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Binaural sound source localization based on GASSOM and DNN

by Shutao CHEN
Department of Industrial Engineering & Decision Analytics

The Hong Kong University of Science and Technology

Abstract

Humans can localize sound source(s) with two ears - binaural sound localization. Con-
ventional methods to model binaural localization focused on artificial spatial cues such
as Interaural Time Difference (ITD) and Interaural Level Difference (ILD) to decode the
locational information. In this work, we extracted spatial features with sparse coding
algorithms and further mapped the features to predict sound locations with Deep Neural
Network (DNN). The use of GASSOM (Generative Adaptive Subspace Self-organizing
Map) and Independent Component Analysis (ICA) as the sparse coding algorithms were
compared. Results indicate that GASSOM outperforms ICA. Map size and basis func-
tion length have been shown to affect the performance of GASSOM and the optimal
selections of both parameters are reported in the thesis. In order to verify the abil-
ity of GASSOM-DNN sound localization model to simulate human binaural localization
performance, benchmark studies with past reported empirical data were conducted. Fac-
tors investigated included: the influence of bandwidth, center frequency and duration of
binaural cues; and the mismatch of non-individualized HRTFs. Performance of compu-
tational model was compared with previously reported human data and similarity was
achieved. Future potentials on the use of GASSOM to model binaural sound localization

are discussed.
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Chapter 1

Introduction

1.1 Summary

In chapter 1, we will give a brief introduction about the background of binaural sound
localization, including the definition of binaural sound localization, the mechanism that
human listeners determine the localization of a spatial sound source, the binaural sound
construction techniques, and the Head-Related Transfer Function (HRTF) as well as the
virtual auditory space (VAS).

1.2 Background introduction and motivations

Sound localization is an essential ability of mammalian animals for survival. Some
animals need to track the location of prey for hunting (e.g., some echo-location bats),
or recognize the presence of predators to escape from the dangers. For vertebrates, this
process is always based on the audio signals received by the two ears. Compared with most
computational models which utilize several microphones (microphone array technology),
animals are still capable of localize the location of sound accurately. Inspired by this
phenomenon, we decide to build a computational model that simulate the auditory system
of human being. An accurate binaural sound locationaliztion model is also essential for
good audio sound separation models (e.g., Chen et al. (2020); He et al. (2022), Hui et al.
(2019))

For human being, binaural sound localization is the capacity to determine the location
of sound sources in the 3-dimensional space relative to the center of the listener’s head

based on the signals perceived with two ears. The location of the sound source is usually



Figure 1.1: Polar coordinate illustration. Azimuth on the right side is defined as positive

and negative vice versa.
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described using polar coordinate, which consists of azimuth, elevation and radius as show

in Figure 1.1,

Azimuth: the angle left or right of straight ahead (from —180° to 180°).

Elevation: the angle above or below the horizontal plane (from -90’ to 90).

Radius: distance between sound source and the center of head.

In our work, our emphasis is placed on the direction of arrival (DOA) including azimuth

and elevation, and the radius is omitted because it mainly affects the amplitude of the

audio signal. To simplify the problem, we only consider the far-field condition, where

the distance between the sound source and listeners is no less than 1.5 meters and the

incidence angles of the waveform are almost parallel to each other.



1.3 Binaural localization mechanism in human being

1.3.1 Duplex Theory

There are many factors that can influence the perception of the sound location and
many research has been investigated on this field. For examples, spectral content, re-
verberation and noise levels can all affect the perception of sound (e.g., Karunarathne
et al. (2014, 2018); Mo et al. (2016), and Horner et al. (2004, 2006, 2009, 2011)). Several
psychophysical hypotheses have been proposed, of which the most prominent hypothesis
is ‘Duplex Theory’, which was proposed by Lord Rayleigh in 1800s (Rayleigh 1875). This
theory states that our auditory system utilize interaural time difference and interaural
level difference to localize sounds of low-frequency and high-frequency, respectively. It
reveals the two physical factors underlying human binaural sound localization, that are
interaural time difference (ITD) and interaural level difference (ILD).

Interaural time difference is the time difference between the sounds arriving at two ears,
which is mainly caused by the traveling time between the two ears. The interaural time
difference focus on low-frequency between the maximum of interaural time difference for
human being is calculated by mx d/(2 X vspeeq) = 1500, where d is the diameter of human’s
head assumed to be around 17 cm, and vpeed is the speed of sound transmission in the
air, which is assumed to be 340 m/s. Therefore, when the frequency is lower than 1500Hz,
the interaural time difference is no more than one cycle, which is easy to determine. But
when the frequency goes beyond 1500Hz, time alignment will occur. For example, given
two pieces of 4000Hz sinusoidal tone with interaural time difference of 5us, it’s ambiguous
to determine whether the actual I'TD is 5us or 5 £ 250us because they look the same.

Interaural level difference is the sound level difference between the sounds that reach
the listener’s two ears. On the one hand, it is also caused by the distance for the further
ear that distorts the energy during traveling. On the other hand, it comes from the head
shadow effect because for higher frequency, the wavelength is shorter than the head size,

and the wave will be reflected by the head, as well as the torso.

1.3.2 Cone of Confusion

ITD and ILD usually come up in conjugations, but localization merely with these two

spatial will lead to ambiguity (So et al. 2006). In 3-dimensional space, a set of points



Figure 1.2: Cone-shape points in 3D space that shares the same distance difference to the

left and right ear.
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on a cone shaped location share the same interaural time difference and interaural level
difference as the distance difference between these points to left and right ears are the
same. When the listener’s head is regarded as a sphere, it is more straightforward as
shown in Figure 1.2

To overcome cone of confusion, spectral cues is utilized by human being to decode the
exact location of sound source (?Au et al. 2011). Spectral cues come from the spectral
changes result from physical effects including absorption of skin, baffie of head and torso
and reflections of ear, especially the pinna. Spectral cues change with incident angle
but no straightforward relation between spectral cues and incident angle. I'TD, ILD and

spectral cues are encoded in Head-Related Transfer Function (HRTF).

1.3.3 Front-back confusion

Front-back confusion is a special case of Cone of confusion, in which the listener hears a
sound source from the front hemisphere and locate it to be the backward. The back-front
confusion is defined similarly where the listener mis-locate the backward sound source to
be in front.

Front-back /back-front confusion is a common psychophysical phenomenon in our daily
life, and it has also been investigated in previous study, which we will review in the second

chapter.



Figure 1.3: Monaural sound is filtered by a pair of HRTFS at azimuth 30°, elevation 0° to
produce binaural sound. The listener would perceive it as coming from the corresponding
direction. The blue and red curves in rectangles demonstrate the left and right channel

waveform, respectively.
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1.4 Head-Related Transfer Function

Head-Related Transfer function (HRTF) is a pair of transfer functions (including left
and right transfer functions) that describe how a sound reaches the entrance of listener’s
two ears from a specific point in 3D space. It is defined as the amplitude response in
frequency domain, and the corresponding time domain impulse response is call Head-
Related Impulse Response (HRIR).

Monaural sound filter by HRTF is spatialized to binaural sound and when played
through headphone, it is perceived as if it comes from the certain direction in the space.
This is one of the most important applications of HRTF. The processing diagram is show

in Figure 1.3.



1.4.1 Individualized and Non-individualized HRTF

HRTF varies across different people, and if we measure the HRTFs for the listener
so that the synthesized audio stimuli would sound more realistic to the listener, which is
called individualized HRTF. However, it’s usually inconvenient to measure the HRTF of
all the subjects, as a result, non-individualized HRTF's are always employed.

Non-individualized HRTFs come from measurement of other subjects. The utilization
of non-individualized HRTF's will lead to degradation of the perception of binaural sound
location. In most of the cases, azimuth location is less influenced. On contrary, the
elevation is much more distorted. Therefore, it’s of vital importance to select appropriate

HRTFs for better immersion.

1.4.2 HRTF database

In the recent years, many famous HRTF database has been measured and released.
The most well-known database is MIT KEMAR database, which was measure in 1994
in MIT’s anechoic chamber (Gardner & Martin 1994). They utilized a KEMAR dummy
head with two microphones mounted in both left and right pinna, which measure the
left and right impulse responses, respectively. The distance between the dummy head
and loudspeakers is 1.4 meters. The corresponding sampling frequency of recording is
44.1kHz. During the measurement, 710 different locations are selected which distributed
between —40° to 90° by every 10° in elevation and —180° to 180° in azimuth by varying
steps that depends on azimuth.

Besides KEMAR database, CIPIC HRTF database (Algazi et al. 2001) is employed in
our work. It was measure in CIPIC interface laboratory anechoic chamber in UC Davis
in 2001. It includes 45 different human subjects, and the KEMAR mannequin is also
employed. The researchers measured the HRTF at 1,250 different locations, including 25
different azimuths from —80° to 80° and 50 different elevations from —90° to 270°. The
distance between the loudspeaker and subjects is 1 meter. The sampling frequency of
recording is 44.1kHz.

For natural sounds, we employed speeches from TIMIT database, which contains
American English sentences spoken by 630 speakers from various of major dialects. The

sentences are designed to cover broad bands.



Database | Location Notes

KEMAR | Azimuth 0° to 360°, Elevation —40° | Measured with KEMAR dummy
to 90° head microphone in anechoic cham-

ber

CIPIC | Azimuth —80° to 80°, Elevation | Measured for 45 different human
—45° to 230° subjects in UCDavis

TIMIT | - Phonetically rich sentences in
American FEnglish wi th different

dialects.

1.5 Binaural sound construction

There are many ways to construct binaural sounds. They are mainly divided into
two categories: one is physical construction through loudspeakers and the other is virtual
construction through headphones. These methods are summarized in Table 1.1.

For physical construction, one way is to attach the loudspeaker to a robotic arm and
adjust the location by tuning the robotic arm with software. Another way is to mount
loudspeakers on the surface of a sphere grid and play the stimuli through the speaker at
target location. Physical construction can product the most realistic perception of spa-
tialized sounds, but it also owns the disadvantage of inconvenience and high expenditure
of facilities.

Virtual construction is another choice, which also consists of two methods. The first
is to record the binaural sound with a dummy head with microphones mounted at the
pinna. Afterwards, the recording is then played through headphones for reconstruction.
This technology is widely used in order to provide better immersion and realism of the
replay orchestra or chorus in theater. Therefore, it’s not applicable for daily usage.

The second method is to construct with Head-Related Transfer Function (HRTF), in
which the monaural sound that to be spatialized is filtered by the Head-Related Impulse
Response at desired location. This method is more convenient as it can produce binaural
sound without any physical configuration. The only requirement is the measurement of
HRTFs at different locations. If the desired location is not included in the database, it
can be estimated using interpolation with existing HRTFs. Besides, as the individual-

ized HRTF is always unavailable, the utilization of non-individualized HRTF will cause



Methods Explanation Pros Cons

Speaker Placing a | Easy and real Inconvenient
speaker at and costly

desired position

Headphone Record the | Real Ungeneralizable
(Recording) audio at the
entrance of lis-
tener’s ear and
play through the
headphone.

Headphone (Vir- | Filter the sin- | Repeatable and | Require individ-
tual  Auditory | gle channel au- | convenient. ualized measure-
Space) dio with Head- ment of HRTFs.
Related Transfer

Function at de-

sired position

Table 1.1: Summary of methods to construct binaural sounds

degradation on the location perception of the sound. To overcome the effect, selection of

HRTFs with similar property as the subject’s individualized HRTF would be appreciated.

1.5.1 Cochleagram

Cochleagram is a special version of spectro-temporal representation that mimics the
response of auditory fibers in cochlea as illustrated in Figure 1.4. Cochlear is a spiral-
shape organism in inner ear with different parts from base to apex response to different
frequencies. To simulate this effect, gammatone filter bank is applied to measure the
displacement of basil membrane of the hair cells in inner ear.

The gammatone filters take the following form,
G(t) = at" " exp ™" cos (27 ft + ¢) (1.5.1)

where a is amplitude, n is the order, b is the bandwidth, ¢ is the phase of the carrier and



Figure 1.4: The left panel demonstrates the anatomical figure of human’s auditory pe-
riphery. Modified from (Ilik 2018). The right panel demonstrated the cochlear in inner

ear.

Cochlea

Eardrum

Ear canal

f is the center frequency in Hz.



Outline of the thesis

Figure 1.5: Outline of thesis
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Chapter 2

Literature Review

2.1 Summary

In this chapter, studies on binaural sound localization are firs reviewed, which un-
cover the underlying mechanism of sound localization and what kind of spatial cues are
employed by mammalians to decode location. Computational models based on these ar-
tificial spatial cues are developed. Besides, sparse coding, including Generative Adaptive
Subspace Self-Organizing Map (GASSOM) and Independent Component Analysis (ICA),
as alternatives to extract spatial cues are introduced subsequently. Based on the spatial
features extracted by GASSOM, decoding the sound source localization is modeled as a
classification problem and Deep Neural Network is employed to solve it.

To evaluate the performance of the GASSOM-DNN based binaural sound source local-
ization model, empirical data of psycho-acoustic sound localization experiment on human
subjects are introduced, which investigated that effect of spectral properties of the stimuli
on localization accuracy. Non-individualized HRTFs are widely used in both daily appli-
cation and research field, which causes degradation of localization performance. Research
on exploring the influence of non-individualized HRTFs on front-back confusion and how

to eliminate the negative effect are also reviewed.

2.2 Duplex Theory

Binaural sound localization plays an important role in the daily life. It provides extra
information in the so called cocktail party effect (Brown & Cooke 1994, Stecker & Gallun
2012). Studies on the mechanism of how sound localization is decoded by human being

has attracted lots of attention and many hypothesis has been developed. Among these

11



studies the most well-known is the Duplex Theory, which was proposed by Lord Rayleigh
in 1800s (Rayleigh 1875). Details about Duplex Theory can be found in chapter one and
will not be repeated here. In summary, interaural time difference (ITD) and Interaural
Level Difference (ILD) are believed to play an important role in the localization of lower

frequency (< 1500Hz) sound and higher frequency (> 1500Hz) sound, respectively.

2.3 Computational models on binaural sound local-
ization

Based on I'TD and ILD, the azimuth location of the sound is easy to decode according
to the monotonic relation between the I'TD and ILD with azimuths. Many analytical com-
putational models are developed to decode the location by estimation of sound location
with spatial cues. A probabilistic model (Willert et al. 2006) was proposed to estimate
the conditional distribution of ITD and ILD with respect to the sound source location
using cochleagram generated by cochlear model in narrow bands, and the location that
maximize the likelihood is determined as the sound location. Machine learning techniques
such as Deep Neural Network (DNN)(Ma et al. 2019, May et al. 2015) are also employed
for sound localization by mapping the I'TD and ILD features into locations. Besides, Con-
volution Neural network (Zhou et al. 2019, Thuillier et al. 2018, Vecchiotti et al. 2019) is
utilized for sound localization where the cochleagram/spectrogram are considered as 2D
images. Therefore, similar techniques on images processing can be applied.

However, spectral cues resulted from the shape of pinna and canal are also of vital
importance in localization(Middlebrooks et al. 1989), especially for discrimination of ele-
vation including front-back confusion, while are always omitted by these models. Other
methods was proposed based on HRTF's to extract spatial cues (Goodman et al. 2013), but
HRTFs are usually unavailable for most of cases. Moreover, machine learning methods
have the disadvantage that the feature extracted by the model is not visualizable.

To employ spectral cues for sound source localization, Source Cancellation Algorithm
(SCA) was proposed for 3D sound sources are proposed (Keyrouz & Diepold 2006), in
which they calculate the spectral cues by dividing the discrete FFT of left channel sig-
nal from the discrete FFT of right channel in frequency-wise. The spectral information

carried by the sound source is canceled and the results are compared with corresponding
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HRTF division collection, of which the direction with greatest similarity is selected as
the predicted location. Nevertheless, this algorithm requires access of the corresponding
database.

