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Abstract

Meeting transcription has become an important topic in the field of speech processing. As
the task of answering the question who said what and when for long recordings of partially
overlapping speech, it encompasses speech transcription (what was said?), diarization (who
spoke when?), and, either explicitly or implicitly, speech separation (recovering the speech
signal of each speaker). Solving the combination of these problems on arbitrarily long
recordings poses challenges that have not been present for the sub-tasks alone. This work
specifically discusses how to solve the so-called assignment problem, i.e., finding a plausible
assignment or mapping between the ground-truth annotations and the output of a meeting
transcription system, or one of its sub-systems. Such an assignment is required when
computing a loss function for the training of meeting transcription system or when computing
a performance measure. For performance assessment, the Word Error Rate (WER) is
extended from the single-utterance evaluation case to the meeting scenario. A temporal
constraint is incorporated into the WER such that the obtained alignments stay physically
plausible also for long transcriptions. Multiple ways are presented to solve the assignment
problem when computing the WER  for different system architectures and analysis purposes.
After that, it is shown how to solve the assignment problem for the training of a speech
separation system by extending the utterance-level Permutation-Invariant Training (uPIT)
scheme initially proposed for short fully overlapped speech separation to the meeting scenario.
The resulting training technique, named Graph-PIT, enables processing of long recordings
without a sliding window approach. Finally, a separation-first and diarization-last pipeline
for meeting transcription is built that exploits information about word positions from the
speech recognition stage in the diarization. It is shown that this pipeline is competitive with
other, often more complex, pipelines.
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Zusammenfassung

Die Transkribierung von Gesprachssituationen ist zu einem wichtigen Thema im Bereich der
Sprachverarbeitung geworden. Als Aufgabe, die Frage zu beantworten, wer was wann in lan-
gen Aufnahmen mit teilweise tiberlappender Sprache gesagt hat, umfasst sie die Transkription
von Sprache (was wurde gesagt?), die Diarisierung (wer hat wann gesprochen?) und, entweder
explizit oder implizit, die Sprachseparierung (Wiederherstellung des Sprachsignals jedes
Sprechers). Das Losen der Kombination dieser Unterprobleme bei langen Aufnahmen stellt
Herausforderungen dar, die bei den Teilaufgaben allein nicht auftreten. Diese Arbeit befasst
sich speziell mit der Losung des sogenannten Zuordnungsproblems (Assignment Problem), d.
h. der Suche nach einer plausiblen Zuordnung oder Abbildung zwischen den wahren Annotatio-
nen und der Ausgabe eines Besprechungstranskriptionssystems oder eines seiner Teilsysteme.
Eine solche Zuordnung ist notwendig sowohl dann, wenn eine Kostenfunktion im Training
berechnet werden soll, als auch, wenn die Leistung eines Transkriptionssystems bewertet
werden soll. Um Systeme fiir Gesprachssituationen zu bewerten wird die die Wortfehlerrate
(Word Error Rate, WER) von der Bewertung einzelner Aussagen auf Besprechungen erweitert.
In die Wortfehlerrate wird eine zeitliche Beschrankung integriert, die sicherstellt, dass Worter,
die als korrekt erkannt werden, auch physikalisch plausibel vom selben akustischen Event
stammen konnen. Auflerdem werden Verfahren vorgestellt, wie das Zuordnungsproblem
wahrend der Berechnung der Wortfehlerrate fiir verschiedene Systemarchitekturen and Anal-
ysezwecke gelost werden kann. AnschlieBend wird hergeleitet, wie das Zuordnungsproblem
fiir das Training eines Neuronalen Netzes zur Sprechertrennung gelost werden kann. Dies
geschieht als Erweiterung des haufig verwendeten Aussagenweisen Permutations-invarianten
Trainings (Utterance-level Permutation Invariant Training, uPIT) auf ganze Meetingaufnah-
men. Das daraus resultierende Trainingsschema, Graph-PIT, erlaubt es, lange Aufnahmen
zu verarbeiten, ohne auf eine Fensterung zuriickgreifen zu miissen. Abschlieend wird ein
volles System zur Transkription von Gespréachssituationen vorgestellt, das basierend auf der
Sprecherseparierung erst Spracherkennung und dann Diarizsierung durchfiihrt. Dabei werden
in der Diarisierung Informationen aus der Spracherkennung wiederverwendet, um die zeitliche
Auflésung und damit auch die Sprechererkennung zu verbessern. Das vorgestellte System
zeigt eine vergleichbare Transkriptionsqualitat wie komplexere Systeme aus der Literatur.






Acknowledgements

I would like to thank everyone who supported me throughout the process of writing this
thesis. First and foremost, I am deeply grateful to my supervisor, Prof. Dr. Reinhold
Héab-Umbach, for his guidance, encouragement and trust. He gave me the freedom to explore
new ideas while providing the necessary pressure to transform them into publications. A
big thank-you also goes to the research team at the NTT Inc., Communication Science
Labs, in particular to Marc Delcroix and Keisuke Kinoshita, for the fruitful collaboration
on many publications and for countless insightful discussions. I also would like to thank my
colleagues at the Department of Communications Engineering at Paderborn University who
created an enjoyable working environment. I especially thank my office colleagues: Christoph
Boeddeker, whose ideas and comments often pushed me into the right direction, and Tobias
Cord-Landwehr, for the many discussions and coffee breaks we shared. Finally, I owe my
deepest gratitude to my wife and family for their constant support during my studies. My
two sons, Dante and Tamino, born during my time at the University, brought me joy and the
perfect, and sometimes necessary, distraction from my research.

vii






Contents

Abstract

Zusammenfassung

Acknowledgements

1

2

3

Introduction

Meeting Transcription Overview
2.1 The Meeting Scenario . . . . . . . . . . .. .o
2.2 Signal Model . . . . . ..
2.2.1 Anechoic Case . . . . . . . . . . ..
2.3 The Meeting Transcription Task . . . . . . .. .. ... ... ... ... ..
2.3.1 Sub-problems of Meeting Transcription . . . . . .. .. ... .. ...
2.3.2 Processing Order . . . . . . .. .. ...
2.3.3 Difficulties and Difference to Other Tasks . . . . . . ... .. .. ...
2.4 The Assignment Problem . . . . . . . . .. ... . 0oL
2.5 Datasets . . . . . ..
2.5.1 Simulated Datasets . . . . . . . .. ... ... ...
2.5.2 Real Recordings . . . . . . . .. ...
2.6 Neural-Network-based Speech Separation . . . . . . ... ... ... .....
2.6.1 Utterance-wise Speech Separation . . . . . . . ... ... ... ....
2.6.2 Continuous Speech Separation (CSS) . . . ... ... ... ... ...
2.7 Clustering-based Diarization . . . . . . . . .. . ... ... ... .. .....
2.8 Ewvaluation Metrics . . . . . . . . .
2.8.1 FErrors in Meeting Transcription . . . . . . . . . . ... ... ... ..
2.8.2 Utterance-wise Evaluation . . . . . . ... ... ... ... .. ...
2.8.3 Signal-to-Distortion Ratio (SDR) . . . . . ... ... ... ... ...
2.8.4 Attenuation Ratio . . . .. .. ... .. ... ...
2.8.5 Diarization Error Rate . . . . . . . ... .. ... ... L.
2.8.6 Utterance-wise Word Error Rate. . . . . . . .. .. .. .. ... ...
2.9 Summary ... ...

Word Error Rates for Meeting Scenarios

3.1 Time-constrained Word Error Rate . . . . .. . ... ... ... ... .. ..
3.1.1 Time-constrained Levenshtein Distance . . . . . . . . . ... ... ..
3.1.2  Pseudo-word-level Timestamps . . . . . .. .. .. ... ... ....
3.1.3 Choosing the Collar Value . . . . . . . .. ... ... ... .. ....
3.1.4 Handling Temporally Overlapping Words . . . . . . ... .. .. ...

X

iii

vil

f—

OO W W

10
12
12
14
15
15
17
19
19
20
21
22
22
23
24
27



Contents

3.1.5  Relation to Other Metrics . . . . . . . . ... ... ... ... .... 38
3.2 Meeting-level Word Error Rates . . . . . . .. . ... ... L. 39
3.2.1 Speaker-attributed Evaluation With (t)cpWER . . ... .. ... .. 40
3.2.2  Speaker-agnostic Evaluation With ORC-WER, . . . . . . . . ... .. 42
3.2.3 Speaker-agnostic Evaluation With MIMO-WER . . . . ... ... .. 43
3.2.4  Speaker-agnostic System Analysis With DI-cpWER . . . . . . .. .. 45
3.2.5  Other WER Definitions for Meeting Scenarios . . . . . . . . ... .. 47
3.3 Efficient Computation of Meeting-level WERs . . . . . . . ... ... .. .. 49
3.3.1 cpWER . . . . .o 49
3.3.2  Exact Algorithm for ORC-WER . . . . . . ... ... ... ... ... 49
3.3.3 Greedy Algorithm for Approximating ORC-WER . . . . .. ... .. 54
3.3.4 MIMO-WER . . . . .. ... 58
3.3.5 DI-cpWER . . . . .. 59
3.4 System Analysis With Error Visualization . . . . . . . ... ... ... ... 59
3.4.1 Visualization Styles . . . . . . . .. ... 59
3.4.2  Visualizing Matchings of Long Word Sequences . . . . . . ... ... 60
3.5 Analysis . . . .o 60
3.5.1 Datasets and Systems . . . .. ... ... 60
3.5.2  Comparison of Optimal Reference Combination WER (ORC-WER)
and MIMO-WER . . . . . .. ... 61
3.5.3 Impact of Timestamp Errors on the WERs . . . . . . . ... ... .. 61
3.5.4 Impact of Segmentation Errors on the WERs . . . . .. ... . ... 62
3.5.5 Impact of Speaker Attribution Errors on the WERs . . . . . . . . .. 63
3.5.6  Accuracy of the Greedy Algorithm for ORC-WER and DI-cpWER . . 64
3.5.7 Execution Time . . . . . . ... ... 65
3.5.8 Case Studies . . . . . . . .. 67
3.6 Summary . .o oL 67
Robust Loss Functions for Meeting Separation 69
4.1 Conventional Losses for Meeting Separation . . . . .. ... ... ... ... 70
4.2 SA-SDR: An Elegant Stabilization of the SDR . . . . . . .. ... ... ... 72
4.2.1 Behavior for Imbalanced Streams . . . . . .. ... ... .. ... .. 72
4.2.2 Impact on the Weighting Across Examples . . . . . . . ... ... .. 73
4.3 Scale-invariance . . . . . .. .. 75
4.4 Experiments . . . . . . . ... 76
4.4.1 Utterance-level Separation . . . . . . .. ... ... ... ... .. .. 76
4.4.2  Anechoic Meeting-level Separation With Stitching . . . . . . . . . .. 7
4.4.3 Reverberant Meeting-level Separation on LibriCSS. . . . . . . . . .. 78
4.5 SUMMATY . . . . .. e 79
Continuous Speech Separation With Graph-PIT 81
5.1 Graph-PIT: Idea . . . . . . . . . . .. 81
5.2 Efficient Decomposition of the Loss Function . . . . . . . .. ... ... ... 83
5.2.1 Efficient Computation of the Optimal Permutation for uPIT . . . . . 83
5.2.2 Efficient Computation of the Optimal Assignment for Graph-PIT . . 84
5.2.3  Decomposition of Component-wise Additive Functions . . . . . . .. 84

5.2.4  Decomposition of Quadratic Loss Functions . . . . ... .. .. ... 86



Contents xi

5.2.5  Decomposition of Binary Cross Entropy . . . . .. .. ... .. ... 87
5.3 Graph-PIT as a Vertex-Weighted Graph Coloring Problem . . . . . .. . .. 88
5.3.1 Graph Theory . . . . . . . . . .. 88
5.3.2  Vertex-Weighted (Vertex) Graph Coloring . . . . ... ... ... .. 89
5.3.3 A Dynamic Programming Algorithm for Solving the Vertex-Weighted
Graph Coloring Problem . . . . . .. .. .. ... ... ... .. 90
5.4 Experiments . . . . . . ... 92
5.4.1 Application to Anechoic Meetings . . . . . . . .. .. .. ... .... 93
5.4.2 Application to Artificially Reverberated Meetings . . . . . . . . . .. 97
5.4.3 Algorithm Execution Time . . . . . . . . . ... .. ... ... .... 98
5.5 Discussion . . . . .. 100
5.5.1 Related Work . . . . . . ..o 100
5.5.2  Practical Considerations . . . . . . . ... ... ... ... ... .. 100
5.6 SUmMmary . . . o.o. ..o 101
6 Separation-first Diarization-last Pipeline for Meeting Transcription 103
6.1 Cross-stream Energy-based Voice Activity Detection (VAD) . . .. ... .. 104
6.2 Transcription-supported Sub-segmentation . . . . . . . ... ... ... ... 104
6.2.1 Sentence-level Segmentation . . . . . . ... ..o 105
6.2.2  Word-level Embeddings for Segmentation . . . . . . .. ... ... .. 106
6.3 Speaker Embedding Clustering . . . . . . . .. ... ... ... ... .. .. 106
6.3.1 FEmbedding Vector Extraction . . . . . . .. .. ... ... ... ... 106
6.4 Application to the LibriCSS Dataset . . . . . . . . ... ... ... ... .. 107
6.4.1 Model Architecture and Training . . . . . . . . .. ... ... . ... 107
6.4.2 Speaker-agnostic Evaluation Without Diarization . . . . . . .. . .. 107
6.4.3 Speaker-attributed Evaluation With Diarization . . . . . . . . . . .. 108
6.4.4 Literature Comparison . . . . . . . . . . .. ... .. ... ... 110
6.5 Summary . . .o 112
7 Conclusions 113
7.1 Main Contributions . . . . . . . .. ... 113
7.2 Future Work . . . . . . .o 114
7.2.1 Evaluation Metrics . . . . . . . ... o 114
7.2.2 Meeting Transcription . . . . . . . . . ... oL 114
A Appendix 116
A.1 Neural Network Architectures and Model Configurations . . . . . . .. . .. 116
A.1.1 Common Configuration . . . . . . . . .. ... ... ... .. ..... 116
A.1.2 Dual-Path RNN for Anechoic Speech Separation . . . . . ... .. .. 116
A.1.3 BLSTM for Reverberant Speech Separation . . . ... ... ... .. 117
A.1.4 TF-GridNet for Reverberant Speech Separation . . . .. .. ... .. 117
A.2 Proof That Every Overlap Graph is Chordal . . . . . . .. ... ... .. .. 119
A.3 Additional Decompositions for Graph-PIT . . . . .. .. ... .. ... ... 120
A.3.1 SA-SI-SDR . . . . . 120
A3.2 SA-CI-SDR . . . . . . . 122

Symbols and Notation 123



xii

Contents

List of Figures
List of Tables
Acronyms

Bibliography

126

128

129

131



1 Introduction

Meetings are a central form of human communication used for collaboration and decision
making. Automatic meeting transcription — generating a transcript of who said what and
when in a recording of a meeting — enables a wide range of applications, from searchable
meeting archives to accessibility services and productivity tools.

Recent progress in speech recognition and signal processing has renewed interest in this task.
Several community challenges, such as the NOTSOFAR-1 [1] and 7th and 8th Computational
Hearing in Multi-source Environments (CHiME) challenges [2, 3], have driven progress in
this area. Along these, corresponding datasets have been released, and commercial interest
has grown with the rise of meeting transcription devices and services.

Meeting transcription goes beyond classical speech recognition. Unlike the classical single-
speaker single-utterance scenarios, meetings involve long recordings, multiple speakers with
spontaneous and overlapping speech and complex interactions. These characteristics make
meeting transcription significantly harder than the classical tasks like single-utterance Au-
tomatic Speech Recognition (ASR), fully overlapped speech recognition or overlap-free
diarization, which have traditionally been studied in isolation.

The task can be fundamentally decomposed into answering two sub-questions: Who spoke
when (diarization) and what was said (speech recognition). When multiple participants speak
simultaneously (i.e., speech overlaps), a third sub-problem arises: recovering the individual
speaker signals (speech separation) from the mixture. Each sub-problem has been studied
extensively and evaluated with dedicated evaluation metrics, but mostly in isolation and
simplified conditions, e.g., fully overlapped speech separation [4-7], single-utterance speech
recognition [8-10] or mostly overlap-free diarization [11, 12]. As a result, practical meeting
transcription systems often rely on complex pipelines that break up the meeting transcription
problem into these well-studied sub-problems in different orders.

Despite active development in the field, no consensus exists on the optimal pipeline design,
i.e., in which order the sub-problems should be solved [13]. For example, speech separation
can be performed as the first step in the pipeline [14, OC1], resulting in a separation-first
pipeline. The conventional approach to this assumes for the separator fully overlapped speech
with a fixed number of speakers in each mixture that is then applied to long recordings using
a moving-window scheme [14]. This has two drawbacks: Training data with only short and
mostly fully overlapped mixtures does not reflect realistic meeting conditions, and classical
separation losses are unstable with silent target signals or a high variability in speaker activity.
The moving-window approach further creates computational overhead because overlapping
windows are required for a consistent signal reconstruction.

Other approaches may solve diarization first [2, 13, 15-17, OC15] or solve the sub-tasks
jointly with an end-to-end model [18, 19]. Each strategy, however, comes with strengths and
weaknesses, and their evaluation is complicated by the diversity of outputs they produce. A
pipeline may, for example, only estimate speaker changes without attributing utterances to
speakers.
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This diversity complicates fair model evaluation and comparison. While performance
measures for the sub-systems are well established, e.g., Signal-to-Distortion Ratio (SDR)
for speech separation, Diarization Error Rate (DER) for overlap-free diarization and Word
Error Rate (WER) for single-utterance speech recognition, there is no widely accepted way
to evaluate meeting transcription as a whole that works for all system architectures. The
only widely accepted metric, the Concatenated minimum-Permutation WER (¢cpWER) [20],
requires systems to estimate speaker labels and leaves out the timing component (who spoke
when?) from the diarization.

This thesis addresses the outlined challenges on two levels: It first provides an evaluation
framework that extends the classical WER to the meeting scenario, and then adapts and
extends neural speech separation techniques, resulting in a separation-first pipeline for meeting
transcription.

For evaluation, the classical WER is extended to long recordings utilizing a temporal
constraint in order to improve the sequence alignment and metric interpretability, resulting in
a time-constrained WER formulation. To handle cases where speaker information is missing
or where speaker attribution performance is desired to be excluded from the evaluation,
the WER is modified to find the mapping of reference transcripts to estimated hypothesis
transcripts that minimizes the WER. The resulting speaker-agnostic metrics, the ORC-WER,
Multiple Input Multiple Output WER (MIMO-WER) and Diarization Invariant cpWER
(DI-cpWER), enable the evaluation of systems that was previously infeasible. We also propose
visualization tools that reveal system errors at the word level, enabling detailed analysis
beyond aggregate statistics.

For separation we adopt the SDR loss to remain stable in the presence of silence and
imbalanced speaker activity and extend the classical Utterance-level Permutation Invariant
Training (uPIT) training scheme for short mixtures to long recordings through the proposed
Graph-PIT training scheme. The combined modifications improve the separation quality and
reduce the computational overhead when processing long recordings.

Based on this framework, a separation-first and diarization-last pipeline is built. By
performing separation and ASR before diarization, the pipeline exploits information from
ASR to improve diarization. The resulting pipeline is competitive with other larger and more
complex pipelines from the literature.

The remainder of this thesis is structured as follows. Chapter 2 introduces the meeting
transcription tasks and surveys common computational approaches to its sub-problems.
Section 2.8 and Chapter 3 build and analyze the evaluation framework. Specifically, Section 2.8
describes common performance measures for each sub-problem and how they can be applied
to the meeting transcription problem. Chapter 3 describes the extensions required to compute
a WER in the meeting scenario. Algorithms are designed for efficiently computing the WERs
for these situations and the impact of different errors is analyzed in detail. Chapter 4
and Chapter 5 develop training methods for robust speech separation in meetings by first
robustifying the training loss function and then introducing Graph-PIT. Chapter 6 integrates
these methods into a full separation-first pipeline for meeting transcription and evaluates
it in the context of the current literature. Chapter 7 finally concludes with a summary of
contributions and future work.

The main contributions of this work are highlighted at the beginning of each chapter, and
related own publications are listed in boxes titled “Related own publications”.



2 Meeting Transcription Overview

This chapter introduces the meeting transcription task as an important application for speech
processing systems. It first describes the meeting scenario in Section 2.1 and the signal
model in Section 2.2. It then describes the meeting transcription task and its sub-tasks in
Section 2.3. The assignment problem, i.e., the problem of finding a mapping between ground-
truth annotations and an estimated transcript, is discussed in Section 2.4 as a fundamental
problem when developing and evaluating meeting transcription systems. It gives an overview
of existing datasets and approaches to meeting transcription in Section 2.5, Section 2.6 and
Section 2.7. Finally, it introduces existing evaluation metrics for the meeting scenario in
Section 2.8.

2.1 The Meeting Scenario

Meetings are a central mode of communication in a professional context. They bring together
multiple participants to exchange information and discuss topics. Unlike controlled laboratory
speech recordings, meetings are spontaneous, interactive and highly variable. This makes
them particularly challenging for an automatic transcription system.

In a typical meeting scenario, as sketched in Fig. 2.1, multiple participants (“speakers”,
here four, indicated with different colors) are seated around a table while having a discussion.
During the discussion, the participants take turns while reacting to each other, which leads
to a typically sparse activity for each individual speaker including long pauses between two
utterances of the same speaker. Since the interactions are spontaneous, speech overlaps occur,
which is indicated by the overlapping utterances of each speaker in Fig. 2.1. Depending on
the setup, the conversation could be recorded with a single microphone or a microphone
array located on the table, or even multiple distant devices. We here limit ourselves to the
single-microphone case. An example single-channel recording is depicted at the bottom of
the figure, where different colors represent different speakers.

Overall, the meeting scenario provides a rich but complex environment for automatic
transcription. The combination of the acoustic conditions, complex speaking patterns, and
long recordings set it apart from other transcription tasks and motivates the development of
techniques for robust meeting transcript.

The following assumptions are made about the meeting characteristics to develop tran-
scription systems and evaluation methods for the meeting scenario. They exclude some of
the exotic cases that may be observed in real meeting situations, but simplify modelling of
the scenario.

Speech activity patterns are sparse. We assume that for each speaker, phases of
speaking and silence alternate. The indicated speech activity in the recording of Fig. 2.1,
where different colors mark different speakers, shows such a situation: the blue speaker speaks
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Figure 2.1: An example sketch of a meeting room with speaker and microphone positions. Participants
B to D are seated around the table while participant A is standing at the whiteboard. The distances
of the speakers to the microphone vary. Speaker D is present but inactive in the depicted extract of
the recording at the bottom of the figure.

in the beginning, is silent while the orange and green speakers speak, and then becomes
active again. The time that a speaker is active or silent typically varies dramatically between
speakers and meetings.

We also assume that most of the time, only a single speaker is active and that speech
overlaps are limited to two active speakers at a time. Even though most of the recording is
made up of single-speaker speech, speech overlaps impact the transcription quality significantly
as formal meetings contain overlap 5% to 10 % of the time and in informal get-togethers, the
overlap can exceed 20 % [OC17]. Simultaneous speech activity of more than two speakers is
disregarded because it happens rarely and if it does, these regions often contain no significant
speech content.

The acoustic environment is static. We assume static speaker and microphone positions
that do not change over the course of a recording. This assumption is mainly taken to simplify
the signal model and data simulation process, it is not strictly required for the signal processing
methods presented in later chapters. For the acoustic environment, we assume moderate
noise levels and reverberation. We assume recording with a single microphone and a distance
between the speakers and the microphone in the order of a few tens of cm to a few meters.

Linguistic information can be ignored While linguistic information plays an important
role in meeting analysis and tasks such as meeting summarization, we here assume that its
role is only minor for meeting transcription. Linguistic context beyond the boundaries of a
single utterance are not exploited.

2.2 Signal Model

Following the assumptions above, the scenario can be described as a multi-source single-
channel mixture with varying source activity and speech overlaps in the presence of reverber-
ation and background noise. In the following, first the speech activity pattern is modelled,
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followed by a description of the acoustic properties of the recorded signals.

Let us first describe the speech activity pattern as a set of utterances u € U, where each
utterance is a continuous region of speech activity of a single speaker. There are in general
multiple utterances for each speaker in a meeting and the total number of speakers is denoted
by K. The total length of the meeting is denoted by 1. Every utterance has a begin time
b, € [0,7], an end time e, € [b,,T], from the interval between 0 and 7" so that the end
time is not smaller than the begin time, and a speaker label ¢, € {1, ..., K'}. The start and
end times may also be more detailed than on an utterance-level, e.g., on a word-level if a
transcript is provided, in which case they are represented as vectors b = [by 1, by, ...] and
e = [ey1, €42, ..]. The length of an utterance is the distance between its start and end time,
ey — by,. When a transcript is provided along the utterances, then the timestamps can also be
available for each word instead of for each utterance. The temporal order of the utterances is
captured by the relation <,, where u<,u’ if u begins before «’. It is in general assumed that
the utterance indices are sorted by <,. Two utterances are defined to overlap if they share a
common time interval. The overlap function

(2.1)

( ) 1 if ey, > by, and e,, > by,
o(uy, ug) = )
b2 0 otherwise

is 1 when the two utterances u; and uy overlap and 0 otherwise. Among others, it fulfills the
following properties:

1. 4y, = ly, = o(u1,uy) = 0. Two utterances of the same speaker cannot overlap.

2. by, < by, Abyy < by, Ao(u,ug) =1 A o(up,ug) =1 = o(ug, ug) = 1. If two utterances
overlap with a third utterance and the third utterance begins later than both, then all
three utterances overlap.

These properties are required in the remainder of this thesis.

For modelling the speech signals and transcripts, each utterance is associated with a
(possibly empty) transcript t, = [t1,t2,...] which is represented as a row vector of words
t1,ts, ... € ¥ drawn form the vocabulary 3. Each utterance further has an associated (clean)
speech source speech signal s,, € R® % whose length is determined by the utterance duration
ey — by. By clean speech we mean the signal as it leaves the mouth of the speaker, unaffected
by environmental distortions.

All signals are single-channel and modeled as column vectors of samples. To align the
utterance signals in the time-frame of the overall meeting, we define a padded version of the
source signal

S, = [0y ,s1,05_,. ] e R, (2.2)

by Pur

where T is the full meeting length in samples, (-)T denotes vector transpose and [a, b] indicates
concatenation vectors.

The observed recording also contains noise n, which encompasses both environmental sounds,
e.g., paper rustling or typing, and microphone noise. Assuming a static acoustic environment,
the acoustic transfer function between a speaker and the microphone is modeled as a linear
time-invariant system, characterized by a convolution with a Room Impulse Response (RIR).
Since speaker and microphone positions are fixed, each speaker k is associated with a unique
RIR, denoted as hy.
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The overall signal model of a mixture is therefore given by

y =), 8u+hy, +n, (2.3)
ueld

where = denotes discrete convolution and dim(y) = T is the total length of the meeting,.

The RIR can be decomposed into two components, an early part h) that consists
of the direct path and early reflections, and a late part h'® that consists of the diffuse
reverberation tail [21]. For convenience, we define the corresponding utterance contribution
as

glearly) g hé‘j‘“”, (2.4)

v(]ate) h(late) 2 5)

U

With this notation, the mixture signal can be written as

y = Z (éq(farly) v(late)) +n. (27)
ueld

When training an Neural Network (NN)-based source separator (see Section 2.6) in practice,
the late reverberation tail can be regarded as an additional noise source and excluded from
the target signal, whereas the direct speech and its early reflections are considered beneficial
over using the clean source alone [22]. This decomposition is mainly relevant when selecting
which target signal to use for training a separation network. In the remainder of this thesis,
the distinction between early and late components will be omitted whenever it is clear from
the context or unimportant.

2.2.1 Anechoic Case

Some experiments in this thesis are conducted in an anechoic environment where no reverber-
ation is present. This is modeled by setting all room impulse responses to the causal impulse
h, = (1,0,0,...)T.

2.3 The Meeting Transcription Task

Given a meeting recording y, the goal of meeting transcription is to produce a transcript that
specifies who spoke when and what. Formally, this involves recovering, for each utterance, its
transcript t,, speaker label £,, begin time b, and end time e,, and in some cases also s,,.

In practice, however, reconstructing the utterances exactly is infeasible because the seg-
mentation is often ambiguous and multiple valid segmentations of a meeting exist. The task
is therefore to estimate a set of segments U that resembles the ground-truth utterances U
as closely as possible, while allowing for different segmentation decisions. Each estimated
segment U € U again has a transcript tg, a speaker label éu, a begin time b and an end
time é; and an estimated speech source signal §;. This mismatch introduces an assignment
problem between system outputs and ground-truth references, discussed further in Section 2.4.
For notational simplicity, we will often write u to index both the reference and estimated
segments.
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Figure 2.2: The three sub-problems of meeting transcription.

2.3.1 Sub-problems of Meeting Transcription

Meeting transcription is typically divided into several sub-problems, illustrated in Fig. 2.2
and described below.

Speech separation Speech separation aims to recover the individual clean speech signals
s, from the mixture signal y. While reconstructing s, is not a primary goal of meeting
transcription, separation is often used as preprocessing to handle overlapped speech.

NN-based speech separators usually output a fixed number of S signals (streams) Sy, ..., Sg,
each spanning the full recording. Since the number of utterances || does not generally equal
S, multiple utterances may be mapped onto the same stream. If utterances from different
speakers are mapped onto each of the streams so that more than S speakers can be separated,
it is called Continuous Speech Separation (CSS). An example for this is depicted later in
Fig. 2.7. A follow-up diarization step is then required to identify individual utterances, their
temporal boundaries and their speaker labels from the separated streams.

Although separation is not strictly necessary if downstream models are overlap-aware, it
remains a widely used component and is discussed in more detail in Section 2.6.
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Diarization addresses the question “Who spoke when?” (see Fig. 2.2a). It is commonly split
into a segmentation and a speaker attribution problem. The segmentation step determines
continuous temporal regions containing speech for a single speaker (i.e., estimating the number
of utterances || and b, and e, for each utterance u). Speaker attribution determines which
segment belongs to which speaker (i.e., assigning a speaker label ¢, to each utterance u).
Due to ambiguities in the segmentation, the estimated number of utterances can differ from
the number of ground-truth utterances. A single utterance can be split into two or multiple
utterances merged into one. This is a natural effect because pauses can be interpreted
differently. Traditional diarization methods assume non-overlapping speech, which does not
hold in meetings. Here, overlap-aware diarization or preprocessing by source-separation is
required. The conventional clustering-based diarization pipeline is reviewed in Section 2.7.

Automatic speech recognition [8] addresses the question “What was said?” by estimat-
ing transcripts t, from speech segments, either from §, or directly from y and additional
diarization information. Traditional ASR systems assume short and clean single-speaker
signals and thus require separation and diarization in advance.

Target-speaker ASR systems use speaker identity information to only transcribe one speaker
from a speech mixture. In this thesis, however, ASR systems are treated as black boxes. We
rely on pre-trained recognizers without modifications.

2.3.2 Processing Order

Different processing orders of separation, diarization, and ASR have been proposed, with no
universally optimal pipeline [13, 14, 20]. Fig. 2.3 illustrates the concepts of the most common
strategies.

Each pipeline has system-specific trade-offs. Early stages can provide useful cues for later
stages, but errors made early often propagate downstream. Speech separation, for example,
improves with diarization information (GSS [23]) while diarization and speech recognition
improve when competing speakers are removed with speech separation [24, 25]. It here makes
sense putting stronger sub-systems in the target scenario earlier in the pipeline so that all
following stages can profit from it, or even to cycle through the same stage multiple times.

We briefly review the major pipeline variants found in the literature.

Diarization-first A diarization-first pipeline, which seems to be the preferred pipeline for
processing real-world data!, performs diarization before separation and speech recognition.
Speech separation in this pipeline can use estimated speaker activity regions (e.g., Guided
Source Separation (GSS) [23]) or speaker identity information (e.g., SpeakerBeam [32],
VoiceFilter [33]) from diarization to improve performance, as done in the CHIME 6 Pipeline
[20]. The separation and recognition stages can here also be merged into a target-speaker
speech recognizer, resulting in the target-speaker ASR pipeline [26] that extracts only the
speech of a requested speaker, represented by a speaker embedding vector obtained from
diarization. Such pipelines are limited by the capability of the diarization system, which are
often limited to a maximum number of speakers or break with large amounts of overlaps.

! Most of the submissions to the CHiME-7 challenge employed an initial diarization phase [2, 15-17, OC15,
27-31]
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Figure 2.3: An overview of pipeline architectures found in the literature. (Inspired by [13] Fig. 1)

Separation-first A separation-first pipeline performs speech separation first to simplify the
follow-up diarization and speech recognition stages. The CSS-DA (Separation — Diarization
— ASR) [14, 34] or CSS-AD (Separation — ASR — Diarization) [OC1] pipelines are examples
for this. In the CSS-DA pipeline, diarization is performed on overlap-free signals followed by
speaker-dependent or speaker-independent ASR. Speaker-dependent ASR here differs slightly
from target-speaker ASR since it receives already separated speech, so speaker information is
only used to boost separation quality, it is not necessarily required. The CSS-DA pipeline
was first mentioned in [13] and implemented in [OC1]. It applies a speaker-independent ASR
system to the continuously separated streams followed by diarization as the last step, where
the diarization can use information from the ASR. Such a pipeline has been implemented
in [OC1] and is described in detail in Chapter 6. When separation is performed first, the
pipelines are typically either limited by a maximum number of speakers in the total recording,
within a limited temporal context or active at the same point in time.

Multi-pass pipelines There are also approaches that go beyond the pipelines displayed in
Fig. 2.3 and solve the same sub-problem multiple times to refine it. For example, TS-VAD
employs multiple diarization stages [35], the best TS-SEP configuration employs diarization
followed by joint separation and diarization and then performs separation and diarization
again [36]. Even more complex pipelines exist that circle multiple times through different
diarization and separation methods [27].

