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Statistical Approaches

� Probabilistic

� Hierarchical signal models to incorporate prior knowledge/inspiration
from various sources:

{ Physics(acoustics, physical models, ...)

{ Studies of human cognition and perception(masking, psychoacoustics, ...)

{ Musicology(musical constructs, harmony, tempo, form ...)

� Consistent framework for developing inference algorithms

� Contrast to Traditional/Procedural approaches { where no clear
distinction between \what" and \how"

� Need to overcome computational obstacles (time, memory)
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Generative Models for audition

� Computer audition, inverse synthesis via Bayesian inference

p(StructurejObservations) / p(ObservationsjStructure)p(Structure)

Goal: Developing 
exible prior structures for modelling nonstationary
sources
� source separation, transcription,
� restoration, interpolation, localisation, identi�cation,
� coding, compression, resynthesis, cross synthesis
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Bayesian Source Separation

� Joint estimation of Sources, given Observations

Source Model,v : Parameters of Source prior

sk; 1 : : : sk;n : : : sk;N v

xk; 1 : : : xk;M

k = 1 : : : K

�

Observation Model,� : Channel noise, mixing system

p(SrcjObs) /
Z

d� dvp(ObsjSrc; � )p(Srcjv )p(v )
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Audio Restoration/Interpolation

� Estimate missing samples given observed ones

� Restoration, concatenative expressive speech synthesis,...

0 50 100 150 200 250 300 350 400 450 500

0

CemgilHierarchical Bayesian Models for Music Signal Analysis. Nips 2007 Workshops, Whistler, Canada, 1 December 2007 5



Polyphonic Music Transcription

� from sound ...
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Modelling and Computational issues

� Hierarchical

{ Signal level
pitch, onsets, timbre

{ Symbolic level
melody, motives, harmony, chords, tonality, rhythm, beat,tempo, articulation,
instrumentation, voice ...

{ Cognitive level
expression, genre, form, style, mood, emotion

� Uncertainty

{ Parameter Learning
Which pitch, rhythm, tempo, meter, time signature ... ?

{ Model Selection
How many notes, harmonics, onsets, sections ... ?
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Generative Models for Music
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Generative Models for Music

Score Expression

Piano-Roll

Signal

CemgilHierarchical Bayesian Models for Music Signal Analysis. Nips 2007 Workshops, Whistler, Canada, 1 December 2007 9



Hierarchical Modeling of Music
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Modelling levels

� Physical - acoustical

� Time domain { state space, dynamical models

� Transform domain { Fourier representations, Generalised L inear
model

� Feature Based

Research Questions:

What kinds of prior knowledge and modelling techniques are useful?
How can we do e�cient inference ?
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Signal Models for Audio

� Time domain { state space, dynamical models

{ Conditional Linear Dynamical Systems, Gaussian processes(e.g.
AR, ARMA), switching state space models

{ Flexible, Physically realistic,
{ Analysis down to sample precision, Computationally quite heavy

� Transform domain { Fourier representations, Generalised L inear
model

{ Models on (orthogonal) transform coe�cients, Energy compaction
{ Practical, can make use of fast transforms (FFT, MDCT, ...)
{ Inherent limitations (analysis windows, frequency resolution)
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Sinusoidal Modeling

� Sound is primarily about oscillations and resonance

� Cascade of second order sytems

� Audio signals can often becompactly represented by sinusoidals

(real) yn =
pX

k=1

� ke� 
 k n cos(! k n + � k )

(complex) yn =
pX

k=1

ck (e� 
 k + j! k )n

y = F (
 1:p; ! 1:p)c
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State space Parametrisation

xn +1 =

0

@
e� 
 1+ j! 1

. . .
e� 
 p+ j! p

1

A

| {z }
A

xn x0 =

0

B
B
@

c1

c2
...

cp

1

C
C
A

yn =
�

1 1 : : : 1 1
�

| {z }
C

xn

x0 x1 : : : xk � 1 xk : : : xK

y1 : : : yk � 1 yk : : : yK
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State Space Parametrisation
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Audio Restoration/Interpolation

� Estimate missing samples given observed ones

� Restoration, concatenative expressive speech synthesis,...
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Audio Interpolation

p(x : � jx � ) /
Z

dHp(x : � jH )p(x � jH )p(H)

H � (parameters, hidden states)

H

x : � x �

Missing Observed
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Probabilistic Phase Vocoder (Cemgil and Godsill 2005)

