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Deep LearningBased SESystem 

SE model Output

Objective function
Feature 

extraction

Feature extraction

SE model Output

Waveform 
restoration

Feature 
extraction

eg. MSE (L2norm), L1norm

Training Phase

Testing Phase

The first work of DL-based SE system: [Lu et al, Interpseech2013]. 

Noisy 
speech

Clean speech

Noisy 
speech

Enhanced 
speech
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DL for Noise Reduction (Denoising)  
Clean speech Noise: baby Crying Noise: Siren

Baby
Crying

Original Noisy MMSE (Trandtional-1) KLT (Trandtional-2) DDAE

Siren Original Noisy MMSE (Trandtional-1) KLT (Trandtional-2) DDAE
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Clean speech

0.4s
Reverberation

Original Noisy DDAE(overall) DDAE(0.3s) IDEL

1.0s
Reverberation

Original Noisy DDAE(overall) DDAE(0.6s) IDEL

1.0s
Reverberation

Original Noisy DDAE(overall) DDAE(0.9s) IDEL

DL for De-reverberation  
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DL for Channel Compensation  
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DL for Channel Compensation  
11



DL for Channel Compensation  

Bone 1 B_1->MSI Ref MSI

Bone 2 B_2->MSI Ref MSI
34

The examples were based on [Liu et. al., Speech Comm. 2018]. 
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Evaluation Metrics

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

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

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

ÅShort-Time ObjectiveIntelligibility (STOI): evaluatingthe
speechintelligibility,with the scorerangingfrom 0 to 1.

13

The goal of SEis to improve the speech intelligibility and quality. 
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[Lu et al, Interpseech2013]



(2) The real and imaginary (RI) spectrograms can be considered as R, G, 
B in a color image and processed by a CNN model.

Input Feature Types

ÅComplex spectrogram (CS) [Fu et. al., in MLSP, 2017] 

(1) The motivation is to obtain more accurate phase information.

RI spectrograms enhanced by CNN. Real and imaginary 
spectrograms are treated as different input channels.
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ÅLSD, SSNR, STOI, and PESQ scores:

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

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

Input Feature Types (CS)

Performance comparisons of different models and input features in terms of 
LSD (log spectral distortion), SSNR, STOI, and PESQ.
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(2) We observe that fully convolutional network (FCN) architecture 
is more suitable than fully connected neural networks. 

(1) Using waveform can address the issue of phase estimation.

ÅWaveform as the input (Wav) [Fu et. Al., APSIPA, 2017]

Local connection in FCN Spectrograms of a TIMIT utterance: (a) clean 
speech, (b) noisy speech, (c) DNN, and (d) FCN

Input Feature Types

20



ÅWaveform versus LPS:

Input Feature Types (Wave)

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

Comparison of different models and input features in terms of STOI, and PESQ.
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ÅUtterance waveform (UWave) [Fu et. al., TASLP, 2018]

Input Feature Types

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.  
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ÅA comparison of utterance-based and frame-
based waveform as the inputs

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

Frame-based    

Input Feature Types (UWave)

(1) Utterance-based waveform outperforms frame-based counterpart.

23

(2) Utterance-based waveform combines better with STOI (correlation).



Output Feature Types

ÅMapping vs. masking based SE : [Wang and  Chen, TASLP 2018]

SE model Output

Feature 
extraction
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Noisy 
speech
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Direct mapping 

SE model Output

Feature 
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Ratio masking 
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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; Weningeret 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 [Tuand Zhang ICASSP 2017], Highway [Santos and Falk, NIPS 
workshop 2018], Densely connection [Zhen et al., ICASSP 2019], Attention 
mechanism [Haoet al., ICASSP 2019],  U-Net architecture [Pascualet al., 
Interspeech 2017], and Complex parameters [Y.-S. Lee et al., ICASSP 2017]. 

