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Abstract—Real world sounds often exhibit time-varying spec- Component Analysis [4], [5], sparse coding [6] or NMF [7]
tral shapes, as observed in the spectrogram of a harpsichordt®  have been introduced both to reduce the dimensionality and
or that of a transition between two pronounced vowels. Whereas to explain the whole data set by a few meaningful elementary

the standard Non-negative Matrix Factorization (NMF) assumes . L . .
fixed spectral atoms, an extension is proposed where the tempair objects. Thanks to the non-negativity constraint, NMF ieab

activations (coefficients of the decomposition on the spectral t0 provide a meaningful representation of the data: apybed
atom basis) become frequency dependent and follow a time- musical spectrograms it will hopefully decompose them into
varying ARMA modeling. This extension can thus be interpreted  elementary notes or impulses. The technique is widely used i
with the help of a source/filter paradigm and is referred to as audio signal processing, with a number of applications ssch

sourceffilter factorization. This factorization leads to an efficient t fi ic t it 81 191 [0 d d
single-atom decomposition for a single audio event with strong automatic music transcription [8], [9], [10] and sound swur

spectral variation (but with constant pitch). The new algorithm ~ Separation [11], [12], [13].

is tested on real audio data and shows promising results. However, the standard NMF is shown to be efficient when
Index Terms—music information retrieval, non-negative matrix (€ €lementary components (notes) of the analyzed sound are
factorization, unsupervised machine learning. nearly stationary, I1.e. when the enVElOpe of the spectra of

these components does not change over time. Nevertheless,
| INTRODUCTION in severgl situations, e_zleme_ntary comp_onents can be_ $yrong
non stationary. In this article, we will focus on timbral

T HE decomposition of audio signals in terms of elemenyyiapiiity, i.e. variability of the spectral shape that \wan
tary atoms has been a large field of research for yeags, in plucked strings sounds or singing voice (sounds of
As we usually encounter very d|SS|m|.Iar. audio events. (_bnth Hifferent vowels present greatly dissimilar spectral Esp
their spectral and temporal characteristics), the decsitipd  y4vever, we will not address pitch variability that is enoeu
on a single basis (such as the Fourier basis) is genergllyaq in vibrato or prosody. In case of a noticeable spectral
not sufficient to accurately explain the content of a largg, iapility, the standard NMF will likely need several non-
class of signals. Sparse decomposition techniques [1] YSganingful atoms to decompose a single event, which often
a redundant d|9t|onary_of vectors (called atoms) and try {@,54s to a necessary post-processing (to cluster the afiffer
decompose a signal using few of them (much fewer than 385 of a single source [14]). To overcome this drawback,
dimension of the space): thus the signal can be accurately\aragdis [15] proposes a shift-invariant extension of NMF
decomposed with few elements. When atoms are designgdyhich time/frequency templates are factorized from the
to fit the signal (for instance harmonic atoms for music@)iginal data: each atom then corresponds to a time-frezyuen
signals [2]), these elements become more meaningful, §htlsical event able to include spectral variations over time
then a supervised classification can be performed to clusigfis method gives good results, but does not permit any
atoms corresponding to a real event in the signal [3]. Theg&ration between different occurrences of the same event
methods are quite pqwe.rful and give good rgsults- Howev Atom), its duration and spectral content evolution beireci
since the dictionary is fixed, it must be designed to fit all |, (his paper, an extension of NMF is proposed in which
possible signals, which is not achievable in practice. R&¢e (omnoral activation becomes frequency dependent: it thus
methods of datéactorizationwere proposed to simultaneouslyzan e interpreted with the help of the classical souraeffilt
extract atoms from the signal and provide a decomposition 88,5 4igm as a sourceffilter factorization. Our method ietu
these atoms. These techniques that wefealiorizationmake  ayioRegressive Moving Average (ARMA) filters estimated
use of the natural redundancy of the signal, mimicking humaR,, the data, associates a time-varying filter with eachieou
cognition Whlch ut|I|z_es _thls redundancy to und_erstandlais and learns the sources (atoms) in a totally unsupervised way
and audio signals: Principal Component Analysis, Indepahd his method presents some similarity with Durrieu’s work
R. Hennequin, R. Badeau and B. David are with the Instituedan, [16], [17] in which a Sourcglfilter model is u_sed ip a NMF'
Telecom ParisTech, CNRS LTClI, 46, rue Barrault - 75634 Paddex 13 - framework to extract the main melody of musical pieces. This

