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Abstract 

 Past research has shown that children are able to implicitly learn the underlying melodic 

structure of their native culture's musical system, even without formal musical training. Although 

implicit musical learning has been well studied, little is known about non-Western and 

multicultural musical enculturation. The present study addressed these issues though three 

experiments using self-organizing maps (SOMs), a type of neural model, to simulate implicit 

musical learning. Experiment 1 used SOMs to simulate Western, Chinese, and Hindustani 

musical enculturation, each learned independently from one another. Experiment 2 simulated a 

child growing up in a multicultural context, to investigate whether they might learn the structure 

of multiple native systems. Experiment 3 simulated an adult encountering an unfamiliar culture, 

to examine whether adults – not only children – may implicitly acquire the syntax of new 

musical systems. Results generally supported the plausibility of successful multicultural learning, 

with the caveat that certain systems disrupted the learning of others. Our findings led to further 

discussion of cross-cultural similarities between musical systems and the implications of these 

connections. 
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Computational modeling of musical enculturation:  

An investigation of multicultural music learning using self-organizing maps 

The ability to detect and learn patterns in environmental stimuli is critical for an 

organism's survival. Recognizing the early signs of danger can allow one to prepare an 

appropriate survival response, with enough time to avoid harm (Pearce & Wiggins, 2012). 

Similarly, identifying patterns as to where food and water can be found allows one to better 

locate such life-sustaining resources. For some species, especially humans, pattern-detection 

plays a crucial role in social interaction. Recognizing the emotions indicated by a particular 

combination of body language, facial expression, and vocal intonation enables a person to better 

interpret the feelings and intentions of others, and to generate expectancies about how they will 

act. It is important, therefore, that the human brain be able to naturally learn statistical 

regularities among stimuli and events, and to generate expectancies based on these learned 

associations. 

Music plays a central role in human culture, and sees near-universal use in contexts such 

as festivals and religious rituals (Brown & Jordania, 2011). It is notable in relation to statistical 

learning, in that music tends to follow a set of established syntactic rules, unique to each musical 

culture, which govern the melodic and rhythmic patterns that can manifest themselves in a given 

musical context. These syntactic rules generate statistical regularities across musical pieces, 

which the human brain can naturally learn and recognize. Based on these learned rules, the brain 

can generate expectancies about how a given song will unfold (Pearce, Ruiz, Kapasi, Wiggins, & 

Bhattacharya, 2010), and identify when a performer violates these rules – either intentionally or 

otherwise. 
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In the current study, we seek to explore the particulars of this musical learning process 

computationally using self-organizing maps, a type of artificial neural network. We will use the 

models to simulate the processes by which humans implicitly learn the musical structures of 

Western, Hindustani (North Indian), and Chinese culture, with the goal of addressing gaps in the 

literature as to how non-Western musical syntax is learned. Additionally, we will investigate 

whether it is possible for humans to learn the structures of multiple musical cultures, or to 

acquire the syntax of a novel system in adulthood. 

An Introduction to Musical Syntax 

 Before proceeding to discuss the particulars of humans' musical learning, it will be useful 

to review the basics of musical structure. Although musical structure consists of several different 

dimensions, such as rhythm, tempo, and melody, the present study will focus primarily on 

melody and melodic syntax. While rhythm has been demonstrated to affect a person's processing 

of the melodic patterns in a song, and is known to affect listeners' expectancies of how a melody 

will proceed (Bharucha & Krumhansl, 1983; Boltz, 1993; Schmuckler & Boltz, 1994), little 

research has been conducted into the processes by which humans may learn the rhythmic 

tendencies of their native musical culture. In contrast, the developmental trajectory of melodic 

syntax learning is well understood (see Trainor, 2005), which will provide a strong theoretical 

basis against which our neural model's learning can be compared. Furthermore, several 

computational models developed in previous studies have successfully learned Western melodic 

syntax (e.g. Pearce et al., 2010; Tillmann, Bharucha, & Bigand, 2000), offering a framework 

from which to build. Therefore, the present study will specifically target melody, in isolation 

from rhythm.  
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Which musical features, then, does melodic syntax govern? Generally speaking, melodic 

syntax can be defined as a culture's set of rules as to which musical notes can be used together in 

context or sequence, as well as the functional properties associated with each tone. Although 

musical cultures differ greatly from one another in their specific melodic rules and organization, 

there are numerous universal features present across all musical systems (Brown & Jordania, 

2011).  

Universals of Musical Syntax 

Consonance, dissonance, and octave equivalence. First, all cultures distinguish 

consonant and dissonant intervals between tones, and prefer consonance over dissonance 

(Hannon & Trainor, 2007; Trainor & Corrigall, 2010; Trainor, Tsang, & Cheung, 2002). 

Universally, two tones whose frequencies form small integer ratios are considered consonant. 

For example, the tones in a perfect fifth have a ratio of 3:2 between their frequencies. Intervals 

between frequencies with more complex ratios are universally recognized as dissonant (e.g. the 

notes in a tritone have a 45:32 ratio) (Trainor, 2005). This understanding of simpler interval 

ratios as being preferable is thought to have given rise to the universal notion of the octave 

(Trainor, 2005). Two tones are an octave apart if the frequency of one is exactly twice the 

frequency of the other, therefore representing a "perfect” consonance between them. All cultures 

recognize pitches an octave apart as functionally equivalent (Brown & Jordania, 2011), and this 

octave equivalence appears to form the basis for the construction of all melodic systems 

(Trainor, 2005). 

Pitch classes and keys. Cross-culturally, the fundamental units of melodic syntax are the 

pitch class and key, or scale.1 All musical systems define a set of pitch classes, based on the 

                                                 
1 The terms "key" and "scale" will be used interchangeably in this paper, as the distinction between them will not 
become relevant. For reference, however, keys are unordered sets of pitches, while scales have order. 



MODELING OF MUSICAL ENCULTURATION   11 
 

aforementioned concept of octave equivalence (Trainor, 2005). Pitch classes represent a set of 

intervals into which a single octave is divided. Western musical culture, for example, divides the 

octave into twelve pitch classes at even intervals, referred to as semitones (Trehub, Schellenberg, 

and Kamenetsky, 1999). The pitch classes are labeled A, A# /Bb, B, C, C#/Db, and so forth, up 

to G and G#/Ab. Universally, tones that are precisely an octave apart are considered to be 

members of the same pitch class, and therefore are treated as syntactically equivalent.  

All cultures additionally construct a set of musical keys from these fundamental pitch 

classes (Brown & Jordania, 2011). Each key establishes a set of five to seven pitch classes that 

are permitted to be utilized within a single musical context. For instance, a song composed in the 

Western key of C-major would consist of the seven pitch classes {C, D, E, F, G, A, B}. Keys are 

critical for defining how pitches may be used together in context. 

Syntactic relations between keys. Keys are generally considered to be syntactically 

related if they contain several of the same pitch classes. The degree of similarity between two 

keys can be measured as the number of pitches shared between them. These syntactic 

relationships are often mapped onto a circle, with the distance between keys representing the 

number of pitch classes by which they differ (Tillmann et al., 2011). Two examples can be found 

in Fig. 1. On the left is the circle of fifths, which maps the relationships between the twelve 

Western major keys. On the right is the circle of thāts, which maps the relationships between the 

ten most common Hindustani scales.              

Uneven scale intervals. An important universal feature of musical scales is that their 

component pitches fall at uneven intervals (Brown & Jordania, 2011). For instance, the pitches 

of Western major scales display semitone intervals of 2-2-1-2-2-2-1. Balzano (1982) proposed 

that this uneven spacing of intervals helps to individuate the pitches of a key, thereby aiding 
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listeners' ability to distinguish tones within a melody. Evidence from Trehub, Schellenberg, and 

Kamenetsky (1999) supports the notion that uneven interval-spacing aids the perceptual 

processing of music. In their study, Trehub et al. (1999) taught nine-month old infants to respond 

to pitch alterations in a repeating melody. The researchers found that when the melody was 

composed in a scale with uneven, as opposed to even, pitch intervals, infants were better at 

recognizing subtle changes to the melody. Such a processing bias may have motivated the 

universality of uneven scales in musical systems (Trehub et al., 1999). 

               

Figure 1. The circle of fifths (left), from Western culture, and the circle of thāts (right), from Hindustani culture. 

From Tillmann et al. (2000) and based on Castellano et al. (1984), respectively. In both mappings, adjacent keys 

contain nearly identical pitches, with only one pitch varying between them. Note that one Hindustani scale, Bhairav, 

has a unique position inside the circle, as only one other scale (Purvi) can be considered adjacent to it (Castellano et 

al., 1984). 

Variable stability of pitches. Balzano (1982) further hypothesized that uneven pitch 

spacing in a scale facilitates the ability of different pitches to serve unique functional roles. 

Indeed, cultures often define certain pitches as being particularly dominant or stable within each 

musical key (Bharucha & Krumhansl, 1983). Stability here refers to the notion that certain 

pitches carry a stronger sense of finality than others within a particular context. Ending a melody 

on an unstable pitch, for instance, may cause listeners to perceive the ending as incomplete, and 

in need of resolution (Bharucha & Krumhansl, 1983; Bigand & Pineau, 1997). Cultures typically 

Kalyan 
Bilaval 

Khamaj 

Kafi 

Asavari 

Bhairavi 

[Unused] 

Todi 

Purvi 

Marva 

Bhairav 
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define one pitch from each key, the tonic, as being the most dominant and stable pitch, and 

utilize it as an anchor for melodies composed within that key (Brown & Jordania, 2011). The 

remaining pitches of the key are assigned varying degrees of stability, with more stable pitches 

appearing more often in melodies and in more prominent positions, such as locations of rhythmic 

stress (Bharucha & Krumhansl, 1983) or at phrase endings (Schmuckler & Boltz, 1994). It is 

conceivable that these differences in the stabilities of pitches may help listeners to differentiate 

between similar keys. For example, although the Western keys of C major and G major differ by 

only one pitch (G major replaces the F from C major with an F#), they are rooted on different 

tonics (C in C major, G in G major). Therefore, although C is the most stable pitch within 

melodies composed in C major, it is less stable in melodies based on G major. One would expect 

these differences in pitch stability to manifest themselves in the statistical patterns present within 

melodies (e.g. stable pitches should occur more frequently than unstable pitches). In theory, 

listeners' brains could use these differences in pitch patterning to inform predictions about which 

key is in use.  

Cross-Cultural Differences in Melody 

Although the melodic features discussed above are present in virtually all musical 

systems, cultures differ on a number of dimensions. Different cultures divide the octave into 

different numbers of pitch classes, with different intervals between them. For example, Arabic 

music defines one pitch class at every half-semitone, giving it twelve pitch classes that are 

identical to those in Western culture, plus an additional twelve which fall halfway between the 

Western pitches (Justus & Hutsler, 2005). Similarly, the rules by which different cultures 

generate keys and scales vary widely. For instance, Chinese music primarily uses scales with five 

pitches (pentatonic scales) (Schellenberg, 1996), while Western and Hindustani culture primarily 
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use seven-pitch scales (heptatonic) (Bor et al., 1999). Furthermore, some musical cultures 

include additional levels of melodic organization, beyond those seen universally. Western and 

Hindustani music both employ such unique forms of organization, with Western culture utilizing 

an extensive system of harmony and Hindustani culture defining a set of complex musical 

modes, or rāgas. Both of these systems will be addressed in more detail, as we turn our focus to 

the central features of the three cultures used in the present study.   

Musical Systems of the Present Study 

As previously noted, the present study will be exposing computational models to 

Western, Hindustani, and Chinese music. As such, it is prudent to discuss the particulars of each 

system, how their melodic structures are defined, and how they differ from one another. 

 Western music. As discussed briefly in the introduction to pitch classes and keys, 

Western culture defines a set of 12 pitch classes, evenly spaced across the octave at intervals of 

one semitone each (Justus & Hutsler, 2005). Most music is based on one of twelve major or 

twelve minor keys, each of which contains seven pitch classes. Major and minor keys differ in 

terms of the intervals at which pitches are spaced. Starting with the tonic note, the pitches of a 

major key are spaced at semitone intervals of 2-2-1-2-2-2-1, while the pitches of a minor key are 

spaced in an interval pattern of 2-1-2-2-2-1-2. Note that the intervals in major and minor keys are 

essentially identical – they are merely shifted relative to the tonic. As an example of the 

difference between major and minor keys, the C major scale contains the pitch classes {C, D, E, 

F, G, A, B}, while the C minor scale contains {C, D, D#, F, G, G#, A#}. One major and one 

minor key are rooted on each of the twelve pitch classes. The similarities between keys can be 

mapped in the circle of fifths, shown in Fig. 1, in which adjacent keys differ by only one pitch. 

Each major key is additionally considered to be syntactically related to two minor keys – its 
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relative minor and its parallel minor. In simplest terms, the relative minor of a major key is the 

minor key which contains the same set of pitch classes as the major key (Krumhansl & Kessler, 

1982). For example, A minor is the relative minor of C major, containing the pitches {A, B, C, 

D, E, F, G}. The parallel minor of a major key is the minor key rooted on the same tonic pitch 

(Krumhansl & Kessler, 1982). For example, C minor is the parallel minor of C major. 

 As previously alluded to, however, the structure of Western music goes beyond the 

relationships between pitches and keys. Western culture defines a set of harmonic rules, 

governing which pitches may occur together simultaneously. The inclusion of harmonic structure 

in a system is rare cross-culturally, but central to Western musical syntax (Trainor & Corrigall, 

2010).  The Western rules of harmony define twelve major and twelve minor chords, one rooted 

on each of the twelve pitch classes. Chords are sets of three pitch classes, which are syntactically 

permitted to be sounded together simultaneously (harmony) or in sequence (implied harmony). 

As with major and minor keys, major and minor chords differ in terms of the intervals between 

their component pitches. Major chords consist of a root, the pitch four semitones above the root, 

and the pitch seven semitones above the root (Bharucha & Krumhansl, 1983). For example, the 

C major chord consists of the pitches {C, E, G}. Minor chords consist of a root, the pitch three 

semitones about the root, and the pitch seven semitones above the root (Bharucha & Krumhansl, 

1983). Hence, the C minor chord consists of the pitches {C, Eb, G}. 

Each key and scale can, therefore, be considered to contain seven chords – one rooted on 

each of the seven pitches of the key. These seven chords are ranked in terms of dominance, or 

syntactic importance. The most dominant chord is that which is rooted on the tonic, followed by 

the chord rooted on the fifth pitch of the scale (the dominant), and the chord rooted on the fourth 

pitch of the scale (the subdominant) (Bharucha & Krumhansl, 1983; Bigand & Pineau, 1997). 
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Following these three particularly important chords, the chord rooted on the sixth and second 

pitches play less dominant roles, while the chords rooted on the third and seventh pitches 

infrequently see use (Bharucha & Krumhansl, 1983). Two chords can be considered syntactically 

related if they play a dominant role in at least one of the same keys (Bharucha & Stoeckig, 

1986). For example, the C major and G major chords are related, in that they both play dominant 

roles in the key of C major. 

 Hindustani music. Hindustani music is theoretically constructed from a set of 22 pitch 

classes, or srutis (Justus & Hutsler, 2005), though in practice may be reduced to the twelve 

Western pitches (Bor et al., 1999). Of the 22 theoretical pitch classes, two are equivalent to the 

Western pitches C and G in terms of the frequencies of their sounds (Castellano et al., 1984). The 

remaining 20 pitch classes correspond to marginally raised and lowered tunings of the ten other 

Western pitch classes (Justus & Hutsler, 2005). These marginal tonal differences allow these 20 

pitches to be collapsed into the remaining ten Western pitch classes, such as performed by Bor et 

al. (1999) in their book of Hindustani music transcriptions, The Raga Guide.  

Sets of seven pitch classes are organized into scales, called thāts. Two pitches, Sa 

(equivalent to Western C) and Pa (Western G) are given special importance in the Hindustani 

system, and are included as the tonic and fifth pitch of every thāt (Castellano et al., 1984). This 

fact effectively roots most Hindustani music on C, regardless of key, as Sa (C) and Pa (G) are the 

two most dominant pitches in all keys (Castellano et al., 1984). The rooting of all scales on the 

same pitch causes the intervals between scale pitches to differ between thāts, and consequently to 

differ from the scales used in Western music. For example, thāt Todi contains the equivalent of 

the Western pitches {C, Db, Eb, F#, G, Ab, B}, producing semitone intervals of 1-2-3-1-1-3-1 

(Bor et al., 1999) – highly distinct from the 2-2-1-2-2-2-1 pattern used in Western major scales. 
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It should be noted, however, that one thāt, Bilaval, is identical to the Western C major scale.  

Although there are technically a total of 32 thāts, only ten see frequent use in performance (Bor 

et al., 1999; Castellano et al., 1984). Similarities between these ten thāts can be mapped onto the 

circle of thāts, as seen in Fig. 1, based on the number of pitches they share (Castellano et al., 

1984). 

Hindustani musical culture additionally defines a system of complex musical modes, 

called rāgas. Each rāga contains several component features. First, it defines one or more 

ascending and descending pitch patterns, based on a particular thāt (Bor et al., 1999; Castellano 

et al., 1984). In some cases, ascending and descending patterns within a rāga will be derived 

from different thāts, often with one or more pitches being lowered by one semitone while 

descending (Bor et al., 1999). Furthermore, the rāga includes a set of typical pitch sequences, 

which outline the shape of the melody (Bor et al., 1999). Because most Hindustani music is 

improvisational, the typical ascending, descending, and melodic patterns defined by a rāga play a 

critical role in providing the performer with a framework from which to craft the melody 

(Rohrmeier & Widdess, 2012). Finally, each rāga contains a hierarchy of stable pitches. The two 

most stable pitches in most rāgas are Sa (the tonic) and Pa (the fifth) due to all thāts being rooted 

on Sa. Two additional pitches in each rāga are also assigned particular dominance, and are 

referred to as the vādi and samvādi (Castellano et al., 1984). 

 Chinese music. Chinese music has a simpler melodic syntax than Western and 

Hindustani music, in that it focuses on pitches and scales alone. It divides the octave into a set of 

twelve pitch classes, whose tunings are roughly equivalent to the twelve used in Western music 

(Justus & Hutsler, 2005). Unlike Western and Hindustani music, Chinese music predominantly 

uses pentatonic scales. Keys are composed of five pitch classes, set at semitone intervals of 2-3-
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2-2-3 (Schellenberg, 1996). This organization causes Chinese scales to differ from Western 

major and minor scales, as Western culture only uses intervals of one or two semitones between 

scale pitches (Schellenberg, 1996). Each of the twelve pitch classes is used for generating five 

modes of a key. For each pitch class, a basic pitch set is constructed from that pitch, as well as 

the pitches two, five, seven, and nine semitones above it (Lu-Ting, 1982), following the 2-3-2-2-

3 pattern described above. For example, starting from the equivalent of Western C would 

generate a set containing the pitches {C, D, F, G, A}. Five modes, Gong, Shang, Jiao, Zhi, and 

Yu are formed by shifting the scale to be rooted on each of the five pitches from the set (Lu-Ting, 

1982). For example, the Gong mode of C would use the scale C-D-F-G-A, whereas the Shang 

mode would use the scale D-F-G-A-C. Modes therefore reflect different rootings of the same 

musical key, containing the same pitch classes but assigning them different levels of stability. 

Modes consisting of the same pitches are therefore highly syntactically related, and may also be 

considered related to the modes of keys that use several of the same pitches. It should be noted 

that, while all of these modes exist theoretically, not all are commonly used (Lu-Ting, 1982), as 

with the Hindustani thāts. 

Implicit Knowledge of Melodic Syntax 

Now that we have discussed the nature of melodic syntax, and the particulars of the three 

systems used in the present study, we will consider the ability of humans to internalize musical 

systems such as these. It is important to note that the naturally-acquired knowledge that humans 

have about melodic syntax is implicit in nature. That is, it cannot be verbally articulated, and one 

may not even be consciously aware of it. This is in contrast to the explicit, verbal knowledge that 

one might have about musical structure if one took a music theory class or underwent formal 

musical training. Implicit musical knowledge can be gained from passive exposure alone, and 
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develops as the brain learns to recognize patterns in the tonal features of music. This process of 

implicit musical learning is commonly referred to as musical enculturation.  

Chord and pitch priming. One common manifestation of this sort of implicit knowledge 

is a perceptual priming effect. In such an effect, exposure to a stimulus primes other concepts 

implicitly associated with that stimulus, producing a readiness to process and respond to these 

related items. In the context of implicit musical knowledge, priming can be understood as a form 

of musical expectancy. If humans have an implicit understanding of melodic syntax, hearing a 

sequence of pitches should prime the keys, chords, and other pitches syntactically related to the 

stimulus sequence, preparing the brain to process the melodic stimuli that are expected to follow, 

based on known syntactic rules (Bharucha, 1987).  

