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Deep Learnin@ased SBystem

Clean IIH ‘ w" 'M
. h | |
Training Phase Sheet - Feature

extraction
Noisy Feature Objective
speech extractio function
R : L,norm,
SISDR
Testing Phase
Noisy Enhanced
speech speech

Feature Waveform
extraction restoration

The first work of Dibased SE systeni:u et al,Interpseech2013]



Dl-based SE for Noisy Speech

Clean speech Noise: Siren

2baby
Crying

Siren




Dl-based SE for Borsbnducted Speech

The examples were based finu et. al., Speech Comm. 2018]




Deep Learnin@ased SBystem
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Evaluation Metrics

A Perceptual Evaluation of Speech QuaREESQ)
evaluating the quality of processed speech, with the
score ranging frord0.5 to 4.5.

A ShortTime Obijective Intelligibilit§g TOIl)evaluating the
speech intelligibility, with the score ranging from O to 1.

A Segmental Signdb-Noise RatigSSNRYhe ratio of
processed and noisy speech computed in a segment lev:

A LogSpectralDistortion(LSD)the difference of log
spectrums of processed speech and clean reference.

The goal of SE to improve the speechtelligibility and guality.
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Input Feature Types
Clean i b il
Speech'm’ww Feature

extraction

(1)

Noisyh Fteatlil_re Objective
speech |extrac | i

ML 1'35;2 i TYhE

Mel Logpower spectruniLu et al.Jnterspeect2013, Meng et alinterpseect?2018]
Logpower spectruniXu et al..TASLP 2015, Fu et &hterspeeci2016]

LoglgChuang et dinterspeeci2020, and Lu et allnterspeeci202(,

Power spectrunjFu et al., Interspeech 201,6]

Complex spectrunFu et al., MLSP 2017, Hu et atXiv2020, Wang et al., TASLP 2Qz
Framewise waveforniFu et al, APSIPA 2017],

Utterancewise waveform
[Fu et al, TASLP 20K)lbae kt al., TASLP 2020, Luo et al., TASLP 2019, Ramdley 019,

Luo et al., ICASSP 2(0X0X ® ¢

J> T> T> T T I I
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FFT > IFFT
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Feature
Extraction

Mel filter

Spectrum
Recover

]
l

[Lu et al,Interpseeci2013]

VonBeékeésyGeorg (1960).

+ + + + + = Experiments in hearing.
Energy in Ed. Ernest GleWever
- - " Bach Band Vol. 8. New York:

McGrawHill.
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Input Feature Types

A Complex spectrogram (GS)et. al., in MLSP, 2017)

Enhanced

CNN Real Spectrogram
Noisy Real {
Spectrqgrarr}
RESH y,
Noisy Real and | Enhanced
imaginary (RI) ||
ginary (RI) - T . Rl spectrograms
spectrograms - i{ Lid y
15 115 £ i
No?sy Context window |
Imaginary

Spect 2
pectrogram Edlinead

Imaginary Spectrogram
Fully-connected ‘

’ Convolutional layer ’ layer

RI spectrograms are processed by a CNN model.
RI 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 ak
B in a color image and processed by a CNN model.
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Input Feature Types (CS)

A LSD, SSNR, STOI, and PESQ scores:

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

DIE{_IE)—Q)HSEHHE

RI-DNN
(=10

RI-CNN
(a=1,4=0)

PESQ § LSD | SSNR PESQ § LSD | SSNR
3.761 | 2.149 3.604 | 3.042
3936 | 1.113 3.844 | 1.975
4200 | -0.454 4.150 | 0.450
4.521 | -2.745 4491 | -1.911
4.838 | -5.604 4.829 | -4.990
4.251 | -1.108 4.183 | -0.286

(1) Logpower-spectrum(LPS) with DNN gives lowest LSD.

(2) Rwith DNN outperforms LPS with DNN in terms of PESQ and
(3) CNN outperforms DNN when using RI spectral features.




16

Input Feature Types

A Waveform as the input (Wa) et. AL, APSIPA, 2017]
Local connection in FCN Spectrograms of a ’TIFI\/IIT utterance:

T gt RE GO 1R N
/; . | (P P
z 3 é ‘é‘:f;_ \: Bt s g: -
E~:E=‘C~.€= ::-r’" £s ‘_;E;E‘ .“E:_':' '
(a) clean speech (b) n0|sy speec
.,Z !
TN e BB QB

IS more suitable than fully connected neural networks.




Input Feature Types (Wave)

A 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 PESQ

12 0.788 | 2.470 2.718

6 0.753 | 2.302 2.346

0 0.673 | 2.011 1.995

-6 0.561 | 1.707 1.719

-12 0.441 | 1453 1.535

Avg. 0.643 | 1.989 2.063

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

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

3) LPS with DNN underperforms the wavefdrased systems.

17
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Input Feature Types

A Utterance waveformWWave [ru et. al., TASLP, 2018]

Fully Convolutional
Neural Network Clean Utterance

—————————————— v bbb

Objective function:
S " STOI or PESQ

|
FFier_1_t o '
| = '
l I
| Y
| . :

W__r Filter_1_2 —Acvation .M‘.Au‘pk‘ww : *te————+Filter M_I «’M4 M»A*«m

B | ’
[ B . I
[ |
I ! 1 11 FE AR T I

|

Noisy Input
Utterance

Enhanced Output
Utterance

M-layers . . .

