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Genre Classifier
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1. classic: 86%

2. classic -> pop: 16%

3. classic -> pop -> classic: 80%

1
51 =5 ((86% — 16%) + (80% — 16%)) = 67%
Sy = 60%

sp, = (51 +5,) = 63.5%
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Algorithm 1 SGD with spectral normalization

o Initialize @; € R% for | = 1,..., L with a random vector (sampled from isotropic distri-

bution).
e For each update and each layer [:
1. Apply power iteration method to a unnormalized weight W:

o = (WhHTa /(W)
= W' /||W'o2
2. Calculate Wgy with the spectral norm:
Wi (Wh = W /o(W?), where (W) = af Wo,
3. Update W' with SGD on mini-batch dataset D, with a learning rate a:
W W — aVy (Wi (W), D)
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Jvs.P Cvs.P Jwvs. C

Baseline | 28.49% 64.62% 57.64%
SN 32.16% 61.88% 63.98%
SA 44.85% 59.35% 63.56%

SN+SA | 33.23% 53.0™% 66.76%




Jvs.P Cvs.P Jwvs. C

Baseline | 28.49% 64.62% 57.64%
SN 32.16% 61.88% 63.98%
SA 44.85% 59.35% 63.56%

SN+SA | 33.23% 53.0™% 66.76%

Need to train more
models!
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Pearson correlation: -0.805



Baseline SIN
C —- P P—C C — P P—C
added 0.82 + 0.45 0.28 £+ 0.17 0.57 £+ 0.38 0.08 £+ 0.09
removed 27 + 0.1 0.46 4 0.12 0.91 + 0.07 3+ 0.11
total 1.10 £ 0.5 0.75 £+ 0.25 0.66 £ 0.38 0.38 4+ 0.16
SA SN + SA
added 1.47 £ 0.41 0.85 £+ 0.79 1.78 £ 1.33 0.72 £+ 0.66
removed 0.95 + 0.04 0.95 + 0.04 0.95 + 0.05 0.93 £+ 0.05
total 2.42 + 0.42 1.79 £ 0.78 2.73 &+ 1.33 1.65 £+ 0.66




1. SN

2. SN+SA

3. Baseline

1.0: Always ranked best
0.0: Always ranked worst
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3 conv layers
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GRADIENT BASED ATIRIBUTION

Jazz samples

Classical samples

Original samples with saliency maps below.



