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Abstract

In recent years there has been much effort towards au-
tomatic content-based music information retrieval. Such
systems first analyze the audio content to obtain a MIDI-
like representation, then pattern matching techniques are
applied in order to identify what one desires. The task
is to find a feasible MIDI-like representation. In this pa-
per, the idea of discovering the MIDI-like representation
follows the operation of music composing software tools
called “trackers” – a music is done by putting the sounds
into the tracks. Our concept of music/audio signal de-
composition (ASD) is a reverse process. Bayesian statis-
tical methods are applied.

Introduction

There is an original observed audio signal (a song) Y
being a composition of anything – from the tone A of
the piano to the drum loop in a popular song (the audio
component). Then we are given a set of audio compo-
nents and we expect that it is possible to combine the
observed signal from the audio components in the set or
their parts. We can examine the two tasks:

1. Identify the components on the positions in time, or
their possible transformations.

2. To investigate the conditions while the set of samples
is large enough w.r.t. the transformations and the
observed signal may be recovered.

The first is a starting point to the ASD concept, therefore
this paper is aimed at this, specifically, on identification
of the components or their parts and finding their start
times. Every component consists of consecutive frames. A
frame is a vector of windowed Discrete Fourier Transform
gained from the audio signal of a short duration (0.05-
0.1s). All frames of all components build matrix X.

Selection of Algorithms

This Music decomposition is a complex problem and de-
terministic approaches do not allow to incorporate all
useful information (heuristics) into the solution of this,
hence we are made to search for a large space to find the
optimal or sub-optimal parameters. Bayesian estimation
allows this, but exact parameter estimation is not usu-
ally possible due to the intractable formulas. However,
there exists a Monte Carlo (MC) methods capable to
approximate them. The approximation is feasible at the
cost of generating many samples, which is not as much

time consuming for such complex problem as the sear-
ching for in the large parameter space. Author’s former
idea was a Matching-Pursuit-like iteration algorithm [2].
It consisted of the two steps – identification of a pre-
dominant component and its subtraction. However, first
tests on identification proved that the local detection of
components (i.e., without considering other components
that could be present at the same time) was not relia-
ble. When the simultaneous components were conside-
red, there was a huge amount of computation load to
get the first predominant candidates, moreover we did
not regard all knowledge we could. That is why we deci-
ded to process its identification part by Sequential Monte
Carlo (SMC). We guess that knowledge information in-
corporated into SMC will allow us to abandon the sub-
traction step. The algorithm of the ASD introduced here
is currently being tested.

Monte Carlo in General

Bayes’s theory provides a general framework for statis-
tical inference. The main concept is that of posterior
distributions, which result from both the likelihood and
the prior. MC methods approximate the minimum mean
square error (MMSE) [2]

θ̂MMSE =
∫

θ

θp(θ|X)dθ ≈ 1
M

M∑

i=1

θ̃
(i)

. (1)

We can see that as soon as the samples θ̃
(i)

are obtai-
ned by sampling1 from the posterior θ̃

(i) ∼ p(θ|X), the
problem is solved. That implies that the problem solu-
tion resides in computation of the posterior distribution
which enables sampling. Several technics has been deve-
loped for random variable generation from any pdf. We
deal with the Sequential Importance Sampling (SIS).

Sequential Importance Sampling

Importance sampling (IS) is a trick how to tackle the
problem of being unable to sample from the posterior. It
is drawn from an another distribution q(θ|X) called the
importance. The idea is represented by equation.

θ̂MMSE =
∫

θ

θp(θ|X)dθ =
∫

θ

θ.
p(θ|X)
q(θ|X)

.q(θ|X)dθ (2)

1i.e. generating
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Thus, the MC samples are weighted during averaging

θ̂MMSE ≈ 1
M

M∑

i=1

ω̃(i)θ̃
(i)

, ω̃(i) =
p(θ(i)|X)

q(θ(i)|X)
, p, q 6= 0.

(3)
Now, let us consider the non-linear state space model,
satisfying the Hidden Markov Model assumptions. Then
the weight computation is governed by the recursive [3]

ω̃
(i)
t =

p(θ(i)
0:t|X1:t)

q(θ(i)
0:t|X1:t)

= ω
(i)
t−1

p(Xt|θ(i)
t )p(θ(i)

t |θ(i)
t−1)

q(θ(i)
t |Xt, θ

(i)
t−1)

. (4)

Sequential generation of samples and calculation of wei-
ghts is called Sequential Importance Sampling2. Getting
the optimal q(θ(i)

t |Xt, θ
(i)
t−1) is done preferably analyti-

cally, if it is not possible (our case), we try to approximate
it with an sub-optimal importance (that is a heuristic)
reflecting observed data Xt and past hidden data θt−1.

