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Two divergent but overlapping goals characterize 
work on neural net models of music. One is the at
tempt to understand and develop intelligent musi
cal systems. Networks proposed in pursuit of this 
goal may be called artificial networks lor models 
thereof). This is an important goal of research in 
computer music. The other goal is the attempt to 
understand a given intelligent musical system: the 
human brain. Networks proposed in pursuit of this 
goal may be called human networks lor models 
thereof). This is the pnmary goal of research on the 
psychology and neuroscience of music. Smce the 
brain is only one of presumably many possible in
telligent systems, there are necessarily more con
straints on models of human networks. 

The pursuit of artificial networks follows the ma
chine design methodology of engineering. One be
gins with a task Isuch as extracting pitch from an 
acoustic mstrument signal), and then asks the ques
tion, How can a machine be designed to carry out 
this task? The test of the ensuing model's adequacy 
is whether it carries out the stated task. Alternative 
models based on very different approaches could in 
principle carry out the same task. A comparison of 
alternative models would typically be based on 
such criteria as how efficient they are and how well 
they scale up. 

The pursuit of human networks follows the hy
pothesis-testing methodology of basic empirical sci
ence. The question here is, How leither phYSIcally 
or functionally) does the brain carry out thIS task? 
The test of the ensuing model's accuracy is not 
only whether it carries out the stated task but 
whether it also carries out other tasks that are 
known to be performed by the same system and 
whether it satisfies all known constraints on the 
structure and function of the system. Although the 
additional constraints would result in fewer pos
sible models than for artificial networks, there will 
nevertheless be alternative models. A comparison 
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of alternative models would be based on the test
able predictions that they make and the outcomes 
of experiments designed to test these predictions. 

For example, a neural net that extracts pitch from 
a frequency fails as a model of human networks if it 
cannot account for the corpus of laboratory data on 
shifts of residue pitch IPatterson 1973; Schouten, 
Ritsma, and Cardoza 1962). A neural net that learns 
melodies fails as a model of human networks if it 
cannot account for key-distance effects associated 
with transposition in the short term ICuddy, Co
hen, and MIller 1979). A neural net that extracts 
chords fails as a model of human networks if it can
not account for the corpus of data on the perceived 
relationships between chords IBharucha and Krum
hans11983; Bharucha and Stoeckig 1986, 1987; 
Krumhansl, Bharucha , and Castellano 1982). 

This chapter has two goals. The first is to focus 
attention on some issues pertinent to the devel
opment of models of human networks for music 
perception. The second is to sketch aspects of a 
particular model. The chapter will begin with a 
discussion of some issues concerning the choice of 
algorithm. It will then launch into a brief review 
of psychological accounts of pitch, followed by a 
critique of the psychological adequacy of pitch rep
resentations adopted in extant models. The remain
der of the chapter will summarize continuing work 
on a model that originated as a spreading activation 
network for harmony IBharucha and Stoeckig 1986) 
and evolved into a constraint satisfaction network 
called MUSACT IBharucha 1987a). MUSACT ex
tracts chords from tones and keys from chords. It 
accounts for the effect of tonal contexts on the per
ception of tones and chords, and the establishment 
of keys. The focus in this chapter will be on how 
MUSACT learns its connectivity, and on how net
works that process pitch prior to MUSACT might 
learn their connectivity. A network for achieving 
invariance under transposition is also summarized 
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(Bharucha 1988). This invariance mechanism feeds 
a sequential memory that is described in another 
chapter (Bharucha and Todd, this volume). 

Supervised Learning Algorithms and Expectancy 

Violation 

The choice of a neural net algorithm (supervised or 
unsupervised) depends at least as much on the goal 
lartificial versus human networks) as on the task to 
be modeled. Supervised learning (e.g., the back
propagation algorithm of Rumelhart, Hinton, and 
Williams 1986) requires that the output of the net
work in response to a given input be compared to a 
target or desired output. The difference is the error 
signal, which the algorithm seeks to minimize. The 
pursuit of human networks limits the use of super
vised learning algorithms to tasks in which target 
vectors are clearly avai lable to the system under 
natural conditions . 

Consider a central problem in speech, that of 
learning to extract discrete phonemes from a speech 
signal. If the goal is to build an artificial network 
that can perform this task, one might consider a 

back·propagation network that learns to identify 
the phoneme given the speech signal. This option is 
available because one can supply the network with 
the target phonemes for each input signal (e.g., Lan
dauer and Kamm 1987). If the goal is to model how 
humans learn, however, this option is not available. 
Humans don't have any way of knowing what the 
target phoneme is except by extracting it from the 
speech signal, which is of course what we want to 
learn in the first place . 

A similar example in music concerns the ability 
to extract chords from complex spectra . Laden and 
Keefe (this volume) invoke back propagation to 
learn this. The network receives a spectrum as in
put and the correct chord as the target and thereby 
learns to identify the chord given the spectrum. A 
music student who receives feedback from a teacher 
while learning to classify chords as major or minor 
would indeed have the necessary target. One can 
demonstrate in a psychological laboratory, however, 
that Western subjects with no musical training, 

who are unable to name chords, are nevertheless 
able to make judgments about chords and their 
relationships; these judgments are extraordinar-
ily sophisticatL:d and consistent with the explicit 
descriptions of music theorists (Bharucha 1987b; 
Bharucha and Stocckig 1986). This implicit or tacit 
knowledge of chords must have been obtained 
through passive perceptual exposure without feed
back; supervised learning is thus inappropriate here. 

When the use of supervised learning is unsup
ported by the learning conditions that would exist 
for a human, it is necessary to search for unsuper
vised, self-organizing networks (such as those pro
posed by Fukushima 1975; Grossberg 1976; Kohonen 
1984; Rumelhart and Zipser 1985; von der Mals
burg 1973). These networks are compelling psycho
logically because they do not require target vectors 
in order to learn. They are compelling neuroscientifi
cally because they involve a learning mechanism 
about which there is a consensus, namely, Hebbian 
learning (Hebb 1949). These algorithms have been 
employed to model the learning of melodic patterns 
(Gjerdingen, this volume) and to model the acquisi
tion of the MUSACT structure for harmony, as de
scribed below. 

Are supervised learning algorithms therefore 
of limited value for modeling human networks ! 
Gierdingen (this volume) argues in the affirmative, 
stating that JJfor higher-level tasks, the notion of 
an explicit teacher becomes problematical.JJ Gier
dingen's blanket rejectIon of supervised learmng is 
flawed, however, because it ignores tasks for which 
target vectors are available and necessary-tasks 
that depend upon registenng an error signal. 

