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Abstract 

We propose a novel approach to auditory stream 
segregation which extracts individual sounds (au- 
ditory stream) from a mixture of sounds in audi- 
tory scene analysis. The HBSS (Harmonic-Based 
Stream Segregation) system is designed and devel- 
oped by employing a multi-agent system. HBSS 
uses only harmonics as a clue to segregation and 
extracts auditory streams incrementally. When 
the tracer-generator agent detects a new sound, 
it spawns a tracer agent, which extracts an au- 
ditory stream by tracing its harmonic structure. 
The tracer sends a feedforward signal so that the 
generator and other tracers should not work on 
the same stream that is being traced. The qual- 
ity of segregation may be poor due to redun- 
dant and ghost tracers. HBSS copes with this 
problem by introducing monitor agents, which 
detect and eliminate redundant and ghost trac- 
ers. HBSS can segregate two streams from a mix- 
ture of man’s and woman’s speech. It is easy 
to resynthesize speech or sounds from the cor- 
responding streams. Additionally, HBSS can be 
easily extended by adding agents of a new capa- 
bility. HBSS can be considered as the first step 
to computational auditory scene analysis. 

Introduction 
Over the past years a considerable number of stud- 
ies have been made on human auditory mechanisms. 
Although we have many techniques for processing par- 
ticular sounds such as speech, music, instruments, and 
the sounds made by specific devices, we don’t have 
enough mechanisms for processing and understanding 
sounds in real acoustic environments. Research into 
the latter is being made in the field of Auditory Scene 
Analysis (Bregman 1990)) which is to speech recogni- 
tion is what scene analysis is to character recognition. 
Auditory scene analysis is a difficult challenging area, 
partly because acoustic theory is not still rather inad- 
equate (e.g., there is no good acoustic design method- 
ology for concert halls), and partly because most re- 
search in acoustics has been focused exclusively on 
speech and music, ignoring many other sounds. Ad- 
ditionally, the reductionist approach to auditory scene 
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analysis, which tries to sum up various techniques for 
handling individual sounds, is not promising. 

Looking and listening are more active than seeing 
and hearing (Handel 1989). The essentials of our ap- 
proach to auditory scene analysis are twofold: 

e Active perception of observer - looking and listen- 
ing rather than seeing and hearing, and 

e Multi-sensor perception - may use multi-modal in- 
formation perceived by means of sensor organs 

The multi-agent system was recently proposed as 
a new modeling technology in artificial intelligence 
(Brooks 1986) (M aes 1991) (Minsky 1986) (Okuno 
1993). We assume like Minsky that an agent has a 
limited capability, although in Distributed Artificial 
Intelligence, an agent is supposed to be much more 
powerful like a human being than ours. Each agent 
has its own goal and competes and/or cooperates with 
other agents. Through interactions among agents, in- 
telligent behavior emerges (Okuno & Okada 1992). 

Consider the approach that the multi-agent 
paradigm is applied to model auditory scene analysis. 
We expect that it will enhance the following functional- 
ities: (1) Goal-Orientation - Each agent may have its 
own goal. (2) Adaptability - According to the current 
situation, the behavior of the system varies between 
reactive and deliberate. (3) Robustness - The system 
should respond sensibly even if the input contains er- 
rors, or is ambiguous and incomplete. (4) Openness 
- The system can be extended by adding agents of 
new capabilities. It can also be integrated into other 
systems as a building block. 

In this paper, auditory stream segregation, the first 
stage of auditory scene analysis, is modeled and imple- 
mented by a multi-agent system. The rest of this paper 
is organized as follows: Section 2 investigates issues in 
auditory stream segregation. In Section 3, the basic 
system of auditory stream segregation with a multi- 
agent system is explained and evaluated to identify its 
problems. Section 4 presents and evaluates the HBSS 
(Harmonic-Based Stream Segregation) that copes with 
the problems. Related work and the conclusions are 
given in Section 5 and 6, respectively. 
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Auditory stream fop auditory scene 
analysis 

Auditory stream 

Auditory scene analysis understands acoustic events 
or sources that produce sounds (Bregman 1990). An 
acoustic event consists of auditory streams (or simply 
stream, hereafter), each of which is a group of acoustic 
components that have consistent characteristics. The 
process that segregates auditory streams from a mix- 
ture of sounds is called auditory stream segregation. 

