Speech Enhancement based on Deep
Learning and its Applications

) AWFEAREY L F R R AR

sao § %, Associate Research Fellow
ar for IT Innovation, Academia Sinica
PAEERTAPEARE A
yu.tsao@ociti.sinica.edu.tw



Dr. Yu Tsaoi( %)

I Education
- Ph.D. in ECE, Georgia Institute of Technology,-2008
-M.S. in EE, National Taiwan University, 12001
-B.S. in EE, National Taiwan University, 119589

I Work Experience

- DeputyDirectorand Associate ResearEkllow,Research Center for Information
Technology InnovatiofCITIl), Academia Sinica (pregent

- Researchemational Institute of Information and Communications
Technology, Spoken Language Communication Group, Japan (Zid//A)
- SummerResearch Associate, Texas Instruments Incorporated, Speech Technologi
Laboratory DSP Solutions R&D Center, United States (2004, 2005, 2006 summers
I Academia Services
- ViceChair, Speech, Language, and Audio (SLA) Technical Committee, APSIPA
- Distinguished_ecturer, 20122020, APSIPA
- Associateeditor of IEICE transactions on Information and Systems
- Associateeditor of IEEE/ACM Transactions on Audio, Speech and Larigjoagssing

I Lab at CITI (Academia Sinica)
Biomedical Acoustic Signal Processing-&8&) Lab

I Research Interests

AssisitveéSpeech Communicatiorechnologies, Audiooding,Deep NeuraNetworks,
Biomedical Sign&rocessingSpeech Signal Processing




ResearclCenter forinformation Technology
Innovation(CITI), Academia Sinica

6ip Mﬁﬂﬁﬁﬁ%p%ﬂﬁ

O FEE

=25 HUANG, YEN-NUN

H5EERFZE B Distinguished Research Fellow (Distinguished Professor)

= Dependable Computing, security and privacy, fault tolerance, innovative multimedia services, mobile communication, loT

=& Lu, Chun-Shien (BEE2EREZEZFEEF L)

SIBHFFE Joint Appointment Research Fellow (Joint Appointment Professor)

= Compressive Sensing, Sparse Signal Processing, Security and Privacy in Multimedia and Sensor Network

EE Tsao, YUANLEZEFEREED L)

Bl 9T & Associate Research Fellow (Associate Professor)

= BREEHNE ZEARERE DEARERE FEEE BBER

ZB7K Lee, Yuh-Jye (BBZEZEETT L)

7t & Research Fellow (Professor)

¢

- E AER2 IGHENMEBNE HBIZE BREE YEREL THRE



P T RTAARAREL P S

sk16#8 Chang, Ronald Y.

gIF 9T & Associate Research Fellow (Associate Professor)

=  Wireless communications and networking, Signal processing applications

1%Z58F Yang, Yi-Hsuan

g #9T & Associate Research Fellow (Associate Professor)

= Music information retrieval, Music signal processing, Multimedia system, Affective computing, Machine learning

F&F Wang, Chih-Yu

FIFZE & Associate Research Fellow (Associate Professor)

=  Wireless Communications, Social Network, Game Theory, Network Economics, Machine Learning in Networks

F#l%8 Wang, Chuan-Ju

gI# 9T & Associate Research Fellow (Associate Professor)

= Computational Finance: lattice model, derivative pricing, risk management, Data Analytics: text mining, recommender systems,

machine learning

ZBi#£5 Cheng, Hsiang-Yun

Bi#tZT & Assistant Research Fellow (Assistant Professor)

= Computer Architecture, Memory System Design, Energy-Efficient Multi-Core Systems

BREZZK Chen, Jun-Cheng

BN 9L & Assistant Research Fellow (Assistant Professor)

= THRE BRER RESB ATEE £VEEEAIER ARSI, BESE)



Outline

A Deep Learning based Speech Enhancement
U Systemarchitecture
U Four important factors
V Feature types
V Model types
V Objective function
V Auxiliary input
A Assistive/oice Communication Technologies
A Summary



Outline

A Deep Learning based Speech Enhancement
U System architecture
U Four important factors
V Feature types
V Model types
V Objective function
V Auxiliary input
A Assistive/oice Communication Technologies
A Summary



Deep Learninfgased SEystem

'MMMM Clean speech

Feature extraction

Training Phase

Noisy Feature - |
speech extraction Objectivefunction

LRI eg MSE (Jnorm), Lhorm
WWM e Output

Testing Phase

Noisy Feature Waveform Enhanced
speech extraction restoration speech

The first work of Dibbased SE systerfl.u et al Interpseech?2013]




DL for Noise Reduction (Denoisingg:_

Clean speech Noise: baby Crying Noise: Siren
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DL for Dereverberation

Clean speech
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DL for Channel Compensation
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DL for Channel Compensatlon




DL for Channel Compensation

34

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

A Segmental Signdab-Noise RatidSSNR): the ratio of
processed and noisy speech computed in a segment levi

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

A Perceptual Evaluation of Speech Quality (PESQ):
evaluating the quality of processedspeech, with the
scorerangingfrom -0.5to 4.5.