Bharucha and Stoeckig (1986, 1987) conducted several influential experiments to 

investigate whether such an effect is observable in humans. In their studies, they employed a 

paradigm in which participants were presented with two chords in sequence. The first chord 

acted as a prime, and the second as a probe. Upon hearing the second chord, participants were 

asked to decide, as quickly as possible, whether that chord was in-tune or out-of-tune. The 

researchers found evidence of a priming effect for pairs of chords that share one or more parent 

keys, and are therefore syntactically related. This priming manifested itself as a strong bias to 

judge chords as in-tune when related and out-of-tune when unrelated. Participants identified in-

tune chords faster and more accurately when primed by a related chord than by an unrelated one, 

while they identified out-of-tune chords more slowly and less accurately when primed by a 

related chord than by an unrelated one. This effect occurred regardless of whether participants 

had been musically trained, indicating that relationships between chords can be learned 

implicitly, without formal training (Bharucha & Stoeckig, 1986). Artificially modifying the 
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chords to eliminate any overlap between the harmonic spectra of the two chords did not reduce 

the priming effect, suggesting that chord priming is, in fact, mediated by the syntactic relations 

between chords, rather than by auditory similarities in the chords (Bharucha & Stoeckig, 1987). 

Given that chords are able to prime other syntactically related chords, the brain must possess an 

implicit understanding of these syntactic relations. Furthermore, these relations must be able to 

be learned naturally, without training, merely through repeated exposure to music. 

Bharucha (1987) conducted a follow-up study to test whether musical priming effects can 

also be found in individuals from non-Western cultures. He presented Indian participants with 

part of a performance of a Hindustani rāga. The excerpt incorporated all pitches typically used in 

that rāga except for one, which was omitted. The musical clip was followed by either the missing 

tone from the rāga or a tone that did not belong. The tone was either in-tune or out-of-tune, and 

participants were asked to judge the tuning. The results showed that listeners were able to make 

these distinctions more quickly and accurately when the probe tone was the expected, missing 

tone than when it was not syntactically related to the rāga, and therefore had not been primed. 

These findings provide evidence that individuals familiar with Hindustani music have implicit 

knowledge of the structuring of rāgas (Bharucha, 1987), comparable to the implicit 

understanding of chord-key relationships observed in Western individuals by Bharucha and 

Stoeckig (1986, 1987). These findings provide evidence that implicit musical knowledge exists 

cross-culturally. As implicit understanding of melodic syntax is found even in listeners from 

cultures with more complex melodic organization, such as Western harmony and the Hindustani 

rāga system, it is probable that individuals from all cultures implicitly learn the structure of their 

native musical systems. 
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Further research has demonstrated the robust nature of musical priming effects such as 

those observed by Bharucha (1987) and Bharucha and Stoeckig (1986, 1987). In a series of four 

studies, Tekman and Bharucha (1992) presented participants with pairs of related and unrelated 

chords, in an in-tune/out-of-tune judgment task similar to the earlier studies by Bharucha and 

Stoeckig (1986, 1987). However, they manipulated the duration of the priming chord and the 

time delay between it and the second chord. Doing so revealed that even a 50 msec prime 

generates a strong enough effect to persist over a 2.5-second long inter-chord delay (Tekman & 

Bharucha, 1992).  

Perceptions of stability. As an additional nuance, the melodic expectancies generated by 

people's implicit musical knowledge appear to be sensitive to the stability of a pitch (Castellano, 

Bharucha, & Krumhansl, 1984; Krumhansl & Kessler, 1982) or chord (Bharucha & Krumhansl, 

1983; Bigand & Pineau, 1997) in a given context. Bigand and Pineau (1997) presented non-

musicians with short excerpts from chorales, ending in chords that were either the tonic or 

subdominant chord of the piece. Participants were asked to rate how well the final chord 

completed the sequence, and how well it belonged in the musical context. The researchers found 

that participants perceived tonic chords as more "belonging" and "complete" than subdominant 

chords. This perceived stability of tonic chords demonstrates a learned sensitivity to the syntactic 

importance of the tonic in composition. 

Castellano et al. (1984) found analogous effects among musically trained and untrained 

Indian individuals listening to performances of ten Hindustani rāgas. One rāga was derived from 

each of the ten commonly used thāts, in order to test participants' implicit knowledge of all 

common scales. After listening to all ten performances, participants heard short excerpts from 

the rāgas, followed by random pitches. Participants were asked to rate how well each pitch "fit" 



MODELING OF MUSICAL ENCULTURATION   22 
 

with its preceding excerpt. The results showed that participants perceived the tonic (C in all ten 

rāgas) to be the most fitting tone, followed by the fifth (G in all ten rāgas). The vādi pitch of each 

rāga was perceived as the next most fitting note, while the samvādi and the remaining three 

pitches from the rāga were not significantly different from one another. All seven pitches from 

each rāga were perceived as more fitting than the pitches not used in that rāga. With the 

exception of the samvādi not being distinguished, these ratings match the true music-theoretical 

definitions of pitch stability in Hindustani culture. 

Krumhansl and Kessler (1982) conducted a classic study in which they sought to quantify 

listeners' perceptions of pitch stability for all 24 Western major and minor keys. They did so by 

presenting musically trained participants (who had no formal music theory background) with a 

variety of musical elements from each key, including ascending scales, chords, and cadences 

(sequences of chords), and following each element with a probe tone. Participants rated how well 

the probe tone fit with the preceding musical element. Each of the twelve Western pitch classes 

were paired with each element over the course of the experiment, to construct a full mapping of 

fitness/stability ratings between pitches and the 24 major and minor keys. The results showed 

that the tonic pitch of each key received higher ratings of fit than any other pitch, with the third 

and fifth component pitches of each key receiving higher ratings than the remaining four pitches 

in the key. All component pitches of the key were rated as more fitting than all pitches not in the 

key. The third and fifth pitches are significant as being the second and third component pitch of 

the tonic chord for that key (e.g. the tonic chord for C major is {C, E, G}, while E is the third and 

G as the fifth pitch of C major) (Krumhansl & Kessler, 1982). In this sense, the tonic, third, and 

fifth may be considered the most representative three pitches of any key. 
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Krumhansl and Kessler (1982) used these pitch ratings to create a stability profile for 

each key, representing participants' perceptions of how stable each of the twelve Western pitches 

are in the context of each key. By analyzing the correlations between these key profiles, the 

researchers were able to create a topographical mapping of all 24 keys in four-dimensional 

space. Key profiles were found to be most similar between neighboring keys along the circle of 

fifths, and between each major key and its relative and parallel minor keys. Therefore, in the 

topographical mapping, keys were organized into the circle of fifths, with major keys also 

appearing near their relative and parallel minor keys. The fact that participants' perceptions of 

tonal stability mimic the actual rules of music theory provides strong evidence that humans can 

internalize detailed representations of their native melodic syntax without formal training in 

music theory. 

In sum, based on experimental evidence, it is apparent that many of music's underlying 

syntactic rules can be learned implicitly. Through the process of musical enculturation, repeated 

exposure to music from a particular culture allows the brain to learn and recognize the patterns 

and statistical regularities present within that music. As a culture's melodic syntax rules 

determine the form of these regularities, sufficient musical exposure allows the brain to "reverse-

engineer" the rules of melody based on the patterns it finds. This, in essence, is the process by 

which musical enculturation develops. 

The Developmental Trajectory of Musical Enculturation  

It is important to note that enculturation does not occur quickly; rather, it takes place over 

the course of several years, with children learning the melodic features of their native culture in 

stages. Research by Trainor and colleagues (Trainor & Trehub, 1992, 1994; Trainor, Tsang, & 

Cheung, 2002) has been influential in tracing the developmental trajectory of Western musical 
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enculturation. Trainor and Trehub (1992, 1994) examined musical enculturation in a series of 

studies with infants, children, and adults of varying ages. To discern whether participants of 

different age groups had internalized the various features of Western melodic syntax, they 

developed a paradigm in which participants listen to various transpositions of a short melody 

played in a loop. Periodically, one tone in the melody is altered to a different pitch. This new 

pitch is either expected in the context of the melody, based on the melody's key and harmony, or 

the pitch violates such expectancies. If a participant lacks implicit knowledge about Western 

musical keys and harmony, they should show no difference in their ability to detect syntactically 

valid and invalid changes (Trainor & Trehub, 1992). If, however, they do have knowledge of 

these organizational rules, out-of-key and out-of-harmony changes should be more salient than 

changes that follow the rules of Western harmony, as syntax-violating changes will stand out as 

being erroneous (Trainor & Trehub, 1994).  

Trainor and Trehub (1992) employed this paradigm in a study of eight-month old infants. 

In their study, infants were taught to respond to pitch alterations by turning towards the music 

speaker. Correctly responding to an altered melody resulted in the activation of an animated toy, 

reinforcing correct responses. Alterations to the melody either fit or violated the key of the 

melody. Results showed that, although the infants were able to detect pitch changes at above-

chance levels, they detected within-key and out-of-key changes equally well. Therefore, they 

show no sensitivity to the existence of musical keys, indicating that keys have not been 

internalized by eight months of age. Musically trained and untrained adults who were given the 

same alteration-detection task were significantly better at detecting out-of-key changes than 

within-key-changes, demonstrating that they are sensitive to the key underlying the melody 

(Trainor & Trehub, 1992).  
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In a follow-up study, Trainor and Trehub (1994) repeated their previous experiments 

(Trainor & Trehub, 1992) with five- and seven-year old participants in an attempt to determine 

the ages at which sensitivity to keys and harmony arises. In this version of the experiment, the 

melody contained a sequence of implied harmonies. Implied harmony here refers to the fact that 

the progression of tones in the melodies followed the sequences of pitches used in the tonic and 

dominant chords of the melody's key (Trainor & Trehub, 1994). For example, the basic form of 

the melody began with the sequence C-E-G, which corresponds to the three pitches within a C-

major chord. The alteration to the melody either fit the key and implied harmony of the melody, 

fit the key while violating the harmony, or violated the key entirely. Results showed that five- 

and seven-year old participants were both more accurate at detecting key-violating changes than 

changes within the key of the melody, indicating that implicit knowledge of Western keys 

develops by the age of five. However, only seven-year old participants were more accurate at 

recognizing harmony-violating changes than within-harmony changes. This finding suggests that 

sensitivity to Western harmony does not develop until age seven – at least two years after keys 

are learned. 

Trainor, Tsang, and Cheung (2002) expanded the literature on musical enculturation by 

investigating whether distinctions between consonant and dissonant intervals are learned or 

biologically inherent. The researchers presented two- and four-month old infants with melodies 

composed entirely of either consonant or dissonant harmonies. When consonant melodies were 

played before dissonant melodies, infants of both ages attended much longer to the consonant 

melodies than to the dissonant ones. When dissonant melodies were played first, infants quickly 

lost interest in the task, and paid less attention to both types of melodies than in the consonant-

first condition. These findings suggest that infants as young as two months of age prefer 
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consonance over dissonance, supporting the notion that consonance-dissonance distinctions are 

inherent and biologically based, possibly due to the physical structure of the peripheral auditory 

system (Trainor et al., 2002). Such a theory would help to explain why consonance and octave 

equivalence are recognized universally, and play a fundamental role in all musical systems 

(Brown & Jordania, 2011). 

Notably, we can observe among the findings of Trainor and colleagues (Trainor & 

Trehub, 1992, 1994; Trainor et al., 2002) that there appears to be a trend such that musical 

features are learned in order from most universal to most culture-specific (Hannon & Trainor, 

2007; Trainor, 2005). The universals of consonance and dissonance, and perhaps by extension, 

octave equivalence, appear to be innately recognized by infants (Trainor et al., 2002). The 

organization of pitches into keys is learned during early childhood (Trainor & Trehub, 1994), 

notable for the fact that all musical cultures make use of keys, though the particulars of key 

construction differ by culture (Brown & Jordania, 2011). Finally, harmonic structure – a melodic 

feature highly specific to Western culture – is not learned until later in childhood (Trainor & 

Trehub, 1994; Trainor, 2005). Understanding the developmental trajectory of musical 

enculturation in children is crucial for developing a computational model that accurately 

simulates human learning. Ideally, a successful model of musical enculturation should exhibit the 

same patterns of learning over time. Specifically, it should learn the features of a culture's 

melodic structure in order from most universal to most culture-specific. 

It must be noted that, although we have a clear understanding of Western musical 

enculturation, very little is known about how children in other cultures learn the structures of 

their native musical systems (Trainor & Corrigall, 2010). Little is also known regarding whether 

children raised in a multicultural context will naturally acquire the syntax of multiple musical 
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systems if they are exposed to multiple types of music. The present study seeks to fill these gaps 

by simulating the learning of Western, Chinese, and Hindustani melodic structure, both in 

combination and in isolation. These simulations will provide insight into the processes by which 

non-Western musical knowledge may be acquired, and by which multiple musical systems might 

be learned simultaneously. 

Enculturation for a Novel Musical System 

While we have a solid understanding of the development of implicit musical knowledge 

in children, the literature is as yet inconclusive regarding the extent to which adults can also 

naturally learn the structure of novel musical systems. It has not been definitively established 

whether there is a critical period for musical enculturation, similar to that seen in language 

learning, whereby melodic structure could only be learned in an untrained manner during early 

childhood (Trainor, 2005). It is conceivable that, like language, learning a new musical system in 

adulthood might require formal training, perhaps due to changes in brain structure over time 

(Trainor, 2005). Initial evidence from Rohrmeier and colleagues (Rohrmeier, Rebuschat, & 

Cross, 2011; Rohrmeier & Widdess, 2012) suggests that it is possible for adults to implicitly 

recognize structural trends in melodies, and with relatively little exposure, at that. However, the 

scope of these pattern-recognition abilities is still unknown, and it remains unclear whether these 

patterns are learned and internalized in any permanent way. 

Learning an artificial musical grammar. Rohrmeier et al. (2011) investigated whether 

both musically trained and untrained adults could implicitly learn the syntactic rules of a novel 

musical system. They created an artificial grammar, which defined a set of 13 unique tone pairs 

(e.g. D-G, E-F, A-G, etc.), and rules governing the transitions from one pair to the next. Thirty-

three grammatical melodies were generated based on these organizational guidelines.  
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Participants were divided into an experimental group and a control group, with experimental 

participants being exposed to 17 of the grammatical melodies during a training period, disguised 

as a tone-counting task. The control group heard none of the melodies before testing. Both 

groups of participants were then asked to rate 66 melodies (33 grammatical, 33 ungrammatical) 

as being "familiar" or "unfamiliar." They were informed that some of the melodies originated 

from the same musical style, though were not given any further information about the underlying 

grammar. The results showed that the experimental participants, who had been previously 

exposed to the artificial grammar, tended to rate grammatical melodies as familiar and 

ungrammatical melodies as unfamiliar. Importantly, they perceived the 16 new grammatical 

melodies as being equally familiar as the 17 they had heard in the first stage of the experiment, 

suggesting that their judgments were driven by an internalization of the underlying grammar. 

Control participants began the testing phase by answering at chance levels, but after only twelve 

trials, began rating grammatical melodies as more familiar than ungrammatical ones, with 

performance continuing to increase over time. Surprisingly, they were able to learn the 

underlying features of the artificial grammar over the course of the testing phase, even with half 

of the stimuli being ungrammatical distractors. No effects of formal musical training were 

observed among participants in either condition, demonstrating that the musical grammar 

acquisition was not dependent on musical experience. 

Exposure to an unfamiliar culture. In a follow-up study, Rohrmeier and Widdess 

(2012) tested whether similar learning could occur when participants were exposed to melodies 

from an unfamiliar musical culture. Both musically trained and untrained Western adults, all of 

whom were unfamiliar with Hindustani music, were presented with the first ten minutes of one 

of two Hindustani musical performances, played on the same instrument by the same musician. 
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Both performances utilized the same thāt (i.e. scale) but were derived from separate rāgas. 

Therefore, the performances consisted of the same sets of pitches, but tended to organize the 

pitches into different melodic patterns, based on the distinct frameworks of the rāgas. After 

listening to one of the performances, participants were presented with excerpts from later 

portions of both performances, and were asked to judge whether each excerpt was familiar, i.e. 

was related to the melody they had heard in the first phase of the study. The results showed that 

participants were more likely to rate excerpts as familiar when they originated from the rāga on 

which they had been trained. Musicians were only marginally better than non-musicians at 

making these distinctions. These findings suggest that participants, regardless of musical 

experience, naturally detected the characteristic melodic patterns of the raga performance they 

had heard (Rohrmeier & Widdess, 2012).  

Although these results are promising, it remains uncertain whether these effects reflect 

actual internalization of the structure underlying the melodies. It may be the case that 

participants make similarity judgments based only on superficial features, such as how often 

different pitches occur within a song. Evidence for the latter comes from research by Castellano 

et al. (1984). As discussed previously in relation to humans' implicit knowledge of tonal stability, 

Castellano and colleagues presented Indian and Western participants with performances of ten 

different Hindustani rāgas. Later, participants heard short excerpts from these performances, 

each followed by a probe tone. Participants were asked to rate how well the probe tone fit the 

accompanying excerpt. As previously discussed, ratings of fit given by Indian participants were 

consistent with the actual syntactic roles of those pitches within the ten rāgas studied, reflecting 

these participants' implicit knowledge of the Hindustani musical system. Even if a syntactically-

fitting probe tone was not present in the paired excerpt, Indian participants could recognize it as 
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fitting the rāga. In contrast, Western participants' ratings of each tone were based only on the 

content of the paired musical excerpt. Specifically, Western participants rated pitches as fitting a 

rāga only if those pitches were played frequently within the recently heard excerpt (Castellano et 

al., 1984). 

These findings call into question the extent to which novel musical systems can be 

learned within the context of a single experimental sitting. In fact, one major limitation in the 

past literature has been the lack of longitudinal research. Given that children require five years of 

exposure to a musical system before learning the organization of pitches into keys (Trainor & 

Trehub, 1994), it seems unlikely that concrete musical enculturation could be observed after a 

single period of exposure in a lab. One goal of the present study is to simulate prolonged 

exposure to a novel musical system, and thereby provide evidence for or against the plausibility 

of musical enculturation in adults. 

Introduction to the Computational Modeling of Human Learning 

Broadly speaking, the computational modeling of human learning involves the use 

statistical learning algorithms to simulate human learning processes, particularly those that 

would be too difficult or costly to study in live participants. Considering this fact, modeling can 

provide an ideal way to fill the gaps in the literature on implicit musical learning. As noted 

throughout our discussion of the previous literature, much of what is missing in our 

understanding of musical enculturation stems from a lack of cross-cultural or longitudinal 

investigation. For instance, although children's acquisition of Western melodic syntax has been 

well-documented (e.g. Trainor & Trehub, 1992, 1994; Trainor, 2005), children in non-Western 

societies have not been well-studied, likely due to the sheer impracticality of conducting research 

on infants and children from cultures around the world. One of the main advantages of a learning 
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model is that it can be used to simulate an individual from any culture. An untrained learning 

model simulates an infant, in that it begins its existence with no prior knowledge of its cultural 

environment. Like an infant, the model contains an inherent system through which it can learn to 

recognize the features of any culture it is "born" into. In this way, a model trained through 

exposure to traditional Chinese music, for instance, can simulate an infant born in China, who 

grows up listening to the local music. Models can also capture more complex learning situations. 

For instance, a model exposed to both Western and Hindustani music may represent an infant 

born to an Indian family living in the U.S., or perhaps a child in India who enjoys listening to 

both local music and Western pop music.  

Another major strength of computational modeling is that the use of computerized 

processing allows simulations of learning to take place on a much shorter timescale than would a 

study of learning in human participants. Because of the rate at which computers process 

information, learning models can process in minutes a quantity of stimuli that would take a 

human child months to experience. This feature is particularly beneficial in the present context, 

as we are concerned with studying learning processes that take years to unfold in a natural 

setting. Computational modeling allows one to "fast-forward" through several years of musical 

exposure, thereby enabling longitudinal research to be performed in minutes. For example, it 

might be informative to run a longitudinal study, tracing the development of musical knowledge 

over the first several years of a child's life. The previously discussed experiments by Trainor and 

Trehub (1992, 1994) were instrumental in tracing the process of musical enculturation over the 

course of childhood. However, these studies compared the performance of children from 

different age groups, rather than examining how the performance of individual people changes 

throughout their childhood. Such a longitudinal study could help augment Trainor and Trehub's 
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(1992, 1994) findings by tracing, for instance, the precise ages at which children tend to learn 

each scale from their native music. This sort of study might take five to ten years to complete 

using actual human participants, as Trainor and Trehub's (1994) findings suggest that implicit 

musical knowledge may continue developing through the age of seven. However, a learning 

model could accurately simulate key-learning in minutes, provided that its musical exposure 

properly represented the musical exposure a child would receive (e.g. with respect to how often 

different keys are used in composition). 

The speed of computational models and their flexibility in answering questions which 

would otherwise be infeasible to test in human participants makes them a natural choice for 

investigating the remaining mysteries surrounding musical enculturation. By this reasoning, the 

present study seeks to use learning models to simulate multiple longitudinal studies which could 

not feasibly be run with actual humans. 