Traditional methods requires analytical form of spatial feature extractor in advance.

Sparse coding provide a feasible way to solve this problem (Palakal et al. 1995).

2.4 Sparse coding on natural stimuli

It was proposed by Barlow (Barlow 2012) that the sensory system evolve to adapt to
the environment statistics to convey as much information as possible with fewer neurons,
this is so called efficient coding or sparse coding as efficiency means transmit more infor-
mation with less neurons in a sense. Recent studies have demonstrated that the efficient
learning of natural images and natural sounds (Lewicki 2002) leads to receptive fields of
primary visual cortex neurons and auditory periphery, respectively. Independent compo-
nent analysis has been applied to natural images and results in oriented, band-pass edge
filter which is similar to receptive fields of simple cells that are found in humans’ primary
visual cortex (Olshausen & Field 1996).

Although there has been some experiment of auditory neural responses, the efficient
coding of audition is less fruitful comparing with vision. (Lewicki 2002) shows that ef-
ficient coding of natural sounds or speech reproduce wavelet shape dictionary. Locally
Competitive Algorithm (LCA) (Carlson et al. 2012, Klein et al. 2003) is also applied to en-
code introspect-temporal representation of audio stimuli and the results learned by these
sparse coding algorithms were similar to the spectral-temporal receptive fields (STRF) of
auditory cortex neurons that have been investigated in mammalians. But these studies
only consider monaural sound, while binaural sounds are less investigated.

Moreover, recent work (Mlynarski 2014) shows that the efficient coding of spectro-
gram/cochleagram lead to emergence of Spectro-Temporal Receptive Fields (STRF) of
neurons in Medial superior olive and Inferior Colliculus. In more recent work, Barlow
(Barlow 2001) also hypothesis that informative features to make decisions can be learned
by reduction of redundancy on input stimulus. However, the corresponding support is
still sparse.

After attaining the representation of auditory signal, it is essential for organism to
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recover important information about the environment to perform reaction. For example,
during hunting or escaping from danger, the animal needs to extract location information
of the surroundings to make decision. Eco-location bats (Palakal et al. 1995) have been
investigated and the researchers found that within the auditory cortex of Eco-location
bats, there are some topographical neurons that are functionally aligned with similar
response to directional information of the echo they received. Lewicki (Lewicki 2002)
demonstrates that applying ICA to binaural audio signals lead to emergence of spatial
information, such as interaural time difference and interaural level difference. The learned
basis functions are grouped into binaural and monaural according to spatial sensitivity
analysis. Decoding of the location of sound sources based only on binaural basis functions
reaches accuracy of more than 99%. Despite the success of ICA, there is no promising
biologically inspired evidence for application of ICA. Meanwhile, the topography emerges
in primary visual cortex (Olshausen & Field 1996) as well as primary auditory cortex
is not emphasized. ICA also requires the full access to training data (Hyvarinen et al.
1998), and it’s not task-specific as it’s based on the independent and non-gaussianity of
the subcomponents in the mixture (Hyvérinen & Oja 2000). Therefore, we investigate
the application of generative adaptive subspace self-organizing map (GASSOM) to natural
binaural sounds.

GASSOM (Chandrapala & Shi 2015) is an extension of Kohonen'’s adaptive subspace
self-organizing map (ASSOM) with removal of constraint on input data. ASSOM (Koho-
nen 1990, 1996) is an invariant feature detector which try to find a manifold or subspace
that the projection of input data to this subspace is maximize (that is the projection er-
ror, which is orthogonal to the projection, is minimized). Each subspace/node in ASSOM
corresponds to certain pattern shared by data within an episode where that patter is not
changed. When the transformation is in small scale, the pattern can be approximated
by a linear transformation. Another advantage of ASSOM is that the manifold is aligned
topographically according to function of each subspace. Usually, nodes in ASSOM that
correspond to each manifold are aligned on a 2D space.

Temporal slowness as well as sparsity are two underlying principle for development
of GASSOM: temporal slowness and sparsity. Temporal slowness(Lies et al. 2014) comes
from the fact that the interaction between sensory system and environment is relatively

stable, which is mostly true in our daily life like when people are fixing their eyes or
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listening to someone talking. However, there is a constraint for the training of ASSOM
that each input should be labeled clearly according to the common pattern, which is
noted as an episode. The episodes are fed to the ASSOM sequentially. For GASSOM, the
episodes are modeled using Hidden Markov Model to formulate the transition probability
between them, and therefore remove the requirement of explicit label of episodes. This
allows us to apply GASSOM to natural unlabeled data such as natural images generated
by eye movement model or natural sound generated by static listener to cocktail party.
GASSOM has been proved success in prediction of the receptive fields of primary
visual cortex neurons (Chandrapala & Shi 2015). It has also been successfully applied
to encode spatialized bat echoes (Wijesinghe et al. 2021), but it has never been applied
to encode natural sounds (e.g. speeches) and the time scale are always different from
human’s auditory system. In this study, we apply GASSOM to binaural natural speech
from TIMIT database, as vision and audition are two major modality of human beings that
share lots of similar properties. We simulate the movement of speaker on the horizontal
plane of the listener by convolving the randomly selected speech with KEMAR head
related transfer functions (HRTFs). HRTF quantify the transfer function from the sound
source to the listener composite of spatial transfer and head and torso of human. During
each episode, the location information, which is preserved in the HRTF, is constant.
Therefore, the invariant feature of GASSOM will learn this stable feature during training.
As a result, this leads to the emergence of basis functions that contains spatial cues of
different direction embedded in HRTFs. The projection of binaural stimuli on the learned
basis functions can produce most of the response as auditory neurons even thought it’s

linear operation (Schnupp et al. 2001).

2.5 Empirical data on human localization

Binaural sound localization has also been investigated with human listener about the
factors that influence the localization accuracy. In 2010, William Yost conducted a series
of experiment on the influence of temporal and spectral modulation. Effects of center
frequencies together with bandwidth (Yost & Zhong 2014, Yost et al. 2013) , as well as
sound duration, sound levels and sound envelope(Yost 2016, 2017) on sound localization

accuracy on ear-level horizontal plane in frontal hemisphere are explored, in which human
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subjects are asked to judge the location of sounds with different characteristics played
through loud speakers at different discrete locations from the left side to the right. The
results demonstrated that human’s sound localization accuracy is heavily dependent on
the frequency modulation of the stimuli while less dependent on the temporal modulation
or amplitude.

Biological constraints on spectral limitation was examined (Jin & Carlile n.d.) with
a neural system model. The sound localization model employed in this work achieves
human-like performance when testing with stimuli of different bandwidth. It is in consis-
tent with the recent study that auditory system compute spatial features within narrow
band and integrate them across frequencies to predict the sound location. However, sim-
ilar work on the effect of those stimuli features on the performance of computational
localization model was still sparse.

Non-individualized HRTF also has a significant effect on the localization performance,
especially for front-back confusions. Experiment on comparison of localization accuracy
between stimuli synthesized with individualized and non-individualized HRTFs was con-
ducted on human being (Wenzel et al. 1991, 1993). In their experiment, free-field speakers
were utilized as replacement for individualized HRTFs as it has been proven (Wightman
& Kistler 1989) that these two methods achieve similar performance. Significant increase
in front-back confusion was discovered when listening to stimuli synthesized with non-
individualized HRTFs. However, most of the computational model test the localization

performance with the same HRTFs as training.

2.6 Complementary

At the same time of finishing the thesis, another paper was published (Francl & Mec-
Dermott 2022) in which the author proposed to use Deep Convolutional Neural Network
as localization model to benchmark with human being on localization performance. The
author trained 100 neural network with different configuration on layers (including the
number of layers and the number of nodes on each layer) and then selected 10 networks
that performs best on localization accuracy. Then the selected 10 models were bench-
marked with empirical data on human being experiments.

In this study, the benchmark consists of localization accuracy for both azimuth and

16



elevation separately, including front-back folding and front-back unfolding (folding means
only consider frontal hemisphere by auto-correct the front-back confusion while unfolding
means keep the original predicted location). They also considered the influence of fre-
quency range using Gaussian white noise filtered by high-pass and low-pass filters. They
also tested the model in multi-source condition and the model can estimate the number
of sound sources that is quantitatively similar to human (around 4). The model also
performs precedent effect in response to two subsequent stimuli with varying tiny interval
that is similar to human being.

It should be noted that the training model is in natural environment that includes
reverberation and reflections. They also investigated training the model in ideal anechoic
environment, but found out that the performance of the model is less human-like in ideal
environment, which reflected that human’s behavior is a composite result of complex
audio environment.

However, the model in the work utilized Deep CNN only and the spatial features
learned by the model is hard to visualize, which prevent the researcher from learning the
detailed underlying mechanisms for binaural sound localization. Our GASSOM-based
computational model, however, owns the advantage that the spatial features learned is
easy for visualization and well-organized. Besides, the Deep CNN model can only predict
one sound source at the same time, and the discussion for precedent effect can be improved

with more general stimuli such as speeches.
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2.7 Research Gaps

Gapl: Current Binaural localization models are mainly focusing on artificial fea-
tures, while investigation of sparse coding of natural sound for sound localization is less
emphasized.

Gap2: GASSOM has been applied to encode visual stimuli and proven successfully to
learn invariant features similar to the primary visual cortex, but it has not been applied
to encode general audio stimuli. No comparison was made on which algorithm is more
suitable for sound localization.

Gap3: Little attention has been paid to the performance of computational model
under different physical constraint while empirical data on human being is fruitful.

Gap4: Most computational models only consider individualized HRTF to synthesize
stimuli for testing while there’s no attempt to simulate the effects of non-individualized
HRTFs on front-back confusion and no benchmark between model output and empirical

data.
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2.8 Research Questions

According to the literature review, our study will solve the following research questions:

Q1: ICA has been applied widely in sparse coding of natural stimuli, particularly
binaural sounds. However, ICA is not efficient because it could not discriminate the
spatial characteristics of binaural sound from other acoustic features, such as speech
content. GASSOM, as a competing sparse coding algorithm with topographic structure
and visualizable basis functions, has been successfully employed to encode visual stimuli.
Can GASSOM be a better replacement of ICA as a sparse coding alternative to simulate
binaural sound localization?

Q2: If GASSOM were better replacement of ICA for simulating binaural sound lo-
calization, the next research question would be what are parameters associated with
designing a GASSOM model that would significantly affect its ability to simulate sound
localization responses? And are there optimal parameters?

Q3: It has been proved that human’s auditory system integrates narrow band acoustic
cues to predict the location of the sound, and therefore the localization accuracy is highly
depending on the spectral properties of audio stimuli. The RQ is does the GASSOM model
produce human-like sound localization performance dependency on spectral properties of
audio stimuli?

Q4: As the basis functions of GASSOM is similar to human’s auditory neuron re-
ceptive fields, what’s the effect of non-individualized HRTF's on the front-back confusion
performance of GASSOM-binaural localization model in comparison with empirical data

on human being?
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Chapter 3

Sparse coding of binaural sounds

3.1 Summary

In this chapter, we give a brief overview about the framework of GASSOM-based bin-
aural sound localization model and compare the performance of Independent Component
Analysis (ICA) with Generative Adaptive Subspace Self-Organizing Map (GASSOM) on
the extraction of spatial features from binaural sound cochleagram.

The binaural localization model mainly consists of two stages: In the first stage, a set
of spatial cue filters are constructed to extract spatial features. In the second stage, the
location of the sound source is estimated based on the spatial features extracted by the
filters constructed in previous stage. This process is usually modeled by a probabilistic
model or deep neural network. We followed the previous study by employing a 3-layer
deep neural network to decode the azimuth as well as the location.

The key problem in this chapter is to seek for the optimal sparse coding algorithm for
binaural stimuli that would efficiently extract direction-related features. To determine the
appropriate sparse coding algorithm, Generative Adaptive Subspace Self-Organizing Map
(GASSOM) and Independent Component Analysis (ICA) are selected as two candidate
algorithms, both of which have been proved to be capable of encoding natural visual
stimuli and would produce an efficient representation of the signal that is similar to the
receptive fields of simple cells in visual cortex.

Comparison was conducted between basis functions of ICA and GASSOM in the con-
sideration of performance on extraction of spatial cues and topographical structures of the
learned map. GASSOM was proved to outperform ICA on both metrics: Fisher informa-

tion (FI) and Disorder Index (DI). Fisher information is calculated on each basis function
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with respect to the sound directions to quantify to what extent the basis functions are
about directions, and GASSOM basis functions were proved to be more informative about
directions than ICA basis functions. Disorder index (DI) of the basis functions is also
computed as metrics to quantify the similarity between the neighboring basis functions

on the map, and GASSOM shows much better topographical smoothness than ICA.

3.2 Introduction

Unlike the widely-used microphone array technology which utilize several microphones
to determine the location of sound, mammals localize the sound source with two ears
and are able to achieve a relative high accuracy. In the past few years, many binaural
sound localization models have been proposed that are motivated by human’s superb
performance on localizing sounds with merely two ears. Those models always contain two
parts: spatial feature extraction and location estimation.

For the first part, traditional methods depend heavily on the disparities between left
and right ears, which are known as interaural time difference (ITD) and interaural level
difference (ILD) that are driven by the psychophysical experiments, as the spatial cues
for the inference of location, while in fact spectral cue also plays an essential role in this
task and is always omitted because its complex form is hard to determine.

In traditional methods, the filters are constructed based on psycho-acoustic experi-
ments to extract the pre-determined spatial features such as the Interaural Time Differ-
ent and Interaural Level Difference, where I'TD is calculated by computing the correlation
between the left and right channel and the delay corresponding to the maximum correla-
tion is selected as Interaural Time Difference, while the power ratio of the left and right
channel audio is calculated and transformed to decibel is defined as Interaural Level Dif-
ference. These two spatial features are based on rule of thumb and have some internal
limitations. In this work, we remove the requirements for such a fixed analytical form of
feature filters by applying sparse coding algorithm on binaural audio cochleagram as it
has been proven that sparse coding on binaural stimuli leads to the emergence of spatial
feature basis functions automatically without any manipulation or assumption about the
filter form.

After construction of spatial feature extractor, the next step is usually modeled as a
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multi-classification problem, where the training data are the outcome of previous stage
and each class corresponds one position respectively. Probabilistic model such as Gaus-
sian Mixture Model (GMM) can commonly model that utilized for this stage. With the
development of computational power, machine learning were gradually hired by more and
more researchers to solve this problem. Deep neural network (DNN) is one of the most
popular tool for this multi-class classification task. In preliminary study, we compared the
performance of localization accuracy between DNN and GMM based on the same spatial
features, and found out that DNN outperform GMM in most of the cases. DNN also owns
the advantage of wider application such as the Multi-Condition Training, which train the
neural network under different Signal-to-Noise Ratio (SNR) to increase the generality and
robustness of the model. Therefore DNN is selected for the second stage in this work.

In this chapter, our emphasize is put on the selection of appropriate algorithm for
the extraction of spatial features. To dig up the spatial cues embedded in the audio
stimuli, sparse coding is considered instead of the traditional analytical methods that
is based on thumb of rule. Sparse coding has succeeded in producing bio-consistent
neural coding patterns. ICA, as one of the most popular sparse coding algorithm, has
been applied widely to encode natural stimuli such as audio patches, waveform sounds.
More specifically, applying ICA to binaural sounds would lead to the emergence of basis
functions that contain binaural cues (Mlynarski 2014). However, ICA is not task-specific
and always results in miscellaneous outcomes because it could not discriminate the spatial
characteristics of binaural sound from other acoustic features, such as onset, offset, pitch
and harmonic stack. In the previous work, the corresponding ICA algorithm utilized by
the author, Fast-ICA, also require the full access to the whole data for training. This
make it difficult to apply the model for online learning. GASSOM, as a competing sparse
coding algorithm with topographic structure and visualizable basis functions, has also
been successfully employed to encode visual stimuli, which produces basis functions that
are similar to the receptive fields of human’s primary visual cortex neurons. Accordingly,
the first research question is proposed as follow: Can GASSOM be a better replacement

of ICA as a sparse coding alternative to simulate binaural sound localization?
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Biological linkage

As we have introduced before, most of the sound localization model consists of two
phases: the feature extraction and sound location estimation. The selection of these two
phases is straightforward, but it also has biological explanation based on the investigation
of auditory system in mammals. Here we will give a simple and intuitive analogy between
the binaural localization model and auditory neural system.