Many techniques have been proposed so far. For ex- 
ample, Brown uses auditory maps in auditory stream 
segregation (Brown 1992) (Brown & Cooke 1992). 
These are off-line algorithms in the sense that any 
part of the input is available to the algorithm at any 
time. However, off-line algorithms are not well suited 
for many applications. Additionally, it is not easy to 
incorporate schema-based segregation and grouping of 
streams into such a system, since it does not support 
a mechanism of extending capabilities. 

To design a more flexible and expandable system, 
we adopted a multi-agent system to model auditory 
stream segregation, and used a simple characteristic of 
the sounds, that is, the harmonic structure. 

Definitions - Harmonic representation 

We use only the harmonic structure or hurmonicity of 
sounds as a clue to segregation. Other characteris- 
tics, including periodicity, onset, offset, intensity, fre- 
quency transition, spectral shape, interaural time dif- 
ference and interaural intensity difference, may be used 
for further processing. 

A harmonic sound is characterized by a fundamen- 
tal frequency and its overtones. The frequency of an 
overtone is equal to an integer multiple of the fun- 
damental frequency. In this paper, harmonic stream 
refers to an auditory stream corresponding to a har- 
monic sound, harmonic component refers to a single 
overtone in the harmonic stream, and agent’s stream 
refers to the stream an agent traces. We also define 
the harmonic intensity E(w) of the sound wave z(t) as 

(1) 

where 

(2) 

t is time, k is the index of the harmonic components, 
and w is the fundamental frequency. We call the ab- 
solute value of Hk the intensity of the harmonic com- 
ponent, and call the phase of Hk the phase of the har- 
monic component. In this paper, the term common 
fundamental frequency is extended to include the case 
where the fundamental frequency of one sound coin- 
cides with overtone of another sound. 

Input -jr’ Genarator 1 

\ feedforwad signal 

Figure 1: Structure of basic system 

Issues in segregation 
To extract an auditory stream from a mixture of 
sounds, it is necessary to find out the harmonic struc- 
ture, its fundamental frequency and the power of 
each overtone. The system should segregate auditory 
streams incrementally, since it will be used as a build- 
ing block for real-time applications. The important is- 
sues to cope with these requirements are summarized 
below: 

How to find the beginning of a new harmonic struc- 
ture, 

How to trace a harmonic structure, 

How to reduce the interference between different 
t ratings, and 

How to find the end of a harmonic structure, 

Basic stream segregation 
Agents for Basic system 
The basic system (Nakatani et al. 1993) consists of two 
types of agents, the stream-tracer generator (hereafter, 
the generator) and stream tracers (hereafter, tracers). 
The generator detects a new stream and generates a 
tracer. The tracers trace the input sound to extract 
auditory streams. Figure 1 shows the structure of these 
agents. The input signal consists of the mixed audio 
waveform. 

System parameters The basic system uses three 
parameters to control the sensitivity of segregation: 

1. Power threshold array 191 to check for overtones, 

2. Power threshold 02 to check for fundamental fre- 
quencies, 

3. Duration Ti to check for the continuity of sounds. 

These three parameters are global and shared among 
all the agents. The parameter 81 is a array of thresh- 
olds for frequency regions and plays the most impor- 
tant role in controlling the sensitivity. 
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Figure 2: Structure of Generator 
Adive pitch watch detects a sound. 

Generator 

The generator detects the beginning of harmonic struc- 
tures included in the input sounds and generates a new 
tracer agent. It consists of agents called pitch watchers 
(Figure 2), which monitors the harmonic structure at 
each frequency w by evaluating the harmonic intensity 
defined by Equation 1. Each pitch watcher treats w as 
a candidate fundamental frequency, and is activated if 
the following conditions are satisfied: 

1. There is at least one overtone of w whose power is 
larger than 81, 

2. the power of the fundamental frequency, w, is larger 
than 82, and 

3. there is a peak near w in the acoustic spectrum. 

The active pitch watcher with the largest harmonic in- 
tensity generates a new tracer, which traces the new 
stream whose fundamental frequency is w in Equa- 
tion 2. 