Models of Implicit Musical Knowledge and Learning 

The literature on implicit musical knowledge has a long history of using computational 

models to study musical expectancy (Bharucha & Stoeckig, 1986; Bharucha, 1987; Pearce et al., 

2010; Pearce & Wiggins, 2012), perceptual priming (Bharucha & Stoeckig, 1986; Bharucha, 

1987), and enculturation (Tillman et al., 2000; Toiviainen & Krumhansl, 2003). We will discuss 

three of the most prominent types of models in detail, below. These include n-gram models, 

connectionist (spreading activation) models, and self-organizing maps.  

N-gram models. One of the simplest types of learning model, the n-gram model, has 

been used extensively by Pearce and colleagues (Pearce et al., 2010; Pearce & Wiggins, 2012) to 

model implicit musical learning. Generally speaking, n-gram models learn patterns in sequences 

of stimuli by counting how often each possible sub-sequence occurs (Pearce et al., 2010). In 
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relation to music, n-gram models learn to recognize melodic structure by counting how often all 

possible pitch sequences of length n occur across a set of melodies (Pearce et al., 2010).  For 

example, a 3-gram model would include one entry for each possible sequence of three pitches. 

When exposed to a song, the model would examine the first, second, and third pitches of the 

melody, followed by the second through fourth pitches, the third through fifth pitches, and so 

forth until the end of the song. Every time the model checks one of these three-pitch sequences, 

it adds a tally to the entry for that three-pitch ordering. For example, if the model was presented 

with the sequence C-E-G-A-B-G, it would add one point to the entries for C-E-G, E-G-A, G-A-

B, and A-B-G. Counting the relative commonality of all melodic sequences allows the model to 

internalize the tonal patterns inherent in music. When the model is presented with an unfamiliar 

melody, it can draw upon this information to predict how the melody will unfold (Pearce et al., 

2010). For example, if a 3-gram model encountered the sequence C-E in a song, it would check 

the prevalence of each possible phrase beginning with C-E (i.e. C-E-A, C-E-A#, C-E-B, C-E-C, 

etc.), based on its previous musical experience. Using this information, it would calculate the 

conditional probability that each of the twelve Western pitch classes will come next in the song, 

given that the sequence C-E has just been played. The model thereby simulates musical 

expectancy, by using previous knowledge to predict the continuation of a melody (Pearce et al., 

2010). The strength of n-gram models comes from their simplicity, and their ability to learn 

patterns in sequential data. Their sequence-processing ability makes them a natural fit for use in 

music learning, as music is inherently sequential in nature.  

Pearce et al. (2010) and Pearce and Wiggins (2012) developed an n-gram model for 

musical learning, which they termed the Information Dynamics of Music (IDyOM) model. The 

IDyOM model combines the predictions of two separate n-grams, representing long-term and 
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short-term memory, respectively. The long-term memory (LTM) model counts the occurrences 

of pitch sequences across all previous musical experience, while the short-term memory (STM) 

model counts pitch sequences only from the present song. Therefore, the LTM model develops 

an internalized representation of melodic syntax, while the STM model learns the melodic 

phrasing of the current song. By combining the predictions of the two sub-models, the IDyOM 

model is able to generate expectancies that both conform to the general rules of melodic syntax 

and conform to the trends and patterns within the present context (Pearce et al., 2010; Pearce & 

Wiggins, 2012). 

Connectionist models. Some of the earliest models used in the field of music cognition 

were developed by Bharucha and Stoeckig (1986) and Bharucha (1987) in conjunction with their 

research on chord and pitch priming. They proposed a connectionist model of Western harmony, 

designed to account for the priming effects found in their behavioral studies (Bharucha & 

Stoeckig, 1986, 1987; Bharucha, 1987). A connectionist model can be described simply as a 

network of nodes and edges, with each node representing some concept or perceptual feature. 

Related percepts and concepts are linked by edges, through which activation energy can spread. 

When a stimulus is presented to the model, one or more input nodes activate in response to the 

features of the stimulus. Activation spreads across the edges of the network, from these initial 

nodes to all nodes conceptually related to the stimulus. Priming effects are modeled by the 

spread of activation between related concepts (Bharucha, 1987). Through this process of 

spreading activation, connectionist models seek to replicate the manner in which a network of 

neurons might function. If we take nodes to represent neurons and edges to represent the synaptic 

connections between them, then the activation level of a node represents the firing rate of that 
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neuron. Therefore, the spread of activation through the model simulates the excitation of neurons 

in a neural network. 

As described by Bharucha (1987), a connectionist model of Western harmony can be 

constructed from three layers of nodes, representing tones, chords, and keys. The layer of tones 

has one node for each of the twelve Western pitch classes. Pitches connect to nodes in the second 

layer, representing the chords in which those pitches are used. One node represents each of the 

24 major and minor chords. Chords connect to nodes in the third layer, representing the keys to 

which those chords belong. The strength of the connections between chords and keys are 

proportional to the stability of each chord in each key (Bharucha & Stoeckig, 1986), representing 

the fact that certain chords are more representative of a given key than are others (Bharucha & 

Krumhansl, 1983). Therefore, chords send greater activation to the keys in which they are most 

stable, compared to the keys where they are less stable. As the model is exposed to melodic 

content, nodes in the tone layer activate in response to the pitches of the melody. As they are 

activated, pitches spread activation energy through the network to the chords in which they are 

used, which then send activation to the keys in which the chords are used (Bharucha, 1987). 

For example, if the model encountered a C major chord, {C, E, G}, the nodes in the tone 

layer representing the pitches C, E, and G would activate. The C, E, and G nodes would each 

send activation to the three major and three minor chords in which each is used. This process 

consequently activates many chord nodes. However, the node which will receive the greatest 

activation is that which includes all three of the pitches heard, in this case the node representing 

the C major chord. This process allows the model to recognize the stimulus as being a C major 

chord. After the chords related to C, E, and G have been activated, they in turn send activation to 

the layer of keys. Specifically, each activated chord node sends activation to the keys in which it 
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is used. Because the C major chord is the most stable chord in the key of C major, the process of 

key-activation will be dominated by the highly activated C major chord sending activation to the 

node for the key of C major. Therefore, the model will recognize C major as the key of the 

stimulus. 

An additional feature of the Bharucha (1987) model is that activation may travel in either 

direction across the edges of the network, allowing it to reverberate across the network as music 

is perceived (Bharucha, 1987). This allows for additional top-down influence, in which keys, 

once activated, are able to prime the chords and pitches used within them. By this process, 

melodic expectancies are generated, as chords and tones are primed by the perception of 

syntactically related melodic elements (Bharucha & Stoeckig, 1986; Bharucha, 1987). 

Bharucha's (1987) original model diagram can be found in Fig. 2. 

 

Figure 2. A connectionist model of Western harmony. From Bharucha (1987). 

It must be noted that the Bharucha (1987) model is not a learning model; that is, it is does 

not simulate the learning of melodic syntax. Rather, it represents the final product of such a 
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learning process, demonstrating in a simplified form how a network of neurons in the brain 

might organize itself to model the rules of Western harmony and generate melodic expectations. 

Self-organizing maps. How then, might such a structure arise? One type of learning 

model that can develop into a connectionist-style network is the self-organizing map (SOM), a 

type of artificial neural network proposed by Kohonen (1995). Generally speaking, network-

based learning models learn by repeatedly adjusting the connection strengths between nodes in 

response to stimuli (Bharucha, 1987). The "goal" of the model is to adjust its organization to best 

represent the stimuli it encounters. We will discuss how this organization develops in the context 

of an SOM used for implicit musical learning. 

Self-organizing maps begin with one layer of "input" neurons, and a “map” layer 

containing a two-dimensional grid of neurons (van Hulle, 2012). Input neurons simulate auditory 

sensory neurons, in that they activate in response to the pitches the model is exposed to 

(Tillmann et al., 2000). Like the pitch layer of the Bharucha (1987) connectionist model, the 

input layer of the SOM contains one neuron corresponding to each pitch class. Each of these 

pitch-input neurons forms connections with all neurons in the map layer. Each connection has a 

weight/strength associated with it, which determines the proportion of activation energy that is 

transferred from the input neuron to the neuron in the map when the input neuron activates 

(Tillmann et al., 2000). A stronger connection means that the input neuron will more strongly 

activate the neuron in the map. All connection strengths are initially randomized, such that the 

map-layer neurons do not initially encode any meaningful structure – in essence, they will 

activate randomly in response to stimuli (Tillmann et al., 2000). The general construction of the 

model is demonstrated in Fig. 3. 
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Figure 3. The layout of a self-organizing map designed for processing musical stimuli. The input layer contains 
twelve units, each tuned to one of the twelve pitch classes from A to G#. The map layer contains a two-dimensional 
grid of neurons, and each input unit connects to all map units. Through training, neurons near one another on the 
map learn to respond to similar stimuli, thereby creating a topographical representation of the training data. 

Melodic stimuli are presented to the model by setting the activation level of the 

corresponding pitch neurons to some numerical value, representing their activation level. For 

example, a C major chord could be presented to the model by setting the activation level of its C, 

E, and G input neurons to 1, and the activation level of the rest of its input neurons to 0.  

Sequential pitches may be represented by setting the activation levels of earlier pitches lower 

than the activation of more recent pitches (van Hulle, 2012), simulating the fading of neural 

activation over time. For example, one might represent the pitch sequence B-A-C (where C is the 

most recent pitch), by setting C's activation to 1, A's activation to .5, and B's activation to .25. 

The activated input neurons then pass activation to the second layer of neurons, based on the 

strengths of their connections. Specifically, the amount of activation sent by an input neuron, i, 

to a map-layer neuron, n, is equal to the numerical activation level, a(i), of the input neuron, 

multiplied by the weight of the connection between the two neurons, w(i,n) (Tillmann et al., 

2000). For instance, if the edge weight between the A input neuron in the previous example 

(input sequence B-A-C) and a map neuron was equal to 0.3, the amount of activation passed 

between the neurons would be equal to 0.5   0.3 = 0.15. The presentation of a stimulus causes all 

A 

A# 

G# 

Input Layer Map Layer 
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activated input neurons to send activation in this manner to all map layer neurons. Therefore, the 

activation level, a(n), of each neuron in the second layer of the map can be defined as the sum of 

all incoming activation, as described by the following equation (Tillmann et al., 2000): 

                           (1) 

After determining the activation levels of all map-layer neurons in response to the 

stimulus, the SOM undergoes a two-step learning process, involving a competitive and a 

cooperative learning phase (van Hulle, 2012). In the competetive phase, the neuron with the 

greatest activation is selected as the "winner," as it is the neuron which most accurately 

represents the stimulus (Tillmann et al., 2000). This most-representative neuron strengthens its 

connection weights to the active inputs and weakens its connections with the inactive input 

neurons. In essence, this process adjusts the winning neuron to be even more responsive to that 

stimulus in the future (Tillmann et al., 2000). Consider what will occur if the same stimulus is 

encountered again later. Because the connection weights have been increased between the most 

representative neuron and the pitches of the stimulus in question, that neuron will now receive 

even greater activation in response to the stimulus than it did during the previous occurrence. In 

this manner, neurons in the map layer gradually become "attuned" to certain stimuli. In the 

context of music, this means that neurons in the map layer will learn to respond to commonly 

encountered pitch sequences in the music to which they are exposed. This attunement to 

common groups of pitches gives the model the ability to extrapolate the underlying keys of the 

music, as musical keys are, simply put, commonly used groups of pitches. Through repeatedly 

increasing the responsiveness of certain map-layer neurons to the same pitch sequences, these 

neurons become highly responsive to the keys those sequences are derived from (Tillman et al., 

2000). For example, if songs commonly contained the pitches {A, B, C, D, E, F, G} (i.e. songs 



MODELING OF MUSICAL ENCULTURATION   40 
 

written in the key of C major), one of the map neurons would entrain to activate strongly in 

response to A, B, C, D, E, F, and G by increasing the strength of its connections with the input 

neurons for these pitches and decreasing the strength of all others. Hence, this neuron would 

encode C major, in that it would selectively activate in response to the pitches of that key. 

In the cooperative learning phase, all neurons within a certain proximity, or 

"neighborhood," of the winning neuron (proximity is determined by distance along the two-

dimensional grid of map neurons) also strengthen their connections to active inputs and weaken 

their connections to inactive ones (Tillmann et al., 2000). The size of the neighborhood decreases 

over time, as the model is trained (van Hulle, 2012). This cooperative phase is the feature that 

gives self-organizing maps their name. The adjustment of entire neighborhoods of neurons 

serves to tune whole regions of the map towards different input combinations. This process 

naturally organizes the map, such that neurons in proximity to one another will become attuned 

to similar or related stimuli. This organization is noteworthy in the context of human learning 

because of the prevalence of topographic maps in the structuring of the brain, particularly in the 

sensory cortices (van Hulle, 2012). Through extensive exposure to a range of stimuli, the model 

gradually converges on a structural representation that encodes the patterns among stimuli as 

accurately as possible. 

In order to map out which neurons have become tuned to each key, chord, etc., one can 

simply activate the input neurons corresponding to all pitches of that particular element 

(Tillmann et al., 2000). For example, to determine which neuron has become tuned to the key of 

C major, one might set the activation level of the pitches belonging to that scale – {C, D, E, F, G, 

A, B} – to 1, and the activation level of the remaining pitches to 0. Whichever neuron in the map 

is activated most strongly by this stimulus is the neuron that has best attuned to the key of C 
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major. This neuron is referred to as the “representative unit” for C major. By performing this test 

for each key, one can locate all representative units and reveal how the SOM positioned all 

scales. 

Self-organizing maps have been taught Western melodic structure in studies by both 

Toiviainen and Krumhansl (2003) and Tillmann, Bharucha, and Bigand (2000). Toiviainen and 

Krumhansl (2003) trained a two-layer SOM by exposing it to the 24 Western major and minor 

scales. Through this exposure, the neurons of the second layer naturally attuned themselves to 

the 24 different keys, with related keys being represented by neurons in close proximity to one 

another (Toiviainen & Krumhansl, 2003). Notably, the organization of the resulting map 

recreated almost perfectly the spatial mapping of key relationships produced in the classic study 

by Krumhansl and Kessler (1982). 

Tillmann et al. (2000) developed a more complex, three-layer map based on the three 

layers of the Bharucha (1987) model (tones, chords, and keys). They first exposed the model to 

repetitions of each of the twelve major and twelve minor chords, in order for the second layer of 

the model to develop a mapping of harmony. Once the second layer had learned to recognize the 

24 chords, they trained the third layer by exposing the model to six-chord sets, which contained 

three major and minor chords from a single major scale, in order to simulate the chords that 

might be heard together in a melody. By learning the patterns regarding which chords can be 

used together in context, the SOM's third layer was able to extrapolate the membership of chords 

within each musical key, ultimately arranging itself into the circle of fifths (Tillmann et al., 

2000), as illustrated in Fig. 4. 

Although these two models learned the structural aspects of Western music, it should be 

noted that neither the Toiviainen and Krumhansl (2003) model nor the Tillmann et al. (2000) 
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model was trained on authentic melodies. Rather, they were trained on the syntactic units 

themselves, with the intention of making the syntax as easy to learn as possible. It must also be 

noted that the order in which Western melodic features were trained in the Tillmann et al. (2000) 

model is inconsistent with the developmental literature. As demonstrated by Trainor and Trehub 

(1994), children actually learn to recognize keys before harmony, whereas Tillmann et al. (2000) 

trained their model to recognize chords before keys. These issues will be addressed in the 

methodology of the present study, in an effort to improve the ecological validity of our own 

models. 

                           

Figure 4. The circle of fifths (left), as compared to the final state of an SOM (right). From Tillmann et al. (2000). 

The circle of fifths maps the 12 major keys of Western music onto a circle, with proximity indicating the degree of 

overlap between the chords used in the keys. 

 We have opted to use self-organizing maps in the present study, primarily for the 

usefulness of their natural topography in providing a clear visual representation of the 

relationships learned by the model. As the chords and keys that the model recognizes as similar 

will cluster together within the map, an SOM will inherently generate a visualization of the 

syntactic structure it has learned. A visual representation such as this allows us to easily compare 

the structure of the model to actual theoretical structures from music theory, such as the circle of 

fifths (as in Tillmann et al., 2000). Additionally, because we will be training some of our models 

on multiple musical systems, the SOM's topographic mapping will be critical in analyzing how 
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the melodic syntax of multiple cultures may be represented in a single neural structure. N-gram 

models, such as those of Pearce et al. (2010) and Pearce and Wiggins (2012), are best suited for 

learning specific pitch sequences. This might make n-gram models superior to SOMs for 

learning the characteristic sequences of different rāgas, for instance, but less suited for learning 

the unordered pitch sets of musical keys. The connectionist models of Bharucha and Stoeckig 

(1986) and Bharucha (1987) are useful for generating melodic expectancies and simulating 

perceptual priming effects, but do not simulate the musical enculturation process itself. Hence, 

SOMs are the optimal choice for investigating our questions of multicultural learning. 

Introduction to the Present Study 

Selections of musical cultures. The present study investigated musical enculturation 

through the Western, Chinese, and Hindustani systems. These systems were chosen for several 

reasons. First, the melodic structure of Hindustani music has been well-established by scholars, 

and has been featured in multiple prior studies of musical enculturation (e.g. Bharucha, 1987; 

Rohrmeier and Widdess, 2012). Second, extensive collections of music from each of the three 

cultures are readily available for use in training the model (Bor et al., 1999; Schaffrath, 1995). 

The Essen Folksong Collection (Schaffrath, 1995) contains thousands of Chinese and Western 

folk songs, while Bor et al.'s (1999) book, The Raga Guide, contains an extensive survey of 

various transcribed interpretations of 74 different Hindustani rāgas. Finally, the fact that Chinese 

and Western music use the same set of pitches, while Hindustani music can be collapsed onto the 

same pitch set, will simplify the construction of cross-cultural SOMs, in that all three cultures 

may utilize the same set of twelve pitch-input units. 

Goals and hypotheses. The present study addressed three missing elements in the 

literature on implicit musical learning. The first is a limitation raised by Trainor and Corrigall 
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(2010), who noted that little research has been conducted to demonstrate how non-Western 

infants and children might acquire their native musical systems. Childhood development studies 

such as those of Trainor and Trehub (1992, 1994) have only been conducted on Western 

participants, and the question remains as to whether non-Western children learn other musical 

systems in a similar timeframe to Western children. The first experiment in the present study 

investigated this question by using self-organizing maps to learn the melodic syntax of 

Hindustani and Chinese music, in addition to Western music, each of which were trained 

independently from one another. This procedure simulated the learning processes of children 

growing up listening to Western, Chinese, or Hindustani music, and produced topographical 

mappings that demonstrate how the structures of these systems may be internalized in a neural 

network. It is important to note that the experiments conducted focused only on key-learning, to 

the exclusion of more complex syntactic features such as harmony and rāga structure, due to 

limitations in the training datasets2 and in order to simplify statistical and structural analyses. 

Based on the success of Tillmann et al.’s (2000) similar models, it was hypothesized that 

(H1) the self-organizing maps would show a large and significant increase in the accuracy of 

their encodings of their native culture's scales over the course of training. (H2) The topographic 

map was expected to arrange its native keys into the circle of fifths when exposed to Western 

music, as observed in Tillmann et al. (2000), the circle of thāts when exposed to Hindustani 

music, and an analogous structure when exposed to Chinese music. (H3) The model was 

predicted to perform slightly less accurately for Hindustani music than for Western and Chinese 

music, due to rāgas often using different scales for ascending and descending sequences (Bor et 

                                                 
2 The Western training set was based on the Essen Folksong Collection (Schaffrath, 1995), the songs of which do 
not include chords or harmonies (though implied harmonies may be present). Transcriptions of Hindustani rāgas are 
few in number, and the transcriptions present in Bor et al.'s (1999) The Raga Guide only include one example 
performance of each rāga. It is unlikely the model would have been able to learn the intricacies of rāga structure 
based on only one example performance of each. 
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al., 1999). This makes Hindustani music more variable than Western and Chinese music in its 

adherence to keys, which might obscure its underlying scales. 

The second question addressed by the present study is whether children may be able to 

successfully acquire the scales of multiple musical systems if exposed to them from a young age. 

