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Use of Generative Al

Generative Al tools were used during this project, and their usage was restricted to the tasks listed here.
In the literature and background work, they were used to locate relevant publications and source mate-
rial identification; each of these sources was then read and verified in the original. In the writing, they
were used for language editing of text that had already been drafted by the author, for assistance in type-
setting equations in IATEX, and for checking the internal consistency of citations and cross-references.
No derivation, experimental result or figure in this thesis was produced by such tools, and all technical
content is the author’s own and has been verified by the author.



summary

A linear MVDR beamformer followed by a single-channel post-filter is MMSE-optimal only when the
interference is Gaussian. That assumption fails when competing talkers are present, and the optimal
estimator is then nonlinear. This thesis derives that estimator from a composite hypothesis structure
which splits the per-bin signal-activity state into two questions: whether the target is present, and which
interferer dominates. In closed form the estimator is a set of target-directed MVDR—-Wiener filters, one
per interference hypothesis, each weighted by an interferer posterior, with the weighted sum multiplied
by a target posterior. These two posteriors are the multi-source speech presence probabilities, and the
chain rule supplies the product structure exactly, without assuming that they factorise.

The estimator is shown to be structurally equivalent to the nonlinear spatial filter of Tesch and Gerk-
mann. Two sub-networks with no shared parameters estimate only these posteriors; all filtering is
performed by the model-based filters. On a simulated five-talker reverberant corpus captured with a
three-microphone array, the system improves SI-SDR by 11.26dB and PESQ by 0.53, exceeding an
end-to-end complex-mask baseline of comparable cost and more than doubling the gain of an oracle
MVDR. Because the network outputs posteriors rather than a mask, the estimated quantities can be
inspected directly and are shown to recover the intended signal-activity decomposition.
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Introduction

1.1. Background and Motivation

Speech enhancement is a foundational perceptual task in audio signal processing that seeks to recover
a target speech signal from observations corrupted by additive noise, competing speakers, and room
reverberation. The significance of this task extends to a broad range of real-world applications, from
hearing prostheses and mobile telecommunications to robust automatic speech recognition (ASR) front-
ends [1].

Conventional approaches to this problem are grounded in statistical frameworks for signal process-
ing, wherein the short-time spectral characteristics of speech and noise are modelled under simplified
distributional assumptions—typically complex Gaussian priors on the discrete Fourier transform (DFT)
coefficients—and closed-form estimators are derived accordingly [2]. Representative single-channel
methods include the minimum mean-square error (MMSE) short-time spectral amplitude estimator [3],
the log-spectral amplitude (LSA) estimator [4], and the Wiener filter. The functionality of these meth-
ods relies on accurate estimates of the noise power spectral density (PSD), obtained through recursive
tracking schemes such as minimum controlled recursive averaging (MCRA) [5] and its improved variant
IMCRA [6].

While single-channel methods exploit mainly temporal—spectral statistics to achieve target speech re-
trieval, signal array processing extends the scope to the multichannel domain, where spatial information
can additionally be leveraged to improve the estimation. Spatial filters, or beamformers, provide a com-
plementary mechanism by combining the microphone signals with complex beamforming weights so as
to shape the spatial response of the array. In this case, a prescribed response is maintained towards
the target while components with a different spatial signature are attenuated [7]. A prominent example
is the minimum variance distortionless response (MVDR) beamformer, whose weights are determined
by the noise spatial covariance matrix and a steering vector characterising the acoustic transfer function
from the target source to the array [8].

Despite their analytical elegance and computational efficiency, classical frameworks are subject to well-
documented limitations. The Gaussian assumption on the noise distribution, while convenient for deriv-
ing closed-form solutions, is frequently violated in practical situations when the background interference
comprises non-stationary sources such as competing speakers [9]. Hendriks et al. [10] demonstrated
that, under Gaussian noise, the multichannel MMSE-optimal estimator is separable into a linear MVDR
beamformer followed by a single-channel post-filter; however, for more general noise distributions, the
optimal estimator is inherently a joint spatial-spectral nonlinear filter that cannot be decomposed into
such a two-step cascade. Tesch and Gerkmann [9] provided extensive empirical evidence for this theo-
retical result, showing that a nonlinear spatial filter can suppress more than D—1 directional interferers
with a D-element array without spatial adaptation—a capability fundamentally beyond the reach of any
linear beamformer (as shown in Fig. 1.1 and Fig. 1.2). Moreover, the noise PSD tracking algorithms
that underpin both single-channel post-filtering and beamformer weight estimation (e.g., MCRA, IM-
CRA, decision-directed methods) are predicated on the assumption of slowly varying noise statistics,
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Figure 1.1: (a) Conventional two-step multichannel processing: a linear spatial filter (beamformer) followed by a single-channel
postfilter. Under Gaussian noise, this cascade is MMSE-optimal [10]. (b) The MMSE-optimal nonlinear spatial filter for non-
Gaussian noise: spatial and spectral processing are joined into a single non-separable nonlinear operation. Reproduced from [9].

rendering them inadequate for scenarios involving rapidly fluctuating speech-like interference [11].

The advent of deep learning shifted the field from classical beamforming-based estimators to learned
ones—through mask estimation, direct spectral or waveform mapping, and more recently genera-
tive modelling—with substantial gains in perceptual quality under reverberant, multi-source conditions;
Chapter 2 reviews these in detail. The gains come at a cost. The learned representations are not
interpretable in terms of beamforming, noise statistics or source activity, so failure modes are hard to
diagnose and the trade-off between suppression and distortion is hard to control [12]. Architectures
that perform spatial and spectral processing jointly and implicitly also need substantially more capacity
and training data than designs that carry the structure of the signal model [13]. This has motivated
DNN-guided hybrid systems, in which the network estimates the statistical parameters that a classical
beamformer or post-filter then uses [14, 15]. One such parameter is the a posteriori speech presence
probability, which assigns each time—frequency bin a soft probability of speech activity. It provides a
well-defined interface between the network and the classical stage, both for noise PSD tracking and
for setting the beamformer parameters [16, 11, 17, 18].

The gap this thesis addresses lies between these two lines of work. The MMSE-optimal estimator for
multi-talker interference is already known in closed form, and its posterior weights are source-activity
probabilities; what is missing is a method that estimates those posteriors and uses them as such. End-
to-end nonlinear filters attain the performance while discarding the structure, so neither a beamformer, a
post-filter, nor a per-bin activity probability can be established from the network output. DNN-guided MC-
SPP pipelines retain the structure, but are formulated for a single target against a stationary noise field,
so the decision that makes the multi-talker estimator nonlinear—which competing talker dominates
a given time—frequency bin—is never represented. Section 1.2 makes this concrete and states the
resulting research questions.
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Figure 1.2: Spectrograms comparing the linear MVDR beamformer (T\vpr ), the conventional beamformer—postfilter cascade
(Tmvpr-MmMsE), and the MMSE-optimal nonlinear spatial filter (Tyvisg) in a five-interferer scenario. The zoomed-in regions
(top right) show that the nonlinear filter preserves the harmonic structure of voiced speech while achieving substantially greater
noise suppression than the linear cascade. Reproduced from [9].

1.2. Problem Analysis and Research Questions

The theoretical result of Hendriks et al. [10] shows that the Bayesian MMSE-optimal multichannel esti-
mator under Gaussian mixture noise takes the form of a weighted sum over source hypotheses, where
each summand is an MVDR beamformer matched to a specific interferer, followed by a spectral gain,
and the weights show that each interferer is active at the current time—frequency bin. In chapter 4
and chapter 5 we prove from the Bayesian framework that These weights are precisely the multi-
source speech presence probabilities. Establishing this connection between posterior weights and
multi-source speech presence probabilities is one of the contributions of the present thesis: Chap-
ter 4 develops the Bayesian MMSE framework, and Chapter 5 derives the corresponding posteriors in
closed form and shows their structural equivalence to the analytic nonlinear spatial filter of Tesch and
Gerkmann’s work. Overall, the estimator is nonlinear because the weights depend on the observation
through the likelihood ratios of the competing hypotheses.

Two recent lines of work have attempted to realise this nonlinear estimator in practice, each with limi-
tations that motivate the present thesis.

Tesch and Gerkmann [9, 19] proposed a family of deep nonlinear filters in which a neural network
directly predicts a complex ideal ratio mask, effectively implementing the nonlinear spatial filter end-
to-end. Their approach achieves strong empirical performance, but precisely because the mask is
learned without explicit beamformer structure, the estimator lacks interpretability: it is not possible
to decompose the output into spatial filtering, spectral post-filtering, and hypothesis weighting, nor to
extract a measure of source-presence uncertainty at each time—frequency bin.

Tao et al. [18] took the complementary approach: they trained a DNN to predict the MC-SPP and used it
to drive a classical MVDR beamformer. However, their MC-SPP formulation addresses only the single-
source case, where the noise is modelled as stationary and the SPP serves primarily as a soft mask
for PSD tracking. The connection to the multi-source Bayesian estimator is not established, and the
overall pipeline is an empirical design rather than one derived from a Bayesian formulation.

This thesis bridges the two approaches by grounding the DNN-guided beamforming pipeline in the
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Bayesian MMSE theory of nonlinear spatial filtering. The central question is:

Can a multichannel speech enhancement framework for multi-talker scenarios be derived,
directly from the Bayesian MMSE-optimal nonlinear spatial filter, such that it retains the mod-
ular structure of classical beamformer, while a neural network supplies only the posterior
source-presence probabilities?

This question decomposes into the following sub-questions:

1. Multi-source MC-SPP derivation. Can the single-source MC-SPP be extended to a multi-source
setting under the W-disjoint orthogonality assumption, and if so, does the resulting posterior for

the activity of each source admit a closed form?

2. Connection to the MMSE-optimal nonlinear filter. What is the precise relationship between the
multi-source MC-SPP and the Bayesian MMSE estimator, and under what conditions, if any, does
the optimal estimator factorize into an MVDR beamformer, a spectral post-filter, with probably

posterior weight activation?

3. DNN-guided estimation and probabilistic output. Can a neural network be trained to pre-
dict the multi-source MC-SPP from multichannel observations, and can the predicted probabili-
ties drive a classical MVDR and Wiener pipeline to achieve multi-talker enhancement with inter-
pretable, probabilistic output—providing not only enhanced signals but also a per-bin uncertainty

measure for source activity?

4. Sensitivity to parameter estimation. How sensitive is the enhancement performance to the
accuracy of the per-source PSD estimates used in the MC-SPP computation, and what is the

performance gap between oracle and estimated quantities?

Together, these sub-questions lead to a single controlled comparison, which the experiments of Chap-
ter 7 are designed to answer. Given an identical multichannel observation of the same acoustic scene,
what is gained by replacing an end-to-end learned mask with the composite-hypothesis estimator devel-
oped here, in which the network estimates only the source-activity posteriors and the spatial-spectral

filtering is left to a filter prescribed by the signal model?
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1.3. Main Contributions and Structure of this Thesis
In this thesis, we propose a cascaded learning framework for multichannel speech enhancement grounded
on the a posteriori MC-SPP.

Ahead of the experiments, we first revisit the MC-SPP theory within the classical statistical paradigm
and examine its integration with multichannel Wiener filtering (MWF) for the conventional speech de-
noising task. Building on this theory, three signal model configurations are considered, describing
target signal retrieval in reverberant non-stationary noisy environments, competing speaker scenarios,
and composite conditions with interferers and noise.

Second, we propose a DNN-guided framework. Classical noise trackers such as MCRA and IMCRA
fail when the interference consists of competing speakers, because their spectro-temporal behaviour
is not distinguishable from that of the target by stationarity alone. A network instead learns the MC-
SPP from the multichannel observation, and the resulting probabilities drive the estimation of the noise
covariance and the acoustic transfer function that the beamformer needs. This keeps the interpretability
of the statistical model while handling interference that varies over time.

Third, we replace the single speech/noise dichotomy by a per-source hypothesis set: instead of one
presence probability for the target against a lumped interference covariance, the model carries one
posterior per interferer, so that the interference is resolved into individual competing talkers rather than
absorbed into a single noise term. The target remains a single designated source throughout—multi-
source here refers to the resolution of the interference, not to multiple simultaneous targets. Through-
out this progression, the MC-SPP serves as a unifying probabilistic interface between the data-driven
front-end and the model-based spatial-spectral filtering back-end, ensuring that domain knowledge
embodied in the beamformer design is preserved while the critical parameter estimation step benefits
from the representational capacity of modern neural networks.

The remainder of this thesis is organised as follows. Chapter 2 reviews the relevant literature on sta-
tistical and DNN-based speech enhancement, multichannel beamforming, nonlinear spatial filtering,
and speech presence probability estimation. Chapter 3 formulates the single- and multichannel signal
models and derives the a posteriori speech presence probability in both settings. Chapter 4 develops
the Bayesian MMSE framework for multi-talker target extraction. It introduces the multi-source signal
model, states the distributional priors on the target speech and the interference, and casts the signal-
activity space as a composite hypothesis structure. It also identifies the Gaussian-mixture nature of
the interference as the origin of the nonlinearity in the MMSE-optimal estimator. Chapter 5 derives
the composite-hypothesis estimator in closed form. The estimator is a set of MVDR-Wiener filters,
one per interference hypothesis, each weighted by the corresponding multi-source MC-SPP posterior.
The chapter also establishes its structural equivalence to the analytic nonlinear spatial filter of Tesch
and Gerkmann. Chapter 6 presents the DNN-guided realisation: the two networks that estimate the
posteriors, the model-based filtering stage they control, and the oracle-guided training and loss design.
Chapter 7 reports the experimental evaluation: the simulated multi-talker corpus, the baselines, the
metrics, and the results. Chapter 8 concludes the thesis and outlines directions for future work.



Related Works

This chapter surveys the literature that forms the context for the present thesis. We begin with single-
channel statistical estimators and multichannel beamforming (§2.1-2.2), then review DNN-based ap-
proaches to speech enhancement and separation (§2.3), including the emerging class of generative
diffusion models (§2.4). We subsequently discuss the MMSE-optimal nonlinear spatial filter theory that
underpins this work (§2.5), and conclude with the speech presence probability framework (§2.6) and
multi-source speech processing (§2.7).

2.1. Statistical Single-Channel Speech Enhancement

The statistical approach to single-channel speech enhancement models the DFT coefficients of clean
speech and noise as independent random variables and derives estimators that minimise a given dis-
tortion criterion under these distributional assumptions.

The foundational work of Ephraim and Malah [3] derived the MMSE estimator of the short-time spectral
amplitude (STSA) under a complex Gaussian prior for both speech and noise. Their subsequent log-
spectral amplitude (LSA) estimator [4] minimises the expected log-spectral distortion, yielding reduced
musical-noise artefacts. Both estimators require two quantities: the a priori SNR ¢ and the a posteriori
SNR ~, estimated recursively using the decision-directed approach [3].

Erkelens et al. [20] generalised these results by replacing the Gaussian (Rayleigh magnitude) speech
prior with a generalised Gamma distribution parametrised by a shape factor v. For v < 1, the resulting
super-Gaussian prior better captures the heavy-tailed statistics of speech DFT coefficients [20]. The
Gaussian case is recovered for v = 1, and the resulting MMSE estimator involves confluent hyper-
geometric functions——a mathematical structure that reappears in the multichannel nonlinear filter of
Chapter 5.

Accurate noise PSD estimation is critical for all MMSE estimators. Martin [21] proposed the minimum
statistics approach, which tracks the noise floor by following the minima of a smoothed periodogram
within a sliding window. Cohen and Berdugo [6] improved on this with MCRA/IMCRA, which combines
recursive averaging with a soft speech-presence indicator. Gerkmann and Hendriks [11] showed that
an unbiased MMSE-optimal noise PSD estimator is obtained by weighting the recursive update with
the speech presence probability, so that each time—frequency bin contributes to the noise estimate in
proportion to its speech-absence probability; the estimator is discussed in Section 2.6.

For a comprehensive treatment of single-channel methods, we refer the reader to Loizou [1] and the
survey of Hendriks et al. [2].

2.2. Multichannel Beamforming and Spatial Filtering
With regard to multichannel speech enhancement acoustic task, more information can be leveraged,
in addition to temporal and spectral features. Beamforming exploits the spatial diversity offered by a
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microphone array to separate sources based on their direction of arrival. Early adaptive designs in-
clude the linearly constrained minimum variance (LCMV) beamformer of Frost [22] and the generalised
sidelobe canceller. Van Veen and Buckley [7] provided a widely cited tutorial that unified these designs
within a constrained optimisation framework.

The MVDR beamformer [8] minimises the output noise power subject to a distortionless constraint
on the target steering vector. Its weights are determined by the noise spatial covariance matrix Xy
and the relative transfer function (RTF) d of the target source. Doclo and Moonen [23] proposed a
GSVD-based approach that jointly diagonalises the speech and noise covariance matrices, providing
a rank-reduced optimal filter. Souden et al. [8] showed that the MVDR beamformer, when followed by
a single-channel Wiener post-filter, achieves the minimum output noise power among all distortionless
filters; the multichannel Wiener filter (MWF) follows as a special case.

A central challenge in practical beamforming is the estimation of the required second-order statistics—
the noise PSD matrix X 5 and the speech PSD matrix ®,,—from the noisy observation. In the single-
source case, Souden et al. [17] proposed an integrated framework in which a multichannel SPP drives
recursive PSD tracking; the RTF is then estimated from the speech PSD matrix by covariance subtrac-
tion. This approach avoids explicit voice activity detection and instead provides a continuous, proba-
bilistically motivated estimate of the spatial statistics required for beamformer computation.

For an overview of multichannel speech enhancement and source separation, we refer to the survey
of Gannot et al. [14].

2.3. Discriminative Models for Speech Enhancement

The introduction of DNNs has transformed multichannel speech enhancement. Three broad families
of approaches have emerged, which we review in turn.

2.3.1. Mask-Based Learning

Mask-based methods train a DNN to estimate a time—frequency mask that, when applied to the mixture
spectrogram or used to compute spatial statistics, yields the enhanced speech. Wang and Chen [12]
provided a comprehensive overview distinguishing ideal binary masks (IBM), ideal ratio masks (IRM),
phase-sensitive masks (PSM) [24], and complex ideal ratio masks (cIRM). The multichannel use of
such masks—estimating the spatial covariance matrices that parameterise a beamformer—is treated
separately in Section 2.3.3.

The paradigm applies equally to single-channel enhancement. Hu et al. [25] proposed the deep com-
plex convolution recurrent network (DCCRN), which operates on both the real and imaginary parts of
the STFT to estimate a complex ratio mask, preserving phase information.

A related line replaces the mask by a direct regression: the network maps the corrupted spectrum or
waveform to the clean one, so that magnitude and phase are produced jointly and no masking constraint
is imposed [26]. Mapping avoids the implicit bound that a bounded mask places on the achievable gain,
at the cost of a harder regression target.

2.3.2. End-to-End Time-Domain Models

A parallel line of research bypasses the STFT entirely and operates directly on time-domain waveforms.
Luo and Mesgarani [27] introduced Conv-TasNet (Fig. 2.1), which uses a learned encoder, a temporal
convolutional network for mask estimation, and a learned decoder, achieving state-of-the-art separation
on the WSJ0-2mix benchmark.

Luo et al. [28] subsequently proposed the dual-path RNN (DPRNN), which models both local and global
temporal dependencies through interleaved intra-chunk and inter-chunk recurrent layers. Subakan et
al. [29] replaced the recurrent layers with self-attention, yielding the SepFormer architecture.

