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Overview Speech generative modeling & enhancement Speech enhancement
Generative models based on, e.g. VAES [1]7 are promising for We fOCU‘S Ol VAE [1] pQ(S‘V) — fp@(S|Z, V)pH(Z|V)dZ From an iﬂitiahzation ¢<O) Of the pal“ameters w — {W, ]:_I}7 1terate:
audio-visual speech enhancement (AVSE). o z = {z; € RY}: (real-valued, low-dimensional, L < F) latent variables o E-Step:
Existing VAE-based AVSE models |2| overlook speech data’s A Caussian generative model for individual time-frames: Q(Y|F)) = Epw)(z,g\x,v) log py(x, 2,8, V)] ~ logpy(x,z*, g%, v)
sequential nature and underutilize visual data. r

This work introduces AV-DKF', a generative model that effectively : Po(St|ze; Vi) = M(O’ diag(ag(z1, Vt))>7 2 & — arg max ZT: 08 pu (31120, g1, 1)+ 108 po(zalze1. v2) +1og gy
fuses audio-visual data using a first-order Markov chain model for po(zi|vi) = N( pl(v), diag( 0§(Vt))> ) g o\ Xt|Zt, gt, Vi t|Zt—1, Vi t)s
latent variables. \

\

 As opposed to the previous works, here g is treated as a latent

ont i i imati > og(.,.), to(.), ol | network terized by 6 : :
An efficient inference methodology is developed for estimating ay(.,.), y(.), oy(.) are neural networks parameterized by variable with a Gamma prior distribution.

speech signals at test time. [

Given a training set {(s;, v;)}._, — learn 0 using the maximum likelihood principle. \ /
g {( t t)}t—l g p p } o M_Step: w(k‘l—l) “ arg maX¢ Q(w‘w(k))

Speech estimation (posterior mean):

Experimental results show the superiority of AV-DKEFE over
audio-only and non-sequential VAE-based audio-visual model. S
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encoder_|_j¢(zs7v) pe(s|z,v) S s—TF {S} Ny { gf(f%(zj, Vl:T) o Xt}T
Audio-visual speech enhancement . py+(s[x,v) gro(z, vir) + [WH, t=1
encoder _ 5 gecoder
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noisy speech A clean

signal speech signal Observation model: Vi: @ =+/g:St + 1y g >0

Noise model: Non-negative Matrix Factorization (NMF)
Vi mny~ N.(0,diag(WH[;,t])), W, H >0

e Corpus: NTCD-TIMIT [3]: 56 English speakers (39 training, 8
validation, 9 test), 98 sentences (~ 5 s) per speaker.

e Noise types: Living Room, White, Cafe, Car, Babble, Street.

o STFT parameters: 64 ms sine window, 75% overlap — STFT
S = Audio frames of length n = 513.
decoder

b W » Baselines: A-VAE [4], AV-VAE [2], A-DKF [5].

encoder Z

Clean speech model: Trained generative (decoder) network.

Visual modality (lip movements): Performance measures:  Signal-to-distortion ratio (SDR.), Perceptual

evaluation of speech quality (PESQ) [-0.5,4.5|, Short-time objective in-
> Standard AV-VAE [2]: telligibility (STOIT) [0,1].
T

T
Short-time Fourier transform (STFT) representation: peo(sir, 21, vir) = || po(se, 2o, vir) = || po(silze, vir)pe(zi|vir)
P P row: g; proposed update.

o Correlates well with speech signal (lip reading),

e Very helptul at highly noisy environments.
Table 1:For each method, top row: ¢; updated by multiplicative rules [4,5], bottom

noisy speech clean speech noise

: . : Metric SI-SDR (dB PES STOI
/A No temporal modeling — not realistic for STFT time frames. SNRE@ T 3 0 [ 5 @ e ST
Input 1280 | -7.72 | 291 | 204 | 725 | 151 | 176 | 205 | 237 | 285 | 020 @ 030 | 043 | 0.56 | 0.69
_7.37 -1.92  3.78  8.65 | 13.07 163 | 1.91 | 220 | 250 | 285 | 021 | 032 | 045 | 059 | 0.72
PI’OpOSGd methodology: A\/ -DKF A-VAE 846 | -2.60 | 302 811 | 130l | 1.67  1.95  2.25 | 2.58 2.90 | 0.22 | 032 | 0.47 | 0.60 | 0.73
AV.UAR | 086 | -0.83 | 470 9.38 | 13.90 | L74 | 200 231 261 290 | 020 | 031 | 045 | 0.59 | 0.72
) 26.65 -086 447 | 926 | 1377 | 1.75 2.03 2.34  2.65 | 2.93  0.22  0.33  0.47  0.61 0.73

. . . o~ T 6.50 141 | 199 | 436 555 | 148 | 167 | 187 202 | 213 | 022 033 | 045 055 | 0.64
Time-dependent factorization: p@(SLT, Z1;T,V1;T) — Ht:1p9(st|zt7V1:T> X PQ(Zt|Zt—1aV1:T)J ADKE 0,02 476 10.39 14.96  1.78 2.08 2.41 2.75 3.03 022 035 050 0.65 0.77

first-order mrkov model AV-DKF -5.04 | -0.21 | 2.93 4.92 5.48 1.39 | 1.61 | 1.82 | 197 | 207 | 022 | 033 | 044 | 0.55 | 0.63
o X — {Xt}g;l (Slmllaﬂy for S, vV (Visual featureS)7 and n) _N d 5 -3.78 | 1.78 | 7.19 11.66 | 15.81 | 1.94 2.24 | 2.54 2.80 | 3.05 | 0.25  0.38 | 0.52 | 0.66 | 0.77
p@(st‘zta Vl:T) — C 07 lag(093<zt7 Vl:T)) ’
Conclusions:
. 2 °
p@(zt‘zt—la V1:T) — N(l«bez(zt—la V1:T), dlag<0'92(zt—la V1:T))>, L . .
AVSE approaches > Audio-visual models outperform their audio-only counterparts.

AV-DKF inference: > The proposed g-update works much better than the multiplicative one.

> Supervised (discriminative): Model po(sfx, v), and learn © d d > The proposed AV-DKF model provides higher metrics than AV-VAE.
; qu(zrr(wir) = | [ au(zir:) = HN(“w(rt)v diag(“i(rt))) ur = {s, viti—1, 11 = {Z—1, wpr} PP P 5
t=1 t=1
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