The mammals ascending auditory system has a hierarchical structure. We can separate
the processing of binaural cues into three stages: In the first stage, where the binaural
sound arrived the ears, the waveform audio that is transmitted into sound pressure that
perceived by the tympanum, is then analyzed in frequency domain by the cochlear to
generate a spectral-temporal representation. In our model, as the HRTF' is recorded at
the tympanum, this process is simulated using Gammatone filter bank which outputs
cochleagram. The following second and third stages are related to auditory ascending
system.

The second stage corresponds to the pathways before Inferior Colliculus (IC), includ-
ing IC; This part works for the primary process of auditory signals. For example, the
neurons in Dorsal division of cochlear nucleus (DCN) are thought related to the process
of spectral cues, that is to extract the spectral cues from binaural sounds that related
to the perception of elevation; It also includes neurons in Lateral Superior Olive (LSO)
and Medial Superior Olive (MSO) that are related to the extraction of Interaural Level
Differences (ILD) and Interaural Time Difference (ITD), respectively. In our model, the
spatial feature extractor, GASSOM or ICA, is analogous to this part. The basis functions
learned by these algorithms serves as the functional neurons that could extract I'TD, ILD
as well as spectral cues for subsequent process in higher level.

The third stage corresponds to the pathways after IC, including Medial Geniculate
Body and auditory cortex. The spatial cues learned from previous stages forms the
perception of spatial location in this stage. However, the detailed mechanism in mammals
auditory system is unrevealed. Therefore, we utilized a Deep Neural Network (DNN) to
model this 'black box’ as for both cases, the input is primary spatial cues and the output is
predicted location. However, with the development of study on the underlying mechanism
of auditory cortex, a more realistic and complex framework could be employed to model

this process to achieve better performance in the future work.
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3.3 Binaural sound localization model

In this chapter, we will give an overview on the GASSOM-DNN based binaural lo-
calization model before the comparison between ICA and GASSOM. The paradigm of
the framework is illustrated in Figure 3.1. In the first step, monaural stimulus is filtered
by HRTF at certain direction to produce binaural sounds. Both the left and right chan-
nels are passed through a set of Gammatone Filter bank that simulates the response of
different frequencies along the structure of cochlea. For each frequency bin, half-wave rec-
tification and cubic root were taken for the output of Gammatone filter bank to simulate
the compression effect of the inner ear, and then divided into small frames, which results
in cochleagram. Cochleagram of left and right channel were segmented into small blocks
with overlapping, and then concatenated and normalized to zero mean and unit variance
for GASSOM training. For each iteration, GASSOM was trained by one batch of blocks.
After the training of GASSOM, new stimuli were generated and processed by the steps
mentioned before to generate small blocks, which projected onto the basis functions of
GASSOM. The output of GASSOM are fed into a Deep Neural Network (DNN) to train

for the decoding of the sound location.
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3.3.1 Preprocessing

The monaural stimulus is first spatialized by filtering with HRTF at specific location
to generate binaural sounds. It should be noted before the whole process, the binaural

signals are filtered by a first order high-pass filter,

f(t) =1—-0.99: (3.3.1)

which aims to pre-emphasize the high frequency elements of the signal to compensate
for the high frequency energy distortion during the recording of audios.

After retaining the left and right channel waveform signals, they are first analyzed by
the auditory periphery system to generate the Spectro-temporal representation, named
Cochleagram, as the output is similar to human’s inner ear cochlea organism frequency
response. This process is simulated by gammatone filter bank followed by half wave
rectification and cubic root that simulate the compression effect.

Figure 3.2 shows a demonstration of the frequency response of gammatone filters with
each color corresponds to one gammatone filter, respectively. Different part along the
cochlear structure from base and apex are sensitive to different frequencies. Accordingly,
the gammatone filter bank consists of 128 gammatone-shape filters with center frequen-
cies range between 100Hz and 20,000Hz. The bandwidth for each filter is dependent on
its corresponding center frequency and can be simply approximated by the Equivalent

Rectangular Bandwidth (ERB),
ERB(f) = 24.7 x (4.37% f + 1) (3.3.2)

where the unit for f and ERB(f) are kHz and Hz, respectively. The center frequencies
are designed so that each filter has the same ERB.

The output of the gammatone filter bank is then half-wave rectified and smoothed
with a low-pass filter to extract the envelope, after which the cubic root was taken to
simulate the compression effect. These subsequent processes seek to simulate the non-
linear transduction of the hair cell.

Temporally, the output in each frequency channel is then divided into small frames,
within each frame it integrates the power energy of 8ms in duration, and the shift between

successive frames is also set to 4ms. A logarithm transformation, which simulate the
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Figure 3.1: Paradigm of the binaural localization model. The monaural sound is first
spatialized with HRTF, which are then processed according to auditory periphery system
to retain the cochleagram. Cochleagram are divided into small chunk that each contains
10 frames. The left and right chunks are concatenated together and passed through
GASSOMs to extract spatial features and DNN to decode the location

Cochleagram Left

Left Channel

— D
Mono sound

Right Channel

GASSOMs DNN
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Figure 3.2: Frequency response of gammatone filter banks with different center frequencies
(Plotted using MATLAB Spectrum Analyzer toolbox). Different color stand for different
gammatone filters. The horizontal axis is log-scale frequency in Hz. The vertical axis is

the frequency response in dB

cochlea compression effect, is then taken for the resulted spectro-temporal representation
to get the eventual cochleagram. Similar preprocess was also employed by several previous

study that focused on sparse coding of natural sounds.

3.3.2 Spatial feature extraction

After the acquirement of the spectro-temporal representation of the natural sounds for
both left and right ear, they are then further divided into overlapping chunks for following
process. Each chunk contains 10 successive small frames and for all the frequency channels.
The stride between neighboring chunks is 10%, that is one frame. Such small stride is
selected for the temporal slowness assumption, which will be discussed in detail in next
chapter.

The chunks for left and right ears are then concatenated and reshaped to a vector
for training. The vector is then normalized to zero mean with unit variance for robust
performance. The left and right ear parts are normalized together because if we normalize
them separately, the interaural level difference is eliminated. However, it should be noted
that during this step, the sound level factor is eliminated.

The divided cochleagram are subsequently used for sparse coding. ICA and GASSOM
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are considered in this work, and details are discussed in next section.

3.3.3 Classification for sound location

The deduction of the sound location is regarded as a classification problem, where
the input is the spatial features, and the categorical classes are the sound locations.
The spatial features are generated by passing the binaural sound through the extractors
constructed by sparse coding. The extractor contains many basis functions of same length
as the input stimuli, and the squared projection of the input stimuli onto all the bases
are defined as the extracted features. Therefore, the length of the features is the same as
the number of basis functions.

This classification problem can be solved by many probabilistic methods, of which
Gaussian Mixture Model (GMM) and Deep Neural Network (DNN) are most widely used.

GMM depicts the distribution of the spatial features with respect to the location of

the sound as a linear combination of Gaussian distributions,

L

p(s) =Y _ p(s|Dy)p(Dy) (3.3.3)

=1

p(s|Dy) = N (s|u, C1) (3.3.4)

Where Dy, (I = 1...L) is the label for the numbered location, and s is the latent
coefficient, which is the spatial features in our case, and y; and C; are the mean and
covariance matrix of the Gaussian distributions, respectively. Without loss of generality,
the probability for the present of different locations is equally balanced, so p(D;) can
be simplified as a uniform distribution. The GMM is then reformulated as to find the

location that maximize the posterior distribution of the latent coefficients,

~

D = argmlaxp(s]Dl) (3.3.5)

However, the distribution of the spatial feature is not always Gaussian distributed,
so the performance of GMM in the decoding of location is unsatisfying. Besides GMM,
DNN is also widely used in the sound localization model.

DNN is an artificial neural network that is comprised of multiple layers, including

an input, an output layer, and many artificial-configured latent layers. It is inspired by
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Layer Configuration

Hidden Layer 1 200 nodes

Hidden Layer 2 200 nodes

Hidden Layer 3 50 nodes

Output Layer 19 nodes

Table 3.1: The number of nodes for each layer. Output layer number varied according to

the task

the hierarchical structures of human neural systems. Compared with GMM, DNN owns
much more sophisticated forms, and therefore can be used to solve more complicated
classification problem with more layers. However, the increasing number of layers will
lead to the over-fitting problem, which should be avoided.

In our work, we employed a DNN with 3 hidden layers. The configuration of the
hidden layers is illustrated in the table 3.1.

The neural network employed here is feed-forward network. At the very beginning,
the hidden layers are fully connected. After each hidden layer, a Rectified Linear unit
(ReLU) layer and a Dropout layer are added. ReLU layer is used as an activation function

in the following form,
f(z) = max(0,x) (3.3.6)

Where x is the output from the previous layer. Dropout layer is used to avoid over-
fitting problem, and the dropout rate is 0.2, which means in the end 20% of the neurons
will be neglected.

Between the output layer and 3rd hidden layer, a SoftMax layer is inserted for multi-
class classification. The output of SoftMax is the probability for different directions and
is averaged over time, and the direction with greatest probability is selected as the pre-
dicted location. The number of output layer is task-dependent and 19 nodes is exemplary
corresponding to 19 directions from —90° to 90° by every 10°.

The neural network is optimized with Stochastic Gradient Descent with Momentum
(SGDM) optimizer. The data is shuffled by every epoch. The initial learning rate is 0.1
and drops by 0.1 after every 10 epoch for convergence. These parameters are tuned with

rule of thumb.
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3.4 Sparse coding on binaural sounds: ICA and GAS-
SOM

3.4.1 Basic configuration

We first introduce the basic configuration for both ICA and GASSOM. All the param-
eters are kept the same for comparison.

The sampling frequency is 44.1kHz. It is selected as the upper limit of frequency for
human’s hearing system (e.g. cochlea) is around 20kHz. According to Nyquist sampling
rule, The sampling frequency should be greater than 40kHz. Besides, the sampling fre-
quency for database used in this study, TIMIT, KEMAR and CIPIC, all selected 44.1kHz
as sampling frequency. In this case, we don’t need to resample the data, which keep the

originality and integrity of the spectrum of the sound and HRTFs.

3.4.2 GASSOM
GASSOM data generation

The training session contains 50,000 iterations. For each iteration,200ms monaural
sounds are randomly picked from TIMIT database, and the HRTFs are from MIT KE-
MAR HRTF database. The directions include the front hemisphere azimuths on ear-level
horizontal plane and range from —90° to 90° by every 10°. The direction is randomly
selected uniformly. The binaural sounds are then processed to get the cochleagram chunk

and fed to GASSOM to encode and update the basis functions.

GASSOM settings

The parameters for GASSOM is configured basically referred to (Wijesinghe et al.
2021) as both are applied for audio stimuli but of different scale. Therefore the parameters
are then fine tuned according on rule of thumb.

All the basis functions are initialized with white noise that uniform distributed between
-1 and 1. The topo-space of GASSOM is set to 10 by 10 for a trade-off between efficiency
and localization accuracy, which is further discussed in next chapter. The learning rate is
scheduled to starting at 8e-4 and decrease exponentially to 1e-5 according to the iteration,

with time constant of 10,000 and maximum iteration of 50,000. The starting learning rate

30



is selected so that the basis functions will be updated from white noise to . The selection
of ending learning rate is to ensure the convergence of learning amplitude. The standard
deviation of the neighborhood function starts at 2 and decays exponentially to 0.2 with the
same time constant. For different map size, these two parameters are scaled accordingly,
not only for consistency, but also make sure that initially all basis functions have the
chance to be selected to encode the input stimuli and topological convergence in the end
(that is only a small portion of basis functions are updated to encode the input).

For transition probability matrix, it consists of a uniform distribution with a Gaussian
distribution, where the uniform distribution is selected to represent the probability of the
change of different winner nodes between different episodes, and the Gaussian distribution
is selected to represent the change of winner node within each episode. The weight of
uniform distribution is 0.4, and the standard deviation of the Gaussian distribution part
is 2.25. The weight parameter is selected based on the portion of empirical data, which

corresponds to the percentage of episode changes in all batch changes.

GASSOM Training convergence

To ensure the convergence of training process, the maximum iteration number is set to
50,000 and the convergence threshold for weight change is set to 0.01. The weight change
is defined as the update of weight on successive iteration and averaged across all the basis

functions,

S
Aw = 2zt |°"“;—1 Wi (3.4.1)

where S is the number of basis functions, and ¢ is the iteration time/number. One of

the training result is demonstrated in Figure 3.3
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Figure 3.3: The weight change v.s. iteration number is illustrated and the training pro-
cess is stopped at 45,381 where the weight change is less than 0.01. It’s not beyond the
maximum iteration but still shows good convergence as the weight change decreases ex-

ponentially and close to 0.
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As illustrated in Figure 3.3, the training converged at iteration 45,381, which is not
beyond the maximum iteration but still close to it. The slope is also close to zero.
Both demonstrate that the selection of maximum iteration and convergence threshold is

reasonable.

GASSOM result

The basis functions of trained GASSOM are illustrated in figure 3.4.
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Figure 3.4: This figure illustrated the basis functions learned by GASSOM on cochleagram
generated from binaural sound. It contains 10 by 10 basis functions. The top figure
illustrated one of the scaled basis function from GASSOM. The horizontal axis contains
10 frames (that is 80ms) for both left and right ear and the vertical axis contains 128

frequency bins from 100Hz to 20,000Hz.
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As can be seen from the figure, most of the basis functions learned by GASSOM are
narrow band frequency modulated features. Disparities between the left and right parts
can also be observed, especially for interaural level differences. However, the interaural
time difference is less obvious relatively. This is due to the fact that the maximum of
interaural time difference for human between is around 0.7ms, which is less than the

length of each frame, but there’s still slightly temporal difference in some basis functions.
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3.4.3 ICA methods

ICA data generation

The generation of binaural stimuli data for training of ICA is similar to GASSOM,
but the procedure is slightly different. The data contains 500 batches. For each batch,
200ms monaural sound is randomly picked and then filtered by HRTFs for all 19 different
locations. The data are generated at one time and then used for ICA learning, while for

GASSOM the process can be accomplished online.

ICA settings

In this work, Independent Component Analysis (ICA) (Hyvarinen et al. 1998, Hyvérinen
& Oja 2000), which has been widely employed to solve the Blind Source Separation (BSS)
problem, is considered as the baseline for the sparse coding algorithm as it has a long his-
tory of application on sparse coding and recent study (Mlynarski 2014) have successfully
apply it to encode binaural stimuli and extract spatial features.

Binaural natural sounds can be regarded as a mixture of many auditory features add
with additional spatial features. ICA, by assuming these features are independent and
non-Gaussianly distributed, seeks to find a set of components that maximize the non-
gaussianity among the sources.

Given the input observation samples X € R™ ™, where n is the dimension of the input
observation and m is the number of observations, it seeks a de-mixing matrix M € R™*",

to recover the sources S € R"*™,

S=MX (3.4.2)

Each row of the de-mixing matrix M is the basis functions, which is analog to the
receptive fields of the auditory neurons, and each row of S is the corresponding neural
responses to the input X. The discussion about the biological plausible interpretation is
non-trivial and beyond the scope in our work.