Joint models The discussed ambiguity in the order, and the different limitations that
are apparent in each pipeline, indicate that jointly solving all sub-problems may be a better
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approach. There are attempts to directly train an ASR system on long recordings containing
multiple speakers, e.g., with Serialized Output Training (SOT), to output speaker change
tokens along with the transcript, either on a single stream [37] or on multiple streams [38].
Since ASR systems are not necessarily bound by the temporal properties of the physical
signals, they may output transcripts grouped by speaker (one after another) or in temporal
order. These ASR systems also provide rough timing information along with the predicted
words, but usually only predict speaker changes and no speaker identities, so that the
diarization is only partially solved. As will be shown in Section 6.4.4, their performance is
not on par with modular pipelines yet.

2.3.3 Difficulties and Difference to Other Tasks

Meeting transcription differs from traditional single-speaker ASR, utterance-level separation
and overlap-free diarization in several key aspects:

e Long recordings: Meetings span tens of minutes to hours which requires systems that
can handle long recordings and scale efficiently in time and memory demands. Often,
block-wise processing is used to achieve this.

o Multiple interacting speakers: The interaction between speakers creates more complex
overlap patterns, regions with varying numbers of speakers and overlap ratios. The
total number of speakers in a recording is often unknown, although it is assumed to be
known in this work.

e In realistic meetings, data is imbalanced even within a single recording. It is common to
have regions with different properties, e.g., regarding the number of speakers, overlap
ratio, noise level, etc., in a single recording. A typical structure for a meeting is a single
participant giving a presentation followed by a discussion by the whole group. There
can also be speakers that only utter a few sentences during the meeting while others
are active for long amounts of time. The meeting transcription system must be able to
adopt to these different regions and imbalanced data automatically.

e Realistic meetings contain spontaneous speech, which often contains filler words, inter-
ruptions and speech fragments, and also laughter. Compared to other scenarios, the
speech is less well-articulated, sometimes interrupted and more difficult to recognize.

A closely related but even harder problem is the cocktail party scenario [39, 40|, where
multiple conversations occur simultaneously in a noisy, unconstrained environment. Unlike
the relatively structured meeting setting, cocktail parties feature more speakers, moving
participants, and significantly more challenging acoustic conditions. Recordings of actual
cocktail parties are rare, with CHiIME-6 being a notable example described in more detail in
Section 2.5. The cocktail party scenario is here regarded as future work since it introduces
much more sub-problems, multi-array multi-channel processing and handling of speakers
moving far distances.

2.4 The Assignment Problem

As discussed in Section 2.3, a meeting transcription system, or its sub-systems, often do not
directly reconstruct the utterances s, from the mixture y, but an arbitrary number of streams
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Figure 2.4: An example assignment problem with two estimated streams and three ground-truth
speakers. Time flows from left to right, boxes represent ground truth utterances or estimated
segments and rows represent ground truth speakers or estimated streams. The assignment problem
is to find a mapping between the estimated segments and the ground-truth utterances, here visualized
with arrows. The assignment can either be done from the reference to the estimated segments (as
shown) or from the estimated segments to the reference utterances.

Sy or segments that in general do not match the ground-truth utterance boundaries. Speech
separation systems often output a fixed number of streams S that each contain multiple
utterances from either a single or multiple speakers. Follow-up systems often follow the same
structure. For both training and evaluation, thus a mapping must be found between the
estimated streams and the ground-truth utterances to compute a loss or a metric. This
mapping should be in some way optimal, i.e., regarding the timestamps (as indicated in
Fig. 2.4), the word content of the utterances (as done in the WER in Chapter 3) or the
speech signal quality (as done for training a source separator in Chapter 5). We call finding
this mapping the assignment problem since it describes how to assign the reference utterances
to the estimated streams (or vice versa). The assignment problem is visualized in Fig. 2.4,
where the ground truth utterances and estimated segments are represented as boxes and the
optimal assignment is indicated with red arrows and boxes.

The assignment is either represented as a set of modified labels {¢!} that describe which
utterance is assigned to which estimated stream or as an assignment matrix

c C1,1 C1,2 Ce C1,8
1
C2.1 C2.2 Ce C2,8
C=|:|=]|" o 7| e {0, 1}l (2.8)
cu : . :
| Cuir Gul2 - Culs

where every row ¢, = [cu1, ..., Cus] = eéﬁg) of C is a one-hot vector of length S that indicates

which estimated stream the u-th utterance is assigned to. The elements of the matrix ¢, s
are 1 if the u-th utterance is assigned to the s-th stream and 0 otherwise.
The approach to solving the assignment problem depends on the application; solving the
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problem based on the word content is different from solving it based on the speech signal.
In Chapter 3, different approaches for solving the assignment problem are discussed for
computing the WER metric for meeting transcription systems. Here, different approaches
arise from the different output formats of a meeting transcription system, i.e., whether
estimated utterances are grouped by speaker or not and whether speaker attribution errors
should be penalized. In Chapter 5 it is discussed how to solve the assignment problem for
training a source separator, while respecting the overlap graph, i.e., making sure that no two
reference utterances overlap in the training target signals.

Sometimes, the assignment problem can be simplified significantly by generating data with
certain properties, i.e., fully overlapped speech (see uPIT in Section 2.6.1) or specific activity
constellations with exactly S possible assignments (see Group-PIT [41], also reviewed briefly
in Section 5.5.1).

2.5 Datasets

When developing meeting transcription systems, it is important to have proper datasets
for training and evaluation. Several datasets exist that contain recordings of meetings with
different qualities and characteristics. We here only consider English datasets at a sample rate
of 8 kHz or 16 kHz. In the following, the datasets most relevant for this thesis are described,
which include single-speaker datasets as a basis for simulated mixtures and real recordings of
conversations.

2.5.1 Simulated Datasets

Since real meeting recordings are scarce and the clean speech signals are not available for
real recorded data, simulated datasets are used. Especially speech separation requires the
clean speech signals as targets for training. Simulated mixtures are always based on datasets
of clean recordings. We here introduce the WSJ and LibriSpeech datasets as the base for
simulated fully overlapped and meeting-style mixtures.

2.5.1.1 WSJ

The WSJ dataset [42] contains clean recordings of read speech from articles from the
Wall Street Journal. It has been used as a benchmark dataset for single-utterance speech
recognition, for example in the Kaldi speech recognition toolkit [9]. This dataset is used with
a sample rate of 8 kHz.

2.5.1.2 LibriSpeech

LibriSpeech [43] is a collection of audio snippets from freely available audio books. It
contains in total 960 h of training recordings and 10.5h and 10.7h of test and development
data, respectively. The train set contains in total 2338 different speakers, and the test and
development datasets contain 73 speakers each. The recordings are relatively clean and some
of them contain significant amounts of silence at the beginning and end. This dataset is used
as base for simulated long-form datasets at a sample rate of 16 kHz.
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Table 2.1: Overlap ratios of LibriCSS sub-sets in % as total overlap time divided by the length of
the recording. Determined based on ground-truth annotations.

subset OL 0S Ovio OV20 OV30 0OV40

no speech 28535 1.680 2.028 1.455 1.343 0.885
1 speaker  71.465 98.320 92.795 87.428 81.376 74.367
2 speakers  0.000 0.000 5.177 11.111 17.119 24.162
3 speakers  0.000  0.000 0.000 0.006 0.162 0.586

2.5.1.3 WSJO0-mix

The WSJO0-mix datasets (WSJ0-2mix and WSJ0-3mix) [4] are artificially generated fully
overlapped speech mixtures based on the WSJO subset of the WSJ dataset. A mixture is
generated by sampling two recordings from different speakers from the WSJO set, mixing
them with a signal-to-interference ratio between —5dB to 5dB and cutting the mixture to
the length of the shorter recording?. This dataset is commonly used as a benchmark for fully
overlapped speech separation [4, 5, 44|, and also in Section 4.4.1.

2.5.1.4 LibriCSS

The LibriCSS dataset [14] was created by re-recording utterances from the LibriSpeech
dataset [43] in a simulated meeting scenario. Eight loudspeakers were placed around a table,
one for each meeting participant, and a circular seven-channel microphone array was placed
in the center of the table. Speech recordings from the LibriSpeech dataset were played back
through the loudspeakers and recorded with the microphone array. The speaker activity was
simulated with the CSS task in mind, where speech of many speakers is separated onto a fixed
number of output streams S, typically two, so that only a negligible amount of three-speaker
overlapped speech was generated.

The dataset contains 10 sessions of 1 hour each. Every session is sub-divided into six
mini-sessions named OV40, OV30, OV20, OV10, OL and 0S of 10 minutes length. These
1h-long sessions are called LibriCSS-1h and the mini-sessions are called LibriCSS-raw in
the remainder of this thesis. The mini-sessions were generated to target 40 %, 30 %, 20 %,
10% of overlap and two sub-sets with no overlap. The OL sub-set contains long pauses
between speaker turns and 0S contains short pauses, where short pauses are in general
considered harder, especially for clustering-based diarization systems. Data was generated
for utterance-wise evaluation, so the overlap was measured on an utterance-level, i.e., how
many samples contain overlaps when cutting the meeting into the ground-truth utterances.
This effectively counts overlaps twice compared to measuring the overlap relative to the
recording time. The breakdown of the amounts of speech activity per number of speaker in
Table 2.1 relative to the meeting duration shows that the total overlap time is only roughly
half the target overlap. All datasets are dominated by single-speaker speech. Even though
not intended, there is a small amount of three-way overlap.

The LibriCSS-raw recordings are further sub-segmented into the LibriCSS-segments subset,

2 The datasets also contain a max version which is not truncated, but we here only consider the truncated
min version.
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where the recordings are split into shorter recordings of a length of approximately 120s at
points where no speech is active. This sub-set was created to allow the application of systems
that are unable to process the longer LibriCSS-raw recordings in one piece.

There is no official split into validation and test sets, but it was recommended to use
session0 as the development set [14]. We adopt this split. Along with the dataset, the CSS
task was introduced, which is discussed in Section 2.6.2.

2.5.1.5 Simulated Meetings: MMS-MSG

MMS-MSG? [0C2] is a toolkit for simulating speech mixtures and meetings. Along others, it
provides functionality to generate speech activity patterns, noise and reverberation from any
source datasets for clean speech, background noise and RIRs. The speech activity pattern
generation is flexible with configurable probabilities for silence, speech activity and speaker
changes, and configurable ranges for the amount of desired overlap. Every aspect of the
generation is sampled independently and deterministically, such that the data generation
is reproducible and changing one parameter, e.g., the reverberation time, does not affect
the other parameters, e.g., the speech activity pattern. It also allows for efficient dynamic
mixing, where training speech mixtures are generated on the fly during the training process
to increase the data variability in training for better model performance [45].

This simulation tool is used in the remainder of the thesis for simulating any speech
mixtures. It especially allows for keeping the training and evaluation data identical except
for reverberation in Section 5.4.1 and Section 5.4.2.

2.5.2 Real Recordings

This thesis only considers the Dinner Party Corpus (DiPCo) [46] and CHIME-6 [10] datasets
of real recordings that have been part of the 7-th CHiME challenge. Other datasets exist
that more closely resemble the meeting scenario, such as AMI [47] and NOTSOFAR-1 [1],
but they are not considered in this thesis.

2.5.2.1 DiPCo

The DiPCo dataset [46] contains audio recordings of ten dinner parties, each with four
participants. The participants were instructed to have a natural conversation over dinner.
The session lengths range from 15 min to 45 min. The DiPCo data is used later for analysis
of the WER metrics in Chapter 3.

2.5.2.2 CHiME-6

The CHIME-6 dataset was introduced as part of the 6th CHiME challenge [20]. Similar to
DiPCo, it contains audio recordings of twenty dinner parties each with four participants.
While this scenario contains more noise and spontaneous speech than a typical meeting, it
still shares many properties with the meeting scenario. The challenge contained tracks for
speech recognition only and for speech recognition with joint diarization, and was re-used in
the 7th CHiME challenge [2] for evaluating meeting transcription systems along with the

3 https://github.com/fgnt /mms_msg
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Figure 2.5: Neural-network-based speech separation. A separator takes a mixture signal y as input
and outputs S streams Sy, ...,Sg (here S = 2). The network is treated as a black box.

DiPCo dataset and the Mixer 6 dataset?. The CHiME-6 data is used for analysis of the
presented WER metrics later in Chapter 3.

2.6 Neural-Network-based Speech Separation

Today speech separation is typically based on NNs. The basic procedure for NN-based speech
separation is visualized in Fig. 2.5. In this thesis, an NN is treated as a black box that takes
a mixture signal y as input and outputs S streams Sy, ...,Sg. Its parameters are optimized
in a supervised way with a gradient-based optimizer, such as Stochastic Gradient Descent
(SGD) or Adam [48], based on a loss function that compares the estimated signals to the
ground-truth signals and adjusts the parameters to reduce the loss. In the remainder of this
thesis, different network architectures are used. Their details are outlined in Section A.1.
Below, the uPIT training scheme for utterance-wise speech separation and the stitching
approach are described.

2.6.1 Utterance-wise Speech Separation

Before discussing speech separation specifically designed for meeting scenarios, this section
first introduces the concept of utterance-level, or fully overlapped, speech separation. The
goal is to train a NN such that it maps a mixture signal of K speakers to a fixed number of
S > K output streams such that each stream exclusively contains speech of a single speaker
(speaker-exclusive streams). While multiple approaches exist, e.g., Deep Casa [49], Deep
Clustering [4] or uPIT [50], only uPIT has gained wide acceptance in the community as a
standard way to train utterance-level speech separation networks.

Only the separation performance is important and not the output order, so the model is
allowed to output the speakers in any order. In training, a permutation problem arises when
computing a loss between the estimated outputs and the ground truth source signals. It is
solved by only performing parameter updates for the permutation of reference signals that
best matches the estimated signals. Assuming for now that every source signal s, exclusively
contains speech of a single speaker and that all signals have the same length, the uPIT loss
is [50]:

K
LU (51, sk, 81,0, 85) = D L) (s 4 8)), (2.9)
k=1

4 Mixer6 is not used in this thesis and not further detailed due to licensing restrictions.
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Figure 2.6: Utterance-wise speech separation. Every output stream of the separator should contain
the speech of a single speaker exclusively. The number of output streams S must not be smaller
than the number of speakers K. The loss computes the minimum over all permutations (here two).

(Modified from [OC3])

where 7v* =[x}, ..., 5] is the permutation vector that minimizes the loss. It is determined as
K

7" = arg min Z L£Emele) (g 5 (2.10)
weP(K) 1

where w = [y, ..., mx] € {1, ..., K}, such that Vi, j : m; # 7;, is a permutation vector taken
from the set P(K) of all K! permutations of length K. £&™8) is an arbitrary signal-level
loss function that operates on a single pair of signals. The best permutation 7* is a solution
of the assignment problem (Section 2.4) where all utterances from the same speaker are
assigned to the same output stream.

Since the model output in the beginning of a training is essentially random, the permutations
will also be random. Over the course of the training, however, the model will learn to output
the signals in a consistent order, and keeping this order fixed can improve the final performance
[51]. This order may not correspond to any known properties of the source signals.

Eq. (2.9) can be generalized for signal-level loss functions that allow interactions between
the streams [OC4]. Let £ operate on matrices of stacked signals S = [sq,...,sx| € RT*K
and S = [81, ..., 8x] € RT*K where [sy, ..., sx| denotes the stacking of K column vectors into
a matrix. The permutation 7 is represented as a permutation matrix P = [e,,,...,e.,. ] €
{0, 1}5>K which has exactly one 1 in every column (and row), at the position (i), and zeros
elsewhere. The matrix SP is then a permutation of other source signals in S across the
speaker dimension, such that Eq. (2.9) becomes

LTS S) = min L(SP,S). (2.11)
PeP(K)
We again denote with P* the permutation matrix that corresponds to the minimum in
Eq. (2.11). Finding P in Eq. (2.11) naively needs factorial time O(K!) since there are K
permutation matrices for K speakers. A way to speed up finding the optimal permutation
is described later in Section 5.2. The permutation matrix P is a valid assignment matrix if
each source signal exclusively contains speech of a single speaker.
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Figure 2.7: Continuous Speech Separation (CSS) with a speaker-shared stream assignment: The
meeting recording of arbitrary length and with an arbitrary number of speakers is separated into
a small number S (here two) of overlap-free streams. Different colors represent different speakers.
Individual utterances from the recording can be placed on any output stream, independent of the
speaker label, as long as they do not overlap on any output stream. The number of simultaneously
overlapping speakers is limited by S. (Taken from [OC3])

2.6.2 Continuous Speech Separation (CSS)

In the meeting scenario, speech separation is often approached with CSS [14, 34]. It separates
y into a set of S overlap-free output streams, in general fewer than there are speakers, where
each stream may contain speech of multiple speakers. This general procedure is visualized
in Fig. 2.7. The input recording is separated such that there is no speech overlap on any
output stream, but the utterances of a single speaker can be placed on different streams and
utterances from different speakers can be placed on the same stream. The assignment results
in speaker shared streams. A follow-up diarization system (Section 2.7) can then extract the
speaker labels £, begin times b, and end times e, for each utterance u and extract s, from
the speaker-shared streams.

To ensure that CSS-style separation is possible, the number of output streams S must be
at least as large as the number of concurrently active speakers S = K™ at any point in
the recording. Separation is impossible where this assumption is violated. The number of
output streams S is typically chosen smaller than the number of speakers S < K to reduce
the computational complexity of the separation system.

2.6.2.1 Applying Utterance-level Separators to Meeting-level Separation With
Stitching

An utterance-level separator trained with uPIT can be applied to meeting-level separation
with the stitching processing scheme [14, 34]. Assuming that the number of speakers K (°®)
in a small temporal window of the recording is small, such that a speaker-exclusive separator
can separate the speech within a single window. The separated signals are then aligned across
speakers and concatenated into continuous streams.

As visualized in Fig. 2.8, the input mixture is first split into overlapping windows with
a future context T}, a payload window 7T, and a history context 7T} such that the payloads
of adjacent windows are touching, the future context overlaps with the payload of the next
window and the history context with the payload of the previous window. Each window is
then processed with the separation network, which outputs S signals. Since the windows
are processed independently and the set of active speakers can change between adjacent
windows, there is no guarantee that the order of speakers is preserved. Thus, the streams in



18 Meeting Transcription Overview

mixture signal

Y = [ L L L

)
[ Segment ]
inunu l Th TC Tf
— AT I :
M Mm_ﬁ—t@i‘*ﬁw —
f i
5| e R L
=
I
[ Align
A separated signals i
ST = —
8, = —— e

Figure 2.8: The stitching procedure. The input signal is segmented into equally sized overlapping
windows. Each window is processed by a separator network. The separated signals are aligned and
concatenated, where the history and future contexts are discarded, except for the first and last

window. (Modified from [OC3])

each window must be reordered in order to obtain continuous and consistent outputs. There
are different methods to track speakers across windows, e.g., by using a similarity between
the overlapping parts of the windows [14, 34, OC5], using speaker embeddings [52], with an
additional tracking network [41], or, for ASR, based on estimated transcripts [53]. In this
thesis, the similarity-based stitching is used. After solving the window permutation problem,
the future and history contexts are discarded, and the payload windows are concatenated.

The future and history context sizes control the overlap between adjacent windows and
the latency of the system. The overlap has to be large enough to obtain reliable permutation
estimates. The overall window size must be chosen small enough to ensure that the number
of active speakers is less than or equal to the number of output streams of the separator
(K8 < S), but large enough to ensure a good performance of the separator. This trade-off
depends on the data and parameters must be chosen with care according to the specific
scenario. In the literature, the window sizes are often chosen small (below 2.5s [14, 34]) and,
to avoid alignment errors, the overlap (T}, + T¢)/(Th + Tt + T¢) is chosen larger than 50 %.

While this technique is straightforward to apply, it significantly increases the computational
complexity of the separation since the windows typically overlap by 50 % or more to get
consistent output streams. In Chapter 5, a more efficient approach for CSS is introduced
named Graph-PIT which drops the assumption that the number of speakers in a window
must not exceed the number of output streams.
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2.7 Clustering-based Diarization

While there are many different approaches to diarization, this section only describes the
basic clustering-based approach which is used later in Chapter 6. This approach assumes in
general no speech overlaps, or a pre-processing with speech separation. It consists in general
of three steps [11]: Segmentation, embedding extraction and clustering. Many pipelines
contain additional processing steps like front-end preprocessing or post-processing to improve
the overall diarization performance, but rely on these three steps as the main diarization
procedure.

Segmentation Since no speaker label should be assigned to non-speech regions, the first
step is Voice Activity Detection (VAD)® to detect continuous regions of speech activity. The
complexity of the VAD can range from a simple threshold on the energy to sophisticated
algorithms and NNs. After active speech regions have been identified, the signals are split
into smaller segments with the goal that each segment contains speech from a single speaker
only. The most basic approach are fixed-length overlapping segments, which is the preferred
approach for i-vector or d-vector-based embedding extractors. The segmentation can also
be based on speaker-change point detection, where the left and right context of a change
point candidate are compared to determine whether a speaker change has occurred. This
in general leads to larger segments, but a varying segment length, which can be harmful to
the speaker embedding extraction step. Errors in the speaker-change point detection also
influence the following steps, potentially leading to severe outliers in the clustering step.

Speaker embedding extraction To identify the speakers in each (ideally) speaker-homo-
geneous segment, a speaker embedding vector is extracted for each segment. The embedding
vector is meant to represent the identity of the speaker and to exclude environmental
factors. The speaker embedding extractor can be a statistical model (e.g., i-vector [54]) or a
neural-network-based model (e.g., d-vector [55]).

Clustering When a speaker embedding has been extracted for each segment, these vectors
are clustered to group segments that belong to the same speaker. Here, often k-means [56],
spectral clustering [57], or agglomerative hierarchical clustering (AHC) [58] is used. For
k-means and spectral clustering, the number of clusters must be known beforehand, which is
often assumed.

2.8 Evaluation Metrics

To assess the performance of meeting transcription systems, suitable performance measures
have to be selected. A variety of measures has been established for the evaluation for utterance-
level systems in the literature, such as the SDR, STOI and PESQ for speech separation
systems or the utterance-level WER. for speech recognition systems. The evaluation of
meeting transcription systems, however, poses challenges not present in the evaluation of
utterance-level systems so that these utterance-level metrics cannot be directly applied to

5 This is often also called Speech Activity Detection (SAD)
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meeting scenarios. Specifically, the assignment problem (Section 2.4) must be solved in order
to compute a measure for the overall system performance.

As discussed earlier, many meeting transcription systems follow a modular approach where
different components are optimized with different objectives and thus can be evaluated
independently and should be evaluated with different measures. While it is sufficient for
global system ranking to assess the overall performance with a single metric applicable to all
systems, such as the WER described in Section 2.8.6 and Chapter 3, it is often insightful
to evaluate the individual components with metrics that are specific to the task of the
component. For example, the evaluation of a speech separation system can be done with
a signal quality metric such as the SDR described in Section 2.8.3, while the evaluation
of a diarization sub-system can be done with the DER, described in Section 2.8.5. The
evaluation of the individual components can help to identify the bottlenecks in the system
and to understand how the different components interact with each other.

Before introducing individual metrics, general properties of performance measures are
shortly discussed.

“Foolability” We call a performance measure foolable if it can be improved by trivially
modifying the hypothesis without improving the actual system performance as perceived by
a human. One example for such a trivial modification is splitting estimated segments into
smaller segments, which improves a measure if it favors smaller segments, while it objectively
has no positive impact on the transcript quality. A foolable metric can often be converted
into a non-foolable metric by always applying the fooling technique for all systems. This,
however, often leads to a metric that is not very informative anymore and it may incur
significant computational costs.

System ranking vs. system analysis Metrics can be used for different purposes: two of
them are system ranking and system analysis. For system ranking, it is important that the
metric correlates with the system performance and that there is no simple way to improve the
metric without improving the actual system performance (the metric should be “unfoolable”).
For (detailed) system analysis, on the other hand, it is less important whether the metric can
be fooled, but it should reflect specific properties of the system quality with high precision.
For example, how frequently does the system miss a speaker or how often does it hallucinate
false speakers. Here, metrics are used to pinpoint issues of the system that need improvement
for further development and the developer should understand the inner workings of the
system and how they are reflected in the metric.

In the following, we will discuss metrics that are used in the context of meeting processing.
This section focuses on general remarks regarding metrics for meeting processing, signal
quality metrics and speaker diarization quality metrics. Transcript quality metrics are
discussed in detail in Chapter 3.

2.8.1 Errors in Meeting Transcription

When solving the meeting transcription tasks, or one of its sub-tasks, the system makes
errors that are specific for the task it is intended to solve, i.e., a speech recognizer makes
recognition errors, speech separation creates artifacts that impact the signal quality and
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diarization systems make timestamp precision or speaker attribution errors. In addition to
these sub-task-specific errors, any meeting transcription system is in general subject to the
same error types that emerge from the meeting scenario. These error types comprise speech
activity errors, speaker attribution errors, and segmentation errors.

Speech activity errors occur when the predicted speech activity does not match the ground-
truth speech activity, e.g., a segment is predicted in a region where the ground truth is silent
(false-alarm) or nothing is predicted where speech is active (missed speech). These errors
are mainly important for the diarization quality. Special cases of false-alarm are leakage
(sometimes called over-separation [59]), where a segment is duplicated on a different output
stream, and segment-length over-estimation, where a segment is estimated longer than it
actually is. Segment-length under-estimation is a special case of missed speech.

Speaker attribution errors include any wrongly assigned speaker labels. Special cases are a
single wrongly assigned speaker label or a speaker label swap between two segments.

Segmentation errors describe a mismatch between the segmentation, i.e., the grouping of
speech activity words (in the final output), in the ground-truth and the estimation. Utterance
merge errors are errors where two ground-truth utterances are merged. Utterance split
errors are errors where one ground-truth utterance is split into two segments. Segmentation
errors alone are typically not reflected in a performance measure because the segmentation is
somewhat arbitrary. It is, for example, up to the annotator if a segment is split at a short
pause or not. When combined with a speaker attribution error, however, they are penalized
by many performance measures.

Classifying errors algorithmically is difficult The errors outlined above are not
mutually exclusive and often occur in combination. An utterance split, for example, often
occurs together with a speaker confusion and it is impossible to reliably discriminate between
a speaker confusion and a combined missing speech and false alarm error. We here thus
refrain from classifying individual error types in the evaluation and focus on the overall
sub-system performance.

2.8.2 Utterance-wise Evaluation

Conventional performance measures are designed for the utterance-level scenario and therefore
do not directly transfer to the meeting scenario. The main difficulty is the assignment
problem, i.e., deciding which (parts of the) system output corresponds to which ground-truth
utterance. A common way to address this is through utterance-wise evaluation [14, OC5]. In
this procedure, the meeting recording and the system output (streams or transcripts) are
segmented according to the ground-truth utterance boundaries b, and e,. The metric is
computed for each ground-truth utterance against all system outputs and the best-matching
output is selected. The final score is obtained by averaging across utterances.

The segments can either be extracted on the mixture y before processing, as in evaluations
based on LibriCSS [14], or after processing, as in [OC3, OC5]. In this work, we always process
the entire meeting recording first and then cut it into utterances after processing, which
better reflects a realistic system application.

Utterance-wise evaluation, however, has clear limitations. Any regions in the system
output where no ground truth utterance is present are ignored. This mostly neglects poor
reconstruction of silence and leakage of speech of one speaker onto multiple output streams.
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Despite its shortcomings, utterance-wise evaluation remains valuable. It provides a meaningful
impression of the performance in the speech and overlap regions, as it allows computation of
well-established metrics that would usually be inapplicable to the meeting scenario.

2.8.3 Signal-to-Distortion Ratio (SDR)

The SDR [60, 61] is a widely used metric to assess the signal quality at the output of an
(utterance-level) speech separator. It measures the ratio of the energy of the target signal to
the energy of the distortion. The distortion is here the difference between the target signal
and the estimated signal. The SDR commonly used for evaluation of speech separation [60]
is convolution-invariant, i.e., it allows for linear distortions of the source signal. This is
motivated by the argument that separation quality should be evaluated independently of
reverberation, and reverberation in a static environment can be approximated by a linear
filter. In many settings, such as the LibriCSS dataset, only the ground truth signals without
reverberation are available while the separation is performed on the reverberant mixture.
We name this metric the Convolution-Invariant SDR. (CI-SDR)® to avoid confusion with the
non-convolutional-invariant SDR used as a loss function in Chapter 4. Convolution invariance
is achieved by introducing a linear filter a of a fixed length applied to the source signal before
computing the SDR such that the distortions are minimized. For a pair of reference signal s
and estimated signal S, neglecting the segment subscripts, the CI-SDR is defined as
Is + a|”

CI-SDR = 10log;, (2.12)

s+ a — 8>’
where

a = argmin||s «a’ —§| (2.13)

is a least-squares approximation of the RIR that it can also hide linear distortions in s. Since
the goal is to approximate s = a as close as possible with 8, a larger CI-SDR is better.

It was discussed in [62] that the CI-SDR is foolable since the filter a can compensate for
some distortions in the signal. This can be exploited to exclude frequency bands from the
evaluation without affecting the CI-SDR much. It is nevertheless a widely accepted metric
for speech separation. The foolability is a small price to pay for the ability to evaluate the
signal quality in the presence of reverberation.

The CI-SDR is extended to a meeting-level metric later in Section 5.4.1.2.

2.8.4 Attenuation Ratio

To evaluate the impact of false alarms on the signal level, we can measure how much energy
is present in the estimated signal where no ground-truth utterance is active. This can be
done with the attenuation ratio [OC5H], defined as

Iy
2

attenutation-ratio = 10log,, (2.14)

é(sil

61t is commonly also referred to as BSSEval-SDR because it was introduced with the BSSEval toolbox
[61].We here refrain from this name to avoid being bound to the toolbox name.
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where y© is the mixture signal in the silence regions and §6Y is the estimated signal in

the silence regions. These silent regions are determined after the assignment problem is
solved, e.g., by using oracle utterance boundaries and the assignment from an utterance-wise
evaluation. The goal for a system is to push s t0 0, so that a larger attenuation ratio is
better. The attenutation ratio can be used in combination with an utterance-wise measure
to evaluate the regions that are ignored by the utterance-wise evaluation.

2.8.5 Diarization Error Rate

The Diarization Error Rate (DER), as described in [63, 64], is used to quantify diarization
errors, i.e., the difference between the estimated speaker segmentation and the ground-truth
speaker segmentation. It is defined as

T(FA) L pMD) 4 7(SC)
DER = TEPK) , (2.15)

where T is the time of false alarms, T™P) is the time of missed detections, 7% is the
time of speaker confusion, and TPX) is the total time of the recording.

TEA) and TMP) are computed by measuring the time where the number of speakers differs
between the ground truth and the estimated segmentation. Any temporal region where the
number of speakers is larger than the number of speakers in the ground truth is counted for
T®A) and any region where it is smaller for TMP) | 760 is computed by measuring the time
where the speaker identity differs between the ground truth and the estimated segmentation,
up to a (global) permutation of the speaker labels.

Bounds The DER is bound to a minimum of 0% (perfect recognition) and maximum of
100 % for non-overlapping speech. Speech overlaps in the reference are counted for 7SPK)
so that the DER is still bound by 100 % when speech overlaps appear in the reference. It
can, however, exceed 100 % by an arbitrary amount when speech overlaps are present in the
hypothesis.

Collar The DER typically employs a collar, which describes a region around the boundaries
of ground-truth utterances that is excluded from the scoring. A collar of ¢ = 0.25s, for
example, would exclude all errors the intervals [b, — ¢, b, + ¢] and [e, — ¢, e, + ¢| for each
ground-truth utterance u € U from the scoring. This is done to account for small temporal
misalignments between the ground truth and the estimated segmentation. They inevitably
appear already due to imprecise annotations and are usually unimportant for follow-up tasks.

DER with speech overlaps The DER was designed for overlap-free scenarios [63] and
only looks at speech activity. One effect of this is that speaker swaps in overlapping regions
cannot be detected and that the speaker label permutation cannot be reliably estimated
for high-overlap scenarios. Additionally, the way that the collar is typically implemented
(compare md_eval_22.pl”) is not well suited for speech overlaps in the reference. Errors
around one segment are not only ignored for this segment or speaker, but for the whole
recording. For overlapped speech, this means that the collar applied to one segment can mask

" https://github.com/nryant/dscore/blob/master /scorelib/md-eval-22.pl
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errors that happen in a different (but overlapping) segment. Recent diarization challenges
have thus used a collar of 0 for the evaluation of overlapping speech [65, 66]. The DER
should therefore be interpreted with care under the presence of speech overlaps.

DER in the absence of (hypothesis) speaker labels The DER cannot be evaluated
without speaker labels, so that it is not applicable to CSS-style systems that predict utterance
boundaries but no speaker labels. A modification of the DER that does not require speaker
labels in the hypothesis was proposed in [OC6| as Voice Activity Error Rate (VAER). As the
name suggests, it only looks at the speech activity and completely ignores speaker confusions.

2.8.6 Utterance-wise Word Error Rate

The transcript quality of ASR is commonly assessed with the WER. The (conventional) WER
is defined between a pair of a (ground truth) reference transcript t and a (system output)
hypothesis transcript t. It counts the number of wrongly recognized words in the hypothesis
divided by the total number of words in the reference. A wrongly recognized word can either
be deleted, inserted or substituted. The number of these edit operations is determined by the
Levenshtein distance [67] lev.

The utterance-wise WER is computed for a set of utterances U as

Zueu lev(tu, EU) _ Zueu [u + Du + Su
D dim(ty) 3o Cu+ Dy + S8,

WER(U) = (2.16)

where there is exactly one reference transcript t, and one estimated transcript t,, for each
utterance, dim(-) is the number of words in a transcript and lev (see below in Eq. (2.19))
computes the Levenshtein distance between two word sequences. The decomposition into
the number of insertions I, deletions D,,, substitutions S, and correct matches C,, is shown
in the second half of Eq. (2.16). Note how the overall error rate over a set of transcripts in
Eq. (2.16) is not the mean of the error rates, but the sum of all Levenshtein distances across
all examples divided by the total number of words across all reference utterances.

This conventional definition of the WER requires exactly one reference and one hypothesis
transcript for every utterance. This is usually not given in meeting scenarios due to the
assignment problem: the segmentation can differ between reference and hypothesis and the
mapping of reference to hypothesis segments can be ambiguous. Approaches to solve this
problem are discussed in Section 3.2.

The WER naturally detects (low-level) word-level errors. For system analysis, however,
it is often desired to analyze the higher-level errors described in Section 2.8.1. While any
isolated high-level error ideally leads to insertions on one stream and deletions on another
stream, the WER merges insertions and deletions into substitutions across multiple high-level
errors. It is therefore often impossible to discriminate high-level errors from the word-level
errors delivered by the WER.

