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Abstract. Using corpora of 19 common-practice tonal composers, this essay 
uses a variety of similarity metrics including cluster analyses and cross entropy 
to identify points of particular stylistic uniqueness. Throughout three 
computational experiments, we find that geography and chronology determine 
much inter-corpus similarity; however, points of dissimilarity – in particular, 
dissimilarities between larger groupings of similar composers – are described. 
These data are interpreted to arise due to emergent phenomena rather than 
driven by individual “creative” composers. 
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1   Introduction 

What makes a composer’s style unique? How do multiple composers’ outputs 
coalesce into styles? How do geographic and pedagogical relationships influence 
musical style and creativity? For decades, these kinds of questions have been asked 
by computational analysts in various ways, engaging the statistical properties of 
individual pieces ([1], [2]), of larger musical corpora [3-7], and even connecting these 
statistical properties to more abstract ideas like musical expression, innovation, and 
creativity ([8], [9]).  

This study will investigate the variation between different common-practice tonal 
composers’ corpora by focusing on one particular musical domain: surface harmonic 
progressions. We model this domain to show statistical similarities and differences 
and observe how these similarities correlate to chronology, geography and a 
composer’s affinity with stylistic schools. By showing such similarities and 
groupings, we will also be able to observe differences – in particular dissimilarities 
between larger groupings of similar composers. In the end, we interpret stylistic 
changes as arising not from individual creative acts by singular composers, but rather 
as phenomena arising from the agglomerated decisions of groups of individuals, or 
what we will call emergent creativity. 

This paper explores these topics through three experiments.  The first experiment 
models each composer’s corpus as a vector of chord-progression frequencies, and 
uses cluster analyses to identify the statistical similarity of these corpora. The second 
experiment will track the correlation between inter-corpus similarity and 
chronological proximity. The third experiment relies on cross entropy – a 
measurement of statistical dissimilarity – to investigate each corpus’s coherence and 
uniqueness as compared to other corpora. In the end, we will describe points of 
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incoherence and uniqueness as evidencing constellations of small innovations that 
drive emergent creativity. 

Importantly, the scope of this essay is limited: it uses a basic tool (moment-to-
moment surface chord progressions) to model one of the most complicated and 
nuanced topics within academic musical discourse – musical innovation – and 
furthermore will do so with corpora of only 19 composers. While engaging with an 
abstract topic with insufficient tools, we will aim to do so in as rigorous a way as 
possible, so as to begin to identify connections between corpus-oriented 
computational modeling and the humans whose creativity produced this music.  

2   Experiment 1 

The goal of this experiment was to measure the similarity and difference between the 
harmonic practices of various composers. “Harmonic practice” was approximated by 
tallying surface trigrams (progressions of three verticalities) drawn from composers’ 
corpora. A cluster analysis of these tallies was undertaken to identify similarities, 
yielding musically and historically intuitive results.  

2.1   Materials and methods   

This experiment relied on data from the Yale-Classicalarchives corpus [10]. The 
YCAC collects MIDI files from classicalarchives.com (a website of user-sourced 
MIDI files), each associated with metadata that specifies the file’s opening key, 
composer, date of composition, instrumentation, composer’s nationality, genre, and so 
on, and with each MIDI file divided into “salami slices” (every verticality where the 
pitch-class content changes: see Figure 1). These experiments use the individual 
corpora of the 19 composers with the largest numbers of pieces: Bach, Beethoven, 
Brahms, Byrd, Chopin, Debussy, Handel, Haydn, Liszt, Mendelssohn, Mozart, Saint-
Saens, Scarlatti, Schubert, Schumann, Tchaikovsky, Telemann, Vivaldi, and Wagner. 
The average corpus contained 231 pieces, with the smallest corpus – Wagner’s – 
containing only 33, and the largest – Scarlatti’s – containing 554. The average corpus 
included 339,185 salami slices, with Wagner’s again being by far the smallest 
(67,538), and Mozart’s being the largest (1,322,716). The corpus has also been tonally 
analyzed, with sections of each piece identified either with a key and mode or labeled 
as ambiguous. These assessments were used to assign scale degrees to the salami 
slices; slices labeled as ambiguous were discarded. Following [11-14], all harmonic 
structures were compiled as unordered sets of modulo-12 scale-degrees, such that 
chord inversion, pitch-height, and note doubling was ignored. 
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Fig. 1. The three methods of grouping the YCAC’s musical data 
 