A ShortTime Obijectivelntelligibility (STOI): evaluatingthe
speechntelligibility, with the scorerangingfrom O to 1.

The goal of SI8 to Improve the speech intelligibility and quality
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Deep Learnin@ased SEBystem

Clean speech

(1) Feature extraction
: Feature (3)
Noisy extraction (2) — _
speech Objectivefunction I
(4)

Auxiliary inputl
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Outline

A Deep Learning based Speech Enhancement
U Systemarchitecture
U Four important factors
V Feature types
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Input Feature Types

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

Enhanced

CNN Real Spectrogram

Noisy Real
Spectrogram

Spect ; el
pectrogram Enhanced

Imaginary Spectrogram

. Fully-conn ected
‘ Convolutional layer ‘ ‘

RI spectrograms enhanced by CNN. Redlimaginary
spectrograms are treated as differemput channels

(1) The motivation is to obtain more accurate phase information.
(2) The real and imaginary (RI) spectrograms can be considered ag R, C
B in a color image and processed by a CNN model.




Input Feature Types (CS)

ALSD, SSNR, STOI, and PESQ scores:

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=1,4=0)
SNR | LSD | SSNR | STOI | PESQ | LSD | SSNR | STOI | PESQ | LSD | SSNR | STOI | PESQ

(dB)
12 3.115 ) -0.229 | 0814 | 2334 | 3.761 2149 | 0.851 | 2643 | 3.604 | 3.042 0.886 2.741
6 3404 | -1.243 | 0.778 | 2.140 | 3.936 1.113 0817 | 2404 | 3844 | 1.975 0.850 2.525
0 3.747 | -2.802 | 0.717 1.866 || 4200 | -0.454 | 0.750 | 2.088 | 4.150 | 0.450 0.783 2.233
-6 4114 | -4.974 | 0.626 1.609 || 4521 | -2.745 | 0.645 | 1.778 | 4.491 | -1.911 0.675 1.908
-12 4.426 | -7.070 | 0.521 1.447 || 4838 | -5.604 | 0.512 | 1.539 | 4829 | -4.990 0.537 1.638

Avg 3.761 | -3.264 | 0.691] 1.879 | 4251 | -1.108 | 0.715 | 2090 | 4,183 | -0.286 0,746 2.209

(1) Logpower-spectrum(LPS) with DNN gives lowest LSD.
(2) Riwith DNN outperforms LPS with DNN in terms of PESQ and STOI.
(3) CNN outperforms DNN when using RI spectral features.
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Input Feature Types

A Waveformas the input(\Wav)iru et. AL, APSIPA, 2017]
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Local connection ifCN Spectrograms of a TIMIT utterance: (a) cleal
speech, (b) noisgpeech(c)DNN and @) FCN

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




Input Feature Types (Wave)

A Waveform versus LPS:

21

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 | 1.447 | 0429 | 1.573 | 0441 | 1453 | 0.506 | 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 withDNNachieves the highe®®ES(@core
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Input Feature Types

A Utterance waveformWW\Wave [ru etal, TASLP, 2018]

Fully Convolutional
Neural Network Clean Utterance
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Objective function:
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Enhanced Output
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>

function

M-layers . . .

One layer

Utteranceenhancement 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.
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Input Feature TypesJWave

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

Comparison of different models and input features in terms of STOI and Pl

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

12 0.874 2.718 ] 0.909 | 2.909 | 0.931 | 2.587
6 0.833 2.346 | 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 1 0.647 | 1.754 | 0.699 | 1.608
-12 0.506 1.535 ] 0.496 | 1.536 | 0.562 | 1.434
0.722 2.063 | 0.739 { 2.152 | 0.779 | 1.942

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

A Mapping vsmasking based Skwang and Chen, TASLP 20

Clean speech

Direct mapping Feature extraction

Noisy Feature
speech extraction
M g Enhanced
speech

Noisy Feature
speech extraction

o

Enhanced
speech

Pointwise multiplication
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Outline

