
REFERENCES

Deep Multi-Frame MVDR Filtering

for Binaural Noise Reduction

PROBLEM STATEMENT

DATASET

SIGNAL MODEL

MULTI-FRAME MVDR FILTER

SUPERVISED LEARNING-BASED FILTER ESTIMATION

Marvin Tammen, Simon Doclo

Dept. Medical Physics and Acoustics and Cluster of Excellence Hearing4all, University of Oldenburg, Germany

SIMULATIONS

𝒘𝑡
𝑟

𝒘𝑡
𝑙

right

speech estimate

left

speech estimate

▪ apply complex-valued multi-frame filter to 𝑁 frames in STFT domain:

𝒚𝑡,𝑓 = 𝑌𝑡,𝑓
𝑙 … 𝑌𝑡−𝑁+1,𝑓

𝑙 𝑌𝑡,𝑓
𝑟 … 𝑌𝑡−𝑁+1,𝑓

𝑟 𝑇
= 𝒙𝑡,𝑓 + 𝒏𝑡,𝑓

▪ assumptions:

1. independent speech and noise components:

𝚽𝑦,𝑡 = ℰ 𝒚𝑡𝒚𝑡
𝐻 = 𝚽𝑥,𝑡 +𝚽𝑛,𝑡 ∈ ℂ2𝑁×2𝑁

2. decompose speech into spatio-temporally correlated and uncorrelated

components [1]:

𝒙𝑡 = 𝜸𝑥,𝑡
𝑙 𝑋𝑡

𝑙 + 𝒙𝑡
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with 𝜸𝑥,𝑡
{𝑙,𝑟}

the speech correlation vectors

▪ relation to beamforming approaches:

binaural multi-frame filtering binaural beamforming

exploits spatio-temporal correlations exploits spatial correlations

spatio-temporal correlation vector:
signal-dependent
→ highly time-varying

steering vector:
room- and geometry-dependent
→ quasi-stationary
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▪ minimizes output noise power spectral density while leaving correlated speech

component undistorted:

𝐰𝑡 = argmin
𝒘𝑡

𝒘𝑡
𝐻𝜱𝑛,𝑡𝒘𝑡 s. t. 𝒘𝑡

𝐻𝜸𝑥,𝑡 = 1

=
𝜱𝑛,𝑡
−1𝜸𝑥,𝑡

𝜸𝑥,𝑡
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−1𝜸𝑥,𝑡
➢ requires estimate of

• inverse noise covariance matrix 𝜱𝑛,𝑡
−1

• speech correlation vectors 𝜸𝑥,𝑡 (left / right, highly time-varying)
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not trained baseline:

no imposed filter structure

proposed: 

imposed binaural MFMVDR filter structure
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▪ integrate fully-differentiable binaural MFMVDR filter into end-to-end supervised

learning framework [4]

▪ all parameters estimated using DNNs

▪ training is guided using binaural speech enhancement loss function

training evaluation

hearing aids BTE hearing aids

binaural room
impulse responses
(speech and noise)

simulated; from Clarity 
Enhancement Challenge [2]

measured; daily-life
communication scenarios [3]

clean speech deep noise suppression (DNS) 
challenge 1 training set

DNS challenge 3 test set

noise

SNR 0, 15 dB −5, 20 dB

speech azimuth −30, 30 ° ሾ−180, 180)°

Settings
▪ 𝑓𝑠 = 16 kHz; STFT: Hann window, 8 ms frame length, 75 % overlap

▪ filter length 𝑁 = 5→ temporal context of 16 ms

▪ features: log-magnitude, cosine and sine of phase of microphone signals

▪ DNN architecture: causal temporal convolutional networks [5]

• 2 stacks of 6 layers; hidden dimensions chosen to yield similar number of

parameters across compared algorithms

• temporal receptive field size: 512 ms

▪ loss function: combined complex and magnitude absolute spectral error [6]

▪ trained using AdamW optimizer for ≤ 150 epochs (with early stopping)

▪ minimum gain of -20 dB during evaluation

Results
1. Speech Enhancement Performance (averaged across left / right):

• perceptual evaluation of speech quality (PESQ)

• frequency-weighted segmental SNR (fwsSNR)

• all algorithms yield considerable speech quality improvements

• multi-frame filters outperform single-frame filter

2. Preservation of Interaural Time Differences:

OUTLOOK

▪ reduce complexity of binaural MFMVDR filter by assuming, 

e.g., slowly varying spatial correlations, with final goal of real-

time implementation

▪ evaluation of binaural MFMVDR filters using listening test
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check out audio demos:

imposing binaural MFMVDR structure yields highest improvements

both speech and noise cues are well preserved

median:          0.72 0.76 0.81                               2.70        3.00        3.20

trained

▪ microphone signals on hearing aids degraded by ambient noise

→ decreased speech quality and intelligibility

▪ multi-frame speech enhancement algorithms have been shown to yield

good noise reduction and low speech distortion [1] 

▪ multi-frame filter coefficients are difficult to estimate using traditional 

approaches

this poster: supervised learning-based approaches to estimate binaural

multi-frame filter coefficients: should filter structure be imposed?


