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Abstract

Many speech technologies, such as automatic speech recognition and speaker iden-
tification, are conventionally designed to only work on single speech streams. As a
result, these systems can suffer severely degraded performance in cases of overlapping
speech, i.e. when two or more people are speaking at the same time. Speech separation
systems aim to address this problem by taking a recording of a speech mixture and
outputting a single recording for each speaker in the mixture, where the interfering
speech has been removed. The advancements in speech technology provided by deep
neural networks have extended to speech separation, resulting in the first effectively
functional single-channel speech separation systems. As performance of these systems
has improved, there has been a desire to extend their capabilities beyond the clean
studio recordings using close-talking microphones that the technology was initially
developed on. In this dissertation, we focus on the extension of these technologies to
the noisy and reverberant conditions more representative of real-world applications.
Contributions of this dissertation include producing and releasing new data appropriate
for training and evaluation of single-channel speech separation techniques, perform-
ing benchmark experiments to establish the degradation of conventional methods in
more realistic settings, theoretical analysis of the impact, and development of new

techniques targeted at improving system performance in these adverse conditions.
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Chapter 1

Introduction

An inevitable property of multi-party conversations is that more than one person
will end up speaking simultaneously for some portion of time [1-4]. Many speech
technologies, including conventional automatic speech recognition (ASR) and speaker
identification (SID) systems, are not designed to function on overlapping speech and
can suffer severe performance degradation under such conditions. In addition, state-
of-the-art diarization systems, which label when each participant in a conversation is
speaking, provide very limited handling of overlap, if at all, despite the correct labeling
of overlapping speech being a component in the task and having a corresponding

penalty in the evaluation metric [5-7].

Speech separation techniques aim to solve this problem by producing a sepa-

rate waveform for each speaker in an audio recording with multiple talkers. Some
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promising breakthroughs have been made recently in speech separation using deep
neural networks (DNNs) [8-17]. These studies, however, have been limited to very
controlled conditions consisting of synthetically-mixed recordings of non-overlapping
speech from the Wall Street Journal (WSJO) corpus [[18], which consists of talkers
reading news articles into a close-talking microphone in quiet, anechoic recording
environments. Conversational speech is often recorded with a table or room micro-
phone, resulting in far-field speech recordings often featuring reduced signal strength,
increased noise, and reverberation [1, 2, 4]—a common condition that current speech

separation techniques are unable to handle [[19].

A common technique for mitigating performance degradation of audio processing
involving distinctly localized sources among interfering signals is the use multiple
microphones, referred to as “multi-channel” techniques. Audio coming from directions
outside of the target signal can be suppressed with methods such as beamforming.
However, it is not always possible to have access to more than one microphone,

necessitating the development of “single-channel” techniques.

In this dissertation we analyze performance of state-of-the-art single-channel
speech separation methods in noisy and reverberant conditions and propose methods
to improve performance in those conditions, and begin to close the gap in performance

between near- and far-field speech.



1.1. Contributions

1.1 Contributions

The primary goal of this dissertation is to develop novel techniques to improve speech

separation in noisy and reverberant recording conditions.

One contribution of this work is to establish a formulation of speech separation in
noisy and reverberant conditions and discuss theoretical reasons as for why speech
separation is particularly challenging in such conditions. In order to perform experi-
mental analysis of the conventional speech separation systems, this work creates and
publicly releases a number of datasets representing various conditions and establishes
benchmarks in those conditions, resulting in multiple publications [[19} 20]. These
datasets aid reproducibility in the field, and experimental recipes for [20]] have been in-
cluded in the widely-used Asteroid [21]] and ESPnet [22] toolkits. This work includes
simple techniques used to improve performance of the systems in those conditions.
Another contribution is an analysis of two different paradigms for creating data for
training and evaluation data for speech separation systems in noisy conditions, and
experimental evaluation of the impact of the paradigms on both training and evaluation.
This dissertation also proposes a solution to improve performance of systems trained
in the paradigm which allows for training with in-domain recordings [23]. A final
contribution of this work is an exploration into the use of speaker verification as

downstream evaluation of speech separation system performance [24].
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1.2 Dissertation Organization

This introductory chapter serves as a brief overview of the dissertation and its position
in the field. The following two chapters serve as a survey of the task, including discus-
sion of the problems, context, theoretical formulations, and related work. Chapter
focuses on the overall single-channel speech separation problem, while Chapter [3|
focuses on the extension to conditions with noise and reverberation. Chapter [] is
focused on experimental documentation of the impact of noise and reverberation on
speech separation systems, including creation of datasets necessary for such evalua-
tions. Chapter [5] focuses on basic approaches used to improve performance in these
conditions. Chapters [6|and [7] focus on analysis and a proposed solution, respectively,
regarding an issue with the creation of training and evaluation data for noisy speech
separation. Chapter [§] explores speaker verification as a downstream task for eval-
uation of speech separation systems, in part to address issues regarding noise and
reverberation in ground truth. Finally, Chapter [9] concludes the dissertation with a

summary and discussion of future work.



Chapter 2

Single-Channel Speech Separation

2.1 Overview

Single-channel speech separation refers specifically to the task of estimating multiple
output waveforms from a single input recording in which multiple people speak
simultaneously, with each estimate containing the speech of only one of the speakers
in the input recording. In contrast to multi-channel techniques, where multiple
microphones capture the speech and give access to directional information, single-
channel speech separation must use only the structure of speech and must leverage
inter-speaker differences, relying heavily on the fact that the speech of each speaker is
sparse in a time-frequency domain. In other words, if a mixture of multiple speakers

is segmented spectrally, for example with a simple Short-Time Fourier Transform
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(STFT) with reasonable parameters, there is low probability that multiple speakers
will contribute significant energy to any particular time-frequency bin. This not only
makes it easier to partition the signal in a spectral representation, but also makes the
latent speech signals more easy to identify in training and inference. Prior to the
proliferation of DNN-based methods fueled by large amounts of labeled data, source
separation techniques were typically based on either known properties of the speech
signals or inspired by the human auditory perceptual system’s ability to track sources

in overlapped speech.

Examples of such conventional methods are Computational Auditory Scene Analy-
sis (CASA) [25]], Factorial Hidden Markov Models (HMMs), Independent Component
Analysis (ICA) [26], and Non-negative Matrix Factorization (NMF) [27]. These
methods typically are founded in signal processing and rely on statistical properties
of the signals to separate the sources. The biggest challenge with this class of tech-
niques for speech separation, compared to other separation tasks such as removing
noise from speech, is that speech signals from two different speakers can have very
similar statistical properties. The approaches do utilize the structure and continuity
constraints of speech in time and frequency, which leads to some level of success
in speech separation, but their performance is largely surpassed by the newer deep

learning techniques.

While some state of the art techniques do estimate the speech source waveforms



2.2. Related Work

directly, the majority of DNN speech separation techniques rely on a spectral masking
approach. These techniques are based on first projecting the mixture waveform using
an analysis transform into a two-dimensional spectral domain with resolution in both
time and frequency. In earlier techniques, the spectral representation used was the
Short-Time Fourier Transform (STFT), but more recently learned transforms are used.
Next, a neural network takes this mixture spectral representation and produces a mask
for each speaker, with values ranging from O to 1. Each of these masks are then
independently multiplied with the mixture representation to mask out the interfering
sources, resulting in an estimate of the source spectra of individual speakers. Finally, a
synthesis transform is used to convert the spectral representations back into estimated

source waveforms.

The differences between the various techniques fall into one of three main cate-
gories: differences in the spectral feature transformation, differences in the type or
topology of the neural network used to produce masks, and differences in the loss

functions used in training the network.

2.2 Related Work

The advent of deep learning-based single-channel speech separation effectively began
with two foundational works, both based on a Short-Time Fourier Transform (STFT)
spectral masking approach, which have largely defined the field ever since. One

7
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of these techniques is Deep Clustering (DPCL) [8, 9]. This approach is based on
attempting to partition each STFT bin of the mixture spectrum according to the
speaker whose energy dominates that bin. The partitioning is accomplished by first
embedding each STFT bin into a high-dimensional space in which the bins cluster
according to speaker. In addition, this work released the wsjO-2mix and wsj0-3mix
datasets, artificial mixtures created by summing together recordings from the Wall
Street Journal speech corpus [18]. This dataset quickly became the standard for
single-channel speech separation and has been used in nearly every study since. The
other foundational technique is Permutation Invariant Training (PIT) [10} 11], which
solves the problem of the unknowable order of sources from which to backpropagate
the loss, by evaluating the loss for every permutation, and only backpropagating from
the permutation that produces the smallest loss. This technique is foundational to the
field and, after the field moved away from the STFT, is used in nearly every system.
It has even been used in non-separation multi-speaker tasks such as multi-speaker

speech recognition [28} 29]] and speaker diarization [30]].

Another seminal work in single-channel speech separation was the development
of TasNet [15,|16]. The development of TasNet was to replace the STFT with sliding-
window projections of the signal onto a set of learned analysis and synthesis bases
to serve as a comparable spectral transform to the STFT. This approach provided

significant gains, generally attributed to the capabilities of the network to model
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phase information directly and optimize the network according to a waveform-level

objective.

This waveform-level objective, Scale-Invariant Signal-to-Distortion Ratio (SI-
SDR), best described and analyzed in [31], has also served as a significant work in
the field. SI-SDR currently serves as the most common evaluation metric and is used
as an objective function in most systems, including in techniques not based on the
TasNet learned spectral masking paradigm [32]]. SI-SDR plays a central role in this

dissertation and is described further in Section

2.3 Problem Formulation

The basic formulation of the speech separation problem is

K
x(r) =Y s(r), fore=1,..., T, 2.1)
k=1

where x(t) represents the mixture waveform, and consists of a basic sum of each of
K speech signals sy (), each having originated from a different speaker. The speech
separation task is then to produce estimates $;(z) of the speech signals for each of the

K speakers.

The basic spectral masking formulation begins with a sliding window segmentation
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of the original mixture into D vectors x, € R'*L of length L over a stride of length P:

xg = x(t), fort € [dP,dP+L). (2.2)

Here d represents the index of the segments. These are then projected onto a set U of
F basis vectors of length L, which is then passed through a function with non-negative
range, producing a vector w, € [0,inf)!*F, where F is the number of analysis basis

vectors. This can be reformulated in matrix notation as:

wg = H(x4U), 2.3)

where U € CE*F is the set of F vectors of length L, with the resulting vector w being
the corresponding weights when the signal is projected onto these basis vectors. The

function H ensures the weights are non-negative.

These weight vectors can be concatenated together to form a two-dimensional
matrix X € [0,inf)?*F', a time series of features with each feature coefficient repre-
senting occupancy of some particular frequency content. For example, when using the
Short-Time Fourier Transform (STFT), U is the Fourier basis, H( -) is the magnitude

operation, and X represents the magnitude spectrum of the mixture.

The problem is then formulated as a matrix estimation problem. The goal is to,

from the mixture spectrum X, estimate a soft binary mask My, € [0, 1]°*F for each of

10
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the K speech sources, with values close to 1 in bins where the mixture representation is
dominated by the target speaker and values close to O in bins where the representation

is dominated by other speakers:

(My, ..., Mg) = DNN(X). (2.4)

With element-wise multiplication of each mask with the mixture spectrum, the esti-

mates of the corresponding speech source spectra are:

Si=M;oX, fork=1,...,K. (2.5)

For reconstruction of the signals, the new estimated source weights are multiplied onto

a matched set of F synthesis basis vectors V € CL*F

and summed after applying the
corresponding strides to produce estimates of the source waveforms 3 (). It is worth
noting, however, that in the particular case of the STFT, although the mask estimate
is generated using the magnitude spectrum, the mask is multiplied onto the complex
spectrum for synthesis. This is done to simplify the task, as although synthesizing
the audio using the original phase of the mixture is not correct, initial attempts to
learn complex masks were less successful than amplitude masks (in part due to phase

information not having the same sparsity assumptions as magnitude does), and using

the original phase is likely better than synthesizing with random or constant phase.

11
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More recent works involving phase estimation have been successful [33, 34], though
were largely set aside in favor of better-performing methods that model waveforms

directly.

2.4 Experimental Configuration

2.4.1 Models

The overwhelming majority of single-channel speech separation models presented
in the literature have two primary points of variation: the feature transforms and the
network that generates the mask from the spectral representation. All models proposed

in this dissertation fall under this architectural paradigm.

The two types of feature transforms used are the short-time Fourier transform and
learned features. In the case where the STFT is used for the features, the spectral
transforms U and V described in Section are simply the windowed complex
Discrete Fourier Transform (DFT) bases. The function H () is the magnitude operator.
One of the biggest benefits of using the STFT is that since it is a fixed transform,
the target speech signals (i.e. ground truth single-speaker waveforms sy (7)) can be
projected into this domain as well, and a spectral-based loss function can be used. The
primary downside of using the STFT is that in practice, the network estimates spectral

amplitude masks, relying on using the original mixture phase for reconstruction, which

12
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ultimately produces phase errors.

The newer type of feature transforms used are the “TasNet” [15] learned basis
vectors. For this method, both the U and V transform matrices are fully learned. As
they are real-valued, the function H(-) is just a simple rectifying function, typically a
Rectified Linear Unit (ReLU). One of the primary motivations for the TasNet bases
is that they can directly use a waveform-level objective and learn to model phase
information accordingly. A downside, however, is that since the transform is learned
and has its parameters updated throughout training, the internal spectral representation
is unknown a priori and the ground truth target cannot be computed in spectral form
like with the STFT. And, the loss function must in part be at the waveform level so as

to result in proper learning of the synthesis bases.

The two types of time series-modeling mask-estimation networks we used are
Bi-directional Long Short-Term Memory (BLSTM) networks and Temporal Convolu-
tional Networks (TCN). These serve as the DNN featured in equation (2.4), with each
featuring a sigmoid at the end to ensure production of masks with values between 0
and 1. Both BLSTMs and TCNs are standard architectures that are used in modeling
time series of features such as our mixture spectrum. BLSTMs have a higher memory
overhead and are slower to train, but have hypothetically arbitrary memory along the
time axis. In contrast, while TCNs are faster and use less memory, they have a fixed

context in the time dimension.

13
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All networks used in our experiments effectively fall into a combination of the
above feature transforms and internal masking architectures. The Deep Clustering [8]],
Permutation Invariant Training [11]], and Recurrent Selective Attention Network [14]
systems are all based on STFT features combined with a BLSTM. The TasNet-
BLSTM [15] and ConvTasNet [16]] systems use TasNet learned features with a BLSTM

and TCN respectively.

2.4.2 Training
2.4.2.1 Loss Functions

The STFT-based loss functions are based on a consequence of the sparsity of speech

in the spectral domain, namely:

where d and f are the time and filter indices for each spectral bin respectively. The
goal is then to estimate a set of binary indicator functions 1;.x, that map from the
mixture amplitude spectrum to the occupancy of each time-frequency bin by a given

source. This can be used as a multiplicative mask to produce an estimate Sy(d, f) of

14
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the individual source spectrum Si(d, f) from the mixture spectrogram:

For Deep Clustering (DPCL) the loss is based around affinity matrices, DF x DF
binary-valued matrices that indicate pairs of STFT coefficients that are dominated
by the same source. The loss function used is based on the squared Frobenius norm

between the “oracle” and estimated affinity matrices:

LossPPL(V) = ||ZzZ2" — YY" ||%. (2.8)

The affinity matrix can be generated using the outer product of an indicator matrix
Y € {0, 1}(DF )*K with itself, where the k-th column of Y is a DF-dimensional binary
vector encoding the STFT coefficients belonging to source k. The matrix Z € R(PF)*E
is produced by the DPCL network, consisting of a E-dimensional embedding vector

for each STFT coefficient, which produces an affinity matrix estimate through the

self-outer product.

The training target for the mask-based losses are approximations of Si(d, f)
tailored for performance, such as the Ideal Binary Mask (IBM) and Ideal Ratio Mask

(IRM) among others [35]], and are defined as follows:
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1, Sy d, =k ;
MPM(d, f) = { e |Se(d )l (2.9)
0, otherwise

Yot 1Su(d. )]
These mask targets are then used in the loss function.

These approaches typically train using the mean squared error loss between the
estimated (masked) spectra of perceived sources and the ground truth source magnitude

spectra, including a key permutation step to match estimated and oracle masks.

1

K
Loss"™ (M, 7) = DFE Y Mo |X| - ISx,| 17, (2.11)
k=1

where M € [0,1]°*F is the estimated mask for source s, and |X|, |S,| € RgéF are
the Short-Time Fourier Fransform (STFT) magnitudes for the mixture and source
k, respectively. The summation over K represents the different sources in a mixture.
D and F denote the numbers of frames and frequency bins, respectively. 7 is the
permuted source sequence of oracle magnitude spectra, chosen to match the sequence
of estimated masks, where m; returns the k-th element of 7, i.e. the ground truth
source index matching the k-th estimated mask. This is typically chosen for each set
of outputs M, ..., Mg by using the permutation that produces the lowest loss for

each training pass.
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For waveform-level objectives, the typical loss used is negative SI-SDR. SI-SDR
serves as the current typical evaluation metric, computing the log power ratio of the
source to the error between the source and estimate. This is then negated to serve
as a loss function. Further details on SI-SDR will be presented in Section [2.4.3] in
the discussion of evaluation metrics. This loss function is applied using the same

permutation-invariant manner described above.

2.4.2.2 Data Requirements and Design

One of the defining aspects of the data used in DNN-based single-channel speech
separation is the fact that it generally must use artificially-created mixtures. This
is relevant not only for training of systems but also the conventional methods of
evaluation. The crux of the issue is that in order to provide training targets for
separating mixtures, and to evaluate the closeness of estimates to the desired signal,
the desired single-speaker speech signal must be known. Being able to produce the
correct answers from a natural mixture of speech would itself be to have perfectly
solved the speech separation task. As a result, the data solution is to take single-speaker
recordings and artificially sum them. Audio waves from independent sources combine
to first approximation in an additive manner, so this is a sufficiently appropriate
simulation of real mixtures, but has the benefit of the DNN training process—and

evaluation dataset—having perfect ground truth information.
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In terms of the specifics of dataset creation, there are a few considerations that
must be made. Two of the less impactful ones are the relative signal amplitude and
sample rate. It is typical to control the signal-to-noise ratio between the speech signals
to mimic the way in which the relative volumes of multiple speakers will differ. It
is worth noting, however, that the conventionally-used datasets do not account for
variable relative volumes over time. The sample rates used for experiments have
traditionally been 8 kHz to reduce processing power, but more recently 16 kHz data

has become more common to match typical speech technology conditions.

