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Deep Learning Based SE System

lMWMM Clean speech

Feature extraction

Training Phase

Noisy Feature
speech extraction

o

Objective function

T eg. MSE (L,norm), Lynorm
Output

Testing Phase

Noisy Feature Waveform Enhanced
speech extraction restoration speech

The first work of DL-based SE system: [Lu et al, Interpseech 2013].



DL for Noise Reduction (Denoising)

Clean speech Noise: baby Crying Noise: Siren
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DL for De-reverberation
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The examples were based on [Lee et. al., ICASSP 2018].
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DL for Channel Compensat

The examples were based on [Liu et. al., Speech Comm. 2018].
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Deep Learning Based SE System

(1)

M Clean speech

Feature extraction

Feature

extraction

Texts

Auxiliary input

(3)

Obijective function I

(2)

Output

Model compression
and computation

acceleration
(4) Real-world

(5) applications

Adaptability to new
speaker and
environments

(6)




Evaluation Metrics

 Perceptual Evaluation of Speech Quality (PESQ):
evaluating the quality of processed speech, with the
score ranging from -0.5 to 4.5.

* Short-Time Objective Intelligibility (STOI): evaluating the
speech intelligibility, with the score ranging from O to 1.

* Segmental Signal-to-Noise Ratio (SSNR): the ratio of
processed and noisy speech computed in a segment level.

* Log-Spectral-Distortion (LSD): the difference of log
spectrums of processed speech and clean reference.

The goal of SE is to improve the speech intelligibility and quality.
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Input Feature Types

 Complex spectrogram (CS) [ruet. al., in MLSP, 2017]

Enhanced
CNN Real Spectrogram

Noisy Real
Spectrogram

Imaginary

Spect | §
REEHRE Enhanced

Imaginary Spectrogram
Fully-connected \

\ Convolutional layer ‘ layer

Rl spectrograms enhanced by CNN. Real and imaginary
spectrograms are treated as different input channels.

(1) The motivation is to obtain more accurate phase information.
(2) The real and imaginary (RI) spectrograms can be considered as R, G,
B in a color image and processed by a CNN model.
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e LSD, SSNR, STOI, and PESQ scores:

Input Feature Types (CS)

Performance comparisons of different models and input features in terms of
LSD (log spectral distortion), SSNR, STOI, and PESQ.

DNN-baseline RI-DNN RI-CNN
(a=1,4=0) (a=1,5=0)
SNR | LSD | SSNR | sTOI | PESQ | LSD | SSNR | STOI | PESQ | LSD | SSNR | STOI | PESQ
(dB)
12 3.115 | <0229 | 0814 | 2334 | 3.761 | 2.149 | 0.851 | 2.643 | 3.604 | 3.042 | 0.886 | 2.741
6 3404 | -1243 | 0778 | 2.140 [ 3936 | 1.113 | 0817 | 2404 | 3.844 | 1975 | 0.850 | 2.525
0 3.747 | 2802 | 0717 | 1.866 | 4200 | -0.454 | 0.750 | 2.088 | 4.150 | 0.450 | 0.783 | 2.233
6 4114 | 4974 | 0626 | 1.609 | 4521 | 2745 | 0645 | 1.778 | 4491 | -1.911 | 0.675 | 1.908
12 (4426 | 7070 [ 0521 | 1447 | 4838 | 5604 | 0512 | 1539 | 4829 | -4.990 | 0.537 | 1.638
Avg | 3.761 | -3.264 | 0.691 | 1.879 | 4.251 | -1.108 | 0.715 | 2.090 | 4.183 | -0.286 | _0.746 | 2.209

(1) Log-power-spectrum (LPS) with DNN gives lowest LSD.
(2) Rl with DNN outperforms LPS with DNN in terms of PESQ and STOI.
(3) CNN outperforms DNN when using Rl spectral features.




Input Feature Types

 Waveform as the input (Wav) [Fuet. AL, APsiPA, 2017]
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speech, (b) noisy speech, (c) DNN, and (d) FCN

(1) Using waveform can address the issue of phase estimation.
(2) We observe that fully convolutional network (FCN) architecture
is more suitable than fully connected neural networks.




Input Feature Types (Wave)

e Waveform versus LPS:

Comparison of different models and input features in terms of STOI, and PESQ.