2.8.6.1 Levenshtein Distance

The Levenshtein distance lev(t, t) [67] between two word sequences t = [¢1,...] and t = [{, ...]
is the minimum number of single-word edit operations to transform the word sequence t into
t. The utterance index (-), is omitted here since the distance can only be computed between
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Figure 2.9: A visualization of the Wagner-Fischer algorithm.

a single pair of transcripts. Edit operations are insertion (a word has to be inserted into t),
deletion (a word has to be removed from t) and substitution (a word has to be replaced by
another word in t). Treating characters as words for illustration, it takes for example two
substitutions and one deletion toturnt =[s i t t i n g]intot=[k i t t e n] or five
insertions to turn t = [a n t]intot =[e 1 e p h a n t]. In the context of WER, the edit
operations are always named relative to the ground-truth transcript (what operations are
required to get from the ground-truth reference to the system output?) and describe what
erroneous edit operations the system performed while transcribing the speech.

The decomposition of the Levenshtein distance lev(t, f) into the number of insertions I,
deletions D and substitutions S is in general not unique. For example, t = [a b] can be
transformed into t = [b a] either by two substitutions (a — b and b — a) or by one deletion
(a — &) and one insertion (J — b), where ¢J denotes the empty sequence.

2.8.6.2 Wagner-Fischer Algorithm

The Levenshtein distance can be computed recursively with the Wagner-Fischer algorithm
[68], which makes use of the property that lev(t,t) can be computed from the Levenshtein
distances of sub-sequences of t and t as

lev(head(t), t) + Ci,
lev(t,t) = { lev(t, head(t)) + Cp, (2.17)
lev(head(t), head(t)) + Ccs(tail(t), tail(t)).
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The notation head(t) = [t1, ..., taim)—1] denotes the sub-sequence of t that consists of all
but the last word in t and tail(t) = tgim() is the last word in t, where dim(t) is here the
number of words in t. For the recursion to terminate, we have to define the Levenshtein
distance compared to an empty sequence & as lev(t, @) = dim(t) and lev(,t) = dim(t)
as the length of the non-empty word sequence. The costs for the different edit operations
are Cp = 1 for an insertion, C7 = 1 for a deletion, and the cost for a substitution or correct
match,

CC/S (t, t) =

. {(JC ift =1 218)

Cs otherwise,

is the substitution cost C's = 1 if the words in the reference and hypothesis mismatch at this
position, and the cost for a correct match Cq = 0 otherwise.® We append the costs to the
parameter list of lev when they differ from the default, e.g., lev(t, t,Cs = 2).

Eq. (2.17) can be formulated in matrix notation, where the Levenshtein matrix L = [l;;] =
[lev(t<;, t<;)] is recursively filled. The entries at the borders are initialized with Iy ; = j and
l;0 = ¢ and the remaining entries are computed with

li—l,j + Ch
li,j = min li,j—l + (219)
lic1j-1 + Coys(ti,ty).

Here, the notation t<; = (¢, ...,t;) means the first ¢ words of t. The Levenshtein distance is
then lev(t, t) = lyine),dim()-

The update Eq. (2.19) is visualized in Fig. 2.9a, where the transitions and the corresponding
costs are indicated between the cells of the Levenshtein matrix. Movements to the right
correspond to insertions and add the insertion cost (1. Movements to the cell below are
deletions and add the deletion cost Cp. Diagonal movements are either correct matches or
substitutions and add the correct costs C'c = 0 or the substitution cost Cg, depending on
the word contents. A full Levenshtein matrix L is displayed for an example of matching
t=[industry|laganstt =[interes t]inFig 2.9b. The first row and
first column are initialized with an increasing sequence, representing a matching with only
deletions or only insertions, respectively. The remaining matrix is filled with Eq. (2.19), until
the cell in the lower right corner is found as the value of the Levenshtein distance.

2.8.6.3 Retrieving the Alignment

An alignment, i.e., the sequence of edit operations is retrieved from the Levenshtein matrix L
by tracing back the path of lowest cost, also called optimal path, in the reverse order as it
was computed, Le., starting at [y, ) qimct) and ending in loo. When the path goes left in the
matrix (I, ; — l;_1;), prepend a deletion, when it goes up (/; ;—; — ; j), prepend an insertion
and if it goes diagonally (I, ; — l;_; j_1), insert a correct match or a substitution if the words
at this position match or differ. When we denote with S substitution, C correct match, D
deletion, and I insertion, the resulting alignment for transformingt =[s i t t i n g] into

8 Other choices are possible for the costs, e.g., Cp = C; = 3 and Cs = 4 [69], so that substitutions are
preferred over insertions and deletions, which may lead to a more plausible matchings. However, Eq. (2.17)
only resembles the Levenshtein distance as the absolute number of edit operations for Cp = C} = Cg = 1.
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t=[kitten]is(SCCCSCD). Totwnt=[ant]intot=[elephan t]
itis[IIIITICCC.

The optimal path through L is in general not unique; there can be multiple alignments that
result in the same smallest distance. In Fig. 2.9b, seven optimal paths are marked through
the Levenshtein matrix that lead to the same total cost, marked with lines with different
colors. The diagonal path consist of only substitutions and correct matches. The other paths
trade correct matches in the upper right half of L for insertions and deletions. Since two
alignments cannot be meaningfully compared, there is no general notion of a best alignment.

2.8.6.4 Other Algorithms for Computing the Levenshtein Distance

It can be shown that the complexity for computing the Levenshtein distance is in general
quadratic [70], here O(dim(t) - dim(t)). Although it is not always necessary to compare all
words form the reference to all words from the hypothesis, the required number of comparisons
still grows linearly with the length of both sequences.

There are, nevertheless, more efficient algorithms than the Wagner-Fischer algorithm that
either reduce the constant factor or improve the average-case complexity in practice. The
bit-parallel approach [71] by Myers makes use of the fact that the state update only depends
on the difference of the adjacent cells and that these differences are limited to —1, 0, or 1.
Two bits per cell of L are enough to store this difference and an update can be computed
with bit-wise operations, which generally leads to a speedup of at least half the CPU’s bit
width.

Another approach by Ukkonen [72] makes use of the observations that values of cells in the
Levenshtein matrix L only depend on cells with smaller or equal values and that the values
along diagonals are monotonically increasing. This insight allows for computing the cells in
the Levenshtein distance in a different order (by increasing value rather than row by row or
column by column) that more quickly reaches the final result in the lower right corner. By
cleverly storing only the indices along the diagonals at which the cost exceeds the currently
largest cost in the matrix, the algorithm can be sped up and uses only linear memory. The
complexity O(lev(t,t) - min(dim(t), dim(t))) of this algorithm depends on the Levenshtein
distance lev(t,f:) between the two sequences and is smaller the closer the two sequences
are to each other. In the worst case, however, the complexity is still O(dim(t) - dim(t))
since lev(t, t) = max(dim(t), dim(t)) in the worst case. In [73], the algorithm is extended to
reduce the search space even further by bounds on the allowed optimal paths through the
Levenshtein matrix.

All algorithms presented for computing the Levenshtein distance in the remainder of this
thesis are based on the Wagner-Fischer algorithm since it is the easiest to extend. Extensions
of the faster bit-parallel algorithms are unknown.

2.9 Summary

This chapter introduced the meeting scenario and the meeting transcription task. The
assignment problem was introduced as a fundamental problem that arises when processing
or evaluating meetings that form the basis for the discussion about meeting-level WERSs in
Chapter 3 and separation in Chapter 5. Along with the task description, the datasets used
in this thesis were introduced. Classical approaches to the diarization and speech separation
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sub-tasks were discussed, while the details of speech recognition were left out since ASR is
treated as a pre-trained black-box model in the remainder of this thesis. Finally, evaluation
metrics used in the literature for classical utterance-wise and meeting-level evaluation were
introduced.



3 Word Error Rates for Meeting
Scenarios

The most common metric for evaluating the T
: o Related own publications
quality of a (general) speech recognition sys-

tem is the WER [9, 10, 20, 74, 75]. It was The performance measures presented in
initially defined, as described in Section 2.8.6 this chapter were developed in [OC7,
for utterance-level speech recognition, for pro- 0C16, OCS8]. The discussions about the
cessing short recordings of a single speaker time-constrained WER in Section 3.1 are
only. When systems become more complex extended with additional experiments
and process more complex data, containing over [OC16] to gain a deeper insight
multiple speakers or spanning more than a into the effect of the time constraint on
single sentence, the utterance-level WER def- the matching. All algorithms are im-
inition is no longer applicable due to causing plemented in the open-source MeetEval
implausible alignments for long recordings toolkit!.

and due to the assignment problem.

Approaches have been proposed for solving the assignment problem. The cpWER [20]
and the ORC-WER [38], and with tools in the NIST Scoring Toolkit (SCTK)!. The cpWER
assumes speaker-attributed transcripts, i.e., that speaker labels { are estimated along with
the transcript and that these labels represent actual speaker identities. The ORC-WER was
proposed for the evaluation of speaker-agnostic CSS-style systems and works without speaker
labels or with estimated labels that are uninformative w.r.t. the true speaker identity (e.g.,
the system output stream index in a CSS system). The asclite tool from the SCTK toolkit
computes a word-level alignment across transcripts of multiple speakers, which leads to an in
general over-optimistic speaker-agnostic measure. However, it incorporates a few heuristics
and requires word-level timestamps, which makes it difficult to apply in practice. We here
introduce an efficient algorithm for computing the ORC-WER and show a generalization of
the ORC-WER for non-CSS-style systems that are allowed to change the utterance order,
named MIMO-WER. We also introduce the DI-cpWER as a speaker-agnostic WER that is
compatible to the cpWER in the sense that it is a lower bound on the cpWER assuming
oracle speaker attribution.

The problem of implausible temporal alignments, where words are matched as correctly
recognized across long temporal distances, is, however, not addressed in most WER measures.
It has been discussed in the past [64, 76] (also in the SCTK toolkit), but the solutions were
mostly discarded due to complexity or because it did not yield significant improvements
for the analysis of the problem at hand. These approaches are discussed in more detail
later in Section 3.1.5. We introduce with the time-constrained WER an approach that is
simpler to apply and we show that it significantly improves the alignment quality and the
interpretability of the resulting metric for meeting transcription tasks.

L https://github.com/usnistgov/SCTK
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matching of two substitutions.

Figure 3.1: Example matchings for a time-constrained and non-time-constrained WER. A long
temporal gap is indicated by the broken time axis.

This chapter is structured as follows. It first shows how to improve the alignment quality
for long sequences by a time constraint in Section 3.1, which forbids words to be matched
across large temporal distances. A detailed analysis of the behavior of the time constraint and
its only hyperparameter, the collar, is given. It extends slightly over the analysis presented
in [OC16] and [OCS]. In Section 3.2, it is explained how the assignment problem can be
solved for computing the WER in the meeting scenario, introducing the ORC-WER [38,
OC7, 77], the MIMO-WER [OC7| and the DI-cpWER [36, OCS]|. Efficient algorithms for
these WER definitions are then developed in Section 3.3, where the derivation of the efficient
ORC-WER algorithm extends over the discussions in [OC7, OC8]. The WERs are analyzed
w.r.t. different error types, relations between WERs and execution time in Section 3.5. This
analysis is mostly taken from [OC7, OCS8] and extended slightly. Before, in Section 3.4, a
visualization scheme and toolkit is described for detailed system analysis and development.

In this chapter, the estimated transcript at a system output is called hypothesis and the
ground-truth transcription is called reference.

3.1 Time-constrained Word Error Rate

The standard Levenshtein distance defined in Eq. (2.19) produces reasonable alignments for
short sequences. But, since there is no constraint on the temporal relation of the words in
the reference and interference, the alignment can become unreasonable when the sequences
become longer. Words can be matched as correct or substituted that are physically impossible
to stem from the same acoustic event, as indicated in Fig. 3.1a by the broken time axis.

As a solution to this problem, we introduce a constraint on the maximum time difference,
called a collar ¢, such that two words are only allowed to match (correct match or substitution)
when their distance in time does not exceed c. This leads to the time-constrained Levenshtein
distance tclev [OC16] as a drop-in replacement for the Levenshtein distance from Eq. (2.19)
for the WER. It is described in detail below.
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3.1.1 Time-constrained Levenshtein Distance

The time-constrained Levenshtein distance tclev(t,t, b, e, b, é) [OC16] requires the begin
and end timestamps for each ground truth word in b = [by, s, ...] and e = [ey, ea, ...] and for
cach estimated word in b = [by, by, ...] and & = [y, és, ...]. The utterance index (-), is again
omitted since the algorithm only operates on a single word sequence from a single utterance.
The timestamps are neglected from the argument list of tclev in the following. It is always
assumed that corresponding timestamps are available for the transcripts.

The time-constrained Levenshtein distance tclev is computed similarly to the standard
Levenshtein distance in Eq. (2.19), but with an additional constraint on the substitution
cost Cgjs. The corresponding Levenshtein distance matrix L) = [lgc)] = [telev(t<, t<;)] is
computed with the following recursion (compare Eq. (2.19)):

li—l,j + CYD
lgf;) =min< l; -1 + Cr (3.1)
li—l,j—l + O((Jt;%(tz, tju bia bj7 €, éj)?

where Cp = 1 and C} = 1 are defined identically to the standard Levenshtein distance and

o0 ifbi—éjZCOl"i)j—eiZC,
Cétc%(t,f, bivl;ja ez‘,éj) = < (¢ if otherwise t; = fj, (3,2)

Cs  otherwise,

is the substitution cost that is set to infinity if the timestamps indicate a gap between the
words larger than the collar ¢ and otherwise equal to the substitution cost Cc/s(t;, fj) from
the Levenshtein distance. b;, e; and l;i, ¢; are the begin and end times of the ¢-th word in t
and t, respectively.

This standard Levenshtein distance can be replaced with this time-constrained variant
everywhere where the standard Levenshtein distance is applied and word-level timestamps
are available. Any WER definition can thus be made time-constrained by replacing the
Levenshtein distance definition.

3.1.1.1 Speedup by Pruning the Search Space

The computation of the time-constrained Levenshtein distance can be sped up compared to the
standard Levenshtein distance by skipping unnecessary computations without compromising
optimality. Since no diagonal transitions are allowed where C’g/cé = o0, the best cost that can
be achieved by a path exclusively through that region is the Manhattan distance (the sum of
the vertical and horizontal distance between the cells), and all paths that connect two cells
exclusively though a region where Cg}g = o0 cause the same cost. This Manhattan distance is
also the highest possible cost for a path connecting two cells through a non-time-constrained
region where Cg/cg < o0. From this we can conclude that, if such a path exists, a path

connecting two cells through a region where C’g/cg < o0 cannot have a worse cost than a
path through Cét/cé = oo. Computations of the Levenshtein matrix can thus be skipped in

. . t
continuous regions where C’é/cé = o0.
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— Timestamps Skipped cells (C’g;% = o) = Optimal paths

Figure 3.2: Pruning for the time-constrained Levenshtein distance. Characters are treated as
words for illustration. The matching is computed between t = [i ndu s t r y] and t =
[inter e s t]and the temporal overlaps between words are indicated by the vertical bars on
the left. The computation of the hatched-out cells can be skipped. Only a sub-set of the optimal
paths is displayed that go through the non-skipped region. The formerly optimal paths (without a
time constraint, see Fig. 2.9) are disallowed by the time constraint.

When both start and end times are increasing for both sequences, then the regions that
can be skipped form continuous regions at the upper right and lower left corners of the
matrix, as visualized in Fig. 3.2. If the words are either not sorted by their begin time or
if their length differences lead to their end times being unsorted, then there can be more
disconnected regions spread throughout the matrix that can be skipped. But since these
regions are typically small (low expected speedup by skipping them) and detecting them is
computationally expensive, we only skip the large connected triangular regions at the corners
of the matrix.

To simplify the implementation further, we first compute cumulative word-level timestamps
to guarantee that the begin and end times used for pruning are monotonically increasing.
We set the cumulative begin time to the earliest begin time that comes after this word
bﬁc“m) = min;3; b; and the cumulative end time to the latest end time that comes before this

word egcum) = max,g; e;. These timestamps are always sorted (both begin and end) and used
to detect the skipped regions. The above pruning still guarantees that the optimal path will
be found.

Fig. 3.2 shows a pruned Levenshtein matrix for an example time-constrained matching.
The temporal alignment is indicated on the left, where characters with overlapping bars
overlap temporally. The Levenshtein matrix for the time-constrained matching is shown on
the right, where cells with Cg;% = o0 are hatched out. Note that the costs in these cells
do not resemble the Manhattan distance to any specific other cell, but the minimum cost
required to reach each cell. In this example, no optimal path goes through the hatched-out
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Table 3.1: Speedup of the time-constrained Levenshtein distance computation by pruning. The
runtime was averaged over 1000 runs over the full LibriCSS-raw dataset.

Timings (ms)
Dataset  Cells skipped — . Speedup
without pruning with pruning

LibriCSS 87.28 % 0.342 0.210 1.63

region. The computation of all hatched-out cells can be skipped without influencing the
computed distance.

Impact of pruning on the runtime To evaluate the impact of the pruning on the runtime,
we conducted an experiment on the LibriCSS-raw dataset. Using a transcript produced by a
model from a later chapter?, we compute the number of cells that were skipped in the pruned
computation and also track the time it took to compute the Levenshtein distance with and
without pruning. The results are shown in Table 3.1. The runtime is measured on a single
core of an Intel Xeon E5-1620 CPU at 3.7 GHz and averaged over 1000 runs.

Even though a significant amount of cells is skipped, the speedup was only 1.63. This
indicates that the pruning only slightly outweighs the more cache-friendly memory access
patterns of the unpruned version and the logic for determining which cells to skip. For the
more complex ORC-WER and MIMO-WER that will be presented later in Section 3.2 and
whose runtime will be analyzed in Section 3.5.7, however, the pruning has a larger impact on
the practical execution time.

3.1.2 Pseudo-word-level Timestamps

The time-constrained Levenshtein distance in Eq. (3.1) requires word-level timestamps,
which are often not available. Obtaining them for a reference dataset is expensive (as it
requires manual annotation), error-prone and often not deterministic as there is some room
for interpretation. Many widely-used datasets do not provide word-level timestamps, e.g.,
LibriSpeech [43] and WSJ [42]. For the hypothesis transcript, the timestamps are sometimes
available, but more often not since modern attention-based end-to-end architectures do not
provide a direct connection between the output tokens and the input frames. Obtaining a
forced alignment from modern speech recognizers often requires additional effort, such as
dedicated modelling or an additional forward pass through the network [78].

Segment-level timestamps, however, are usually available independently of the ASR system
through a VAD or diarization stage and strategies exist for estimating pseudo-word-level
timestamps from them [OC16]. These are visualized in Fig. 3.3. The simplest strategy is
to assign each word the (1) full segment-level annotation, which does not represent the
true word-level timestamps well. The true word boundaries can be better approximated
using (2) equally sized intervals for the words, equally distributed within the segment. The
most accurate estimation is achieved by using (3) character-based timestamps, where the
length of the segment is divided among the words proportional to their length in number of
characters. This assumes that the word length is a good approximation for the time it takes

2 Details are unimportant here.
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Figure 3.3: Different strategies for estimating word-level timestamps from segment-level timestamps.
(Taken from [OC16])

to pronounce a word, which we confirmed for the LibriSpeech and TIMIT datasets containing
read English speech. The difference between the (true) average word length and the word
length estimated with the character-based approach never exceeds 100 ms, including a few
outliers with extreme annotation errors. Note that the approximation becomes less accurate
for longer segments and when the segments contain speech pauses.

3.1.2.1 Fooling the Metric With the Wrong Choice of Pseudo-word-level
Timestamps

While the character-based estimation of the word-level timestamps is the most accurate, it
can be exploited to fool the metric, i.e., improve the performance w.r.t. the metric without
actually improving the system. When the estimated word length depends on the hypothesis
segment length, the metric can be improved by increasing the segment length to cover a larger
area. This increases the probability of correct matches and substitutions and decreases the
probability of insertions and deletions since more words overlap with the enlarged segment.

It is here suggested to reduce the length of the estimated word-level timestamps to 0,
resulting in (/) character-based points instead of intervals independent of the segment length.
By doing this, a system is penalized for overly long segments since the precision of the
time-point estimation decreases with larger segment sizes.
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3.1.3 Choosing the Collar Value

A collar ¢ > 0 is required to compensate inaccuracies in the timestamps for both reference
and hypothesis and to allow for some degree of freedom for the system where exact timestamp
positions are ambiguous. Both the hypothesis and the reference may contain significant errors
in the temporal annotations.

Annotation errors in the reference The reference transcript is usually manually anno-
tated and thus contains errors. Humans tend to over-estimate the length of speech activity
to ensure that all speech is covered. In popular datasets, e.g., LibriSpeech and TIMIT, the
human annotations extend over annotations created by a powerful VAD? by on average
660 ms and 400 ms, respectively. Re-recorded datasets, such as LibriCSS [14], can contain
additional issues introduced by the re-recording process. These include offsets caused by the
playback hardware and sound propagation delays and varying offsets caused by sample rate
offsets, which can vary between speakers.

System errors As already seen from the reference timestamps, the exact timestamp
position is often ambiguous such that a system is very unlikely to produce the exact same
timestamps as the reference. Speech activity estimates are often smoothed [36] to avoid
very short pauses and speech segments, which can introduce both over-estimation and under-
estimation of the segment length. While minor noise in the timestamps should be mitigated
by the collar, larger issues, such as systematic shifts, should be counted as errors.

3.1.3.1 Compensating for the Errors Introduced by the Pseudo-word-level
Annotation Errors

As a lower bound on its value, the collar should be chosen large enough that it compensates
all errors produced by the approximation of the word-level timestamps from Section 3.1.2.
This depends on the dataset and the quality of the segment-level timestamps: If the segments
are longer or the segment length is over-estimated, then the collar should be chosen larger to
accommodate the additional uncertainty in the word-level timestamps.

For LibriSpeech and TIMIT, the gap sizes between the estimated word-level timestamps
and the true word-level timestamps, determined through a forced alignment, is shown in
Fig. 3.4 as a case study. For most words, the estimated pseudo-word-level timestamps overlap
with the true word-level timestamps, indicated by the peak at 0 in the density plot. Most
gaps for non-overlapping words are small, i.e., below 1s and 2s, respectively, and rapidly
decreasing, but the collar should account for all of these errors, including the largest outliers.
The largest gaps are found around 2.7s and 3.6 s for LibriSpeech and TIMIT, respectively,
providing a lower bound for the collar of at least 3.6s. As can be seen from this small case
study, the collar required to compensate all errors in the word-level timestamps varies widely
between datasets, so it is recommended to choose the collar significantly larger than the lower
bound found here.

3VAD taken from the respective KALDI [9] recipes
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Figure 3.4: The gap between the estimated pseudo-word-level timestamps and the forced-aligned
word-level timestamps for LibriSpeech and TIMIT. (Taken from [OC16])

3.1.3.2 Approaching the “desired” WER

As another case study, we look at the recognition result of a simple meeting transcription
system, composed of a speaker-attributed TS-SEP separator [36] and the Whisper ASR
system [79]*, on the LibriCSS-raw dataset. Fig. 3.5 shows the behavior of the time-constrained
WER? over a varying collar. The time-constrained WER approaches the non-time-constrained
WER for larger collars and both become equal for ¢ — 0.5 To find the optimal value for the
collar, we first define a “desired” WER as a target that should be approximated with the
time-constrained WER and then determine which value for ¢ achieves this best.

“Desired” WER For this experiment, we define the desired WER as the time-constrained
WER with a collar of 0 and the true word-level boundaries. The “true” timestamps for the
reference are determined with a forced alignment using a system from KALDI [9] and the
hypothesis word-level timestamps are obtained from the Whisper recognizer along with the
transcript. Whisper is applied to the estimated speech signals at the output of the TS-SEP
system directly. This is the physically most plausible WER: two words can only match as
correct or substituted if they correspond to the same acoustic event, which means that they
must appear at exactly the same point in time.

Optimal collar value for approximating the desired WER In Fig. 3.5, the time-
constrained WER is close to the desired WER for a collar value between 3s to 5s, where the
collar successfully compensates errors from the pseudo-word-level annotation estimation but
still disallows temporally implausible matchings. The bottom of Fig. 3.5 shows the number of
words that are matched in the desired WER but that would be disallowed by the collar (note
that the WER with the collar is computed using estimated pseudo-word-level time-stamps

4 Whisper is used in the large-v2 configuration.

5 More specifically the tcpWER, described later in Section 3.2.1. The details of how the assignment
problem is solved are not important for this case study.

6 Setting the collar to the the length of the recording is enough.
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Figure 3.5: Behavior of the time-constrained WER for varying values of the collar ¢. Top: The
time-constrained WER over collar values on the LibriCSS dataset. The “desired WER” is determined
with forced alignments. “+ ns pauses” means that segments were artificially merged to include
pauses up to n seconds to simulate segment-length over-estimation. Bottom: Number of matches
that the collar in the time-constrained WER disallows but that are matched in the desired WER.

(Taken from [OC16])

while the desired WER, uses ground-truth timestamps). This value should be 0, which leads
to a new lower bound of about 4s.

Segmentation errors To investigate the impact of wrongly estimated segment boundaries,
we artificially modify the hypothesis to over-estimate the segment lengths by merging multiple
adjacent segments when the gap between them is shorter than n seconds. This is denoted
by “4 ns pauses” in Fig. 3.5. While merging segments that are close together is no severe
error and likely does not hurt downstream systems, we argue that the WER should penalize
this merging of segments when the gap is too large. A boundary of 5s seems reasonable here
since it seems unlikely that a pause longer than this remains undetected by a decent VAD
and the errors in the reference annotations are typically smaller than this. A collar of 5s
penalizes merges of segments with gaps larger than 5s but allows merges with gaps smaller
than 5s, so we argue that 5s is a reasonable choice for the collar.

3.1.3.3 Comparison to the DER collar

The proposed WER collar is inspired by the collar used in the DER (see Section 2.8.5), but
its effect is different. The collar in the DER defines regions around the borders of segments
that are excluded from the scoring, such that a collar of co leads to a DER of 0. The collar
in the time-constrained WER, however, excludes possible matches, and a collar of oo results
in a time-constrained WER equal to the non-time-constrained WER.
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3.1.3.4 A General Recommendation for the Collar

The case studies in this section provide a lower bound at 3.6 s but show that, when the collar
is larger than this lower bound, it impacts the WER only marginally if not chosen too large.
We thus recommend a value of 5s as a starting point for the collar, which should be checked
and adjusted when evaluating a new dataset. We validated that ¢ = 5s yields plausible WERs
for LibriCSS and all datasets used in the CHIME-8 challenge, namely NOTSOFAR [1] (where
the time-constrained ORC-WER, described later in Section 3.2.2, and the time-constrained
cpWER, described later in Section 3.2.1, were chosen as the official metrics), the CHIME-6
dataset [20] and the Mixer6 dataset [80].

3.1.4 Handling Temporally Overlapping Words

Until now it was assumed that the order of words corresponds to the timestamps associated
with the words, i.e., words do not overlap and are sorted by begin time. But in Eq. (3.1) this
is not strictly required; the order of words can be arbitrary and unrelated to the timestamps.
While large discrepancies in the order are physically impossible and should thus be avoided,
small discrepancies where the beginning of a segment overlaps slightly with the previous
segment may appear in both the reference and the hypothesis transcript. We here recommend
to keep the order imposed by the segments, i.e., sort the segments and not the words by
begin time. The word-level timestamps used for the constraint may then not be increasing.

This approach is compatible with the non-time-constrained WER in that a collar of ¢ — o0
leads to the same value for the time-constrained and non-time-constrained WERs. If words
would be sorted by their begin times, their order would change between time-constrained
and non-time-constrained WERs, which is not desired.

3.1.5 Relation to Other Metrics

The idea of a time-constraint for computing a WER is not entirely new. It has been used in
other tools before but was either based on heuristics or was disregarded for not providing
enough benefit for evaluation of simpler scenarios.

3.1.5.1 NIST Tools

The sclite and asclite tools have been recommended for the evaluation of speech recog-
nition systems in NIST evaluations [63, 64]. sclite is designed for short utterance-level
evaluation while asclite uses a multi-dimensional Levenshtein algorithm for meeting-style
data.

Single-utterance evaluation sclite incorporates the temporal distance between words
into the substitution in the Wagner-Fisher algorithm. This encourages the algorithm to
choose an insertion and a deletion over a substitution when the distance between words
is large. Correct matches are also penalized over long distances, but not forbidden. The
constraint is thus less strict than the constraint in the proposed time-constrained Levenshtein
distance.
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Figure 3.6: An example input and output transcript of a meeting transcription system. Each box
represents an utterance and each letter a word. Timestamps are indicated with horizontal position,
where time flows from left to right. This example will be used to show how the different WERs
solve the assignment problem. (Taken from [OCS8])

The sclite tool additionally does not use a collar and does not estimate word-level
timestamps from segment-level timestamps, which limits its applicability for realistic systems
that do not always provide word-level timestamps.

Meeting-level evaluation with asclite asclite doesnot provide the same time alignment
as sclite, but only a rough time-constraint based on a heuristics for reducing computational
complexity. It was not designed to improve the quality of the matching. Hard boundaries
across which any matches are disallowed are inserted where no segments overlap, but the
matching between these boundaries is not constrained by time. As discussed earlier, this can
lead to implausible matchings, although the extent is limited by the hard boundaries.

3.1.5.2 Time-constrained WER for single-utterance evaluation

In [76], a time-constraint was considered for the evaluation of the switchboard dataset in 1996.
No collar was used, but instead of a hard constraint, the alignment was penalized to minimize
the accumulated word distances, likely using a similar approach to sclite described above.
It was found that when using speaker turns as the unit of alignment instead of word-level
timestamps, the score is typically two percentage points better but the additional complexity
of obtaining the word-level timestamps is introduced. It was thus disregarded.

The findings from [76] are in-line with our findings that the time-constraint only has a
meaningful impact when the evaluated transcripts are long enough. We also suspect that the
modified algorithm that minimizes the aggregated distances introduces a larger computational
overhead than our collar-based approach since no clear boundaries can be computed where
words are disallowed to match.

3.2 Meeting-level Word Error Rates

In addition to the temporal alignment, the assignment problem (see Section 2.4) also needs
to be solved when computing the WER for meeting scenarios. A mapping must be found
between reference utterances and system output streams before the (time-constrained or
non-time-constrained) Levenshtein distance can be computed.

For the classical utterance-level WER, the assignment is trivial: since each utterance is
processed individually, the corresponding reference is directly given. For meeting-level WER,
however, such a direct mapping of reference to hypothesis usually does not exist. For most
systems (compare Chapter 2), there is an ambiguity in the speaker labels, i.e., it is either
unknown which speaker in the hypothesis corresponds to which speaker in the reference or
the system does not predict speaker labels at all. Such an example is depicted in Fig. 3.6,
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Figure 3.7: cpWER = % = 87.5%. The hypothesis streams are reordered with Eq. (3.8) and
empty streams are inserted such that the error rate is minimized. (Taken from [OCS])

where a meeting ASR system outputs two streams, but the reference transcript contains
three speakers. The ASR system additionally made segmentation and recognition errors: It
split the reference segments “A B C” and “D” into “A B” and “C D”, missed the segment
“G” and swapped the temporal positions of “D” and “F”. It is not immediately obvious
how the reference and hypothesis transcript can be brought together for computing a WER.
This example will be used below throughout the discussions to visualize how the different
meeting-level WER definitions react to these errors.

There are many approaches for finding this assignment, targeting different systems and
penalizing different errors. When speaker identities are ignored while solving the permutation
problem, the resulting WER is called speaker-agnostic. When speaker identities are taken
into account, and speaker attribution errors are penalized, the resulting WER is called
speaker-attributed.

This section uses the term Levenshtein distance, but it is always implied that the time-
constrained Levenshtein distance can also be used instead. All WERs are defined by Eq. (2.16)
by replacing the Levenshtein distance with the corresponding definition from the remainder
of this section.

3.2.1 Speaker-attributed Evaluation With (t)cpWER

One commonly used metric in meeting scenarios is the Concatenated minimum-Permutation
WER (cpWER) [20]. It is a speaker-attributed WER which finds the assignment between
reference speakers and hypothesis speakers such that the error rate is minimized.

It is computed by, for each speaker, concatenating the transcriptions of all utterances
of that speaker, and then computing the Levenshtein distance between the concatenated
transcripts, subject to a permutation across the speakers. Let us first define as

té?,jt) =[ity,..iueld Al =Kk] (3.3)
and

f(cat) _ " . y _
by = [ty iueld Al = k] (3.4)
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the word sequence obtained by concatenating all reference utterance or hypothesis segment
transcripts that get assigned label k£ by the ground-truth labels ¢ or estimated labels E,
respectively. Setting k to a label not present in ¢ or { leads to an empty transcript. The
notation [t1,...,t,] = [ti,1, .., tidim(es)s - w1y - Ludim(;)] Means the concatenation of the
transcripts (as row vectors) into a single transcript, and [...,t,,... : condition(u)] is the
concatenation of all transcripts that fulfill the condition condition(u). For a more concise
notation, we denote the concatenated reference and hypothesis transcripts for each reference
speaker k as

£ = i 3.5
f:’(cspk) 1:(cat) (36)

to make clear that these concatenated transcripts contain all words from speaker k. The
labels ¢ are the labels that correspond to the reference utterances and / the labels at the
system output. We here assume that the utterances are temporally ordered by the global
utterance order relation <,. The concatenated minimum-permutation Levenshtein distance
is computed similarly to uPIT (compare Eq. (2.9)), but as the minimum over Levenshtein
distances:

lev (P ((£FPY, . 650), (7P, L, EPY)) Zlev( £P) £ >), (3.7)
with the permutation

() = arg mln Z lev ( tspk) t(Spk)) , (3.8)
weP(K

where 7w = [y, ..., Tk |, with Vi, j : m; # 7;, is a permutation vector and P(K) is the set of
all permutation vectors of length K.

In Fig. 3.7, the cpWER matching is depicted for one example. The reference speakers are
permuted and an empty dummy stream is inserted so that a matching can be computed
between the reference and permuted hypothesis. The alignment is performed for each stream
individually, i.e., segment “H” on the third reference stream cannot be matched with segment
“FH” on the second permuted hypothesis stream.

