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Introduction
The goal of this paper is to design of a novel entire
system for automatic music transcription (AMT). By the
complete AMT we mean a process of resolving the pitch,
loudness, timing and instrument of all sound events in
an input audio music signal [4]. Complete music signal
transcription is not theoretically possible [4], therefore
the entire systems are a subject to a conception of what
are the expectations, e.g.,

• audio scene analysis (Kashino et. al.) [7].

– aims at extracting entities like notes, chords,
beats, rhythm from an audio signal.

– operates on psychophysical findings regarding
the acoustic ”cues” that humans use to assign
the spectral components to their respective
sources.

– utilizes a set of internal models involving in-
formation of chord, note, frequency component
progression.

• music scene description (Goto et. al.) [6]

– the aim is to obtain descriptions that are
intuitively meaningful to an untrained listener.

– the purpose is not to extract every musical
note.

– includes the analysis of melody, bass lines,
metrical structure, rhythm and chorus and
phrase repetition.

Conception
Music sequencers use the library of sounds (sound compo-
nents) to compose or play music. This conception follows
the inverse working of music sequencers (see Fig. 1),
that is, given the library of sounds the input complex
music signal is passed into the decomposition process
in which in sound events are found. Time, ID and
a modification type of a library sound are considered
as the sound events. Component modification(s) can
reduce the library size. Amplitude altering, sound
component truncation, pitch shifting can be considered
as such modification. It has to be noted that arbitrary
sounds in the library are allowed in general. Since the
library sounds can be either automatically or manually
described with MIDI information (i.e., instrument type,
notes contained, etc.) the entire MIDI information of the
music can be retrieved.

Figure 1: Library sound modification type depicted by a
square of a distinct color.

Figure 2: Example of an input signal composed of two
overlapped library sounds. Vectors st, t = 1 . . . T form the
matrix S. Blanks in S stand for zeros.

Music Signal Model – Structural
Description
Signal composition equation is defined as

yt ≈ A · diag(st)βt

where yt is a magnitude DFT frame (segment) of an
input signal at time t, A the library representation,
magnitude DFT frame (segment) c of a library sound is
represented by a vector ac; A = [a1|a2|..|aC ], diag(st)
represents a matrix, which diagonal is st vector of
elements one, zero (frame presence or non-presence).
Polyphony number Nt denotes number of ones at t,
Nt < Nmax, where Nmax is a user-specified parameter.
Amplitude is computed as βt β̂t = argminβt

||yt − A ·
diag(st)βt||. The structural description is depicted in
Fig. 2. Component truncation is considered as the
modification type and its parameters are discovered by
joining the component frames.

The description can be interpreted as a Markov model
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with a state defined as xt = [Nt, st] evolving according
to

y = g(xt) + wt (observation equation),
xt = f(xt−1,vt) (transitional equation)

Music Signal Model – Probabilistic
Description
Observation equation represents the likelihood
p(yt|st, Nt) = N (yt;A · Stβt, Σ), where wt is a
Gaussian noise with zero mean and covariance Σ.
Transitional equation represents the state transitional
probability density function (pdf) p(xt|xt−1). The
transitional equation is defined for the inner state
variables st, Nt separately; for the frame presence vector
st the transitional distribution p(st|st−1) is formed upon
the table 1(b). Higher probabilities are assigned to
transitions of successive frames. Transition distribution
p(Nt|Nt−1) is given by Markov model with transition
matrix see the table 1(a). The aim is to allow Nt to
increase or decrease but the probability to keep Nt

constant must be prominent.

From
To 1 2 3 4 . . .

1 0 0 0 1 . . .
2 1 0 0 0 . . .
3 0 1 0 0 . . .
4 0 0 1 0 . . .

. . . . . . . . . . . . . . . . . .
(a)

Nt−1

kt
0 1 2

+2 1/10 0 0
+1 2/10 1/9 0
0 7/10 7/9 7/10
-1 0 1/9 2/10
-2 0 0 1/10

(b)

Table 1: Tab. 1(b) represents the example of transition
probabilities of 4 frames. In 1(a) is transitional distribution
for number of simultaneous active frames Nt, which is given
by kt ∼ p(kt|Nt−1) and by Nt = Nt−1 + kt. In the tables
Nmax = 2 is considered.

