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e Symbolic data representations
o Sheet music
o MIDI

e Audio data representations
o Waveform
o Spectrogram
o Mel-spectrogram, constant-Q transform



e The core music data that are directly audible or translated to audible
sound
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Sheet Music

e A formal language that describes a music piece with musical symbols
and letters. It is also called “music score”
o Most human-friendly representation of music.
o The way of publishing and distributing music before the recording technology
o Musicians make their own interpretations by varying the tempo, dynamics,

and articulation
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Digital Music Notation

e Electronic sheet music is scanned images (e.g. PDF) or rendered from

digital music notation formats

o MusicXML and MEI: XML-based music encoding standards
o ABC notation and LilyPond: text-based music engraving languages
o Optical music recognition (OMR) converts score images into music notations

<key>
<fifths>0</fifths>
</key>
<time>
<beats>4</beats>
<beat-type>4</beat-type>
</time>
<clef>
<sign>G</sign>
<line>2</line>
</clef>
</attributes>
<note>
<pitch>
<step>C</step>
<octave>4</octave>
</pitch>

MusicXML

https://www.musicxml.com/

<score lang="ABC">

xX:1

T:The Legacy Jig

M:6/8

L:1/8 .
Rijig Much simpler!
GFG BAB | gfg gab | GFG BAB | d2A AFD |

GFG BAB | gfg gab | age edB |1 dBA AFD :|2 dBA ABd |:

efe edB | dBA ABd | efe edB | gdB ABd |

efe edB | d2d def | gfe edB |1 dBA ABd :|2 dBA AFD |]

</score>

ABC Notation
https://abcnotation.com/



https://abcnotation.com/
https://www.musicxml.com/

Feeding the data into learning models

e Natural language processing (NLP) techniques are easily applicable to

the the text-based music notations for symbolic music processing
o ABC notation is particularly effective due to the simple and structured format

/I .
[V:1]"AAndante" Be2 d B F2 B |[V:2]B,,F.D,F, B, F,D,F, |\n =SS s = ———
Score Text —T T
[V:1]g/f/e/d/ c/B/A/B/ c F2 ¢ |[V:2]A,,FEF, A,FEF [\n Far_—r—F e+

Bar Patching [V:1]"AAndante" Be2 d B F2 B |[V:2]B,,FD,F, B,,F,D,F, |\n[V:1]g/f/e/d/ c/B/A/B/ c F2 c |[V:2]A, FE,F A,FEF |\n
Bar-stream Patching [V:1]"AAndante" B e2 d B F2 B |[V:2]B,,F,D,F, B,,F.D,F, |[\n[V:1]g/f/e/d/ c/B/A/B/c F2 c |[V:2]A,FE,F, A, EEF [\n
Line-stream Patching [V:1]"~Andante" B e2 d B F2 B |[V:2]B,,F,D,F, B,,FD,F, |\n[V:1]g/f/e/d/ c/B/A/B/ c F2 c |[V:2]A, FE,F A,FEF |\n
Byte Patching [V:1]"AAndante" B e2 d B F2 B |[V:2]B,,F,D,F, B,,FED,F, |\n[V:1]g /f/e/d/ c/B/A/B/ c F2 c |[V:2]A,,FE,F A, FEF, |\n

BPE [V:1]"AAndante" B e2 d B F2 B |[V:2]B,,F,D,F, B,,F,D,F, [\n[V:1]lg/f/e/d/ c/B/A/B/ c F2 c |[V:2]A,,F,E,F, A, FEF, [\n

Comparison of tokenization methods for ABC notation

Exploring Tokenization Methods for Multitrack Sheet Music Generation, Wang et al., ISMIR LBD 2024



MIDI

e Standard protocol of musical events

e Why MIDI?
o Need of musical communication among different vendors’ instruments
o Store music events (score or performance) for composers

e Hardware

o 5-pin cables, separate in/out in connection
o 31250 bits per second

e Software (Protocols)
o Note number/velocity, control data




MIDI

e MIDI Message Format

Note Off

Note On
Note Pressure
Control Change
Program Change

Pitch Bend Change

Status Byte

1000 cccce

1001 cccce

1010 cccce

1011 cccce

1100 cccc

1110 cccc

OXXX XXXX OXXX XXXX xxx xxxx (7bits): 0-127

Data Byte1 Data Byte2
Note Number Velocity
Note Number Velocity
Note Number Velocity

