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1 CGMM-MVDR Beamforming
• initial reduction of interference
• makes use of all available channels
• makes use of prior information on position and start of speech

2 Neural network post-enhancement
• further enhancement of the intelligibility

3 Neural network listener adjustment
• uses audiogram to tailor the output to the listener’s hearing loss
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CGMM-MVDR Beamforming

STFT representation, 200 samples (∼4.5 ms) with 100 samples shift
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Minimum variance distortionless response (MVDR) beamformer
• (Higuchi et al. 2018)
• 6 channels in, 2 channels out
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CGMM-MVDR Beamforming

STFT representation, 200 samples (∼4.5 ms) with 100 samples shift
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Complex Gaussian mixture model

• (Higuchi et al. 2017)

• T-F mask := p(d(ν)
f ,t = t |yf ,t )

• parameters estimated with E-M
• online estimation
• parameter prior estimated on training data
• first 2 seconds fixed p(df ,t = t) = 0
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CGMM-MVDR Beamforming: Results

method MBSTOI (w/o HL) MBSTOI (w HL)

baseline - 0.415
CGMM+MVDR 0.707 0.599

MBSTOI (w/o HL) comparing enhanced signals with target anechoic
signals

MBSTOI (w HL) comparing enhanced signals processed by hearing
loss model with target anechoic signals
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Neural network post-enhancement

ConvTasNet (Luo et al. 2019)
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Neural network post-enhancement

• ConvTasnet architecture (Luo et al. 2019) (Pariente et al. 2020)

Encoder

1-D convolution
10 sample window

beamformed-left
beamformed-right

mixed-left
mixed-right

Separator

causal convolutions

Decoder
enhanced-left

enhanced-right

• Inputs: beamformed signals, original mixed signals
• Targets: target anechoic signals
• Objective: 0.9 STOI + 0.05 SNR + 0.05 PMSQE
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Neural network post-enhancement

method MBSTOI (w/o HL) MBSTOI (w HL)

baseline - 0.415
CGMM+MVDR 0.707 0.599

NN post-enh (SNR) 0.767 0.631
NN post-enh (bf-only) 0.770 0.635
NN post-enh 0.795 0.657
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Neural network listener adjustment

• gain on estimated encoded representations
• estimated by auxiliary neural network from audiogram
• only auxiliary network trained

Separator Decoder
enhanced-left

enhanced-right

Auxiliary
NN 3 fully-connected

layers
audiogram

•

•

Objective function

MSBG
Hearing

loss model

enhanced-left

enhanced-right

MBSTOI
Intelligibility

model
score
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Neural network listener adjustment

method MBSTOI (w/o HL) MBSTOI (w HL)

baseline - 0.415
CGMM+MVDR 0.707 0.599
NN post-enh 0.795 0.657

NN listener (random) 0.759 0.662
NN listener 0.759 0.671

?
• Can we learn something better than simple compression?
• Dynamic compression based on the input content?
• Adjustment to better hearing loss models?
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Conclusions

• overall improvement over the baseline 0.415 → 0.671 MBSTOI
• preliminary results of listening tests 37.14% → 64.54%

• CGMM-MVDR & NN-post-enh suppress interference well

• more things to explore about adjustment to listeners

• other hearing loss/intelligibility models to better examine the real
impact

• more analysis of what was learned
• improving hearing loss model to be better “optimizable”
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Extra: Audiogram
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Extra: Hearing Loss model

(Baer et al. 1993; Baer et al. 1994; Moore et al. 1993; Stone et al. 1999)
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Extra: Intelligibility model

(Andersen et al. 2018)
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