France (email<forename>.<surname-@telecom-paristech.fr) model permits to efficiently take the strong spectral viiat
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In section II, we introduce the source/filter decompositiooorresponding to each template. For a musical signal made of
as an extension of NMF. In section Ill, we derive an iterativeeveral notes played by the same instrument, it is hoped that
algorithm similar to those used for NMF to compute thithe decomposition leads to spectral templates correspgndi
decomposition. In section IV, we present experiments td single notes or percussive sound¥.will then display a
source/filter decomposition of the spectrogram of threfedif representation similar to a “piano-roll” (cf. [8]).
ent sounds, and compare this decomposition to the standar@his factorization however does not yield an effective eepr

NMF. Conclusions are drawn in section V. sentation of a sound presenting a noticeable spectral tavolu
For instance a single note of a plucked string instrument mos
Il. M ODEL of the time shows high frequency components which decrease

faster than low frequency components. This characteristic
not well modeled with a single frequency template. Several
Given anF' x T' non-negative matrixy and an integef? templates are needed which results in a less meaningful
such thatF'R + RT' < FT, NMF approximatesV by the decomposition: roughly one for low frequency partials and o
product of anF' x R non-negative matridW and anRk x T for high frequency partials. The meaning of each template is
non-negative matrix: lost (a template no longer corresponds to a musical eveht suc
R as a note).
Va~V=WH (i.e. Vi = f/ft = warhrt> (1) To address this issue, we propose an extension of NMF
—1 where temporal activations become time/frequency adtivat

A. NMF and extension

This approximation is generally quantified by a cost func-l:he factorization (1) becomes:

tion C(V, W, H) to be minimized with respect to (wrfyvV . R
andH. A common class of cost functions is designed element- Viem Vi =Y wirhp(f) 3)
wise: r=1

L . where the activation coefficients are now frequency depende
C(V,W,H) = Z Z d(Vi[Vit) To avoid an increase of the problem dimensionality the f)

f=1t=1 coefficients are further parameterized by means of ARMA
where d is a scalar divergence (i.e. a function such thamodels (section II-B).
V(a,b) € R? d(a|b) > 0 andd(alb) = 0 if and only if a = b). Equation (3) can be interpreted with the help of the
Several classes of such divergences have been proposeds@gice/filter paradigm: the spectrum of each frame of the
instance Bregman divergences [18] afidlivergences [19], signal results from the combination of filtered templates
[20]. In this paper, we will focus on thg-divergence which (sources)h,.(f) corresponds to the time-varying filter asso-
includes usual measures (Euclidean distance, Kullbaekeri Ciated to the source. The decomposition thus benefits from
divergence and Itakura-Saito divergence). Theivergence is the versatility of the source/filter model proved well sdifer

defined forg € R\{0,1} by: numerous sound objects.
ds(zly) = %(mﬂ + (B —-1)y” - pxy®~1) (2) B. AutoRegressive Moving Average (ARMA) Modeling
AB—1) h.+(f) is parameterized following the general ARMA
For 5 = 0 and § = 1, the g-divergence is defined by model:
continuity: Q , 2
(ely) = = —log * D e
do(xly) = — —log— —1 ) -0
y y he™MA(f) = on 2

di(z]y) = z(logz —logy) + (y — x)

P
P _—i27vsp
E a,.e
p=0

For these values, thé-divergence respectively corresponds to
Itakura-Saito divergence and Kullback-Leibler divergerend where v; = 2(1;111) is the normalized frequency associated

for 8 = 2, it corresponds to the Euclidean distance. { S
) . e ... to frequency indexf € {1,...,F} (as audio signal are real
One could notice that the singularities in the definition . .
. valued, we only consider frequencies betwe@nand the
of the p-divergence for = 0 and 5 = 1 no longer

) q -
appear in the partial derivative wit this partial derivative Nyquist frequency)b,, are the coefficients of the MA part

. A -
is useful for designing descent methods in order to minimizoé the filter anda;, those of the AR parto,, is the global

the cost functionC. The first order partial derivative of thegam'of the f'.lt?r: n order' to ayqd identifiability problems
. . i the first coefficient of all filters is imposed to be equalito
(-divergence wrty is for all 5 € R:

For P = Q = 0, hARMA(f) no longer depends ofi and the
0dg(zly) a2 decomposition corresponds to a standard NMF with temporal
dy Y activationsc?,.