A � Q�

s�
0 � � � s�

k � � � s�
K � 1

� = 0 : : : W � 1

x0 xk xK � 1

s�
k � N (s�

k ; A � s�
k � 1; Q� ) A � � N

�
A � ;

�
cos(! � ) � sin(! � )
sin(! � ) cos(! � )

�
; 	

�
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Inference: Structured Variational Bayes

A � q(A � ) Q� q(Q� )

� � � s�
k � 1 s�

k s�
k+1 � � �

� 2 C

Q
k q(s�

k js�
k � 1)

xk q(xk )

� Intuitive algorithm:
{ Substract from the observed signalx the prediction of the frequency bands in: � .
{ Compute a �t for � to this residual and iterate.

� For �xed A; Q , this is equivalent to Gauss-Seidel, an iterative method for solving linear systems of
equations.
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Restoration

� Piano

{ Signal with missing samples (37%)
{ Reconstruction, 7.68 dB improvement
{ Original

� Trumpet

{ Signal with missing samples (37%)
{ Reconstruction, 7.10 dB improvement
{ Original
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Hierarchical Factorial Models

� Each component models a latent process

� The observations are projections

r �
0 � � � r �

k � � � r �
K

� �
0 � � � � �

k � � � � �
K

� = 1 : : : W

yk yK

� Generalises Source-�lter models
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Harmonic model with changepoints

r k jr k � 1 � p(r k jr k � 1) r k 2 f 0; 1g

� k j� k � 1; r k � [r k = 0]N (A� k � 1; Q)| {z }
reg

+ [ r k = 1]N (0; S)| {z }
new

yk j� k � N (C� k ; R)

A =

0

B
B
@

G!

G2
!

. . .
GH

!

1

C
C
A

N

G! = � k

�
cos(! ) � sin(! )
sin(! ) cos(! )

�

damping factor0 < � k < 1, framelengthN and damped sinusoidal basis matrixC of sizeN � 2H

CemgilHierarchical Bayesian Models for Music Signal Analysis. Nips 2007 Workshops, Whistler, Canada, 1 December 2007 22



Exact Inference in switching state space models is intracta ble

� In general, exact inference is NP hard

{ Conditional Gaussians are not closed under marginalization

) Unlike HMM's or KFM's, summing overr k does not simplify the �ltering
density

) Number of Gaussian kernels to represent exact �ltering density p(r k ; � k jy1:k )
increases exponentially

-7.90366.6343

0.76292

-10.3422

-10.1982-2.393

-2.7957

-0.4593
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Exact Inference for Changepoint detection

� Exact inference is achievable in polynomial time/space

{ Intuition: When a changepoint occurs, the state vector� is reinitialized
) Number of Gaussians kernels grows only polynomially(See, e.g., Barry and Hartigan

1992, Digalakis et. al. 1993,�O Ruanaidh and Fitzgerald 1996, Gusta�son 2000, Fearnhead 2003, Zoeter and

Heskes 2006)

r1 = 1 r2 = 0 r3 = 0 r4 = 1 r5 = 0

� 0 � 1 � 2 � 3 � 4 � 5

y1 y2 y3 y4 y5

� The same structure can be exploited for the MMAP problemarg maxr 1:k p(r 1:k jy1:k )

) Trajectories of r ( i )
1:k which are dominated in terms of conditional evidence

p(y1:k ; r ( i )
1:k ) can be discarded without destroying optimality
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Monophonic model (Cemgil et. al. 2006)

� We introduce a pitch label indicatorm

� At each timek, the process can be in one of thef \mute" ; \sound"g � M states.

r0 r1 : : : rT

m0 m1 : : : mT

s0 s1 : : : sT

y1 : : : yT
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Monophonic Pitch Tracking

Monophonic Pitch Tracking= Online estimation (�ltering) of p(r k ; mk jy1:k ).
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� If pitch is constant exact inference is possible
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Transcription

� Detecting onsets, o�sets and pitch to sample precision(Cemgil et. al. 2006, IEEE
TSALP)

500 1000 1500 2000 2500 3000 3500

Exact inference (S)
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Tracking Pitch Variations

� Allow m to change withk.