One layer

Utterance enhancement by fully convolutional networks (FCN).
The FCN model has multiple layers, each layer consisting of multiple filter
The model can take inputs with arbitrary lengths.
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Input Feature TypedjWave

A A comparison of utterancbased and frame
based waveform as the inputs

Comparison of different models and input features in terms of STOIl and F

Framebased Utterance-based
FCN FCN FCN
(0bj=MSE) (obj=MSE) (obj= STOT)
(S;Bf;‘ STOI | PESQ | STOI | PESQ | sTOI | PESQ

(1) Utterancebased waveform outperforms frarAgased counterpart.
(2) Utterancebased waveform combines better with STOI (correlatip
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Output Feature Types

A Mapping vs. masking based $f&hgand Chen, TASLP 2

Clean 'MI " M" M
Direct mapping speech — 1 Feature

extraction

Feature
extraction

Noisy WWM
speect [ |

Ratio masking

: Enhanced
Speech

Feature
extraction

Noisy WW’M
speecl |

Enhanced
speech

I Point-wise multiplication |
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Model Types
s T

Feature

_ extraction
Noisy Feature 2) g s o

speech extraction Objective

‘ l ; E------- ------E funCtlon

Model types:

DNN[Wang et al. NIPS 2012; Xu et al., SPL 20DA\HELu et al., Interspeech 201,3RNN
(LSTM)Chen et al., Interspeech 20 \Meningeret al., LVA/ICA 2015CNNFu et al.,
Interspeech 2016]CRNNZhao et al., ICASSP 20B8TNFu et al, TASLP 201dELM
[Hussain et al., IEEE Access 204attor2VectofQi et al., TASLP 20RTensor2VectoQi
et al., ICASSP 2020¢acherStudentTu et al., TASLP 2019]

Advanced architecture:

Skip connectiofifu and Zhang ICASSP 20HighwaySantos and Falk, NIPS workshop
2018] DenselconnectiedZhen et al., ICASSP 201Attention mechanisnHao et al.,
ICASSP 201,9UNet architecturelPascual et al., Interspeech 2Q,1Complex parameters
[Y-S. Lee et al., ICASSP 20TidnsformefKim et al., ICASSP 2020, Fu et al., APSIPRA 2
Ensemble learnind_g Roux, WASPAA 2013, ICASSP 2017, Chazan et al., WASPAA
Zhang et al., TASLP2016, Yu et al.,, TASLP 2020




Model Types (Ensemble Learning)
A DAE Multibranched Encoder (DAEMIR. al., TASLP, 20

Gender Male . Female

40 40

PCA analysis on noisy data

415 W | Imperfect results

Basedon the study ifKolbee ket al., TASLP 201 Three major factors

that affect the SE performance notably:
(1) Speaker (2) Noise type; (3) Sigthoise ratio (SNR).




Model Types (Ensemble Learning) 24
A DAEMEu et. al., TASLP, 2020]




Model Types (Ensemble Learning) 25
A DAEMEu et. al., TASLP, 2020]

(1) The proposed DAEME is based on the ensemble learning criterion.

(2) When training ensemble models, we intend to implement a
GO2YRAGAZ2YIT 20SNFAOGOAYIE A0GNJ O
model to overfit to (or perfectly match) its training data.



Model Types (Ensemble Learning) 26
A DAEMEvu et. al., TASLP, 2020]

(1) Good flexibility and interpretability to combine
different types of Encoder and Decoder.

(2) An utteranceattribute tree (UAT) can be used t@
guide the design of the muibranched encoders




Model Types (Ensemble Learning) 27
A DAEMEvu et. al., TASLP, 2020]

2.8
27|
2.55 £ g
$ ? |
- Z Z
2 23 "7 87
Cw 21 35 ,
87| 8
2.05 % % . 55
1| i
Tk z;
18 : : Rzl R 7
Babble Street Pink Car
& Noisy @BLSTM ODAEME-UAT (5,
@aDAEME-UAT ,, ®@DAEME-UAT 4,

(1) As compared to the SE model with a single encoder (original BLSTM syste
DAEME achieves better performance

(2) When we have more SE models in the encoders (2, 4, 6), higher PESQ[ST
scores can be obtained*.

*STOI results are reportedfiffu et. al., TASLP, 20g0]
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Hear but pay no attention; listen but not hear

Intelligibility and Quality are different
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Objective Function

Noise Noise
& Communlcat|on ©d  Communication n‘—ﬁ'l
S eech erception () C——
E)Qua"tpy g Automatic speech recognition
wintelligibility wRecognition accuracy
Training Phase C'ea”hMWMM
Speec = Feature
extraction
Feature

extraction ” Objec_tlve
function

Noisy [k TR .
speectmwm' : €9.MSE (bnorm),

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

wQuality
wintelligibility
Quality:3.13
: Intelligibility: 0.75
Quality: 3 uamy.go y _
Intelligibility: 0.8 Intelligibi Quality:2.8
Quality . Intelligibility

Intellinihilitv: Qual!ty
Quality:2.5 Intellig
== Intelligit Quality:16
M Quali Intelligibilit
Intelligibility: 0.89

A We derived objective function based on STOI and PESQ.

