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Algorithm Description (Overview)

Weighted
binaural

beamformer

DNN-based
post-filter
(optional)

Hearing loss
compensation

reduce late
reverberation and
interferer
preserve target
speaker

reduce interferer
residuals
preserve target
speaker
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Motivation and Goal of wBLCMP Beamformer

MPDR
Minimizing output power
Preserve target (distortionless constraint)
� Target RTF required
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Motivation and Goal of wBLCMP Beamformer

wMPDR1

Minimizing output power
Preserve target (distortionless constraint)
� Target RTF required

Dereverberation
� Multi-frame approach
� Iterative reweighted optimization (weights �)

1Nakatani and Kinoshita 2019.
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Motivation and Goal of wBLCMP Beamformer

wLCMP2

Minimizing output power
Preserve target (distortionless constraint)
� Target RTF required

Dereverberation
� Multi-frame approach
� Iterative reweighted optimization (weights �)

Suppressing interferer with factor � (2nd constraint)
� Interferer RTF required

2Aroudi et al. 2020.
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Motivation and Goal of wBLCMP Beamformer

wLCMP + ADD-ONs3

Minimizing output power
Preserve target (distortionless constraint)
� Target RTF required

Dereverberation
� Multi-frame approach
� Iterative reweighted optimization (weights �)

Suppressing interferer with factor � (2nd constraint)
� Interferer RTF required

Controlling the sparsity using shape parameter p
Recursive algorithm with smoothing constant 

Binaural output

3Gode, Tammen, and Doclo 2021; Jukić et al. 2015.
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Weighted Binaural LCMP Beamformer

Optimization Goal
Minimizing a sparse version of the output power (‘p-norm)
� Shape parameter p controls the sparsity

C ( �wm;t ) =
tX

n=1


t�njzm;njp =
tX

n=1


t�n���wH
m;t �yt

��p

Linear constraints using RTFs

� Combined constraint formulation �wH
m;t

~C !
=

�
1
�

�

smoothing factor 
, shape parameter p

, target RTF ~am , interferer RTF ~bm , RTF matrix ~Cm =
�
~am ~bm

�
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Weighted Binaural LCMP Beamformer Using IRLS

Iterative solution
Reweighted cost function of `2-norm subproblem

C
�

�wm;t;i
�

=
tX

n= 1


 t � n� n;i
�
�zm;n;i

�
�2

1 Filter update: �wm;t;i = �R� 1
y;t;i

~Cm

h
~CH

m
�R� 1

y;t ;i
~Cm

i � 1
�
1
�

�

� Using weighted covariance matrix �Ry;t;i =
P t

n= 1 
 t � n� n;i �yn �yH
n

2 Weight update: � n;i+ 1 = 1

jzm;n; i j
2� p = 1�

�
� �wH

m;n; i
�yn

�
�
�
2� p

weights � n; i , smoothing factor 
 , shape parameter p
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Practical Implementation of Weighted Binaural LCMP Beamformer

Estimating RTFs and weighted covariance matrix
� Interferer RTF estimated within �rst 2 s
� Target RTF estimated and updated from 2 s on using covariance

whitening

Algorithm and framework parameters

� Frame length: 5 ms
� Frame shift: 2:5 ms
� Interferer suppression: � = 0:1
� Smoothing constant: 
 = 1
� Shape parameter: p = 0:5
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Deep Binaural MFMVDR Filter: Motivation

MVDR multi-frame MVDR

multi-microphone, single-
frame

single-microphone, multi-
frame

utilized correlations spatial temporal
speech component xf ;t = Sf ;tvf ;t xf ;t = Sf ;t 
 f ;t

vf ;t : signal-independent,
easier to estimate


 f ;t : signal-dependent,
more dif�cult to estimate

optimization goal minimize undesired
power while preserving
spatial speech correla-
tions vf ;t

minimize undesired
power while preserv-
ing temporal speech
correlations 
 f ;t

binaural extension preserve speech correlations at left and right ear
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Deep Binaural MFMVDR Filter