The time-constrained variant of the cpWER, the Time-Constrained minimum-Permutation
WER (tcpWER), is computed similarly, but with the time-constrained Levenshtein distance
tclev.

Impact of speaker confusions Since the (t)cpWER groups transcripts by speakers before
computing the WER, it is speaker-attributed and any speaker-attribution errors up to a
permutation of the speaker labels are reflected in the WER. Specifically, a wrongly assigned
utterance ideally creates deletion errors for the true speaker in the reference and insertion
errors for the (wrongly) estimated speaker in the hypothesis. In practice, however, word-
level errors are mixed with these speaker-attribution-induced errors, potentially creating
substitution errors and correct matches in the wrongly assigned regions, such that speaker
confusions usually cannot be detected by the cpWER alone.
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Figure 3.8: ORC-WER = W = 50.0%. The reference labels ¢ are modified with Eq. (3.10) to
minimize the error rate and preserve the global order of segments. (Taken from [OC8])

Impact of utterance splits and merges The (t)cpWER is unaffected by utterance splits
and merges, i.e., the splitting of an utterance into multiple parts or the merging of multiple
utterances into a single part, as long as the speaker labels are not changed by merging or
splitting. This is because all transcripts with the same speaker label are concatenated into
one long transcript before the assignment problem is solved.

3.2.2 Speaker-agnostic Evaluation With ORC-WER

When speaker labels are not available or performance should be evaluated excluding the
estimation of speaker labels, a speaker-agnostic metric is required. The Optimal Reference
Combination WER (ORC-WER)7 [38, OC7, 77| is designed for CSS-style systems, which
outputs a low number of streams S, usually fewer than there are speakers (S < K), and
the mapping of utterances to output streams can be arbitrary. Since no speaker labels are
estimated, the assignment is computed on an utterance level, where reference utterances are
assigned to the estimated streams.

The ORC-WER makes assumptions on the utterance-consistency and utterance-order when
computing the assignment. The utterance-consistency constraint requires that an utterance
is placed consistently on a single output stream, i.e., it cannot be split into multiple parts
such that utterance-split errors are disallowed. The utterance-order constraint requires that
the (global) order of utterances is kept, i.e., two utterances must always appear in the same
(temporal) order in the hypothesis and the reference, defined by <.

The assignment is solved on the reference side, modifying ¢, such that it minimizes the
error rate and adheres to the utterance-order and utterance-consistency constraints. Since
the estimated transcript is not modified, we group and concatenate it into one concatenated
transcript per estimated stream label:

I + (cat

et — tg ) (3.9)
It is again assumed that the utterances are ordered by the global utterance order relation <.
This concatenation is equal to ESP %) from the cpWER, but named differently to highlight that

" First proposed by Sklyar in [38] and in parallel, without giving it a name, by Raj in [77].

8 The utterance order relation here represents the order of the utterances in the input. When computing
the ORC-WER, this is usually the temporal order as defined by utterance begin times, but the order
may be different from the temporal order, e.g., the ORC-WER is generalized to the MIMO-WER, below.
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the ORC-WER does not treat the stream indices as speaker labels. The ORC Levenshtein
distance is then computed by enumerating all assignments {@u} e {1,..., S} of ground-truth
utterances to streams, here represented as a set of assigned stream labels, and choosing the
one that minimizes the overall Levenshtein distance across all streams:

S

- - = s
1<€1,..‘,€‘M‘<S s—1 bs

The notation t;
(ORC)

-----

wu| = (t1,..., ;) means that all transcripts from t; to t, are passed to
lev . The assigned reference stream transcriptions are constructed similarly to Eq. (3.9)
by assuming that they are sorted according to the global utterance order <, and then
concatenating. The utterance-order constraint is ensured by sorting the segment transcripts
by <, before concatenation and the utterance-consistency constraint is ensured by treating
every utterance transcript as a single unit such that each utterance is assigned completely to
a stream. Given the two constraints above, the only degree of freedom left is the stream labels
for each reference utterance. The minimum is computed over all S| possible assignments.
An example matching is depicted in Fig. 3.8. The reference labels are modified to minimize
the WER. The segment order cannot be modified: the reference segment “D” cannot be
moved before “EF”, so it cannot be matched with the “D” in the hypothesis segment “CD”.

Impact of speaker confusions The reference speaker labels are modified such that
the overall WER is minimized. So, the ORC-WER is to some extent invariant to speaker
confusions, as long as each utterance is assigned only a single label, i.e., there are no utterance
splits.

Impact of utterance splits and merges The ORC-WER groups all hypothesis segments
with the same label into one stream and assigns the reference utterances to these streams.
Because of this, the ORC-WER is unaffected by utterance merge errors, even if two utterances
stemming from different speakers are merged. It is, however, affected by utterance split errors
when a single reference utterance is split across multiple output streams. The part of the
utterance that causes the smaller error is counted as an error, or mixed with other errors.

Impact of utterance order changes The ORC-WER penalizes changes in the order of
utterances between the reference and the hypothesis, but only for utterances that are mapped
to the same stream. Without a time constraint, it is impossible to detect order changes
across streams. This sometimes has an unwanted negative effect on the WER, e.g., when
two utterances appear with almost identical but inaccurate starting times in the reference or
when a system is analyzed that orders utterances by speaker rather than by their original
order, such as certain SOT architectures [18, 37].

3.2.3 Speaker-agnostic Evaluation With MIMO-WER

The MIMO-WER, [OCT7] is a speaker-agnostic metric that allows for more flexibility in the
assignment than the ORC-WER. Specifically, it keeps the utterance-consistency constraint
from the ORC-WER but makes a less strict assumption on the utterance order: Two
utterances must appear in the same order in reference and hypothesis only if they are from
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Figure 3.9: MIMO-WER, = % = 37.5%. The reference labels ¢ and order are modified to
minimize the error rate, but the order within a speaker is preserved. (Taken from [OCS])

the same speaker. The order of utterances between speakers is free as long as it is consistent
with the temporal order of utterances within a speaker. This allows for more flexibility in the
assignment and can lead to a lower error rate than the ORC-WER. It is especially important
for systems that do not necessarily follow a temporal order for all utterances, e.g., when a
SOT-based system predicts the speakers sequentially.

This means that instead of just the speaker labels, also the order of the utterances may
change. This can be represented by a sequence MERGE operation.

Sequence merge A sequence (or string) merge [81], also sometimes referred to as a
shuffle [82] or interleaving, combines multiple sequences into one sequence while keeping
the order of the elements within each sequence. Given two sequences t1 = [t11,%12,...]
and to = [t21,122,...], & sequence t(MERGE) ig called a merge of t; and ts if t; and ty can
be obtained by deleting elements from tMFRGE) the sets of deleted elements removed for
obtaining t; and t, are disjoint and their union removes all elements from t(MERGE)  We
denote with MERGE(tq, ..., tx) the set of all valid string merges of t; to ty. The problem of
determining if t MFPRGE) ¢ MERGE(ty, ..., tx) is the merge recognition problem and is known
to be NP-complete [81].

Formulating the MIMO Levenshtein distance with sequence merges The MIMO
Levenshtein distance can be expressed as a minimum of the ORC Levenshtein distance across
all sequence merges of the references utterances grouped by speaker compared to the estimated
stream transcripts t( . The sequence merge is performed on an utterance-level (instead
of the word-level for Whlch it was introduced above) to ensure the utterance-consistency
constraint, so:

A (MIMO)

o,

— MERGE ((ty : ly = 1), .o, (ty : Ly = S)) (3.11)

is the set of all merges of utterance sequences. The round parenthesis (t1,_..,|u\) denote a
sequence of utterances and are chosen over the square brackets [t17,,,7|u|], which denoted
concatenation in cpWER and ORC-WER, to highlight that the utterances are not concate-
nated on a word-level, but each utterance’s transcript is treated atomically. Each element
in MMMO) represents a re-ordering of the utterances such that all utterances from the
same speaker keep their temporal order. The MIMO-WER can now be computed as the
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minimum over the ORC-WERs over all sequence merges in MM™MO) compared to the stream
transcripts thtr)S as

MIMO 7 (str : ORQC) (¢ £ (str
lev( : <t1,...,lulatgs,‘..?5> - e I<II}11111310) leV( ) <t1""’|u|7tgs’"’?s> ’ <3'12>

Lot Lt U

The reference speaker transcripts t,(fpk) and hypothesis stream transcripts are defined in

the same way as for the cpWER and ORC-WER, respectively. The example in Fig. 3.9 shows
how the MIMO-WER can reorder the reference segments. It moves the segment “D” before
“EF” in the reference so that it is matched with the D in the hypothesis segment “CD”.

This naive formulation of the MIMO Levenshtein distance computes too many assignments.
While every element in MERGE(t{™", ...,tﬁ?’ M) is unique and every assignment checked
in the ORC Levenshtein distance is unique given one reference sequence, the combination
of both (shuffle and stream assignment) creates duplicates. A more efficient algorithm is
described in Section 3.3.4.

i ](Csr)k)

Impact of utterance order changes In contrast to the ORC-WER, the MIMO-WER
allows for some changes in the order of utterances between speakers. Specifically, the order
of utterances must be consistent with the temporal order of the utterances within each
speaker. Let us define as the partial relation <geam the utterance order found on the system
output streams, i.e., U <geam ¢’ if both © and u’ are on the same stream (@u = @u/) and u
comes before v’ on that stream. Let us additionally define as <q the partial relation on the
utterance order within each speaker, i.e., u <qk ¢’ if both utterances come from the same
speaker (¢, = {,/) and u comes before v’ in the temporal utterance ordering (u<,u’). Given
<stream and <gpk, there must exist a global ordering <q, that orders all utterances and is
consistent with both partial orderings <,k and <gtream. Note that <i.a does not have to
resemble the temporal utterance order <, on a global level, but only within each speaker.
The set MERGE contains exactly all sequences for which such a total order exists.

It is not always obvious when a particular ordering is implausible, i.e., when such a global
ordering relation <o, does not exist. For example, given t = [a,b,x,y], ¢ = [1,1,2,2],
speaker 1 has utterances a and b while speaker 2 has utterances x and y. If the assignment
would result in the sequences [b, x| and [y, a], this would be implausible. While both sequences
themselves are compatible with both the speaker order and the stream order, there exists
no global order that is compatible with all of them. This example contains a contradiction:
a must come before b (in <), b must come before x (in <gream), x before y (in <gpx).
Transitively, y must come before a, which contradicts <gream, Where a comes before y.

ORC-WER as a special case of MIMO-WER The MIMO-WER was defined as a
generalization of the ORC-WER in Eq. (3.12). The ORC-WER is as such a special case of
the MIMO-WER when only a single reference speaker is present. The ORC-WER can thus
be computed by replacing all reference labels with a dummy label ¢, = 0 Yu € U, in which
case only a single string merge exists, and executing the MIMO-WER algorithm.

3.2.4 Speaker-agnostic System Analysis With DI-cpWER

When developing a meeting transcription pipeline that contains a dedicated speaker diarization
block, it is often desired to evaluate the performance without the diarization block in order
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Figure 3.10: DI-cpWER = % = 25.0%. The hypothesis stream labels are modified with Eq. (3.13)
to minimize the error rate. The global order of segments is preserved. (Taken from [OCS])

to obtain a potential upper bound, i.e., the performance that could be achieved with perfect
speaker attributions. The DI-cpWER, [36, OC8| was specifically designed for this purpose. It
is equivalent to the ORC-WER with reference and hypothesis swapped:

levPFR) (0P &, ) = 1evORI(E, g, t7P). (3.13)

yeeeyd ) yeus

Instead of modifying the reference labels, it modifies the hypothesis labels such that the
WER is minimized, effectively performing an oracle speaker attribution w.r.t. the WER.
Fig. 3.10 shows how the DI-cpWER modifies the hypothesis labels instead of the reference
labels, compared to the ORC-WER. The DI-cpWER is here smaller than the ORC-WER
because the example contains utterance split errors, but no combined utterance merge and
speaker attribution error which would be penalized by the DI-cpWER. The idea for the
DI-cpWER was proposed in [36] and the analysis and efficient algorithms for its computations
were developed in [OC8].

Relation to ORC-WER. The algorithmic considerations are the same as for the ORC-
WER with swapped reference and hypothesis. Instead of utterance splits, the DI-cpWER
penalizes utterance merges and is unaffected by utterance splits. ORC-WER is close, and
often equal, to DI-cpWER when no utterance-merge and no utterance-split errors are present.
Since the DI-cpWER increases with utterance-merge errors and the ORC-WER increases
with utterance-split errors, their difference is a rough indicator for which kind of segmentation
error is more prominent. But, no definitive conclusions about the actual frequency of these
errors can be drawn from it.

Fooling the DI-cpWER The DI-cpWER prefers smaller segments, so can be improved
by only modifying the segmentation and splitting all segments down to a word level. This
effectively removes the penalty for utterance merges and thus improves the score. Due to
this issue, the metric should never be used for system ranking. It should only by applied for
system analysis where the designer of the system is aware of this issue and not interested in
fooling the metric, but in actually improving the system.

System analysis The DI-cpWER is directly compatible with the cpWER, i.e., if no
speaker attribution errors are present, then DI-cpWER equals cpWER. This is validated



Word Error Rates for Meeting Scenarios

47

ABICIGIEFIDIT
N A B

Modify labels ¢ (Eq. (3.10))

modified |
reference (WB~— & "D

reference

hypothesis %@*@W @@@[Hﬂ

(a) wl-ORC-WER = @4l — 950%.

The alignment is the same as ORC-WER
(Fig. 3.8), but all segments are broken down
into words before matching.

———————1t— %\ 1

modified  HAIB)C —
hypothesis T T

Modify labels ¢ (Eq. (3.13))
I | I I |
hypothesis @

(b) wl-DI-cpWER = @40 — 125%

The alignment is the same as DI-cpWER
(Fig. 3.10), but all segments are broken down
into words before matching.

Figure 3.11: Visualization of word-level matchings. Every word is considered its own segment.
Segments present in the reference or hypothesis are ignored. (Taken from [OCS])

experimentally later in Section 3.5. Because of this property, the difference between cpWER
and DI-cpWER measures the impact of speaker attribution errors on the system performance.
The DI-cpWER alone shows the potential performance of the system if the speaker attribution
was perfect. This analysis helps to find the most promising directions for system improvement.

Estimating speaker confusions from speaker-agnostic alignments Instead of just
looking at the difference between DI-cpWER and cpWER, the number of wrongly recognized
speaker labels can be predicted by counting how many times the speaker label changes in the
alignment of a speaker-agnostic WER (such as DI-cpWER or ORC-WER). This approach was
chosen in the SA-WER [64], but it can be applied to any speaker-agnostic alignment algorithm.
However, it is not exact and not compatible to the cpWER, or any other speaker-attributed
WER, i.e., the cpWER cannot be computed from the speaker-agnostic WER and the number
of confusions. Because of this, we here refrain from this approach. When these statistics are
computed on a word level, as in the SA-WER, the number of speaker confusions is typically
over-estimated.

3.2.5 Other WER Definitions for Meeting Scenarios

Other approaches exist in the literature for computing a WER in the meeting scenario. These
approaches, however, come with significant drawbacks, as detailed in the following.

3.2.5.1 Speaker-agnostic Analysis With Word-Level Assignments

The ORC-WER, MIMO-WER and DI-cpWER solve the assignment problem on a segment
level, so that they are only insensitive to speaker attribution errors and certain types of
segmentation errors (ORC-WER and MIMO-WER are is insensitive to utterance-merge errors,
DI-cpWER is insensitive to utterance-split errors), but other kinds of segmentation errors
are penalized. To make the metrics invariant to all segmentation errors, one has to drop the
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utterance-consistency constraint and solve the assignment problem on a word level. Applied
to the WERs defined above, this leads to the word-level ORC-WER (wl-ORC-WER), word-
level MIMO-WER (wl-MIMO-WER) and word-level DI-cpWER (wl-DI-cpWER). Fig. 3.11
shows the matching for the word-level ORC-WER (Fig. 3.11a) and word-level DI-cpWER
(Fig. 3.11b). The number of errors is generally smaller, but the count is potentially less
informative than the segment-level matchings.

Computing the matching on a word level is computationally more challenging than the
segment-level matching due to the increased number of possible assignments. It is thus often
not feasible to compute.

Word-level WERs are over-optimistic Since there is no constraint on the utterance
consistency, words can be freely moved across by the assignment solver to minimize the WER.
This can again lead to implausible constellations where words are distributed across streams
to trade substitutions for insertions and deletions, even if the words may not be uttered by
the same speaker.

3.2.5.2 asclite

The asclite tool, already mentioned above for its time-constraint, solves the assignment
problem on a word level. Its core algorithm is similar to the word-level MIMO-WER,
although asclite can align graphs and alternative transcripts instead of just word sequences.
As discussed above, this word-level alignment is over-optimistic.

3.2.5.3 Diarization-Aware WER (DA-WER)

The Diarization-Aware WER (DA-WER) was proposed for the 7th CHIME challenge to
measure both diarization and speech recognition performance. It is similar to the cpWER,
but the permutation is chosen to minimize the DER instead of the WER:

K

wPER) — argmin Z DER (tgfkpk), f:,(:pk)> ) (3.14)
weP(K)

By this, the challenge participants were forced to provide both transcription and diarization
estimates.

The permutation 7w(PFR) ig often equal to the permutation 7(°?) found by the cpWER,
but it is not guaranteed so, even if the diarization estimate is good. Especially when speech
activity is overall high with many overlaps, the permutation 7(PF®) can be sub-optimal for
WER and lead to a low score.

The DA-WER may also be over-optimistic for the joint evaluation of diarization and speech
recognition. When both tasks are solved independently and are wrongly combined, i.e., the
speech content is correct, but it is attributed to the wrong segment, the DA-WER can be
low although the alignment is implausible’. Such an example is discussed in Section 3.5.8
and displayed in Fig. 3.20c. Instead, the cpWER or tcpWER should be used.

9 This was observed in one submission to the challenge.
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3.3 Efficient Computation of Meeting-level WERs

The last section presented the definitions of the WERs. The formulations were chosen to
highlight intuitively what is computed, but they do not describe an efficient way for obtaining
the result. In this section, we discuss efficient algorithms for computing the meeting-level
WERs.

3.3.1 cpWER

The assignment problem of the cpWER and tcpWER is conceptually equivalent to the
permutation problem in the uPIT approach for training neural networks for speech separation
described in Section 2.6.1. The naive approach for computing lev(®® computes the Levenshtein
distances for K! many permutations, in total K!- K distances have to be computed. This
is feasible for low numbers of speakers (e.g., K < 3), but quickly becomes infeasible for
larger numbers of speakers. The permutation 7(°®) can be found by applying the Hungarian
algorithm [83, 84] to the score matrix M = [lev(tESpk)7 f(Spk))]m.lO

J

3.3.2 Exact Algorithm for ORC-WER

The ORC-WER can be reformulated from its brute-force approach in Eq. (3.10) to a recursive
approach leading to a dynamic programming realization, which significantly reduces the
computational effort for long inputs.

3.3.2.1 Word-level Algorithm

First, the simpler word-level case is introduced, where every reference segment’s transcript t
consists of a single word t,, = t,,, the number of words in the reference is equal to || and the
word-level ORC Levenshtein distance can be written as

S
oy (WEORC) (tl,...,\u\afftf?s> = min Ylev <t§f§“,£<m)). (3.15)

S
lgél,.“,f‘més s=1

The hypothesis transcripts are still considered as word sequences. This corresponds to
dropping the utterance-consistency constraint from the ORC-WER. Starting with Eq. (3.15),
the Levenshtein distance corresponding to the stream s’ that the last word (u = [U]) is
assigned to is split off the sum:

ley (W-ORC) <t17m7|u|7f;§8tr)s> = min lev (técj,t),fstr)) + Z lev <técgt),fg5tr)>
T 1<l Wy -1 <S8 7 s=1 7
1<s'<S s#s'

(3.16)

10 This notation will be introduced for the training of a speech separation system in more detail later in
Chapter 5.
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The former summand can be expanded with one update of the Wagner-Fischer algorithm
from Eq. (2.17):
lev head(téca,t ), 85" + O,
lev (tg‘fﬁt), ‘Egsm)) min <} lev técf,t), head(85™)) + €1, (3.17)
lev (head(t{"), head (£ )) + Coys(tpy, tail £5™)).

We can now plug in Eq. (3.17) into Eq. (3.16) and change the order of the min operations to
obtain

p
_ min lev <head( Ca,t t(Str ) + Z lev (t(cat Str)) + Cbp,
1<K1,...,€|m_1<5
1<s'<S S¢s
min lev( £ he ad(t (Str ) lev (t(cat Str)) + Cf,
lev("ORC) — mip { 1<y, -1 <8 bs Z I
1<s'<S s;és
min | lev (head((5”), head (£5))) + 2 lev (2, 86)
1<61,...,K|u‘,1<3
1<s'<S s;ﬁs
L +Cc/s (t|u|, taﬂ(tStr))).

(3.18)
The first term in the outer minimum can be simplified to
s
Cmin ey (tgcj“) tgst“) +Cp = 1ev™ORO (g A 4 Cp. (3.19)
lgel,...,f‘;ﬂ,lSS s=1

Both summands are independent of s" because the |U/|-th word is removed by the head in the
first summand and tg:t) in the sum is independent of £y if s # s', which is given by the sum
bounds. The minimum over s’ can thus be dropped and the terms can be combined into a
single sum. The other two cases can be simplified in a similar manner. We finally obtain:

r1(3V<VV1'OP‘C)(75 |- 1,t( .s)+Cp,
min, levOORO (1 9 head (£6W), ..., 157)
lev("HORC) (1, e Egsu)s) = min < + (1,
: wl-ORC 2 (str r 7 (str)
min lev! (1, 67, head (867, L, £5™)
+ Cc/s(tm‘,tall(ts ))

\

(3.20)
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This constitutes a recursive formulation of the word-level ORC Levenshtein distance that is
very similar to the standard Levenshtein distance defined in Eq. (2.17), but it operates on
S + 1 word sequences instead of two. Each application of Eq. (3.20) removes words from the
reference and hypothesis sequences until empty sequences are left. The recursion terminates
with lev(Wl’ORC)( I, &, ...) = 0 when all sequences are empty, and recursions where the head
of an empty sequence head() would be required are skipped.

Similar to the standard Levenshtein distance update in Eq. (2.17), we also have a minimum
operation over the three edit operations deletion, insertion and substitution or correct match.
The first case, the deletion, is computed from the distance with the last reference word
removed. The second case, the insertion, removes one word from a hypothesis word sequence.
Since we have multiple hypothesis sequences, and an insertion operation can only ever insert
one word at a time, we take the minimum over all of streams where a word could be inserted.
The third case, the substitution or correct match, removes one word from the reference and
one word from a hypothesis, and we again have to take the minimum over all streams from
which a word is removed.

A shorter notation similar to the Levenshtein matrix in Eq. (2.19) is achieved by collecting
the intermediate ORC Levenshtein distance values in a tensor L™ORC) of § + 1 dimensions,
where LM-ORC) ¢ N(UI+1) x (@dim(E)+1)x..x (dimES™)+1)  Fach dimension represents one word
sequence, where the first dimension represents the reference words ¢, ..., tj; and the latter S
dimensions each represent one of the S grouped hypothesis transcripts Egs“). The position
along each dimension, 0 < i < |U| for the reference and 0 < hy < dim(fgm)) for the
hypothesis transcripts, determines the length of the (prefix) sub-sequence for which the

wl-ORC Levenshtein distance is computed, so that the elements are defined as L("-ORC) —
[l%l_ORC)]ivh — [lev™ORO (1t ten,, yteng)]in. The indices that correspond to the

hypothesis transcripts are collected in a multi-index h = (hy, ..., hg), so that they can be
treated as a single object. Using this matrix notation, Eq. (3.20) can be written as

wl-ORC
l§—1,h '+ Cp
WLORO) |

7h_egs>
wl-ORC)

71,h7e25>

l%LORC) = min { MiNj<.<s li

(3.21)

: (
ming<s<s li

(5)

The multi-index e;”’ is a one-hot index of length S with a 1 at index 7 and 0 elsewhere.

The subtraction of egs) from a multi-index h is equal to reducing the i-th element in h by

one: h — egs) = (h1,...,h; — 1, ..., hg). The tensor is initialized with l((;ﬁ'ORC) = Zle hs and

ZEV(V(I)'?%?) =4, and we set lgv(vé'.(_)_rf?)_” o) = o for invalid negative hypothesis indices, so that they

are ignored in the minimum operation. This equation can directly be translated into an
efficient implementation.

3.3.2.2 Utterance-level Algorithm

The word-level algorithm is modified to the full ORC Levenshtein distance algorithm by
inserting utterance change tokens [ct] between utterances into the reference word sequence and
ensuring that words are matched consistently to a single stream between two [ct] tokens. Since
each reference utterance must be matched to a single hypothesis transcript completely, the
minimum operations in the lower two cases of Eq. (3.21), which allow subsequent insertions,
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substitutions and correct matches across multiple hypothesis transcripts, are removed. The
hypothesis index s is instead re-introduced as a tensor dimension to denote the stream index
that the current utterance is exclusively assigned to. The minimum is then computed only
after matching full utterances, which appears at the change tokens. The update equation for
the utterance-level ORC Levenshtein distance becomes

( . 5(ORC) oo
1%125 L1 am if t; = [ct],
(ORQ)
(ORC) lev; "y on TCb,
oh = 3 (3.22)
b . (ORC) .
min levi he® +Ch, otherwise.
(ORQ)
\ levi—l,s,h—egs) +CC/S’
The total Levenshtein distance is then
lev(OR®) = min [©OFF) (3.23)

1<s<S |U],s,(dim(EF™),.. dim(E5))”

The minimum in the lower case where t; # [ct] resembles the standard Levenshtein distance
Eq. (2.19) across a slice of L(OR) for a reference utterance compared to the full stream s.
This allows for using sophisticated Levenshtein distance algorithms, such as the one from [71],
also for the multi-dimensional Levenshtein distance. Eq. (3.22) contains fewer transitions
between streams as Eq. (3.21), but the additional index s and thus one more dimension in
the tensor L(ORC).

Eq. (3.22) falls back to Eq. (3.21) when a change token is inserted after every reference
word. In that case, the upper and lower minimum operations are executed alternately, and the
deletion case is redundant across streams. Combining both minimum operations into a single
minimum operation and removing the redundant deletion cases leads again to Eq. (3.21).

3.3.2.3 Pruning for the Time-constrained ORC-WER

The pruning that was applied to the time-constrained (standard) Levenshtein distance in
Section 3.1.1.1 can in a similar way be applied to the time-constrained ORC-WER. For the
lower part of Eq. (3.22) that resembles the standard Levenshtein distance, the pruning is
identical to the standard time-constrained Levenshtein distance. The minimum in the first
case only has to be computed for indices s where the corresponding hypothesis transcript
£&") contains words that overlap with the current reference utterance. For regions where
no words in the hypothesis overlap with the current reference utterance, the update and
recursion can be skipped entirely and be replaced by a simple addition of the number of
non-overlapping words. For many realistic scenarios, this pruning can significantly speed up
the computation and enable the use of the Time-Constrained ORC-WER (tcORC-WER)
where the ORC-WER is not feasible. This is shown empirically later in the experiments in
Section 3.5.7.

3.3.2.4 Computational Complexity

Brute-force algorithm The brute-force algorithm from Eq. (3.10) computes the Leven-
shtein distance for all streams for in total S assignments. Given the assignment labels
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/, each assignment requires 25321 dim(t,) - 2.z, dim(t;) computations of the Levenshtein
distance, a rough upper bound of which is given by O(S - |U| max,{dim(t,)} - max, dim(t,)).
This results in an overall complexity of O(S™I+D . |- max,{dim(t,)} - max, dim(t,)), which
is exponential in the number of reference utterances. It is only feasible to compute for short
recordings, which caused the authors of [38, 77] to ignore recordings with many utterances.'!

A trivial optimization may seem to be to cut the transcriptions at points where no speaker
is active and solve the assignment problem for each of the obtained regions individually.
This approach works for the time-constrained ORC-WER (tcORC-WER) when the collar
regions are considered also as speech activity. The pruning described for the time-constrained
ORC-WER in Section 3.3.2.3 for the dynamic programming algorithm does this optimization
implicitly and on a much finer scale, i.e., for each utterance instead of a connected set of
utterances. For the non-time-constrained ORC-WER, it does not yield the optimal solution
because words can match across arbitrary distances, i.e., across the boundaries of these speech
activity regions, without the temporal constraint. This non-optimal optimization heuristic
was used in the SCTK toolkit.

Dynamic programming algorithm The tensor LORY) in Eq. (3.22) is of size (|U| +
3 dim(ty,)) - S - (dimEF) + 1) - - (dim(85™) + 1). The first dimension contains all
words in the reference and the change tokens [ct]. The second dimension represents the
hypothesis stream transcript to which an utterance is assigned. The remaining dimensions
represent the sub-sequences of the hypothesis transcripts for which partial ORC Levenshtein
distances are computed. Each cell update requires a minimum operation over S other cells
(the upper minimum in Eq. (3.22) which happens } ., dim(t,) times) or three other cells
(the lower minimum in Eq. (3.22) which happens dim(t) times). The overall complexity is
thus O((S|U| + 3 - X, dim(t,)S TS, dim(E£9)).

For the word-level algorithm, where [U| = . dim(t,), the deletion case can be pulled out
of the lower minimum, and the second dimension of L(®F) collapses from S to 1 after eliminat-
ing redundant cases. This leads to a complexity of O((25 +1) Y], dim(t,) [T5_, dim(E5P)),
which is equivalent to the bound derived in [OC7].

The computations can be pruned for the tcORC-WER, as roughly outlined in Section 3.3.2.3.
The effect of the pruning depends highly on the number of hypothesis words that each reference
utterance overlaps with. For cases where only words on a single system output transcription
overlap with a reference utterance, all other system outputs can be ignored, which causes a
significant speedup. If the collar is chosen large enough so that almost all words overlap with
all other words, the pruning logic adds additional complexity and slows down the computation.
In practical examples, the pruning leads to a significant speedup, as shown in Section 3.5.7.

ueld

Theoretical bound The ORC assignment problem is NP-hard. To show this, we show that
the problem is harder than the sequence or string MERGE problem, which is proven to be NP-
complete for arbitrary numbers of sequences [81]. The sequence MERGE problem was already
briefly introduced for the MIMO-WER in Section 3.2.3 as determining whether a sequence
tMERGE) i 4 merge of multiple sequences t; to ty, notated as t MERGE) ¢ MERGE(ty, ..., ty).
This is similar to the ORC problem, and the MERGE problem can in fact be answered by

1 n [77] the number of utterances was limited to 12 using the LibriCSS-segments dataset, and in [38] it
was limited to 23 for LibriCSS-raw.
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checking lev(ORO) (¢(MERGE) (¢, t1)) = 0. The MERGE recognition problem can be solved
in O (dim(t™EREE) T, (dim(t;) + 1)) [81], which belongs to the same complexity class as
the ORC algorithm. From this follows that ORC is at least as hard as MERGE, and since
ORC is not a decision problem, it must be NP-hard with a complexity exponential in the
number of streams S. It can additionally be seen that the (word-level) ORC alignment finds
the string merge (or one of them, if there are multiple ambiguous merges) that is closest to
the reference in terms of the Levenshtein distance.

3.3.3 Greedy Algorithm for Approximating ORC-WER

For large numbers of speakers, the exact algorithm for computing the ORC-WER can become
infeasible. A simple greedy approach can approximate the ORC-WER with high precision
and low complexity [36, OC8]'2. The naive algorithm is outlined in Algorithm 1. It iteratively
modifies the reference speaker labels ¢ if the modification reduces the error rate. In temporal
order, it checks for every reference utterance if assigning it to a different stream would
improve the Levenshtein distance (and with it the error rate). If it does, the new label is
assigned. This process is repeated until no further improvement can be made by modifying
the label of a single utterance at once. It is guaranteed to terminate because the update of a
single utterance can only ever improve the error rate. But note that this algorithm is not
guaranteed to find the optimal assignment. It, nevertheless, often finds a good approximation
of the optimal assignment, as can be seen in Section 3.5.6.

Initialization The outlined algorithm only modifies the labels ¢ until it finds a good
solution, but it has not yet been stated how ¢ is initialized. If speaker labels are available,
they can be used to initialize ¢, e.g., with the assginment ¢ = ¢(°?) obtained from the cpWER
algorithm. If speaker labels are not available, the labels can be initialized randomly or in a
round-robin manner. Assigning all utterances to a single stream is not recommended because
the initial iterations will not perform plausible assignments, but merely balance the number
of words across streams.

Handling edge cases Using just this simple approach, i.e., only a single pass of GREEDYUP-
DATELABELS in Algorithm 1, can fail to solve cases where two utterances would have to
be swapped to improve the error rate while changing only one of them increases the error
rate. In such cases, the solution can be improved by first running the algorithm with a
substitution cost of Cs = C} + Cp = 2, which allows for swapping two utterances, and then
optimizing with a substitution cost of Cs = 1. Using Cs = 2 enables the algorithm to trade a
substitution for a deletion and an insertion, which reduces the costs for changing only one
label in these cases.

The complexity of the greedy algorithm outlined in Algorithm 1 can be improved signifi-
cantly by re-using intermediate computations [OC8]. The optimized algorithm is outlined in
Algorithm 2 and described in the following.