L�arning musical sequences is a task for which 
error signals are both available and necessary. They 
are ava i lable because each event is the target to be 
compared with the expectation generated prior to 
that event. They are necessary because the error 
signal plays an Important role in the aesthetic or 
emotional response to music. It is widely held that 
expectancy violation is an Important aspect of the 
aesthetics of music (Meyer 1956). In the sequen
tial model discussed by Bharucha and Todd (this 
volume), the error signal that drives learning is 
precisely the information that would lead to expec-
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tancy violation . Thus both learning and the experi 
ence of expectancy violation are driven by the same 
process . 

ThIS would suggest that Gjerdingen 's model, 
billed as unsupervised, either fails to account for 
expectancy violation or doesn 't utilize this informa
tion for learning. But Gjerdingen IS clearly concerned 
with expectancy violation, and closer examination 
reveals that, contrary to its bIlling, the model does 
indeed rely on this information for learning . The 
model regIsters the disparity between what it ex
pects and what actually occurs, the latter being a 
target in supervised learning. If there is a disparity, 

"the network's orienting subsystem will automati
cally react to the mismatch." The model is thus 
inescapably supervised, and the same error signal 
that drives the learning also explains expectancy 
violation. 

Psychological Background for Modeling Pitch and 

Hannony 

Psychophysics 

The modern scientific study of pitch perception has 
been conducted primarily by psychologists and neu
roscientIsts. In psychology, most of the work prior 
to the 1970s was in psychoacoustics, a branch of 
psychophysics. Psychophysics is the study of how 
dimensions that characterize the physical world are 
transformed into dimensions that characterize per
ceptIOn. For example, frequency is a physical dI
mension whose psychological correlate is pitch . 
The mapping from frequency to pitch, as employed 
in music, is logarithmIC. 

Perhaps the most valuable contribution of psy
chophysics to our understanding of pitch percep
tion in music is research on the extraction of pitch 
from complex spectra. The pitch of a complex wave 
with a harmonic spectrum is generally perceived to 
be identical to the pItch of a sine wave of the same 
frequency as the fundamental frequency of the 
complex wave, whether or not the complex wave 
contains energy at the fundamental. Helmholtz 
(1885/1954) explained this "missing fundamental" 
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phenomenon as a distortion product introduced by 
the auditory system. This view is incorrect because 
a pitch is perceived at the mIssing fundamental 
even when the regIOn of the fundamental is masked 
WIth noise (Licklider 1954). Furthermore, the pitch 
is not necessarily perceived at the frequency of a 
distortion product (deBoer 1956; Schouten, Ritsma, 
and Cardoza 1962). It was subsequently thought 
that perceived pitch (often called the residue or vir
tual pitch ) is computed from the shape of the wave
form resultmg from adding the components (deBoer 
1956). This theory fails because residue pitch is not 
sensitIve to the relative phases of the components, 
whereas the shape of the waveform is (Patterson 
1973). The perceived pitch thus seems to be the re
sult of a pattern recognition system that performs a 

best fit of the component frequencies to harmonic 
spectra that have been learned (Goldstein 1973; 
Terhardt, Stoll, and Seewann 1982). Because this is 
a pattern recogn ition process and because learning 
seems to be involved, neural nets are ideally suited 
to model ing pitch extraction . 

Aside from pitch extraction, much of the psycho
physical study of pitch has dealt with identifica
tion, discrimination, and magnitude estimation 
of pure tones (Green 1976). Although a wealth of 
knowledge has been gleaned from studies of the 
pitch of pure tones, the implications for under
standing music are limited and can be misleading. 
For example, scales based on measures of JND (just 
noticeable differences) between pitches, or on the 
subjective estimation of magnitudes (the mel scale 
of Stevens and Volkmann 1940), are unable to ac
count for one of the most salient constraints on the 
perceptual scaling of pitch, namely, the SImilarity 
of pitches that are separated by octaves. 

Cognitive Psychology 

The central limitation of psychoacoustic studies of 
pitch was that pitch was construed as one dimen
sional. Cognitive psychologists refer to this dimen
sion as pitch height. P itch height is the dimension 
of pitch that is described by up and down. As one 
pitch is raised relative to another, the striking simi
larity between the two that is noticed at octave in-
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tervals requires another dimension of pitch that is 
described by up and down. As one pitch is raised 
relative to another, the striking similarity between 
the two that is noticed at octave intervals requires 
another dimension in the psychological scaling 
of pitch IDeutsch 1973; Shepard 1964). When the 
pitch-height continuum is collapsed across octaves, 
the relative position of a tone within any gIven 
octave is referred to as its chroma. It is the chroma 
dimension that is captured by the octave equivalent 
letter names, or pitch classes le.g. C, C#, etc.), used 
in Western music. Other dimensions of psychologl' 
cal pitch space are imposed by the consonance and 
dissonance of other intervals, such as perfect fifths 
IShepard 1982) . In the context of a piece of music, 
pItch classes reveal affinities that define additional 
dimensions. For example, the three tones of the 
tonic triad are perceIved to be closely related in the 
context of a piece of Western tonal music IKrum
hans I 1979) , and diatonic tones are more easily con
fused with each other than with nondiatonic tones 
IDowing 1978; KrumhansI1979) . Analogous effects 
occur in experiments with the music of other cul
tures. For example, tones that belong to a raga lone 
of the traditional melodic patterns or modes In 

Indian music) are perceived to be closely related in 
the context of a piece of North Indian music (Cas
tellano, Bharucha, and Krumhansl 1984). Cognitive 
psychologists thus consider pitch to be a multi
dimensional attribute IKrumhansl 1990). 

Cognitive psychologists have also been concerned 
with the mental processes that compute these pitch 
relationships. Many of these processes operate au
tomatically ILe., without conscious awareness) and 
are not limited to listeners who have had formal 
musical training. The processes that are of primary 
interest to this author are those that occur in the 
minds of people with little or no formal musical 
training. For example, Western listeners have an 
elaborate representation of tonal relationships in 
harmony, even if they have had no formal musical 
training. This can be shown in a priming task, in 
which the speed and accuracy with which a musi
cal event is processed can be measured as a func
tion of the preceding musical context. For example, 
when a major chord is musically related to the prior 
context, it is processed more quickly and more 

accurately, and is heard as more consonant, than 
whcn it is musically unrelated to the prior context 
IBharucha and Stoeckig 19H6, 1987). The speed and 
accuracy of judgments vanes monotonically with 
the distance, around the CIrcle of fifths, of the chord 
from the prior context IBharucha 1987b). 

