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Proposed method

• Propose a denoising and dereverberation hierarchical 
neural vocoder (DNR-HiNet): convert noisy and 
reverberant acoustic features into a clean speech 
waveform;

• Denoising and dereverberation amplitude spectrum 
predictor (DNR-ASP)

• Phase spectrum predictor (PSP)



Overview of DNR-ASP

• Overview of DNR-ASP:
Øpredict clean log amplitude spectra (LAS) from input 

noisy and reverberant acoustic features
Generate noise and reverberation token

Predict reverberation information

Predict noise information

Generate noisy and reverberant LAS

Input noisy and reverberant
 acoustic features Initial denoising and dereverberation by operation

(step 1)

Further denoising and dereverberation
by trainable neural networks (step 2)

Output clean LAS



Comparsion between DNR vocoder and SE method

• The difference between denoising and dereverberation 
vocoder and SE methods:

Model

Noisy and reverberant acoustic features

clean speech waveform

Model

Noisy and reverberant speech waveform 
or more detailed representations

clean speech waveform

Difficulty

   >

Vocoder SE



Experimental results

• The DNR-HiNet vocoder achieved better performance 
than the original HiNet vocoder and a few other 
vocoders

• The DNR-HiNet vocoder achieved competitive 
performace with several advanced speech enhancement 
(SE) methods.
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Review of HiNet vocoder
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Review of HiNet vocoder
Implement DNR-HiNet mainly by modifying the ASP in the original HiNet vocoder:
Design denoising and dereverberation ASP (DNR-ASP)



Theory

• Overview of DNR-ASP:
Øpredict clean log amplitude spectra (LAS) from input 

noisy and reverberant acoustic features
Generate noise and reverberation token

Predict reverberation information

Predict noise information

Generate noisy and reverberant LAS

Input noisy and reverberant
 acoustic features Initial denoising and dereverberation by operation

(step 1)

Further denoising and dereverberation
by trainable neural networks (step 2)

Output clean LAS



Theory
• DNR-ASP->Channel encoder:
ØAim: Distinguish different types of noise and reverberation 

and generalize with unseen types in the test set
ØInput: Noisy and reverberant Mel spectrogram
ØOutput: Noise and reverberation token



Theory
• DNR-ASP->Conditional features to LAS converter:
ØAim: Predict noisy and reverberant LAS for initial denosing 

and dereverberation
ØInput: Noisy and reverberant acoustic features + token
ØOutput: noisy and reverberant LAS
ØLoss function: MSE



Theory
• DNR-ASP->Noise encoder:
ØAim: Predict noise-related information for initial denosing 

and dereverberation
ØInput: Noisy and reverberant acoustic features + token
ØOutput: noise LAS and the weight of noise amplitude spectra
ØLoss function: MSE



Theory
• DNR-ASP->Reverberation encoder:
ØAim: Predict reverberation-related information for initial 

denosing and dereverberation
ØInput: Noisy and reverberant acoustic features + token
ØOutput: Room impulse response (RIR)
ØLoss function: CORR loss and STFT loss



Theory
• DNR-ASP->Initial denoising-dereverberation operation:
ØAim: Initially remove the noise and reverberation from the 

noisy and reverberant LAS by operation
ØInput: Noisy and reverberant LAS, noise LAS, weigth of noise 

amplitude spectra and RIR
ØOutput: Initial denoised and dereverberated LAS
ØLoss function: MSE loss



Theory
• DNR-ASP->Post-denoising-dereverberation module:
ØAim: Further remove the noise and reverberation from the 

initial denoised and dereverberated LAS by trainable neural 
networks
ØInput: Initial denoised and dereverberated LAS
ØOutput: clean LAS
ØLoss function: MSE loss



Theory
• DNR-ASP->Add two additional models:
ØBandwidth extension (BWE) model
ØFrequecy resolution extension (FRE) model



Theory
• PSP
ØTraining: Using natural clean F0 and LAS as input, using 

natural waveform as output

ØGeneration: Using natural noisy and reverberant F0 and 
clean LAS predicted by DNR-ASP as input



Experiments
• Data and feature configuration:

ØTraining/Validation set: 28 speakers, 11012/560 utterances, 
10 noise types and 4 SNRs, 5 reverberation RIR types

ØTest set: (unseen) 2 speakers, 824 utterances, 5 noise types 
and 4 SNRs, 3 reverberation RIR types

ØAcoustic features: 80-dim Mel spectrogram, 1-dim F0, 1-dim 
voiced/unvoiced flag



Experiments
• Experimental models--Vocoders
ØBaseline-NSF
ØBaseline-NSF': low-bound model
ØBaseline-HiNet
ØBaseline-HiNet': low-bound models
ØDNR-HiNet
ØDNR-HiNet w/ BF: add the BWE and FRE models

• Experimental models--SE methods
ØcIRM
ØSEGAN
ØWaveNet
ØT-GSA
ØDNR-HiNet* w/ BF: using natural noisy and reverberant 

phase spectra



Experiments
• Objective results
ØComparsion among neural vocoders

speech 
intelligibility

MOS on
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distortion 
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overall
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Experiments
• Objective results
ØComparsion with SE methods
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Experiments
• Objective results
ØResults of different systems under different SNR and RIR 

conditions of test set



Experiments
• Subjective results
ØSuppression score: Higher score represents better noise and 

reverberation suppression
ØMUSHRA score: Higher score represents better speech quality

Comparsion among 
neural vocoders

Comparsion with 
SE methods



Problems and future works

• The DNR-ASP model is huge --> Model simplification

• The role of each module needs to be studied --> 
Ablation test



Demos

• http://home.ustc.edu.cn/~ay8067/DNR/demo.html
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