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Outline

A snapshot / lightning tour of some of our work in:
 Musical Audio Analysis

 Beat Analysis

e Music Transcription

 Visualisation

 Interaction
e Audio Source Separation
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Part 1. Musical Audio Analysis
Beat analysis
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Step 1: Onset Detection

(c) energy (dB)

(b) spectrogram
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1. Take the Fourier Transform
of frames

2. Measure the phase

3. Predict next phase from last 2
phases

4. Diff = onset detection function
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Step 2: Beat Period
How estimate beat period?
-> Peaks in autocorrelation DF E}EM{\M [\M\J\J\’\J\kw

(ACF) Of Detection 50 100 150 200 25‘3 3L| 350 400 450 500

Function (DF) A/\MM

But...how choose the right PV VUV VY VY VU UV
level? T
: : =20 || ¢ =
-> weighted comb filter 1 ‘ ~ tempo = 260 bpm
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. ACF

Beat period samples

Emphasis on causal implementation
(Don’t use future information)
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Beat Period
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Step 3: Alignment & Prediction

(1) Align comb at beat period with

strongest DF peaks

DF

Comb
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output
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(2) Predict at beat period intervals
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Not the end of the story...

Simple model:
Changes are hardest:

Step, Ramp, Expressive

Human tapping
vs algorithm
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Further refinement:

Genera

State
2-state model i Rayleih
weighting
Context-
dependent
State Tempo
Gaussian A.---.  Change
weighting ‘ N
------------------- > S2)
VAN Remain in S, ‘ J\
T until tempo change T
current beat new beat

period hypothesis period hypothesis

Allowed Metrical Levels (Total)

Performance
close to state-of-
art (Klapuri et al,
2006) but much
less complex.
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Music Transcription
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Polyphonic Transcription Problem
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Generative Model

Spectra x are weighted sum A of source s plus noise e
X=As+e

Simplest case, s = activity of individual notes

Assume gaussian iid e with sparse priors p(s;)
Inferred representations s shrink towards zero
-> Sparse coding: most elements of s are zero

AY &

(Also have to handle learning the matrix A)
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Example: Synthetic Harpsichord

Result: 54 non-zero vectors MIDI Bach Partita in A Minor BWV827
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Example: Real Piano

Time domain sparse coding

Freq domain sparse coding

unknown:beet:bag:33, nnsc{genexp2(0.2))
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(a) F3 group

. o | Pitch groups
. WPV A single musical

! ) 3 3 5 “note” is made up
(b) Ab4 group from a subspace
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Pitch group activities
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Visualisation
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Sonic Visualiser
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Analysis: Segmentation
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Structure in Music

The Beatles — Let it Be
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Finding repeating patterns

Look for repeating changes of texture (timbre)
Large approximate pattern: the verse
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Interaction: B-Keeper
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B-Keeper

Audio In
ﬂ:’t,ldio Out
% T
| Tempo
>
MIDI Click
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Pre-processing
Onset Detector
in Max/MSP

Y

Beat

-------------------

Java, Max/MSP

User-controlled
parameters
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[Video]
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Part 2. Source Separation
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Mixing musical audio

Concert room or conference room

Studio

%
#

Close directional
microphones
(extended source)

Far—field coincident
microphone pair

a——a

Close directional

microphones Direct Near—anechoic
(point sources) sound recording
Far—field
near—coincident
microphone pair
—— Multitrack Mixing Synthetic
recording software mixture
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Source Separation from Mono Mix

If no of sources = no of microphones:
-> use independent component analysis (ICA) and variants.
But what if fewer microphones — or only one?

Sources Observation Separated Signals

S
“”‘ N"'I i| e 1'

T G 2
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One approach: Nonnegative Matrix Factorization (NMF) of spectrograms.
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Nonnegative Matrix Factorization

Lee & Seung (2000)
Decompose spectrogram matrix V
Into nonnegative product: V ~ WH

Decomposition: Separation:
Magnitude Septrogram
frequency
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time
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N IVI F Exa m ple Separate the audio using time-freq masking.

Basis vectors can be grouped by hand.
Also investigating source-directed grouping.

the Spectrogram of the Mixture
1 g T ™ =E R T

T -"“-
o 5
e

Artificial mixture

> [ Original Flute Sound Original Piano Sound
%ns-." :

04p

03p.

nzf - e T e

] S e '—rz,-;-;—',.- —]

s e T
7 =
1} 1 4 3 4 5 B 7 i
Titne

) o a

2 o oo oo =) & =) oo oo
o @ > om R o0 2N oo @ o @ 0@ >0 >no =
e — e —r Yoo T o —— o —— O —— & ——

e
¥ Queen Mary  contre or [

University of London




Source Separation from Stereo

For pan-potted stereo, sources have “angle”. 6 =arctan(x, / xq)
Transform into a sparse representation of the sources.
Typically short-time Fourier transform (STFT) used.

4 sources mixed to
stereo (2 channels)
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Cosine Packet Trees

Alternative to STFT...
Adapt frame size to signal.

Can do this efficiently with
Cosine Packet Tree / Best
Basis (Coifman &
Wickerhauser, 1992)
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Stereo Separation Example

A synthetic mixture of “real” tracks (Personalized Perfection by
Another Dreamer)
[ st
S2

X1 (090 0.71 0.50 0.28
x>/ \ 0.09 029 050 0.72 S3
\ S4 /

Original Sources Stereo Mix Estimated Sources
< A Percussion
N § ! Guitar 1
< Ny Vocal
< Ny Guitar 2
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Convolutive Stereo Mixtures

o Sparsifying transform in place of STFT
 Finds basis functions with delays
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Cluster delays to find sources
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Results

Mixtures

v !

Freq Domain ICA
(Frame size=256)
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Sparsified Basis
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Summary

 Interesting (and hard!) problem domain
e Seen some approaches to:
* Music audio analysis:
e Onset detection & beat tracking
e Source separation
* Music transcription
 Visualisation
e Source Separation
e Single Channel
e Multi channel
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Many thanks to...

 Samer Abdallah
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