The dimension of the input observation data is 128 x 10 x 2 = 2560, where 128 is the
number of frequency bins, 10 is the number of frames for each chunk, and 2 stands for
left and right channels. To accelerate the computation and reduce the redundancy of the

input data, the dimension of the data is reduced to 100 by principal component analysis
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(PCA), which preserved more than 99% of the total variance. During the process of PCA,
the data is also whitened and sphered so that each component has unit variance.

After PCA, the data is then fed to ICA for learning the basis functions. Fast-ICA
algorithm is employed in this study. The learned basis functions are of dimension 100,
which are then transformed back to original dimension 2560 using the PCA transforming

matrix for visualization.

ICA result

The result for learned basis function are illustrated in figure 3.4. For each small patch,
the horizontal axis is the temporal frame, which is 20 (160ms in duration) as the left and
right ear stimuli are concatenated, and the vertical axis is the frequency bins.

The ICA basis functions are comprised of a great diversity of different audio features,
such as the onset, offset, pitch, check board patterns, and so on. However, only small
portion of the basis functions are related to spatial features. This reveals the fact that

ICA is not task-specific and result in a miscellaneous audio patterns.

3.5 Result comparison and analysis

3.5.1 Metrics for comparison

In this study, we selected Fisher information and Disorder Index as two metrics to

quantify the result and conduct comparison between GASSOM and ICA basis functions.

Spatial information

As our target in this study is to construct a binaural sound localization model, how
informative the spatial features are about different directions. To avoid the influence of
subsequent processing, i.e. location prediction with Deep Neural Network employed by
our model, we merely analyzed the basis functions rather than computing the localization

errors. Statistical methods are considered in this study.
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Figure 3.5: This figure illustrated the basis functions learned by ICA on cochleagram
generated from binaural sound. It contains 10 by 10 basis functions. The top figure
illustrated one of the scaled basis function from GASSOM. The horizontal axis contains
10 frames (that is 80ms) for both left and right ear and the vertical axis contains 128
frequency bins from 100Hz to 20,000Hz.
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Topographical smoothness

Another metric considered here is topographical smoothness. The author admitted
that topographical smoothness is a self fulfilled property of GASSOM, but it is still mean-
ingful to present the importance of topological structure here and the lack of topological
structure would have substantial effect. This is motivated by the facts that many sensory
systems in human being exemplify topological structures, such as the retinotopic map and
tonotopic map in visual cortex and auditory cortex, respectively. Neighboring neurons
share similar patterns would enable the formation of convergent basis from lower level
auditory neurons to higher level neurons for process under the hierarchical structure of
ascending auditory system. However, this property was not reflected in the Deep Neural
Network employed in this work as the order, namely the topological structure of the input
neurons in the input layer doesn’t make any difference. But in future work, Convolutional
Neural Network (CNN) might be utilized to decode the location, where the filters in the
convolution layer make use of the topological structure of the input. Besides, better

topographical smoothness allows better visualization the researcher.

Measurement

To quantify the directional information contains in basis functions learned by ICA
and GASSOM, we compute the fisher information for each basis function with respect
to different locations. Besides, the topographical smoothness is also considered, as the
tonotopy structures have been discovered in the auditory cortex. The topographical

structure can also be utilize to improve the acquirement of the spatial information.

3.5.2 Fisher Information
Fisher Information Definition

Fisher information quantifies to what extent a hidden parameters can be estimated
from the observations. In this case the hidden parameters € is the location of the sound
and observations s are the spatial features extracted by the basis functions, which is
computed as the squared projections of the binaural input stimuli onto the corresponding

basis function.
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Here we assume that each the distribution of the spatial features is distributed ac-
cording to a Gaussian distribution with unit variance and centered at the gy, which is

determined by the corresponding location,

p(s]6) = N(s|po, 1) (3.5.1)

Then the fisher information can be reformulated as,

d

F(6) = (7

£(6)%) (3.5.2)

Fisher information quantifies to what extent the direction can be estimated from the
projection of the basis function, the greater Fisher information is, the more informative

the basis functions are about locations.

Fisher Information result comparison

The fisher information for each basis function with respect to different locations are
computed, and then averaged over the locations. The result is shown in Figure 3.6.

The histograms of the Fisher information illustrate that basis functions learned by ICA
contains little information about the locations, while basis functions learned by GASSOM
are much more informative about locations relatively.

One-way ANOVA is also conducted, and the p-value is close to zeros, which means
there’s statistically significant difference of Fisher Information between GASSOM and
ICA basis functions. We can observe from the figure that GASSOM basis functions are
more informative about locations than ICA basis functions. The corresponding box plot
is shown in figure 3.7.

Therefore in the following phase of decoding the locations with spatial features ex-

tracted by the sparse coding algorithms, GASSOM is expected to outperform ICA.

3.5.3 Disorder Index
Disorder Index definition

Disorder index is utilized to quantify the topographical smoothness. It measures the

similarity between neighboring basis functions. Therefore, smaller disorder index stands
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Figure 3.6: The histogram of Fisher information for each basis function on directions is
demonstrated for both GASSOM and ICA. The greater the fisher information is, the more
informative the basis functions are about directions. It’s obvious that fisher information
for GASSOM is much larger than ICA, therefore GASSOM basis functions are more

informative about directions than ICA.
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Figure 3.7: The left box is box plot for GASSOM and Right one is for ICA. Significant

difference can be observed from the plot.
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for better topographical smoothness. It is defined as the linear fitting residual errors of the

current basis function with its neighboring basis functions using least squared algorithm.
(i, 7)r(7)?
DI(i) = \/Z] . j)rld) (3.5.3)
Ny

where 7(j) is the residual error of linear regression at j and Nyp is the number of units

within the neighborhood window. h(i,j) is the neighborhood function defined by the
distance between ¢ and j. For simplicity, we only consider the neighboring basis functions,
and the results are averaged over all the neighborhood functions because for basis functions

at edge or corner of the map, the number of neighboring basis functions are less.

Disorder Index result comparison

The results are shown in figure 3.8. One-way ANOVA is calculated between GASSOM
and ICA disorder indices, and the p-value is less than 0.001, which means the GASSOM
basis functions show significantly better topographical smoothness comparing with ICA

basis functions.

Figure 3.8: The DI for ICA basis functions are concentrated around 0.02, while the DI
for GASSOM basis functions are dispersed lower than 0.02. Smaller disorder index means
better more similarity between neighboring basis functions. Therefore, GASSOM shows

much better topographical smoothness than ICA.
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It is evident from the plot that GASSOM basis functions have less disorder index in
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comparison with ICA. Therefore, GASSOM has much better topographical smoothness
compared with ICA. This result is also straightforward illustrated in the visualization of
basis functions.

It should also be noted that repetition of disorder index distribution is also observed,
which is because the illustration of the plot is one-dimensional, while the structure of

GASSOM is two-dimensional.

3.5.4 Sensitivity to I'TD

During the computation of cochleagram, only the energy within each frame was utilized
and the phase information are omitted, that is the finer temporal cues were neglected. To
validate the existence of ITD information within each basis function, we computed the
tuning curve for each basis function with respect to Gaussian white noise with different
ITD. We selected the 5 most ’sensitive’ basis functions to I'TD and illustrated in Figure

3.9.
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Figure 3.9: Tuning curve of ITD for all basis functions are calculated which is based
on the projection Gaussian white noise with different Interaural Time Differences (ITD).
To quantify the sensitivity, the variance of each tuning curve was calculated, and the 5
tuning curves that most sensitive to ITDs were illustrated (only 5 are selected for clearer
illustration). Different colors stand for different basis functions. However, as illustrated
in the figure, the tuning curves are flat across the I'TDs, which means the basis functions

are little sensitive to the I'TDs.
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As demonstrated from the figure, the variation of response across different I'TDs is very
small, which means that the basis functions are little sensitive to ITDs. This is a natural
result from the neglect of phase information. Another reason is due to the duration of
each frame. In this study, we selected 8ms as frame length. Therefore, any time difference
less than 8ms is not visible on the cochleagram. However, the head size is usually around
20cm, and the Interaural Time Difference is less than 700us. Therefore the I'TD is hardly
detectable from the figures. Besides, different slight slopes can also be observed from
the figure, which means that the basis functions might be sensitive to different I'TDs.
However, these I'TDs are beyond 700us and is hard for biological explanation. Though
there are hypothesis about bat auditory system that they amplify the ITD for better
resolution, the linkage between our result and the hypothesis is still far-fetched. In the
future work, a much shorter frame duration can be selected to reflect accurate I'TD can

be employed to solve the high-frequency problem.

42



3.5.5 MAE vs Number of basis functions

An alternative way to applied to quantify the spatial information contains in the basis
functions. Different number of Deep Neural Network (DNN) were trained with increasing
number of basis functions for ICA. Localization accuracy rate was calculated for different

conditions. The result is illustrated in Figure 3.10

Figure 3.10: This figure illustrates the localization accuracy versus the number of basis
function utilized to train the DNN. The basis functions are sorted according to Descending
Fisher Information. An increase of localization accuracy can be observed with the increase
number of basis function employed. It almost reached highest accuracy when the number

of basis functions employed are more than 32.
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It can be seen from the figure that as the number of basis function achieved certain
number (around 32), the localization accuracy almost saturated. This means that 32%

of basis functions contains spatial information, while the rest is not related to spatial

location decoding.

3.5.6 Influence of background noise

In previous study, the localization task was evaluated under anechoic condition. We
also conducted a preliminary experiment when background Gaussian White Noise (GWN)

appears. The noise ratio was quantified using Signal-to-Noise Ratio (SNR), which is
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defined as the ratio of signal power and noise power and transformed to decibels.

Psi na
SNR = 20 x logjo( ™ L (3.5.4)

noise
Localization error was quantified using localization accuracy rate, which is the ratio of

correct prediction of the sound sources locations. The result is illustrated in Figure 3.11

Figure 3.11: This figure illustrates the MAE in degree with respect to signal-to-noise ratio
in dB. Significant decrease of localization error is demonstrated when the SNR increases.

The localization error is close to zero when the SNR is greater than 30dB.
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It can be seen from the figure that when the SNR reached above 3, the localization

error is almost close to zeros. However, when the noise occurs, the localization accuracy is

heavily distorted. Therefor, in the following study, we only considered anechoic condition.

3.6 Conclusion and Discussion

In this chapter, we introduced the paradigm of the binaural localization model and
illustrated how the sparse coding of binaural sound is accomplished. For the localization
model, we focused on the first stage, which is spatial feature extractor as the second stage
is less need to be determined. As GASSOM has been successfully applied to encode audio
stimuli, we determined to investigate its application on audio stimuli. ICA as another

popular sparse coding algorithm, was proved to successfully produce basis functions that
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would extract spatial features from binaural stimuli. Therefore ICA is selected as baseline
algorithm and benchmark with GASSOM.

Comparison was conducted between GASSOM and ICA using the metric and Fisher
Information and Disorder Index, which quantify the directional information and topo-
graphical smoothness, respectively. The results show that GASSOM is a better choice,
either as a more informative spatial feature extractor, or in the consideration of topograph-
ical structure. The second conclusion is more straightforward as it’s a natural result of the
training process that embedded by the self-organizing topological structure in GASSOM.

The first conclusion is more abstract. Our explanation for is that GASSOM is capable
to extract invariant features within each episode, and in this study, the spatial information
is the invariant feature while other features carried by the monaural speech is casted aside.
It is more concentrated on extraction of location-related features, though it may lead to
slight redundancy, which can be observed from the similarities between the neighboring
basis functions in GASSOM. But this is inevitable.

While for Independent Component Analysis, there’s no specific task, and therefore
it attempts to extract features that are less Gaussian and independent to each other.
It is concentrated on the diversity of the audio features, while spatial information only
takes small portion of the diversity. Even though the resulted basis functions would
incorporate more information about the content of the binaural sounds, it is not preferred
in the task-specific case. Besides, ICA require the full access to all data for training (we
conclude based on the Fast-ICA algorithm, which is utilized by (Mlynarski 2014), though
the author admits that a modified version of ICA can be applied online), while GASSOM
can be trained online.

Therefore, GASSOM is selected as the sparse coding algorithm to construct the spatial

feature extractor in the following study.
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Chapter 4

Determining the optimal parameter

for GASSOM training

4.1 Introduction

After comparison, GASSOM is selected to be spatial feature extractor for the binau-
ral localization model. During the training of GASSOM, several parameters should be
determined for better localization performance, among which the most important param-
eters are map size, chunk length and chunk shift. These three parameters are all related
to the dimension of the basis functions learned by GASSOM. We will also related those
parameters to its biological explanation.

To quantify the result, we selected Mean Absolute Error (MAE) and Best Matching
Times (BMT) as the dependent variables.

4.2 Methods

4.2.1 Variables
Map size

Map size stands for the number of basis functions in GASSOM 2D topo space. Usu-
ally, the map shape is square in order to reduce the influence of map edges and reach
the balance on different topographical directions. A greater map size give rise to the
information contained in GASSOM, but it will lead to inefficiency as illustrated in our

previous example. It also leads to data redundancy and some of the basis functions may

46



Figure 4.1: The panel demonstrate the topographical distribution of the basis functions
along the 10 by 10 map. Map size corresponds to the number of basis functions on the
map. Different basis functions corresponding to different directions and larger map size
would give more space to encode the 3D space. It’s analog to the number of neurons in

auditory cortex, but of different magnitude.
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not have the chance to be selected as winner during the whole course of training. In this
study, map size of 8x8,10x10,16x16,20x20 are considered.

The map size also has its biological meaning. It corresponds the number of neurons
in audio cortex, though the magnitudes between them are different. The demonstration

of map size and its corresponding biological linkage is illustrated in 4.1.

Chunk Length

the number of frames contains in each chunk during segmentation. It also determines
the length of basis functions in GASSOM. Larger length will lead to more information
captured by the basis functions, but it will also reduce the temporal resolution on the
audio signals and increase the redundancy.

In this study, chunk length of 5, 10, 20 frames (corresponding to 40,80,160ms) are
considered.

As illustrated in 4.2, the top panel is the definition of chunk length and chunk shift for
the cochleagram. While in the bottom panel, the response of auditory fiber in cat brain

measured with revcor function (de Boer 1978).
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Figure 4.2: The top panel shows a cochleagram of 200ms speech and illustrates the defi-
nition of chunk length and chunk shift, where the chunk length is set to 10 frames (80ms)
and the chunk shift is set to 1 frame(8ms) for example. The bottom panel illustrates the
corresponding biological implication of chunk length, which is reconstructed impulse re-
sponse representation of a fiber retained using reverse correlation (revcor) technique from
cat auditory neurons (de Boer 1978). The auditory neuron response has finite length,
although the duration of auditory fiber in cat shown here is only 5ms, which is much less

than human being as a result of species difference.
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Chunk Shift

the number of frame shift between successive chunks during the generation of data.
A smaller shift will lead to better temporal slowness, which is one of the underlying
principles, but too small shift will lead to data redundancy and computational inefficiency.
Temporal slowness in our case is the slow movement of the sound sources relative to the
listener.

In this study, chunk shift of 1,2,4 frames are considered. Chunk length and chunk shift
cannot be decoupled separately, and therefore considered together. The interaction effect

between Chunk Length and Chunk Shift is also tested.

4.2.2 Metrics
Mean Absolute Errors (MAE)

Mean Absolute Errors (MAE in degrees) is defined as the mean absolute difference
between the predicted location and ground truth location. It aims to quantify the influence
of different parameters on the localization accuracy. Smaller MAE stands for better

localization accuracy. Even though it’s not essential for

Best Matching Times (BMT)

Best matching times is defined as the number of time for each basis function being
selected as the winner node during the training of GASSOM. It is designed to quantify
the efficiency /utilization rate of the learned GASSOM. Too large or too small for the
Best Matching Time are not appropriate. Large value means the basis function is always
selected as winner during training, which makes the node hard to converge. While if the
value is too small, it means the basis function is rarely selected as winner node, which
means it’s redundant.