DNN-baseline DNN CNN FCN
(LPS) (waveform) (waveform) (waveform)

SNR (dB) | STOI | PESQ | STOI | PESQ | STOI | PESQ | STOI | PESQ
12 0.814 | 2334 | 0.737 | 2.548 | 0.788 | 2.470 | 0.874 | 2.718

6 0.778 | 2.140 | 0.715 | 2.396 | 0.753 | 2.302 | 0.833 | 2.346

0 0.717 | 1.866 | 0.655 | 2.118 | 0.673 | 2.011 | 0.758 | 1.995

-6 0.626 | 1.609 | 0.549 | 1.816 | 0.561 | 1.707 | 0.639 | 1.719
-12 0.521 | 1447 [ 0429 | 1.573 | 0441 | 1453 | 0506 | 1.535
Avg. 0.691 | 1.879 [ 0.617 | 2.090 | 0.643 | 1.989 | 0.722 | 2.063

(1) Waveform with FCN achieves the highest STOI score.
(2) Waveform with DNN achieves the highest PESQ score.

17
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Input Feature Types

e Utterance waveform (UWave) [fuet. al., TASLP, 2018]

Fully Convolutional
Neural Network Clean Utterance
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Utterance enhancement by fully convolutional networks (FCN).
The FCN model has multiple layers, each layer consisting of multiple filters.
The model can take inputs with arbitrary lengths.



Input Feature Types (UWave)

* A comparison of utterance-based and frame-
based waveform as the inputs

Comparison of different models and input features in terms of STOl and PESQ.

Frame-based Utterance-based
FCN FCN FCN

(0bj=MSE) (obj=MSE) (obj= STOI)
(S;Bf;‘ STOI | PESQ | STOI | PESQ | sTOI | PESQ
12 0.874 2.718 | 0.909 | 2.909 | 0.931 | 2.587
6 0.833 2346 | 0.864 | 2.481 | 0.888 | 2.205
0 0.758 1.995 ] 0.780 | 2.078 | 0.814 | 1.877
-6 0.639 1.719 | 0.647 | 1.754 | 0.699 | 1.608
-12 0.506 1.535 0.496 | 1.536 | 0.562 | 1.434
Avg. 0.722 2.063 0.739 | 2.152 | 0.779 | 1.942

19

(1) Utterance-based waveform outperforms frame-based counterpart.
(2) Utterance-based waveform combines better with STOI (correlation).
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Output Feature Types

 Mapping vs. masking based SE : [wangand chen, TAsLP 2018]

Clean speech

Feature extraction

Direct mapping

Noisy Feature
speech extraction

M Enhanced
speech

Ratio masking

Noisy Feature
speech extraction

oo

Enhanced
speech

Point-wise multiplication
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Model Types
'WMM Clean speech

Feature extraction

Noisy Feature (2) . |
speech extraction Objective function
WM Output

Model types:

DNN [Wang et al. NIPS 2012; Xu et al., SPL 2014], DDAE [Lu et al., Interspeech
2013], RNN (LSTM) [Chen et al., Interspeech 2015; Weninger et al., LVA/ICA
2015], CNN [Fu et al., Interspeech 2016], CRNN [Zhao et al., ICASSP 2018], FCN
[Fu et al, TASLP 2018], HELM [Hussain et al., IEEE Access 2017].

Advanced architecture:

Skip connection [Tu and Zhang ICASSP 2017], Highway [Santos and Falk, NIPS
workshop 2018], Densely connection [Zhen et al., ICASSP 2019], Attention
mechanism [Hao et al., ICASSP 2019], U-Net architecture [Pascual et al.,
Interspeech 2017], and Complex parameters [Y.-S. Lee et al., ICASSP 2017].



Outline

Deep Learning based Speech Enhancement
» System architecture
> Six factors need to consider

v’ Feature types

v’ Model types

v’ Objective function



L

TN

#

A8 WA A% R AR

Hear but pay no attention; listen but not hear

Intelligibility and Quality are different



25

Objective Function

-t N “ @
A Communlcatlon MW  Communication X
A e ———

-

Speech perception
e Quality
e Intelligibility

Training Phase WNMM Clean speech

Featureextraction

Automatic speech recognition
e Recognition accuracy

Noisy Feature . _
speech extraction Objective function

TR eg. MSE (L,norm), L,norm

Mean squared error (MSE) and L1 losses aim to minimize the
differences of enhanced and target and do not directly consider
human perception and ASR performance.
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Objective Function

Noise

Communlcatlon

Speech perception

e Quality
e Intelligibility
Quality:3.13
_ Intelligibility: 0.75
Quality: 3 Qudiity:o
Intelligibility: 0.8 Intelligibi Quality:2.8
—— Intelligibility:

Quality:.
Intellicihilityv: Quallty

Quality:2.5  Intelligi
= Intelligit Quality:16
~ Qualit Intelligibility
Intelligibility: 0.89

(1) STOI was designed to compute the speech intelligibility, and the
STOl scoreranges fromOto 1.

