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Motivation

Human listeners can follow a desired speaker even in com-
plex auditory scenes. This is due to the ability to segre-
gate the incoming mixture of sounds into streams of infor-
mation that can be associated with objects in the scene
[1]. On one hand stream formation is a result of group-
ing the simultaneously incoming sound components by
the similarities in their general properties like harmonic
structure, time onset or spatial direction [3]. A second
mechanism is related to the ability to form and maintain
the streams of information sequentially over time.
Interaction of those mechanisms is especially important
for speech perception in challenging acoustic conditions
with many simultaneously active voices.

Previous studies suggest that in such conditions, the au-
ditory system predominantly uses sparse, speaker-related
bits of robust information - auditory glimpses, which pro-
vide reliable cues for simultaneous grouping([4]-[9]). Fol-
lowing a speaker requires integration of this sparse in-
formation over time. Sequential grouping is known to
be supported by perceptual distance between the com-
ponents of the individual streams [2], but recent studies
also explore the role of attention and statistical inference
in the stream formation ([14]-[19]).

This study presents a computational model of attentive
tracking of voices, which takes these aspects into account
and thus contributes to understanding the speech percep-
tion in complex auditory scenes. The novelty of this ap-
proach lies in combining sparse glimpsed features ([4, 6])
with Bayesian sequential estimation ([11]-[13]).

Modeling framework

In particular, we model an auditory scene consisiting of
two simultaneously active voices [14]. The scene analysis
task - attentively following one of these voices - is repre-
sented as tracking the high-level parameters defining the
voice such as fundamental and formant frequencies.

The proposed modeling framework includes three main
stages (see Figure 1): a) Signal generation stage, where
the binaural signal containing mixture of two competing
voices is generated, b) Feature extraction stage, which
transforms the waveform into glimpsed periodicity fea-
tures and c¢) State estimation stage, where the glimpsed
fatures are decomposed and forwarded to two parallel
particle filters, which sequentially estimate the parame-
ters of the voices using d) prior knowledge on dynamical
changes of voice high-level parameters and their statis-
tical relation to the glimpsed periodicity features. The
stages of the modeling framework will be discussed in the
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next sections.
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Figure 1: Modeling framework with three main stages: Sig-
nal generation, Feature extraction, State estimation.

Signal generation

We follow the concept from a psychoacoustic study [14],
which investigated the human ability to attentively track
one of two competing voices. We use two synthetic voices
with time varying high-level parameters represented as
hidden state trajectories (see Figure 2):
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which define the state of the system in each time instance:
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The voices change their parameters - fundamental fre-
quency FO, first two formants F'1, F2, and direction of
arrival a - over time, but there are no constant dissim-
ilarities between them, that could support the stream
formation (e.g. voice timbre).



We generate each state trajectory as a random walk (see
Figure 2) that evolves according to a predefined state
transition probablity density function (PDF) (see Section
State estimation).

Based on state trajectories, we generate binaural acous-
tic signals. We use the Klatt formant synthesiser [26] for
generating signals with varying fundamental frequency
and formants, and TASCAR [24] to auralise the time
varying direction of arrival. We simulate a human lis-
tener, whose ears receive the mixture of sounds originat-
ing from both voices. The binaural signal is the input to
the feature extraction stage.
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Figure 2: Example of a multidimensional hidden state tra-
jectory. The left plot presents the first three dimensions (fun-
damental frequency F0 and the first two formants F'1, F2) of
two state trajectories. All dimension of the state trajectory
evolve freely according to the state transition PDF (random
walk). The right plot presents one dimension (F0) of the
same trajectories over time.

Glimpsed feature extraction

The feature extraction stage transforms the input wave-
form into a feature space that carries more meaning in
terms of the scene analysis task - following one of two
competing voices.

Several studies show that for solving such tasks, the au-
ditory system uses mainly the sparse, salient, speaker-
related pieces of undistrupted information ([10, 8, 9, 6]),
which we refer to as auditory glimpses. Mentioned stud-
ies usually compare the speech intelligibility for signals
resynthesized from partial information against the speech
intelligibility of the unprocessed mixture. For select-
ing the speaker-related information they use the perfect
knowledge about the signal and masker energies.

In our model, we use the approach developed in [5, 4, 6],
which is capable of blindly extracting speech glimpses
from the mixture of signals. The method focuses on de-
tecting the periodicity, as one dimension, in which the
salience of speech is reflected ([7]). Salient periodicity in
the signal is thus treated as robust speaker-related in-
formation that originates from a single source, which we
refer to as periodicity glimpses.

The glimpsed feature extraction is depicted in Figure 3.
Each channel of a binaural input signal is passed through
the auditory preprocessing stage, which, after gamma-
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tone band-pass filtering, half-wave rectification, 5th-
order lowpass-filtering at 770 Hz and 40 Hz highpass-
filtering, outputs 23 time signals. Next, the periodicity
analysis, which yields a normalized synchrogram ([25]),
is performed on the time signals in each frequency band.
Synchrograms represent the proportion of the periodic
energy of a signal with fundamental period P in rela-
tion to the overall energy, for every time instance n ,
and a given range of P. Values in the normalized syn-
chrogram, that exceed a certain threshold (e.g. > 0.9)
indicate the dominant fundamental period PO and are
considered salient periodicity glimpses.

Normalized synchrogram in 1 channel:
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Figure 3: Extraction of periodicity glimpses.
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In general, glimpses are found at the multiples of PO
corresponding to one of the harmonics of the fundamen-
tal frequency (see Figure 4 a),b)). Which harmonic of
FO will be mirrored in the glimpses depends both on
the formants F'1 and F2 and on the frequency channel.
Glimpses extracted from a mixture of two vowels are a
combination of glimpses from the individual sounds - in
each channel they will exclusively originate from either of
two voices (see Figure 4 c)). It is consistent with the as-
sumption, that a glimpse always represents information
related to only one voice.

