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ABSTRACT In this paper, we propose a new approach for score informed
source separation, based on a parametric decomposition of the power

In this paper we present a new technique for monaural SOUrcg, o .5qram of the mixture. The information extracted from the
separation in musical mixtures, which uses the knowledge of the mus,

ical This inf R d to initiali loorith hich core is used to initialize the algorithm which provides the decom-
sical score. This information is used to Initialize an algorithm which , g5 - The algorithm then locally optimizes the parameters (no-
computes a parametric decomposition of the spectrogram based

. . S - ) ) ly the fundamental frequency of each atom at each frame). The
non-negative matrix factorization (NMF). This algorithm provides obtained decomposition provides a time-frequency mask for each

time-frequency masks which are used to separate the sources Wij, rce \hich permits to separate the sources from the mixture by
Wiener filtering. Wiener filtering.

Index Terms— audio source separation, music information re-  The paper is organized as follows. An unusual non-negative

trieval, machine learning, non-negative matrix factorization. framework which uses time-dependent frequency templates for de-
composing audio spectrograms is first presented in section 2. We
1. INTRODUCTION then derive an algorithm for score-informed source separation in

section 3. A comparative evaluation of the performance of this al-

Underdetermined audio source separation has been a major field @¢rithm is provided in section 4 where PLCA-based algorithms [7]
research for the past decades. When applied to musical signaR'® emplloyed for benchrnarkmg. Finally, we draw some conclusions
the goal is usually to obtain tracks corresponding to isolated in&nd outline future work in section 5.
struments. Blind source separation was first addressed notably with
non-negative matrix factorization (NMF) [1]. One of the main draw-
backs of this technique is the difficulty to cluster the factorized ele- 2. SPECTROGRAM MODEL
ments and associate them with a source. This is certainly a reason
why numerous works introduce additional information to improveThe model of power spectrogram is inspired by NMF but uses time-
separation results. Different kinds of information have been considdependent parametric atoms (as presented in detail in [9]). These
ered: in [2], the different spectral shapes of each source amegldar atoms are harmonic and we only consider the separation of a mixture
on isolated sounds and are then used to decompose the mixture. dhharmonic (or quasi-harmonic) instruments thus excluding percus-
[3], source signals are used as a side information in a coder/decodéie instruments.
scheme.

Recently, the use of an aligned MIDI file to guide source separa-
tion was addressed in several works. In [4], stereo source s&para 2 1. Non-negative Matrix Factorization
based on spatial cues is improved by the knowledge of the score in
order to accurately separate time-frequency bins with overlap. IGiven anF' x T non-negative matri®¥' and an integeR such that
[5], the score of the solo helps to separate it from the accompanipr - RT <« FT, NMF approximatesV by the productV of an

ment with a classifier approach. In [6], P. Smaragdis proposed & » R non-negative matri# and anR x T non-negative matrix
probabilistic latent component analysis (PLCA) for isolating soundsyy:

in a mixture from the presentation of a humming query. This query

mimics the desired target to be extracted and serves as a prior in the R

PLCA decomposition of the mixture. This approach is applied in v c {1 . F} te{1,...T} [V]p~[V]s = wahw

[7], replacing the humming query by an aligned MIDI file and a syn- ]

thesizer: each track of the MIDI file is synthesized and the provided (1)

signals are used as priors in the PLCA decomposition of the mix-  whenV is the magnitude or power spectrogram of a musical

ture. In [8], harmonic filters are generated from the score: in eacBjgnal, the templates that are redundant in multiple frames are hope-

analysis frame, the fundamental frequency of each active note in thglly most of the time harmonic templates corresponding to musi-

MIDl file is finely assessed from the peaks in the spectrum. cal tones. Thus, each column ®¥ should correspond to a note
— h lead hi d by the GOUNTI and each row oH is the time activation associated with that note.

prograﬁ] ﬁfﬁgcﬁeﬁi‘h'Rl%ttigntal'nggeerrc‘r’]"?g;‘:cp)‘;czzﬁlR),ya;rg gahe ~ However, this property is not guaranteed and generally, further con-