These end-to-end models achieve impressive objective scores but do not naturally incorporate spa-
tial information from multiple microphones, and their internal representations are difficult to interpret in
terms of classical signal processing concepts such as beamforming, noise statistics, or source pres-
ence.
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Figure 2.1: Architecture of Conv-TasNet[27]. (A) High-level block diagram: a learned encoder maps mixture waveform segments
to a latent representation, a separation module estimates per-source masks, and a learned decoder reconstructs the individual
waveforms. (B) Detailed system flowchart with the temporal convolutional network (TCN) separator. (C) Design of the 1-D
convolutional block with dilated depthwise convolution, skip connections, and residual paths. The architecture operates on a
single channel and contains no explicit beamformer structure or spatial model. Reproduced from [27]

2.3.3. DNN-Guided Beamforming

DNN-guided (or hybrid) methods retain the model-based beamformer structure but use a neural net-
work for parameter estimation. Beyond the mask-based PSD estimation of Heymann et al. [15], sev-
eral variants have been explored: direct RTF estimation by the network, joint mask-and-beamformer
training with differentiable MVDR layers, and neural architectures that combine spatial and spectral
features [14].

Tao et al. [18] proposed a two-stage DNN-guided pipeline in which a first network estimates the MC-
SPP for MVDR beamforming, and a second network estimates a single-channel SPP for MMSE-LSA
post-filtering. Their work demonstrated that the MC-SPP provides a probabilistically motivated interface
between the DNN and the classical beamformer, yielding better noise tracking than conventional mask-
based PSD estimation.

However, their formulation is restricted to a single target source with stationary noise, and the MC-SPP
is used solely as a soft weighting factor for PSD updates rather than as a posterior probability within a
Bayesian estimator.

The present thesis extends this line of work by deriving the multi-source MC-SPP from the Bayesian
MMSE framework, establishing its role as the posterior weight in the MMSE-optimal nonlinear spatial
filter, and using a DNN to predict it for all sources simultaneously.

2.4. Generative Models for Speech Enhancement

In contrast to the discriminative (predictive) approaches described above, generative models learn
the distribution of clean speech and perform enhancement by sampling from the posterior distribution
conditioned on the noisy observation. This paradigm offers two key advantages: the ability to generate
multiple plausible estimates (capturing uncertainty), and the natural integration of Bayesian inference
tools for posterior sampling.
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Figure 2.2: Two-stage DNN-guided multichannel speech enhancement pipeline of Tao et al. [30]. Stage 1: a DNN estimates
the MC-SPP p,, (k, 1), which drives recursive PSD updates and MVDR beamforming. Stage 2: the beamformer output is con-
catenated with the reference microphone signal and fed to a second DNN that estimates a single-channel SPP p.(k,1) for
MMSE-LSA post-filtering. The present thesis extends this single-source framework to the multi-source setting by replacing the
scalar MC-SPP with a per-source posterior vector derived from the Bayesian MMSE expansion. Reproduced from [30].

Diffusion models [31, 32] have emerged as a particularly powerful class of generative models for
audio. They define a forward process that gradually corrupts data with Gaussian noise, and a re-
verse process—parametrised by a learned score model—that iteratively denoises the signal. Welker
et al. [33] first applied score-based diffusion to speech enhancement in the complex STFT domain;
Richter et al. [34] extended this to the SGMSE+ framework for joint enhancement and dereverberation.
Lemercier et al. [35] proposed StoRM, a stochastic regeneration model that initialises the diffusion pro-
cess with the output of a predictive network, significantly reducing the number of sampling steps. A
comprehensive review of diffusion models for audio restoration is provided by Lemercier et al. [36].

From the perspective of the present thesis, generative models are relevant for two reasons. First,
diffusion-based enhancement operates within a probabilistic (Bayesian) framework, using Bayes’ rule
to combine a learned prior with a measurement likelihood; this parallels the Bayesian MMSE deriva-
tion that underpins our multi-source MC-SPP. Second, the output of a diffusion model is inherently
stochastic, providing a natural measure of uncertainty—analogous to the per-bin posterior probabilities
produced by our MC-SPP estimator, which quantify the confidence of source-activity decisions at each
time—frequency point. Unlike diffusion models, however, our framework preserves the deterministic,
analytically grounded structure of classical beamforming and post-filtering, and the probabilistic out-
put (the MC-SPP) has a direct physical interpretation as a source-presence probability rather than an
implicit latent variable.

2.5. MMSE-Optimal Nonlinear Spatial Filtering

The theoretical foundation for nonlinear spatial filtering was laid by Hendriks et al. [10], who proved that
the multichannel MMSE-optimal estimator decomposes into a linear MVDR beamformer followed by a
single-channel MMSE post-filter if and only if the noise DFT coefficients are Gaussian distributed. For
non-Gaussian noise—in particular, for the Gaussian mixture that arises when multiple interferers are
present under a sparsity assumption—the optimal estimator is a nonlinear function of the multichannel
observation. This result was derived under a generalised Gamma prior for the speech magnitude,
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which includes the Gaussian (Rayleigh) case as a special instance [20].

Balan and Rosca [37] had earlier shown, in a simpler setting, that the multichannel Bayesian estimator
factors into an MVDR beamformer and a post-filter when the noise is Gaussian. The contribution of
Hendriks et al. [10] was to prove this as a necessary and sufficient condition and to provide the general
(nonlinear) estimator for arbitrary noise distributions.

Tesch and Gerkmann [9] provided the first comprehensive empirical investigation of the nonlinear spa-
tial filter. Using an oracle implementation with known signal statistics, they demonstrated that the
analytic MMSE estimator with a super-Gaussian speech prior (v = 0.25) can suppress more than M —1
directional interferers with an M-element array, outperforming the linear MVDR by a significant margin.
The physical mechanism is that the estimator implicitly selects, at each time—frequency bin, the MVDR
beamformer whose noise covariance matrix places a null towards the interferer that is actually active;
the “selection” is performed probabilistically through the posterior hypothesis weights.

In subsequent work, Tesch and Gerkmann proposed to learn the nonlinear filter directly with a DNN.
Their joint nonlinear filter (JNF) [13](Fig. 2.3) predicts a complex mask that implicitly captures the non-
linear spatial-spectral processing.
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Figure 2.3: Base network architecture of the joint nonlinear filter (JNF) [13], whose backbone topology is also used by the
posterior network of Chapter 6. The multichannel STFT input is arranged either in wide-band (F) or narrow-band (T) format
and processed by two LSTM layers followed by a feed-forward layer with tanh activation, producing a complex ideal ratio mask
(cIRM). Reproduced from [13].

In their successive work, they establish the spatially selective filter (SSF) [38, 19] that conditions the
mask on a target direction, enabling speaker extraction. The structure is shown in Fig. 2.4 .

These methods achieve excellent separation quality and confirmed the practical relevance of nonlin-
ear spatial filtering, but they do not preserve the decomposition into beamforming, post-filtering, and
hypothesis weighting that the analytic MMSE estimator reveals. The present thesis can be seen as
occupying the middle ground between the oracle analytic estimator of [9] and the end-to-end learned
filter of [19]: it retains the beamformer structure of the former while employing a DNN for the hypothesis
weights, as in the latter.

2.6. Speech Presence Probability Estimation

The concept of speech presence probability was introduced by McAulay and Malpass [39] in the context
of noise spectral subtraction and formalised by Malah et al. [16] for tracking speech-presence uncer-
tainty in non-stationary noise environments. In the STFT domain, the SPP at each time—frequency
bin is the posterior probability p(H; | Y') that speech is present, computed via Bayes’ rule from the
likelihoods under the speech-present and speech-absent hypotheses.

Gerkmann and Hendriks [11] showed that using a fixed a priori SNR for the SPP computation—rather
than an adaptively estimated value—yields an unbiased noise power estimator with low complexity. The
fixed-prior approach decouples the noise estimator from the post-filter, avoiding the positive feedback



2.7. Multi-Source Speech Separation and the W-Disjoint Orthogonality Assumption 1

omEEEEEEEEEEy -EEEEEEEEE -

Input [B, T, F,2C] DoA Input [B, 180]
l reshape

N

[B-T,F,2C]

[B, 256]

C e s s sssEEE .

D Iy g

state

reshape
[B-F,T,512]

reshape
[B, F,T,256]

reshape
Mask [B, T, F, 2]

- EE EEEEEmEm e

¢ T B BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN BN B B W W

A

Figure 2.4: Spatially selective filter (SSF) architecture from [19]. The target direction-of-arrival (DoA) is encoded via a linear layer
and injected as the initial hidden state of the F-LSTM, enabling the same network to extract different speakers by conditioning
on their spatial location. The present thesis replaces the implicit nonlinear mask output with an explicit MC-SPP posterior that
drives a classical MVDR-Wiener cascade. Reproduced from [19].

loop that plagues adaptive methods and providing a theoretically clean probabilistic interface for noise
PSD tracking.

Souden et al. [17] generalised the SPP to the multichannel setting (MC-SPP) by formulating the likeli-
hood functions under a multivariate complex Gaussian signal model. The resulting MC-SPP incorpo-
rates spatial information through the noise spatial covariance matrix and the target RTF, providing a
detection statistic that is proportional to the squared output of an MVDR beamformer steered towards
the target. Their integrated framework uses the MC-SPP to recursively update both the noise and
speech PSD matrices, from which the steering vector and beamformer weights are subsequently com-
puted. The MC-SPP thus serves as a unified probabilistic interface between spatial statistics estimation
and beamformer design.

The MC-SPP formulation of [17] considers only two hypotheses (speech present or absent) for a single
target source. When multiple sources are present, a natural extension is to define I mutually exclusive
hypotheses—one for each source plus a noise-only state—and to derive the posterior probability for
each. Such an extension is developed in Chapter 5.

2.7. Multi-Source Speech Separation and the W-Disjoint Orthogo-

nality Assumption

Multi-talker speech separation aims to recover each individual speaker’s signal from a mixture. Early ap-
proaches relied on computational auditory scene analysis (CASA) principles, grouping time—frequency
regions by pitch and onset cues. The introduction of deep learning methods has dramatically advanced
the field.

Hershey et al. [40] proposed deep clustering, which embeds each time—frequency bin into a high-
dimensional space where bins belonging to the same speaker are close together; spectral masks are
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then obtained by clustering the embeddings. Kolbaek et al. [41] addressed the permutation ambigu-
ity inherent in multi-speaker separation by introducing utterance-level permutation invariant training
(uPIT), which considers all possible label assignments and selects the one with the lowest loss. These
techniques enabled the training of single-channel separation models such as Conv-TasNet [27] and
DPRNN [28].

In the multichannel setting, spatial information provides a powerful cue for separation. Yoshioka et
al. [42] proposed a multi-microphone neural separation system that combines spectral and spatial fea-
tures for far-field multi-talker ASR. Chen et al. [43] introduced continuous speech separation (CSS),
addressing the more realistic scenario of overlapping utterances of variable duration. These multichan-
nel approaches typically operate end-to-end, mapping the multi-microphone input directly to separated
waveforms or masks without explicit beamformer structure.

W-disjoint orthogonality (WDO), introduced by Yilmaz and Rickard [44], posits that the STFT represen-
tations of distinct speech sources have approximately disjoint supports: at any given time—frequency
bin, at most one source contributes significant energy. This sparsity property is well supported em-
pirically for speech signals and underpins ideal binary mask estimation, sparse demixing algorithms,
and the single-dominant-source hypothesis structure used in the multi-source MC-SPP derivation of
Chapter 5.

The WDO assumption converts the multi-source problem into a hypothesis testing problem: at each
time—frequency bin, the system must decide which of the I sources (or none) is active. The posterior
probabilities for these hypotheses—the multi-source MC-SPP—then drive source-specific beamform-
ers that place spatial nulls towards the identified interferers. This probabilistic formulation stands in con-
trast to end-to-end separation methods, which learn the assignment implicitly, and to binary masking
approaches, which make hard decisions. The soft, posterior-probability-based assignment preserves
the full uncertainty of the source-activity decision and, as shown in Chapter 5, coincides with the weights
prescribed by the Bayesian MMSE-optimal nonlinear spatial filter.

2.8. Positioning of This Thesis

The literature reviewed above leaves the multi-talker case between two incomplete answers. The
MMSE-optimal nonlinear spatial filter of Section 2.5 is known in closed form, and its posterior weights
are source-activity probabilities; but the deep realisations of that filter predict a mask directly and expose
neither the beamformer nor the posteriors. The MC-SPP literature of Section 2.6 provides exactly such
posteriors—and Tao et al. [18] showed they can be learned—but only for a single target against a
covariance that lumps all interference together, so the decision that makes the multi-talker estimator
nonlinear, namely which competing talker dominates a given time—frequency bin, is never represented.

This thesis joins the two. It extends the MC-SPP of [17] to a per-source hypothesis set, under the WDO
assumption of Section 2.7. It then shows that the resulting posteriors are precisely the weights of the
nonlinear filter of [10, 9], so that the network is trained on a quantity that has both a statistical meaning
and a defined role in the optimal estimator. Finally, it carries those posteriors through to the recursive
PSD tracking that parameterises the filters, generalising the single-source scheme of [17]. Unlike the
generative approaches of Section 2.4, the resulting estimator remains deterministic and analytically
grounded, and its probabilistic output is a source-presence probability with a direct physical reading
rather than an implicit latent variable. The derivation occupies Chapters 4 and 5; the realisation and its
evaluation, Chapters 6 and 7.



Signal Models and Speech Presence
Probability

This chapter establishes the mathematical signal models and derives the a posteriori speech presence
probability that underpins the remainder of the thesis. We proceed from the single-channel case to the
multichannel setting, and in each case first formulate the signal model and then derive the correspond-
ing SPP.

3.1. Single-Channel Signal Model

Let s(¢) denote a clean speech signal observed through a single microphone in the presence of additive
noise n(t). The noisy observationis y(t) = s(t)+n(t). Applying the short-time Fourier transform (STFT)
with frame index [ and frequency bin index k, the narrow-band additive model becomes

Y (k1) = S(k,1) + N(k,1). (3.1)

Under the standard assumption that the DF T coefficients of speech and noise are mutually independent,
zero-mean, complex Gaussian random variables, the power spectral density (PSD) of the observation
decomposes as

Dyy (k1) = Pss(k, 1) + Prn(k, 1), (3.2)

where &,, and ®,,, denote the speech and noise PSDs, respectively. Defining the a priori and a
posteriori signal-to-noise ratios as

a Pss(k,l) o [Y(ED]?
£(k7l) - (I)nn(k',l)7 ’Y(kvl) - (I)"n(k,l)’ (33)
the Wiener filter takes the familiar form
§(k, 1)
G iener k7l = — - 34
wiener(B, 1) = 1 e (3.4)

3.2. Single-Channel Speech Presence Probability

Both the Wiener filter and the more advanced MMSE-LSA estimator [4] require an accurate estimate of
the noise PSD &,,,,, which must be continuously tracked from the noisy observation. The a posteriori
speech presence probability provides an elegant probabilistic mechanism for this purpose.

3.2.1. Two-State Hypothesis Model
At each time—frequency point (k, 1), we define two mutually exclusive hypotheses:

Ho: Y(k,1) = N(k,1),
Hi: V(K1) = S(k,1)+ N(k,1).

(3.5)

13



3.3. Multichannel Signal Model 14

Under the complex Gaussian assumption, the likelihood functions under the two hypotheses are

1 Y |?
Y = — .
p(Y | Ho) . exp( (I)m> , (3.6)
1 Y]?
Y| H)= ———" _ . 3.7
pY ) =555 eXp( T+ <I>nn> S

3.2.2. Derivation of the Single-Channel SPP
Applying Bayes’ rule, the a posteriori speech presence probability is

P(3,) p(Y | Hy)

PG IY) = Bty oY | 360) + POG) p(¥ [ 36) (3.8)
Substituting (3.6) and (3.7) and defining 5. = P(Ho)/P(H,) yields
2 -1
p(H|Y) = |1+ Boc (1+&3cy) exp(—g/ : 1_%2%)] : (3.9)

where &5, denotes the a priori SNR under hypothesis H;.

Gerkmann and Hendriks [11] showed that using a fixed a priori SNR &4¢, representing the SNR typical of
speech presence, rather than an adaptively estimated value, yields an unbiased noise power estimator
with low complexity. The fixed-prior approach decouples the noise power estimator from subsequent
processing stages and avoids the pathological overlap of the two likelihood functions in speech-absent
regions that plagues adaptive methods [11].

3.2.3. SPP-Based Noise Power Estimation
With the SPP estimate, the noise PSD can be updated without imposing a hard voice activity decision.
The MMSE-optimal noise periodogram estimator under speech presence uncertainty is:

E[INP | Y] = (1= p(3t1 | V) V]2 +p(3 | V) &, (3.10)

which replaces the hard decision of a voice activity detector by a soft weighting between the current
noisy periodogram and the previous noise PSD estimate. The noise PSD is then obtained by recursive
temporal smoothing:

Oy (I, 1) = g (i, 1=1) + (1 — ) E[IN (&, D | Y (1), (3.11)

where 0 < a; < 1 is a smoothing factor.

3.3. Multichannel Signal Model

Consider an M-element microphone array receiving a single target source in a reverberant enclosure.
Denoting the acoustic transfer function (ATF) from the source to the m-th microphone as A,,(k), the
multichannel observation vector in the STFT domain is

y(k,1) = a(k) S(k, 1) + n(k,1), (3.12)
where y(k, 1) = [Yi(k,1),...,Ya(k,1)]T € CM, the relative transfer functionis a(k) = [A;(k), ..., Au(k)]7T,
and n(k, 1) represents the multichannel noise.

The ATF carries no frame index, which encodes the assumption that the source positions and the room
impulse responses are time-invariant over the observation interval. This static-source assumption is
maintained throughout the thesis and is reflected in the fixed-position simulated scenes of Chapter 7.

Working with the relative transfer function (RTF) with respect to a reference microphone m,.,

(k) 2 2 (3.13)
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so that d,,,,, (k) = 1, the model becomes
y(k,1) =d(k) S(k,l) + n(k,1), (3.14)
where S(k,1) = A,,... (k) Sac(k, 1) is the reverberant speech image at the reference microphone, with in-

stantaneous PSD % (k, 1) = E[|S(k,1)|?]. The noise cross-PSD matrix is Xy (k,1) = E[n(k,1) n" (k,1)],
and the observation cross-PSD matrix decomposes as

®,, (k1) =ocki(k,)dd? + =n(k,1). (3.15)

3.4. Multichannel Speech Presence Probability

The single-channel SPP exploits only temporal-spectral information to distinguish speech from noise.
When multiple microphones are available, the spatial information encoded in the inter-microphone
phase and level differences can additionally be leveraged. Souden et al. [17] generalised the SPP to
the multichannel setting by formulating the likelihood functions under the multivariate Gaussian model.

3.4.1. Multichannel Likelihood Functions
Under the two-state model for the single-source multichannel case, the observation vector is distributed
as

Ho: y~CN(0, Xy), (3.16)
Hi: y~CN0, oidd” +=y). (3.17)
The corresponding multivariate likelihood functions are
— 1 o Hs -1
Py | 90) = g exel -y =5 ). (3.18)
1 _
p(y | Hy) = exp(fyH(EN + cr%« ddH) 1 y) (3.19)

™|X N + 0% dd|
3.4.2. Derivation of the MC-SPP
Define the multichannel a priori SNR and the detection statistic:
&k, 1) 2 (2N ot dd”) = d" ' d o (k,1), (3.20)
Bk,1) £ y"' Syt (05 dd") By (3.21)

The multichannel a priori SNR ¢ is also the theoretical output SNR of the parameterised multichannel
Wiener filter [8]. Applying Bayes’ rule and using the matrix determinant lemma to simplify the likelihood
ratio yields the a posteriori MC-SPP [17]:

q(k,1) Bk N\

=1+ —>(1 —_— .22
p(H1 | y) STy (1+&(k,1)) exp T ek D) : (3.22)
where ¢(k, 1) is the a priori speech absence probability (SAP). Itis not a fixed model prior. Following [18],
it is evaluated at each bin as an energy ratio between the target and the interference-plus-noise spatial
covariances,

tr{ @y (K, 1

gk, 1) =1 — 1®aq (k. 1) .
tr[i)m(k, l)] + tr[@vv(k, l)]

so that ¢ is close to one where the interference dominates and close to zero where the target does. Both

covariances are themselves estimated from the observation, so (3.23) makes the prior data-dependent;
this is a departure from a strict Bayesian prior, adopted here to follow the convention of [17, 18].