As illustrated in Figure 1, the corpus was modeled using trigrams (sequences of 
three elements) at three different levels: 1) sequential salami slices, 2) the merged 
salami-slice contents of each beat (as defined by the MIDI file’s metric data), and 3) 
the contents of the primary subdivision of the beat (also defined by the MIDI meter 
data). Chord repetitions were ignored. (By repeating data collection at several levels, 
we allow for patterns that recur at several durational or metric levels to emerge.) The 
total count of each trigram was defined as the sum of its counts at the three metrical 
levels. The procedure was implemented in the Python language (version 2.7) using 
the music21 software package [15]. 

This process returned an average of 78,923 scale-degree trigrams per composer, 
but a median of only 50,338, indicating several outliers. These included Haydn’s 
(251,662 trigrams), Scarlatti’s (243,926), Bach’s (159,048), and Byrd’s (117,944) 
corpora. On the low end, Wagner’s corpus returned the fewest: 17,285 trigrams. A Χ2 
test confirms that these distributions different significantly from one another (p < 
0.01). 

For clustering, each corpus was represented by a 50-dimensional vector in which 
each value expressed the relative frequency of the agglomerated dataset’s 50 most 
frequent trigrams. The angles between the vectors were then calculated. By this 
metric, two composers who used the same progressions with similar relative 
frequencies would result in small angles, while composers with completely different 
harmonic practices would have divergent vectors (resulting in larger angles). This 
procedure used the R programming language (version 2.13.0) to run a divisive and k-
means cluster analysis on a dissimilarity matrix derived from the cosines of these 
vectors’ angles. To ensure sufficient robustness, agglomerative clusters were also 
compiled. For the k-means analysis, the silhouette widths (a measurement of the 
clusters’ tightness) for each value k in [2...12] were also calculated: in the study, the 
highest relative silhouette widths were taken to indicate the optimal number of 
clusters k. (A more detailed description of this clustering technique can be found at 
chriswmwhite.com/research.) 

2.2   Results and Discussion  

Figure 2 shows a divisive cluster analysis of the trigram frequencies of each 
composer, overlain with divisions from the two k-means cluster analyses that returned 
the optimal silhouette widths. (Running an agglomerative clustering procedure returns 
the same result.)  
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Fig. 2. A divisive cluster analysis of the trigram vectors for 19 common-practice 
composers with k-means clustering added with dotted boxes for k=3 and 10 
 

The space conforms to many of our intuitions of chronology and stylistic 
similarity. Note that, for instance, composers of the First Viennese School occupy the 
same cluster, as do the colleagues Brahms and Schumann. The Romantic school of 
composers clusters together as well, as do the Baroque composers. Notably, Bach 
clusters on a broader level with Vivaldi, Telemann and Handel, but is the first to 
break off from this grouping, perhaps indicating his unique compositional style. Byrd, 
Debussy, and Scarlatti are the space’s outliers. While an in-depth discussion of the 
musical specifics that define each cluster is outside the realm of this paper, one 
hallmark of the larger divisions of the space seems to be the varying usage of chordal 
dissonances: while V is the most prototypical dominant in the “Baroque” 
(Handel/Telemann/Vivaldi) and “Classical” (Beethoven/Schubert/Haydn/Mozart 
/Mendelssohn) datasets, V7 overtakes the dominant triad in the “Romantic” 
composers’ (Chopin/Tchaikovsky/Saint-Saens/Liszt) distribution. Unlike the 
remainder of the dataset, Byrd’s most frequent trigrams are contrapuntal, with several 
figures prolonging a tonic triad with passing and neighboring tones being most 
frequent; Debussy’s chord trigrams seem to represent a different harmonic practice 
altogether, while Scarlatti’s frequent progressions are almost all dyadic due to the 
prevailing two-voice texture of his keyboard sonatas. 

