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Deep Learning for Music Generation — Technical Challenges

1. Ex Nihilo Generation

» vs Accompaniment (Need for Input)
2. Length Variability

» Vs Fixed Length
3. Content Variability

» vs Determinism

4. Control

» ex: Tonality conformance, Maximum number of repeated notes...
5. Structure
6. Originality

» vs Conformance

7. Incrementality
» Vs Single-step or Iterative Generation

8. Interactivity
» vs (Autistic) Automation
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#1 Limitation — Generation (Without or With Minimal Input)

— #1 Partial Solution
— Via Decoding (Autoencoder)
» EXx: DeepHear [Sun, 201X]

Autoencoder

Encoder Decoder

X

O000O0
OO O
O

X
N

O va _
O i

x
X

X5

input layer hidden layer output layer

Oy Neural Network with Input Layer = Output Layer

/

— Diabolo shape —

L™

— Self-Supervised Training

Output = Input

Learning Identity

Learns to compress and reconstruct data
Extracts significant/discriminating features
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Autoencoder

« Symmetric Neural Network
« Trained with examples as input and output

« Hidden Layer will Learn a Compressed Representation at the Hidden
Layer (Latent Variables)
Encoder Decoder
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Autoencoder Self-Supervised Training
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encoder decoder
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Training (finding 6" and 6("?)) on Input Dataset : X :

Self-Supervised Training implemented through Supervised Training

Autoencoder(!)

with Output = Input : X : Learn Identity with Sparsity Constraint [Ng 2012]
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Sparse Autoencoder Learning Features

« Sparse Autoencoding [Olshausen & Field, 1996] [Ng, 2012]

« Originally developed to explain early visual processing in the brain (edge
detection)

« Learns a Dictionary of bases ®,, ... @, so that each input can be
approximately decomposed (recomposed) as: x = _1*X a; @,

such as a; are mosty zero (sparsity constraint)

O
[ 1®
[ 1®
0| [ _1®||&
[ @
[ 1®

Autoencoder

Ll

Images (Examples) Xi

Features: @4, ... Oy
[Ng, 2013]

« "Invents" (learns) higher level features (e.g., edges)
« Sparsity forces specialization (feature detector) of each unit

« Alternative Non supervised learning architectures, e.g., Restricted Boltzman
Machines (RBM) [Smolensky 19861/1 [Hinton et al. 2006]
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#1 Limitation — Generation —
#1 Partial Solution — Stacked Autoencoders

Encoder, Decoder,

O Encoder,  Decoder, O
O RL NO
O O . O O
O O O O
O bottleneck O
hidden layer .
— ' S DeepHear Architecture [Sun, 2016]
#1 Adtoencoder - N Output - ~5000 bits
: #1 Decoder WlT
! #2 Autoencoder 1024 neurons
AN 2o e W,
: l utoencoder 256 neurons
: : o #3 Decodér | i 5
.1 4Adtoencoder 7T 7T T > 64 neurons
i | I i #4 Decodér Bottl KL
' l : : ottleneck Layer
i | | ] 44 Encode)r 16 neurons y
Co #3 Encoder ‘_>_>; 64 neurons
i i #2 Encoder I_>_> 256 neurons W,
. TETETEEE - 1024 neurons
: #1 Encoder W1
““““““ > Input - ~5000 bits
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Ex1: DeepHear [Sun, 2016]

1. Pre-Training in Cascade (Layer by Layer)
— Dataset: 600 Ragtimes (Scott Joplin)
—  Representation: Pianoroll

notes

Output = Input

Output - ~5000 bits

Training

1024 neurons

256 neurons

W,T

time

2. Self-Supervised Training

— Learns to compress and reconstruct data

—  Extracts Features

64 neurons

16 neurons

64 neurons

Bottleneck Layer

256 neurons

— Bottleneck Layer = 16 neurons

Jean-Pierre Briot
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DeepHear

3. Generation

— Input Random Data into 16 Neurons Middle Layer
— Melody: Output of the Higher Layer Decoder

Generation

256 neurons

Output
Output - ~5000 bits
W, T
1024 neurons
W, T

64 neurons

16 neurons

64 neurons

Bottleneck Layer

256 neurons

W,

1024 neurons

W,

Input - “5000 bits

https:/[fephsun.github.io/2015/09/01/neural-music.html
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Auto(Encoder)Bach