One of the most important decisions in creating data for speech separation is
the style of overlap. The question is what regions of the trial recording contain
each speaker and how much of the recording is overlapped. There are three primary
ways in which data is created: The first is to combine two utterances and truncate
the longer to the length of the shorter, typically referred to as the min condition,
where the mixture recording contains 100% overlap. The second involves the same
combination, but without truncation, resulting in a region at the end of the mixture
recording where only one speaker’s speech is present, referred to as the max condition.
The third is the “conversational” case, where recordings are staggered, only featuring
overlap at the beginnings or ends of utterances, sometimes including features such
as one utterance entirely within another and regions of complete silence. Systems

ability to perform in these conditions depend on the style of overlap in the training

18
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data. However, while the “conversational” case is the most representative of many
applications, it is not necessarily the most desirable condition, as it could be possible
to handle varying overlap conditions with a different component, e.g. to have an
overlap detection system identify regions where only two speakers are present, and

only run the separation system on those regions accordingly.

For our experiments, we focus on the use of the wsj0-2mix dataset [8]] as well as
datasets that are designed to be similar in composition. This data consists of mixtures
combined at SNRs up to 5 dB in both min and max configurations at both 8 kHz and

16 kHz sample rates.

2.4.3 Evaluation

Methods of evaluation can be categorized as either intrinsic or extrinsic. Intrinsic
evaluation of speech separation is most common, involving methods and metrics
designed to directly capture the quality of the speech separation. In contrast, extrinsic
evaluation involves trying to capture separation performance through performance
evaluation on a different task of a system that includes the speech separation system

of interest as a component in the pipeline.
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2.4.3.1 Intrinsic Evaluation

The evaluation metric in source separation that was initially used as the standard is
Source-to-Distortion Ratio (SDR) [36], which measures the energy ratio (in decibels)
of the target source s;(¢) to the interferences, noise, and artifacts that contribute to
the reconstruction error si(¢) — 8 (). SDR improvement (SDRi) is typically reported,
reflecting the improvement in SDR from the system over the unprocessed corpus.
Sometimes companion metrics are reported along with SDR, which reflect other
aspects of performance compared to the relatively catch-all SDR. They are: Source-
to-Interferences Ratio (SIR), Source-to-Artifacts Ratio (SAR), and Source-to-Noise
Ratio (SNR) [36]. Each of these metrics is an energy ratio of the target source to some
kind of error, computed based on filtering and decomposition of the residual from the

estimate to the ground truth source.

In recent literature, use of SDR has been replaced with Scale-Invariant Signal-
to-Distortion Ratio (SI-SDR) [31]]. This became popular in part due to its use as a
waveform-level training objective for end-to-end networks [15}|16], but also due to
addressing downsides of the original SDR metric. This metric omits any processing
of the source-estimate residual, providing a simple energy ratio of the source to the

waveform-level error, with the addition of a scaling term:

2
SI-SDR(8) := 10log;, % for B s.t. s L s—f3§, (2.12)
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where s is the target source waveform and § is its estimate. This scaling term is chosen
based on the assumption that the error is orthogonal to the source waveform. Since
arbitrary linear scaling does not affect the theoretical correctness of the waveform, this
solves the problem that changing the dynamic range of the estimate would increase or

decrease the SDR metric without any meaningful change in the estimated signals.

Other evaluation metrics used in speech separation are Short-Time Objective
Intelligibility (STOI) [37] and Perceptual Evaluation of Speech Quality (PESQ) [38]].
These metrics are not designed for speech separation, however, and are more relevant

to speech enhancement. As such, they are rarely used in speech separation research.

A notable downside to the standard speech separation evaluation metrics is that
they require ground truth, which restricts evaluation to synthetically-generated over-
lapping speech instead of naturally-occurring speech. Due to the error being computed
at a sample-by-sample basis, there is no possibility to collect a target-speaker signal,
as even slight differences in the source-to-mic distance significantly impacts the wave-
form at the sample level. In addition, it also raises questions as to what the oracle
speech signal should be considered to be in the case of noise and reverberation being

present. Further commentary on this issue is discussed in Chapters [ and

Although rarely reported, subjective human listening tests are possible and a po-
tential solution to evaluation on non-synthetic data, though it is unclear that subjective

evaluation provides value over application-driven evaluation to an extent that justifies
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the logistical costs.

2.4.3.2 Extrinsic Evaluation

The use of downstream tasks for evaluation is often primarily used to evaluate the
performance of those systems specifically for applications where the downstream task
is the ultimate goal. This can be important because the metrics used in intrinsic evalu-
ation are not guaranteed to correlate with the impact of the system of a downstream
task. For example, if the ultimate goal is to use speech separation as pre-processing
for a speech technology designed for non-overlapping speech, the separation system
that works best when coupled with the downstream system may not be the separation

system with the highest SI-SDR value.

Nevertheless, there can be other reasons to use extrinsic evaluation. Extrinsic
evaluation can sidestep issues relating to the direct evaluation metrics such as difficulty
of computation or undesirable qualities of the metric. However, there are many
downsides to extrinsic evaluation as well. Further discussion of issues specific to

typical evaluation of speech separation are presented in Chapter [§]

The typical method used for downstream evaluation of speech separation is au-
tomatic speech recognition, with the standard metric being Word Error Rate (WER).
This type of evaluation is not always possible, however, as it requires transcriptions

of the overlapping speech. In fact, in many speech separation evaluation conditions,
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the speech does not include full utterances that are even capable of transcription.
And finally, even when technically possible, transcription can be a resource-intensive

method of annotation.
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Chapter 3

Separation of Noisy and Reverberant

Speech

3.1 Overview

From the most simplistic standpoint, the addition of noise makes the task of sepa-
rating two speech signals more difficult simply due to the strength of each speech
signal decreasing relative to the strength of the interfering signals. At another level,
the addition of noise requires the network to perform an additional separation task.
Without noise, and particularly in the typical case of only two speakers, the network is
essentially being asked to partition the spectro-temporal features it is given—to simply

assign each segment of the signal to one of two categories of similar composition.
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With noise, the network no longer can simply decide which of two categories the
feature is like, but also must consider if it belongs to neither. It is also worth noting
that the exact separation task in noisy speech separation is not very well defined: it
is not clear if the noise in the recording must be removed from the speech or not. In
addition, due to the speech separation task relying more on structure than statistical
properties compared to other source separation tasks, if the noise has aspects that

resemble speech, such as babble noise, it can confuse the network.

Reverberation can prove to be an even more challenging problem, particularly
in a spectral Short-Time Fourier Transform (STFT) or STFT-like domain. Due to
the relatively long length of typical room impulse responses compared to STFT
windows [39]], there is smearing in both time and frequency. This can make mask-
based methods challenging, as the sparsity assumption is less valid and will make

signals harder to identify and require more soft decisions.

3.2 Related Work

There have been some efforts to extend speech separation into conditions beyond the
clean, near-field conditions represented in the foundational wsjO-2mix dataset [8]].
While the efforts have been recent, the WHAM! [40] and LibriMix [41]] datasets,
which feature noise sources, have been released to aid the development of speech
separation approaches for these conditions. There has been limited work beyond their
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use in training of conventional systems, however.

In addition, the MixIT [42]] work is of note. The method they propose aims to use
unsupervised training data, allowing the training of networks on in-domain data and

accordingly the more diverse conditions that would inlude real noise and reverberation.

3.2.1 Speech Enhancement

Closely related to the work of this dissertation is the topic of speech enhancement,
which we use to refer to the tasks of both speech denoising and speech dereverberation.
Additionally, while multichannel approaches are very popular and have been quite
successful at speech enhancement, we focus on the subset of single-channel techniques,

as in this work we are focused on the single-microphone case.

Single-channel speech denoising has followed a similar path to separation. Early
denoising techniques include statistical methods [43] and Computational Auditory
Scene Analysis (CASA) [25]]. More recently, DNN-based approaches have dominated
due to their high level of performance. Similar to separation, these enhancement sys-
tems have largely relied on spectral masking approaches [44], but have also included
time-domain approaches as well [45] 46]. Additionally, these systems are similar
to DNN-based speech separation techniques in that they typically rely on matched
noisy-clean sample pairs in training, necessitating the noise to be added synthetically

to clean speech.
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In contrast, speech dereverberation has generally been handled somewhat dif-
ferently from denoising and separation, largely due to the fact that reverberation is
convolutive, in contrast to noise and speech being additive. Unsupervised approaches
have been quite succesul, generally relying on the exponentially decaying property of
reverberation, computing a Weiner-like filter from estimates of the late-reverberation
power spectral density [47]]. One of the most popular dereverberation methods used
today, using the weighted prediction error (WPE) algorithm [48]], is one such unsu-
pervised method. Nevertheless, DNN-based supervised techniques involving spectral
masking similar to the speech separation and speech denoising approaches have been
shown to be successful as well [49] 50]]. Again, these approaches rely on artificially-

reverberated speech.

It is also important to note that there is reason to believe speech dereverberation
i1s among the speech technologies that could be negatively impacted by overlapping
speech. Dereverberation techniques rely on the estimation or modeling of some
properties of the impulse response of the reverberated speech. Multiple sources will
have different impulse responses, and so it is possible that some dereverberation
systems will suffer performance degradation in situations where multiple sources with

differing impulse responses are overlapping in a recording.
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3.3 Formulation

The effects of noise and reverberation on the speech signals are additive and convolu-
tive respectively. Though a noise signal can consist of any number of point sources
or diffuse signals, the former of which can themselves include reverberation, we
collapse all signals that are not the target speakers into the noise signal n(z), of whose
properties we make no specific assumptions. In contrast, we do make a distinction in
the reverberation of the multiple target speech sources. Though they almost assuredly
have comparable reverberation times due to primarily being a function of the room,
the early reflections are subject to the local geometry which is not shared between
speakers. This results in a different impulse response a;(¢) of length C; for each

speaker. The formulation for the problem is as follows:

K
x(t) =Y sk(r)+n(r) noise (3.1)
k=1
K G
x(t) = Z ax(T)si(t —7) reverberation (3.2)
k=17=0
K C;
x(t) = Z Z ar(T)sp(t — 1) +n(r) combination (3.3)
k=171=0

Here x(¢) is the time-domain mixture, the s (¢) are the varying source speech signals
which we are trying to recover or estimate, convolved with the impulse response ay(t)

in cases of reverberation, and n(r) is interfering noise.
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Though the ultimate and most successful outcome of a speech separation system
operating under the situation of (3.3]) would be to recover the original speech signals
si(t), the speech separation task in this domain is not necessarily clear, and other
notions of success are possible depending on the specific task or application. Namely,
recovering ):f": 0ak(T)sk(t — T) +m(t), i.e. the reverberant source with some kind
of noise present, is a potentially successful outcome, as though the signal is both
noisy and reverberant, it contains no interfering speech signals. It could then be
reformulated as classical speech enhancement, assuming a clean speech signal is
needed at all. Another possible solution would be somewhere in between, where
there is only some residual noise or reverberation. Indeed, it is reasonable to consider
potential solutions to be any signal that contains the entire target speaker signal, none
of the interfering speaker signals, and no signals that were not present in the original

mixture. However, this type of solution is difficult to evaluate. Additional discussion

regarding the target signals and their evaluation in the presence of noise is presented

in Chapters [0 [7] and [§]

The presence of noise in the mixture is the most easy to extend to from the clean
separation formulation presented in Chapter 2] as it is simply an additional additive
source alongside the speech. All of the formulations and techniques can still apply
if the noise is treated as simply another speech source that is never evaluated. The

relevant difference is in the structure of the noise. Speech is heavily structured in
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a spectral domain, with the most relevant properties for separation being that it is
sparse—with energy concentrated in very localized regions of the spectrum—and that
those energy regions largely follow locally contiguous trajectories [43]. In contrast, we
can make no such assumption about an arbitrary noise signal, and as such separation
techniques that are designed to exploit the structure of speech may not be as successful

when one of the interfering sources is noise.

The addition of reverberation complicates the formulation in a much more signif-
icant way. The presence of reverberation does not manifest as an additional source
in the mixture, but rather more as a modification to the sources themselves. In time
domain, reverberation can be approximated as a superposition of many delayed and
attenuated versions of the sources. A generic closed-form formulation of the effect
of reverberation in spectral domain is not generally possible; however, it generally
results in smearing in both time and frequency [43]]. The likely most harmful result
from reverberation on speech separation is that this spectral smearing degrades both

the sparsity and clear structure of speech in the spectral domain.
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Chapter 4

Experimental Analysis

4.1 Overview

A critical component of working on a new problem is to establish that the problem
itself exists, i.e. that conventional methods do not solve it, and to produce strong
baselines against which to measure performance of new approaches. This involves
well-designed experiments with proper data for the problem at hand, use of established
systems with good performance on previously established benchmark tasks, and

appropriate evaluation metrics for the new problem.

One of the core aspects of working on single-channel speech separation in noise
and reverberation is that it is a problem that has only recently been addressed in a

deep learning framework. Accordingly, standard datasets with wide-spread use do
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not exist. The data used in training and evaluation must be prepared, and must be
prepared with care, to ensure that any conclusions made may be done so fairly and in
a way appropriate for target applications. It is also important that the data be made
available, so that it is possible for future work by a wide variety of researchers to be

conducted in a way that fair comparisons can be made between systems.

In addition, to survey the performance of standard state-of-the-art systems, a
balance must be struck in choosing systems that can be representative of the various
existing approaches that results in a fair characterization of the state-of-the-art, while

under reasonable constraints of time and computational power.

4.2 Construction of Synthetic Mixtures of Real Condi-
tions

Our first contribution involves the creation of new datasets in a similar manner to the
wsj0-2mix dataset [[8], but using data sourced from other corpora which represent a
wider set of acoustic conditions that include noise and reverberation, with the goal of
analyzing the effects of such interferences on speech separation systems. To this end,
this dissertation first establishes the process of creating multi-domain datasets which
allow clean/noisy and near/far-field comparisons. Since evaluation metrics and model

training require ground truth single-speaker speech, we created a procedure to isolate
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high-quality single-speaker speech regions from the real multi-talker corpora.

This section describes the method we used for the construction of multi-domain
datasets of two-speaker mixtures from new source corpora that are effective for
quantitative analysis of speech separation techniques: (1) selecting corpora consisting
of differing difficulties for speech separation, (2) extracting single-speaker segments
from noisy corpora, and (3) generating mixture lists which match the pre-existing
wsj0-2mix dataset as closely as possible for fairer comparisons. The code and resulting
mixture lists used in our experiments have been released to the research community

for reproducibility and use in further studieﬂﬂ

4.2.1 Corpus Selection

To assess varying difficulties for speech separation, we selected the CHiME-5 [3]] and
Mixer 6 [S1] speech corpora to complement the WSJO [18]] corpus and its pre-existing
synthetic overlap wsj0-2mix dataset [8]], a standard of speech separation evaluation.
This dataset has been effectively used in a number of speech separation research

experiments, and so its composition was the model for our dataset generation pipeline.

The CHiIME-5 corpus was chosen to serve as the most challenging, “realistic” con-

dition. The corpus consists of dinner parties recorded with microphone arrays placed

Ihttps://github.com/mmaciej2/kaldi/tree/chime5-single-speaker-generation/
egs/chime5/single_speaker_generation

“https://github.com/mmaciej2/kaldi/tree/mixer6-single-speaker-generation/
egs/mixer6/single_speaker_generation
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around an apartment as well as binaural microphones worn by the speakers, allowing
us to generate parallel near-field and far-field datasets with identical utterances. This
condition resulted in a number of unique challenges in the audio, such as naturally
occurring non-speech noises, multiple simultaneous speakers, and time-varying loca-
tions. The high amount of noise, variable loudness of speech, and time-varying room

impulses response all contribute to a very challenging speech corpus.

The Mixer 6 corpus was chosen to serve as a middle ground between the WSJO
and CHIME-5 corpora. Including interviews recorded with 14 microphones in a
constructed recording room, the Mixer 6 corpus allows a similar near- and far-field
comparison, but in a more controlled environment with stationary speakers, consistent

channel, and relatively minimal noise.

4.2.2 Cleanup Methods

To ensure the source data is single-speaker, we used a pipeline implemented with the
Kaldi Speech Recognition Toolkit [52] following two stages:

Stage 1) Run a speech activity detection (SAD) system to produce reasonable
utterances. The SAD system used is a Time-Delay Neural Network-based system
with statistics pooling trained as described in [S3]] with reverberated LibriSpeech [54]]
data and added noise from MUSAN [55]]. The SAD output is then merged with single-

speaker region labeling, which comes from the reference transcription for CHiME-5
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and an energy-based analysis for Mixer 6.

Stage 2) Perform segment verification by removing utterances which are too
short, have incorrect speaker labels, or are non-speech vocalizations. We used a
state-of-the-art speaker identification setup with x-vectors [[56] and a probabilistic
linear discriminant analysis (PLDA) backend [57, 58] for these tasks. The models
were trained using the VoxCeleb [59] and VoxCeleb2 [60] corpora augmented with
MUSAN [55]] and reverberated with the simulated room impulse responses described
in [61]]. We scored utterance embeddings against embeddings extracted from all
speech by its speaker and rejected the utterances below a qualitatively-tuned score

threshold.

4.2.3 Mixture List Generation

For consistency, we generated the mixture lists to be compatible with the MERL
scripts for generating overlalﬂ and with similar properties to the WSJO mixtures.
Still, there was a lot of freedom in how to pair utterances from the base corpus (i.e.
CHIiME-5 or Mixer 6) to generate mixtures. As a result, we created the mixture
lists algorithmically according to a set of desirable criteria selected to maximize data

diversity and utilization of the source corpus:

1. avoiding mixtures of two utterances by the same speaker

3http://www.merl.com/demos/deep-clustering/
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2. minimizing repeated usage of any particular utterance for multiple mixtures
3. maximizing speaker diversity among all mixtures using any particular utterance

4. pairing utterances of similar length

Further description of the algorithm is presented in Appendix

We selected two microphone conditions from each corpus for use in our experi-
ments. For the far-field CHiME-5 condition, we selected the first channel of the first
microphone array. For the near-field CHiME-5 condition, we used the left channel
of the binaural microphone for the speaker corresponding to each utterance. For the
far-field Mixer 6 condition, we chose channel 9, which is the microphone placed
farthest from the speaker. For the near-field Mixer 6 condition, we chose channel 2,

which is the lapel microphone worn by the speaker.

4.2.4 Overlap Dataset Design

In constructing the CHiME-5 and Mixer 6 mixture data, we made an attempt to match
the WSJO mixture dataset as closely as possible. Along those lines, we name the
resulting datasets ch5-2mix and mx6-2mix respexctively, to parallel the wsj0-2mix
name. We constructed training, development, and test sets of equivalent size (20k, 5k,
and 3k mixtures respectively). We chose mixture energy ratio levels following the

same distribution as well. However, because the size of each base corpus varied, the
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Table 4.1: Synthetic overlap dataset statistics. ‘mean utt. usage’ refers to the average number
of times a single-speaker segment is used in a synthetic mixture, giving a sense of how much
repeated speech is present in overlap mixtures. The “train 100k row refers to a large dataset,
discussed in Section[5.2]

mean mean

source spk. mix. total utt. mix.
corpus set count count length usage length

train 101 20k 304h 4.6 55s

WSJO dev. 101 Sk 7.7h 2.8 55s

eval. 18 3k 4.8 h 34 58s

train 451 20k 283h 1.0 5.1s

' dev. 50 Sk 6.1h 1.0 445

Mixer 6 eval. 45 3k 41h 10 495

train 100k 453 100k 983h 1.3 35s

. train 32 20k 12.7h 34 23s

CHME-S ey, 8 Sk 33h 81 245

amount each speaker and utterance were used varied as well. Comparison of usage

statistics are in Table .11

In both the ch5-2mix and mx6-2mix datasets, we constructed both near-field and
far-field conditions. When doing so, we used identical utterance pairs, as opposed
to generating new mixture sets, to reduce the number of confounding factors when

comparing speech separation performance between near-field and far-field conditions.