(3.23)

The detection statistic 8 can equivalently be written as § = |dHE;,1y|2 0%, revealing that it is propor-
tional to the squared output of an MVDR beamformer steered towards the target, scaled by the source
PSD—a quantity that is inherently spatial in nature.

Souden et al. [17] showed that when the noise emanates from a point source, perfect speech detection
is theoretically possible, and when the noise is spatially white, a coherent summation of the speech
components across microphones enhances the detection accuracy.
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3.4.3. MC-SPP-Guided Parameter Estimation

With the MC-SPP p(k,1) £ p(H, | y(k,1)) evaluated from (3.22), the noise and speech cross-PSD
matrices are updated recursively [17]:

Bk, 1) = ay En(k, 1-1) + (1 — ay) (1 = p(k, 1)) yy™, (3.24)
é:pwaﬁ’ l) = Oy [Pacac(kv l_l) + (1 - aa:)ﬁ(k’ l) yyH7 (325)

where «,, o, € (0,1) are temporal smoothing factors. The relative transfer function is estimated via the
covariance subtraction method (The alternative covariance-whitening method is more accurate, but it
needs a generalised eigenvalue decomposition at every bin [45], here we adopt the subtraction method
for simplicity) :

D, (k1) u
ull i’wm(k,l)ul’

where u; = [1,0,...,0] selects the reference channel. The MVDR beamformer weights are then

d(k,1) = (3.26)

¥y d

The MC-SPP thus serves as a unified probabilistic interface that drives the downstream parameter
estimation required by the classical MVDR beamforming and post-filtering pipeline.



A Bayesian MMSE Framework for
Target Speech Extraction

In realistic multi-talker acoustic scenes, the single-source speech presence probability developed in
Chapter 3 is insufficient: competing speakers introduce highly non-stationary spectro-temporal energy
patterns that cannot be absorbed into a single noise covariance matrix. The enhancement objective
in such scenarios is target speech extraction—isolating a single designated speaker from a mixture of
interferers and background noise. This task demands a signal-activity model that accounts for both the
presence of the target and the activity pattern of every competing source.

This chapter constructs the Bayesian MMSE framework that underpins the composite-hypothesis es-
timator derived in Chapter 5. The starting point is the total-probability expansion of the conditional
MMSE estimator over a set of mutually exclusive hypotheses indexing the signal-activity configuration
at each time—frequency bin. We develop the multi-source signal model, state the distributional priors
on speech and interference, and identify the Gaussian-mixture nature of the resulting interference dis-
tribution as the fundamental source of nonlinearity in the MMSE-optimal multichannel estimator. A
composite hypothesis structure is then introduced that factorises the signal-activity space into two inde-
pendent axes—target presence and interferer dominance—yielding the Cartesian-product expansion
from which the closed-form estimator of Chapter 5 follows.

Throughout this chapter, the frequency-bin and time-frame indices (&, 1) are suppressed unless required
for disambiguation.

4.1. Multi-Source Signal Model

Consider an M-element microphone array receiving I point speech sources in a reverberant enclosure
with additive noise. Source i € {1,...,I} is characterised by its relative transfer function (RTF) b; €
CM with respect to a reference microphone m,.¢, and by the STFT coefficient V; € C of its image
at the reference microphone, with instantaneous power spectral density (PSD) o7, 2 E[|V;|?]. The

multichannel observation is

I
y =S bV +n, (4.1)
=1

with additive noise n(k,l) ~ CN(0,Xy(k)) assumed zero-mean, uncorrelated across STFT frames,
wide-sense stationary over the frames used to estimate its statistics and statistically independent of
all speech sources. The noise cross-PSD matrix 3y is generally full-rank and captures both diffuse
ambient noise and uncorrelated sensor noise.

17
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When a specific source—say source j—is designated as the target, it is convenient to partition (4.1) as

I
y = b; j+;biv,»+n, (4.2)
target i)

[I>

u

with u collecting all undesired components (the index j is fixed once the target is designated and is
therefore suppressed). Writing d £ b; for the target RTF and S £ V; for the target STFT coefficient,
the model takes the compact target-centric form

y =dS + u, (4.3)

where u collects the I — 1 interferers and noise. This target-centric formulation is the basis for the
composite-hypothesis estimator developed in Chapter 5.

4.2. The Single-Dominant-Interferer Approximation

The hypothesis structure adopted in this chapter rests on the W-disjoint orthogonality (WDO) of speech
reviewed in Section 2.7. The physical basis is the harmonic structure of voiced speech: energy con-
centrates on the harmonics of a speaker-specific fundamental, and simultaneous talkers differ in fun-
damental frequency, phonemic content and temporal envelope, so the TF regions in which each talker
contributes appreciable energy are largely non-overlapping (Fig. 4.1). At a given bin, at most one
interferer is therefore taken to be dominant. The approximation has identifiable failure modes: low
frequencies, where the harmonic spacing is dense; consonant—vowel transitions; and bins where two
talkers share a fundamental frequency or a formant. At exactly those bins the Bayesian formulation
degrades gracefully, in the sense that the posteriors derived in Chapter 5 are continuous in [0,1] and
spread probability across hypotheses instead of committing to one.

T T T T T
o | 4
(5]
= b - — = 4
w— — —— — —
- —_— e = = — 4
_— S — — - oo —_— ——
R 1 =1 1 1 L 1 1 1 L 4
time
T T T T T T T T
o = -
(S = = - E 4
= = = =
- = _E = _ o= == 1
L I 1 L =T 1 = i L L
time
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8l I
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time

Figure 4.1: lllustration of approximate W-disjoint orthogonality for two speech signals. Top: spectrogram magnitude |31 (7, w)|
of speaker 1. Middle: |32(7,w)| of speaker 2. Bottom: pointwise product |31 (7, w)$2(7,w)|, which is nearly zero everywhere—
the time—frequency regions carrying significant energy for each speaker are approximately disjoint. This property motivates the
single-dominant-interferer hypothesis adopted in Section 4.5. Reproduced from [44].

4.3. The Bayesian MMSE Expansion

Let h(S) denote an arbitrary functional of the target speech coefficient—for instance, h(S) = S for the
complex DFT coefficient or 2(S) = |S| for the spectral magnitude. For any mutually exclusive and jointly
exhaustive hypothesis set {JHy, 31, . .., Hp} indexing the signal-activity configuration at the current TF
bin, the conditional expectation admits the marginalisation

-
E[n(S) |y] = D _E[A(S) |y, H:] p(Hi | y), (4.4)
i=0
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with posterior weights given by Bayes’ rule,

50 1 y) = PEIH)POG
) = oy 5) PO)

Equation (4.4) is the common analytical starting point for the estimator developed in the remainder of
this thesis. It admits a compact interpretation: the MMSE estimator is a posterior-weighted combination
of conditional estimators, one per hypothesis, in which the conditional estimators act as hypothesis-
specific spatial-spectral filters and the posterior probabilities act as soft weights. The concrete closed
form of (4.4) is determined by two modelling choices:

(4.5)

1. the distributional priors on the target speech, the interferers, and the noise, which dictate the
likelihoods p(y | H;) and the conditional estimators E[h(S) | y, H;]; and

2. the hypothesis set {H,} itself, which enumerates which signal-activity configurations are indexed
by 1.

The first choice is treated in Section 4.4; the second, in Section 4.5.

4.4. Distributional Assumptions

The distributional priors adopted in this work are consistent with the statistical signal models employed
in the foundational analyses of Hendriks et al. [10, 20] and Tesch and Gerkmann [9, 13]. This consis-
tency serves two purposes: it ensures that the closed-form estimators derived from these priors remain
directly comparable with the existing body of multichannel MMSE results, and—as we show in Chap-
ter 5—it enables us to establish a formal structural equivalence between the composite-hypothesis
estimator and the analytic nonlinear spatial filter of [9].

4.4.1. Target Speech Prior
Let S = Ae’¥ with the phase ¢ distributed uniformly on [0,27) and statistically independent of the

magnitude A. The magnitude is modelled by a generalised Gamma distribution with shape parameter
v > 0[20]:

pala) = 2(11:/(5)%)V a® ! exp <—UV% a2> ., a>0, (4.6)

where o% = E[|S|?] denotes the target PSD and I'(-) is the Gamma function. This distributional fam-
ily was adopted in [10] and [9] precisely to model the super-Gaussian, heavy-tailed nature of speech
DFT coefficients: empirical measurements of short-time spectral amplitudes consistently reveal dis-
tributions with higher kurtosis than a Gaussian, reflecting the peaky, intermittent energy structure of
voiced speech. Values of v < 1 capture this excess kurtosis, producing sharper concentration near
zero and heavier tails relative to the Gaussian case (Figure 4.2). In the analytic framework of [10, 9],
this general prior leads to MMSE estimators involving confluent hypergeometric functions M (-, -, ) [46].

To achieve computational tractability while maintaining structural consistency of the speech signal
model across all components of the estimator, we specialise to the case v = 1. Under this choice,
the generalised Gamma distribution (4.6) reduces to the Rayleigh distribution for the magnitude,

2 a®
pA(a)|V:1 = % a exp (—U%) , a >0, (4.7)

and, equivalently, the complex DFT coefficient S follows a zero-mean complex Gaussian distribution:
S ~ CN(0, 02). (4.8)

The Gaussian specialisation (4.8) yields closed-form MVDR-Wiener cascades for each conditional
MMSE branch and enables the likelihoods p(y | 3(;) to be expressed entirely in terms of matrix deter-
minants and quadratic forms, avoiding the hypergeometric functions required by the general prior. We
adopt (4.8) as the working distributional assumption for all subsequent derivations and experiments.
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Figure 4.2: Generalised-Gamma amplitude prior (4.6) for two shape parameters, at fixed target PSD 0'% = 1. Forv = 1 the
prior reduces to a Rayleigh density (equivalently, a zero-mean complex Gaussian for the DFT coefficient S), with a finite mode
away from the origin. For v = 0.25 < 1 the density is strongly super-Gaussian: mass concentrates sharply near zero and the
tail decays more slowly, matching the peaky, intermittent energy of voiced speech DFT coefficients. The Gaussian specialisation

v = 1 adopted in this work trades this heavy-tailed modelling capacity for the closed-form MVDR-Wiener tractability developed
in Chapter 5.

4.4.2. Interferers and Noise: Complex Gaussian

Each interferer V; (for ¢ # j) is modelled as zero-mean complex Gaussian when active, so that its
rank-one multichannel contribution is distributed as

biV; ~ CN(0, Bv,), Ty, = bib] o7, (4.9)
The noise is likewise assumed zero-mean complex Gaussian and always active, n ~ CN(0,Xy).
Although each individual interferer is Gaussian and the noise is Gaussian, the marginal distribution of
the aggregate interference term u in (4.3) is not Gaussian once a hypothesis structure is imposed: it
is a Gaussian mixture with components indexed by the active-interferer hypothesis, as we show next.

4.4.3. Gaussian-Mixture Interference and the Nonlinearity of the Optimal Esti-
mator

Under the composite hypothesis structure introduced in Section 4.5, the marginal distribution of the
interference term is obtained by marginalising over the discrete hypothesis index,

mo:Zﬂ%mw%»:Zm%wmwm&» (4.10)

with X; the interference-plus-noise covariance under J;. A convex combination of distinct Gaussians is
not itself Gaussian, and (4.10) is therefore a Gaussian mixture: a heavy-tailed, generally non-Gaussian

distribution whose empirical presence in multi-talker mixtures has been verified by direct measure-
ment [9].

This observation is what makes the estimator nonlinear. Balan and Rosca [37] proved—and Tesch and
Gerkmann [9] gave a simplified proof—that the multichannel MMSE-optimal estimator separates into
an MVDR beamformer followed by a single-channel post-filter if and only if the interference is Gaussian

(Section 2.5). Under the mixture (4.10) separability therefore fails, and the optimal estimator is a jointly
spatial-spectral nonlinear functional of y.

The nonlinearity enters through the posterior weights of the expansion (4.4). The posterior weights
p(H; | y) depend on y through exponential and determinant factors in (4.5), and the summation over
hypotheses therefore produces an estimator that is nonlinear in y as a whole, even under the Gaussian
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speech assumption (4.8) where each conditional estimator E[S | y, ;] is itself linear. The optimal
multi-source estimator thus takes the form of a probabilistically weighted combination of linear spatial—
spectral filters, and this architecture is concretely realised in Chapter 5.

4.5. Composite Hypothesis Structure
Based on the distributional assumptions established above, we now specify the hypothesis set over
which the Bayesian MMSE expansion (4.4) is evaluated. In target speech extraction, one source is
designated as the target and the remaining I — 1 sources are treated as interferers. Two distinct signal-
activity questions are physically relevant at each TF bin:

(i) whether the target is present at all, and
(ii) which of the I — 1 interferers—if any—contributes dominantly to the interference.

These questions concern different speakers, and we take their answers to be governed by statistically
independent processes. The appropriate hypothesis structure is therefore a Cartesian product of two
hypothesis sets, one over the target and one over the interferers:

My : targetis absent,

Target hypotheses: .
My : targetis present;
(4.11)

Interferer hypotheses: Ho : hoise onIy' (no ir.1terferer.active),

H; : interferer i dominant, i=1,...,1-1.
Under the single-dominant-interferer approximation motivated by WDO (Section 4.2), at most one inter-
ferer is active per TF bin, so the I interferer hypotheses {J{Z—}{;Ol are mutually exclusive; the two target
hypotheses {M,,,} are likewise mutually exclusive.

The product structure of (4.11) spans 2 x I composite hypotheses (M,,,, H;). The Bayesian MMSE
expansion is then applied over all 27 composite states. The target-absent terms vanish, and the chain
rule splits the remaining joint posterior into two factors: the target posterior p(M; | y), and the interferer
posterior p(H; | y, M1), which is conditioned on target presence.

In Chapter 5, we derive the closed-form MMSE estimator that results from this expansion under the
Gaussian signal assumptions (4.8)—(4.9), including the chain-rule factorisation that writes the joint pos-
terior as a product of two factors that can be estimated separately. We further show that the resulting set
of posterior-weighted filters is structurally equivalent to the analytic MMSE-optimal nonlinear spatial fil-
ter derived independently by Hendriks et al. [10] and Tesch and Gerkmann [9] from a Gaussian-mixture
noise model—establishing that the composite-hypothesis expansion and the mixture-component sum-
mation are two representations of the same optimal nonlinear filter, differing only in their probabilistic
interpretation of the summation index.



Closed-Form Composite-Hypothesis
Estimator

Chapter 4 identified a composite hypothesis structure that factorises the signal-activity space at each
time—frequency bin into two axes: target presence and interferer dominance. This chapter derives the
complete closed-form MMSE estimator induced by this structure.

The derivation proceeds in the following order. Sections 5.1 and 5.2 establish the hypothesis set and
the per-hypothesis signal model with their associated likelihoods. Section 5.3 then presents the core
result: the full MMSE expansion over the composite hypothesis space and the chain-rule factorisation
that yields a set of posterior-weighted MVDR-Wiener filters. Section 5.4 derives the conditional MMSE
estimator under each hypothesis—the MVDR-Wiener filter that constitutes each element of that set.
Section 5.5 computes the two sets of closed-form posteriors that activate the bank. Finally, Section 5.6
demonstrates that the resulting estimator is structurally equivalent to the analytic nonlinear spatial filter
of Tesch and Gerkmann [9], establishing that the probabilistic composite-hypothesis expansion and the
Gaussian-mixture MMSE derivation are two perspectives on the same optimal nonlinear filter.

Throughout this chapter the indices (k, 1) are suppressed unless required.

5.1. Composite Hypothesis Structure

We consider the extraction of a single designated target source from a mixture of I — 1 interferers and
noise, captured by an M-element microphone array. The target is characterised by RTF d € C* and
STFT coefficient S with PSD o%; interferer i by RTF b, € CM and STFT coefficient V; with PSD a%/i.

As established in Section 4.5, the signal-activity state at each TF bin is modelled by a Cartesian product
of two mutually exclusive hypothesis sets:

Target: M, (absent), M, (present); (5.1)

Interferer: K, (noise only), 3; (interferer i dominant), i=1,...,I—1. '
The composite hypothesis space thus comprises 21 states {(M,,, 3(;)} with m € {0,1} and i €
{0,1,...,I-1}.

Two properties of (5.1) are used in the sequel and should be distinguished carefully. First, the 27
composite states are mutually exclusive and jointly exhaustive, so that the two posterior sets each
normalise to unity; this is a property of the hypothesis set itself and requires no probabilistic assumption.
Second, we take the two axes to be independent a priori,

PM,,, H;) = P(M,,) P(H,), (5.2)

which reflects the physical separation between the target speaker’s voice-activity process and the in-
terferers’ activity processes: the target speaks or is silent according to its own phonetic content, inde-
pendently of which competitor happens to dominate a given TF bin.

22
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It is important to note that a priori independence (5.2) does not imply independence of the correspond-
ing posteriors: the observation y couples the two axes, because the evidence for target presence
depends on which interference model is assumed and vice versa. The derivations of Sections 5.3
and 5.5 therefore rely on the chain rule, which is an identity, rather than on any posterior factorisa-
tion. Assumption (5.2) is invoked exactly once, in Section 5.5.1, to identify the prior carried by the
target-conditional interferer posterior.

5.2. Per-Hypothesis Signal Model and Likelihoods
5.2.1. Signal Model Under Each Composite Hypothesis

Under the composite hypothesis (M, H;)—target present and interferer i dominant—the multichannel
observation is

y =dS + v, v; ~ CN(0, ), (5.3)
with per-hypothesis interference-plus-noise covariance
3N, i=0,
3 = (5.4)
N + bibflo}, i=1,...,1-1

Under (M, H;)—target absent—the target contribution vanishes and y = v;,.

A structural feature of (5.3) is critical: the target RTF d is invariant across all interferer hypotheses
H;. Only the interference-plus-noise covariance X; changes from one hypothesis to the next. This
invariance produces a bank of MVDR beamformers that all steer in the same target direction but differ
in null placement—each branch places its spatial null towards a different interferer.

5.2.2. Conditional Likelihood Under Target Presence

Since the noise and interferers are modelled as complex Gaussian (Section 4.4.2) and the target prior
under v = 1 is likewise complex Gaussian S ~ CN (0, %), the observation under (M, };) is the sum
of two independent Gaussian components and is itself Gaussian, with the target-inclusive covariance

Y5, &2 %, + dd ol (5.5)

The corresponding likelihood is

p(y | My, ) = | exp(—y" S5t y). (5.6)

7TM |257,;

Conditional Likelihood Under Target Absence. Under M, the target coefficient is identically zero,
S = 0; this is the definition of the target-absent hypothesis. The observation is then governed by the
interference plus noise alone:

1

Mo, H;) =

exp(—y" =7 y). (5.7)
5.2.3. Simplified Likelihood via Matrix Identities
Applying the matrix determinant lemma to (5.5),
1Zsil = 2] (1+&s,), (5.8)
with the per-hypothesis target a priori SNR
s 2 d"'27d o (5.9)

Applying the Sherman—Morrison formula to Eg’ﬁ,

-1 -1
2; _ oyl > tdd?P e 0%

5.10
i T4es: (5.10)
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the quadratic form in (5.6) simplifies:

di -1 y|? o2
Hyty, _ s, _ 1475yl oy 5.11
Yy 5,y =93y T+ €ss (5.11)
Substituting (5.8) and (5.11) into (5.6):
1 i |d" =71 y|? o2
My, H;) = —yllyty 4 T L 7S, 5.12
p(y | 1 ) 7TM ‘Ez| (1 +§S’7,') eXp( Yy 7 y 1 +£S’,i ) ( )
The second term in the exponent is recognised as the per-hypothesis detection statistic:
H s—1 2 2
b oo 1472yl oy (5.13)

1+&s

This statistic measures the energy of the observation along the target direction, whitened by the per-
hypothesis interference covariance and normalised by the per-hypothesis SNR.