Label elements all 0 COFpUS:
Soprano parts of Bach Chorales

I
[
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Pian&]M_Fﬁ__f_g_‘l__H_F ‘l {?_IP ?—[if' ti_P—tl I ] li lano 1 'I ]I ——
‘ | [ | L T — 1 I t
E/ ) )l
Label elements all 1 \
/ " l 1 " l | l | | 3 | 8 1 1
Piano 1 e e e s e e s ST 2 anol e e S —
| o 1 J 1 — 1 1 —
Ev DRIBI
Label elements random [0, 1]
! : l 1 1 1 ] 1 1 4 1
| ! . ! | I 1 ' T 1 T 1 1
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Autoencoder MNIST (Handwritten Digits)

ODO00O060O@pPOOOL )OO label1 =] _

R N I U Y B A for i in range(hidden_layer_size):
2293222222222 2 :
3333353335333 3 label1.append(random.uniform(-1, 1))

$RYAY YL rydd 4N yH

A I A digit1 = decoder.predict(np.array([label1]))[0]

279N TTINTI 2R 777 digit1 = digit1.reshape(28, 28)

ZITENL S EPTTY P B

999993%49494944999

fig, ax = plt.subplots()
im = ax.imshow(digit1)
plt.show()

784
N o

—»  digit1

N digit2 -

label —
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Autoencoder MNIST (Handwritten Digits)

Q~(mzxrwvraSr~= o5
ONA®mIPYHY N
S~k M= n\D N % &
[~ AMmarLhateoes
O—9 N TV N oo
Q- mP VS«
Q~amMmYP e b
QNN D 220
QA O>D0 % &
ONNOTnI o

4
(0 0)
N

1
=
2
O

digit2

400

PR

——/

200

J0[

label1

——/

—

12

Deep Learning — Music Generation — 2019

Jean-Pierre Briot



Other Example — Creating Non-Digits
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New Types Generation [Kazakgci et al., 2016]

1. Create a Sparse Autoencoder Encoder Decoder

—  Convolutional Autoencoder
(3 Encoding Layers; 1 Decoding Layer)

AL

NN I N N N

2. Train it on Objects Dataset
—  Hand Written Digits: MNIST dataset [Lecun & Cortes, 2012]

Decoder

i

3. Feed Forward Random Image into Autoencoder

—  Output Image is Degraded but Features Emerge

OO0
9

-
NN

14
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New Types Generation

¢
&
#f h
&
; + -
hom I :
'y d
* it
:
it N
¥ - 5
% i
e
10
fry
+ Ty
o
E ¥
L
=15
-15 -10 -5

Deep Learning — Music Generation — 2019

o digit 0
' Digits 1 . digit 1
5 digit 2
digit 3
¥ digit 4
u digit 5
- ) +. digit 6
s digit 7
Do b . digit 8
WS IPEE ’ ke digit 9
,' o, “‘ +
¥ i f
; " ;
x g " i
! LW
. y.
1 ;
3 N7
; # “ # ‘ i
N & 2
gt M 3
,’n‘a\ -
3

Clusters Distance




Variational Autoencoder

Jean-Pierre Briot
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Variational Autoencoder (VAE) [Kingman & Welling, 2014]

Constraint:
Encoded representation (latent variables z) follow some prior probability
distribution p(z), usually, a Gaussian distribution (normal law)

5000 throws of two dice (simulated)

AT

2 3 4 5 6 7 8 9 10 1 12

Non optimized implementation: Sum of two dice
Adding a specific term to the cost function, by computing the cross-entropy
between the values of the latent variables and the prior distribution

nces

200 400 600 800

Number of occure

(=}

The VAE decoder part will learn the relation between a Gaussian distribution
of the latent variables and the learnt examples

A VAE is able to learn a smooth latent space mapping to realistic examples

Jean-Pierre Briot Deep Learning — Music Generation — 2019
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Variational Autoencoder (VAE) [Kingman & Welling, 2014]

Additional Constraint:
Encoded representation (latent variables z) follows some prior probability
distribution p(z), usually, a Gaussian distribution (normal law)