4.3 Construction of Full Synthetic Mixtures

To further aid in the development and evaluation of speech separation systems in
realistic conditions, we introduced the WHAMR! dataset that adds reverberation to
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WHAM!’s noise augmentation of wsj0-2mix. We generated realistic room parameters
which in turn we used to generate room impulse responses that can produce reverberant
audio waveforms for each source in a manner similar to the multi-channel version
of wsjO-2mix introduced in [62]], but with the microphone geometry constrained by
the binaural recording setup used to collect the WHAM! noise corpus. The use of
synthetically-added noise and reverberation for WHAMR! contrasts with the CHiME-
5 and Mixer 6 mixtures in the previous sections, which are constructed using actual
recordings of noisy and reverberant speech. As such, those datasets lack ground truth
for clean and anechoic speech. WHAMR! provides a contrasting and complementary
data paradigm; similarly to other WSJ0-based speech separation datasets, WHAMR!
is constructed synthetically, with artificially-mixed speech plus noise and artificial
reverberation. This synthetic construction provides the ground truth of all component
speech signals with and without reverberation, which is necessary to effectively train

and evaluate deep learning-based systems.

4.3.1 WHAMR! Dataset

The WHAMR! dataseﬂ is an extension of the WHAM! dataset [40]] as mentioned
above, which itself is a noise-augmented version of the wsjO-2mix dataset [8]. The

wsj0-2mix dataset consists of mixtures of utterances from the WSJO corpus, combined

4 Available at: http://wham.whisper.ai
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Table 4.2: Room impulse response parameter sampling distributions. Units for all parameters
are meters with the exception of reverberation time (7gp) which is in seconds and angles in
radians.

length % +U(—-0.2,0.2)

Mic. : width
length | U(5,10)  Centep Width | ¥idfkeen 4 7/(-0.2,0.2)
Room width | U(5,10) height 4(0.9,1.8)
height | 4(3,4) Mic. sep. noise mic. separation
high | 24(0.4,1.0)  Array 0 U(0,2x)
Tep ~ med. | 1(0.2,0.6) height 1(0.9,1.8)
low |U(0.1,03) gources dist. 1(0.66,2)
0 U(0,27)

with random gain between 0 and 5 dB to create overlapping speech. There are four
configurations: a min condition where the mixture is trimmed to the length of the
shorter utterance and the corresponding non-trimmed max condition, both available at
8 kHz and 16 kHz sampling rate. The mixtures are partitioned into training, validation,
and test sets of 20,000, 5,000, and 3,000 mixtures respectively. In the WHAM!
dataset, each speech mixture from the wsj0-2mix corpus was assigned to a randomly
sampled excerpt from noises recorded with binaural microphones in various urban
environments throughout the San Francisco Bay Area, and mixed such that the louder
speaker was at a randomly selected SNR between —6 and 43 dB relative to the
noise [40].

WHAMR! extends WHAM! by introducing reverberation to the speech sources in
addition to the existing noise. Room impulse responses were generated and convolved

using pyroomacoustics [63]] according to the random room configurations shown in
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Table Reverberation times were chosen to approximate domestic and classroom
environments [39] (as we expect these to be similar to the restaurants and coffee shops
where the WHAM ! noise was collected), and further classified as high, medium, and

low reverberation based on a qualitative assessment of the mixture’s noise recording.

We created spatialized versions—anechoic and reverberant—of all components
of the original WHAM! dataset, except noise, which was recorded spatialized. The
anechoic sources (i.e., direct path signals) serve as targets to reverberated sources for
models involving dereverberation, allowing them to be trained without needing to
account for the time delay of the spatialized sources. In spatializing the audio, we
generated a two-channel version of the dataset, using microphone spacing from the
WHAM! noise metadata, but in this study we focus on single-channel separation and
use only the left channel. The spatialized audio was rescaled to remove attenuation,
such that the non-spatialized WHAM! and anechoic WHAMR! differ only by small
time delays, and we found negligible performance differences when training and
testing models using the two datasets. While the results for non-reverberant condi-
tions in Section 4.4.2.4Juse anechoic WHAMR!, they are directly comparable with

WHAM! [40].

Since all source, noise, and reverberated components and their combinations
are included in the corpus, several enhancement, separation, and joint enhancement-

separation tasks are enabled for training and evaluation. For example, in separating
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noisy and reverberant speech, we may want to produce either two clean, anechoic
recordings or two clean, reverberant recordings, leaving dereverberation to post-

processing. For this dataset we chose to define four core separation tasks:

¢ clean — anechoic clean mixture to anechoic sources
* noisy — anechoic noisy mixture to anechoic sources
¢ reverberant — reverberant clean mixture to anechoic sources

* noisy and reverberant — reverberant noisy mixture to anechoic sources

All other configurations are only considered and evaluated as sub-components to the
above tasks. The evaluation metric we used was Scale-Invariant Signal-to-Distortion
Ratio (SI-SDR), as described in Section [2.4.3.1] Since each condition has its own
unprocessed SI-SDR (i.e. the value resulting when SI-SDR is evaluated using the
input waveform), comparisons across tasks can be difficult. By restricting to the
above tasks, where the targets are the same in all four conditions, raw SI-SDR can be
thought of as a directly comparable, “objective” quality metric of the output sources
across tasks. SI-SDR improvement, 1.e. the difference in SDR between the system
output and the unprocessed mixture, provides additional insight by reporting how

much improvement a system has made to the signal.
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4.4 Experimental Results

The primary goal of these experiments is to demonstrate a degradation in performance
of speech separation systems in noise and reverberation. This involves selecting
models that are representative of the state of the art, verifying their performance
on established datasets, and then evaluating them in the new conditions, providing

baselines and oracle results when possible.

4.4.1 Mixtures of Real Conditions

This subsection is dedicated to experimental analysis of existing speech separation
techniques on the datasets introduced in Section consisting of mixtures created
using real noisy and reverberant speech sourced from the Mixer 6 and CHiME-5

corpora.

4.4.1.1 Models

The models we used for our evaluation of the mixtures of real conditions described
in Section [4.2] were utterance-level Permutation Invariant Training (uPIT), Deep
Clustering (DPCL), Recurrent Selective Attention Network (RSAN), and TasNet-
BLSTM. More details on these models can be found in Section 2.4l To ensure our
implementations were correct and give the most fair comparisons, we largely selected
hyperparameters for the networks that match those of the originally published results.
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The spectrograms were generated using a STFT from down-sampled 8 kHz audio
with a window length of 512 and a step of 128 in the case of the uPIT and RSAN
experiments, and a window length of 256 and a step of 64 in the DPCL setup. The
input to the networks was the mixture magnitude spectrum. The input speech was
a mixture of two speakers, and the systems always output exactly two masks (i.e.,
K =2 in Section[2.3).

Both the uPIT and RSAN networks used in our experiments consisted of two
600-node BLSTM layers followed by a linear layer, with a sigmoid output. The uPIT
network had an input dimension F' of 257 with a final output of 514 for two speaker
masks, while the RSAN network had an input dimension of 514 to account for the
attention mask, with a final output of 257, and was run twice to recursively extract

two speaker masks.

The DPCL network used in our experiments also used two 600-node BLSTM
layers followed by a linear layer, with hyperbolic tangent and ¢;-normalization. The
input dimension F was 129, and the output dimension was 5,160, corresponding to
an embedding dimension of 40 (i.e., E = 40). The backend used in the DPCL setup
to produce masks was k-means clustering with cosine distance between embedding

vectors with k = 2 (two speakers).

The TasNet-BLSTM network uses parameters matching those from the original

TasNet publication [[15]. This means 500 basis filters of length 40 samples with a shift
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of 40 samples. The BLSTM is 4 layers of 500 units in each direction.

4.4.1.2 Training

The STFT mask approximation networks (uPIT and RSAN) were trained using
permutation-invariant training with the standard magnitude MSE loss function (2.11)
using the Ideal Ratio Mask. The Deep Clustering network was trained using the
standard loss function (2.8)). These networks were trained for 200 epochs with an

initial learning rate of 0.001 using the Adam [|64]] optimizer.

For the TasNet-BLSTM network, the negative SI-SDR objective was used. This
network was trained for 100 epochs with an initial learning rate of 0.001 using the
Adam optimizer. Performance was monitored on the ‘cv’ set, and the learning rate
was halved if performance did not improve for three epochs. In addition, gradient

clipping was applied with a maximum ¢, norm of 5.

4.4.1.3 Evaluation

For evaluation, we used the three companion metrics described in Section[2.4.3.T]as
implemented in the mir_eval library [65]]: signal to distortion ratio (SDR), signal to
interferences ratio (SIR), and signal to artifacts ratio (SAR) [36]]. Our primary, and
most typical speech separation metric, was SDR, while we additionally used SIR

and SAR for our initial experimental comparisons. We also provide the SDR of the
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Table 4.3: Comparison of experimental setup on the WSJO 2-speaker mixture dataset.

Method SDRIi [dB]
uPIT-BLSTM-ST [11] 10.0
RSAN [[14] 8.6
fﬂ‘;ﬁtﬁz DPCL [8] 5.8
DPCL++ [9] 10.8
TasNet-BLSTM [15] 11.1
uPIT 9.3
From our RSAN 9.5
Experiments DPCL 7.7
TasNet 14.0

unprocessed corpus for reference and for computation of SDR improvement.

4.4.1.4 Results and Discussion

We analyzed the robustness of the speech separation techniques based on our imple-
mentations of RSAN, uPIT, DPCL, and TasNet with multiple datasets, as introduced
in Section We used widely-reported SDR improvement on the wsj0-2mix [8]]
dataset to verify that our implementations used are within the range of state-of-the-art
performance, reflected in other reports, as shown in Table @

Results of experiments containing models trained purely on in-domain data are
presented in Table Sub-tables (a), (b), and (c) report SDR, SIR, and SAR
respectively, with SDR being the primary metric. In all cases larger numbers reflect
better performance. Each row reports the results for a different architecture, and each

column is a different dataset. Moving from left to right, the datasets are in order of
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Table 4.4: Comparison of SDR, SIR, and SAR in matched-condition train and eval sets.
(a) SDR [db]

mx6 chS mx6 chS
wsj0 near near far  far

wPIT 94 69 7.1 41 22
Network RSAN 07 69 72 35 18
CWOTX DPCLL. 78 32 27 -31 =29

TasNet 14.0 90 62 36 0.7

Datset

(b) SIR [db]

mx6 chS mx6 chS
wsj0 near near far  far

wPIT 142 103 101 59 4.1
Network  RSAN 145 105 105 56 38
W DPCL 163 99 85 27 36

TasNet 232 151 124 59 24

Dataset

(c) SAR [db]

mx6 chS mx6 chS
wsj0 near near far  far

wPIT 118 107 113 104 93
Network  RSAN 120108 112 107 104
CWOTX DPCL 103 86 91 86 85

TasNet 14.7 11.0 83 94 83

Datset
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expected increasing difficulty. The wsj0 dataset has neither noise nor reverberation.
The mx6 data has light noise, while the ch5 data has heavy noise. And, the near-
field data has minimal reverberation, while the far-field data does have reverberation.
Overall, performance degrades as we move from clean to more noisy conditions as
well as from near- to far-field. We also see that the uPIT and RSAN networks produce
similar results due to their similar separation framework, while the DPCL shows more
significant degradation. This may be due to a lack of tuning the speech/noise threshold
parameter, and also is not representative of the more advanced and better-performing
DPCLA++ [9] method reflected in Table which includes improvements to signal
reconstruction and soft masking. Interestingly, although TasNet is the best-performing
model in the clean, near-field case by far, it suffers greater degradation in the adverse
acoustic conditions and is not the best-performing method. This is likely due to the
waveform-level training objective. It seems the magnitude target objectives are the
most condition-robust. Similar trends are reflected across all three metrics, so we
chose to report only the standard SDR metric for all subsequent experiments. For
similar reasons, we restrict our results to the RSAN method, chosen due to being one

of our best-performing methods.

Experimental results of all train—test configurations using training sets of size 20k
are shown in Table.5] In this table, rows report the dataset used in training the model,

while columns are the dataset used for evaluation. The oracle row is performance
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Table 4.5: SDR with 20k-mixture train sets and varying test conditions. To emphasize the
difference between near and far conditions, the numbers greater than 5.0 are highlighted, with
boldface used for the best result per evaluation condition. Oracle refers to use of the Ideal
Ratio Mask.

RSAN

wsj mx6 chS mx6 chS
near near far far

wSj 97 50 6.1 1.1 1.1

mx6bnear 7.5 69 70 22 1.0

Train chSnear 7.1 56 72 23 1.7
mx6 far 24 30 35 35 05

ch5 far 1.5 -06 1.1 -1.1 1.8

Oracle 140 132 13.1 9.6 109
Corpus 02 02 03 03 03

Eval

using the oracle Ideal Ratio Mask, and the corpus row is the SDR of the input mixture.
SDR improvement can be computed by subtracting the corresponding “corpus” value.
Interestingly, the dataset mismatch among clean and near-field conditions did not
cause a serious degradation despite the noisy and speaking-style variations across
the datasets. The models trained on the Wall Street Journal, near-field Mixer 6, and
near-field CHiME-5 data all resulted in an SDR over 5 when evaluated in one of those
conditions. However, we observed a large degradation in any combination of training
and test data when including far-field conditions. Although the oracle performance
computed from the ideal ratio mask, shown in Table #.5] reflects intrinsic difficulties
of far-field conditions compared to near-field conditions, the observed degradation in

using speech separation was even greater.
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4.4.1.5 Conclusion

We have demonstrated that there are shortcomings of supervised speech separation
techniques in conditions including noise and reverberation, as well as in mismatched
conditions. In some cases, the degradation is severe, providing evidence that further
work must be done to analyze these conditions and develop techniques to address

them.

However, one shortcoming of the use of mixtures of real conditions with noise
and reverberation is that the noise and reverberation must be present in the ground
truth signal. As such, to better evaluate the capability of these speech separation
techniques to handle noise and reverberation, we also evaluated systems on data where
the noise and reverberation were added to the mixtures synthetically, allowing for
greater control over the ground truth signal used in training and evaluation, i.e. the

ability to not include the noise or reverberation in the target.

4.4.2 Fully Synthetic Mixtures

This subsection is dedicated to experimental analysis of standard systems on the
datasets introduced in Section [4.3] consisting of mixtures created using artifically-
added noise and the application of synthetic room impulse responses. This also
includes experiments analyzing different separation techniques and their ability to

suppress noise and reverberation through being trained explicitly for the speech
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enhancement tasks enabled by the data.

4.4.2.1 Models

For our experiments, we use four basic network configurations, all under the same
spectro-temporal masking paradigm as described in Section[2.3] In enhancement, the
internal masking network produces a single mask, attempting to suppress noise and/or
reverberation. In separation, the masking network produces a mask for each speech

signal, attempting to suppress the interfering speakers from each target speaker.

The four configurations we use are the possible combinations of two spectral
feature extractors and two internal masking networks. The feature extractors we com-
pare are a standard short-time Fourier transform (STFT) and a TasNet-style learned
basis transform [|15}|16], which consists of projecting sliding-window subsegments
of the waveform onto a set of learned basis functions. The resulting weights can
be applied to a reconstruction set of basis functions and summed together along the
same sliding window to reconstruct the signal under a similar paradigm to overlap-
and-add for the STFT. For internal masking, we evaluate both bi-directional long
short-term memory (BLSTM) networks (the typical internals of earlier deep learning-
based speech separation systems [8, 9, 11} |15, 40, 66]]) and temporal convolutional
networks (TCN) [67] with dilated convolutions (popular in recent state-of-the-art

separation techniques [ 16, 17]).
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For consistency with the prior WHAM! work [40], our BLSTM architecture has
four BLSTM layers with 600 units in each direction followed by a fully-connected
layer for each output mask. A dropout of 0.3 was applied on each BLSTM layer output
except the last. The TCN architecture was chosen to match the best system reported
in [16]. It consists of a 128-dimensional bottleneck, 128-dimensional skip-connection
paths, and 512 channels in the convolutional blocks, with kernel size 3, 8 blocks per

repeat, and 3 repeats.

The STFT features are also chosen to be consistent with [40], with a window length
of 32 ms and hop size of 8 ms. The log of the magnitude spectrum is used as input to
the internal masking network. The learned basis feature parameters are also chosen
to be consistent with [40], with a 10 ms window and 5 ms hop, with 500 learned
basis vectors. While the original BLSTM TasNet [15] used a gated convolutional
encoder, in this work we use a single learned encoder and ReLLU nonlinearity as in
Conv-TasNet [|16] for both the BLSTM and TCN masking networks with learned bases.
For separation, we evaluate learned basis configurations only, as they have been shown
to outperform STFT-based methods on clean data, and performed best in preliminary
experiments. However, we perform full comparisons of the differing features for

enhancement, for which TasNet-like systems have only rarely been evaluated [68]].
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4.4.2.2 Training

We train all networks using permutation invariant training [[11] with the scale-invariant
signal-to-distortion ratio (SI-SDR, also referred to as SI-SNR) waveform-level training
objective [9} [15] [31]], presented in (2.12). SI-SDR is also the evaluation metric and

allows for end-to-end joint training of cascaded enhancement and separation models.

All networks are trained on 4 second segments using the Adam optimizer [64].
The learning rate is decreased by a factor of 2 if validation loss does not improve for
3 consecutive epochs. Gradient clipping is applied with a maximum ¢, norm of 5.

Models are trained for 100 epochs with an initial learning rate of 1073,

4.4.2.3 Evaluation

For all experiments, we report results using SI-SDR, which, it is important to note, is
the same function as the training objective. Furthermore, because the input mixture
SI-SDR between tasks is highly variable, we also report the SI-SDR improvement (A),

i.e., the difference between output and input SI-SDR.

4.4.2.4 Results and Discussion

Table shows the results of our core systems, without cascade. Each row is one of the
four permutations resulting from the presence of noise or reverberation in the data. The

“Input” column contains the SI-SDR value of the input mixture. The “Output” column
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Table 4.6: SI-SDR [dB] results for a single separation network. Highlighted rows represent
new WHAMR! conditions.

Input Conv-TasNet TasNet-BLSTM
Noise Reverb Input Output A  Output A
0.0 | 129 129 14.2 14.2

v -4.5 70 115 7.5 12.0
v -3.3 4.3 7.6 5.6 8.9
v v —6.1 2.2 8.3 3.0 9.2

Table 4.7: SI-SDRi [dB] (A) comparison of our implementations with the best Conv-TasNet
number in [16] and the corresponding learned feature configuration of 512 bases, window
length 16, window shift 8.

