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YR Studio-On-Line [Ballet et al., JIM 1999]
* 1,885 samples of 12 musical instruments and 82 pitches

o Tackle unsupervised disentanglement of pitch and timbre Assumptlon Moderate pitch-shiftings ps( - ) do not change timbre
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¢ Leverage pitch-shifting to further improve disentanglement X

, T , . > > X I ¢ waveform (22,050Hz) — STFT (w = 92ms, h = 11ms) — Mel-Spec
+ Design a quantitative metric that accounts for disentanglement \ >< / . (F = 256) — log-scaled — normalized to [=1,1] = x (200-th frame) y
\_ ) ps(-) ’ C\ Xswap > Covap

Quantitative Results
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f . . . . . A1 A2 A3 A\ Pitch Instrument Combine ACC PM FID;econ FID,an4 CDS
Idea: Introduce inductive biases through architectural constraints > | 8814347 87.68£1.09 89.43+1.85 | 9514098 96.04+0.71 | 21.80£1.05 23.78+147 | 24.33+0.71
. (Xe, XL) . (z " ~ swap — > swap 0 0 0 0 # |3378£738 80.904441 73.55£577 | 72.6544.82 7T446+£4.06 | 24.86£227 25.27+1.80 | 8.49+1.96
Generation A o S o Sk T = —_ = = MO | 16.38+7.65 86444220 85.024+4.03 | 78.53+5.68 80.2246.01 | 23.93+1.97 26.40+2.39 | 11.45+2.34
Impre Encoder
: . . ' / / it ~h_chi 1 0 0 0 M| 17.8544.52 8734126 84.74+2.53 | 77.284347 78.754+3.60 | 18.86+1.77 21.53£1.10 | 9.15+1.28
¢ Model a note of musical instruments x N Create pSGUdO data Palrs (X’ X ) where X’ denotes X pItCh shiftea by 0 0O 1 0 0 M2|2045+£798 84.74+2.67 82.14+5.17 | 77.40£5.01  79.09+£6.08 | 26.004+1.78  26.90+2.28 | 9.2041.55
. > > ﬁ - ~ o« ¥ = ||z — Z'||2 0 0 1 0 M3|3254+£628 84.18£1.92 75.81+4.08 | 80.45+1.58 82.71£126 | 18.68+2.36 20.82-£1.67 | 10.79+2.37
as belng generated by \E}.' Decoder regression ~ 2 0 0 0 1 M4|17.06+383 84.18+1.38 83.55+1.84 | 74354275 75594332 | 22.36+2.36 24.74+2.17 | 11.99+2.67
, , ' A 1 1 1 0 M5 | 18194479 87.90+£1.62 84.85+248 | 78.1942.35 79.66+2.81 | 16.73+2.13 21394249 | 9.35+2.81
(4 d ! )3 | exp(sim(z;, z;)/t
-d pltC ( Iscrete C) an X - N > > > X « & contrast — — 108 : ; [Chen et al., ICML 2020] 1 1 1 1 M6 |14.57+£2.29 86.444255 85.93+2.06 | 79.88+1.84 80.90+2.18 | 13.76+1.07 19.18+1.90 | 13.46+1.64
. . Pitch Encoder CXD(SINM\Z:.Z)] T . . . .
- a timbre (continuous z) F\ Sy | Zzaéz plsim(z;,2)/7) b: Supervised model trained with pitch labels
. \_ </ — o o . . . . .
latent variable uRuRid ek ¢ gcycle = ”stap Z”z T ”stap L ”2 CE(cswap’ k') + CE(cswap’ k), #1: Unsupervised model trained without pitch-shifting
* py(X,Z,¢) = py(x|z,c)p(z)p(c) 512 512 512, K where k = arg max(c) [zhu et al.,, ICCV 2017] MO - Mé: Proposed unsupervised models with different losses activated
-p(c) = U0,1) * ZLwrrogare = CE(€,Y"), where pseudo pitch label y’ = arg max(¢) + 6 ¢ Supervised model does not yield good generation quality (FID)
-p(z) = 4(0,1) * The final objective function to be maximized becomes ¢ Pitch-shifting alone improves disentanglement
B B B . . : : : :
'pG(X | Z, c) — /V(/,te(z, C), 1), decoder (D) Z = gELBO (/llgregression + /IngOI’Zl‘I"CZSl‘ + /13gcycle + /14gsurrogate) No aUX|I|ary loss alone ylelds consistent improvement for all metrics
Inference \_ | ¢ Activating &Z,,,p0are ON top oOf the rest reaches the best-performing

¢ Follow the framework of variational inference, introducing a factorized . _model (M5—>M6)

approximated posterior to approximate the true posterior
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Qualitative Results

* Approximated posterior qu.(z, c|x) = g,(z]|x)gy(c|x) (Pitch Variable ) . ' '
- g€ | x) = Cat(c| 75(X)), p'tZCh encoder + Pitch classitfication accuracy (ACC and pitch mapping, need labels) ("« Perform oitch-conditioning spectrum generation __* M _ M __ ° N
- gz X) = N (py(X), dlag(%(x))), timbre encoder ¢ Consistency-Diversity Score (CDS) = [Ek[DKL(pk(y [ )IELp(y ] X)D]; - Last row: seeds (three seeds per model) 1
Learning A D _ , . o d oiteh classif - First to third rows: three different k's
¢ Reparameterization tricks allow for stochastic gradient descent Pkéy | X)h—p(yl h(Z, €)) Is posterior of a pre-trained pitch classitier, * Spectral distribution stays consistent per column
- Gaussian for z [Kingma et al., ICLR 2014] W ere’Ac € one-hot vecto.r ¢ denotes ¢ 3 k = arg max (?) | * Spectrums generated given a k are expected to =
- Hard Gumbel-softmax for ¢ (one-hot vectors) [Jang et al., ICLR 2017] Py %) SAhOU|d be Con3|sten.t and haYe l?W entropy glv.en a fixed ¢ have a consistent pitch (consistency)
¢+ Maximize Evidence Lower BOund (ELBO) - By pi(y | X)] should be as unitormly distributed as possible _* Different k’s render different pitches (diversity) y
ZErBo = g a.e0l108 Po(X| Z, ©)1—Di;(q4(2, ¢ | X) || py(Z, ©)) Timbre Variable
Parameters ¢ Pitch and Instrument classification accuracy (need labels)
. ¢ Fréchet Inception Distance (FID) [Heusel et al., NeurlPS 2017]
* Number of Mel-frequency bins £= 256 - FIDecon: Fl[g)between true and reconstructed data (upper-bound) "+ Perform pitch mapping without referring to pitch labels A
¢ Dimension of tlmbr.e latent Yarlable L= 8 - FIDypq: FID between true and randomly sampled data . -||\-/|rai|e lolff betw.een capiacrcy and ccl)nstralk?lt for pitch representation ¢
_* Number of categories for pitch latent variable K = 82 JAN ) _* Model larger time scale (temporal variable) Y,