5000 throws of two dice (simulated)

G

2 3 4 5 6 7 8 9 1011 12
Sum of two dice

es

nc
200 400 600 800

Number of occure:

(=

Reparameterization Trick

or
sampled

latent vector
- Encoder Decoder e 4
= = - Network Network d =

* = \ ) - =
(conv) (deconv] )
. x

[Frans, 2016]

vvvvvv

The VAE decoder part will learn the relation between a Gaussian distribution
of the latent variables and the learnt examples

A VAE is able to learn a smooth latent space mapping to realistic examples
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AE vs VAE (1/3)

* Inspired from

« Joseph Rocca, Understanding Variational Autoencoders (VAEs) —
Building, step by step, the reasoning that leads to VAEs, Towards Data

Science Blog, 23 September 2019
 https:/[towardsdatascience.com/understanding-variational-autoencoders-

vaes-f70510919f73

« lIrregular latent space prevents us from using autoencoder for new content

generation

VAN

“training” data for
the autoencoder

Jean-Pierre Briot

encoder

decoder

Pow\}sﬁ’“‘?ag‘)
@,Ww&www
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VAN

encoded data can be decoded
without loss if the autoencoder
has enough degrees of freedom

O

without explicit regularisation,
some points of the latent space
are “meaningless” once decoded

[Rocca, 2019]
19
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AE vs VAE (2/3)

« Regularization brings:
— Continuity
— Completeness

« By enforcing distribution produced by the encoder to be close to a
standard normal distribution:

— Covariance matrices to be close to the identity, preventing punctual
distributions

— Mean to be close to 0, preventing encoded distributions to be too far apart
from each others

Poind from e 0o O
Pace meaningless

once decoded

lose points Lﬁ:f o /

Qakent space

once deco Aeé

A points that are close
in the Qatent Space are
simidlar once decoded

irregular latent space x V regular latent space

Jean-Pierre Briot Deep Learning — Music Generation — 2019 [Rocca, 2019]
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AE vs VAE (3/3)

* Regularisation tends to create a “gradient” over the information encoded
in the latent space

Jean-Pierre Briot Deep Learning — Music Generation — 2019 [Rocca, 2019] 21



AE vs VAE

~_ _—

neural network neural network
encoder decoder

— T~

X =d(z)

loss = ||x-X]|]? - KLI SN, 1)1 = || x-d(2)||? - KL

Jean-Pierre Briot
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,N(O, 1) ]
[Rocca, 2019]
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Representation/Manifold Learning

2.5 | | | | | |

2.0 | -

Manifold : 1.5
Set of connected points 10}

0.5 |
In a high-dimensional space |

—-0.5 |

—-1.0 1 1 ! ! ! L
0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0

But can be approximated by
a smaller number of dimensions,
each dimension corresponding
to a local variation

Analogy:

3D Earth
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Variational Autoencoder

Jean-Pierre Briot

[Dykeman, 2016]
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Variational Autoencoder

Generation
by Exploring the Latent Space
and Decoding

Jean-Pierre Briot Deep Learning — Music Generation — 2019

[Dykeman, 2016]
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VAE vs AE Generation (MusicVAE [Roberts et al., 2018])

Non Variational

Variational

https://magenta.tensorflow.org/music-vae
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Variational Generation

Exploration of the latent space with various operations to control/vary the
generation of content

Ex:

« Translation

« Arbitrary path

« Interpolation (morphing) (between points)
« Averaging (of some points)

o Attribute arithmetic

— Addition or subtraction of an attribute vector capturing a given characteristic

— This attribute vector is computed as the average latent vector for a collection of
examples sharing that attribute (characteristic)

Jean-Pierre Briot Deep Learning — Music Generation — 2019
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Variational Autoencoder
Ex. of Attribute Arithmetic

Attribute
Mouth Eyes
Initial Image Older  Open  Open Smiling Moustache Glasses

Jean-Pierre Briot Deep Learning — Music Generation — 2019 [Li et al., 2016] 28



VAE MNIST [Keras/Cholet, 2016]
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VAE MNIST [Keras/Cholet, 2016]
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Latent Space Distribution