TasNet-BLSTM Conv-TasNet Conv-TasNet [16]]
16.6 14.4 15.3

is the SI-SDR for the system, with the A column containing SI-SDR improvement,
computed as the difference between the output and input. The Conv-TasNet and
TasNet-BLSTM headings refer to the two architectures used. Reverberation seems to
be more challenging than noise as reflected by the lower SI-SDR. In terms of both
raw SI-SDR and SI-SDR improvement, the numbers in the latter two rows containing
reverberation are lower than those in the first two rows without. While the noisy and
clean conditions are fairly comparable in terms of SI-SDR improvement, they still
differ significantly in terms of raw SI-SDR. Interestingly, we observe consistently
better performance by the BLSTM model over the TCN model, which is somewhat
unexpected. Indeed, although the BLSTM contains many more parameters than the
TCN, this result contradicts prior results in the literature [[15} 16]]. A comparison of

clean separation models with a smaller basis window is shown in Tabled.7] In this
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Table 4.8: SI-SDR [dB] for two-speaker enhancement tasks.

Net Denoise Dereverb

Feature Processor Output A  Output A

Learned TCN 10.8 9.6 7.2 3.2
Learned BLSTM 11.2 10.1 8.5 4.4

STFT TCN 8.4 7.2 4.0 0.0
STFT  BLSTM 9.5 8.4 5.9 1.8
Input SI-SDR: 1.2 4.0

plot, all three systems have the same feature parameters, but our TasNet-BLSTM
system (left) outperforms our Conv-TasNet implementation (middle) as well as the
number reported in the literature (right), confirming that the performance difference is

not due to the window parameters.

In addition, we note that the TasNet-BLSTM numbers in the first two rows of
Table {4.6] are considerably better than the corresponding numbers in the original
WHAM! paper [40]. The newer network uses the same configuration, but is trained
with more aggressive gradient clipping and stagnation learning rate adjustment, which

supports the findings regarding training optimizer parameters reported in [[16} 68|

Table [.8] shows experimental results with enhancement networks. The rows
contain the four permutations of choice of feature (learned features vs. the STFT)
and DNN masking architecture (BLSTM and TCN), as well as the SI-SDR of the
input waveforms as well. The columns contain the denoising and dereverberation
of two-speaker mixtures evaluation sets, which we used as a proxy for all other

possible enhancement conditions of this dataset. In both conditions, the system using

56



4.5. Conclusion

a BLSTM architecture along with learned features resulted in the highest numbers.
Since performance trends are consistent across these two tasks, we think this is
reasonable evidence to conclude that the learned feature BLSTM model (TasNet-
BLSTM) is the best architecture for enhancement. While the learned basis TCN
and BLSTM perform similarly, we see significant drops in performance moving
from learned basis to STFT features. This suggests that the benefits of using learned
features shown in speech separation are also likely present in speech denoising and

dereverberation as well.

4.4.2.5 Conclusion

We have provided preliminary evidence to demonstrate that, although noise and
reverberation do degrade overall performance, networks with learned basis feature
representations are effective not only in separation but also in speech enhancement. We
do, however, also see that noise and reverberation still pose a challenge in comparison

to the clean conditions.

4.5 Conclusion

We have introduced a number of datasets to aid in the evaluation and development
of speech separation systems in noisy and reverberant conditions. This includes the
mx6-2mix and ch5-2mix datasets, consisting of artificial mixtures of real conditions
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from the Mixer 6 and CHiME-5 speech corpora, with a variety of conditions with
varying levels of noise and reverberation. In addition we have introduced the synthetic
dataset WHAMR!, an extension of the WHAM! noisy speech separation dataset to
include reverberation, with the goal of further promoting the advancement of speech

separation technologies towards more realistic conditions.

We have used these datasets to demonstrate that there is a degradation in the
performance of conventional speech separation systems in these more challenging
conditions. It is also important to note that we see a greater level of degradation in the
mixtures of real conditions compared to the conditions that were artificially generated
through digital summing of noise and simulated impulse responses. Further analysis

of this effect is presented in Chapter [6]
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Chapter 5

Techniques for Improved
Performance in Noise and

Reverberation

5.1 Overview

In this chapter, we present some initial techniques aimed to improve performance
in noisy and reverberant conditions and evaluate their effectiveness. In some sense,
the addition of noise and reverberation to the speech separation task is something
of a new problem. Just as it was important to demonstrate performance degradation

of traditional separation techniques (Chapter [)), it is also important to explore the
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“low-hanging fruit” for the new problem. Dealing with the adverse conditions noise
and reverberation create for speech technology in general is not a new problem, and
there has been a great deal of effort applied to addressing these conditions in other
tasks like speech recognition and speaker identification. As a result, a logical first
step is to try some of the general approaches that are successful in other tasks in these

conditions, and document their impact on speech separation.

5.2 Augmented Training Data

5.2.1 Introduction

One of the most ubiquitous approaches used to improve speech technologies is the
addition of more training data. Not only do systems trained on a larger quantity of
data generally perform better [54]], but systems trained on a wide variety of conditions
tend to be more robust to different conditions, even if the exact evaluation conditions
are not included in the training data [56]]. To this end, the use of augmentations to

existing training data has been shown to be successful as well [61}|69].

In this section, we explore the use of more and a wider variety of data in training
systems for speech separation in noise and reverberation. This was enabled in part
through the efforts presented in Section [4.2] to create a pipeline to generate new

mixture datasets from existing speech corpora.
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5.2.2 Method

Due to the extensive size of the Mixer 6 corpus in comparison to the WSJO and
CHIiME-5 corpora, we were able to construct additional, larger training sets for
both the near-field and far-field Mixer 6 conditions using the pipeline described in
Section[4.2.3] In these datasets the total size of the training data was increased five-
fold to 100k (train 100k), allowing us to do a deeper analysis of how the quantity
of training data affects model performance. Referring back to Table @.1] we can see
from the “train 100k” row that extending the Mixer 6 dataset to 100k mixtures is not
pushing the limits of the source corpus, which still has minimal reuse of speech data

compared to the smaller wsjO-2mix dataset.

We also constructed new training sets by combining each of the five constructed
datasets (wsj0-2mix, ch5-2mix near and far, mx6-2mix near and far). Two iterations
were created: In the first, the combinations were sub-sampled to maintain the size
of 20k training examples, allowing an analysis of data variety without an increase in
amount of data. In the second, they were fully combined, resulting in 100k examples,
making it comparable in size to the 100k mixture dataset from Mixer 6 alone. These
sets allowed us to analyze the potential for producing a robust system based on training

on a wide variety of properly manicured data.
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5.2.3 Experimental Configuration

These experiments are an extension of the work presented in Chapter 4 on mixtures of
real conditions, and the bulk of the experimental design can be found there. Details

of the data creation are in Section [4.2] and details on the experimental setup are in
Section 4.4.11

However, in this chapter the experiments are focused on larger amounts and wider
variety of training data. As such, our focus is on the 100k mixture datasets, namely
the Mixer 6 near-field and far-field setups and the combination of the five 20k mixture
conditions, with the corresponding 20k-size subsampled datasetss acting as baselines.
Additionally, based on the findings in Chapter @] we restricted our experiments to only

the RSAN architecture, serving as a representative system.

5.2.4 Results and Discussion

Table [5.T] contains the results of our experiments involving larger amounts of training
data. Rows contain different training datasets, and the columns are the different
evaluation datasets constructed from the WSJO, Mixer 6, and CHiME-5 corpora. The
Train 20k and Train 100k sections of rows contain the 20k- and 100k-mixture versions
of the three datasets that could be constructed to contain 100k training samples. The
“combo” row is the condition containing a mixture of the wsj0-2mix, mx6-2mix, and

ch5-2mix data. Again, the oracle row contains the SDR value of the Ideal Ratio
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Table 5.1: 20k-mixture and 100k-mixture train sets SDR [dB] comparison. SDR values over
5.0 are highlighted. Oracle numbers refer to the use of the Ideal Ratio Mask

RSAN

wsj mx6 ch5 mx6 chS
near near far far

) mx6bnear 7.5 69 7.0 22 1.0
Train  mxgfar 24 30 3.5 35 05

20k
combo 75 55 62 28 22

) mx6bnear 80 75 75 27 1.6
Train  mxgfar 34 3.6 42 45 13

Eval

100k
combo 90 68 7.5 4.1 3.1
Oracle 140 132 13.1 9.6 109
Corpus 02 02 03 03 03

Mask, and the corpus row contains the SDR value of the input mixture. We see that
the training conditions comprised of a combination of all corpora (combo) result
in performance near that of matched training for each condition (refer to Table
for the CHiME-5 matched-training results). Increasing the amount of training data
five-fold (train 100k combo) improves performance further. This result suggests that
multi-condition training, which is widely used in speech processing, is still effective
for deep-learning based speech separation. However, the performance in far-field
conditions is quite poor, even with multi-condition training or increased quantity
of training data. In other words, training on a variety of conditions helps remove
deficiencies in the model to handle other conditions relative to other systems, but does
not improve the overall deficiency in performance of separation systems on difficult

conditions.
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From our experiments, we can conclude that current speech separation techniques
are reasonably robust across the datasets in near-field conditions. However, these
experiments also reveal that both matched and multi-condition training have significant
degradation in far-field conditions, a differing result from other learning-based speech

processing, notably automatic speech recognition [70, |71]].

5.2.5 Conclusion

The biggest takeaway from these experiments is that adding more and a wider variety
of data to the training of a separation system does improve performance, but does
not specifically or fully address the issue of noise and reverberation in particular.
Though the lack of robustness can be mitigated by training models on more data from
multiple conditions, there remains a significant gap from the oracle Ideal Ratio Mask
performance in far-field conditions, which advocates a need for extending separation

techniques to address the issues present in far-field speech mixtures.

It is worth pointing out that one thing that is lost in the shift from the use of the
STFT to learned spectral transforms is the ability to compute “oracle” masks and
provide such analysis. However, while the ability to compute a “performance gap”
may be lost, there is also a question as to whether or not the oracle performance is

a realistic, attainable target, as it involves perfect separation and partitioning of the

non-speech background noise, which the waveform-level evaluation metric should be
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sensitive to. A further exploration into these issues regarding the sensitivity of the
standard metric to the noise present in the ground truth is presented in Chapters [6]

and

5.3 Cascaded Models

5.3.1 Introduction

One major value of the WHAMR! data introduced in Section [4.3] enabled by the
use of fully synthetic noise and reverberation, is that various configurations of signal
mixtures and targets can be created, including unique mixture/target combinations for
particular tasks like separating reberberant speech, with or without dereverberating the
speech or denoising both one and two-speaker mixtures. In this section, we explore
breaking the overall noisy and reverberant separation tasks into sequential subtasks
that can have individually-trained models that are cascaded, with each system feeding
into the next, to solve the overall task. The main motivation is that jointly separating
and enhancing may be too difficult for a single network to learn, and modularization
may allow the networks to focus on specific tasks. Such multi-stage approaches have
previously been explored for denoising plus dereverberation [72, 73], separation plus

dereverberation [/4]], and denoising plus separation [40]].
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5.3.2 Method

The cascaded configurations we considered consist of an optional pre-enhancement
system cascaded into a separation network cascaded into an optional post-enhancement
system. We evaluated all combinations where noise is removed by either the pre-
enhancement or the separator, and reverberation is removed by either pre-enhancement,
post-enhancement, or the separator. Post-separation denoising was not considered, as
separation-without-denoising is a somewhat ill-defined task: noise does not ‘belong’
to either speech signal, so it is unclear how the network should distribute the noise

when not removing it.

For cascaded systems, the sub-models were trained with appropriate input and
targets for each sub-task. For example, in the system consisting of denoising fol-
lowed by separation then dereverberation, the networks were trained as follows:
pre-enhancement is trained with noisy reverberant mixtures as input and noise-free
reverberant mixtures as output; the separator with reverberant mixtures as input and
single reverberant sources as output; and post-enhancement with single reverberant

sources as input and single anechoic sources as output.

Due to the scale-invariant nature of the negative SI-SDR loss function, each
model’s outputs have no constraint to be within any particular dynamic range, and
we thus observed strong degradation in performance in cascaded systems when sub-

models are trained separately, due to the scaling mismatch between the output of one
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model and the training data of the next. To address this problem, we scaled each
output estimate § of a target source s, obtained from an input mixture X, to make it
consistent with the scaling of s in x. Because s is unknown, we need to rely on § and x
alone. If we assume that the interfering signal e = x — s is orthogonal to s, which is
generally approximately the case (note: additional commentary on the validity of this
assumption is in Section , and that the direction of § is close to that of s, then
a reasonable choice for the rescaling factor 3(§|x) is that obtained by ensuring that

B (8|x)8 is orthogonal to the residual & = x — (§|x)8. This results in a scaling factor

B(8x) = T (5.1)

As the estimate § improves (i.e., § and s become more colinear), the scaling factor

improves as well.

Finally, when the best-performing system of a WHAMR! task is a cascaded model,
we also evaluated the system with additional end-to-end tuning. Since all component
systems are waveform-to-waveform, we could tune the entire system by performing
additional training through all cascaded sub-models directly. End-to-end joint training
of sub-models has been shown to be successful in joint training of automatic speech

recognition with enhancement and separation [75-78].
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5.3.3 Experimental Configuration

These experiments are an extension of the work presented in Chapter 4] on fully-
synthetic mixtures, and the bulk of details relating to the data and experimental
setup can be found in Sections §.3|and .4.2] respectively. However, there are some

differences relevant to the evaluation of the cascaded model method.

One difference is that based on the results presented in the previous chapter in
Table 4.8, we restricted ourselves to the best-performing models, namely the ones
using learned TasNet-style features with BLSTMs. Furthermore, we tuned cascaded
systems by additional training of the entire end-to-end system; specifically we trained
the models for 25 epochs with a learning rate of 10~*, compared to 100 epochs with

an initial learning rate of 10~ for the primary training.

We also extended our evaluation conditions to the 16 kHz conditions and max data
subset. However, as the SI-SDR loss is undefined for silent sources, training models
on the max data subset is cumbersome, as the 4 s segments randomly sampled during
training occasionally fall within regions where only one speaker is talking, leading to
undefined loss for the other speaker. Thus, for the 16 kHz max condition, we trained

on 16 kHz min.
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Table 5.2: Comparison of cascaded models. A dash indicates speech separation without
denoising/dereverberation, while X indicates no enhancement sub-model was used. Results
are sorted by increasing performance. The highlighted rows indicate the non-cascaded single-
model baseline. A indicates SI-SDR improvement.

(a) noisy condition

System

SI-SDR
Pre-Enh. Separate Speech

Removes while Removing Output A

X noise 7.5 12.0
noise - 8.1 12.6

Input SI-SDR: -4.5

(b) reverberant condition

System

Pre-Enh.  Separate Speech Post-Enh.
Removes while Removing Removes Output A

SI-SDR

X rev. X 5.6 8.9

rev. - X 6.4 9.7

X — rev. 6.6 9.9
Input SI-SDR: -3.3

(c) noisy and reverberant condition

System

SI-SDR
Pre-Enh.  Separate speech Post-Enh. —————

Removes while removing Removes Output A

X noise, rev. X 3.0 9.2

noise rev. X 3.5 9.7

noise, rev. — X 3.6 9.7

rev. noise X 3.7 9.8

X noise rev. 3.7 9.8

noise - rev. 4.0 10.1
Input SI-SDR: -6.1
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5.3.4 Results and Discussion

Table [5.2] shows the results of the cascaded model experiments. Each sub-table
corresponds to one of the conditions including noise, reverberation, or both. Each
row corresponds to one of the potential configurations of cascaded models, with
an optional pre-separation enhancement model that can denoise or dereverberate
and an optional post-separation enhancement model that can dereverberate, with the
remaining, with the enhancement being handled jointly with the separation module in
cases where there is no separate module. The systems have been ordered in increasing
performance, with the non-cascaded baseline (i.e. no separate enhancement module)
being highlighted. We see that in general, moving the speech enhancement (i.e.,
denoising and/or dereverberation) tasks to a separate model from separation seems to
help performance. From Tables[5.2[b) and (c), reverberation appears to be particularly
difficult for the separation network to remove. We also see that removing reverberation
post-separation is slightly better than pre-separation. As two sources will not have
the same room impulse response, the dual-source (pre-enhancement) dereverberation
network would have to appropriately compensate for two reverberation patterns, while
the single-source dereverberation (post-enhancement) network handles only one. The
separator network likely has a harder time separating the still-reverberant speech,
but this effect appears to be smaller than the difference in single- and double-source

dereverberation.
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Table 5.3: SI-SDR [dB] comparison of best models with and without additional training.
Dashes indicate the best system was not cascaded and thus was not subject to tuning. A
indicates SI-SDR improvement.

Best System
Input w/o Tuning Tuned

Noise Reverb Input Output A  Output A

00| 142 142 - -
v —4.5 8.1 126 83 129
v -3.3 6.6 9.9 70 103
v —-6.1 40 10.1 4.7 10.8

v

While the cascaded systems do have 2 or 3 times as many parameters as the non-
cascaded system, this does not seem to be the sole source of performance improvement,
as single models with increased numbers of BLSTM layers provided little performance
gain over the results in Table d.6] Furthermore, training equivalent cascaded systems
from scratch without individual pre-training of the pre-enhancement, separation, and
post-enhancement stages provided noticeably less performance improvement over the

single network results from Table [4.6| than the reported cascaded systems in Table [5.2]

Table [5.3] shows the results of tuning the cascaded systems with additional end-
to-end training. The central column of results are simply reproductions of the best-
performing systems from Table with the column on the right showing the results
after those cascaded systems have undergone additional end-to-end training. Tuning
the systems helps, although the performance gains are minor. The noisy and reverber-
ant system, which contains three sub-models in contrast to the others with two, shows

the greatest improvement. This suggests training helps with improving the coupling
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Table 5.4: SI-SDR [dB] evaluation of 16 kHz conditions using the best model configuration
trained on the 16 kHz min subset. A indicates SI-SDR improvement.

Input 16 kHz Min 16 kHz Max
Noise Reverb Input Output A  Input Output A

00 | 129 129| 00 12.7 127
v —4.6 7.8 124 | =58 75 133
v -3.3 5.6 89| -3.4 54 8.8
v —6.2 3.7 99| =72 3.5 107

v

Table 5.5: SI-SDR [dB] evaluation of the best 16 kHz model on Mixer 6 and CHiME-5 data.
All data is the 16 kHz Min condition. A indicates SI-SDR improvement.

Dataset Input Output A

WHAMR! -6.2 3.7 99
mx6-2mix near 0.0 1.7 1.7
ch5-2mix near 0.0 2.2 2.2
mx6-2mix far 0.0 -82 =82

ch5-2mix far 0.0 -8.7 -=8.7

of the connected models.

Table [5.4] shows the results of our 16 kHz systems. As mentioned earlier, we
trained on 16 kHz min and evaluated on both the min and max conditions. Although
the performance on 16 kHz data is worse than in the 8 kHz systems, there does
not appear to be any significant breakdown in performance. Similarly, performance
in the max condition is only slightly worse than the min condition. Although the
SI-SDR improvement in the noisy case is better in max than min, this is likely due
to differences in amount of speech and does not reflect any significant difference in

performance.