Subjects ranging from those w ith no formal train
ing to professional composers show SImilar effects. 
The only apparent prerequisite to exhibiting these 
data is having grown up in Western society, in which 
the music that is most pervasive, and impossible to 
avoid, is overwhelmingly based on triads in tonic, 
dominant, and subdominant relationships. 

Learning 

Which aspects of pitch are innately specified and 
which are learned? Are they unIversal or culture 
relative? Although these questions are relevant if 
one IS modeling human networks, they should be 
asked with care. A mechanism can be innately speci
fied but can fail to develop if the necessary environ
mental conditions are not present. Conversely, a 
perceptual phenomenon can be universal simply 
because the environmental constraints are univer

sal. In this latter case, there mayor may not be 
learning [see Bharucha and Olney 1989). 

Harmonic spectra are found universal ly, because 
of the physical properties of the human voice and 
other naturally occurring periodic signals. If com
plex tones whose pitches are an octave apart are uni 

versally judged to be sim I la r, this could be accounted 
for on the baSIS of the presence of octave harmon
ics In natural periodic signals. Octave eqUIvalence 
would thus be neither innate nor learned but would 
simply presuppose an aud itory mechanism, such 
as the place mechanism In the ear, that registers 
spectral similarity. 

Whereas some relationships can be found in a 
companson of the spectra themselves, others can 
be found in the array of pitches that are extracted 
from spectra. Parncutt (1989) argues that the per
ceIved relationships in Western harmony can be ac
counted for in this fashion, eliminating the need for 

higher level processes, innate or learned, that medi
ate our perception of harmony. According to this 
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view, the complex spectrum of a musical chord in
duces a number of pitches, called virtual pitches, as 
described by Terhardt's pitch extraction model (Ter
hardt, Stoll, and Seewann 1982). The more pitches 
there are in common between two chords, the more 
closely related will the chords be perceived . Thus, 
although Terhardt's pitch extraction mechanism it
self involves learning based on exposure to speech, 
the relationships that define harmony are driven 
(in a bottom-up or date-driven fashion ) by the struc
ture of harmonic spectra via the extracted virtual 
pitches! and no additional circuitry specific to har
mony is necessary. 

Although Parncutt's theory may be sufficient to 
account for important aspects of harmony, includ
ing the origins of Western harmony, it is not suffi
cient to account for all of the available data. His 
theory predicts that chords that share tones will be 
more closely related than chords that don't. Yet the 
circle-of-fifths relationship between chords violates 
pitch commonality. The circle of fifths is a spatial 
arrangement of chords that depicts their proximity 
in Western tonal music. (The circle of fifths for ma
jor chords, expressed in enharmonic equivalents, is 
as follows : C,G,D,A,E,B,F#,CI,G�,D�!A�,F,C). C and 
D major are closer along the circle of fifths than 
are C and A major, yet C and D have no tones in 
common, but C and A have one tone in common. 
Thus, the commonality of pitches cannot explain 
the circle of fifths! and the circle of fifths is not just 
a theoretical construct but emerges from the re
sponses of subjects in psychological experiments. 

It is clear, then, that the perceived structure of 
pitch as it occurs in Western harmony is not driven 
by characteristics of harmonic spectra alone or 
by characteristics of the pitch extraction process. 
Additional evidence comes from an experiment in 
which spectral components that are shared by re
lated chords are removed. Even without spectral 
overlap, chords are processed more quickly and 
more accurately and are perceived as more conso
nant when preceded by chords that are closely re
lated along the circle of fifths than when preceded 
by chords that are dis tant along the circle of fifths 
(Bharucha and Stoeckig 1987). Relationships such 
as those described by the circle of fifths thus must 
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have been learned. Since most people do not receive 
rule-based instruction in the theory of harmony! 
this learning must occur from passive exposure! 
presumably over a long period of time. 

The view advanced in this chapter is that most of 
the dimensions of pitch are learned through ex
tended passive exposure. Some aspects of learning 
are driven by patterns that are universally pervasive 
(such as octaves in the harmonic spectra of speech ) 
and are thus likely to be manifested universally. 
Other aspects of learning are driven by patterns 
that are pervasive only within a culture (such as 
major and minor chords) and are thus likely to be 
culture relative. In either case, since the human 
brain is an extraordinary learning machine! pat
terns that are pervasive in the environment are 
likely to be learned inadvertently. This learning can 
yield emergent phenomena that themselves cannot 
be accounted for by environmental patterns alone. 
Neural nets have particular promise as models of 
this form of learning . The circle of fifths can be 
shown to emerge from a neural net that learns the 
typical clustering of tones to form chords and the 
typical clustering of chords to form keys. 

Neuroscience 

At least two classes of neuroscientific data are rele
vant to the development of neural net models of 
music perception. The first concerns the tuning 
characteristics of neurons! and the second concerns 
the anatomical dissociation of musical functions. 

In a neural net model, learning consists of chang
ing the weights of links between neural units. This 
is tantamount to changing the response characteris
tics or tuning of neural units. In support of this, 
Weinberger and Diamond (1988) report a response 
plasticity of neurons in the auditory cortex follow
ing associative learning . 

Self-organizing algorithms (e.g., Fukushima 1975; 
Grossberg 1976; Kohonen 1984; Rumelhart and 
Zipser 1985; von der Malsburg 1973) predict that, 
as a result of weight changes! certain neurons will 
become tuned to complex patterns that represent 
the clustering of simple features. Beyond some pre
liminary suggestions of the existence of neurons 
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that respond to pitch contour (Weinberger and Mc
Kenna 1988), little is known about whether or not 
neurons with complex tuning characteristics exist 
in the auditory system and, if so, what these tuning 
characteristics are. 

Neurons in the early stages of auditory process
ing have innately specified tuning characteristics. 
Because of the place coding of the cochlea, a neuron 
that receives excitation from the basilar membrane 
is tuned to a particular frequency (its characteristic 
frequency!. Adjacent neurons have slightly different 
characteristic frequencies, with overlapping recep
tive fields. Collectively, these neurons constitute a 
tonotopic representation of the audible frequency 
range, scaled logarithmically (see Sano and Jenkins, 
this volume). 

A tonotopic mapping of log frequency IS also 
found in the auditory cortex (Lauter et al. 1985), al
beit with less clarity. The presence of a tonotopic 
mapping throughout the auditory system and the 
absence of robust evidence of the existence of more 
abstract tuning characteristics should not preclude 
the postulation of abstract representational units in 
neural net models. Indeed, neural net models can 
play a valuable role in making predictions for the 
neuroscientific study of response selectivity, pro
vided the models are of human and not artificial 
networks. Thus, the MUSACT model described in 
this chapter predicts the formation of units tuned 
to tone clusters that are typically encountered, 
such as chords. 

