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Abstract

We consider two approaches for sparse decomposition of pgkonic music: a time-
domain approach based on shift-invariant waveforms, and a fquency-domain ap-
proach based on phase-invariant power spectra. When traine@dn an example of a
MIDI-controlled acoustic piano recording, both methods produce dictionary vectors
or sets of vectors which represent underlying notes, and pruce component activa-
tions related to the original MIDI score. The time-domain method is more computa-
tionally expensive, but produces sample-accurate spike-l& activations and can be
used for a direct time-domain reconstruction. The spectral @main method discards
phase information, but is faster than the time-domain method and retains more
higher-frequency harmonics. These results suggest that tlse two methods would
provide a powerful yet complementary approach to automatic music transcription

or object-based coding of musical audio.
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1 Introduction

Analysis of polyphonic musical audio has emerged as a task of i@st to an
increasing number of researchers in recent years. In particyléhe problem of
automatic music transcription, that is, the task of extracting the identity of
the notes being played in a musical audio recording, has pravéo be a very

di cult problem.

Nevertheless, progress has been made in certain cases. For monejgchousic,
where only one note is played at any one time, techniques basaa autocor-
relation have proved to be successful [1]. However, more comgigarises for
polyphonic transcription, where more than one note may be pgent at a time.
If we consider this problem in the frequency domain, energy ahy given fre-
guency may be due to one or more of the notes playing at that tien We are
therefore left with a type of credit assignment problento work out how the
spectral energy has been generated. This issue has been tackigidg a wide
variety of techniques, such as blackboard systems [2], Bayesiaference [3],

spectral smoothing [4] and adaptive oscillators [5].

The approach we take here is a data-driven approach to polyphic music
analysis based orsparse coding[6]. We consider that we should be able to
describe musical audio or its spectrum using a set of actiséoms each de ned
by a dictionary vector, where only a small subset of the possible atoms are
active at any one time: i.e. we should be able to nd aparserepresentation of
the music. This approach is motivated by the observation that msic typically
consists of only a small set of notes active at any given time. Forpgano solo,

for instance, typically up to about 10 notes out of 88 are actes(non-zero) at



once, here limited by the number of ngers of the piano soloist.

To nd a sparse coding of long general sequence would be very dutt without

some further constraint on the system. For the purposes of this pap we
assume that our polyphonic music signal has been generated byraelr sum
of a small number of notes, and that each note can itself be reprass as
a linear sum of a small number of underlying basis vector wavefos. We
therefore consider the music signal to have a sparse representatas the sum
of a small number of basis vectors, and we further assume that the dis
vectors are shift-invariant in time. We will describe two altenative ways to

estimate this sparse representation:

(1) A time-domain approach, using time-shift-invariant basisvectors; and

(2) A frequency-domain approach, using phase-invariant basiectors.

We will nd that these two methods have their own advantages ath disadvan-
tages, but otherwise both produce basis vector dictionarieslaged to (parts

of) notes, and sparse decompositions related to the original MiBource.

The paper is organised as follows. In section 2 we recall the spacsaling
technique, with our time-domain and frequency-domain metids introduced
in sections 3 and 4. The experimental comparison is given in sect5, followed

by a discussion of these and related methods, and our conclusions.

2 Sparse Coding

In the basic linear generative model, we assume that samples fran |-



X
X=As+e i.e. Xj = A Sk + € (1)
k=1
where A is anl K mixing matrix, i.e. a dictionary of K vectors ax =
[aw;:::;ax]", ande = (e :::;q) is a zero-mean Gaussian random vector of

additive noise. Since the components &f are mutually independent, for the
probability density of s we have
¥
p(s) =  p(sk) (2)
k=1
where the prior densitiesp(sx) are assumed to besparse[7]. The Gaussian

noise model implies a conditional probability density fox as

#1=2
det
S exp le' ce (3)

P(XjA;s) = @)

wheree= x As and .= hee'i !is the inverse noise covariance. Assuming

spherical noiseree™i = 21 we get logp(XjA;s) = 5% jej3 + constant.

In our sparse coding task, we would rst like to nd a maximum a-posgriori
(MAP) estimate 8 = arg maxslogp(sjA; x) of s given the dictionary A and
an observationx: this is the inference step. Assuming thats and A are inde-
pendent, we can writep(sjA;x) = p(XjA;s)p(s)=p(A;x). Hence for a MAP
estimate we need to maximize

logp(sjA ; x) = 2—1§ix Asj :51 logp(s): 4)

An appropriate form of p(sx) will force most of the coe cients $§ to zero.

