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Motivation 00 Meta

Wishlist:

» Minimal latency
» Minimal energy/arithmetic/memory

-n))))))

» Good quality and clarity

Speech enhancement
Tasks: < Live translation

Here: Spectrogram-based methods
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Waveforms & Spectrograms N Meta

v

Spectrograms — nice!

» Phases — messy! (irregular & 27r-periodic)

v

Missing phase — Inverse STFT not trivial

v

Modified spectrograms may be inconsistent

Here: Real-Time Spectrogram Inversion (RSI)
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Efficient Neural and Numerical Methods 00 Meta

..for real-time spectrogram inversion. Improvements on previous 2-stage work:

» ~30x smaller/faster causal CNN
GL RTISI SPSI GT+DL Ours
Low-latency X J/ J/ / v/ » Extra 2x at cost of 1hop in latency
Low-compute X X 4 X 4 ) )
High-quality X X X v/ / » Linear-complexity least-squares
solver
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Background



Consistency and Correctness N Meta

Griffin-Lim (Griffin et al. 1983) RTISI (Beauregard et al. 2005)

committed frames

newly committed frame m

uncommitted
frames

mililililjj overlap-add result

Alternating GL projections (from Peer et al. 2022) commitied position

GL on the current frame alone (from Zhu et al. 2007)

» Initialize: ¥ < (|Y|, ¢) for some phase ¢

» Consistency: ¥ « STFT 0 iSTFT o Y Real-time, but...

» Correctness: ¥ « |Y| i » Requires iterations
L » Artifacts

» Recovery: y « iSTFT o Y
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Single-Pass Spectrogram Inversion 0 Meta

SPSI (Beauregard et al. 2015)

v

Assume Instantaneous Frequency

v

Initialize frame: ¥, « (|Y|,, #,)

v

Inst. Freq.: w < spectral peaks in ¥,

v

Propagate phase: ¢y < ¢ + 07 - w

Iteration-free, but strong assumption — artifacts
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Increasing Quality with Better Assumptions 0 Meta

2

Gradient Theorem (Portnoff 1979): for Gaussian STFT window ¢, (t):=e~"x,

% AI‘g(Yy#,)\ (w’ t)) = _/\% log‘YY#P)\ (w’ t)‘ . . X . .
Efficient numerical integration via RTPGHI
2 Arg(Vyor (0,) = L2 log|Vy o, (w, 1)] + 2w @lGorithm (Prisa et al. 2016)
L
- Powerful!
1;;3;.(%@ s » Minimal latency, 9 is local
T ————

.—\/ » No assumptions on y, only ¢
v\/_; » Still, error due to discretization and
: non-Gaussian ¢
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Two-Stage Framework with Deep Learning N\ Meta

Two stages (Masuyama et al. 2023): Complex least-squares:
» Predict 9® from 0|Y| using DL
» Reconstruct @ from 9@ via complex

2% = argmin |z — (Y[w, 7] © v,) |3 + |D,Z||
z SN——

least-squares y ) rem citem
=(A+DID.) " A(Y|w, 1] © ;)
Backward BPD A b
» DNN W, 4T W,
— » o transition from7 — 1to 7
>
E 2mam /M — Complex . .
o Jeast > b » Dz: transition fromwtow + 1
g squares
. n . . .
Time » Weights A, T to ignore small magnitudes
» DNN >, ) u, )
Backward FPD » Linear solver z(® =A~p for frame 7
(ii) Detail of each stage
» Desired phase is Arg(z(®)

Two-stage GT+DL framework from Masuyama et al. 2023

713



Training the DNN: Phases are not DL-friendly! 0 Meta

(Recall the GT:)

o) 0 Two main issues — Solutions!

o Arg(YY#P)\ (w7 t) = _)‘a 10g|YY750>\ (UJ, t)|

0 1
ot Arg(waP)\ (w, 1) =

1o}
3 7 108lVyen (w, )] + 27w » Irregularity — Train on derivatives!

» Takamichi et al. 2018; Takamichi
et al. 2020; Thieling et al. 20271;
Thien et al. 2023

» 2 periodicity — Von-Mises Loss!
> >3, cos(X[w, 7] —X[w, 7])

» Takamichi et al. 2018; Thien et al.
2021
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Increased computation in Masuyama et al. 2023

DNN:6 248k params
7.95 GMAC/s

Log-magnitude

Mean subtraction

Auo)parenbarg

FreqGatedConv|
X
o

d

FreqGatedCony

X
[N

FreqConv

Phase difference
(BPD or FPD)

Complex Least-Squares: Solvingz=A"'h

z(()h) = (ATO + DTOI‘TODTo)_l ATD(Y[w7T'1] @ UTO)
A b

Solvingz=A""'b:

>

>
>
| 4

Memory: O(L?) for STFT window of size 2L
Naive inversion of A is O(L?)
Iterative solvers: (x(L + 1)?) for « iterations (Demmel 1997)

