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The big questions

Where is the frontier of
computational creativity?
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How much has deep learning V/,\,:-l. VS
advanced automatic composition? B
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How do we evaluate generative
models?



Overview

Sequence modelling for music
- Motivating example
— Music primer
- From Bach Chorales to sequences

Recurrent neural networks (RNNs)
- Training and Optimizing BachBot

Results and the musical Turing test



TL;DR

Deep recurrent neural network model for music capable of:;
- Polyphony

- Automatic composition

- Harmonization

Learns music theory without prior knowledge

Only 5% out of 1779 participants in a musical Turing test performed
better than random chance



For the hands-on type

feynmanliang.qgithub.io/bachbot-slides

docker pull fliang/bachbot:aibtb

docker run --name bachbot -it fliang/bachbot:aibtb
bachbot datasets prepare

bachbot datasets concatenate corpus scratch/BWV-* utf
bachbot make_h5

bachbot train

bachbot sample ~/bachbot/scratch/checkpoints/*/checkpoint <ITER>.t7 -t
bachbot decode sampled_stream ~/bachbot/scratch/sampled_$TMP.utf
docker cp bachbot:/root/bachbot/scratch/out .

out_1.xml

ICH nC
BWY 101 b 101 utf

A ers sampled 0.9.ut
. size
. dro -t
» learning rate L
. L i
’—» out_2.xml
torch-rnn Trained Rachiiol sampled_0.9.utf

BWW 102 > b 102 utf

concat_corpus.txt

model
out_N.xml

BWY 999 bwv@29, utf

MusicXML scores Processed scores



http://feynmanliang.github.io/bachbot-slides

Motivating example for sequence modelling



Sequence modelling of text

The quick brown fox jumps

Question: What word comes next?



Sequence modelling of text

The quick brown fox jumps
The quick brown fox jumps over

The quick brown fox jumps around

The quick brown fox jumps lackadaisically



Sequence modelling of text

The quick brown fox jumps
P(over | the quick brown fox jumps) = 75%
P(around | the quick brown fox jumps) = 24%
P(lackadaisically | the quick brown fox jumps) = 1%



Sequence modelling of text

The quick brown fox jumps

P(over | the quick brown fox jumps) = 75%
P(around | the quick brown fox jumps) = 24%
P(lackadaisically | the quick brown fox jumps) = 1%

Question: Any potential problems?



The 2-gram sequence model

The quick brown fox jumps

P(over | jJumps) = 90%
P(around | jumps) = 8%
P(behind | jumps) = 2%

Generating text using the 2-gram sequence model:
I
| am
am enjoying
enjoying GOTO
GOTO Berlin
| am enjoying GOTO Berlin



n-gram models trained on Hamlet

e 1l-gram
- To him swallowed confess hear both. Which. Of save on
trail for are ay device androte life have

e« 2-gram
- Why dost stand forth thy canopy, forsooth; he is this
palpable hit the King Henry. Liveking. Follow.

 4-gram
- King Henry. What! | will go seek the traitor Gloucester.
Exeunt some of the watch. Agreat banquet serv’d in;

Examples taken from Dan Jurafsky, https://web.stanford.edu/~jurafsky/slp3/slides/LM_4.pdf



Music Primer
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Modern music notation
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Pitch: how “high” or “low” a note is
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Duration: how “long” a note is
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Polyphony: multiple simultaneous voices
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Measure number

Piano roll: convenient computational representation
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Fermatas and phrasing



From Bach Chorales to Sequences
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music21: a toolkit for

‘What is music21?

Music21 is a set of tools for helping seholars and other active listeners answer questions about
music quickly and simply. If you've ever asked yourself a question like, *I wonder how often

Bach does that” or “I wish [ knew which band was the first to use these chords in this order,” or

“I'll bet we'd know more about Renaissance counterpoint (or Indian ragas or post-tonal pitch
structures or the form of minuets) if I could write a program to automatically write more of
them,” then music21 can help you with your work.

How simple is music21 to use?