Secondly, given a set of observed vectoxs = [x®;x®@::::] we would like to
nd the maximum likelihood estimate of the dictionary A ;. = arg max, Hogp(xjA )i %

whereh iy represents the mean over the set of observatioXs Due to the need



to integrate out the hidden variabless in p(xjA) = Rp(xjA;s)p(s)ds, there
are practical di culties nding the true maximum likelihoo d, so often an ap-
proximation is used instead. Also, since there is a scaling ambitubetweenA
and s, the matrix A or its columns are also typically constrained. For details,

see e.g. [7].

3 Time-domain approach: Shift-invariant sparse coding

We have extended the usual generative model (1) to a shift-imrant model

in the time domain [8,9]. Suppose that we have a discrete time smcex|t],

i.e.

¥ X _
Xi = Ajk Sik + & 1 1 1 (5)
j=1 k=1

where

(6)

8

S with I=L+i j if1 1 L
dijk =
3

0 otherwise

and g is an additive noise term as before. We us® to denote the underlying
shift-invariant functions, while a;, denotes the complete matrix containing the
shifted versions ofy . The indexk determines the function @ictionary vector)
to use, whilej determines relative shift of this function. To help visualizehis
system, Figure 1 shows a slice through the multiplication at xedk = k° Note
that the underlying functions appear in their entirety forL | I, while

those outside this rangej(< L orj>1 ) will be truncated.



Fig. 1. Slice for a single dictionary vector indexk = kthrough the shift-invariant

o P
multiplication process j &k Sik -

3.1 Inference Step

Given a set of functionsA = [ay], the tensor AY = [aj ] is completely de-
termined according to Equation (6). Combining the index paijk as a single
index p, we getay, ! by and sy ! sp giving X = P p bkSp + & which is our
standard linear generative model (1) but withJK = (L + 1 1)K sources
and anM  (JK) mixing matrix. In theory, we can therefore use any stan-
dard sparse coding method (e.g. [6,10,11]) to obtain the MAP estates for

§p = /Sjk.

However, the size of the tensomj ] makes a straightforward implementation
of the usual algorithms very computationally expensive. Forxample, to nd
the MAP estimate 8 = arg maxs logp(sjA ; x) we would have to search over an
JK -dimensional space: over 150,000 dimensions in the experinseint section

5. We therefore employ asubset selectiorprocess to reduce the size of the



subspace we need to search over. We select a subset of comporsgntsased on

product)

xa X — T .
Fik » Xi@jk = X Qjk - (7)
i

. P P . .
Given that = Xjaj = Xjaw+i j)x this set of inner products can conve-

niently be calculated using Fast Convolution.

Since shifted functionsay, near to a functiona; « highly correlated with x will
also be highly correlated withx, we suppress functions with shiftg <
] <] + near to the best match for that shift-invariant function. In our
experiments we exclude functions with shifts up to = L=2, i.e. up to 50%
overlap away from the best match. While this subset selection press is clearly
sub-optimal, we have found it yields good performance in oukgeriments. See
[8] for further discussion, and a statistical interpretation of he subset selection

process.

Once the search subspac® has been chosen, we nd the MAP solutior$ =
arg maxys p(sjA; x) within the subset. We use an EM algorithm based on
Iterative Reweighted Least Squares [12] with the sparsity-amricing limiting
case of the Generalized Gaussian prig(sx) / exp(j sk?) with p! 0. In

this case equation (4) becomes

. 1. L X
logp(sjAix) = Six  Asj logjsk]
e k

which is equivalent to the algorithm proposed by Figueiredorad Jain [11] and

is similar to the FOCUSS algorithm extended to the noisy mixturecase [13].



3.2 Dictionary learning step

To learn the shift-invariant dictionary of underlying functions A = [ay], we
begin with a maximum likelihood approach, looking for a gradnt ascent

procedure to search fo . = argmaxa Hogp(xjA; s)i X -

Suppose we have the usual spherical Gaussian noise madeN (0; 2I) for

lating derivatives of logp(xjA ;s) with respect to a;, we nd

@ . 1
@ logp(xjA;s) = —gasjk: (8)

To nd this in terms of the shift-invariant functions ay, di erentiating (6)

gives us
@@—a: iy 1L )
from which, using the chain rule in (8), gives
@—@mlogp(xjA;s): i %Iogp(xjA;S)@@;—Z (10)
= x €Sk L(L+i |) (11)
I
=7 eSw+i nk = Ik ] (12)

i
: . P .
where = 1= 2, and we de ne the correlationr§s['] , |1 &S(+ k. This

leads to an update rule

X .
ay = h. €Sw+i 1)kl psiax) (13)

|
for some small positive update factor . We can also write this in a vector

form as

dyx = he ?Ski p(SiA ;x) (14)



where? is a cross-correlation operator (see also e.g. [14]).