Again, research on childhood musical learning has focused exclusively on Western children 

learning Western culture (Trainor & Corrigall, 2010; Trainor & Trehub, 1992, 1994). We tested 

this question by exposing self-organizing maps to music from multiple cultures simultaneously, 

representing infants or children experiencing the same. It was hypothesized that (H4) the models 

would be able to learn the syntax of Western, Chinese, and Hindustani music in any combination 

at a level of accuracy comparable to learning one culture alone, although there is little empirical 

support for or against childhood multicultural learning. This prediction was made on the 

assumption that learning multiple cultures primarily involves learning extra syntactic elements – 

in this case, the scales of two or three cultures instead of one. Under this conception, learning the 

twelve Western major keys and the twelve Chinese keys should be no more difficult than 

learning all 24 Western major and minor keys. Such a result would suggest that children could 

acquire multiple musical systems if exposed to more than one. Alternatively, it may be the case 

that exposure to too many musical modes might make the task of learning too complicated. For 

example, a child or model exposed to both Western and Chinese music would need to recognize 

the distinction between the Chinese pentatonic keys and Western heptatonic ones (e.g. 

distinguish Chinese C, {C, D, F, G, A}, from Western C major, {C, D, E, F, G, A, B}). It was 

additionally investigated how multiple cultures were encoded and represented within a single 

model, and whether similar scales cross-culturally were clustered together on the topographical 

map (e.g. Bilaval, Chinese C, and the C major scale). 
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The final gap in the literature which the present study sought to address is whether adults 

can naturally acquire the syntax of a novel musical system with sufficient exposure. As noted 

previously, past research is inconclusive as to whether musical enculturation is possible in adults, 

though initial evidence suggests that it is (Castellano et al., 1984; Rohrmeier et al., 2011; 

Rohrmeier & Widdess, 2012). To test this hypothesis further, we exposed self-organizing maps 

to music from an unfamiliar culture, after they had already acquired the scale structure of a 

different musical system. This simulation models an adult, who already has extensive implicit 

knowledge of one culture's music, listening to music from a novel culture. Based on evidence 

from Rohrmeier et al. (2011) and Rohrmeier & Widdess (2012), it was hypothesized that (H5) 

the models would reach a similar level of accuracy for the scales of any newly introduced system 

as they would reach having encountered that system first. Such a result would be consistent with 

Rohrmeier and colleagues’ findings, in which adults were able to implicitly recognize melodic 

structure in both artificial (Rohrmeier et al., 2011) and real musical cultures (Rohrmeier & 

Widdess, 2012). It was additionally investigated how preexisting knowledge of one system 

affected the learning of a new system, and precisely how the SOMs would adjust their 

organization to accommodate new systems. One might expect the learning of certain keys to be 

facilitated by previous exposure to a similar key from one's native culture. Again, we may cite 

the example of thāt Bilaval and the key of C major being roughly identical. Therefore, an SOM 

trained on Western culture will already be partially attuned to Bilaval, and should therefore learn 

it more quickly when exposed to Hindustani music, compared to a previously untrained SOM 

experiencing the scale for the first time. 

Through these experiments, we hoped to provide evidence to help answer long-standing 

questions in the field of implicit musical learning. The use of computational modeling allows us 
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to simulate studies that would be otherwise infeasible to carry out. The selection of a self-

organizing map as our model allows us to construct clear visualizations of the internal neural 

structures which could be used to represent the melodic syntax of diverse musical systems. Our 

findings will produce evidence for or against the learning of multiple musical systems in both 

children and adults. 

Experiment 1 

 Experiment 1 used self-organizing maps to simulate musical enculturation in both 

Western and non-Western children. SOMs were trained on collections of traditional Western, 

Chinese, or Hindustani music, and the accuracy of their learning was studied and compared. The 

primary goal of this experiment was to investigate how the process of musical enculturation may 

differ cross-culturally. Based on previous findings in childhood musical enculturation by Trainor 

and Trehub (1992, 1994), it was hypothesized that the scales from each of the three cultures 

would be learnable from those cultures’ music alone. Furthermore, it was predicted that 

Hindustani learning, due to its greater variability, would be more difficult and would produce 

lower accuracy scores than would Western or Chinese learning. It was also predicted that the 

models would spatially organize the scales from each culture into mappings of the circle of fifths 

and its non-Western equivalents, consistent with the findings of Tillmann et al. (2000). 

Method 

Design 

A 3 (training condition) x 2 (initial/final) x 3 (test system) mixed factorial design was 

used for Experiment 1. Self-organizing maps were trained in one of three cultural conditions: 

Western [W], Hindustani [H], or Chinese [C]. Training condition was manipulated as a between-

subjects variable, with ten models trained in each of the three conditions. Two tests of accuracy – 
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one that assessed whether the pitches of each key were encoded correctly, and one which 

assessed the responsiveness of the model to musical scales – were performed on the model both 

before and after training. Each model, regardless of training condition, was tested on all three 

systems, and was given a separate accuracy test for each system. 

Materials 

The model. The self-organizing maps used in the present study were built from those 

provided in the publically available Python library, SOMPY (Dickerson, 2008). The model 

implementation from SOMPY was modified to operate as described in the procedure. 

Musical training sets and stimuli. Collections of Western, Chinese, and Hindustani 

music were gathered from the Essen Folksong Collection (Schaffrath, 1995) and Bor et al.'s 

(1999) book, The Raga Guide. The Essen Folksong Collection is an online database containing 

transcriptions of thousands of songs from African, American, Chinese, and European musical 

traditions, as compiled by Helmut Schaffrath between 1982 and 1994 (Schaffrath, 1995). The 

Raga Guide (Bor et al., 1999) is a textbook containing a detailed discussion of 74 modern 

Hindustani rāgas, with partially transcribed performances of each. The Western training set was 

comprised of 66 randomly selected German3 folksongs from the Essen Collection (Schaffrath, 

1995), with the following restriction: The songs were entirely composed in one of the twelve 

Western major keys. That is, the songs must contain the seven pitches defined by one of the 

twelve major keys, and must include only those seven. Out of 5,114 German folksongs acquired 

from the Essen Collection, 840 (16.4%) were excluded due to including eight or more distinct 

pitches. 1,759 (34.4%) were excluded for using six or fewer distinct pitches. An additional 173 

songs (3.4%) were excluded for following non-diatonic scales. Songs written in minor keys (N= 

                                                 
3 German folksongs comprise the vast majority of the Western music in the Essen Collection, and therefore were 
used to represent Western musical culture in the present study. 
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499, 9.8%) were excluded for two reasons. First, representing all 24 major and minor keys in a 

collection of only 66 songs would have created an issue of data sparsity, such that no key could 

be represented by more than three songs. Second, the inclusion of minor keys would have 

complicated accuracy testing due to major keys and their relative minors containing the same 

sets of seven pitches. After applying these restrictions and eliminating one additional song (< 

0.1%) due to errors in its data file, 1,842 songs (36.0%) remained. The distribution of keys 

among these songs can be viewed in Table 1. Note that only nine of the twelve major keys were 

represented in the Essen Collection. As a result, the keys of B major, D-flat major, and F# major 

were excluded from all analyses in the present study. Out of these remaining songs we gathered a 

random sample of 66, ensuring to roughly maintain the distribution of keys among them, while 

also guaranteeing that less common keys (e.g. A-flat major) were not dropped from the training 

 

set. The distribution of keys in the final Western training set can be found in Table 2. Note that 

the number 66 was chosen to match the size of the Hindustani collection, as explained below. 

KEY COUNT % OF TOTAL

A 5 7.6

B- 6 9.1

C 10 15.2

D 5 7.6

E- 4 6.1

E 4 6.1

F 13 19.7

G 15 22.7

A- 4 6.1

Total 66

KEY COUNT % OF TOTAL

A 94 5.1

B- 173 9.4

B 0 0.0

C 329 17.9

D- 0 0.0

D 115 6.2

E- 70 3.8

E 32 1.7

F 456 24.8

F# 0 0.0

G 555 30.1

A- 18 1.0

Total 1842

Table 1. The distribution of keys among all 
valid Western songs in the Essen Collection. 

Table 2. The distribution of keys among 
the 66 Western songs used for training. 
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 The Chinese training set consisted of 66 randomly selected folksongs from the Han 

Chinese subset of the Essen Collection (Schaffrath, 1995). As in the Western training set, songs 

were required to include all five pitches of their key within their melody, and only those five. 

Out of the 1,222 Han Chinese songs acquired from the Essen Collection, 485 (39.7%) were 

excluded for using more than five unique pitch classes. Similarly, 94 (7.7%) were excluded for 

using fewer than five distinct pitches. An additional 23 songs (1.9%) were removed for not using 

one of the traditional twelve Chinese keys. Finally, two songs (0.2%) were eliminated because of 

errors in their files. A random sampling of 66 of the remaining 618 songs was taken as the 

training set, while roughly maintaining the proportional distribution of keys among the dataset 

without under-representing less common keys.4 The distribution of keys among all 618 songs 

and the selected 66 are listed in Tables 3 and 4, respectively. Note that, as with the Western 

collection, only nine of the twelve keys were well-represented in the Essen Collection. The 

Chinese keys of C#, F#, and G# were therefore excluded from all analyses in the present study. 

                                                 
4 It should be noted that the Chinese key of F# was intentionally dropped from the training set, as only two songs in 
the Essen Collection were composed in F#. 

Table 3. The distribution of keys among all 
valid Chinese songs in the Essen Collection. 

KEY COUNT % OF TOTAL

A 81 13.1

A# 20 3.2

B 24 3.9

C 85 13.8

C# 0 0.0

D 129 20.9

D# 10 1.6

E 81 13.1

F 72 11.7

F# 2 0.3

G 114 18.4

G# 0 0.0

Total 618

KEY COUNT % OF TOTAL

A 8 12.1

A# 3 4.5

B 4 6.1

C 9 13.6

D 12 18.2

D# 3 4.5

E 8 12.1

F 8 12.1

G 11 16.7

Total 66

Table 4. The distribution of keys among 
the 66 Chinese songs used for training 
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 The Hindustani training set consisted of the transcribed performances of 66 of the 74 

rāgas in The Raga Guide (Bor et al., 1999). Seven rāgas (9.5%) were excluded for not following 

any of the ten predominant thāts. Tilang, the shortest rāga transcription in terms of the number of 

notes played, was additionally removed in order to produce an even count of 66 songs. No 

restrictions were made regarding whether rāgas must perfectly follow a single thāt, as rāgas 

commonly follow different scales for ascending and descending sequences, respectively (Bor et 

al., 1999). Twelve rāgas (18.2% of the training set) drew from two separate thāts, with the other 

54 following only one. The distribution of thāts across the training set can be found in Table 5. 

 
 Each song selected for one of the three training sets was then tokenized into stimuli for 

the model. Each song was divided into frames, with one frame corresponding to each eight-note 

sequence within the melody. For example, the first frame of each song contained the first 

through eighth note, the second token contained the second through ninth note, and so forth. 

Accordingly, the final frame contained the final eight notes of the melody. Eight was selected as 

the frame width, as a conservative estimate of the human memory span for melodic sequences. 

Previous estimates have placed the span of musical short-term memory anywhere between seven 

Table 5. The distribution of thāts among the 66 Hindustani rāgas. Rāgas composed purely in one key are 
listed separately from those composed in multiple keys. Percent values are given out of 66, with multi-
key rāgas being counted in multiple categories. Percentages therefore sum to greater than 100%. 

THĀT COUNT (PURE) COUNT (MIXED) COUNT (TOTAL) % OF TOTAL*

Bilaval 7 9 16 24.2

Khamaj 4 7 11 16.7

Kafi 11 2 13 19.7

Asavari 4 0 4 6.1

Bhairavi 3 0 3 4.5

Kalyan 8 2 10 15.2

Todi 4 0 4 6.1

Purvi 4 1 5 7.6

Marva 5 1 6 9.1

Bhairav 4 2 6 9.1
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Figure 5. Example frames for encoding the melody CBCAGAGFECBC. Activation levels of all pitches drop by 0.125 
with each consecutive frame, with the most recently encountered pitch set to the maximum activation of 1. 

SEQUENCE: CBCAGAGFECBC
CBCAGAGFE…

A = 1 A# = 2 B = 3 C = 4 C# = 5 D = 6 D# = 7 E = 8 F = 9 F# = 10 G = 11 G# = 12

0.625 -1 0.25 0.375 -1 -1 -1 1 0.875 -1 0.75 -1

...BCAGAFEC…
A = 1 A# = 2 B = 3 C = 4 C# = 5 D = 6 D# = 7 E = 8 F = 9 F# = 10 G = 11 G# = 12

0.5 -1 0.125 1 -1 -1 -1 0.875 0.75 -1 0.625 -1

…CAGAFECB…
A = 1 A# = 2 B = 3 C = 4 C# = 5 D = 6 D# = 7 E = 8 F = 9 F# = 10 G = 11 G# = 12

0.375 -1 1 0.875 -1 -1 -1 0.75 0.625 -1 0.5 -1

…AGAFECBC
A = 1 A# = 2 B = 3 C = 4 C# = 5 D = 6 D# = 7 E = 8 F = 9 F# = 10 G = 11 G# = 12

0.25 -1 0.875 1 -1 -1 -1 0.625 0.5 -1 0.375 -1

and fifteen notes in length (Berz, 1995). Each frame was represented as a twelve-item array, with 

each of the twelve items corresponding to the "activation level" of one of the twelve pitch classes 

at that point in time. At each time step the activation of the most recently heard pitch is set to 1 

and all eleven other pitches are reduced in activation by 0.125, to a minimum of -1. Therefore, 

the activation of a pitch will return to zero if it is not re-encountered within an eight-note span. 

Negative values represent the neural inhibition of pitches that have not recently been 

encountered. Several example frames are illustrated in Fig. 5. Each song, then, is represented by 

a series of such frames which trace the activation levels of all twelve pitch units over the course 

of the song. 

Software and data collection. All simulations and data preprocessing were conducted 

using Python 2.7. Statistical analyses were performed using SPSS, version 21.0. 

Procedure 

 Models consisted of an input layer containing one unit for each of the twelve pitch 

classes and one map layer containing 900 units arranged in a 30x30 grid. All twelve input units 
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were connected to each of the 900 map-layer units with random connection strengths between -1 

and 1. The initial learning rate was set to 0.25, and the initial radius of the neighborhood was set 

to 30. These initial parameters were selected after pre-testing revealed them to produce relatively 

successful models, though a range of learning rates and radii would have been effective. On each 

training trial the model was exposed to all frames, in order, of a song from its culture's training 

set. The order in which melodies were presented was randomly determined at the beginning of 

each cycle through the set, with all melodies being encountered exactly once per cycle. The 

learning rate and neighborhood size were reduced after every cycle, reaching their minimum 

values (.0025 and 1, respectively) on the 51st and 66th cycle, respectively. The training process 

consisted of 100 cycles through all songs of the training set, for a total of 6,600 trials for a given 

system. 

 Before beginning the training process, the model was scored in its initial state, based on 

the pitch- and activation-based accuracy scores defined below. Accuracy measures were 

conducted for all three cultures, not just the model’s assigned training culture. The training phase 

then commenced. 

 Upon exposure to each frame of a given melody, the activation levels of the twelve input 

units were set equivalent to the twelve values denoted in the frame's array. The activation of each 

map unit was calculated by summing the incoming activation from all twelve input units, defined 

by the equation: 

                    
       (2) 

where a(n) is the activation of map unit n, a(i) is the activation of the input unit for pitch class i, 

and w(i,n) is the strength of the connection between units i and n. The most highly activated unit 

was selected as the winner. The neighborhood of the winning unit was defined using the 
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chessboard distance along the grid of map units. For example, a neighborhood size of three 

would include the three units to the left of the winning unit, the three units to the right, three 

units above and below, and three units diagonally in every direction. The winning unit and all 

units in its neighborhood had their connection strengths scheduled for increase or decrease, in 

accordance with the following learning function: 

                                  (3) 

where w(i,n) is the strength of the connection between unit n and input unit i, a(i) is the 

activation level of i, η is the learning rate, d is the chessboard distance from unit n to the winning 

unit, r is the current neighborhood size, and t is the current cycle number. Put simply, this 

function increases the connection strengths of active input units and decreases those of inactive 

input units. The exponent reduces the effect of learning on neighboring units, the further they are 

from the winning unit. The decrease in learning rate over time causes changes in connection 

strengths to occur less rapidly later on in training. This slowing, in conjunction with the 

decreasing neighborhood size, allows the model to fine-tune its representation as the training 

process advances. 

Note that no actual changes to the connections were made while the frames of a song 

were being read. Rather, after every frame of the song had been processed, all of the scheduled 

connection updates were made simultaneously. Connection strengths were not allowed to exceed 

1 (maximum excitatory connection), nor fall below -1 (maximum inhibitory connection). Once 

all updates had been made, the next song was presented to the model. 

 After the 100th training cycle, the model was given a final accuracy test for each of the 

three systems. The strengths of all connections between input and map units were also recorded, 
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for use in analyzing the organization of the map. All accuracy and connection weight data was 

saved to a log file and the program was terminated. 

Accuracy Measures 

 Pitch accuracy. The first measure of accuracy sought to capture the percentage of scale 

pitches correctly encoded by the model. To calculate the model's pitch accuracy for a given 

culture, each scale from that culture was input into the model. The input units for the pitch 

classes that should be present in that key were set to their maximum activation level of 1, and the 

input units for the pitch classes that should not be present in that key were set to their minimum 

level of -1. The maximally activated map unit was located and labeled as the representative unit 

for that scale. The connection between the twelve pitch input units and the representative unit 

were compared against the perfect representation of that scale, i.e. a connection of 1 for pitches 

in the key and a connection of -1 for pitches not in the key. A pitch was considered to be 

"included" by a map unit if the connection strength between that pitch's input unit and the map 

unit was equal to a threshold of 0.9 or greater. Similarly, a pitch was considered "excluded" by a 

map unit if its connection with that pitch was equal to or below a threshold of -0.9. Each pitch in 

each scale was checked for correct inclusion or exclusion in the map's representation of that 

scale. The percentage of pitches correctly encoded across all scales from a given culture was 

taken as the overall pitch accuracy for that system. For example, a pitch score of 80% for a music 

system with ten keys would indicate that 96 of the 120 pitches across those ten keys were 

correctly included or excluded by the model's representative units. 

 Activation level. The second measure of accuracy, activation level, sought to capture the 

model’s level of responsiveness to scales from a given culture, and provided a continuous 

measure of accuracy, in contrast to the categorical, threshold-based scoring of pitch accuracy. 

Conceptually, this measure can be thought of as the model’s ability to recognize scales when it 
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encounters them. As in the calculation of pitch accuracy, each scale's most representative map 

unit was located by inputting scales to the model as input and identifying the most heavily 

activated units in response. The maximum possible activation level of a representative unit in 

response to its corresponding scale was 12, which would occur only if all twelve connection 

strengths perfectly matched the ideal representation of that scale. The percent activation level of 

each representative unit was, therefore, calculated as: 

    

  
      

where a(r) is the activation level of the representative unit in response to its scale and 12 is its 

maximum possible activation. The model’s overall activation level score for a musical system 

was calculated as the average activation of its representative units in response to their 

corresponding scales. For example, an activation score of 80% for a system would indicate that 

the average activation was equal to 9.6 (80% of the maximum average, 12). 

Results 

Topographical Organization 

 The organization of the models’ topographical maps was analyzed through the use of 

multidimensional scaling (MDS). The goal in using MDS was to generalize the maps of all ten 

models in a cultural condition into a single map. For each model, the location of the unit 

representing each of the scales in the model’s assigned culture was located, in the same manner 

as during accuracy testing. After locating all relevant scales on the map, the chessboard distance 

between each pair was calculated. The distance values from all ten models within a condition 

were then averaged to create a generalized distance matrix for that condition as a whole. 

Multidimensional scaling was then run on this matrix, in order to create the generalized map for 

models in that condition. These maps spatially represent the relationships between keys, as they 



MODELING OF MUSICAL ENCULTURATION   57 
 

were learned by the models. Analysis of these maps contributes to an understanding of how the 

models encoded each culture. 

Western condition. The results of running MDS on the models in the Western condition 

are presented in Fig. 6. The stress value5 was .038 for a two-dimensional solution. The 

organization developed by the models resembles the circle of fifths with A and E major reversed 

in their positions. Furthermore, B-flat and E-flat are both placed evenly between F and A-flat, 

whereas B-flat should fall closer to F and E-flat closer to A-flat. It additionally appears that G 

and D major may have been collapsed into a single scale by the model. Note that B, F#, and D-

flat major, which were not tested due to their absence from the training set, should fall in the 

empty space between A-flat and E major. 

Chinese condition. The results of running MDS on the models trained on Chinese music 

are presented in Fig. 7. The stress value was .054 for a two-dimensional solution. The 

organization of Chinese scales in this map can be understood as two half-circles, each of which 

represents part of the circle of fifths. The first is defined by C-G-D-A-E-B, and the second is 

defined by G-C-F-A#-D#. Note that the keys of F#, C#, and G# are not represented here due to 

their absence from the training set. In theory, these three keys should have formed the missing 

link between B and D#, had they been included in the training material. 

Hindustani condition. The MDS results for models trained on Hindustani music are 

presented in Fig. 8. The stress value was .053 for a two-dimensional solution. The topography 

developed by the models precisely replicates the circle of thāts, with all ten scales appearing in  

their proper order. The map additionally includes the empty region between Bhairavi and Todi, 

where the unused eleventh scale would theoretically appear.  

                                                 
5 The stress value represents the quality of the solution, with smaller values reflecting better fit. 
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Figure 6. MDS results for models trained in the Western music condition. 

  

Figure 7. MDS results for models trained in the Chinese music condition. Note that the ‘c’ before each scale name 
serves to distinguish it from the Western scale by the same name. 
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Figure 8. MDS results for models trained in the Hindustani music condition. 
 