DReaM project (ANR-09-CORD-006-03), and by the Quaero Ruogne, ~ Straints are added [10].
funded by OSEO, French State agency for innovation. The approximation in (1) is generally quantified with an element-




wise divergence to be minimized with respecHandW: sol a
F T ! a, ap
O ' h
C(W.H) =D(V|[V) =3 > d([V]s, [Vl). 50- :
f=1t=1
In this paper, the general class @fdivergence (see [9] for its %40’
expression) is considered and it is particularized to the Kullback &,
Leibler divergence (case = 1) in our experiments. 2
gzof
2.2. Model of source spectrograms \
10 \ 1
As stated previously, the model of the power spectrogram (for eac \ﬂ \/
source of the mixture) considered in this paper is the parametri o b \/ y
model presented in [9]: the spectrogram of a single instrumen L ‘ ‘ ‘ ‘
(a source) indexed by is decomposed with parametric harmonic fg1ooo 2000 3000 4000 5000

atoms (frequency templates). In opposition to NMF, these atoms ce... Frequency (Hz)

vary over time. Thus equation (1) is replaced by:
Fig. 1. Parametric atom defined in (4).

R
A, krt
Vilse = > wl, b, ®)
r=1

The time-dependence of a harmonic atom is based on the var‘l?-'3' Model of the mixture spectrogram

ation of its fundamental frequencfy. This is emphasized by the  The power spectrogram of the mixture is supposed to be the sum of
dependence irfy"*, which is the fundamental frequency of thth  the spectrograms of the sources (this is a common assumption with
atom of sourcer at timet: this parameterization permits to accu- non-negative decompositions such as NMF which is generally ex-
rately mOF(;-" phenomena such as vibrato. The whtideatom thus  plained by the approximate statistical independence of the sources).
writeSw,’:‘}.; where f denotes the frequency bin. These atoms areThus the model of the mixture spectrogram &™ ~ V™ =
synthesized in the following way: LI .
Z Vi, whereVy, is the parametric spectrogram of soukc@here

Mh
fhrt krt k=1
Wigr = Z arpg(f = pfo")- (4)  areK sources) given in equation (3).
p=1

Figure 1 represents such an harmonic atom. The fungtioorre-
sponds to a single harmonic. Thyss the squared modulus of the
Fourier transform of the analysis window (used to compute the spe
trogram). ax, is the amplitude of theth harmonic for every atom
of sourcek: in order to limit the number of parameters in the model,
we use the same set of harmonic amplitudes for every atom of

source.ny, is the number of harmonics. Each source has its own se

of harmonic amplitudes and each atom of each source has its o@éignngogaslilgoﬂl?nnidngl%Ibfgfgop;gs;gﬁbéy Eﬁrgﬁigﬂlt&"ﬁiéhﬁn
time-varying fundamental frequency. P 9 P p '

In this model, the following assumptions are made: this paper, the MIDI file is supposed perfectly aligned with the mix-

. . . o . ture signal and thus we do not deal with the problem of MIDI align-
¢ one assumes that the harmonic part is stationary within a sing,ant which can be done automatically [11].

gle frame (then the Fourier transform of an harmonic is the Fourier

transform of the analysis window centered around the frequency of o ) )
the harmonic); 3.1. Initialization with the musical score

» interferences between harmonics are assumed to be weak (thigie MDI file provides a piano roll for each source. Each of these
assumption is valid when the fundamental frequency of the atomjiang rolis has a direct link with the activations of the atoms of the
is not too low); ) ‘corresponding sources. Thus, they can be used as an initializing

e one assumes that interferences between peaks of negatiygask for activations: while a note is active in the piano roll, the ac-
frequencies (not taken into account) and positive frequencies afig/ation of the corresponding harmonic atom is set.t&or all other
weak; instants, this activation is set € Since we use a multiplicative al-

o one assumes that the frequency aliasing introduced by the sigjorithm (presented in section 3.2), coefficients initialized twill
nal sampling is weak (which allows using the analytical expressioltemain0 over iterations. Thus, it is better to slightly enlarge ini-
of the continuous Fourier transform of the analysis window). tialization to1 before the beginning of a note and after the end of a