3   Experiment 2 

While the above cluster analyses measure similarity, this modeling does not 
capture the progression of these styles. Previous work [16] has shown that cross 
entropy – a standard measurement of statistical similarity – can be correlated with 
historical proximity: the closer two composer’s birth years, the more statistically 
similar their corpora. This experiment reproduces that finding using the current 
trigram model in order to further articulate the relationship between our statistical 
models, chronology, style, and innovation. 
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3.1   Materials and methods   

To quantify the relationship between historical and statistical similarity, cross entropy 
– a measurement of how well a statistical model predicts a series of observations –
was correlated to the years separating each composer’s corpus. Cross entropy 
(introduced to music theory by [9]) measures how well one set of data predicts 
another by taking the log probability of the events in one dataset given the frequency 
distribution of events in another dataset. Equation 1 formalizes this: the cross entropy 
H judges an observation sequence o1, o2... on in O in terms of a probabilistic model m, 
and then averages the value. (One can productively think of cross entropy as a 
measurement of “surprise”: if a model predicts a series of observations poorly, the 
probabilities will be low and the resulting cross entropy high. If, on the other hand, 
the model performs well, the cross entropy – the level of the model’s surprise – will 
be low.) 

𝐻!(𝑂) =   −
1
𝑛 log  (𝑚 𝑜!, 𝑜! … 𝑜! ) (1) 

Models were compiled using the statistics drawn from the vectors of Experiment 
1. A composer’s birth year was used as the corpus’ date. All cross entropies in this 
article are reported in bits (base 2), and were calculated between all corpus pairs, as 
were the absolute differences in date, and the results were correlated for each 
composer. These correlations removed Byrd from consideration: being by far the 
earliest composer, his status as a chronological outlier often skewed the regressions. 

 3.2   Results and Discussion 

 
Figure 3 plots a representative comparison between inter-corpus cross entropy and 

the difference between composer’s birth years. The graph plots the number of years 
(y) by the cross entropy resulting from each model’s assessment of Haydn’s trigrams 
(x). The correlation is relatively strong: the Spearman rank coefficient is 0.617, 
suggesting that, most of the time, the further a composer’s birth year is from Haydn’s, 
the higher the cross entropy.  

 

 
Fig. 3. Haydn’s inter-corpus cross entropy plotted by years separating his birth 

year from others’ 
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These results suggest a connection between the musical norms that dominate a 

composer’s surface harmonic progressions and his chronological situation. However, 
chronology does not perfectly explain every relationship. Several composers who 
returned higher cross entropies than the regression line would predict (i.e., their 
corpora were less similar to Haydn’s model than chronology would seem to indicate) 
tended to be the “high Baroque” composers, who, while active within several decades 
of Haydn, composed in a very different style. Similarly, those composers who were 
more influenced by earlier traditions – e.g. Tchaikovsky and Brahms – are more 
similar to Haydn than their chronology might otherwise predict. (Incidentally, while 
all such birth-year/cross-entropy plots produced positive correlations, several 
produced somewhat low results– using Wagner’s corpus for reference, for instance, 
returned a coefficient of merely 0.182). 

4   Experiment 3 

To this point, Experiment 1 has shown these corpora to robustly cluster into varying 
“styles,” and Experiment 2 has identified that – while similarity is generally predicted 
by historical proximity – chronology does not explain every relationship. Experiment 
3 examines the properties of several new corpus groupings and pair-wise relationships 
in order to further investigate potential points of innovation and uniqueness within the 
larger dataset. 

4.1   Materials and methods   

Our aim was to measure two characteristics of corpora: first, whether a corpus is 
coherent – i.e., it contains pieces with similar statistical characteristics – and second, 
whether a corpus is unique – i.e., the corpus’s statistical characteristics differ 
significantly from the characteristics of other corpora. If the corpus’s properties are 
found to be incoherent, there exist large amounts of variation within that corpus. A 
unique corpus will indicate that that group of pieces stands out from all others under 
consideration. 