A Deep Learning based Speech Enhancement
U Systemarchitecture
U Four important factors
V Feature types
V Model types
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Model Types
'WMM Clean speech

Feature extraction

Noisy Feature (2)
speech extraction

i

Model types:

DNN[Wang et al. NIPS 2012; Xu et al., SPL 20DAHLu et al., Interspeech
2013] RNN(LSTM]Chen et al., Interspeech 201\&eningeret al., LVA/ICA
2015] CNNFu et al., Interspeech 201,68CRNNZhao et al., ICASSP 2018CN
[Fu et al, TASLP 201BlELMHussairet al.,IEEE Access 2417

Advanced architecture:

Skip connectiofiTuand Zhang ICASSP 2QHighway[Santos and Falk, NIPS
workshop 2018]Densely connectiofzhen et al., ICASSP 201&ftention
mechanisniHaoet al., ICASSP 2019-Net architecture Pascuaet al.,
Interspeech 201]7 and Complex paramete[¥-S.Lee et al., ICASSP 2017]

Objectivefunction

Output
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Outline

A Deep Learning based Speech Enhancement
U Systemarchitecture
U Four important factors
V Feature types
V Model types
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ODbjective Function

Noise Noise
oo- * ='
A Communlcatlon 31  Communication [
> > kg :4‘

Speecherception

* Quality
* Intelligibility

Automatic speech recognition
» Recognition accuracy

'MMMM Clean speech

Feature extraction

Training Phase

Noisy Feature i |
speech extraction Objectivefunction

PURB T eg MSE (Jnorm), Lhorm
WWM (e bl Output

Meansquared error (MSEGnd L1 losses aim to minimize the
differences of enhanced and target and do not directly considgr
human perception and ASR performance.
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ODbjective Function

Noise
NSy Communication %
aaNs.
Speeclperception

« Quality
* Intelligibility
Quality:3.13
Quality: 3 Lniﬁlgg\ljblllty. 9.75
Intelligibility: 0.8 Intelligibil Qual_lty:Z_._S
Intelligibility:

'fﬁ\ Quality.. _
PESQ | Intellinihility: Quality

| ity
 f sto1 B Quality:2.5 Intelligi
===l Intelligik Quality:16

== Qualil Intelligibility
Intelligibility: 0.89

(1) STOl was designed to compute the speeishelligibility, and the
STOI score ranges from 0 to 1.

(2) PESQ was designed to evaluate thguality of processed speeclndthe
PESQ scomanges from0.5 to 4.5.
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ODbjective Function

A STObased Objectiv&unctionFu et al, TASLP 2018]

STOI Computation 20 frames
X X i,m
250 T Correlation
. One-third octave et
Removesilent| 1500 & band analysis & !
frames oo
100 Normalization and dj‘n
& STFT 50 clipping i
Average
Clean speech Wy (£) m bovgr a\lld
ands an

frames

One-third octave
band analysis &
Normalization and
clipping

250 T
|
200] |
Removesilent| .| . i
frames His {1 U
& STFT 00 Al
50F % Rl
R0 310 S AR
CARRE R ¥ .|
100 200 300

Noisy/processed #,(t)

spesch Linear and

differentiable

Training Phase lean speech

Noisy Feature
speech extraction




Objective Function (STOI)

A Experimental Results (Huméarstening Test)

'3dB '6dB
0 3.0 65
. Noisy
I Noisy |
B FCN (MSE) B FCN (MSE)
E=Eg FCN (STOI) L 58 B8 FCN (STOl)
80 4 | EEEE FCN(MSE+STOI) 60 | | EEEE FCN (MSE+STOI)
X L 26 X
x ©n X5
8 70 8 8
L 24 =
60 - 50
L 22
L 20 45 -

Intelligibility Quality Intelligibility Quality

Averagecharacter error rate (CCR) and quasitpresMOS) ohuman
subjects for (a3 dBand (B 56 dB SNR.

(1) Intelligibility: FCN (MSE+STOI)> FCN (STOI)>FCN (MSE);
(2) Quality: FCN (MSE+STOI) perform$ése.