Ctrl. Number Ctrl Value —> 64: piano sustain pedal

Prog. Number -

Value (high 7bits) Value (low 7bits)

cccc: channel number (0-15)



MIDI as a File (.mid)

e Time signature and tempo information is added

©)

O
©)
O

Tempo is defined as beat per minutes (BPM)

Time unit is converted to “beat”

One beat is divided into ticks (e.g. 9600 ticks/beat)
A time interval from the previous event is added to
each MIDI message

Source: https://kr.mathworks.com/help/audio/ug/convert-midi-files-into-midi-messages.html

Headerchunk data

Track chunk header

MIDI message

Header
chunk

Track
chunk

Track
chunk



MIDI Representations

e “1D sequence of note events” (text) vs “2D piano roll images” (image)
o The piano roll representation traces back to the player piano.

— L ) !ml Ims @00 Untitled:House Paris Beat 01 - Event List

= | )
(@ [ # | &3 (@) | Edit = Functions v View | [+ ][] [ #][&] (@ [ Edit v Functions v View v|
| Filter  Create | [ off (3840) el [h N | 5=
j Motas Progr. Change Pitch Bend Controller
Chnl Pressure Poly Pressure Syst. Exclusive | Additional Info
Position Status Ch  Mum Val  Length/Info

1 1 1 1 MNote l|c1 |127 . . 2106

1 1 1 1 MNote 1 F#1 127 .. 1 38

1 1 3 1 Note 1 A#1 125 . .1 80

1 2 1 1 Note 1|C1 |125 .. 2178

1 2 1 1 Note 1|El |125 . 2128

1 2 1 1 Note 1 F#1 125 o o a2

1 2 3 1 Note 1 F#l 90 oo 134

1 3 1 1 Note 1|C1 |127 .. 2 128

1 3 1 1 Note 1 F#1 125 o o i @

1 3 3 1 MNote 1 F#l 82 . . .19

1 4 1 1 Note l|c1 |127 .. 2 208

1 4 1 1 MNote 1|El |125 .. 2188

1 4 1 1 MNote 1 F#1 127 - - 1 10

1 4 3 1 Note 1 F#l 83 .. . 218

2 1 1 1 Note l|c1 |1z27 . . 2 52




MIDI Representations

e “Score MIDI" vs. “Performance MIDI”

Allegro moderato
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Feeding the data into learning models e

MIDI-Like

EEEE?EQEEEEEEE?E§
EEEEEEEEEEEEEEEEE
e Text-based approach: tokenization —;?;—T;E—:E“%T;j—;ﬂ
S HEE iiiii%;i?aiéi
o Score MIDI: REMI, Octople, MMM, CEEEEEECEEE S
o Performance MIDI: MIDI-like, PerTok HEEERERREEEEFEER
o MIDITok: https://miditok.readthedocs.io/ e
() ) W
(Cowr JCowr ) Cowr J(ows )
[[vet22 ][ vet2a ][ veLza ][ veL1s |

[[pitecn 03 ] [ Pich A3 ][ pitchEa ][ PitcnGa |
-

e Image-based approach

o Usethe piano roll as 2D images [y ™"
=) convi  conv2  convd  conv4 )
2 congy \\ e Eg"\“?diuo,,?

project and reshape
% project and reshape .
Nl e o~
S~ L |
-

-
— Noie— Xore: o1
»"@’i«?fi} i T \\ ORI || S

convi conv2 fully connected  output

convi conv2 conv3d conv4

Generator CNN Discriminator CNN

miditok: A Python package for MIDI file tokenization, Fradet et al., Arxiv 2023
MidiNet: A Convolutional Generative Adversarial Network for Symbolic-domain Music Generation, Yang et al., ISMIR, 2017


https://miditok.readthedocs.io/

e Audiois recorded as a waveform that represents the vibration in the air

Time

“Groove” in the early recording
(Edison cylidder)



Digital Audio Chain

microphone Analog-to-Digital
Conversion
Lowpass | Sampling | Quantization
Filters Process Process

Storage, Q

Processing  gg1010..