i i — (40 P\T — (10 Q\T
When applied to power (squared magnitude) spectrogramsDeflnlng art = (app, .. apy)" ANAbyy = (b, ..., by)

NMF factorizes data into a matrix (or basis) of frequencime/iréquency activations can be rewritten as:
templates which are thé? columns of W and a matrix 5 bLT(vs)byy
H whose R rows are the temporal vectors of activations rt al,U(vy)a.

y—x)

BATA(f) = o
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where T'(v) is the (Q + 1) x (@ + 1) Toeplitz matrix with This derivative is written as a difference of two positive
[T(v)]pq = cos(2mv(p — q)) andU(v) is similar toT(v) but terms:

of dimension(P+1) x (P+1). MA only and AR only models N

are included by respectively taking = 0 and@ = 0. It is G _ ZhARJuA(f )Vﬁ—l

worth noting thathA7MA(f) is always non-negative while Wioro Tot 0% fot

there exists no non-negativity constraint bfy or on a?,. and =
The parameterized power spectrogram given in equation (3) N
then becomes: A g2
R waoro = Z hﬁ)lfMA(fO)Vfit Vot
’ 2 bl T(vs)bye t=1
Vie=2 wion 50 @
r=1 rt AT Then the update rule afy,,, is:
[1l. ALGORITHM
We choose a generakdivergence cost function: Whory — Wor Fuwgyrg @)
.o 0T0 0 owa .
07o
C(W,A,B.%)=> " ds(Vy, Vi)
f=1t=1

. B. Update of temporal activation gain:

W|th [W]f’r = Wgr, [E]Tt = U?t, [A]Ttp = G/ft and [B]th = . Lo i

b7, and the expression af; is given in equation (2). In the sa2me way as fap,, we derive multiplicative update
The partial derivative of the cost function wrt any variabl&ules foray, from the expression of the partial derivative of

6 (6 being any coefficient oW, 3, A or B) is: the cost function with respect tey;.
The partial derivative of the parameterized spectrogram

IC(W,A,B,Y) <y~ oV R . . 1!
¥ - Z Zvﬁt Q(Vft ~ V) ft ) defined in equation (4) with respect aﬁoto is:

06 e 00
The expression of the gradient 6fwrt a vectorf of several Vi b, T(vf)bry,
coefficients of A or B is the same, replacing the partial 5 = Wirg —p Otot
! 80r0t0 arotoU(Vf)aToto

derivative by a gradien¥y in (5).
This leads to update rules for a multiplicative gradient whered,,, is a Kronecker delta.

descent algorithm similar to those used in [7], [21], [18]. | Then, by substituting this expression into equation (Shwit

such an iterative algorithm, the update rule associatechéo q) _ 2 ., we obtain the partial derivative of the cost function

of the parameters is obtained from the partial derivativéhef yith I'TEUS?'JECI tao2 .

cost function wrt this parameter, written as a differencenaf roto

positive terms:2¢ = Gy — Fy

. . M
The update rule fof is then: IC(W,A,B,%) Wiy WARMA( P82
- E Tot 't 0 0
0 0 x Iy (6) 80'7%01&0 = 7%01,‘0 o0 Tto

Gy
This rule ensures thdt remains non-negative, becomes con- This derivative is written as a difference of two positive
stant if the partial derivative is zero and evolves in thg&rms:
opposite direction of the partial derivative (thus in thescent

. . M
direction). Z Wrg , ARMA; oyt B—1
Gafuto - o2 - hr"t" (f)ngo
f 1 T"ot()

A. Update of frequency templates:

We derive multiplicative update rules fapy, from the
. . . . . . M
expression of the partial derivative of the cost functiorthwi P B Z Wir, BARMA( f)
respect tow,. ot Lt g2 oo
The partial derivative of the parameterized spectrogram =1
defined in equation (4) with respect toy,,, is:

and

<59
Vfto Vfto

Then the update rule af? , is:

N roto
Vi ARMA
awf = hro?Jw (fo)(sfof F0'2
oro 2 2 Toto
. UToto — UTotg (8)
wheredy, s is a Kronecker delta. Goz
Then, by replacing this expression in equation (5) Witk
wr,, We obtain the partial derivative of the cost function with We can notice that whe® = 0 and P = 0 (i.e. there is
respect tow f,,: no filter), the update rules aby, andc?, are the same as the
N ones given in [21] which are the standard NMF rules fgf-a
9C(W,A,B,%) Zh@fMA(fo)Vﬁ#((/f ¢ — Viut) divergence cost function whete;, corresponds to frequency
oW gy, — Jot ’ ’ templates and2, to temporal activations.
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C. Update of filters where:

The update rules of the coefficients of the filters are derived S . - i we (81 b7, T(5)brot Uly)
in a similar way, but the updates are not element-wise, but roto pst fro¥ fio (@l , U(vy)ar,)? S

rather “vector-wise”: we derive an update rule for edgh
and for eacha,;. M -

Update of b,;: The gradient of the parameterized spectro- S, . = Z wfrovfliizvfto b;:otoT(Vf)bmto
gram Vy; wrt b,z is: = 0 (arye, Uvr)ary,)

Toto

and

5 U(vy)

Both matricesS,;, and S/, , are positive definite under

~ 2waOO'z ¢ . ’ roto
Vb, 1o Vit = Otot TU.—OUT(Vf)bmto mild assumptions.
A7t UlVp)2roto Thus we derive the following update rule for the AR part
Then, by substituting this expression into equation (Shwif the filter: o
6 = b,.,, we obtain the gradient of the cost function wrt Argto < SroigSrotoBroto (10)
brot,:
D. Description of the algorithm
. 2 (B2 v Th_e update rules (7),. (3), (9) and (10) are {ipplied suc-
vV, C = 22 WrroTrote Vite (Vito — m)T(z/f)br . cessively to all the coefficients dV, all the coefficients of
roto = al', U(vy)ay, °% 3, all the coefficients ofB and all the coefﬁcients ofA.
_ 92 (Ryis —R., )b Between the u_pdates of each Aof_these matrices (and tensors),
roto \THToto roto) “roto the parameterized spectrogra¥h is recomputed: as for the
) a wfrovﬁgl standard NMF algorithm, this recomputation between each
where: Rty = al, U(vy)ar: T(vy) update is necessary to ensure the convergence.
f=1 ot o Identifiability: As for the standard NMF, the decomposition
, a waOVﬁJQVftO (4) which minimizes the cost function is not unique. To cope
Rty = fZ:l a?ﬂ;toU(Vf)aToto T(vy) with identifiability issues, we impose constraints W, X, B

andA:
' .. are positive definite under * for all » and¢, we impose thab,; anda,; (considered

mild assumptions: these matrices are clearly positive semi &S Polynomials) have all their roots inside the unit circle.
definite and it can easily be shown that if there are at least® for all r, we |mpo§e||wr\\ = 1 for some normy|.||.

Q-+1 different indexesf such thatwy,, V}, # 0thenR,, is  « forallrandt, we imposeb?, =1 anday, = 1.
non-singular (forR;. , , the assumption is very similar). This Thus, at the end of each iteration of our algorithm, we trans-
assumption is always true in practice as long as the frante wibrm b, ; anda, ; by replacing roots outside the unit circle
indext, is not a null vectori(e. with all samples equal t6): by the conjugate of their inverse and accordingly adaptiay t
in this particular case, the decomposition is trivial, ahe t gain, normalize each column &V, divide b,; anda, ; by

Both matricesR,,:, and R

global gainso,,:, should be equal t0. their first coefficient and updat& in order not to change
Then, we follow the approach given in [22] and derive th&}: by these modifications. All these transformations have no

following update rule for the MA part of the filter: influence on the values of the parameterized spectrogram.
Another choice of filters normalization has been tested:

broto < Ryui Rigry broto (9) rather than imposing?, = 1 anda?, = 1, we can impose for

all (r,t), >, b, T(vs)b,s = 1 and ¢ al,U(v)a,, = 1.

As R, andR!,, are both non singulai;} is well It corresponds to a power normalization and then it is more

defined andb,;, is ensured to never be zero. meaningful. o . _
Update of a,;: Our algorithm is detailed in Algorithm 1. In the remainder

The update rules ok, are derived in the same way as fon the article, we will refer to this algorithm by the expriess

b,.. The partial gradient of the parameterized spectrog‘?’@m sourceffilter factorization”.
with respect toa,, is:
E. Dimensionality

A A . . . . . . . .
v Ve = 95 rot - (f) U Since our algorithm is a dimensionality reduction techeiqu
argty YV ft = ttoWfro (Vf)aToto . . .
a; ., U(vy)arg, like NMF, one should take care of the dimension of the decom-

position provided. The dimension of the original dat&'5. In
Then, by substituting this expression into equation (Shwithe standard NMF wittR atoms, the dimension of the param-
¢ = a.,,, we obtain the partial gradient of the cost functiorterized spectrogram i&im W + dimH = R(F +T) (where
with respect toa,. - dim ® stands for the number of coefficients of matrix or tensor
®). With our algorithm, the dimension of the parameters is:
dimW +dim ¥ +dim A +dimB =RF+RT(P+Q+1).