Now, the full posterior in (13) cannot be evaluated analytich§, so some
method must be used to approximate it. The simplest updated algitinm,
proposed by Olshausen and Field [6], is equivalent to a delta apgimation
of the density p(sjA ; x) at the MAP estimate §, leading to the update rule

X
ak = &SL+i 1k (15)

where g is the MAP estimate of s;c from the inference step, ance”is the

corresponding value o at sy = % .

However, we have found that this approximation can lead to pldems during
the update, sincesj, for extreme values of (e.g.j =lorj=L+1 1) wil
correspond to situations where only a small part of an underlyghfunction ay

is present ina;, , and would naturally have a wide variance. To avoid these
problems at extreme o setg, we only update functions which appear fully in
the shift-invariant dictionary, i.e. those which correspond @ componentss,
with osets in therangeL | | (recall also Figure 1). Therefore we use

the update rule

X
a = &SiL+i )k (16)

where

8
Egjk ifLj |

Sik (17)

.E 0 otherwise

Note that the errors & are calculated using the full MAP estimatesf, not
the restricted setsy . Since the observation vectox is repeatedly randomly
sampled from the sequencdt], the "'missed out' updates will be updated when
X is resampled from a nearby sampling (end e ects near the bouriss of the

sequencex[t] can be avoided by zero-padding), so this restriction does not



introduce bias into the update process.

4 Frequency domain method

As an alternative to the time-domain approach, we also considst a frequency
domain method, inspired by addition of power spectra. The appach is based
on the idea that power spectra of components (such as di erentotes or
instruments) approximately add, assuming random phase relatiships. In this
model, the observationsx in (1) are taken to be short-term Fourier power
spectra (i.e. squared Fourier coe cient magnitudes), the didgbnary vectorsay
are taken to be the discrete power spectra of the source compoiseand the
sk are their respective weighting coe cients. Depending on the ssumptions
we make fors and A, it is possible to construct various analysis models based
on ICA [15], independent subspace analysis (ISA) [16], non-néga matrix
factorization (NMF) [17], non-negative ICA [18] and sparse caag [19,20],
and, in theory, non-negative sparse coding (NNSC) [21]. Howeverhile most
of these approaches assume the usual additive Gaussian noise matie, is
not entirely appropriate for addition of non-negative powespectra. Instead,
we consider here a more principled approach based on estimatmfrvariance,

leading to a multiplicative noise model.

4.1 Estimation of variance

Suppose we have a single random variable (1) which is the mean square ad

L.i.d. Gaussian rvs, each with zero mean and varianegi.e.Z; N (0;v);1

10



] d. Then X has a gamma (scaled Chi-squared) distribution:

X

d 2
— 2 . — 2
X = Z SV = v (18)

[N -

j
in other words, realizationsx = X have probability density

d=2 .
— 19
Vv ( )

L 95 ex
2 V P

x ( d=2)

p(xjv) =

NI Q

where () is the gamma function. The expected value of (19) gives thean-
ance,hXi = v: we can therefore consideX to be an unbiased estimator of,
but where the standard deviation scales witlv, implying an e ectively multi-
plicative noise on the estimate. In contrast, NMF involves an imigit Poisson

noise model [22], where the standard deviation scales wft)h_/.

For MAP inference, we will want to nd 4 to maximize the log posterior

¢ = arg max, logp(vjx) = arg max, logp(xjv) + log p(v). Taking logs of (19)

we get
|
LY — _ d d x d x
logp(xjv) = log(x ( d=2)) + > Iogé +log . 5y
= Dgy(v;x) + fTerms in x and dg (20)

where Dy(v; X) = g (y 1) logy ,sov=argmax, Dg(v;x)+log p(v).
The quantity Dy(v;X) acts as a distance measure, sind24(v;x) 0 with
equality whenv = x, but unlike the usual symmetricall , distance, it quickly

rises forv < x, with Dg(v;x)!'1 asv! O.