In addition, we evaluated the best 16 kHz models on the Mixer 6 and CHiME-5
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datasets introduced in Section 4.2} with results shown in Table[5.5] The performance
in these new conditions is extremely poor. This may be attributed to the mismatch in
train and test conditions, though this is largely unavoidable due to the fundamental
differences in how these datasets are constructed. However, the severely negative SI-
SDRI values are not likely representative of the qualitative system output. As presented,
this approach does not seem appropriate for solving the conditions represented in
the mx6-2mix and ch5-2mix datasets. However, the differences in data construction
may be impacting evaluation as well, as is hinted at through the SI-SDR and SI-SDRi
values being identical. The noise and reverberation present in the ground truth may be

contributing to evaluation issues. This is further explored in Chapter [6]

5.3.5 Conclusion

We have also demonstrated the value in using cascaded models combining pre-trained
separation and enhancement modules, and of further jointly fine-tuning them, estab-

lishing strong baseline results for the WHAMR! dataset.

However, rather than improve performance in real conditions, we have further
exposed differences between the datasets created using real conditions and fully-
synthetic conditions. This suggests that further analysis is important into what is

responsible for these differences.
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5.4 Conclusion

We have demonstrated some simple techniques to improve performance of speech
separation systems in conditions with noise and reverberation. The cascaded sys-
tems partially closed the gap in performance between clean and noisy/reverberant
speech separation systems, with a difference of only a couple dB in terms of SI-SDR

improvement.

However, these works have raised a number of questions. One big consideration is
why the cascaded systems failed to provide great improvements to the mixtures of real
noisy and reverberant data. In addition, the fully-synthetic data of WHAMR! makes
apparent some complications of the use of absolute SI-SDR as a metric compared to
SI-SDR improvement. For example, in Table[5.4] the comparison between the clean
and noisy/reverberant conditions between SI-SDR and SI-SDRi shows that the quality
of speech output is vastly different despite having similar improvement, suggesting a

significant portion of the gains are from speech enhancement, not speech separation.
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Chapter 6

Analysis and Discussion of
Differences Between Mixtures of Real

and Synthetic Noisy Speech

6.1 Introduction

The core problem this chapter aims to address is the perceived gap in performance
between separation systems that have been trained using artificially noisy training
mixtures and systems that have been trained using artificial mixtures of real noisy
speech. There has been a general lack of success in training effective speech separation

models in which the training data is constructed using speech corpora with noise

75



Chapter 6. Analysis and Discussion of Differences Between Mixtures of Real and
Synthetic Noisy Speech

already present in the speech signals. This prevents the use of in-domain data for

training of effective speech separation systems for use in noisy environments.

There are two core objectives of this chapter:

1. To demonstrate the negative effects of using artificial mixtures constructed
using real noisy speech in both the training and evaluation of speech separation

systems

2. To provide an explanation as to why this data paradigm has such a negative

impact on conventional single-channel speech separation

6.2 Theoretical Formulation

6.2.1 Noisy Separation Data Paradigms

The extension of the speech separation formulation to noisy speech separation is trivial
in terms of input mixture, but becomes ambiguous in target. In the case where noise

is present, we simply add an additional waveform n(¢) to the mixture:

x(r) = f sk(t) +n(t). (6.1)
k=1

It is important to note that we typically assume each signal to be independent (as
we do in this work), meaning n(z) cannot include the reverberation of the speech
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signals, and use a separate formulation for cases with reverberation, as described in

Section[3.31

The ambiguity of noisy speech separation arises in what we consider the target
output for a system in this situation. It might be natural to assume we should expect
a system to simply again produce estimates of the individual speech signals s (%),
effectively removing all interfering signals. However, this implicitly requires removing
noise from speech, which may be better suited to a speech enhancement system
designed for denoising. Thus a target of s;(7) + n(t) may be more appropriate in
terms of allowing the network to not use its modeling ability on denoising, leaving
it for post-processing, something shown to be successful with the cascaded systems
presented in Section [5.3] Or we may not even care what happens with the noise,
allowing the output to consist of any part of n(z), as long as it contains none of the

other speakers.

Presently, the majority of state-of-the-art single-channel speech separation tech-
niques rely on training objectives which encourage the estimates §;(¢) produced by
the network to become closer to the ground truth speech signals sy (7) through a direct
function of those signals. As a result, it is necessary to have access to the ground
truth s;(¢) signals during training. A consequence of this is that the networks must be
trained on data with “synthetic” mixtures, meaning that the mixture waveform x(7) is

created by digitally summing recordings of single-speaker speech signals rather than
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using recordings of naturally-occurring overlap.

Issues arise with this data paradigm when we move to the noisy speech separation
domain. To still have access to the ground truth s;(¢) signals, the noise must be
digitally added to the mixture as well. This results in what we refer to as the “clean

oracle” data paradigm for training noisy speech separation systems:

K
x(t) = Z szlean (1) +n(r) clean oracle (6.2)
k=1

known signals: {x(z),s$*(r),..., 55 (¢),n(r)}.

The majority of research conducted on noisy speech separation use this paradigm,

notably works using the WHAM! [40], WHAMR! [20], and LibriMix [41]] corpora.

However, there are downsides to using the clean oracle data paradigm. It requires
that the speech recordings used for the data must be noise-free in the first place. This
necessarily prevents in-domain training and also largely disallows the usage of any
data that has been recorded outside of a recording studio, which greatly restricts the

amount of training data available.

This leads to the “noisy oracle” data paradigm, in which mixtures are created
using digitally-summed recordings of naturally noisy speech, in which the potential

training data sources is extended to more environments and in-domain training in
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terms of the speech-noise environment. However, it leads to a different formulation:

K K
x(t)=Y 577 (@) = Z [SElean(t) +n(t)|  noisy oracle (6.3)

known signals: {x(t),srll()isy (1),... ,s?isy(t)}.

In this case we notably do not have access to the speech or noise signals directly, only

their combination.

It is worth noting that the noisy oracle formulation has similarities with both the
foundational separation formulation (2.1]) and the clean oracle formulation (6.2)). It
resembles the former in that the mixture is a simple sum of speech signals from the

noisy

same class, i.e. the s, - (¢), but it resembles the latter if we consider the sum of all

ni(t) as a separate, singular noise source:

K
ne(t) =Y (1) (6.4)
k=1

In this sense, we can consider the noisy oracle data paradigm to be a variant of the
regular noisy separation problem, with a type of poor annotation. Again, our situation

aligns with the clean oracle formulation (6.1)):
K
x(t) = Z S0 (1) 4 ny (7). (6.5)
k=1
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Additionally, the impoverished targets s, (¢) are within the bounds of an acceptable
solution to the problem—they consist of the target source silean(t) along with a subset
ni(t) of the total noise signal ny(¢). But, a key detail is that we have no knowledge of
what part of the ground truth signal sZOisy (t) is the speech that we care about, 5§ (r),

and what part is the undesirable-yet-acceptable noise n(¢) that could be reduced by a

denoisingsystem later.

6.2.2 Noisy Oracle Paradigm Problems

Despite relative success in noisy speech separation studies using the clean oracle
data paradigm, there has been less success in studies using the noisy oracle data
paradigm [[19] and a general lack of success of single-channel source separation in
the CHiME challenges [3, [79] which restrict the use of training data, disallowing any
corpora with clean speech recordings. This suggests there may be issues inherent to
the noisy oracle data paradigm that must be accounted for in ways beyond simply
using the same strategies as those used in clean speech separation or noisy speech

separation with the “clean oracle” data paradigm.

An investigation into the exact task being asked of the system when training
with the noisy oracle paradigm suggests why this may cause issues. When train-
ing a network to separate a set of noisy sources szmsy (1), we are in essence asking

the network to be able to discriminate each s{°(¢) and n(¢) from the remaining
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{sslean(¢), n;(¢) | i # k}. In addition, the s{°(¢) and ni () must be paired together

1

appropriately to match the ground truth s (). There are thus two relevant issues:

source separability and permutation pairing.

As each component signal is independent of the others, the discrimination can
be assessed according to three categories: speech/speech separation, speech/noise
separation, and noise/noise separation. The first two categories (comprising clean
speech separation and speech enhancement respectively) are well-studied with widely-
published baseline performance. They rely on the fact that speech and noise have
separate statistical properties and additionally that speech has structure in spectral
domains, with energy concentrated in very limited frequencies at any given time
and following somewhat predictable trajectories, allowing for separation of speech
even between voices with similar statistical properties [43]]. However, noise/noise
separation is most analogous to universal sound separation. This task is typically
restricted to certain classes of sounds with differing statistical properties or sounds
with temporal localization. Even in a work directed at separation of universal sounds
presented by [80]], they notably exclude ambient/environmental noises, which are not

temporally localized.

In the noisy oracle separation paradigm, the noise sources are likely to be envi-
ronmental, and if coming from a single corpus, may be from the same environment

and thus have very similar statistical properties. This gives reason to believe that the

81



Chapter 6. Analysis and Discussion of Differences Between Mixtures of Real and
Synthetic Noisy Speech

noise/noise separation subtask of the noisy oracle paradigm may be disproportionately
difficult compared to the other two, and may be causing accordingly disproportionate
harm in the training of separation networks. This is particularly undesirable, since
separating each ny () from the total noise ny(t) is not even part of the task formulation

presented in Section [3.3]

The other issue with the noisy oracle data paradigm is the issue of permutation
pairing. Even if the network were capable of perfectly isolating each s¢™(¢) and
ni(t), to perfectly produce each sZOiSy (¢) it must find the correct permutation of 5§14 ()
and ny(¢) that pair appropriately to match the available ground truth. If the speech
and noise signals are uncorrelated according to the formulation, there should be no
solution to this, and the system is being asked to solve an unsolvable problem, likely

contributing to poor system performance.

We do note that the system presented by [42]] shows success in addressing a nearly
identical issue: training a network to produce subsets of the available ground truth and
using permutation-invariant training to train the network with properly-paired sources
without requiring the network to learn the pairing. While this approach could address
the permutation pairing issue, it requires the sources themselves to be separable,
something potentially untrue in the noisy oracle separation problem. Our initial efforts

to apply their approach to this problem were not successful.
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6.3 Demonstration of Problem

We conducted a set of experiments focused on demonstrating the issues relating to
the noisy oracle data paradigm and how they can affect the training and evaluation of
systems. All experiments use a TasNet-BLSTM [15]] network trained and evaluated
with SI-SDR [31] using a dataset we created [23]] using the WHAM! [40] corpus,
which we feel is reasonably representative of the techniques presently used in the
research community, as the majority of state-of-the-art techniques are based on spectral

maskingusing a TasNet-style learned basis.

6.3.1 Dataset Design

The data used for our experiments were new synthetic mixtures created using the
WHAM! [40] data. While using synthetic data is not ideal, it is necessary for analyzing
the variations in ground truth signals while controlling for other factors. We took
the wsj0-2mix [[8] mixtures consisting of clean speech from the WSJO dataset [18]]
and assigned each mixture two noise sources from the WHAM! noises, one for each
source. The resulting samples can be configured for training or evaluation in a number
of ways. First of all, the noises are scaled to be at a given signal-to-noise ratio (SNR)
relative to their source, allowing simulations of the various SNRs present in real
recordings. Secondly, the samples can be configured to mix the sources with their

noise to produce two noisy samples, or they can be configured to produce two clean
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Table 6.1: SI-SDR improvement [dB] comparison across networks trained on the speech-
speech separation task, the speech-noise separation task, and the noise-noise separation
task. The speech signals come from the wsjO-2mix corpus [8]] and the noise signals are
ambient recordings from restaurants, bars, and similar environments released in the WHAM!
corpus [40].

Speech-Speech Separation SI-SDRi:  15.3
Speech-Noise Separation SI-SDRi:  13.4
Noise-Noise Separation SI-SDRi: 0.4

sources along with the mixture of noise, resulting in the “noisy oracle” and “clean
oracle” formulations accordingly. Given the unique ability to be configured in this

“noisy oracle” manner, we refer to this dataset as no-2mix.

For our experiments, we used the 16 kHz sample rate and min configuration of
the data. We evaluated datasets created with SNRs ranging from 25 dB to -5 dB
in decrements of 5 dB, as well as clean speech. We also evaluated a ‘pure noise’
configuration with both speech signals removed, and an ‘enhancement’ condition
where the second speech and noise signals are removed and the first speech and noise

signals are treated as the sources.

6.3.2 Separability of Noise

First, we demonstrate that separating environmental noise from noise is a considerably
more difficult task than separating speech from noise or even speech from speech. In
our experiments, we used the 5 SNR data configuration, removing the speech or noise

and changing the targets according to the task. First, we remove the noise signals
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and train the system to produce the s{°®(¢) from the clean speech mixture ¥ s (z).

Then, separately for each k, we train the system to produce s{*"(¢) and n(t) from
53¢ (1) + ny (¢). And finally, we remove the speech and train the system to produce

the ny () from Y ny (7). The results of these experiments are shown in Table

As we can see, the SDR improvement for noise is close to 0 compared to the
high numbers in the speech-involved cases. This supports our claim that separating
ambient noise is very difficult. Interestingly enough, the speech-noise separation task
performs slightly worse than the speech-speech separation task, which is counter to
the expectation that enhancement is easier than separation. This may be due to the fact
that the speech-noise separation network is required to produce estimates of both the
speech and noise, as opposed to purely speech in a true enhancement task. Noise may
be difficult to estimate, and in addition my not share similar internal representations

within the network in the same way multiple speech sources might.

6.3.3 Issues with Training on Data with Noisy Ground Truth

Our next sets of experiments deal with demonstrating the difference in performance
between training models under the noisy oracle and clean oracle data paradigms. For
these experiments we utilized the fact that our data allows training models on identical
mixtures but with different ground truth training targets. We trained and evaluated

models in a variety of combinations of SNR, evaluating with SI-SDR of the clean
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Figure 6.1: Evaluation of models trained with the SI-SDR objective with varying training
data SNR using a ‘clean oracle’ data paradigm test set, measuring the quality of the output
speech. The blue line represents models trained using data configured according to the ‘clean
oracle’ data paradigm (equation (6.2)) while the red line represents models trained using the
same mixtures with ground truth configured to the ‘noisy oracle’ paradigm (equation @).

speech targets. As the clean speech targets are shared across all setups, this allows
a sort of “objective” quality of the output speech by different systems. While this
does mean we are implicitly evaluating networks on their denoising capabilities, we

consider this acceptable as the speech is the primary signal we are interested in.

Results for these experiments are shown in Figure [6.1] Each of the three plots
contain the models evaluated over three conditions, with an increasing amount of
noise from left to right. The horizontal axis is the amount of noise was present in
the training data, with increasing noise from left to right. The difference between the
two curves is that the blue line with plus markers reflect the systems trained under
the ‘clean oracle’ paradigm and the red line with cross markers reflect the systems
trained under the ‘noisy oracle’ paradigm. In these sets of plots, the evaluation was

done using the ‘clean oracle’ ground truth.
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There are a number of interesting trends shown by these experiments. The first is
that in high-SNR evaluation sets, performance is relatively level across training data
SNR. In other words, the introduction of noise into the training data has a relatively
small impact on separation performance. In contrast, in low-SNR evaluation sets,
there is a great gulf in performance between systems trained on high and low SNR
data, demonstrating the need for the models to have encountered noisy speech in
training.

However, it is also here that the differences in training data paradigm come into
play. The gains in performance from training on noisy data are only present in the
clean oracle paradigm. As more noise is added to the training data, the models trained
with the noisy oracle paradigm show little improvement, leading to a large gap in
performance on the noisy condition across both training data paradigms. This suggests
that in desired applications where the task involves noise, simply adding recordings of
in-domain noisy speech to the training mixtures will likely not significantly improve

performance in that condition with current techniques.

6.3.4 Issues with Evaluating on Data with Noisy Ground Truth

Our final set of experiments investigating the effects of the noisy oracle data paradigm

are centered on exploring the effects on performance evaluation. These experiments
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Figure 6.2: Evaluation of models trained with the SI-SDR objective with varying training
data SNR using a ‘noisy oracle’ data paradigm test set, measuring output speech according
to noisy signals. The blue line represents models trained using data configured according to
the ‘clean oracle’ data paradigm (equation (6.2)) while the red line represents models trained
using the same mixtures with ground truth configured to the ‘noisy oracle’ paradigm (equation

6.

are similar to those in the previous subsection, except that we report SI-SDR im-
provement using the noisy oracle ground truth. These experiments use the exact
same networks as the previous section, evaluated on the same mixtures. The only
difference is the test set ground truth they are evaluated with. Here we must use
SI-SDR improvement as the targets include noise and are thus not consistent across

all datasets.

The results of these experiments are shown in Figure [6.2] These plots represent the
same systems and data as Figure [6.1] with the sole exception that the SI-SDR values
were computed using the ‘noisy oracle’ version of the ground truth signals rather than

the ‘clean oracle’ versions.

The significant takeaway here is that having improper ground truth is not simply

reflected by a shift in results, but an entire change of message. We know from the clean
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oracle evaluation that the models trained with data using the clean oracle paradigm
perform significantly better than those trained using the noisy oracle paradigm; how-
ever, this trend is not reflected while evaluating with the noisy oracle evaluation set,
where the noisy oracle trained models fare better than the clean oracle ones. This
suggests that not only is the noisy oracle data paradigm harmful for training models,
but even has an impact in the evaluation of models, leading to even incorrect ranking

among systems for the desired task.

6.4 Conclusion

We have demonstrated that there are significant consequences resulting from the use
of two different types of ground truth data for noisy speech separation. A theoretical
analysis suggests ways in which this could impact system training and evaluation.
In addition, we have constructed data to experimentally validate our hypotheses and
provided evidence that the ground truth paradigm can impact the performance of

systems trained using that data as well as the evaluation of systems.
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Chapter 7

Training Speech Separation Systems

on Mixtures of Real Noisy Speech

7.1 Introduction

In this chapter we develop a technique aimed at closing the gap in performance
between systems trained on mixtures of real noisy speech and systems trained on
noisy mixtures where the noise has been synthetically added, based on the analysis
presented in Chapter[6] Our approach is based on attempting to avoid the downsides
created by the implicit requirement of noise separation resulting from the application
of the SI-SDR waveform-level objective on noisy targets. As a result, we aim to

develop a function that can minimize the contributions of any residual noise to the
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training loss while still penalizing the network for failing to separate speech.