It should be noted that Best Matching Times should be normalized with respect to
the number of maximum iterations. After which the mean BMT is normalized to 1. We

only need to consider the variance of the BMT.
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4.2.3 Procedure
GASSOM Training

The GASSOM training phase follows the similar procedure as described in chapter
3. Binaural sounds are generated by convolving 200 ms monaural speech pieces that
are randomly picked from TIMIT database with HRTFs from KEMAR HRTF database,
where the direction of the HRTF is also randomly picked from -90 degree to 90 degree
evenly. Cochleagram is then computed from the synthesized binaural sounds, which is
afterwards divided into small chunks according to the variable configuration, and then
used to train the GASSOM with different map size accordingly. The GASSOM training
session is repeated for 50,000 iterations, during which the number of times for each basis

function being selected as winner is counted.

DNN Training

After the training of GASSOM, 200ms Gaussian white noise (GWN) is then selected
for training of DNN. It has the advantage of broad bandwidth and easy generation.
GWN is also filtered by KEMAR HRTFs for all different locations ranging from —90°
to 90°. Cochleagram is then produced and divided into small chunks. The chunks are
passed through GASSOM by computing the squared projections of it onto each basis
functions, the output of which is then used as input for the training of DNN. The location
is transformed into categorical indices ranging from 1 to 19, which correspond to the

directions of —90° to 90° degree by every 10°, respectively.

Model Testing

the testing sounds are generated in the same way as those for DNN testing, which is
also spatialized Gaussian white noise. The probability for different location is obtained
by passing the sounds through the GASSOM and DNN, and then averaged over the
chunks within the same signal. The location with the greatest posterior probability is
selected as the predicted location. As the ground truth location is known as the direction
corresponding to the selected HRTF, the mean absolute error in degrees between the
ground truth location and predicted location can be calculated and average over all the

directions.
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Figure 4.3: The horizontal axis is map size and vertical axis is MAE in degree. The MAE

is least when map size is 10 by 10, that is the localization is most accurate.
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This process for each variable is repeated for 10 times for analysis of variance, and

increase the robustness of the result.

4.3 Result and analysis

The interaction of the map size and chunks are less correlated, so the effect of map size
is tested separately, while the effect of chunk length and chunk shift is analyzed together.

Figure 4.3 demonstrate the Mean Absolute Errors GASSOM localization model with
different map size. One-way ANOVA is conducted and F'(3,16) = 8.02, the p-value is
p = 0.0017 < 0.01, which demonstrate that effect on map size on localization accuracy
is statistically significant at level of 0.01. It can be seen from the figure that the MAE
reach least value when the map size is 10 by 10.

However, comparable performance is also achieved when the map size is 20 by 20. To
determine which is better, we also collect the Best Matching Times (BMT) as defined
before to quantify the redundancy of the map. If the BMT of some basis functions is
much smaller compared to other basis functions, it means that they are rarely selected as
winner during the training. The result of the BMT for each map size is demonstrated in

figure 4.4. It has been standardized because different map size contains different number
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Figure 4.4: Box plot of BMT is illustrated here, where the horizontal axis is map size
and vertical axis is BMT averaged over all the basis functions. The solid line is standard
deviation and the bottom and top edge of the rectangle illustrates the 25 and 75 percentile
respectively. The dotted circle is the median of the corresponding data. As the BMT has
been normalized with respect to number of iterations, the mean value is 1, but the variance
varies, which quantifies to what extent the balance is in training phase. Smaller STD
means the nodes are more equally likely to be selected as winner node, and corresponds

to better balance. Therefore 10 by 10 map size has a better balance.
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of basis functions. This process is realized as follow,
BMT % Nygsis
BMTgumdard = ————— (4.3.1)

Nisample

Where Nyasis is the number of basis functions for each map size, and Nyample is the
total number of samples during the GASSOM training. Therefore, the BMT averaged
over all basis functions is normalized to 1 as shown in figure 4.4.

The standard deviation of the BMT for each map size is also calculated for more
straightforward illustration and is shown in figure 4.5. Smaller standard deviation means
the chances for each basis function to be selected as winner is more likely to be equal.

From figure 4.5, map size 10x10 and 16x16 have more balanced BMT for each basis

functions. Considering both BMT and localization accuracy, map size of 10x10 is a
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Figure 4.5: To give a more straightforward illustration of the Standard deviation (STD) of
the BMT, the STD for BMT of different map size is shown here. The variance is relatively
smaller when the map size is 10 by 10. Smaller STD stands for better balance/map

utilization rate and therefore map size 10 by 10 is a relatively better choice.
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selected in the following study.
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4.3.1 Chunk Length and Shift

Figure 4.6 demonstrate the bar chart of mean MAE for different configurations of
chunk lengths and chunk shift.

It is illustrated from the figure that the localization accuracy is highest (least Mean
Absolute Errors) when the chunk length is 10 frames, and the chunk shift is 1 frame.

Two-way ANOVA is conducted to analyze the result. For chunk length, F'(2,28) =
8.95, and p-value is less than 0.001, which means the chunks length has a statistically
significant influence on the localization accuracy. For chunk shift, F'(2,28) = 1.06, and
p-value p = 0.3526, which states that there’s no significant effect of chunk shift on local-
ization accuracy. For the interaction of chunk length and chunk shift, F'(4,86) = 6.86,
p = 0.0001. This reveals the significant effect for the interaction of chunk length and
chunk shift, which can be observed from the figure that when the chunk length is 5
frames, the localization accuracy is least when the chunk shift is 1 frame, while for other

cases, the localization accuracy is highest when the chunk shift is set to 1 frame. As the
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Figure 4.6: This figure illustrate the MAE for different configuration of chunk length and
chunk shift. Different colors stand for different chunk shift. The MAE is smallest when
the chunk length is 10 frames and chunk shift is 1. Therefore we selected chunk length to

be 10 frames and chunk shift to be 1 for better localization performance.
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main effect of chunk length is significant, we first select the chunk length to be 10 frames.
Afterwards, the optimal chunk shift is selected as 1 frame due to the significant effect of

the interaction effect.

4.4 Conclusion and discussion

The selection of map size is a complex result on the localization accuracy and utiliza-
tion. A larger map size will give more space to capture different features, but it also has
the disadvantage of inefficiency and low utilization rate. Besides, the localization accu-
racy drops when the map size getting too large. Our explanation for this phenomenon is
that with the increase of map size, some basis functions are rarely selected as winner, and
are therefore less informative about the spatial location. However, during the training of
DNN;, all the basis functions are treated equally. As a result, the performance is degraded
by these less utilized basis functions.

For the selection of chunk length and chunk shift, the model performs best when the

chunk length is set to 10 frames, which corresponds to 80ms in duration. When the
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chunk length is too small, the localization accuracy drops because it’s not long enough to
capture all the information required to decode the location of the sound. On the other
side, when the chunk length is too large, it will lead to computational redundancy in the
sparse coding of GASSOM and cause degradation on the localization performance.

For chunk shift, a relative smaller value will lead to better performance in localiza-
tion accuracy. Otherwise, it will reduce the temporal resolution of spatial features and
eliminate the small variations of the audio signals, which might play an important role in
the deduction of sound location. Smaller chunk shift also conforms the temporal slowness
assumption of GASSOM, which results from the fact that natural stimuli in environment
always varies slowly. When the chunk shift is too large, the features will vary vastly and
cannot, be captured by GASSOM.

However, it should be noted that the effect of chunk shift is dependent on the chunk
length. When the chunk length is too small, the conclusion may not be applicable. Further

study may be conducted to explore the reason for it.
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Chapter 5

The effect of waveform properties on

localization accuracy

In the next two chapters, we compare the performance of GASSOM based binaural
sound localization model with empirical data on human subject on different tasks. The

paradigm is shown in figure 5.1
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Figure 5.1: This flowchart demonstrates the paradigm of the following two chapters.
Given the testing input stimuli that similar to previous work on human being experiment,
we pass it through the GASSOM-based computational model and calculate the same
measurement as the authors employed in theirh work. Then we compare the performance
with the empirical data using the same quantification metric and analyzed the result.

Similar performance was achieved by our computational model on several aspects.
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5.1 Introduction

Psychoacoustic experiment on binaural sound localization on human listener has been
investigated for a long time. It has been proven that the localization accuracy of human
being is heavily dependent on the spectral and temporal properties of the audio signals.
William Yost and his colleague have conducted a series of psychophysical experiment to
explore the effect of many factors, such as center frequency, bandwidth (Yost & Zhong
2014), duration, sound level (Yost 2016), on localization performance. These work lead
to deeper understanding on the localization mechanism in human auditory system.

However, little concentration has been focused on the effect of those parameters on
the localization accuracy of bio-inspired computational model. It has been proved that
those parameters have significant effect on the localization performance of computational
models.

In comparison with the empirical data on human being, we conducted similar experi-
ment on the GASSOM based binaural sound localization model, to investigate the effect
of center frequency, bandwidth, and sound duration on localization performance. The
sound level is omitted by during the computation, the noise level is normalized.

It has been demonstrated that human auditory system computes the spatial informa-
tion within different narrow bands and integrate them together to decode the location
of the sound. Audio stimuli with different bandwidth would contain different amount of
spatial information. What’s more, the different narrow band also plays different roles in
the localization task, so it’s of interesting to explore the effect of center frequencies on
localization performance.

This study will not only fill this research gap, but also proving the capability of our
GASSOM based computational model providing comparable performance as human being
in sound localization tasks. This model therefore can be used as an alternative to the

human subject in many psychoacoustic experiments.
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5.2 Methods

5.2.1 Variables
Center frequency

the arithmetic/geometric mean of the lower cut-off frequency and upper cut-off fre-
quency of the audio stimuli. In this study, center frequency of 250Hz, 2000Hz and 4000Hz

are considered to keep in consistent with Yost’s experiment on human being.

Bandwidth

the frequency difference between the upper 3dB cut-off frequency and lower 3dB cut-
off frequency as shown in Figure 5.2. Bandwidth is always represented with octave as
unit, which is defined as the logarithm of upper cut-off frequency divided by lower cut-off
frequency. In this study, bandwidth of 1/6 octave, 1/3 octave, 1 octave and 2 octave are

considered to keep in consistent with Yost’s experiment on human being.

Sound duration

the temporal duration of audio signals in milli-seconds. In this study, 25ms, 150ms
and 400ms are considered. If the sound duration (25ms here) is not long enough, zero

padding is applied to the stimuli for subsequent process.

Figure 5.2: Band pass filter are illustrated here. B stands for bandwidth and f; stands

for center frequency. fr and fgy stand for the lower and higher 3dB cut-off frequency.
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5.2.2 Metrics

For comparison with empirical data, we employed the same metric, Root Mean Square
(RMS) errors, to quantify the localization accuracy of our computational model. It is

defined as follow equation,

N _ 2
RMS = \/ Zi:l(ep’”;‘[ btrue) (5.2.1)

Where N is the number of test samples, 0.4 is the predicted location in degree, and
Oirue is the ground truth location in degree. The RMS is averaged over all locations for

comparison.

5.2.3 Stimuli generation

The spectral-varying stimuli are generated by filter the 200ms spatialized Gaussian
white noise with 20ms squared cosine rise-decay time, which is also synthesized with
MIT KEMAR HRTFs at ear level horizon plane from —90° to 90° degree by every 10°
in azimuth, with 4-pole Butterworth filters designed for different center frequencies and
bandwidths. The filtered audio signals are then processed to generate cochleagram and
fed into the model to decode the location. Demonstration of the waveform signals are

shown in figure 5.3.
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Figure 5.3: The figure illustrates stimuli with different center frequency and bandwidth
by filter 200ms Gaussian White Noise with Butterworth Filters that designed for different
combination of center frequency and bandwidth. Different column stands for different

center frequency and different row stands for different bandwidth.
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The duration varying stimuli are generated by changing the duration of the Gaussian

white noise, which is not illustrated here.

5.2.4 Review of Yost’s experiment

In Yost’s experiment, 13 loudspeakers were utilized at different locations from —90° to
90° with increment of 15° to produce sound sources at different locations in an anechoic

chamber. All the speakers were numbered from 1 to 13 as illustrated in Figure 5.4.
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Figure 5.4: The figure illustrated the setup of Yost et al.’s experiment on localization
performance of human listener (Yost et al. 2013). 13 loudspeakers spaced at different
locations were used in the experiment to construct spatialized sound sources by playing
through the speaker at certain location. To determined the perceived location of the

listener, the index of the speaker was reported as indicator.
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The subjects were asked to report the index of the speaker as indicator for the perceived
sound location. The RMS in degree between the ground truth location and reported

location was computed for each trial.

5.2.5 Procedure

The GASSOM localization model is trained the same way as previous chapters. The
spatial feature extractor is constructed by sparse coding binaural natural speeches with
GASSOM, and the DNN is trained with spatialized broadband Gaussian White Noise. For
training phase we employed the full frequency bandwidth because it simulates the human
listener with normal hearing abilities. The spectral-temporal property of the stimuli only

varied according to previous description in the testing phase.

Center Frequency and Bandwidth

Center frequency and bandwidth are coupled with each other; therefore both should
be investigated together. For the testing phase, the stimuli are generated as mentioned

above and the RMS about localization is computed for each condition. It is repeated for 8
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times for each condition for further analytic for comparison with Yost and Zhang’s (Yost

& Zhong 2014) empirical data on human being.

Sound Duration

The effect of sound duration on localization accuracy is tested under different con-
ditions, that is for different center frequency and bandwidths, to test the interaction
effect of those parameters. In this study, center frequency of 250Hz, 2kHz and 4kHz are
selected in consistent with Yost’s experiment (Yost 2016) for comparison. 1/10 octave
and 2 octaves are also selected as representation for narrow bandwidth condition and
broad bandwidth condition, respectively. Different conditions are repeated for 8 times for

analysis of variance.

5.3 Result and analysis

5.3.1 Effect of center frequency and bandwidth

The error bar chart for Root Mean Squared (RMS) error of different center frequency
and bandwidth conditions by the GASSOM-based computational model are illustrated
in top panel in Figure 5.5, and the mean RMS errors are averaged over repetition trials.
Bottom panel in Figure 5.5 is redrawn from the results in Yost and Zhang’s experiment

(Yost & Zhong 2014) for comparison.
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Figure 5.5: The RMS for localization of stimuli with different center frequency and band-
width by the GASSOM-based computational model are illustrated in top panel, where

the bar illustrated the mean the error plots illustrated the standard deviation; Bottom

panel are redrawn from Yost and Zhang’s work (Yost & Zhong 2014)
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Figure 5.6: This figure illustrates the histogram of center frequency for basis functions
learned by GASSOM below 6kHz. It can be seen from the figure that more basis functions

have lower center frequency.

Histograms of basis function frequency range blow 6kHz.
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their interaction effect, Two-way ANOVA was conducted for the experiment.

For main effect, the p value for both cases were less than 0.001, which states that both
center frequency and bandwidth have statistically significant effect on the localization
accuracy. For the interaction effect, the p value is also less than 0.01, which suggested
that the interaction of bandwidth and center frequency has a significant effect on the
localization accuracy at the level of 0.01.

It is illustrated from the figure that with the increase of bandwidth, there’s an increase
in sound source localization accuracy for both human and computational model, regardless
of the center frequency. This is a natural result as the wider bandwidth provide more
information about the location.

It can also be observed from the figure that higher localization errors occurred when the
frequency of the stimuli is centered at 2kHz, especially for narrow bandwidth condition. To
explore the reason, the frequency range of basis functions below 6kHz was also illustrated
in Figure 5.6.