SE model Output

Objective function
Feature 

extraction

Feature extraction

Noisy 
speech

Clean speech

(2)

Model Types
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大學曰：心不在焉，聽而不聞

28

聽聞

聞 (intelligibility) and 聽 (perception) are different 



Objective Function 
Noise

Communication

Speech perception
• Quality
• Intelligibility

Noise

Communication

Automatic speech recognition
• Recognition accuracy      

SE Output

Objective function
Feature 

extraction

Feature extraction

eg. MSE (L2norm), L1norm

Training Phase

Noisy 
speech

Clean speech

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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Noise

Communication

Speech perception
• Quality 
• Intelligibility

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

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

PESQ
STOI

Quality:3
Intelligibility: 0.72

Quality:3
Intelligibility: 0.72
Quality:2.5
Intelligibility: 0.72

Quality:3.13
Intelligibility: 0.75

Quality:2.8
Intelligibility: 0.72

Quality:31
Intelligibility: 0.72

Quality:4.1
Intelligibility: 0.89

Quality:16
Intelligibility: 0.72

Objective Function 

Quality: 3
Intelligibility: 0.8
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Objective Function 

ÅSTOI-based Objective Function[Fu et al, TASLP 2018]
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Average character error rate (CCR) and quality scores (MOS) of human 
subjects for (a) ҍ3 dB and (b) ҍ6 dB SNR.

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

Objective Function (STOI) 

ÅExperimental Results (Human Listening Test)
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ÅHowever, when evaluation metrics are complicated and non-linear, 
such as PESQ (with more than 2700 lines in Matlabcodes), it is 
difficult to directly derive an objective function using PESQ.

ÅWe can apply reinforcement learning (RL), where the PESQ score is 
used to form the reward function, to optimize the SE model [Koizumi

et al, ICASSP 2017; Koizumi et al, TASLP 2018].

ÅWe can use direction sampling [Zhang et al., ICASSP 2018].

ÅWe can approximate the PESQ function and make it differentiable to 
update the SE model [Martin-Donaset al, IEEE SPL 2018].

ÅRecently, 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].

Objective Function 

ÅPESQ-based Objective Function[Fu et al, IEEE SPL 2019]
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Stage 1: train a Quality-Net (input: paired clean and noisy speech; output: PESQ score)

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

Objective Function
ÅPESQ-based Objective Function[Fu et al,IEEESPL Accepted]
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(2) When we train the system more 
iterations, the true PESQ scores start 
to decrease.

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

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

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

Listening tests and objective evaluation results 

Objective Function(Quality-Net)
ÅSubjective and objective tests

35

PESQ STOI
Noisy 1.970 0.820

Wiener filter 2.223 0.914
BLSTM (MSE) 2.529 0.935

BLSTM (Quality-Net) 2.713 0.932



ÅGenerative Adversarial Networks (GAN) based Methods: 
SEGAN [Pascualet al., Interspeech 2017]; Pix2Pix [Michelsantiet al., 

Interpsech2017]; Mask estimation [Pandey and Wang, ICASSP 2018; Neil et 
al., APSIPA 2018]

Real
or

Fake
D

SE Output

Feature 
extraction

Feature 
extraction

Noisy 
speech

Clean speech

Objective Function 
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ÅMetricGAN[Fu et al., ICML 2019]

Objective Function 

Metric 
Score

(e.g. STOI
PESQ)

D

SE Output

Feature 
extraction

Feature 
extraction

Noisy 
speech

Clean speech 104
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ÅConditional GAN (CGAN) versus MetricGAN[Fu et al., ICML 2019]

0 ≤ὗᴂὋὼȟώ < 1 is the normalized evaluation metric (1 represents 
the highest evaluation score).