As the cost function (2) to be minimized is multimodal with re- note: this is necessary to avoid possible alignment errors and to take

spect to the fundamental frequency of each atom, it is impossible tthe possibly slow release of a note into account. An illustration of
perform a global minimization of this function. It is thus necessaryinitializing activation masks is given in figure 2.

to introduce numerous atoms: in the proposed system, we chose to

have an harmonic atom for each semitone of the chromatic seale ( 5 o Algorithm

an atom per MIDI note). Atoms and activations can thus be indexed

with a MIDI note number and the activations of a source can then b&he algorithm resembles those used for standard NMF: the decom-
viewed as a piano roll. position is obtained by minimizing/@divergence betweeW ™ and

3. SCORE INFORMED SOURCE SEPARATION

She model of parametric spectrogram introduced in the previous sec-

tions is used to decompose the mixture spectrogram by means of a
ultiplicative descent algorithm which aims at minimizing (2), ini-

(?alized with the information of the score. The score (in this paper



whereP is a non-negative function (see [9]) defined from the deriva-

/ e j \ tive of the Fourier transform of the analysis frames P(f) =
: ’ Ae))
! 7

/ 4. RESULTS

N " " . The performance_ of the algorith_m is assessed _by means of ex'peri-
o g Qe S Y ments done on different synthetic databases, aligned on MIDI files.
o e or¢ Vo It is compared to that of an algorithm based on PLCA [7].
Dye i _atiB 5
= S = 4.1. Description of the database

Frames Frames Frames

To our knowledge, no publicly available database exists which pro-
. R . ... vides real-recorded mixtures of musical signals, real-recordest sep
Fig. 2. Activation mask for the 3 instruments of a piece: actlvatlonsrated source signals and the corresponding aligned MIDI files. We
of each source are initialized with a binary piano roll extracted from, designed an home-made database aiming at realistically rénder-
the corresponding MIDI track. ing important characteristics of real musical streams, as the possibly
important overlap of the sources in the time-frequency domain (in
- opposition to the randomly built database proposed in [7]), while
V™ with respect to the parameter of the modelfor each source:  providing separated tracks. For each piece, the tracks are summed to
obtain the whole mix. The database is obtained faghMIDI files

* the fundamental frequency of each aterat each instant of royalty-free string quartets of Bach, Beethoven and Boccherini.

krt

o ) ) These MIDI files are processed to synthesize wave files with 2 differ-
e the set of harmonic amplitudes,, ent methods. The first technique relies on isolated sounds recorded
e the activation of each note at each instant;. from real musical instruments with three levels of velocity. Their

L . o ~onset is synchronized with tHdot e On message and the sounds

The minimization is done with multiplicative update rules which 56 then faded out &ot e OF f . The instrument list includes vio-
are successively applied to each of the previous parameters. Thege yiola and cello. This first technique will be referred to as “M1”.
rules particularly ensure that the parameters remain non-negative affle second technique is based on the TiMtlitgftware fed with a
become constant if the partial derivative of the cost function withcommon soundfont set (Crisis General Midi3.0The latter tech-
respect to the considered parameter goes to zero. nique will be referred to as “M2”. M2 includes a reverberation effect

These update rules can be straightforwardly derived from th@resent in the soundfont whereas M1 does not.
mono-instrument (a single source) case presented in [9]. Thus we |t is worth noting that in this paper, we do not test the degrada-
give them without providing the whole derivation. The update rulesion of the performance of the algorithm with respect to alignment

of parameters for each sourkere given by: errors. The wave files of the database are downsampled)25Hz.
The mixture signals are monophonic. The database (MIDI files,
f(x)m - f(l)crt Frert separated tracks and mixtures) is availablét://perso.enst.fr/
Grrt’ hennequi/database.zip.
Mg
hk'rt — hth k t7 )
/\Z)lm 4.2. Experiment
k
Qkp < aka—k:, The database provides the monophonic mixture and the aligned