One reason why little other than the tonotopic 
mapping is known is that neuroscientific studies 
have typically employed pure tones, thus limiting 
the discovery of neurons with more complex re
sponse charactenstics. This predicament was noted 
by Deutsch (1969) and is not much different today. 
Commenting on Goldberg and Lavine's (1968) be
wilderment at the "surprisingly large number of un
responsive units" (p. 331) in the auditory system, 
Deutsch (1969) states that this "would hardly be 
surprising, slllce animals III their natural environ
ment are much more concerned with auditory pat
tern recognition than with pure tones" (p.304). 

Neuroscientific studies have also provided in
formation about the dissociation of musical func-

tions. Perhaps the greatest consensus concerns the 
hemispheric dissociation between temporal and 
atemporal processes, for which the left and right 
hemispheres, respectively, are dominant. Conse
quently, in the model sketched in this chapter, an 
atemporal structure, MUSACT, is dissociated from 
a temporal memory for sequences. 

Another example of a dissociation comes from 
the study of a stroke patient, named M. S., who lost 
all of his primary auditory corteX and much of his 
non primary areas as well (Tramo, Bharucha, and 
Musiek 1990). M. S. was unable to detect spectral 
changes (in musical chords) that would be simple 
for normal subjects. Yet he showed evidence of 
chord priming as described above. These results 
suggest that tacit knowledge of the relationships 
between chords is at least partially dissociable from 
the mechanism that permits fine-grained compari
sons of spectra. 

The Representation and Organization of Musical 

Pitch in Neural Nets 

How should pitch be represented? What constraints 
can be brought to bear on this decision? In this sec
tion we shall consider the represent ation of pitch as 
it funci tons in the perception and encoding of pi tch 
sequences and pitch clusters in music. 

The first modern proposal of a neural net model 
for musical pitch that was motIvated by a discus
sion of a wide range of constraints was due to 
Deutsch (1969). Although this model is modest by 
today's standards, it anticipates some central archi
tectural characteristIcs of contemporary models, in
cluding the use of representations for spectra, pitch 
class, intervals and chords. Deutsch offers a discus
sion of the merits of different representations. A 
diSCUSSIOn of selected representations can be found 
in other chapters (Laden and Keefe, this volume; 
Sano and Jenkins, this volume; and Todd, this vol
ume). Since several important points have not heen 
touched on in these chapters, the present chapter 
will attempt to do so, with the perspective of in
cluding as many known constraints as possible on 
the selection of representations. 
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Spectral Representation 

A spectral representation is one that most resembles 
the acoustic signal in the frequency domain. The 
existence of tonotopic representations throughout 
the auditory system, including the cortex, might 
suggest that the perception and encoding of pitch 
in music is accomplished directly with spectral 
representations. Laden and Keefe (this volume), for 
example, suggest that a spectral representation ob
viates more abstract representational units such as 
pitch class. They note that spectral representations 
"are motivated by the spectral structure of musical 
sound, the physiological structure of neural activa
tion patterns in the auditory system, and the pat
tern recognition mechanisms of complex pitch 
perception theories ." 

Although there can be no doubt that spectral re
presentations are necessary and do in fact exist, 
what's at issue is whether they are sufficient for 
the representation of pitch, particularly as it func
tions in music. Laden and Keefe argue that a "musi
cal tone needs to be specified as a number of pitch 
classes that approximate the harmonic partials of 
the tone rather than as a single pitch." This view 
obscures the distinction between frequency and 
pitch and is at odds with what we know from psy
chophysics. It is difficult even to articulate the 
known phenomena on pi tch perception without 
assuming two kinds of representations, one for 
frequency spectra and one for pitch, such that the 
former begets the latter. 

Since a spectral representation encodes a tone as 
its spectrum, no distinction is made between the 
many frequency components and the singular pitch 
that is typically heard. A complex periodic wave
form is heard as a singular pitch (the synthetic 
mode of pitch perception, which is the norm ) and 
not as many pitches, with one for each harmonic 
(the analytic mode of pitch perception, which re
quires training ) . A melody played on an instrument 
or sung is heard as a sequence of unitary pitches, 
not as a sequence of pitch clusters. 

Furthermore, from one spectral event to the next, 
a pitch may be heard as rising, falling, or staying the 
same. Two tones, x and y, can be constructed such 
that x has a higher pitch than y even though the 
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center frequency of x is lower, or even though all 
frequencies in x are lower. Laden and Keefe would 
argue that although x has lower acoustic com
ponents, the spectrum is filled out via a pattern 
completion process, hence the psychological rep
resentation of the spectrum is richer than the 
physical one. Although it is plausible that spectral 
pattern completion occurs and accounts for impor
tant psychoacoustic phenomena, it is most unlikely 
that filled-out spectra alone can account for the per
ception of pitch . What aspec t of the filled-out spectra 
of x and y account for x being heard as higher than 
y? Perhaps one could compare the (actual or filled
in) fundamental frequencies to determine which 
is higher. But the spectral representation by it-
self gives no special status to the fundamental fre
quency, hence It is not equal to this task. There 
must be a subsequent stage of processing in which 
the pitch (usually at the actual or filled-in funda
mental) is extracted and represented as unitary. 
Sana and Jenkins (this volume) postulate just such a 

mapping from a spectral representation to a unitary 
pitch representation, although they do not proVide 
a mechamsm by which it is learned. In any case, 
the spectral representation alone is not a repre
sentation of pitch at all but rather an elaborated 
representation of the signal, from which pitch is 
extracted. 

Pitch-Height Representation 

If pitch height is extracted from a spectral repre
sentation, perhaps this is a leve l of representation 
sufficient for representing pitch as it funct IOns in 
music . In network models, this representation can 

consist of an array of units, each of which responds 
selectively to a particular pitch, such that collec
tively they span the audible pitch range . 

There can be little doubt that we have a pitch
height representation, since the up/down dimen
sion of pitch is perhaps the most salient. Although 
most people have poor long-term memory for pitch 
height (i .e . , most people do not have absolute 
pitch), we do indeed have the ability to remember 
pitch height over the short term. If two tones are 
played in sllccession, a judgment of whether the sec-
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ond tone is higher or lower in pitch requires that the 
first tone be represented in memory long enough to 
make the comparison. 