It can be seen from the figure that the number of basis functions with center frequency
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Figure 5.7: This figure illustrates the distribution of the spectrum for monaural sound
included in this study. The data is extracted from speeches from TIMIT database (Garo-
folo et al. 1993) by computing Fast Fourier Transform (FFT) and taking the amplitude
. The blue curve stands for the mean of spectrum and green region covers the standard

deviation. It can be seen from the figure that the spectrum contains more energy between

200Hz and 1500Hz.
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at lower frequency (around 250Hz) is larger while the basis functions for 2kHz is less. The
number for basis functions for 4kHz is also relatively larger than for 2kHz. The reason for
the distribution might be due to the distribution of the spectrum of the training data, as
illustrated in Figure 5.7. The figure illustrate the statistics of spectrum of all the speeches
in TIMIT database. The blue curve stands for the mean of center frequency bin and green
shadow stands for the standard deviation. It is illustrated in the figure that the database
contains audio contents around 250Hz to 1,250Hz. Therefore, more basis functions tends
to centered around this range.

However, the influence of the center frequency is non-trivial to determine. For the
GASSOM localization model, the localization accuracy is heavily degraded when the
bandwidth is narrow, and it becomes saturated when the bandwidth reaches 1 octave
or above. Similar trend of localization accuracy reduction as increase of bandwidth can
be observed from the figures redrawn from Yost’s paper. However, the absolute value of

localization error differs between the computational model and empirical data.
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Difference between our computational model and empirical data on localization accu-
racy is also illustrated from the figure 5.5 that when the bandwidth is narrow, the human
listeners perform better with lower center frequency while the computational model per-
forms better with higher center frequency. The difference might result from the different
HRTFs of subjects in Yost’s experiment and the HRTFs used to train the GASSOM
binaural localization model. However, the HRTF's for Yost’s experiment is unavailable.
Further study can be conducted for subjects whose HRTFs can be measured.

When the bandwidth becomes broad, the localization error for GASSOM-DNN based
localization model reduced significantly. This indicate that the computational model
heavily depends on the integration of spatial features from different narrow bands. When
information from some of frequency bands is missing, the localization performance de-

grades significantly.

5.3.2 Effect of sound duration

The effect of sound duration was investigated in two condition: narrow bandwidth

and broad bandwidth.

Narrow bandwidth

For narrow band, the result is illustrated in top panel in figure 5.8. Two-way ANOVA
is conducted on the result to test the effect of sound duration and center frequency. There
is no significant main effect of sound duration as F'(2,22) = 0.5 and neither significant
interaction effect of sound duration and center frequency as F'(6,66) = 0.2 at 0.05 level
of confidence. However, the main effect of center frequency is still statistically significant
as F'(3,33) = 30.9, which is consistent with previous result.

Bottom panel in Figure 5.8 is result redrawn from Yost’s experiment. Two-way
ANOVA in Yost’s work also demonstrated that there’s no significant main effect of sound
duration on the localization accuracy. Similar conclusions can be drawn from the empiri-
cal data on human listener, which illustrate that our computational model shows similar
performance as human being in the localization task. However, for the GASSOM-based
computational model, the localization error varied vastly across different center frequen-
cies, but for empirical data, the variation across different frequencies are less obvious.

This result illustrated that the amount of basis functions sensitive to different frequencies
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are of similar magnitude, but in our computational model, basis functions for different
frequency bins are different. This of one of the major disadvantage of our model that
should be solved in the future. Possible solutions might be to increase the data amount
or utilize more broadband training data.

What’s more, the localization accuracy is best when the center frequency is 250Hz
and worst when the center frequency is 2000Hz for both cases, which is consistent with
previous experiment. The slight difference on localization accuracy can be explained by
the fact that the HRTF used in our model comes from subjects that are different from

Yost’s experiment.
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Figure 5.8: The RMS for localization of narrow band stimuli (1/10 Octave) with different
sound duration are illustrated in top panel; Bottom panel are redrawn from Yost’s work
(Yost 2016). Different colors stand for different center frequencies. It can be observed

from the figure that the localization error across different duration.
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Broad Bandwidth

However, when it comes to broadband stimuli, the conclusion varied a little bit from
previous one, where center frequency does not play such an important role as before.

The result is shown in top panel of figure 5.9. Two-way ANOVA is also conducted on
the result. The main effect of sound duration is not significant as F'(2,22) = 0.6 and the
interaction effect of sound duration and center frequency is not significant as well with
F(6,66) = 0.7. It is surprising that there’s also no statistically significant main effect
of center frequency on the localization accuracy, which is contradict to the narrow band
case. Though the result is still consistent with the conclusion from Yost’s empirical data
as shown in bottom panel of figure 5.9, which is also redrawn from his paper.

Compared with the narrow band case, the main effect of center frequency is no longer
significant. This might due to the fact that the increase of bandwidth made the localiza-
tion performance less sensitive to center frequency as each testing stimuli contains more
information in broader bandwidth. As illustrated in Figure 5.7, even though the number
of basis functions centered around 2kHz is less compared with other region, the region
within 1kHz and 4kHz contains much more basis functions. Therefore the localization
performance is less influenced by the center frequency.

Despite of similar trend between GASSOM-DNN computational model and human
listener, the localization is of great difference for broadband signal (2 octave), where
the localization accuracy for computational model is much smaller compared with human
listener. On the one hand, it might result from the fact that the HRTFs employed between
the two experiments were different. On the other hand, it comes from the fact that human
are more likely to make random errors during the experiment, while the computational

model hardly made such kind of errors.
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Figure 5.9: The RMS for localization of broad band stimuli (2 octaves) with different
sound duration are illustrated in top panel; Bottom panel are redrawn from Yost’s work
(Yost 2016). Different colors stand for different center frequencies. It can be observed from
the figure that the localization error across different duration. Besides, the localization
error across different center frequency is also little, which indicated that both center

frequency and duration have little effect on localization accuracy for broadband condition.
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5.4 Conclusion and discussion

The adaption effect of the middle ear can be employed to give a better simulation on
localization system and explore the effect of sound level on localization performance.

In this chapter we investigated the effect of center frequency, bandwidth, and sound
duration on the localization performance of the GASSOM based binaural localization
model in comparison with psychophysical experiments conducted by William Yost and
his colleagues. For spectral properties, both center frequency and bandwidth have a
significant effect on the localization accuracy. When the bandwidth get broader, the lo-
calization error decreases, which give computational explanation for the recent study that
human auditory system integrate narrow band features for the prediction of sound loca-
tion. The effect of center frequency depends on bandwidth. For narrow bandwidth, the
center frequency has a significant effect. This effect drops with the increase of bandwidth.
This might be due to the fact that different frequency channels plays various roles in the
decoding of sound location, and lower frequency components seem to be more important
in sound localization.

Besides the similarity, difference between human listeners’ performance and GASSOM-
DNN computational model is also observed. The localization accuracy of computational
model is worse than human being when the bandwidth is narrow, and is better than
human being when the bandwidth becomes broad enough. The reason is that when the
bandwidth is narrow, spatial information from certain frequency bands is missing, and
the response of corresponding basis functions is inaccurate. However the DNN network
utilized the response as usual without any adjustment. This leads to great misjudgment
on localization prediction. In the future work, weights of different frequency channel can
be considered to correct the prediction.

As for sound duration, it has no statistically significant effect on the localization effect,
which seems contrast to the intuition and longer duration provide richer information. One
straightforward explanation for this is that longer duration just increases the present of
repeated spatial features which is less informative for sound localization as all the stimuli
are of similar bandwidth.

The effect of sound level is not studied in this work due to the limitation of our model.
This can be improved by engaging the middle ear adaption, which amplifies the audio

with less volume and inhibit audio with greater volume, to the model in the future work.
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Difference between human listener and computational model is also observed. When
the bandwidth becomes broader, the computational model significantly outperforms hu-
man listener. We credit this phenomenon to the fact that computational is less likely to
make misjudgment on the localization task.

The experiment on the effect of different spectral and temporal audio properties on
localization accuracy of our computational model shows great similarity with empirical
data on human subjects. Sparse coding algorithms such as GASSOM is proved to be
feasible for the extraction of spatial features like human being. This contributes to the
motivation to build a bio-inspired binaural localization model that can be used as al-
ternatives to human subjects in research experiment based on sparse coding and neural
network. This will reduce the cost and make the experiment more convenient.

Congruence between the performance of computational model and human being pro-
vides insight about the mechanism underlying binaural sound localization. For example,
the tonotopic basis functions in GASSOM suggests that auditory system integrate nar-
row band spatial features to predict location (Pavao et al. 2020). Further study can be

conducted for this thesis in the future.
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Chapter 6

Effect of non-individualized HRTF's

on front-back confusion

6.1 Introduction

Recently, HRTF has been widely used in application of binaural sound for enter-
tainment or scientific research. To provide a more realistic perception, it’s admired to
employ individualized HRTF for the rendering of spatialized sound. However, for most
of the cases it is inconvenient to measure the individualized HRTF for the listener. Non-
individualized HRTF is therefore used as an alternative. Due to the physical variation
among human’s auditory system, including pinna, canal, and torso, the HRTF's of differ-
ent human listener are always diverse significantly. The performance on reconstruction of
the binaural sounds is degraded vastly. Thence, the effect of non-individualized HRTF on
human sound localization performance has become an important topic in the exploration
of human localization mechanism.

Numerous scientific research has been conducted this area. In 1990s, Wenzel et al.
conducted a series of experiment to compare the localization accuracy of human being
when listening to virtual audio synthesized with non-individualized HRTF's with indi-
vidualized HRTFs. The direction of the sounds come from omni-direction on ear-level
horizontal plane, which is designed to explore the front-back confusion. Front back confu-
sion is defined as the situation when human listener hears a sound source in the forward
direction, he/she perceived it as coming from backward. This phenomenon is very com-
mon in our daily life. The localization accuracy degraded significantly when front-back

confusion emerges.
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Recently, in order to eliminate the influence of non-individualized HRTFs on the front-
back confusion, Prof. So et al. proposed one affordable way to solve this issue by providing
more selections of stimuli synthesized with HRTF's that come from spectral feature clus-
tering analysis to the human subjects, who are asked to select one stimulus that give
the best judgment of front-back perception. The result show great improvement with the
provision of extra HRTF choices, which demonstrated that HRTF clustering is a potential
way to reduce the occurrence of front-back confusion.

However, most of the computational binaural sound localization model are focused
on the localization accuracy of stimuli synthesized with individualized HRTF, while little
concentration has put on non-individualized HRTF. In fact, the localization performance
of sound localization model is heavily dependent on the usage of different HRTFs. It has
been proved (Wang et al. 2020) the different computational model trained with different
HRTFs from CIPIC database testing with different stimuli showed diverse localization
accuracy, which is due to the similarity between the HRTF's used for training and testing.
A clustering analysis about HRTF can be applied to analyze the similarity between the
HRTFs to provide a better localization performance when the individualized HRTFs is
unavailable.

In the first part of this chapter, we explored the effect of individualized and non-
individualized HRTF on the localization accuracy of GASSOM based computational
model. The performance is compared with empirical data of human listener in Wen-
zel et al.’s work. In the second part, we conducted a similar procedure as Prof. SO’s work
that by providing optional HRTFs, the front-back differentiation of the computational
model would be improved. We also conducted a follow-up experiment on the influence of

cluster distance of front-back confusion rate of different computational model.

6.2 Effect of non-individualized HRTF on front-back

confusion

6.2.1 Review

In Wenzel et al.’s experiment, human subjects were asked to judge the apparent lo-

cation of broadband stimuli played through physical speak or headphone. The physical
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speaker is used to simulate the individualized HRTFs as it has been shown that free-
field stimuli would achieve similar performance as stimuli synthesized with individualized
HRTF (Wightman & Kistler 1989). For non-individualized HRTF condition, stimuli are
synthesized by filtering Gaussian white noise with non-individualized HRTFs and played
through headphone. The directions of HRTFs ranged from —180° to 180° on ear level
horizontal plane. It should be noted that the backward directions are also included in
this case for both training and testing. The localization performance was quantified using
root mean square errors as defined in previous chapter.

Top panel of Figure 6.1 is an example of the predicted azimuth against target azimuth
of subject SIK in free field (individualized HRTF), and the bottom panel of Figure 6.1
is for non-individualized case. The performance is relatively satisfying when the subject
listening to free field stimuli, where only small portion of front-back confusion appear.
But when it comes to non-individualized HRTF, front-back confusion rate increases sig-

nificantly, especially when the stimuli are located near the sagittal plane.

6.2.2 Methods

Following the same procedure, we generate the testing stimuli by convolving 200ms
Gaussian white noise with HRTFs of azimuths ranging from —180° to 180° degree on
horizontal plane. In this study, the HRTFs is selected from CIPIC database as it contains
HRTFs measured from different subjects, which makes it possible to evaluate the influence
of non-individualized HRTF from other subjects.

The GASSOM based localization model is first trained with HRTF's from a randomly
picked HRTFs. After training, it is tested with stimuli generated with the same HRTF
used in training phase for individualized HRTF comparison, and stimuli generated with
HRTFs from other randomly picked subjects for non-individualized HRTF comparison.

Unlike Wenzel et al.’s experiment in which only 3 subjects are employed, we trained 10
computational model with 10 different HRTFs as virtual ‘subject’. This is one advantage

of computational model on convenience.

6.2.3 Result and analysis

Top panel of Figure 6.2 illustrates the box plot of the RMS error of localization with
individualized HRTF for the 10 GASSOM based computational models. Bottom panel
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Figure 6.1: The RMS error for location prediction of stimuli in free field for subject SIK
in Wenzel et al.’s experiment are illustrated in top panel (Wenzel et al. 1993), which is to
simulate localization of synthesized stimuli with individualized HRTF; Bottom panel are
results for virtual free-field, which is stimuli synthesized with non-individualized HRTF
(Wenzel et al. 1993). It can be seen from the comparison that localization error increases
when listening to non-individualized HRTF stimuli. In Wenzel et. al.’s experiment, they

employed 3 subjects named as SIK, SID and SIM, and only SIK is demonstrated here.
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in Figure 6.2 is redrawn from the empirical data on three human subjects SIK, SID
and SIM. The target azimuth difference is due to azimuth measured by CIPIC HRTF
database differs from Wenzel et al.’s experiment. We have applied HRTF interpolation
(VBAP, bilinear interpolation) to synthesize the HRTF at the same directions as Wenzel
et al.’s experiment, but the performance drops a lot. Therefor It is obvious from the data
that when testing with stimuli synthesized from individualized HRTFs, the localization
accuracy is close to zero for most of the azimuths for all the three computational models
trained with different HRTFs. This is in consistent with human subjects’ data in free field
as shown in figure 6.2, which also give support to the conclusion that listening in free field
retains comparable performance as listening to stimuli synthesized with individualized

HRTFs.
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Figure 6.2: In this study, we compared our results with those of Wenzel et. al.’s experiment

The top panel illustrate the RMS error for localization of stimuli synthesized with
individualized HRTF from CIPIC HRTF dataset (Algazi et al. 2001) for GASSOM-based
localization model; Bottom panel are corresponding results redrawn from Wenzel et al.’s
experiment (Wenzel et al. 1993), where SIK, SID and SIM are different subjects. It can
be seen that the RMS was small for both cases, which indicated that the localization

performance was good for both computational model and human being.
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When it comes to non-individualized HRTF's, the performance drops significantly.
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Bottom panel of Figure 6.3 is redrawn from Wenzel et al.’s experiment on human being.
The localization error is also highest in the central front and central back among all the
3 subjects in the experiment. Comparison between computational model and empirical
data on human illustrate that our model is competitive in the simulation of human bin-
aural sound localization. Therefore the basis functions may be capable of catching the
spectral cues that utilized by human being for front-back determination. This is in consis-
tent with the advantage of sparse coding algorithm where the spectral filters will appear
automatically without any manipulation.