A We have proposed two solutions: (1) Direct optimization on &TOI
(2) Generative adversarial tainting (GAN) to optimize PESQ and.STOI

u 93(0F€ndwaveform utterance enhancement for direct evaluation metrigsa a SGNRA O D! bY DSYSNI GA DS bdk @A&ridH |
2LIAYAT FdA2y 08 FdAte O2y@2fdzZiA2yf O2NBdNh(Ii ¥ BAVREREY FQRP{ LIBEDK
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ODbjective Function

A STObased Objective Functigru et al, TASLP 2018]
STOI Computation

250 . Correlation
coefficient
] 200 f One-third octave
Remove silent 1sof R AlE W band analysis & '
fram:fr ™ 100l Vi Normalization and i m
& ST o RN clipping l
Average
100 200 300
Clean speech w () baxgra“d
s an
frames

100 200 300
r
50| I | i 19 |
| .
] 200 ! , i One-third octave ! ‘
Remove silent mof  wont 'e band analysis & 10
) frames > | -’h 53 Vi Normalization and |
1Tt 1k A
& STFT 5 ;I $. ‘ c||pp| ng 5\ i . I
R 0 AR Lt A
25 e R G |
100 200 300

Noisy/processed W, {t)
speech

Linear and
differentiable

Training Phase eature

extraction

S Objective
function

Feature
extraction

Noisy WWM'
speect [T




Objective Function (STOI)

A Experimental Results (Huméaistening Test)

-3dB &dB
90 3.0 65 - 3.0
EE Noisy
Il Noi
== FCNy(MSE) [N FCN (MSE)
E=Ea FCN (STOI) o8 EEH FCN (STOl) | 53
80 | | EEEE FCN(MSE+STOI) 60 | | EEEE FCN (MSE+STOI)
X - 2.6 § - 2.6 o,
= v K g o)
o 3 8 S
= -24 > L 24
60 50
L 22 - 22
L 20 45 - - 20
Intelligibility Quality Intelligibility Quality

Average character error rate (CCR) and quality scores (MOS) of human
subjects for (ap3 dB and (bh6 dB SNR.
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ODbjective Function

A PES@ased Objective Functigru et al, IEEE SPL 201¢

A However, when evaluation metrics are complicated and-tioear,
such as PESQ (with more than 2700 linddatlabcodes), it is
difficult to directly derive an objective function using PESQ.

A We can apply reinforcement learning (RL), where the PESQ score i
used to form the reward function, to optimize the SE md&eizumi
et al, ICASSP 2017; Koizumi et al, TASLP.2018]

A We can use direction samplifighang et al., ICASSP 2018]

A We can approximate the PESQ function and make it differentiable tc
update the SE mod@liartin-Donaset al, IEEE SPL 2018]

A Recently, we proposed a twstep strategy: (1) learn a deep learning
model, QualityNet, that can predict PESQ scores; (2) train the SE
model based on the learned QualiNet[Fu et al, IEEE SPL 2020]
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ODbjective Function

A PES@ased Objective Functigru et alJEEBSPL 2020]
Stage 1: train a Qualiiet (input: paired clean and noisy speech; output: PESQ

Clean spectrogram

True
PESQ score

I MSE loss

Predicted
PESQ score

PESQ |—

| adomm e
S =

Degraded spectrogram

Stage 2: train the SE model based on the Qualél/(input: paired clean and
noisy speech; output: PESQ score)

¥
f
1

Clean spectrogram

5ET
;éé‘é_i':é?

| Enhancement

"_\'E‘r = é'g “:‘;‘:_“ =]
Noisy spectrogram

model

Maximum
score

I MSE loss

Predicted

—Nx Quality-Net —» PESQ score

Back-propagation
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ODbjective Function

AGenerative Adversarial Networks (GAN) based Method:
SEGANPascual et alinterspeec2017] Pix2Pi{Michelsantiet

al., Interpsech2017] Mask estimatiofPandey and Wang, ICASS
2018; Neill et al., APSIPA 2018]

Feature
extraction

Real
or

A e 1 ke M : Fake
Feature

extraction
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ODbjective Function

AMetricGANFu et al., ICML 2019]

Feature
extraction

* Output

SE model

Metric
Score

Feature
extraction




ODbjective Function

AConditional GAN (CGAN) verslstricGAN

[Fu et al., ICML 2019]
Discriminator in CGAN (LSGAN)

0 600 e ; (O(Wdw) p) (O(OwhY ™)
wherexandy are noisy and clean speech, respectively.

Discriminatorin MetricGAN
0 0 Q01 Q=8GO p) (O(O0Ovh) U &OwhY))

0X) Do h) < 1 is the normalized evaluation metric (1 represents
the highest evaluation score).

(1) ForCGAND tries to distinguishrealand enhancedsamples
(2) ForMetricGAN Dtries to learnthe PESQSTOfunction.
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ODbjective Function

AConditional GAN (CGAN) verslstricGAN
[Fu et al., ICML 2019]

Generator in CGAN (LSGAN):
0 606 Fe _(O(Owhy p) ['dAD o
wherexandy are noisy and clean speech, respectively.

Generatorin MetricGAN

0 D Q01 QO=@0W(owh) |[i]

wheresis the desired assigned score.

(1) We canspecifyanyparticularscores.

(2) With alargenumbers(e.g.,1), we geta speechenhancementmodel.
(3) With asmallnumbers(e.g., 0), we geta speechdegradationmodel.
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Objective FunctionMetricGAN

AMetricGAN(P) andVietricGAN(S) with related works

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

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

SNR (dB) || PESQ | STOI PESQ STOI STOI PESQ
12 2.375 | 0.919 2.995 0.927 0.936 2.864

6 1.963 | 0.831 2.595 0.869 0.881 2.486

0 1.589 | 0.709 2.144 0.776 0.796 2.086

-6 1.242 | 0.576 1.634 0.644 0.668 1.599
-12 0.971 | 0.473 1.124 0.500 0.521 1.090
Avg. 1.628 | 0.702 2.098 0.743 0.760 2.025

(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) scofes.
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Objective FunctionMetricGAN

AArbitrary target scores

STOI=1.000. PESQ=4.500

STOI=0.778. PESQ=1.914

(b) clean target

(a) noisy input

STOI=0.808 STOI=0.609 STOI=0.237

(d) generated speech. s=1 (e) generated speech. s=0.6 (f) generated speech. s=0.2

PESQ=2.250 PESQ=1.523 PESQ=1.061

We can specify a metri
score to eithenncrease

or decreasethe speech
quality or ineligibility.