Discriminator in CGAN (LSGAN):

Discriminator in MetricGAN:

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

ὒ ὅὋὃὔ= ɞȟ Ὀώȟὼ ρ ὈὋὼȟὼ π

ὒ ὓὩὸὶὭὧὋὃὔ= ɞȟ Ὀώȟώ ρ ὈὋὼȟώ ὗᴂὋὼȟώ

(1) ForCGAN,D tries to distinguishrealandenhancedsamples.
(2) ForMetricGAN, D tries to learnthe PESQ\STOIfunction.

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

Generator in MetricGAN:

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

where s is the desired assigned score.

ὒ ὅὋὃὔ= ɞ ‗ὈὋὼȟὼ ρ Ὃὼ ώ

ὒ ὓὩὸὶὭὧὋὃὔ= ɞ ὈὋὼȟώ ί

(1) Wecanspecifyanyparticularscores.
(2) With a largenumbers (e.g.,1), we get a speechenhancement model.
(3) With a smallnumbers (e.g., 0), we get a speechdegradation model.

Generator in CGAN (LSGAN):

Objective Function 
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ÅMetricGAN(P) and MetricGAN(S)with related works 

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

(P: PESQ) (S: STOI)

Objective Function (MetricGAN) 
40

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

(3) MetricGAN(S) achieves the best STOI (intelligibility) scores. 



Results of assigning different scores (s) for the generator training. 

ÅArbitrary target scores  

Objective Function (MetricGAN) 
41

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



ÅObjective evaluation on the Voice Bank corpora

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

Objective Function (MetricGAN) 

(1) MetricGANoutperformsCGAN(SEGAN)for all the evaluationmetrics.
(2) MetricGANachievesthe state-of-the-art resultsfor PESQandother metrics.

42



ÅSubjective listening tests obtained from 15 listeners 

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

Objective Function (MetricGAN) 

(2) MetricGAN(P)outperformsSEmodelstrainedby CGANandL1 norms.

43

(1) CGANdoesnot giveclearlybetter listeningtest resultsthan L1 norm.



ÅReinforcement learning (RL) with ASR-based rewards [Shen 
et al., ICASSP 2018]

Noise

Communication

Automatic speech recognition

k-means
clustering

DNN 

.

¸

D

ASR

(1) IBM clustering

(3) Action estimation (2) Target action determination

Action 
update

IBM-SE

Objective Function 

ÅProblem: complex correlation of acoustic features and recognition results
ÅProposed solution: reinforcement learning based speech enhancement system
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ÅReinforcement learning (RL) with ASR-based rewards [Shen 
et al., ICASSP 2018]
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(1) IBM clustering
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Action 
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ÅProblem: complex correlation of acoustic features and recognition results
ÅProposed solution: reinforcement learning based speech enhancement system

k-means
clustering. D

Objective Function 
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Action 
update

IBM-SE

ÅReinforcement learning (RL) with ASR-based rewards [Shen 
et al., ICASSP 2018]

Objective Function 
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Noise

Communication

Automatic speech recognition

k-means
clustering. D

ASR

(1) IBM clustering

(3) Action estimation (2) Target action determination

Action 
update

IBM-SE

ÅProblem: complex correlation of acoustic features and recognition results
ÅProposed solution: reinforcement learning based speech enhancement system

DNN ¸

ÅReinforcement learning (RL) with ASR-based rewards [Shen 
et al., ICASSP 2018]

Objective Function 
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ÅResults on ASR and STOI and PESQ

(1) The training can be done without noisy-clean paired speech. 
. Speech recognition accuracy-based objective functionimpropeech

recognition and objective measures (human listening). 
(2) Speech recognition accuracy-based objective function improves 

ASR performance and objective measures (human listening). 

Objective Function (RLSE) 

The average CERs of Noisy (the baseline), 1nnSE, RLSE1, 
and RLSE2at 0 and 5 dB SNR conditions. 