Likelihood Ratio. The ratio of the target-present to target-absent likelihoods under the same inter-
ferer hypothesis is
ply | My, 3G) 1
p(y | Mo, 3;) 1+&s,

This ratio drives the per-hypothesis target-presence decision: large ~; indicates strong target energy
under interference model i, pushing the posterior towards M;.

exp('yi). (5.14)

5.3. Core Result: Probability-Activated Beamformer Bank

We now derive the central result of this chapter: the closed-form MMSE estimator over the composite
hypothesis space and its factorisation into a probability-activated bank of spatial-spectral filters.

5.3.1. Full MMSE Expansion
Applying the total-probability MMSE expansion (4.4) with h(S) = S over all 2I composite hypotheses:

I-1
S = Y. D E[S|y, Mm, 3] p(Mm, 3 | y). (5.15)

me{0,1} =0

Elimination of the Target-Absent Terms. Under M, we have S = 0 by the definition of the hypoth-
esis, so the observation carries no information about S. Therefore

E[S |y, Mo, ;] = 0, Vie{01,...,I-1}. (5.16)

All m = 0 terms in (5.15) vanish, reducing the double sum to
S(y) = > B[S |y, My, 3] p(Mi, 3 | y). (5.17)

At this stage, the estimator is a weighted sum of I conditional MMSE estimators (one per interferer
hypothesis), each weighted by the corresponding joint posterior p(M1, H; | y).

5.3.2. Chain-Rule Factorisation

The joint posterior in (5.17) couples the target-presence and interferer-activity decisions. It is tempting
to decouple them by assuming that the two posteriors factorise, p(M1, 3; | y) = p(M; | y) p(3; | y). No
such assumption is required, and none is made here: the chain rule of conditional probability supplies
the same product structure exactly,

| POV, Hi | y) = p(OV | y) - p(3 |y, M) | (5.18)
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Equation (5.18) is an identity valid for any joint law on {M,,} x {3;}. The price of exactness is a
change of meaning in the second factor: it is the interferer posterior conditioned on target presence,
p(H; | y,My), not the marginal p(H; | y). This is not a restriction. What (5.17) requires is the joint
posterior, and the chain rule delivers it exactly, as the product of a target-presence factor and this
target-conditional interferer factor; Section 5.5.1 derives the latter in closed form.

Substituting (5.18) into (5.17), the target-presence posterior factors out of the summation over the
interferer axis, yielding the probability-activated beamformer bank:

I—

S(y) = pM1 | y) Z (F |y, Ma) - E[S [y, My, H;] . (5.19)
i=0

interferer posterior conditional estimator

target posterior

Equation (5.19) is the central equation of this thesis. It is an exact rewriting of the MMSE estima-
tor (5.17), not a factorisation obtained by assumption. The three factors have the following roles.

+ The conditional estimator E[S | y, M;, H;] estimates the target under the assumption that inter-
ferer i dominates. Section 5.4 shows that itis an MVDR beamformer steered at d with interference
covariance ¥;, followed by a Wiener post-filter. There is one such filter per hypothesis; we call
the set of them the filter bank.

 The interferer posterior p(H; | y, M, ) is the probability that interferer : dominates the current bin,
given that the target is present. It weights the corresponding filter. A bin dominated by interferer i
therefore takes most of its output from the filter that nulls interferer .

+ The target posterior p(M; | y) is the probability that the target is present in the current bin. It
multiplies the weighted sum, so the output is suppressed where the target is absent.

5.3.3. Explicit Four-Factor Form

With the branch decomposition (5.29) now in hand, we write each conditional estimator as E[S |
y, M1, H;] = Gw; z:(y), where z;(y) is the per-hypothesis MVDR output and G ; the per-hypothesis
Wiener gain. Substituting into (5.19):

I—
S(y) = pMi | y) Z (3 |y, M1) - Gw,i - zi(y) (5.20)
N—— =0 N —— N———
target posterior interferer posterior Wiener  target MVDR

The estimator is a bank of I MVDR—-Wiener filters, one per interference model. Each filter is weighted by
the interferer posterior, and the weighted sum is muItipIied by the target posterior. Only two quantities
in (5.20) are probabilistic: p(M; | y) and {p(3; | y, M) }1Z). Everything else is a deterministic function
of the signal-model parameters. These two are what the network of Chapter 6 is trained to produce.

5.4. Conditional MMSE Estimator: The MVDR--Wiener Branch

We now derive the conditional estimator E[S | y,M;, ;] that constitutes each branch of the bank
in (5.19).

5.4.1. Derivation Under the Gaussian Prior
Under (M, ;) with the Gaussian target prior (v = 1, i.e., S ~ CN(0,0%)), the observation model (5.3)
is a standard linear-Gaussian model. The conditional posterior of S given y is therefore Gaussian:

Sy, My, H; ~ CN(umw, a§|y,i). (5.21)

The posterior mean and variance are obtained by standard Gaussian conditioning (cf. [47]):
psyy: = ogd’ g3y, (5.22)
0§y = 05 — o5d’ Bg;d. (5.23)

The conditional MMSE estimator is the posterior mean E[S | y, My, ;] = igy,;-
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5.4.2. Reduction to the MVDR--Wiener Cascade
Substituting the Sherman—Morrison expansion (5.10) into (5.22):

S ldd? 2t o2
- i ”S)y. (5.24)

;= 2 dH (E‘—1
Holws = s ®H L+ s
Expanding and collecting terms,

4 dH 2»_1 d) (dH Z}—l y)
= g2 dHm a5 ( i i _ P
'LLS‘va O-Sd A Yy 1 + 5577,' (5 5)

Factoring out d” =, ' y:

2dls'd
.= (d1=71y) o2 (1 - "S) 5.26
Ms‘ya ( 7 y) Os 1 +€S,i ( )
Recalling ¢s; = d ;' d 02, the parenthetical simplifies:
§s.i 1
1- : = , 5.27
T+&si  1+&s (5:27)
yielding
d sy §s,i
i = ! . s 5.28
HSlvd = gisTd " T és, (5:28)
This is recognised as the cascade of two classical components:
d’s 1y €s,i
E[S |y, My, H;] = —== - : , 5.29
[ | Y 1 ] dH z3;1 d 1+ fS,i ( )

zi(y) [MVDR] Gw,; [Wiener]

where:

* z;(y) is the MVDR beamformer steered at the target direction d with interference covariance 3;,
satisfying the distortionless constraint E[z; | S| = S;

* Gw., = &s,.:/(1 + &s,;) is the single-channel Wiener gain.

5.4.3. Per-Hypothesis MVDR Beamformer Properties
Each MVDR beamformer z;(y) solves the constrained optimisation

w; = argmin w X; w st. wild=1, (5.30)

with the closed-form solution

s1d
For i > 1, the covariance 3; = Xy + b; bl a%/i explicitly encodes the rank-one spatial signature of
interferer i. The beamformer therefore places a spatial null towards b; while preserving the target
along d. Under H, (i = 0), ¥y = X and no interferer null is placed—only diffuse noise is suppressed.

The analytical noise floor at the output of each beamformer is

1
H
U?L,post,i = w; X, w;, = W{ld’ (5.32)
and the per-hypothesis a priori SNR (5.9) can be equivalently expressed as
2
f50 = —5—. (5.33)

n,post,¢
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5.5. Closed-Form Posteriors

The estimator (5.20) needs two posteriors: the interferer posterior and the target posterior. Both are
derived here in closed form under the Gaussian target prior v = 1, which is in force throughout this
section. The likelihoods (5.6) and (5.7) are Gaussian only under that prior, and every closed form below
follows from them.

The chain rule (5.18) organises the derivation, with two consequences. First, the interferer posterior
required by (5.20) is p(H; | y,M;), conditioned on target presence, and not the marginal p(3; | y).
Section 5.5.1 derives it. Second, because target presence is carried by the other factor, the likelihood
used for the interferer posterior is evaluated under M; throughout. It is therefore a single Gaussian,
not a mixture over the target axis.

5.5.1. Interferer Posterior

Under the composite hypothesis (M, ;) the observation is, by the per-hypothesis signal model (5.3)
and the target-inclusive covariance (5.5), the sum of independent complex Gaussian components and
is therefore itself complex Gaussian, y | My, H; ~ CN(0,Xs;). Substituting X; = Xy + b; b0,

into £5; = X, + dd¢% and grouping the interferer-independent terms defines the common base
covariance,

S50 £ Bsi|,_, = By + dd” o, (5.34)
comprising the noise and the target with no interferer active (the 3, configuration), so that

y | My, H; ~ CN(0, S50+ b; b} o7,). (5.35)

No approximation is involved: (5.35) is the same law rewritten about the base (5.34). The common
base X5 is shared across all interferer hypotheses and only the rank-one term b; b/ 0‘2/1_ distinguishes
one hypothesis from the next. From the perspective of interferer detection the target simply joins the
always-active background: Xg  plays here exactly the role that the noise covariance X plays in the
single-source multichannel SPP of Chapter 3. The intermittency of the target requires no separate
weighting factor, because o%(k,!) denotes the instantaneous target PSD at bin (k,l) and vanishes
where the target is silent, at which point 357 — X and the detector reduces to its noise-only form.

Applying the matrix determinant lemma and the Sherman—Morrison formula to the covariance in (5.35)
relative to the common base X g gives

~ —1 _ ~
|Zs,0 + bs bl szg| = |Zs0| (1+ &), y" (Zso+b;b o) Ty =y ES})y - gi, (5.36)
where the interferer-detection statistics are defined relative to the common base:
& 2 b S5yb; o, o =0, (5.37)

‘bfl EE}) y|? 0\2/1,
1+§&
Substituting (5.36) into the Gaussian likelihood p(y | My, H;) = 7 |Eg,0+b; b of, |~ exp(—y? (Ts0+

b; b o7, ) 'y) and forming the posterior by Bayes’ rule, the factor 7~ | 0| ~* exp(—y " 2 {y) can-
cels between numerator and denominator, leaving

5 A

Ji o = 0. (5.38)

4

-1 =

p(Hi |y, My) = ]Iz((ij)) . i:::? . eXp(gj — gi) ) (5.39)
? J

The detection statistic §; admits the MVDR-output form
i — Z(y)I> & bl S5hbi sy 2
7 1 + é:i ) 7
where Z; is an MVDR beamformer steered at interferer ¢ within the common base field X (noise plus
target). The functional form of (5.39) is identical to the multi-source MC-SPP formula established in
Chapter 3, with the substitution 3 — X . This substitution reflects the fact that, from the perspective
of interferer detection, the target appears as additional noise.

-1

b 25,0 Yy
1 )

bfl 2570 b;

(5.40)
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5.5.2. Target-Presence Posterior

Per-hypothesis presence probability. Conditioned on a single interferer hypothesis 3;, the target-
presence decision is an ordinary binary test between the composite hypotheses (Mg, 3;) and (M, ;).
Its posterior odds are the prior odds times the reciprocal of the likelihood ratio (5.14), which defines

Mo |y, H;) i Bs,i
4, & PO - 14 €g:) exp — -2 ) 5.41
POV [y, 3) ~ T—gq (o) exp{ =7 re (541)

and therefore yields the standard single-source MC-SPP form, evaluated with the per-hypothesis inter-
ference covariance X;:

-1
-1 i Bs,i
H;) = |1+ 4 = |1 1 i —_ 42
pOG 1y, 90) = [1+4,] Pt e o) a2
with per-hypothesis parameters:
€si = (=7 B,,), ®,, 2 dd" o2, (5.43)
55’,2’ £ yH 271 (I)zz Efly, (544)
o 21— —%ul (5.45)

tr[®@ s + tr[ Py ]

where ®,, ; = 3, is the interference-plus-noise spatial covariance of hypothesis i. Comparing (5.44)
with the detection statistic (5.13) confirms 5s,/(1 + £s,;) = i, so that (5.41) is indeed (5.14) inverted
and weighted by the prior odds. The model prior underlying ¢; is the target-absence probability P(M,),
which the a priori independence of Section 5.1 makes common to all interferer configurations; (5.45) is
its per-bin plug-in estimate, evaluated separately under each interference model because the reference
against which target dominance is judged changes with the hypothesis, following the single-source
convention of Chapter 3.

The gate required by (5.20) is the unconditional p(M; | y), which follows from (5.42) in three exact
steps. Writing the joint posterior in its two chain-rule expansions,

p(Hi [ y) p(Mi |y, Hi) = p(My, Hi [ y) = p(My | y) p(3G |y, My), (5.46)

and dividing by p(M; | y, H;), which by (5.42) is strictly positive for every finite A;, isolates the marginal
interferer posterior p(H; | y),

p(Hily) = pMy | y) p(H; |y, My) (1+ Ay). (5.47)

Summing (5.47) over i and taking the i-independent factor p(M; | y) outside the sum,

-1 -1 -1
D op(3ly) = pOV [ y) | D p(3 [y, Ma) + Y p(H [y, M) A |, (5.48)
=0 ~ =0 ~ =0

where both underbraced sums equal unity because the interferer hypotheses {J—Ci}{;ol are mutually ex-
clusive and jointly exhaustive (5.1), a property preserved under conditioning on M;. Rearranging (5.48)
gives the composite target-presence posterior in closed form,

-1 -1

q; BSi
pMy | y) + ZZ:; p(H;i |y, My) A; ; i 1—q (1+&s) exp( 1 +£S,i>

(5.49)
The marginal interferer posterior p(H; | y) appears only as an intermediate quantity in (5.47) and is
eliminated by its own normalisation; the result is driven entirely by the target-conditional posterior (5.39)
and the per-hypothesis statistics (5.43)—(5.45). Every step from (5.46) to (5.49) is an identity: (5.49)
invokes no independence between the two hypothesis axes, no approximation to any distribution, and
it remains exact even if the target-absence prior varies across interferer configurations.
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Single-source reduction. For I = 1 only H; exists, so p(Ho | y,M;) = 1 and 3y = Xy. Equa-
tion (5.49) then collapses to p(M; | y) = [1 + 4]~ !, which is exactly the single-source multichannel
SPP of Chapter 3, consistent with property (iv) of Section 5.7.

Summary. The estimator (5.20) needs only two posteriors: the interferer posterior {p(3(; | y, M;) f;ol
of (5.39), and the target posterior p(M; | y) of (5.49). Their product is the joint posterior p(M, H; | y)
used in (5.20). This product follows from the chain rule (5.18); no factorisation is assumed. Both
posteriors can be computed from the signal parameters {b;, ‘7\2/ud’ 0%, N}, or estimated by a neural
network from the observation. In either case the posterior estimation stays separate from the filtering
in (5.20).

5.6. Structural Equivalence with the Tesch--Gerkmann Nonlinear
Spatial Filter

Tesch and Gerkmann [9] derived the MMSE-optimal estimator for a multichannel observation corrupted
by Gaussian-mixture noise with V. mixture components, each with covariance ®,,, and mixture weight
c¢m- The component count is written N, rather than M, which denotes the number of microphones
throughout this thesis. Under a generalised-Gamma speech prior with shape parameter v, their esti-
mator (cf. [9, Eq. (17)]) reads

= 2 7(m)
E Cm Qm oyl 75 Tyivor (Y)
v e Y m Y M V+1’ 2’ Pm
m=1 |(I’m| 14 (dHéfnld)*l + O—% ( )
Tinasn(y) = % o . (550)

Hg—1
e YV Y M(y, 1, Py)

with:
* Qm = (v+di®, 'do%)"", as part of Thivsk(y) reparameterisation.

e T (y) = ZZZ:T;Z’ which is exactly the standard architecture of the MVDR beamformer.

2 JHg—1 (m) 2
ogd” @ d\TMT,DR|

v(dH®, ' d)~1+02

* P, = as part of T\ivsg(y) reparameterisation.

Note that capital P, is part of the parameter definition from T\nvse(y) formulation, rather than proba-
bility. We now show that (5.50) and (5.19) have identical algebraic structure.

5.6.1. Notation Correspondence

The mapping between the probabilistic composite-hypothesis framework and the Gaussian-mixture
framework of Tesch and Gerkmann is:

Gaussian-mixture component m

Mixture weight c¢,,,

Component covariance ®,,

Interferer hypothesis ;,
Hypothesis prior P(H;),

Per-hypothesis covariance X, (5.51)

[11]

Ti\vor(Y) zi(y).

The key conceptual difference is one of interpretation: the Tesch—-Gerkmann framework treats the N,
mixture components as statistical parameters of a noise distribution model, fitted via the expectation-
maximisation algorithm from observed noise data; the composite-hypothesis framework treats the 1
hypotheses as physical signal-activity states, each representing a specific interferer’s spatial signature.
Despite this difference in interpretation, the mathematical operations are identical.

We rewrite (5.50) as a posterior-weighted sum by defining the posterior weight of component m:
A Cm Qm |(I’m|_1 e_qu);Lly M(V7 1a Pm)
Z Cm! Qmy |¢)m’|71 B_qu):n}y ]\4(1/7 1, Pm/).

pm(y) (5.52)
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The denominator in (5.50) is precisely > (---) = p(y), the marginal likelihood of the Gaussian-mixture
observation model. Then (5.50) becomes

N 2
vog M(v+1, 2, Py,) (m)
TMMSE(y) - Z pm(y) ' (V (dH@*lSd)—l +0.§) M(V 1. P ) ’ TMVDR(y)' (553)
m=1 m y 4y m

generalised spectral gain under component m

5.6.2. Specialisationtor =1

For the Gaussian speech prior (v = 1), the confluent hypergeometric functions satisfy M(1,1,z) =
M(2,2,x2) = e® (verified from the Pochhammer-symbol series), so the hypergeometric ratio equals
unity. The spectral gain then reduces to

1- 0?9 dH{);lld 0% B Esm

1-(dF®,'d)" +0%  1+di®,'do%  1+&sm’

(5.54)

which is the Wiener gain Gw . The posterior weight simplifies correspondingly. Using the Gaussian
likelihood p(y | H.n) = cm /(7™M |®,,|(1+E5.m)) -exp(—y @, 1y +7,,) and recognising p,.(y) = p(Hm |
y), the Tesch—-Gerkmann estimator at v = 1 becomes

Tuvse®)],_, = Y 2(Hm | Y) - Cwm - Tipvor (). (5.55)

m

Applying the notation correspondence (5.51):

~
|
-

Tumse(y)|,_, = ' p(Hily) - Gw,i - zi(y). (5.56)

S
I
o

5.6.3. Structural Identity: From Single-Axis to Two-Axis Hypothesis
The Tesch—Gerkmann estimator (5.56) is the MMSE-optimal nonlinear spatial filter under the assump-
tion that the target is always present. Formally, the Tesch—Gerkmann signal model employs the prior

p(S) = CN(0, %), (5.57)

and the MMSE expansion is performed over a single-axis hypothesis set {i}(i}{;(} indexing the interferer

activity alone:
I—

Tumse(y) = Y p(3 | y) - B[S |3, y]. (5.58)
=0

=

In the composite-hypothesis framework, the target prior is generalised to allow for target absence:
p(S) = P(M1) CN(0, 0%) + P(My) 6(S). (5.59)

The MMSE expansion is now performed over the two-axis hypothesis space {M,,,} x {H;}. After the
target-absent terms vanish (E[S | Mo, 3;, y] = 0, cf. (5.16)), the estimator reduces to

Sty) = 2 pMy, 3 |y) - E[S [ My, 3G, y]. (5.60)

Two observations establish that (5.60) inherits the same nonlinear spatial filter structure as (5.58).

