorcycle parked at the
King's palace. 35mm f/4.5.

A portrait of a human growing colorful flowers from her hair. Hyperrealistic oil painting. a cute magical flying maltipoo at light
Intricate details. speed, fantasy concept art, bokeh, wide sky

(Source: Kang et al., 2023)

Minguk Kang, Jun-Yan Zhu, Richard Zhang, JaesikPark, Eli Shechtman, Sylvain Paris, and Taesung P a r Bcalingdup GANs for Text-to-Image Synthesis, GVPR2023.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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GigaGAN for Image Super -resolution

GigaGAN Up (1K) GigaGAN Up (4K)

L

(Source: Kang et al., 2023)

Minguk Kang, Jun-Yan Zhu, Richard Zhang, JaesikPark, Eli Shechtman, Sylvain Paris, and Taesung P a r Bcalingdup GANs for Text-to-Image Synthesis,

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

GVPR2023.
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Controlling the Latent Variables

Rotation

Digit type

rning by Information Max
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Mode Collapse

lteration 1 Ilteration 100K
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(Source: Mi et al., 2018)

Lu Mi, Macheng Shen, and JingzhaoZ h a n A4 Rrobe Towards Understanding GAN and VAE Models ,

Ilteration 1000K

~|—~|—

Cover only 1 out of
the 10 modes

arXiv preprint arXiv:1812.05676, 2018.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Problems of Unregularized GANSs

AKeyz_ discriminatc_)r provides_generator with A steep color change
gradients as a guidance for improvement indicates a large gradient

| Discriminator has an easier job than the generator | iteratoin=40

1.0

| Discriminator tends to provide large gradients

Jeele collapse

| Results in unstable training of the generator
- 0.6

ACommon failure cases
| Mode collapse

- 0.4

| Missing modes Missing model
' » 0.2

5 -
-1.5 -1.0 -05 0.0 0.5 1.0 1.5
0.0

(Colors show the discriminator outputs)

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Regularizing GANS Advantages of gradient regularization

A Provide a smoother guidance to the generator
A Alleviate mode collapse and missing modes issues

Unregularized Locally regularized Globally regularized

Gradient clipping [1]

Spectral normalization [4]

Gradient penalties [2,3]

[1] Martin Arjovsky, Soumith Chintala, and Léon Bottou , Watsserstein Generative Adversarial Networks , EML,2017.

[2] Ishaan Gulrajani, Faruk Ahmed, Martin ~ Arjovsky, Vincent Dumoul i n, Ilmapnoded Aaining of Wasserstein GANS e NMeur@PS 2017.

[ 3] Naveen Kodali, Jacob Aber n ©mnCogvergedca and Stabittypof GANs ,adrXiv prépsird arXiv:1K05.07a15, 2@L7.

[4] Takeru Miyato, Toshi ki Kat aoka, Ma s anor i Sp€argl ldommealjzatianriod GeMenative Adversarial Neétwodks , , 8LR,2018. 48
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https://arxiv.org/pdf/1701.07875
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https://arxiv.org/pdf/1705.07215
https://arxiv.org/pdf/1802.05957

Piano Roll Representation

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Piano Rolls
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(Source: Tangerineduel )

(Source: Draconichiaro )

Draconichiaro , CC BySA 4.0, viaWikimedia Commons

Tangerineduel , CC BySA 4.0, viaWikimedia Commons
Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Player Pianos

youtu.be/07krQ661fok

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Piano Roll Representation

A.PIANO 1

pitch

Brightness represents the
MIDI velocity (dynamic)

A 4

time (step) .

A 4

Atime step isthe
minimum note length

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Piano Roll Representation
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Reusable Pattern Detectors

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Why Plano Rolls?