Digital-to-Analog Lowpass

) ; Amplifier 4’[[]
Conversion Filters

loudspeaker

A 4




Digital Audio

e Audio file formats: wav, mp3 or flac

e Standards: sampling rate, bit depth
o Consumer audio (CD) : 44.1kHz, 16bits
o Speech audio: 8/16 kHz, 8/16 bits
o Professional audio: 48/96/192 kHz, 24/32 bits

e Why do they have the specific sampling rates and bit depths?
o Need to understand the basic concept of sampling and quantization
o Need to know the “bandwidth” (or maximum frequency) and “dynamic range”
of the audio content



Sampling

e Convert continuous-time signals to discrete-time signals by periodically

picking up the instantaneous values
o Represented as a sequence of numbers
o Sampling period (7,): the amount of time between samples
o Sampling rate ( , =1/T,): the number of samples per second

x(t) » x(nT) - x(n/,)

xn=1) xn) x(n+1)



Sampling Theorem

e How can we determine the sampling rate?
o Too high: increase the number of samples
o Too low: cannot reconstruct the original signal

e Sampling Theorem

o The sampling rate must be greater than twice the maximum frequency in the
signal in order to reconstruct the original signal

fs: sampling rate
fs> 2 fm fin: maximum frequency of the signal




Sampling Theorem

fs > 2fm

(oversampled)

fs =2fm

(critically sampled)

fs < 2fm
(undersamped)

Amplitude

Amplitude

Amplitude

10 4

05

00

-0.5 4

-1.0 4

f:g=24‘HZ fm :3HZ

D2

T
0.4

T
0.6

T
0.8

T
10

fs=6Hz f, =3Hz

0z

T
0.4

T
06

T
08

T
10

— The reconstructed sinusoid
with 1Hz frequency

fs=4Hz f,, =3Hz

Time(s)



Lowpass filter in Sampling

e Thelowpass filter is implemented as an analog circuit when it is used
before the audio-to-digital conversion in the digital audio system

microphone o )
Analog-to-Digital Conversion

Lowpass Sampling Quantization
Filters




Resampling

e Sampling in the digital domain
o Increasing or decreasing the sampling rate

down-sampling
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Resampling

e Itis common to down-sample audio files in music and audio research
o Speeds up the processing and save the disk space
o For example, 44.1TkHz - 22.05 kHz
o High frequency content above 10 kHz has relatively less information

e A “digital” lowpass filter is applied to avoid aliasing in down-sampling
o The lowpass filter is typically implemented with a finite impulse response
filter such as a windowed sync function

Resampling by Sinc

R
S
\
\
i
/ \
J
J
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Sample Time

See more at https://ccrma.stanford.edu/~jos/resample/



https://ccrma.stanford.edu/~jos/resample/

Sampling Rate in Audio Standard

e Determined by the maximum frequency of signals

i< > Music ~ 20 kHz Covered by 44.1 kHz
i< > Speech ~ 3~4 kHz Covered by 8 kHz
100 T T
1 Threshold of pain
1 = 120
\’/
é; 10—2 1 == = TP ~
= \ = = Music e /M
£ 104 < ——— T 80 =
z \K e Speech \ N %
§ 10-6 \ \ AN \ -
é 8 .\'~ e _\\ \ ) } g
< 10 N T~ ~~—1/ -1 40 2
g N I (IS (S o
3 1010 S //
Threshold of audibility—"]~~—__]
10-12 0

10107 50 100 200 500 1000 2000 5000 10,000 20,000
Frequency (Hz)



e Round the amplitude to the nearest discrete steps

o The number of discrete steps are determined by the bit depth
o N bits range from -2V to 2N1-1: 8 bit (-128 to 127), 16 bit (-32767 to 32766)

2N-1.1 7 ®

6

5

Quantization ¢4
step - 3
2

1

0

-1

-2

-3

—4

-5

—6




Bit Depth and Dynamic Range

e Bit depth determines dynamic range of digital signals

e Dynamic range = 20log,,(maximum value /minimum value)
o 8 bits = 20log;o(127/1) ~ 48dB
o 16 bit = 20log;,(32766/1) ~ 96dB
o Adding one bit (x2) increases 6dB : N bits ~ 6N dB



Bit Depth in Audio Standard

e Determine bit depth to cover the dynamic range of audio content

Sound Intensity (W/m?2)