For the probabilistic model, trigrams were used as in Experiment 1, but now 
converted to successions of transpositionally-equivalent prime forms rather than scale 
degrees: instead of compiling a progression as – say – a tonic triad moving to a 
dominant triad, this method would register that same progression as a major triad 
moving to another major triad a fifth away. (This was done in order to accommodate 
the sparser data of single pieces, and was therefore more appropriate to the process 
described below.) The dataset was now grouped into corpora using three methods: 
identity, chronology, and clustering. The first simply treats each composer’s corpus as 
independent. The second divides the YCAC into 50-year epochs, using the date listed 
for each piece within the corpus (1650–1700, 1701–1750, 1751–1800, 1801–1850, 
1851–1900).  Finally, the two optimal k-means clusters shown in Experiment 1 were 
used to group composers’ datasets into larger corpora (Table 1 reviews these 
groupings).  
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Table 1. k-means clustering for k=7 and k=10 

K-means Clusters 
k = 7 k = 10 
Bach Bach 
Byrd Byrd 

Beethoven, Mozart, Haydn, 
Schumann, Mendelssohn, 
Brahms, Schubert, Wagner 

Beethoven, Mozart, Haydn, 
Mendelssohn, Schubert, 

Tchaikovsky, Liszt, Chopin, 
Saint-Saens 

Tchaikovsky, Liszt, Chopin, 
Saint-Saens 

Telemann, Vivaldi, Handel Telemann, Vivaldi 
Debussy Debussy 
Scarlatti Scarlatti 

 
Wagner 

Brahms, Schumann 
Handel 

 
To test a corpus’s coherence, a single piece was withheld from the corpus’ 

probability distribution, and the cross entropies of the trigrams within that single piece 
were calculated given the remainder of the corpus. That is, given the series of chords 
O in a piece, the corpus’s probabilistic model m judged P(oi-2|oi,oi-1) for all time points 
i in the piece in order to produce a cross entropy H. This was again repeated for all 
three metric levels (as described in Experiment 1).1 The process was iterated for each 
individual piece within that corpus (e.g., the trigrams of each individual piece by 
Mozart were assessed by the overall Mozart trigram model), and the resulting cross 
entropies averaged. (To combat potential confounds surrounding errors in the dataset, 
this experiment did not consider pieces that returned cross entropies higher than 10 
bits.) If, say, a corpus was comprised of very different pieces, the composite statistics 
of that corpus would not predict the occurrences of any of its constituent pieces very 
well, yielding a high average cross entropy: the corpus would be incoherent. 
However, a coherent corpus, being comprised of many similar pieces, would predict 
each of its composite pieces well, yielding a low average cross entropy. 

To test a corpus’s uniqueness, the identical procedure was run for each piece 
within a corpus, but now using the trigram statistics of each other corpus. (e.g., the 
trigrams of each piece by Mozart were now assessed by every other composer’s 
trigram model). If a corpus’s pieces were predicted just as well by another corpus’s 
statistics as its own (with comparable cross entropies), the corpus was not unique; 
however, if a corpus’s self-predictions returned an average cross entropy that was 
significantly lower than that of any other corpus’s assessment of its pieces, the corpus 
was unique. Significance was determined by a one-sided t-test, assuming a 
significance window of p<.05.  

                                                             
1 A heuristic smoothing procedure was performed using the assumption that transition 

probabilities follow a cubic power-law distribution: if a transition from a particular chord had 
never been observed in a corpus, the frequency was judged to be the cubed root of the lowest 
observed transition frequency from that chord. The heuristic was based on observations about 
the probability distributions present in the data as discussed in [5]. 
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3.2   Results and Discussion  