(2) PESQ was designed to evaluate the quality of processed speech, and the
PESQ score rangesfrom -0.5t0 4.5.




Objective Function

STOI Computation

30 frames

* STOIl-based Objective Function [Fu et al, TASLP 2018]

Correlation
. coefficient
. One-third octave
Remove silent band analysis & l
freémes Normalization and djm
Sl clipping l
Average
Clean speech wy(£) over all
bands and
frames

Remove silent

One-third octave
band analysis &
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—  frames Normalization and
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specch Linear and
differentiable
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Training Phase P
Feature extraction
Noisy Feature

speech extraction



Objective Function (STOI)

* Experimental Results (Human Listening Test)

-3dB -6dB
%0 3.0 65
i I Noisy
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Intelligibility Quality Intelligibility Quality

Average character error rate (CCR) and quality scores (MQOS) of human
subjects for (a) -3 dB and (b) -6 dB SNR.

(1) Intelligibility: FCN (MSE+STOI)> FCN (STOI)>FCN (MSE);
(2) Quality: FCN (MSE+STOI) performs the best.

r 3.0
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L 24

- 22

- 20

MOS
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Objective Function

 PESQ-based Objective Function [Fu et al, IEEE SPL 2019]

 However, when evaluation metrics are complicated and non-linear,
such as PESQ (with more than 2700 lines in Matlab codes), it is
difficult to directly derive an objective function using PESQ.

* We can apply reinforcementlearning (RL), where the PESQ scoreis
used to form the reward function, to optimize the SE model [Koizumi
et al, ICASSP 2017; Koizumi et al, TASLP 2018].

* We can use direction sampling [Zhanget al., ICASSP 2018].

* We can approximate the PESQ function and make it differentiable to
update the SE model [Martin-Donas et al, IEEE SPL 2018].

e Recently, we proposed a two-step strategy: (1) learn a deep learning
model, Quality-Net, that can predict PESQ scores; (2) train the SE
model based on the learned Quality-Net [Fu et al, IEEE SPL 2019].
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Objective Function
 PESQ-based Objective Function [Fu et al, IEEESPL Accepted]

Stage 1: train a Quality-Net (input: paired clean and noisy speech; output: PESQ score)

Clean spectrogram True
: PESQ score

I MSE loss

Predicted
PESQ score

—> Quality-Net ——>

A

Degraded spectrogram

Stage 2: train the SE model based on the Quality-Net (input: paired clean and noisy speech;
output: PESQscore)

Clean spectrogram

e Maximum
LB = score

e IMSE loss

i nhancemen é : i Predicted

| > —> i lity-Net —

e model LUty Net; PESQ score
=A== P =
Noisy spectrogram Fixed weights

Back-propagation



Objective Function (Quality-Net)

e Subjective and objective tests

Quality-Net

0%

20%

40% 60% 80% 100%

31

PESQ STOI

Noisy 1.970 0.820
Wienerfilter 2.223 0.914
BLSTM (MSE) 2.529 0.935
BLSTM (Quality-Net) 2.713 0.932

Listening tests and objective evaluation results

2.35
Quality-Net
R
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Number of iterations

(1) The proposed method achieves the
best MOS and PESQ scores.

(2) When we train the system more
iterations, the true PESQ scores start
to decrease.

(3) The Quality-Net has not seen the
speech generated by the updated
enhancement model.

(4) We further propose a GAN-based
approach to handle this issue.
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Objective Function

* Generative Adversarial Networks (GAN) based Methods:
SEGAN [Pascual et al., Interspeech 2017]; Pix2Pix [Michelsanti et al.,

Interpsech 2017]; Mask estimation [Pandey and Wang, ICASSP 2018; Neil et
al., APSIPA 2018]

Noisy Feature
speech extraction

Feature
extraction

s

Clean speech

Real
or
Fake
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Objective Function

* MetricGAN [Fu et al., ICML 2019]

Noisy Feature
speech extraction

Feature Metric

‘ extraction Score
MMM (e.g. STOI
— 1 PESQ)

Clean speech



Objective Function

e Conditional GAN (CGAN) versus MetricGAN [Fu et al., ICML 2019]

Discriminator in CGAN (LSGAN):
Lp(CGAN) =E,, [(D(y,x) — 1)* +(D(G(x),x) — 0)?]

where x and y are noisy and clean speech, respectively.