12 The naive greedy algorithm was initially introduced for the DI-cpWER in [36], but is here equivalently
described for the ORC-WER.
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Algorithm 1 Naive greedy approximation to the ORC Levenshtein distance lev(O%¢)

Input: Reference and hypothesis transcripts ti ., f:gm)s and initial assigned labels ¢

Output: Modified reference speaker labels ¢ and the corresponding Levenshtein distance
1: function LEVDIST(t, t, £, C5)

2: > Compute the sum of the Levenshtein distances across all streams. Similar to
Eq. (3.8) but without the minimum operation. <

3: return Zsszl lev <t§?sat), ES“), C’s> ,

4: function GREEDYUPDATELABELS(t, t, £, C)

5: while not converged do

6: for ue U do

7 for se {1,...,5} do

8: > Compute Levenshtein distance with current reference labels <

9: d «— LevDIST(t, t, £,C5)

10: > Compute Levenshtein distance with updated reference labels (put utter-

ance u on stream s) <

11: U — [ga-~-7£u—1787€u+17-~-7€\L{|]

12: d' — LEVDIST(t,t, ¢, Cs)

13: > Update the labels if the new distance is smaller (better) <

14: if d < d then

1 e

16: | return ¢

17: = Solve “swapping” problem by running one update with a substitution cost of 2 <

18: { < GREEDYUPDATELABELS(t, t, £, 2)

19: ¢ < GREEDYUPDATELABELS(t,t,¢,1)

20: = Return the corrected labels and the Levenshtein distance <
21: return /, LEVDIST(t, t, £, 1)

Reusing computations across iterations It can first be realized that computations of d
and d' in Algorithm 1 can be re-used across iterations and that by moving an utterance from
one stream to another stream, only the distances for these streams change while the distances
for all other streams are not modified. Let us split the computation of d into the Levenshtein
distances of the individual streams. Let X, = lev([..,tu, ... : by = s v o' = u],tP)
be the Levenshtein distance for stream s given the current labels ¢ and additionally with
utterance u placed on the stream (if it is not already placed there by ¢). Let accordingly
o, =lev([ty,...: by = s AU # u, Eéspk)) be the Levenshtein distance for stream s given the
current labels ¢ but without utterance u on the stream.
The inner for loop, which updates ¢, can be written as an argmin operation

0, = argmin(lf, + Y1) (3.24)
1<s<S F£s
= argmin(l}, — ). (3.25)
1<s<S

So, to determine the best stream for the utterance u, we only need the distances of two
streams for every candidate s instead of the full distance d. Additionally, one of the two
distances I, or [, is already known from an earlier iteration. This reduces the number of
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times that the Levenshtein distance for a complete stream has to be computed for every
utterance and iteration from 25? to S.

Reusing partial Levenshtein matrices The second optimization is based on the obser-
vation that in the Levenshtein matrix L for every j, there exists (at least) one ¢ such that [; ;
lies on an optimal path (see Section 2.8.6.1 for an explanation of optimal paths). For these
positions in the matrix, it holds:

lev(t,t) = 1eV(t<i,£<J’) + lev(t>i,f>j),V(i,j) on an optimal path. (3.26)

The notation (-)-; here denotes the sub-sequence starting from the i-th element until the end,
similar to how (-)<; is the sub- sequence up to the i-th element. The values lev(t-;, t>]) are
computed and stored in a matrix L®Y) = [lev(t-;, t-;)];; in the same way that lev(ts;, t<]) =
l;; are stored in L. Because the Levenshtein distance is symmetric, i.e., lev(t, t) = lev(t, t),
the matrix L®¥) is obtained by reversing both sequences, computing the Levenshtein matrix
according to Eq. (2.19), and then reversing the order of the rows and columns:

L") = rev(L(rev(t), rev(t))). (3.27)

The function rev reverses the order of a sequence (rev([ty,...,tn]) = [tw,...,t1]) and re-
verses the order of the rows and columns of a matrix (For the matrix L = [l;;];; €

N(@mE (A it gives rev(L) = [aim(t)+1) s (dim(i)+1)_jig)- The sum of the two matri-

ces L + L™ = [lev(t<;, t<;) + lev(ty, t=;)];; then, according to Eq. (3.26), contains the
value of the Levenshtein distance lev(t, ’E) in every cell on an optimal path. Any other entry
that is not on an optimal path must be larger than lev(t, 'E) because otherwise an optimal
path would go through this entry. Thus, the total Levenshtein distance can be computed
from the forward and backward Levenshtein matrices for every column index ¢ as

Vi: lev(t,t) = min (I, + llgk;w)). (3.28)
0<j<dim(t) ’

With this property, I, and I, are found more efficiently. Given L, and L") for matching
the assigned reference transcript to the hypothesis transcript on stream s, the Levenshtein
distance for removing utterance u, positioned from column ¢; to column i, in L is computed
with Eq. (3.28) but with the corresponding columns removed:

Io, = min (L, + 150, (3.29)

N S,12 ]
1< <t o

The value for [, where utterance u is inserted at index i, can be computed similarly, but
with the corresponding columns inserted into L. These columns are computed with Eq. (2.19)
based on the i-th column of L.

Complexity This optimization significantly speeds up the computation of I} and [_,, as

the Levenshtein distance for the complete stream does not have to be computed for every
utterance, stream and update. With this optimization, only one matrix, Lng>, has to be
pre-computed on the full streams for every stream s. During the iteration, only minor
updates have to be computed that in total amount to matching every utterance (instead
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Algorithm 2 Optimized greedy update routine

1: function FORWARDLEVCOL(], t, t, Cs)

2: > Compute a column of the Levenshtein matriz from a previous column and the
current utterance using the Wagner-Fischer algorithm from Eq. (2.19). Details
are left out for brevity. <

3: function GREEDYUPDATELABELS(t1, tf“)s, ¢, Cs)

4: while not converged do

5: > Initialize columns of the backward matrix <

6: for se {1,...,5} do

7 100 < (1, .., dim(657))]

8: for we (|U|,|U]| - 1,...,1) do

9: if /, = s then

10: 1 rev(ForwaRDLEVCOL(rev(10), ), rev(t8™), rev(t,)), Cs)

11: else

12: L lbw) gszv-&)-l

13: = Initialize the first column of each (forward) Levenshtein matriz. <

14: 1, < [1,..., dim(t5P9)]

15: > ]'n///t//a,l/,zc storage for the current Levenshtein distance on each stream — <

16: L, — 1), forall 1s < S

17: for u e do

18: for se {1,...,5} do

19: > Compute the updated column of the forward matriz when placing

utterance u at the current position. <
20: 1, < FORWARDLEVCOL(1,, £5 ¢, Cs)
21: > Compute the cost differences to the current assignment. Re-use values
stored in lg from the previous iteration where possible. <
22: if /, = s then
23: I, s
24; [, < ming(L; + 12, )

25: else

26: I, — ming (I, + 17))

27: B l_ — I

28: > Find the best stream for utterance u as the minimum over the differences <

29: 0y, —argmin, _, (I}, —1,,)

30: > Update current stream costs <
31: ls <1, foralll<s< S

32: l lfu w

33 | return /
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of the complete assigned reference stream) to every hypothesis stream. Additionally, the
matrices L and Lgbw) do not have to be stored completely in memory, but L, can be computed
while progressing through the utterances, and columns from L®") only have to be stored at
utterance boundaries and can be discarded after they are used.

The overall complexity of a single iteration, assuming initial labels ¢’ for the reference utter-
ance, is then O(Y] _, 312 | dim(t,,) - dim(£57°*™)), where the complexity for pre-computing
the backward matrices disappears because the computation of the updates for the forward
matrices is an upper bound on the complexity for the backward matrices. The algorithm
often converges after only a few iterations. The number of iterations required for convergence

is assumed as a constant, so that it disappears in the complexity analysis.

3.3.4 MIMO-WER

The MIMO-WER can be computed efficiently, similarly to the ORC-WER, using a dynamic
programming algorithm. The derivations are similar to the ones for the ORC algorithm and
left out here for brevity. Compared to ORC, the MIMO algorithm treats reference speakers
independently, so that the utterances of each speaker can be matched independently of the
utterances of other speakers. In comparison to Eq. (3.22), an additional index k is inserted
that denotes to which reference speaker the utterance belongs that gets assigned to stream s.
Different reference words are identified by an additional multi-index r = (71, ..., 7%):

. MIMO . T k
(min ¢ N EK) , if Vi o P9 — [ct],
1<k<K k,s,r—eé ,h k,ry,
1<3<S
(MIMO)
(MIMO) lk s;r—elf n + CD’
lksrh =9 - koo (330)
ST ) (MIMO) )
min < ! s O, otherwise.
k,s,r,h—eg
(MIMO)
+C
\ k,s,rfe,(ck),hfegs) C/s

Here, the lower minimum again resembles the standard Levenshtein distance Eq. (2.19) across
a slice of LMMO) for a reference utterance from speaker k compared to the full stream s.
The upper minimum only applies when all indices in the multi-index r = (74, ..., 7x) point to
a change token.!

Computational complexity The computational complexity of the MIMO-WER is larger
than that of the ORC-WER because it allows for changes in the utterance order. LMMO) ¢on-
tains K additional dimensions compared to L%, The upper case in Eq. (3.30) is executed
for every combination of change tokens across the speakers. If we denote with /N, the number
of utterances of speaker k, the upper case is executed HkK:1 N, times for every combination

of hypothesis indices, of which there are Hle dim(f:gStr)) many, and accesses K.S many

cells in LMMO) - The lower case is executed KS[[X, N, 15, dim(85™) 215 | dim (65P)
many times and accesses 3 cells of LM™O) This leads to a total complexity of O((1 + 3 -
S dim(tfjpk)))KS [T, N T, dim(t£™)). Note that not all possible cells in LMMO)
are reflected in this complexity. This is because the lower minimum operation is only ever

13 The equation was modified from [OC7] to make this explicit.
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Reference I N D US T «R Y x % Reference I N D U S T R Y
Hypothesis I N * * x TER E ST Matching (Cb@

Matching @O D DDO DO DD Hypothesis I N T E R E S T
(a) Alignment: nulls (x) are inserted so that both (b) Trace: Matching tokens are connected with
sequences have the same length and matching tokens a line. Insertions and deletions are shown im-
align. plicitly by tokens that are not connected.

Figure 3.12: Different ways for visualizing a Levenshtein matching defined in [85]. Correct or

Substitution is marked with (€) and ) and Insertion or Deletion with @ and @). Colors are used

to facilitate identifying error types. Multiple alignments can correspond to the same trace.
(Taken from [OCS])

executed for cells where all but one reference index point to a change token [ct]. All combi-
nations of indices where more than one reference index point to a word other than [ct] are
never visited. The overall complexity is exponential in the number of reference speakers K
and the number of hypothesis streams S. A greedy approximation is not considered here.

3.3.5 DI-cpWER

The DI-cpWER, as already discussed, is equal to the ORC-WER with reference and hypothesis
swapped. Thus, the same complexity analysis and algorithms apply to the DI-cpWER as to
the ORC-WER, but with swapped arguments. Specifically, the naive greedy algorithm from
Section 3.3.3 was initially used for the DI-cpWER in [36].

3.4 System Analysis With Error Visualization

A good visualization of the alignment between a reference and a hypothesis transcript can
reveal the cause of errors of the recognizer better than what is possible from the metrics
alone. While a metric merely counts the errors to get an aggregated performance measure, a
visualization can provide detailed insights where errors occur. Such insights can be crucial
for system development and debugging. This section describes the design rationale behind a
visualization tool developed for the visualization of meeting-level alignments. The proposed
visualization style is used in Section 3.5.8 for analyzing errors in three case studies.

3.4.1 Visualization Styles

The two most common visualization techniques for alignments are the trace and the alignment
visualization [85]. Both are visualized for an example pair of reference and hypothesis
transcript in Fig. 3.12.

In alignment style (Fig. 3.12a), filler words are inserted into both the reference and the
hypothesis transcripts such that matching words align, i.e., have the same position in the
sequence. This type of visualization is commonly used for single-speaker utterance recognition
tasks [9]. It works with plain text, which makes it simple to create and view. It is clean and
easy to read for short sequences, but quickly becomes cluttered for long sequences, when the
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line length exceeds the page or screen width. Because of this, it is not well suited for long
meeting-style data.

The trace visualization (Fig. 3.12b) displays words of reference and hypothesis side-by-side
and connects two words with a line if they match. This style allows for keeping the temporal
constellation of the words and for keeping the visualization clean for long sequences.

3.4.2 Visualizing Matchings of Long Word Sequences

As already mentioned, the alignment visualization is not well suited for long sequences, as it
quickly becomes cluttered. The trace visualization, on the other hand, can be used for long
sequences.

Interactive tool An interactive tool is required to view the trace alignment for long
sequences, so that the user can zoom and scroll to the important areas. Such a tool was
developed as part of the MeetEval toolkit.'* The tool generates visualizations as interactive
HTML documents that can be viewed in any modern web browser.

Vertical trace For long word sequences, it turned out that a vertical trace, where time
flows from top to bottom, is easier to read than horizontal direction. One reason for this is
that words have different lengths, so they would have to be rotated to fit without overlapping
in the horizontal direction. This is not necessary in the vertical direction, where the words
can be displayed in a single column.

Error summary In order to quickly find relevant positions, a summary of the errors is
displayed at the top of the trace in the tool. It highlights the number of correct words,
substitutions, insertions and deletions over time using a stacked bar chart. This allows the
user to quickly identify the time intervals where errors cluster.

3.5 Analysis

This section presents an analysis of the impact of different types of errors on the WERs.
Experiments are both performed with artificially modified transcripts to have precise control
over the errors and on real transcripts obtained from meeting transcription systems on
different datasets to get a picture of the behavior in realistic scenarios.

3.5.1 Datasets and Systems

The analysis uses the LibriCSS dataset (see Section 2.5.1.4) and the submissions to the DASR
track of the 7th CHiME challenge [2]. By using the challenge submissions, it is possible to
analyze the metrics across a large number of different systems and two different datasets'®.
These include a variety of approaches, all based on modular pipelines, shortly outlined below.
The baseline system [2] uses a diarization module from Pyannote [12] based on EEND neural

14 A showcase is available at https://fgnt.github.io/meeteval_viz.
15The DASR challenge included three datasets, CHiME-6, DiPCo and Mixer6, but Mixer6 is excluded
here for licensing reasons.
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Figure 3.13: Absolute difference in percentage points of time-constrained MIMO-WER, (MIMO-
WER) and tcORC-WER for examples across all collected submissions from the 7th CHiME challenge.
Their average difference is smaller than 0.2 percentage points on this data. The ORC-WER is thus
a good replacement for the MIMO-WER for this set of data and systems. (Taken from [OCS])
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diarization followed by GSS [23] for multi-channel source extraction and a single-channel
ASR system applied to the separated speech. Both [15] and [16] keep the basic pipeline
structure but replace the diarization and ASR modules with stronger sub-systems. Both
[17] and [OC15] replace the diarization with a TS-VAD [35] system. The challenge winner
[27] uses a sophisticated multi-stage pipeline with multiple applications of clustering-based
diarization, a multi-channel cACGMM mixture model, neural speaker diarization, and GSS.

3.5.2 Comparison of ORC-WER and MIMO-WER

The time-constrained versions of ORC-WER and MIMO-WER are compared in Fig. 3.13. The
plot shows the time-constrained versions due to the reduced computational complexity, but
the same conclusions also hold for the non-time-constrained variants. The two performance
measures are strongly correlated and differ by less than 0.2 percentage points on average.
This matches the discussions in Section 3.2.3 that differences only occur when a system does
not keep the physical utterance order. The submissions to the CHiME challenge contained
no system that was explicitly allowed to modify the utterance order.

Minor differences can occur even if the utterance order is not changed, e.g., when the order
is unclear (the begin times are close) or when artifacts or similar words cause ambiguous
assignments. In most cases, however, (t¢)ORC-WER can be used in place of (t¢)MIMO-WER
to make the computation feasible without loosing much expressiveness. In the following
experiments, only the ORC-WER is analyzed due to the higher computational complexity of
MIMO-WER.

3.5.3 Impact of Timestamp Errors on the WERsSs

Fig. 3.14 shows the behavior of WERs when the timestamps are inaccurate, simulated by a
random jitter |A¢| of up to 15s added to the hypothesis timestamps. The analysis is based
on the LibriCSS-raw dataset and the ground-truth transcriptions are scored against the
ground-truth transcriptions with modified timestamps.

The non-time-constrained cpWER  is unaffected by timestamp errors and remains constant
at 0%. All time-constrained WERs increase with the amount of jitter, but only significantly
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Figure 3.14: Impact of a random jitter in the timestamps on different WERs. Analyzed on the
LibriCSS-raw dataset. Time-constrained WERSs are computed with a collar of ¢ = 5s.
(Taken from [OCS8])
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Figure 3.15: Impact of segmentation errors (utterance splits or utterance merges) in combination
with speaker attribution errors on different WERs. Analyzed on the LibriCSS-raw dataset.

after the jitter surpasses the collar, marked with c.

All time-constrained error rates correlate to some degree with the DER while the non-time-
constrained cpWERs does not correlate with the DER.

3.5.4 Impact of Segmentation Errors on the WERs

The impact of utterance split and utterance merge errors is analyzed in Fig. 3.15. Utterances
from LibriCSS-raw are randomly split into two (left plot) or merged into one (right plot).
The cpWER and tcpWER react to both of these errors, where the tcpWER is slightly more
sensitive to the errors due to the imprecise estimation of the word-level timestamps. As
already discussed in Section 3.2.2, the ORC-WER ignores utterance merges but penalizes
utterance splits. The DI-cpWER (Section 3.2.4), on the other hand, ignores utterance splits
and penalizes utterance merges.

Note that the analysis in Fig. 3.15 is performed on data with exclusively only utterance
split or utterance merge errors and no other errors. In a real evaluation, typically both
utterance merge and utterance split errors are present and mixed with other errors. The sign
of the difference of ORC-WER and DI-cpWER still indicates which of the two, utterance
merge or utterance split, causes more word-level errors.
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Figure 3.16: Impact of speaker attribution errors on different WERs Analyzed on the LibriCSS-raw
dataset. DI-cpWER is unaffected while all others penalize speaker attribution errors to some degree.
(Taken from [OCS8])

3.5.5 Impact of Speaker Attribution Errors on the WERs

The impact of speaker attribution errors on the WERs is analyzed in detail in Fig. 3.16. For
this analysis, the reference transcript of LibriCSS-raw is evaluated against the reference with
randomly changed speaker labels. The amount specifies how many labels are switched to a
random other label. At an amount of 0, the speaker labels are unchanged (resulting in an
error rate of 0) and at an amount of 1, all labels are changed to a different label.

Since there are no segmentation errors in this scenario, i.e., utterance split or utterance
merge, the DI-(t)cpWER and (t¢)ORC-WER are constant over the amount of label switches.
As analyzed earlier, both of these metrics react to segmentation errors only if they coincide
with a speaker attribution error, in which case they increase.

The cpWER, designed to count speaker attribution errors, initially increases linearly with
the amount of speaker label switches, but flattens when the amount of speaker attribution
errors goes to 100 %. This is because insertion and deletion errors are merged into substitution
errors if it improves the error rate, even if the matching is implausible, i.e., words are
temporally far apart. At some point, almost all words are wrongly recognized and merged
into substitutions, so that the error rate cannot increase further. It does not reach 100 %
because common words are matched as correct even if they stem from different speakers and,
due to the permutation invariance, some utterances are always correctly matched.

The tcpWER is the only WER that surpasses 100 % in the analysis in Fig. 3.16. Speaker
attribution errors have a larger effect on the tcpWER compared to the cpWER because
the tcpWER only allows matchings within the collar. A speaker label switch that causes a
segment to land in a region where the reference speaker is silent creates insertion errors in
the tcpWER, but the cpWER may hide these errors by matching them with words that are
temporally far away. The tcpWER thus reflects speaker attribution errors more accurately
than the cpWER. Such a situation where the cpWER creates an implausible mapping but
tcpWER does not is analyzed in a case study in Section 3.5.8.

This effect is analyzed in more detail in Fig. 3.17, where the decomposition of the total
amount of errors into insertions, deletions and substitutions is shown for ccWER and tcpWER
across different amounts of wrongly assigned speaker labels. The cpWER maintains an almost
constant amount of insertions and deletions when sufficiently many speaker attribution errors
are present. The remaining errors are merged into substitutions. The tcpWER maintains a
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Figure 3.18: Absolute difference between the results of the the greedy algorithm and the exact
algorithm for the DI-tcpWER. These results also hold for the (tc)ORC-WER. (Taken from [OCS8])

low amount of substitution errors, caused by overlapping utterances being assigned to the
wrong speaker. All remaining speaker attribution errors lead to a roughly equal amount of
insertions and deletions. The tcpWER is overall higher but more plausible than the cpWER.

Note that all analyzed WERs ignore speaker labels to some degree, e.g., up to a permutation
for the cpWER. Because of this and the fact that common words are matched as correct even
if the speaker label is wrong and even across long temporal distances, no non-time-constrained
WER reaches 100 % error rate, even if all speaker labels are switched. All speaker-attributed
error rates (cpWER and tcpWER) correlate to some degree with the DER.

3.5.6 Accuracy of the Greedy Algorithm for ORC-WER and
DI-cpWER

The computed DI-cpWERs for the greedy algorithm and the exact algorithm are compared in
Fig. 3.18, as a scatter plot of their difference over all systems and sessions from the CHiME-7
challenge submissions. The two algorithms barely differ on this data, by only 0.02 percentage
points on average. They yield the exact same result for 86 % of the examples. A difference of
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Figure 3.19: Execution time of the different algorithms for different segmentations of the LibriCSS
dataset. (Taken from [OCS])

0.02 percentage points can be considered insignificant, as most publications report WERs
with a lower precision. The result of the greedy algorithm provides an upper bound on the
WER; it can never be smaller (better) than the exact computation. The greedy algorithm is
thus a good approximation to the exact algorithm.

3.5.7 Execution Time

The execution times for the different algorithms are shown in Fig. 3.19 for different segmen-
tations of the LibriCSS dataset and a two-output (S = 2) separation-first CSS pipeline. The
different segmentations exhibit different temporal lengths and different numbers of speakers
per example, where the segments have an average length of 2 min with on average 4.8 speakers,
the examples from the raw segmentation have an average length of 10 min and 8 speakers,
and the examples from the 1h segmentation, which combines multiple raw sessions, have an
average length of 1 h and 8 speakers. All algorithms are implemented in C++ except for the
greedy algorithm, which is implemented in Python using numpy.

On the short segments, all algorithms are feasible to compute in a reasonable time. The
MIMO-WER quickly becomes infeasible already for the 10 min segments, where the (exact)
ORC-WER is still feasible. For the long segments, both ORC-WER and MIMO-WER become
infeasible. The time-constrained variants of ORC-WER and MIMO-WER are both feasible
even for the long segments due to the pruning of the search space. Note that the execution
time in this case heavily depends on the number of speakers that overlap within the range of
the collar. The greedy algorithm is feasible for all segmentations.

Note that the theoretical runtime of the algorithms compared here depends mainly on the
number of speakers in the reference, and less on the number of system output streams, except
for the MIMO-WER. The small number of system output streams used in this analysis has
thus no significant impact on the measurements.
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constrained WER. The matching
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Figure 3.20: Case studies: Trace visualization for example excerpts from a single speaker from the
DiPCo and CHiME-6 corpus. Time flows from top to bottom. Boxes represent word start and end
times and matched words are connected with a line. Connecting lines may connect words that lie
outside of the displayed excerpt. Matchings are color-coded as correct [, substitution [, deletion [,

and insertion .

(Taken from [OCS8])
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3.5.8 Case Studies

These case studies illustrate the behavior and the issues of the time-constrained and non-
time-constrained WERs mentioned in the discussions above in more detail. They specifically
highlight the importance of the time-constraint for obtaining plausible matchings in the
meeting scenario.

3.5.8.1 Case Study 1: Time-constrained Matching

Fig. 3.20a shows an example of an implausible matching produced by the (non-time-
constrained) cpWER. Almost all words in this excerpt are recognized correctly at roughly
the correct time. The cpWER, however, matches most of them as substitutions with other
words that are temporally far apart and lie outside of the displayed excerpt. This happens
because the cpWER could here trade substitution errors for insertion and deletion errors
across large distances to reduce the overall error rate.

The alignment created by the tcpWER, as displayed for the same excerpt in Fig. 3.20b,
creates a plausible matching where the correctly transcribed words are also recognized as
correctly transcribed by the metric. This again highlights the importance of the time-
constraint for the meeting scenario.

3.5.8.2 Case Study 2: Decoupled Diarization and Recognition

The third excerpt in Fig. 3.20c shows the non-time-constrained matching for an interesting
case that appeared for one submission to the 7th CHiME challenge. The system treated
diarization and speech recognition separately such that both the diarization and the speech
recognition produce good results when analyzed separately. But, as shown in Fig. 3.20c, the
transcribed speech was sometimes assigned to the wrong activity segment from the diarization.
The DA-WER (defined in Section 3.2.5.3), which was the official scoring metric for the 7th
CHiME challenge, produced a good score since it treats the diarization and speech recognition
components only loosely coupled. The cpWER does not detect these errors because it is
invariant to timestamp errors. The tcpWER, on the other hand, penalizes these errors when
the wrong assignment leads to gaps that are larger than the collar. In this example, the WER
increases significantly from 38.2 % to 51.0 % when the time constraint is applied, indicating
issues in the temporal annotations.

3.6 Summary

This chapter presented a detailed overview over how to compute the WER in the meeting
scenario. Several WER, definitions were presented, including the ORC-WER, MIMO-WER,
and DI-cpWER. The DI-cpWER is especially interesting because it allows for an analysis of
how many errors are introduced by faulty diarization. In order to make the alignments and
resulting WERs more plausible for long transcriptions, a temporal constraint was introduced
to the computation of the Levenshtein distance. This constraint improves the plausibility of
matchings by disallowing the matching of words across large temporal distances. Algorithms
were presented for efficiently computing the WERs. For the ORC-WER and DI-cpWER,
additionally a greedy approximation was proposed that is in many cases significantly faster
than the exact algorithm and often finds the optimal solution. A visualization scheme for long
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sequence alignments was presented and its effectiveness was exemplified in two case studies,
where systematic system issues could be identified that were not visible in the metrics alone.

The WERs presented in this chapter will be used in the following chapters to analyze
systems and evaluate the overall system performance. The alignment visualization tool proved
to be useful throughout the developments of the systems presented in the following chapters.

All metrics and the visualization presented in this chapter are implemented and published
in the open-source MeetEval toolkit!¢. The toolkit is well received in the community. The
tcpWER was used as an official evaluation metric in the CHiME-8 DASR challenge [3] track
of the 8th CHiIME challenge. The NOTSOFAR-1 challenge [1] also used the tcpWER as the
main ranking metric and the tcORC-WER as a complementary metric. The visualization
tool is also well-received. It was presented in a Show-and-Tell Demo session at ICASSP 2024
and was already used in publications to provide a detailed analysis of the system behavior
for selected examples [86].

16 https: //github.com /fgnt /meeteval
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4 Robust Loss Functions for Meeting
Separation

Speech separation in meeting scenarios ex- —
. Related own publications
tends over the conventional fully overlapped

speech separation problem, where the uPIT This chapter is based on [OC6], which

training scheme (see Section 2.6.1) is com- introduced the Source-Aggregated Signal-
monly used. Since uPIT assumes a fixed to-Distortion Ratio (SA-SDR) as a loss
number of K speakers in training and this function (here in Section 4.2) and extends
exact number of speakers is active for the the prior work with discussions about
whole duration of the mixture, it does not the scale-invariant SDR in Section 4.3

apply to the meeting scenario without modi- |  and about how the logarithm in the SDR

fication. The fully overlapped speech activity affects the training in Section 4.2.2.
pattern is rarely found in realistic meeting

scenarios where speakers frequently change turns. Even after segmenting the recording into
smaller segments (see CSS and stitching in Section 2.6.2), the segments contain varying
numbers of speakers. This variation in the number of speakers leads to multiple challenges
when computing a loss in training: When the number of speakers is smaller than the number of
outputs (K < S), it creates silent targets, i.e., no speech is active in at least one ground-truth
signal such that s = 0. Even if no target is silent, different target signals likely contain
silent regions of different lengths which creates an imbalanced difficulty across streams and
examples.

Both challenges create issues in the SDR, which is the most commonly used loss function,
defined as

2
LOEPR) (s 8) = ~SDR(s, 8) = —10log, (ﬁ) : (4.1)

NP
Is — sl

which measures how much the estimated signal 8 is distorted from the original source signal s
in relation to the energy of the original source signal s. For computing the loss over multiple
K = S pairs of reference and estimated signals sq,...,sg and 81, ...,Sg, we here assume
that the number of system output streams matches the number of speakers and that the
assignment problem is already solved!. The loss is in this case typically averaged across
streams [50]. The averaged loss is here called averaged SDR (A-SDR). Using the notation
from Eq. (2.11), where S and S are matrices that contain the stacked signals sq, ..., sx and

! This is the case for uPIT in a speaker-attributed way, as described in Section 2.6.1, where every stream
represents a speaker. Another technique to achieve this in a speaker-agnostic way is presented in the
next Chapter as Graph-PIT.
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~

81, ..., 8k, respectively?, it is written as:

K

(A-SDR) /@ & 1 (SDR) A 10 < ||Sk||2
L (S, S) = E Z L (Sk, Sk) = —E loglo T2 |- (42)
k=1

= [E|

The A-SDR becomes unstable when the loss on one of the streams becomes unstable for
silent targets or perfect reconstruction. For silent targets, where s = 0, the loss diverges to

2
lim £L8PR) (s, 8) = — lim log,, &’AQ = +00. (4.3)
= 0 5\ [ls = 5]
For perfect reconstruction, where § — s, the loss diverges to

lim £8PR) (s, 8) = —lim log,,, <|| s e ) —00. (4.4)

S§—s S—S

The A-SDR also shows problematic behavior for imbalances in difficulty across streams, i.e.,
when the error of one stream is much smaller than the error of another stream: ||s; — §Z||2 >
l|s; — 8;|°. This issue is discussed below in Section 4.2.1.

The following section first introduces approaches from the literature to address these issues.
Section 4.2 then introduces the Source-Aggregated SDR (SA-SDR) [OC6] loss as an elegant
way to address all problems mentioned above. Section 4.2.2 further discusses how the choice
of the loss function influences the weighting of examples within a batch and across batches in
training.

4.1 Conventional Losses for Meeting Separation

Most approaches to stabilize the SDR loss for speech separation in meeting data are based
on modifying the SDR itself by either adding a small constant to the numerator, skewing
the SDR curve, or removing the numerator completely. Most of the approaches only address
one of the issues mentioned above. The following equations are defined for a single pair of
reference signal s and estimated signal §, and are averaged across speakers similar to Eq. (4.2)
when training.

Stabilizing with a small constant The most straightforward way to handle silent targets
is to add a small value € to the numerator of the SDR to prevent it from exploding for silent
targets [OCH:

(eSDR) (. & ||S||2 +€
L (s,8) = —10log,, Is 3 (4.5)

The constant € is typically chosen small enough to not influence the SDR for non-silent
targets, but large enough to avoid numerical issues. While € influences the value of the SDR
and the weighting across streams, it does not alter the direction of the gradient for a single
stream because the numerator disappears in the derivative.

2 We here assume that each source signal spans the full recording, such that s, = §,.
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Skewing the SDR  The skewed SDR? addresses the robustness for perfect reconstruction
by skewing the SDR curve such that it is less steep for perfect reconstructions [87], here
reformulated in a scale-dependent way:

2
E(skewed SDR)(S7 é) - —10 10g10 . HQSH — |, (46)
Is —s||” + v[|s]]
which converges to
1
lim LOkewed SPR) (g 6y — 10 log,, | — (4.7)
lls—8|1*—0 v

for perfect reconstruction. The skewing factor v controls how much the loss value is skewed
for small reconstruction errors and how large its value becomes for a reconstruction error of
0. It is typically chosen small, e.g., ¥ = 0.3. In its original work, it was used to reconstruct
the mixture signal instead of silent targets and only applied for silent targets.*

Soft maximum The SDR can be made robust against perfect reconstruction and for
imbalanced streams by introducing a soft maximum [88]:

2
LISDR) (5. 8) = —10logy, ( Is] ) (4.8)

112 2
Is = s[" + 7l

where 7 = 1075PRmax/10 ig a threshold that limits the minimum loss (for an error of 0) to
—SDRuax. The additional term 7|s||® in the denominator moves the log curve w.r.t. the
error ||s — §||* such that an error of 0 coincides with —SDRyay. In contrast to the skewed
SDR, it does not otherwise change the shape of the function.

Log-MSE Removing the numerator from the SDR does not affect its gradients, but removes
the instability for silent targets. Without the numerator, the SDR becomes the log-MSE [89]:

L (log-MSE) (s,8) = 10logy, (Hs — éHQ) ) (4.9)

To also make it robust against perfect reconstruction, a constant can be added to the argument
of the logarithm, which leads to the loglp-MSE (log-one-plus-MSE) [OC18]:

LOEPNSE) (6 &) — 1010g,, ([Is — 82 + 1) . (4.10)

The log-MSE has the disadvantage that its value depends on the scaling of the signals (which
gets cancelled out in the SDR). It is thus harder to interpret because a higher value does not
necessarily mean a worse separation. A model selection based on the best log-MSE loss is
thus discouraged.

3Tt was in [87] proposed in a different formulation in a scale-invariant way, i.e., such that the absolute
scale of the estimated signal § relative to the reference s does not influence the loss value. We here only
consider scale-dependent losses, so it is reformulated without scale-invariance.

4 The scale-dependent formulation in Eq. (4.6) encourages the estimate to become zero (§ — 0) through
the additional term v||§||°>. The original scale-invariant version does not do this.
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Extra loss for silence A different approach to handle silent targets explored in [59] is to
add an extra loss term for silent targets that only operates on ||8]|* and that is only evaluated
for silent targets. This approach solves the problem of a silent target, but does not solve the
problem of imbalanced streams. Having an extra loss additionally introduces the complexity
of switching between and tuning the weights of the two loss functions.

Skip loss of silent target Another approach is to skip the loss computation for silent
targets [90] or select the best matching other target signal or the mixture [87] as a target for
the silent stream. This approach solves the problem of computing a loss for silent targets
and even seems to improve performance compared to modifying the loss function, perhaps
because it removes the stark imbalance between the silent and non-silent targets completely.
It is, however, not well suited for a full pipeline where inactivity has to be detected reliably
because the silent streams are either unconstrained or trained to output high energy.

4.2 SA-SDR: An Elegant Stabilization of the SDR

We here propose to address these issues by, instead of modifying the single-stream SDR and
averaging across speakers, aggregating the energies across speakers before computing the
SDR. This leads to the SA-SDR:

K 2
LBASPR) (G §) — —SA-SDR(S, S) = —101log;, KZH ”S’“”A 5. (4.11)
i1 ISk — sl

This formulation is equal to concatenating all signals before computing the SDR, i.e.,

A

S1 S1

SA-SDR(S,S)=SDR [ | : |.| : | |, (4.12)

SK SK

where all signal vectors are column vectors and the notation of stacked signals in square
brackets means concatenation into one large column vector. The SA-SDR is stable as long as
at least one target signal is non-zero because neither the numerator nor the denominator
becomes zero if not all signals are zero. It also eliminates the imbalance between streams by
combining the stream energies into a single term.

