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Abstract

‘We present a new technique for achieving source separation when given only a single channel recording. The main

idca is based on exploiting the inherent time structure of sound sources by leaming a priori sets of time-domain basis

finictions that encode the sources in a statistically efficient manner. We derive a leamning algorithm using a maximum
likslihood approach given the observed single channel data and sets of basis functions. For each time point we infer the

source parameters and their contribution factors. This inference is possible due to the prior knowledge of the basis functions

and the associated coefficient densities. A flexible model for density estimation allows accurate modeling of the observation,
amd our experimental results exhibit a high level of separation performance for simulated mixtures as well as real
environment recordings employing mixtures of two different sources. We show separation results of two music signals

as well as the separation of two voice signals.

Keywords: Blind source separation, Independent componemt analysis (ICA), Computational auditory scene analysis

(CASA), Adaptive filtering

|. Introduction

"he need for extracting individual sound sources from
mixtures of different signals is increasing in both of the
commercial and scientific fields. Many researchers in
comnputational auditory scene analysis (CASA)[1] and
independent component analysis (ICA)[2] formulated the
prcblem as: we assume that the observed signal 3 is an
addition of P independent source signals

y'=t11x{+igx£+‘..+2px;3, (1)
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where x?is the ¢ sampled value of the * source signal,
and 2;is the gain of each source which is fixed over time.
In our manuscript, we denote superscripts for sample
indices of time-varying signals and subscripts for the
source identification, The gain constants are affected by
several factors, such as powers, locations, directions and
many other characteristics of the source generators as well
as sensitjvities of the sensors. It is convenient assumingall
the sources to have zero mean and unit variance. The
goal is to recover all x! given only a single sensor input
y'. The problem is too ill conditioned to be mathema-
tically tractable since the number of unknowns is PT+ P
given only T observations.

Various sophisticated methods have been proposed in
the research areas such as computational auditory scene
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analysis (CASA)[3,4] and independent component analysis
(ICA){2]. Separation algorithms in CASA are based on
isolating auditory streams in time or frequency domain by
assuming the sparseness of the sources, that is, the
observed instances of the individual sources are mutually
exclusive in time samples or in spectral domain. Previous
work tried to localize the acoustic objects into separate
streams, such as classifying speech segments into the same
pitch ( Fy) groups[3] or decorrelating frequency bands{4].
Recently Roweis[5] has presented a refiltering technique
that estimates A; in Equation 1 as time-varying masking
filters that localize sound streams in powerspectral domain.
In his work sound sources are supposedly disjoint in the
spectrogram and there exists a “mask” that divides
completely multiple streams. These approaches are however
able to be applied to certain limited environments due to
the intuitive prior knowledge of the sources such as
harmonic modulations or temporal coherency of the acoustic
objects.

ICA is a data driven method that relaxes the strong
frequency characteristical assumptions. However, the ICA
algorithms perform best when the number of the observed
signals is greater than or equal to the number of sources
[2]. Although some recent over-complete representations
may relax this assumption, but the problem of separating
sources from a single channel observation remains difficult.
ICA has been shown to be highly effective in other aspects
such as encoding speech signals[6)] and natural sounds[7].
The basis functions and the coefficients learned by ICA
constitute an efficient representation of the given time-
ordered sequences of a sound source by estimating the
maximum likelihood densities, thus reflecting the statistical
structures of the sources.

This paper introduces a technique for separation of
mixed sources in single channel observations utilizing the
ICA basis functions. The algorithm recovers original
sound streams in a number of gradient-ascent adaptation
steps maximizing the log-likelihood of the separated
signals, which is calculated by the likelihood of their
associated coefficients for the given basis functions. We
make use of not only the ICA basis functions as a strong
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prior for the source characteristics, but their associated
coefficient distributions modeled by generalized Gaussian
density functions[8] as an objective function of the leaming
algorithm, The experimental results showed that two
different sources were almost perfectly recovered in the
simulated mixtures of rock and jazz music, and male and
female speech signals, as well as in the real recordings of
mixed speech signals and music sound.