7.

o e Ry d a4
R R 15 8RR
L8 Wi | LG Bt ?

bl e : ».‘-‘-v =
A= R 0 B RS s

(h) generated speech. s=4.5 (1) generated speech. s=1.5 (j) generated speech. s=1.0

Results of assigning different scoregfor the generator training.
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ODbjective Function

AReinforcement learning (RL) with AB&sed reward$Shen
et al., ICASSP 2018]

Noise

ﬁé@!

Communication n.-E..l
(V) < s = -
Automatic speech recognition

i”"i

A Problem: complex correlation of acoustic features and recognition results
A Proposed solution: reinforcement learning based speech enhancement syst

(1) IBM clusterindIBM: ideal binary mask)

8 _k-means|
: clustering
i I I_ i
| |
DNN | /J_-"N ACtIOﬂ r/éil |
?- : E IBM-SE Update |, ASR|
L | | |

(3) Action estimation (2) Target action determination
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ODbjective Function

AReinforcement learning (RL) with AB&sed reward$Shen
et al., ICASSP 2018]

Noise

-:iilh--j>»4§
Communication /]

(O <

Automatic speech recognition

i""i

A Problem: complex correlation of acoustic features and recognition results
A Proposed solution: reinforcement learning based speech enhancement syst

(1) IBM clusterindIBM: ideal binary mask)

= 8 =g i
clustering

AcUon
update

IBI\/I—SE

T J

=
Q
=)
=
Q
r_llgz_
|
|
| O
l prd
: Z
|
I___ — — —
O ..O0]
S
¢
——3——ﬂ

|
|
K& ASRi
|
|

-

S

(3) Action estimation (2) Target action determination
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ODbjective Function

AReinforcement learning (RL) with AB&sed reward$Shen
et al., ICASSP 2018]

Noise

Communication [ B."
(O <
Automatic speech recognition

i""i

A Problem: complex correlation of acoustic features and recognition results
A Proposed solution: reinforcement learning based speech enhancement syst

(1) IBM clustering

8 k-means E%é 5
> ) —>
: clustering

I 4

|
|
A ASRi
|
|

I
Training | | O o |
2 2 | 1
| DNN | )J_-"N ¢ IBM-SE Action (<~
| 1ok o ! update S
__________ I

(3) Action estimation (2) Target action determination
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ODbjective Function

AReinforcement learning (RL) with AB&sed reward$Shen
et al., ICASSP 2018]

Noise

“g* Communication d.?,!
(V) <@ neeeeee—— c
Automatic speech recognition

A Problem: complex correlation of acoustic features and recognition results
A Proposed solution: reinforcement learning based speech enhancement syst

(1) IBM clustering

8 k-means E%é 5
> ) —>
: clustering
I
Training | i O | " Action o i
DNN e
’- KA IBM-SE update | ., ASR|
| | | |

(3) Action estimation (2) Target action determination
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ODbjective Function

Noise
“@i Communication d.?!
(V) < s = -
Automatic speech recognition
A Problem: complex correlation of acoustic features and recognition results

A Proposed solution: reinforcement learning based speech enhancement syst

Testing | i X
| DNN ! SE fT=T=TTTTT) ASR
I ©
| I

(3) Action estimation




Objective Function (RLSE)
AResults on ASR and STOI and PESQ

The average CERs of Noisy (the baselime)SERLSE
andRLSEat 0 and 5 dB SNR conditions.

SNR | Noisy 1nnSE RLSE;

5dB | 56.14 73.09 55.60
0dB | 81.40 85.79 77.20

The average STOI and PESQ of Noisy (the basBlirtef;
andRLSEat 0 and 5 dB SNR conditions.
STOI PESQ

Noisy RLSEJ RLSE.| Noisy RLSE:| RLSE,
086 || 185 167 | 196
081 [f145 142 1.59

5dB | 0.82 0.82
0dB | 0.74 0.77
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Deep Learnin@ased SBystem

Clean' " M
| | ‘ Feature

speech
extraction

(3)

pwdl Objective
function

Feature

Noisy extraction

speech

Auxiliary input Zhao et al., ICASSP 2018],

Le Roux, et al. ICASSP 2019],

(Germain et al.Interspeech2019],

This is 4. ;Kplbae et aI.,_TASLP 2020],
Texts :Klm et al. Arxiv2019],

) Valin et al. Interspeech2020],

o e - Al 84 Ffds L/
Multi-mics




Outline

A Deep Learning based Speech Enhancement
U Systenarchitecture
U Six factors need to consider
V Feature types
V Model types
V Objective function
V Auxiliary input



50

Auxiliary Input

Clean I Y »I
speech|™" | I Feature

extraction
Noi Feature
< Z'esg/h extraction Obijective
P function

SE model »- Output

T

Vibration Auxiliary input
This Is a...

Texts

Multi-mics
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Multimodal SE (Visual)

AAudiovisual SEiou et al., TETCI 2018, Sadeghi et al. T2HR?