Discriminator in MetricGAN:

Lp(MetricGAN) = E, ,[(D(y,y) — 1)* +(D(G (x),y) — Q’(G(x),y))z]

0<Q'(G(x),y) < 1isthe normalized evaluation metric (1 represents
the highest evaluation score).

(1) For CGAN, D tries to distinguish real and enhanced samples.
(2) For MetricGAN, D tries to learn the PESQ\STOI function.




Objective Function
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e Conditional GAN (CGAN) versus MetricGAN [Fu et al., ICML 2019]

Generator in CGAN (LSGAN):

Lg(CGAN) = Ex[A(D (G (x),x) — D?]+11G() —yllx

where x and y are noisy and clean speech, respectively.

Generator in MetricGAN:

L;(MetricGAN) =E,[(D(G(x),y) —

S|

where s is the desired assigned score.

(1) We can specify any particular score s.

(2) With alarge number s (e.g.,1), we get a speech enhancement model.
(3) With a small number s (e.g., 0), we get a speech degradation model.
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Objective Function (MetricGAN)

* MetricGAN (P) and MetricGAN (S) with related works

Performance comparisons on TIMIT of different methods in terms of PESQ & STOI

Noisy IRM (L1) IRM (CGAN) PE policy grad*(P) MetricGAN (P) || MetricGAN (S)

SNR (dB) || PESQ | STOI || PESQ | STOI || PESQ | STOI |} PESQ STOI H PESQ | STOI PESQ | STOI

12 2.375 | 0.919 2913 | 0.935 2.879 | 0.936 || 2.995 0.927 2.967 0.936 2.864 | 0.939

6 1.963 | 0.831 2,52 | 0.878 2479 | 0.876 | 2.595 0.869 2.616 | 0.881 2486 | 0.885

0 1.589 | 0.709 2.086 | 0.787 2.053 | 0.786 || 2.144 0.776 2.200 | 0.796 2.086 | 0.802

-6 1.242 | 0.576 1.583 | 0.655 1.551 | 0.653 1.634 0.644 1.711 0.668 1.599 | 0.679

-12 0.971 | 0.473 1.061 | 0.508 1.046 | 0.507 1.124 0.500 1.169 | 0.521 1.090 | 0.533

Avg. 1.628 | 0.702 2.033 | 0.753 2.002 | 0.751 2.098 0.743 2.133 | 0.760 2.025 | 0.768
(P: PESQ) (S: STOI)

(1) GAN is not helpful for this task (TIMIT).
(2) MetricGAN (P) achieves the best PESQ (quality) scores.
(3) MetricGAN (S) achieves the best STOI (intelligibility) scores.




Objective Function (MetricGAN)

* Arbitrary target scores

STOI=0.778. PESQ=1.914

(a) noisy input

STOI=0.808

(d) generated speech. s=1

(b) clean target

STOI=0.609

(e) generated speech. s=0.6

STOI=1.000. PESQ=4.500

STOI=0.237

(f) generated speech. s=0.2

37

PESQ=2.250

(h) generated speech, s=4.5

PESQ=1.523

(1) generated speech. s=1.5

PESQ=1.061

(j) generated speech. s=1.0

We can specify a metric
score to increase or
decrease the speech
quality or ineligibility.

Results of assigning different scores (s) for the generatortraining.
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Objective Function (MetricGAN)
* Objective evaluation on the Voice Bank corpora

Comparisons of MetricGAN with other state-of-the-art methods. The
highest score per metric is highlighted with bold text.

PESQ || CSIG CBAK COVL

Noisy 1.97 3.35 2.44 2.63

SEGAN 2.16 3.48 2.94 2.80

MMSE-GAN 2.53 3.80 3.12 3.14
WGAN-GP 2.54 - - -

Deep Feature Loss - 3.86 3.33 3.22
SERGAN 2.62 - - -

MetricGAN (P) 2.86 3.99 3.18 3.42

(1) MetricGAN outperforms CGAN (SEGAN) for all the evaluation metrics.
(2) MetricGAN achieves the state-of-the-art results for PESQ and other metrics.