Joint posterior as a two-axis extension. The single-axis posterior p(H; | y) extended from the
Tesch framework weights each branch by the probability that interferer i dominates, under the implicit
assumption that the target is present. The two-axis joint posterior p(My, H; | y) plays the same role for
the interferers, and in addition carries the target-presence probability. Both decisions are thus encoded
in a single posterior over the product hypothesis space.
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Substituting (5.29) into (5.60):

-1
= pM.Hi|y) - Gw. - z(y) (5.61)
=0 oint posterior MVDR-Wiener branch

Equations (5.58) and (5.61) share the same nonlinear spatial filter: a probability-weighted bank of
MVDR-Wiener branches, each placing its null towards a different interferer. The transition from the
Tesch framework to the composite-hypothesis framework does not alter this filter architecture; it extends
the single-axis posterior p(3; | y) to the two-axis joint posterior p(M;,H; | y), thereby embedding
target-presence detection into the same posterior. Under P(M;) = 1, the prior (5.59) reduces to (5.57),
and the joint posterior collapses to the Tesch posterior, recovering the single-axis estimator exactly.

The superior spatial selectivity demonstrated by Tesch and Gerkmann [9]—in particular, the ability of
the nonlinear filter to suppress more than M — 1 directional interferers with an M-element array—is
therefore shared with the composite-hypothesis estimator. Because the interferer posterior changes
from bin to bin, a different filter dominates in different bins, so the bank is not limited by the degrees of
freedom of a single linear beamformer.

This structural identity motivates the implementation of Chapter 6: a neural network estimates the
interferer posterior and the target posterior, while the model-based MVDR-Wiener bank (5.20) performs
the filtering.

5.7. Properties of the Composite-Hypothesis Estimator

(i) Common target-directed MVDR. All beamformers {z;(y)}._, share the target RTF d, preserving
target energy at every TF bin regardless of which interferer dominates.

(i) The two posteriors can be estimated separately. The chain rule (5.18) writes the joint posterior
as a product of two factors. They are different quantities, so they can be produced by two separate
networks or estimation pipelines. This does not assume that they are independent: both depend on
the same observation. It only means that neither has to be computed inside the other. In the analytic
evaluation the two are computed in sequence, because the target posterior (5.49) uses the interferer
posterior (5.39).

(iii) Posterior normalisation. Because the mterferer hypotheses are mutually exclusive and jointly ex-
haustive, the interferer posteriors satisfy Zl o p(in | y,My) = 1, ensuring that the bank output is a
convex combination of the branch outputs. Normalisation is preserved under conditioning on M; and
is what allows the marginal interferer posterior to be eliminated in (5.48).

(iv) Single-source reduction. When I = 1 (no interferer), only 3{, exists, p(3 | y,M;) = 1, and the
estimator reduces to S = p(M; | y) - Gw,o - 20(y), the standard MC-SPP-weighted MVDR-Wiener
cascade of Chapter 3.

(v) Nonlinearity through the posterior weights. The estimator (5.20) is nonlinear in y through the poste-
rior weights, even though each branch is individually linear under the Gaussian prior v = 1. A second,
intra-branch nonlinearity appears for v < 1, where the spectral gain itself depends on the observation;
the branch estimator for that case is given in Appendix A.

(vi) Graceful WDO degradation. The continuous interferer posteriors distribute mass between hypothe-
ses at TF bins where multiple interferers overlap, interpolating between ideal binary masking and ideal
ratio masking behaviour.



Algorithm Design: DNN-Guided
Realisation of the Estimator

Chapter 5 established what the optimal estimator is. Its result, the four-factor bank (5.20), is an exact
statement—but a conditional one: it presumes that the two posteriors of Chapter 5 and the signal-model
quantities they are evaluated from are available. In a deployed system none of them is. This chapter
specifies how the estimator is realised: which quantities have to be produced from the observation, by
what architecture, and under what supervision.

This chapter fixes the algorithm: the input it consumes, the architecture that maps that input to the
two posteriors, the model-based bank those posteriors activate, the recursions that supply the spatial
statistics, and the objective under which the whole is trained. The corpus, the reference systems, the
metrics and the results are discussed in Chapter 7.

Section 6.1 states the estimation problem that Chapter 5 leaves open, and separates carefully the
quantities that are available at inference from those that exist only during training. Section 6.2 gives the
resulting signal flow. Section 6.3 specifies the learned posterior-estimation stage, and Section 6.4 the
model-based filtering stage together with the posterior-controlled recursions that supply its parameters.
Section 6.5 closes the chapter with the supervision and the training objective.

6.1. What Is Known and What Must Be Estimated

The estimator (5.20) consumes five quantities. Two of them are probabilistic—the interferer poste-
rior {p(H; | y,M;)}.Z) and the target posterior p(M, | y)—and three are signal-model parameters:
the target relative transfer function d, the per-hypothesis interference-plus-noise covariances {2,;};01
of (5.4), and the target power spectral density o2. Everything else in (5.20)—the beamformer weights,
the Wiener gains, the branch outputs—is a deterministic function of these five.

At inference, the only input is the mixture. The system observes the multichannel STFT y(k,1)
and nothing else. It is given no direction of arrival, no voice-activity information, no separated source,
no noise-only segment and no room impulse response. All five quantities above must therefore be
produced from y alone. They are obtained in two different ways, and the distinction organises the rest
of the chapter:

 the two posteriors are /learned: a neural front end maps the stacked STFT directly to them
(Section 6.3). This is the only learned component of the system;

+ the three signal-model parameters are not learned. They are formed by recursive averag-
ing of the observation, arbitrated by the very posteriors the front end emits (Section 6.4): each
covariance is updated only at those time—frequency bins that the posteriors attribute to the cor-
responding hypothesis, and the relative transfer function and the target PSD follow from those
covariances by covariance subtraction and spectral subtraction respectively.

32
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No oracle quantity enters this path at any point, and no quantity computed from ground truth is used to
filter the observation.

At training, ground truth is available—but only as a loss target. Because the corpus is simulated
(Chapter 7), three further quantities exist during training that do not exist at inference: the dry per-
source images, the isolated noise field, and the direct-path room impulse responses. From these the
true Xy, d, {b;}, 0% and {07, } can be formed exactly, and substituting them into the closed forms of
Chapter 5 yields oracle posteriors: the values the network would emit if the signal statistics were known.
They are used as regression targets for the network (Section 6.5). They are treated as constants when
the loss is differentiated, so no gradient is propagated back through the oracle computation; this is what
is meant below by a stop-gradient.

Ground-truth quantities appear in exactly one place, the loss; they appear in no equation of the filtering
path; and at inference they are unavailable and unused. Table 6.1 in Section 6.4 tabulates the prove-
nance of every quantity for the proposed system and for the two reference systems of Chapter 7, and
confirms that the proposed system is the only one of the three that receives no oracle information at
test time.

Why the parameters are estimated through the posteriors. A conventional DNN-guided beam-
former would have the network predict the spatial statistics themselves—a mask from which covari-
ances are accumulated, or a relative transfer function directly. The composite-hypothesis structure
suggests a different division of labour. The network is asked only to resolve the discrete signal-activity
ambiguity—which interferer dominates a bin, and whether the target is present—which is a classification
problem with a well-defined probabilistic answer and, because the corpus is simulated, a computable
oracle target. Every operation that touches the observation itself is then a deterministic function pre-
scribed by the signal model. This is the same principle as the classical MC-SPP-guided recursion of
Chapter 3, applied on the two-axis hypothesis space of Chapter 5: a soft attribution of each bin to a
hypothesis, used to arbitrate which statistics that bin is allowed to update.

6.2. Signal-Processing Pipeline

The proposed system instantiates the four-factor estimator (5.20) as a two-stage pipeline that cleanly
separates a data-driven posterior-estimation stage from a model-based spatial-spectral filtering stage.
Figure 6.1 summarises the end-to-end signal flow. The multichannel time-domain mixture is first trans-
formed to the STFT domain and its real and imaginary parts are stacked across channels to form the
network input. A neural front end then produces the two posteriors required by the estimator: the in-
terferer posterior {p(H; | y,M;)} and the target posterior p(M; | y). These posteriors do not filter the
signal themselves. They weight a bank of MVDR-Wiener filters that operate directly on the observed
STFT, as detailed in Section 6.4 and shown in Figure 6.3. The bank output is the probability-weighted
combination of branch estimates, which is finally returned to the time domain by the inverse STFT to
yield the extracted target.

A defining feature of this architecture is that the learned component never produces the enhanced signal
directly. This division of labour is what allows the estimator to inherit the analytic optimality properties
established in Chapter 5, and it is the principal structural difference from the end-to-end baseline.

Note that our system does not, however, remove the parameter-estimation problem: the bank
still requires a target RTF, a per-hypothesis covariance and a target PSD, none of which is avail-
able at inference. These are obtained from the observation under the control of the same posteriors
that route the bank, as specified in Section 6.4; no oracle quantity enters the filtering path.

6.3. Network Architecture: Two Decoupled Posterior Estimators

The chain rule (5.18) writes the joint posterior as an exact product of the target posterior and the in-
terferer posterior. The two are different quantities, so they can be produced by two networks that
share no parameters, and the split costs nothing in optimality. The front end is therefore implemented
as two parallel sub-networks—an interferer network and a target network—each mapping the same
stacked-STFT input to one of the two posteriors. Figure 6.2 shows this arrangement.
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i p(FC; |y, Mq) Wi
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Figure 6.1: End-to-end signal-processing pipeline of the proposed composite-hypothesis system. The multichannel mixture y
is transformed to the STFT domain and mapped by the posterior network to the interferer posterior {p(3(; | y,M1)} and the
target posterior p(M1 | y). These posteriors weight a model-based MVDR—-Wiener bank that filters the observed STFT directly
(Figure 6.3); the inverse STFT returns the extracted target 5. During training only (dashed), oracle posteriors computed from the
ground-truth dry sources and direct-path relative transfer functions supervise the network; at inference no oracle information is
used.

The two posteriors are driven by different cues, which is the reason for keeping the networks separate.
Deciding which competing talker dominates a bin is a spatial question: it requires the inter-microphone
phase and level differences. Deciding whether the target is present is mainly a spectro-temporal energy
question about one source whose position does not change. A single shared network would have to
trade these two feature types against each other in its hidden representation; two networks let each
specialise. This is the practical use of property (ii) in Section 5.7.

A lighter alternative is a shared backbone with two separate output projections, which would reduce
both parameters and computation. Itis not used here because it reintroduces the shared representation
that the separation is meant to avoid, but it is a natural extension if model size becomes a constraint.

Both sub-networks share the same backbone topology, chosen to match the joint narrow-band/wide-
band structure that has proven effective for multichannel mask estimation [13]. Each processes the
input with two stacked recurrent layers operating on complementary axes of the time—frequency plane:
the first traverses the frequency axis, allowing the network to exploit cross-band spatial structure at a
fixed frame, and the second traverses the time axis, capturing temporal context at a fixed band. A final
linear projection maps the recurrent features to the required number of outputs. The two sub-networks
differ only in their output layer and activation:

+ the interferer network projects to I logits—one per interferer hypothesis H,, . . ., H;_;—followed
by a softmax across the hypothesis axis, which enforces the normalisation . p(3{; | y,M;) =1
required by property (iii) of Section 5.7;

« the target network projects to a single logit followed by a sigmoid, yielding a probability p(M; |
y) € [0,1] per TF bin.

The softmax and the sigmoid are the probabilistic counterparts of the two hypothesis sets: a categorical
distribution over the mutually exclusive interferer hypotheses, and a Bernoulli distribution over target
presence. The network therefore outputs exactly the two posteriors that (5.20) requires. It emits no
power spectral densities and no filter coefficients.

6.4. Model-Based Filtering Stage

The two posteriors weight the MVDR-Wiener bank (5.20), shown in Figure 6.3. Branch i is the target-
directed MVDR beamformer (5.31) with interference covariance X;, followed by the Wiener gain (5.29).
All branches share the same target RTF d and differ only through 32;, so each places its null towards
a different interferer. Nothing in this stage is learned: given d, {¥;} and o, every quantity in (5.20)
follows from those two equations. The deployed form is (6.12) at the end of this section.

The bank is nonlinear in y even though each branch is linear, because the interferer posterior depends
on the observation through the exponential and determinant factors of (5.39). This is property (v) of
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Hypothesis network (spatial cues)
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Target-presence network (energy cues)

Figure 6.2: The two posterior networks. Two sub-networks with no shared parameters map the same stacked-STFT observation
to the two posteriors. Each applies a frequency-axis and a time-axis recurrent layer followed by a linear projection, and they
differ only in their output size and activation. The interferer network emits a softmax-normalised categorical posterior over the
I interferer hypotheses; the target network emits a per-bin Bernoulli posterior. Keeping them separate means neither has to
represent both the spatial cues that identify the dominant interferer and the spectro-temporal cues that indicate target presence.

Section 5.7.

The three signal-model parameters—the target RTF d, the per-hypothesis covariances {Ei}{:‘ol of (5.4),

and the target PSD o%—are not available at inference. Chapter 5 treats them as known, as is standard
in the analytic MMSE literature [10, 9], so the optimality of (5.20) is conditional on them. The rest of this
section specifies how they are estimated. The same two posteriors that weight the bank also control
the recursive averaging from which {ﬁ]i} and d are formed, so no oracle quantity enters the filtering
path.

The scheme is the multi-source counterpart of the MC-SPP-guided recursion of Chapter 3, applied
on the two-axis hypothesis space: the covariance of hypothesis JH; is updated only at those time—
frequency bins that the posteriors attribute to that hypothesis.

6.4.1. Posterior-controlled Interference Covariances.

The interference covariance of hypothesis H; describes the observation when the target is absent and
interferer ¢ is dominant. Both conditions are read off the two posteriors, and their product forms an
adaptive smoothing factor

eri(k, 1) = 1 — (1—a) p(Hi | y) (1—p(M1 | ), (6.1)
which drives the recursive update

ﬁ]i(kja l) = O‘eff,i(kv l) ﬁ:z(kal - 1) + (1 - aeﬂ,i(k’ l)) y(ka l) yH(k7 l)v ﬁ]i(kja O) = y(kja 0) yH(k’ 0)7

(6.2)
with « € (0, 1) the nominal smoothing constant. The product of the two posteriors is what gives (6.2)
its meaning. When both posteriors agree on the interference-only condition (p(H; | y) — 1 and p(M; |
y) — 0) the smoothing factor collapses to a.s; — « and the estimate tracks the observation rapidly;
when either condition fails, a.¢; — 1 and the recursion freezes, so that frames contaminated by the
target, or attributed to a different interferer, contribute nothing to 3;. The weight is written inside the
smoothing factor rather than applied to the instantaneous outer product, as it is in the single-source
form of Chapter 3. This keeps each update a convex combination, so the scale of the estimate is
preserved; a weight applied to yy* alone would shrink the covariance towards zero in the very regions
where the recursion is meant to hold it constant.

One point requires care. The network emits the target-conditional interferer posterior p(3H; | y, M),
whereas (6.1) needs the marginal p(H; | y), since the update is performed on bins where the target is
absent. The marginal follows from the two estimated posteriors through (5.47).

6.4.2. Diagonal Loading
Chapter 5 presumes d and %, to be known exactly, whereas both are estimated here. Accumulated
error in the recursions, together with imperfect posterior weighting, can leave d inaccurate. In a real
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deployment the estimated RTF is also perturbed by deviations of the microphone positions from their
nominal geometry, by reverberation, and by small movements of the target speaker. We therefore apply
diagonal loading, which improves the numerical conditioning of the matrix inverse and penalises the
norm of the beamformer weights, making the branch more robust to RTF error:

A ~ -1
ZI £ (Zi + (5/\7IM> , A; = max

m,m’

[Ei]mm/

: (6.3)

where scaling the loading by the magnitude A; of the matrix itself makes § dimensionless and level-
independent. The loading used inside the bank is deliberately larger than the purely numerical regu-
larisation applied to the oracle covariances of Section 6.5.1, trading a small amount of null depth for
robustness against leakage-induced cancellation.

6.4.3. Target-present Common-base Covariance and the RTF.

The target RTF is obtained by covariance subtraction followed by a rank-one projection [48], which
requires a second recursion accumulating the observation when the target is present. Using the com-
plementary condition—target present and no interferer dominant—gives

et s(k, 1) =1 — (1—a)p(Ho | y) p(My | y), (6.4)

Bsok,l) = aem,s(k, 1) Esolk,l —1) + (1 — aer,s(k, 1)) y(k, 1)y (k,1). (6.5)

The notation is deliberate: the configuration selected by (6.4) is target present with the J, (noise-only)
interference model, which is exactly the common-base covariance X5y = X x + ddHag of (5.34). The
weight is moreover exact: because the network emits the target-conditional interferer posterior, the
product p(Ho | y, M) p(M; | y) in (6.4) is exactly H(My, Hy | y) by the chain rule (5.18), which is the
configuration that the X5 ( update requires.

Subtracting the two recursions removes the noise contribution and leaves the rank-one target term.
Because the source azimuths and the array are fixed within an utterance (Section 7.1.3), the RTF is
frequency-dependent but time-invariant, and the subtraction is performed on the utterance-averaged
matrices to suppress the variance of the per-frame estimates:

1

L L
(k) = H(A®) +AT®), AR = %Zﬁ]syo(k,l) = 2SS0kl ~ d(k) d (k) o3(k),
=1 =1

(6.6)
the Hermitian symmetrisation removing the small anti-Hermitian part left by finite-precision arithmetic.
Since @, is theoretically rank one, the RTF is recovered as its principal eigenvector, normalised so
that the reference-microphone entry is unity as the definition of an RTF requires:

~ Umax (‘Abw:v(k))
dk) = —
B = T (B ()]

|

, umax(-) 2 eigenvector of the largest eigenvalue. (6.7)

Mref

The normalisation in (6.7) simultaneously resolves the arbitrary complex scaling of the eigenvector and
enforces [d],,... = 1. Taking the principal eigenvector rather than a single column of &,, makes the es-
timate a best rank-one approximation in the least-squares sense and is markedly more robust when the
subtraction in (6.6) leaves a residual full-rank component. Note that this is the covariance-subtraction
family of RTF estimators, in which the target covariance is formed by subtracting the interference co-
variance and then projected onto its dominant subspace [48]. It is distinct from covariance whitening,
which instead takes the principal generalised eigenvector of the pencil (<i>yy7 ﬁ)N) [45]. Note that a sin-
gle RTF is estimated and shared by all I branches, in accordance with property (i) of Section 5.7: the
branches differ only through ;. Note also that the utterance-level averaging in (6.6) makes the RTF es-
timate non-causal, whereas the covariance recursions (6.2) and (6.5) are strictly causal; a block-online
variant, in which the averages are taken over a sliding window, is a direct extension.

6.4.4. Branch a priori SNR and Wiener Gain.
The branch gain Gw; = £s.i/(1 + &s,;) of (5.29) requires the per-branch a priori SNR, and hence o%.
Rather than estimating the target PSD separately, we exploit the fact that the MVDR output noise floor
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Table 6.1: Provenance of the parameters required by each system at inference. Only the oracle MVDR receives ground-truth
statistics; the proposed system estimates every quantity from the observation under posterior control, and the end-to-end baseline
forms no explicit statistics at all.