Batch Normalization Enhanced Waveform Reconstructed Lip Feature
Linear Activation

Sigmoid Activation .‘+_+......*.¢.4___ W

Y S S
| |
i Data Reconstruction :
|
' |
| : Enhanced Spectrogram I |
- | |
A Additionalparts ! s )|

k. 4 11 I v

" . - 11 Il

i Lipimages (ossa] 1 FC2 H (Loss]

I I'l Fusion I 1

.. - ' Net ( FC1 ] i
I VisualNet e ——r—— ]
¥ | : ¥
= | | | I
I FCv3 I | | I
Iy | | I
L] L] | | | ] | |
A Visualttarget:image i v i
hy Net | SE Model! " L
| e e e — — — — ——— | =2EMOUSL, T T ———— — 1
L aaaaeimemy 0 | |
LRl D G— |
Clean Spectrogram : Noisy Spectrogram :
| |

ot e

Clean Waveform Noisy Waveform Lip Images
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Multimodal SE (Visual)

AAudiovisual versus audio oniyouet al., TETCI 2018]

[ I 1 I I I I I i | 1 1 I 1 1 [ [ 1 [
= - M WliNoisy WiNoisy
- = e i n  ElLogmm: = ELogmm:
kLt d (SR
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[Clavoen [Clavoen
H g 06 -
{4 S
31 |
0.55
| ) J ,ﬁ
L — Ll L1 L 11 L1 L 1 0.45 L1 L1 —hh L - — L L
i i i B. [ S 2T 3T T 2T 3T
OopYy Wuslc™ Musle " Shren " (TR (o) (onuin) (rom) (reom) (reom) Sy Music RIS SN ontin (omain) (onain) (room) (reom) (rom)
Noise types Noise types

Testing in the realvorld conditions

'r TR o B

(1) Visual information improves the

SE performance.
(2) The performance is robust againgt
recording conditions as long as lips

can be recorded well.




Multimodal SE (Visual)

ALite Audievisual SEchuang et alinterspeect2020]

stance Normalization Enhanced Waveform
y o

A lssue (1): size of images
A lIssue (2): privacy issue )
A LAVSH.ite AVSE) [
A EncoderAEeplacevisualnet

A Qualatentfurther compressiata
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Multimodal SE (Visual)

ALite Audievisual SEchuang et alinterspeect2020]

-
-l 5 -
_s"‘:'\.'

eif\e ) Di < 2D Convolutional Layer
Ny = NedNe | < 2D Transposed Convolutional Layer
Savd < 2D Instance Normalization

-

oA LeakyReLU Activation
Face images .
lDIib Crop (a) AE feature. (b) AE+EOFP feature.
- - =LEE Figure 6: Visual latent features of lips.
Encoderae Decoderae
~- | Compressed feature
: EOFP (exponenly

floating point quantized)
[Hsu et al., SLT 2018]

1. EncoderAKEepresentationenhances the privacy.
2. Qualatentfurther compresdata.
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Multimodal SE (Visual)

ALite Audievisual SEchuang et alinterspeect2020]
PESQ

1.7

15

13

11

0.9

0.7

05
n10db n7db n4db nldb

m Noisy mAudio-only mAVSE m LAVSE(AE)= LAVSE(AE+EOFP)

1. Lite AVSE outperforms original AVSE.

2. AVSE+EOBRyhtly underperforms AVSE with a nota
reduction of 48 times on the visual features.

TMSV dataset: https://drive.google.com/drive/folders/EBs1yYVIOgHrYOWrixYs3a8inPHn



https://drive.google.com/drive/folders/1B-eJs1yYVf0qHrYOWrtxYs3a8inPHm1K

Multimodal SE (Boreonducted)

ABCMACM versus BChr ACM onlyYu et al., SPL 2020]
U Theinputof C / gogombinedoth noisyandBCMsignals

NoisyACM

WWWWW% SE model —»—WWMW\“

Clean

(J‘O [é] ry
““MI B @2 i 06 0{w [t]hn [&]}

U Theinputofthe™O0 i "fahdationisprocessedoisyandBCMsignals

NoisyACM
o ] @é) C/[b¢C
- i 06 {o [¢]}

C/1b — SE model —

06 doo [¢]}

P C/l b @7 i o ofi [EIR [2])

%
==
[
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Multimodal SE (Boreonducted)

ABCMACM versus BChr ACM onlyYu et al., SPL 2020]

1.74 1 —glos | |zm|l=4loe | |=lm7llwc b
1.66 0.73 051 / (2)C/ b
158 | |17 0.64 | | 0.42 B)C/ e
(1) ( (1) (2) (3) (4) (1) (2) 3) (4)
(b) STOI (c) ESTOI

(1) BCM information improves the S
Clb performance in terms of PESQ,
0 65.56 100 STOI, ESTOI and listening tests.

(2) Late fusion outperforms early

test that compared0d § and™08 G fusion.
A T8 T st p

The results (in percentage, %) for the AB
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Multimodal SE (Text)
ABroad Phone Classes (BPQ). & al. interspeect2020]

U Main idea
I In noisy conditions, knowingpeech content$acilitates listeners to more
effectivelyretrieve pure speech signals
I Phone recognizeczan be used to obtain phonemes (text) information.
I Recognized phonemes may &eoneousand thusmisguidethe SE process.