Va, . C(W,A,B, %) =202, (Sl ;. — Sroto) Arote Thus, one should hav&F + RT(P +Q + 1) < FT, i.e.

Argtg
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Algorithm 1 Sourceffilter spectrogram factorization

Input: V, R, Q, Pner, 8
Output: W, 3, B, A
Initialize W, X with non-negative values
Initialize B, A with flat filters
for j=11t0 ny., do
computeV
for all f andr do
computer’,, andG,,,
Wiy

w g

Wir < Werg
end for
computeV
for all » andt¢ do

computeF,> and Gz,

2 2t
Ort < Ot G o
Trt
end for
computeV

for all » andt do
computeR,;, R.,, S,; andS/,
b, «— R 'R/ b,
Ap S;nzlsrtart
end for
bring back roots of all filters inside the unit circle
divide the coefficients of all filters by the first one
normalizeW
update appropriatel}
end for

« Computation ofV: O ((P + Q) RFT) operations.

» Update of W andX: O (RFT) operations each.

« Update ofB: O (RT(FP + P?)) operations.

« Update ofA: O (RT(FQ + @Q*)) operations.

« Normalization/stabilizationO (RT(F + P* + Q?)) op-

erations.
The total complexity of a single iteration of the algorithe i
then O ((P 4+ Q) RFT) operations. With our current imple-
mentation in Matlab,100 iterations of our algorithm applied
to a 1025 x 550 spectrogram (corresponding to6abs signal
sampled atf, = 22050Hz with 2048-sample-long windows
and75% overlap) withR = 10 atoms,P = 2 and@Q = 2 last
about 300s (on an InteRCord™2 Duo E8400 @3.00GHz,
with Matlab’s multithreaded math libraries). In compariso
100 iterations of standard NMF with the same spectrogram,
the same parameterg:(= 10, but P = 0 and @ = 0) on
the same computer last abdig: our algorithm appears to be
slower than standard NMF. However, this comparison puts our
algorithm at a disadvantage, which is designed to work with
fewer atoms than standard NMF: in this case our algorithm
deals with many more parameters than NMF. If we compare
execution times with the same number of parameters, the
difference is smaller: for the same spectrografg iterations
of our algorithm withR = 2 atoms,P =2 and@ = 2 (i.e.
with the dimensionality of a standard NMF with = 10) last
about60s.

About a third of the computation time is due to the compu-
tation of the roots of all filters (considered as polynomials
during the stabilization process. Some improvements could
be made by considering another regularization method. The

R < TandR(P +Q+1) < F, so P and Q must be inversion of the matrice®,; andS’, (a bit more thari0% of
small. As in practicef” < T', the condition to be respected isthe total computation time) and the computation the frequen

RP+Q+1) < F.

response of all filters (slighly less that0% of the total

One should notice that our decomposition allows a signitomputation time) are also very costly.

cant reduction of the number of atomsneeded to accurately

fit the data when the parts of the sounds present strong apec&- Practical implementation and choice gf

variations. Then the total dimension of the parametersimdda  \We empirically observed the monotonic decrease of the cost

with our decomposition remains comparable to the one ofunction and the convergence of the algorithm o< 3 < 2

tained with standard NMF as will be shown in section IV. over a large set of tests: this decrease and this convergence
Besides, one should notice that a large number of thee illustrated in particular cases in section IV-D.

coefficients of the filters are useless and therefore do red ne However, the algorithm is unstable far< g < 2: some

to be retained: when the global gain of one of the filtey

numerical instabilities appear while poles of the filtersneo

becomes close to zero, these coefficiebis nda,;) become close to the unit circle. These instabilities are very commo
meaningless and then are useless in the decomposition andwhen 3 becomes close 1 (Euclidean distance); however, the
be removed without affecting the values of the parameterizetrong dynamics of audio data is better fitted witebecomes

spectrogram.

close to0 as stated in [21]. In order to avoid these instabilities,

Finally, in the decomposition (4), all atoms are associtedwe limit the modulus of poles: the monotonic decrease of the
filters of the same order, but it is also possible to implengentcost function is no longer observed but it permits to avoid no
larger model where filters do not have the same charactevistilesirable behavior of the decomposition (very resonangrord
for all atoms. This larger model is not presented in this pap® filters only permit to fit one partial).

for readability reasons.