Objective Function (MetricGAN)

* Subjective listening tests obtained from 15 listeners

(a)

MetricGAN(P) —

P mweesy —

MetricGAN(P) —
(¢)

0% 10%  20%  30% 40% S50% 60% 70%  80%

Results of AB preference test (with 95% confidence intervals) on speech quality
compared between proposed MetricGAN(P) and the two baseline models.

(1) CGAN does not give clearly better listening test results than L1 norm.
(2) MetricGAN(P) outperforms SE models trained by CGAN and L1 norms.




Objective Function

* Reinforcement learning (RL) with ASR-based rewards [Shen
et al., ICASSP 2018]
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Objective Function

* Reinforcement learning (RL) with ASR-based rewards [Shen
et al., ICASSP 2018]
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Objective Function

* Reinforcement learning (RL) with ASR-based rewards [Shen
et al., ICASSP 2018]
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* Problem: complex correlation of acoustic features and recognition results
* Proposed solution: reinforcement learning based speech enhancement system
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Objective Function

* Reinforcement learning (RL) with ASR-based rewards [Shen
et al., ICASSP 2018]
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Objective Function (RLSE)

e Results on ASR and STOIl and PESQ

The average CERs of Noisy (the baseline), 1nnSE, RLSE,,
and RLSE,at 0 and 5 dB SNR conditions.

SNR | Noisy 1nnSE RLSE: | RLSE>
5dB | 56.14 73.09 55.60 49.18
0dB | 81.40 85.79 77.20 65.75

The average STOIl and PESQ of Noisy (the baseline), RLSE;,

and RLSE,at 0 and 5 dB SNR conditions.

SNR STOI PESQ

Noisy RLSFE:.| RLSE>|| Noisy RLSE, |RLSE;
5dB | 0.82 0.82 0.86 1.85 1.67 1.96
0dB | 0.74 0.77 0.81 1.45 1.42 1.59

(1) The training can be done without noisy-clean paired speech.
(2) Speech recognition accuracy-based objective functionimproves
ASR performance and objective measures (human listening).
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Noisy Feature

speech extraction

Auxiliary input

Auxiliary Input

M Clean speech

Output

e

Vibration

This is a...

Feature extraction

Obijective function
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Auxiliary Input

e Audio-visual SE [Hou et al., TETCI 2018]

A; = Conv,2 (Poolal(Conval(Xi))),

Merbed layer b Fusion V; = Conv,3 <Convv2 (Convvl(Zi))),

Network
[.I.I.IQIQ»I.? — Fl = [Al, Vi’]’,

Y, = FCo3 (Fea(FC1(Ry)),
Audio

Visual
NetworkI

Network Z; = FC,3 (FC2(FC1(F)),
wherei =1 ...K,
K isthe number of trainingsamples.

Objective function:

S L 2 5 112 . . :
mln(EzizluYi — Yl”2 + ,u||Zl- — Zl-||2) , Where p isa mixing weight.
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Auxiliary Input (AVSE)
e Audio-visual versus audio only [Hou et al., TETCI 2018]

Experimental setup
— Single speaker (speaker-dependent case), 320 clean utterances (training:280, testing:40)
— Training: 91 types of interference noise at 10dB, 6dB, 2dB, -2dB, -6dB SIRs
+ ambient noise (car engine noise) at 10dB, 6dB, 2dB, -2dB, -6dB SARs
— Testing: 10 types of interference noise at 5dB, 0dB, -5dB SIRs
+ ambient noise (car engine noise) at 5dB, 0dB, -5dB SARs
*SIRs: signal-to-interference noise ratios, SARs:signal-to-ambient noise ratios.

Spectrogram comparison

Frequency (kHz)

Frequency (kHz)
Powerlfrequency (dB/Hz)

erffrequency (dB/Hz)

Frequency (kHz)
Frequency (kHz)

Pow
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Auxiliary Input (AVSE)

e Audio-visual versus audio only [Hou et al., TETCI 2018]

The PESQ scores

L
[(R3
Dlavo!
[CJAapchN
22 [Clavoen
2
'3
{4
3
18-
16—
14—
1.2

I
Doy Musle™ Musle T Shen L o2k (onsin, (o). () (o)

Noise types

Testing in the real-world conditions

The STOI scores

WiNoisy
0.7 — = ELogMMSE—
KLT
’- M M [ZJavOonN
ADCNN
0.65— 1 [CJavoenn _
g 06 — 9
o
12
0.55 — |
05 — =
\ \
0.45 1] 1l L L L L - = .
E B Musi i Si 1T 2T 3T 1T 2T 3T
cr?ﬁiyg e (Fy‘r‘?clsc) el (on-air) (on-air) (on-air) (room) (room) (room)

Noise types
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(1) Visual information improves the SE
performance.