Likelihood, state transition density and initial state
distribution p0(x0) define probabilistic description of
discrete state space model.

State Estimation and Bayesian Ap-
proach
The posterior distribution p(xt|y1:t) given by Bayes’s
theorem can be expressed by the recursive formula

p(xt|y1:t) = p(yt|xt)
∫

p(xt−1|y1:t−1)p(xt|xt−1)
p(yt|y1:t−1)

dxt−1

We are aimed at point estimate of the state xt. The esti-
mation reflects a criterion (e.g, minimum-mean square

error (MMSE) or maximum a posteriori (MAP)), the
estimation is given by the posterior density – the integral
must be tractable, but it is usually not.

(Sequential) Monte Carlo (SMC) methods are based on
the fact that having enough samples reflecting some
phenomenon, the distribution of the phenomenon can be
approximated and point estimates can be obtained [3],
[5]. The MMSE point estimate of xt from samples x(i)

t is
then simply x̂t = 1

M

∑M
i=1 x(i)

t .

Sequential Monte Carlo
In the previous section we encountered problem that
the posterior is not usually tractable. The solution
of the problem is to avoid this intractable calculations
by sampling from another pdf q called proposal. The
proposal should be as close as possible to the posterior.
Discrepancy between the posterior and proposal is com-
pensated by weight :

ω
(i)
t =

p(x(i)
t |y1:t)

q(x(i)
t |y1:t)

∝ p(yt|x(i)
t )p(x(i)

t |x(i)
t−1)

q(x(i)
t |x(i)

t−1,yt)
.ωt−1.

When
∑M

i=1 ω
(i)
t = 1, the MMSE point estimate is

obtained as: x̂t =
∑M

i=1 ω
(i)
t x(i)

t . It is advantageous
that the normalization term p(yt|y1:t−1) need not be
computed since it is reduced in the weight formula
fraction. The estimation algorithm [1], [2] is given as:

Algorithm SMC Estimation Algorithm:

• Every time step t

– M samples are generated from the importance
distribution,

– point estimate of the parameters st, Nt are
calculated using the weights and samples,

– resampling step [2].

Experimental Setup and Testing
Proposal q deals with the inner state variables st, Nt

independently, i.e., for Nt is equivalent to the transi-
tional pdf, for st: Sampling mechanism and probability
calculation is based on the similarity measure calculation
MEASURE = yt.ac

||yt||.||ac|| and favoring successive frames
of one component.

Test #1
See Figure 3. Testing sound was created from two
components of the library. Both were truncated and
the truncation parameters were recorded. The sound
components were overlapped so that the longer com-
ponent started at the half of the shorter – they were
summed resulting in a testing sound, thus, we had exact
information about the truncations, the number of the
components and their times.

The library A contained 21 sound components of arbi-
trary length, about 30 seconds of a complex music signal
together (354 non-overlapping frames), the DFT frame
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Figure 3: In the figure – representation of the hits regarding
the similarity measure (black-white background), i.e., part of
computation of the proposal distribution.

Figure 4: The piano transcription.

of length 4096 samples, signal sample rate at 44.1 kHz,
silent frames yt were treated individually. M = 2000
samples, Nmax = 2, Σ had diagonal values of 0.5, while
the amplitude of a sound wave was up to one.

Test #2
Figure 4. Transcription of Chopin music excerpt recorded
from a midi piano. The library contained one audio file
with 64 piano tones synthesized with VST instruments,
together about 55s, M = 5000, Nmax = 4, other settings
the same as in the Test #1. MIDI transcription allowed
since every frame associated with a MIDI note.

Conclusion and Future Work
Results are not optimal yet since information from t, t−
1 (Markovian) for xt estimation does not contain much
information about xt−1,xt−3, . . .. The model should be
further adjusted while Markovian property is not broken.
More appropriate likelihood and similarity measure will
be further considered.
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