F. Computational complexity

For the examples in the next section, we chgse- 0.5

since the numerical instabilities were almost negligibiel a
the results were more accurate than with- 0 (Itakura-Saito

divergence).

The computational complexity of one iteration of

sourceffilter factorization depends dp, @, R, F and T.

IV. EXAMPLES

The computational complexity of each step of the algorithm In this section several experiments are presented to show

is given here:

that our algorithm is well adapted to decompose sounds favin
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strong spectral variations. All the spectrograms used @seh L, e
experiments are power spectrograms obtained from recorde .. : 1
signals by means of a short time Fourier transform (STFT). = : = —
Algorithms (standard NMF and sourceffilter factorization)
were initialized with random values (except for the filters «f— i »
which were initially flat) and were run until apparent con- &= e AU =
vergence. The algorithms have been rerun with 100 different
initializations in order to maximize the chances to comeselo
to a “good” minimum. Despite these different starting psjnt
the reached solutions were similar in terms of qualitative
aspect of the reconstructed spectrograms.

frequency (Hz)
frequency (Hz)

T 1s 2 2
time (seconds)

(a) Original spectrogram (b) Standard NMFR = 1

A. Didgeridoo

1) Description of the excerpttn this section our algorithm
is applied to a short didgeridoo excerpt. The didgeridoo is
an ethnic wind instrument from northern Australia. It makes
a continuous modulated sound produced by the vibrationskid. 1. Original power spectrogram of the extract of didded 1(a) and
the lips. The modulations result from the mouth and throfeonstructed spectrograms 1(b), 1(c) and 1(d)
configuration with the help of which the player is able to con-

trol several resonances. Figure 1(a) represents the 8QEEMN o shectrogram of the extract is represented in figure 2(a).
of the excerpt: the sound produced is almost harmonic (WIH‘% for most of plucked string instruments, high frequency

some noise) and a strong moving resonance appears in fiGia|s of a harpsichord tone decay faster than low freqyien
spectrogram. We can thus consider that this signal is coegpo artials. This phenomenon clearly occurs in the L-shaped

of a single event encompassing spectral variations, ambtryspectrograms of figure 2(a). The sampling rate of the exderpt
decompose it with a single atom® (= 1). The sampling rate of f

) s = 44100H z. We chose 2048-sample-long Hann window
the excerpt iSfs = 11025H z. We chose a024-sample-long | i, 75% overlap for the STFT.
Hann window with75% overlap for the STFT.

2) Experiment and resultsThe spectrogram of the excerpt
is decomposed with a standard NMF algorithm fer= 1
atom andR = 5 atoms, and with sourcef/filter factorization for
R =1 atom, with an ordeB AR modeling =0 andP =
3). Reconstructed spectrograms are respectively repesbent
figures 1(b), 1(c) and 1(d).

Although the didgeridoo is played alone in the analyzed
spectrogram, the standard NMF needs many atoms to ac- (a) Original spectrogram (b) Standard NMFR = 2
curately decompose the power spectrogram. Witkatom, )
NMF does not accurately represent the moving resonanc .
(figure 1(b)). With5 atoms, some spectral variations appear
(figure 1(c)), but the resonance trajectory remains a bitkamc
Besides, the signal is not decomposed in a meaningful wa
(each atom is a part of the sound which has no perceptue
meaning) and the dimensionality of the parameters is large <
(FR + RT = 3290).

In opposition to the standard NMF, sourceffilter factoriza-
tion permits to accurately represent the spectral varigbil Fig. 2. Original power spectrogram of the extract of harfpsid 2(a) and
of the sound (figure 1(d)) with a single atom, keeping thigconstructed spectrograms 2(b), 2(c) and 2(d)
dimensionality low FR + TR(Q + 1) = 1093): the moving 2) Experiment and resultsThe spectrogram of the excerpt
resonance of the original sound is well tracked, and thd tota : )
errorC is smaller than that of the standard NMF with= 5. V2> decomposed with a standard NMF algorithm Ror= 2
In this case, the decomposition is more efficient and relxa\vaé;‘"ntomS ¢ atom per r_10te) andi = 6 ator_ns, and with
than the standard NME. source_/fllter factorization foR = 2 atoms, with an ARMA
modeling (7 = 1 and P = 1). Reconstructed spectrograms
) are respectively represented in figures 2(b), 2(c) and 2(d).