Extremely. After starting Python and typing "from music21 import *"you ean do all of
these things with only a single line of mus:c21 code:

Display a short melody in musical notation:

converter.parse("tinynotation: 3/4 cd d8 £ glé a g £4*).show(}

Print the twelve-tone matrix for a tone row (in this case the opening of Schoenberg's Fourth
String Quartet):

print (serial.rowToMatrix((2,1,9,10,5,3,4,0,8,7,6,11]) )

ar since all the 2nd-Viennese school rows are already available as objects, you can type:
print (serial.getHistoricalRowByName ('RowSchoenbergOp37') . matrix() )

Convert a file from Humdrum's =~ kerr. data format to MusieXML for editing in Finale or
Sibelius:

converter.parse('/users/cuthbert/docs/composition.krn') .write("musicxml')

http://web.mit.edu/music21/

returnk alnew Chord object with i

53> chikell = Chord(["C#4™, "05",
>»» chord2 = chordl. closedPasitic
»3> print(chord2. Lily.value)
ccls. e gl
newChord = copy.deepcopy(sel‘:f)
tempChordiotes = newChord.pitche:
chordBassPS = self.bass().ps i
for thisPitch in tempChordliotes:
while thisPitch.ps > chorc_lBa!
thisPitch.octave = thisP:
newChord.pitches = tempChordNote:

Get Started with music21

Browse the music21 documentation

Download 21 from Google Code

Get our latest news and updates at the music21
Read the Frequently Asked Questions list

Sign up for the music2ilist mailing list d
Google Groups.
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http://web.mit.edu/music21/
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Transpose to Cmaj/Amin (convenience)
Quantize to 16th notes (computational)
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Transposition preserves relative pitches




Note occurence positions (original) Note occurence positions (quantized)

Count

25000 25000
20000 20000
15000 ‘g 15000
10000 S 10000
5000 5000 I
. , phB
0 1 2 3 4 0 1 2 3 4
Offset from start of measure (crotchets) Offset from start of measure (crotchets)

Quantization to 16th notes: affects less than 0.2% of dataset



Handling polyphony

Question: How many chords can be constructed from 4 voices,
each with 128 pitches?



Handling polyphony

Question: How many chords can be constructed from 4 voices,

each with 128 pitches?

Answer: O(128%)! Data sparsity issue...

Count
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Serialize in SATB order

'S W s

I

(
(
(52, True)
(

g—b

START
62, True)
56, True)

47, True)
I

(60, False)
(56, True)
(52, True)
(47, True)

(.)
60, False

(

(57, False
(52, False
(

N N N N’

0(128%) => 0O(128) vocab. size!



Recurrent neural networks (RNNs)



Neuron
Input x, output y, parameters w, activations z



Output Layer

Hidden Layers

Input Layer

Feedforward neural network
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Long short-term memory (LSTM) cell



Unroll

Stacking memory cells to form a deep RNN
Unrolling for training



Sequential prediction training criteria

target chars: ‘e’ i «p “o"
1.0 0.5 0.1 0.2
22 0.3 0.5 -1.5
output layer 30 L i o
4.1 12 -1.1 2.2
b T fum
0.3 1.0 0.1 |\w nn!-0-3
hidden layer | -0.1 » 03 -ns—— 009
0.9 0.1 -0.3 T
I T T Iw_xh
1 0 0 0
' 0 1 0 0
t
input layer 0 : s 1
0 0 0 0
input chars: “h” “g” “q P

https://karpathy.qithub.io/2015/05/21/rnn-effectiveness/



https://karpathy.github.io/2015/05/21/rnn-effectiveness/

Training and optimizing BachBot



Training BachBot

RNN dynamics Initial state (all Os) Prob. distr. over sequences
Plx 1% 00) + I Ve = P(x|xq:4-1)

...In order to maximize the
probability of the real
Bach chorales.

Optimize the
RNN parameters...

Unroll




Single Batch 30 Epochs (seconds)

mean (sec) std (sec) (minutes)
CPU 4.287 0.311 256.8
GPU 0.513 0.001 28.5

GPUs deliver a 8x performance speedup



Training loss
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Depth matters (to a certain point)
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Training loss

L% |

1.6
1.4
1.2
1.0
0.8
0.6
0.4

0.2 |
0.0 °

rnn_size=128.0
rnn_size=256.0
rnn_size=384.0

rnn_size=512.0

10 20 30 40
Epoch

Hidden state size matters (to a certain point)

50
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Training curves for Variouso%ropout settings

Training loss

1.6
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10 == dropout=0.3 ;Oﬂ === dropout=0.3
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Dropout improves generalization (to a certain point)



