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Overview

e We address unsupervised speech enhancement (SE).

e A weighted-variance variational autoencoder (VAE) model is
proposed as the speech generative model.

A Gamma prior distribution is imposed on the weights, leading
to a Student’s t-distribution for time-frequency elements.

Efficient training and speech enhancement algorithms
are developed.

Experimental results demonstrate the effectiveness and
robustness of the proposed approach compared to the standard
unweighted variance model.

Unsupervised speech enhancement

noisy speech clear?
signal speech signal

[ Separate the speech and noise signals without training on noise. J

Short-time Fourier transform (STFT) domain: & = s+ b

o s — clean speech signal with prior py(s)
* b — noise signal with prior py,(b)

Training: Learn a parametric prior py(s)

r

lesting: Estimate s using py(s|x) o< py(x|s) X po(s)

Training: learning speech prior

VAE-based speech generative model for s = {sy,...,sp} [1]:
p(s) = [pol(s|z)p(z)dz,  p(z) ~ N(0,1)

q¢(2[s) Po(s|2)

Z
—» encoder —> decoder __y,

po(si[z) = N. (0. ding(r5(z)
p(Zt) — N(Ov I)

> Learn encoder-decoder parameters over clean speech data:

L(®;8) = By, zs)1l0g po(s|z) } — Drulqu(z[s)|p(z))

Testing: speech enhancement

Non-negative matrix factorization (NMF')-based noise model:

py(b) ~ Ne (0, diag(vec(WH))), ¢ = {W,H}
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Parameter inference: Expectation-maximization (EM)

o E-step: compute posterior py(z|x)  Intractable to compute! — Sample from it.
e M-step: update parameters:

max By, {log po(x[2)}

&= multiplicative update rules

Proposed framework: StVAE model

e Weighting the variance: introduce scalar weights per variance components

¢

po(si|ze, wy) = N, (O, diag(a%(zt))/wo
p<zt) — N(07 I)
pwr) = Glws;a, B (s

¢ Gamma prior over the weights:

G(w; a, B) = F<a>wo‘_1exp(—5w)
" An infinite mizture of Gaussian distributions: po(st|z:) = [ po(st|ze, wi)p(wy)dwy
Training phase of VAE:
e Parameters to learn: O = {6,9,a, B}
e Posterior distribution: Po(Ze, Wi |St) = polwe|st, z¢) - po(z:|st)

The first term writes pg(wy|st, z:) X pg(St|ze, wy) - plwy) = Gy, B;), where:

a, =a+ F
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The intractable posterior pg(z|s;) is approximated by a variational distribution: py(z¢|s;) = qy(z¢|st).

Po(z, w|s) ~ qy(z, w) = po(w]s, z)qy(2[s)

e Training objective:

Po(S,Z, W) | A . =
logpg(s) > E, (s w {10g }—ECI);S
( ) T(2w) q¢(z,’w) ( )

Speech enhancement phase:

E-step: Posterior py(z;, wy|x;) is intractable. Instead, we simply find the modes:

* *
z,,w, = argmax log py(z¢, w|x;)
Zt, Wy

&= First-order optimization

M-step: Update the NMFE matrices using

W 2 log pylxilzy, wi)

&= Multiplicative update rules

Speech estimation: Posterior mean 8; = E,, (s, 1x){8t}, V¢

(wf) ™ oj(z7)
St = Epw*(zj,wz‘\xt){ 4”P¢*(St|XtaZ?awZ‘){St}} ~ (wzk)‘lag(z;f) + WHh! ORS
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Experiments

e Datasets: TCD-TIMIT (training & evaluation)

o (lean setup: training on clean speech (~ 8 hrs)
o Qutlier setup: training on {clean, noise} data (~ 9.6 hrs)

o Parameters: STFT with 64 ms-long (1024 samples) sine window,
75% overlap (F' = 512). K = 100 EM iterations, 10 iterations of
posterior sampling. Latent dimension L = 32.

e Baseline: VAE [1] (single-layer, 128 nodes, encoder-decoder).

B [nput W VAE (clean) HHH StVAE (clean) XX VAE (outlier) —— StVAE (outlier)
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> StVAE surpasses VAE, especially at higher SNRs, highlighting its ef-
fective weighted variance Gaussian distribution.

> StVAE shows robust performance on noise-contaminated data.

> Training StVAE on noise-contaminated data outperforms the VAE
trained on clean data, demonstrating StVAE’s superior robustness.
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