Tracer 

Each tracer searches for the fundamental frequency w, 
within the neighborhood of the frequency w,-~ of the 
previous input frame by maximizing the harmonic in- 
tensity (Equation 1). In evaluating Equation 1, over- 
tones whose power is less than 81 are discarded. Then, 
the tracer calculates the intensity and the phase of each 
harmonic component by using Equation 2. 

The tracer terminates automatically if one of the 
following conditions is satisfied for a period of Ti: 

e there is no overtone whose power is larger than 81, 
or 

e the power of w is less than 81. 

Reducing interference between tracers 

A stream should be extracted exclusively by one tracer. 
For this purpose, two tasks are performed by each 
agent. 

Table 1: Benchmark mixtures of two sounds 

No soundi sound2 

1 man’s speech synthesized sound 
(Fundamental Fre- 
quency is 200 Hz) 

2 man’s speech synthesized sound 
(F.F. is 150 Hz) 

3 man’s speech woman’s speech 

Male and female speech utter “aiueo” independently. 

Subtract signal As shown in Figure 1, a tracer 
guesses the input of the next frame and makes a feed- 
forward signal (called a subtract signal), which is sub- 
tracted from the input mixture of sounds. The wave- 
form to be subtracted is synthesized by adjusting the 
phase of its harmonic components to the phase of the 
next input frame. The remaining input (called the 
residual input) goes to all the tracers and to the gen- 
erator. Each tracer restores the sound data, x(t), by 
adding the residual signal to its own subtract signal. 
By this mechanism, the generator does not generate a 
new tracer for existing streams and one tracer cannot 
trace another tracer’s stream. 

Updating the global parameters 191 and 62 Each 
tracer increases the array elements of 81 for the regions 
in the vicinity of the frequency it is tracing. The in- 
crease is in proportion to the estimated trace error of 
each harmonic component, and results in lower sensi- 
tivity around the neighboring frequency regions. When 
terminating, each tracer decreases the array elements 
of 191 in its frequency regions, thereby raising the sen- 
sitivity. 

Let A be the intensity of a traced harmonic compo- 
nent, w be the frequency of the harmonic component, 
and w’ be the representative frequency for each fre- 
quency region. We estimate the trace error for the 
harmonic component at frequency w’ as 

T(w’) = c. 11 x A sin(&) exp(-jm’t) 11, 
t 

where c is a constant. Since the frequency of higher- 
order harmonic components is more sensitive to the 
fundamental frequency than that of lower-order com- 
ponents, the threshold for a higher-order component 
should be increased over a wider region. Consequently, 
we use T(w + (we/w) . ( w’ - w)) to increase the local 
threshold for the harmonic component at frequency w’. 

Each tracer also updates the global parameter 02 for 
every input frame. This is increased by the amount in 
proportion to the square root of the harmonic intensity. 
In most regions in vicinity of harmonic components, 
this value is set much lower than 02. 
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(a) no streams are detected. 
(b) one stream is being traced. 

(c) two streams are being traced. 

Figure 3: Dynamic generation and termination of Tracer agents 
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Figure 4: Dynamics of tracer agents (Exp. 1) 
(Total number of generated agents = 5) 

System Behavior 

Figure 3(a) shows the initial state of the system. No 
sound is input to the generator and no tracer is gener- 
ated. When a new sound enters the system, the gen- 
erator is activated and a new tracer is generated (Fig- 
ure 3(b)). S ince a tracer is not complete, some errors 
may be fed into the generator. However, the tracer 
increases the threshold values adaptively according to 
the harmonic components, so this mechanism inhibits 
the generation of inappropriate tracers due to trace er- 
rors. The next stream is detected in almost the same 
way as the first stream (Figure 3(c)). When two or 
more tracers are generated, each tracer ignores com- 
peting components that are excessively influenced by 
the other streams. As a result, each stream is expected 
to be well segregated. 

Evaluation 

We evaluate this system by using three sets of sound 
,nixtures as shown in Table 1. The input signals con- 
sisted of combinations of a male speaker and a female 
speaker uttering Japanese vowels “aiueo”, and a sta- 
tionary synthesized sound with an exponentially atten- 
uating sequence of harmonic components up to 6 kHz. 