Il. Adapting Basis Functions and Model
Parameters

The algorithm first involves the learning of the time-
domain basis functions of the sound sources that we are
interested in separating. This corresponds to the prior
information necessary to successfully separate the signals.
We assume two different types of generative models in the
observed single channel mixture as well as in the original
sources. The first one is depicted in Figure 1-A. As
described in Equation 1, at every t=[1, 77 the observed
instance is assumed to be a weighted sum of different
sources. In our approach only the case of P=2 is
regarded. This corresponds to the situation defined in
Section 1 in that two different signals are mixed and
observed in a single sensor.

For the individual source signals, we adopt a decom-
position-based approach as another generative model. This
approach was employed formerly in analyzing sound
sources[6,7] by expressing a fixed-length segment drawn
from a time-varying signal as a linear superposition of a
number of elementary patterns, called basis functions, with
scalar multiples (Figure 1-B). Contiguous samples of length
N with N<< T are chopped out of the whole samples
of a source, from ¢ to ¢f+N—-1, and the'subsequem
segment is denoted as an N-dimensional column vector
in a boldface letter, x [={x{x{*' .. x.“”‘l]r, attaching
the lead-off sample index for the superscript and repre-
senting the transpose operator with T. It is then expressed
as a linear combination of the basis functions such that



9=0.99 ‘ =0.52 I q=0.26 ‘ q=0.12 ‘

Figure 1. Generative models for the observed mixture and original source signals (A) A single channel observation is generated by a
weighted sum of two source signals with different characteristics. {B) Individual source signals are generated by weighted
linear superpositions of basis functions. (C) The distribution of the weight has a sharp summit at the mean, with long tails.
They are modeled by generalized Gaussian density functions with varying the exponent.

x = 11 assi= Ais! @

where M is the number of basis functions, a is the &
basis function of /™ source in the form of N-dimensional
colomn vector, s’ its coefficient (weigh_t) and S {=
[s) sk..sh] T, The rhs. is the matrix-vector notation.
The second subscript % followed by the source index i
in +% represents the component number of the coefficient
vector s £ We assume that M = N and A has full rank
so taat the transforms between x ! and s ! be reversible
in both directions. The inverse of the basis matrix, W,=

A 7Y, refers to the ICA filters that generates the
coelficient vector, s (= W;x &

Tae purpose of this decomposition is to model the
mulivariate distribution P(x }) in a statistically efficient
way. The ICA leaming algorithm is equivalent {0 searching
for the linear transformation that make the components as
statistically independent as possible, as well as maximizing
the marginal densities of the transformed coordinates for
the given training data[9,10],

W= ag m‘%xl_,[P(x by Wy=ag mﬁxﬂl;lﬁsi&). 3)

Independence between the components factorizes the

joint probabilities of the coefficients into the product of
marginal ones, and independence over time does on the
segments. What matters is therefore how well matched the
model distribution is to the true underlying distribution of
P(s ‘). The coefficient histogram of real data reveals that
the distribution has a highly sharpened point at the peak
with a long tail (Figure 1-C). Therefore we use a
generalized Gaussian prior[8] that provides an accurate
estimate for symmetric non-Gaussian distributions by
fitting the exponent ¢ in the set of parameters & in its

simplest form

s €)wexp[—|s—;’£lq]. 6={u, 0 g}, C))

where = E{s] and o=V W(s). The ICA learning algo-
rithm for the basis functions is proposed in[11], which
incorporates generalized Gaussian priors in modeling
source distrtbutions. It can be derived using the maximum
likelihood formulation. The probability density function of

x | is approximated by W, and the density function of
the coefficient vector, which is given by[12]:

P(x D=p(s}

5)

where p( + ) is the generalized Gaussian density function,
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and @,= 9, » — parameter group of all the coefficients,
with the notation  ;...;' meaning an ordered set of the
elements from index 7 to ;. The term |det W,| gives
the change in volume produced by the linear transforma-
tion W, (see e.g.[13]). The log of Equation (5) is

log P(x )=log p(s ! ©;)+log |det W . (6)

Maximizing the log-likelihood with respect to W;
gives a learning rule for W [11]:

AW [(WD ' —e(s x HT], (7

where the component of the vector function ¢(s {) is

o) =B L LB et sign (), ®)

expressed by the parameters ¢, ¢, and ¢ of the gener-
alized Gaussian for p(s) as defined in Equation 4. It is
assumed that the mean of source signal s is zero so g
has been eliminated. An efficient way to maximize the
log-likelihood is to follow the “natural” gradient[12],