7.2 Proposed Solution

Our core approach to improving performance of systems trained on the noisy oracle
data paradigm is to rely on the fact that ambient noise is harder for networks to separate
than speech is. Though formulated as separation problem, the core noisy oracle
task—producing estimates of the unknowable 5§ (¢) from a mixture of sZOiSy (t)—is
essentially a semi-supervised speech enhancement and separation task. The goal
is to remove the noise from the speech and separate the speech without any actual
annotation of what speech or noise signals look like, only their combination. We are
thus restricted to using the information we do have access to—in this approach the fact
that the implicit noise separation subtask in the traditional noisy oracle formulation

is considerably more difficult than the speech separation subtask, as demonstrated in

Section

The approach used to utilize this information is a modified objective function,
which introduces a kind of “no attempt” case to the function to complement the simple
measure of output correctness in a traditional objective function. The motivation is to
create three sets of categories that components of the mixture will fall into according

to the type of data and network’s capabilities:
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1. correctly separating a component of the signal should make the most positive

contribution to the objective function;

2. not attempting to separate a component of the signal should make an intermedi-

ate contribution to the objective function;

3. incorrectly separating a component of the signal should make the most negative

contribution to the objective function.

Through this breakdown, the network will be encouraged to implicitly partition the
network into speech and noise when optimizing this objective function. The network
is largely incapable of separating noise, so it is better to make no attempt at separation
than make an attempt and (inevitably) get it wrong. However, speech is generally

separable so the network is incentivized to attempt to separate the speech.

This approach is implemented through an additional output to the separation
network for a noise estimate 7ix(¢), serving as the “no attempt” category. We then
apply a discount in the objective function on the component of separation errors that

have been identified a priori by the network as noise.

7.2.1 Theoretical Approach

The primary technical consideration of the approach is how to isolate and interact with

sub-components of waveforms, which we never have direct access to. For example, we
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want our objective function for the estimate §;(¢) of a particular source to be invariant
to any residual sZOisy (t) — 5;(¢) that is contained within ny(¢), provided that the ny(t)
has also been correctly estimated within 7ix (7). However, we never have access to
ni(t) directly or even an estimate 7 (¢) of it—we only know that it belongs to our

ground truth s;"”(r) and unknown estimate target ny(t).

The core assumption we rely on is that audio signals can be considered to be zero-
mean random processes. As a consequence, as long as two sources are independent,
when treating the signals as vectors, their dot product will be approximately zero and
they are thus approximately orthogonal. As such, we will shift notation from functional
form x(t), s(t), nk(t), etc. to vector form x, s, ny, etc. € RT. More precisely, for a

given mixture X, we can define the set Px of independent components

Py = {s‘{]ea“,nl, ... ,s%]ean,n[(}, (7.1)

which according to the orthogonality assumption have the property

(a,b)=0 VabePx, a#bh. (7.2)

It is worth noting that the above property and result is why this approach does not
apply to reverberation, as the reverberations of a given source cannot be considered to

be independent from that source.
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Table 7.1: Statistics of angle between vector representation of mixture components, measured
as deviations from the expected 90° angle that would result from true orthogonality.

Speech-Speech Speech-Noise Noise-Noise
Split Mean Std. Abs. Max Mean Std. Abs. Max Mean Std. Abs. Max
tr 0.0°  0.6° 5.1° 0.0° 04° 5.4° 0.0° 1.7° 49.2°
cv  —0.0° 0.6° 4.4° 0.0°  0.5° 7.0° 0.0°  1.0° 8.2°
tt 0.0°  0.5° 2.4° 0.0° 04° 2.6° 0.0° 1.4° 12.5°
All 0.0°  0.6° 5.1° 0.0° 04° 7.0° 0.0° 1.6° 49.2°

In addition, we verified how true the orthogonality assumptions are within the data
used for our experiments, shown in Table This table shows statistics of deviations
from 90° within the dataset between sources within a mixture. The rows are each
subset of the data, as well as the full dataset. For the speech-speech, speech-noise,
and noise-noise comparisons we report both the mean and standard deviation of the
deviation of the angle from 90°, as well as the magnitude of the largest deviation.
While the noise-noise comparisons have some concerning very large outliers, on

average the property is generally true.

The property above leads to the following projection results for any a, b, ¢ € Px:

proj,(a+b)=a (7.3)

: ~al?
Projaip(a+c) = || (a+b). (7.4)

a+b|?

Geometric interpretations of these equations are shown in Figure

Equation [/.3|is of particular interest to our solution, as the traditional error of our
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a+b

(a) vectors

atc

/

/a:pTOja(a+b) / /pTOja+b(a+C)§£a+b
/

/ a+b a+b
(b) Equation (7.3 (c) Equation ([7.4))

Figure 7.1: Demonstration of vector projections.

target signal lies within the noise signal, i.e.:

ng. (75)

noisy clean __
Sk — Sy =

Thus in this ideal case, projecting the noise mixture onto the error recovers that error:
PIOjjgois_ gen) % = Projin iz (7.6)

:nk

___hoisy clean
=5, ) —spon,
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This leads us to the formulation of the core of our training objective, an error term

that is reduced by errors deemed acceptable:

( noisy

Sk — Sk) _proj(SZOiSyfﬁk)ﬁZ' (77)

This equation represents the separation error s > — 8§ discounted by the amount of

error that is within the estimate iy of the noise. In other words, if the estimate fails
to separate the noise, it does not contribute to the overall error as long as it has been

identified within the noise estimate.

7.2.2 Objective Function

We present two iterations of our proposed objective function, called Estimated Source-
to-Separation Error Ratio (ESSER). Similar to SDR and SNR objectives, it is based
on an energy ratio in decibels of the target signal (the noise-free ‘estimated source’) to
the error term (the divergence from the ground truth caused by the parts of the signal

that we are trying to separate).

97



Chapter 7. Training Speech Separation Systems on Mixtures of Real Noisy Speech

7.2.2.1 ESSER Objective

The original ESSER [23]] formulation is as follows:

ESSER,, (§,y) := 10log, (7.8)

181
(g™ —8) — A *prOj(Szoisyiék)ﬁZ + proj, fis||?

The core motivations behind this objective function is to encourage the network to

partition the signal x into two subsignals—one that is separated and scored accordingly

separated

(s ) and one that is not separated and only partially contributes to the overall

error (s, 7).
If the signal is not included in the non-separated category fiy, the projection
discount term falls out and the objective resembles the standard SI-SDR [31]] objective:

181>

(s =80l

In contrast, if the signal is included in the non-separated category fiy, the projection is

equivalent to the error, and is weighted down according to the parameter A:
-1 -1

~ 10lo .
g10 H(l _A)Szon—sep.Hz

= 10log;,

(7.10)

Hszon—sep. — A% projszon-sep.ﬁ):Hz

And finally, the proj fiy term in the denominator is to introduce a penalty for compo-

nents of the mixture appearing in both the source and noise estimates, violating the
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desired “partition” property.

The overall hope is that for speech, the denominator term of can get close
to zero (close enough to achieve a SNR of roughly 15 dB for the system reported in
Table [6.1| of this paper). This is better than the “flat discount” of (1 —A) given by
. In contrast, for inseparable noise, the denominator term of is unlikely to
have any canceling out of the source from the estimate §y, resulting in the flat discount
of being a better option. As a result, during training, the network will learn
to put inseparable parts of the signal in the noise estimate and learn to separate the

remaining part of the signal.

7.2.2.2 ESSER Issues

The core issues of the ESSER objective stem from the general instability of training a
network using this function with respect to the parameter A. As noted in [23], tuning
of parameters related to the loss can be very difficult, as we are tuning the parameters
for performance on a task that we do not have any ground truth for—while our goal
is performance akin to the clean oracle paradigm, our validation sets will also be
restricted to the noisy oracle paradigm. As such, it is particularly undesirable to have
a parameter that is difficult to tune and varies from dataset to dataset. Even in [23],
it is noted that the heuristic used to select parameters did not work in all cases. In

Section [/.4.2 we present reults showing that ESSER performance suffers significantly
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with improper parameters as well.

The ESSER objective can be thought of as having entire classes of solutions rather
than a single optimum. For example, in the case of A = 1.0, there are infinitely many
solutions that attain an infinite ESSER value—every partitioning of the mixture where
the separated portion of the signal has been separated perfectly. This includes both
extremes of perfect separation and putting the entire signal into the non-separated
category. As A is decreased, this class of solutions does not all have infinite value;
only perfect separation attains an infinite value, otherwise decreasing as more and
more of the signal is put into the non-separated category. The ideal solution to our
problem, of course, is one somewhere between the two extremes, as we want speech

in the separated category and noise in the non-separated category.

The problem is that in practice, the gradients are pulling the network to both
extremes and A must be tuned to balance those gradients. The network can very easily
fall into a hole on one of the two extremes, with little chance of getting out. The parts
of the loss represented by result in gradients pulling the entire SZOiSy into the S,
and the parts of the loss represented by equation pull the entire mixture into
the fiy estimate. It is thus very difficult to tune a single parameter A to balance the
strength of those gradients such that the former are stronger for speech and the latter

are stronger for noise.

Additionally, we empirically found that the noise estimate generally contained
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energy in spectral regions dominated by speech, suggesting that the approach used to
ensure the network produced a strict partition of the signal was insufficient for that

goal.

7.2.2.3 ESSER2 Objective

The second iteration of the objective function that we introduce, called ESSER?2, is
an extension of the principles behind the original ESSER objective to produce an
objective that is more robust in training and can more reliably produce a network that
performs better than the baseline on the task while training on data using the noisy

oracle paradigm.

The primary component of the ESSER2 objective function is a discounted source-

to-error ratio (DSER) of the estimated source, defined as follows:

181

— A * proje fis ||

DSER; (e) == 10log,, Tex (7.11)

This is a function of an estimated source (8), an error (e) associated with that source
estimate (which is simply (s"°'Y —§) in the typical ESSER/SI-SDR case), and an
estimate (f) of non-separated components that is used to discount the error according

to a parameter A. The motivation for this equation is covered in Section|7.2.2.1

DSER differs from the ESSER equation in that it is missing the partition constraint,
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which is addressed in ESSER2 in a different manner. The partition constraint is
handled through the averaging of two DSER terms using different error terms:

1 . .
5 [DSER (5{" —8) + DSER, (8 +fiz) - s};‘“sy)] . (7.12)

The two averaged DSER terms differ only in what they use as error. The first, more

traditional term, is s, >

— 8¢ and is the “left out” error—the parts of the ground truth
signal we did not include in our separation estimate. In the ideal case, this resulting
error will be ng, i.e. the part of the ground truth source that we do not want the
network to separate and as a result should be discounted. The second error term,
(8¢ +1ip) — sZOisy, is complementary and represents the “total coverage” error. In this
case, we seek to fully account for the ground truth sZOisy by adding in the noise to
our estimate, but overshoot due to not having an isolated estimate of n;. And, the
overshoot contributing to the error discourages anything included in §; or fiy beyond

the minimum of what is required to reconstruct szmsy.

In the ideal solution, both error terms result in a perfect target/non-target partition

102



7.2. Proposed Solution

of the noise mixture:

Szoisy . Szlean = ng; (7.13)
(Silean +11>:) _ SZOiS)’ — Z n;; (7.14)
J7#k
[Slr;oisy . Silean] + [(Slc(lean + nZ) _ SZOiSy] =ny. (7.15)

The other addition included in ESSER?2 is the inclusion of a regularizer term to
keep the network from falling into one of the two extremes of categorizing the mixture
as entirely speech or entirely noise. For this, we add in a weighted mean squared
error term between the signal-to-noise ratio (SNR) of the estimates and the a priori

estimated training data SNR:

MSEsNR,,., (81, - - -8k, fix) == (min(SNRyag, 20) — SNReg( ). (7.16)

In this equation, the dataset SNR is clamped at 20 dB, serving as a maximum clean
SNR, above which it is not worth trying to achieve. The SNR of the estimates is
computed as follows:

Yo I8l

(7.17)
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It must be computed over all estimated sources at once, as we do not have access to

estimates of the individual ny.

This brings us to our final ESSER2 formulation, parametrized by A,,, A,, and

SNRyata:

1 . .
ESSERz(ék, ﬁZ) = E DSEle (SEOISY _ §k) + DSER)Lm ((gk + ﬁz) N SZOlSy)

—|—lr*MSESNR(§1,...,§K,ﬁ):). (7.18)

This function is evaluated on a per-source basis, using the definitions of DSER and
MSE defined in and (7.16), and is parametrized by three hyperparameters: A,
the parameter controlling the mitigation of error from the non-separated part of the
signal; A,, the parameter weighing the regularizer term; and SNRg,,, an estimate
of the oracle silean-to-nk SNR of the training data. While this does add two more
hyperparameters than the initial ESSER objective, the trade-off is that they are much
more stable and data-invariant—with the exception of the dataset SNR, which benefits
from corresponding to a real, estimate-able quantity, and in practice has shown signs

of being very forgiving in terms of tolerance as well.
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7.2.2.4 Considerations of Scaling

While not inherently a part of the ESSER objectives, the issue of signal scaling is a
necessary consideration, as the ESSER objectives rely on relative signal magnitudes,
and TasNet-based separation methods (representing the majority of state-of-the-art
systems, including that of this work) and others produce waveforms that do not adhere
to any particular signal scale. This problem is not trivially solved, so we present the

approach we used.

We use an approach and assumptions comparable to those used in SI-SDR [31]],
namely projection operations combined with the assumption that the error is orthogo-
nal to the source, similar to our approach to the core problem that was presented in
Section In a typical separation paradigm, we have a ground truth signal s¢/¢2"
and an arbitrarily-scaled estimate of that signal § = a(s€°®" +e) that consists of a
scaled version of the target signal plus some orthogonal noise signal. Exploiting the

projection operation formulated in ([7.3]), we can scale § by 8 such that the projection
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of B§ onto s i jtself s°lan:;

Projgiean B8 = s (7.19)
prOjscleanﬁ o (sclean +e)= gClean
Basclean _ SCIGan

Bo=1. (7.20)

Thus with this method, the resulting value of B cancels out the coefficient o on the

pre-scaled § and we achieve optimal scaling.

This approach does not work, however, in the noisy oracle data paradigm, as the
comparable projection would be that of (7.4)), not (7.3)), as there is an additional or-
thogonal component in the ground truth. While the output estimate can be formulated

in the same manner, § = a(s + e), the ground truth ghoisy — gelean |y how has the
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non-target noise included. The comparable strategy does not work:

DI0j guoisy B§ = s"°Y (7.21)

DrOjclean +nﬁ OC(SClean + e) — Sclean Tn

Bas?|> I
e (8 W) =57
||sclean+n||2

and thus the signal is over-scaled. We can instead take the alternate strategy of scaling
§ such that the projection of the ground truth onto the scaled estimate is the scaled

estimate:

projgss™™ = Bs (7.23)

projﬁ (X(Sde‘m—i-e) (SC]ean -|— n) — ﬁ a(sclean + e)

ﬁaHSclean|l2
B2a2||sclean +e|’2

ﬁ(X(SCIEaH _|_ e) — ﬁa(sclean + e)

||Sclean||2

= Ba. (7.24)

||Sclean +e||2 o

In this case, the signal is under-scaled.

Though neither solution is optimal, we use the strategy reflected in (7.23)), and in

107



Chapter 7. Training Speech Separation Systems on Mixtures of Real Noisy Speech

our work the estimates §; and fiy have been scaled using this strategy. In the case of
overscaling reflected in (/.22]), the strategy has the upside of being invariant to the
reconstruction error. However, the scaling is never correct, and cannot be compensated

clean and n. In contrast, the

for without knowledge of the relative magnitudes of s
underscale case reflected in will converge to optimal as the error approaches

zero, though varying with respect to the signal error.

7.3 Experimental Configuration

7.3.1 Data

The data used in our work is the dataset described in Section [0.3.1] consisting of the
wsj0-2mix [8] with added noises from the WHAM! [40] corpus, where each mixture
consists of two sources and two noises, and can be configured in either the clean oracle
or noisy oracle paradigm. In addition, the source-to-noise SNR can be configured as
a parameter. For all of our experiments, we used the 16 kHz sample rate and ‘min’

wsj0-2mix configuration. We evaluated data with SNR configurations ranging from

25 dB to -5 dB in increments of 5 dB as well as noiseless ‘clean’ condition.

108



7.3. Experimental Configuration

7.3.2 Models

For all of our experiments we used a standard TasNet-BLSTM [15] with four Bi-
directional Long Short-Term Memory (BLSTM) layers with 600 units in each direction.
For the analysis and synthesis bases, we used 500 filters of length 5 ms with a shift of

2.5 ms, with ReLLU and LayerNorm applied to the analysis features.

We feel this setup is representative of state-of-the-art methods, as most modern
architectures are based on a TasNet design [42} 81, [82], with nearly all exceptions

using an SDR training objective [32].

7.3.3 Training

All networks were trained with either negative SI-SDR [31], negative ESSER, or
negative ESSER?2 loss using an utterance-level permutation invariant manner [/11]].
Models were trained using batches of 4-second random segments from each sample.
We used the Adam algorithm [64] using an initial learning rate of 0.001, decreasing the
learning rate by a factor of two if the validation loss fails to reach a new minimum for
three consecutive epochs. In addition, we applied gradient clipping using a maximum

¢ norm of 5.
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7.3.4 Evaluation

For all experiments we evaluated the results using SI-SDR. In some cases we report

the raw SI-SDR value and in some cases we report SI-SDR improvement (SI-SDRi).

The typical values reported in speech separation are SI-SDR improvement, which
is the difference between the SI-SDR value from the system output and the SI-
SDR value where the input mixture is evaluated as the estimate. In some sense
this is a measure of how much better the estimate is, or how much the network has

accomplished, which is a natural metric to report as a result.

In some cases we report the raw SI-SDR value instead. One reason this is not
typically reported is that it depends on the reference waveform, meaning that it is
not directly comparable across evaluation sets. This issue is addressed by the fact
that across many configurations of our data, the sources are consistent—meaning
that regardless of the dataset SNR or if it is trained with noisy oracle or clean oracle
paradigm, as long as the evaluation set is the clean oracle paradigm, the reference
target is identical and all values can be directly compared. The metric gives us a sense
of the objective quality of the system output, i.e. how it sounds. This can also help
decouple the effect caused by the fact that evaluating SI-SDRi on noisy speech will

include improvements made through both denoising and separation.
An additional evaluation metric we use is Perceptual Evaluation of Speech Qual-

ity (PESQ) [38]]. This is another full-reference metric which needs the ground truth
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Table 7.2: Performance comparison across training objectives and ground truth paradigms
with identical mixtures. The SI-SDR system trained with noisy oracle ground truth sources
serves as a performance floor, while the clean oracle ground truth source SI-SDR system
serves as a performance ceiling.

