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Separable representations for cocktail party processing
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Perceptual parsing of a complex acoustic scene requires the following ingredients: (a) a representation that
is “separable” in the sense that it allows patterns to be split into parts that belong to diverse sources, (b) rules
and cues to guide the partition, and (c) processes that can make sense of the partitioned information in the
event that the partition was imperfect and the partitioned information is incomplete. Acoustic waveforms
can usefully be represented in the time domain, in the frequency domain, in the cepstral domain, etc. These
domains are transforms one of the other, and for tasks such as recognizing speech in quiet they may in
principle be used interchangeably. In the presence of noise or competing sources, however, partitioning may
be easier within one representation than within others. This paper explores the idea that the auditory system
forms a set of diverse representations that are redundant in quiet, but useful in cluttered acoustic scenes.
These representations are produced by a combination of spectral analysis in the cochlea and time-domain
neural processing within the nervous system. Partitioning is based on cues and rules such as described by
Bregman (1990). The final pattern-matching stage must be able to use the possibly incomplete information
that survives the partitioning stage. Similar ideas may be applied to machine analysis of complex acoustic

scenes.

1 Introduction

This paper is about acoustic scene analysis by man and
machine. It departs slightly from current wisdom on au-
ditory scene analysis (ASA, [2]) and computational ASA
(CASA, [25]) by exploring four ideas. The first is that
successful scene analysis depends on finding a separa-
ble representation within which the correlates of differ-
ent sources can be distinguished. The familiar time-
frequency plane is one example, but other representations
are possible. The second idea is that this representation
should be understood as a means to suppress interfering
sources, rather than, or in addition to, enhance the target
source. The third idea is that segregation is inherently
imperfect: parts of the target are likely to be suppressed
together with the interference, and the incomplete target
thus needs to be interpolated or reconstructed. This re-
quires internal models. The fourth idea is that it may be
useful to assume a set of redundant representations with
different separability properties. In quiet they are equiv-
alent, but in noise one or the other may allow better sup-
pression of interference. Throughout this paper we con-
sider both natural and artificial processing.

Accounts of auditory scene analysis [2] usually describe
perceptual organization in terms of grouping and segrega-
tion of components (“partials”) belonging to each source.
For example if one partial of a vowel starts earlier than the
others, the timbre of that vowel shifts as if the partial were
discounted in the calculation of the vowel’s spectrum [6].
A partial that is mistuned or modulated may emerge as
a perceptual entity distinct from the rest of a harmonic
complex tone [16]. The easier identification of concur-
rent vowels with fundamental frequencies ( Fys) that are

different, rather than the same, is usually explained by
saying that partials of either vowel are segregated because
they belong to distinct harmonic series [27], etc. Implicit
in such explanations is the notion that sounds are “made
up” of sinusoidal partials with frequencies that follow ar-
bitrary time courses, and with precisely delimited tem-
poral extents, and that the auditory system has access to
individual representations of each. This view is problem-
atic, as the temporal and spectral resolution of the au-
ditory system is known to be limited. Indeed, the well-
known uncertainty relation of Gabor [15] implies that no
measurement device — whether human or machine — can
have perfect time and frequency resolution.

Segregation necessarily operates within the constraints
of physiology (ASA by humans) or physically realiz-
able operations (CASA by machines). However, these
constraints allow some flexibility. Auditory processing
is limited by the selectivity of initial filtering within the
cochlea, but the remporal structure of neural signals that
are carried to the brain allows this selectivity to be ad-
justed to some degree. For example spectral resolu-
tion can be enhanced (at the expense of temporal resolu-
tion) by cross-channel or within-channel neural subtrac-
tion (e.g. [7, 28]) or reduced (for the benefit of tempo-
ral resolution) by cross-channel neural summation [22].
CASA systems have a yet larger range of representations
to choose from, and a range of time-frequency tradeoffs.
These include the short-term Fourier transform, wavelets,
chirps, etc. One representation may give better frequency
resolution, another better time resolution, etc. Each may
be of use in some particular situation.

Most systems or models choose, among these many alter-
natives, a single representation that offers a compromise
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between conflicting requirements. Here we explore in-
stead the idea of multiple representations. Traditionally,
the focus has been on finding a representation that best
represents features of the rarget pattern, or best allows
them to be selected from a mixture. Here we take a dif-
ferent viewpoint: the representation should allow inter-
ference to be suppressed. Representations are judged on
their capacity to allow such suppression. Different forms
of interference may require different representations, and
this leads to the notion of multiple representations.

