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ABSTRACT important aspects in ASA are the "segregation” and

"streaming” of sound sources. The segregation step
partitions the auditory scene into some fundamental
auditory elements and the streaming is the binding
of these elements in order to reproduce the initial
sound sources. These two stages are influenced by
top-down processing (or schema-driven). The aim in
Computational Auditory Scene Analysis (CASA) is to
develop computerized methods for solving the sound
segregation problem by using psychoacoustical and
physiological cues. Previous works that deal with the
CASA problem are based either on expert systems (for
a review see [2]) or on neural networks [3], [4].

We use a two-layered bio-inspired neural network
to segregate sound sources, i.e. double-vowels or
intruding noises in speech. The architecture of the
network consists of spiking neurons. The spiking
neurons in both layers are modelized by relaxation
oscillators. The first layer of the network is locally
connected, while the second layer is a fully connected
network. Our auditory image is based on the reassigned
spectrum technique. No prior estimation or knowledge
of pitch is necessary for the segregation.

Keywords: CASA(Computational Auditory Scene
Analysis), bio-inspired neural networks, cocktail-party
effect, sound segregation, Cochleotopic/AMtopic B. Binding of Auditory Sources

Maps. Different features of speech are extracted in different

I. INTRODUCTION parts of the brain. These different features are "bound”
Our proposed technique is a bio-inspired solution to {0gether in the brain. We can assume that the sound
the CASA problem. In this section we will try to clarify ~ Segdregation is a generalized classification problem, in

some of the key concepts. whiqh we want to bind features extractgd in differgnt
i i i sections of our neural network map. This generalized
A. The "Cocktail-party effect” and CASA classification problem was first addressed by Rosen-

Humans are able to segregate a desired source irblatt [5]. Suppose that there are two sources and two
a mixture of sounds ("cocktail-party effect”). Experi- features to classify. In the case of static neurons (i.e.,
ments have shown that although binaural audition may perceptrons) we can implement a network in which one
help improve the segregation performance, human be-neuron is triggered by the existence of S1(Source 1),
ings are capable of doing the segregation even with oneanother one by S2 (Source 2), a third one with F1 (a
ear or when all the sources come from the same spatialspecific speech feature like a modulation frequency, an
location(for instance, when someone listens to a radio onset/offset time, a modulation phase, etc.) and the final
broadcast) [1]. This is in contrast with the statistical one with F2 (another feature). Suppose that we apply
(i.e., the Independent Component Analysis (ICA)) or the preprocessed signal from S1 (which contains the F1
signal processing techniques (spatial localization) that feature) to the network. Neurons "S1” and "F1” will
are based on the use of two or more microphones.be activated. Now suppose that a mixture of S1 and
These differences between mathematical methods ands2 (which contains both the F2 and F1 features) are
psychoacoustic findings suggest that the human brainapplied to the network. In this case, all four neurons
and the auditory pathway process the information dif- will be turned on. The network is now confused: It
ferently. Using the knowledge acquired in visual scene doesn’t know whether S1 goes with F1 or with F2. In
analysis and by making an analogy between the vision other words, which one is the correct binding [(S1, F1),
and the audition, Bregman developed the key notions (S2, F2)] or [(S1, F2), (S2, F1)]? Three solutions to this
of the "Auditory Scene Analysis” [1]. Two of the most  problem are proposed in the literature:
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« The most straightforward solution to this problem p denotes the amplitude of a Gaussian nojsés the
is the hierarchical coding of the information. One external input to the neuron, arffithe coupling from
neuron is triggered when the stimulus (S1, F1) other neurons (connections through synaptic weights).
is present and another one turns on when thee, v, andg3 are constants. Since the integration of these
input (S1, F2) is applied and so on for all the equations using the conventional techniques (Runge-
possible combinations [6]. The problem with this Kutta, etc.) is CPU consuming, some simplified tech-
approach is an exponential increase in the numberniques have been proposed in the literature to solve the
of neurons with a rise in the number of classes Wang-Terman equations, for instance the algorithmic
and a lack of autonomy for new (not previously solution (event-driven) [10] or a technique based on
seen) classes. Its advantage is its fast responsesingular limit solutions [11].
time (classification time).
« Another solution to the aforementioned problemis [, \ n I
the use of attentional models [7]. In this method J\ || '|| J\ }",
I | \ l
|

