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What’s a word in 
harmony?
Can Statistical Language Models be used for the 
Analysis of Harmonic Progressions?
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Good afternoon.
- title is “Can Statistical...” but really we’re asking “What’s a ...”
- let me clarify this 
-->
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What’s this about?

‣Find a symbolic 

harmony feature

whose type sparseness resembles that of        
types in natural language.

‣Results Sneak Preview

‣Single chords don’t do the job.

‣Longer chord sequences resemble words 
in language more closely.
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...
- sparseness in the language sense: most words (types) appear very rarely
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Motivation: Music IR

‣example 1 :

“find similar song given chord 
transcriptions” (Query By Example)

‣latent semantic analysis

‣example 2:

“extract chords from complex audio”

‣Chords sequential (like words)

‣HMM with chords as states
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here are two examples which illustrate what we think the new knowledge can be used for ...
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Music IR: audio to labels

‣example 3:

“extract chords from complex audio”

‣Chords sequential (like words)

‣NLP methods work so well ...

‣HMM with chords as states
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Music IR: audio to labels

‣example 3:

“extract chords from complex audio”

‣Chords sequential (like words)

‣NLP methods work so well ...

‣HMM with chords as states

Alternative to 

chord 

as basic unit?

4



Mauch, Müllensiefen, Wiggins, Dixon

Symbolic chord and text data

chords text

Community
Corpus
2548 songs, 
195,874 chords Brown

Corpus
1,006,770 tokens (words)

Automatic
Corpus
2592 songs, 

294,264 chords
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- Community Corpus: (1) chord “lead sheets” shared by users of the commercial software “Band in a Box”, (2) checked by 
relistening via the program.
- Automatic Corpus: (1) chords automatically extracted from MIDI.
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Choice of harmonic feature

‣compare word distribution to                          
chord sequence distribution

‣8 kinds of chord sequences

with duration
information

without duration
information

chord chord change 
chord sequence

length 3
chord sequence

length 4 
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- from the chord data we construct 8 different kinds of harmonic feature:
chord sequences
- different lengths (ranging from a single chord to sequences of ...)
- another parameter is: consider harmonic rhythm or not (by considering duration info or not)

- Let me quickly show you some examples for such chord sequence types ....
-chord sequences overlap
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Sequence extraction example

C Dm Bb C F C

with duration
information

without duration
information

chord chord change 
chord sequence

length 3
chord sequence

length 4 
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- explain for example setting “without duration information”, “chord sequence length 3”
- representation as chords with relative root distances in semitones
- sequences obtained by a sliding window
- benefit: key-independent, would be the same in a different key
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Sequence extraction example

C Dm Bb C F C

maj min maj maj maj maj ...2 8 2 5 7

with duration
information

without duration
information

chord chord change 
chord sequence

length 3
chord sequence

length 4 
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- explain for example setting “without duration information”, “chord sequence length 3”
- representation as chords with relative root distances in semitones
- sequences obtained by a sliding window
- benefit: key-independent, would be the same in a different key



Mauch, Müllensiefen, Wiggins, Dixon

Sequence extraction example

C Dm Bb C F C

maj min maj maj maj maj ...2 8 2 5 7

2maj min maj8

min maj maj8 2

2maj maj maj5

maj maj maj5 7

with duration
information

without duration
information

chord chord change 
chord sequence

length 3
chord sequence

length 4 
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- explain for example setting “without duration information”, “chord sequence length 3”
- representation as chords with relative root distances in semitones
- sequences obtained by a sliding window
- benefit: key-independent, would be the same in a different key
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Sequence extraction example

maj min maj maj maj maj ...2 8 2 5 7

2maj min maj8

min maj maj8 2

2maj maj maj5

maj maj maj5 7

with duration
information

without duration
information

chord chord change 
chord sequence

length 3
chord sequence

length 4 

F Gm Eb F Bb F
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- explain for example setting “without duration information”, “chord sequence length 3”
- representation as chords with relative root distances in semitones
- sequences obtained by a sliding window
- benefit: key-independent, would be the same in a different key
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Frequency Spectrum

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

empirical (Brown text corpus)

(token) frequency class  Vm

nu
m

be
r o

f t
yp

es
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what we base our comparison on is the Frequency Spectrum:
- this one: text corpus example
- “most words appear only once (frequency class V_{1})”
- smooth shape, can be modeled by a parametric model (next slide)
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observed
fZM predicted

Frequency Spectrum
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‣finite Zipf-Mandelbrot 

model of the 
frequency spectrum

‣ Evert (2004)

empirical (Brown text corpus)

model prediction

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

— Community Corpus — Brown
Freq. rank metric durations, length 1 no durations, length 4 Corpus