Model

We consider a linear sequential model of superposition for
every processed observed signal frame yt, for the matrix
of all Nall frames X = [x1|x2| . . . |xNall ] and the vector of
frame presences st. We have

yt ≈ Xst. (5)

The vector of presences st contains either one or zero on
position i w.r.t. the presence or non-presence frame xi.
The vector of one-positions in st is denoted by nt. Length
of nt is represented by Nt and the maximal polyphony is
limited to Nmax. The observed signal Y = [y1|y2| . . . |yT ]
is frame-wise processed by the SMC and the components
or their parts are sequentially identified.

Our observed data at time t is the vector yt. Hidden
parameters θt to discover consists of partly the vector of
indices nt of frames xi, i = 1 . . . Nall, partly the length
Nt of nt and partly the accompanying hyperparameters3

ψt. We would like to sample from the posterior

p(nt, ψt|yt, Nt) ∝ p(yt|ψt,nt).p(nt|nt−1, Nt) (6)
× p(ψt|ψt−1).p(Nt|Nt−1),

where p(yt|ψt,nt) = N (yt − Xt.st; 0,Σ1) is the likeli-
hood of yt being observed given the hidden parameters.
Heuristics p(Nt|Nt−1) says which polyphony is more pro-
bable given the polyphony at t−1. It is given by a transi-
tional table. Furthermore, it ensures, that the polyphony
will not exceed Nmax. p(nt|nt−1, Nt) is a prior distribu-
tion for the indices of simultaneous frames which is ob-
tained from the transition table H more laboriously (see
table 1). The prior reflects a higher probability of gene-
rating a frame index which is a continuation of the frame
present at time t−1. p(ψt|ψt−1) = N (ψt; ψt−1,Σ2) is a
prior (also a transitional) for the hyperparameters. Cal-
culation of the posterior, which the hidden parameters
could be generated from, is not possible since the dis-
tribution p(nt|nt−1, Nt) is non-linear, non-gaussian and

2also called Particle Filtering
3e.g., variance of the likelihood

1 2 3 4
1 1
2 1
3 0.8
4 0.4

Tabulka 1: Example of the table H of transitions p(nt|nt−1)
between 4 frames. Rows – previous frames, columns - upco-
ming frames (n is not a vector now).

even the number of items nt varies. Therefore we follow
the way of IS – the hidden parameters θt = [Nt,nt, ψt]
are obtained by generating the MC samples from their
importance distributions. Nt, ψt are generated from their
priors (see the algorithm). However, importance distri-
bution sampling nt ∼ p(nt|yt,nt−1, Nt) is formulated in
Bayesian manner (heuristics from the data yt times the
prior), thus enabling to generate samples of high proba-
bility in the posterior distribution.

Algorithm

Initializing: ⇒ ω̃
(i)
0 = 1, θ̃

(i)
0 ∼ q(θ0).

Iterations:
⇒ For i=1 to M: Ñ

(i)
t ∼ p(Nt|Nt−1), ñt

(i) ∼
p(nt|yt, nt−1, Nt), ψ̃t

(i) ∼ p(ψt|ψt−1);
⇒For i=1 to M calculate the reduced formula of weights

ω̃
(i)
t ∝ ω

(i)
t−1

p(yt|ψt,nt).p(nt|nt−1,Nt)
p(nt|yt,nt−1,Nt)

⇒ Weighted average hidden p. calculation (see 3).
⇒ Resampling step – due to possible weight degeneration,

i.e. few weights are of large values compared to the
others [2],[3].

Testing

The tests have not been done yet. We propose the
following approach: a part of first component and ano-
ther part of the second are superposed and reverberated,
thus we get the testing Y.

Conclusions, Future Work

We introduced the concept of ASD. We explained the re-
asons which leaded us to apply the SMC methods. We
described the model governed by the SMC and the algo-
rithm. We informed about the testing of this approach.
In the end we notice that if the algorithm is to be applied
for real data, the distributions and heuristics dealing with
the observed signal have to operate on mid-level repre-
sentation of Y [1], not on mere DFT or Mel frequency
cepstral coefficients.
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