(2) The performance is robust against
recording conditions as long as lips
can be recorded well.
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Model Compression

* Weight sharing (WS) based on K-means
— Clustering weights into ¢ clusters with K-means algorithm.

— Replacing 32-bit weights with (log, ¢)-bit cluster index;
each index represent a specific cluster centroid; the same
cluster share the same centroid.

weights Cluster index
32-bit float cluster 2-bit -

2-bit value

-2.743 | -1.536 | -0.401 1.229 0 0.334 3 3 2 1

1.008 -0.705 0.474 -0.401 1 2 0 2
1 1.383

K-means

-0.910 1.589 0.813 -1.894 2 1 0 3
2 -0.597

0.351 -0.887 0.958 0.315 0 2 1 0
3 -1.690

16x32-bit =(512) bits 4X32-bit + 16X%2-bit =(160) bits



Model Compression (WS-SE)

WS for SE model [wu et al., IEEE SPL Accepted]

Cluster: 64,32, 16, 8, 4, 2; Quality
cluster = 0 is original model. ﬁi;z .t
cluster PESQ STO| o ﬁig s\
0 1.85385 0.70231 148
64C 1.8063 0.6941 0 64C 32C C|$iier 8C 4c 2C
32C 1.7967 0.6927
16C 1.8088 0.6896
8C 1.7606 0.6786 Intelligibility
4C 1.5852 0.6269 0,703 t
2¢ 1.4558 0.5568 S b >\
Noisy 1.63713 0.66977 03555

0
cluster

(1) Performance does not change much when the cluster number
increases from O to 16.
(2) However, the performance drops significantly when K> 16.




Model Compression
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Model Compression

e CPO performs filter pruning to reduce model size and
online computational costs [Wu et al., IEEE SPL 2019].

e Three stepsin CPO:
(1) For a specified channel cin a conv layer, the mean value
of all absolute filter weights at that channel is computed:

M. = 2wl knwl N: filter number
C NxXW W:weight number

(2) Compute the sparsity of the n-th filter:
_ Ywolky) . 1,if x <M,
S(n) = w7 o(x) = { 0,otherwise

(3) A Threshold O is specified. If sparsity > O, the filter will
be removed.




Model Compression

e CPO for SE model [wu et al., IEEE SPL2019]

Sparsity
Ch-1 B Filter-1 0.60 Filter-1
If sparsity> 0.7
tl
! ]'layer ch-3 Filter-3 0.75
1D-CONV - , —
. Filter-4 0.50 Filter Pruning Filter-4
i
u (] (]
u [ ]
| | ] | |
| n |
Ch-m Filter-n 0.30 Filter-n
m channels n filters n-2 filters

N: filter number
W:weight number



Model Compression (CPO-SE)
* The results of CPO

A Threshold © is specified Quality
If sparsity > 0, the filter will be removed 189
o 1.84
Threshold Remc?val PESQ STOI & 179
ratio »
1.0 0 1.85385 0.70231 0 0,027 0.043 0.068 0.087 0.14 0.198 0.271 0.301
0.95 0.027 1.83 0.6995 Removal ratio
0.9 0.043 1.8215 0.6975 —
0.85 0.068 1.8197 0.697 Intelligibility
0.8 0.087 1.8147 0.6957 o i
0.75 0.14 1.8034 0.6941 5 0.69
0.7 0.198 1.805 0.6943 Z o
0.65 0.271 1.7558 0.673 0.6
0 0.027 0.043 0.068 0.087 0.14 0.198 0.271 0.301
0.6 0.301 1.7687 0.6683 I
Noisy 1.63713 | 0.66977

A notable performance drop when Threshold <0.65. ‘
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Model Compression (CPO+WS SE)

e The results of CPO+WS

* We first define the expected performance loss ratio(=0.95)
* Gradually reducing the Threshold (removal ratio = 20%)