MIDI file for each piece. Only th&0 first seconds of each piece are
processed. Mixture signals are separated using the information of

with: o .
the MIDI file with two algorithms:

F 1 . . . o the algorithm that we presented
_ o krty Y rmixy8—2 " mix krty  mix !
Grre = E Z akppP(f —pfo" YV )" " (FVie +pfo" Ve, o the algorithm based on PLCA presented in [7].

f=1p=1
Foon - - _ The PLCA-based algorithm requires a training stage where the
Fire = arppP(f = pfs™ ) (V) 2 (0fs™ Vi + fV), MIDI tracks of the different files are synthesized and used as priors
f=1p=1 in the decomposition of the mixture. In order to make the compar-
a FETT s mixs g1 ison fair between algorithms, the synthesizer used to generate the
Prre = Z wigr (Vie )" training separated tracks should differ from the one we use to gener-
=1 ate mixture signals. As sounds in our database are synthesized with

F
FETE rmixy B—21 mix two different methods, we use one for test and the other for train-
Mprt = o (v Ve, . ) ' -
bt ; wigr (Vi) It ing and vice versa. We also provide the results for the PLCA-based
F T R algorithm with the true sources used as priors (same training sig-

Okp = Z Z Z a(f — pfgrf)hkn(%ﬂgix)ﬁ*l, nals and test signals): they can be thought as an upper bound for the

o1t PLCA-algorithm performance, and also as a high-rank reference.
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For both algorithms, the mixture signals (and the separated sig- SIR | SAR | SDR
nal tracks for the PLCA-based algorithm) were transformed into | Parametric decomposition 126] 33 | 21
spectrograms using a short-time Fourier transform Witins-long PLCA-based algo (training set: M1) 124 | 45 | 3.1
Hann window, and’5% overlap. PLCA-based algo (training set: M2) 20.1 | 10.6 | 10.1
The database provides the original separated sources, which are
used to evaluate and compare the performance of both algorithms ~ Table 2. Results on the signal synthesized with M2.

with the BSSEVAL toolbox [12]: performance is assessed with sig-
nal to interference ratio (SIR), signal to artifact ratio (SAR) and sig-
nal to distortion ratio (SDR), all defined in [12]. The parametersparametric model of non-negative spectrogram which uses harmonic
of the PLCA-based algorithm (number of atoms and prior weightsjtoms. We designed an evaluation database and our method reached
were optimized (on a single piece) to give the best results possiblea performance comparable to that of a PLCA-based algorithm while
not requiring any priors.

As our model is limited to harmonic instruments, future works
will include percussive instruments. Moreover, the spectrogram
Results are given in tables 1 and 2. In both tables, the first row comodel can be further refined by, for instance, including other timbral
responds to the ratios obtained with our algorithm, the second rowarameters such as those proposed in [13]. The supervised learning
corresponds to the ratios obtained with the PLCA-based algorithraf harmonic templates should also be explored.
using different methods to synthesize training signals and test sig-
nals, and the third row corresponds to the ratios obtained with the 6. REFERENCES
PLCA-based algorithm using the true separated signals as trainin ) . ) )
signals. Table 1 corresponds to the experiment using M1 as synll] fT Virtanen, “M_orr]\aural Soulnd source S,fé’é‘lrza_tllgg_%' ngrlﬂfse matrg(
thesizing method for the test signals and table 2 corresponds to the ;’C_tigéztlol%%t Mt:rngﬁggmcommu'ty’ » VoL 29, 0. 3,
experiment using M2 as synthesizing method for the test signals. o ) ' . )
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4.3. Results
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Table 1. Results on the signal synthesized with M1.

5. CONCLUSION

In this paper, we presented a new method to perform score informed
source separation on a musical mixture. This method is based on a