Digit

9
8
7

n

Z1 [Cholet, 2016] 31
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Attribute Arithmetic

(Characteristics) Attribute Arithmetic

— Addition or subtraction of an attribute vector capturing a given characteristic

— This attribute vector is computed as the average latent vector for a collection of examples
sharing that attribute (characteristic)

Select a set of round and angular digits images

— round_numbers = [3, 6, 8, 9]

— angular_numbers =[1, 4, 7]

Encode each one

— _, _,z round_elements = encoder.predict(np.array(round_elements))

— _, _, z _angular_elements = encoder.predict(np.array(angular_elements))

Compute the mean of the (z) corresponding latent variable values

— z1_mean_round_elements = mean(z1_round_elements)

— z1_mean_angular_elements = mean(z1_angular_elements)
Do attribute arithmetic

— def roundify(z):

— z _rounded = [z[0] + z1_mean_round_elements, z[1] + z2_mean_round_elements]
— return(decoder.predict(np.array([z_rounded]))[0])
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Examples

Jean-Pierre Briot

Roundify

»

Angularify

»

Deep Learning — Music Generation — 2019
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AutoVarBach
Z, Step Interpolation
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AutoVarBach

Z, Step Interpolation
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Celtic Music

« Training Examples/Corpus:

* In ABC format (see later) -> Music21 -> representation

« 29 songs from the Session (htips://thesession.org/)

* In the same key (D major) and the same rhythm metric (4/4)

&« [¢] @& thesession.org ® 7w &
Signup RECORDINGS SESSIONS DISCUSSIONS
THE
Session
e

Failte

Search Tunes + for SEARCH ‘
The Session is a ity website dedicated to Irish traditional music.

You can find tunes to play, find sessions to play them in, and join in discussions about the music. You can also find events (like concerts and festivals), or

explore the track listings of recordings.
You can contribute too. If you're already a member, you can log in. If you're not yet a member, membership is free and it only takes a moment to sign up.
» Recent Activity...
Support The Session

The Session is a non-profit end . Your donations help to keep the site up and running.

1. Set up a recurring donation of

$ 20 § each month SISV

Or...

2. Make one-time donation SN

Elsewhere

onupdates on Twitter.
ion on Facebook.

3 Subscribe to The Session channel on YouTube.
** Join The Session group on Flickr.
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AutoVarCeltic
Z, Step Interpolation

37
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AutoVarCeltic
P, Z, Step Interpolation
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AutoVarCeltic (4 Layers: #1000; #200; #50; #20 — 200 Epochs)

Z, Step Interpolation
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AutoVarCeltic (4 Layers: #1000; #200; #50; #20 — 200 Epochs)
Z, Step Interpolation
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Disentanglement (1/3)

« Ex: Pitch Range L Duration Range

P I I I I I
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o — g —w o 0 —= s s
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- Ex: Gender L
X. Gender
Latent representations of Disentangling
information domains
—
— > .
- S 4id3 @ ﬁ
> 2z eidd
5 e D(e, »)=
rﬂ T gid2
— = 3 5 5
B e 3 HB
8lasseg X _
: e 318 D0 ) = [
3 | . Female, blonde, male a
. smiling. .. ro
1] ) ]
§ Female, brown hair, ﬁ oV
:_a bangs, smiling. .. D( o, x) =
! oo £ |, Mal,back b

% not smiling... @
e

Male, black hair, %
glasses, beard. .. D (

) ) [Robert el al, 2019] ) . .
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Disentanglement (2/3)

« Adding Term to the Reconstruction Loss [IBM Research, 2018]

smile,

— Encoder : q4(2|x) ‘lazlmuth ~~~~~~~~~ + Decoder : pg(x|z) =——s

hair colour

Real Data : Generated Data :
Pdata(X) min D(q4(2)||p(2)) pg(x)
infer disentangled latent

max Ex [Eznq,(zlx) (108 po(x|2)] — KL(q4(2[x) [p(2))] — A D(g4(2)|Ip(2))

0,9
. .
« Deconstructing the B-VAE [Mathieu et al., 2019]
")
4 0.73 F d Stud 9

074
: gt ; 2
€ 0.72

0.72 6 ] 5
< 1 2 . 8 ) .