* Gradually decreasing the number of clusters (C = 16)

PESQ

Quality
AN
1.82
1.8
1.78
1.76

1.74
0 0.027 0.043 0.068 0.087 0.14 0.198

Removal ratio

WS

“®\

64C 32C 16C 8C 4C

Cluster number

2C

0.71

Intelligibility

CPO

0.7 ~———

— 0.69

O

=

Y 0.68
0.67

0.66

WS

0 0.027 0.043 0.068 0.087 0.14 0.198 64C 32C 16C 8C 4C 2C

Removal ratio

Cluster number

(1) The model size of the compressed model is only 9.76%
as compared to the original model.
(2) The computation cost is reduced by 20%.
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Speaker Adaptability

e Speaker-aware Deep Autoencoder (SaDAE)
[Chuang et al., Interspeech 2019]

Training Phase Clean speech

Feature extraction

Noisy Feature ' .
speech extraction Objective function

‘ Output | eg. MSE (L,norm), L,norm

SprEmbed

Testing Phase i Speaker-aware deep denoising autoencoder (SaDAE) i
i

Noisy Feature Waveform
speech extraction restoration

IHMM YIRE ST : speech

SprEmbed

Enhanced




Speaker Adaptability (SaDAE)
* The results of SaDAE

The averaged PESQ, STOI and SDI results over all noisy utterances in the test set.

Testing PESQ STOI SDI.
Noisy 2.0280 0.7493 1.1450
DDAE 2.1987 0.7225 0.7501

SaDAE 2.3715 0.7815 0.3228

The averaged PESQ and STOI results over noisy utterances with respect to
three noisy environments.

DDAE
2.75 0.86 SaDAE
2.5 0.79
2.25 0.72
2 0.65 — — S
Car Street Babble Car Street Babble
(a)PESQ (b)STOI

SaDAE outperforms conventional DDAE for both PESQ and STOI.




Environment Adaptability

Noise-adaptive DAT (NADAT) [Liao et al., Interspeech
2019]

Encoder features
noisy _2%par
aeenr‘
— > [Fomknen Discriminator domain label
o |9Lpar | Backward-pass
Mise (gradient) E DAT
v, avy, G)A
HG «— HG — E_ae Min reconstruction OE «— HE — € 69 +aae
G error E E
4 _ Min reconstruction error
0, « 0 — Max domain

00 and Min domain accuracy
D  accuracy



PESQ

3.1
2.9
2.7
2.5
2.3

2.1

1.9
1.7

Environment Adaptability (NADAT)

Adapting to new noise type (Baby cry)

Different amount of target domain data for adaptation

0.95

®BLSTM-L EBLSTM-L = BLSTM-L
= BLSTM-60 75 = BLSTM-60 0.93 H BLSTM-60
BLSTM-140 BLSTM-140 0.91 BLSTM-140
BLSTM-220 55 BLSTM-220 0.89 BLSTM-220
3.5 0.87
0.85
g s S
z = = 0.83
z 7))
-0.5 0.81
0.79
J 23 0.77
-4.5 0.75
-3 3 6 9 12 AVg. 3 3 6 9 12 AVg -3 3 6 9 12 AVg
SNR(dB) SNR(dB) SNR(dB)

(1) DAT achieves good unsupervised adaptation performance
(without paired noisy-clean adaptation data).
(2) More adaptation data gives higher scores.




PESQ

Environment Adaptability (NADAT)

* Adapting to new noise type (Cafeteria)

2.9

2.7

2.5

2.3

2.

—

1.

=

1.

=2

1.5

Different amount of target domain data for adaptation

EBLSTM-L
EBLSTM-60

®BLSTM-L = BLSTM-L
= BLSTM-60 ® BLSTM-60
BLSTM-140 BLSTM-140 BLSTM-140

5
3
BLSTM-220 . BLSTM-220 BLSTM-220
-1
3
-5
) I |
o B -

12 Avg 3 3 12 Avg 3 3 12 Avg
SNR(dB) SNR(dB) SNR(dB)

SSNR
STOI

(1) DAT achieves good unsupervised adaptation performance
(without paired noisy-clean adaptation data).
(2) More adaptation data gives higher scores.
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Assistive Voice Communication

Assistive listening
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Cochlear Implant

Transmitter coil

Speech processor:

1. Microphone.
2. DSP chip.

3. Battery

4. Others...
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SE for Cochlear Implant

* The tremendous progress of Cl technologies in the past three

decades has enabled many Cl users to enjoy high level of speech
understanding in quiet.