Results are shown in top panel of figure 6.3, the RMS errors are relatively large when
the target sound source is located close to the median plane, including both central front
and central back. Our explanation for it is that chances of front-back error is more likely
to happen in sagittal plane as the signals arrive at left and right ears are more symmetric,
and the information provided by the binaural signal becomes more redundant. Hence less
spectral cues can be utilized to discriminate the forward and backward stimuli. Besides,
one mistake in the sagittal plane would lead to localization error of 180°, while it decreases
as the sound location comes to lateral side in the occurrence of front-back confusion.

Another possible reason for the result might be due to when the sound source is
located in central directions, the spectral cues difference between the frontal and backward
directions tend to be more similar because it is mainly affected by the pinna, therefore
the front-back confusion increases. But when it comes to the lateral side, the spectral
cues difference between the frontal and backward direction tend to be more distinct as
a result of the composition of pinna reflection and the shadow effect of head and torso.
Therefore the front-back discrimination is improved for lateral side. These guess need to

be carefully validated in future work.
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Figure 6.3: In this study, we also compared our results for non-individualized HRTF case
with those of Wenzel et. al.’s experiment (Wenzel et al. 1993). The top panel illustrate
the RMS error for localization of stimuli synthesized with non-individualized HRTF from
CIPIC HRTF dataset (Algazi et al. 2001) for GASSOM-based localization model; Bottom
panel are results redrawn from Wenzel et al.’s experiment. It can be seen that the RMS
was small for both cases, which indicated that the localization performance was good
for both computational model and human being. For both cases, the localization error
became much larger comparing with individualized HRTF', and the error is highest when

the stimuli come from center front/back directions.
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Biological linkage

The relative higher localization accuracy for lateral side can also be explained by
biological studies (Moerel et al. 2015). As illustrated in Figure 6.4, the ratio of voxel are
both higher for binaural stimuli at Left (—90°) or Right (90°) sides. Which reflect that
there are more neurons in subcortical area of auditory system that are sensitive to sounds
from lateral side than central side. In our computational model, we can also observe more
basis functions that correspond to stimuli that come from Left and right side. This also

guarantees the congruence between the GASSOM and Biological neurons.

6.3 Effect of HRTF clustering analysis on front-back

confusion

6.3.1 Review

Investigation on the spectral content has demonstrated that different critical band-
widths play an important role in the forward and backward discrimination. Fluctuations
within certain spectral range would lead to notable change on perception of the direction
where the sound source comes from. For example, the stimuli is more likely to be per-
ceived as coming from the front if the energy within 0.28-0.56kHz is amplified. In SO’s
work, they review several critical bands that heavily influence the perception of front-back

stimuli from previous study. These bands are summarized in table 6.1.
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Figure 6.4: The tuning to stimuli of different locations for neurons in IC and MGN is
illustrated in this figure (Moerel et al. 2015). The top two panel illustrate the voxel ratios
in subcortical region for stimuli of different directions. The top left is for Inferior Colliculus
and the top right is for Medial GEniculate Body (MGN). The red curve stands for low
frequency and blue curve stands for high frequency. Therefore the localization accuracy
is higher for 90° and —90°. The bottom two panels illustrate groups of neurons tuning to
left and right stimuli in IC and MGN, respectively. The green regions correspond to right
side and blue region corresponds to left side. Neurons tuning to both lateral directions

take a large portion in the organism.
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Band | Center Frequency

F1 3800-8000Hz
F2 13200-16000Hz
F3 150-540Hz
F4 1900-2900Hz
F5 3600-5800Hz

F6 8000-16000Hz
B1 10000-13000Hz
B2 720-1700Hz

B3 7400-11100Hz

Table 6.1: Critical band and frequency range for perception of sound direction (So et al.
n.d.). F for forward and B for backward. 6 bands were selected for forward direction and

3 for backward direction.

Afterwards, different spectral quantities are extracted from these critical bands of
HRTFs for center front and center back directions among different subjects as features
for clustering analysis. Hierarchical agglomerative algorithm is employed to divide the
HRTFs into 9 clusters, 3 of which are omitted as it’s singleton.

Localization of stimuli synthesized with MIT KEMAR HRTFs served as baseline.
Stimuli synthesized with HRTF's from the center of 6 clusters are provided to subjects
as optional choices, from which the subject select the one with best front-back localiza-
tion accuracy. The result demonstrated that with the provision of extra HRTFs, the

localization errors are reduced significantly.

6.3.2 Exp.1

Inspired by this work, we first re-conduct similar experiment to examine the effect of
extra HRTF options on the improvement of localization. Another subsequent experiment
was designed to investigate the relevance of clustering distance on front-back confusions.
Front-back rate was calculated as the percentage of center front stimuli that perceived as
coming from backwards. Back-front confusion is defined as the percentage of center back

stimuli that perceived as coming from forwards.
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Methods

In the first experiment, GASSOM-based binaural localization model was trained fol-
lowing the identical procedure as before, where the HRTF is selected randomly from
CIPIC database. HRTFs from the rest of the database are then employed for cluster-
ing analysis. There are 90 HRTFs in total, where the left and right ear for each of 45
HRTFs were considered separately. This is because we focused on front-back discrimi-
nation, where the spectral cues play an important role and the left and right HRTF's at
central directions (front and back) tend to be more symmetric.

Spectral features from different critical bands are extracted and agglomerative algo-
rithm with average linkage was used for clustering. We also selected 6 critical bands
(F1 to F6) and 3 critical bands (B1 to B3) for frontal and backward directions, respec-
tively. Afterwards, a 90 x 90 matrix was extracted from the CIPIC database and used for
clustering analysis.

In the end, 5 clusters are selected from the result after clusters with few HRTFs and
singletons are neglected for both frontal (azimuth 0°, elevation 0°) and backward (azimuth
0°, elevation 0°) directions as illustrated in Figure 6.5. Different colors stand for different
clusters and the cluster index was marked in red in the figure.

Stimuli synthesized with KEMAR HRTF in center front and center back are used
as baseline stimuli and tested with the computational model. Afterwards, 5 HRTF's
from the center of different clusters were used to generate stimuli and tested with the
computational model, among which the HRTF with least front-back confusion rate was
used to benchmark with the localization performance of baseline model trained with

KEMAR HRTF.

Results and analysis

The results are illustrated with bar chart in figure 6.6 for both front-back confusion
rate and back-front confusion rate. The confusion rate is significantly reduced with for
the case with HRTF selection.

One-way ANOVA is conducted and pfront—pack = 1.19¢ — 5, Dpack—front = 0.0066. It
states that in both cases, the provision of optional HRTFs significantly reduced the front-
back confusion. This is consistent with the conclusion in So’s experiment on empirical

data of human subjects. This result also ensured the congruence that our GASSOM based
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Figure 6.5: The top panel illustrates the dendrogram of HRTF clustering for frontal
direction; the bottom panel illustrates the dendrogram of HRTF clustering for backward
direction. Different colors stand for different clusters. Cluster indices are marked in red.
5 clusters were selected for each direction after omitting the singletons and clusters with

few HRTFs.
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computational model can produce similar performance as human being.

6.3.3 Exp.2
Methods

The following experiment investigated the relation between HRTF clusters on front-
back confusion. Neighboring clusters are believed to share more similarities on the spectral
cues as a result of the intrinsic property of the clustering algorithm.

According to the index of the cluster, binaural sound localization model was trained
with HRTFs from cluster 1 and tested with stimuli generated with HRTFs from other
subjects in CIPIC database on center front and center back directions. The HRTFs might
come from the same cluster as the training HRTF (cluster 1) or different clusters. The

resulted front-back confusion rates that come from the same cluster are grouped together.

Result and analysis

The results of experiment 2 are illustrated in figure 6.7. In this experiment, cluster
1,2,3,4,5 are selected for comparison. One-way ANOVA is conducted among different
clusters on the front-back confusions. p = 0.0087 < 0.01, which states that there’s
statistically significant effect of HRTF cluster on the front-back confusion rate.

It can also be observed from the chart that the front-back confusion rate is lower when
the testing stimuli is synthesized with HRTF's from the same cluster as training HRTF
(cluster 1), and increases as the cluster distance, measured by the absolute index value
difference, increases. This result gives support to the validation of the selection of critical
bands utilized by HRTF clustering analysis.

However, cluster 4 is abnormal from the conclusion. We conducted a subsequent test by
training a GASSOM localization model with HRTF's from cluster 6 and test with stimuli
synthesized with HRTF's from cluster 1. To our surprise, the front-back confusion is still
close to 0. The double-sided test demonstrated that HRTFs from cluster 1 and cluster
4 resulted similar perception on front-back discrimination, but their spectral features in
critical bands are different from each other.

One reason for this phenomenon is that as different critical bands have counter ef-

fect on the functionality, after these bands superimposed with each other, the influences
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Figure 6.6: The top panel illustrate the front-back confusion rate for comparison between
HRTF selection from 5 clustering analysis candidates and baseline KEMAR HRTF; Bot-
tom panel are corresponding back-front confusion rate. It is illustrated from the figure
that clustering analysis HRTF has less confusion rate than baseline KEMAR HRTF in

both front-back confusion discrimination and back-front confusion discrimination.
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Figure 6.7: The front-back confusion of testing stimuli synthesized with HRTFs from
different cluster center are illustrated. The horizontal axis is cluster index, and vertical
axis is the front-back confusion rate. As distance among the clusters increase, the front-

back confusion also increases.
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were canceled. Another explanation is that the selected critical bands are not represen-
tative enough. There might be potential critical bands that have some influence on the

perception but undiscovered yet, and this requires future work on the exploration.

6.4 Conclusion and discussion

In this chapter, we explored the influence of non-individualized HRTFs on the front-
back confusion by repeating experiments that haven been conducted on human subjects to
our computational model. Similar conclusions were drawn from the results which demon-
strated that our GASSOM based binaural localization model achieves great similarity
with human being.

During the first experiment, we tested the localization performance of computational

model with individualized HRTF situation by using the same HRTF as training phase,
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while in the psychoacoustic experiment, free-field condition was employed as alternative to
individualized HRTF situation because the individualized HRTF is inconvenient to access.
This is one of the potential advantages of developing a human-like binaural localization
model.

In the second experiment, HRTF clustering analysis was conducted with respect to
spectral features extracted from critical bands that have been proposed in previous studies.
Our binaural localization model also shows great similarity with empirical data on human
listeners, which gives support to the conclusion that provision of optional HRTFs to the
listener can significantly reduce the occurrence of front-back confusion.

The subsequent experiment validated the feasibility of clustering analysis and crit-
ical bands, which suggests that the front-back confusion can be reduced by providing
HRTFs that share similar spectral features as the listener when the individualized HRTF

is unavailable. This provide another way to solve the front-back confusion issue.
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Chapter 7

Summary and discussion

Modeling binaural sound localization was investigated in this work. GASSOM and
DNN based sound localization model was developed which consists of two phases: spatial
feature extracted with sparse coding and sound location decoder with DNN. Sparse coding
performance of GASSOM and ICA on binaural sound spectral-temporal representation
was first compared and GASSOM was selected as the preferred spatial feature extractor.
Experiments were conducted to determine the optimal parameter for GASSOM training.
These optimal parameters were applied to develop and train a GASSOM-DNN binaural
localization model (BLM). Two further experiments were conducted to compare the model
predictions with empirical data collected in previous listeratures using human listeners.
Results indicated that similar to human listeners, our GASSOM-DNN BLM’s localization
performance also suffered from front-back confusions and were significantly influenced by

waveform parameters of the binaural cues.

7.1 Sparse coding of binaural sounds

In the first study, we give an overview of the computational model. It comprises two
parts: the first part aims to extract spatial features. Unlike the conventional methods
which explicitly calculate the Interaural Time Difference (ITD) or Interaural Level Differ-
ence (ILD), sparse coding was employed as the extractor of sound directional information.
The form of the basis functions learned by sparse coding algorithm has no pre-fixed form,
and all the process are unsupervised.

The result basis functions are similar to receptive fields of auditory neurons. It can
also extract spectral features that utilized by human listeners to discriminate frontal and

backward directions (see Chapter 6). Different basis functions have special frequency
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range, which is consistent with the tonotopic structure of auditory neurons in auditory
system (e.g. Inferior Colliculus).

Two of the most representative sparse coding algorithms, Generative Adaptive Sub-
space Self-Organizing Map (GASSOM) and Independent Component Analysis (ICA),
were compared on the encoding of cochleagram of spatialized binaural sounds. Fisher
information and disorder index were used to quantify the informative about sound loca-
tion and topographical smoothness of the two algorithms, and GASSOM outperforms in
both measurements. Therefore GASSOM was selected as sparse coding algorithm in the
following study. It is natural that GASSOM achieve more smoothness across neighboring
basis functions as a result of its intrinsic self-organizing structure. The explanation for its
out-performance in spatial information extractor is non-trivial. But the diversity of basis
functions learned by ICA suggests the sparse coding process of ICA is not task-specific
and it seeks to maximize the independence among the basis functions it extracted, while
for GASSOM it aims to encode the invariant features within each episode, and in this
case the spatial information is fixed in each episode, therefore the directional information
is well-preserved.

The author admit that ICA is more appropriate for extractor of more diverse acoustic
features, while GASSOM is more task specific. Besides, topographical smoothness is
intrinsic property of GASSOM, though the advance of topographical structure is not
reflected here. It may not be fair to compare with Independent Component Analysis.
Other metrics should be explored for complete evaluation.

GASSOM was proved successful to encode audio stimuli as it has been successfully
applied to encode visual stimuli. This result also gives support to the uniform principle

of sensory system in response to stimuli of different modality.

7.2 Determining the optimal parameters for GAS-
SOM training

As GASSOM is served as sparse coding algorithm, one of the major problem is to
determine the parameters for training to attain better performance. In the second study,
map size as well as chunk length and chunk shift are tested. A larger map size would give

more space for GASSOM to encode the stimuli. But it cannot be too large because some
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basis functions will be unused in the end. The result verified our guess. The localization
performance increases when the map size increase from 8 by 8 to 10 by 10. But when it’s
16 by 16, the performance drops. According to the resulted basis functions, some of them
are rarely selected as winner during the training process, therefore is redundant. But in
the following phase of DNN training, they are still uitlized as input features, therefore
caused degradation on the performance.

Chunk length and chunk shift are another two factors considered in this study. Chunk
length determines the length of the basis functions in GASSOM and chunk shift deter-
mines the temporal slowness, which is one of the underlying principles of GASSOM. The
localization error was least when the chunk length was set to 10 frames and the shift
between successive chunks was set to 1 frame. The result verifies the temporal slowness
that when the shift is small enough, the spatial information is more likely to be captures.
But for the chunk shift, it’s also non-trivial to explain the reason why 10 frames would
be a better choice. Our guess is that if the length is too small, the temporal feature
cannot be integrated by the basis functions to decode the location. But if it’s too large,
the temporal resolution is too coarse to capture the finer variation of the spatial features.
The variance of spatial cues such as I'TD was also proved to be utilized by the auditory

system to decode the location. Our experiment also supported this conclusion.

7.3 Effect of waveform properties on localization ac-
curacy

The 3" and 4" study seeks to bridge the gap between psycho-acoustic experiments
and computational modeling. It describes the development of GASSOM-DNN model that
integrates spectro-temporal cues for binaural sound localization and bench-marked with
empirical data on human’s psychophysical experiments, including experiment on different
spectro-temporal experiments and the effect of non-individualized HRTFs.