The average STOI and PESQ of Noisy (the baseline), RLSE1, 
and RLSE2at 0 and 5 dB SNR conditions. 
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ÅAudio-visual SE [Houet al., TETCI 2018]

Conva1 Convv1
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Poola1

FC2Merged layer
FC1

FCa3 FCv3

Convv2

Convv3

ὤX

ZY

Audio 
Network

Visual 
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Network

ὃ ὅέὲὺςὖέέὰρὅέὲὺρὢ ,

ὠ ὅέὲὺσὅέὲὺςὅέὲὺρὤ ,

ὣ ὊὅσὊὅςὊὅρὊ ,

ὤ ὊὅσὊὅςὊὅρὊ ,

whereὭ ρȣὑȟ
ὑis the number of training samples.

Ὂ ὃ ὠ ,

Objective function:

ÍÉÎ
ρ

ὑ
ὣ ὣ ‘ὤ ὤ , where ‘is a mixing weight.

Auxiliary Input 
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ÅAudio-visual versus audio only [Houet al., TETCI 2018]

Experimental setup
ï Single speaker (speaker-dependent case), 320 clean utterances (training:280, testing:40)

ï 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

ï 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 

Clean

Noisy@0dB(baby crying)

A-CNN

AV-CNN

Auxiliary Input (AVSE) 
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ÅAudio-visual versus audio only [Houet al., TETCI 2018]

The PESQ scores 

Auxiliary Input (AVSE) 

Testing in the real-world conditions

The STOI scores 

(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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Assistive Voice Communication
Å Assistive listening

Å Assistive speaking  
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Transmitter coil

Speech processor:
1. Microphone.
2. DSP chip.
3. Battery
4. Others…

Cochlea Implant 
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ÅThe tremendous progress of CI technologies in the past three 
decades has enabled many CI users to enjoy high level of speech 
understanding in quiet.

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

ÅDeep learning based speech enhancement(SE) for CI. 

üF. 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.

SE for Cochlea Implant 
56
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SE for Cochlea Implant 
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Input SNR

-12 dB -9 dB -6 dB -3 dB 0 dB 3 dB 6 dB 9 dB 12 dB

N
C

M
 s

c
o

re
s

0.00

0.05

0.10

0.15

0.20

0.25

0.30

Noisy

logMMSE

KLT

Wiener

DDAE

Input SNR

-12 dB -9 dB -6 dB -3 dB 0 dB 3 dB 6 dB 9 dB 12 dB

N
C

M
 s

c
o

re
s

0.00

0.05

0.10

0.15

0.20

0.25

0.30

Noisy

logMMSE

KLT

Wiener

DDAE

(a) Cocktail

(b) 2T
Objective evaluation (NCM)

Test conditions

2T_0dB 2T_5dB CJ_0dB CJ_5dB

In
te

lli
g
ib

ili
ty

 s
co

re
s 

(%
)

0

20

40

60

80

Noisy

logMMSE

KLT

NC+DDAE

Clinical trial: 9 CI subjects.

Vocoder results: 10normalhearing subjects.

ü 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 Speech in Cochlear Implant 
Simulation," IEEE Transactions on Biomedical Engineering.

üY.-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 Implant Recipients,” Ear and Hearing.

üNational Innovation Award 2018 and 2019. 

Testing Results 
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SE for Speaking Disorder

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

摘自自由時報

Proposed: improving the speech intelligibility of surgical patients.

臺北榮民總醫院 (口腔醫學部)

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

Proposed: joint training of source and target dictionaries: 

Related works: 

Exemplar-based approach -----------------------------(high computational cost) 
TraditionalNMF approach -----------------------------(not well-aligned)  

ἋȟἌ ÁÒÇάὭὲ
ἋȟἌ
ὨἦȟἋἒ ὨἦȟἌἒ ‗ἒ
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Original:

After Conversion:

衛生紙給我 遙控器在哪裡
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SE(CGAN)for Speaking Disorder

ÅSpectrogram analysis 

Speech samples were 
from [Chen et. al., 
Interspeech 2019]
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Summary 
Å Four Factors 

Å Assistive Voice Communication Technologies

64
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