For most Cl users, however, the performance of speech
understanding in noise still remains challenging.

» F. Chen, Y. Hu, and M. Yuan, “Evaluation of Noise Reduction Methods for Sentence Recognition by
Mandarin-Speaking Cochlear Implant Listeners,” Ear and hearing, vol. 36, no. 1, pp. 61-71, 2015.

Deep learning based speech enhancement (SE) for CI.
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SE for Cochlear Implant

Electricarray

Transmitter Receiver
Microphone
skin

Band-pass Envelope detection Compression Pulse.
: . ; generation Electrodes
Noise reduction  filter
BPF1 [ RECT. T == IV SN g E1
Microphone—>—>{ BPF2 |—| RECT. LPF come. —O £2
BPFn |>| RECT. LPF COMP. HO En
Mot Doy N r‘|rw
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NCM scores

Testing Results

0.30
(a) Cocktail
0.25 A
0.20 A B
[ ]
0.15 A ]
0.10 .
' Noisy
— -0 — logMMSE
———&——— Wiener
] DDAE
0.00
Objective evaluation (NCM)
(a) Cocktail
40 q

[ Noisy

logMMSE

N KI.T' i

30 4 | BB Wiener
E== DDAE

20 A1

Percent correct (%)

Input SNR

Vocoder results: 10 normal hearing subjects.

Intelligibility scores (%)

80

[ Noisy
logMMSE
KLT
BRXH NC+DDAE

2T_0dB 2T_5dB CJ_0dB CJ_5dB

Test conditions

Clinical trial: 9 Cl subjects.

» Y.-H. Lai, F. Chen,S.-S. Wang, X. Lu, Y. Tsao, and C.-H. Lee, "A
Deep Denoising Autoencoder Approach to Improving the
Intelligibility of Vocoded Speechin Cochlear Implant
Simulation," IEEE Transactions on Biomedical Engineering.

> Y.-H. Lai, Y. Tsao, X. Lu, F. Chen, Y.-T. Su, K.-C.Chen, Y.-H. Chen,
L.-C. Chen, P.-H. Li, and C.-H. Lee, "Deep Learning based Noise
Reduction Approach to Improve Speech Intelligibility for
Cochlear ImplantRecipients,” Ear and Hearing.

> National Innovation Award 2018 and 2019.
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SE for Speaking Disorder

Previous applications: hearing aids; murmur to normal speech; bone-
conductive microphone to air-conductive microphone.

Proposed: improving the speech intelligibility of surgical patients.

Target: oral cancer (top five cancer for male in Taiwan).

([ DpemvisssERyd ) ( romswine

£ E VAT (0 R FE )




SE for Speaking Disorder

Related works:

Exemplar-based approach --------------—-cmomccmeev (high computational cost)
Traditional NMF approach ---------------mcemcmc - (not well-aligned)

Proposed: joint training of source and target dictionaries:
A;,B;= argl\r}'i]% d(X,A;H) + d(X,B;H) + AlHIl;

Joint dictionary W

Basis index
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STOI

Original:

Testing Results

0.59
0.585
0.58
0.575
0.57
0.565
0.56
0.555
0.55
0.545

0.54

3 ABn

Speech samples were from

[Fu et. al., TBME 2017]

10

20 30 40 50 60 70
number of sentences used for training
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SE(CGAN) for Speaking Disorder

e Spectrogram analysis

(¢) NoSD model

Speech samples were
from [Chen et. al.,
Interspeech 2019]

(d) CycleGAN (e) CycleGAN
transformed reconstructed
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Summary

Six Factors

Clean speech

Feature extraction

(3)
Objective function

Output

(1)

Noisy
speech

Feature
extraction

(2)

- SE model compression
- and computation
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Bio-ASP Lab in CITI, Academia Sinica
(¢ “F T IREAFPLRELATFTT P o)

Bio-ASP Lab

Contact: yu.tsao@citi.sinica.edu.tw
More Information: http://bio-
asplab.citi.sinica.edu.tw/
Publications:
https://www.citi.sinica.edu.tw/pages/
yu.tsao/publications en.html



mailto:yu.tsao@citi.sinica.edu.tw
http://bio-asplab.citi.sinica.edu.tw/
https://www.citi.sinica.edu.tw/pages/yu.tsao/publications_en.html
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