Pitch Accuracy 

 A 3 (training condition: Western, Chinese, Hindustani) x 2 (time: initial, final) x 3 (test 

system: Western, Chinese, Hindustani) mixed factorial ANOVA was conducted on the pitch 

accuracy data, to investigate the models’ ability to learn the structure of different musical 

systems. Of particular interest was whether any three-way interaction occurred between all 

factors.6 A significant three-way interaction was, in fact, found between training condition, time, 

and test system, F(4, 54) = 5.71, p = 001,   
  = .30. A set of post-hoc Bonferroni comparisons 

was conducted, in which the least significant difference (LSD) value was 3.13 with p < .05. All 

group means and standard errors are presented in Table 6. 

 

                                                 
6 Main effects and two-way interaction effects were not investigated, due to the critical loss of information caused 
by collapsing across one or more dimensions in this study. 
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Pitch accuracy scores by training condition, test system, and time 

Condition Test System Initial/Final Mean Std. Error 

Western Western Initial 17.41 1.20 

    Final 87.13 0.54 

  Chinese Initial 14.91 0.95 

    Final 89.91 0.54 

  Hindustani Initial 17.83 1.08 

    Final 80.67 0.54 

Chinese Western Initial 16.48 1.20 

    Final 81.57 0.54 

  Chinese Initial 17.69 0.95 

    Final 95.19 0.54 

  Hindustani Initial 16.58 1.08 

    Final 79.00 0.54 

Hindustani Western Initial 16.11 1.20 

    Final 82.78 0.54 

  Chinese Initial 17.13 0.95 

    Final 93.24 0.54 

  Hindustani Initial 15.17 1.08 

    Final 82.75 0.54 
 

Table 6. Mean pitch accuracy scores and standard errors for all groups, as a function of training condition, time, and 
test system. A mean difference of 3.13 or greater indicates significance at a p < .05 level. 
 
 Accuracy for native systems. The first question of interest is whether the models 

improved their performance on their native culture over the course of training (i.e. whether 

significant learning took place). Post-hoc testing showed that the initial score for a model’s 

native system was significantly less than its final score in all conditions (M = 17.41 vs. 87.13 for 

Western; M = 17.69 vs. 95.19 for Chinese; M = 15.17 vs. 82.75 for Hindustani). Furthermore, 

after training, models in the Chinese condition performed better on their native system (M = 

95.19) than did models in the Western (M = 87.13) and Hindustani (M = 82.75) conditions, and 

models in the Western condition performed better on their native system than did those in the 

Hindustani condition. 

 Cross-cultural accuracy. Performance scores from each training condition were also 

compared across all three test systems to investigate how models perform on systems whose 
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music they were not exposed to, as well as those whose music they were. No differences between 

any initial scores were significant, and all final scores were significantly higher than all initial 

scores (see Table 6 for group means), indicating that performance improved on all three systems 

regardless of training condition. After training, models trained on Western music performed 

equally well on Western (M = 87.13) and Chinese (M = 89.91) testing, both of which were better 

than their performance on Hindustani scales (M = 80.67). Models trained on Chinese music 

performed better on Chinese testing (M = 95.19) than on Western (M = 81.57) or Hindustani 

testing (M = 79.00), and performed equally well on Western and Hindustani. Models trained on 

Hindustani music performed better on Chinese testing (M = 93.24) than on Hindustani (M = 

82.75) or Western testing (M = 82.78), and performed equally well on Hindustani and Western. 

Western scales were learned better from Western music (M = 87.13) than from Chinese (M = 

81.57) or Hindustani (M = 82.78) music. Chinese scales were learned equally well from Chinese 

(M = 95.19) and (M = 93.24) Hindustani music, both of which were better than learning from 

Western music (M = 89.91). Hindustani scales were learned equally well in all conditions (W: 

80.67; C: 79.00; H: 82.75). To summarize, a high degree of cross-cultural improvement was 

observed in all training conditions, such that exposure to any culture improved performance on 

all others. 

Activation Level 

The second measure of learning, activation level, reflects the responsiveness of the model 

to a system’s musical scales. As before, a 3 (training condition: Western, Chinese, Hindustani) x 

2 (time: initial, final) x 3 (test system: Western, Chinese, Hindustani) mixed factorial ANOVA 

was conducted on the activation level data. A significant three-way interaction effect was found, 

F(4, 54) = 112.03, p < .001,   
  = .89, and examined further through Bonferroni post-hoc 



MODELING OF MUSICAL ENCULTURATION   62 
 

comparisons in which the LSD was 1.81 at p < .05. All group means and standard errors are 

presented in Table 7. 

Activation levels by training condition, test system, and time 

Condition Test System Initial/Final Mean Std. Error 

Western Western Initial 50.85 0.44 

    Final 78.39 0.92 

  Chinese Initial 51.31 0.48 

    Final 85.44 0.96 

  Hindustani Initial 50.94 0.50 

    Final 66.54 0.78 

Chinese Western Initial 52.08 0.44 

    Final 64.22 0.92 

  Chinese Initial 51.11 0.48 

    Final 93.19 0.96 

  Hindustani Initial 52.49 0.50 

    Final 59.67 0.78 

Hindustani Western Initial 51.38 0.44 

    Final 70.12 0.92 

  Chinese Initial 50.74 0.48 

    Final 89.53 0.96 

  Hindustani Initial 51.63 0.50 

    Final 70.28 0.78 
 
Table 7. Mean activation levels and standard errors for all groups, as a function of training condition, time, and test 
system. A mean difference of 1.81 or greater indicates significance at a p < .05 level. 
 
 Accuracy for native systems. As with pitch accuracy, training produced significant 

increases in activation level in response to the models’ native culture in all three training 

conditions (M = 50.85 vs. 78.39 for Western; W = 51.11 vs. 93.19 for Chinese; M = 51.63 vs. 

70.28 for Hindustani). Again, models trained on Chinese music showed significantly higher 

performance on their native scales (M = 93.19) than did Western- (M = 78.39) or Hindustani-

trained models (M = 70.28) on their own native scales. Additionally, Western-trained models 

performed better on Western testing than Hindustani-trained models performed on Hindustani 

testing. 
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Cross-cultural accuracy. Cross-cultural scores were again compared to examine how 

models performed on cultures they were not trained on. Across all training conditions and testing 

systems, all initial scores were statistically identical and all final scores were higher than all 

initial scores (see Table 7 for group means). Regardless of training condition, models activated 

more strongly in response to scales from all of the three testing systems after training than before 

training. Models trained on Western or Chinese music activated more strongly in response to 

Chinese scales (M = 85.44 and 93.19, respectively) than to Western (M = 78.39 and 64.22, 

respectively) or Hindustani ones (M = 66.54 and 59.67, respectively), and activated more 

strongly in response to Western scales than Hindustani ones. Models trained on Hindustani 

music activated more strongly in response to Chinese scales (M = 89.53) than to Western (M 

=70.12) or Hindustani ones (M = 70.28), and activated equally in response to Western and 

Hindustani scales. Activation in response to Western scales was significantly higher among 

Western-trained models (M = 78.39) than Hindustani-trained ones (M = 70.12), which activated 

significantly more than Chinese-trained models (M = 64.22). Activation in response to Chinese 

scales was significantly higher among Chinese-trained models (M = 93.19) than among 

Hindustani-trained ones (M = 89.53), which activated significantly more than Western trained 

models (M = 85.44). Activation in response to Hindustani scales was significantly greater among 

Hindustani-trained models (M = 70.28) than among Western-trained models (M = 66.54), which 

activated significantly more than Chinese-trained models (M = 59.67). In short, models again 

improved their performance on all cultures, regardless of which culture they were exposed to. 

The Nature of Learned Keys 

 In an attempt to explain the strong cross-cultural performance effects observed in the 

accuracy analyses, an additional investigation was conducted into the nature of the keys that the 
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models were learning. Of particular note were the results showing that Western- and Hindustani-

trained models performed at least as well on Chinese testing as on their own native testing, both 

in terms of pitch accuracy and activation level. The critical concept here is that the model’s unit 

which best encodes a given key (that key’s “representative unit”) is not necessarily a perfect 

encoding of that key. By examining the strengths of the connections between the input units and 

all of the models’ representative units, the pitch sets that were actually encoded by the models 

can be determined. In this analysis, the representative unit for a key was considered to “include” 

a pitch if its connection strength with that pitch’s input unit was at least 0.9 (i.e. if at least 90% of 

the input unit’s activation is passed to the representative unit). So, for example, if a Western-

trained model’s representative unit for the key of C major had the connections: [A: .95, A#: -.99, 

B: .53, C: .99, C#: -.98, D: .85, D#: -.9, E: .97, F: .98, F#: -.9, G: .94, G#: -.63], then its encoded 

key would be considered to be the pentatonic key {A, C, E, F, G}. All models’ representative 

units for their native keys were tested by this criterion to determine the keys that they truly 

encoded. The most common encodings of each key as determined by this method are displayed 

in Table 8. The number of pitches the models successfully encoded for each key is presented in 

Table 9.  

Notably, the majority of Western keys were encoded as groups of six pitches, rather than 

seven. The majority of Hindustani keys were encoded as groups of five pitches. Furthermore, no 

Western or Hindustani-trained models successfully encoded all seven pitches of a Western or 

Hindustani key, and no models failed to encode at least three pitches of each native key. Due to 

this encoding of Hindustani keys as sets of five pitches, some were actually encoded as being 

identical to Chinese keys. For example, the most common encodings of Bilaval, Khamaj, and   
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The most common encodings of all keys 
 Name Key Learned Encoding Count 

Western       

A {A, B, C#, D, E, F#, G#} {A, B, C#, E, F#, G#} 7 

B-flat {A, A#, C, D, D#, F, G} {A, A#, C, D, F, G} 6 

C {A, B, C, D, E, F, G} {A, B, C, D, E, G} 8 

D {A, B, C#, D, E, F#, G} {A, B, D, E, F#, G} 9 

E-flat {A#, C, D, D#, F, G, G#} {A#, C, D, D#, F} 3 

E {A, B, C#, D#, E, F#, G#} {A, B, C#, E, F#, G#} 7 

F {A, A#, C, D, E, F, G} {A, C, D, E, F, G} 7 

G {A, B, C, D, E, F#, G} {A, B, D, E, F#, G} 7 

A-flat {A#, C, C#, D#, F, G, G#} {A#, C, C#, D#, G#} 2 

Chinese       

A {A, B, D, E, F#} {A, B, D, E, F#} 9 

A# {A#, C, D#, F, G} {A#, C, D#, F, G}; {A#, C, D#, F} 4* 

B {B, C#, E, F#, G#} {B, C#, E, F#, G#} 9 

C {A, C, D, F, G} {A, C, D, F, G} 5 

D {A, B, D, E, G} {A, B, D, E, G} 7 

D# {A#, C, D#, F, G#} {A#, C, D#, F} 6 

E {A, B, C#, E, F#} {A, B, C#, E, F#} 9 

F {A#, C, D, F, G} {A#, C, D, G} 5 

G {A, C, D, E, G} {A, C, D, E, G} 4 

Hindustani       

Bilaval {A, B, C, D, E, F, G} {A, C, D, E, G} 3 

Khamaj {A, A#, C, D, E, F, G} {A, A#, C, D, F, G}; {A, C, D, E, G} 2* 

Kafi {A, A#, C, D, D#, F, G} {A#, C, D, F, G} ; {C, D, D#, F, G} 2* 

Asavari {A#, C, D, D#, F, G, G#} {A#, C, F, G, G#} 4 

Bhairavi {A#, C, C#, D#, F, G, G#} {C, C#, D#, G, G#}; {A#, C, D#, F, G, G#}; {A#, C, F, G, G#} 2* 

Kalyan {A, B, C, D, E, F#, G} {A, C, D, E, G} 4 

Todi {B, C, C#, D#, F#, G, G#} {C, C#, D#, G, G#} 2 

Purvi {B, C, C#, E, F#, G, G#} {B, C, C#, E, F#, G#}** 1** 

Marva {A, B, C, C#, E, F#, G} {A, B, C#, E, F#} 5 

Bhairav {B, C, C#, E, F, G, G#} {C, C#, G, G#}; {B, C, C#, E, F} 2* 
 
Table 8. Listings of the most common forms in which the models encoded each key. Single asterisks (*) indicate 
that multiple encodings were equally prevalent, each occurring the number of times indicated in the rightmost 
column. Double asterisks (**) indicate that all ten models native to the culture in question encoded the key 
differently. In this case, only the most accurate encoding is shown. 
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Numbers of pitches encoded for each key 
  

NAME 
7 
Pitches 

6 
Pitches 

5 
Pitches 

4 
Pitches 

3 
Pitches 

Western           

A 0 7 2 1 0 

B-flat 0 6 4 0 0 

C 0 10 0 0 0 

D 0 9 1 0 0 

E-flat 0 1 4 4 1 

E 0 7 2 1 0 

F 0 7 3 0 0 

G 0 10 0 0 0 

A-flat 0 1 3 4 2 

% of Total: 0.0 64.4 21.1 11.1 3.3 

Chinese           

A - - 9 1 0 

A# - - 4 6 0 

B - - 9 0 1 

C - - 5 3 2 

D - - 7 1 1 

D# - - 2 6 2 

E - - 9 0 1 

F - - 0 9 1 

G - - 4 4 2 

% of Total: - - 54.4 33.3 11.1 

Hindustani           

Bilaval 0 3 7 0 0 

Khamaj 0 4 5 1 0 

Kafi 0 3 5 2 0 

Asavari 0 3 6 1 0 

Bhairavi 0 3 6 1 0 

Kalyan 0 0 9 1 0 

Todi 0 0 6 3 1 

Purvi 0 1 5 3 1 

Marva 0 1 7 1 1 

Bhairav 0 0 4 6 0 

% of Total: 0.0 18.0 60.0 19.0 3.0 
 
Table 9. Listings of the number of pitches models encoded from each of their native keys. No models encoded fewer 
than three pitches from any of their native keys, and no models falsely encoded any pitches as being present in a key 
they were not actually present in. Furthermore, no models successfully encoded all seven pitches of a Western or 
Hindustani key. 
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Kalyan were all {A, C, D, E, G}, which is identical to the Chinese key of G. One of the most 

common encodings of Kafi was (A#, C, F, G, G#}, which is identical to the Chinese key of F. 

Finally, the most common encoding of Marva was {A, B, C#, E, F#} – identical to Chinese E. In 

cases such as these, the encodings of Hindustani keys are incidentally closer to Chinese keys 

than to the Hindustani keys they represent. This leaves the potential for Hindustani-trained 

models to perform better on Chinese tests than on Hindustani tests. 

Similarly, the fact that most Western keys were encoded as six pitches resulted in the 

most common encodings of most Western keys being only one pitch off of at least one Chinese 

key. The encoding of A major as {A, B, C#, E, F#, G#} is one pitch away from Chinese B and E. 

B-flat major’s {A, A#, C, D, F, G} is one pitch off from Chinese C and F (and, in fact, Khamaj 

and Kafi, as well). C major encoded as {A, B, C, D, E, G} is one away from Chinese D and G 

(and Bilaval and Kalyan), and so forth. In these cases, the encodings of Western scales are one 

pitch off, both from the Western keys they represent and from one or more Chinese scales. In 

some cases, they are one pitch away from Hindustani keys, as well. This bears the potential to 

make Western-trained models perform comparably on Western, Chinese, and Hindustani tests. 

Discussion 

Map Organization 

 As predicted, Western-trained models organized the nine Western major keys included in 

the dataset into an approximation of the circle of fifths. Three disparities were observed – 

specifically, the reversal of A and E, the collapsing of G and D major, and the placement of B-

flat and E-flat an equal distance between F and A-flat. As observed in the analysis of how the 

models encoded each key, the most common encodings of A and E major were identical ({A, B, 

C#, E, F#, G#}), as were those of G and D major ({A, B, D, E, F#, G}). This phenomenon may 
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have produced these two errors in positioning. The collapse of D major onto G major was likely 

due to the fact that three times as many songs in the training set were written in G major (n = 15) 

as were written in D major (n = 5). The source of the incorrect positioning of B-flat and E-flat is 

less clear, but may have been a result of the variability in the models’ representation of E-flat 

major, demonstrated by the fact that the most common encoding of the key was only produced 

by three models. 

 Interestingly, Chinese-trained models organized the nine Chinese keys involved in the 

present study into two half-circles, each representing part of the Western circle of fifths. A closer 

examination of the pitches contained in each of the Chinese keys reveals that, in fact, they should 

be organized into the same circle used by Western music theorists. Fig. 9 demonstrates this fact 

by showing that, if all twelve of the Chinese keys are organized into the circle of fifths, each 

neighboring pair will differ by only one pitch. Therefore, it would be expected that a 

 
Figure 9. The proposed Chinese circle of fifths. 

topographical map should arrange the Chinese keys in this fashion. The fact that the models 

learned this circle as two separate half-circles likely results from the keys of G#, C#, and F# not 

having been included in training. 

C: {A, C, D, F, G} 

G: {A, C, D, E, G} 

D: {A, B, D, E, G} 

A: {A, B, D, E, F#} 

E: {A, B, C#, E, F#} 

B: {B, C#, E, F#, G#} 

F#: {B, C#, D#, F#, G#} 

C#: {A#, C#, D#, F#, G#} 

G#: {A#, C#, D#, F, G#} 

D#: {A#, C, D#, F, G#} 

A#: {A#, C, D#, F, G} 

F: {A#, C, D, F, G} 
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Models in the Hindustani training condition behaved as expected by accurately mapping 

the ten Hindustani keys into the circle of thāts. This occurred despite most Hindustani keys being 

learned as pentatonic, rather than heptatonic. 

 Overall, these findings are consistent with the findings of Tillmann et al. (2000) and 

Toiviainen and Krumhansl (2003), who found that self-organizing maps were capable of learning 

the circle of fifths when trained on scales, chords, and chord progressions. The current study 

extends the existing literature by demonstrating that equivalent learning is possible with non-

Western musical cultures. Furthermore, we have demonstrated that these music-theoretic 

arrangements can be inferred not only through exposure to scales and chords themselves, but 

through exposure to actual melodies from a musical culture. 

Native System Accuracy 

 As predicted, models in each cultural training condition demonstrated large and 

significant increases in pitch accuracy and activation in response to their native scales over the 

course of training. Also as predicted, Hindustani-trained models demonstrated significantly 

lower accuracy and activation scores than did Western- or Chinese-trained models. Further 

analysis showed that the models tended to encode six out of the seven pitches from Western 

scales, but only five out of the seven pitches from Hindustani scales. Although not predicted, we 

additionally observed higher performance among Chinese-trained models than among Western-

trained models, with Chinese models generally learning four to five out of the five pitches in 

each key. It is probable that Chinese keys were learned better than Western and Hindustani keys 

due to their smaller size. Given that the models used in the present study possessed limited 

memory spans of only eight notes, it would be rare for them to actually encounter all seven 

pitches of a heptatonic key within an eight-note sequence in a melody. All five pitches of a 
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pentatonic key would be more likely to appear in an eight-note sequence than all seven pitches of 

a heptatonic key. We can generalize this property by stating that the fewer pitches there are in a 

key, the more frequently all pitches in that key will be heard together within a person’s memory 

span. Therefore, the key will be easier to learn. Although it may still be possible to learn the 

entirety of a key without hearing all seven of its pitches played together in sequence, the present 

model struggled to achieve this goal. Indeed, the eight-note memory span seems to have been too 

limited to allow Western and Hindustani keys to be learned fully, as no model succeeded in 

encoding more than six pitches of any key. 

 The less accurate learning of Hindustani-trained models relative to Western-trained 

models cannot be accounted for by the sizes of the keys. Rather, this effect likely derives from 

the nature of the music itself. First, each Western song used in training was derived exclusively 

from one key, while the same was not true of the Hindustani songs. As previously noted, rāgas 

frequently draw their pitch sequences from two different thāts, or exclude one or more pitches 

from their parent thāt (Bor et al., 1999). According to Bor et al. (1999), there has even been some 

debate among musicians as to whether rāgas should be classified under a system of thāts – 

whether the idea of underlying keys truly captures the syntactic relations between rāgas. Taking 

this in the context of the present study, the loose adherence of rāgas to thāts likely reduced the 

ability of the models to accurately learn the ten Hindustani scales. 

Cross-Cultural Performance Effects 

 Perhaps the most unexpected finding was the models’ high performance on non-native 

testing. Particularly striking was the fact that Western-trained and Hindustani-trained models 

encoded Chinese keys at least as well as their native keys. An examination of how native keys 

were encoded accounted for this effect with the finding that the learning of Western and 
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Hindustani keys as five to six pitches resulted in some keys being learned as identical or nearly 

identical to Chinese keys. Furthermore, it must be noted that six of the ten Hindustani thāts 

actually contain the same seven pitches as one of the Western major keys. These pairs are the 

following: Kalyan/G, Bilaval/C, Khamaj/F, Kafi/B-flat, Asavari/E-flat, and Bhairavi/A-flat. 

Although the keys in these pairs differ in that all Hindustani scales use C as the tonic and G as 

the fifth, whereas all Western major scales use unique tonics and fifths, they do contain identical 

sets of seven pitches. The significant overlap between these pitch sets means that – at least under 

the present study’s measures of accuracy – performing well on Western key testing means 

performing well on Hindustani key testing, and vice versa. 