50 100 150 200 250 300 350 400 450 500

� Intractable, need to resort to approximate inference (Mixture Kalman Filter -
Rao-Blackwellized Particle Filter)
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Factorial Generative models for Analysis of Polyphonic Aud io

n
fr
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ue

nc
y

k

x k

� Each latent changepoint process� = 1 : : : W corresponds to a \piano key".
Indicatorsr 1:W; 1:K encode a latent \piano roll". (S1) (S2) (S3)
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Single time slice - Bayesian Variable Selection

r i � C (r i ; � on; � o� )

si j r i � [r i = on]N (si ; 0; �) + [ r i 6= on]� (si )

x j s1:W � N (x ; Cs 1:W ; R )

C � [ C1 : : : C i : : : C W ]

r1 . . . rW

s1 . . . sW

x

� Generalized Linear Model { Column's ofC are the basis vectors
� The exact posterior is a mixture of2W Gaussians
� When W is large, computation of posterior features becomes intractable.
� Sparsity by construction (Olshausen and Millman, Attias, ...)

CemgilHierarchical Bayesian Models for Music Signal Analysis. Nips 2007 Workshops, Whistler, Canada, 1 December 2007 30



Factorial Switching State space model

r 0;� � C (r 0;� ; � 0;� )

� 0;� � N ( � 0;� ; � � ; P � )

r k;� j r k � 1;� � C (r k;� ; � � ( r t � 1;� )) Changepoint indicator

� k;� j � k � 1;� � N ( � k;� ; A � ( r k ) � k � 1;� ; Q � ( r k )) Latent state

yk j � k; 1:W � N (yk ; Ck � k; 1:W ; R ) Observation

r �
0 � � � r �

k � � � r �
K

s�
0 � � � s�

k � � � s�
K

� = 1 : : : W

yk yK
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Synthetic Data
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Technical Di�culties

� Inference is quite heavy

� Vanilla Kalman �ltering methods are not stable { computations with
large matrices

{ Need advance techniques from linear algebra
{ Interesting links to subspace methods

� Hyperparameter learning is necessary
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Modelling levels

� Physical - acoustical

� Time domain { state space, dynamical models

� Transform domain { Fourier representations, Generalised L inear
model

� Feature Based
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Spectrogram

� Basis functions � k (t), centered around time-frequency atomk = k(� ; � ) =
(Frequency, Time ), such as STFT or MDCT.

x(t) =
X

k

sk � k (t)
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� Spectrogram displayslog jsk j or jsk j2 (of STFT)
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Models for time-frequency Energy distributions

� Non-Negative Matrix factorisation(Sha, Saul, Lee 2002, Smaragdis, Brown 2003,

Virtanen 2003, Abdallah, Plumbley 2004 )

X �;� = W�;j Sj;�

Spectrogram = Spectral Templates� Excitations

= �

{ ... however, spectrograms are not additive (a2 + b2 6= ( a + b)2)

CemgilHierarchical Bayesian Models for Music Signal Analysis. Nips 2007 Workshops, Whistler, Canada, 1 December 2007 36



Models for time-frequency Energy distributions

� Mask models(Roweis 2001, Reyes-Gomez, Jojic, Ellis 2005 ...)

X �;� = [ r �;� = 0]S(0)
�;� + [ r �;� = 1]S(1)

�;�

Spectrogram = Mask� Source0 + (1 � Mask) � Source1

= + +

{ ... however, sources do overlap in time and frequency
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Prior structures on time-frequency Energy distributions

� Main Idea: Spectrogram is apoint estimate of the energy at a
time-frequency atomk(�; � ).

� We place a suitable prior on thevariance of transform coe�cients sk

and tie the prior variances across harmonically and temporally related
time-frequency atoms

p(sjv )p(v ) =

 
Y

k

p(sk jvk )

!

p(v )
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One channel source separation, Gaussian source model

vk; 1 : : : vk;N

sk; 1 : : : sk;N

xk

k = 1 : K

sk;n jvk;n � N (sk;n ; 0;vk;n )

xk jsk; 1:N =
P N

n =1 sk;n

� Straightforward application of Bayes' theorem yields

p(sk;n jvk; 1:N ; xk ) = N (sk;n ; � k;n xk ; vk;n (1 � � k;n ))

� k;n = vk;n =
X

n 0

vk;n 0 (Responsibilities)

� Each source coe�cientsn gets a fraction� n of the observationx
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One channel source separation, Poisson source model

vk; 1 : : : vk;N

sk; 1 : : : sk;N

xk

k = 1 : K

sk;n jvk;n � PO (sk;n ; vk;n )

xk jsk; 1:N =
P N

n =1 sk;n

� This is the generative model for the NMF when we write

vk ( �;� ) ;n = t �;n � e�;n (Template� Excitation)
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Gamma G(x; a; b) and Inverse Gamma IG (x; a; b)
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G(x; a; z) � exp((a � 1) logx � z� 1x + a logz� 1 � log �( a))