 
Composer Corpora. By dividing the corpora by composer, on average 73.35% of a 
composer’s pieces obtained the lowest cross entropy when using the corpus’s own 
trigrams; the median rate was 82.54%. Figure 4 shows the Handel and Mendelssohn 
corpora results, with the self-comparison highlighted in the lighter coloring, and 
results that are significantly and insignificantly different from the self-comparison 
shown with dark and striped bars, respectively. Handel’s own statistical model 
predicts its own pieces relatively well, and significantly lower than any other model. 
Handel’s trigram model is coherent and unique. On the other hand, the average cross 
entropy of Mendelssohn’s pieces when compared to Brahms, Handel, and Schubert is 
not significantly different that the cross entropy resulting from a self comparison. This 
result indicates that the Mendelssohn model is coherent in so much as it predicts its 
own pieces well; however, it also shows that the model is not sufficiently unique, as 
other models predict Mendelssohn’s corpus virtually identically to Mendelssohn’s 
own model. Notably, the distribution of the Mendelssohn model was far more the 
norm: only Handel and Byrd predicted their corpora significantly better than any 
other corpus. (NB: A “not unique” diagnosis is not meant as either a positive or 
negative judgment– such a characteristic could arise from a particularly eclectic or 
often-imitated composer as much as from a highly derivative composition style.) 
 

 
Fig. 4. The inter-corpus cross entropy measurements for a) Handel’s corpus and b) 
Mendelssohn’s  
 
Chronological Corpora. On average, only a 68.74% of pieces within the 50-year 
models were predicted best by their home corpus; however, the median was 80.8%. 
This difference stems from the fact that one time period, 1751–1800, performed 
particularly incoherently, as shown in Figure 5. The figure also shows the more 
representative 1801–1850 corpus. Interestingly, 75% of the statistically insignificant 
pairwise comparisons throughout the 50-year-epoch test involved time periods 
adjacent to one another; if one removes the incoherent late 18th-century results from 
the percentage, this number rises to a complete 100%.  In other words, with the 
exception of the problematic late 18th-century, the models generally become 
“confused” as to a piece’s time period only when comparing that piece to a 
chronologically adjacent corpus. (NB: 30-year corpora were also run, and yielded 
comparable results.) This also suggests that the late 18th century is a particularly 
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innovative (or even creative!) half-century, encompassing both the ends of Handel’s 
and Telemann’s careers and also the beginning of Beethoven’s symphonic output.  

 

 
Fig. 5. The inter-corpus cross entropy measurements for a) the 1751-1800 corpus and 
b) the 1801-1850 corpus  

 
Clustered Corpora. The seven clusters provide nearly perfectly coherent and unique 
results, with only Debussy’s corpus providing insignificant returns, likely due to its 
small membership (n=60), or to its unusual harmonic syntax. Figure 6a shows a 
typically perfect 7-cluster trial. The ten clusters performed slightly worse; if, 
however, one discounts the insignificant results of the two smallest corpora – now 
adding Wagner’s corpus (n=32) to Debussy’s – 97.22% of comparisons are 
statistically significant.  Figure 6b shows one of the two remaining insignificant 
results, the other being the average cross entropy of Vivaldi/Telemann’s pieces given 
Handel’s corpus.  
 

 
Fig. 6. The inter-corpus cross entropy measurements for a representative a) 7-cluster 
solution and b) 10-cluster solution 
 

The results from these trials suggest two main ideas about style and similarity. 
First importantly, these results reinforce the findings of the first experiment: 
composers participate in larger traditions that themselves nest into larger stylistic 
groups. The 7-cluster solution could be seen to contain three large traditions, with 
four individual composers – Byrd, Bach, Debussy, and Scarlatti – jettisoned into their 
own categories. In this sense, three dominant harmonic styles exist, which, as the 
number of clusters increases, divide into three further subgroups, with Brahms and 
Schumann forming a new cluster, and Wagner and Handel forming individual nodes.  

Second, the fact that the k-means clustering works better than other corpus 
divisions argues for a particular conception of stylistic affinity that transcends 
chronology and composer identity. While the chordal trigrams of individual pieces are 
reasonably well predicted by divisions of time and individual composer authorship, a 
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clustering of the actual trigram frequencies divides composers into groups that more 
accurately capture the different practices present in common-practice chord usage. 
These findings seem to show that while common-practice style developed 
chronologically, individual schools developed with innovations more unique than 
would be predicted with simple chronologies or by the practice of individual 
composers. 