4.2 Generative model for power spectra

We assume that the signal is a weighted sum of independent statiogaGaus-

sian processes such that, in the short-term, the signal is also a Gaassprocess

11



Fig. 2. Generative model for frequency domain model

given the weighting coe cients (this is the maximum-entropy modd, given
that the power spectrum only of each component process is obssty. Under
these conditions, the pair of discrete Fourier coe cients (relat imaginary)

for the ith spectral bin at a particular time frame areconditionally Gaussian
and uncorrelated, with some varianc®;. The observationx; is the sum of the
squares of the these two equal variance Fourier coe cients, argb follows the

distribution p(xijv;) given in equation (19) withd = 2.

The generative model (Figure 2) implies that the time-depeafent variances

. P . . .
are given byv, = = K, ayx s, or in matrix notation v = As, where a, =

is the strength of the contribution from the kth component at that time. As
before we assume that the components sfare independent, random variables

with sparse priorsp(sk). So in place of egn. (3) we have

N
P(xjA;s) = p(xjv) = p(Xijvi) (21)

i=1

with p(xijvi) given by equation (19) withd = 2. Since the columns ofA are
power spectra, and the components & are their contributions, both A and

s (as well as the variances) must be non-negative.

12



4.3 Sparse decomposition

Given an observatiornx, the MAP estimate 8 of sis given by8 = arg maxs p(sjA ; x) =
arg max logp(sjA ; x) = arg maxslogp(x; sjA). Butlog p(x;sjA) = Dg(As; x)+
logp(s)+ f Terms in x and dgwhereDy(As;X) = P i D4([As]i; xi) and logp(s) =

P « logp(sk), S08 =argming P i Da(Vvi;Xi) P « logp(sk). Di erentiating with
respect to thesgs and setting to zero, after some manipulation we get the

stationarity conditions

dX ay Xi

- — 1 — + =0 1 k K 22

5 v Loyt (22)
where (s¢) = &Iogp(sk) [7]. Since the termsay, Vi, X; and s, are all

non-negative, we construct a multiplicative update rule

P
i (@K =v)(Xi=v)
N ROLMCE

Sk K (23)

in the style of the rules proposed by Lee and Seung for NMF [22]. the
experiments reported in section 5 we used the generalized Gaassprior
p(s) = zexp ijsj whereZ = ¥ (1+1=)with = 0:2. While we
do not have a convergence proof at this point (c.f. [22]) we W& found that

algorithm (23) converges very reliably in practise [23].

4.4 Dictionary learning

The maximum likelihood dictionary would be given byA . = arg max, Hogp(xjA )i X
but, as we discussed for the time-domain model above, this invek the
awkward problem integrating out the sourcess [7]. We therefore instead
maximize the joint log likelihood (‘A;S) = arg maxa ;s logp(x;sjA)i, where

S = [sW;s@::::] denotes the sequence of source vectors corresponding to a

13



sequence of observed vecto¥s = [xY; x@;:::]. Without further constraints,
this would result in the elements ofA growing without limit while the sources
tend to zero; hence, we impose a constraint on the 2-norms on ttlietionary

vectorsay. Using the derivative

d . _ d Xi Sk
EDd(XhVI) =5 1 V| VT (24)
we can express the gradient of the log-likelihood as
d . d . d Xjsk Sk
daik Hng(X,Sj )lx daik md(XI1VI)Ix 2 ViV, Vi x ( 5)
and hence the following conditions must hold at any extremum:
hxi=v)(sk=v) (sk=u)iy =0; foralll i I;1 k K: (26)

The gradient of the log-likelihood (25) can be written as theli erence of two
matrices Uy Vi, all of whose elements are non-negative. A multiplicative
update analogous to Lee and Seung's NMF algorithm [22] woulceof the
form ay aix (Uk =Mk). This would certainly have the same xed points as
an additive steepest ascent algorithm (assuming that all they are strictly
positive), but in the present case, Lee and Seung's convergempeceofs do not
apply. Instead, we introduce a step size parameter) < 1 and make updates
of the form ay ai (U =Vk) . By making a rst-order Taylor expansion
of the log-likelihood around the current point, it can easilybe shown that
the multiplicative step is guaranteed to yield an increase fasmall enough ,
essentially becausefan  O,v>0and > O,wehave( Vv)((u=v) 1) O

with equality i u = v. Thus, in full, the multiplicative update is

h =) (S=W )i x

Step 1:  ax  ai —
-V

1 i Ll k K (273

Step 2:  ax  acTjaj2 1 k K (27b)

14



where the second step restores unit 2-norm to the columns &t The s (and
hencev = As) values in (27a) can be computed by, for example, interleang

the dictionary updates with a few iterations of the decomposon update (23).