IG (x; a; z) � exp((a + 1) log x � 1 � z� 1x � 1 + a logz� 1 � log �( a))

� Gamma: Conjugate prior for Gaussian precision, Poisson intensity, Inverse Gamma scale

� Inverse Gamma: Conjugate prior for Gaussian variance and Gamma scale
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Gamma Chains

We de�ne aninverse Gamma-Markov chain fork = 1 : : : K as follows

vkjzk � IG (vk; a; zk=a)

zk+1 jvk � IG (zk+1 ; az; vk=az)

z1 � � � vk � 1 zk vk zk+1 � � �
az a az

� Variance variablesv are priors for sources

� Auxillary variablesz are needed forconjugacyand positive correlation

� Shape parametersa and az describe coupling strength and drift of the chain
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Gamma Chains, typical draws
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Gamma Chains with changepoints, typical draws
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Gamma Chains

� The joint can be written as product of singleton and pairwise
potentials of form

 k;k = exp( � az� 1
k v� 1

k ) (Pairwise)

z1 � � � vk � 1 zk vk zk+1 � � �
az a az

� z
k = exp(( az + a + 1) log z� 1

k ) (Singletons)
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Gamma Fields

� The joint can be written as product of singleton and pairwise
potentials

 i;j = exp( � ai;j � � 1
i � � 1

j ) (Pairwise)

� i = exp((
X

j

ai;j + 1) log � � 1
i ) (Singletons)
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Possible Model Topologies
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Approximate Inference

� Stochastic

{ Markov Chain Monte Carlo, Gibbs sampler
{ Sequential Monte Carlo, Particle Filtering

� Deterministic

{ Variational Bayes

In all these, conjugacy helps.
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VB or Gibbs

 0;1

z1

 1;1

v1

 1;2

z2

 2;2

v2 � � �

p(y1jv1) p(y2jv2)

� VB

q( � ) (vk )  exp(� k + hlog  k;k + log  k;k +1 i q( � ) (zk )q( � ) (zk+1 ) )

� Gibbs

v( � )
k � p(vk jzk � 1; zk ; yk ) / p(yk jvk ) k;k (z( � )

k ) k;k +1 (z( � )
k+1 )
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VB or Gibbs

 0;1

z1

 1;1

v1

 1;2

z2

 2;2

v2 � � �

p(y1jv1) p(y2jv2)

� VB

q( � ) (zk )  exp(� k + hlog  k;k � 1 + log  k;k i q( � ) (vk )q( � ) (vk+1 ) )

� Gibbs

z( � )
k � p(zk jvk � 1; vk ) /  k;k � 1(v( � )

k � 1) k;k (v( � )
k )
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Denoising - Speech (VB)

� Additive Gaussian noise with unknown variance

� Inference : Variational Bayes

Noisy Original
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Denoising { Music
Original
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Single Channel Source Separation (with Onur Dikmen)

� Source 1: Horizontal : Tie across time : harmonic continuity

� Source 2: Vertical : Tie across frequency : transients, percussive sounds
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Single Channel Source Separation with IGMCs

E-guitar \Matte Kudasai (King Crimson)" + Drums \Territory (Sepultura)" = Mix

ŝ1 ŝ2

SDR SIR SAR SDR SIR SAR

VB -4.74 -3.28 5.67 -1.58 15.46 -1.37

Gibbs -4.5 -2.62 4.57 1.05 12.46 1.61

GibbsEM -4.23 -2.42 4.82 1.34 13.13 1.85

Pre � trained -4.04 -3.15 8.13 3.56 11.44 4.64

Oracle 6.14 17.16 6.58 12.66 19.95 13.6

� Oracle: We use the square of the source coe�cient as the latent variance estimate

� Pre-trained: We use the best coupling parametersaz and a trained on isolated
sources
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Single Channel Source Separation with IGMCs