Datset SI-SDR ESSER ESSER2 ESSER2
SNR [dB] Noisy Clean Noisy Noisy Noise
oo 153  15.0 15.3 15.0 -
15.0 119 135 11.9 11.1 -5.5
10.0 9.0 12.0 9.0 9.2 5.1
5.0 50 104 5.7 5.7 24
0.0 -0.1 7.8 0.8 14 -0.2
-5.0 -9.0 3.5 -93 -11.0 -3.8
Separation SI-SDR [dB Noise Estimate
SI-SDRi [dB]
Parameters
Ao 0.1
" 0.1

SNRgata: oracle

waveform. PESQ was designed to model human listening tests of voice quality, re-
porting a Mean Opinion Score (MOS) ranging from 1 to 5, with 1 being the lowest
and 5 being the best. As such, it is primarily used for speech enhancement tasks, but
can be reasonably used in speech separation tasks, particularly in this case where
the presence of noise is of interest. As such, we report PESQ to further validate our

findings.
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7.4 Results and Discussion

7.4.1 System Performance on Core Task

The results of our primary experiments are reflected in Table In these experiments,
we evaluate models trained and tested on the same dataset SNR, computing the raw
SI-SDR value using the clean oracle sources. The SI-SDR columns represent the
baseline systems, being trained with the regular SI-SDR objective, but with both
training data paradigms. The ‘noisy’ column represents the baseline case of training
a network normally, while the ‘clean’ column represents a performance ceiling, i.e.
the best we could reasonably expect a network to do, as that network is given perfect
signal information. The ESSER2 ‘noisy’ column shows the results of our ESSER2
system. In addition, we report the SI-SDRi improvement of the noise estimate, which
gives us an idea of how close our noise estimate fiy is to the true noise signal ny. For
these experiments we used a value of 0.1 for 4,, and A,, and using the oracle dataset

SNR for the SNRg,, parameter.

The system shows modest gains over the baseline in the 10, 5, and 0 dB conditions.
It is unsurprising that the system would fail to make improvements in very low noise
conditions, as this method is focused on addressing degradation due to the presence of
noise. In addition, the system fails completely, performing worse than the baseline, in

the -5 dB condition. While disappointing, it is worth noting that even the performance
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Table 7.3: Performance comparison similar to Table(7.2| with results in PESQ

Datset SI-SDR ESSER ESSER2
SNR [dB] Noisy Clean Noisy Noisy
oo 33 3.2 3.2 3.2
15.0 2.7 3.0 2.7 2.7
10.0 2.5 2.8 2.5 24
5.0 2.1 2.6 2.2 1.1
0.0 1.7 2.3 1.7 1.8
-5.0 1.3 1.8 1.3 1.5

ceiling is performing very poorly in this condition. It is also worth noting that this is
the first condition in which the noise contains more energy than the speech, which

may be causing issues with the objective function.

The results of the ESSER2-trained system are comparable to those of the original
ESSER system [23]]. Though peak performance has not improved compared to ESSER,
the ESSER?2 objective does provide multiple benefits over the original objective
function. As we will demonstrate in the following section, the ESSER loss function is
exceptionally fragile with respect to its A parameter, while the ESSER2 function is
quite robust with respect to its parameters. In addition, as shown in Figure the

system outputs more closely resemble the target signals in the spectral domain.

The results of these systems evaluated with PESQ are shown in Table The
overall trends are fairly consistent to the SI-SDR results, with a few exceptions. One
notable outlier is that the performance of the ESSER2 system in the 5 dB noise
condition appears to have failed, with a MOS of only 0.1 higher than the minimum,

lower than the traditional SI-SDR—trained system baseline. This type of result would
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Figure 7.2: Sample section of magnitude spectra from the 5 dB evaluation set comparing
ESSER?2 system output to the oracle signals. The box on the left shows an example of what
the ground truth signals look like across the two data paradigms. The box on the right is an
example of real system output on this mixture. This system has been trained on data with
ground truth following the noisy oracle paradigm but is trying to produce outputs consistent
with the clean oracle paradigm. We draw particular attention to the bottom left corner of the
plots for ng, s;"*”, and fiy, where a relatively high-energy portion of noise is present. The
system has successfully identified this as noise, despite being trained on data where this type
of signal was merely included in a source signal similar to s}, without ever being explicitly
annotated as noise.
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typically indicate a model that failed to train, yet performance measured in SI-SDR
showed improvement. Another interesting result is that in the -5 dB test condition
the ESSER?2 system shows some improvement. While the baseline systems still are
performing quite poorly, the PESQ results do not show the same system failures that

SI-SDR does.

7.4.2 Analysis of Parameter Robustness

We performed a number of experiments analyzing the robustness of the ESSER
and ESSER?2 objectives with respect to their hyperparameters. This is a particularly
sensitive issue with tasks such as this, where the desired output of our system cannot be
directly compared to the ground truth that we have access to. As noted in Section[6.3.4]
evaluation of systems using data under the noisy oracle paradigm is not appropriate
for estimating performance of a system for the true task we care about. This can be a
serious issue for hyperparameter tuning, as parameters cannot be appropriately tuned
using a held-out set from the training data. This problem is handled in the original
ESSER function through a proxy function used on the validation set, but it fails to

produce optimal results in multiple reported conditions.

Unfortunately, as the ESSER and ESSER?2 systems use different hyperparameters,
we cannot directly compare their sensitivity to any given parameter’s value. Never-

theless, it is worth evaluating how stable the network training is with respect to the
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Figure 7.3: Plot of improvement over baseline as a function of A parameter for original
ESSER loss across multiple conditions. We show that there is no value that is consistently
good, and incorrect values can perform significantly worse than the baseline.

parameters, particularly since the improvements of the ESSER2 function are primarily

for decreased sensitivity to parameter values.

One reason this is so critical, as discussed by [23]], is due to the inability to tune
parameters according to a held-out set. One of the fundamental aspects of this work is
to train and evaluate in conditions where we inherently do not have appropriate ground
truth. As shown in Section[6.3.4] the issues in ground truth are relevant to evaluation
as well as training, so using a held-out set would be inappropriate, as it would suffer
from the same issues faced in evaluation. The work by [23]] uses a heuristic to tune the
A parameter, noting that the heuristic failed in some cases. In this work, we instead
worry less about tuning optimal performance of the system, and instead focus on
demonstrating the relative invariance of performance with respect to parameter values,

removing the need to develop techniques to tune parameters for new conditions.

Figure shows the results of a parameter sweep over systems trained using the
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ESSER objective. This plot shows the improvement over baseline as a function of
A, with each line representing a different condition. The horizontal axis contains
the sweep over A and the vertical axis contains the improvement over the baseline,
with a horizontal black line at the baseline value. Each curve is a different noise
condition. These systems were trained with negative ESSER loss, training on noisy
oracle data and evaluated on the matched-SNR test set with clean oracle for evaluation.
To an extent, it is difficult to make out any trend in performance, which is one point.
The fact that there is no consistent trend, along with the fact that performance can
degrade catastrophically with poorly-chosen parameters, means that training a system

on unknown data would be unlikely to be successful.

However, there is some evidence of A acting appropriately. The systems perform
at approximately baseline performance when A = 0, which is equivalent to turning
off the error discount. Increasing A increases the noise discount, encouraging the
network to put more and more of the signal in the noise estimate. For mixtures with
lower SNRs, this can improve performance, but for all networks, at some point the
discount becomes too strong and the performance falls apart completely, likely due to

not attempting to separate enough of the signal.

Figure shows a sweep of the comparable parameter in ESSER2, A,,, on
the 5 and O dB test sets. The performance here is considerably more stable, with

performance only starting to decrease at A,, = 0.4 and 4,, = 0.5, and needing to be
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Figure 7.4: Comparison of performance as a function of A,, with ESSER?2 loss, with other
parameters set to values reported in Table[7.2] We can see that only in extreme values do we
start to see breakdown of performance. Note that the x-axis scale is not linear.
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decreased to A, = 0.001 to show a decrease in performance at the low end. We believe
that networks trained with ESSER2 loss are likely stable with respect to A,, as long as
it is below the breakdown point reflected in the experiments with ESSER loss. Not
attempting separation is a considerably easier task than separation, which we believe
leads to a very powerful optimization local optimum. As a result, the greatest risks

come from providing too much of a discount.

The challenge of this overall approach is that the network must be encouraged
to take advantage of the existence of the discounted noise estimate category without
letting it swallow up the entire signal. In ESSER, adjusting A to a point where the
network does something beyond regular separation but not falling into a degenerate
point is very difficult. However, in ESSER?2, the regularizer term is what is used to
guarantee that the network does something besides pure separation, and the A, term
is only used to inform how the network partitions the signal. It can still fall into the

degenerate optimum if 4, is too large, but otherwise will be fine.

Figure shows the results of a comparable set of experiments, but varying the
regularizer term weight A,. Unsurprisingly, performance degrades for very small
values of A,, as it is not influential enough to affect the objective function. Otherwise,
the performance is robust with respect to this parameter, as long as it is within an

appropriate dynamic range.
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Figure 7.5: Comparison of performance as a function of A, with ESSER2 loss, with other
parameters set to values reported in Table We can see that performance is fairly stable as
a function of this parameter, which is typical for a regularizer. Note that the x-axis scale is not

linear.
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Figure 7.6: Comparison of model performance on the 5 and 0 dB datasets as a function of the
SNRy,ta parameter in ESSER?2 loss, with other parameters set to values reported in Table
We can see that performance is very stable as a function of this parameter, maintaining high
values over a range of 10+ dB. Interestingly, the system seems to perform better at SNR values
lower than oracle, suggesting perhaps the true SNR value is not best performance-wise.
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Finally, Figure [7.6{shows the results of our experiments regarding network robust-
ness with respect to the SNR ., parameter. This is of particular interest as the value
would vary from dataset to dataset, and even could be a challenge on data where the
SNR is not as consistent from file to file as it is with our synthetic dataset. The dataset
SNR is something that could be estimated ahead of time, but an estimate will always
have some level of error, and we would want our systems to be robust to errors in

SNR estimation.

Fortunately, the range of SNRy,, values which achieve comparable performance
are over a range of 10+ dB, which gives a very large margin of error. What is
particularly interesting, however, is that this buffer is not centered around the oracle
SNR value, and the oracle value does not produce the best-performing system, with
lower SNR values achieving better performance. We also note that the network
trained in 0 dB condition with a parameter value of -2 dB failed to train. This does

unfortunately indicate there may still be instabilities in training.

7.4.3 Issues and Future Work

One of the largest challenges facing this task is the issue of properly scaling the signals.
As noted in Section|/.2.2.4] taking an approach to scaling that is comparable to the
one used in SI-SDR cannot accordingly produce optimal scaling. The fact that these

methods rely on the relative magnitude of the signals, despite being variable—even
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depending on system output—is likely harming system performance. In fact, we
explored use of a reconstruction loss, where all estimates should sum as close as
possible to the mixture, with no success, something we attribute to likely being due to

scaling issues.

Another line of future work would be further exploiting information we could gain
about signals beyond perfect speech/non-speech annotation. For example, we greatly
improved robustness of the system by simply giving it additional information about the
signals: the SNR of the input data. The more information that we can provide for the
system, the more likely it is that we can build a better training regime for this problem.
We would like to explore a framework such as Generative Adversarial Networks,
along the lines of [83]], that would allow the incorporation of signal priors or some
other expected signal information to aid the network in training. Additionally, many
datasets involving noisy, far-field speech are recorded in parallel with close-talking
microphones with cleaner speech signals [3}, |51} [84]. It may be possible to use these
parallel recordings to better inform what parts of the signal are more likely to be
speech or noise. This type of information may be beneficial in improving performance

while training on noisy data without perfect signal information.

Finally, we would like to extend this work to conditions that include reverberated
speech. It is likely the case that reverberation, not just noise, is a significant reason

as to why systems trained on real-world often perform very poorly. As a result, a
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necessary next step to this line of research is to include reverberation as well.

7.5 Conclusion

We have proposed an approach for dealing with the challenges of training a speech
separation system using data involving mixtures of speech with noise already present,
addressing the problems raised in Chapter [6] The gains of the proposed ESSER?2 loss
are minor and do not solve the problem, but show promise that something can be done

to handle these challenges.
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Chapter 8

Speaker Recognition as Extrinsic

Evaluation of Speech Separation

8.1 Introduction

Training and evaluation of speech separation systems in noise and reverberation pose a
number of challenges. One of the major challenges is that speech separation evaluation
is generally done by computing the divergence of the estimated waveform from the
ground truth waveform, as discussed in Section [2.4.3] The evaluation metrics are
accordingly sensitive to all components of the waveform, penalizing performance
for reasons other than the true separation errors, i.e. failing to produce the desired

speaker’s speech or failing to remove the other speakers. And, beyond this, these
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metrics cannot be used to evaluate naturally overlapped speech at all, as the ground

truth separation waveforms are not available in any capacity.

As a result, we have conducted an investigation demonstrating the viability down-
stream speaker recognition as a method for extrinsic evaluation of the quality of
speech separation. Speaker recognition is the class of tasks aiming to identify the
person who was speaking in a recording. If these systems are designed to only work
on non-overlapping speech, we could expect that their performance would degrade
as more and more of another speaker is present in a waveform, or—reframed in
the context of speech separation—as the quality of separation is reduced. Speaker
recognition has the benefit of being very lightweight with respect to annotation: rather
than requiring an entire ground truth waveform, requiring only knowledge of the
speakers identities. And, state-of-the-art speaker recognition systems are relatively
invariant to noise and reverberation [56]).

An additional benefit of this extrinsic metric is that it provides some evidence
of the value in speech separation as pre-processing for speaker verification tasks.
Many applications impacted by overlap in conversational settings are either speaker

recognition tasks or can be related to them, such as speaker diarization.
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8.2 Discussion of Separation Evaluation

The methods of evaluation for system performance on a given task fall into two
categories: intrinsic or direct evaluation and extrinsic evaluation through down-stream
task performance. In direct evaluation, some fidelity metric is used to evaluate how
closely system output matches the desired output. In evaluation through down-stream
tasks, the system output is used as preprocessing for another system used on a different

task, which is then evaluated.

8.2.1 Direct Separation Evaluation

8.2.1.1 Commonly-Used Metrics

As discussed in Section the primary metric used in speech separation evaluation
is Scale-Invariant Signal-to-Distortion Ratio (SI-SDR) [31]. This metric directly
computes the error between the estimated source waveform and the ground truth
waveform. Other metrics that are directly computed from the waveforms, but are
less frequently used, are Signal-to-Distortion Ratio (SDR) and its companion metrics
Signal-to-Interferences Ratio (SIR) and Signal-to-Artifacts Ratio (SAR) [36]], as
well as Short-Time Inteligibility (STOI) [37] and Perceptual Evaluation of Speech

Quality (PESQ) [38]] are used as well.
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8.2.1.2 Challenges of Direct Evaluation

One of the biggest challenges in direct evaluation of speech separation quality is
that the level of ground truth annotation required is simply not available in a natural
mixture. By contrast, in a task such as automatic speech recognition (ASR), the
annotation required for evaluation is simply the corresponding text. Systems can easily
be trained and evaluated in noisy and reveberant conditions, as the labels themselves
are unaffected by the audio condition. Speech separation evaluation however struggles
in these sorts of conditions, as it is not possible to recover the “clean” speech signal
from the interfering signals. And, regardless of whether the ground truth signal is
clean or not, the performance metric will include the non-separation errors of failing to
remove or produce noise in the estimates accordingly. There is also no way to evaluate
separation performance on real, naturally-occurring speech mixtures—recovering
the ground truth waveforms is a superhuman task that itself is the problem speech

separation aims to solve.

Finally, as speech separation is a task largely desired as pre-processing for down-
stream speech technologies that are not designed for overlapping speech, a potential
shortcoming of direct evaluation is that the evaluation metrics are not guaranteed
to correlate with the impact of the separation system on the performance of the

downstream task.
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8.2.2 Separation Evaluation Through Downstream Tasks

By considering downstream tasks, there are considerably more options for perfor-
mance evaluation, which additionally can be valuable for cases where the downstream
task is the ultimate goal. However, a significant downside is that this approach is
heavily dependent on the task, technique, and downstream model used. And, in some
cases, downstream deep neural network (DNN)-based speech systems have been
shown to have degraded performance on audio that has been produced or enhanced by
a DNN [85,[86]. The most commonly desired downstream applications are speech
recognition, speaker identification, and embedding-clustering—based diarization. Since
the embeddings used in diarization systems typically come from speaker identification

systems, we only consider the first two applications.

8.2.2.1 Separation Evaluation Through Speech Recognition

Though speech recognition of overlapping speech has largely been approached through
end-to-end systems [87, [88]], there has been some precedent of evaluating separated
speech with speech recognition [89-91|]. However, using ASR for downstream

evaluation of speech separation does have downsides.

The biggest downside is that the data must contain complete utterances, which
disallows the min condition defined in the wsjO-2mix dataset [[18]] and the use of any

corpora that do not contain the constraint that the single-speaker waveforms contain
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full utterances [[19]. In cases where both speech signals are full utterance, this almost
assuredly leads to a condition that does not consist of 100% overlap, which is its own
challenge in speech separation. And in cases of natural overlap, only a small portion of
the utterances contain overlap. And finally, transcription is one of the more intensive

and costly annotation procedures, particularly in comparison to speaker identity.

8.2.2.2 Separation Evaluation Through Speaker Verification

The biggest appeal of speaker identification-based evaluation is that speaker identity
1s very easy annotation to attain compared to the transcript required for ASR and
ground truth waveform for direct evaluation. In addition, the annotation labels are
time-invariant, applying to any duration of speech, avoiding many of the issues of
ASR regarding segmentation and level of overlap. This makes speaker ID performance

a valuable extrinsic metric for separation evaluation.

There are, however, several design choices in such evaluations. The primary
decision is whether to perform speaker identification (speaker identity classification)
or speaker verification (acceptance/rejection of the presence of a speaker from an
enrollment recording), and how to extend those tasks to multi-speaker mixtures. For
sake of simplification, in this work we focus on a verification task, where a trial is
target if the enrollment speaker is present in the mixture and non-target if none of the

speakers in that mixture are the enrollment speaker.
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8.3 Experimental Configuration

8.3.1 Data

For our experiments, we used the wsj0-2mix dataset [8]] based on WSJO [18]], the
WHAMR! dataset introduced in Section [.3] that extends wsj0-2mix to noisy and
reverberant conditions, the “noisy oracle” (no-2mix) dataset described in Section[6.3.1]
as well as the mx6-2mix and ch5-2mix datasets described in Section 4.2l based on the
Mixer 6 [S1] and CHIME-5 [3]] corpora respectively. In all cases, the 16 kHz versions
and min conditions are used. The wsj0-2mix corpus was chosen due to its ubiquitous
use in nearly every deep learning-based speech separation study. WHAMR! was
chosen due to the similarity of its conditions to many real-world applications. The no-
2mix dataset was chosen to evaluate speaker verification as a solution to the evaluation
challenges raised in its work. And finally, the mx6-2mix and ch5-2mix datasets were
chosen for the purpose of evaluation in realistic environments, in contrast to the other
datasets which contain fully-synthetic mixtures, with noise and reverberation being

added to clean speech recordings after the fact.