- 3.0

- 2.8

- 2.6

- 2.4

- 2.2

~:2.0

MOS



ODbjective Function

A PES@asedObjectiveFunctionFu et al|EEE SPL 2019]

A However, when evaluation metrics are complicated and-tiogar,
such as PESQ (with more than 2700 linddatlab codes), 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 mdd#elzumi
et al,ICASSP 201Kpizumi et alTASLP 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@\artin-Donaset al, IEEE SRD18]

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 QuahlNet[Fu et al, IEEE SPL 2D19
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ODbjective Function
A PES@pasedObjectiveFunctionFu et al)EEESPL Accepte

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

Clean spectrogram True
7 PESQ score

E MSE loss
) Predicted
Quality-Net % PESQ score

V

Degraded spectrogram

Stage 2: train the SE model based on the Qualdy(input: paired clean andoisyspeech;
output: PESQ score)

Clean spectrogram

e Maximum
é-.i.é = score
- E MSE loss
' Enhancement YR ) Predicted
e | | model b LUAlE e —> PESQ score
:&: i — I """""""""""""""""""

Noisy spectrogram

Back-propagation



ODbjective FunctiogQuality:-Net)

A Subjective and objective tests

2.35

N
w

PESQ scores

N
(%)
o

2.2
0

20%

40% 60% 80% 100%

Listening tests and objective evaluation results

Quality-Net

\ N A
d‘.l .F\JJ[ \“ N f\ / \I
WY WA W
\
\ ',‘
\\UJ

k Lf\.\

\n\

L
100

200 300 400 500 600
Number of iterations

700

PESQ STOI

Noisy 1.970 0.820
Wiener filter 2.223 0.914
BLSTM (MSE) 2.529 0.935
BLSTM (Qualitiet) 2.713 0.932

35

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

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

(3) The QualiyNet has not seen the
speech generated by thapdated
enhancement model.

(4) We further propose GAN-based
approachto handle this issue.
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ODbjective Function

AGenerative Adversarial Networks (GAN) based Method:
SEGANbascuatt al., Interspeeci2017] PIX2PIXMichelsantiet al.,

Interpsech2017; Mask estimationpPandey and WandCASSP 2018gil et
al., APSIPA 2018]

Noisy Feature
speech extraction

i

Feature
extraction

oo

Clean speech

Real
or
Fake
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ODbjective Function

AMetricGANFuet al.,ICML 2019]

Noisy Feature
speech extraction

bl

Feature Metric
extraction Score
WMM (e.g. STO
i PESQ)

Clean speech



ODbjective Function

AConditional GAN (CGAN) verdlistricGANFuet al.,ICML 2019

Discriminator in CGAN (LSGAN):
0 600 e  (O(why) p) (O(OwhY ™)
wherexandy are noisy and clean speechspectively.

Discriminator in MetricGAN:
0 0Q0i Q=B IOy p) (O(Owhy O EDwhY)

0<0 EDw h) < 1 is the normalizedvaluation metric (1 represents
the highestevaluation score).

(1) ForCGAND tries to distinguishrealand enhancedsamples
(2) ForMetricGAN Dtriesto learnthe PESESTOfunction.




ODbjective Function

AConditional GAN (CGAN) verdlistricGANFuet al.,ICML 2019
Generator in CGAN (LSGAN):

0 608 Fe _(O(Owhy p) [I'd® o

wherexandy are noisy and clean speechspectively.

Generator in MetricGAN:

0 0 Q61 "Qu=®d (O(0why i)

wheresis the desired assignestore.

(1) We canspecifyanyparticularscores.
(2) With alargenumbers(e.g.,1), we geta speechenhancement model
(3) With asmallnumbers(e.g., 0), we get a speechdegradation model
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Objective FunctionMetricGAN

AMetricGAN(P) andMetricGAN(S)with related works

Performance comparisoren TIMIT oflifferent methods interms 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 PESQ | STOI PESQ | STOI

12 2.375 | 0919 2913 | 0.935 2.879 | 0.936 || 2.995 0.927 2.967 0.936 2.864 | 0.939

6 1.963 | 0.831 252 | 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) scofes.
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Objective FunctioffMetricGAN

AArbitrary target scores

STOI=0.778. PESQ=1.914

STOI=1.000. PESQ=4.500

(a) noisy input (b) clean target

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-101 We can specify a metri¢
score to increase or

decrease the speech
guality or ineligibility.