1

Zo70 © : | 8 go7
a @ 2
0 5 * @ 3/
a [a) .
0 0.68 o 0 0.70 12
o o d
g Isotropic 16 g inf
2066 16 2 .
< PCA initialised anisotropic 16 <069

0.64 Learned anisotropic 068

20 40 60 80 100 120 26.5 27.0 27.5 28.0 28.5 29.0
Average Reconstruction Loss Average Reconstruction Loss

« Reconstruction Trade-off via Jacobian Supervision [Lezama, 2019]

\ - /
{1—» E —>Zl D > fl

\ - /
X N z
/ — \
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Disentanglement (3/3)

« Dual Branch Adversarial (DualDIS) [Robert el al, 2019]
- Separate Dimensions in Distinct Autoencoders (E, and E,)

* Measure the Presence/Absence of the Dual Dimension through a Dual
(Adversarial) Classifier (C, and C,)

« Objective(s): Not Being Able to Classify Properly the Dual Dimension

Baselines

Architecture Training \“@‘k’@& N Q‘%

.» — S e

. Adv. classifiers | | Main loss Discr.  FEHFIPF

Identlty branch o loss

Ladv.s o0 ®
Ldisc'z " '
L, p— Y WYY W
L J @
| rL—ZJ Laiscy ® -0
. Attributes branch adv F .LL‘J‘dJJ j ¢ o0
' ~ Loss propagated to Active @

Active in UAI variant @
(Cy/zreplaced by Uy/z)

[Robert el al, 2019]
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Implicit vs Explicit Dimensions (Disentanglement)

« Dimensions (ex: Pitch Range, Duration Range...) are
« Chosen » by the Architecture

« But we can also Configure/Train the Architecture in order to
« Force » some Dimensions

rhythm(x)
Rhythm

( S
X

Jean-Pierre Briot Deep Learning — Music Generation — 2019 44




Ex: EC2-VAE [Yang et al., 2019]

Jean-Pierre Briot

Melody
| Encoder
................... )
GRU 32 steps GRU
Concat e e e
Chord
) » Z €
Concal

Global Decoder

g =y
Distributions over rhythm tokens

(As intermediate output)

32 steps

GRU [----=mmeemainnans » GRU Rhythm

Reconstruction Loss

¢ ............... Jeacher Forcing ¢

Distributions over melody tokens Reconstruction Loss

Deep Learning — Music Generation — 2019
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Examples EC2-VAE [Yang et al., 2019]

Original Melody A
A D

Yep [ ter (Lirtrr o

Rythm Reference B

G D
&r {,J'g = el rre ..

Rest(A) + Rythm(B)

i, crererilrer oy
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Examples EC2-VAE [Yang et al., 2019]

Original Melody B

G D G
@F T ¢ e .
I —

Rythm Reference C

e e

Rest(B) + Rythm(C)

B Ll s Tl
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VAE Magic

Compress 784 variables into 2
and reconstruct the original ?

How is it possible ?

Q~(mzxrwvraSr~= o5
ONA ®mIPHW N o
S~ MO N %
[~ AMmarLhateoes
O~ N TSN Po
Q- PV~
Q~amMmYP e b
QNN D 2o
Q= A V>0 % &

digit2

——  digit1

Label = (Z1, 22)
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VAE Magic Revealed

/

/

N

\

N

Input Layer

:

4

0.:0.
X
}.
0.!0.

Weights
<
O

Hidden Layer Output Layer
Latent Variables
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VAE Magic Revealed

Weights Split/Extract between

/

T~
4’.( ‘ « Variable/Discriminative Data:
‘&V."'. Latent Variables |
e
O
\0
O

Input Layer Hidden Layer Output Layer
Latent Variables

. e Common Data:
Weights

g

N

O O O 0O O
]
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Manifold Representation

Jean-Pierre Briot
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Representation/Manifold Learning

2.5 1 1 1 1 I |

2.0 | -

Manifold : L5
Set of connected points 10}

0.5 |-
In a high-dimensional space |

—-0.5 |

—-1.0 ! ! | I | L
0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0

[Goodfellow et al., 2016]
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Representation/Manifold Learning