AW, < [(WD ™ —o(s D(x HT]WT W,
=[I-¢(s (s DT] W.. 9

Here W / W, rescales the gradient, simplifies the
learning rule in Equation 7, and speeds convergence
considerably. It has been shown that the general learning
algorithm in Equation 9 can be derived from several
theoretical viewpoints such as MLE[13], infomax[14], and
negentropy maximization[2]. The basis filters W; and
their individual parameter set @, are obtained beforehand

and used as prior information for the following source
separation algorithm.

HI. Source Separation Algorithm

To infer the sources we perform log-likelihood maxi-
mization given the model parameters. Scaling factors of
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the generative model are learned as well.

3.1. Learning Rules for Source Signals

The learned basis filters maximize the likelihood of the
given data. Suppose we were given the basis filters. Could
we infer the learning data? The answer is generally “no”
when N< T and no other information is given. In our
problem of single channel separation, half of the sclution
is already given by the constraint v'= A,x{+ A,x$, where
x ! constitutes the basis learning data x ! (Figure 1-B).
The goal of the algorithm to be presented is to complement
the remaining half with the statistical information given by
the coefficient density parameters 8, (Figure [-C). At

every time point a segment x , generates the independent
coefficient vector s /=W, x [. Respectively s /= W, x 4.
Assuming the independence over time, the probability of
the whole signal x1~7 is determined by the marginal ones

of all the possible segments, and can be computed by
Equation (5)

T, T
PxlT= Hlp(x{); HIP(st &) [det W, (10)

where, for convenience, 7T,= T— N+1. The objective

function to be maximized is the multiplication of the total
probability densities of both sound sources, and we denote
its log by L:

L=log F(x}" DP(x}T)
T
= 2ilogp(s {109+ logs(s {1 6]

+ Ty log [det Wi||det W, 11

Our interest is in adapting x!{ and xj for Vee[l, 71,
toward the maximum of the objective function L. To infer
the sound sources and their contribution factors simul-
taneously, instead of x! we derive the leaming rule on
their weighted time-varying variables z!=2,x/, in a
gradient-ascent manner by summing up the gradients of all
the segments where the sample lies:



P

¥t
1

M=
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n

l[%;logf)(s " 61)+% logp(s o | 92)]
_ oy _Win | _ by Dot
= 2] 2ot - 2l esinm]]
21[32 gl?’(smwm_ﬂl glﬂsﬁ)u’z&n]- (12)
which is derived by the fact that

sy wa x"”)a_x'_ Wi

ot T a8 A
and
..3.23_ = M =—1

32.'1 o 821 B

where f,=!—n+1, wsp= W,(k n), and o(s) is de-
fined in Equation 8. Note that the gradient of L for z,,
&L;dzy=— dL[dz), always makes the condition y=
211z, satisfy, so learning rule on either z, or 2z,
subsumes the other counterpart.

The detailed derivation of the proposed method is
summarized as 4 siages in Figure 2. The whole figure
shows one adaptation step of each sample. In stage (A),

the source signals are decomposed into N statistically
independent codes to be considered separately while
obtaining the learning rules. The decomposition is done by
a set of the given ICA filters. In (B), the stochastic
gradient ascent for the filter output code is obtained by
taking derivatives of the log probability density function
of the code (Equation 8). In (C), the computed gradient
is transformed to the source domain. All the filter output
codes are regarded independent, so all the computations
are performed independently. However in (D)), we combine
all the independently computed gradients and modify them
to satisfy the initial constraint. The gradients are summed
up and then scaled approprately to obtain the final
learning rates in Equation 12. The four stages comprise
one iteration step. The solution is achieved after repeating
this iteration on the source signal x! to a convergence
from a certain initial value.