The input sounds were sampled at 12 kHz, 16-bit 
quantized, and analyzed with a 30-ms Hamming win- 
dow. The frame period was 7.5 ms. 

Fundamental frequency in Hz 
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Figure 5: Segregated streams (Exp. 1) 

Experiment 1 Figure 4 depicts the dynamic gen- 
eration and termination of tracers in response to the 
first set of input sounds (Table 1). It shows that three 
inappropriate tracers (called redundant tracers) follow 
a stream assigned to another tracer, but terminate im- 
mediately. The segregated streams are depicted in Fig- 
ure 5. Both of the sounds resynthesized’ from the seg- 
regated streams are very similar to the original sounds. 
Additionally, the formants of the original voice are pre- 
served in the resynthesized voice. 

Experiment 2 Figure 6 depicts the dynamic gener- 
ation and termination of tracers in response to the sec- 
ond set of input sounds. The first redundant tracer ter- 
minates immediately, while three inappropriate tracers 
continue to operate for as long as the second sound 
lasts. One of the three tracers is a redundant tracer. 
The rest are two ghost tracers that traces non-existing 
streams. The segregated streams are depicted in Fig- 
ure 7. The sound resynthesized from the segregated 
stream corresponding to the 150-Hz synthesized sound 
was very similar to the original sound, but the man’s 
speech was not so good, sounding more like “aiueo-h”. 
Most formants of the original voice are preserved in 
the resynthesized voice. 

‘At the presentation, the original and resynthesized 
sounds will be demonstrated. 
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Figure 6: Dynamics of Tracer agents (Exp. 2) Figure 8: Dynamics of tracer agents (Exp. 3) 
(Total number of generated agents = 5) (Total number of generated agents = 70) 
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Figure 7: Segregated streams (Exp. 2) 

Experiment 3 The third input signal results in the 
generation of 70 tracer agents, many of which were 
short-lived as shown in Figure 8. There are many re- 
dundant and ghost tracers. However, none of these 
agents traced both the man’s and woman’s speech at 
the same time, as shown in Figure 9. Each of the 
sounds resynthesized from the corresponding segre- 
gated stream was quite poor compared with the origi- 
nal. Additionally, it is not easy to resynthesize a sound 
by grouping segregated streams. Some formants of 
man’s and woman’s original voice are destroyed in each 
resynthesized voice, respectively. 

Summary The basic system occasionally generates 
redundant and ghost tracers. A redundant tracer is 
caused by imperfect subtract signals and poor termi- 
nation detection. A ghost tracer, on the other hand, is 
caused by self-oscillation, because the phase of the sub- 
tract signals is not considered. A pair of ghost tracers 
usually trace two streams with opposite phases. 

Since each tracer extracts a stream according to the 
current internal status of the tracer and the current 
residual signal, it is difficult to determine which tracer 
is inappropriate. In the next section, we extend the 
basic system to cope with this problem. 

(7.5-ms time units) 

Fundamental frequency in Hz 
300 , I 

Figure 9: Segregated streams (Exp. 3) 

Advanced stream segregation 
An advanced stream segregation is proposed to cope 
with the problems encountered by the basic system 
(Nakatani et al. 1993). The advanced system is also 
called the HBSS (Harmonic-Based Stream Segregation) 
system. 

Monitors 
We introduce agents called monitors to detect and kill 
redundant and ghost tracers. A monitor is generated 
simultaneously with a tracer, which it supervises (Fig- 
ure 10). The monitor starts a log for its tracer, and 
uses it to do the following. 

1. Eliminate a redundant tracer, and 

2. Adjust the intensity of harmonic components ac- 
cording to the input sound. 

Eliminating redundant tracers Redundant trac- 
ers should be killed for stable segregation. When the 
following conditions are met, the monitor judges that 
its tracer is tracing the same stream as some other 
tracer. 

1. The tracer shares a common fundamental frequency 
with others for a constant period of time, and 
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feedforward signal 

Figure 10: Structure of advanced system (HBSS) 

2. The tracers have a common harmonic balance. 
The harmonic balance is defined as the vector B, 

where (hl , . . ., h,) is a sequence of components each 
of which is nearly equal to some overtone of the other 
stream. Two streams have a common harmonic bul- 
unce if the following condition is met: 

m 

x Qi < 1.0 + E, 
m (4) 

i=l 

{ 

Qi = ri,i/ra,i if r 1,i > r2,i, 

Qi = ra,i/ri,i otherwise. 
Here (rl,l. . -rl,m) and (n,l . . .r2,m) are the harmonic 
balances of two streams and E is a constant. 