2.5 1 1 1 I I

2.0 |

Manifold : L5
Set of connected points 10}

0.5 |
In a high-dimensional space ;|

—-0.5 |

—1.0 | | | | |

0.5 1.0 1.5 2.0 2.5 3.0

But can be approximated by
a smaller number of dimensions,
each dimension corresponding
to a local variation
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Representation/Manifold Learning

2.5 | | | | | |

2.0 | -

Manifold : 1.5
Set of connected points 10}

0.5 |
In a high-dimensional space |

—-0.5 |

—-1.0 1 1 ! ! ! L
0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0

But can be approximated by
a smaller number of dimensions,
each dimension corresponding
to a local variation

Analogy:

3D Earth
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Pre-Training Deep Networks

Jean-Pierre Briot
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Deep Unsupervised Learning

Deep Learning may also be Applied to Unsupervised Learning

Deep Brain Architecture (3 Layers of Autoencoders) [Le et al. 2012]

(Purely) Unsupervised Learning (on Images extracted from YouTube videos)
Discovery of Cats and Human Bust Patterns (Classifier/Neuron)

Input to another layer above T T
(image with 8 channels) Input to another layer above
(image with 8 channels) lnp_ut to am.nh layer abovi
O \ Number of output (image with 8 chan I)
channels = 8 P \ Number of output
channels =8
ize =
9
" i sie
5 g Size u .
| N Numb 5 ’\ 7
3 of maps =8 z] \ Number
= e
o|W =18 2 W ‘g of maps =8
" \ Number of inp 4 "" RIXiZ0=NS8
O channels = 3 " Number of input
nnel

Jean-Pierre Briot Deep Learning — Music Generation — ZOégt Neuron
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From Multilayer/Deep Networks...

+1

X1

sigmoid

sigmoid

sigmoid

sigmoid

M| M| M M| M

sigmoid

+1

sigmoid

sigmoid

sigmoid

sigmoid

| [Softmax

Jean-Pierre Briot
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... to Pre-Trained Deep Networks [Hinton 2006]

+1

sigmoid

sigmoid

sigmoid

sigmoid

M| M| M M| M

sigmoid

+1

sigmoid

sigmoid

sigmoid

AN NSNS I\ Z/1\ /7 22/ ]

sigmoid

N\.72 74

| [Softmax

Q
Q
O
O
o

SLPAS DS
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1st Hidden Layer

+1

+1O

X1

Q0O

sigmoid

sigmoid

sigmoid

sigmoid

MM MMM

sigmoid

O 0000
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1st Hidden Layer

’ ‘\
R =
+1 oor P I
S-% - [
&\\ 7
N Sse” 1 !
N s< oL S —
NNLT TS Al
~
WS ~ -— ==
SN N 2L =™
X1 =77 1 1
SR IANR P r
ENL NGRS 1
(NS A" | IS
XN _ A SO
N <X -

9
Q0O
)
>4
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1st Hidden Layer

O 00000

Jean-Pierre Briot
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Mirroring Inputs into Outputs

ISwewawawavalll

Jean-Pierre Briot

Deep Learning — Music Generation — 2019

62



+1

X1

Autoencoder

0 +1 0(12)
N
2 |sigmoid (%&
N
5 Hsigmoid Q \ S | Isigmoial|| ()
5 Hsigmoid] ()< > Hsigmoid||| O *
> | [sigmoid] ()< > Hsigmoid|||()
/
%
2 Hsigmoid OZ/
Encoder(! Decoder(")

Jean-Pierre Briot

Autoencoder(!)
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Autoencoder Self-Supervised Training

+1

X1

encoder decoder
(1) 1 9(1.2)
N
v 2 |{sigmoid %§

\\

2 Hsigmoid Q > Llsigmoid

—— N\ ——

2 H sigmoid Q<\ > Hsigmoid
/

2 |{sigmoid Qéi% 2 Hsigmoid
/

2 Hsigmoid QZ/

Training (finding 6" and 6("?)) on Input Dataset : X :

Self-Supervised Training implemented through Supervised Training

Autoencoder(!)

with Output = Input : X : Learn Identity with Sparsity Constraint [Ng 2012]