5 Experiments

We compared the time-domain and spectral-domain methods byaining each
on a recording of Beethoven's Bagatelle, Opus 33 No. 1 iri Elajor contain-
ing 57 di erent played notes. The recording was made using a MiEzontrolled
acoustic piano (i.e. not a synthesized piano) so that an exact MIDepresen-
tation was available alongside the audio recording. The twchannels of the
original recording (44.1kHz stereo) were summed to mono, andvdesampled

to 8kHz.

The time-domain method used functions of lengtih. = 1024 from a window
of sizel = 2L = 2048 samples, withK = 57 functions in the dictionary,
matching the known number of notes played. The dictionary wainitialized
to a set of random waveforms. Pitched dictionary vectors werebserved to
converge within 24 hours on an Apple PowerMac 1.42GHz dual pessor G4,
although the algorithm was run for a total of 7 days to ensure cwergence as

much as possible.

The spectral-domain method used a frame size of 1024 samples,rgpower
spectra with| =513 elements, andK = 117 dictionary vectors. The spectral-
domain dictionary was initialized to a F2-semitone pitch dictionary plus three

‘spare’ at initial dictionary vectors. Speci cally, the pit ched part of the initial

15



dictionary matrix Ag is given by:

& =1+3 cod( (fs=f)(i 1)=L) " (28)

A = normaliseA° (29)

whereL is the DFT frame sizef s is the sampling frequencyf; = 440 2mi=12
with m; = 32+ (j 1)=2 being the pitch of thejth element in semitones
above A4 (440Hz)r; decreases linearly from 3 to 1 asgoes from 1 toN, and
the function normalise() rescales each dictionary element to unit 2-norm. The
spectral-domain algorithm was run for 3 hours (120 dictiongrupdates) on an
Apple PowerBook G4 laptop with single 1.3GHz processor. For conmison,
the NMF method of Smaragdis and Brown [17] was also run from thersa

starting conditions as our frequency domain method.

5.1 Dictionary elements

Both our methods, as well as NMF, learned dictionaries that genally re ect
the structure of notes present in the piece. The dictionary waforms learned
by the time-domain method are shown in Fig. 3. The rst 46 atoms &d
a clear harmonic structure and are here ordered by increasingnflamental
frequency from bottom to top, while the topmost atoms (47 to 57 could
not be assigned to an individual fundamental frequency. (Thisrdering was
performed by hand for this example.) Most atoms have full suppioover their
whole lengths, although some atoms (e.g. 14, 23, 29 and 41) haveshorter

time support.

The spectra of these dictionary waveforms are shown in Fig. 4(ayhere this

time the frequency ordering runs from left to right, with the spectra of the

16
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Fig. 3. Time-domain waveforms of the dictionary learned with the time-domain

sisc, prior=hyperbolic(2), frame length=1024 nnsc, prior=genexp2(0.2), frame length=1024 nmfdiv, frame length=1024
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Fig. 4. Spectra of (a) time-domain dictionary waveforms, (b) the dictionary learned
with the spectral-domain approach and (c) the NMF approach.

unordered waveforms on the far right. A clear harmonic struatre is visible
from this dictionary. We also notice that some notes are represed by more

than one dictionary element: we shall examine these in more détlater.

The dictionary learned by the spectral-domain method is showim Fig. 4(b),
with the NMF dictionary spectra in Fig. 4(c). The dictionary atoms for these

also show a harmonic structure, with some notes represented by mdhan

17



one dictionary element.

We can see that more higher harmonics are visible in the spectdittionaries
(Fig. 4(b) and (c)) than in the time-domain dictionary spectra (Fig. 4(a)).

This appears to be due to the well-known “stretching' of the yger harmonics
on the piano which in turns means that the upper harmonics wihot be phase-
locked to lower harmonics. While this is not an issue for the speat model
(which ignores phase), it will lead to a continually shifting jpase relationship
between the upper and lower harmonics, and hence no single egentative
time-domain waveform will be able to represent a sustained noteithout a

tendency to “smear out' the higher harmonics. We have observeldat time-

domain dictionaries trained on other instruments do retain rare of the higher

harmonics.

