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

The examples were based on [Lee et. al., ICASSP 2018]. 
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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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Deep Learning Based SE System 
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Adaptability to new 
speaker and 

environments 

(6)

Real-world 
applications



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 0 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. 
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The goal of SE is to improve the speech intelligibility and quality. 
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[Lu et al, Interpseech 2013]



(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

• Complex 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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• LSD, SSNR, STOI, and PESQ scores:

(2) RI with 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.

• Waveform 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

16



• Waveform 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.

17



• Utterance 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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• A 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.

19

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



Output Feature Types

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

SE model Output

Feature 
extraction

Feature extraction

Noisy 
speech

Clean speech

Enhanced 
speech

Direct mapping 

SE model Output

Feature 
extraction

Point-wise multiplication

Noisy 
speech

Enhanced 
speech

Ratio 
mask

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; 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]. 

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
Hear but pay no attention; listen but not hear

24

聽聞

Intelligibility and Quality 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 

• STOI-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) −3 dB and (b) −6 dB SNR.

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

Objective Function (STOI) 

• Experimental Results (Human Listening Test)

28



• 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 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].

• We can use direction sampling [Zhang et 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].

• 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].

Objective Function 

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

29



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

30



(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
approach to handle this issue.  

Listening tests and objective evaluation results 

Objective Function (Quality-Net) 
• Subjective and objective tests

31

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



• 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]

Real
or

Fake
D

SE Output

Feature 
extraction

Feature 
extraction

Noisy 
speech

Clean speech

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

0 ≤ 𝑄′ 𝐺( ) 𝑦 < 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.

𝐿𝐷(𝐶𝐺𝐴𝑁) = Ε𝑥 𝑦[ 𝐷 𝑦  − 1  ＋ 𝐷 𝐺( )  − 0  ]

𝐿𝐷(𝑀𝑒𝑡𝑟𝑖𝑐𝐺𝐴𝑁) = Ε𝑥 𝑦[ 𝐷 𝑦 𝑦 − 1  ＋ 𝐷 𝐺( ) 𝑦 − 𝑄′ 𝐺( ) 𝑦
 
]

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

Objective Function 
34



• Conditional 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.

𝐿𝐺(𝐶𝐺𝐴𝑁) = Ε𝑥[𝜆 𝐷 𝐺( )  − 1  ]＋ 𝐺  − 𝑦  

𝐿𝐺(𝑀𝑒𝑡𝑟𝑖𝑐𝐺𝐴𝑁) = Ε𝑥[ 𝐷 𝐺( ) 𝑦 − 𝑠  ]

(1) We can specify any particular score s.
(2) With a large 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.

Generator in CGAN (LSGAN):

Objective Function 
35



• MetricGAN (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) 
36

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. 

• Arbitrary target scores  

Objective Function (MetricGAN) 
37

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



• 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.

Objective Function (MetricGAN) 

(1) MetricGAN outperforms CGAN (SEGAN) for all the evaluation metrics.
(2) MetricGAN achieves the state-of-the-art results for PESQ and other metrics.
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• Subjective 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) outperforms SE models trained by CGAN and L1 norms.

39

(1) CGAN does not give clearly better listening test results than L1 norm.



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

Noise

Communication

Automatic speech recognition

k-means
clustering

DNN 

෠B

෨Y

෡G

ASR

(1) IBM clustering

(3) Action estimation (2) Target action determination

Action 
update

IBM-SE

Objective Function 

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

Noise

Communication

Automatic speech recognition

DNN ෨Y ASR

(1) IBM clustering

(3) Action estimation (2) Target action determination

Action 
update

IBM-SE

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

k-means
clustering෠B ෡G

Objective Function 
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Action 
update

IBM-SE

• Reinforcement 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෠B ෡G

ASR

(1) IBM clustering

(3) Action estimation (2) Target action determination

Action 
update

IBM-SE

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

DNN ෨Y

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

Objective Function 
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• Results 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 RLSE2 at 0 and 5 dB SNR conditions. 