Jean-Pierre Briot

Deep Learning — Music Generation — 2019

64



1st Sparse Autoencoder Production

a(1) +1 ©§ 9(1.2)
N
+1 g 2 Llsigmoid §
\
Xi S Hsigmoid| @' 3 | sigmoid||| () x
X2 > Hsigmoid 5\ S Hsigmoid||| () x
/
X3 2_ || sigmoid 5 > Hsigmoid||| () x
/
> H sigmoid /
Autoencoder(!) x, (W | | x,@ X(m)
 Feedforward on Set of Inputs X : | X"V | | %8 | ... | x(m
X3(1) X3(2) X3(m)

a(1)1(1) a(1)1(2)
* Produces a Set of Internal States A'(X):| ...
a(1)5(1) a(1)5(2)
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1st Sparse Autoencoder Finalization

s

2 Llsigmoid
2 H sigmoid
2 Hsigmoid
2 Llsigmoid
2 H sigmoid

SNCORCORCNE

Jean-Pierre Briot

Autoencoder(!)

Learnt features(")

Note:

Outputs and weights matrix 6"2) (decoder)
are discarded — They will not be used

The weights matrix 6" is saved for the
final stage (final global fine tuning — see
later)

It provides accurate initialization of this
layer’s weight matrix

The set of Internal States a'' is kept for
the next stage

It provides examples inputs for the next
layer autoencoder (see next slide)
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2nd Hidden Layer