4   General Discussion: Emergent Musical Creativity 

 
The preceding experimental models show that a) surface trigrams provide sufficient 
data to divide groups of composers together by chronology, b) that the clusters 
resulting from this trigram data are not only coherent in that their constituent 
compositions share the same surface chord-progression statistics, but are also unique 
in that the constituent composers’ compositional statistics differ significantly from 
that of other clusters. However, c) composer-based corpora do not tend to be 
statistically unique, especially regarding the corpora of similar geographies and time 
periods, and d) corpora defined by time-period are less statistically coherent than 
other types of corpora.  

These findings suggest three main points concerning how these corpora might 
connect to one another, and in turn to musical creativity. First, given that a time 
period’s trigram statistics tend to be comparable to adjacent time periods and that 
between-composer measurements of cross entropy correlate to chronological distance, 
it would seem that innovation tends to flow between one time period and the next. 
Second, given the incoherency of the late 18th-century corpus, it would seem that this 
time period produced several divergent statistical strands. This time period seems to 
contain more compositional experimentation, indicating that the move from the High 
Baroque to the High Classical style was more disruptive, varied, and extreme than 
other historical junctures. Third, individual composers do not seem to be particularly 
unique in their styles, given that their own trigram statistics are predicted by 
preceding, contemporary, and succeeding composers. In other words, individual 
composers do not seem to create moments of dramatic change within the 
chronological progression of musical style. Fourth, and most provocatively, at least 
within the parameters of this study, disruptive innovation does not seem to be driven 
by individual composers, rather, it seems to be an emergent property of groups of 
musicians working at the same time and place.  That is, if we are to locate seismic 
stylistic shifts – the creation of innovative, coherent, and unique datasets – we should 
look neither at individual composers nor chronological epochs, but rather at groups of 
historically proximate composers to observe the groups’ emergent creativity.  

These models, then, suggest a paradigmatic shift in the way we think about musical 
creativity. At least insomuch as creativity can be equated with producing innovative 
and unique musical material, these findings suggest that the personalities sometimes 
touted as “creative geniuses” – the Beethovens, Chopins, and Wagners in our 
historical narratives – may better be understood as points within constellations of 
creative actors. In this thinking, Beethoven was not as individually creative as was the 
amalgamated population of composers in the time period and geography in which he 
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was composing. The innovations within Beethoven’s compositions do not represent a 
disjunction from other styles; however, the group of composers who were working in 
and around southern Germany and Austria in the late 18th and early 19th centuries – 
those composer who cluster with Beethoven in Figure 2 – do constitute a style 
uniquely distinguishable from other musical practices. While this concept is not new 
to music historians (see, for instance, [17]), these models computationally support the 
idea that the most unique and coherent streams of creativity arise as emergent 
phenomena within groups of chronologically and geographically proximate 
composers. 

Of course, these methods are crude. Composers do not write music using trigram 
probabilities, listeners do not parse music using such surface progressions, nor would 
we imagine a Beethoven or a Chopin framing their creativity via innovative trigrams. 
Nor are 19 composers dispersed over three centuries in any way representative of the 
diverse and rich practice of Western European art music. However, our methods do 
function as a proxy for more subtle models. That is, our simple trigram model might 
detect the traces of larger trends: as musical styles develop along more subtle avenues 
and expressive contexts, these changes can be detected by tracing something as 
simple as chord-to-chord surface n-gram probabilities within a subset of common-
practice composers. This work invites future investigations into the musical specifics 
surrounding the statistical trends identified here. For instance, what about 
Tchaikovsky’s music makes it more similar to Haydn’s, and what particular musical 
practices diverge within the late 18th-century? Further research might also compare 
corpora using more sophisticated means to find subtler – or even different – trends of 
innovation. Such investigation might, for instance, model deeper grammars, track 
formal structures (e.g., the way composers deploy a Sonata form or write a fugue), or 
study different corpora’s usages of melodic and bass patterns.  

However, overall, our methods provide a step towards modeling emergent 
creativity. The practice of individual composers is interwoven with their influences, 
colleagues, and students; however, taken as a whole, these clusters of composers 
create coherent styles that are themselves unique and innovative. This model, then, 
shifts the focus of musical innovation away from the individual creative “genius,” 
shifting it instead onto musical communities.  
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