For creating test sets for speaker verification evaluation, we developed an algorithm
to generate self-contained trials from a given separation dataset. In other words, we
wanted to be able to create a speaker verification test set that required no additional

data beyond the separation dataset. As a result, the enrollment utterances used for
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each mixture are taken from the ground truth non-overlapping source speech from a
different mixture. A benefit of this approach is that a speaker verification evaluation
set could be generated from any speech separation dataset that has speaker label
information. However, due to the reuse of utterances that inherently results from this
approach, care must be made in maximizing the diversity of pairwise comparisons.
For example, it would be undesirable for the verification set to compare the same two
utterances twice, or even two by the same pair of speaker, if avoidable. Our algorithm
thus is designed to maximize the diversity of speaker comparisons as well as the
usage of utterances for enrollment. Further details of this algorithm are presented in
Appendix [A.2]

To generate each speaker verification evaluation condition, we generated 2 target
trials and 2 non-target trials for each mixture—the target trials consist of one speaker
match for each of the two speakers in the mixture, and the non-target trials simply
use a speaker that is different from both present in the mixture. It is worth noting that
the trials we generated are not necessarily gender-balanced, instead approximately
matching the gender balance of the source corpora. This is not ideal, but we felt
the best option was to compromise on gender balance and focus on matching the
conditions between the separation and speaker verification evaluation setups for a given
dataset. In cases where separation trials correspond across datasets, the same trials

were reused (wsj0-2mix, WHAMR!, and no-2mix use the same source recordings, and
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both mx6-2mix and ch5-2mix have the same mixtures across multiple microphones).

8.3.2 Models and Training

All of our separation networks are TasNet-BLSTM [15]] networks with 600 units
in each direction, trained with negative SI-SDR [31]] loss, which we feel is reason-
ably representative of standard speech separation techniques. For the analysis and
synthesis bases, we used 500 filters with length 5 ms and shift 2.5 ms. To train a
range of separation models for our experiments with varying levels of performance,
we increased the filter size and stride, as we feel there is evidence in the research
community that demonstrates that these parameters correlate strongly with separation

performance [S1]].

Models were trained for 100 epochs using 4 second segments using the Adam [|64]]
optimizer with an initial learning rate of 0.001. The learning rate is decreased by a
factor of two if the validation loss does not improve for three consecutive epochs. In
addition, gradient clipping is performed with a maximum ¢, norm of 5. All networks
were trained with negative SI-SDR loss in an utterance-level permutation-invariant

manner [11]].

The system we used for speaker identification was x-vector speaker embed-
dings [56] with a Probabilistic Linear Descriminant Analysis (PLDA) [57, 58] backend

for producing scores between utterances. We used models trained for the Speakers
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in the Wild evaluation [92]] as described in [93]]. The models are trained on Vox-
Celeb 1 [59] and VoxCeleb 2 [60], augmented with noise, music, babble, and re-
verberation. While this system was not trained on any overlapping or multi-speaker
speech, we felt that this was a reasonable system to use as our speaker verification
backend due to its strong performance record, its design for noisy and reverberant
environments comparable to desired speech separation application environments, and
the fact that it was designed for an application in which multi-speaker environments
were a key aspect of the evaluation. In addition, as the primary goal of this work is
to evaluate speech separation quality, we do not necessarily want to maximize the
invariance of the speaker identification technique to overlapping speech. And, as this
system is reasonably current, it still lends credibility to the value of speech separation

as pre-processing for speaker identification.

Additionally, we evaluated models using two separate PLDA-based backends.
The first was the original speaker verification system’s backend, trained with the
VoxCeleb data. We also evaluated a re-trained backend, that was trained on in-domain
data for the test condition, i.e. speech that had been enhanced by the separation
network. This was a combination of separated and oracle sources from the ‘cv’ sets
that were consistent with the test separated sources and enrollment sources. While
this significantly reduces the amount of data the PLDA is exposed to, it allows for

better-matched recording conditions, and more importantly will allow the PLDA to
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compensate to some degree for artifacts introduced by the separation DNN, which the

system would otherwise have never been exposed to.

8.3.3 Evaluation

The intrinsic metric we use to evaluate the standard speech separation performance is
Scale-Invariant Signal-to-Distortion Ratio (SI-SDR), defined in (2.12)). This measures
the ratio of signal power to error power, using a scaled version of the estimated source

such that the error is orthogonal to the signal.

For the speaker verification experiments, we use the most common metric, Equal
Error Rate (EER). In typical speaker verification systems, a pairwise score is computed
for each trial. The threshold used for acceptance/rejection of a trial can be tuned per
application to favor either false acceptances and false rejections. EER reports the
error rate at the operating point where the percentage of false acceptances and false

rejections are equal.

In our mixture-based speech separation experiments, we used a straightforward
approach to handling trials with multiple speakers. In cases where no separation
was performed, we simply scored the enrollment utterance against the mixture itself.
In cases where we were evaluating separated mixtures, we scored the enrollment
utterance against both separated waveforms, using the closest score as the ultimate

score for the presence of the enrollment speaker in the test mixture.
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Table 8.1: Documentation of performance across multiple conditions. EER [%] represents an
error rate where smaller is better, while SI-SDRi [dB] measures signal improvement where
larger is better. The Mix and Oracle columns provide an expected performance floor and
ceiling, evaluating unprocessed mixtures and ground truth separation respectively, while Sys.
columns report the performance of a TasNet separation system. The PLDA column is the
system where the PLDA has been retrained with in-domain data including separated output.

Mix Oracle Sys. PLDA Sys.
Dataset EER EER EER EER SDRi

wsj0-2mix [§]] | 13.7 2.4 4.7 3.4 | 145
no-2mix [23]] 20.9 2.6 15.7 6.8 12.9
no-2mix w/ noisy target 224 7.4  13.1 8.4 2.8
WHAMR! [20] rev. 16.6 2.6 11.4 6.1 9.4
WHAMR! rev. w/ rev. target | 17.8 4.6 9.3 6.9 9.9
WHAMR! noise & rev. 20.8 2.6 19.5 9.5 9.3
mx6-2mix [19]] near 19.0 5.8 129 139 9.2
mx6-2mix far 23.7 11.2 21.6 19.7 2.3
ch5-2mix [19]] near 33.8 354 364 354 6.9
ch5-2mix far 374 319 375 369 0.4

For our baseline experiments, we provide a sense of performance floor and ceiling
for a given dataset and separation task by performing speaker verification evaluation
on both the input mixture and the oracle ground truth separated signal, which exist due
to the synthetic nature of mixtures required for standard speech separation training

and scoring.
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8.4 Results and Discussion

8.4.1 Survey of Conditions

Our first set of experiments was to simply evaluate and document performance across
a wide variety of condition, the results of which are shown in Table [8.1] The purpose
of these experiments were to document the potential gains for speaker verification
through separation of overlapping speech, as well as show how close to the expected
speaker verification performance ceiling a speech separation system is able to attain
given its separation performance. The “mix” column shows verification performance
using the unprocessed mixture, and the “oracle” column shows verification perfor-
mance using the ground truth separated sources, representing the floor and ceiling
respectively. The “system” column shows the results of the separation system output,
and the “PLDA” column shows the results of those same systems where the PLDA
has been trained using audio separated by that system. Finally, the rightmost column

shows the SI-SDRi performance for those systems, for reference.

The results show that in general, there is a significant difference in performance of
speaker verification between evaluating mixtures and evaluating the oracle separated
speech, giving evidence that there is great potential for improvements to speaker
recognition systems through separation pre-processing. One notable exception is the

CHiME-5 conditions, where the lack of improvement is likely due to the conditions
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being exceptionally challenging. We also see from WHAMR! and no-2mix that
although the speaker verification system was trained to be invariant to noise and
reverberation, it tends to perform better on clean speech than noisy or reverberant

speech.

In terms of the separation system performance, overall separation does generally
improve performance over the baseline, with system EERs being lower than the EERs
using the mixtures. One of the most interesting trends is in cases where the ground
truth does or does not include the noise or reverberation (i.e., do we require the
separation network to enhance the signal or not). In this case, intrinsic separation
performance is better when the network is asked to perform enhancement (drastically
so in the no-2mix dataset), but speaker verification performance tends to be better

when the network is not enhanced. Further discussion of this is in Section [8.4.3]

The systems using a retrained PLDA generally improves performance of the
system when using fully-synthetic data. However, it shows minimal impact in the
mixtures using real data, i.e. the data created using Mixer 6 and CHiME-5. One theory
is that this is a result of the ground truth data including noise, as explored in Chapter|[6]
However, the fact that the PLDA improves performance of the noisy target no-2mix

case serves as evidence that this is not the case.

Another theory is that the realistic recordings are more similar to the VoxCeleb

data the original PLDA was trained on, so retraining does little to help. However, this
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discounts the theory that the PLDA could be compensating for the separation system’s
artifacts, which seems unlikely given its significant improvements in the synthetic

datasets.

An additional theory is that the shorter utterance lengths of the realistic data (see
Table means that the xvectors are too low quality to train an effective PLDA. The
relatively high error rates, even in the oracle results, support this theory. However,
the mx6-2mix mixtures are not much shorter than the wsj0-2mix/no-2mix/WHAMR!
mixtures on average, and the near-field mx6-2mix dataset has better oracle perfor-
mance than the noisy target no-2mix dataset, despite the no-2mix condition benefiting

from the PLDA.

8.4.2 System Comparison of SI-SDR to EER

Our next set of experiments were to investigate the relationship between SI-SDR and
EER, with results shown in Figure[8.1] For these experiments, we varied performance
of our separation system by changing the window size and shift for the TasNet bases.
For each plot, the horizontal axis is the separation performance measured with SI-
SDRi and the vertical axis is the verification performance measured with EER. The
horizontal dotted and dashed lines are the verification performance of mixture and
oracle separated audio. The top two plots are the wsj0-2mix and mx6-2mix near-

field datasets, and the bottom two are those same systems with the PLDA trained on
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System SI-SDRi vs. EER Comparison
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Figure 8.1: Comparison between SI-SDRi and EER on wsjO-2mix and the near-field Mixer 6
condition over a variety of TasNet models with different performance attained with variable
sliding window size and shift.
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in-domain system-separated audio.

The overall relationship among data points we collected is strictly monotonic,
which is encouraging for the use of EER as a proxy metric for SI-SDR. We do,
however, see the EER appear to level off at around double the oracle EER. This could
suggest a number of things: that better system verification performance would require
very significant separation gains and that pushing separation performance higher has
strongly diminishing returns; that there is some inherent limitation to this model and
that the SI-SDR-EER curve is system-dependent; or some alternative explanation. It is
also worth noting that systems below a certain SI-SDRi around 7 dB performed worse
on the speaker verification task than using the unprocessed mixture—even though
those systems showed separation improvement over the mixture, the verification
system performed worse using that separated output than using the mixture. This
effect in wsj0-2mix, which contains no non-speech signals, supports the claim that the

separation system is creating artifacts that the verification system is not robust to.

8.4.3 Noisy Ground Truth Results

Our final set of experiments were conducted to evaluate the sensitivity of the metrics
to non-speech signals in the ground truth. The direct separation evaluation metrics
are computed directly from the ground truth waveform and accordingly can penalize

errors from parts of the signal that are not speech. This is an extension of the results
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Evaluation Metric Comparison in O dB Noise
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Figure 8.2: Comparison between SI-SDRi and EER on a 0 dB no-2mix condition in both
clean and noisy ground truth configurations. Note that larger numbers are better for SI-SDR
while smaller are better for EER.
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analyzed in Section Figure |8.2| shows the results of our experiments comparing
the sensitivity of SI-SDR and EER to noise in the ground truth. The SI-SDR figures

are reproduced from Chapter [6] for ease of comparison.

In all plots, both curves are the same two separation systems—the difference is that
while they are trained using the same noisy mixtures, one is trained with clean sources
and the other with noisy sources. Similarly, the left plots are evaluated according to
clean source ground truth and the right noisy. The top plots report SI-SDR, the middle

EER, and the bottom is EER using retrained, in-domain PLDA models.

A promising result is that the speaker verification results are consistent across
both ground truth test conditions, and do show improvement in performance over
the speaker verification baseline. In contrast, the direct separation evaluation differs
greatly. And, not only does the performance differ, but the relative ranking of the two

systems is not consistent.

An unfortunate result is that the only result showing successful separation comes
from the model trained with clean targets and evaluated with clean targets—which is
not the better-performing system for speaker verification. A qualitative assessment of
sample audio suggests that the clean-trained separation model produces high-quality
separated and denoised audio, while the noisy-trained model produces separated-but-
noisy speech, which suggests that perhaps the extra processing of the denoising of the

clean-trained model may result in a greater amount of harmful DNN artifacts.
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The third row represents experiments designed to address this theory, using PLDA
models trained using a combination of separated and enrollment utterances from the
‘cv’ set, with hopes that the PLDA could compensate for the effect of separation
artifacts. Interestingly, it not only improves performance but almost completely closes
the gap between both systems. The speaker ID systems seem to be relatively invariant
to the ground truth condition a separation network is trained on. This is encouraging
for the use of separation as pre-processing, but adds further evidence for concerns
about the use of SI-SDR as a metric in noisy conditions: the first row suggests SI-SDR

is very strongly affected by the amount of noise in the signals.

8.5 Conclusion

We have demonstrated the utility of speaker verification as a downstream evaluation
of speech separation system performance, both through evidence of a monotonic
relationship with SI-SDR and also through evidence of stronger invariance to non-
speech signals present in the evaluated waveforms. Additionally, we have provided
evidence that speech separation can improve performance of systems used in speaker

recognition tasks.
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Conclusion

In this dissertation, we have contributed to the establishment of single-channel speech
separation in the presence of noise in reverberation. This includes constructing and
releasing a number of datasets suitable for training and evaluation, establishing the
performance of state-of-the-art separation systems in those conditions, theoretical
analysis of the impact of the interfering signals on the separation systems, as well as
development of techniques aimed at addressing the performance degradation. In the
following sections we will summarize the contributions of this thesis as well as the

open problems that stem from this work.
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9.1 Contributions

9.1.1 Dataset Creation

One of the primary contributions of this work was the development and release
of a number of datasets suitable for training and evaluating the performance of
single-channel speech separation systems in conditions where noise and reverberation
are present. This work was presented in Chapter 4. It included both mixtures of
naturally-occurring noise and reverberation, resulting in the mx6-2mix and ch5-2mix
datasets [19], as well as mixtures where noise and reverberation have been added
synthetically, the WHAMR! dataset [20]. The varying type of data creation allowed
for a nuanced analysis of the impact that different types of ground truth signal can

have on conventional speech separation systems.

9.1.2 Data Paradigm Analysis

Another contribution of this work is an analysis of different paradigms in creating
data suitable for training and evaluating conventional speech separation systems
that include noise. When noise is included in a speech mixture, the ground truth
information can either include noise in the separated speech or it can be omitted from

the ground truth sources.

Chapter[6]includes a demonstration of the significant impact this difference can
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make not only in the training of systems, but also in evaluating them as well. This

chapter also includes an analysis as to why this effect happens.

Additionally, Chapter [§]includes an exploration and demonstration of the use of
speaker verification as an extrinsic metric to improve evaluation of speech separation
systems, in part to address the sensitivity of the conventional metric to the non-speech

signals in the mixture.

9.1.3 Improved Techniques

The final significant contribution of this work is the development of new techniques to
address the problems articulated in this dissertation and improve performance of the

systems subject to those problems.

Chapter [5] presents approaches for improving performance of separation systems
when noise and reverberation is present—both an exploration of training data aug-
mentation, as well as breaking down the task into denoising, dereverberating, and

separation subtasks that are trained accordingly.

Chapter [7|presents a new training objective aimed at lessening the effects of noise
being present in the ground truth waveforms while training separation systems with
data involving noisy conditions. This approach aims to remove the impact on the
waveform-level training objective of errors resulting from failure to separate noise

signals.

147



Chapter 9. Conclusion

9.2 Future Work

9.2.1 Metric Exploration

One of the primary contributions of this dissertation was a demonstration of shortcom-
ings with the standard SI-SDR metric regarding its sensitivity to non-speech signals in
the ground truth. Additionally, the stability that the speaker verification evaluation had
with respect to these signals further suggests that SI-SDR has significant downsides.
These results call for a deeper analysis of the metrics used and what those metrics
are measuring. These issues are also exacerbated by the use of SI-SDR as both the

training criterion and evaluation metric.

9.2.2 Alternative Training Objectives

We have demonstrated that the standard training objective used in speech separation
systems shows strong sensitivity to variations in the ground truth, even when the
speech signals themselves are consistent. As the speaker verification evaluation
metric has shown to be relatively invariant to these issues, a promising line of work
would be to explore alternative training objectives that do not require waveform-level
reconstruction of the ground truth sources. However, one of the main challenges
of this type of approach would be that, as the task itself requires the production of

waveforms, there must be some mechanism to ensure the output is reasonable audio.
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Dataset Creation Algorithms
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A.1 Single Speakers to Mixtures

Algorithm Single Speaker Utterance List to Mixtures List

while num_mixes < target_mixes do
Sy = {urt : usage_count(urt) = minusage_count(-)}
u) = argmax,cs, length(u)
i+ 0
while u; not yet matched do
Sy = {utt : usage_count(ust) = minusage_count(-) +i}
Sz = {utt : spk(utt) ¢ {spk : u; previously paired}}
if S» NS5 # 0 then
Uup = argming,es,ns; | len(ur) —len(us) |
pair u; and u,, update data structures
else
if S, = 0 then
{spk : u; previously paired} < 0
i+ 0
else
i<—i+1
end if
end if
end while
end while

A.2 Mixtures to Speaker Verification

The algorithm for generating speaker verification trials from a list of mixtures is

based on a particular queue structure. The motivation is that we want to minimize

the amount of times any particular waveform is used. However, as the elements are

selected according to a set of constraints specific to particular usages, it is not always

possible to use a less-used waveform for every usage. So, to generate a queue for a
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given set of elements, we initiate an infinite queue with the set of elements repeating
indefinitely. To access an element from a queue, the queue is given a set of constraints
and returns the first element that meets those constraints and removes it from the
queue. This effectively returns the least-used element that matches the constraints.
While this approach is greedy to some extent and is not necessarily optimal, we believe

it is reasonable to solve this problem.

The queues used are as follows:

* spk_to_utts_queue: queue of utterances that exist for a particular speaker,

parametrized by utterances to not be used

* utt_to_mix_queue: queue of mixtures that use a particular utterance (since we
source enrollment from ground truth sources, a particular utterance can vary in

length from mixture to mixture)

* utt_queue: queue of all utterances, parametrized by speaker to exclude

We also use the following structure worth explaining:

* spk_to_paired_spks: mapping from speaker to speakers that have already been

used in non-target trials, for avoiding reuse of speaker pairs
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Algorithm Mixtures List to Speaker Verification Trials

for mix in dataset do
for utt in mix do
spk < utt_to_spk(utt)
for num_target_trials per speaker per mix do
enroll_utt <+ spk_to_utts_queue|[spk] (utt)
enroll_mix < utt_to_mix_queue(enroll_utt)
append “mix enroll_mix target” to trials
end for
end for
for num_nontarget_trials per mixture do
unusable_spks < U [spk_to_paired_spks(utt_to_spk(utt)) for utt in mix|
if len(unusable_spks) = num_spks then
for spk in mix do
clear spk_to_paired_spks(spk) if full
end for
end if
enroll_utt < utt_queue(unusable_spks)
enroll_mix < utt_to_mix_queue(enroll_utt)
append “mix enroll_mix nontarget” to trials
end for
end for
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