Although a pitch-height representation may be 
necessary in models of human musical cognItIon, it 
is not sufficient, for at least three reasons. First, it 
ignores octave equivalence. Often some of the units 
in a pitch-height representation are labeled with a 
pitch-class name followed by the octave number 
(e.g., C3, 03, . . . , B3, C4 . . . ). This scheme cap
tures octave equivalence only in the labeling, not 
in the representation. Second, a pitch-height repre
sentation entails the ability to remember absolute 
pitch levels over the long term (this may be called 
long-term absolute pitch). In other words, If the 
only pitch representation we have is pitch height, 
the original pitch-height levels of a tune will be re
membered if the tune is remembered at all. But 
most people show little evidence of this. The third 
reason why a pitch-height representation is not 
sufficient Irelated but not identical to the second 
reason) is that it ignores invariance under transpo
sition. that is, the ability to recognize a sequence 
transposed to any reference pitch. 

The infinite number of pitches in the pitch
height continuum is usually broken up for repre
sentational purposes into a finite number of pitch
ranges or bins. For instance, a pitch-height repre
sentation could have a unit for every JND of pitch 
in the audible range. Pitch height representations 
that are much sparser than this have often been 
postulated as well. An example of thIS is a represen
tation with only the twelve chromatic categories In 

each octave (e.g., C3, 03, .. . , B3, C4 . .  ). Such 
a representation may be called a categorical pitch
height representation. Todd (this volume) has used 
such a representation as the input to a network that 
learns musical sequences and then composes new 
ones. Sano and Jenkins Ithis volume) assume that 
there are units only at the semitone foci and that 
actual pitch deviations from the category foci are 
assimilated to the categories. 

Categorical pitch-height representations have 
little psy chological basis, since pitch-height catego
ries are not anchored at absolute points along the 
audible frequency continuum. Without a physical 
reference such as a tuning fork, there is little agree-

ment lacross individuals or across occasions for an 
individual) about the location of the pitch A4, the 
traditional Western tuning reference of 440 Hz. 
This contrasts with the situation In vision. Al
though color categories have fuzzy boundaries, the 
three main color categories (red, green, bluel are an
chored at absolute focal points along the visual 
wavelength continuum, and there is universal agree
ment about these fOCI, even in cultures {such as the 
Dani) that do not have names for these categories 
(Heider 1972). 

Interval Representation 

In an interval representation (discussed by Todd, 
this volume, as a pitch-interval representation), a 
pitch sequence is represented in terms of the suc
cessive intervals between tones. Each interval de
fines the pitch distance from one tone to the next, 
in semi tone or log frequency units. A sequence of n 

tones would thus be represented by n - 1 intervals 
land possibly the starting pitch). 

This representation is compelling until one con
siders further constraints. Although some might 
contend that we hear intervals, few would deny 
that we hear individual tones. It two tones are 
played in succession, separated by a brief period of 
silence, one's perceptual impression is of heanng 
two events separated in time, the events beginning 
at the onsets of the tones. Strong contrary evidence 
would bc required in order to maintain that the 
memory representation of the sequence is funda
mentally different from the perceptual representa
tion, such that only the relationships between the 
perceptually salient events, and not the perceptu
ally salient events themselves. are encoded in 
memory. 

An interval representatIOn requires that at least 
the first two tones of a sequence be heard before 
recognition is possible. ThIS is surely false. A piece 
can be recognized by its very first event if the com
bination of tonal, temporal, and timbral cues is suf
ficiently unique. Since timbre is the property of the 
acoustic event itself, and not a property of the in
terval between two acoustic events, the acoustic 
events must necessarily be encloded. In other words, 
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it would be bizarre if timbre were indexed by the 
acoustic event but pitch by the relationship be
twe en acoustic events . 

An interval representation doesn't account for 
tonal confusability. If a brief diatonic melody is fol
lowed by a ( transposed) me lody that is either the 
same melody or has one tone changed (while pre
serving the contour), listeners are more likely to 
judge the second melody to be the same as the first 
if the changed tone is also diatonic than if it  is  non
diatonic (Dowling 1978 ) .  In other words, changes 
that preserve diatonicity are more difficult to de
tect than changes that disrupt it .  An interval rep
resentation alone would not make this prediction, 
because transitions from diatonic tones to nondia
tonic tones traverse intervals that are also found 
between diatonic tones. That is, the intervals be
tween all possible pairs of tones from the major dia
tonic scale encompass all possible intervals (e .g . ,  
me-fa is one semi tone, do-re is two semi tones, and 
so on). There are no new intervals introduced by in
cluding nondiatonic tones . Thus the interval tra
versed by a nondiatonic change will , taken alone , 

provide no information about a violation of diaton
icity, unless the scale degree is also encoded as a 
reference. But if scale degree is to be represented, 
there 's no need for the interval . (If one defines inter
vals not in terms of number of semi tones but in 
terms of the theory-laden nomenclature, in which, 
for example, an augmented second is different from 
a minor third, even though both traverse three semi
tones, then mdeed new intervals will be introduced 
by nondiatonic tones; however, a representation de
fined over these theory-laden categories presup
poses considerable processing prior to the 
representation in question. )  

An interval representation predicts that a single 
mistake will cause the key to transpose suddenly, 
making recovery difficult (Todd, this volume) .  After 
playing a wrong note, a performer is  likely to re
cover by p laying the next note correctly. An inter
val representation predicts that in this case the lis
tener hears two errors, the first incorrect interval 
followed by the performer's compensatory interval . 
If the performer fails to compensate and skillfully 
transposes from then on, the hstener ought to hear 
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this as a less erroneous performance than the com
pensatory one, because only one interval e rror is 
made.  This seems unlikely. 

Pitch-Class Representation 

In a pitch-class representation, pitch height is col

lapsed across octaves, but absolute pitch levels 
within an octave are preserved . This satisfies octave 
equivalence but is still not sufficient, because it en
tails long term absolute pitch and fails to account 
for invariance under transposition, for the same rea
sons given earlier for p itch height . Furthermore, a 
pitch- class representation that is restricted to the 
twe lve chromatic categories (a categorical pitch
class represen tation ) suffers from the same difficul
ties as the categorical pitch-height representation. 

Although not sufficient, a pitch-class representa
tion is necessary, since transpositional invariance is 
not uniform in the short term. If a tonal sequence is 
quickly followed by a transposition to another key, 
recogni t ion is better for transpositions to related 
keys than to unrelated keys ( Cuddy, Cohen, and 
Miller 1 979) .  Here relatedness is defined in terms of 
distance along the circle of fifths, which can be 
computed in terms of the pitch classes in the keys 
of the two sequences . Since the perception of the 
transposed sequence is thus influenced by the re
latedness between the pitch-class levels of the 
two sequences, information about the pitch - class 
levels of the first sequence must still be available 
when the second sequence is heard . In the model 
presented in this chapter, a pitch-class represen

tation resonates over a short period of time and 
computes a pitch-class representation of keys or 
tonal centers, thereby producing such key-distance 
effects .  Another representation, an invariant p itch

class representation, supports the encoding of se
quences into a sequential memory. 