B. Harpsichord The standard NMF needs several atoms per note to accu-

1) Description of the excerptin this section our algorithm rately decompose the L-shaped power spectrograms: with onl
is applied to a short harpsichord excerpt, composed of t@@toms { per note played), the faster decay of high frequency
different notes 2 and Eb2): first, the C2 is played alone, content does not appear at all (figure 2(b)). Withtoms, the
then theEb2, and lastly, both notes are played simultaneouslgitenuation of high frequency partials appears (figure)2(c)

(c) Standard NMFR =5 (d) Srceffilter factorizationR = 1
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(c) Standard NMFR = 6 (d) Srceffilter factorizationR = 2
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but each atom is a part of a note spectrum and has no rgaitar processed by a moving wah pedal presents strong
perceptual meaning. spectral variations and therefore cannot be well repregent
The ARMA modeling included in our algorithm leads to @y a single atom in a standard NMF.
good description of the overall spectrogram sha&patoms ( As a wah pedal is well modeled by an AR filter with two
per note) are enough to accurately fit the original short tim@®mplex conjugates poles, we chose to decompose the extract
spectrum: each atom is harmonic (figure 3(a)) and correspondth Q = 0 and P = 2. The chosen extract represented
to one note while the decay of high frequency partials isrbfeain figure 4(a) is composed of three different notes played
well described by the ARMA modeling (see time/frequencguccessively (the first note is played a second time at the end
activationshAFMA(f) in figure 3(b)). The dimensionality of of the extract). Each note can be viewed as a harmonic pattern
the data provided by our algorithni"® + TR(Q + P+ 1) = which is filtered by a resonant filter, the resonant frequency
5704) remains lower than with a standard NMF withatoms of which varies betweed00H » and 1200H z: this resonance
(FR+RT = 9804) and the global erraf between the original clearly appears in the power spectrogram. The samplingfate
and the reconstructed spectrogram is approximately the saifme excerpt isf; = 11025H z. We chose a 024-sample-long
as the one obtained with the standard NMF with= 6. Hann window with75% overlap for the STFT.
Thus the decomposition provided by source/filter facteriza
tion seems to give a more meaningful representation of the

given spectrogram than the one obtained with the standar _| o N
NMF. ) . g .
@ 0 ni— né;iii-;,_‘ 3 7:2 ";77 - ::Z
P oo ¢+ " R R
kel
2 —40
g . (a) Original spectrogram (b) Standard NMFR = 3
5.
E 0 2600 4060 GObO 8600 10600
frequency (Hz) 000 o 5000 20
~ 0 10 10
% N §4000 s §m X
o 54 i 20 5 20
240 o ; =
= s B aiE- o g — =
D _go = === C-Si = = === 0
I 1000 e 1000} s
. . . . , | Sre—— ﬁ 'E:T;T; 50 ""&';E%‘:’* |50
£ 0 2000 4000 6000 8000 10000 mLss el s
frequency (Hz) time (seconds) ime (seconds)
(a) Frequency templates (c) Standard NMFR = 10 (d) Srceffilter factorizationR = 3
10" Fig. 4. Original power spectrogram of the extract of eleogiitar processed
’§ 2 1 M0 by a wah pedal 4(a) and reconstructed spectrograms 4(b)ad¢cy(d)
15 1 M30
(&}
g ! ig 2) Experiment and resultsAs the analyzed sound presents
g°° o strong spectral variations, the standard NMF needs many
% 2 ime (seconds) atoms to accurately decompose the power spectrogram. Thus
o’ one atom no longer corresponds to one note, and the de-
ilz ‘3‘2 composition does not correspond to the analysis that could
& K o be performed by a human listener. Figure 4(b) represents the
S 05 10 power spectrogram reconstructed from the NMF of the origina
£ ol - 0 spectrogram witt3 atoms and figure 4(c) with0 atoms. With
time (seconds) 3 atoms, NMF is not able to track the resonance of the wah
(b) Timelfrequency activations pedal. With 10 a’goms, the resonance appears, but the signal
is not well explained (each atom is a part of a note and then
Fig. 3. Sourceffilter decompositio?(= 2, @ = 1 and P = 1) of the