Quantity Proposed (MC-SPP bank) Baseline (FT-JNF) Oracle MVDR
Target RTF d estimated, Eqgs. (6.6)—(6.7) not formed oracle (direct-path RIR)
Interference cov. X; estimated, Eq. (6.2) not formed oracle X (isolated noise)
Target PSD o2 estimated, Eq. (6.11) not formed not used (no post-filter)
Posteriors p(- | y) network, from y only not formed not used

Oracle information at inference none none 3¥n~, RTF
Number of spatial nulls 1, soft-selected per bin implicit M — 1, fixed

is available in closed form from quantities already computed. With the estimated statistics substituted
into (5.31) and (5.32), each branch produces

i (k. 1) = df‘fd alkd) = o'y, 5 u(h]) = dH;d ©.8)

The output power and the noise floor are smoothed recursively,
b (k1) = ad.,(k1—1) + (1—a)|zk1)| (6.9)
D,i(k,1) = agPni(k,1—1) + (1 —0ag) 62 pes.i(k. 1), (6.10)

and the target PSD at the beamformer output follows by spectral subtraction, giving the a priori SNR
and the gain

A2. ) 2 )
6%, = max(®,, — .4, 0), &gy = 78y Gwi = maX<A £s.i Gmm>. (6.11)

(i)n,i’ gs,i +B7

For 8 = 1 the gain in (6.11) is exactly the analytic Wiener gain of (5.29); 8 > 1 trades speech distortion
for additional residual suppression, in the manner of the parameterised multichannel Wiener filter, and
the floor G,;;, bounds the attenuation applied to any single bin and thereby limits the musical-noise
artefacts to which spectral-subtraction SNR estimates are prone. The distortionless constraint w” d = 1
is what makes (6.11) legitimate: because the target passes each branch unit-gain, the excess of the
output power over the analytic noise floor is an estimate of the target PSD itself, so no separate PSD
estimator is required.

Substituting (6.8)—(6.11) and the two estimated posteriors into (5.20) gives the deployed estimator in
full,

A I_l A~

S(k,1) = pMy [y) D (i |y, My) Gw ik, 1) z(k, 1), (6.12)

1=0
in which every factor is a function of the observation alone.

Table 6.1 summarises the provenance of each quantity for the three systems compared in Chapter 7,
and answers directly the question of whether that comparison is fair with respect to parameter knowl-
edge. The proposed system receives no oracle information at inference. The end-to-end baseline
of Section 7.2 requires no spatial statistics at all—an RTF and a covariance model are never formed,
since the complex ratio mask absorbs the entire spatial-spectral operation into a learned function—so
there is no corresponding estimation problem to solve, and none to grant it an advantage in. The ora-
cle MVDR of Section 7.2.1, by contrast, is deliberately given both its noise covariance and its relative
transfer function from ground truth, precisely so that it measures the ceiling of linear spatial filtering
rather than the loss incurred by parameter estimation. The comparison of Section 7.5.1 is therefore
conservative with respect to the proposed system on two counts: it is scored against an anechoic ref-
erence that a spatial filter cannot attain, and it is compared against a linear reference whose statistics
are exact while its own are estimated from the mixture.
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Figure 6.3: Probability-activated MVDR—Wiener bank realising the four-factor estimator (5.20). Each of the I branches applies
a target-directed MVDR beamformer z; with a per-hypothesis interference covariance, followed by a Wiener gain G ;. Branch
outputs are weighted by the interferer posterior p(H; | y,M1), summed, and the sum is multiplied by the target posterior
p(M1 | y). The spatial statistics parameterising the bank are estimated recursively from the observation under the control of the
same two posteriors (Section 6.4), so no oracle information enters at inference.

A final remark closes the loop with the training procedure. The oracle posteriors of Section 6.5.1 are
computed from ground-truth quantities, but they enter the system only as regression targets for the
network, under the stop-gradient of Section 6.1; they never appear in (6.2)-(6.12). The dashed branch
of Figure 6.1 is therefore severed at inference, and the statistics that parameterise the bank at test time
are formed exclusively by the recursions of this section.

6.5. Oracle-Guided Training and Loss Design

Training the proposed system poses a supervision problem that does not arise for end-to-end mask
estimators: the network must learn to emit posteriors that carry a specific probabilistic meaning, yet the
only externally available target is the clean speech waveform. We resolve this with a two-part objective
that combines a signal-level enhancement loss with a dense posterior-supervision loss derived from
oracle quantities.

6.5.1. Oracle Posterior Supervision

Because the corpus is fully simulated, the ground-truth separated sources, the isolated noise field, and
the direct-path relative transfer functions are all available at training time (Section 7.1 of Chapter 7).
From these we compute the oracle interferer posteriors and target-presence posterior—evaluations of
the closed-form expressions (5.39) and (5.49) with the true signal statistics substituted for their esti-
mates. These oracle posteriors provide dense, per-TF-bin references for the network’s posterior out-
puts. As detailed in Section 6.5.2, the oracle interferer posterior enters the training objective directly,
anchoring the interferer network to its intended probabilistic meaning, while the oracle target posterior
serves as an analysis reference against which the learned one is compared (Section 7.5.3). The oracle
computation is performed under a stop-gradient and only during training. At inference the network relies
solely on the observation, and the model-based bank is parameterised entirely by observation-driven
recursive estimates, so no oracle information is present in the deployed system.

The target-presence oracle is itself a posterior-weighted average of per-hypothesis presence proba-
bilities (5.49), evaluated per TF bin from the true target and interference power spectra; the interferer
oracle is the categorical posterior over the interferer hypotheses induced by the true per-hypothesis
covariances. The interferer oracle supplies the training signal for the interferer network of Section 6.3;
the target oracle provides the reference used to assess the learned target posterior in Section 7.5.3.

6.5.2. Loss Design
The training objective combines a signal-level enhancement loss on the extracted target with a posterior-
supervision loss on the interferer network, weighted by a fixed coefficient throughout training:

L = Lenn + Ao Loc. (6.13)
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Figure 6.4: Training and inference phases of the proposed composite-hypothesis system. During training (left) the network sees
only the multichannel mixture and produces the interferer posterior p(3(; | y, M1) and the target posterior p(M; | y). These
weight the same model-based MVDR-Wiener bank that is used at inference, so the enhanced estimate S is produced inside the
training loop. The ground-truth quantities enter only through the loss: the oracle interferer posterior of Eq. (5.39), computed from
the isolated noise, the per-source dry images and the direct-path RIRs, supervises the interferer network, while the dry target
supplies the reference of the dual-path ¢; enhancement loss. The oracle target posterior is evaluated for monitoring only and
is not a term of £; the target network is trained through £.,,;, alone. At inference (right) the two posteriors replace every oracle
quantity: they control the recursive estimation of the per-hypothesis covariances 33; and of the common base ﬁ?s,o, from which
a single relative transfer function d—shared by all branches—is recovered by covariance subtraction, and they then weight
the branch outputs of the bank. The dashed box marks the model-based stage of Section 6.4; no oracle information enters
the filtering path at inference. In the smoothing-factor expressions p(J;) abbreviates p(H; | y,M1) and p(M;) abbreviates
p(Mi | y).

Both terms are active from the first epoch, with a constant weight \s¢; the interferer posterior and the
enhancement mapping are therefore learned jointly rather than in separate stages.

Enhancement loss. The enhancement term is a dual-path ¢; loss evaluated jointly in the time and
spectral-magnitude domains, penalising both the retained target and the removed residual. Let S de-
note the estimated target STFT produced by the bank (5.20) and S the anechoic target reference of
Section 7.1.3 of Chapter 7, with corresponding waveforms s and s. Let Y,,, . be the reference-channel
mixture STFT, and define the residual signals R 2 Y,, . —Sand R 2Y,, . — S, with waveforms r and
7. The enhancement loss is

ref

Can = S5 =5l + [[r=7ll,) + [1S1=1811l, + | 1BI= 1R[], (6.14)
N—— ——
target, time residual, time target, magnitude residual, magnitude

where «, weights the time-domain group relative to the magnitude group. The residual is defined
on the shared reference channel, so that the two time-domain terms are linked through the identity
r — 7 = —(s — §); the residual path therefore contributes new information principally through its mag-
nitude term, and the factor % on the time-domain group keeps its aggregate weight comparable to a
single-path time-domain loss. Penalising the residual in addition to the target discourages the estimator
from suppressing target energy in order to reduce interference leakage, since any target component re-
moved into R is penalised by the residual terms. This dual-path form is identical to the criterion used by
the baseline of Section 7.2, so that both systems are optimised towards the same signal-fidelity objec-
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tive and any performance difference is attributable to the estimator structure rather than to a mismatch
in training loss.

Interferer-posterior supervision. The interferer network is anchored to its intended probabilistic
meaning by penalising the discrepancy between the estimated and oracle interferer posteriors of Sec-
tion 6.5.1. Write (3, | y, M;) for the estimate, p°(H; | y, M) for its oracle counterpart (5.39), and wy,
for the frequency weight at bin k. The posteriors are treated as bounded regression targets, and the
discrepancy is measured by a frequency-weighted mean squared error:

~
—_

1
Loo = 7o 20 20 20wk (P0G | 9,00) — p°(3G | 9. 0) " (6.15)
k=1 I=1

Il
o

%

At each bin both quantities are categorical distributions, so a Kullback—Leibler objective is also natural;
that variant was implemented as well and is reported in Appendix B. The oracle posteriors are com-
puted under a stop-gradient and only during training (Section 6.5.1); at inference the interferer network
operates on the observation alone.

Target posterior. The target posterior p(M; | y) is not supervised by a dedicated posterior loss.
Because it multiplies the entire bank output in (5.20), it receives gradients directly from the enhance-
ment loss (6.14) and is learned end-to-end. This ties the target-presence estimate to the signal-fidelity
objective rather than to an oracle that is itself only an approximation at the frame level, and it avoids
imposing a target whose optimal value need not coincide with the level of suppression that minimises
the enhancement loss. The learned posterior is compared with its oracle in Section 7.5.3.



Experimental Evaluation

Chapter 5 derived the estimator from the mathematical perspective and Chapter 6 specified the al-
gorithm that realises it. This chapter evaluates that algorithm. Section 7.1 describes the simulated
multi-talker corpus and the acoustic conditions under which every system is measured; Section 7.2
defines the two reference systems—an end-to-end complex-mask network and a non-neural oracle
MVDR beamformer that fixes the ceiling of linear spatial filtering; Section 7.3 states the error metrics
and the scoring convention; Section 7.4 lists the configuration of each system together with the controls
that reduce the comparison to a single axis; and Section 7.5 reports and analyses the results.

7.1. Dataset Construction and Acoustic Environment

This section describes the simulated multi-talker corpus on which all subsequent experiments are con-
ducted. The dataset is generated by an image-source room-acoustics simulation that places a des-
ignated target speaker together with several competing talkers and a directional noise source in a
reverberant enclosure, and renders the resulting multichannel mixture at a compact microphone array.
The construction is designed to instantiate exactly the composite-hypothesis signal model of Chapter 5:
a single target source of interest, a fixed number of spatially separated interferers, and an always-active
background-noise field.

7.1.1. Source Material

Speakers clean speech is drawn from the TSP speech corpus [49], resampled to a working sampling
rate of fs = 16kHz. Speakers are partitioned at the speaker level into disjoint training, validation,
and test sets, so that no speaker identity appearing in training recurs at validation or test time. Of the
available speakers, three are held out for validation and three for test, with the remainder assigned to
training; the split is drawn once from a fixed random seed and held constant across all experiments
to guarantee reproducibility. Within each generated mixture, all I speech sources—the target and the
I — 1 competing talkers—are drawn from this same split-specific pool: each of the target utterances
within every group is taken in turn from the pool, and the I — 1 interferer utterances are sampled from
the corpus independently. Role assignment is by spatial position: the source at 0° is the target and
the remaining sources are interferers. Because interferers are sampled with replacement from the full
pool, the same speaker may in rare cases contribute more than one source within a mixture; To avoid
this, individual target speakers are manually separated with chosen interferers. Also, the fixed per-
source azimuths and independent random time offsets nonetheless render such sources spatially and
temporally distinct.

The directional interfering noise is drawn from the NoiseX-92 database [50], resampled to 16 kHz. A
single noise recording is selected per mixture and rendered as a point source in the room (Section 7.1.4),
providing a spatially coherent, non-speech interferer in addition to the competing talkers.

41
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7.1.2. Room and Array Geometry

Each mixture is simulated in an independently randomised shoebox room using the image-source
method [51]. The room dimensions are sampled uniformly per mixture, with width in [2.5,5.0] m, length
in [3.0,9.0] m, and height in [2.2, 3.5] m. Reverberation is controlled through the reverberation time Ty,
sampled uniformly in [0.2,0.5] s and converted to wall absorption via the inverse Sabine formula.

The array is a uniform circular array of M = 3 omnidirectional microphones with radius 5 cm. The array
centre is placed at a randomised position within the room interior, at a fixed height of 1.5m, with a
randomised azimuthal orientation ¢. All sources are positioned on the horizontal plane relative to this
array-centred, rotated reference frame.

7.1.3. Source Configuration
Each mixture comprises I = 5 simultaneously active speech sources placed at fixed azimuths relative
to the array orientation, namely

6 € {0°, 72°, 144°, 216°, 288°}, (7.1)

i.e. equi-spaced around the array at 72° separation. The source at 0° is designated as the target; the
remaining four are treated as interfering talkers. Fixing the source azimuths across the corpus isolates
the effect of the spectro-temporal activity patterns and the interference statistics from that of angular
variability, consistent with the fixed-geometry assumption under which the closed-form estimator of
Chapter 5 is derived.

Each source is placed at a randomised radial distance in [1.0,1.5] m from the array centre, at a height
sampled around 1.6 m; positions are redrawn as needed to ensure they lie within the room interior.
Every source signal is normalised and time-shifted by a random offset prior to rendering, so that the
competing utterances are temporally misaligned. This misalignment emulates the asynchronous na-
ture of real multi-talker speech scenario, in which speakers do not begin or pause altogether, while
increasing the randomness of each mixture samples of the acoustic datasets. To introduce level vari-
ability across the interferers, a per-source gain is sampled uniformly in [0.3,0.7] and applied to each
competing talker, while the target source gain is fixed to unity so that the target level is held constant
across the corpus.

Each source is rendered through the simulated room to obtain its reverberant image at all A/ micro-
phones. In parallel, an anechoic (direct-path) rendering of the target is retained as the clean reference
signal for training and evaluation; the corresponding direct-path relative transfer function is likewise
retained, providing the target steering information required by the oracle quantities of Chapter 5.

One aspect of the level convention governs the interference statistics seen by the estimator: each
source, target and interferers alike, is scaled by a single scalar gain that is constant for the whole
utterance, and no time-varying gain schedule is imposed.

Figure 7.1 illustrates a representative set of reference-microphone source envelopes under this con-
vention: the target retains unit gain, the interferers are attenuated by their respective constant gains,
and the block heights—depicting short-time energy—vary over time solely as a consequence of the
underlying speech.

7.1.4. Noise Field

The background-noise field combines two components. A spatially diffuse noise field is synthesised
from the microphone geometry to model incoherent ambient noise: per-frequency inter-microphone
coherences are imposed through a spherically-isotropic (sinc) coherence model and applied to inde-
pendent complex-Gaussian sequences, yielding a multichannel diffuse field consistent with the array
geometry [52, 53]. The diffuse field is scaled to a target signal-to-noise ratio sampled uniformly in
[5,10] dB relative to the aggregate speech mixture.

Superimposed on the diffuse field is a single directional noise source, drawn from NoiseX-92 and ren-
dered as a point source at a fixed azimuth of 60° and distance 1 m from the array, at the same Ty, as
the speech sources. This directional component is scaled to a signal-to-noise ratio sampled uniformly
in [5, 10] dB relative to the speech mixture. The total noise field is the sum of the diffuse and directional
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Figure 7.1: Representative reference-microphone energy envelopes of the five sources over one 15s mixture. Block heights
depict short-time speech energy, which varies over time as an intrinsic property of the speech waveforms; all five sources are
active throughout the utterance. Each source is scaled by a single constant gain «; that is fixed for the duration of the utterance—
the target at unit gain (ap = 1) and the interferers attenuated by «; ~ U[0.3,0.7]—so that the per-source level is time-invariant
while the source energy is not. No time-varying gain schedule is applied to any source.

components; it is always active, in accordance with the always-active noise assumption of the signal
model. Microphone self-noise, which is commonly added at 30-50dB SNR to model sensor noise, is
not simulated here. Its omission makes the array output slightly cleaner at high frequencies than a
physical array would be, and is noted as a limitation in Section 8.2.

7.1.5. Mixture Signal and Dataset Composition
The multichannel mixture presented to every system is the sum of all reverberant source images and
the total noise field,

I
y =S 4 +n, (7.2)
=1

where y°v is the gain-scaled reverberant image of source i and n the total (diffuse plus directional)
noise field. Each rendered example is 15s in duration at 16 kHz.

The corpus comprises 1000 training, 100 validation, and 100 test mixtures (1200 in total), drawn from
the speaker-disjoint partition of Section 7.1.1. At 15s per mixture and a 16 kHz sampling rate, this
corresponds to approximately 4.2 h of rendered training audio and 25 min each of validation and test
material. This is a small training set by the standards of the field, where corpora of tens of hours are
common; the consequences are discussed in Section 8.2. Each mixture is generated from a single
random seed fixed by its index within the split, and every stochastic parameter of the acoustic scene—
the room dimensions, the array placement and orientation, the source distances and temporal offsets,
the per-source gains, the selected speech and noise recordings, and the diffuse- and directional-noise
signal-to-noise ratios—is drawn in a fixed order from a random number generator initialised with that
seed. The mapping from index to rendered multichannel signal is therefore deterministic: regenerating
a given index reproduces the corresponding mixture sample-for-sample.

In these settings, two benefits are preserved: First, the dataset is fully specified by the generation code
together with the index set and need not be archived as audio, as it can be regenerated on demand.
Second, any two systems evaluated on the same indices are presented with identical acoustic scenes,
which is what makes the controlled comparison of Section 6.6 exact: any difference observed between
the proposed system and the baseline is attributable to the estimators themselves rather than to a
discrepancy in the data on which they were trained and evaluated.
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7.1.6. Short-Time Fourier Transform Configuration

All processing is carried out in the STFT domain. Signals are analysed with a 512-sample window
(32ms at 16 kHz) and a 256-sample hop (16 ms, 50% overlap), using a square-root Hann window for
both analysis and synthesis to satisfy the constant-overlap-add reconstruction condition. This yields
K = 257 non-redundant frequency bins per frame, matching the frequency-domain signal model on
which the estimator of Chapter 5 operates.

A visualization of acoustic environment in this experiment is shown as follows:

Reverberant shoebox room-(Ts, € [0.2,0.5] s) UCA: M=3,
radius 5cm

o

® 2

/\h
kY
;

o

Sources (fixed azimuth)
e S1: target, 0°
Sa: interferer, 72° o
S3: interferer, 144°
S4: interferer, 216°
S5: interferer, 288°
* Npt: point noise, 60°, 1m

Figure 7.2: Top-view schematic of one representative realisation of the simulated acoustic environment. A uniform circular
array of M=3 omnidirectional microphones (radius 5cm, drawn enlarged for visibility) is placed at a randomised position and
orientation within a reverberant shoebox room (Tso € [0.2,0.5] s). Five speech sources S-S5 are fixed at equi-spaced azimuths
{0°,72°,144°,216°,288°} relative to the array orientation (listed in the legend), at randomised radial distances in [1.0, 1.5] m;
S1 is the designated target (red) and S2—S5 are interfering talkers (orange). A directional point-noise source Ny (teal, drawn
from NoiseX-92) is placed at a fixed azimuth of 60° and distance 1 m, superimposed on a spatially diffuse background noise
field; both noise components are scaled to SNR € [5, 10] dB relative to the speech mixture. Room dimensions, array placement
and orientation, source distances and temporal offsets, per-interferer gains, and noise realisations are re-randomised for every
mixture.