2 Separable representations

A separable representation designates any representation
that allows correlates of interference to be discounted.
The key property is that the representation of the com-
posite scene (target + interference) is separable into two
parts, one affected by interference, and the other only by
the target. Observable data are, as it were, rotated and
projected such as that the interference projects to a lim-
ited part of the representation, that can be discounted. As
a trivial example, interference concentrated within a lim-
ited time interval can be discounted within a time-domain
representation. Narrow band interference can be sup-
pressed in a frequency representation (spectrum). Inter-
ference that extends over a limited patch of time and fre-
quency may be attenuated within a time-frequency repre-
sentation.

Models of auditory segregation, such as the concurrent
vowel identification model of Meddis and Hewitt [21], or
the earlier binaural model of Lyon [19], operate by gat-
ing channels of a cochlear model according to whether
they are dominated by one source or another. A similar
idea is used in CASA systems, such as the early system
of Weintraub [29], or later work such as [4]. These mod-
els and systems create a separable representation on the
basis of cochlear filtering. Depending on the model, this
consists either of a two-dimensional time-frequency map
(with pixels belonging to either source), or a more com-
plex set of autocorrelation patterns, also indexed by time
and frequency. Each pixel is assigned to either source.
The spectro-temporal segregation principle is ubiquitous
in segregation models, from the pioneering work of Par-
sons [23] to recent efforts such as [26, 30].

However, there exist alternative approaches to separation.
For example a harmonic interferer can be suppressed by a
time-domain comb-filter [11]. There is evidence that the
auditory system may use an analogous form of process-
ing applied to neural spike trains [8]. The equalization-
cancellation (EC) model of [14] performs a similar oper-
ation based on binaural interaction. Ideally, in the case
of perfectly periodic (or interaurally correlated) interfer-
ence, these operations suppress all evidence of the inter-
fering source.
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At this point it is worth mentioning two basic approaches
to interference suppression: subtractive and multiplica-
tive. In the subtractive approach, a representation of
the interference is subtracted from the representation of
the scene, leaving (hopefully) an intact representation of
the target. In the multiplicative approach, correlates of
the interference are suppressed by setting them to zero.
The subtractive approach requires a linear representation
(waveform, complex spectrum), whereas multiplicative
suppression can apply to a non-linear representation (e.g.
power spectrum). Multiplication by zero in essence “de-
stroys” features contaminated by interference, while sub-
traction allows (in principle) the correlates of the tar-
get to emerge intact. If phase is available, then spec-
tral subtraction may reasonably be applied to the com-
plex spectrum (magnitude and phase). If phase is un-
known, then a power spectrum is more appropriate, as
power then combines additively on average. Note how-
ever that if the statistics of the sources are sparse within
the time-frequency representation (as is often the case
with sources such as speech or musical instruments), the
particular scaling (magnitude, power, log) is indifferent
as each pixel is usually dominated by one source only
[26]. This explains the success of time-frequency plots
as separable representations.

3 Interference cancellation

Given a separable representation, should the system fo-
cus on correlates of interference to suppress them, or on
correlates of the target to enhance them? The previous
section took the former for granted, but this is in con-
trast with ASA models and CASA systems that usually
assume target enhancement. There are several reasons to
favor interference cancellation. One is that there is con-
verging evidence to suggest that the auditory system uses
such a strategy, at least in presence of harmonic or bin-
aurally correlated interference [7, 12, 13, 5, 14]. Another
is that the cancellation strategy is functionally superior
in the sense that (if successful) it removes dependency
of segregated patterns on the interferer. In this way the
system cannot mistake features of the interference as be-
longing to the target. See [11] for an in-depth discussion
of the cancellation principle in acoustic scene analysis.

4 Missing features

Ideally, we would wish the representation to allow per-
fect suppression of interference, while at the same time
preserving the target. Such is rarely the case: often some
target correlates are suppressed by the cancellation mech-
anism. There is usually a tradeoff between the amount
of target suppression and the amount of residual interfer-
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ence. Arguably it should be arbitrated in favor of less
interference, as leak-through from interference corrupts
features in ways that are unpredictable and impossible
to compensate for. In contrast, target distortion is often
predictable from knowledge of the segregation process,
and thus easier to handle. Solutions to target distortion
depend on the context within which scene analysis is per-
formed. If the task is pattern-matching, known target dis-
tortion can be compensated within the pattern-matching
stage. If instead the goal is to output a “clean” target
waveform, for example to present to a listener’s ears, then
distortion or missing features are a more serious prob-
lem. It is best solved by applying models constrained
by learning, physical principles, etc, to interpolate across
missing parts. Useful models may be instrument models,
voice production models, grammars, etc. ‘“Missing fea-
ture” theory is a hot topic in speech recognition [3, 18].
See [11] for a discussion in the context of scene analy-
sis. The ability to deal with incomplete targets is a key
requirement for acoustic scene analysis.

