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Musical learning as entropy reduction 
• Entropy Reduction (ER) explains key aspects of human  

   perception, cognition, behaviour, and learning   (e.g. Lee, 2001) 

• ER is consistent with predictive coding theory   (Friston, 2005) 

• Predictive coding plays a key role in music processing  (Vuust et al., 2009) 

• Musicians show spikier key profiles than non-musicians  (Krumhansl, 1990) 

• Can statistical learning of music be modelled as a process of 

predictive entropy reduction? 

What is entropy? 

SHORT-TERM: Re-analysis of statistical learning experiments (Exp. 1-3) 
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• Materials: Isochronous melodies composed from finite-state grammars 

using unfamiliar Bohlen-Pierce scale 

• Procedure: Musically trained or untrained individuals: 

1) Probe-tone ratings (pre-exposure entropy) 

2) 25-30 mins exposure (5, 15 or 400 melodies) 

3) Probe-tone ratings (post-exposure entropy) 

• Results: 

 Absolute entropy reduction: only marginal non-significance 

 Significant within-participant relative entropy reduction ❶❷❸ 

 Effect size increases with number of exposure melodies ❶❷❸ 

 Lower relative entropy in musically trained individuals ❸ 

 

 

LONG-TERM: Re-analysis of probe-tone experiments (Exp. 4-5) 

• Materials: Monophonic melodic contexts from isochronous English hymns (Exp. 4), Schubert songs (Exp. 4) 

& Charlie Parker solos (Exp. 5), ending with either high or low probabilistic uncertainty about the 

continuation, estimated using the IDyOM model (Pearce, 2005) 

• Procedure: Probe-tone ratings (9 per context)  Expectedness distributions  Absolute entropy (H) 

• Results: 

 Musicians make predictions with lower entropy than non-musicians ❹ 

 Between-participants entropy reduction only present for low-uncertainty contexts ❺ 

CONCLUSIONS 

Entropy reduction (ER) 

 ER models musical learning 

effectively on long and short 

timescales, as demonstrated 

between and within participants 

 

 ER is driven by general rather 

than style-specific expertise 

 

 Exposure corpus size determines 

generalisability and degree of ER 

 

 Objective uncertainty of context 

given the style determines potential 

for ER 

Probe-tone ratings before and 
after exposure to 400 melodies          

(Loui, 2012) 

p = .035 

❹ 

• Absolute entropy (H) quantifies uncertainty of predictions  (Shannon, 1949) 

•Relative entropy (symDKL: symmetrised Kullback-Leibler Divergence) 

quantifies dissimilarity between two probability distributions 

•Hypothesis: Musical learning reduces symDKL between (a) subjective 

expectedness ratings and (b) objective exposure frequencies 

(Loui et al., 2010; Loui, 2012) 

(Hansen & Pearce, in review; Hansen, Vuust & Pearce, in prep.) 

❶ ❷ ❸ 

p = .008  p = .006  p < .001  p = .040  

5 melodies 15 melodies 400 melodies 400 melodies 

p = .008  

Absolute: 

 
 

Relative: 

p = .029 

p < 0.01 

❺ 


