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Motivation Py

Signal Processing

Starting point

In today’s speech enhancement systems deep learning is used to model the complex
tempo-spectral structures of clean and noisy speech

Even small embedded devices like hearing aids begin to be equipped with neural networks

We will address two points
Most commonly predictive methods are used, while generative methods are upcoming
= What are the pros and cons of generative di [udion models

In multichannel speech enhancement often deep learning is used only to estimate the
parameters of linear beamformers

= s it worthwhile using nonlinear DNNs for nonlinear multichannel processing?
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1. Multichannel Speech Enhancement

2. Diludion Models for Single-Microphone Speech Enhancement and Restoration
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Traditional Linear Spatial Filtering
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Signal Processing

Multichannel Speech Enhancement

Is it worthwhile to use a nonlinear DNN to replace linear beamformer?

6 separation between spatial and spectral filtering is lost
6 no performance guarantees, e.g. distortionless response
6 less interpretable
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1. Multichannel Speech Enhancement
m Statistical perspective on non-linear spatial filtering!?!

2. Diludion Models for Single-Microphone Speech Enhancement and Restoration

[2] K. Tesch and T. Gerkmann, “Nonlinear spatial filtering in multichannel speech enhancement”, IEEE/ACM Transactions on Audio, Speech, and Language Processing, vol. 29,
pp. 1795-1805, 2021.

8 Next-Generation Speech Enhancement: Generative Di[usion Models and End-to-End Multichannel Filtering T. Gerkmann



MVDR As Su [cieht Statistic Py L

Signal Processing

The MVDR beamformer T yvpr is @ su [cieht statistic in the Bayesian sense if

ps (S ps (S| T mvor ()

holds for every observation y_and every prior distribution of S.

4 Holds under a Gaussian noise assumptiont®2]
= All information about S is retained in the output of the MVDR
= Separation of linear spatial filter and postfilter is optimal with respect to:

Minimum mean square error (MMSE)
Maximum a posteriori (MAP) criterion

[1] R. Balan and J. P. Rosca, “Microphone Array Speech Enhancement by Bayesian Estimation of Spectral Amplitude and Phase,” in Sensor Array and Multichannel Signal
Processing Workshop Proceedings, Rosslyn, Virginia, Aug. 2002, pp. 209-213.

[2] K. Tesch and T. Gerkmann, “Nonlinear spatial filtering in multichannel speech enhancement,” IEEE/ACM Transactions on Audio, Speech, and Language Processing, vol. 29,
pp. 1795-1805, 2021.
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MMSE Solution for Gaussian Mixture Noise!®! ELANA

Signal Processing

Modellflilvﬁmse distribution by a multivariate complex Gaussian mixture, i.e.,
NI cmNc(0, &4l).

[3] R. C. Hendriks, R. Heusdens, U. Kjems, and J. Jensen, “On Optimal Multichannel Mean-Squared Error Estimators for Speech Enhancement,” IEEE Signal Processing Letters
vol. 16, pp. 885-888, 2009.
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Modellfﬂﬁmse distribution by a multivariate complex Gaussian mixture, i.e.,

1¢mNc(0, E)

MMSE solution:
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[3] R. C. Hendriks, R Heusdens, U. Kjems, and J. Jensen, “On Optimal Multichannel Mean-Squared Error Estimators for Speech Enhancement,” IEEE Signal Processing Letters
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[3] R. C. Hendriks, R. Heusdens, U. Kjems, and J. Jensen, “On Optimal Multichannel Mean-Squared Error Estimators for Speech Enhancement,” IEEE Signal Processing Letters
vol. 16, pp. 885-888, 2009.
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Modellfﬂﬁmse distribution by a multivariate complex Gaussian mixture, i.e.,
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MMSE solution:
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= Cannot be decomposed into a linear spatial filter and post-filter
Dependency on the summation index m