120

80

40

0

100 T T
.+ Threshold of pain
1 [ — et
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\ .- Music Rt
104 - P B
10-6 K /] Speech \\ b N
0-8 \ I~ — - }
1 N '\\._>-i_-_—--—//
10-10 \> //
Threshold of audibility—"[~~_
10-12 =
101407 50 100 200 500 1000 2000 5000 10,000 20,000

Frequency (Hz)

g
3
S Speech ~ 48 dB
Music =~ 80 dB
Covered by
Covered by 8 bits (48dB)

16 bits (96dB)



Audio Data Representations

Waveform

Mel-frequency spectrogram

Mel-spectrogram Constant-Q transform



e 2D-image representation of audio using Short-Time Fourier Transform

o Xx-axis: time, y-axis: frequency, color: magnitude response
o Itis common to use dB scale (a log scale) for the magnitude
o Easy to match what you hear to what you see

Hz

+0 dB
10000
-10dB

8000 -20 dB

-30dB

6000
-40 dB

4000 -50 dB
-60 dB
2000
-70 dB

-80 dB




Short-Time Fourier Transform (STFT)

e STFT is a series of discrete Fourier transform (DFT) computed from
windowed waveform segments

x(D)

One frame

0000

A 4

—>| DFT | X|

7

x(l—1) / 8000

One frame
W —>| DFT >0 X
60

1\ Windowing

N
Windowing 4000

Hz

hop size

TR RETTRTTI R

2000

N

Window size



Discrete Fourier Transform (DFT)

e Decompose the signal into sinusoidal components
o Compute the magnitude and phase of the sinusoidal components

0 200 400 B0 800 1000
time in samples

This image is from Pink Floyd’s “The Dark Side of the Moon”



Discrete Fourier Transform (DFT)

e The signalis represented in the frequency domain

0.10
0.05 4
0.00 4
—0.05 A

—-0.10 A

0

200

a00 00
time in samples

800

1000

ZH ul Axuanbagy

0aL

This image is from Pink Floyd’s “The Dark Side of the Moon”
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Discrete Fourier Transform (DFT): Definition

e Inner product between x(n) with a length N and a complex sinusoid

.2tkn

e’ N with alength N at frequency k (k =0,1,...,N — 1)

- _:2mkn ~ 2mwkn 2mwkn ejZ%m = cos 2mkn + jsin 2mhn
X(k) = z x(n)e 7N = z x(n)(cos — jsin ) — N N
N N . .

n=0 n=0 Euler’s identity

N 2mkn o 21k

mkn wkn
= z x(n)cos N —j Z x(n)sin N re(k) + jXim (k)
n=0 n=0

e The magnitude and phase

Xnag ) = Vs G7 X Ky = tan ™ G




Complex Sinusoids in DFT

e The frequencies of complex sinusoid in DFT is determined by N

.2mkn 2mtkn
sy(n) =e/"N = cos

N

2mkn
N

+ jsin

o Frequencies: % radian or %fs(fs: samplingrate) (K =0,1,2,..,N — 1)

Example: N =8

— 3
z=Wy

Im{z}

v = et If £,=8000 Hz, the DFT frequencies are

0, 1000, 2000, 3000, ..., 7000 Hz

— 0
=Wy
Re{z}
. DR N
5 -3
= WN = WN . 2
z= Wﬁ_l = g"m‘\"_]lr =¢ G = gﬂT = e /4



https://ccrma.stanford.edu/~jos/dft/

Complex Sinusoids in DFT

Example: N = 8

Even-symmetric

with period N

Re{s,(k)} = Re{s,(—k)}
Re{s,(k)} = Re{s, (N — k)}
Re{s; (k)} = Re{s;(l- N + k)}

]
— —
DE [=]

"
— —a

-1

OoOatioabo

//’
gl

2k

O_L_ll.

