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COMPUTATIONAL MODELS FOR BINAURAL SOUND SOURCE LOCALIZATION
AND SOUND UNDERSTANDING

Danfeng Li, Ph.D.
Department of Electrical and Computer Engineering
University of Illinois at Urbana-Champaign, 2003
Stephen E. Levinson, Adviser

As one of humans’ primary sensors, the auditory system plays an important role in
language acquisition. Computational models for binaural sound source localization and
sound source understanding are proposed in this thesis. The models build a fundamen-
tal auditory system for a mobile robot that will automatically learn language through
multisensory inputs and interaction with the external environment. A hypothesis-driven
approach is followed for the localization model. Using only binaural inputs, it enables
three-dimensional (3D) localization by combining multiple cues. Two binaural localiza-
tion cues, interaural time differences (ITDs) and interaural intensity differences (IIDs),
and one monoaural localization cue, spectral cues, are extracted from the input sounds.
A Bayes rule-based hierarchical framework is applied for decision making. Simulations
show the effectiveness of the model. A robust ITD estimation algorithm is introduced
and implemented on the robot. Satisfactory results are achieved under real-world envi-
ronments. A multimodal learning scheme is proposed with the aid of vision to realize
autonomous learning for the 3D binaural localization. No human instructors need to
be involved. A generic model is presented for sound source understanding. No labelled
training data is required to build the model. A histogram is employed as the sound rep-
resentation, where the time-varying characteristics of sound can be preserved. Histogram
intersection is used as the similarity measurement between different sounds. The model
is successfully applied to content-based audio information retrieval and automatic audio

indexing systems.
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CHAPTER 1

INTRODUCTION

1.1 Motivations

Beginning in the late 1940s, automatic speech recognition (ASR) has been seriously pur-
sued by researchers. The early ASR systems mainly applied the template-based classification
of acoustic features extracted from the speech signal. Statistical methods were introduced
in ASR during the early 1980s. Among them, the hidden Markov models (HMMs) provide
plausible acoustic models for speech signals, which dramatically improved the performance of
ASR systems [1], [2]. In order to face the challenge of continuous speech recognition, formal
models of syntax, or language models such as bigram and trigram, were also introduced (3].
Along with advances in feature extraction and acoustic and language modelling, and increases
in computational power, the performance of ASR systems has gradually improved during the
last decade.

However, when compared to humans, ASR systems are still far behind. A comparison
of speech recognition performance between machines and humans has been investigated by
Lippmann [4]. Fig. 1.1 shows the recognition results under quiet environments. It is clear
that for no-grammar, no-meaning tasks such as connected digits and alphabet letters, the
performance of machines and humans is already comparable. For the formal large-vocabulary
continuous speech recognition tasks, such as for The Wall Street Journal, even though the
error rate for machines is much higher than for humans, it is still acceptable, thanks to the
incorporation of syntax constraint into ASR systems. The largest gap between machines and
humans is for spontaneous tasks, where no formal syntax is followed. Why do humans have
such an extraordinary ability to recognize speech from those loosely constructed sentences?
Because we understand the meaning. We use knowledge to predict the uncertainty or even to

correct the misrecognized words. The performance of machines falls far short of humans largely



because they treat ASR simply as a matter of transcribing speech into text without any regard
whatsoever for meaning.

The relationship between meanings and linguistic symbols is defined as semantics. In order
to make machines understand language like humans do, semantics must be incorporated into
ASR systems. Even though the importance of semantics has been well recognized, the lack of a
coherent mathematical model made it less attractive to researchers. Semantics in most systems
now days is still hand crafted and domain dependent. To obtain semantics, a machine must
be able to find the relationship between meanings and linguistic symbols, or to “understand”
speech. Such an ability requires the machine to possess “intelligence.” Semantic processing in
ASR systems is rooted in the strong theory of artificial intelligence (AI) that defines intelligence
as the logical manipulation of abstract symbols by an automation. A “language engine” that is
primarily responsive to semantic information, indeed plays an important role in human intelli-
gence. “Once the language is fully acquired, most mental processes are mediated linguistically
and we appear to think in our native language which we hear as our mind’s voice [5].”

In his famous 1950 paper, Turing [6] proposed the “Turing test” for intelligent behavior,
which clearly expressed the strong theory of AI. He claimed that a universal “Turing machine”
that can perform any symbol manipulation is sufficient for creating a mental model of the world,
and therefore can be considered intelligent. Turing proposed two approaches for building such a
“Turing machine.” The first one is through predetermined operations and predefined symbols.
Unless human intelligence is fully understood, such an approach is nearly impossible. The
second approach is through learning. He suggested that the symbols and relations among them
could be learned from real world sensory data.

We take the challenge of the second approach in our project. We believe that mind is
almost exclusively the product of associative memory. There are no isolated perceptual or
cognitive functions. An example of such an association is the concept of color. When we hear
the word “green,” we may think of grass, trees, or anything in our memory associated with
a green color. However, it is impossible for a person born blind to build such an association.
For humans, semantics is learned through the combination and association of multisensory
inputs. Moreover, this learning procedure is normally conducted without supervision. We learn
through the reinforcement of successful behavior in the real world at large. To make it clear,
the reasoning for our premises is illustrated in Fig. 1.2. We try to teach machines to learn

language in a way similar to humans.



1.2 Approach

We propose to test our theory of cognition experimentally by building an autonomous intel-
ligent robot. The specifications of the robot are given in Appendix A. The goal of this project
is to teach the robot to learn simple concepts of language through multisensory inputs and in-
teraction with environments. For the purposes of this experiment, the sensorimotor periphery
function includes binaural audio, stereo video, a tactile sense, and proprioceptive control of
motion and manipulation of objects. Qur methods are designed to exploit the synergy intrinsic
in the combined sensorimotor signals. This sensory fusion is essential for the development of
a semantic representation of reality from which all other levels of linguistic structure derive.
Virtually everything we know about the world has entered our minds through our senses. A
concept is generated by the combination of them. “Take away the sensations of softness, mois-
ture, redness, tartness, and you take away the cherry. Since it is not a being distinct from these
sensations; a cherry, [ say, is nothing but a congeries of sensible impressions or ideas perceived
by various senses; which ideas are united into one thing (7, p.v] .”

The contents of the associative memory are acquired by the interaction of the machine
with the physical world in a reinforcement training regime. The reinforcement signal is a
direct, real-time, on-line evaluation of only the success or failure of the robot’s behavior in
response to some stimulus. This signal comes from four sources: (1) intermodality training
(e.g-, vision can be used to train audio localization by confirming the sound source location),
(2) autonomous experimentation by the robot, (3) instruction by a benevolent teacher regarding
success or failure, and (4) instruction of the robot by the teacher in the form of direct physical
demonstration of the desired behavior (e.g., overhauling the robot’s actuators). No preclassified
training data should be used in such instruction, nor may the robot use any predetermined
representation of concepts or algorithms, except some instinctual behaviors. We intend to
produce a robot, trained by the aforementioned methods, of sufficient complexity to be able
to carry out simple navigation and object manipulation tasks in response to naturally spoken
commands. The linguistic competence of the robot is to be acquired along with its other
cognitive abilities in the course of its training. This competence will result from the synergistic
effect that the behavior of a complex combination of simple parts can be much richer that would
be predicted by analyzing the components in isolation.

The basic cognitive cycle is shown in Fig. 1.3. The external stimuli are detected by the

sensorimotor periphery. The detected information is sent to the associative memory where the