 This, of course, raises the question of why so much overlap exists between musical 

systems. Not only do Western and Hindustani culture use six of the same pitch sets, but all 

twelve Chinese keys are equivalent to the twelve Western major keys with their third and 

seventh scale tones removed. For example, the Chinese G scale is G-A-C-D-E, which is 

equivalent to the G major scale, G-A-B-C-D-E-F#, without B or F#. With a total of 792 unique 

heptatonic pitch sets and 792 unique pentatonic pitch sets possible using a system with twelve 

pitch classes, the probability of any of the ten Hindustani keys matching one of the twelve 

Western major keys is: 

    
     

     
 

 

   

       

In other words, we would expect there to be less than a 15% chance of even one single 

Hindustani and Western key being identical. Instead, six of their keys contain identical pitch sets. 

Introduce the overlap between the Chinese and Western keys and it becomes apparent that there 

is some underlying force influencing the melodic structure of all three systems. 
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 In a recent paper, Large, Kim, Flaig, Bharucha, and Krumhansl (2016) have proposed a 

neurodynamic model of music perception which predicts a substantial degree of cross-cultural 

invariance in the perception of tonal stability. Specifically, they propose that the perceived 

consonance and stability of pitches derive from interactions between the firing rates of neurons 

trained to respond to those pitches. When a tone is heard, the neurons that respond to that pitch 

fire at a rate roughly equivalent to the frequency of the tone itself. Therefore, when a person 

hears a set of pitches whose frequencies form small-integer ratios with one another, the firing of 

the neural populations encoding those pitches mode-lock to one another (Large et al., 2016). For 

example, if a perfect fifth of C and G was heard – a frequency ratio of 3:2 – the neurons trained 

to C would synchronize with the neurons trained to G such that the C-trained neurons would 

oscillate precisely three times for every two oscillations of the G-trained neurons. The more 

complex the integer ratio between two tones, the less likely the corresponding neural populations 

will be able to mode-lock in this way. If we consider the pitches in a tritone of C and F# – an 

integer ratio of 45:32 – we can imagine how a synchronization of 45 oscillations of C-trained 

neurons for every 32 oscillations of F#-trained neurons would be less stable than three 

oscillations of C for every two oscillations of G. 

 Human perception of tonal stability therefore is a function of the stability of the neural 

mode-locking that those tones produce (Large et al., 2016). If this is the case, one would predict 

cross-cultural agreement in the stability of groupings of pitches, and may account for the 

universality of consonance/dissonance and octave equivalence (e.g. Brown & Jordania, 2011; 

Trainor, 2005), as well as the similarities between Western and Indian listeners’ perceptions of 

tonal stability in Castellano et al.’s (1984) study. When Large et al. (2016) tested their model in 

the experimental task from Castellano et al. (1984), they found that neural dynamics were 
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stronger predictors of both Western and Indian listeners’ stability judgments than were cultural 

effects (adherence to musical keys) or pitch duration (the prevalence of a pitch in the musical 

context). The findings of the present study, in conjunction with those of Large et al. (2016), 

suggest that biological influences on tonal stability perception may produce agreement between 

the scales of different musical cultures as to which groups of pitches are stable together, thereby 

allowing individuals to make accurate stability judgments about music from familiar and 

unfamiliar cultures alike. 

Experiment 2 

 Experiment 2 used self-organizing maps to simulate the learning processes of children 

exposed to multiple musical systems from a young age. To represent such a scenario, models 

were trained on music from multiple cultures simultaneously. The goal of this experiment was to 

demonstrate whether exposure to multiple systems might complicate the enculturation process, 

as well as to highlight the sorts of interference effects that might arise from experience with 

conflicting systems. It was predicted that accuracy would not be significantly impaired by 

multicultural learning, though there is little evidence in the literature to either support or oppose 

this hypothesis. A finding that multicultural learning was no more difficult than single-culture 

learning would lend support to the notion that children can learn the structure of multiple 

systems simultaneously. Meanwhile, finding that performance was negatively impacted by 

multicultural exposure would suggest that children may have trouble correctly learning multiple 

systems in tandem. 

Method 

Design 

A 7 (training condition) x 2 (initial/final) x 3 (test system) mixed factorial design was 
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used for Experiment 2. Self-organizing maps were trained in one of four multicultural 

conditions: Western/Chinese [W/C], Western/Hindustani [W/H], Chinese/Hindustani [C/H], and 

Western/Chinese/Hindustani [W/C/H], with the mono-cultural models (Western [W], Hindustani 

[H], and Chinese [C]) from Experiment 1 also incorporated into the statistical analyses. Training 

condition was manipulated as a between-subjects variable, with ten models trained in each 

condition. As in Experiment 1, two tests of accuracy were performed on models both before and 

after training. Each model, regardless of training condition, was tested on all three systems, and 

was given a separate accuracy test for each system. 

Materials 

 The models, music collections, and software used in Experiment 2 were identical to those 

used in Experiment 1. The same 66 songs from each culture were used in Experiment 2 and were 

tokenized in a manner identical to Experiment 1. 

Procedure 

 Experiment 2 used a modification of the procedure from Experiment 1. The procedure 

was identical to that of the first experiment, except for the nature of the training set. In contrast to 

Experiment 1, where the model's training set consisted of all 66 songs from its assigned cultural 

condition, the models in Experiment 2 were given training sets comprising the music of all 

cultures assigned to them. Therefore, models in two-culture conditions (W/C, W/H, and C/H) 

had training sets of 132 songs and models in the W/C/H condition had training sets consisting of 

all 198 songs. In order to maintain the training-cycle length of 66 songs, as used in Experiment 1, 

the model was only exposed to a random subset of each culture's songs on any given cycle. In the 

two-culture conditions each cycle consisted of 33 randomly selected songs from each culture. In 
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the W/C/H condition each cycle consisted of 22 random songs from each culture. Songs from 

different cultures were freely interspersed, and were presented to the model in a random order. 

Accuracy Measures 

 Pitch accuracy and activation level, as defined in Experiment 1, were again used as the 

measures of accuracy in Experiment 2. 

Results 

Topographical Organization 

As in Experiment 1, the organization of the models’ topographical maps was analyzed 

using multidimensional scaling (MDS). For each model, the locations of the representative units 

for all keys in a model’s assigned cultures were located, and the chessboard distances between all 

pairs were calculated. The distance values from all ten models within a condition were averaged 

to create a generalized distance matrix for that condition, and MDS was run on this matrix to 

generate a generalized topographical map for the condition. 

Western/Chinese. The results of running MDS on the models in the W/C condition are 

presented in Fig. 10. A stress value of .094 was observed for the two-dimensional solution. Both 

the Western and Chinese scales are arranged in the order of the circle of fifths. The Chinese 

circle appears to be shifted one position off from the Western circle, such that Chinese C is 

closest to Western F, Chinese G is nearest to Western C, Chinese D is near Western G, etc. 

Notably, this results in each Western scale being paired with the Chinese scale rooted on the 

perfect fifth of its own tonic (e.g. Western F with Chinese C, Western C with Chinese G, etc.). A 

large empty region appears at the top of the map, where the missing D-flat, F#, and B major 

scales and Chinese B#, C#, and F# scales should fall, if they were trained and tested for. 
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Figure 10. The organization of scales, as learned by models trained on Western and Chinese music. Chinese scales 
are denoted by a lower case ‘c’ before the name of the scale. 

 
Western/Hindustani. The MDS results for models in the W/H condition are presented in 

Fig. 11. The stress value of the two dimensional solution was .076. The Western scales are 

organized into the circle of fifths, with A and E major appearing to have been collapsed into a 

single key. The Hindustani scales are arranged into the circle of thāts, with the exception of 

Bhairav, Todi, and Purvi being ordered incorrectly. The two circles appear to overlap and form a 

single circle. 

Chinese/Hindustani. The results of running MDS on models in the C/H condition are 

presented in Fig. 12. The stress value was .12 for a two-dimensional solution. The Chinese scales 

are properly arranged into the circle of fifths, and the Hindustani scales are arranged into the 

circle of thāts. Again, the two circles overlap; however, they do not appear to overlap as cleanly 

as was observed in the Western/Chinese and Western/Hindustani conditions. The relative  



MODELING OF MUSICAL ENCULTURATION   77 
 

 
Figure 11. The organization of scales, as learned by models trained on Western and Hindustani music. 

 

 
Figure 12. The organization of scales, as learned by models trained on Western and Hindustani music. 
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positions of Chinese scales to Hindustani scales are similar to those seen between Chinese and 

Western scales. For example, Chinese C is positioned next to Khamaj (equivalent pitch set to F 

major), Chinese G is positioned closest to Bilaval (identical to C major), and Chinese D is 

positioned between Bilaval and Kalyan (equivalent pitch set to G major). 

 

Figure 13. The organization of scales, as learned by models trained on Western, Chinese, and Hindustani music. 
Chinese scales are distinguished from Western ones by the placement of a lower case ‘c’ before their name. 
 

Western/Chinese/Hindustani. The results of MDS for the models in the W/C/H 

condition are displayed in Fig. 13. The stress value was .12 for a two-dimensional solution. The 

Western scales were organized into an approximation of the circle of fifths, with F and B-flat 

major reversed from their proper positions. The Chinese scales also approximated the circle of 

fifths, with C and G in reversed positions. The Hindustani scales were organized into the circle 

of thāts, with Khamaj and Kafi reversed, corresponding to the reversal of F and B-flat major. The 
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Western and Hindustani scales appear to form a single outer circle, with an inner circle formed 

by the Chinese scales.  

Pitch Accuracy 

 A 7 (training condition: W, C, H, W/C, W/H, C/H, W/C/H) x 2 (time: initial, final) x 3 

(test system: Western, Chinese, Hindustani) mixed factorial ANOVA was conducted on the pitch 

accuracy scores from the four multicultural training groups from Experiment 2 alongside the 

three mono-cultural training groups from Experiment 1. A significant three-way interaction 

effect was observed between training condition, time, and test system, F(12, 126) = 3.23, p < 

.001,   
  = .24, and examined through Bonferroni post-hoc comparisons where the LSD was 

determined to be 3.29 at p < .05. All group means and standard errors are presented in Table 10. 

 Initial scores. Several significant differences were observed among groups’ initial 

scores. Specifically, all three initial scores for the C/H condition (W: 18.50; C: 18.61; H: 18.80) 

were significantly greater than the initial Hindustani score for the H condition (M = 15.17) and 

the initial Chinese score for the W condition (M = 14.91). Furthermore, the initial Chinese score 

for the W/C/H condition (M = 18.33) was significantly greater than the initial Chinese score for 

the W condition. These differences are not expected to have affected the final scores, due to the 

small magnitudes of these differences and the sweeping changes that occur in the model during 

the early stages of learning (i.e. when the neighborhood size is large). 

Multicultural learning. All final scores were significantly higher than all initial scores 

(see Table 10 for group means), indicating a significant improvement in the encoding of all three 

cultural systems regardless of training condition. In all training conditions except W, 

performance was significantly higher on Chinese testing than on Western and Hindustani testing, 

supporting the notion that Chinese pentatonic scales are easier to acquire than Western and
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Pitch accuracy scores by training condition, test system, and time 
     Condition Test System Initial/Final Mean Std. Error 

 
Condition Test System Initial/Final Mean Std. Error 

W Western Initial 17.41 1.22 
 

W/C Western Initial 17.41 1.22 

    Final 87.13 0.70 
 

    Final 81.85 0.70 

  Chinese Initial 14.91 1.12 
 

  Chinese Initial 15.65 1.12 

    Final 89.91 0.59 
 

    Final 94.26 0.59 

  Hindustani Initial 17.83 1.16 
 

  Hindustani Initial 17.17 1.16 

    Final 80.67 0.62 
 

    Final 79.08 0.62 

C Western Initial 16.48 1.22 
 

W/H Western Initial 16.30 1.22 

    Final 81.57 0.70 
 

    Final 83.61 0.70 

  Chinese Initial 17.69 1.12 
 

  Chinese Initial 16.76 1.12 

    Final 95.19 0.59 
 

    Final 91.95 0.59 

  Hindustani Initial 16.58 1.16 
 

  Hindustani Initial 16.17 1.16 

    Final 79.00 0.62 
 

    Final 81.83 0.62 

H Western Initial 16.11 1.22 
 

C/H Western Initial 18.50 1.22 

    Final 82.78 0.70 
 

    Final 82.04 0.70 

  Chinese Initial 17.13 1.12 
 

  Chinese Initial 18.61 1.12 

    Final 93.24 0.59 
 

    Final 95.83 0.59 

  Hindustani Initial 15.17 1.16 
 

  Hindustani Initial 18.80 1.16 

    Final 82.75 0.62 
 

    Final 80.42 0.62 
 

     
W/C/H Western Initial 16.57 1.22 

      
    Final 82.22 0.70 

      
  Chinese Initial 18.33 1.12 

      
    Final 95.19 0.59 

      
  Hindustani Initial 16.25 1.16 

      
    Final 80.33 0.62 

Table 10. Group means and standard errors for pitch accuracy, as a 
function of training condition, time, and test system. A difference of 3.29 
or greater indicates significance at a p < .05 level. 



Running Head: MODELING OF MUSICAL ENCULTURATION  81 

Hindustani heptatonic scales. To determine how multicultural exposure affected the learning of 

each cultural system, means were compared between all conditions that involved training on a 

given cultural system. Western accuracy was compared between models in the W (M = 87.13), 

W/C (M = 81.85), W/H (M = 83.61), and W/C/H (M = 82.22) conditions, showing that Western 

keys were learned significantly better in the W mono-cultural condition than in the W/C, W/H, 

and W/C/H conditions, which did not differ from one another. Chinese accuracy was compared 

between models in the C (M = 95.19), W/C (M = 94.26), C/H (M = 95.83), and W/C/H (M = 

95.19) conditions, and no significant differences were observed. Lastly, Hindustani accuracy was 

compared between models in the H (M = 82.75), W/H (M = 81.83), C/H (M = 80.42), and 

W/C/H (M = 80.33) conditions, and also revealed no significant between-group differences. 

These results indicate that exposure to multiple systems reduced models’ performance on 

Western testing, but had no performance impact on Chinese or Hindustani testing. 

Activation Level 

 As was conducted for pitch accuracy, a 7 (training condition: W, C, H, W/C, W/H, C/H, 

W/C/H) x 2 (time: initial, final) x 3 (test system: Western, Chinese, Hindustani) mixed factorial 

ANOVA was conducted on the activation level scores from the four multicultural training groups 

from Experiment 2 and the three mono-cultural training groups from Experiment 1. A significant 

three-way interaction effect was observed between training condition, time, and test system, 

F(12, 126) = 43.94, p < .001,   
  = .81. Bonferroni post-hoc comparisons were performed, in 

which the LSD was determined to be 1.99 at p < .05. All group means and standard errors are 

presented in Table 11.
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Activation levels by training condition, test system, and time 
     Condition Test System Initial/Final Mean Std. Error 

 
Condition Test System Initial/Final Mean Std. Error 

W Western Initial 50.85 0.48 
 

W/C Western Initial 51.38 0.48 

    Final 78.39 1.02 
 

    Final 66.55 1.02 

  Chinese Initial 51.31 0.55 
 

  Chinese Initial 51.58 0.55 

    Final 85.44 0.87 
 

    Final 91.91 0.87 

  Hindustani Initial 50.94 0.49 
 

  Hindustani Initial 52.29 0.49 

    Final 66.54 0.92 
 

    Final 60.78 0.92 

C Western Initial 52.08 0.48 
 

W/H Western Initial 51.46 0.48 

    Final 64.22 1.02 
 

    Final 72.02 1.02 

  Chinese Initial 51.11 0.55 
 

  Chinese Initial 53.02 0.55 

    Final 93.19 0.87 
 

    Final 87.75 0.87 

  Hindustani Initial 52.49 0.49 
 

  Hindustani Initial 52.19 0.49 

    Final 59.67 0.92 
 

    Final 69.25 0.92 

H Western Initial 51.38 0.48 
 

C/H Western Initial 51.22 0.48 

    Final 70.12 1.02 
 

    Final 66.72 1.02 

  Chinese Initial 50.74 0.55 
 

  Chinese Initial 52.14 0.55 

    Final 89.53 0.87 
 

    Final 93.65 0.87 

  Hindustani Initial 51.63 0.49 
 

  Hindustani Initial 51.01 0.49 

    Final 70.28 0.92 
 

    Final 65.38 0.92 
 

     
W/C/H Western Initial 51.94 0.48 

      
    Final 68.66 1.02 

      
  Chinese Initial 50.78 0.55 

      
    Final 93.64 0.87 

      
  Hindustani Initial 50.29 0.49 

      
    Final 65.14 0.92 

Table 11. Group means and standard errors for activation level, as a 
function of training condition, time, and test system. A difference of 1.99 
or greater indicates significance at a p < .05 level. 
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 Initial scores. All initial scores were statistically equivalent, with one exception. The 

initial Chinese score of models in the W/H condition (M = 53.02) was significantly higher than 

the initial Western scores in the W (M = 50.85) and C/H (M = 51.22) conditions, the initial 

Chinese scores of the H (M = 50.74) and W/C/H (M = 50.78) conditions, and the initial 

Hindustani score of the W condition (M = 50.94). As was the case for pitch accuracy, these 

differences should be noted but are not expected to have impacted the final results.

 Multicultural learning. All final scores were significantly higher than all initial scores 

(see Table 11 for group means), indicating an improvement in performance for all three cultures, 

regardless of training condition. Performance on Chinese testing was significantly greater than 

performance on Western and Hindustani testing in all training conditions. The effects of 

multicultural exposure on the learning of each culture were investigated by comparing the means 

of all conditions that were exposed to that culture. Western scores were compared across the W 

(M = 78.39), W/C (M = 66.55), W/H (M = 72.02), and W/C/H (M = 68.66) conditions, revealing 

that scores were significantly greater in the W condition than in all multicultural conditions. 

Furthermore, Western scores were significantly higher in the W/H condition than in the W/C and 

W/C/H conditions. Chinese scores were compared across the C (M = 93.19), W/C (M = 91.91), 

C/H (M = 93.65), and W/C/H (M = 93.64) conditions, and no significant differences were 

observed. Hindustani scores were compared across the H (M = 70.28), W/H (M = 69.25), C/H (M 

= 65.38), and W/C/H (M = 65.14) conditions, showing that performance was significantly higher 

in the H and W/H conditions than in the C/H and W/C/H conditions. These results indicate that 

the learning of Western scales was negatively impacted by exposure to multiple cultures, 

especially in combination with Chinese music. The learning of Hindustani scales was also 
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negatively impacted by exposure to Chinese music, though not by exposure to Western music. 

Chinese learning was not at all affected by exposure to multiple cultures. 

Discussion 

Map Organization 

 One of the questions of interest in Experiment 2 was how the models would organize a 

map containing the scales from multiple cultures. The results consistently demonstrated that the 

models overlapped the music-theoretic circles from each system into one combined circle, rather 

than spatially dividing them on the map. These results are logical given the high degree of 

overlap in the keys of the three systems, as previously discussed with respect to Experiment 1. 

The similarities between keys from different cultures allow the models to overlay the circles 

from each system on top of one another, as observed in the present study. 

Another notable observation was the relative positioning of the Chinese and Western 

circles of fifths among models in the C/W condition (refer to Fig. 9 for a depiction of the 

proposed Chinese circle of fifths). Specifically the circles were arranged such that each Western 

scale was aligned with the Chinese scale rooted on the perfect fifth of its own tonic pitch. This is 

explainable by the fact that each Chinese scale can be derived as the intersection of three 

Western keys. For example, if we take the intersection of the pitch sets for Western F, C, and G 

major, we generate the pitch set for the Chinese key of G: 

                                                                    

Therefore, it is logical that Chinese G should fall directly between Western F, C, and G as it is a 

subset of all three. This causes the alignment of Chinese G with Western C, Chinese D with 

Western G, and so forth. Interestingly, a closer examination reveals that the Chinese key of G 

contains all the pitches of Western C major except for the pitches of C major’s tritone, B and F. 
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Chinese G can therefore be compared to Western C with both pitches of the tritone dropped (and 

the tonic shifted from C to G). This pattern can be extended to all Chinese keys and their aligned 

Western major keys, the consequence of which is that a Chinese key will never contain a tritone. 

Additionally, it is interesting to note that the three Chinese keys (F#, C#, and G#) that were so 

rarely used as to be unrepresented in the Essen collection (Schaffrath, 1995) are those keys that 

would be aligned with the three Western keys that were also unrepresented in the collection (B, 

F#, and D-flat major). This lends further support to the parallel between the systems. 

Success of Multicultural Learning 

 The primary goal of Experiment 2 was to determine whether it is more difficult to 

accurately learn the structure of multiple musical systems simultaneously than it is to learn one 

system alone. It was predicted that multicultural learning would not significantly impact 

learning; however, this hypothesis received only partial support. As predicted, accuracy and 

activation levels for Chinese keys were not negatively affected by multicultural exposure. 