4.2.1 Behavior for Imbalanced Streams

A single well-separated estimated signal can dominate the A-SDR and produce extremely
high values even when the other estimated signals have a poor quality. The same is not
true for the SA-SDR. In training, when one stream is better separated than another, say
sk — 8kll” > ||si — &|°, the A-SDR focuses on the already better separated stream [ while
the SA-SDR minimizes the total distortions by focusing on all streams equally. This can
be seen from the gradients of the losses. Over the course of training with an SGD-based
optimizer, as it is typical for NN-based speech separation, the estimated signal § is pushed
into the direction of the negative gradient —VsL(s,8) = —ZL(s,$), so that the training

Os
behavior can be assessed by analyzing the directions of the gradients. The gradient of the
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loss ideally points away from s, into the direction of —(s —§). The norm of the gradient
vector w.r.t. one estimated speaker signal determines how much the parameter update for
the NN will focus on this network output compared to the other outputs. A larger vector
norm means that a speaker has a larger impact.

The gradient for the [-th output s; of the A-SDR depends only on the [-th output signal:

_ A 20 S; — él
Ve, LASPR(S S) = — , 4.13
: (8,5) KIn10 ||s; — &/ (4.13)
where its norm is proportional to the inverse of the error:
A 20 1 1
Ve LASPR(S § H _ - 414
H ’ (S,8) KIn10 ||s; — 8| ||s; — 8] (4.14)

The impact of one network output depends inversely on the error, so that the impact of the
output with a low error is higher than the impact of output with a high error.
The gradient of the SA-SDR instead depends on all output signals:
20 S; — él

. [(SASDR) (g §) — _ . 41
Val (5,5) 1037 | sy, — ) 415)

This gradient points into the same direction as Vg, £A-SPR) (S S), but is weighted differently.

Looking at the norm of the gradient w.r.t. a single estimated signal valﬁ(SA'SDR)(S, S) ’ is

not insightful. Instead, we look at the ratio of the norms of the gradients w.r.t. two different
estimated signals.
One would expect that the norm of the gradients of the output stream with the worse

Ve £(S.8)| > |vac(s.9)
larger error can be corrected on this stream. This is true for the SA-SDR:

if |8, —sil® > |18 — ]|, because a

quality are larger, i.e.,

A

Hvékﬁ(SA-SDR)(S7 $) )2

s L I | [ | - (4.16)
Hvélc(SA-SDR)(Sjs)H st — s
But, the A-SDR has the opposite behavior:
N 2
HVé LASPR) (S §) ‘ .
: _ s =& 1, if |8, — sel|® > |18 — s (4.17)

“vélc(A-SDR)(S’S)“Z  lse — skl

The A-SDR gives a higher weight to the better separated stream while the SA-SDR gives a
higher weight to the stream with the larger error. The SA-SDR thus leads to a better balance
between the output streams.

4.2.2 Impact on the Weighting Across Examples

The gradients of the A-SDR and SA-SDR in training differ only in the weighting across
the system output streams, where different weightings are created by the position of the
logarithm in the computation of the loss. This concept can be generalized to other loss
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functions as an explanation why logarithmic losses, like the SDR, generally work better for
speech separation than linear or quadratic losses, like the Mean Squared Error (MSE)®.

The logarithm not only has an impact on the weighting across streams, but also on the
weighting across examples in a mini-batch and across mini-batches. The scale of the gradient
of each example implicitly weights the example in the sum of gradients that accumulates in
the parameters over the course of training for an SGD-based optimizer. This even happens
when gradient normalization is employed, e.g, for ADAM [48] or RMSProp [91].

In fact, any (scalar) function applied after computing the error cannot change the direction
of the gradient w.r.t. the estimate, but only its scale. The scale is determined by the derivative
of the scalar function evaluated at the point of the error, for example

0f(x)

Vs f(LMSE) (5 8)) = 22 Vs LMSE) (5 §), (4.18)
Oz x=L(MSE) (5 3)
which gives for the SDR, evaluated for a single speaker,
(SDR) /., & 10 (MSE) (¢ &
VL (s,8) = VL (s,8). (4.19)

In10 - [|s — §|°
_

£10log,o(w)]

w=[ls—5[|2

The result of training with detach(m)ﬁmsm(s, §), where detach(-) means that no
gradient is propagated through the scaling factor, is the same as training with the SDR loss
(SA-SDR, if computing the MSE across all speakers and the A-SDR if computing it for each
speaker individually).

When summing over multiple of these terms explicitly (in case of the A-SDR) or implicitly
(in the parameter updates of the optimizer), the different scales can indeed modify direction of
the final gradient. Concluded from the fact that SDR-based losses outperform the MSE and
that the SA-SDR outperforms the A-SDR (as shown in the experiments below), a weighting
across examples can be beneficial while different weightings across output streams impact
the model performance negatively.

Relation to curriculum learning The logarithm, specifically, scales the gradient inversely
proportional to the error. This means that examples with a small error have a higher weight
than examples with a large error. This is closely related to curriculum learning [92], where
the difficulty of training examples is gradually increased over training. The SDR can thus be
interpreted as a form of curriculum learning, where the loss is the MSE, the MSE is taken as
a proxy for the example difficulty, and the examples are weighted inversely proportional to
their difficulty.

The experiments below indicate that the weighting introduced by the logarithm, where the
impact of hard examples that are poorly separated is reduced, is beneficial across examples.
Note that both the A-SDR and the SA-SDR have a similar behavior w.r.t. the weighting
across examples.

> This can be seen from the fact that most publications use a logarithmic loss for training a speech
separation systems in the time domain [5-7, 89].
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4.3 Scale-invariance

Many works on speech separation use scale-invariant losses, specifically the Scale-Invariant
Signal-to-Distortion Ratio (SI-SDR) [5, 62]. Independent of the meeting scenario, it is often
argued that the scale of the estimated signal does not contribute to the signal quality and
should thus be ignored when computing the loss. The experiments in the remainder of this
thesis, however, do not use scale-invariant losses. Here follows an explanation why we refrain
from using a scale-invariant loss and why the SI-SDR may not be a good choice for the
meeting scenario.

Let us first define how to obtain a scale-invariant version of the SDR. The SDR can be
made scale-invariant by scaling either the estimated signal s or the reference signal s such
that their scale matches before computing the loss. The SI-SDR,

2
LEWPR)(5 8) = ~SL-SDR(s,8) = ~10logyq <M> , (4.20)
(8%

scales the source signal s with the scaling factor « is such that the denominator is minimized,
ie.

. - 112 STé
a = argmin ||as — §||” = —. (4.21)
a S

»n

This is the solution of the least-squares optimization for finding a.
Another approach to the scale invariance is the Optimal Scale-Invariant Signal-to-Distortion
Ratio (OSI-SDR)® [93],

0|
L(OSTSPR) (g, 8) = —OSI-SDR(s, §) = —10logy [ ——— |, (4.22)
Ja©S0s — 5J°
(0sI) ls||” s'8
e = argmax —————5 = . (4.23)
a |as—s| S8

scales the source signal s such that the overall SDR is maximized. This variant has been
used under the name SI-SDR-SE in [7].

These losses can be reformulated such that the estimated signal § is scaled instead of the
source signal s. Both variants are equivalent. This concept of scale-invariance can also be
applied to all other loss functions discussed so far, e.g., the log-MSE.

SI-SDR. distorts the gradients of the estimated signal The scale-invariance, as
included in the SI-SDR, distorts the direction of the gradients w.r.t. the estimated signal s.
As it was discussed earlier, the gradient w.r.t. the estimated signal § should point into the
negative direction of the error, which is the case for the SDR:

. 20 s—§
VLEPR (5 ) = ST (HS — éHQ) . (4.24)

61t is called Optimal Scale-Invariant Signal-to-Noise Ratio (OSI-SNR) in [93]. It is named OSI-SDR here
to match the naming of the other loss function presented in this chapter.
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From the idea of the SI-SDR, one would expect the same gradients, but with a re-scaled
source signal as instead of the source signal s. This gradient points into the direction of the
error, i.e., it pushes the estimate towards the source signal, and it is zero for samples that
are correctly estimated. But because «a also depends on s, the direction of the gradient of
SI-SDR is instead skewed”:

2

) (4.25)

_ A ( as — 8 +i>. (4.26)

" In10 \|as—s|®  sTs

TS
—S

n

Vs LEHSPR) (5 8) — v, <1Olog10 |as — 8[|> — 101og,,

0
n

An additional term appears whose direction only depends on s, but not on §. This means
that even if the reconstruction is perfect, i.e., s = s, and when ignoring the fact that the
SI-SDR is undefined for this case, the gradients are non-zero. The OSI-SDR, on the other
hand, has the expected gradients:

20 Oé(OSI) (S o a(OSI)é)

In10  ||s — a(OsDg]

VsOSI-SDR = (4.27)

The effect of this distorted gradient on training is unknown; it may lead to worse performance
or the introduced gradient noise may help in escaping local minima during training. It also
influences the weighting across examples discussed in the previous sub-section. In Eq. (4.27),
the scaling factor 8 accounts for differences in the scaling of the source signals, which may
have an effect on the training, but it is unknown whether this effect is positive or negative.

Scale invariance for meeting separation with stitching The argument that the scale is
unimportant may not hold for meeting scenarios where block-wise processing in the stitching
process (Section 2.6.2.1) or further processing steps are employed. When using stitching,
mismatching scales between adjacent windows introduce audible discontinuities in the stitched
signal. Scale differences can also impact the error computation in the alignment process. For
follow-up systems, the scale may also be important, e.g., for determining speech activity. We
thus do not use it in the remainder of this thesis.

4.4 Experiments

To evaluate the different loss functions, experiments are conducted on utterance-level and
meeting-level datasets.

4.4.1 Utterance-level Separation

To show that the SA-SDR does not degrade performance compared to the A-SDR on fully
overlapped anechoic data, experiments are conducted on the WSJ0-2mix dataset. The large
Dual-Path RNN (DPRNN)-based separator, described in Section A.1.2 is used and trained

7 Only the « in the numerator is replaced with its definition here to show that the numerator here depends
on §.
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Table 4.1: Separation performance of models trained with A-SDR and SA-SDR. on fully overlapped
anechoic WSJ0-2mix data. Separation performance is evaluated with CI-SDR.
(Results taken from [OC6])

L CI-SDR1
o8 in dB
no separation 0.2
A-SDR 17.8
SA-SDR 18.0

on the WSJ0-2mix dataset with uPIT using the different loss functions. The best checkpoint
is chosen based on the validation loss. The results shown in Table 4.1 are taken from [OC6].

The model trained with SA-SDR performs slightly better than the model trained with
A-SDR, but the performance is overall comparable. This is expected since the scenario is
balanced, i.e., there is no silence and the energy and scale of the errors is expected to be
similar across the separated streams and target signals for this dataset. Both SA-SDR and
A-SDR weight both channels roughly equally in this case (see Section 4.2), which explains
the similar performance.

4.4.2 Anechoic Meeting-level Separation With Stitching

The effect of the aggregation in the loss functions becomes visible in imbalanced scenarios.
Experiments are conducted on artificial WSJ-based anechoic meetings generated with the
MMS-MSG framework. Here, the small DPRNN-based separator, described in Section A.1.2,
was used to speed up the experiments. Models were trained for a maximum of 600 000
iterations and the best performing checkpoints were selected based on the validation loss.

The results on the WSJ-based meeting data presented in Table 4.2 are taken from [OC6].
The performance of models trained with different loss functions is evaluated with multiple
metrics. The WER and CI-SDR reflect the separation quality for downstream tasks on an
utterance level. The attenuation ratio measures how well silence is reconstructed where no
speaker is active, the VAER measures how well the speech activity can be predicted from
the separated signals, and the SA-SDR measures the signal quality on a meeting level®. The
column “#spk train” denotes the number of speakers that each model saw during training.
For loss functions that permit silent target signals, both single- and two-speaker data was
used. For loss functions that do not permit silent target signals, only two-speaker mixtures
were used. The upper half shows the averaged loss variants (prefixed with “A-") and the lower
half shows the source-aggregated variants (prefixed with “SA-"). The gradients of A-SDR
and A-log-MSE only differ in a constant and they show similar performance. The A-log-MSE
is slightly worse, perhaps because the log-MSE is not well suited for model selection, as
discussed earlier in Chapter 4.

The results show that a stabilization which allows training on single- and multi-speaker
examples is beneficial. The A-loglp-MSE improves over the A-logMSE and the A-e-tSDR
improves over the A-tSDR. Training on single-speaker examples including full silence on one

8 Here, the non-convolutional SDR variant is used for non-reverberant data.
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Table 4.2: Comparison of the separation performance of SDR variants on anechoic WSJ-based
simulated meeting data. Averaged losses are prefixed with “A-” and source-aggregated losses with
“SA-”. Best numbers are bold and best numbers among conventional averaged SDRs are underlined.

(Adapted from [OC5])

Utt.-wise Metrics Meeting-level Metrics
Loss #spk train

WER' CI-SDR?t att. ratio? VAERV SA-SDRt

in % in dB in dB in % in dB
no separation — 48.1 7.3 0.0 65.6 0.0
A-SDR [5] 2 13.5 19.1 25.5 12.6 13.8
A-log-MSE [89] 2 13.1 19.5 18.3 13.2 14.8
A-loglp-MSE [OC18] 142 13.5 19.6 25.3 9.9 16.8
A-skewed-SDR [87] 2 15.6 18.7 24.7 12.5 10.1
A-tSDR [88] 2 13.6 18.8 21.1 14.0 13.3
A-e-tSDR [OC5] 142 12.8 19.6 25.9 11.8 15.5
A-log-tMSE+L, [59] 142 12.8 19.6 26.4 10.7 14.5
SA-SDR 142 12.5 19.8 30.3 9.7 16.1
SA-log-MSE 142 13.3 19.3 31.5 11.6 14.7
SA-loglp-MSE 142 15.1 18.7 25.1 114 15.7
SA-skewed-SDR 142 15.1 18.6 28.9 12.6 10.6
SA-tSDR 142 12.2 19.9 30.8 8.2 17.9
SA-e-tSDR 142 12.8 19.6 27.5 9.1 16.3

stream is crucial for silence reconstruction during evaluation, which can be seen in the greatly
improved attenuation ratio.

All source-aggregated losses outperform their respective averaged variants. The SA-tSDR
achieves the best performance, with a 4% relative reduction in WER from A-tSDR to
SA-tSDR. The modifications that showed benefits in the averaged variants lose their benefit
in the source-aggregated variants and degrade the performance here. The SA-loglp-MSE is,
for example, worse than the SA-log-MSE and the SA-e-tSDR is worse than the SA-tSDR.

We also observe that the source-aggregated loss variants yield a smoother and more stable
training than the averaged losses. The more uniform weighting across streams seems to have
a positive effect on the training behavior.

4.4.3 Reverberant Meeting-level Separation on LibriCSS

A sub-set of the losses are evaluated on the more realistic LibriCSS dataset in Table 4.3.
For this experiment, the TF-GridNet-Small network architecture is used, as described
in Section A.1.4. Performance was evaluated with the speaker-agnostic tcORC-WER on
transcripts predicted with the NeMo [94] ASR model in the stt_en conformer_ctc_large
configuration?. Despite the increased difficulty, the WERs are overall better than the ones
on the WSJ-based meetings due to the greatly improved network architecture for separation

9 Available on HuggingFace at https://huggingface.co/nvidia/stt_en_conformer_ctc_large
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and speech recognition. On this data, the source-aggregated losses again outperform their
averaged counterparts, but, contrary to the anechoic case, the threshold in the tSDR does
not improve the performance. The relative improvement in WER from the A-tSDR to the
SA-tSDR is with 6 % larger than the relative improvement observed on the less realistic
anechoic data. This indicates that the effect of the aggregation becomes larger for more
realistic data.

The log Mean Absolute Error (log-MAE) was chosen in TS-SEP [36] over the SDR because
it led to better silence reconstruction and overall performance. In Table 4.3, however, is not
competitive. It only improves the silence reconstruction in the averaged case, but does not
translate to the source-aggregated case well. It achieves a worse WER and a comparable
attenuation ratio compared to the SA-SDR. This could be explained by the fact that the
TS-SEP model outputs significantly more silence than the CSS model, so that the silence
reconstruction is more important, while in our case it disturbs the performance.

Table 4.3: Comparison of the separation performance of SDR variants on LibriCSS data. Averaged
losses are prefixed with “A-” and source-aggregated losses with “SA-". Best numbers are bold and
best numbers among conventional averaged SDRs are underlined.

tcORC-WER/{ att. ratio?

Loss #spk train i % i dB
A-SDR 2 5.4 30.2
A-tSDR 2 5.1 30.7
A-log-MAE 2 22.0 40.3
SA-SDR 1+2 4.8 32.0
SA-tSDR 142 4.8 31.8
SA-log-MAE 142 5.1 33.1

4.5 Summary

In this section, we have discussed the issues with the commonly used SDR-based loss functions
and introduced with the SA-SDR an elegant solution by aggregating signals differently while
computing the loss. We have also discussed the relation of the SDR with curriculum learning
as a possible explanation for the success of logarithmic losses in speech separation over
the MSE. In experiments, we have shown that the SA-SDR outperforms the A-SDR in
meeting-level separation tasks, especially when the training data is imbalanced. In the next
chapter, the SA-SDR will be used to speed up the computations when solving the assignment
problem on the signal level for training a source separator on meeting data directly.






5 Continuous Speech Separation With
Graph-PIT

The meeting scenario described in Section 2.1 —
. . . Related own publications
requires the separation of an arbitrary num-
ber of speakers and of arbitrary length. In This chapter presents the findings from
classical systems, this is achieved with stitch- [OC4, OC5] and [OC3] in a unified way.

ing, introduced earlier in Section 2.6.2.1, a A short discussion about practical as-
block-wise processing scheme that assumes pects is added in Section 5.5 that was
that the number of speakers in each block is not published before.

small in order to separate a recording con-
taining an overall large number of speakers.

CSS can, however, be achieved in a more elegant way, by extending the uPIT training
scheme such that it allows an arbitrary number of speakers K, independent of the number of
output streams S, as long as never more than S speakers overlap at any point in time. With
such a training scheme, a source separator can be trained to directly output overlap-free
signals for an arbitrary number of speakers and makes the conventional stitching approach
(see Section 2.6.2) unnecessary. We proposed this extension of uPIT as Graph-PIT in [OC3,
OC5].

In this chapter, the basic idea of Graph-PIT from [OC3, OC5] will be introduced in
Section 5.1. Computing the solution naively requires exponential compute with increasing
numbers of ground-truth utterances [|. In order to obtain a more efficient algorithm, it is
shown how a loss function can be decomposed to allow for splitting the problem into the
computation of a score matrix M and solving the assignment problem based only on M,
for both uPIT and Graph-PIT in Section 5.2. This decomposition scheme was presented in
[OC4]. Then, in Section 5.3, an algorithm based on graph coloring is described that solves
the assignment problem with a complexity that is linear in the number of utterances, instead
of exponential. Finally, the performance of the Graph-PIT training scheme is evaluated in
Section 5.4 and practical considerations are discussed in Section 5.5.

5.1 Graph-PIT: Idea

Graph-PIT uses the same assumptions as CSS. It assumes that any separation onto .S output
streams is valid as long as no two ground-truth utterances overlap on any of these streams
and each utterance appears continuously on these streams. Compared to uPIT, the constraint
that K = S is lifted to K™ < S, where K®™ is the number of concurrent speakers,
i.e., the number of speakers that overlap at any given time. Instead of having a bijective
mapping between speakers and output streams, now every utterance is mapped only to a
single stream, where two overlapping utterances must be mapped to different streams. Note
that two utterances that stem from different speakers can be assigned to the same stream

81
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Figure 5.1: Visualization of the Graph-PIT processing scheme. The Graph-PIT loss finds the
assignment that minimizes the loss. The graph is drawn on top of the reference signals. The optimal
coloring is indicated with the node colors. (Modified from [OC3])

as long as they do not overlap and two utterances from the same speaker can be placed on
different streams.

To train a neural network with this idea naively, the loss is computed for every eligible
assignment C, represented as an assignment matrix, that leads to non-overlapping streams.
Then, only the assignment C* that minimizes the loss is used for backpropagation:

C* = argmin L(SC, S) (5.1)
CeC
E(GraphPIT)(& S) — L£(SC*, S) Iéﬂg[,(SC S) (5.2)

The function £ : RT*% x RT*% — R is a signal-level loss function that produces a scalar from
a set of stacked reference and estimated signals (compare Eq. (2.11)). Multiplying the stacked
source signals S = [sy,...,sp]" € RT*Ml with the assignment matrix C = [c, ]y € RIS
results in a matrix SC € R7*% of sums of utterance signals. The set

C = {C: C is an assignment matrix A Yu,v:c, # ¢, if o(u,v) = 1} (5.3)

is the set of all valid assignments C that yield non-overlapping target signals SC, where
o(u,v) is the overlap function defined in Eq. (2.1) that is 1 if two utterances overlap and 0
otherwise. All assignment matrices in C may only assign two utterances u, v onto the same
system output stream when they do not overlap, i.e., when o(u,v) = 0.

This formulation is similar to uPIT in Eq. (2.9), except that the minimum in Eq. (5.2) is
not computed across permutation matrices P but across assignment matrices C and that
utterance signals in S are not grouped by speakers.

The Graph-PIT training scheme is visualized in Fig. 5.1, where the best assignment is
indicated with colors. A minimum is computed over all possible assignments of reference
utterances to system output streams. The figure also shows the overlap graph G, which is
introduced below.
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5.2 Efficient Decomposition of the Loss Function

The complexity for finding the optimal assignment C* naively with Eq. (5.2) is exponential in
the number of utterances [U| because there can be up to Sl assignments for || utterances.
This complexity can be improved over the brute force variant in Eq. (5.2) if the loss function
fulfills specific properties. To arrive at this more efficient formulation, first the simpler case
of uPIT is discussed and then extended to Graph-PIT.

5.2.1 Efficient Computation of the Optimal Permutation for uPIT

Given the uPIT criterion with a loss function that operates on stacked signal matrices S and
S from Eq. (2.11), the computation of the optimal permutation matrix P* can often be split
into two steps in order to reduce the number of times that the loss has to be evaluated. This
is the case if the loss function £(S,S) can be written in the form

weP( K)

LIS §) = ( min Z fleor(s  §,), 8 s) (5.4)

— f( min tr<M<uPIT>P>,S,S), (5.5)

PeP(K)

where tr(-) denotes the trace of a (square) matrix, f(-,-,-) is a function strictly monoton-
ically increasing in its first argument and MP'T) ¢ REXK g a score matrix computed
from S and S as M — [fcor)(s;,85)]i;. The monotony is required to ensure that
the inner minimization yields the permutation matrix that minimizes the loss, so that
minp f(tr(MP),...) = f(arg minp tr(MP), ... ). The function f(-,-,-) is further not allowed
to solve the permutation problem in any way on its last two arguments S and S.

Now, first a score matrix MM is computed in quadratic time O(K?). Then, P* =
arg Minpep k) MEPIDP 5 found based on MM alone without evaluating £ again. The
outer function f(-,-,) is then only applied once for the optimal permutation.

The minimum operation for finding P* is equivalent to a linear sum assignment problem
[0C4, 83, 84] with weights M“P™  which can be solved in O(K?) polynomial time. The
overall complexity can thus be reduced to being polynomial O(K?) if the loss function fulfills
Eq. (5.5).

Note that the decomposition becomes particularly simple for single-stream signal-level loss
functions £&m8) (s 8) from Eq. (2.9), where

MOPIT) — [£(single) (6P g 91, (5.6)
f(l', S(spk)’ S) = Z. (57>

This simple decomposition was used in [95] for training uPIT models with up to 20 speakers.
In cases where the loss cannot be expressed as a sum over component-wise losses, such as for
the SA-SDR introduced earlier in Section 4.2, often a decomposition according to Eq. (5.5)
can be found to still compute the permutation efficiently. Examples for such decompositions
for commonly used loss functions are presented later in this section, after introducing the
decomposition for Graph-PIT.
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5.2.2 Efficient Computation of the Optimal Assignment for
Graph-PIT

A similar decomposition is possible for Graph-PIT, if the loss can be written as

E(Graph—PIT (S S <m1n2 Z Cusf score) Sﬂ,Sk) S S) (58)

s=1ueld

=f (réleigtr(M(Graph'PlT)C>,S, é) , (5.9)

where the functions f(-,-,) is again a scalar function that is monotonically increasing in its
first argument and S, is the zero-padded ground-truth source signal for utterance u. Any

interactions between the stream signals and ground-truth utterance signals only take place

Graph-PIT) C

in f@cr) 5o that the optimal assignment C* = arg mingg tr (M( > is equal to

the one found for the overall loss. Note that the score function f(°™) (s, 8) operates on the
full recording length, but for many loss functions only contributions are relevant where s,
is non-zero, in which case the scores can be computed on parts of the signals only!. The
indicator variable ¢, ; € {0,1} is an element from the assignment matrix C and indicates
whether utterance u is assigned to stream s. As also for uPIT, the elements of the loss matrix
M(Craph-PIT) 516 the values of fG¢0r€)(.,.) and are computed only from pairwise comparisons

of the utterance signals s, with the estimated signals s,.

Compared to Eq. (5.5), the Graph-PIT version only differs in the computation of M (Graph-PIT)

The functions f(-,-,-) and f&°r)(. .) are the same for uPIT and Graph-PIT, i.e., any f(-,-,-)
and fGr)(. .) found for uPIT can also be used for Graph-PIT and vice versa, only their
arguments differ according to Eq. (5.5) compared to Eq. (5.9).

Given such a decomposition of a loss function, the assignment can be found based only on a

(Graph-PIT) gince minimizing tr (M(Graph'PIT)C) also minimizes £. Finding such a

loss matrix M
decomposition trivially, i.e., by enumerating all possible assignments, has in general complexity
O(SHM1). This naive approach is infeasible for any non-trivial number of utterances. But,
similar to uPIT, a more efficient algorithm exists for finding C* based on MG #Ph-PIT) Tt will
be introduced in the next section. But before, decompositions for Graph-PIT with Eq. (5.9)
are presented for common loss functions. Additional decompositions for the SA-SI-SDR, and

the SA-CI-SDR can be found in Section A.3.

5.2.3 Decomposition of Component-wise Additive Functions

Any loss based on a component-wise additive function, i.e., a function for which g(x) =
2. 9(xi) and g(X) = X;; g(xi;), can be decomposed for Graph-PIT in the same way. This
class of functions includes the core functions of commonly used losses, e.g., the L1-norm
from the Mean Absolute Error (MAE) and log-MAE loss and squared L2-norm for the MSE,

1 One example for this is the MSE, described later in Section 5.2.4.
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log-MSE and SDR losses. Such a function g(-) can be decomposed as follows:

S

£CP9(S S) = rélégz g (SC — S) (5.10)
s=1
s

= Igég;;g (é Cu,sSut — =§s,t> 3 (511)

where the signals from S and S are decomposed down to a sample level so that s, ; is t-th
sample from the padded source signal §,, and 3, is the ¢-th sample from the estimated stream
signal §,. The indicator variable ¢, s € {0,1} is an element from the assignment matrix C
that is one if the u-th utterance is assigned to the s-th stream and zero otherwise.

To get to a formulation that is compatible with the Graph-PIT decomposition in Eq. (5.9),
the sum and the multiplication with ¢, s has to be moved outside of g(-). It is known from
the constraints on the overlap function o(-) that the inner-most sum } _, ¢, 5, contains at
most one non-zero element. For all others, either ¢, s = 0 or s,; = 0 hold true. We can thus
write

u't S ; f El ! . u’! u’ O
g (Z Cu,ssu,t - §s,t> = {g(s A’t Ss’t) ' “ C ’SS ot # (512)

ueld g(—5s4) otherwise.

The first case happens when there is (exactly) one non-zero element in the sum, for index o’
and for which ¢, s = 1. The second case happens when the sum is zero. We can further find
that

Z Cu,sgd (Su,t - <§s,t) = (513)

ueld

g(Su’,t - =§s,t) + g(_és,t) : (Z ueld, Cu,s); if 30’ : Cu/ ,sSu/ t #0
uFu’
9(—3s4) - (Zueu Cus) otherwise.
=g (Z Cu,sSu,t — =§s,t> + g(_gs,t) : (Z Cu,s — 1) ) (514>
ueld uel

where the conditions of the cases are equal to those in Eq. (5.12) and it was used that
Duett, Cus = D uey Cu,s — 1. We can now plug Eq. (5.14) into Eq. (5.11) to achieve a formulation

uFu/
where the sum and the multiplication with ¢, s are outside the application of g(-):

s T
ﬁ(GPg)(S7 S) = min Z Z (Z Cu,sg (Su,t - §s,t) ) (_§s,t) : (Z Cu,s - 1)) (515)
Cec s=1t=1 \uel ueU
s T s T
= Z Z g (—8s1) + mln Z Z Cus Z (Sut — Sst) — g(—58s1)) (5.16)
s=1t=1 s=1ueld t=1
A s
—g <S) + rgé?;uélcus gg (Sy — ssl— g(—ss)z. (5.17)

f(score) (éu 7§s )

The loss matrix M = [g (8, — 8s) — g(—Ss)]u,s is defined by the inner-most sum of the second
term, fecor)(s, 8,) = g (8, — 8) — g(—8,). The outer function f(x,S,S) = = + ¢g(S) from
Eq. (5.9) can be found by looking at the surrounding expressions in Eq. (5.17).
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Applied to the MAE with g(z) = ||z||, this approach yields

A

ﬁ(GPMAE)(S’ S) = IS

S
s=1 ueld

and the SA-log-MAE can be obtained with?.
[(GPSA-log-MAE) (g S) — log,, £(CPMAE) (g, S) (5.19)

While this approach can be used to decompose a wide variety of loss functions, it is not
always the most efficient one. The following subsections present more efficient decompositions
for quadratic loss functions like the MSE, log-MSE and SDR and for the Binary Cross Entropy
(BCE).

5.2.4 Decomposition of Quadratic Loss Functions

Loss functions where the inner term is quadratic, such at the MSE, log-MSE and SA-SDR, can
be decomposed more elegantly. The MSE is here presented as the base of the decompositions
for the other loss functions. The MSE is defined for a single pair of signals s, and s, as

£(MSE)(SU, éu) _ ||su o §u||2 — (S — é)T(S — §)7 (520)

where the squared norm is written as a scalar product to simplify further derivations. Applied
to Graph-PIT (Eq. (5.2)), the loss becomes

LEPSE)(S,§) — min tr((SC ~8)T(SC - S)) (5.21)
= min (tr(CTSTSC) - tr<STSC) - tr<cTsTS> + tr(STS>) (5.22)
— t2(STS) + tr(STS> + 21min tr ;SE c|. (5.23)

M(Graph—PIT)

Here, it was used that tr(S'S) = Zf;l |se||> and that tr(ST) = tr(S). The assignment
matrix C can be dropped in tr(CTSTSC) because it only maps non-overlapping utterances to
the same stream such that every sample appears exactly once in the trace. From Eq. (5.23),

we find

f(score,MSE) (Sua és) _ é—;é& (524)
~ AT A
FOSE) (38 Q) = tr(STS) + tr(S s) 4 21. (5.25)
Note that in fEreMSE) only samples from §, have a contribution where §, is non-zero, so

that the score can be computed from the signal parts defined by the segment start and end
times b, and e, without changing its value.

2 Or alternatively by moving the logarithm also into the computation of M(GTaPh-PIT) "1 Fq. (5.19)
applies the logarithm less often
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SA-log-MSE The SA-log-MSE is similar to the MSE:
£(GP-SA-log-MSE)(S’ S) _ 10g10 £(GPMSE)(S7 S) (526)

SA-SDR The SDR, in its standard definition, cannot be decomposed for Eq. (5.9), because
order of the logarithm and the sum disallows such a rearrangement. The SA-SDR,

, tr(C'S'SC)
min —10log,, - -
Cec tr((sc —$§)T(sC - S))

[ (GP-SA-SDR) _ (5.27)

where the sum is moved inside the logarithm, can however be decomposed. The denominator
in Eq. (5.27) is equal to the MSE in Eq. (5.23), so the MSE decomposition from Eq. (5.23)
can be re-used:

L(CP-SASDR) — 10 10g,, LIEPMSE)(SS) — 101og,, tr(STS) (5.28)
AT , AT
= 10log;, <tr (S S) + 218;?“<_S SC)) — 10log;, (tr(STS) +1). (5.29)

The resulting expression for the loss matrix M(G™Ph-PIT) ig equal to the MSE, so the assignment

that minimizes the MSE also minimizes the negative SA-SDR. The outer function becomes
N AT A~
f(z,S,8S) = 1010g10(tr<S S) +2z) — 101og,(tr(S™S) + 1).

5.2.5 Decomposition of Binary Cross Entropy

The BCE loss was used in [OC9] for training a neural diarization system with Graph-PIT. It
is mentioned here for completeness, but not used in the remainder of this thesis. The BCE
loss between the ground truth binary labels aq, ..., ar and the estimation ay, ..., ar is defined
as
T
LP®) (a,a) = =) (aslogo(ar) + (1 — a)log(l — o(a))), (5.30)
t=1

1

where o(z) = is the sigmoid function, log is the natural logarithm and and ¢ is the

1+exp(—zx)
sample index. Eq. (5.30) can be simplified by plugging in the definition of the sigmoid:
p q p y plugging g
T T
LP) a,a) = (a, + log(1 + exp(—ay))) — Y ad, (5.31)
t=1 t=1

such that only one term depends on the ground truth activity a.

To apply Graph-PIT to the BCE loss, we again collect ground-truth targets across utterances
in a matrix A = [as,]w € {0, 1}7*M]] zero-padded to match the full meeting length, similar
to the speech signal matrix S for speech separation. The estimated activity is also collected
into a matrix A € R7*5. Plugged into Eq. (5.2), this leads to

T
LCPBCE) (A A = Z(&t + log(1 + exp(—ay))) + min tr(—ATAC). (5.32)
o1 CeC(U)
The minimum is only applied to the second term because the first term does not depend
not on a. When implementing, the log-sum-exp expression in first term should be stabilized
accordingly in terms of numerical effects.

