
Defining Meter using Harmonic Probabilities  

 

This study investigates meter can be determined by observing the periodic rise 

and fall of musical probabilities associated with chord progressions within common-

practice composition. To do this, we test a hypothesis concerning the way humans “feel 

the beat” in music: we hypothesize that in addition to loudness, consonance, and 

rhythmic patterns to find beats, we also consider how probable particular sounds are to 

occur when entraining to a beat pattern. We test ���whether subjects associate probable 

sounds with musically strong beats. The experiment involves a training session and a 

testing session. In the training session, subjects hear several pitches repeated, with some 

pitches repeated much more frequently than the���others. Subjects then hear a pattern 

oscilating between the frequent (FR) and infrequent (IN) pitches, with the series neutral 

as to loudness, and duration. The subjects are asked to tap the beat on a computer 

spacebar. To incentivize participation, the subjects will receive $3 if they identify the 

downbeat suggested by the higher-probability notes. 

 

The Larger Picture, and Connection to Musical Data Modeling 

Contrasting with metric theories that rely on recurrent accents, this line of inquiry 

follows London (2004) and Huron (2006) to conceive of meter as involving cyclic time 

intervals that allow listeners to predict sounding events. Our approach, however, 

constructs meter not from the predictable recurrence of individual events, but from the 

probability that these events will occur within some context. In this construal, we use a 

musical corpus to assign probabilities to a series of harmonic events – e.g., the 



likelihoods that chord types or scale-degree collections will occur in particular contexts. 

The resulting peaks and valleys of probability exhibit recurrent patterns often suggestive 

of the piece’s time signature. This observation suggests a formal definition of meter as 

not just the periodic and predictable recurrence of accented events such as louder attacks, 

pitch onsets, or harmonic changes (i.e., the phenomenal and structural accents of Lerdahl 

and Jackendoff 1983), but also the recurrence of a series of higher and lower event 

probabilities at constant periodicities. (The notable overlaps with harmonic conceptions 

of meter (e.g., Rothstein 1989 and Schachter 1987) will be discussed.)  

Consider Figure 1, which shows measure 8 of BWV 124.6 along with the 

probability of each chord occurring given an early 18th-century corpus. Here, the 

probability rises on what we would hear as strong beats, and dips on the eighth-note off-

beats: this probability contour seems to indicate a “strong-weak” pattern.  Table 1 

compares the meters suggested by these contours to the time signatures of pieces within 

various corpora. As Table 1 shows, this procedure finds that the chord probabilities 

match the pieces’ notated time signature between 75% and 86% of the time. While one 

might expect a probability-based model to perform not nearly as well as an accent-based 

model, both perform with comparable success rates, suggesting that the concept of meter 

is indeed overdetermined by both musical parameters. 

In contrast to traditional metric theories, this model utilizes an attribute that might 

change from piece to piece. While the regular recurrence of very probable tonic and 

dominant chords might often indicate downbeats (here, the peaks within the probability 

contour indicate the meter), the regular recurrence of improbable suspension figures 

might indicate downbeats in some other contexts (here, the valleys show the meter).  



 

Cognitive Connections, Big Picture 

 

If it is shown that listener’s use these probabilities to entrain to beats, it follows 

that this property of common-practice musical corpora is salient to music cognition. In 

other words, it would show that a musical parameter usually associated with tonal 

cognition is used in metric cognition. This metric model also suggests a related definition 

of metric dissonance. Reviewing computational and psychological insights from 

Temperley (2010) and McLachlan et al. (2013), we can argue that metric dissonances 

occur when an event’s probability does not align with expectation. Consider the Brahms 

excerpt in Figure 2. There, a bar graph shows percentages indicating how frequently the 

chords occur in Brahms’ corpus. While most strong beats correspond to peaks in the 

probability contour, the arrows show strong beats on which low-probability events occur. 

My conception of meter considers these accented dissonances as not only harmonically 

dissonant, but also metrically dissonant – i.e., they conflict with the prevalent probability 

contour.  
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Figure	  1:	  BWV	  126.6	  m.	  8,	  along	  with	  chord	  probabilities	  given	  an	  early	  18th	  
century	  corpus 

 



Table	  1:	  Success	  rate	  (in	  F-‐score)	  for	  each	  model	  predicting	  a	  piece’s	  actual	  
time	  signature.	  The	  onset	  model	  uses	  the	  number	  of	  note	  onsets	  at	  each	  
timepoint	  to	  determine	  the	  piece’s	  meter,	  adapting	  Brown	  (1993). 

Composer/Corpus Onset 
Model 

Chord Probability 
Model 

Monteverdi 0.954 0.862 
Handel 0.8 0.782 

Bach Chorales 0.751 0.754 
	  

	  

	  

Figure	  2:	  The	  opening	  to	  Brahms’	  “Es	  ist	  ein’	  Ros’	  entsprungen”	  (Op.	  122,	  no.	  8)	  
along	  with	  how	  frequently	  each	  chord	  occurs	  in	  Brahms’	  corpus.	  NB:	  the	  
statistics	  ignore	  chord	  inversion,	  following	  White	  (2013).	  
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