Ny

gitarren
pitch
0
w
T
1
T
el
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i1
T

I
|
\

1 2 3 45 6 7 8 9101112131415 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32
time (beat)

Many musical patterns like melodies, chords, scales and arpeggios
are translational invariant in the temporal and pitch axes
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Generating Music using GANSs

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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MidiNet (vang etal., 2017)

) project and reshape
=

project and reshape

Conditioner CNN

fransposed  transposed
convi conv2

Generator CNN

transposed
conva

0 “Nditiong

{} project and reshape

e

convi conv2 fully connected

Discriminator CNN

—_—

[0,1]
e

output

Li-Chia Yang, SzuYu Chou, and Yi-Hs u a n

(Source: Yang et al., 2017)

YWadiNgt ; A Gbnvolutional Generative Adversarial Network for Symbolic  -domain Music Generation , IBMIR 2017.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

57


https://arxiv.org/pdf/1703.10847
https://arxiv.org/pdf/1703.10847
https://arxiv.org/pdf/1703.10847
https://arxiv.org/pdf/1703.10847

MidiNet (vang etal., 2017)

Li-Chia Yang,

D project and reshape
" prq gre"s . <N
Ss [[o) n : :
% ‘]ma.~\mﬂj

Examples of
generated music

project and reshape transposed  transposed transposed transposed convi conv2 fully connected
conv1 conv2 conv3 conv4
Generator CNN Discriminator CNN

(Source: Yang et al., 2017)

Generate the next measure given the previous one
(measure by measure )

SzuYu Chou, and Yi-Hs u a n WadiNgt ; A Gonvolutional Generative Adversarial Network for Symbolic  -domain Music Generation , IBMIR 2017.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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output
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MidiNet (vangetal., 2017)

Epoch 1

Epoch 5

Epoch 10

Epoch 15

Epoch 20

Ground
truth

(Source: Yang et al., 2017)

Li-Chia Yang, SzuYu Chou, and Yi-Hs u a n  WWadiNgt ; A Gbnvolutional Generative Adversarial Network for Symbolic -domain Music Generation , IBMIR 2017.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Muse GAN (Dong et al., 2018)

Representation

4 bar 9
<
A
84 N _
pitches |E - = = S
\ 4
G——
96 time steps A 4x96x84x5 tensor!

Hao-Wen Dong, Wen-Yi Hsiao, Li-Chia Yang, and YiHs u a n
Accompaniment , AAA] 2018.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

5 tracks

A training sample

YWaiseGAN: Multi -track Sequential Generative Adversarial Networks for Symbolic Music Generation and
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Muse GAN (Dong et al., 2018)

real/fake

Hao-Wen Dong, Wen-Yi Hsiao, Li-Chia Yang, and YiHs u a n

Accompaniment , AAA] 2018.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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WhuseGAN: Multi -track Sequential Generative Adversarial Networks for Symbolic Music Generation and
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Muse GAN (Dong et al., 2018)

bass
drum
guitar
strings

piano

Hao-Wen Dong, Wen-Yi Hsiao, Li-Chia Yang, and YirHs u a n
Accompaniment , AAA] 2018.

The generator improves over time

>

step 7900

(E)

step 700 (B)

(Source: Dong et al., 2018)

step 2500 (C)

step 6000 (D)

YWaiseGAN: Multi -track Sequential Generative Adversarial Networks for Symbolic Music Generation and

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Muse GAN (Dong et al., 2018)

Bass
Drums
Examples of
Guitar  |imio-ieimdes DD o o3 ouTImio generated music
LIS
Strings e ==~
Piano - :E — — - E :_I__

Hao-Wen Dong, Wen-Yi Hsiao, Li-Chia Yang, and YirHs u a n

YWaiseGAN: Multi -track Sequential Generative Adversarial Networks for Symbolic Music Generation and
Accompaniment , AAA] 2018.
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Generative Adversarial Nets for

Audio
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Frequency-domain Audio Synthesis

Spectrogram

Input

Synthesis model Inversion model
(vocoder )

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

Waveform
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Importance of the Phase Information

(Source: Dieleman et al. , 2020)

Real phase Random phase

Sander Dieleman, Gegerating music in the waveform domain , SanderDi e | e BlagnMach 24, 2020.
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Inverse STFTwithout Phase

Original

Information

Complex -valued

0 06 12 18 24 3 36 42 48
Time

Magnitude-only istft reconstruction

STFT matrix
)34 &¥ AOCEID 34 &#4)

Find the signal y that minimize the
MSE between the input and STFT(y)

0.5 -
0.0 -iptdpommadimefih-stn i osns— i rmmnse
—0.5 4 Assuming zero phase
0 06 12 18 24 3 3.6 42 48