PESQ=2.250 PESQ=1.523

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

Results of assigning differestores $) for the generator training.
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Objective FunctionMetricGAN
AObijective evaluation on the Voice Bank corpora

Comparisons dfletricGANwith other stateof-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) MetricGANoutperformsCGANSEGANDr all the evaluationmetrics
(2) MetricGANachieveghe state-of-the-art resultsfor PES@nd other metrics
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Objective FunctionMetricGAN

ASubijectivdistening tests obtained from 15 listeners

(a)

MetricGAN(P) —

P mweey —

MetricGAN(P) —
(¢)

0% 10%  20%  30% 40%  50% 60% 70% 80%

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

(1) CGANloesnot giveclearlybetter listeningtest resultsthan L1 norm.
(2) MetricGANP)outperformsSEmodelstrained by CGANand L1 norms
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ODbjective Function

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

Communication m'ﬁ'.
([ 44— c

Automatic speech recognition

1

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

(1) IBM clustering
8 X k-means R
: clustering
o i I L ___________ i
| JERN ! . Action |2
DNN =" |
?'I‘ ' E E ! IBMSE update - ASR|,
| | ' L
L

(3) Action estimation (2) Targetaction determination
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ODbjective Function

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

Communication m'ﬁ'.
([ 44— c

Automatic speech recognition

1

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

(1) IBM clustering
. k-means __
clustering
. i I L ____________ i
| JERN ! . Action |2
DNN > |
?'I‘ ' E E ! IBMSE update - ASR|,
| | ' L
L

(3) Action estimation (2) Targetaction determination
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ODbjective Function

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

Communication m'ﬁ'.
([ 44— c

Automatic speech recognition

1

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

(1) IBM clustering

8 k-means
> ) —>
: clustering
| | l i
| N | Action |2~
DNN |
ﬁj‘ : I<- | BWSE e | | ASR|
I v
L] L_i ________________ |

(3) Action estimation (2) Targetaction determination
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ODbjective Function

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

Communication m'ﬁ'.
([ 44— c

Automatic speech recognition

1

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

(1) IBM clustering
8 X k-means R
: clustering
I i I L ___________ i
| JERN ! . Action |2
DNN = |
,‘.‘ ' E E ! IBMSE update - ASR|,
| | ' L
L

(3) Action estimation (2) Targetaction determination
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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 RLSFE:1 | RLSE-

5dB | 56.14 73.09 55.60 49.18
0dB | 81.40 85,79 77.20 65.75

The average STOI and PESQ of Noisy (the basBlirtsf},
andRLSEat 0 and 5 dB SNR conditions.

— STOI PESQ
Noisy RLSEi. RLSE-| Noisy RLSE: |RLSE

5dB | 0.82 0.82 0.86 || 1.85  1.67 1.96

0dB | 0.74  0.77 0.81 || 145 142 1.59

(1) The training can be done without noislean paired speech.

(2) Speech recognition accurabpsed objective functiomproves
ASR performancand objective measures (human listening).
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Outline

A Deep Learning based Speech Enhancement
U Systemarchitecture
U Four important factors
V Feature types
V Model types
V Objective function
V Auxiliary input




Auxiliary Input
AAudiovisual SEHouet al., TETCI 2018]

_______ : 6 6¢ el ¢ £pfd £ &),

Merbed layer FC Fusion I W oe gaJ(O © squ(o © sp(w)))
l FC1 Network I . L
_____ O 0 w

N "060("0&);("0(‘1'»(“0))),

Audio
Network

Visual

Network ¢ "060("06 (€oo (oO)))
where’Q p8 0h
U is the number of trainingamples.

|

Ex

Objective function:

i E“JIi & & ‘& & . where* isa mixing weight.
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Auxiliary Input (AVSE) )
AAudiovisual versus audio onfyouet al., TETCI 2018]

Experimental setup
I Single speaker (speakdependent case), 320 clean utterances (training:280, testing:4(
I Training: 91 types of interference noise at 10dB, 6dB, 2ig,-6dB SIRs
+ ambient noise (car engine noise)l@dB, 6dB, 2dB2dB,-6dB SARs
I Testing: 1Qypes of interference noise &dB 0dB -5dB SIRs
+ ambient noise (cangine noiseat 5dB 0dB -5dB SARs
*SIRs: signab-interference noise ratios, SARS: sigimahmbient noise ratios.