The assignment matrix is, interestingly, the same as for the MSE in Eq. (5.23) but based

on the activity instead of the speech signals.
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5.3 Graph-PIT as a Vertex-Weighted Graph Coloring
Problem

Finding the optimal assignment C* is equivalent to a graph coloring problem, or more
specifically, a vertex-weighted graph coloring problem, of the overlap graph, which is a graph
that describes which utterances overlap in the ground-truth annotations. This section first
introduces the necessary notation from graph theory, then describes the relation of Graph-PIT
to graph coloring, and finally presents a dynamic programming algorithm that solves the
vertex-weighted graph coloring problem for Graph-PIT efficiently.

5.3.1 Graph Theory

This section gives a quick overview of the graph concepts and notation required for under-
standing the remaining part of this chapter. It is by no means a general comprehensive
description of graphs. The notation is kept consistent with the rest of this thesis and may
not always be aligned with the notation found in the literature on graph theory.

5.3.1.1 Undirected Graphs

An (undirected cycle-free) Graph G = (V, ) is a structure consisting of a set of vertices
V (consisting of arbitrary elements) and a set of edges £ < {{u,v} : u,v € V,u # v} that
connect pairs of vertices. Vertices that are connected by an edge are called adjacent. The
set Ng[v] = {u:ueV,Jee & :uee}is the set of neighbors of vertex v in G, i.e., the set of
vertices that are connected to v via an edge e € £. The subscript G is omitted if it is clear
from the context. We denote with G[V'| = (V', {{u, v} : {u,v} € &, u,v € V'}) the subgraph
induced by V' € V in G, i.e., the graph that contains all vertices in V' and all edges from G
that connect two vertices in V'. A clique is a fully connected (sub)graph, i.e., a (sub)graph
where all vertices are connected to each other. The clique number w of a graph is the size of
the largest clique in the graph.

5.3.1.2 Graph Vertex Coloring

The graph vertex coloring problem is concerned with finding an assignment (see Section 2.4)
C e {0,1}/V*5 that assigns each vertex in V a unique label (commonly called color) in
{1,2,...,S} under the condition that no two adjacent vertices have the same color. The
coloring is here represented as an assignment matrix C with rows ¢y, ..., ¢ and elements
Cy = [Cu1, -y Cus], Wwhere each row is a one hot vector such that ¢, s = 1 if utterance w is
assigned color s and otherwise ¢, s = 0. Such an assignment C that uses S colors and does
not assign two adjacent vertices the same color is called a proper (S-)coloring of the graph

G = (V,€) and satisfies
c, #c¢, Y{u,v}ef. (5.33)

The number S is the number of colors used in the coloring and a graph that can be properly
colored with k colors (or less) is called k-colorable.
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5.3.2 Vertex-Weighted (Vertex) Graph Coloring

We here extend the graph coloring problem to the vertexz-weighted (vertex) graph coloring
problem where each combination of color and vertex receives a weight and the goal is to find
a proper coloring that minimizes the total weight of the coloring. Given a graph G = (V,€), a
number of colors S, and a weight function w : V x {0,1}® — R that assigns each combination
of vertex and color a weight, the objective is to find the proper coloring C* of G that uses at
most S colors and minimizes the total weight, i.e.

C* = argminw(C) = arg minz w(v,¢,), s.t. Cis proper, (5.34)
C C

where w(C) = Y, ., w(v, c,) denotes the total cost of the coloring C given w.
Graph-PIT is equivalent to the vertex-weighted graph coloring problem of the overlap-graph
G (U), which we define for a set of utterances U as the graph

GU) = (U, {{u, v} : o(u,v) = 1,Yu,veU}), (5.35)

that contains all utterances as vertices and edges between two utterances if they overlap.
Here, o(-) is the overlap function introduced in Section 2.2 that is 1 if two utterances overlap
and 0 otherwise. The argument (U/) is omitted where possible.

Fig. 5.1 visualizes such an overlap graph for an example. Each utterance in U/ is a vertex
in G drawn as a circle in Fig. 5.1. An edge exists between two vertices in G(*) when the
corresponding utterances overlap in time. Edges are drawn as connecting thick lines between
the vertices. The optimal coloring of G(°") according to C* in Eq. (5.34) is marked by the
colors of the vertices. Each color corresponds to a system output stream and the coloring of
a vertex represents the assignment of that utterance signal s, to a network output stream S;.
The process of finding C* with Eq. (5.34) is indicated by the minimum over a list of possible
assignments in the figure.

The condition for a valid assignment in Eq. (5.3) is equivalent to the condition for a proper
coloring in Eq. (5.33). Thus, an assignment C of utterances U to S output streams is a valid
if and only if it is a S-coloring of the overlap graph G©¥), where the colors represent which
stream an utterance is assigned to. The set of valid assignments C(U) is also the set of all
proper S-colorings of G©¥).

5.3.2.1 Relation to Other Problems and Algorithms

The vertex-weighted graph coloring problem collapses to the minimum sum assignment
problem [83] if the overlap graph is fully connected, i.e., if every vertex is connected to every
other vertex. Then, any assignment is just a permutation of colors across vertices and it can
be solved in polynomial time.

A similarly named problem is the cost vertex coloring problem [96], also called minimum
sum coloring problem (MSCP) [97] or Disfavored Color or Favored Color Weighted Graph
Coloring [98], assigns each color ¢ (instead of vertex color pair) a weight w.. The goal is to
find a proper coloring that minimizes the sum of the weights of the colors assigned to the
vertices, i.e., min. >, _, w,,. This is similar to the vertex-weighted graph coloring problem,
but the weight depends only on the color instead of both the vertex and the color.

The coloring at minimum cost [99] also has a similar name, but defines the costs as the
difference between the colors of two adjacent vertices.
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5.3.2.2 Complexity Bounds

The vertex-weighted graph coloring problem is in general NP-hard. Finding a single proper
coloring is already NP-hard in general [100] and the vertex-weighted graph coloring problem
is harder in that the solution is not any single proper coloring, but the one that at the
same time minimizes the cost. The number of proper s-colorings of a graph is in general
exponential. This can be seen for the example of a graph with no edges: Every vertex can be
colored with every of the s colors, resulting in s/V! possible proper colorings.

When the graph has a special structure, such as the overlap graph GV ({), the complexity
can be reduced. It is shown that an overlap graph is a chordal graph in Section A.2. For
chordal graphs, the (standard) graph coloring problem can be solved in polynomial time
[101]. This is an indication that the vertex-weighted graph coloring problem for the overlap
graph may also be solvable in polynomial time. That this is the case will be shown below
when the complexity of the presented algorithm is analyzed.

5.3.3 A Dynamic Programming Algorithm for Solving the
Vertex-Weighted Graph Coloring Problem

In this section, first an algorithm is presented that solves the vertex-weighted graph coloring
problem, i.e., finding the optimal coloring C* with the lowest cost according to Eq. (5.34) for
a general graph. It is then shown that the complexity becomes polynomial in the number of
segments given the special structure of an overlap graph.

For the development of the algorithm, the following additional notation is needed. We call
two colorings compatible on a set of vertices V' if they yield the same coloring on the induced
subgraph G[V']. This is denoted by Cy|[y»Cs if Yu € V' : ¢, 1 = ¢, 2. The set of all proper
colorings of a set of vertices given a graph is denoted by Cg(V), similar to Eq. (5.3).

Let

QM = Cg(V) (5.36)
be the set of all proper colorings of the vertices V with up to S colors, such that

C* = argmin 2 w(v,c,) (5.37)

is the solution to the vertex-weighted graph coloring problem in Eq. (5.34), where ¢, is one
column of C. This set Q™ can be constructed iteratively by traversing the graph in any
order, starting with the empty set for Qg = & and extending the colorings of the already
visited vertices by all possible colors for the current vertex with

C
Q. = egS)T
()T

when visiting u, and Q! = Q|- The one-hot row vector es” represents the color s and is
appended to the bottom of the previous coloring C. This set grows in general exponentially
with the number of vertices.

It can be shown by induction that this constructs the full set of proper colorings Qy, =
Cg(V), or Q, = Cg({1,...,u}). The starting condition Q; = {1,...,S} = Cg({1}) is true

:CeQ,_1,s€ {1, ey S},\V/U € Ng[{1,‘..,u}] [u] : egS)T # CU} (538)
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because a single vertex is not constrained to a color but can be colored with any of the S
available colors. When adding a vertex to the coloring with Eq. (5.38), the new vertex gets
assigned all possible colors, i.e., any other color would result in an improper coloring. Thus,
Qui1 =Cg({1,...,u+ 1}).

Since the goal of the optimization is to find the coloring with the smallest cost, elements
can be removed that will not influence the choice of colors for future vertices while traversing
the graph from u = 1 to u = |U|. Any already visited vertices that have no neighbors later
than the current vertex are irrelevant for the coloring of the remaining graph. Only the
vertices in

Fuo={v:v<unN[L\L,..,u—-1} # &} (5.39)

are relevant for coloring u or any later vertex, so that

Q = { arg min w([CT,e]"): C' e Cg(]:u)} (5.40)

CeQ,_1,5¢{1,...,S}:[CT el || £, C’

are the relevant colorings. This set creates for each coloring C’ of the relevant vertices in JF,
all compatible colorings based on the colorings in Q,_; from the previous step, and keeps
only the one with the minimal cost. The size |Q) | is determined by the number of proper
colorings of the subgraph G[F,]| induced by F,,.

Using Eq. (5.37) on Q| leads to the same optimal solution as on Q. This is true because
the minimum operation in Eq. (5.40) will never remove the optimal coloring, which can
be shown by contradiction. Let CP" be the optimal coloring of U. If the partial coloring
that leads to the optimal coloring would not be part of @', i.e., CPY[{1, ..., u}] ¢ Q/, for
any u € U, then there would exist a coloring C of {1,...,u} with C[F,] = CPY[F,]
and C[{1,...,u}\F,] # CUPY[{1,...,u}\F,] and, because of the additivity of the costs,

Dl ul\F w(v, ¢y > Dve(t, upF, WU, €), so that C©PY) disappears in the minimum

operation. But since the coloring of v > w is independent of the coloring of {1, ..., u}\F,, and
a C is better on {1, ..., u}\F, than C©PY the coloring CPY would not be optimal anymore,
which is a contradiction.

For overlap graphs If G = G°(U), i.e., G is the overlap graph of the utterances U, the
computation of the set F, is simplified. Let us first assume that the utterances u € U are
ordered by their begin time, such that u < v’ < b, < b,. The overlap graph is defined
by the utterances and the overlap function o(u,u'), which has the following property (see
Section 2.2), for the three utterances® v, u,w € U:

v<u<wAao(v,w)=1= o(v,u) = 1. (5.41)

From the definition of the overlap graph, we know that o(v,u) = 1= v € N|u] A u e N[v],
so that this property can be rewritten as:

v<u<wawe N[v] = ue N[vl]. (5.42)

3 The names are deliberately chosen to be different from the alphabet such that they match the definition
of F,, where v < u.
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From the definition of F,, let now w € N[v]\{1,...,u — 1}. It then follows for F,, using
Bq. (5.42):

Fo={v:v<uAndw=u:we N[v]} (5.43)

={v:v<unwve Nu]}. (5.44)

When G is an overlap graph, the set F, is thus the sub-set of the neighborhood of u that has

already been visited. The algorithm is outlined in Algorithm 3 using pseudo code for the
case when G is an overlap graph.

Algorithm 3 Dynamic programming algorithm for Graph-PIT

1: for u =1 to [U| do

2: > Find all neighbors of the current utterance that are already visited <

33 Fu<—{v:iveNu] rv<u}

4: > The two loops below iterate in total exactly once over Q! _, because the compati-
bility condition partitions the colorings into disjoint sets. <

5. for C' e Cg(F,) do

6: for Ce Q) , if C||z,C do

(f Cet)  qull

8: for se{s:1<s<S el ¢C[F,] do

9: if w([CT,el”") < w(C®*Y) then

10: w(best) - [CT, egs)]T

11: B Qu - C(best)

12: return C* = arg minCGQTm w(C)

Complexity The algorithm, as expected for an NP-hard problem, has an exponential
complexity for arbitrary graphs G because no guarantees can be made for the size of F,,
which is only trivially bound by u. Subsequently the size of Q! may grow exponentially with
u. One trivial optimization is to solve the assignment problem for each connected component
of the graph G, i.e., for different sets of vertices that are not connected by paths through
G, independently. The complexity then only depends on the number of utterances within a
connected component instead of the total number of utterances.

The problem is, however, not NP-hard if the graph is an overlap graph, as already indicated
earlier. If G = G (U), then |F,| < |N[u]| < w < S is bound by the number of neighbors
of u in the overlap graph, which is bound by the clique number w, which is itself, by the
CSS assumption, bound by S. The size of |Q)| = |Cg(F,)| = ﬁ < S!is the number of
proper colorings of a clique of size |F,| with S colors. The overall complexity is thus bound
by O(||S!), which is linear in the number of utterances. Splitting at the boundaries of
connected components has no effect here since it is implicitly done by the algorithm when
the graph is an overlap graph.

5.4 Experiments

To validate the proposed Graph-PIT training scheme, it is applied to different datasets
and compared to the conventional uPIT training scheme. Data is selected with increasing
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difficulty, starting with the simulated clean anechoic meetings in Section 5.4.1 and then on
simulated reverberant meetings in Section 5.4.2. At the end of this section, the execution
time of the proposed assignment algorithm is profiled in Section 5.4.3 in order to quantify if
it is applicable during training time.

5.4.1 Application to Anechoic Meetings

As the first case-study, the Graph-PIT and uPIT training schemes are applied to simulated
clean anechoic meetings. The experiments are taken from [OC3].

5.4.1.1 Training and Evaluation Procedure

The small DPRNN model (see Section A.1.2) with S = 2 output streams is used. The model
is trained on segments of lengths between 2s and 64 s with the SA-tSDR loss, as introduced
in Chapter 4, and a soft threshold of 25dB. Any segments with more than 2 speakers are
discarded for uPIT training since the loss cannot handle them. The amount of data discarded
increases with the segment length, but stays below 80 % for 16s segments. When training
with Graph-PIT, the decomposition described in Section 5.2.4 is used and no segments have
to be discarded.

For CSS-style evaluation on full meetings, the stitching scheme described in Section 2.6.2.1
is used. The future and history contexts are kept constant at Ty = T}, = 1s and the payload
T, is varied between 0.4s and 14 s to match the desired segment length. The permutation
is solved based on the MSE on the time-domain signals. Additionally, experiments are
performed without stitching to show that Graph-PIT generalizes to long signals without
segmentation or a window-wise processing approach.

Meeting data is generated with the MMS-MSG toolkit [OC2] with five to eight speakers
per meeting, sampled uniformly, and a length of 120 s per meeting. The overlap is sampled
uniformly between 20 % and 40 %. In total, 36 h of training data and 1h each of development
and test data were generated. The test data is based on the train_si284 sub-set of WSJ
and the test and development sets are based on test_eval92 and cv_dev93, respectively.
These experiments use a sample rate of 8 kHz.

5.4.1.2 Graph-PIT SA-CI-SDR as a Performance Measure

In order to compute a signal-level metric in the meeting scenario, we extend the CI-SDR
metric (see Section 2.8.3) with Graph-PIT to the SA-CI-SDR, which solves the assignment
problem and evaluates the signal quality of the full recording. The CI-SDR is an utterance-
level metric and can only be applied to meeting-level evaluation in an utterance-wise manner
according to Section 2.8.2 with the already mentioned drawbacks.

The resulting metric is called SA-CI-SDR, and it is defined as

ZSHZ CusaUS*éUH2
SA-CI-SDR = max 10log,, =5 ueld ® — (5.45)
cec Zs ||Zueu Cu,sQu,s * éu - SSH

where a, 5 is again the filter that compensates for the transfer function between the speech
source and the recording device. This filter is optimized for each utterance u separately w.r.t.
the corresponding estimated signal with Eq. (2.13). The decomposition for the SA-CI-SDR
for use with the Graph-PIT algorithm is presented in Section A.3.2.
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The SA-CI-SDR is a meeting-level metric that can be computed without the need of a
full meeting transcription pipeline. It is thus a good candidate for the evaluation of speech
separation systems in meeting scenarios and is used in the experiments below. But, it
should be noted that a single assignment error of a single utterance can propagate through a
connected component of the overlap graph to other utterances and cause penalties also for
other utterances that are well separated but whose assignment does not match the graph
constraints. For an example, we go back to Fig. 5.1 where the utterances s3, s4, s5 and
s¢ form a connected component, with s3 overlapping s4, s, overlapping s3 and ss5, and sg
overlapping s;. If the system output would split the second utterance s4 in half and would
place the second half on the second output stream, it would have to put the following blue
utterance (ss) on the first stream and the green one (sg) on the second stream. Even if the
separation would be otherwise perfect, there is no valid solution for the Graph-PIT problem
with S = 2 output streams that would allow both green utterances (s3 and sg) to be placed
on the same stream. The Graph-PIT SA-CI-SDR would thus treat at least one of them as an
error, which may cause a huge penalty, even though these utterances may be reconstructed
correctly.

5.4.1.3 Impact of the Stitcher Segment Size

Fig. 5.2 Shows the impact of the stitcher’s segment size on the separation performance,
measured with ORC-WER. The top part of Fig. 5.2 shows the ORC-WER for different
segment sizes. The bottom part shows the distribution of the number of speakers in the
stitched segments. The red line indicates the number of segments used for uPIT training.

The performance of all uPIT models decreases with larger larger segment sizes, i.e., larger
numbers of speakers in a segment. None of the uPIT models generalizes to the case without
stitching. The average performance, however, increases with increasing training segment
size Ty up to the point where too many segments are discarded. This indicates that larger
contexts improve separation performance and modifying the model such that it is able to
handle longer contexts is beneficial.

The Graph-PIT model behaves similarly to the uPIT model for small training segment
sizes Tmy. In these cases, almost no training data is discarded for uPIT which also means
that the assignments determined by Graph-PIT and uPIT are identical for most training
examples. With larger training segment sizes, the Graph-PIT models outperform uPIT and
the larger the training segment size is, the better it generalizes to longer segments, even
beyond the trained segment size. With large enough training segment sizes, the Graph-PIT
models are able to generalize to the case without stitching.

This same trend, that Graph-PIT outperforms uPIT, was also observed on preliminary
experiments where uPIT was trained on two-speaker data only, i.e., where no training
examples had to be discarded.

5.4.1.4 Reducing the Computational Cost of Stitching

The bottom plot in Fig. 5.2 shows the amount of computations introduced by the stitching
process in relation to the payload window. This overhead arises from the fact that the
overlapping signal parts have to be processed twice. Since the history and future context
were kept constant at T} = T}, = 1s, this overhead decreases with increasing segment size.
For common segment sizes below 4 s, where uPIT models show their best performance, the
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Figure 5.2: Analysis of the separation performance of Graph-PIT and uPIT models over segment size.
Top: ORC-WER plotted over the segment size for stitching. Lower is better. Middle: Distribution
of the number of speakers in the stitched windows. Bottom: Amount of computations introduced
by overlapping windows in the stitching process. (Modified from [OC3])

overhead is larger than 50 %. Using Graph-PIT with larger segment sizes, this overhead can
be reduced significantly up to the point where stitching can be completely avoided.

5.4.1.5 Detailed Comparison With Different Metrics

Table 5.1 shows a detailed comparison with additional metrics. We here specifically use the
SA-CI-SDR as a signal-level metric to judge the quality of the separated signals, the VAER
(defined at the end of Section 2.8.5), after a simple energy-based VAD, as an alternative to the
DER when no speaker labels are estimated to judge how well the speech activity is preserved,
and the utterance-wise WER and ORC-WER for judging the impact on downstream tasks.
Only the best stitching configuration is shown for each training configuration.

The same general trend as in Fig. 5.2 can be observed: Increased training segment sizes
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Table 5.1: Comparison of models trained with uPIT and Graph-PIT, evaluated with different metrics
on anechoic WSJ-based simulated meeting data. Best numbers per column are set in bold and best
numbers without stitching are underlined. For each training configuration, numbers are reported
for evaluation without stitching (—) and the best stitching configuration. (Adapted from [OC3])

Training T Stitcher ins SA-CI-SDR1 VAER/ “&'Eﬁje ORC-WER }
Scheme ins Ty+T1.+T; in dB in % . in %
in %
no sep. — — 0.0 65.6 38.1 7.7
uPIT 2 — 7.9 48.6 23.3 25.0
1+0.441 154 7.9 15.4 15.2
4 — 8.6 48.5 29.4 32.2
14+2+1 16.5 7.7 15.1 15.1
8 — 8.3 27.1 22.6 23.2
1+2+1 17.2 6.6 14.9 13.9
16 — 8.9 22.9 22.3 22.1
1+14+1 9.2 18.5 20.0 20.0
Graph-PIT 2 — 7.5 49.2 24.5 26.0
140.4+1 15.1 12.8 16.1 15.4
4 — 13.8 23.9 21.0 21.1
14+6+1 17.4 7.2 14.7 14.3
8 — 14.1 39.9 20.6 20.8
14-6+1 18.1 19.0 14.3 13.2
16 — 18.6 10.5 14.0 13.0
141441 18.7 12.2 14.2 13.0
32 — 18.0 8.3 14.3 13.9
1+14+1 18.5 6.4 13.6 12.9

generally leads to better performance for Graph-PIT and enables the use of longer stitcher
segment sizes. Graph-PIT beats uPIT in all metrics. The signal quality, speech activity
estimation and WER all improve with Graph-PIT and larger training segment sizes.

5.4.1.6 Pre-training With uPIT

The Graph-PIT assignment problem is more complex than the uPIT assignment problem.
From this arises the hypothesis that a training curriculum would be beneficial, starting with
uPIT to teach the model basic speech separation and continuing with Graph-PIT to make it
generalize to larger numbers of speakers.

Table 5.2 shows the results of training with different training schemes. Only models with a
fixed training segment size of T, = 8 s are shown because the curriculum approach “uPIT
— Graph-PIT” yielded the best results with this segment size. The curriculum model was
pre-trained with 600 000 uPIT training steps and then continued with Graph-PIT for 600 000
steps while the uPIT and Graph-PIT models were trained for 600 000 steps each. Only the
best stitcher configuration is shown for each training configuration.

The results show the performance of the curriculum “uPIT — Graph-PIT” model between
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Table 5.2: Comparison of training schemes on anechoic WSJ-based simulated meetings for T = 8s.
(Taken from [OC3])

Stitcher in s SA-CI-SDR*t ORC-WER/{

Training Scheme

Ty + T, + T¢ in dB in %

uPIT — 8.3 23.2
1+2+1 17.2 13.9

uPIT — Graph-PIT — 11.2 20.5
1+6+1 17.9 14.6

Graph-PIT — 14.1 20.8
1+6+1 17.8 13.2

the “uPIT” and “Graph-PIT” models when separation is performed without stitching. The
curriculum model seems to have learned the uPIT behavior in the beginning and was unable to
learn the Graph-PIT generalization well enough during fine-tuning. Training with Graph-PIT
from scratch yields the best performance while being simpler and faster than the pre-training
with uPIT.

5.4.2 Application to Artificially Reverberated Meetings

To evaluate whether the Graph-PIT training generalizes to reverberant data, it is evaluated
on artificially reverberated simulated meetings based on utterances from the WSJ dataset.
The mixtures are kept as similar as possible to the anechoic meetings used in the previous
section for a fair comparison.

5.4.2.1 Data

The clean source data and speech activity are the same as in the previous experiments on
clean data, but with added reverberation. Speaker and microphone positions are randomly
sampled without constraints on minimum angular distances between speakers. The room
impulse responses are generated in the same way as [21] with the image method [102]. The
room dimensions are sampled randomly between 7.6m by 5.6m and 8.4m by 6.4m. The
sound decay time (T60) is sampled between 200 ms and 500 ms.

5.4.2.2 Model and Training Procedure

For the experiments on reverberant data, a Bidirectional LSTM (BLSTM)-based source
separator working in the Short-term Fourier Transformation (STFT)-domain is chosen, as
described in Section A.1.3. Frequency-domain separation was shown to be more effective
than time-domain approaches for reverberant data [OC10]. The general training procedure is
similar to the previous section. For the ground truth target signals, the early reverberation
signal glearly) g used, i.e., the clean signal convolved with the first 50 ms of the room impulse
response, to eliminate the reverberation tail. 90% of the single-speaker segments were
discarded to increase the amount of overlap in the training data.
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Table 5.3: Separation performance on simulated WSJ-based and artificially reverberated meetings

using a BLSTM-based separation network. (Taken from [OC3])
Trainine Schem Stitcher in s SA-CI-SDRt ORC-WER{
VRS ST T 4T+ 77 indB in %
no separation — —0.4 74.9
uPIT — 5.3 35.6
1+1+1 9.5 28.9
Graph-PIT — 8.2 29.9
1+6+1 9.8 27.7

5.4.2.3 Results

The separation performance for the models trained on reverberant data is shown in Table 5.3.
As expected, the overall performance is degraded compared to the anechoic scenario. Still,
similar tendencies can be observed: The Graph-PIT model outperforms the uPIT model for
larger segment sizes and better generalizes to processing without stitching.

5.4.2.4 Challenges on Reverberant Data

Training with Graph-PIT on reverberant data is more challenging than training on anechoic
data. The reverberation tail blurs the segment boundaries such that they are not clearly
defined and thus harder to detect by the model. In training, this can lead to ambiguities
where tiny variations in the utterance positions can dramatically change the overlap graph.
This may confuse the model during training and lead to unstable behavior. It was found
that overall more overlap is required for training compared to the anechoic case, which is the
reason why 90 % of the single-speaker training segments were discarded.

5.4.3 Algorithm Execution Time

To quantify whether solving the Graph-PIT assignment problem during training time is
feasible, i.e., does not increase the training time significantly, the execution time of the
dynamic programming algorithm described in Section 5.3.3 is profiled and compared with
alternative approaches from [OC4]|. The analysis is taken from [OC4] and the results are
shown in Fig. 5.3. For this analysis, a toy dataset is generated with a three-output separator
(S = 3) and a variable number of utterances |[U|. All simulated utterances have a length of 2s
and an overlap of 0.5s with the next utterance. Silence is intentionally excluded in the dataset
because it can trivially be removed by cutting in silence and solving the problem individually
for each connected component of the overlap graph. Note that this would improve the runtime
of all algorithms except the dynamic programming algorithm, which already performs this
optimization implicitly. Only the number of utterances in one connected component of the
overlap graph is of interest.

The benchmark is performed on a single CPU core. All Graph-PIT algorithms are
implemented in Python and use the numpy library for matrix operations. The numbers
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Figure 5.3: Comparison of different assignment algorithms for different sizes of connected components
on toy data. All algorithms use the pre-computed score matrix M(Gr2Pr-PIT) "y} 656 computation
time is shown as a gray dashed line. The red dashed line indicates the execution time of the forward
and backward steps of a typical separation network architecture. (Taken from [OC/)])

displayed in Fig. 5.3 are the average execution time of 500 runs for each algorithm and each
number of utterances.

5.4.3.1 Reference Algorithms

Other algorithms are taken from [OC4] as references and shortly described in the following.

Brute-force The brute-force algorithm computes Eq. (5.2) by enumerating all proper
colorings, but uses a pre-computed score matrix M(E@PPPIT) and the decomposition from
Eq. (5.9). Its runtime is in general exponential in the number of utterances, which can also
be observed in Fig. 5.3 where its runtime appears linear in the logarithmic scale.

Greedy Depth-First-Search (DFS) A greedy and not necessarily optimal solution can
be found by leveraging an (incomplete) Depth-First Search (DFS) algorithm in the space of
partial solutions. Utterances are assigned sequentially so that each newly selected color adds
the smallest possible cost while respecting the constraints imposed by the overlap graph. If
the next utterance cannot be assigned given the overlap graph, the algorithm backtracks
and tries to assign the next utterance to a different stream. This algorithm has a best-case
complexity of O(|U|S) and an exponential worst-case complexity.

Branch-and-bound search The optimal solution can be found by continuing the DF'S
search until the best solution is found. During the search partial solutions with costs higher
than the current best are discarded as they can never be extended to a lower overall cost.
The complexity lies between the greedy DFS and the brute-force algorithm.
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5.4.3.2 Results

The execution time of the dynamic programming algorithm is sub-exponential (sub-linear in
the logarithmic plot) w.r.t. the number of utterances, which corresponds to the theoretical
analysis in Section 5.3.3. Its runtime is on-par with a greedy DF'S algorithm, which has a
linear best-case complexity. Both algorithms have a negligible runtime compared to the time
required to execute a typical separation network (dashed red line) or to compute the score
matrix M(S#Ph-PIT) (oray dashed line).

All other reference algorithms show an exponential runtime (linear in the logarithmic plot)
and are thus significantly slower than the dynamic programming algorithm.

It can be concluded that optimally solving the Graph-PIT assignment problem with the
dynamic programming algorithm does not significantly contribute to the training time.

5.5 Discussion

Graph-PIT is an elegant solution for the assignment problem in the training phase of a speech
separator. It is, however, not the only approach and using it is not always straightforward,
as outlined below.

5.5.1 Related Work

A similar approach to Graph-PIT named Group-PIT was developed simultaneously in [41].
Instead of solving the permutation problem for arbitrarily complex speaking patterns (like
Graph-PIT), they limited the scenario to two output streams and chose to generate training
data such that the overlap graph comprises only a single connected component with exactly
S! many proper colorings. By this, they reduce the problem again to a permutation problem
across streams, where every stream can now contain multiple speakers.

This approach has the same advantages as uPIT: It limits the number of possible assignments
to S!, which makes the training in general more stable compared to Graph-PIT. On the other
hand, it requires training data that is specifically generated for this purpose while Graph-PIT
can be applied to any data with arbitrary overlap patterns. One example is training data
with silence, which is not considered in Group-PIT (but can fundamentally be integrated)
and is naturally supported by Graph-PIT.

5.5.2 Practical Considerations

While Graph-PIT is an elegant extension of uPIT to the meeting scenario, it comes with some
practical challenges. Most importantly, training is problematic if overlaps are not obvious
or if a single violation of the overlap graph leads to a large penalty. In the following, some
practical considerations are discussed when training models with Graph-PIT.

Length of training data To see a benefit of Graph-PIT over uPIT, the training data must
be long enough. Short training examples lead to the same assignment as uPIT. The training
segments should cover cases with more than S speakers and graphs with more than S! proper
colorings. The experiments show that longer training segments lead to better performance
for Graph-PIT.
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Receptive field The model architecture should provide a receptive field that is large
enough to cover one connected component of the overlap graph. Otherwise, it cannot solve
the assignment problem consistently because information about (the chain of) overlapping
utterances is lost while processing a chain of overlapping utterances that exceeds the receptive
field. This is the reason for choosing Recurrent Neural Network (RNN)-based architectures
in this thesis over Convolutional Neural Networks (CNNs).

Difficulty of training data Realistic meetings often contain single-speaker regions where
different speakers take turns without overlaps. These cases are particularly easy for Graph-
PIT, which can simply pass through the input to one output stream and silence the other
streams. It is important that the training data is balanced such that it does not contain too
many of these too easy cases, so that the model is forced to use all its outputs. Training
data can be filtered (as done in the reverberant experiments in Section 5.4.2) to remove
single-speaker segments.

Ambiguities in the training data Ambiguous situations in the training data, e.g., when
utterances touch but do not overlap, can lead to a degraded performance. In these cases,
it is unclear from the signals alone whether the utterances overlap, e.g., the uttered speech
may not overlap, but the reverberation tails overlap. It is then ambiguous whether an edge
should exist between the corresponding vertices in the overlap graph. The model in general
prefers assigning utterances to the same stream, likely because an identity operation is easier
to realize than assigning parts of the mixture signal to different streams. In ambiguous cases,
this behavior may leadto a good performance for some examples while for others the overlap
graph is violated, resulting in a (large) penalty. This creates conflicting gradients and should
be avoided during training.

5.6 Summary

In this chapter, the Graph-PIT training scheme was introduced. It was shown that the
assignment problem in Graph-PIT is equal to a weighted graph coloring problem and an
efficient algorithm was introduced to solve it. Experiments were conducted on simulated
anechoic and reverberated meetings. It was here shown that Graph-PIT works well on clean
data, but training it on reverberated data is more challenging. Still, Graph-PIT was shown
to outperform uPIT for larger segment sizes across experiments and it was shown that the
model can generalize to longer segments than it was trained on.
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After having described the evaluation met-
rics for meeting transcription and having
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separator described in previous chapters.
This chapter is largely based on [OC1].

Most meeting transcription pipelines outlined in Section 2.3.2 perform speech recognition
as the last step, after separation and diarization, so that the ASR depends on all previous
steps and disallows the use of linguistic information in the earlier stages. We here look at the
diarization-last pipeline, where diarization is performed after speech recognition, such that
information obtained from the ASR’s transcript can improve the diarization.

An overview of the pipeline is shown in Fig. 6.1. The audio is first processed with the
stitching scheme described in Section 2.6.2.1, where the mixture is segmented into overlapping
segments of equal size, each segment is processed with the separator, and the segments are
stitched together to form S continuous signals. Each separated stream is then segmented
using a VAD, described in detail in Section 6.1, to obtain initial candidates for speaker turns.
Each VAD segment is processed by the ASR system, which outputs a transcript and the
start and end times of each word. This transcript information is used to further refine the
segmentation, which is described in detail in Section 6.2. Then, one speaker embedding
vector is extracted for each refined segment and a simple k-means clustering is performed to
group the segments into one cluster per speaker. We assume that the number of speakers is
known in advance, which is a common assumption in clustering-based diarization systems.

Spk 1 he 115
Spk 2:
Str 2: 7 — Str 2: Str 2: Spk 3:

1: hel& Spk 1: oA |
ﬁ‘ CSS }—i4 VAD }—L—'{ ASR }—l—' Dlarlzatlon ASR

Figure 6.1: Overview of the transcription-supported diarization pipeline. The dlarlzatlon uses
word-level timing information from the ASR output. It can fix segmentation errors in the CSS
output (“I” and “n” — “In”). The second ASR pass can fix further recognition errors (“In” —
“I'm”). (Modified from [OC11])
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6.1 Cross-stream Energy-based Voice Activity
Detection (VAD)

The first step after separation in the diarization pipeline is to find segments that likely contain
continuous speech and exclude non-speech. This is here done with an energy-based VAD
that uses the signals from both streams to detect speech activity. Compared to conventional
energy-based VADs computed on only a single stream, we can here improve the detection of
false alarms by using information from all output streams.

First, both streams are transformed into the STFT domain and the energy is computed
for each frame, excluding frequencies unimportant for speech. The obtained energy estimates
are smoothed using dilation, erosion, dilation and again erosion. The kernel sizes for the
dilation and erosion operations are chosen such that small gaps are closed, short energy spikes
are removed, and the energy is smoothed such that energy regions appear wider after the
smoothing.