The first condition is easily detected by comparing 
the trace logs. When a number of monitors detect 
that their tracers are monitoring the same stream, they 
all kill each other, along with their tracers, except for 
the monitor that was generated earliest to trace their 
common fundamental frequency. 

Adjusting the stream Since the feedforward sig- 
nals of the tracers are subtracted from the waveform, 
sound components not included in the original sound 
may be created through tracer interactions. The moni- 
tors continuously reduce such sound components in the 
following way. 

Let Ecomp be the intensity of a harmonic component 
whose frequency is w, Ei, be the intensity of the ac- 
tual input sound at the corresponding frequency w in 
the acoustical spectrum, and r be Ecomp/Eins If r is 
greater than the constant c for the past r frames, the 
monitor substitutes the value of Ecomp with the value 
given by 

E camp = a(log(r/c)/~ + 1.0) * En, 

where (u is a constant. If r = 1, the change in Ecomp is 
small. As r becomes larger, Ecomp approaches aEi,. 
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Figure 11: Dynamics of tracer agents (Exp. 4) 
(Total number of generated agents = 7) 
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Figure 12: Segregated streams (Exp. 4) 

System Behavior 
We will briefly explain why inappropriate tracers can- 
not survive for long. A ghost tracer will be killed as 
follows: 

e A tracer which does not trace an existing stream will 
be attenuated by the adjustment of its monitor. 

o A tracer which traces an existing stream of another 
tracer will be terminated. 

On the other hand, a tracer that is tracing an actual 
stream is influenced little by the adjustment of its mon- 
itor. A redundant tracers will be killed, leaving the 
oldest tracer to trace the stream stably. 

Evaluation 
The performance of the advanced system (HBSS) was 
evaluated using the same set of benchmark signals. 
Since the first mixture was well segregated even by the 
basic system, we skipped the result of this experiment 
with the advanced system. 

Experiment 4 Figure 11 shows the dynamic gen- 
eration and the termination of tracers in response to 
the second set of input sounds, and segregated streams 
are depicted in Figure 12. These figures show that 
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Figure 13: Dynamics of tracer agents (Exp. 5) 
(Total number of generated agents = 37) 
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Figure 14: Segregated streams (Exp. 5) 

redundant and ghost tracers are killed well. Both 
sounds resynthesized from the corresponding segre- 
gated streams are very similar to the original. Ad- 
ditionally, the formants of the original voice are well 
preserved in the resynthesized voice. 

Experiment 5 The third input signal results in to- 
tal of 37 generated agents, and Figure 13 shows that 
redundant and ghost tracers are killed soon. The segre- 
gated streams are depicted in Figure 14. Both sounds 
resynthesized from the segregated streams are not too 
bad. Additionally, it is easy to resynthesize sounds, be- 
cause the women’s speech was resynthesized from only 
one stream and the man’s speech from two streams. 
The formants of the man’s and woman’s original voice 
are preserved in each resynthesized voice, respectively. 

Related Work 
Auditory Scene Analysis Bregman classifies the 
mechanisms of auditory scene analysis into two cate- 
gories: simultaneous (spectrum) and sequential group- 
ing (Bregman 1990). The former extracts auditory 
streams from a mixture of sounds, while the latter 
groups together auditory streams that belong to the 
same acoustic source. The Experiment 3 with the third 

mixture of two sounds in Table 1 shows that it is very 
difficult to segregate man’s and woman’s speech by 
simultaneous grouping followed by sequential group- 
ing. The proposed system integrates both grouping 
processes and proves to be effective. 

Brown and Cooke proposed computational auditory 
scene analysis (Brown 1992) (Brown & Cooke 1992), 
which builds auditory map to segregate speech from 
the other sound such as siren and telephone rings. 
This system extracts various acoustic characteristics 
on batch basis, but the extension or interface to other 
systems is not considered. 

