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Speech Acquisition in Noisy Environments

Signal Processing

= How can Machine Learning help to make information more easily
accessible by humans and machines
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Overview Pyt

Signal Processing

1. Single Channel Source Separation

2. Phase Estimation Enables High Quality at Low Latency

3. Non-linear Multi-channel Filtering

4. Diludion-based Generative Models for Speech Enhancement
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Single Channel Source Separation



Cocktail-Party Problem Py,

Signal Processing

i Conditions:
Undefined number of speakers
Speec_h Unknown speakers
Separation Single microphone

*Meeting transcription
i eHearing aids :
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Real-Time Demo in Our Lab I

Signal Processing

Real-Time
Speech Separation

Signal Processing Group
Uni Hamburg
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Source Separation ek
Conclusions

Machine Learning enables separating sources recorded with only one
microphone

As traditional approaches, these algorithms can be made real-time
capable

The algorithmic latency depends on the chosen frame sizes
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Phase Estimation Enables High Quality at Low Latency

Tal Peer, M.Sc.



STFT-based Speech Processing SPL_).

Signal Processing
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Frame Length in STFT Speech Processing P

Signal Processing

STFT-based speech processing traditionally uses frames of around
32ms

4 Short enough to capture non-stationarity of speech
4 Long enough to admit a reasonable spectral resolution

Is this optimal?
6 Frame length imposes a lower bound on algorithmic latency
6 The justification for 32ms is mainly based magnitude and ignores
phase

= As traditional enhancement methods are magnitude centric, 32ms
appears a well motivated choice
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Phase, Magnitude and Frame Length (1) P

Signal Processing

But what if we were able to also
estimate phase?

Kazama et al.[%l: listening
experiment on intelligibility under
variation of frame length

= The information contained in
magnitude and phase varies with
frame length
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(Recon. from phase)

[3] M. Kazama, S. Gotoh, M. Tohyama, and T. Houtgast, “On the significance of phase in the short term Fourier spectrum for speech
intelligibility,” The Journal of the Acoustical Society of America, vol. 127, no. 3, pp. 1432-1439, 2010.
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Phase, Magnitude and Frame Length (2) P

Signal Processing

100

80

60

401

20

Speech Intelligibility in %

04—p—t— —
yooyo 12 4 8 16 32 64 128 256 512 1024
Frame Length in ms

12 T. Gerkmann: Machine Learning for Speech Signal Processing on Hearing Devices



Phase, Magnitude and Frame Length (2) P

Signal Processing

Medium frames: magnitude suffices for good reconstruction
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Short and Iong frames: magnitude loses relevance,
good reconstruction is possible from phase alone

Speech Intelligibility in %
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SP

Signal Processing

Frame Length in Deep Speech Enhancement

= Phase information gets important for short frames

6 Model-based phase estimation methods exist only for long frames(*®!

Research Questions

Can we use modern machine learning approaches to estimate phase
when using short frames?

Which frame length for phase-aware STFT-based networks?

[4] M. Krawczyk and T. Gerkmann, “STFT Phase Reconstruction in Voiced Speech for an Improved Single-Channel Speech
Enhancement,” IEEE/ACM Transactions on Audio, Speech, and Language Processing, vol. 22, no. 12, pp. 1931-1940, Dec. 2014.

[5] T. Peer, K.-J. Ziegert, and T. Gerkmann, “Plosive Enhancement Using Phase Linearization and Smoothing,” in Speech
Communication; 14th ITG Conference, Kiel (online), Sep. 2021, pp. 1-5.
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Evaluation ek

We use a DNN with explicit magnitude and phase estimation[®7] to

Quantify the contribution of phase and magnitude estimation for
di Cerent frame lengths
Quantify overall performance of joint network for di[erent frame length

ConvBlock
C = 1536
15 in series

Linear Linear

Normalize

6 in series
PHASE SUB-NET

[6] T. Afouras, J. S. Chung, and A. Zisserman, “The Conversation: Deep Audio-Visual Speech Enhancement,” in Interspeech 2018, ISCA,
Sep. 2, 2018, pp. 3244-3248.