\Vandringar I Vilsenhet (Anglagard)" + \Moby Dick (Led Zeppelin)" = Mix

ŝ1 ŝ2

SDR SIR SAR SDR SIR SAR

VB -7.8 -6.22 4.53 -2.35 18.4 -2.25

Gibbs -8.46 -7.53 6.93 -4.04 14.59 -3.83

GibbsEM -7.74 -6.19 4.62 -1.14 16.62 -0.97

Pre � trained -6.4 -5.39 6.95 3.8 16.39 4.14

Oracle 12.1 32.9 12.14 21.13 33.89 21.37
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Harmonic-Transient Decomposition
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Chord Detection - Signal model (with Paul Peeling)
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Chord Detection

...
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Multichannel Source Separation

� Hierarchical Prior Model(Fevotte and Godsill 2005, Cemgil et. al. 2006)

� 1 : : : � n : : : � N � G (� n ; a� ; b� )

vk; 1 : : : vk;n � � � vk;N � IG (vk;n ; �= 2; 2=(�� n ))

sk; 1 : : : sk;n : : : sk;N � N (sk;n ; 0; vk;n )

xk; 1 : : : xk;M

k = 1 : : : K

� N (xk;m ; a>
m sk; 1:N ; rm )

a1 r1 : : : aM

� N (am ; � � � )

rM

� IG (rm ; � � � )
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Equivalent Gamma MRF

� A tree for each source

� � n can be interpreted as the overall \volume" of sourcen
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Source Separation
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Reconstructions
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Multimodality

� Typically underdetermined (Channels< Sources)) Multimodal posterior
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Multimodality

Annealing, Bridging, Overrelaxation, Tempering
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Tempo tracking and score performance matching

� Given expressive music data (onsets/detections/spectralfeatures/....)

{ Determine the position of a performance on a score
{ Determine where a human listener would clap her hand
{ Create a quantized/human readable score
{ ....

� Online-Realtime or O�ine-Batch

� All of these problems can be mapped to inference problems in aHMM
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Bar position Pointer (Whiteley, Cemgil, Godsill 2006)

j j j

3 � � � � � � � �

nk 2 � � � � � � � �

1 � � � � � � � �

1 2 3 4 5 6 7 8

mk

3/4 time

4/4 time

� Each dot denotes a statex = ( m; n) (Score Position { Tempo level)

� Directed Arcs denote state transitions with positive probability
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Bar position Pointer - transition model
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Bar position Pointer - k = 1
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Bar position Pointer - k = 2
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Bar position Pointer - k = 3
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Bar position Pointer - k = 4
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Bar position Pointer - k = 5
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Bar position Pointer - k = 10
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Bar position Pointer - observation model (Poisson)

� Observation modelp(yk jxk ) : Poisson intensity
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Tempo, Rhythm, Meter analysis

Bar Pointer Model (Whiteley, Cemgil, Godsill 2006)

n0 n1 n2 n3

� 0 � 1 � 2 � 3

m0 m1 m2 m3

r0 r1 r2 r3

� 1 � 2 � 3

y1 y2 y3

� � : Time signature indicator (e.g.3=4; 4=4), r : Rhytmic pattern indicator
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Filtering
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Smoothing
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Time Signature
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Score-Performance matching (ISMIR) 2007

� Given a musical score, associate note events with the audio
 

4

t

x t
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Score-Performance matching - Graphical Model

� = 1 ; : : : ; W

t1 t2 : : : tK

r1 r2 : : : rK

� 1 � 2 : : : � K

v�; 1 v�; 2 : : : v�;K

s�; 1 s�; 2 : : : s�;K

 

6 7 81 2 53 4

r k

v�;� � IG (v�;� ; a; 1=(a�� � (r � )))
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Score-Performance matching - Signal model
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Score-Performance matching

Spectrogram Data
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Transcription
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Summary

� \Time Domain" { Switching State Space Models

{ State space modeling,
{ Conditional Linear Dynamical Systems, Gaussian processes(e.g.

AR, ARMA)
{ Analysis down to sample precision (if required)
{ Computationally quite heavy

� \Transform Domain" { Gamma Fields

{ Models on (orthogonal) transform coe�cients, Energy compaction
{ Practical, can make use of fast transforms (FFT, MDCT, ...)
{ Inherent limitations (analysis windows, frequency resolution)
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Summary

� Gamma chains and �elds: a 
exible stochastic volatility prior for

{ Time-Frequency Energy distributions,

� Ongoing Work:

{ Comparison of inference methods (VB, MCMC, SMC)
{ Learning
{ Applications

� Chord detection, Polyphonic transcription
� Musical Score guided source separation

{ Prior structures for other observation models, NMF
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