As little attention has been put on the effect of waveform studies, we conducted this
experiment to fill this gap and investigate to what extent similarity our computational
model can achieve comparing with human listener. Center frequency together with band-
widths and sound duration were investigated in this study to benchmark with empirical

data on human being. The sound level is not investigated because the sound level was
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normalized during the preprocessing of binaural stimuli.

For spectral properties, the result indicated that both center frequency and bandwidth
are important for the decoding of sound location. This is in consistent with the empirical
data on human being conducted by Yost and his colleagues. Broader bandwidth will in-
crease the localization accuracy as more information is captured for broader bandwidth,
which suggested that the model integrate information in different frequency bins to de-
code the location. One explanation comes from recent study which revealed that human
auditory system compute the spatial information within each narrow band (as defined
in cochleagram) and integrate them to predict the sound location. Our model provided
another way to verify the judgment.

However, the relation between the localization accuracy and center frequency is more
difficult to determine, though the One-way ANOVA suggested that center frequency did
play an important role in location estimation. For our computational model, it’s due
to the fact that the number of basis functions response to different frequencies vary and
is highly dependent on the training data spectrum. We admit that if we increase the
categories of audio stimuli for the training, this phenomenon might be improved. We
selected speeches as representation for natural sounds (Lewicki 2002) is based on the fact
that it contains vowels and consonant, which correspond to harmonic and white noise,
respectively. For human being, the relation between localization accuracy and center
frequency is still a black box. Our guess is that the number of neurons with receptive
fields around different frequency range vary accordingly. This hypothesis is based on
analog from basis functions in GASSOM. It also demonstrates that GASSOM provides
us another way to make assumption about natural phenomenon.

For temporal properties, that is the sound duration, no statistically significant effect
was found in our experiment. This is contrast to the intuition that with longer duration,
more information is provided to the localization system to dig up. Our explanation is
that as the enlarging of duration is just repetition of the single sound piece, no extra
information can be extracted. Also this result is consistent with the empirical data on
human listeners about sound duration. Both experiments showed similarity between our

computational model and human being.
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7.3.1 Phase locking

Phase-locking, as part of the famous volley theory, has been proposed to play an
important role in encoding temporal fine structure (TFS, that is the higher frequency
part) of stimuli as the maximum vibration of cochlea fibers for human being is relative
lower as a result of the stiffness of auditory hair cells. It mainly occurs at lower frequency,
and less frequently when the frequency becomes higher as the phase-locking tends to be
random and the phase is hard to align accurately.

In this study, however, we only employed as relatively simple model that treats all the
frequency equally without paying attention to the phase locking. This is because many
mechanism has not been explored, such as the upper limit frequency of phase locking is
not yet well determined by the researcher, which might range from 1,500Hz to 10,000Hz
(Verschooten et al. 2019). It is suggested that the upper limit of phase-locking varies for
different functions, and for binaural processing the possible phase-locking upper limit is
around 1,500Hz, which might be utilized in building the phase-locking module for our
binaural sound localization model in the future. Besides, the lack of phase-locking might
be an explanation for the lack of I'TD sensitivity of basis functions learned by GASSOM as
illustrated in chapter 3 due to the fact that phase information is omitted during calculation
of cochleagram.

As phase-locking model occurs before GASSOM learning, it’s compatible to employ
a more human-like auditory periphery model for preprocessing stage of the framework.
Many computational models have been proposed, among which recently, Perterson et.
al. proposed a model cascaded a Boltzman function with a low-pass filter and a static
exponential transfer function to simulate the phase-locking of auditory neuron fibers (Pe-
terson & Heil 2020). It owns the advantage that parameters are independent of sound
level and the model can account for the instantaneous change of spiking rate with respect
to variation of stimulus level. This model can be employed in our future work to improve

the sensitivity to temporal fine structures, which is essential in I'TD encoding.

94



7.4 Effect of non-individualized HRTF on front-back
confusion

Front back confusion has bothering the application of spatial audio for a long time.
Many studies have been conducted about the cause to this issue. It has been found
that the usage non-individualized HRTF would increase the localization error, especially
front-back confusion rate. However, it is unrealistic to measure the individualized HRTF
for each subjects. Great effort has been placed to find a better to reduce the influence
non-individualized HRTF on front-back confusion. One solution is to provide the listener
with HRTF selections that come from different HRTF clusters. The clustering analysis
were conducted based on the spectral properties of critical bands that play important role
in the front-back directional sound perception.

In this study, we first validate the influence of non-individualized HRTFs on GASSOM-
DNN based computational model. Similar experiment was conducted following proce-
dures in Wenzel’s experiment (Wenzel et al. 1993). The results demonstrated that our
computational model also suffers from front-back confusions. For this reason, a following
experiment inspired by the HRTF clustering analysis. The front-back confusion rate was
validated by testing the model with HRTF's from different clusters. The result indicated
that the front-back confusion rate would be reduced if the cluster distance of the training
and testing HRTF's decreased. This provided us with another idea to reduce the detriment
of front-back confusion. We can quantify the similarity using the spectral cues in critical
bands between the target HRTF and optional HRTFs when the target HRTF is not avail-
able. The selection of HRTFs with more similar spectral properties would promote the
performance in front-back discrimination. This experiment also verified the feasibility of

the spectral cues employed in the clustering analysis.

7.5 Application

The GASSOM-based binaural localization has the advantage of unsupervised learning
based on sparse coding with topographical structure. The basis functions enable a more
straightforward visualization on the spatial features learned by sparse coding algorithm.

Based on the analysis of basis function, more specific hypothesis can be proposed in
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future study. Much is still unknown about binaural localization by human listeners. In
particular, localizing sound in the presence of echo is still a topic of research. The lack of
knowledge on binaural localization in the presence of echo cause performance degradation
in most audio separation models. With the GASSOM-based binaural localization models,
empirical experiments can be simulated to study and understand how human listeners
can localize sound under heavy reverberation.

In our work, we only trained and tested the model in anechoic environment with only
one source. It can also be applied to localization multiple sound sources simultaneously
in noisy environment with reverberation, which is more realistic in our daily life. It is
expected to learned spatial features that related to the perception or separation of several
simultaneous speakers or suppression of subsequent echos comes after the first arriving of

waveform.
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7.6 Limitations and future work

Limitations

The model has only been trained with directional speeches as representation for natural
sounds. More varieties of audio stimuli (such as instruments, background noise, and other
languages) should be used for training to make the model more general and robust. Bench-
marking with human being’s frequency sensitivity can also be check with the increasing
usage of different types of audio stimuli.

In this work, many outcomes are not well-explained and the discovery for the intrinsic
reason is non-trivial, such as the selection of GASSOM training parameters. We admit
that the optimal parameters for different configuration of GASSOM might lead to different
results. A unified framework should be developed to evaluate the performance of sparse
coding results under different conditions.

In the third study, many factors that might influence the performance of localization
accuracy that were tested in Yost’s experiments on human being have not been explored
yet due to the limitation of the current work, such as sound level. We believe with the
gradual improvement of the current model, those factors can be explored in the future
work.

In terms of the second phase in our model, DNN might not be the best choice as it
is considered as a 'black box’ and DNN is just one of choices that give a relative better
performance. Other framework such as spiking neural network (Wu et al. 2018), which
is inspired by the fibers and synapse mechanisms in neural system, should be explored
as an alternative on this task, which would portray the localization auditory system in a

more biological plausible way and probably produce more human-like performance.

Future work

As this is the first attempt that GASSOM has been applied to encode binaural speech,
future studies should be conducted. The phase information (finer temporal structure or
ITD for high frequency, more specifically) was omitted during the calculation of cochlea-
gram, which might cause the degradation of localization performance. Even the degra-
dation is not significant in our work which is ideal condition, it might help to resolve

the reverberation of source source through precedent effect as finer temporal structure
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is important to the precedent effect according to previous work. In future work, those
ITD information can also be included. For example, we can train another GASSOM
based on phase information of cochleagram, and estimate the location based on both two
GASSOMs. The encoding of binaural stimuli into GASSOM is a non-trivial topic to be
discussed.

In this work, we train the data with randomly picked speech and convolved with
HRTFs from randomly picked directions. In future work, the directions might be selected
with smoothly successive, and HRTF interpolation might be employed to compensate for
directions not measured. Different training methods can be investigated as comparison
with the developmental process of human being (such as modeling the process that infants
learn to localize sound source with GASSOM). It is also suggested that training in more
natural environment will lead to more human-like result.

Future study on the selection critical bands that influence the front-back discrimination
should also be improved based on psycho-acoustic experiments as some results in the
current experiments is hard to explain, that is the low front-back confusion rate between
cluster 1 and cluster 4 in the last study, which suggests that there might be other more
dominant critical bands that influence the perception of front-back. It can also be explored
using statistical methods to find out the most significant critical bands on front-back
determination.

In this study we only consider single sound source in anechoic environment without
reflection or reverberation. The performance of such computational model can also be
tested under multi-sound sources conditions with background noise. Multi-Condition
Training (Ma et al. 2019) and precedent effect can also be included in such a model to

make it more robust.
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Appendix A

ANOVA tables

Table A.1: ANOVA table for the main effect of ICA and GASSOM on Fisher information

about directions (see Chapter 3 for more details).

Source SS df F p
Columns 0.0034 1 1.4e3 4e-92
Error 4.8e-4 198

Total 0.0039 199

Table A.2: ANOVA table for the main effect of ICA and GASSOM on Disorder Indices

averaged across all the basis functions (see Chapter 3 for more details).

Source SS df F P
Columns 0.0099 1 548.28 5.91e-59
Error 0.00358 198

Total 0.01348 199

Table A.3: ANOVA table for MAE of GASSOM model with different map size on local-

ization error in degree (see Chapter 4 for more details).

Source SS df F P
Columns 1.6686 3 8.5686 0.0013
Error 1.0386 16

Total 2.7072 19
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Table A.4: Two-way ANOVA table for MAE with different Chunk length and Chunk
shift. The columns correspond to chunk length main effect and row correspond to chunk

shift main effect (see Chapter 4 for more details).

Source SS df F p
Columns 0.4217 2 8.95 0.0003
Rows 0.04913 2 1.06 0.3526
Interaction 0.64578 4 6.86 0.0001
Error 1.90732 81

Total 3.02452 89

Table A.5: Two-way ANOVA table for MAE with different Center frequencies and band-
widths. The columns correspond to center frequency main effect and rows correspond to

bandwidth main effect (see Chapter 5 for more details).

Source SS df F D
Columns 2.5813 3 18.1211 2.47e-7
Rows 1.9402 2 23.1559 3.44e-7
Interaction 2.2012 6 8.7632 6.60e-6
Error 1.5107 36

Total 7.9234 47

Table A.6: Two-way ANOVA table for MAE with different Center frequencies and Dura-
tion for narrow band. The columns correspond to center frequency main effect and row

correspond to duration main effect (see Chapter 5 for more details).

Source SS df F D
Columns 9.7489 2 30.63 0
Rows 0.0001 2 0 0.9996
Interaction 0.0009 4 0 1
Error 4.2972 27

Total 14.0472 35
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Table A.7: Two-way ANOVA table for MAE with different Center frequencies and Du-
ration for broad band. The columns correspond to center frequency main effect and row

correspond to duration main effect (see Chapter 5 for more details).

Source SS df F D
Columns 0.0306 3 5.21 0.0043
Rows 0.0002 2 0.06 0.9443
Interaction 0.0003 6 0.03 0.9999
Error 0.0704 36

Total 0.1015 47

Table A.8: ANOVA table for front-back confusion rate of baseline HRTF and optional
HRTFs from clustering analysis (see Chapter 6 for more details).

Source SS df F P
Columns 2.8373 1 18.14 5.13e-5
Error 13.7675 88

Total 16.6048 89

Table A.9: ANOVA table for back-front confusion rate of baseline HRTF and optional

HRTF's from clustering analysis (see Chapter 6 for more details).

Source SS df F P
Columns 0.2767 1 7.62 0.007
Error 3.1956 88

Total 3.4723 89

109



Table A.10: ANOVA table for front-back confusion rate of different HRTF clusters. The
model is trained with HRTF from cluster 1 and tested with all HRTF's, of which the

results are grouped according to the cluster index (see Chapter 6 for more details).

Source SS df F D
Columns 1.9106 4 3.41 0.0124
Error 11.6216 83

Total 13.5322 87
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Appendix B

GASSOM Introduction

GASSOM (Chandrapala & Shi 2015) is a generative version of ASSOM (Kohonen
et al. 1997), therefore ASSOM should be introduced first.

ASSOM

ASSOM consists of a 2D map with nodes (basis functions) on squared lattice, of which
each is associated with a subspace B; € R#"*" that is spanned by h vectors of the same
dimension as input, suppose to be n (e.g. with binaural stimuli of 4ms and 44.1kHz
sampling frequency, the input dimension n is 352.). Figure B.1 for a demonstration of

5 x 5 ASSOM, where z; is the input training sample and ¢ is the time lag.
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Figure B.1: The ASSOM contains 5 x 5 nodes on squared lattice, each node is associated
with a subspace. ASSOM is trained with several episodes. Different episodes are explicitly

labeled with different colors.

Episode 1 Episode 2

- - -
| |XT1+1XT1+2 - XT 4T,

/

@

Given the input x;, the projection onto ASSOM is defined as the squared inner product
between the input vector and each subspace of ASSOM,

b= (bﬁwt)Q (B.0.1)

H
h=1

The projection is used as features for subsequent processing. In our work, the pro-
jection onto all the nodes is fed into DNN to predict the location. Another choice is
"Winner-takes-All’ (WTA), which select the greatest projection across all nodes as input
feature to next stage. However, the performance is not well in comparison with previous
one. That’s because one direction might corresponds to several nodes simultaneously.
WTA only consider the most significant feature ignore the rest, which causes the degra-
dation of performance.

During training, for each episode of input data, it computes the projection error

across each node,

&y = v, — B;B] (B.0.2)
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The node with least projection error is defined as the 'winner node’. Then the winner
node and its neighborhood nodes are updated towards the corresponding data by a certain
amount. The neighborhood function follows a multi-variate Gaussian distribution based

on the Euclidean distance between the nodes on the map,

di,c :N(Ii|fc,02[) (B03)

However, during the training all the episodes should be explicitly labeled and fed to
ASSOM subsequently. This is usually unrealistic in application and therefore prohibited
ASSOM from encoding unknown natural stimuli. To solve this problem, GASSOM is
proposed.

GASSOM

GASSOM is generative version of ASSOM, which is able to encode input stimuli
without the requirement of explicitly labeling of different episodes. It assumes that each
input sample is generated by one of the nodes and models the transition between different
winner nodes with Hidden Markov Model (HMM). The generation node is indicated by
z € {0, 1}5 , where z;; = 1 means the current input z; is generated by z;. At each time ¢,
only one node is set to 1 and the rest are set to 0. The transition probability is represented

by aij?

ai; = Pz = z1; = 1) (B.0.4)

The transition probability is model with a summation of Gaussian distribution and
uniform distribution. The Gaussian distribution corresponds to node transition within the
same episode, and uniform distribution corresponds to node transition between different

episodes as the common pattern of different episodes changed significantly.

N<l] |llu 0-12“7“)
> ou N Ulli, 07,)

where S is the number of nodes, p is the parameter to adjust the weight of uniform

aij=pS~'+ (1 —p) (B.0.5)

and normal distribution, whose covariance matrix is defined by a diagonal matrix o2 .
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After the fixation of GASSOM training parameters, the probability of hidden nodes
based on the input observation can be formulated explicitly. Given the input data, the
nodes that generate each input can be estimated both offline and online.

For offline estimation, the whole training data is available and Forward-backwards
algorithm can be applied to estimate the winning node of the whole training data by
maximizing the likelihood for each time lag recursively. For online estimation, only data
on and before the current time lag is available, therefore the conditional probability based
on previous time lag and current observation can be utilized to estimated the winner node

subsequently from the very beginning.
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