7.2. Baseline System Design

The baseline is a direct, end-to-end multichannel mask estimator representative of the deep non-linear
spatial filters of Tesch and Gerkmann [9, 13], against which the composite-hypothesis estimator was
shown to be structurally related in Section 5.6. It uses the same joint frequency—time recurrent back-
bone as the proposed front end, but is applied to the enhancement task in the conventional way: from
the stacked-STFT observation it predicts a complex-valued ratio mask, which is applied multiplicatively
to the reference-channel mixture to produce the enhanced target. The mask is trained with a joint time-
domain and spectral-magnitude ¢; objective evaluated on both the extracted target and the residual,
matching the enhancement criterion of Section 6.5.2.

The baseline is deliberately constructed to differ from the proposed system along exactly one axis—the
estimator structure—while holding every other experimental factor fixed. Concretely, the two systems
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are aligned as follows. They consume the same multichannel mixture (7.2), regress towards the same
anechoic target reference, are evaluated on the same held-out test scenes, and share the same STFT
front end, reference microphone, and enhancement-loss form. Under these controls, the comparison
isolates the contribution of the proposed architecture: an end-to-end network that produces the en-
hanced signal directly, versus a network that estimates only the activation posteriors and delegates the
spatial-spectral filtering to a model-based bank.

Two structural distinctions between the systems are worth making explicit, as they frame the inter-
pretation of the results. First, the baseline is a single network that jointly resolves spatial separation
and spectral enhancement, whereas the proposed system decomposes the problem into a learned
posterior-estimation stage and an analytic filtering stage. Second, the baseline mask acts end-to-end
and can in principle learn a joint separation-and-dereverberation mapping, whereas the model-based
bank of the proposed system is a spatial filter and performs no explicit dereverberation. A per-bin
spatial filter preserves the target component that is aligned with the target direction—the direct path
together with the reflections that fall inside one analysis window—at unit gain, and attenuates the later
reverberation only to the extent that it behaves like the interference field being minimised. Some of
the target’s reverberation therefore survives at the beamformer output, and against an anechoic refer-
ence all of it counts as error. The end-to-end baseline is under no such constraint. This asymmetry is
accounted for in the analysis of the results.

7.2.1. Non-Neural Classic Linear Beamforming Upper Bound: Oracle MVDR

To place the two neural systems against classical signal processing, we include a third reference point:
a purely non-neural, model-based minimum-variance distortionless-response (MVDR) beamformer,
granted oracle statistics so that it reflects the performance ceiling attainable by a linear spatial filter
on this task rather than the loss incurred by parameter estimation. The pipeline is shown in Figure 7.3.

The beamformer is applied to the multichannel mixture in the Souden formulation, using two oracle
quantities.” The noise spatial covariance Xy is estimated from the ground-truth isolated noise, and
the the target relative transfer function is computed directly from the ground-truth direct-path room im-
pulse response of the speech. The beamformer output is returned to the time domain. A spatial filter
preserves the target’s propagation delay, whereas the anechoic reference does not, so a delay compen-
sation is applied before scoring: the enhanced signal is shifted to the lag of maximum cross-correlation
with the reference, which removes the constant propagation offset without altering the waveform; the
same compensation is applied to the unprocessed mixture so that the reported improvement is not an
artefact of alignment. Crucially, only the direct path signals and early reflections of the target speech
are predominantly retained and, when scored against the anechoic target, the latter count as residual
error. The MVDR requires no training and uses the identical mixtures, reference, and test split as the
two neural systems.

] Oracle STET delay metrics
noisy (STFT) MVDR ' compensation vs. dry ref.
A

1
1 oracle

. Xy from GT noise .
' RTF from GT direct RIR

|
________________ -

ground truth

Figure 7.3: Non-neural upper bound: an oracle MVDR beamformer with delay-compensated evaluation. The noise covariance
3 v is taken from the ground-truth isolated noise and the target relative transfer function from the ground-truth direct-path impulse
response. No dereverberation is performed; the beamformer output is the target's reverberant image, delay-aligned to the
anechoic reference before scoring. The cascade requires no training and uses the same mixtures, reference, and test split as
the neural systems.

"The oracle beamformer follows the reference implementations in github. com/Enny1991/beamformers.
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7.3. Evaluation Metrics

All systems are scored against the same reference—the anechoic (direct-path) image of the target at the
reference microphone, retained during rendering as described in Section 7.1.3—using four standard
objective measures that between them cover signal fidelity, perceptual quality and intelligibility. For
every measure we report both the absolute value on the enhanced signal and the improvement A
over the unprocessed reference-channel mixture, computed per utterance and then averaged over the
test set. Reporting A alongside the absolute value removes the per-scene variability of the operating
point, which differs from mixture to mixture through the randomised room, source distances and noise
realisations.

Scale-invariant signal-to-distortion ratio (SI-SDR). SI-SDR measures waveform-level fidelity after
projecting the estimate onto the reference and normalising out any overall gain, so that a system cannot
improve its score by rescaling its output. It is the most direct measure of how much of the target
waveform has been recovered and how much interference and distortion remain. Being a waveform
measure it is sensitive to phase and to the reverberant tail, and therefore penalises a spatial filter that
preserves the target's reverberant image when that image is scored against an anechoic reference.

Perceptual evaluation of speech quality (PESQ). PESQ models perceived quality on a mean-
opinion-score scale and responds to artefacts—musical noise, spectral holes, residual interference—
that a purely energetic measure need not penalise in proportion to their audibility. We report the wide-
band variant at the 16 kHz working rate.

Short-time objective intelligibility (STOI) and its extended variant (ESTOI). STOI correlates short-
time envelopes of reference and estimate within octave bands and predicts intelligibility. ESTOI addi-
tionally accounts for the correlation between spectral bands within a segment, which makes it markedly
more reliable for modulated, speech-like interference—precisely the regime of the present corpus, in
which the interference consists of competing talkers. Both are reported, since the two behave differently
under multi-talker interference and their disagreement is itself informative.

7.4. Experimental Configuration

Both systems are trained and evaluated on the corpus of Section 7.1 (I = 5 sources, M = 3 micro-
phones, 16 kHz), using the STFT front end of Section 7.1.6 and reference channel m,.;. Optimisation
uses Adam with value-clipped gradients; each utterance is processed in randomly positioned fixed-
length segments. The configurations of the two systems are summarised in Table 7.1; together they
realise the controlled comparison of Section 7.2. We report the settings that bear on the comparison;
the remaining constants—the recursive smoothing factors and the diagonal-loading terms that regu-
larise the covariance inverses in the model-based bank, together with the fixed Wiener floor—follow
the classical MC-SPP-guided pipeline of Chapter 3 and are held fixed across runs.

Posterior-supervision loss. The posterior-supervision term L4 is the frequency-weighted mean
squared error (6.15); the Kullback—Leibler variant of Appendix B was also implemented but is not used
for the reported results. The reason is one of experimental control rather than of principle: the MSE form
matches the regression-style (¢,/¢;) character of the enhancement loss and of the baseline objective
of Section 7.2, so that the two neural systems are trained under a consistent class of criteria and the
comparison isolates the estimator structure rather than the choice of posterior loss.

The recurrent width of each system and the time-domain loss weight «, are tuned independently for
the two systems and reported as used.

7.5. Results and Analysis

7.5.1. Enhancement Performance

Table 7.2 reports full-utterance results on the held-out test set for the two neural systems and, as a non-
neural reference point, the oracle MVDR beamformer of Section 7.2.1, measured by SI-SDR, PESQ,
STOI, and extended STOI (ESTOI), together with the improvement A over the unprocessed mixture.
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Table 7.1: Configuration of the proposed and baseline systems. Settings above the rule are held identical to realise the controlled
comparison of Section 7.2; settings below are tuned independently.

Setting Proposed Baseline
Sampling rate 16 kHz 16 kHz
STFT window / hop 512/ 256 512 /256
Analysis window v/--Hann v/--Hann
Reference channel Myef Myef
Segment length 2.5s 2.5s
Optimiser Adam (107%) Adam (107%)
Gradient clipping value, 5.0 value, 5.0
Train / val / test 1000 / 100 / 100 1000 / 100 / 100
Enhancement loss dual-path ¢, (6.14) dual-path ¢,
Estimator output activation posteriors complex ratio mask
Recurrent width 384 /192 512/ 256
Time-domain weight a, 3 10
Posterior weight A\s¢ 0.5 —

LR schedule plateau (x0.9) constant

The operating point is demanding: the input mixture has an SI-SDR of —8.3 dB, with five simultaneously
active talkers, a directional interferer, and a diffuse noise field. All three systems improve over the noisy
input, but by markedly different margins.

The oracle MVDR establishes the ceiling of linear spatial filtering on this task. Despite oracle noise
statistics and an oracle relative transfer function—so that no estimation loss is incurred—it improves
SI-SDR by only +5.19 dB and, tellingly, leaves the enhanced signal at a still-negative —3.11 dB; it barely
moves perceptual quality (+-0.01 PESQ) and yields only moderate intelligibility gains (+0.09 STOI, +0.13
ESTOI). Two structural limitations account for this ceiling. First, the spatial degrees of freedom: with
M = 3 microphones the beamformer can place at most M — 1 = 2 independent spatial nulls, which is
insufficient to suppress the four simultaneous interferers, so residual interference necessarily remains.
Second, the absence of dereverberation: the beamformer is distortionless towards the direct-path of
the target speech. However, as a spatial filter, MVDR itself does not contain any dereverberation capa-
bilities, which means it is not capable of separating the early reflections from the direct path. Since the
anechoic reference contains only the direct path signals, everything the beamformer retains beyond
the direct path is scored as error. In modern signal processing operations the reverberant image usu-
ally requires special blocks (like weighted prediction error (WPE) [54]) to perform the dereverberation
procedure. The MVDR thus quantifies precisely how far a classical linear front end can go here, and
motivates the nonlinear approaches that follow.

Both neural systems improve SI-SDR by roughly twice the margin of the linear upper bound (+10.28
and +11.26 against +5.19dB), and, unlike the MVDR, lift the enhanced signal to positive SI-SDR. This
is the empirical counterpart of the argument in Section 5.6: a nonlinear filter is not bound by the M — 1
null budget of a single linear beamformer, and can suppress more interferers than the array has spatial
degrees of freedom. Between the two neural systems, the proposed composite-hypothesis estimator
attains the larger SI-SDR improvement, exceeding the end-to-end baseline by roughly one decibel
(+11.26 against +10.28dB), and the larger PESQ improvement (+0.53 against +0.50). On the two
intelligibility measures the neural systems are statistically indistinguishable, the differences (0.01 in both
STOI and ESTOI) lying well within a standard deviation. Both remove enough interference to restore
intelligibility, so the intelligibility measures saturate to a common level; the advantage of the probability-
activated bank appears in the signal-level fidelity of the recovered target—captured most directly by
SI-SDR, and to a lesser extent by PESQ—uwhich reflects the per-bin adaptation of the spatial null to
the dominant interferer. The relatively small standard deviations of the improvements (e.g. +1.69dB
for the proposed SI-SDR gain) indicate that this behaviour is consistent across the test set rather than
driven by a few favourable scenes.

It is worth noting the criterion against which these results are obtained. All systems are scored against
the anechoic target. The end-to-end baseline can in principle attain this reference in full, since its mask
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can learn a joint separation-and-dereverberation mapping; both the proposed bank and the oracle
MVDR are spatial filters that preserve the target’s reverberant image and perform no dereverberation,
so both face the same anechoic-reference handicap. That the proposed system nonetheless matches
or exceeds the baseline, and far exceeds the linear upper bound, indicates that the gain from the
model-based spatial-spectral filtering more than compensates for the dereverberation handicap of the
criterion.

Table 7.2: Full-utterance results on the test set (mean =+ std). A is the improvement over the unprocessed mixture (mean =+ std);

all systems are scored against the same anechoic target reference on the same test scenes. The oracle MVDR is a non-neural,
linear upper bound. Best A per metric in bold.

System SI-SDR (dB) PESQ STOI ESTOI
Unprocessed (noisy) —8.30 £ 2.64 1.03 £0.01 0.58 £ 0.06 0.24 £0.06
Oracle MVDR Enh. —3.11 + 2.66 1.04 £0.01 0.67 = 0.07 0.37 = 0.09
A +5.19 £1.08 +0.01£0.15 40.09+0.02 +0.13+0.04
Baseline (FT-JNF) Enh. 1.97£2.82 1.53+0.13 0.84 £ 0.06 0.63 £0.12
A +10.28+1.34 +0.50+0.13 +40.26+0.04 +0.38+0.08
Enh. 2.95+£1.98 1.56 £0.13 0.83 £ 0.06 0.61 £0.12

Proposed (MC-SPP bank) - (™" 11961160 10534013 10254003 +0.37+0.08

7.5.2. Model Size and Computational Cost

Table 7.3 gives a per-layer breakdown of the parameter and MAC counts of the two neural systems,
and Table 7.4 summarises the aggregate cost, with multiply—accumulate operations (MACs) reported
both per 2.5s input segment and normalised per second of audio so that the figure is independent
of the segment length. The counts follow from the layer structure of each network: the baseline is
a single bidirectional FT-JNF backbone with recurrent widths 512/256, whereas the proposed system
comprises two parameter-independent sub-networks (Section 6.3) with recurrent widths 384/192 each,
its per-layer total being the sum of the two sub-networks net_a and net_b in Table 7.3.

Table 7.3: Per-layer parameter and per-second MAC breakdown of the two neural systems. MACs/s is the multiply—accumulate
rate in GMACs per second of audio; “x2” denotes the two parameter-independent sub-networks of the proposed system. BLSTM
denotes a bidirectional LSTM layer.

Layer Structure Params MACs/s (GMACs)
Proposed (MC-SPP bank), 384/192, two sub-networks

Istm1 x2  BLSTM(6 — 384) 1,204,224 x 2 38.67
Istm2 x2 BLSTM(768 —192) 1,477,632 x 2 47.60
ff (net_a) Linear(384—5) 1,925 0.03
ff (net_b) Linear(384—1) 385 0.01
Total net_a 2,683,781 + net_b 2,682,241 5,366,022 86.31
Baseline (FT-JNF), 512/256, complex ratio mask

Istm1 BLSTM(6 — 512) 2,129,920 34.24
Istm2 BLSTM(1024 — 256) 2,625,536 42.31
ff Linear(512—2) 1,026 0.02
Total 4,756,482 76.57

Despite carrying two separate recurrent stacks, the proposed system is of comparable cost to the single-
network baseline: at 384/192 it uses about 12.8% more parameters and about 12.7% more compute
than the baseline. The two effects nearly cancel—the doubling from the two sub-networks is offset by
their smaller width—so that estimating the posteriors with two decoupled sub-networks incurs only a
modest overhead over a single end-to-end mask network of the same family, while yielding the higher
SI-SDR and PESQ of Table 7.2.

The decoupled architecture also degrades gracefully under width reduction. Halving the recurrent
widths to 256/128 brings the two sub-networks to almost exactly half the baseline’s cost (roughly 50%
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of its MACs), and the accuracy penalty is small: in that lighter configuration the system still attains a
best PESQ improvement of +0.45 and STOI/ESTOI improvements of approximately +0.22 and +0.32,
against +0.53, +-0.25, and +0.37 for the full 384/192 model. The method therefore offers a favourable
accuracy—cost trade-off: a substantial reduction in computation costs only a small, controlled compro-
mise in enhancement quality.

Table 7.4: Aggregate model size and computational cost. MACs are reported per 2.5 s input segment and per second of audio
(GMACs/s); the last column is the cost relative to the baseline.

System Params MACs (2.5s) GMACs/s rel. baseline
Baseline (FT-JNF, 512/256) 4.76 M 191.42G 76.57 100%
Proposed (MC-SPP, 384/192)  5.37M 215.77G 86.31 112.7%

7.5.3. Interpretability of the Estimated Posteriors

A property that distinguishes the proposed system from an end-to-end mask estimator is that its learned
front end produces quantities with an explicit probabilistic meaning, which can be inspected directly.
This provides an interpretability handle that a complex ratio mask does not expose: one can ask whether
the network has recovered the intended signal-activity decomposition, and not merely an opaque map-
ping that reduces the loss.

Oracle Hy

Figure 7.4: Estimated versus oracle interferer posteriors {p(H; | y,M1) ;1:0 for a representative test utterance. Top row:
oracle; bottom row: network estimate. H is the noise-only hypothesis; 3{1—34 correspond to the four interfering talkers. Axes
are frequency bin (vertical) against time frame (horizontal); colour encodes posterior probability in [0, 1].

Figure 7.4 shows the interferer posteriors {p(3; | y,M;)}}_,, oracle above and network estimate be-
low. The most conspicuous feature—the near-uniformly bright field of the noise-only panel 3, against
the sparse, dark foregrounds of H,—H,—is a direct consequence of the posterior (5.39) and the spar-
sity of speech. The hypotheses are mutually exclusive and, through the softmax normalisation, satisfy
S p( |y, My) = 1 atevery TF bin; the five panels therefore partition a unit mass and must be read
jointly. At a bin that carries no dominant interferer harmonic—that is, a bin excited only by the diffuse
background—every interferer detection statistic in (5.39) collapses towards zero: the interferer SNR
& and the beamformer-output term §; vanish when no energy aligns with the corresponding steering
direction b;, and the posterior mass defaults to H,. Because at most a few of the five talkers are simul-
taneously voiced at any single TF point, the overwhelming maijority of bins are inactive for any given
interferer, and 3, accordingly claims the entire sparse background—hence its bright, near-saturated
field. Each interferer panel ;, by contrast, is illuminated only along the narrow harmonic ridges where
talker ¢ is momentarily the dominant source, and is dark elsewhere. The complementarity is exact:
superimposing the four foreground panels reconstructs the support of all competing-talker activity, and
its set complement is precisely the bright region of .

The estimated posteriors (lower row) reproduce this assignment faithfully. The differences from the
oracle are systematic rather than random: the sharp oracle ridges broaden into gradients, and the H,
background is scattered with intermediate values. Both occur at bins where two interferers are active
at once, so that the single-dominant-interferer assumption of Section 4.5 does not hold. At such a bin
the network divides the probability between the two corresponding hypotheses instead of assigning it
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to one, which is what the scattered intermediate values are. These are bounded departures rather than
hard misclassifications: the assignment of harmonic regions to interferers is preserved.
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Figure 7.5: Estimated versus oracle target-presence posterior p(M; | y) for the same test utterance. The learned gate (right)
tracks the oracle (left) and localises the target’'s harmonic activity, despite being trained only through the enhancement loss.

Figure 7.5 shows the target posterior p(M; | y), and its resemblance to a clean-speech spectrogram is
not incidental but a property that the estimator is mathematically obliged to exhibit. From (5.49), p(M; |
y) is a strictly decreasing function of the interferer-posterior-weighted average of the per-hypothesis
odds A;, each of which follows the multichannel MC-SPP form and is monotonically decreasing in
a quadratic detection statistic 5s,; = yHZi‘l@m Ei_ly, in which the target power spectral density
®,, = dd"o% enters linearly. Since o%(k,l) = |S(k,1)|? is the instantaneous power of the clean target
at the reference microphone, the statistic is large exactly where the target's own magnitude spectrum
is large and small where it is not. The presence posterior is therefore, to first order, a soft-thresholded
image of the anechoic target magnitude spectrogram, and must reproduce its defining structure: the
harmonic comb of the target pitch, the formant envelope shaping the comb, and the syllabic pattern of
onsets and offsets in time.