Performed for every frame

Very high quality, but at increased cost

N Meta
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Contributions



Faster and Smaller First Stage

a) Overall Architecture

BPD
e S T e
1XFXT Slizm 10XEXT L%y 10XEXT 20XFXT e FPD

1XEXT

b) Stem

10xFXT

10XFXT

10XFXT

[ Conv2d(1x1) ][ Conv2d(1x1) ]

LeakyReLU(0.1)

50XFXT

Conv2d(3x4) | %

1XFXT

AuoDparenbasy

¢) Body and Head

* 1XFEXT * 1XEXT
4 4

[ Conv2d(1x1) ] [ Conv2d(1x1) }

S50XFXT

FreqGatedConv(3x 1)

20XFXT

BatchNorm

LeakyReLU(0.1)

10XFXT x5

Conv2d(1x1)

¥

10XFXT

N Meta

» Cheaper, FFW layers (BN, Convix1,
LReLU)

> Less residual and gated convs
» Joint FPD and BPD

» Training: Adam with CosineWR schedule

Faster and smaller:

» Params: 248k — 8.5k (~30x)
» GMAC/s: 7.95 — 0.27 (~30x)
» 2x faster, +1hop latency (%)
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Linear-Complexity Second Stage

Recall: solving z=A""b has complexity ~ O(x-L?):

z=(A+D'TD)""A(Y® )
——

N—_——
A b

Observation: A is PSD and tridiagonal!

L
D'TD = " ~y(de+e)(de+e )
=1
L L

L

= (d*ee +e el ) +> vdieg el +> yd eel,
N N~—— S~—— N~

=1 I=1

diag. diag. subdiag.

I=1

superdiag.

N Meta
~—a— Direct / L 100
—e— Matrix-free /‘ =
. -1Z
—v— Proposed s /"( - 10 qé
—— - 1072 3
5
4 - 1073 &
A/ '/'
V. y ey Ve - 1074

T T T T T T T
65 129 257 513 1025 2049 4097

Dimensionality

Thomas' Algorithm — O(L) memory and arithmetic!
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Retaining High Quality 0 Meta

. More results & samples
Intelligibility & Quality P
ESTOI 4 PESQ (WB) 1
ESTOI 1 PESQ (WB) 1 100.0 s

100 i*? * i 97.5—&* i 2.0 4
’00? 47 i ‘i ?% T?

90 4 .?. 95.0 i 3.5 44 s

3 1 92.5 i 2] 30 ?
L}

80 5 23 s <3 =z s <3 2z
I B e T T T T T T ne.%wg-; ne.%wg-:d
&8585k Z 22533 nm
EER*t> 2 SEER*t>C
&y 2 =@ &t 2 =B
= B ZE= & .8 4
© 55 Ex 5 b

=%} Ay

Inversion of LibriSpeech consistent spectrograms
Consistently good results on both axes
Strided version also competitive

vV vyYyy

Variation study supports design choices
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Thank you! N\ Meta

Conclusion: Future work:

» Low latency and high quality from DL + » Subjective metrics

Gradient Theorem ) )
Inconsistent/modified spectrograms

» Tiny causal CNN for joint BPD/FPD

. Noisy phase as prior during inference
» 2xinference at 1-hop extra latency yp P g

vV vV

Differentiable second stage
» A, T as /s regularizers for DNN

é

» Linear-complexity LSTSQ phase recovery

.-
Jesus M. Alvarez Juan Azcarreta Gagdas Bilen
Meta RL (Spain) Meta RL (UK) Meta RL (UK)
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Complex Least-Squares from Masuyama et al. 2023: Details

— Y [w, 7] — Yw m] \_
rol = ¥ s, ol Arg(“’“)“Arg<Y[w-1, 7o) )‘“
losy| = [Y [w, 7ol Arg(vs, )—Ar (Y[W,To]>=v

Tol " |Y[w,T,1]|$ g(brg )* g Y[W,T.l] 0
Im
o d[m,n]
. +V[m,n]

L »0P[m,n—1]
Re

Phase addition schematic from Masuyama et al. 2023

These ratios satisfy Y [w,70]=Y[w-1, To]ou,, as well as
Y [w, 70]=Y [w, T1]004, (assuming all Y [w, 7]#0). This al-
lows us to express Y [w, 0] as the optimum of the following
quadratic objective [21]:

. 2 2
argmin [z — (Y[w, 71]o0r) (|4, + [[Pro2lr,
z

T-term w-term

where D, cCE* T+ s a matrix with —u,, in the main di-
agonal, ones in the diagonal above, and zeros elsewhere. Here,
lla|% = a"Xa is a weighted norm with diagonal nonnega-
tive matrix X, used in [21] to mitigate errors for small magni-
tudes. Equation 10 admits the following closed-form solution:

z((Jh) = (Ar + DroFToDTo)ilATo (Yw, 71]ob4,)

N Meta
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