Invariant Pitch-Class Representation 

An invariant p itch-class representation is neces
sary for the long- term encoding of pitch sequences, 
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in order to account for invariance under transpo
sition. In such a representation, all sequences are 
normalized into a common set of invariant pitch 
categories by coding them with reference to a 

sequence-specific origin.  In the case of music with 
a tonal center, the tonal center would serve as the 
origin .  The invariant pitch categories for the twelve 
chromatic pitch classes of Western tonal music 
utilizing equal-tempered tuning would be encoded 
in a network model by units tuned to twelve equally 
spaced points, {O, I , 2,3 ,4, S , 6, 7, 8 ,9, l O, I I }, along a 
continuum spanning an octave . (A gating mecha
nism that will transform a sequence into an invari
ant pitch-class representation of this type is shown 
in Fig. 1 0 . )  The sequential memory reported by 
Bharucha and Todd ( this volume ) for long encoding 
of sequences presupposes such an invariant pitch
class representation . 

A representation that is denser than the twelve 
chromatic categories would be able to accomodate 
other tunings as well . The pitch class representa
tion in Fig. 9, the gating mechanism in Fig. 1 0, and 
the sequential memory of Bharucha and Todd ( this 
volume) should be assumed to utilize arrays that 
are denser than those shown in the figures for 
convenience . 

Some invariant pitch-class representations (e .g . ,  
Gj erdingen, this volume) consist of only the dia
tonic categories ( do, re, me, fa, sol, la, til, with addi
tional units to specify sharp or flat. Aside from the 
psychological implausibility of umts for sharp or 
flat, such a representation presupposes  a mecha
nism for assigning diatonic categories, is  specific to 
only one kind of scale (e .g . ,  major) ,  and is too sparse 
to accommodate tuning differences .  

A Model 

An overview of a model of pitch organization and 
memory is sketched in Fig. I .  Items a through e rep
resent hypothetical layers of neuronal units that ac
complish the extraction and organization of pitch. 
Pitch height, h, is  extracted from a spectral repre
sentation, a .  Layers d and e represent the organiza
tion of pitch in the form of a learned musical schema 

Fig. 1. An overview of the 
model (an expansion of an 
overview from Bharucha 
1 98 7a). Layers a-e repre
sen t the extraction of pitch 
from signals and the orga
niza tion of pitch m the 
form of a learned m usi-
cal schema of chords and 
k eys. Layers c- e comprise 

the M USA CT n e t work 
shown m Fig. 9. The ga ting 
mechanism . f. is shown in 
Fig. 1 0: it uses the tonal 
cen ter to gate a bsolute 
pitch class in to a pitch m 
varian t format.  g ,  for en 
coding mto a sequen tial 
memory. h. 

e. Tona l  C en t er 
( T o n I c  of k e y .  " s a "  o f  r a g a )  

H 
d. P I t c h  C l a s s  C l u s t er s  

(Chords ,  Harm o n I c  I n terva l s )  

H 
C. P i t c h  C l ass 

t 
b. P i t c h  H e I g h t  

t C. .c 
� 
a. 

ci> 
a . Spec tra l  R e pr e s ent a t I o n 

of chords and keys, defined over pitch classes in 
layer c .  A gating mechanism, f. converts pitch class 
into an invariant pitch-class format, g. that feeds 
into a sequential memory, h. Separating the se
quential memory, h. from the network that encodes 
tonal relations, c through e. is mandated by the 
known neurological dissociation between these two 
functions, as described earlier. 

The model presupposes spectral, pitch-height, 
pitch-class, and invariant pitch-class representa
tions. The known psychological constraints on pitch 
perception in music can be accounted for by attend
ing to different representations to varying degrees  
or by allocating one 's attention in different ways 
within a representation. For example, the synthetic 
mode of pitch perception, which is the norm, in
volves a ttending only to the most highly activated 
units in the pitch-height representation. The ana
lytic mode of pitch perception, which enables one 
to hear multiple pitches within a complex tone but 
takes practice, involves attending to pitch-height 
units with low levels of activation. 

Portions of this overview are reported elsewhere 
and will only be summarized here ( for layers c through 
e, referred to as MUSACT, see Bharucha 1 98 7a, 
1 9 8 7b ;  for the gating mechanism, I, see Bharucha 
1 98 8 ;  and for the sequential memory, h. see Bharu
cha and Todd, this volume) .  The remainder of this 
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Fig . 2. Each unit in layer c 

is connected to each unit 
in layer d. Layer c is an ar
ray of pi tch class units 
that  is dense (i. e .. not re
stricted to chromatic 
steps) and tonotopically 
repeating (i . e  .• each pitch 
class is represen ted by 
many units. each within 

d. P I t ch C l as s  C l us t e r  1 
AgnoS t i C  

a one-octave tono toplc 
strip) .  Layer d is an array 
of units tha t are initially 
agnos tic because of ran 
dom weigh ts from layer c. 

Layer d is organized mto 
clusters. (Reprinted from 
Bharucha. in press. Copy
right by The Macmillan 
Press.) 

d.  P I tch C l as s  C l uster  2 
Agno s t i c  

000000000000000000 000000000000000000 

' .-� �" 
00000000000000000000000 

c ·  D F - G G· A A- B C C ·  F F - G 

C. P I t c h  Cl ass  

chapter will  focus on how the mapping from c to d 
is learned, giving rise to the connectivity that is as
sumed in the MUSACT model. 

The Formation of Chord and Key Units through 
Self-Organization 

In Fig.2, units in the bottom layer, c. are tuned to 
overlapping bands along the p itch-class continuum. 
This layer is dense ( i .e . ,  not restricted to chromatic 
categories ) and tonotopically repeating ( i . e . ,  each 
pitch class is  represented by many units, each 
within a one-octave tonotopic strip ) . Units in the 
top layer, d. are in clusters . Each cluster is tono
topically mapped but initially without an absolute 
pitch reference. Units in this layer are initially ag
nostic (not tuned to recognize any particular group 
of pitches)  because of random weights from the 
pitch class units . 

Now, le t us imagine that an arbitrarily selected 
major chord, FI maj or, i s  presented and turns on 
the p itch -class units for FI ,  AI , and CI in layer c as 
shown in Fig. 3. The units in the next layer, d, are 
activated to varying degrees, and the winner hap
pens to emerge in cluster 2 .  Note that any unit in 
any cluster could have been the winner, because 
the starting weights were set at random. But one 
unit must necessarily win, because the starting 
weights are real numbers that represent a con
tinuum of possible synaptic strengths; hence the 
probability that two units will have exactly the 
same activation is infinitesimally small . 