3 k=2 k

k=-4 k=
g_n o =

"
—

FAWAY)
]

\*\)/“

q

\/\/\/

Eo

o

Time (samples)

2 4 6 8

k=1

o
Il

-1

k=-4 k

Imaginary Part

-3 k=2 k

Odd-symmetric
with period N

Im{s,(k)} = —Im{s,(=k)}
3 Im{s(k)} = —Im{s, (N — k)}
Im{s;(k)} = Im{s, (l- N + k)}


https://ccrma.stanford.edu/~jos/dft/

Orthogonality of Complex Sinusoids

e Inner product between two complex sinusoids
o Two complex sinusoids with different frequencies are orthogonal

N—-1
21PN _.2mgn N ifn =
. * = ] N . ] N = p q
sp(n) - sq(n) E e € { 0  otherwise

n=0

o E 0 otherwise
| |sinQRzpn/ N)sinRzgn/N))=[1 N/2 if p=gq
n=0 [] o AT N-1
5 —N/2 i p=N-gq | | cos(Qrpn/ N)sin(2zgn/ N))=0
n=0
Vo I N/2 ifp=qorp=N-—g

|| cos(2zpn/ N)cos(2zgn/ N))="] .
0 5 0 otherwise



Discrete Fourier Transform (DFT)

e Matrix multiplication view: X = 5*- x

X(O0) 1 [ 500 so(1) - so(N—=1) [ x(0)
X [_| si©@ si@® s -1 ] x(D)

X -1l Lsi0) sia @ s =l lxav - 1)

o S is a unitary matrix (an orthogonal matrix for complex number) from the
previous slide

N: input length
I : identity matrix
S*: conjugate transpose

S-S*=S*S=N-I

o DFT is the orthogonal projection on S*




Inversed DFT

e Obtain Inverse DFT from the orthogonality: x =S~ 1- X = % S*- X

x(0) ] [ S0 (0) s1(0) sn-1(0) [ X(0)
x(1) _ l so(1) s1(1) o sy-1(1) X(1)
: N : : : :
x(N —1)] Sg(N—=1) s;(N—=1) = sy_4(N—=1DILX(N—1),

N-1
1 .21kn
x(n) = N Z X(k)e! N
k=0

o The inverse DFT indicates that the original signal is the sum of sinusoidal
components over frequency k, and the magnitude and phase of the
sinusoidal components are determined by DFT




Properties of DFT

5 A
o 1X(k) = 1X(=K)| = [X(N — k)| of o Tn% “J’ T
o ¢X(k)=—-2X(=k)=—2X(N —k) ‘°_'5 | | l J | ']
e Periodicity 1or % (k= g) fs (k. = N)
o X(k) =Xk +N)=X(k+2N) = .. 7 L l
0, T729¢¢o1oowooo1o5 ooozoooaocpzq;@??lo
4 Phast—'T-(N=32) ‘ ‘ ‘
z? | n¢@9???TTTTTTT
Al llllii&ééaaé S
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Fast Fourier Transform (FFT)

e In practice, we use an FFT algorithm instead of direct matrix
multiplication
o Divide the matrix into small matrices recursively
o Complexity reduction: O(N4) - O(Nlog,N ):
o See more about the complexity reduction in Gilbert Strang’s lecture on FFT
(https://www.youtube.com/watch?v=M0Sa8fL OajA)



https://www.youtube.com/watch?v=M0Sa8fLOajA

Review of STFT

e STFTis a series of DFT computed from windowed waveform segments
o Spectrogram changes according to window type window size, and hop size

(k——) \

One frame

x(l—1)

x(D)

4

7

fs

DFT

\ 4

X

0000

One frame |M“W“H

1

Windowing

DFT

Windowing

hop size

“vﬂﬂﬁPPPﬂﬂHﬂﬂﬂﬂv

N

Window size

N
7

X

Hz

8000

4000

2000




Window Types

e Trade-off between the width of main-lobe and the level of side-lobe

Hann window is the most widely used in music analysis

Rectangular Triangular Hann Blackmann
: : : : : : : : : G000

g 1 £
2 :
Zos | S
S :
< o—t foreeees 4000

-200 0 200
)
@ 2000
©
2
c
§ | | | | A shape of

500 800 0 500 800 0 500 2800 0 so0 the peak

Spectra of windowed sinusoids



Effect of Window Size

e Trade-off between time and frequency resolutions

Hz

10000

8000

6000

4000

2000

o Short window: low frequency-resolution and high time-resolution
Long window: high frequency-resolution and low time-resolution

@)

Time

Window size: 256 samples

Time

Window size: 1024 samples

+0dB

-10dB

-20dB

-30dB

-40 dB

-50 dB

-60 dB

-70 dB

-80 dB



Filter Bank View of STFT

e STFT can be viewed as bandpass filter banks

(o]

Xk, 1) = Z x(n)

[0.0)

hy(n—1-R) = x* hy(n)

n=—oo

win—1-Re N 2 > xm)

R: hop size e
ho(n)  |—> X(0,D)
h(n) > XD
h,(n) —> X(2,D
hy_1(n) > X(N -1,

bandpass filter banks

This is the convolution of x(n) and h(n)
but the output is down-sampled by R.