The average STOI and PESQ of Noisy (the baseline), RLSE1, 
and RLSE2 at 0 and 5 dB SNR conditions. 
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• Audio-visual SE [Hou et al., TETCI 2018]

Conva1 Convv1

Conva2

Poola1

FC2Merged layer
FC1

FCa3 FCv3

Convv2

Convv3

መ𝑍X

ZY

Audio 
Network

Visual 
Network

Fusion 
Network

𝐴 = 𝐶𝑜𝑛𝑣𝑎2 𝑃𝑜𝑜𝑙𝑎1 𝐶𝑜𝑛𝑣𝑎1 𝑋 ,

𝑉 = 𝐶𝑜𝑛𝑣𝑣3 𝐶𝑜𝑛𝑣𝑣2 𝐶𝑜𝑛𝑣𝑣1 መ𝑍 ,

𝑌 = 𝐹𝐶𝑎3 𝐹𝐶2 𝐹𝐶1 𝐹 ,

𝑍 = 𝐹𝐶𝑣3 𝐹𝐶2 𝐹𝐶1 𝐹 ,

where 𝑖 = 1 …𝐾 
𝐾 is the number of training samples.

𝐹 = [𝐴 
′ 𝑉 

′]′,

Objective function:

min(
1

𝐾
෍

 = 

𝐾

𝑌 − ෠𝑌  

 
+ 𝜇 𝑍 − መ𝑍  

 
) , where 𝜇 is a mixing weight.

Auxiliary Input 
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• 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 

Clean

Noisy@0dB(baby crying)

A-CNN

AV-CNN

Auxiliary Input (AVSE) 
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• Audio-visual versus audio only [Hou et 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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• Weight sharing (WS) based on K-means
– Clustering weights into 𝒄 clusters with K-means algorithm.

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

16× 32-bit 4× 32-bit 16× 2-bit=(512) bits =(160) bits+

2
2

Model Compression 
52



Cluster: 64, 32, 16, 8, 4, 2; 
cluster = 0 is original model.

cluster PESQ STOI

0 1.85385 0.70231

64C 1.8063 0.6941

32C 1.7967 0.6927

16C 1.8088 0.6896

8C 1.7606 0.6786

4C 1.5852 0.6269

2C 1.4558 0.5568

Noisy 1.63713 0.66977

1.4
1.45

1.5
1.55

1.6
1.65

1.7
1.75

1.8
1.85

1.9

0 64C 32C 16C 8C 4C 2C

ST
O

I

cluster

Quality

0.53
0.555

0.58
0.605

0.63
0.655

0.68
0.705

0.73

0 64C 32C 16C 8C 4C 2C
ST

O
I

cluster

Intelligibility

(1) Performance does not change much when the  cluster number 
increases from 0 to 16.

(2) However, the performance drops significantly when K> 16.

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

Model Compression (WS-SE) 
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𝑀𝑐 =
σ𝑛 𝑤 𝑘𝑛𝑤
𝑁 × 

Model Compression 
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𝑁: 𝑓𝑖𝑙𝑡𝑒𝑟 𝑛𝑢𝑚 𝑒𝑟
 :𝑤𝑒𝑖𝑔ℎ𝑡 𝑛𝑢𝑚 𝑒𝑟

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

⚫ Three steps in CPO:
(1) For a specified channel c in a conv layer, the mean value 

of all absolute filter weights at that channel is computed:

(2) Compute the 𝒔𝒑𝒂𝒓𝒔𝒊𝒕𝒚 of the n-th filter:

𝑆 𝑛 =
σ𝑤𝜎 𝑘𝑤

𝑊
,      𝜎  = ቊ

1 𝑖𝑓  < 𝑀𝑐

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

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

𝑀𝑐 =
σ𝑛 𝑤 𝑘𝑛𝑤
𝑁 × 

Model Compression 
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𝑁: 𝑓𝑖𝑙𝑡𝑒𝑟 𝑛𝑢𝑚 𝑒𝑟
 :𝑤𝑒𝑖𝑔ℎ𝑡 𝑛𝑢𝑚 𝑒𝑟

Model Compression 

• CPO for SE model [Wu et al., IEEE SPL 2019]
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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

A notable performance drop when Threshold <0.65.