However, scores for Western keys were highest among models trained on Western music in 

isolation and lowest among those trained on Western music in conjunction with Chinese music, 

with similar results being observed for Hindustani key testing as well. The most likely 

explanation for these findings is that the easier learning of Chinese pentatonic scales encouraged 

models to collapse the heptatonic scales of Western and Hindustani culture onto the Chinese 

scales it was better able to learn. Meanwhile, the significant overlap between Western and 

Hindustani keys meant that interference between the two systems was minimized during 

learning. Consequently, Western and Hindustani learning was inhibited more by exposure to 

Chinese music than by exposure to one another’s music. Chinese learning was relatively 
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unaffected by multicultural exposure, perhaps due to its scales being easier to learn than those of 

whichever system(s) it was paired with. 

 Although the decreases in performance associated with multicultural exposure were 

significant in many cases, overall performance remained high in most multicultural conditions. It 

is difficult to distinguish, however, whether these scores reflect genuine learning of multiple 

cultures simultaneously or whether the scores were artificially bolstered by the large cross-

cultural improvement effects observed among mono-culturally trained models in Experiment 1. 

The results do not provide sufficient evidence for or against the hypothesis that accurate 

multicultural learning is possible in children to draw any solid conclusions. Based on current 

findings, it appears likely that children will achieve general success at internalizing the structure 

of multiple systems; however, they may struggle with more fine-grained distinctions between 

similar scales from different cultures. For example, exposure to both pentatonic and heptatonic 

scales using similar sets of pitches, as observed between Chinese and Western music, may 

disrupt the learning of the heptatonic scales in favor of their pentatonic counterparts.  

Another potential issue – and one not directly analyzed in the present study – is how 

judgments of tonal stability would be affected by exposure to two cultures which use similar 

keys rooted on different tonics. One example of such a pair is the thāt Kafi and the key of B-flat 

major. Both keys consist of the pitch set {A, A#, C, D, D#, F, G}, but whereas C and G are the 

two most stable pitches of Kafi, they are the second and sixth scale tones of the B-major scale – 

both relatively unstable pitches in the Western context. In the present study, these two keys were 

effectively collapsed into one syntactic unit, and it remains unclear what effect this would have 

on a child who was exposed to both Western and Hindustani music. Perhaps in such a situation 

children would learn to rely more heavily on the universal properties of consonance (see Large et 
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al., 2016) in making their judgments of tonal stability, while giving less attention to the culture-

specific aspects of stability (e.g. scale degrees). The findings of Castellano et al. (1984) and 

Large et al. (2016) suggest that standard listeners do make substantial use of consonance 

properties – and not only cultural norms – when making stability judgments. Perhaps children 

raised in a multicultural context would rely on these properties even more. 

Experiment 3 

 Experiment 3 used self-organizing maps to simulate adults encountering novel musical 

systems. To represent this situation, copies of the previously enculturated models from 

Experiment 1 were introduced to new music from an unfamiliar system. The models were 

exposed to a mixture of music from their native and novel cultures, under the assumption that an 

adult would continue listening to music familiar to them, even if introduced to a new culture. The 

goal of this experiment was to expand our understanding of the dynamics behind enculturation in 

adults. Based on evidence from Rohrmeier et al. (2011) and Rohrmeier and Widdess (2012), it 

was predicted that models would be able to learn the structure of a musical system equally well 

whether as a “child” or “adult.” 

Method 

Design 

A 9 (training condition) x 2 (initial/final) x 3 (test system) mixed-factorial design was 

used for Experiment 3. Self-organizing maps were trained in one of six multicultural conditions: 

Western-Chinese [W-C], Chinese-Western [C-W], Western-Hindustani [W-H], Hindustani-

Western [H-W], Chinese-Hindustani [C-H], and Hindustani-Chinese [H-C], with the mono-

cultural models (Western [W], Hindustani [H], and Chinese [C]) from Experiment 1 also 

incorporated into the statistical analyses. Training condition was manipulated as a between-

subjects variable, with ten models trained in each condition. As in Experiments 1 and 2, two tests 
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of accuracy were performed on models both before and after training. Each model, regardless of 

training condition, was tested on all three systems, and was given a separate accuracy test for 

each system. 

Materials 

 The model, music collections, stimuli, and software used in Experiment 3 were identical 

to those used in Experiments 1 and 2. 

Procedure 

 Instead of initializing the model with random connection strengths between input and 

map units, as in Experiments 1 and 2, one of the fully-trained models from Experiment 1 was 

used as the initial state. For example, copies of each of the ten models trained on Western music 

during Experiment 1were used as the initial states of the ten models in the W-C and W-H 

conditions during Experiment 3. The parameters for learning rate and neighborhood size were set 

as the final values from Experiment 1 (.0025 and 1, respectively), following the idea of the 

models in Experiment 3 as “continuations” of the Experiment 1 models. Whereas Experiment 1 

sought to simulate the development of a child into an adult, Experiment 3 simulated the exposure 

of that adult to unfamiliar music. Unlike in Experiments 1 and 2, the learning rate was held 

constant, preventing it from dropping too low for any learning to reasonably take place. The 

neighborhood size was also held constant at 1. Before training, initial accuracy measures were 

taken and all connection strengths were recorded. 

 After initializing the model, the training process operated identically to that of 

Experiment 2, with new 66-song multicultural training sets generated randomly at the start of 

every cycle. Accuracy measures and connection strengths were recorded after each cycle, as in 

Experiments 1 and 2. 
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Accuracy Measures 

The measures of accuracy in Experiment 3 were identical to those used in Experiments 1 

and 2.  

Results 

Topographical Organization 

As in Experiments 1 and 2, the organization of the models’ topographical maps was 

analyzed using multidimensional scaling (MDS). For each model, the locations of the 

representative units for all keys in a model’s assigned cultures were located, and the chessboard 

distances between all pairs were calculated. The distance values from all ten models within a 

condition were averaged to create a generalized distance matrix for that condition, and MDS was 

run on this matrix to generate a generalized topographical map for the condition. 

Western & Chinese. The results of running MDS on the models in the W-C and C-W 

conditions are presented in Fig. 14. For the W-C condition, the two-dimensional solution had a 

stress value of .094. For the C-W condition, the stress value was .11. In both conditions, the 

Western and Chinese scales are each properly organized into the circle of fifths. For both 

conditions, a large gap in the circle is present where the missing three Western and three Chinese 

scales should theoretically fall. In the C-W condition, several Western scales appear to cluster 

more closely with Chinese scales than in the W-C condition. For example, C major appears 

substantially closer to Chinese G and F major appears substantially closer to Chinese F.  
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A) 

B) 

Figure 14. The learned organization of Western and Chinese scales A) in the W-C and B) in the C-W 
training conditions. Chinese scales are distinguished from Western scales by the inclusion of a ‘c’ before 
their name. 
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  A) 

B) 

Figure 15. The learned organization of Western and Hindustani scales A) in the W-H and B) in the H-W 
training conditions. 
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A) 

B) 

Figure 16. The learned organization of Chinese and Hindustani scales A) in the C-H and B) in the H-C 
training conditions. Chinese scales are labeled with a ‘c’ before their name. 
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Western & Hindustani. The multidimensional scaling results for models in the W-H and 

H-W conditions are presented in Fig. 15. In the W-H condition, the stress value was .097 for a 

two-dimensional solution. In the H-W condition, the stress value was .11. In both conditions, the 

Western scales are arranged into the circle of fifths and the Hindustani scales are arranged in the 

circle of thāts, although C major/Bilaval and F major/Khamaj are reversed in the H-W condition. 

Additionally, the keys of F major/Khamaj, C major/Bilaval, G major/Kalyan, and D major are 

positioned notably closer together in models exposed to Hindustani music first, compared to 

models exposed to Western music first. 

Chinese & Hindustani. The results of running MDS on the maps of the models from the 

C-H and H-C conditions are presented in Fig. 16. For the C-H condition, the stress value was .12 

for a two-dimensional solution. For the H-C condition, the stress value was .15. Models trained 

on Chinese music first organized the Chinese scales into the circle of fifths and the Hindustani 

scales into the circle of thāts, with Bhairav improperly falling between Purvi and Marva. Models 

trained on Hindustani music first organized the Chinese scales into the circle of fifths, with the 

exception that D and G are both positioned roughly the same distance from C and A, rather than 

G being closer to C and D being closer to A. The models in this condition organized the 

Hindustani scales into the circle of thāts, but placed Bilaval and Khamaj equally distant from 

Kafi and Kalyan, rather than positioning Bilaval closer to Kalyan and Khamaj closer to Kafi. 

Pitch Accuracy 

A 9 (training condition: W, C, H, W-C, W-H, C-W, C-H, H-W, H-C) x 2 (time: initial, 

final) x 3 (test system: Western, Chinese, Hindustani) mixed factorial ANOVA was conducted 

on the pitch accuracy scores from the six multicultural training groups from Experiment 3 

alongside the three mono-cultural training groups from Experiment 1. A significant three-way  
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Pitch accuracy scores by training condition, test system, and time 

     Condition Test System Initial/Final Mean Std. Error 
 

Condition Test System Initial/Final Mean Std. Error 

W Western Initial 17.41 0.82 
 

C-W Western Initial 81.57 0.82 

    Final 87.13 0.66 
 

    Final 82.22 0.66 

  Chinese Initial 14.91 0.71 
 

  Chinese Initial 95.19 0.71 

    Final 89.91 0.67 
 

    Final 94.54 0.67 

  Hindustani Initial 17.83 0.76 
 

  Hindustani Initial 79.00 0.76 

    Final 80.67 0.64 
 

    Final 80.08 0.64 

C Western Initial 16.48 0.82 
 

C-H Western Initial 81.57 0.82 

    Final 81.57 0.66 
 

    Final 82.41 0.66 

  Chinese Initial 17.69 0.71 
 

  Chinese Initial 95.19 0.71 

    Final 95.19 0.67 
 

    Final 95.09 0.67 

  Hindustani Initial 16.58 0.76 
 

  Hindustani Initial 79.00 0.76 

    Final 79.00 0.64 
 

    Final 80.42 0.64 

H Western Initial 16.11 0.82 
 

H-W Western Initial 82.78 0.82 

    Final 82.78 0.66 
 

    Final 85.28 0.66 

  Chinese Initial 17.13 0.71 
 

  Chinese Initial 93.24 0.71 

    Final 93.24 0.67 
 

    Final 93.98 0.67 

  Hindustani Initial 15.17 0.76 
 

  Hindustani Initial 82.75 0.76 

    Final 82.75 0.64 
 

    Final 84.17 0.64 

W-C Western Initial 87.13 0.82 
 

H-C Western Initial 82.78 0.82 

    Final 86.76 0.66 
 

    Final 84.17 0.66 

  Chinese Initial 89.91 0.71 
 

  Chinese Initial 93.24 0.71 

    Final 95.00 0.67 
 

    Final 95.46 0.67 

  Hindustani Initial 80.67 0.76 
 

  Hindustani Initial 82.75 0.76 

    Final 81.58 0.64 
 

    Final 83.33 0.64 

W-H Western Initial 87.13 0.82 
 

 

        Final 87.41 0.66 
        Chinese Initial 89.91 0.71 
          Final 93.43 0.67 
        Hindustani Initial 80.67 0.76 
          Final 84.33 0.64 
      

Table 12. Group means and standard errors for pitch accuracy, as a 
function of training condition, time, and test system. A difference of 
2.28 or greater indicates significance at a p < .05 level. 
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interaction effect was observed between training condition, time, and test system, F(6, 162) = 

18.93, p < .001,   
  = .65, and was explored further using Bonferroni post-hoc testing in which 

the LSD was determined to be 2.28 at p < .05. All group means and standard errors are presented 

in Table 12. Note that, because the initial states of models in the multicultural conditions are 

equivalent to the fully trained models from Experiment 1, the initial scores of models in 

Experiment 3 equal the final scores of the corresponding models from Experiment 1.  

Changes with novel exposure. The first analysis of interest was whether exposure to a 

novel culture’s music affected models’ performance on their native culture and the novel system. 

Post-hoc testing revealed that exposure to a new system did not significantly alter performance 

on models’ native systems in any of the six multicultural conditions. Hence, encountering music 

from an unfamiliar culture did not cause the models to sacrifice their existing representations of 

their native musical keys for the sake of learning new keys. Performance on the novel system 

improved significantly after exposure to the novel system in the W-C (from 89.91 to 95.00), W-

H (80.67 to 84.33), and H-W (82.78 to 85.28) conditions, but did not change in the C-W, C-H, 

and H-C conditions. When “native” Chinese models (the C-W and C-H conditions) were 

exposed to new systems, their encoding of the novel system’s keys did not improve; in contrast, 

native Western models did improve their encoding of novel systems when exposed to them. 

Native Hindustani models improved on Western testing with exposure to Western music, but did 

not improve on Chinese testing when exposed to Chinese music (although their performance on 

Chinese testing was already quite high, M = 93.24). 

Within-system accuracies. The second question of interest was whether performance on 

a system differs depending on whether it is learned alone or with another system, and whether 

some system combinations produce better performance than others. For Western testing, models 
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in the W (M = 87.13), W-C (M = 86.76), W-H (M = 87.41), and H-W (M = 85.28) conditions 

performed equally well, and models in each of these four conditions performed significantly 

better than models in the C-W condition (M = 82.22). For Chinese testing, models in all five 

conditions (C, C-W, C-H, W-C, H-C) performed equally well (M = 95.19, 94.54, 95.09, 95.00, 

and 93.24, respectively). For Hindustani testing, models in the H (M = 82.75), H-W (M = 84.17), 

H-C (M = 83.33), and W-H (M = 84.33) conditions all performed equally well, and models in 

each of these four conditions performed significantly better than did models in the C-H condition 

(M = 80.42). These results indicate that models were able to learn the keys of a musical system 

equally well, whether it was learned alone, before another culture, or after another culture – with 

one exception. Models already trained on Chinese music failed to improve their encoding of 

Western or Hindustani musical structure when later exposed to these systems. 

Activation Level 

A 9 (training condition: W, C, H, W/C, W/H, C/H, W/C/H) x 2 (time: initial, final) x 3 

(test system: Western, Chinese, Hindustani) mixed factorial ANOVA was conducted on the 

activation level scores from the five multicultural training groups from Experiment 3 and the 

three mono-cultural training groups from Experiment 1. A significant three-way interaction 

effect was observed between training condition, time, and test system, F(16, 162) = 161.75, p < 

.001,   
  = .94, and post-hoc analysis was performed using Bonferroni comparisons in which the 

LSD value was 1.71 with p < .05. All group means and standard errors are presented in Table 13. 

Changes with novel exposure. As with pitch accuracy, an analysis was conducted of 

whether exposure to a novel system affected the models’ performance on tests of their activation 

in response to their native and the novel system’s scales. Post-hoc testing revealed that exposure 
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Activation level by training condition, test system, and time 

     Condition Test System Initial/Final Mean Std. Error 
 

Condition Test System Initial/Final Mean Std. Error 

W Western Initial 50.85 0.79 
 

C-W Western Initial 64.22 0.79 

    Final 78.39 0.97 
 

    Final 69.06 0.97 

  Chinese Initial 51.31 0.83 
 

  Chinese Initial 93.19 0.83 

    Final 85.44 0.94 
 

    Final 92.84 0.94 

  Hindustani Initial 50.94 0.70 
 

  Hindustani Initial 59.67 0.70 

    Final 66.54 0.88 
 

    Final 63.52 0.88 

C Western Initial 52.08 0.79 
 

C-H Western Initial 64.22 0.79 

    Final 64.22 0.97 
 

    Final 68.19 0.97 

  Chinese Initial 51.11 0.83 
 

  Chinese Initial 93.19 0.83 

    Final 93.19 0.94 
 

    Final 94.14 0.94 

  Hindustani Initial 52.49 0.70 
 

  Hindustani Initial 59.67 0.70 

    Final 59.67 0.88 
 

    Final 66.43 0.88 

H Western Initial 51.38 0.79 
 

H-W Western Initial 70.12 0.79 

    Final 70.12 0.97 
 

    Final 75.57 0.97 

  Chinese Initial 50.74 0.83 
 

  Chinese Initial 89.53 0.83 

    Final 89.53 0.94 
 

    Final 91.67 0.94 

  Hindustani Initial 51.63 0.70 
 

  Hindustani Initial 70.28 0.70 

    Final 70.28 0.88 
 

    Final 73.86 0.88 

W-C Western Initial 78.39 0.79 
 

H-C Western Initial 70.12 0.79 

    Final 76.85 0.97 
 

    Final 71.63 0.97 

  Chinese Initial 85.44 0.83 
 

  Chinese Initial 89.53 0.83 

    Final 93.35 0.94 
 

    Final 95.12 0.94 

  Hindustani Initial 66.54 0.70 
 

  Hindustani Initial 70.28 0.70 

    Final 67.34 0.88 
 

    Final 71.30 0.88 

W-H Western Initial 78.39 0.79 
 

 

        Final 78.44 0.97 
        Chinese Initial 85.44 0.83 
          Final 90.67 0.94 
        Hindustani Initial 66.54 0.70 
          Final 73.03 0.88 
      

Table 13. Group means and standard errors for activation level, as a 
function of training condition, time, and test system. A difference of 
1.71 or greater indicates significance at a p < .05 level. 
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to a novel culture’s music did not affect models’ activation levels in response to scales from their 

native system, with the exception of those models in the H-W condition, which improved from a 

Hindustani testing score of M = 70.28 to a score of M = 73.86 after introducing Western music to 

its training set. Exposure to a new system did not cause models to sacrifice their encodings of 

their native scales in order to learn scales from the novel culture. Activation levels in response to 

the scales of the newly introduced culture improved significantly in all six multicultural 

conditions (W-C: 85.44 to 93.35; W-H: 66.54 to 73.03; C-W: 64.22 to 69.06; C-H: 59.67 to 

66.43; H-W: 70.12 to 75.57; H-C: 89.53 to 95.12). Regardless of culture-pairing, models were 

able to improve their encoding of a newly encountered musical system, despite already having 

been acculturated for a different system. 

Within-system accuracies. Again, a post-hoc analysis was conducted to determine 

whether performance for each cultural system differs depending on whether it is learned alone or 

with another system, and whether some system combinations produce better performance than 

others. For Western testing, performance was equally high for models in the W (M = 78.39), W-

C (M = 76.85), and W-H (M = 78.44) conditions. Models in the W and W-H conditions 

performed significantly better on Western testing than did models in the C-W (M = 69.06) and 

H-W conditions (M = 75.57), with models in the W-C and H-W condition also performing 

significantly better than those in the C-W condition. Thus, Western learning was less successful 

in models that were native to a different culture compared to those that learned Western music 

structure first. For Chinese testing, models in the H-C (M = 95.12) and C-H (M = 94.14) 

performed equally well. Models in the H-C condition performed significantly better than those in 

the C (M = 93.19), W-C (M = 93.35), and C-W conditions (M = 92.84), while models in the C-H 

condition performed equally well as these three groups. Chinese learning was at least as 
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successful in native Western and Hindustani models as it was in models trained in Chinese 

musical culture first. For Hindustani testing, models in the H-W (M = 73.86) and W-H (M = 

73.03) conditions performed significantly better than did those in the H (M = 70.28), H-C (M = 

71.30), and C-H (M = 66.43) conditions, and those in the H and H-C conditions performed 

significantly better than did those in the C-H condition. Hindustani learning was most successful 

when trained in conjunction with Western culture – even more so than when it was learned 

alone. As was observed with Western learning, Hindustani learning was least successful in 

models that were native to Chinese culture. 

Discussion 

Model Organization 

 The organization of scales in the multicultural models of Experiment 3 generally 

resembles those observed in Experiment 2, suggesting that adults and children may encode 

multiple musical systems in similar ways. Again, models tended to combine the music-theoretic 

circles of both trained cultures into one combined circle. Models trained in the W-C and C-W 

conditions superimposed the Western and Chinese circle of fifths (refer to Fig. 9 for a depiction 

of the proposed Chinese circle of fifths). Models in the W-H and H-W conditions combined the 

Western circle of fifths with the Hindustani circle of thāts. Finally, models in the C-H and H-C 

conditions merged the Chinese circle of fifths with the circle of thāts. Minor deviations from the 

theoretical circles were observed in some conditions, though the models were generally 

successful in their arrangements. 

 Similar maps were constructed regardless of which culture in a pair was learned first and 

which was introduced second. The most significant difference we observed was that several 

Western keys were positioned more closely to Chinese keys in the C-W condition compared to 
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the W-C condition. This trend supports the notion that models are inclined to collapse Western 

keys onto Chinese keys, as proposed earlier in relation to Experiment 2, perhaps due to the fact 

that each Chinese key is a subset of three Western keys. 

Success in Learning a New System 

 The primary interest in Experiment 3 was determining whether a newly introduced 

musical system could be learned by a model that had already been trained on a different system. 

It was predicted that the scale structure of a system would be learned equally well by models, 

regardless of whether they had already been enculturated into a different system. This hypothesis 

received general support, with some exceptions. In most conditions the newly introduced culture 

was learned equally well, if not better than, in conditions when it was learned first or alone. 