The two-dimensional posteriors of Figures 7.4 and 7.5 summarise the full time—frequency plane; to
examine the temporal fidelity of the estimate more closely, Figure 7.6 plots the estimated and oracle
posterior trajectories over time at a single frequency bin (1 kHz), for the target and the first two interferers.
The estimated trajectory follows the oracle’s on/off activity pattern frame by frame, rising and falling in
step with each source’s harmonic excitation at that frequency; the shaded intervals mark the frames in
which the target is dominant. The residual discrepancies are the smooth, partial-activation excursions
expected of a soft posterior at transitions and at frames where more than one source contributes—
precisely the graceful degradation of the single-dominant-interferer approximation anticipated in Sec-
tion 4.5, rather than hard estimation errors.
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Figure 7.6: Tracking of the oracle posterior by the network estimate. Temporal posterior trajectories at a single frequency bin
(1kHz) over a 5 s excerpt, for the target (Source 0) and the first two interferers (Sources 1 and 2). Solid: oracle; dashed: network
estimate. The shaded intervals in the top panel mark the frames in which the target is dominant. The estimate tracks the oracle’s
frame-by-frame activity, with soft transitions at bins where multiple sources overlap.

7.5.4. Spectrogram Comparison

We now examine the enhancement in the time—frequency domain. Figures 7.7 and 7.8 show reference-
microphone spectrograms for the proposed system and the baseline respectively, on the same test
utterance; in each, the three panels are, left to right, the noisy mixture, the anechoic target reference,
and the enhanced output. The noisy and target panels are common to both figures and define the
problem: the noisy mixture is a dense superposition of five talkers’ harmonics filled in by broadband
noise, in which the target is not visually separable, while the anechoic target is a sparse harmonic
comb shaped by a formant envelope and punctuated by syllabic onsets and offsets—the structure each
system must recover. We describe the two enhanced outputs in turn and then compare them directly.
A single utterance is illustrative rather than conclusive; the quantitative ranking of the two systems is
established over the full test set in Table 7.2, and the spectrograms serve only to characterise how the
two enhanced outputs differ.
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Figure 7.7: Proposed system (MC-SPP bank), common test utterance. Left to right: noisy mixture, anechoic target reference,
enhanced output.

For the proposed system (Figure 7.7), the enhanced panel recovers the target's harmonic comb along
the target-active frames and removes the dense competing-talker harmonics that dominate the noisy
panel. Its residual, however, has a distinctly granular character: the target-inactive background is not
a smooth floor but a finely fluctuating, noise-like field. This texture is the expected signature of the
model-based bank. The per-branch spatial covariances and the Wiener post-filter gain are estimated
recursively from the observation under posterior control, and in low-energy time—frequency bins these
estimates fluctuate strongly, so that the applied gain varies rapidly from bin to bin, retaining a low-
level granular residual across the background. Faint interferer traces additionally survive at isolated
points where two talkers are simultaneously strong—the bins at which the single-dominant-interferer
assumption of the interferer posterior is violated (Section 7.5.3).
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Figure 7.8: Baseline system (FT-JNF), same test utterance. Left to right: noisy mixture, anechoic target reference, enhanced
output.

For the baseline (Figure 7.8), the enhanced panel likewise recovers the target harmonics and strongly
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attenuates the competing talkers, but its residual is markedly smoother. The complex ratio mask is a
single learned function that drives the target-inactive regions towards zero directly, without the per-bin
covariance inversion and gain estimation that inject fluctuation in the model-based bank; the baseline
background is consequently largely free of the granular, musical-noise texture of the proposed out-
put. This smoothness is not without cost. Because the mask acts multiplicatively on the mixture, the
output inherits the mixture’s own time—frequency structure and can only attenuate, not synthesise, en-
ergy: where the mask is imperfect it tends to leave coherent, partially-suppressed structure rather than
grain, and target harmonics buried below the interference tend to be recovered with reduced amplitude.
These are structural rather than granular residuals, and are consistent with the slightly lower SI-SDR
improvement of the baseline in Table 7.2.

Comparing the two enhanced outputs directly, both recover the target's harmonic comb and remove
the bulk of the four competing talkers to a comparable degree, and their harmonic reconstructions are
visually similar; this common suppression of the interference is why the two systems are statistically in-
distinguishable on the intelligibility measures (STOIl and ESTOI) in Table 7.2. The salient difference lies
in the character of the residual: the proposed bank leaves a low-level granular, noise-like background,
whereas the mask-based baseline leaves a smoother but more structured residual. It must be empha-
sised that this granular appearance does not correspond to lower signal fidelity—the proposed system
attains the higher SI-SDR and PESQ improvements of Table 7.2. The grain is a high-spatial-frequency,
low-power residual that contributes little to the total error energy, whereas SI-SDR is dominated by the
recovery of the target and the suppression of the high-energy interferers. Consequently, the proposed
system trades a mild musical-noise residual for stronger interference suppression.



Conclusion

8.1. Summary

This thesis addressed the extraction of one target talker from a mixture of several competing talkers
in reverberant, noisy conditions. The starting point is that a neural network need not produce the
enhanced signal itself. It can instead estimate the multi-source speech presence probabilities, which
appear exactly as the posterior weights of the MMSE-optimal nonlinear spatial filter. The filtering is then
carried out by a deterministic filter prescribed by the signal model. This keeps the analytic structure of
classical beamforming and uses the network only where model-based estimation is weakest, namely
in estimating the signal statistics.

Chapter 3 established the statistical foundation. It derived the a posteriori speech presence probability
from a two-state hypothesis test under complex Gaussian priors, together with its main use: a soft-
weighted recursive noise PSD estimator that replaces a hard voice-activity decision. It then extended
the model to the multichannel case and derived the MC-SPP. Two features of that derivation recur
throughout the thesis. First, the MC-SPP detection statistic is proportional to the squared output of
an MVDR beamformer steered at the target, so that detection and spatial filtering share the same
quadratic form. Second, the MC-SPP acts as an interface for parameter estimation: it arbitrates the
recursive updates of the noise and speech spatial covariances, from which the relative transfer function
is recovered by covariance subtraction and the beamformer weights are then formed.

Chapter 4 built the Bayesian framework for the multi-talker case, where a single noise covariance is
no longer adequate. It introduced the multi-source signal model and the single-dominant-interferer
approximation, which follows from the W-disjoint orthogonality of speech. It then set out the Bayesian
MMSE expansion and identified the two modelling choices that fix its closed form: the distributional
priors, and the hypothesis set. The target prior was taken Gaussian, and the interferers and the noise
were modelled as complex Gaussian. This gives the central observation of the chapter. Although
every individual component is Gaussian, the aggregate interference is a Gaussian mixture once a
hypothesis structure is imposed. The optimal estimator separates into an MVDR beamformer followed
by a spectral post-filter only if the interference is Gaussian, so that separation fails here, and the MMSE-
optimal estimator is a jointly spatial-spectral nonlinear function of the observation. The hypothesis set
was then taken as the Cartesian product of target presence and interferer dominance, spanning 27
composite hypotheses.

Chapter 5 developed the main theoretical contribution. The optimal estimator was derived in closed
form as a product of three factors: the target posterior, the interferer posterior, and a per-hypothesis
MVDR-Wiener filter. Closed-form expressions were obtained for both posteriors, using the matrix deter-
minant lemma and the Sherman—Morrison identity to express the detection statistics about a common
base covariance shared by all interferer hypotheses. One methodological point is worth repeating. A
natural route to the same architecture is to assume that the two posteriors factorise. That assumption
is unnecessary, and in general it is false, because the observation couples the two hypothesis axes
even when they are independent a priori. The chain rule gives the same product structure as an exact
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identity, at the single cost of reading the second factor as the posterior conditioned on target presence.
With that reading, the interferer posterior follows from a Gaussian conditional likelihood, and the target
posterior follows from the per-hypothesis presence probabilities by an exact combination in the odds
domain. The estimator was also shown to be structurally identical, under the Gaussian prior v = 1, to
the Gaussian-mixture MMSE filter of Hendriks et al. [10] and Tesch and Gerkmann [9].

Chapter 6 turned that result into an algorithm. The closed-form estimator assumes that the target
relative transfer function, the per-hypothesis interference covariances and the target power spectral
density are known, and none of these is available at inference. The chapter therefore separated what
the deployed system observes—the multichannel mixture, and nothing else—from what exists only
during training. Two sub-networks with no shared parameters estimate the two posteriors from the
observation alone. The three signal-model parameters are not learned. They are formed by recursive
averaging of the observation, controlled by those same posteriors, so that each covariance is updated
only at the time—frequency bins attributed to its hypothesis. Ground-truth quantities appear in one place
only, as stop-gradient regression targets for the interferer sub-network; they appear in no equation of
the filtering path. The target posterior receives no supervision of its own and is learned through the
enhancement loss, which makes its agreement with the oracle an emergent property rather than a fitted
one.

Chapter 7 evaluated the resulting system. A simulated corpus of five simultaneously active talkers, a
directional noise source and a diffuse noise field in randomised reverberant rooms was constructed,
with per-source levels held constant over each utterance. The proposed system was compared against
two references under identical mixtures, target reference and test split: an end-to-end complex-mask
network, and a non-neural oracle MVDR beamformer that fixes the ceiling of linear spatial filtering.
The results support the thesis in three respects. In enhancement quality (Table 7.2), the proposed
system gave the highest SI-SDR and PESQ improvements, matched the end-to-end baseline on in-
telligibility, and roughly doubled the SI-SDR improvement of the oracle linear MVDR. That last point
is direct evidence that a nonlinear filter can suppress more interferers than the array has spatial de-
grees of freedom. In computational cost (Table 7.4), the two sub-networks together were comparable
in size to the single-network baseline, and a half-width variant retained most of the enhancement qual-
ity at half the cost. In interpretability, the estimated posteriors recovered the intended signal-activity
decomposition: the interferer posterior partitioned the time—frequency plane among the noise-only and
the per-interferer hypotheses, and the target posterior reproduced the harmonic structure of the clean
target spectrogram, as the MMSE construction requires.

Taken together, these chapters show that a network trained to estimate the multi-source speech pres-
ence probability can drive a model-based nonlinear spatial filter. That filter matches or exceeds an
end-to-end mask network of the same family, exceeds the linear oracle by a wide margin, and keeps
the analytic structure and the physical interpretation of classical beamforming.

8.2. Limitations and Future Work

The results above were obtained under a number of deliberate simplifications and assumptions. This
section states them, and the further work to extend the system’s robustness and the generalization
ability of the experiment are also listed below.

Fixed source azimuths. The five sources occupy the same five azimuths in every mixture (Sec-
tion 7.1.3). This is what makes the interferer hypotheses identifiable: hypothesis H; always refers to
the same direction, so the oracle labels of Section 6.5.1 are consistent across the corpus and the net-
work outputs can be trained without a permutation-invariant criterion. If the azimuths were randomised
per mixture, that binding would disappear. The network would have to infer from the mixture alone
which output index corresponds to which direction, and the supervision would become ambiguous up
to a permutation of the outputs. Two routes are available.

The first is to define the hypothesis set over a fixed angular grid instead of over source indices, so that
H; means “the dominant interferer lies in sector " and stays well defined for any source placement.
Indexing the outputs by direction rather than by source is established practice in multi-channel separa-
tion. Tesch and Gerkmann condition a non-linear filter on an arbitrary steering direction, and use the
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same conditioning both to extract one speaker and to separate a variable number of them [38, 19]. Jen-
rungrot et al. train a network to isolate whatever falls inside an angular window 0 + w/2 and sweep the
window to separate an unknown, possibly moving, set of sources [55]. Taherian et al. dispense with
permutation-invariant training altogether by assigning each network output to a fixed azimuth range,
which reduces the training complexity from factorial to linear in the number of speakers [56]. Earlier
work conditioned extraction on a supplied direction of arrival [57]. The same device applies here, with
the angular grid replacing the source index in the definition of ;.

The second route is to make the posterior loss permutation-invariant [41], at the cost of the direct
probabilistic reading of each output. The first route preserves the interpretation on which Section 7.5.3
depends, and is the more natural extension of the present formulation. Neither has been evaluated
here, so generalisation to unconstrained source positions remains untested and is the most immediate
item of future work.

Size of the training corpus. The training splitamounts to about 4.2 h of rendered audio (Section 7.1.5),
which is small relative to the tens of hours commonly used for multichannel enhancement. Both neural
systems are trained on the same data, so the comparison between them is unaffected, but the abso-
lute scores of both are likely to be conservative. Because the corpus is generated procedurally from
an index and a seed, enlarging it requires no new recordings and no additional storage. Retraining
the model and re-running the comparison on a larger corpus or even in various datasets would test
how much of the remaining gap to the oracle is due to data rather than to model structure, meanwhile
enhancing the robustness of the pretrained system.

Anechoic scoring reference. All systems are scored against the anechoic image of the target (Sec-
tion 7.3). As discussed in Section 7.2, this penalises the beamforming-based estimator, which passes
the target reverberation falling inside the analysis window at unit gain and attenuates the rest only par-
tially, whereas the end-to-end mask is free to learn a dereverberating mapping. A reference consisting
of the direct path plus the early reflections would be the more informative choice for comparing a spatial
filter against an end-to-end mask. Re-scoring against such a reference is a direct extension, since the
required renderings are produced by the same simulation.

Sensor noise. Microphone self-noise is not simulated (Section 7.1.4). A physical array adds a spa-
tially white floor, typically at 30—50dB SNR, which limits how deep a spatial null can usefully be and
raises the noise floor at frequencies where the diffuse field is weak. Adding a white sensor-noise floor
to the simulation would give a more realistic estimate of how much diagonal loading the deployed sys-
tem needs, and make the overall experiment more convincing as compared with the realistic acoustic
scene.

Further extensions. Three directions follow from the formulation rather than from the experimental
setup. The first is the generalised-Gamma target prior of Appendix A: the branch estimator for v #£ 1 is
available in closed form, but the two posteriors would have to be re-derived, since the per-hypothesis
likelihood is then no longer Gaussian. The second is causal, low-latency operation: the recursions of
Section 6.4 are already causal, but the recurrent layers of Section 6.3 are not, and replacing them by
unidirectional or masked layers would allow the system to be evaluated under a streaming constraint.
The third is a moving target: the static-source assumption of Section 3.3 enters through the frame-
independent relative transfer function, and relaxing it would require the covariance recursions to track
a time-varying d.
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Generalised-Gamma Branch
Estimator

Section 4.4.1 adopted the generalised-Gamma amplitude prior (4.6) for consistency with the analytic
multichannel MMSE literature [20, 10, 9], and then specialised to the Gaussian case v = 1, which is
the prior in force throughout Chapters 4—7. This appendix records the conditional branch estimator for
a general v, and states which parts of Chapter 5 extend to that case and which do not.

A.l. The Branch Estimator for v # 1

Under the composite hypothesis (M, H;) with the signal model (5.3), replacing the Gaussian target
prior by a generalised-Gamma prior of shape parameter v gives the conditional MMSE estimator

Vo . M(v+1, 2, P;[y])
I/(dHEi_ld)_l + U% M(V7 1, :Pl[y])

generalised spectral gain

E[S|ya Mh g{l] =

- 2i(y), (A1)

where z;(y) is the per-hypothesis MVDR output (5.31), M (-, -, -) is the confluent hypergeometric function

(Kummer’s function) [46], and

[d"=7y|? o
v4+€si

The resultis due to Hendriks et al. [10], who derived the multichannel MMSE estimator under a generalised-
Gamma magnitude prior and showed that it separates into an MVDR beamformer followed by a single-
channel post-filter if and only if the noise is Gaussian. Erkelens et al. [20] give the single-channel
estimator from which the spectral gain in (A.1) inherits its hypergeometric form.

Pily] £ (A.2)

Only the scalar gain applied to the MVDR output changes with v. The spatial part of the estimator does
not: the observation still enters through z;(y) alone, so all branches remain steered at the same target
RTF and differ only through X;.

Equation (A.1) is the same quantity that appears, in the notation of Tesch and Gerkmann, as the gener-
alised spectral gain in (5.53); the correspondence ®,,, <> 3; is the notation map of (5.51). Section 5.6.2
carries out the reduction at v = 1, where M(1,1,2) = M (2,2,z) = ¥, the hypergeometric ratio equals
unity, and the gain collapses to the Wiener form &g ;/(1+£g,;) of (5.29). That reduction is not repeated
here.

For v < 1 the hypergeometric ratio depends on the observation through P;[y], so the branch itself
becomes a nonlinear function of y. This is a second source of nonlinearity, distinct from the posterior
weighting of (5.20), which is present already at v = 1 (property (v) of Section 5.7). Tesch and Gerk-
mann [9] evaluate the estimator at v = 0.25 and report that the super-Gaussian gain accounts for part
of the advantage of the nonlinear filter over a linear one.
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A.2. Scope: What Does Not Extend

Equation (A.1) replaces the branch estimator only. The two posteriors of Section 5.5 do not extend
unchanged to v # 1, and the reason is worth stating explicitly, because the two results are otherwise
easy to combine.

The target posterior (5.49) is built from the per-hypothesis odds (5.41), which are the reciprocal of the
likelihood ratio (5.14). That ratio is available in closed form because the target-present likelihood (5.6)
is Gaussian, which holds only under the Gaussian prior. For v # 1 the observation y = dS + v; is
the sum of a generalised-Gamma component and a Gaussian one and is therefore not Gaussian. The
same applies to the interferer posterior (5.39), whose derivation rests on the same Gaussian likelihood
being rewritten about the common base (5.34).

The form the weights would take at general v is visible in (5.52): the weight of component m carries
the two additional factors Q,, = (v + d?®,'do%)~ and M(v, 1, P,,), both of which reduce to the
Gaussian case only at v = 1. Combining (A.1) at v # 1 with the posteriors of Section 5.5 as derived
would therefore be inconsistent. Both posteriors would have to be re-derived under the non-Gaussian
likelihood before the estimator could be evaluated at v # 1. This extension is not pursued in this thesis.



Kullback--Leibler
Posterior-Supervision Loss

Section 6.5.2 supervises the interferer network with the frequency-weighted mean squared error (6.15).
At each time—frequency bin the estimated and oracle interferer posteriors are categorical distributions
over the I mutually exclusive hypotheses, so a Kullback-Leibler (KL) divergence is an equally natural
criterion. That variant was implemented and is recorded here.

Writing p(3; | y,M;) for the estimate and p°(3; | y,M;) for the oracle of (5.39), and wy, for the
frequency weight at bin &, the KL form of the posterior-supervision term is

I-1

Ly = LXK:ZL: w p, p° (i |y, M) log 20 19, M), (B.1)
KL k=1 1=1 i=0 7 ﬁ(g{i | y7M1>

It is minimised when the two distributions coincide, and it is the conventional objective for fitting a
probability distribution. Either (6.15) or (B.1) can serve as L4 in the total objective (6.13).

The two criteria differ in how they weight the small-probability region. The KL divergence is unbounded
as p(H; | y, M) — 0 at a bin where the oracle assigns non-negligible mass, so it penalises confident
errors much more heavily than the squared error does, and it requires the estimate to be floored away
from zero for numerical stability. The squared error weights all bins equally and is bounded, which
makes the scale of L. comparable to that of the enhancement loss (6.14) and hence makes the fixed
weight A4 of (6.13) easier to set. The MSE form is used for all results reported in Chapter 7; the reason
is stated with the remaining experimental controls in Section 7.4.
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