Jean-Pierre Briot

+1

+1C>

|| sigmoid

— sigmoid

— sigmoid

™M I91 ™M Pﬂ
O 0O 0O

|| sigmoid

e
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2nd Sparse Autoencoder

+1

sigmoid

|| sigmoid

| sigmoid

— sigmoid

sigmoid

— sigmoid

— sigmoid

M| MMM

|| sigmoid

T\ NA_/V \X—7]\ XM
@b
~~~
_l\.)
N
o

I

ANV ALY 7 1T\ N\ ZLI\ [/ [/ ]

QR G G S

M| [M[IM| M| M
I

|| sigmoid

OO0 000

Autoencoder(?
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2nd Sparse Autoencoder Training

Training (6% and 6(22) on Input Dataset : A'(X) :

Jean-Pierre Briot

QR G G S

|  (O0l_8e2

) 1 oo Y |{sigmoid] || )

\ | 2. L sigmoi \

N £ Hegmod (R eemed [

— SI | N

: X > Hsigmoid Q

) | 2 Hsigmoid CE:

4 z 2 Hsigmoid

/ 2 L|sigmoid df O

5 > Llsigmoid Q

Autoencoder(?)
ah, (™ | | am,@ a1, (m)
ah | | a@ a(hg(m)
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2nd Sparse Autoencoder Production

Feedforward on Input Dataset : A'(X) :

Produces a Set of Internal States A%(A'(X)) :

Jean-Pierre Briot

=
QS 1 [somora \ Y |{sigmoid] || )
\ | 2. 1 sigmoi \
IR [T Hsmod] CRSR e e |
— SI | N
(& . > Hsigmoid]|[( )
) | 2 Hsigmoid :
Qég 2_ [ 1sigmoid i 2 |-|sigmoid O
C%‘ | 2 |{sigmoid|||( )
Autoencoder®)
ah,™m | [a),@ a(h),m
ah,(M | | a2 a(h)(m)
a@,M 1| a@,@ || g, m
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2nd Sparse Autoencoder Finalization

Jean-Pierre Briot

+1

|| sigmoid

M| M| M
I

—{ sigmoid

sigmoid

> |dsigmoid

PNy

Autoencoder(?)

Learnt features®@
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(Final) Softmax Layer

(Supervised) Training on Input Dataset : A%2(A'(X)) :

y,(1)

and Output Dataset : y : | y,(

Jean-Pierre Briot

;1)

y,2)
y, )
;)

+1

63

2| Oy

> |_[Softmax Q Vo

Z ] O Y3

Softmax

a(2)1(1) a(2)1(2) a(2)1(m)

a(2)4(1) a(2)4(2) a(2)4(m)
y1(m)
yz(m)
y3(m)

72

Deep Learning — Music Generation — 2019




(Final) Softmax Layer Finalization

Jean-Pierre Briot

+1
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Assembling the Pre-Trained Deep Network

+1O

+1

X1

Q0O

2 Llsigmoid
2 Hsigmoid
2 Hsigmoid
2 Llsigmoid
2 H sigmoid

O 0000

Jean-Pierre Briot

Autoencoder(!)
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Assembling the Pre-Trained Deep Network

+1

+1

X1

Q0O

sigmoid

sigmoid
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+1©

sigmoid

sigmoid
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sigmoid
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Assembling the Pre-Trained Deep Network
Functional Composition

+1

+1

X1

Q0O

sigmoid

+1

sigmoid

sigmoid

sigmoid
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MMM
I
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O
O
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N7 74
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Assembling the Pre-Trained Deep Network
Structural Composition — Composite Component
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(Pre-Trained) Deep Network Final Global Training (Fine Tuning)

o) +1 @§ “Q 62
+1 , , \
{ 2 Llsigmoid \ N
Q\ | 2. || sigmoid Q\
X1 2 Hsigmoid Q§E >\< 2 |
—— : 2. || sigmoid &\ Softmax
X2 2 Hsigmoid| ()& < 2 H
) | 2 H sigmoid Q‘;Z 5
2 Llsigmoid g |
W) Qé‘ 2 Lsigmoid Gé
2 Hsigmoid &: Softmax
Autoencoder®)
Autoencoder(!)
. : : : Xq! X1
Training (improving 67, 8, 6)) with Input Dataset : X : %1 | | %2
yit | | Ye? yim | Xs' ]| X
and Output Dataset : y: | y,1 Y2 yom
y3' | | Y5 y3™
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Successive Features/Abstractions Constructed
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Summary — Key ldeas

1. Automatic Construction (Cascade Learning) of Hierarchical
Abstractions/Features, which are Exposed and Useable (and Used, see 2.)

- In Standard Multilayer Neural Networks, Features are Hidden (Black Box)
2. Accurate Initialization of Weights Matrixes for each Layer

- In Standard Multilayer Neural Networks, Initialization of Weights Matrixes of each
Layer is Heuristic, and is NOT Based on Information (Training Data/Examples)

- InPre-trained Deep Networks, Initialization is based on Training Examples for the
First Layer and on Successive Features extracted from Training Examples for
Successive Layers

— Therefore Initialization could be Much More Accurate

- Remember that Initialization of Weights Matrixes is Critical because the Cost Functlon
to be Minimized is Not Convex, therefore a Good Start (More Accurate Initiali atlo
a Better Promise to Avoid Falling into a Bad Local Minimum

- This Appears (at least conceptually/potentially) as a Main Advantage of Pre-T
Deep Networks [Erhan et al. 2010]

- Using Autoencoders (e.g. rather than Restricted Boltzmann Machines) is €7V ©
particularly Elegant/Economical, because Standard Supervised Learning

ARlganilm is used to implgmentemulgie SellsRiRengsed Learning 81




Analysis of Differences between Deep Network
with and without Pre-Training [Erhan et al. 2010]
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Gains

U. Toronto 0.15315 Deep learning

(Significantly) Better Accuracy (upto 10% gain [Hinton 2009]), e ozetrs rmcstes

3 U. Oxford 0.26979 featuresand

Better Genera”zation (RegUIarization) 4 Xerox/INRIA 027058 'c2rning models.

Bottleneck.

Automatic Construction (Cascade Learning) of Hierarchical Abstractions/Features

More Data Available for Training Autoencoders/Hidden Layers

— Does not need Labels because Self-Supervised/Unsupervised
— But Data should be from the same Domain to be learnt
— Relation with Transfer Learning

But Pre-Training is less Used at this Moment

Because other Techniques Optimizing Learnlnq (Improvmg Generalizatio
Efficient

— Preventing co-adaptation of feature detectors
»  Randomly omitting half of the feature detectors
»  Advanced Dropout

— Batch Normalization [loffe & Szegedy, 2015]
»  Normalization of each layer unit

— Deep Residual Learning [He et al., 2015]

» Learning x -> x+y and not x ->y
Jean-Pierre Briot Deep Learning — Music Generatlon 2019