Optimization Goal
minimize undesired power spectral density while

preserving left and right correlated speech components :

wBMFMVDR f l;rg = argmin
wf l ; rg

wf l ;rgH
� f l ;rg

n wf l ;rg

; s:t : wf l ;rgH

 f l ;rg

x = 1

=
� f l ;rg� 1

u 
 f l ;rg
x


 f l ;rgH

x � f l ;rg� 1

u 
 f l ;rg
x

� f l ;rg
u , 
 f l ;rg

x estimated using DNNs

� binaural extension of Tammen and Doclo 2021
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Deep Binaural MFMVDR Filter: Block Diagram
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Deep Binaural MFMVDR Filter: Block Diagram

covariance matrices b� y and b� f l ;rg
u

DNN inputs: concatenated (binaural) STFT log magnitude & cosof phase

DNN is trained using speech enhancement loss
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Deep Binaural MFMVDR Filter: Block Diagram

a-priori SNR b� f l ;rg

DNN inputs: logarithm of noisy STFT magnitudes

DNN is trained using speech enhancement loss
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Deep Binaural MFMVDR Filter: Block Diagram

speech inter-frame correlation (IFC) vector b
 f l ;rg
x

b
 f l ;rg
x =

1 + b� f l ;rg

b� f l ;rg

b� yef l ;rg

ef l ;rg> b� yef l ;rg
�

1
b� f l ;rg

b� f l ;rg
u ef l ;rg

ef l ;rg> b� f l ;rg
u ef l ;rg
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Deep Binaural MFMVDR Filter: Block Diagram

deep binaural MFMVDR �lter

wBMFMVDR f l;rg =
b� f l ;rg� 1

u b
 f l ;rg
x

b
 f l ;rgH

x
b� f l ;rg� 1

u b
 f l ;rg
x
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Deep Binaural MFMVDR Filter: Block Diagram

�lter

z =
�

Z l

Z r

�
=

"
wBMFMVDR f lgH

y
wBMFMVDR f rgH

y

#
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Deep Binaural MFMVDR Filter: Settings

same STFT parameters as wBLCMP

�lter length N = 4 ! 12.5 ms context
DNN architecture:

� causal temporal convolutional network4

� receptive �eld size of 2.56 s > 2 s
� 2 stacks of 8 layers, kernel size 3 ! 3.02 M parameters

DNN training:

� of�cial Clarity-2021 training data
� scale-invariant signal-to-distortion-ratio loss function
� AdamW optimizer, learning rate 10� 3, 67 epochs, batch size 4

4Bai, Kolter, and Koltun 2018.
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Hearing Loss Compensation

1 submission E016:
“half-gain rule (HGR)”: simple hearing loss (HL)-dependent
broadband gain , i.e., HGR = 1

6 (HL500 Hz + HL1000 Hz + HL2000 Hz)

2 submissions E019, E021:
baseline multi-band dynamic range compressor (DRC):
frequency- and HL-dependent gain , compressive Cam�t
prescription rule5

5Moore et al. 1999.
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Algorithms Summary

E016 E019 E021

beamformer X X X
deep post-�lter � � X

HL compensation broadband gain baseline DRC
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Experimental Results – Objective Evaluation

all submitted systems outperform
baseline system

insigni�cant differences between
submitted algorithms

E016 E019 E021

beamformer X X X
deep post-�lter � � X

HL compensation broadband gain baseline DRC

Figure: hearing loss-dependent
MBSTOI results, development
dataset
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Experimental Results – Subjective Evaluation

all submitted systems
outperform baseline system

drastic drop in correctness
for system E021 in some
interfering speaker
scenarios

E019 E021

beamformer X X
deep post-�lter � X

HL compensation baseline DRC Figure: listening test results,
evaluation dataset
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Experimental Results – Subjective Evaluation

Figure: listening test results per listener, evaluation dataset
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