I We used the broad phone class (BPC) instead, which is buyilialocgof
articulatoryandmanner of articulatoryanddata-driven criterion

U Recognition results

N P

b N

X L 6

= =

c g 4

5 &

o - }

o g 2

w = 2

0 &S e

Reference dh ey m ey sii k ah Reference v ih n ih sil dh ih m f
BPCs Hyp fr \"/e] na \"/e] si st vo BPCsHyp fr vo na vo si SI NA vo na fr
Phone Hyp dh SIL ey m ey si P EH Phone Hyp  *  #x % %% *xx xx AH + *

(a) SI]e('”-()graln and ’-()(-()g”i]i()’l result at 10dB SNR (b) S])(’(‘H‘()gl‘(ml and I‘(’('()glliti()ll result at 0dB SNR level
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Multimodal SE (Text)

ABroad Phone Classes (BSE)Lu et al. Interspeect2020]

|
. . Speech Signal H BPCs ‘
Place of articulation ' | Posteriorgram |

f Enha.nced » |
(PBPCs) _ specrogam | "
Decoder
Y. Nx - Bottned
/’ /
 Affricates Manner of articulation ; " K Encoder
1 = / Layer 2
(MBPCs) —— . -
— . 7/ 4
| 7Spect;9§r§m7 Bottleneck o BPCs ‘
T J

Datadriven BPCE

(DBPCs) 1. Train an recognizer (BPC speech recogni|:

to estimate BPCs in each frame.
2. Know which phone/BPC help the SE mod
to generate better enhanced speech.




ABroad Phone Classes [SEt al.nterspeect2020]

Multimodal SE (Text)

The STOI scores

60

) Broad Phone Class Ground Truth

SNR || Noisy || LSTM | Transformer § PPG(Mono) F-po5=5 T RBPPGM) [ BPPGD) || GI-PPG(Mono) | GL.BPPG(M)

5 || 0595 || 0.548 0.620 0.616 0.629 0.627 0.628 0.679 0.708

0 0.701 || 0.686 0.755 0.759 0.765 0.765 0.763 0.796 0.808

5 0.800 || 0.815 0.851 0.859 0.860 0.861 0.859 0.876 0.879

10 || 0.880 || 0.900 0.912 0.917 0.918 0.918 0.917 0.924 0.925

15 || 0935 || 0.946 0.948 0.950 0.951 0.950 0.951 0.953 0.953
Ave || 0782 || 0.779 0.817 0.820 0.824 0.824 0.823 0.846 0.855

(a) baseline model and proposed method

The PESQ scores

rrrrrrrrr PPG(Mono) BPPG(P)

2500
| ﬁ I I I
246
2400

BPPG(M)

GT-PPG(Mono) GT-BPPG(M)

(b) ground truth

(1) Both Mono(phone) and BPC base:
PPGs improve the SE performarjc

(2) BPC is more robust against

different SNR ratios than Mono.
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Auxiliary Input

Feature
extraction

Noi Feature
. Zlesc):/h extraction Obijective
P function

Text[Kinoshita et al., lterspeechi2015],
Auxiliary input SymbolidLiao et al.|nterspeeci?2019],
Speaker ldentityKoizumi et al., ICASSP 20

Chuang et alinterspeect2019],

Thisis a... Prosodic featuref_in et al., APSIPA 2019],
Texts Noise toker]Li et al. Interspeeci2020],
g G“a‘- \ MUltI-m|C[L|U et al., TASLP 2020],

Pan[Du et al., ICASSP 2020],
Acceler[Tagliasacctlat al, Interspeect2020].

Multi-mics
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A Deep Learning based Speech Enhancement
U Systenarchitecture
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V Model compression
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https://www.vology.com/resource/benefitof-edgecomputing/
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https://www.vology.com/resource/benefits-of-edge-computing/

Model Compression

A Weight sharing (WS) based omt¢ans

I Clustering weights intxﬂ:clusterswith K-means algorithm.

i Replacing 3bit weights with I T & -bit cluster index;
each index represent a specibluster 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 3 3 2 1
0 0.334

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

-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

16% 32-bit =(512) bits 4x32-bit +  16x2-bit =(160) bits



Model Compression (WSE)

AWS for SE modehu et al., IEEE SPL Accepted]

Cluster: 64, 32, 16, 8, 4, 2; Quiality
cluster = 0 is original model. ) iiig-\C
cluster PESQ STOI 218 3\.
Original 1.85385 0.70231 145
64C 1.8063 0.6941 0 64C  32C  16C 8C 4C 2C
- . cluster
32C 1.7967 0.6927
16C 1.8088 0.6896 —
8C 1.7606 0.6786 Intelligibility
0.73
AC 1.5852 0.6269 B oo?ggt —
2C 1.4558 0.5568 o 83
Noisy 1.63713 | 0.66977 oscs
0 64C 32C 16C 8C 4C 2C
cluster

(1) Performance does not change much when the cluster number
increases from 0O to 16. o
(2) However, the performance drops significantly when K> 16.
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Model Compression
A Parameter Pruning (PP)

I The goal is to removing redundant parameters in an SE m
I Computing a sparsity score for each channel.
I Removing channels with high sparsity scores.

(a) (b)
Rt;‘:;l::l. i Conv. Output Rc;:::::;w Conv. Output
Output SUM Filter Output SUM

— v

“ilter: 5 @ F]l @ l— ilte F‘(C)
F,;-" @ 1. Keep 7" -
Fj1 , 0
: @ >S(k) PN
: > T -
F ) F

R & g 2. Prune (0}

| o<sw) |

3 ()

o | P dl
Retrain ) ALl




Model Compression

PP performs channel pruning to reduce the SE model
and online computational cos{g/u et al., IEEE SPL 2019]

Three steps in PP:

(1) For a specific channein a conv. layer, thenean value
of allabsolute filter weightsat that channel is computed

B |Q | N: number of channels
O O W: number of weights |

(2) Compute thev mw+ » wf the n-th channel:
wpin B () ‘ phQ@ 0O
YE) - @ s 001 00l ©
(3)Athreshold ¢ is specified. If 1 wi i ®dhe channel will
be removed.