5 Multiple redundant representa-
tions

As mentioned earlier, interference local in time or fre-
quency favors a temporal or spectral representation re-
spectively. Other spectro-temporal patterns may fit differ-
ent spectro-temporal analyses (short-term Fourier trans-
form, wavelets, chirp transforms, etc.), while periodic
interference fits a representation incorporating harmonic
cancellation. Obviously no single representation offers
every advantage, and for this reason it is worth consid-
ering to entertain multiple representations and models in
parallel. To the degree that they are transforms one of the
other, the information they carry is redundant, but one
representation or another may offer a better “separable
representation” depending on the interference. Multiple
representations entail a cost in terms of storage and pro-
cessing, but this is not a serious obstacle for the massively
parallel auditory nervous system, or for modern compu-
tational systems.

5.1 Auditory processing

One can speculate that the auditory system is designed
to elaborate multiple transforms of incoming acoustic in-
formation, and that the purpose of at least some of these
redundant representations is to allow the contribution of
interfering sources to be discounted [9]. The first steps
are well documented: quasi-linear filtering followed by
hair-cell transduction to form approximately 3000 chan-
nels, each coded by about 10-20 afferent auditory nerves.
Within the cochlear nucleus and subsequent nuclei, these
patterns are recoded into a very wide variety of responses
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[24]. Because of their complexity, their functional rele-
vance for the processing of sound is obscure. However,
it has been argued that apparently “random” non-linear
transforms of input patterns can be used to implement
sophisticated pattern-matching functions [20]. Further-
more, there are reasons to believe that functionally useful
steps, such as redundancy reduction, will result in hard-
to-interpret responses [1]. One may hypothesize that
many such elementary operations are performed system-
atically within the auditory system, particularly at lower
levels within the brainstem, and that higher level mech-
anisms select among them those that turn out to be most
useful for a given task [20].

Among these elementary transforms, some may be use-
ful for segregation. Such is obviously the case of the ini-
tial stage of cochlear filtering. The above-mentioned EC
model [14] is another example: the “equalization” step
of that model can be understood as a particular projec-
tion that cancels interaurally-correlated interference. The
“harmonic cancellation” model of [7] performs a simi-
lar operation on the basis of harmonic structure. Simple
neural operations such as coincidence may be assembled
to effectively perform segregation operations such as har-
monic cancellation [10]. In other words, the system per-
forms, at each level, many “projections” of the incoming
patterns in the hope that one at least will fit the structure
of interference and allow it to be discounted. It is not es-
sential to assume that all representations are calculated in
parallel in every situation. The essence of the conjecture
is rather that the higher levels can accommodate what-
ever representation is chosen to escape the interference at
hand. In other words, internal “templates” exist in multi-
ple formats. This conjecture is hard to prove or disprove
experimentally, but it may be of help to make sense of the
complex structures and responses revealed by studies of
the auditory system.

5.2 Automatic speech recognition

Automatic speech recognition (ASR) usually operates
on the basis of a particular signal feature representation
(e.g. mel spectrum, mel-frequency cepstral coefficients
or MFCC, RASTA-PLP, etc.). Much effort has been in-
vested into the choice and optimization of this repre-
sentation. However it has been found that features that
have proven most effective in quiet (e.g. MFCCs) are
difficult to deploy in systems that deal with interference
[3, 18, 17]. An interesting alternative would be to use a
set of redundant features, all trained on the same train-
ing data, comprising for example spectral and cepstral
features with diverse spectro-temporal resolution proper-
ties. On clean speech, all features are expected to give
roughly the same performance. For mixtures, one or
the other may allow better segregation and interference
suppression, and effective application of missing-feature
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techniques [3, 18]. For example, the system of [17] op-
erates on a spectro-temporal representation with resolu-
tion properties that are presumably optimal for some but
not all sorts of interference. Extending the system to in-
clude multiple representations would presumably allow it
to deal effectively with a wider range of interference.

6 Summary

This paper put forward several ideas. An acoustic scene
analysis system (natural or artificial) can benefit by in-
corporating multiple redundant representations, each tai-
lored to allow various forms of interference to be sup-
pressed. The key to effective scene analysis is suppres-
sion of interfering sources, so that their correlates do not
interfere with those of the target. Interference suppres-
sion is likely to result also in distortion of the target. The
suppression parameters being known, the system can in-
terpolate over the missing parts on the basis of internal
models. It is expected that these ideas may be of practi-
cal use in machine-based systems. They may also offer a
key to understanding scene analysis processes that go on
within the auditory system.
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