[7] T. Peer and T. Gerkmann, “Phase-aware deep speech enhancement: It’s all about the frame length,” arXiv preprint arxXiv:2203.16222
2022.
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Results

SP

Signal Processing
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4 Trend observed on oracle data carries over to DNN-based magnitude
and phase estimation

4 Machine Learning can be used to estimate phase also with short frames
4 Phase-aware processing is particularly beneficial with short frames
4 Short frames of 4ms enable short latency and high quality
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Non-linear Multi-channel Filtering

Kristina Tesch, M.Sc.



Multi-channel Speech Enhancement P

Signal Processing

!Eg

Joint spatial and

Linear spatial |_Jo0 ¢ fiiger (PF) ))) temloo_fsili')tzclrt?’EINnFO)n_Imear ))>
filter (LSF)

Analytic solutions Drops linearity assumption
Computationally lightweight Integrates spatial and

MMSE optimal for Gaussian tempo-spectral processing
noisel® = More powerful processing model

= Parameter estimation challenging

[8] 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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Proof of Concept with Oracle Data P

Signal Processing

Inhomogeneous noise field created by five directional Gaussian noise sources

Frequency [kHz]
»

Frequency [kHz]
N

Time [s] Time [s] Time [s]

= Joint non-linear spatial-spectral filter is a A POLQA: 2.64+0.08
more powerful processing model A SI-SDR: 9.92 =+ 0.30
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From Theory to Practice: DNN-based JNF°! ELANN

Signal Processing

We saw: Joint nonlinear spatial spectral filtering (JNF) is more
powerful than traditional beamformer + postfilter

Above examples provided a proof of concept, but estimating the
required higher-order statistics is very di Cculk in practice

[9] K. Tesch and T. Gerkmann, Insights into deep non-linear filters for improved multi-channel speech enhancement, submitted to IEEE
Trans. Audio, Speech, and Language Proc., 2022. [Online]. Available: https://arxiv.org/abs/2206.13310.
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From Theory to Practice: DNN-based JNF°! SPy_J.

Signal Processing

We saw: Joint nonlinear spatial spectral filtering (JNF) is more
powerful than traditional beamformer + postfilter

Above examples provided a proof of concept, but estimating the
required higher-order statistics is very di Cculk in practice

Research Questions

Do our theoretical findings carry over when learning a JNF using

DNNs?
Such DNN-based JNFs are fundamentally di [erent to DNN-guided
beamformers!
How important are the interdependencies between di Lerknt sources of
information?
What are the implications that arise for the design of network
architectures?
[9] K. Tesch and T. Gerkmann, Insights into deep non-linear filters for improved multi-channel speech enhancement, submitted to IEEE
Trans. Audio, Speech, and Language Proc., 2022. [Online]. Available: https://arxiv.org/abs/2206.13310.
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Approach - Network Architecture SPL_J.

Signal Processing

Input data arrangement Output mask (cIRM)
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Network
architecture

Sequence dim.

= Network structure that allows to easily control the integration of
di Cerknt sources of information

Combine spatial with spectral (F-JNF) or temporal (T-JNF)
information or both (FT-JNF)
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Approach - Dataset

SP

Signal Processing

Speaker extraction focusing on spatial filtering capabilities

Task:
Speaker extraction scenario
2-5 microphones in a circular array
1 target speaker
5 interfering speakers

Dataset generation:

Clean speech from WSJO (75
male and 74 female speakers)

6000 training examples (25
hours of training data)
Simulation using the
source-image model

SNR between -9 and 2 dB

Room dimensions between
(2.5x3x%2.2) and
(5 x< 9 x 3.5) meters

T60: 0.2 — 0.5 seconds
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Interdependency Between Information Sources
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[10] X. Li and R. Horaud, “Multichannel speech enhancement based on time-frequency masking using subband long short-term memory,”,
2019, pp. 298-302.
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