With a lower threshold, more parameters will be prunead.

®




Model Compression (PEE)

A The results oPP

A Threshold is specified

d

1.89
o
3 184
LLl
O 1.79

1.74

Quality

\_\6\/

0 0.027 0.043 0.068 0.087 0.14 0.198 0.271 0.301
Removal ratio

Ifi N wi i ®dhe channel will be remove
Threshold| ReMoVall besh | sT0)
ratio

1.0 0 1.85385 | 0.70231
0.95 0.027 1.83 0.6995
0.9 0.043 1.8215 | 0.6975
0.85 0.068 1.8197 0.697
0.8 0.087 1.8147 | 0.6957
0.75 0.14 1.8034 | 0.6941
0.7 0.198 1.805 0.6943
0.65 0.271 1.7558 0.673
0.6 0.301 1.7687 | 0.6683
Noisy 1.63713 | 0.66977

0.71

O 0.69

}_

v 0.68
0.67
0.66

Intelligibility

R

0 0.027 0.043 0.068 0.087 0.14 0.198 0.271 0.301
Removal ratio

A notable performance drop whehhresholdO.7.




Model Compression (PP+WS SE)
A The results oPPFWS

A We first define the expected performance loss r&ti6.95)
A Gradually reducing the Threshojcemoval ratio = 20%)
A Gradually decreasing the number of clusteTs= 16)

Quality Intelligibility
1.84 PP WS 0.71 PP WS
o182 0.7 S—— R
D g 5 0.69 {
B 1.78 ® 0,68
1.76 0.67
1.74 0.66

0 0.027 0.043 0.068 0.087 0.14 0.198 64C 32C 16C 8C 4C 2C 0 0.0270.0430.0680.087 0.14 0.198 64C 32C 16C 8C 4C 2C

Removal ratio Cluster number Removal ratio = Cluster number

(1) Themodel sizeof the compressed model is ory76%
as compared to the original model.

(2) Thecomputation costis reduced by 0%
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Skys |

i Model adaptation
SE (1) supervised: w/ paired noisy/clean
(2) unsupervised: wo/ paired noisy/cle




Model Adaptation

A SE using Regularized Incremental Learning
(SERILLee et al.|nterspeect2020]

U For supervised model adaptation:

g e«

Sourc Target

Good

NG
SE

Noise/speaker mismatch may cause poor SE performance.

72
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Model Adaptation

A SE using Regularized Incremental Learning

(SERILLee et al.|nterspeect2020]
U For supervised model adaptation:

Sourc
Adaptation

(1) A direct adaptation may cause a catastrophic forgetiage.
(2) The SERdbproachs proposed fo6Eadaptation.
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Model Adaptation
A SERI[Lee et al.|nterspeect202d

Rather then direct adaptation, SERIL adopts proper constraints.

0> b 5 b —
Not available From target data
Constraints
Solutionl Curvature strategfkirkpatrick et al., PNAS 2017,
Schwarz et al., ICML 20/18
Solution 2: Path optimization approachepkeet al., ICML201J7
SERIL uses a combined approattajdhry et al., 2018
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Model Adaptation
A SERI[Lee et al.|nterspeect202d

Originaltraining set

Metric cough door foot- clap
moving steps

2.041 1.864 1.868 | 1.474

N: throcessed PESQ 2.118 2.059 2.015 1.603
P Original Model. -
RSERiL

R:SERIL STOL P [ 0869 | 0798 | 0.779 | 0.799 | 0.801
R | 0.826

(1) Original model achieves the best in the original testing set.
(2) Direct adaptation suffers from the catastrophic forgetting isgue

(3) SERIL consistently improves permeance for all noise types.
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Model Adaptation
A Noiseadaptive DAT (NADAT o et al., Interspeec2019]

U For unsupervised model adaptation:

Y — —'—Eij
<<

<

T W
— N —  X—— Min reconstruction Tw
T— error —N — X

Min reconstruction error



Model Adaptation

A NADATLiao et al., Interspeec2019]

— 3 5
Target 4—|_> N7 N10 .\ Source
W
<

00001

Noise Type

D Classification
Tw | w
— N —  X—— Min reconstruction ) 6
T— error —N — X — | —
_N XT_(*) Max domain Min reconstruction error

[ —  accuracy and Min domain accuracy
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Model Adaptation
A Adapting to new noise type (Baby cry)

3.1 mBLSTM -L
= BLSTM -60

2.

BLSTM -140
> 7 BLSTM -220
2.5
2.3
2.1
1.9 J
1.7

-3 3 6 9 12

Avg.