rel. freq type rel. freq type rel. freq type
1 0.309 maj -manybeats 0.022 maj

5−→ maj
7−→ maj

5−→ maj 0.069 the
2 0.264 maj -23beats 0.016 maj

7−→ maj
5−→ maj

7−→ maj 0.036 of
3 0.128 min -23beats 0.014 maj

5−→ maj
5−→ maj

7−→ maj 0.028 and
4 0.117 min -manybeats 0.012 min

5−→ maj
5−→ maj

5−→ maj 0.026 to
5 0.061 maj -1beat 0.011 min

5−→ maj
7−→ min

5−→ maj 0.023 a
6 0.031 dim -23beats 0.011 maj

5−→ maj
5−→ maj

5−→ maj 0.021 in
7 0.022 min -1beat 0.009 maj

5−→ min
5−→ maj

5−→ maj 0.011 that
20 < 0.001 sus9 -23beats 0.006 maj

5−→ maj
5−→ maj

2−→ maj 0.005 at
50 — 0.002 min

5−→ maj
5−→ maj

9−→ maj 0.002 if
100 — 0.001 maj

5−→ maj
5−→ maj

11−→ maj 0.001 way
200 — 0.001 maj

2−→ min
8−→ maj

2−→ maj < 0.001 hand
1000 — < 0.001 min

1−→ min
5−→ maj

6−→ min < 0.001 charles
10000 — < 0.001 min

11−→ dim
7−→ min

5−→ maj < 0.001 registry

Table 1. Type rankings and relative frequencies for two selected parameter settings in the Community Corpus as well as
the Brown Corpus. For the chord sequences of length 4, the root difference between to consecutive chords is represented
as an upwards interval measured in semitones, i.e. the chord change C-F would be an instance of maj 5−→maj .
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Frequency Spectrum:  Automatic Corpus, Reduced Chord Set, Metric Duration, Length 3
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Figure 2. Harmonic type frequency spectrum of Auto-
matic Corpus using chord sequences of length 3 and met-
rical duration information. Similar in shape to Figure 1.

the harmonic types appears only once and types occurring
in the corpus have a much higher frequency, i.e. are re-
peated much more often.

D. Productivity

A common way to summarise these frequency spectra is
to divide the number of words which only occur once (V1,
technical term: hapax legomena) by the overall number
of tokens in the corpus (N ). The quotient is simply the
proportion of types that have exactly one instance in the
sample. It gives an indication of how the vocabulary is
used and how productive the process is that generated the
corpus, hence it is often called measure of productivity.
Table 2 lists the productivity values for all parameter set-
tings in our study. Baayen (1994) explains in more detail
the use of the productivity measure in language.

E. LNRE modelling

The characteristic shape of the frequency spectra arising
from linguistic corpora can be modelled by so-called Large
Number of Rare Events models that allow us to summarise
the frequency distribution from a corpus by a few model
parameters. Out of the several different models applica-
ble for this type of distribution we chose the finite Zipf-
Mandelbrot model as described by Evert (2004):

g(π) =

{
C · π−α−1 A ≤ π ≤ B

0 otherwise,
(1)

where C = (1 − α)/(B1−α − A1−α) is a normalising
factor. What is modelled here is the density g(π) of types
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- following a power law
- wondering: if we did the same for chord sequences...
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Best-fitting Harmonic Elements

‣settings closest to text corpus

‣length 3 (metric duration)

‣length 4 (no duration)

with duration
information

without duration
information

chord chord change 
chord sequence

length 3
chord sequence

length 4 
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Chord Sequence Distribution

Corpus Duration Length Exp. Voc. Size Max. Voc. Size Productivity alpha B
at 100k tokens

1

Community

No Duration 1 7 (7) 0.0000 0.000 1.429
2 No Duration 2 380 (588) 0.0005 0.112 0.032
3 No Duration 3 3906 (49392) 0.0110 0.345 0.007
4 No Duration 4 12820 (4148928) 0.0498 0.857 0.008
5 Metric Duration 1 21 (21) 0.0000 0.000 0.419
6 Metric Duration 2 1657 (5292) 0.0032 0.173 0.008
7 Metric Duration 3 12122 (1333584) 0.0450 0.802 0.005
8 Metric Duration 4 27465 (336063168) 0.1297 1.000 0.005
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Automatic

No Duration 1 5 (6) 0.0000 0.000 2.156
10 No Duration 2 190 (432) 0.0002 0.098 0.076
11 No Duration 3 2481 (31104) 0.0070 0.315 0.008
12 No Duration 4 12204 (2239488) 0.0602 0.650 0.004
13 Metric Duration 1 14 (18) 0.0000 0.012 0.773
14 Metric Duration 2 961 (3888) 0.0017 0.098 0.011
15 Metric Duration 3 13532 (839808) 0.0599 0.605 0.002
16 Metric Duration 4 38819 (181398528) 0.2563 0.983 0.002

17 Brown 12780 — 0.063 0.578 0.002

Table 2. Resulting bench mark values for all tested parameter settings in comparison with the Brown Corpus. The
Maximum Vocabulary Size figures represent the theoretical vocabulary size possible by using the respective alphabet.
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Figure 5. Observed and predicted frequency spectrum
for the Community Corpus from finite Zipf-Mandelbrot
model. Parameter setting: Length of chord progressions =
4, not using durational information.

observed

fZM predicted

Observed and Predicted Frequency Spectrum Automatic Corpus,  Metric Duration, Length 3
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Figure 6. Observed and predicted frequency spectrum for
the Automatic Corpus from finite Zipf-Mandelbrot model.
Parameter setting: Length of chord progressions = 3, us-
ing metrical durations.

empirical (chord seq length 3, duration)

model prediction
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- one of the “winning” chord sequence configurations: “duration information”, “chord sequence length 3”
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Interpretation of Results

‣Single chords don’t do the job.

‣Longer chord sequences resemble words in 
language more closely.

‣Even more so if considering durations.
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Future Work

‣different harmonic elements

‣root progression

‣degree (with respect to key)

‣variable length chord progressions 

(determine using collocation measure)

‣different language elements

‣letter sequences

‣other languages? Chinese?
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overlapping paradigm
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Thanks

‣... looking forward to your suggestions!
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