Notable exceptions were models in the C-W and C-H conditions, which failed to achieve the 

same performance on Western and Hindustani testing, respectively, when exposed to these 

cultures after already having familiarity with Chinese musical culture. This result mirrors the 

findings from Experiment 2, such that models performed worst on Western and Hindustani 

testing when exposed to these cultures in combination with Chinese music, and lends further 

support to the notion that exposure to music written in pentatonic modes can disrupt the learning 

of heptatonic modes with similar pitch sets. 

 Another interesting result was that native Western models exposed to Hindustani culture 

performed better on Hindustani testing than did models trained on Hindustani music alone. 

Perhaps in this condition, the significant overlap between the pitch sets of Western and 

Hindustani keys allowed the models to ground their learning of Hindustani keys in Western 

culture. It is conceivable that the greater focus of Western music on adherence to scales would 

cause native Western listeners to focus more on scale structure when exposed to a new system. 
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In contrast, Hindustani music focuses primarily on the rules of individual rāgas and cannot be as 

clearly captured through categorization under musical keys. As noted earlier, some musicians 

have questioned whether Hindustani music should be classified under a system of thāts at all 

(Bor et al., 1999). Therefore, one would expect a native Hindustani listener to rely less on 

learning keys than a Western listener does. Due to the focus of the present study on testing 

models’ knowledge of keys exclusively, a focus on learning scale structure would inevitably 

improve performance on the accuracy measures used herein. Hence, a native Western model or 

listener, with a stronger focus on musical scales than a native Hindustani model or listener, might 

perform better on scale-focused performance metrics than a model or listener familiar only with 

Hindustani music. 

 One additional note is that a model’s knowledge of its native system was never 

negatively impacted by exposure to a new culture. This is an important finding, as it 

demonstrates that a listener would not need to sacrifice their existing cultural knowledge in 

adapting to a new system. Rather, one’s existing knowledge is expanded upon when 

encountering unfamiliar music. 

 Considered as a whole, the results of Experiment 3 generally support the notion that an 

adult exposed to a new musical culture would be able to implicitly learn its syntactic structure. 

Furthermore, their preexisting cultural knowledge would not be degraded by this novel learning. 

These findings are in line with those of Rohrmeier and Widdess (2012), who found that Western 

listeners were able to implicitly detect the structure of rāgas to which they were exposed. They 

are also consistent with the findings of Rohrmeier et al. (2011), who discovered that listeners 

were able to quickly acquire the structure of a simple artificial musical grammar. The present 

study adds to the growing support in the literature for the plausibility of adult implicit musical 
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learning, but with the caveat that interference effects may arise given certain combinations of 

musical systems. 

General Discussion 

 The present study has yielded several important findings, related both to musical 

enculturation and to the nature of melodic structure itself. Experiment 1 revealed that the circle 

of fifths and circle of thāts can be inferred through exposure to actual music from the relevant 

cultures, and not merely through exposure to scales and chord progressions as observed by 

Toiviainen and Krumhansl (2003) and Tillmann et al. (2000). Furthermore, the circle of fifths 

was also able to be inferred from Chinese music, leading to the revelation that the relationships 

between Chinese scales are, in fact, captured by the organization of the circle of fifths. Models 

exposed to each of the three cultures’ music demonstrated a solid ability to internalize the 

underlying musical keys; however, some cultures’ keys were more easily learned than others. 

Specifically, Chinese pentatonic scales were easier to learn than Western and Hindustani 

heptatonic scales, whose learning was disrupted by a limited memory span of only eight notes. It 

was also suspected that Hindustani scales were made more difficult to learn by the fact that 

Hindustani culture places the greatest importance on adherence to the rules of individual rāgas 

rather than to the rules of more generalized musical keys (Bor et al., 1999).  

Perhaps the most unexpected finding was that knowledge of one culture’s musical modes 

was translatable into knowledge about all three cultures. This finding drew attention to the 

substantial degree of overlap in the pitch sets used by the keys of different cultures. In fact, six of 

the ten Hindustani thāts are comprised of the same seven pitches as six of the twelve Western 

major keys. Furthermore, each of the twelve Chinese keys is subset of three Western major keys. 

As later became apparent, each Chinese key consists of the same pitches as one of the Western 
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keys with both pitches of its tritone dropped (e.g the Chinese key of G is contains all the pitches 

of C major except for its tritone of B-F). This is notable due to the high level of dissonance 

between the pitches of a tritone (Trainor, 2005), making it logical for such intervals to be 

dropped entirely in the translation from heptatonic to pentatonic modes. This substantial cross-

cultural agreement in terms of which pitches should and should not be played together reflects 

the universality of consonance and dissonance (Hannon & Trainor, 2007; Trainor, 2005; Trainor 

& Corrigall, 2010; Trainor et al., 2002). Furthermore, it is consistent with predictions generated 

by Large et al.’s (2016) newly introduced neurodynamic model of tonal stability, which posits 

that pitches with small integer ratios between their frequencies encourage synchronicity between 

populations of auditory neurons. 

One might additionally suggest that the overlap between Western, Chinese, and 

Hindustani music has been driven by the cultural exchange between them. Future research might 

investigate the historical progression of these musical cultures, to determine whether these 

similarities have always existed or whether they became more similar with increasing 

globalization over time. Replicating the present study with music from different historical eras 

could help to demonstrate whether culture musical cultures have converged over time. 

Experiment 2 revealed that the music-theoretic circles of scales from each culture can be 

successfully combined into single structures, likely resulting from the substantial overlap 

between the scales of the three cultures. Simulations of multicultural musical exposure during 

childhood suggested that multicultural learning is possible, but may be significantly disrupted by 

certain cultural combinations. In particular, the learning of systems with heptatonic scales was 

obstructed by the presence of pentatonic scales with similar pitch sets, which encouraged the 

collapsing of larger scales onto smaller ones. It was additionally proposed that children raised in 
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a multicultural context might learn to rely more on the universal properties of consonance (Large 

et al., 2016; Trainor, 2005) than on culturally-defined aspects tonal stability. 

Experiment 3 again demonstrated the feasibility of combining the music-theoretic circles 

from different cultures into single structures. Simulations of adult exposure to novel music lent 

support to the notion that adults enculturated in one musical system can implicitly acquire the 

structure of new systems, given sufficient exposure. Critically, this learning did not disrupt 

models’ preexisting knowledge of their native musical system. Again, this finding came with the 

caveat that interference effects may arise between certain pairs of cultures, similar to those 

observed in Experiment 2. Prior knowledge of pentatonic modes appeared to obstruct the 

learning of similar heptatonic modes from other cultures, though knowledge of Western culture 

actually improved the learning of Hindustani scales. The results of this experiment are consistent 

with the findings of Rohrmeier et al. (2011) and Rohrmeier & Widdess (2012), and contribute to 

the growing field of evidence in favor of adult musical enculturation. 

As with any model, several simplifying assumptions were made in the present study. 

Most notably, rhythm was removed entirely from the musical stimuli used in training the model. 

Self-organizing maps are not well-equipped in their basic form to account for rhythmic 

information, so a different computational approach may be required to further examine the 

rhythmic aspects of enculturation. As demonstrated by Boltz (1993) and Schmuckler and Boltz 

(1994), rhythm affects human musical processing and plays an important role in defining 

listeners’ musical expectancies. Specifically, highly stable pitches are expected to coincide with 

locations of rhythmic stress and importance, e.g. at phrase boundaries. Therefore, a complete 

model of musical enculturation must incorporate both melodic and rhythmic information. It may 

be possible to extend Large et al.’s (2016) model to account for rhythmic influences in terms of 
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the dynamics of neural systems. Their neurodynamic approach already suggests synchronized 

oscillations of neural populations in response to consonant pitches; perhaps rhythmicity induces 

a set of higher-order oscillations synchronized to the beat of the music. Such an extension of the 

neurodynamic model may be capable of integrating rhythm and melody within a single system. 

Such a theory is beyond the scope of this paper, but should be examined in future work. 

Another simplification was made by selecting only Western and Chinese songs that 

followed one key precisely, without allowing for key changes or out-of-key pitches to be played. 

To confirm that the present findings can be generalized to less orderly collections of musical 

stimuli, our experiments should be replicated with fewer restrictions placed on the musical 

selections. The Hindustani training conditions in the present study may be taken as evidence for 

how the model might act in response to less strictly ordered music, as many of the rāgas 

combined sequences from multiple scales, or omitted certain pitches from their parent scales. 

Based on our observations, the reduced orderliness of the Hindustani training set did appear to 

negatively impact the model’s ability to learn the Hindustani system. This fact suggests that 

similar issues would arise if greater variability was allowed in the training sets of other systems, 

as well. 

The present study also focused exclusively on the learning of musical keys, to the 

exclusion of culturally unique syntactic structures such as Western harmony (Bharucha & 

Krumhansl, 1983), Chinese modes (Lu-Ting, 1982), and Hindustani rāgas (Bor et al., 1999; 

Castellano et al., 1984). Furthermore, some scales were absent from the training sets used. Most 

notably, minor keys were excluded in order to simplify the testing process. Although Tillmann et 

al. (2000) demonstrated the ability of an SOM to learn the harmonic structure of Western culture, 

they did so by training the model on chords and chord progressions instead of on actual music. 
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Furthermore, they trained the model to recognize chords before they trained it to recognize 

musical keys, directly contradicting Trainor and Trehub’s (1992, 1994) findings that children 

learn the organization of pitches into keys before they learn harmonic structure. Therefore, 

further computational and behavioral research is necessary to inform theories of how a child’s 

implicit understanding of a musical system develops over time – in particular among non-

Western individuals. 

Similar questions remain regarding adult musical enculturation, as well. The present 

study suggests that an adult would be able to learn the scales of a foreign system given exposure 

to its music, but leaves open the question of whether they would be able to learn the full range of 

its structural complexities. Evidence from Rohrmeier and Widdess (2012) supports the idea that 

they could, as Western listeners appeared to implicitly respond to rāga structure in their study; 

however, much more research on this topic is necessary to draw any solid conclusions.  

One of the greatest challenges remaining in the domain of music psychology is the lack 

of cross-cultural data. As encountered in the present study, non-Western musical datasets are in 

short supply, complicating the ability to train computational learning models on collections of 

real music. Behavioral research is similarly obstructed by lack of access to cross-cultural musical 

stimuli and participant pools. Future research in this field is dependent on our gaining a better 

understanding of musical cultures beyond Western and Hindustani, for we cannot investigate 

cross-cultural musical enculturation without understanding the actual systems that people are 

enculturated into. Music researchers must also work to compile additional datasets and 

collections of non-Western music. Such work will give the field the ability to address the 

remaining questions regarding non-Western and multicultural musical learning. The present 

study was limited by only including modern rāgas and German and Han Chinese folksongs. The 
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development of new musical datasets would allow replications of the current study to be 

conducted using datasets of other musical genres and nationalities, to substantiate the 

generalizability of the present findings. 

As a whole, the research presented here should be understood as a preliminary 

investigation into multicultural music learning. Despite a plethora of findings, the experiments 

we conducted remain limited in scope, and require extensive follow-up research to draw any 

solid conclusions. In addition to those follow-up studies already suggested, there are several 

more extensions of the present study which should be implemented. First, the present study 

assumed a musical short-term memory capacity of eight notes. As noted by Berz (1995), 

estimates of human musical memory capacity range from seven to fifteen notes. Due to the 

difficulty of learning the entirety of a heptatonic scale with a heavily constrained musical 

memory, the present study should be replicated using memory spans of varying sizes in order to 

test how this affects the success of learning.  

In addition to varying the memory span, more extensive over-time analyses should be 

conducted to determine whether some cultures are learned more quickly than others as a whole, 

and whether certain scales may be learned faster than others. If more complex syntactic features 

such as chords and rāga structure were also introduced in the experiment, one could use this 

over-time analysis to study the order in which these elements may be acquired. For instance, it 

has been well-established that Western keys are learned before the more complex harmonic 

structure of chords and chord progressions (Trainor, 2005; Trainor & Trehub, 1994), but no 

research has been conducted into the learning trajectories of children in non-Western cultures. 

Computational research could be conducted to investigate the precise trajectory of the 
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enculturation process for individuals in different cultures, although behavioral research should be 

conducted when feasible (i.e. when researchers have access to non-Western participant pools). 

Furthermore, the cross-cultural improvement effect observed in all three experiments 

should be subjected to behavioral testing. The present study found that experience with one 

culture improved performance on all other cultures, due to cross-cultural similarities in the 

structuring of musical keys. This effect might be tested through a modified replication of Trainor 

and Trehub’s (1992, 1994) studies regarding children’s responses to rule-violating alterations to 

musical sequences. Instead of playing a melody defined by a Western scale, Western children of 

different ages could be played a repeating melody from a foreign culture and asked to detect any 

alterations to its tones. Such an experiment would allow researchers to determine whether their 

enculturation into Western culture also improves their ability to detect rule-violating changes in 

the music of other systems. 

Finally, a behavioral study similar to that of Krumhansl and Kessler (1982) should be 

conducted on people familiar with multiple cultural systems. It was previously noted that the 

present study leaves open the question of how a person with multicultural experience might rate 

the stability of pitches in keys such as Kafi and B-flat, which contain identical pitch sets but 

vastly different tonal stability profiles. By replicating the Krumhansl and Kessler (1982) study, 

while asking participants to rate the stability of pitches in keys from all systems they are familiar 

with, one could compare how stability judgments differ as a function of multicultural knowledge. 

Additionally, one could generate a topographical mapping of the scales as Krumhansl and 

Kessler (1982) originally did, then compare them to those maps generated by the models in the 

present study. The results of such research would be highly informative in developing our 



MODELING OF MUSICAL ENCULTURATION   109 
 

understanding of musical multiculturalism, and would allow for direct comparisons to be made 

between the maps in the present study and actual behavioral data.  

Before concluding, it is important to make a final remark about the nature of models such 

as those used in the present study. Although it is tempting to treat computational models – 

particularly neural models – as direct representations of the processes taking place in the human 

brain, it must be stressed that this is assumption is inaccurate. The simulations run during the 

present study are useful because they help us to reason about theoretical problems in implicit 

musical learning – not because their structure is identical to the actual music processing 

substrates in the brain. While the brain could utilize a topographical neural structure analogous to 

the self-organizing maps used in the present study, it would be a mistake to assume that it does, 

given that there are numerous other systems that can also model the syntactic structure of 

musical systems (e.g. Bharucha, 1987; Bharucha & Stoeckig, 1986, 1987; Pearce et al., 2010; 

Pearce & Wiggins, 2012). We should understand these models as simulations of a problem, not 

simulations of the brain. By introducing a problem to our model we can study the issues it 

encounters and the solutions it finds, and then use these observations to reason about humans 

faced with similar problems. Computational modeling is, at its core, theoretical in nature. It is a 

tool for generating hypotheses, to be tested and substantiated through behavioral research. 

Through both theoretical and behavioral investigation, we shape the future of the field. 

Conclusion 

 The goal of this research was to examine non-Western and multicultural musical 

enculturation. Our findings have contributed to the growing evidence in favor of the plausibility 

of multicultural learning, and have added nuance to our conception of the problem. They have 

highlighted the similarities between the structures of different musical cultures and raised 
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questions of why this may be. They have driven us to new understandings about Chinese musical 

structure and its relation to our own. But this research has only scratched the surface of a much 

larger problem. There are countless musical cultures not yet studied and a host of questions not 

yet solved.  



MODELING OF MUSICAL ENCULTURATION   111 
 

References 

Balzano, G. (1982). The pitch set as a level of description for studying musical pitch perception. 

In M. Clynes (Ed.), Music, mind, and brain: The neuropsychology of music (pp. 321-

351). New York: Plenum Press. 

Berz, W. (1995). Working memory in music: A theoretical model. Music Perception: An 

Interdisciplinary Journal, 353-364.  

Bharucha, J., & Krumhansl, C. (1983). The representation of harmonic structure in music: 

Hierarchies of stability as a function of context. Cognition, 13, 63-102. 

Bharucha, J., & Stoeckig, K. (1986). Reaction time and musical expectancy: Priming of chords. 

Journal of Experimental Psychology: Human Perception and Performance, 12(4), 403-

410. 

Bharucha, J. (1987). Music cognition and perceptual facilitation: A connectionist framework. 

Music Perception: An Interdisciplinary Journal, 5(1), 1-30.  

Bharucha, J., & Stoeckig, K. (1987). Priming of chords: Spreading activation or overlapping 

frequency spectra? Perception & Psychophysics, 41(6), 519-524.  

Bigand, E., & Pineau, M. (1997). Global context effects on musical expectancy. Perception & 

Psychophysics, 59(7), 1098-1107.  

Boltz, M. (1993). The generation of temporal and melodic expectancies during musical listening. 

Perception & Psychophysics, 53(6), 585-600.  

Bor, J., Rao, S., Van der Meer, W., Harvey, J., Tournier, H., Du Perron, L., & Robin, B. (1999). 

The raga guide: A survey of 74 Hindustani ragas. Wyastone Leys, Monmouth: Nimbus 

Records with Rotterdam Conservatory of Music. 

 



MODELING OF MUSICAL ENCULTURATION   112 
 

Brown, S., & Jordania, J. (2011). Universals in the world's musics. Psychology of Music, 41(2), 

229-248.  

Castellano, M., Bharucha, J., & Krumhansl, C. (1984). Tonal hierarchies in the music of North 

India. Journal of Experimental Psychology: General, 113(3), 394-412. 

Dickerson, K. (2008). SOMPY [Python library]. Available at http://paraschopra.com/old-

website-archive/sourcecode/SOM/sompy.zip.  

Hannon, E., & Trainor, L. (2007). Music acquisition: Effects of enculturation and formal training 

on development. Trends in Cognitive Sciences, 11(11), 466-472.  

Large, E., Kim, J., Flaig, N., Bharucha, J., & Krumhansl, C. (2016). A neurodynamic account of 

musical tonality. Music Perception, 33(3), 319-331. 

Lu-Ting, H. (1982). On Chinese Scales and National Modes (H. Kuo-Huang, Trans.). Asian 

Music, 14(1), 132-154.  

Justus, T., & Hutsler, J. (2005). Fundamental issues in the evolutionary psychology of music: 

Assessing innateness and domain specificity. Music Perception: An Interdisciplinary 

Journal, 23(1), 1-27.  

Kohonen, T. (1995). Self-organizing maps. Heidelberg: Springer-Verlag.  

Krumhansl, C., & Kessler, E. (1982). Tracing the dynamic changes in perceived tonal 

organization in a spatial representation of musical keys. Psychological Review, 89(4), 

334-368.  

Pearce, M., Ruiz, M., Kapasi, S., Wiggins, G., & Bhattacharya, J. (2010). Unsupervised 

statistical learning underpins computational, behavioural, and neural manifestations of 

musical expectation. NeuroImage, 50(1), 302-313. 

 



MODELING OF MUSICAL ENCULTURATION   113 
 

Pearce, M., & Wiggins, G. (2012). Auditory expectation: The information dynamics of music 

perception and cognition. Topics in Cognitive Science, 4(4), 625-652. 

Rohrmeier, M., Rebuschat, P., & Cross, I. (2011). Incidental and online learning of melodic 

structure. Consciousness and Cognition, 20(2), 214-222. 

Rohrmeier, M., & Widdess, R. (2012). Incidental learning of modal features of North Indian 

music. Paper presented at the 12th International Conference on Music Perception and 

Cognition and the 8th Triennial Conference of the European Society for the Cognitive 

Sciences of Music, Thessaloniki, Greece, 23-28 July (pp. 857-866).  

Schaffrath, H. (1995). The Essen folksong collection in kern format [computer database]. Menlo 

Park, CA: Center for Computer Assisted Research in the Humanities. 

Schmuckler, M., & Boltz, M. (1994). Harmonic and rhythmic influences on musical expectancy. 

Perception & Psychophysics, 56(3), 313-325. 

Tekman, H., & Bharucha, J. (1992). Time course of chord priming. Perception & Psychophysics, 

51(1), 33-39. 

Tillmann, B., Bharucha, J., & Bigand, E. (2000). Implicit learning of tonality: A self-organizing 

approach. Psychological Review, 107(4), 885-913. 

Toiviainen, P., & Krumhansl, C. (2003). Measuring and modeling real-time responses to music: 

The dynamics of tonality induction. Perception, 32(6), 741-766. 

Trainor, L., & Trehub, S. (1992). A comparison of infants' and adults' sensitivity to Western 

musical structure. Journal of Experimental Psychology: Human Perception and 

Performance, 18(2), 394-402. 

Trainor, L., & Trehub, S. (1994). Key membership and implied harmony in Western tonal music: 

Developmental perspectives. Perception & Psychophysics, 56(2), 125-132. 



MODELING OF MUSICAL ENCULTURATION   114 
 

Trainor, L., Tsang, C., & Cheung, V. (2002). Preference for sensory consonance in 2- and 4-

month-old infants. Music Perception: An Interdisciplinary Journal, 20(2), 187-194.  

Trainor, L. (2005). Are there critical periods for musical development? Developmental 

Psychobiology, 46(3), 262-278. 