.(ann)

hy(n) = w(n)e /"N

The impulse response of bandpass
filters is a windowed complex sinusoid
(They all have the same length and the
center frequency is equally spaced)



Human Ears

e Human ear is a spectrum analyzer?
Cochlea in the inner ear is a bandpass-filter bank
Basilar membrane resonates at a different position for a different frequency

of the input.
The resonance frequency increases in a log scale along the membrane

©)

©)

Relative
amplitude

0.5 /

Basilar membrane

[

Semicircular
canal

. Plnna_ xMalleus

Apicalend
= £

31mm 28 24 20 17 13mm Basal

X
N

Frequencyr

'ZU 30 50

100

200 300500 1k 2k

(Unrolled) Cochlear

= (Hz)

window

Middle Inner
ear ear



Human Pitch Perception

e Pitch Resolution
o Just noticeable difference (JND) increases as
frequency goes up

e Mel scale

o Most widely used for speech and music analysis ol ot

o Approximate the human pitch resolution based

on pitch ratio of tones
o Alog frequency scale:

m=2595log,,(1+f/700) ——

EATIHTITHTTE

5000 T T T T T T T T T
2000 -
1000 Vil
500 e
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~
|

T

200
100

() A
S o
| A S LI LAAAE A

—_ kN w <

AF (Hz)

| Just noticeable
difference

I FETTE B S | 50
50 100 200 500 1k 2k Sk 10k
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Computing Mel-Spectrogram

e Mapping linear frequency to mel scale
o All frequency content within the band of each filter is summarized into a
single mel bin

o High-frequency range content is relatively more squeezed than low-
frequency range content

10000

Center Band
Frequency Width**®

8000

6000

4000

2000

Mel-scaled
filter bank Mel-spectrogram (128 mel bins)

Spectrogram (1024 freq. bins)



Musical Pitch Scale

e Musical tuning system
o Equal temperament: 1: 2'/12 ratio for semi-note
o Music note (m) and frequency (f) in Hz

m—69)
12

f (
m=12log,(——)+ 69, =440[2
g2(440) S

e We can get “musical spectrogram” using filter banks
from the musical scale

o However, the resolution in low frequency is not sufficient
(e.g., one frequency bin covers several notes)

https://newt.phys.unsw.edu.au/jw/notes.html

Frequenc:
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s 20
22175 30030
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g 110
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466,16 1330'83
415,30 350 10
368.99 349723
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233,08 550'0g
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555 18001
11654 1o
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52.49% 37307
7 0T
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46.249 43 cey
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Constant-Q Transform

e Time-frequency representation which uses a set of sinusoidal kernels

with log-spaced frequencies
o Asthe frequency increases, the length of sinusoidal kernels becomes shorter

(bandwidth becomes wider) to have constant Q (= frequency/bandwidth)

kemel number

s =

- [ o - o

Real part of temporal kernels

kemne! number

25

Spectral kernels

(Schorkhuber and Klapuri, 2010)



Constant-Q IIR Filter Bank

e Musically designed constant-Q transform

©)

@)

88 IR bandpass filters

The center frequency corresponds to the
pitch of each piano note

The bandwidth is set to have constant-Q
with +/- 25 cent around the center

(100 cents = 1 semi-tone)
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(Miiller, 2011)



Example: Constant-Q Transform

e Chromatic music scale
o The harmonics of notes increase linearly in the constant-Q transform

10000

Time

Spectrogram Constant-Q transform



Spectrogram Tools

e https://musiclab.chromeexperiments.com/Spectrogram/

e https://soundlab.cs.princeton.edu/software/sndpeek/

e https://www.audacityteam.org/



https://musiclab.chromeexperiments.com/Spectrogram/
https://musiclab.chromeexperiments.com/Spectrogram/
https://soundlab.cs.princeton.edu/software/sndpeek/
https://soundlab.cs.princeton.edu/software/sndpeek/
https://www.audacityteam.org/
https://www.audacityteam.org/
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