Figure 3 gives a conceptual explanation for how to map
sy to the original input domain ax’ Each w takes
windows of N contiguous samples, e.g. x ;= [x{ ..
x{¥"1], and using this as input the filter produces the

source coefficient s/, as output. Each individual sample

sh ¢(Sltl ) Wiin® ¢(S{1 )
sty (P(Sltz E> Wian ‘(D(Sxtz) ~ @_
Sin (D(SfN) Wi Nn '(D(SfN)

D
sk, ¢(5£1) Woain - ¢(S£1 )
sko (P(S§2) Iz\:'> Waoop* 99(552) @_
Sin ¢(S§N) Wa Nn '@(SéN)

Figure 2. The overall structure and the data flow of the proposed method. In the beginning, we are given single channel data ¢, and
we have the estimates of the source signals, x ¢ at every adaptation step. {A) x!==si At each timepoint, the current
estimates of the source signals are passed through a set of basis fillers, generating » sparse codes s that are statistically
independenl. (B} s4 =sas) The stochastic gradient for each code Is oblained by taking derivative of log likelihood of each
individual code. {C) as4 =% The gradient for each code is transformed to the domain of source signal. {D) (finalization):
The individual gradients are combined and modified to satisty the given constraints, to be added to the current estimates

of the source signais.
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Figure 3. The participation of a sample in the source signal to the generation of each output coefficient. The input ! is a vector
composed of ~ contiguous samples ranging from ¢t ¢+N—1 in the sound source. The output coefficient s¢, is obtained
by passing x! through w,. one of the basis filters. The middle of the figure shows that over a sample of the source
signal there exist ~ different possible covers, which implies that a sample participates in the generation of n different

output coefficients per filter.

of the source participates in the generation of N different
inputs, and henceforth in the generation of N different
output coefficients for each filter.

3.2. Updating Scaling Factors

Updating the contribution factors A, can be accom-
plished by simply finding the maximum a posteriori
values. To simplify the inferring steps, we force the sum
of the factors to be constant: e.g. A;+A,=1. Given the

basis functions W ; and the current estimate of the sources
x T, the posterior probability of A, is

sl x )T xd T Wi, WP T WO Px T W pa(2)
(13)

where p,{ + ) is the prior density function of A. The value
of A, maximizing the posterior probability also maximizes

the its log,

AI=mgm?x{L+logﬂa(ﬂ)}, (14)
where L is the log probability density of the estimated
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sources defined in Equation 11. Assuming that A is
uniformly distributed, 3{L +logp{A)}/84=6L/3A, which

is calculated as

[ .
E i Rl § (15)
where
t @,
7= alogﬂ(aji, | 8:) , (16)
derived by the chain rule
dlogp(s iy  dlogp(s }) ds!
afh - as f a!l,'
~p(sHT W,z ‘(—;12—) a7n

In the case of exponential power distributions, ¥, is
always less than or equal to zero because, for each
coefficient s of s ¢ (subscripts are omitted for compact

notation),



o(3) wy z §=cv(s)—fi

T._q_;"‘?.“io—l Sign(s)_!ilﬂjilﬂél
= - ﬁ q <
g crQAISI 0,

G P= 21 glsv(si) w, 2z <0, (18)

where  w is the 4£* basis filter and Equation 18 holds
because ¢, g, o, A =0. Therefore 3L/34,=0 subject to
A +d;=1and 4,,4,=(0,1] always has a solution at the

local maxima of [, such that

AL _ Al _w
S =0 e Fr i =0, (19)
AT AT A R A T A VA X i

According to the above equations the algorithm updates
the scaling factors w.r.t. the current estimate of the source

signals.

IV. Experimental Results

We have tested the performance of the proposed method
on the single channel mixtures of four different sound
typzs. They were monaural signals of rock and jazz music,
male and female speech. We used different sets of speech
signals for learning basis functions and for generating mix-
turcs. For the mixture generation, two sentences of the target
speakers ‘mepm(Q’ and ‘fdaw0’, one for each, were se-
lecred from the TIMIT speech database. The training set
corsisted of 21 sentences for each gender, 3 for each of
randomly chosen 7 males (or females) from the same
database excluding the 2 target speakers. Rock music was
mainly composed of guitar and drum sounds, and jazz was
geterated by a wind instrument. Vocal parts of both music
sounds were excluded. All signals were downsampled to
8 kHz, from original 44.1 kHz (music) and 16 kHz
{spzech) data. The training data were segmented in 64
samples (8 ms) starting at every sampie. Audio files for

all the experiments are accessible at the website
http://speech.kaist.ac.kr/~jangbal.