Time

(Source: librosa documentation )

librosa.org/ doc/main/generated /librosa.griffinlim.html

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan

67


https://librosa.org/doc/main/generated/librosa.griffinlim.html
https://librosa.org/doc/main/generated/librosa.griffinlim.html
https://librosa.org/doc/main/generated/librosa.griffinlim.html
https://librosa.org/doc/main/generated/librosa.griffinlim.html
https://librosa.org/doc/main/generated/librosa.griffinlim.html
https://librosa.org/doc/main/generated/librosa.griffinlim.html
https://librosa.org/doc/main/generated/librosa.griffinlim.html

Griffin -Lim Algorithm  (Griffin & Lim, 1984)

Original

0 0.6 1.2 1.8 2.4 3 3.6 4.2 4.8
Time

Griffin-Lim reconstruction

After 32 iterations!

0 06 12 18 24 3 36 42 48

Time

(Source: librosa documentation )

Given a magnitude -only STFT matrix

!

Randomly initialize the phase
WweAOCEI(D 34&4) _

Find the signal y that minimize the
MSE between the input and STFT(y)

Lee 4 &b
Find the STFT of the signal y

Dani el Griffin and Jae Li m, ¢ S i-tone &olirieretsrt ai nnsaf iIBEEOMASER®8d.m mo di fi ed short

librosa.org/ doc/main/generated /librosa.griffinlim.html

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan


https://librosa.org/doc/main/generated/librosa.griffinlim.html
https://librosa.org/doc/main/generated/librosa.griffinlim.html
https://librosa.org/doc/main/generated/librosa.griffinlim.html
https://librosa.org/doc/main/generated/librosa.griffinlim.html
https://librosa.org/doc/main/generated/librosa.griffinlim.html
https://librosa.org/doc/main/generated/librosa.griffinlim.html
https://librosa.org/doc/main/generated/librosa.griffinlim.html

MelGAN (Kumar et al., 2019)

----------- Mel Spectogram

l

Conv Layer

( v A Input sequence
Upsampling [8x]
Layer ’/’r - S)
2x l / v
S Dilated
| Residual stack J< 3x conv block
\ _/ \\ b
Vs i: N, e
. > \ J
Upsampling [2x] L )
Layer v
2x Output sequence
| Residual stack |
p /
Conv Layer
WMW """"""" Raw Waveform
(Source: Kumar et al., 2019)
Kundan Kumar, Rithesh Kumar, Thibault de Boissiere, Lucas Gestin, Wei Zhen Teoh, Jose Sotelo, Alexandre de Brebisson, Yoshua Bengi o, aMeGANaGemermtiveeour vi | |
Adversarial Networks for Conditional Waveform Synthesis , NeurlPS 2019. 69
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Deep Convolutional GANs (DCGANS)(Radford et al., 2014)

Use CNNs for both the
generator and discriminator

Random noise Fake samples

\ 4
=
w

‘(i__

Real samples

CONV 3 64

Alec Radford, Luke Metz, and So umi t hUnSupérmsedsRepresentgdtion Learning with Deep Convolutional Generative Adversarial Networks , LR 2016. 70
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Upsampling for Vocoders
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MelGAN (Kumar et al., 2019)

----------- Mel Spectogram

l

Conv Layer

( v A Input sequence
Upsampling [8x]
Layer ’/’r - S)
2x l / v
S Dilated
| Residual stack J< 3x conv block
\ _/ \\ b
Vs i: N, e
. > \ J
Upsampling [2x] L )
Layer v
2x Output sequence
| Residual stack |
p /
Conv Layer
WMW """"""" Raw Waveform
(Source: Kumar et al., 2019)
Kundan Kumar, Rithesh Kumar, Thibault de Boissiere, Lucas Gestin, Wei Zhen Teoh, Jose Sotelo, Alexandre de Brebisson, Yoshua Bengi o, aMeGANaGemermtiveeour vi | |
Adversarial Networks for Conditional Waveform Synthesis , NeurlPS 2019. 72
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MelGAN (Kumar et al., 2019)

