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10) Conclusions
• We developed a linear generative signal

model to describe polyphonic piano mu-
sic.

• The introduced modified Rayleigh dis-
tribution is a conjugate prior for the
Gaussian mean and closely models the
note amplitudes.

• A Gibbs sampler can be implemented to
sample from the posterior distribution of
the note activation.

• Only based on the assumption of sparsity
and the non-negative prior, the algorithm
extracts note-like features.
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Fig. 3. Learned piano notes.

9) Fig 3. Piano Notes
• A polyphonic piano recording of Lud-

wig van Beethoven’s Bagatelle No. 1
Opus 33 was analysed.

• Of the 100 features, 47 converged.
These are shown in the time-domain and
the spectral-domain (right).

• The harmonic structure of the features is
visible and the features are found to re-
semble individual notes.

• The found parameters were: λε = 58,
λp = 1.1, λu = 8.3 and µ = −0.039.

8) Fig 2. Toy Problem
• A toy problem generated using the statis-

tics of a real piano performance was
analysed.

• Left. Original features (dotted lines) and
learned features (solid lines).

• 10 out of 12 features have been learned
while features B and K have not.

• The correlation between each original
feature and closest learned feature are
given in brackets.

• The model parameters converged to
λε = 172, λp = 1.05, λu = 13.15 and
µ = 0.45.

A (0.998) B (0.711)

C (0.999) D (0.972)

E (0.996) F (0.999)

G (0.996) H (0.994)

I (0.910) J (0.972)

K (0.484) L (0.997)

Fig. 2. Learned toy problem features.
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With probability p(s > µ) we can sample
from a mixture of a shifted Rayleigh distri-
bution and a Gaussian. For s < µ we have
a Gaussian upper bound on the distribution
and use rejection sampling.

6) Gibbs Sampling
Approximation

We sample from p(un|sj �=n,uj �=n,x, θ)
and from p(sn|u, sj �=n,x, θ):

sn ∼
{

pmR(s; νn, Ψ−1
n ) if un = 1

δ0(s) if un = 0.