attention is focused on one of the elements in - |

the stimulus ignoring the others, when the clas- _~

sification of this element is finished this element

is dismissed and other elements in the input are "=

analyzed. il |
« The third solution is the temporal correlation ap-

proach, first proposed by Malsburg [8], [5]. In this Fig. 1.  The output activity of a neuron witi = 100, o = 15,

theory, objects belonging to the same entity are 2236th:e ?h%é;gfiéﬂti?;“gnsrgteg00%2the fourth order Runge-Kutta

bound together in time. In other words, synchro-

nization between different neurons and desynchro-

nization among different regions perform the bind- [I. SOUND SEGREGATION

ing. The classification in our proposed network is

based on this third technique. The advantage of

this approach is its autonomy, but it is much slower ~ The model we use filters vowels (mixed sound

25

A. The preprocessing

than the first approach. sources) by a constant-Q cochlear filter bank. AM
demodaulation is then applied to higher frequency chan-
C. Bio-inspired Neural Networks nels. We are using a filter bank of 24 filters centered

on Bark scaled frequencies ranging from 200 Hz to
4.7 kHz. The envelope demodulation (extraction) is
done only for channels 5-24. Increasing the number of

neurones discharge a spike whenever their internal po- i ‘ )
tential exceeds some predefined threshold. In addition,Channels in the filterbank may increase the performance
of the separation by reducing "confusion zones” as

a spike resets the internal potential of the neuron. These it 1
neurons are more generalized than classical neurad€Scribé in sectianll.B.

networks . In fact, the information in these networks We use the spectrum of the outputs of t_he cochlear
can be coded in the phase, discharge rate, and thé‘llterbank t_o create_: an enhanced version. of the
relation between the discharge patterns of the neu-Cochleotopic/AMtopic (CAM) map proposed in [12]
rons in the network. These codings make bio-inspired (for more details about our proposed CAM see [13]). In
neurons mathematically more powerful than classical 2ddition, a reassignment technique is used to enhance
neural networks [9]. The dynamics of a real biological the spectra [14]. The CAM is a 2-D representation as
neuron follows the Hodgkin-Huxley equations. These shown in Fig. 3. The CAM output for voiced d_ouble-
equations are computationally very expensive. There- vowels ha_s a pseudo-structurized pattern. In this paper,
fore, some approximations are used to simplify them. W& Use this patter to solve the voiced speech segrega-
The Wang-Terman equations is one of these simplified 0N Problem using our proposed neural architecture.
models. The dynamics of this kind of neurons is 1h€ Segdregation can be the separation of a voiced
governed by a modified version of the Van der Pol speech from another voiced speech or the separation

relaxation oscillator and follows the following state- ©f @ voiced speech from an intruding noise.

space equations, where is the membrane potential ~ SUPPOSINg that the two sources have different
(output) of the neuron ang is the state for channel pitches, we can assume that the geometric distance
activation or inactivation. between rays on the map corresponds roughly to the

P pitch of the underlying source and that this distance is
X

Bio-inspired neurons mimic the functional behavior
of a real biological neuron. Roughly speaking, these

— =3c—a34+2—y+p+p+S (1) different for different sources. These rays are produced
dt because of the beats between harmonics filtered by
d the filter belonging to a channel, but are masked by

= = eh(1 + tanh(z/65)) — ] (2)  the amplified values of the representation at resonance
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frequencies (Fig. 3). This approach lets us enhance rays
placed atfy, 2fo, 3fo, €tc. on the mapf, being the
pitch of one of the sources.

B. The Network

The auditory scene analysis in the brain is done
in two different stages: segregation and streaming [1].
Segregation consists of finding elementary audio ob-
jects in the scene, while streaming is the "binding” of
the elements that belong to an object (source). These
two steps are implemented in our two-layered neural
network.