Quadratic term yHibdly

[3] R. C. Hendriks, R Heusdens, U. Kjems, and J. Jensen, “On Optimal Multichannel Mean-Squared Error Estimators for Speech Enhancement,” IEEE Signal Processing Letters
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filter (LSF) (PF) filter (JNF)
Analytic solutions Drops linearity assumption
Computationally lightweight Integrates spatial and tempo-spectral
MMSE optimal for Gaussian noise processing
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Spatial Filtering Approaches
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Linear spatial Post-filter ) )
filter (LSF) (PF) )

Analytic solutions
Computationally lightweight
MMSE optimal for Gaussian noise

Joint spatial and
tempo-spectral non-linear )))
filter (JNF)

Drops linearity assumption

Integrates spatial and tempo-spectral
processing
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Performance as Function of Kurtosis!? ok

Complex Gaussian mixture distribution modelling di [use noise
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No benefit of nonlinear filter in Gaussian noise
Heavy-tailed noise distribution = the non-linear filter outperforms the separated approach

[2] K. Tesch and T. Gerkmann, “Nonlinear spatial filtering in multichannel speech enhancement,” IEEE/ACM Transactions on Audio, Speech, and Language Processing, vol. 29,
pp. 1795-1805, 2021.
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Benefit of a Non-Linear Processing Model

Inhomogeneous noise field created by five directional Gaussian noise sources
8

® Clean

Frequency [kHz]
»

Frequency [kHz]
»

Time [s] Time [s] Time [s]
= The non-linear spatial filter (Tpmse) cancels five A POLQA: 2.64 +0.08
interfering sources with only two microphones! A SI-SDR: 9.92 + 0.30
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1. Multichannel Speech Enhancement

m Design and analysis of deep non-linear spatial filters®

2. Diludion Models for Single-Microphone Speech Enhancement and Restoration

[5] K. Tesch and T. Gerkmann, “Insights into deep non-linear filters for improved multi-channel speech enhancement”, IEEE/ACM Transactions on Audio, Speech, and Language
Processing, vol. 31, 2023.

15 Next-Generation Speech Enhancement: Generative Di[usion Models and End-to-End Multichannel Filtering T. Gerkmann



Network Architecture SPl .
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IEE

Control the integration of di [EfEnt sources Input [F, T, 2C]

of information by changing the data
arrangement

= T-JNFM: spatial and temporal
F-JNF: spatial and spectral

FT-JNFB!: spatial and tempo-spectral

Mask [F, T, 2]

[4] X. Li and R. Horaud, “Multichannel speech enhancement based on time-frequency masking using subband long short-term memory,”, 2019, pp. 298-302.

[5] K. Tesch and T. Gerkmann, “Insights into deep non-linear filters for improved multi-channel speech enhancement,” IEEE/ACM Transactions on Audio, Speech, and Language
Processing, vol. 31, 2023.
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Interdependency Between Information Sources
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[4] X. Li and R. Horaud, “Multichannel speech enhancement based on time-frequency masking using subband long short-term memory,”, 2019, pp. 298-302.

[5] K. Tesch and T. Gerkmann, “Insights into deep non-linear filters for improved multi-channel speech enhancement,” IEEE/ACM Transactions on Audio, Speech, and Language
Processing, vol. 31, 2023.
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1. Multichannel Speech Enhancement

m Steerable deep non-linear filters for speech extraction and separation!®

2. Diludion Models for Single-Microphone Speech Enhancement and Restoration

[6] K. Tesch and T. Gerkmann, “Multi-channel speech separation using spatially selective deep non-linear filters”, IEEE/ACM Transactions on Audio, Speech, and Language
Processing, vol. 32, pp. 542-553, 2024.
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Flexible Steering of the Filter Sk
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Conditioning on the direction of arrival (DoA)[®
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[6] K. Tesch and T. Gerkmann, “Multi-channel speech separation using spatially selective deep non-linear filters,” IEEE/ACM Transactions on Audio, Speech, and Language
Processing, vol. 32, pp. 542-553, 2024.
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Conditioning on the direction of arrival (DoA)[G]
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[6] K. Tesch and T. Gerkmann, “Multi-channel speech separation using spatially selective deep non-linear filters,” IEEE/ACM Transactions on Audio, Speech, and Language
Processing, vol. 32, pp. 542-553, 2024.
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