Figure 4 displays the actual source signals, some ex-
amples of adapted basis functions, and their coeflicient
densities. Music basis functions exhibit consistent amp&-
tudes with harmonics, and the speech basis functions are
similar to a Gabor wavelet, Gaussian modulated sinusoidal.
Figure 5 compares four sound sources by the average
powerspectra. Each covers all the frequency bands, although
they are different in amplitude. One might expect that
simple filtering or masking cannot separate the mixed
sources clearly.

We generated single channel mixture by simply picking
two sources out of the four and adding them. Then we
applied the proposed method and reported the signal-to-
noise ratios (SNRs) of the mixed signal (y": before
separation) and the recovered results ( z : after separation)
with the original sources ( z;=4;x ) in Table 1. Given
the original source s and its estimate s, SNR is defined

by

“snr (s, $)[dB]=10 log mﬁsz_%? .

In terms of total SNR increase the mixtures containing
music signals are recovered more cleanly than male-female
mixture, Separation of jazz music and male speech was
the best, and the waveforms are illustrated in Figure 6.

In summary, our method has several advantages over
traditional approaches to signal separation. They involve
either spectral techniques[5] or time-domain nonlinear
filtering techniques[3,4]). Spectral techniques assume that
sources are disjoint in the spectrogram, which frequently
result in audible distortions of the signal in the region
where the assumption mismatches. Recent time-domain
filtering techniques are based on splitting the whole signal
space into several disjoint subspaces. Although they
overcome the limit of spectral representation, they consider
second-order statistics only, such as autocorrelation, which
restricts the separable cases to orthogonal subspaces.

Our method avoids these strong assumptions by utilizing
a prior set of basis functions that captures the inherent
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Figure 4. Waveforms of the 4 sound sources, learned basis functions {5 were chosen out of 64), and the estimated coefficient density
functions. The full set of basis functions is available on the website as well.
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Figure 5. Average powerspectra of the 4 sound sources, Frequency scale ranges 0 to 4 kHz (x-axis), since all the signals are sampled
at 8kHz. The powerspecira are averaged and represented in the y-axis.
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statistical structures of the source signal. A decomposition-
based, time-domain generative model on the source signals
enables an iterative adaptation on the actual signals in the
signal level. This generative model therefore makes use of
speetral and temporal structures at the same time. The
constraints are dictated by the ICA algorithm that forces
the basis functions to result in an efficient representation,
i.e. the linearly independent source coefficients; and both,
the basis functions and their corresponding pdf are key to
obtaining a faithful MAP based inference algorithm. An
important question is how well the training data has to
match the test data. We have also performed experiments
with the set of basis functions leamed from the test sounds
and the SNR decreased on average by 1 dB.

V. Experiments with Real Recordings

We have tested the performance of the proposed method
on the recordings in a real environment. Single microphone
is used in recording a mixture of two sounds — mechani-
cal noise and male speech. First we recorded the mere
noise through the microphones without any intervening
spetch or other sound source, and used it as training data
for the basis functions of the notse. Then we recorded a
male speaker’s talking under high level of noise, and
applied our separation algorithm to obtain the two sources
given only the single channel input. The basis functions
of male speaker at the previous experiment (in Figure 4)
are adopted for the recorded male speaker. The average
powerspectra are compared in Figure 7. The two kinds of
sound sources have similar characteristics though low
frequency components of mechanical noise are more
emphasized. The full set of the basis functions as well as
the separated results is available at the website also. The
algorithm successfully recovered the original sources as

shown in Figure 8.

VI. Conclusions

We presented a technique for single channel source

separation utilizing the time-domain ICA basis functions.
Instead of well-known prior knowledge of the sources, we
exploited the statistical structures of the sources that are
inherently captured by the basis and its coefficients. The
algorithm recovers original sound streams through gradient-
ascent adaptation steps pursuing the maximum likelihood
estimate of original sources, induced by the parameters of
the basis filters and the generalized Gaussian distributions
of the filter coefficients. With the separation results of the
real recordings as well as simulated mixtures, we demon-
strated that the proposed method is applicable to the real
world problems such as source separation, denoising, and
restoration of corrupted or lost data. Future research issues
include providing a qualitative and objective description
about the separability of our method.
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