The .fIrSt Iayer Is a partially ConneCt.ed network of Fig. 2. Architecture of the Two-Layer Bio-inspired Neural Network.
relaxation oscillators [3]. Each neuron is connected to G: stands for global controller (the global controller for the first layer
its four neighbors. The CAM is applied to the input is not shown in the figure). One long range connection is shown in
of the neurons. Since the map is sparse, the originalthe figure.

512 points computed for the FFT are down-sampled to

50 points. Therefore, the first layer consists of 24 x =7°°
50 neurons or 1200 neurons. Our observations showec
that the geometric interpretation of pitch (ray distance
criterion) is less clear for the first four channels. That is

why we have also established long-range connections %
from "clear” (high frequency) zones to "confusion” E‘:' i
(low frequency) zones. These connections are only
along the "channel number” axis of the CAM (as shown
in Fig. 2). This can help the network better extract
harmonicity patterns.

The synaptic weights between the neurons of the first
layer are adjusted via appropriate adaptation formula
based on the difference between inputs (for more detailSgjq 3 cam for the /di/ and /da/ mixture &N R = 0 dB and
on the adaptation formulas and the dynamic behavior of ¢ = 166 ms.
our proposed architecture see [13]). The second layer
is an array of 24 neurons (one for each channel). Each
neuron receives the weighted sum of the outputs of
the first layer neurons along the frequency axis of
the CAM. Since the geometric (Euclidian) distance
between rays (spectral maxima) is a function of the
pitch of the dominant source in a given channel, the
weighted sum of the outputs of the first layers along
the frequency axis tells us about the origin of the signal
present in that channel. The weights between layer one
and layer two are defined as;(f) = % where f is the
frequency bin andvy is a constant. P ——

The ”"binding” of these features is done via this ° " enannet Number B
?jr;/oggnlr?g;';cinnéi?&n?iljﬁ;?lcictjhIzygli;)ll)salagor?trrré‘l{el?f Fig. 4.  Spike activity until synchronization for the stimulus

presented in Fig. 2 (synchronization time in the order of the number
The global controller desynchronizes the synchronized of neurons (24) oscillations).
neurons for the first and second sources by emitting
inhibitory activities whenever there is an activity (spik-
ings) in the network [3]. of the techniques proposed in the literature prior
pitch detection is made for the sourcebhis is in
Il. RESULTS agreement with the physiological observations, which

A mixture of the French /di/ (female speaker) and state that no region in the brain is identified as "pitch
/da/ (male speaker) (double-vowels) are used to testextractor” and that "pitch extraction” is the byproduct
the system. The signals have equal power, thereforeof the Auditory Scene Analysis undertaken in the brain.
the SNR = 0dB. The CAM is extracted for the Figure 3 shows the CAM for the /di/ and /da/
aforementioned signal. Note that in contrast with most mixture.

S1 Source

Channel Number =2a

Time(discrete steps)
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Figure 4 shows the output of the second layer. Note
that the binding of channels 1-6 and 19-23 has been
made possible through long distance synaptic weights

in the second layer. Note that the H(.) (Heaviside [10]

function) of the input values are applied to the neurons

because of synchronization considerations. Regionsy;;

with different first layer activity will dissociate through
very weak synaptic connections, producing desynchro-

nization (similar frequencies but different phases) and [

similar region will synchronize (similar frequency and

phase) through strong synaptic connections (for more [13]

details on performance metrics see [13]).

IV. CONCLUSION AND FURTHER WORK

We proposed a technique to solve the vowel segrega-[15]

tion problem using a bio-inspired pre-processing stage
and a bio-inspired neural network. We think that the
gualitative and quantitative results we obtained from
resynthesization are encouraging [13]. In addition we
used no prior pitch detector in the approach.

This network only performs a bottom-up processing
of speech information. On the other hand, we know
that top-down processing is another important aspect
of speech segregation. Therefore, two additional layers
should compare the output of the first two-layers to
saved patterns (i.e., clear vowels). The result of this
comparison should then be sent to lower layers, in
order to change the dynamics of these inferior levels
adequately and to improve the resyntesized sound
quality. This approach can be implemented using the
Dynamic Link Matching algorithm [15].
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