PESQ

SNR(dB)

(1) DAT achieves goodhsupervisedadaptation performance

(without paired noisyclean adaptation data).
(2) More adaptation data gives higher scores.
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Speaker Adaptability

A Speakeraware Deep AutoencodeSaDAJE
[Chuang et al., Interspeed®19]

Training Phase IM Clean speech

Feature extraction

Noisy Feature - _
speech extraction Objective function
l i Output | eg MSE (Jnorm), L,norm
SprEmbed

Testing Phase | Seakeraware deep denoising autoencod@aDAE i

Noisy Feature Waveform Enhanced
speech extraction restoration speech

i ouput

SprEmbed




Speaker AdaptabilitySaDAE
A The results o8aDAE

Theaveraged® ESQSTOIlandSDIresultsoverall noisyutterances thetestset

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 averagedPESQ and STOI results over noisy utteranceswith respectto

threenoisy environments
DDAE
2.75 0.86 SaDAE
2.5 0.79
2.25 0.72
2 0.5 EETE T Eme
Car Street Babble Car Street Babble
(a)PESQ (b)STOI

SaDAButperforms conventional DDAE for both PESQ and STOI.
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A Assistive Voice Communication Technologies




Assistive Voice Communication

A Assistive listening

,-'/..-"'\ \)
/® /1 .
\ GG } (_ok.‘n‘eu\*

I Sy 1 mplants

J!‘L 3
AT System S;r‘:i‘e-;lr\ S‘egnu\

Processlaa

Opeech Disorder

e e it

FAGL Sp’mm Seced\ Signa\
P\-owss:ng
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Cochlear Implant

Transmitter coll

Speech processa
1. Microphone.
2. DSP chip.
3. Battery
4.00 KS NE& X

Source from:
https://www.hopkinsmedicine.org/health/treatmentestsandtherapies/cochleaimplant-surgery
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Cochlear Implant

Sound processor Electrodes

Cochlear with

Transmitter implant electrodes

Receiver

Traveling wave theory (Nobel Prize 1961)

Source from:
https://www.healthdirect.gov.au/cochlearmplant

http://lwww.yanthia.com/online/projlets/spear3/index.html
https://medium.com/@mosaicofminds/mapm-the-brain-f236998d544f


https://www.healthdirect.gov.au/cochlear-implant
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SE for Cochlear Implant

A The tremendous progress of Cl technologies in the past three

decades has enabled many CI users to ehjoly levelof speech
understandingn quiet.

A For most Cl users, however, the performance of speech
understandingn noisestill remainschallenging

GCe® / KSYyz ,® 1dzZ FyR ad® ,ddyxr a9@lfdddAzy 2F b3z
Mandarin{ LIS { Ay 3 / 20Kt SI NJLYLXFYyd [Aa0SYOMNEZE 9 N

A Deep learningpased speech enhanceme8E) for ClI.




SE for Cochlear Implant

Bandpass
Noise reduction filter

ransmitte

T
Microphone

Envelope detection

Electric array

r Receiver § E )

skin

BPF1}—>| RECT. LPF
Microphone BPF2}—>| RECT. LPF
BPm || RECT. LPE
Hodoy e el
| . :
| bl UOJ\MJ

: Pulse
Compression generation Electrodes
| comp. —(O) E 1
comp. —QO E2
comp. +—) En




NCM scores

Testing Results

0.30
(a) Cocktail
0.25 A
0.20 A
[
0.15 4 | ]
o
0.10 A
logMMSE
———=——— Wiener
[ ] DDAE
0.00
Objective evaluation (NCM)
(a) Cocktail

—~ 40 7

g [ Noisy

~ logMMSE

4+ N KI.T

8 30 4 | BB Wiener

= E== DDAE

(@)

(@]

-

c 20 A1

Q

(&)

-

()

o 10 4

0

Testing conditions

Vocoder results: 1@ormalhearing subjects.

Percent correct (%)

80
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(o)
o
1

N
o
1

20 A

[ Noisy
logMMSE
KLT

B NC+DDAE

2T_0dB 2T_5dB CJ_odB CJ_5dB
Testing conditions
Clinical trial: 9 CI subjects.

Y-H. Lai, F. Chen;:S. Wang, X. Lu,%aq and GH. Lee, "A Deep
Denoising Autoencoder Approach to Improving the Intelligibility of
Vocoded Speechin Cochlear Implant Simulation,” IEEE
Transactions on Biomedical Engineering.

Y-H. Lai, YIsaq X. Lu, F. Chen;T.Su, KC. Chen, . Chen, EC.
Chen, PH. Li, and GH. Lee, "Deep Learning based Noise
Reduction Approach to Improve Speech Intelligibility for Cochlear
LYLX Fyd wSOALASYy(Gazé 91N FYyR
R-Y. Tseng, ‘NV. Wang, SW. Fu, GY. Lee, and Y. Tsao, "A Study of
Joint Effect on Denoising Techniques and Visual Cues to Improve
Speech Intelligibility in Cochlear Implant Simulation," to appear in
IEEE Transactions on Cognitive and Developmental Systems.
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SE for Speaking Disorder

A Task:improving the speech intelligibility of
surgical patients.

A Target:oral cancer (top five cancer for male in

Taiwan).

Before

Liberty Times Ltd.. Taipei Veterans General Hospital
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SE for Speaking Disorder

A Proposedjoint training of source and target dictionaries
with non-negative matrix factorization (NMF):

Converted spectrogram | Target dictionary
(gx M) : (g<7)

After = JlE __:_E;;:% __;
Surgery ... = - =
Before ™
surgery seo

Basis index



Testing Results

Original:

0.59

0.585

0.58

Speech samples were from
[Fu et. al., TBME 2017]

e GANbased solution
ol | [Chen et. al.Interspeechi2019]

0.55

0.545 m/
0.54
0

STOI

10 20 30 40 50 60 70
number of sentences used for trainina
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Summary
A Six Factors

A Assistive Voice Communication Technologies

Hearing  Tmpoirment

,/'/. ™ \
{ = | i
VO 3 Cochleor
Ty 7
\7\&1/ Im P lants

Heaxing
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