Spectrogram comparison

werffrequency (dB/Hz)

Frequency (kHz)
Frequency (kHz)

Po

owerlfrequency (dB/Hz)

Frequency (kHz)
Frequency (kHz)

P




Auxiliary Input (AVSE)
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AAudiovisual versus audio onfyouet al., TETCI 2018]

The PESQ scores

O R SR § T (R | E

Noise types

S ™

Testing in the realvorld conditions

r I P—

The STOI scores

0. WLogMmsE—
[ [XR
[CJAVONN
_ [CJapcan
0.65— o m s 5 s rn [Clavoenn _
g 06 —
o
o
12
5
05 - I I
045 Baby  Music Music Siren- 1" 2T a7 - 1 o 3t
crying (lyrics) (on-air) (on-air) (on-air) (room) (room) (room)

Noise types

(1) Visualnformation improves the Sk
performance

(2) The performances robust against
recordingconditions as long as Iipls

canberecordedwell.
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Assistive VoicE€ommunication

A Assistive listening
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Heaxing
Avds

FM
% ystem
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Cochlea Implant

Transmitter coil

Speech processor;
1. Microphone.
2. DSP chip.

3. Battery

4.0t her s ...
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SE for Cochlea Implant

A The tremendous progress of Cl technologies in the past three
decades has enabled many ClI users to ehigly level of speech
understandingn quiet.

A For most Cl users, however, the performance of speech
understandingn noise still remainschallenging.

uaF. Chen, Y. Hu, and M. Yuan, “Evaluation of Noi
MandarinSpeaki ng Cochl ear | mplant Li st e-hle20k,” Ear

A Deep learning based speech enhancemef8E) for ClI.
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SE for Cochlea Implant

Electric array

Transmitter_Receiver
Microphone
skin

. : Pulse
| | Bandpass Envelope detection Compression generation Electrodes
Noise reduction filter
BPF 1}>[ RECT. LPF || cowr. [—(O) > E 1
Microphone—>—| BPF 2}->[ RECT. LPF comp. —QO) > E2
BPA |—>| RECT. LPF comp. —) s En
M Doty - H|rw

L L= — L L L
RN SO e

A EENYYY ~ I

1




NCM scores

0.30

0.25 A

0.20 A

0.15 A

0.10 A

0.05 -

0.00

Percent correct (%)

Vocoder results: 1@ormalhearing subjects.

Testing Results

(a) Cocktail
L
]
-
Noisy
— -0 — logMMSE
——v— KLT
—-———-Wiener
- DDAE
Objective evaluation (NCM)
(a) Cocktail
40 -
[ Noisy
loeMMSE
KLT l
30 4 | B8 Wiener
E== DDAE

10 A

Input SNR

Intelligibility scores (%)

80
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60 A

40

20 A

[ Noisy
logMMSE
KLT

B2 NC+DDAE

o_

Test conditions

Clinical trial: 9 CI subjects.

U Y:H. Lai, F. Chen-S. Wang, X. Lu,%ag and GH. Lee, "A
Deep Denoising Autoencoder Approach to Improving the
Intelligibility of Vocoded Speech in Cochlear Implant
Simulation," IEEE Transactions on Biomediogineering.

U Y-H. Lali, YIsag X. Lu, F. Chen;T.Su, KC. Chen, *H. Chen,
L-C. Chen, M. Li, and GH. Lee, "Deep Learning based Noise
Reduction Approach to Improve Speech Intelligibility for
Cochlear ImplanRe ci pi ents,” Ear and

U National Innovation Award 2018 and 2019.
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SE for Speakirgisorder

Previous applications: hearing aids; murmur to normal speech; bene
conductive microphone to atronductive microphone.

Proposed: improving the speech intelligibility of surgical patients.

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

( rpsEvgsEmEmEsdE ) ( Fomsen )

Wh B PR RN RF IR (7 RF )



SE for Speaking Disorder

Related works:

Exemplatbased approach-------------------------- {high computational cost)
TraditionaINMF approach---------------------—---- {not wellaligned)

Proposed: joint training of source and target dictionaries:

A RA A%Q’Q(ﬁﬁ)b\é) QnRAE) _lIE|

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

Speech samples were from

[Fu et. al., TBME 2017]

0 10

20 30 40 50 60 70
number of sentences used for training
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2

SE(CGANQr Speaking Disorder

A Spectrogram analysis

(¢) NoSD model

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

(d) CycleGAN (e) CycleGAN
transformed reconstructed



Outline

A Deep Learning based Speech Enhancement
U Systemarchitecture
U Four important factors
V Feature types
V Model types
V Objective function
V Auxiliary input
A Assistive/oice Communication Technologies
A Summary



Summary

A Four Factors

Noisy Feature
speech extracti
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BIo-ASP Lab in CITI, Acadeﬁaiiaica
(P AT REMFELFTFT T ¢ )

Bio-ASP Lab

Contactyu.tsao@citi.sinica.edtw
More Information:http://bio -
asplab.citi.sinica.edu.tiv
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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