To identify atom types and represented notes, we resynthesizduktdictionary
atoms into audio and listened to the results. The spectral-domaiand NMF
atoms were resynthesized by feeding white noise into an FIR Itevith an ap-
propriate power spectral gain, while the time-domain atomseve resynthesized
directly from their waveforms. We manually classi ed each atonaccording to

whether it represented a single note, a chord, or was unpitchégig. 5). The

| I Single note [ Chord ] Unpitched‘

SISC
NNSC

NMF

Fig. 5. Proportion of dictionary atoms for the time-domain (SISC), spectral domain

(NNSC) and NMF methods representing single notes, chords,rad unpitched atoms.

time-domain (SISC) model produced a very small proportion athord atoms:

18



this is expected, since it would be unlikely for separate notes a chord to

maintain the xed phase relationship required to produce an urhanging wave-

form. Our spectral-domain method (NNSC) produced a higher pragption of

single note atoms compared to the NMF dictionary, suggesting itould be

more appropriate for the automatic music transcription appbations we are

interested in.

5.2 Sparse representation

atom number

xxxxxx

(a) 0 25 5 75

beetbag:33, nmdiv

175 20 225 25

1101
100
90r
80F
70F
60
50F

atom number

a0F
30r
201

10

0 5 10 15 20
C time/s

Fig. 6. Decomposition coe cients for the rst 25s of the piece, found with (a) the
time-domain method, (b) the spectral-domain method, and (c) the NMF method

with (d) showing the original MIDI score for comparison (50 beats = 25s at 120

bpm).

Figure 6 shows the decompositions produced by the time-domgiRig. 6(a))
spectral-domain (Fig. 6(b)) and NMF (Fig. 6(c)) methods. For the time-

domain method, the activities are recti ed for display, and @composition

(d)

unknown:beet:bag:33, nnscf

nexp2(0.2))

values corresponding to unpitched dictionary elements arenitted for clarity
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(and in any case do not contribute signi cantly to the decomposion). All
decomposition methods show melodic lines, chord structures anlythmic
patterns. However, there are also clear di erences: the time-o@in represen-
tation is composed of clusters of high-resolution impulses (‘kps') to make
up each note, while the frame-based analysis process means tinat spectral-
domain and NMF representations are a low-resolution, sustainedpresenta-

tion instead.

Close examination reveals that not all of the notes were succeslsf recovered:
for example, a few of the lowest MIDI notes are not represented {Fig. 6(a)).
Also, in all decompositions we can nd examples where a partiar note is
represented by more than one component. In the spectral-domaiepresen-
tations (Fig. 6(b) and (c)) this sometimes appears as a comrmat the start
of each note, as one component is active for the note onset,|daled by a

di erent component for the sustained part of the note.

5.3 Note detection performance

Since both our spectral-domain method (NNSC) and NMF operate on sptral
frames, they admit a direct comparison. Visually, our spectralamain decom-
position appears “cleaner' than the NMF results, indicating thathe sparse
priors have indeed reduced more coe cients to zero in the spieal-domain

method.

For a quantitative comparison between NNSC and NMF we compared ¢h
notes detected by both methods with the original MIDI score ireach frame.

We considered two cases: (i) dictionary atoms contribute to anyote they

20



contain, and (ii) only dictionary atoms containing a single ote contribute to
that note. In each case the activity from atoms contributing b each note are
combined. If the total activity for that note is above a thresiold, that note is
considered to be “detected' in that frame. Comparison with theriginal MIDI
score (Fig. 6(d)) at a range of thresholds, yielded the performae curves

shown in Fig. 7. As expected, including "chord' dictionary atos increases good

0.9

0.8

0.7

0.6

0.5

true positives

04} :

03 nnsc(genexp2(0.2)):bmap(filternp)
o2kt | nnsc(genexp2(0.2)):bmap(filterchords)
— — — nmfdiv:bmap(filternp)
01 | = = nmfdiv:bmap(filterchords)
0
0 0.2 0.4 0.6 0.8 1

false positives

Fig. 7. Note detection performance of spectral domain (NNS¢ method and NMF
method over a range of thresholds. Binary maps of notes detéed are compared
with current “on' MIDI notes on a frame by frame basis. For the curves " lternp’
dictionary atoms contribute to each note they contain, while unpitched dictionary
atoms are ltered out. Each note detector at each frame is clasi ed as true-posi-
tive (TP), false-positive (FP), true-negative (TN) or false-n egative (FN). The “true
positive' (Good detection, recall) coe cient is TP/(TP+FN ), where TP+FN is the
total number of “on' pixels in the map of the original “true' M IDI score. The “false
positive' (1  precision) coe cient is FP/(TP+FP), where TP+FP is the tota |
number of “on' pixels in the map of the detected notes. For thecurves " Iterchords'
only dictionary atoms that contain a single note are includad: the chord atoms are

Itered out (as well as the unpitched atoms).

detections slightly at the cost of slightly increased false posits. However, we
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can clearly see that our spectral-domain (NNSC) method producesbetter

trade-o of performance across the range of thresholds than@¢fNMF method.