Multi -scale discriminator Multi -period discriminator

time
—

c000O0O0COOCOOGOCOO
ONONONONONONONONONONONO

: Reshape from 1D to 2D
Average Pooling height l
= >
O O O O O O, ApplyConvolution S| o () @ @
2V .
: : : Apply Convolution
| with a kX1 kernel
MSDI[2]
l MPD[2]
Real / Fake \Ir
Real / Fake
(Source: Kong et al., 2020)
Kundan Kumar, Rithesh Kumar, Thibault de Boissiere, Lucas Gestin, Wei Zhen Teoh, Jose Sotelo, Alexandre de  Brebisson, Yoshua Bengi o, a MelGAN aQererativec o u r vi | |

Adversarial Networks for Conditional Waveform Synthesis , NeurlPS 2019.
Jungil Kong, Jaehyeon Kim, and Jaekyoung B a eHiFi-@AN: Generative Adversarial Networks for Efficient and High Fidelity Speech Synthesis

, NeurlPS 2020. 73
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Hifl -GAN (Kong et al., 2020)

Mel-Spectrogram

k,[l] x1 ConvTranspose \
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Jungil Kong, Jaehyeon Kim, and Jaekyoung B a eHiFi-@AN: Generative Adversarial Networks for Efficient and High Fidelity Speech Synthesis

Growing '

(Source: Kong et al., 2020)
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I 1
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|

|

|

|

I{ Leaky RelU ]I I
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|

[

Ik876.github.io/ hifi-gan-demo

, NleurlPS 2020.
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Encoder

[ Waveform @ 24 kHz

l

AFully -convolutional autoencoder

Conv1D (k=7, n=C) EncoderBlock (N, S)
¥ |
(i Y
EncoderBlock (N=2C, S=2)
¥ ResidualUnit (N/2, dilation=1)
EncoderBlock (N=4C, S=4) ’
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¥ ResidualUnit (N/2, dilation=9)
EncoderBlock (N=16C, S=8) *
Y Conv1D (k=2S, n=N, stride=S)
Conv1D (k=3, n=K) L
L]
FiLM conditioning
Embeddings @ 75 Hz

SoundStream (zeghidour et al., 2021)

for audio

ResidualUnit (N, dilation)

=/

Conv1D (k=7, n=N, dilation)

)

Conv1D (k=1,n=N)

(Source: Zeghidour et al., 2021)
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Decoder
Embeddings @ 75 Hz
DecoderBlock (N, S) FiLM conditioning
| ]
y Conv1D (k=7, n=16C)
(Conv1 D)T (k=2S, n=N, stride=S) ¥
’ DecoderBlock (N=8C, S=8)
ResidualUnit (N/2, dilation=1) ¥
’ DecoderBlock (N=4C, S=5)
ResidualUnit (N/2, dilation=3) ¥
; DecoderBlock (N=2C, S=4)
ResidualUnit (N/2, dilation=9) L
DecoderBlock (N=C, $=2)
L]

i Conv1D (k=7,n=1)

l

‘ Waveform @ 24 kHz

Neil Zeghidour , Alejandro Luebs, Ahmed Omran, Jan Skoglund, and Marco Tagliasacchi, SogindStream : An End-to-End Neural Audio Codec , BASLP2021.
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SoundStream (zeghidour et al., 2021)

AFully -convolutional autoencoder

for audio

4 N,
Training
[oefele]o -]
Encoder Decoder
||||-||||| -
Denmsmg |_Z
on/off
An adversarial loss is good at - II
improving the audio clarity -
Discriminaor
-

Neil Zeghidour , Alejandro Luebs, Ahmed Omran, Jan Skoglund, and Marco Tagliasacchi,

(Source: Zeghidour et al., 2021)
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SogndStream : An End-to-End Neural Audio Codec , BASLP2021.
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CycleGAN
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CycleGAN: Examples

No paired data needed!

Monet _ Photos Summer T Winter

photo —>Monet ; horse — zebra g winter —» summer

(Source: Zhu et al., 2017)

For example, w e only need a collectionofphotos anda coll ection of MonetUdYds p
Jun-Yan Zhu, TaesungP ar k , Phil Il i p | s ol HnparedintageAtb-émage iTranslationkiging Gysle -C@nsistent Adversarial Networks , ECV 2017. 78
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CycleGAN: Goal

How can we learn the mapping without any paired data

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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