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Forcing Analyticity Experimental Results

e Several variations of a complex filterbank learning module are investigated as a The module can be re-formulated to learn only the real part of each MAESTRO MAPS
frontend for a baseline piano transcription model 1, ol : : : : . : Experiment | Frame F; | Note-On F; | Note-Off F; | Frame F; | Note-On F; | Note-Off F,
. | p p - [1, 2] | filter and to mfe.r the- imaginary par’F using the |T||II:)_ert Transform — 50" 5 o5 YT ST 207 120" =9 IcF
e Techniques are introduced to learn analytic filters and to enforce sparsity among H(-). The resulting filters are analytic [3] and shift invariant. mel 90.91 95.82 83.14 81.26 83.86 59.07
the WEightS of each filter. 5 5 cqt 90.79 95.29 82.30 71.46 82.35 52.18
X[k _ \/ % RO - (1 % H(R(O 3 vqt 90.18 04.74 80.51 80.26 83.42 55.34
X1E, u] ( (6,))" + ( (R{60))) (3) fixed comb | 87.59 92.19 75.09 80.30 84.64 57.22
. . cl+rnd 86.70 01.22 73.72 70.03 78.77 43.92
Filterbank Learnmg Module Induci S - cl+vqt 87.53 02.24 75.64 72.90 80.90 48.06
naucing Sparsity hb+rnd 86.50 91.30 73.19 76.13 80.00 51.88
hb+vqt 87.81 92.63 76.01 75.11 80.71 50.66
i hb+rnd+brn | 8523 90.19 70.75 74.81 79.48 50.57
“ ": Sparse filters are learned by applying variational dropout [4], treat- hb+md+gau |  85.63 90.41 71.81 75.98 80.44 51.28
| _ _ , _ ) hb+rnd+var |  86.04 90.61 72.27 73.59 80.09 47.99
ing weights as random variables with learned variance o, hb+vqt+var | 87.45 92 39 74,02 75 62 30.80 50.55
9 9 hb+comb—+var |  87.52 92.27 75.69 76.74 80.98 52.57
- Xk, p] ~ N(z #6027 % 0). (4)
X ur . ]
- S o Learned filterbanks underperform standard time-frequency features.
t Frequency Response e Randomly-initialized filterbanks perform on-par with VQT counterparts.
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Filter Examples
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