5.4 Representation of notes by multiple components

As we mentioned earlier, the representations found by these rhetds contain
some sets of components that together represented a single ntiese tended
to correspond to the notes that appeared most often in the reating. We call

the group of atoms corresponding to a single pitched noteptch group
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T
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atom number
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Fig. 8. Time waveforms showing (a) the attack phase and susta phase of an isolated
piano note (B[4/A]4, MIDI note 70, nominal frequency 466.16Hz), and (b) the
5 corresponding dictionary waveforms extracted by the timedomain model. The
isolated note was recorded separately using the same instment and recording
process as the original recording. Activity of the 5 atoms slbbwn in (c) during playing

of two successive isolated notes.

For the time-domain method, Fig. 8 shows the time waveforms to#o parts of
an isolated piano note, together with 5 dictionary atoms thaicorrespond to
this note. The dictionary waveforms in this group di er signicantly from each
other, both in wave shape and in time support and envelope. Fi§(c) shows

the activity of the atoms in Fig. 8(b) while two isolated notesare played on the
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recorded piano. This clearly shows that atoms 33 and 29 are udedepresent
the note onset, atom 30 is used only once in each note, while thiner two
atoms (31, 32) are used repeatedly with varying magnitude teepresent the

sustained part of the note. Fig. 9 shows the spectra of the piano teocand

(@)

sisc, unknown:beet:bag:33, frame size=1024
T T

Fig. 9. Magnitude spectra of (a) the single piano note and of §§) of the 5 corre-

sponding waveform atoms in Fig. 8(b) learned by the time-domin method.

time waveform atoms in Fig. 8. The harmonic pro le of e.g. atm 31 is very
similar to the piano note itself (Fig. 9(a)), suggesting why thisatom is active
for much of the note (see Fig. 8(c)). Atom 29 has a large amounft tigher

harmonics, corresponding to its use for "bright' sounds near thete onset.

Pitch class: #a/4 Pitch class: #a/4
1] o]
e £ /) /\
2 80 r‘ 2 80 P~ /\7\7
15 h | \‘ I | 5 T/ \
Sl L b S ol -
0 500 1000 1500 2000 2500 3000 3500 4000 10 10.5 11 11.5 12
(b) frequency/Hz (C) times/s

Fig. 10. Magnitude spectra of (a) the same piano note used in i§. 9, (b) the
corresponding pitch group learned by the spectral domain miénod, and (c) activity

of the atoms over the duration of two notes.

For the spectral-domain method, similar groups of dictionargtoms also emerged.
For example, Fig. 10 shows the two spectral atoms learned in tipgéch group

for the same note as Figs. 8-9. We can see that, as for the spectratloé
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time-domain atoms, di erent amounts of higher harmonics ar@resent in the
atoms within a pitch group, enabling it to represent the chanigg spectrum
of the note over time. Fig. 10(c) shows the activation of theseomponents
over time, during the playing of two notes. This illustrates hw the atoms
in a spectral-domain pitch group are combined to reconstruct aingle note.
Atom 80 is mainly active during note onsets, while atom 79 is aee during

the sustained part of the note.

Comparing the two time activity plots (Fig. 8(c) and 10(c)) we see more clearly
the di erence between the “spiking' representation of the tie-domain method,
against the "smooth' representation of the spectral model, wiicproduces
its representation on a frame-by-frame (rather than sampleybsample) basis.
The representation produced by the spectral domain model is semhat like a
“piano-roll' representation of the notes (Fig. 6(c)), whilehe spikes produced by
the time-domain model are somewhat suggestive of spikes foundbiological
neural systems [24]. In particular, Rieke et. al. [25], discussoW biological
sensory signals can be reconstructed reasonably well from a néwsgke train
by convolving the spike train with a response function: a very siitar process

to the generative model of our shift-invariant coder.

6 Discussion

Shift-invariant dictionary atoms have previously been suggted for image
analysis (see e.g. [14]), and greatly increases the e ectiveadable number
of atoms compared to a non-shift-invariant set of dictionary @ms, which
otherwise has to use several atoms simply to represented shiftedsien of

each sound [26,27]. The “spiking' representation produced kyd time-domain
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method indicates that this might lead us towards an \event-bsed" representa-
tion of musical audio. In such a representation, we would be abie represent
a sound by a time index and object description (or a compositiorf @ few of

these) to producing a representation in terms of \sound objectg28].