We extract the periodicity glimpses from a binaural mix-
ture signal every 20ms and use them as an observation
vector 0,, which is an input to the state estimation stage
at time n (Figure 5 a)).

State estimation

We model attentive tracking as sequential inference of
high-level parameters represented in the hidden state vec-
tors 57 and §,. In this study, we track a single dimension
- FO - of the multidimensional hidden state.

Numerous studies mention Bayesian estimation as a plau-
sible model of the inference in the human brain, both in
a general view on cognition ([18]-[20]), as well as in the
context of auditory perception ([21]-[23]).

We follow this idea in our modeling framework by us-
ing particle filters [13]- a sampling solution to the se-
quential Bayesian estimation problem, which has already
been successfully used in the context of speech tracking
([11, 12]).
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Figure 4: Examples of glimpsed periodicity patterns. All
plots present glimpsed periodicity features across all 23 fre-
quency channels. The first two plots from the left show the
glimpses extracted individually for two different vowels, at
different F'0s.The plot on the right side shows the glimpses
extracted from a mixture of those two vowels - glimpses in
different channels originate either from the first or from the
second vowel.

Tracking in the Bayesian framework requires prior knowl-
edge (Figure 1 d)) in the form of the following statistical
models:

1. initial state PDF p(8p), used to initialize the hy-
potheses in the particle filter.

state transition PDF p(8,|8,—1), mentioned already
in the State generation section, which describes the
temporal evolution of the parameters identifying the
voices.

observation statistics PDF p(0,|8,,), which describes
the mapping between state and observation.

We use the same single-source statistical models for both
voices. p(8p) is defined as a uniform distribution in the
range of possible values of voice parameters (for exam-
ple FO € [100,300]Hz). p(3,|5,—1) is implemented as
a probabilistic gaussian motion model [28]. p(0,|3,) is
a model inspired by [27] - we analytically compute the
expected periodicity values for a given fundamental fre-
quency and its harmonics (up to the 11th harmonic)
and generate a glimpse probability density with Gaus-
sian modes around those values.

For tracking F0 of two competing voices we use two par-
ticle filters - PF'1 and PF2 - in parallel (see Figure 1c)).
The state estimation stage begins with the glimpse de-
composition (Figure 5b)) - the incoming glimpsed obser-
vation 0, is split into observations 0, ,,, 0, , for the two
competing voices. In particular, each frequency chan-
nel of glimpses is assigned to the voice that most likely
generated it. The likelihood is computed by comparing
o, with the previous state estimate for both voices via
the observation statistics PDF p(d,|8,). PF1 receives
observation 0, ,, and PF2 0, ,, respectively.

A single particle filter is an iterative algorithm that
alternates between the following processing steps (see
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Figure 5):

Initialization: A set of initial hypotheses about the
state of the system - particles - is created by drawing
values from the p(5p) (Figure 5 ¢))

Prediction: New hypotheses are predicted based
on previous hypotheses by drawing values from the
p(5n|8n—1) (Figure 5 d)).

As a result of this step, the temporal evolution of the
state is reflected in the hypotheses set.

Update: All current hypotheses are compared with
the available observation &, , (selected in the glimpse
decomposition step (Figure 5 f)), by evaluating p(0,,|5,)
Figure 5e)).

Estimation: The hypothesis that gets the highest
support is the estimated states, ,.(Figure 5 f)).
Resampling: Before the next iteration, the most likely
hypotheses are duplicated and the unlikely hypotheses
are eliminated from the hypotheses set. This way the
focus of the particle filter is shifted to the region of
interest (Figure 5 g)). The resampling step is done only
if the particle filter has received reliable information in
the current iteration. Otherwise, the search space will
broaden with time (see Figure 6).
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Figure 5: Processing steps in one of two parallel particle
filters in the modeling framework.

After iterating over all time frames, the particle filters
yield the estimated state trajectories

Tz = {510,501, -, 51N}

T;'Z = {§2,07 gz,la ceey §2,N}7
which can be compared with the hidden state trajectories
in order to assess the tracking performance (see Figure 6).
Conclusions and outlook

We proposed a modeling framework for attentive track-
ing of voices, which combines periodicity glimpses and
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Figure 6: Example of F0 estimation. The upper plot shows
how the hypotheses of two parallel particle filters evolve,
while tracking FO of two competing voices from periodici-
tity glimpses. The right plot shows the preliminary results -
hidden FO trajectories together with the estimated F0. The
bottom plot shows only one dimension of the 4-dimensional
hidden state trajectories (shown also in Figure 2) that were
used to generate the voices contributing to the mixture)

particle filtering in a novel way. It is exemplarily shown
(see Figure 6), that the framework is capable of precise
estimation of the fundamental frequency of two synthetic
competing voices from glimpsed periodicity features. We
expect, that the robustness of the salience-based features
will allow for voice tracking also in the case of real speech
signals with various background noises. In the near fu-
ture we plan to compare the model predictions with the
human data collected in the psychoacoustic study on at-
tentive tracking [14].

The modeling framework will be extended to track
all high-level parameters included in the state vector
(FO, F1,F2,a). This will require to include the infor-
mation about the spectral energy distribution and inter-
aural time and level differences in the feature space.
Another essential challenge lies in designing the prior
knowledge probability models, in particular the obser-
vation statistics PDF, which has to be suitable for sparse
data. We plan to further investigate both the analytical
models and machine learning approaches.
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