GRU

3.5 RNN
= G Clockwork
% MRNN
oy 2.5 LSTM
=
E 20
i
= 1.5
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0.5

0 8 10 15 20 25 30

Epoch

LSTM memory cells matter



The final model

Architecture

32-dimensional vector space
embedding

3 layered, 256 hidden unit LSTMs

Standard deep learning tricks
30% dropout

Batch normalization

128 timestep truncated back-
propagation through time (BPTT)
Bach chorales specific tricks

SATB order: S determines harmonic
context

Explicitly encode fermatas

Training loss

Validation loss

L2

1.0

0.8

0.6

20

40

60
Epoch

80

R

100

120



Results



music21 Roman muneral analysis
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Hidden state is difficult to interpret!

Input and memory cell (layer 1 and 2)
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Layers closer to the output resemble piano roll (consequence of

sequential training criteria)
Memory cell (layer 3), outputs, and predictions



music21 Roman numeral analysis
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Harmonization: given a melody (here C major scale)



BachBot
BachBot.com

T T ——— am
traat:ks

[3 : 1 Sample-1 b 2,244
R 2 Happy Birthday b 2,091
R 3 Twinkle Twinkle Little Star b 6524
R 4 Sample-2 b 1,304
E 5 Sample-3 B BOO
R 6 Sample-4 b 558
: 7 Sample-5 » 538
Rl & C major scale b 828

-EJ\ View fewer tracks

W Like 3 share sss More

Harmonization: produce the accompanying parts
https://soundcloud.com/bachbot




BachBot
BachBot.com

g N
tracks
| :i E 3 Twinkle Twinkle Little Star b 6524

: 4 Sample-2 1,304
D 5 Sample-3 P BOO
E 6 Sample-4 b 558
u 7 Sample-5 e 538

View B tracks

What if Bach remixed twinkle twinkle little star?
https://soundcloud.com/bachbot




Musical Turing test

http://bachbot.com





The BachBot Challenge

Select the music most similar to Bach

m I o)
Bl - «

Question 1outof 5


https://soundcloud.com/bachbot

7.053081


Participant demographics

800
+~ 600
-
3
O 400
200
0 . l_—_
underl8 18t025 26t045 46t060 over60
novice 23 141 233 57 8
intermediate 20 302 454 5 14
advanced 6 134 151 23 7
expert 3 27 75 20 6

Music experience
B novice
B intermediate
BN advanced
B expert

Participants by age group and music experience


https://soundcloud.com/bachbot

27.010761


Performance by question type and music experience
1.0

- 038
o
- Music experience
§ 0.6 BN novice
kS -—— -—— —— - — B intermediate
% 0.4 B advanced
% BN expert
at
P02
YOTST T A | T | B | AT | ATB [SATB

novice 0.72] 0.64| 0.51| 0.55] 0.65| 0.62] 0.53

intermediate | 0.83| 0.64| 0.58| 0.53] 0.79]| 0.67| 0.58

advanced 0.83| 0.77 0.6/ 0.51 0.8 0.68 0.6

expert 0.92] 0.76| 0.63| 0.39, 0.87| 0.76| 0.66

More experienced respondents tend to do better


http://bachbot.com/

Closing Remarks

Deep LSTM model for composing, completing, and generating Bach
Chorales

Open source (github.com/feynmanliang/bachbot), integrated into
Google Magenta’s “Polyphonic RNN” model
(magenta.tensorflow.org)

Appears to learn music theoretic concepts without prior knowledge

Largest music Turing test to date with over 1779 participants,
average participant performs only 5% better than random guessing



Thank You!



@GOTOber gotober.com




	Slide 1
	Slide 2
	Slide 3
	Let’s talk about Bach BachBot
	Slide 5
	About Me
	Goals of the work
	Overview
	Executive summary
	If you’re a hands-on type
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Handling polyphony
	Slide 31
	Serialize in SATB order
	Recurrent neural networks (RNN) primer
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Sequential prediction training criteria
	Optimizing model architecture
	Model formulation
	Slide 43
	Slide 44
	Slide 45
	Slide 46
	Slide 47
	The final model
	Results
	Slide 52
	Slide 53
	Slide 54
	Slide 55
	Slide 56
	Slide 57
	Musical Turing test http://bachbot.com
	Slide 59
	Slide 60
	Slide 61
	Conclusion
	Slide 63
	Slide 64