power spectrogram of the harpsichord excerpt

C. Guitar with wah pedal

1) Description of the excerpttn this section our algorithm P = 2) as shown in figure 4(d). Thef atoms (one for
is used to decompose a short extract of electric guitar preach note) are enough to correctly fit the original spectnmgr
cessed by a wah pedal. The wah pedal (or wah-wah pedal)rideed, the globals-divergence error between the original
a popular guitar effect which consists of a resonant filteg, t and the reconstructed spectrogram obtained with soutee/fil
resonant frequency of which is controlled by means of a fotdctorization is approximately the same as the one obtained
pedal. This effect is named by emphasizing the resemblaneigh standard NMF withl0 atoms; this3-divergence (obtained
with the human onomatopoeia "Wah". A single note of electriwgith sourceffilter factorization) is also approximatelhffttaat

has no perceptual meaning) and the dimensionality is higher
(FR + RT = 8790).

With sourceffilter factorization, the strong spectral aari
tions of each note can be accurately represented in the filter
activations taking an orde2 AR modeling ¢ = 0 and
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obtained with standard NMF witB atoms. Each atom is har-6(a), all initializations lead to the same final value of the
monic and corresponds to one note, and the resonance ofdhst function and the shape of the evolution is very similar
wah pedal clearly appears. The dimensionality of the represfor all initializations. On the other hand, in figure 6(b)] al
tation obtained with sourceffilter factorization remaid®at initializations do not lead to the same value of the cost
half that of NMF with10 atoms:M R + R(Q + 1) N = 4833. function, showing that multi-initialization is useful.

The decomposition provided by our algorithm distinguishes
a stationary spectrum representing "average" guitar sound
(contained inW) from the non-stationary effect due to the
wah pedal (described by time/frequency activations). Bhe
frequency templates (columns ¥) obtained are represented

. . . . B . [
in figure 5(a): each template is harmonic with its own funda- g
mental frequency, thus it corresponds to a note (standaré NM =
with 3 atoms provides similar templates). The time/frequency %
activations pARMA(f)) are represented in figure 5(b): the = \
resonance of the wah pedal appears clearly where the notes M
are played. Thus the decomposition provided by our algorith Daddani
seems to give a more meaningful representation of the given 0 10 20 %0 40
number of iterations
spectrogram.
(a) Harpsichord excerpt
0
-20
-40
-60 ] ) ) ) )
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[} o 10%?
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(a) Frequency templates number of iterations
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40001 ‘ ‘ ‘ ‘ ‘ ‘ ‘ " o Fig. 6. Evolution of the cost function over iterations (demsition of
2000} ] 20 excerpts in sections IV-B and IV-C)
ol T ] . . 20
0 2 3 4 5 6 8
N time (seconds)
< : : : :
g V. CONCLUSION AND FUTURE WORK
[}
> . . . . . .
& % 1 % 3 4 5 5 In this paper, we proposed a new iterative algorithm which is
_tme(seconds) " an extended version of the Non-negative Matrix Factommati
4000 , 1 B0 based on a sourceffilter representation. We showed that this
2002 - A | T VIWRwI), . representation is particularly suitable to efficiently andan-
0 1 2 5 6 7

ingfully decompose non stationary sound objects including
noticeable spectral variations.

In the future, this extended decomposition should be farthe
Fig. 5. Sourceffilter decompositiorR(= 3 and P = 2) of the power developed to deal with small pitch variations (like vibiator
spectrogram of the wah processed guitar excerpt instance using a constant-Q spectrogram like in [23], [24].

Besides, we plan to introduce harmonic constraints in the
basis spectra following [25], [26], [27]. Finally, we plao t
D. Convergence of the algorithm investigate the introduction of continuity constraintsvieeen

The evolution of the cost function over iterations for seurcfilters from one frame to another following the approach give
filter/factorization is represented in figure 6 wighdifferent in [12], [26], [21].
random initializations, for the decomposition of excerpts-
sented in sections IV-B (harpsichord excerpt) and IV-C (wah REFERENCES
guitar excer'pt). The Vqlue of thé-divergence is .reDresemed gjﬂ Stéphane Mallat and Zhifeng Zhang, “Matching pursuithwtime-
after each iteration. Figures show a monotonic decrease frequency dictionnaries JEEE Transactions on Signal Processjngl.
the cost function and an apparent convergence. In figure 41, no. 12, pp. 3397-3415, December 1993.

3 4
time (seconds)

(b) Time/frequency activations
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