Model Compression (CPO-SE) 

• The results of CPO 
A Threshold Θ is specified 
If 𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 > Θ, the filter will be removed
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• We first define the expected performance loss ratio

• Gradually reducing the Threshold

• Gradually decreasing the number of clusters 
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(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%.

(C = 16)

(removal ratio = 20%)

(=0.95)

Model Compression (CPO+WS SE) 
• The results of CPO+WS 
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Outline
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Speaker Adaptability 

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

Denoiser Output

Objective function
Feature 

extraction

Feature extraction

Denoiser Output

Waveform 
restoration

Feature 
extraction

eg. MSE (L2norm), L1norm

Training Phase

Testing Phase

Noisy 
speech

Clean speech

Noisy 
speech

Enhanced 
speech

SprEmbed

SprEmbed

Speaker-aware deep denoising autoencoder (SaDAE)



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

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

three noisy environments.

SaDAE outperforms conventional DDAE for both PESQ and STOI.

Speaker Adaptability (SaDAE) 

• The results of SaDAE



𝜃𝐺 ← 𝜃𝐺 − ϵ
𝜕𝑉𝑦

𝜕𝜃𝐺
𝜃𝐸 ← 𝜃𝐸 − ϵ
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𝜃𝐷 ← 𝜃𝐷 − ϵ
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Min reconstruction 
error

Max domain 
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Min reconstruction error 

+𝛼
𝜕𝑉𝑧
𝜕𝜃𝐸

and Min domain accuracy

Environment Adaptability

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

2019]



• Adapting to new noise type (Baby cry)
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Different amount of target domain data for adaptation

(1) DAT achieves good unsupervised adaptation performance 
(without paired noisy-clean adaptation data).

(2) More adaptation data gives higher scores.

Environment Adaptability (NADAT)



• Adapting to new noise type (Cafeteria)

Different amount of target domain data for adaptation

(1) DAT achieves good unsupervised adaptation performance 
(without paired noisy-clean adaptation data).

(2) More adaptation data gives higher scores.

Environment Adaptability (NADAT)
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Outline

• Deep Learning based Speech Enhancement
➢ System architecture
➢ Five factors need to consider  
✓ Feature types
✓Model types
✓Objective function  
✓ Auxiliary input 
✓Model compression
✓ Increasing adaptability  

• Assistive Voice Communication Technologies
Conclusion 
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Assistive Voice Communication
• Assistive listening

• Assistive speaking  
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Transmitter coil

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

Cochlear Implant 
68



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

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

• Deep learning based speech enhancement (SE) for CI. 

➢ 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.

SE for Cochlear Implant 
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SE for Cochlear Implant 
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Input SNR
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Clinical trial: 9 CI subjects.

Vocoder results: 10 normal hearing 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 Speech in 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 Implant Recipients,” Ear and Hearing.

➢ National 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) 
Traditional NMF approach ----------------------------- (not well-aligned)  

𝐀𝑗 𝐁𝑗= arg𝑚𝑖𝑛
𝐀𝑗  𝐁𝑗

𝑑 𝐗 𝐀𝑗𝐇 + 𝑑 𝐗 𝐁𝑗𝐇 + 𝜆 𝐇  
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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

• Spectrogram analysis 

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

• Deep Learning based Speech Enhancement
➢ System architecture
➢ Six factors need to consider  
✓ Feature types
✓Model types
✓Objective function  
✓ Auxiliary input 
✓Model compression
✓ Increasing adaptability  

• Assistive Voice Communication Technologies
• Summary
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Summary 
• Six Factors 

• Assistive Voice Communication Technologies
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Bio-ASP Lab in CITI, Academia Sinica
(中央研究院資訊科技創新研究中心) 

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
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