Integrated Architecture IPUS (Integrated Pro- 
cessing and Understanding Signals) (Lesser & Nawab 
1993) integrates signal processing and signal interpre- 
tation into blackboard system. IPUS has a small set 
of front-end signal processing algorithms (SPAS) and 
choose correct parameters setting for SPA and correct 
interpretations by dynamic SPA reconfiguration. In 
other words, IPUS views the reconfiguration as a diag- 
nosis for discrepancy between top-down search for SPA 
and bottom-up search for interpretation. IPUS has 
various interpretation knowledge sources which under- 
stand actual sounds such as hair driers, footsteps, tele- 
phone rings, fire alarms, and waterfalls (Nawab 1992). 
Since IPUS is a generic architecture, it is possible to 
implement any capability, but IPUS is fully-fledged. 
The initial perception can be much simplified. Addi- 
tionally, a primitive SPA (or agent, in our terminology) 
that segregates a stream incrementally is not consid- 
ered so far. 

Okuno (Okuno 1993) proposed to use subsumption 
architecture (Brooks 1986) to integrate bottom-up and 
top-down processing to realize cognition capabilities. 
The term “subsumption architecture” is often confused 
with “behavior-based control” (Brooks 1986), but they 
are different. The former indicates that interaction be- 
tween agents is specified by inhibitors and suppressors, 
or activation propagation (Maes 1991), while the latter 
indicates that it is behavior that is subsumed. We will 
use subsumption architecture rather than blackboard 
architecture, because the former allows agents to in- 
teract directly with the environment and can make it 
easier to extend the capabilities of system. 

Wada (Wada & Matsuyama 1993) employed a multi- 
agent system in deciding regions of image. An agent is 
placed to a candidate region and then communicates 
with adjacent agent to determine the boundary of two 
regions. The interaction of agents is similar to that of 
HBSS. This and our result proves that a multi-agent 
system is promising in pattern recognition. 

Conclusions 
We have presented basic and advanced methods for 
auditory steam segregation with a multi-agent system, 
which use only the harmonic structure of input sounds. 
The advanced system, HBSS, is able to segregate man’s 
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and woman’s speech. This result suggests a clue to un- 
derstanding the cocktail party prob2em. We are about 
to investigate this problem by designing a new agent 
that extracts only human voice including consonants 
by using the information HBSS extracted. This new 
agent will be added to HBSS with subsumption archi- 
tecture so that its output subsumes (overwrites) hu- 
man voice stream segregated by HBSS. 

HBSS is currently being evaluated with a wide range 
of sound mixtures such as a mixture of speech and, 
white noise of a sound of breaking glass. The perfor- 
mance of segregating human voice from white noise is 
shown to become worse as the power of white noise 
increases. However, it is known that constant white 
noise can be reduced by the spectral subtraction (Boll 
1979). We will develop a new agent that reduces white 
noise by employing the spectral subtraction and use it 
as a front-end of HBSS. 

One might argue that HBSS would not treat tran- 
sient or bell sounds. This is somewhat true, but is not 
fatal, because the current HBSS holds and uses just a 
previous state to segregate auditory streams. We are 
working to design a new agent that holds longer previ- 
ous states to restore missing phonemes caused by loud 
noise. This process is similar to phonemic restoration 
in auditory perception. 

In case a mixture of sounds comprises only harmonic 
sounds and any pair of sounds have not any common 
fundamental frequency, HBSS would be able to seg- 
regate all sounds. This situation is an extension of 
the first benchmark mixture. Of course, as the num- 
ber of pairs of sounds that have common fundamental 
frequency increases, it becomes more difficult to seg- 
regate such sounds. This is also the case for human 
perception. Therefore, we think that, active hearing, 
or listening, is essential. The typical example of listen- 
ing is a cocktail party problem. 

HBSS uses only harmonics in segregation. This is 
because we don’t either have enough acoustic charac- 
teristics to represent a sound or know their hierarchy. 
In vision, there are a set of visual characteristics and 
Marr (Marr 1982) proposed their hierarchy, that is, 
primary and 2; sketch. It is urgent and important 
in the research of auditory scene analysis to develop 
a methodology to represent general acoustics, not re- 
stricted to speech or music. 
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