Fig. 4 depicts how the weights are change d .  
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Fig. 3. An arbitrarily se
lected m ajor chord. FI m a 
jor. is presen ted. a n d  turns 
on the pitch class units for 
Fl. AN.  and eN. The units 
in the next layer are acti-

P I t ch C l ass C l u s t e r  l '  
Agnost i C  

vated t o  varying degrees. 
and the winner happens 
to emerge in cluster 2. 
(Reprin ted from Bharucha. 
in press. Copyrigh t by 
The Macmillan Press.) 

P I t c h  C l as s  C l u s t e r  2. 
AgnOSt i c  

000000000000000000 000.00000000000000 

,
, � �,' 

0.00000000000.00000000. 
c ·  0 F - G G- A. A- 8 C C ·  F F - G 

P I t c h  C l ass 

Weights to the winner are changed in a manner 
that is essentially Hebbian learning. Links that fed 
the winner ( i .e . ,  that provided positive input ) are 
strengthened ( solid lines! ;  links to the winner that 
did not feed it are weakened ( dashed lines ) .  The 
winning unit in cluster 2 is on its way to being 
transformed from an agnostic unit to a unit that re

sponds selectively to an Fi major triad. 
This learning procedure is based on the competi

tive learning algorithm of Rumelhart and Zipser 
( 1 98 5 ), which incorporates features from earlier al
gorithms by von der Malsburg ( 1 9 73 )  and Grossberg 
( 1 9 76 ) .  Each cluster in Fig . 4 represents a uni t  in 
Rumelhart and Zipser's algorithm . What's new about 
the application of this algorithm to pitch is the tono
topically mapped clusters and the manner in which 
learning is yoked tonotopically as indicated below. 

Parallel links are yoked within a cluster for pur
poses of weight change ( Fig. 5 ) .  Thus, the unit in 
clus ter 2 to the right of PI unit becomes  tuned to a 
major chord slightly sharper than Pi . The yoking of 
weight changes on parallel links in cluster 2 results 
in a dense and tonotopically repeating cluster of 
units in that cluster that respond selectively to 
maj or chords ( Fig. 6 ) .  A chord typ e  (in this case,  ma
jor )  heard at one absolute pitch level will thus be 
recognized at any absolute pitch level by the same 
cluster . 

If an arbitrarily selected chord of another type, 
PI - minor (a flattened F. minor), is presented, 
the random winner is likely to be in an undevel
oped cluster, say, cluster 1 ( Fig. 7). Cluster 1 is then 
transformed by the same yoked weight -change 
mechanism from agnostic un its to a dense and tono
topically repeating c luster of units that respond se
lectively to minor chords ( Fig. 8). An analysis of the 
circumstances uner which new chord types become 
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Fig. 4. Weights to the win 
ner are changed according 
to a modified version of 
competitive learning (Ru
melhart and Zipser 1 985). 
Links that  fed the winner 
are s trengthen ed (solid 
lines) ; links to the winner 
that did not feed i t  are 
weakened (dashed lines) .  

P I t c h  C l a s s  C l u s t e r  I 
Agnost I e  

000000000000000000 

c ·  0 f '  

The winning unit in clus
ter 2 is on its way to being 
transformed from an ag
nostic unit to a umt tha t  
responds selectively t o  an 

PI-maior triad. (Reprin ted 
from Bharucha, in press. 
Copyrigh t by The Macmll
Jan Press.) 

.. 

P i t c h  C l as s  C l us t e r  2' 
F o r m l n g  MajOr ChOrd U n i t s  

c ·  F '  

P 1 t c h  C l as s  

represented by new clusters rather than being as
similated by existing clusters is beyond the scope of 
this summary chapter. Interested readers are di
rected to Grossberg ( 1 9 76)  and Rumelhart and Zip
ser ( 1 98 5 )  for formal discussions of this issue. 

A similar mechanism will  yield units at level e 

( see Fig. I )  that are specialized for typical chord 
groupings, provided activation at  the chord units 
decays slowly. Thus, chords that are typically heard 
within the same piece of music become organized 
around a single unit at level e.  These are therefore 
key units. Once again, they are tonotopically 
repeating. 

MUSACT 

The final network resulting from the learning in 
l ayers c through e consists of units representing 
pitch classes, chords, and keys [ see Fig. 9, taken 
from Bharucha 1 9 8 7a ) .  In Fig. 9, only the chromatic 
units are shown, for convenience. All layers should 
be assumed to be denser than these categories .  Fur
thermore, the arrangement of chords according to 
the circle  of fifths is  for convenience only. It should 
be clear from the learning procedure described 
above that the physical layout is actually tonotopic 
but can be depicted in any layout provided the links 
are preserved.  

Input to the network is a sequence of events, 
each event being a simultaneous cluster of tones. 
Input is  received by the spectral units and sent up 
through the layers . A unit may be activated from the 

Fig. 5. Parallel links are 

yoked within a cluster for 
purposes of weigh t change. 
Thus, the unit in cluster 2 
to the righ t of the n be-

P i t c h  C l as s  C l u s t e r  
Agnos t i C 
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F '  

comes tuned t o  a maior 
chord slightly sharper than 
PI. (Reprin ted from Bharu
cha,  in press. Copyright by 
The Macmillan Press. )  

P I tch C l as s  C l uster  2 
F o r m I n g  Major Chord U n 1 t s  
Through YOk ing o r  Para l l e l  L I n k s  

F '  
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bottom up or from the t o p  down. A chord unit, for 
example, is activated either by the explicit sound
ing of some or all of its component pitch classes or 
by indirect influences, via its parent keys, from re
lated chords . When only some of the chord 's com
ponent tones are sounded, the context may help 
disambiguate the chord by top-down activation 
from parent key units .  Indirect activation of chord 
units permits smooth excursions ( such as second
ary dominants and modulations) from the focus 
of activation . A key unit is similarly activated by 
some or all of its daughter chords or by indirect in
fluences, via its daughter chords, from related keys. 

After an event is heard, activation spreads through 
the network, via the weighted links, reverberating 
back to units that were previously activated . In this 
model, activation is  phaSiC, meaning that units re
spond only to changes in the activation of neighbor
ing units. Phasic activation is used because of the 
salience of event onsets in music. Phasic units are 
commonly found in the nervous system_ On each 
cycle, units are synchronously updated on the basis 
of activation levels, from the previous cycle, of 
neighboring units.  Phasic activation e ventually 
dissipates unti l  the network settles into a state 
of equilibrium. Settling will occur proVided the 
weIghts are small relative to the fan-in or fan-out 
of the unit connectIOns. 