On the other hand, the spectral domain approach to polyphonisusic analy-
sis, modelling observed spectra as a linear sum of weighted notecd@e has
attracted a signi cant amount of interest from the blind sourceseparation
community recently. As well as our own work using independenbmponent
analysis (ICA) [15,19], non-negative ICA [18], and sparse codgirj19,20,29],
independent subspace analysis (ISA) has been used by Casey and Wastn
[16], non-negative matrix factorization (NMF) by Smaragdisand Brown [17]
and non-negative sparse coding (NNSC) combined with a discontity cost

by Virtanen [30].

The spectral domain method described here diers from these dar ap-
proaches in that we do not simply assume linear addition of speatwith the
usual squared error, but derive a non-negative sparse coding nebthrough
a model of estimation of variance using a gamma distribution, vith leads
to multiplicative noise [23]. While we therefore have a \nomegative sparse
coder”, in this sense our approach is perhaps closer to the noar ISA gener-
ative model approach of Vincent and Rodet [31], although oupproach di ers
from Hoyer's [21] non-negative sparse coding method. Gamma distitions
have also been suggested for separation of positive sources by Mougsat.

al. [32].

We note that NMF alone has recently been shown to reliably givegarts-based

decomposition under certain circumstances [33], and it woulzk interesting to
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consider whether there are similar proofs for the type of nonegative sparse
coder considered here. We are also currently investigating these of shift-
invariant strategy in the spectral domain to get shift-invariant non-negative
sparse coding in a dictionary of time-frequency atoms, related the methods

suggested by Smaragdis [34] and Virtanen [35], with encouragimitial results.

For our experiments we used a MIDI-controlled acoustic piano $lat an exact
MIDI representation was available corresponding to a realistimusical audio
performance including appropriate dynamics. Nevertheless, waight expect
transcription from a live human player to be somewhat more chiginging, due
to the additional variability in the performance that could not be captured
in the MIDI data stream. Furthermore, other instruments, such asstringed
instruments, have additional scope for expressive playing (egbrato in string
instruments): we expect that these will require more complex gerative mod-

els [31].

7 Conclusions

We have developed two approaches for sparse decomposition offypleonic
music: a time-domain approach based on shift-invariant wavefos, and a
frequency-domain approach based on phase-invariant power spra, and we
have shown that both methods can successfully produce a sparse esen-
tation from a MIDI-controlled acoustic piano recording. We &0 compared
our frequency-domain method against the non-negative matrifactorization

(NMF) frequency-domain approach of Smaragdis and Brown [17]

Comparing the dictionaries, we found that the time-domain aims lose some
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of the higher harmonics of piano notes, perhaps due to “stretog' of upper
harmonics on the piano. However, the time-domain dictionargloes produce a
higher proportion of single-note atoms than the frequencyeanain algorithms.
Our frequency-domain sparse coding algorithm yields a dichary with more

single-note atoms than the NMF dictionary.

The time-domain method produces a sparse activity representah consisting
of “spikes' making up the sequence notes, somewhat reminiscent widwyi-
cal neural activity. On the other hand, the frequency-doma methods (both
our non-negative sparse coding and NMF) produce a "piano-ralépresenta-
tion that can be compared directly to on/o activity in the or iginal MIDI

data. Comparing frame-by-frame note detection performae¢ we found our
frequency-domain method clearly outperformed NMF on this m®rding, re-
gardless of whether chord atoms were included or not. Nevertbss, NMF has
been reported to perform well on other tasks, and it would be ietesting to
systematically compare these various algorithms on a wide raa@f musical

audio recordings.

Of our two sparse coding methods, each has its own advantages atisad-
vantages. The time-domain method is computationally expeng (even when
our subspace selection approximation is used), but produces sdeipccurate
spike-like activations. These suggest possible future applicatioof this ap-
proach in event-based representations, and could be used for aedt time-
domain reconstruction. The spectral domain method discards pke informa-
tion, which would need to be restored for signal reconstructio[86], but is
faster than the time-domain method. The piano spectral dictioary for the
frequency-domain method contains more higher harmonicsggate the lack of

phase-locking of these higher harmonics.
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These techniques already indicate that sparse coding is a pofwtrapproach
to automatic music transcription or object-based coding of musal audio. It
would be interesting to see if these techniques can be combinéat, example
through initial learning of spectra leading to derived wavefrms, to combine

the best of the two methods.
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