The pattern of activation of key units represents 
the degree to which keys are established. Tonal mu
sic will tend to build up actlvation in one region of 
the network, such that one key unit is most highly 
activated, with activation tapering off with increas
ing distance along the circle of fifths . Note that the 
circle of fifths is exhibited as a truly emergent prop-
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Fig. 6. The yoking of 
weight changes on parallel 
links in cluster 2 results in 
a dense and tonotopically 
repeating cluster of units 
that  respon d selectively to 
maior chords. A chord 
type learned at one a bso-

P l t c h  C l ass C l uster  I 
Agnos t i c  

000000000000000000 

c - 0 , - G' 

lute pitch level will be 
recognized by the same 
cluster at any absolute 
pitch level. (Reprin ted 
from BhaIUcha, in press. 
Copyright by The Macmil
lan Press.) 

P l tch C l ass C l u s t e r  2 '  
Major Chord Un l t s  

P l tch C l ass  

erty of the network, since the network has learned 
only the local ltemporal } clustering of pitch classes 
to form chords and the clustering of chords to form 
keys.  The circle of fifths emerges as a consequence 
of the joint satisfaction of all constraints in the 
network. 

Atonal music will typically induce a less focused 
pattern, and poly tonal music might result in mul
tiple, though not very strong, foci. The model thus 
allows for gradations of key, and for multiple keys, 
consistent with evidence from experiments IKrum
hans1 1 990; Krumhansl and Schmuckler 1 986) .  

A chord is implied o r  schematically expected to 
the extent that its unit is activated . The activation 
of a chord unit also biases judgments about the 
chord 's consonance. This mechanism would ex
plain the finding that the internal consonance of a 
chord increases when it is schematically expected 
IBharucha and Stoeckig 1 986, 1987 ) .  The model 
also predicts the pattern of rating and memory 
judgments obtained in experiments measuring per
ceived chord relationships IBharucha and Krum
hans I 1 983;  Krumhansl, Bharucha, and Castellano 
1982; see Bharucha 1 98 7a, 1 98 7b, for details of 
experiment Simulations} .  

In response to a major chord, the network will ac
tivate the diatonic tones lof the major scale whose 
tonic is the root of the chord) more than the non
diatonic tones . It is important to note that these 
effects are emergent properties of the network
effects that arise out of the j oint action of local con
nectivity based on the clustering of tones and the 
clustering of chords as they are typically heard. 
Nothing about the diatonic set was explicitly wired 
into the network. 
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Fig. 7. If an arbitrarily se
lected chord of another 
type, FI - min or (af/attened 
FI minor), is presented, 
the random winner is likely 
to be in an undeveloped 
cluster, say, cluster 1 .  
(Reprin ted from BhalUcha, 
in press. Copyright by 
The Macmillan Press.)  

Fig.  7 

P i t c h  C l a s s  C l u s t e r  1 .  

C - D " G-

Fig. 8. Cluster 1 is trans
formed from agnostic 
units to a dense and tana
topically repeating cluster 
of units that respond se
lectively to minor chords. 
(Reprin ted from Bharucha, 
in press. Copyright by The 
Macmillan Press. )  
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Gating Mechanism and Sequential Memory 

Fig. 10 shows a gating mechanism that takes pitch
class information from MUSACT and transforms it 
into an invariant pitch-class representation IBharu
cha 1988 ) .  Units labeled "pi" multiply activation 
received from pitch-class units and tonal center 
Ikey) units. This gates the pitch classes into an in
variant pitch-class format in which the tonic is al
ways "0, " so that all tonal sequences have the same 
tonic or origin. 

Musical sequences are then stored in terms of 
this invariant pitch-class format. Versions of the 
sequential memory, which is a Jordan 1 1 986) net 
that learns sequences by back propagation, are pre
sented in the chapters by Todd Ithis volume ) and 
by Bharucha and Todd Ithis volume ) .  An invariant 
pitch-class representation as input to the sequential 
memory will permit invariance under transposition 
in long-term memory. 

When MUSACT and the sequential memory op-
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Fig. 9. MUSACT: The net
work resulting from a 
learned clustering of pitch 
classes in to ch ords and a 
clustering of chords in to 
keys. Music activa tes the 
pitch-class units, an d 
activation reverberates 
through the net work un til 
it settles in to a state of 

equilibrium. The pattern 
of activa tJ On at equilib 
rium represen ts the array 
of chord an d key implica
tions, and influences the 
perception and recognition 
of even ts that  follow. 
(From Bharucha 1 98 7a .  
Copyright by the Cogni
tive Science Society,) 

fl.lnked to lower edgc--IJUIIOf choniJl 

fLnktd lo uppcr edge-·keYIi) 

erate In tandem, they predict  key-distance effects 
in the transposition of sequences in the short term. 
If a sequence of chords is transposed immediately, 
before activation has had a chance to decay com
pletely, the perceived similarity of the two sequences 
increases with the proximity (around the circle of 
fifths) of their keys. Th i s  is because as each chord 
in the second sequence is heard, both the sequen
tial memory and MUSACT are checked to see if 
this chord was expected. The closer the key of the 
two sequences, the greater the activation of the 
units in MUSACT that are checked, therefore the 
greater the degree of expectation will be. The inter
action of these two networks is currently being 
explored. 

Conclusion 

The development of neural net models of human 
networks requires attention to a range of empirical 
and theoretical constraints. In order to account for 
known constraints on the perception of pitch as it 
functions in harmony, two networks have been pos
tulated. One (described in the chapter by Bharucha 
and Todd, this volume) learns musical sequences 
in an invariant pitch-class format, employing the 

Fig. 1 0. A ga tmg mecha
nism (from Bharucha 
1 988). Units la beled 1T 

multJply activation re · 
ceived from pitch-class 
umts and ton al cen ter 
(key) units. This gates the 
pitch classes in to a pitch 
in variant  forma t in which 
the tonic is always 0. Se
quen tial memories are 
then s tored in terms of 
this pi tch invarian t for
mat .  permit ting invariance 
under transposition . ( Ver
sions of the sequen tial 
memory are presen ted in 
the chapters by Todd and 
by Bharucha and Todd, 
this volume.)  

g .  P i tC h  I nv a r i a n t  Represe n t a t i on 

c. P i t c h  C l as s  

back-propagation algorithm. The other, summa
rized in this chapter, learns relationships between 
pitch classes, chord, and keys, employing a self
organizing algorithm. These networks are linked 
by a gating mechanism. Together, they account for 
invariance under transpostion, modulated by key
distance effects in the shon - term, while accom
plishing their primary tasks of serving as a memory 
for sequences and a schema for tonal relationships .  
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comments. 
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