Based on these smoothed energy estimates, the ratio of the frame-wise energies between
each stream and the sum of all other streams is computed. This ratio indicates whether a
significant amount of speech is present on one stream compared to the other streams, which
helps in compensating leakage errors.

A frame is classified as speech if three conditions are met: First, the combined energy
across all streams must be above a first threshold 7t relative to the total energy observed
across all streams. Second, the energy in the frame must exceed a second threshold, 7(®tream)
relative to the maximum energy observed across all frames. Third, the ratio, or difference in
the logarithmic domain, of this frame’s energy to the sum of all other streams must be above
a third threshold 7(#4°),

The first condition ensures that the frame overall contains a significant amount of energy in
relation to the total energy of the mixture. While on first sight, this first condition seems to
be redundant to the second condition, it catches cases where one stream contains significantly
more energy than the other streams, e.g., when one estimated stream contains no speech at
all. The second condition ensures that the frame contains a significant amount of energy
in relation to the other frames on the same stream, which is a condition often used for
energy-based VAD on a single stream. The third condition makes it less likely that a frame is
classified as speech when there is speech on the other streams, which helps to reduce leakage
erTors.

After individual frames are classified as speech or non-speech, adjacent frames are combined
into segments and corresponding start and end times b and e are computed for each segment.

6.2 Transcription-supported Sub-segmentation

The segments obtained by the VAD are not guaranteed to be speaker-homogeneous. Especially
in discussions where speakers only overlap slightly and pauses are small, multiple speaker turns
may be classified as a single speech segment by the VAD. For clustering-based diarization,
however, speaker-homogeneous segments are required.

Conventionally, speaker turns are either detected by VAD alone or by clustering of short
equally sized segments. With a VAD, speaker turns may be missed when pauses between
speaker turns are short. If using equally sized segments, it is not guaranteed to hit the
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Hello, let’s start uh sorry I’'m late uh the meeting. What do we discuss today?
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Figure 6.2: Visualization of the different sub-segmentation schemes. On top is the transcript of
an overlap-free continuous speech segment that contains speech of three speakers. Below are the

different sub-segmentation schemes. Different colors represent different speakers.
(Taken from [OC1])

exact speaker turn, especially when the speakers take turns rapidly. This has an impact
on both the timestamp accuracy and on the embedding vector quality for clustering, which
decreases when multiple speakers are active. For the segment size, a trade-off must be taken
between embedding vector quality, which generally increases with segment length, and timing
accuracy, which decreases with segment length.

Instead, we can use the ASR system to obtain better candidates for the speaker turns. An
example is visualized in Fig. 6.2, where three speakers are active but non-overlapping. The
VAD segmentation in Fig. 6.2a misses the speaker changes. The uniform segmentation in
Fig. 6.2b detects speaker changes (here assuming that the clustering makes no errors), but
the detected changes are not aligned with the true speaker changes.

6.2.1 Sentence-level Segmentation

Assuming that speaker turns appear likely at sentence boundaries, information from the
ASR can be used to sub-segment the audio at positions where the ASR predicts a sentence
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boundary. We use the Whisper [79] ASR system for this purpose, which predicts punctuation
marks and generated timestamps for word boundaries. The segment size is generally longer
than for the uniform sub-segmentation, which improves the quality of embedding vectors as
the segments are longer and are more likely to contain only a single speaker. As visualized in
Fig. 6.2c, this segmentation detects speaker changes at sentence boundaries, but it may miss
speaker turns when no sentence boundary is predicted.

6.2.2 Word-level Embeddings for Segmentation

Although the speaker changes are likely to occur at sentence boundaries, this is not guaranteed.
Speaker changes may happen in the middle of a sentence, especially in heated discussions,
or the ASR system may fail to predict the end-of-sentence tag. To improve segmentation
in these cases, we can use word-level d-vectors to detect speaker turns. This procedure is
depicted in Fig. 6.2d.

First, the word boundaries, i.e., the start and end times, are obtained from the ASR system.
Then, one d-vector is extracted for each word. These d-vectors have a low quality since they
are extracted from short segments with an overall low amount of speech content, but their
quality is generally enough to detect speaker changes compared to d-vectors from neighboring
words with an equally low quality. This is because neighboring words share a similar acoustic
environment and are likely to be similar if the speaker is similar even if the temporal length
is not enough to extract a globally robust speaker representation.

To further improve the detection of speaker turns, the word-level embeddings are not
compared to each other directly, but the d-vectors are averaged over a short time window.
Each center point between two words is treated as a candidate for a potential speaker change
point. For each candidate, a score is computed as the similarity between the average d-vectors
of a left and right context around the candidate position. The lower the score, the more
the d-vectors differ, and the more likely a speaker change is. A candidate is selected as a
speaker change point if the score is lowest among all candidates within a context, whose size
is determined on the development dataset, before and after the candidate and the score is
below a threshold.

6.3 Speaker Embedding Clustering

Single-speaker segments obtained with one of the sub-segmentation schemes described above
are clustered similarly to a conventional clustering-based diarization system. For each segment,
a speaker embedding vector is extracted and the embedding vectors are clustered using the
k-means clustering algorithm. The number of speakers is assumed to be known for the
clustering.

6.3.1 Embedding Vector Extraction

As an embedding extractor, a pre-trained d-vector extractor is used!. It is based on the
ResNet34 architecture and trained on VoxCeleb [104] with MUSAN [105] augmentation and
reverberated with simulated RIRs. On VoxCelebl-O, it achieves an Equal Error Rate (EER)
of 1.06 % and on VoxCelebl-H, it achieves an EER of 2.12 % [103].

! https:/ /huggingface.co/boeddeker /d_vector_yellow_inherent_elephant. Also used in [OC1, 103]
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Table 6.1: Speaker-agnostic performance of the separation and ASR sub-systems on LibriCSS-raw
without diarization. VAD is applied to all systems prior to ASR. WERs are reported in %. *: asclite

WER. (Adapted from [OC1])
Model ASR ORC-WERH{ DI-cpWER{
No separation Whisper 26.6 94.8
TF-GridNet-Large [OC1] Whisper 6.8 13.9
TF-GridNet-Large-v2 Whisper 4.8 14.4
Clean signals Whisper 3.5 3.5
MTRNNT [38] Integrated 23.6 —
t-SOT TT [37] Integrated 7.6% —
TS-SEP [36] ESPnet — 5.8

6.4 Application to the LibriCSS Dataset

The pipeline is evaluated on the LibriCSS-raw dataset [14]. These experiments are taken
from [OC1] and extended.

6.4.1 Model Architecture and Training

The experiments presented in Sections 6.4.2 and 6.4.3 use the TF-GridNet-Large model as
a source separator, described in Section A.1.4. These experiments are taken from [OCI]
and extended with evaluations using additional metrics, i.e., the ORC-WER and the time-
constrained DI-cpWER (DI-tcpWER). In Section 6.4.4, numbers are reported with the
TF-GridNet-Large-v2 model that uses the modified architecture from the small model from
the earlier chapters and is trained on additional data, generated from the DiPCo and CHiME-6
datasets. See Section A.1.4 for details. All speech separation models are trained with uPIT
on fully overlapped two-speaker mixtures and single-speaker mixtures of 4s length generated
with the MMS-MSG toolkit [OC2]. Dynamic mixing is used to increase the diversity of the
training data. Training examples for the small model were augmented with noise from the
MUSAN dataset. The model with the best loss on a validation set, which was generated
similarly to the training data, was selected for evaluation. The batch-size was set to 2, limited
by the available GPU memory.

The VAD parameters are optimized on the development set to minimize the ORC-WER.
The thresholds are set to 7(total) — p(stream) — 35 4B and 7(2t0) — 10. For the d-vector-based
segmentation, the context size for the left and right context is set to six words and the
similarity threshold for detecting a speaker change is set to 0.2.

6.4.2 Speaker-agnostic Evaluation Without Diarization

To first assess the separation performance alone, without the impact of the diarization
pipeline, the output of the ASR system is scored with the ORC-WER and DI-cpWER in
Table 6.1. Here, no time-constrained error rates are used because the referenced prior work
did not use them.
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Table 6.2: Comparison of different sub-segmentation schemes on LibriCSS-raw. The pipeline uses
TF-GridNet-Large for separation, an energy-based VAD, Whisper and k-means clustering with a

known number of speakers. WERs are reported in %. (cpWER taken from [OC1])
Sub-segmentation cpWER{ tcpWER{ DI-tcpWER{ tcORC-WERV DERV
— 14.8 15.4 14.8 6.9 13.2
uniform 4s 9.8 10.0 7.7 8.2 10.7
uniform 2s 12.4 13.0 6.9 9.2 12.4
sentence 7.9 7.9 7.5 6.9 9.7
word 7.6 7.7 7.2 7.2 9.5
sentence + word 7.2 7.3 6.7 6.9 9.4

As a (pessimistic) baseline, the mixture is processed with the Whisper ASR system without
separation. Only VAD is applied to divide the mixture into manageable segments. This yields
an ORC-WER of 26.6 % and a DI-cpWER of 94.8 %. The high DI-cpWER can be explained
by the fact that many utterance-merge errors are present due to the missing separation. The
top-line is Whisper applied to the clean signals which yields an ORC-WER and a DI-cpWER
of 3.5%. The clean signals were directly taken from the LibriCSS dataset and weighted
according to the number of times they appear in the LibriCSS dataset. ORC-WER and
DI-cpWER are here equal because no segmentation errors are present and the differences
caused by possible matches across utterances were small enough.

Using the separated signals, the ORC-WER drops to 6.8 % and the DI-cpWER to 13.9 %.
The ORC-WER is best among prior works that reported ORC-WER and beats the numbers
reported with sclite in [37]. The asclite WER reported for t-SOT TT is not directly comparable
to the ORC-WER, but it in general tends to be over-optimistic because it does not have
the utterance-consistency constraint from the ORC-WER (see Section 3.2.5). It is thus safe
to assume that the TF-GridNet + Whisper experiment also beats [37]. The DI-cpWER,
however, is worse than the one reported by T'S-SEP [36]. This is mainly because TS-SEP
has a speaker-attributed output so utterance-merge errors are less likely than in a CSS-style
separation output. How these utterance-merge errors can be corrected in the follow-up
diarization is discussed in the next subsection.

6.4.3 Speaker-attributed Evaluation With Diarization

Table 6.2 shows the speaker-attributed results evaluated with cpWER and tcpWER on
LibriCSS comparing different sub-segmentation approaches. All systems here use the same
embedding extractor and k-means clustering approach. Time-constrained metrics were chosen
because they prefer more plausible matchings. The cpWER is reported for comparison with
other systems from the literature that do not use the tcpWER, especially with [OC1].

Clustering performance The DI-tcpWER is reported in combination with the tcpWER
to determine whether the performance can be improved by improving the segmentation or the
clustering. When the DI-tcpWER is close to the tcpWER, performance cannot be improved
by clustering alone, but the segmentation has to be improved. This is the case for the first row
without sub-segmentation, where the VAD frequently combines multiple speaker turns into
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one segment so that they cannot be separated by clustering. With uniform sub-segmentation,
the DI-tcpWER improves due to the larger number of segments and smaller segment sizes?,
but the cpWER decreases when the segment size is chosen too small. The greatly reduced
DI-tcpWER indicates that fewer segments contain multiple speakers, but the increase in
tcpWER and the larger difference between tcpWER and DI-tcpWER indicates that the
clustering performance is degraded with smaller segment sizes. This is expected since it is
known that the quality of the d-vectors decreases with small segment sizes. For the proposed
sentence- and word-level sub-segmentations, the difference between tcpWER and DI-tcpWER
is small. This indicates a good clustering performance, which can be explained by having
longer segments than the uniform segmentations but fewer segments with multiple speakers
than the plain VAD segmentation. The sentence- and word-level sub-segmentation schemes
thus successfully improve the speaker purity of the segments without reducing the segment
length too much.

The combined segmentation (sentence + word) shows a better performance than the
isolated ones because the word-level sub-segmentation is sometimes inaccurate at sentence
boundaries where the embedding vectors may be corrupted by artifacts from the separation
stage. Here, the sentence-level sub-segmentation hits the speaker changes more reliably while
the word-level segmentation detects additional speaker changes within sentences. These
insights were obtained using the alignment visualization approach described in Section 3.4.

Analysis of utterance-merge and utterance-split errors As discussed in Section 3.2.4,
the ratio of utterance-merge and utterance-split errors are roughly reflected in the difference of
DI-(t)cpWER and (tc)ORC-WER, where utterance-merge errors increase the DI-(t)cpWER
and utterance-split errors increase the (t¢)ORC-WER. The VAD segmentation shows a low
tcORC-WER but a significantly higher DI-tcpWER, which indicates that utterance-merge
errors are more prominent than utterance-split errors. With uniform sub-segmentation the
DI-tcpWER improves with smaller segment sizes while the tcORC-WER increases. This
indicates that the uniform sub-segmentation removes utterance-merge errors, but (together
with clustering errors) adds utterance-split errors. The sentence-level sub-segmentation yields
the same tcORC-WER as no sub-segmentation, but improves the DI-tcpWER. This indicates
that the sentence-level sub-segmentation removes utterance-merge errors without adding
(many) utterance-split errors. Using just the word-level sub-segmentation increases the
tcORC-WER slightly while using both sentence and word-level sub-segmentation improves
it again. Here, the clustering performance likely improves, which reduces the number of
utterance-spilt errors.

Diarization The DER in Table 6.2 is computed with a collar of 0 to avoid the issues for
overlapping speech discussed in Section 2.8.5. The DER shows the same tendencies as the
cpWER and tcpWER. While the uniform sub-segmentation cannot significantly improve
the DER, the sentence- and word-level sub-segmentations lead to a significant reduction
in DER. Note that the system was optimized for speech recognition, not for diarization.
Especially the smoothing operations were chosen such that they tend to over-estimate speech

2Tt should be noted that the DI-cpWER can always be improved by using smaller segments up to one
segment per word. But, the performance is then not accurately reflected in the metric, especially w.r.t.
utterance consistency.
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Table 6.3: Single-channel LibriCSS(-raw) literature comparison WERs are reported in %. Systems

may not be fairly comparable because of different test data choices®. (Extended from [OC1])
System DER! cpWERI
SC [106] 11.3 -
RPN [107] 9.5 —
SC + TS-VAD + ESPnet [36] 5.7 9.3
SC + TS-SEP + ESPnet [36] 15.7 7.8
Transcribe-to-Diarize [19] 7.9 11.6
DCF-DS + E2E ASR [108] - 6.3
DCF-DS + E2E-SSL ASR [108] — 4.4
CSS-AD [0C1] 9.4 7.2
CSS-AD + ESPnet [OC1] 9.4 6.2
CSS-AD (TF-GridNet-Large-v2) 9.0 5.5

activity for better ASR results [36]. Different hyperparameter choices could improve the
DER performance.

6.4.4 Literature Comparison

Table 6.3 shows a comparison of the proposed CSS-AD pipeline with other systems from the
literature. Numbers using the TF-GridNet-Large (if not specified) and TF-GridNet-Large-v2
are reported for the CSS-AD pipeline. The meeting transcription systems that the CSS-AD
pipeline is compared against are briefly introduced below.

The first two systems from the literature are pure diarization systems that do not perform
separation or speech recognition. They are given as references for the diarization performance.
No cpWER was reported in the original publications. The spectral clustering (SC) system
[106] uses a sliding window of 1.5s with 50 % overlap, extracts an x-vector [109] for every
segment and applies an overlap-aware spectral clustering algorithm to obtain speaker labels.
The Region Proposal Network (RPN) [107] uses a neural network to predict speaker turns
and a k-means clustering to group segments from the same speaker. TS-VAD [35] is another
target-speaker diarization system that first extracts embedding vectors for each speaker by
clustering short-term embeddings from the mixture with spectral clustering and then uses a
neural network to predict the speech activity for each speaker. The reported cpWER uses
no separation. Speaker segments are simply cut from the mixture based on the diarization
information and fed into ASR.

The following systems perform either separation or speaker-attributed ASR to obtain
per-speaker transcripts. Not all of these systems provide diarization information in their
output, so that the DER is not available for all systems. TS-SEP [36] follows the same
approach as TS-VAD, but instead of only predicting the speech activity, it also predicts

3 As discussed in Section 2.5.1.4, some publications report on the full LibriCSS dataset while other choose
only a sub-set (sessions 1-8) for testing and use session 0 for development. It is often not indicated which
subset the numbers are reported on. In our experiments, results on session 0 tend to be slightly better
than the average across the other sessions. Our numbers are reported excluding session 0.
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Figure 6.3: Literature comparison of single- and multi-channel systems for which the cpWER was
reported on LibriCSS(-raw). The pipeline architecture is indicated by the marker coloring. Only
the lowest cpWER from each publication is reported. Systems using multiple microphone channels
are drawn in lighter colors and with a dashed border. Uses the month and year of publication as
indicated by the publisher.

the separated speech signals. Transcribe-to-Diarize [19] follows a diarization-last approach.
Similarly to TS-VAD, embedding vectors extracted from the mixture are used to apply a
target-speaker ASR system which directly predicts the transcription for a speaker. Time
annotations obtained from the ASR system are used to determine speech regions of each
speaker. DCF-DS is another pipeline that refines an initial diarization estimate with a
combined system for diarization and separation. It additionally applies dedicated speech
enhancement between the separation and the speech recognition.

The presented DER and cpWER numbers show that the CSS-AD pipeline is competitive
for both diarization and speech recognition. A second pass of the ASR, here with a speech
recognizer taken from the ESPnet toolkit[10]*, significantly improves the final performance.
This is both because the second pass has a better segmentation at the input than the first
pass and because the ESPnet model was explicitly trained on LibriSpeech data. Note that the
ESPnet model does not provide word-level timestamps and can thus not be used for the first
ASR pass. In terms of cpWER, only the recently published DCF-DS beats it, and only in its
most complex configuration. The DCF-DS model is significantly more complex, has a larger
number of parameters and is trained on a larger training dataset. Also for DER, the numbers
are competitive, though not the lowest. This is perhaps because the hyper-parameters of the
CSS-AD pipeline are optimized for ASR performance (low cpWER) and not for diarization,

4The pre-trained model from https://huggingface.co/espnet/simpleoier_librispeech_asr_train_asr_
conformer7_wavlm _large_raw_en_bpe5000_sp is used.
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as it was also done for TS-SEP.

A wider range of systems is displayed in Fig. 6.3, where the performance in terms of cpWER
is plotted over the publication date. Only publications are included that report cpWER
and only the best number from each publication is plotted. The acronyms are not described
in detail here, rather details can be taken from the referenced sources. Different pipeline
structures are indicated with the coloring of the markers, where different colors indicate the
sub-problems. A vertically divided marker means sequential processing and a horizontally
divided block means joint processing of the sub-problems. Multi-channel systems are also
included to increase the number of systems displayed; they are drawn in lighter colors and
with a dashed border.

Fig. 6.3 nicely highlights the point from Section 2.3.2 that no pipeline is clearly superior
to another pipeline. The plot shows a collection of vastly different architectures, but the only
visible trend is that newer systems perform better. While most pipelines apply diarization in
their first processing stage, these systems do not generally outperform pipelines that start
with separation. Multi-channel pipelines, by design, can exploit more information and thus
generally perform better than single-channel pipelines, but the trend is the same.

No pipeline that starts with speech recognition as its first processing step. There have been
works that perform ASR directly on the streams, namely the SOT systems [18, 37] and the
Multi-turn RNN-T (MT-RNN-T) [38]. But, they have not been evaluated with diarization
and thus no cpWERs are available. An ORC-WER of 23.6 % was reported for MT-RNN-T,
which would result in cpWER > 23.6 %, which is not competitive with any other pipeline,
perhaps because the training of a large joint system is more challenging and requires more
data than training smaller subsystems individually.

The proposed CSS-AD pipeline achieved state-of-the-art results among single-channel
systems when it was published in 2024, but was since beaten by DCF-DS [108]. As discussed
above, DCF-DS is a complex cascaded system that includes an additional speech enhancement
stage.

6.5 Summary

In this chapter, a complete meeting transcription pipeline was presented that builds on the
CSS-style speech separation system developed earlier as the first processing step. It uses a
separation-first diarization-last approach, where the diarization uses information from the
speech recognition to improve the segmentation. The pipeline was evaluated on the LibriCSS
dataset, where it achieved state-of-the-art results in terms of ORC-WER and cpWER.



7 Conclusions

As a conclusion to this work, the four main contributions are summarized, namely the
extension of word error rates to the meeting scenario, the robust SA-SDR loss function and
Graph-PIT for training a speech separator on meeting data, and the transcription-supported
diarization pipeline for meeting transcription. Implementations of the core contributions are
available in open-source packages, linked below.

7.1 Main Contributions

Word error rates The first main contribution of this work is the introduction and
discussion of several WER-based metrics for the evaluation of meeting transcription systems.
Based on the conventional WER, we have introduced a time constraint that significantly
improves the temporal alignment. We have analyzed its behavior and concluded that it
improves the interpretation of the WER for long word sequences in meeting transcription
problems. We have devised ways for solving the assignment problem when computing a
WER, namely the ORC-WER, MIMO-WER and DI-cpWER, for scenarios where either no
speaker attribution is present or where speaker attribution errors should not be considered in
the evaluation. We have analyzed how the proposed variants react to different transcription
errors. For the speaker-agnostic WERs, we have designed efficient algorithms for computing
a WER in cases where it was previously infeasible. We finally introduced a visualization
scheme that helps developers analyze their meeting transcription systems to find out what
specific errors the systems made. All WERs and the visualization tool are implemented in
the open-source MeetEval toolkit!.

SA-SDR The second contribution is the SA-SDR, an elegant way to robustify SDR-based
loss functions for speech separation. Especially in meeting scenarios, silent targets (no speech
is active) and a highly imbalanced difficulty across examples and target signals is common.
The SA-SDR was introduced to mitigate the instabilities caused by these target signal
properties. It was analyzed and shown theoretically that the produced gradients are better
balanced across streams. Experiments showed that this also leads to an improvement in
actual model training. An implementation of the SA-SDR loss is available in the padertorch
toolkit?.

Graph-PIT As the third contribution, the conventional uPIT training scheme for speech
separation was extended to the meeting scenario. By allowing multiple speakers to appear
on the same system output, as long as no two speakers overlap on any system output, a
training scheme could be achieved that allows a model to be trained to directly process

L https://github.com/fgnt /meeteval
2 https://github.com/fgnt /padertorch /blob/master/padertorch /ops/losses/regression.py
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meeting data, without sub-segmentation. Compared to the previous uPIT and stitching
approach, the context that the model sees can be increased significantly and the separation
performance can be improved while at the same time reducing the computational complexity
that was previously required for stitching. The Graph-PIT loss implementation for PyTorch
is published as an open-source package?.

Transcription-supported diarization The final contribution is a diarization-last pipeline
for meeting transcription that makes use of information obtained from an ASR system to
improve the quality of the diarization step. This pipeline was set into perspective comparing
to other pipelines, and it was finally concluded that it is not yet decided in which order
diarization and ASR, and speech separation should be solved. An extensive comparison
of systems across publications showed that many different pipeline structures were used to
advance the state of the art.

7.2 Future Work

7.2.1 Evaluation Metrics

For system analysis, the developer experience during system development could be improved
further by better guiding the system designer towards problematic regions. This requires
heuristics for estimating error types that were disregarded as out-of-topic in this thesis, where
we focused only on measures that can be detected automatically in a deterministic, fully
specified and transparent way derived from the simple definition of the WER. Heuristics that
have already been proposed for more classical speech recognition scenarios based on error
sequences or linguistic content could be generalized to the meeting scenario to provide such a
guide.

What is also left open is a reliable signal-level metric for meeting-level speech separation.
While the SA-CI-SDR with the assignment solved using Graph-PIT provides some insights,
the discussed drawbacks make it problematic for system ranking and blind application across
different systems. Further development in this area is left for future work.

7.2.2 Meeting Transcription

While the methods presented in this thesis show promising results, they have only been
evaluated on completely or partially simulated data. A task that remains is testing and
robustifying the systems further w.r.t. distortions seen in real recordings, such as in the AMI
[47], CHIME-6, DiPCo or NOTSOFAR datasets.

Related to this, as a more general problem for speech separation, especially for the meeting
scenario, is the lack of realistic paired training data. Most NN-based speech separation
techniques require paired data of mixtures and the corresponding clean speech signals from
each speaker for training. This paired training data is impossible to obtain in realistic scenarios
and instead is simulated, as also done in this thesis. Incorporating speech foundation models
for speech separation could potentially leverage real recorded mixtures for speech separation in
realistic meeting scenarios. Foundation models are trained in unsupervised or semi-supervised
ways and therefore circumvent the problem of needing paired training data.

3 https://github.com/fgnt /graph_pit
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A Appendix

A.1 Neural Network Architectures and Model
Configurations

This subsection gives a short overview over the NN architectures for NN-based speech
separation systems used in this thesis.

A.1.1 Common Configuration

All models are trained using loss functions described in Chapter 4 and Chapter 5. For
clean data, the target signals are the padded sources s, and for reverberant data, the target
signal is chosen as the early reflections (including the direct signal) §ly) A1l models
are optimized with the Adam optimizer [48] with an initial learning rate of 1x10 3. For
evaluation, the checkpoints are selected from the training that minimize the loss on the
development data. Some models incorporate a learning rate schedule, which is described for
each model individually if applied. The total number of training iterations is capped in order
to limit the experiment turnaround times. The model architectures and configurations for
each model used in the thesis is detailed below.

A.1.2 Dual-Path RNN for Anechoic Speech Separation

The DPRNN first transforms the input signal into a latent feature space using a learned
one-dimensional convolutional layer. The transformed input signal is segmented into chunks
and RNNs are applied alternately across the time and the chunk axis. The resulting output
of the stack of RNN layers is interpreted as masks (one for each speaker) in the latent feature
space and multiplied with the latent feature representation of the input signal, resulting
in K masked latent representations. The masked signals are then transformed back to the
time domain using a learned transposed convolutional layer. Even though the original work
used a learning rate schedule, we did not observe a meaningful improvement with it in our
experiments.

The two RNNs essentially process the data on different resolutions, facilitating information
transform across long distances. The DPRNN has been extended to a Multi-Path RNN
(MPRNN) [OC12], extending the hierarchy to more than two resolutions. The MPRNN
showed improved performance for very long sequences, but we stick to the more widely used

DPRNN here.

A.1.2.1 Large Model

The large DPRNN configuration is copied from the original work [6]. The model has as
an encoder a one-dimensional convolutional layer with a kernel size of 16 and a stride
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of 8 mapping to a 64-dimensional feature space. The transformed signal is chunked into
overlapping segments of 100 frames with a shift of 50 frames.

The core separation network consists of a projection layer followed by six dual-path
blocks, where each dual-path block contains one inter-chunk and one intra-chunk network.
The projection layer maps from 64 to 64 dimensions. Both the inter-chunk network and
intra-chunk network are BLSTMs with identical configuration followed by a linear and a
normalization layer. The BLSTMs map to 128 dimensions and the linear layer projects
back to 64 dimensions. Skip connections are added around the inter-chunk and intra-chunk
networks. A final projection layer projects the 64-dimensional output to 128 dimensions,
which is then split into two 64-dimensional masks, one for each output stream. The decoder
is a transposed convolutional layer that mirrors the encoder with a kernel size of 16 and a
stride of 8.

The network has overall 2.6 M parameters.

A.1.2.2 Small Model

To speed up the experiments, some experiments were performed with a shallower model,
comprising only three blocks instead of six. All other parameters are identical to the large
model. The number of parameters is reduced to 1.3M and the training time is roughly
halved.

A.1.3 BLSTM for Reverberant Speech Separation

A simple BLSTM-based masking network is used for the initial experiments on reverberant
data. The mixture signal is transformed into the STFT domain using a STFT. The network
predicts a mask in the STFT domain from the absolute of the STFT with a stack of three
BLSTM [117] layers with 600 units each, followed by a single fully connected layer that maps
to 514 units. This output is split into K = 2 masks, each is multiplied with the mixture’s
STFT signal and transformed back to the time domain using the iSTFT. The STFT shift
and size are 128 and 512, respectively and the Blackman window is used. The network has
23.5 M parameters.

A.1.4 TF-GridNet for Reverberant Speech Separation

The TF-GridNet network architecture [7, 44] works in the STFT domain, as well. The input
signal is transformed into the STFT domain using an STFT and real and imaginary parts
are concatenated. The multi-channel features from [44] are not used because we only use
single-channel signals. For the sample rate of 16 kHz, we use a STFT size of 1024 and shift
of 256 and the Blackman window. Then, the signal is mapped to a D-dimensional latent
feature space using a 1 x 1 convolutional layer. Then B blocks are stacked.! Each block
consists of a global attention module, a frequency-wise cross-frame module and a frame-wise
cross-frequency module.

The attention uses a multi-head scaled dot-product attention across all time frames with
L heads. To compute the attention keys, queries and values, the embeddings are fed through

! Note that this is the notation from [7, 44] and may not be compatible with the notation in the rest of
this thesis.
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a point-wise convolutional layer that maps to a dimension of E, a PReLU activation function
and a normalization, and then stacked. The cross-frame and cross-frequency modules both
consist of an unfolding operation across I embeddings with a stride of J, which essentially
stacks neighboring embedding vectors to obtain a longer context, a BLSTM with a hidden
dimension of H for recursive modelling and a 1D transposed convolution to invert the
unfolding operation and map back to D dimensions. The only difference between them is
that the cross frame module is recursive across the frames and the cross-frequency module
processes all embeddings within a frame across the frequency dimension. Each sub-net
contains a skip connection from its input to its output.

TF-GridNet performs spectral mapping at the output, where the network output is directly
interpreted as the STFT representation of the separated signals instead of as a mask and
multiplied with the mixture STFT. Also note that, while both the DPRNN and TF-GridNet
apply a recurrent network alternately along different dimensions of a high-dimensional latent
representation, the direction in which the RNNs are applied are significantly different. The
DPRNN alternates across a high- and a low-resolution RNN while the TF-GridNet alternates
between the time and the frequency direction.

During training, we employ a fixed learning rate schedule that halves the learning rate
three times over the course of a training.

A.1.4.1 Original Large Model (TF-GridNet-Large)

The large model is chosen similarly to the original paper, using B = 4 blocks, an embedding
dimension of D = 48, L = 4 attention heads with a dimension of £ = 2 for the keys and
queries, a unfold kernel size I = 4 and stride J = 1 an Long-Short-Term Memory (LSTM)
size of H = 192.

A second large model is introduced for the final experiment that employs all improvements
made to the small model introduced below. It has a slightly smaller size, due to some
architectural changes, and achieves a significantly better performance. It is equal to the
modified small model brought back up to the original size, and was trained on a larger
training dataset, including training data from the CHiME-6 and DiPCo datasets. It is the
last row in Table A.1

A.1.4.2 Optimized Small Model (TF-GridNet-Small)

To speed up the experiments, the model size was reduced to B = 2 and the hidden dimension
of the BLSTM was reduced to H = 89. To increase the performance, Dynamic Range
Compression (DRC) [118] was introduced, taking the square root of the amplitude in the
STFT domain and reverting it after the separation before computing the iSTFT. Additionally,
the BLSTM in the frame-wise cross-frequency module was replaced with a Transform Average
Concatenate (TAC) [119] module so that no recursive processing is required in this module.
Replacing the BLSTM in the cross-frame module degraded the performance significantly in
preliminary experiments while it did not impact the performance in the frame-wise cross-
frequency module. Combining these architectural changes, the model size could be reduced
to 0.99 M parameters while improving the performance.

The effect of these modifications is analyzed in Table A.1. All models in this table were
trained on the same artificially generated mixtures from the LibriSpeech dataset, including
one- and two-speaker mixtures of LibriSpeech utterances that were artificially reverberated.
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Table A.1: Performance of TF-GridNet architectures on LibriCSS under different modifications.

Model configuration #Param. tcORC-WER/{ Used in
Large 5.8M 6.8 [OC1],Chapter 6
Reduced size (B = 2 and H = 89) 1.2M 114
+ DRC 1.2M 8.6
+ TAC (cross-frame & cross-freq.) 0.8M 8.3
+ TAC (cross-freq.) 0.99 M 6.7
+ MUSAN augmentation 0.99M 5.1 Section 4.4.3

Large-v2 (DRC + TAC (cross-freq.)

+ MUSAN + DiPCo + CHiME-6) 46M 4.8 Chapter 6

Training was performed using uPIT and the SA-SDR loss function. The separated signals
were transcribed with the Whisper speech recognizer in the large-v2 configuration in
order to compute tcORC-WER scores. Only reducing the model size brings the number of
parameters down by a factor of almost 5 to 1.2 M parameters while the performance in terms
of tcORC-WER is reduced to 11.4%. The dynamic range compression brings it down to
8.6 %. Using the TAC layer reduces the model size further down to 0.99 M parameters and
reduces the tcORC-WER to 6.7 %, comparable to the large model. When additional noise
augmentation with MUSAN noise is employed, the performance can further be improved to
5.1 %. These changes additionally stabilized the training. This is the model architecture used
in Section 4.4.3.

A.1.4.3 Optimized Large Model (TF-GridNet-Large-v2)

The final line in Table A.1 shows the performance when incorporating the same modifications
into the large model and extending the training data with mixtures generated from the
single-speaker regions of the DiPCo and CHiME-6 datasets. This model is named “TF-
GridNet-Large-v2” and is used to obtain the final performance in Chapter 6.

A.2 Proof That Every Overlap Graph is Chordal

A graph G is chordal if and only if every induced subgraph has at least one simplical vertex,
where a vertex v is simplical if and only if the subgraph G[N[v]] induced by its neighborhood
N[v] is complete [120], i.e., a fully connected graph. We show that every overlap graph G(V)
is chordal by showing that every induced subgraph of G©¥) is again an overlap graph and
then showing that every overlap graph has at least one simplical vertex.

Every induced subgraph of an overlap graph is an overlap graph. Let GO(V) =
(V, &) be an overlap graph and V' < V be a subset of its vertices. The graph GV (V') =
(V', &) is the overlap graph constructed from the vertices V' and the edges & = {{u, v} :
u,v € V', o(u,v)}. The induced subgraph GV (V)[V'] can be expressed just with the vertices
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V" and the edges &’

GV =V, {{u,v}eE:ueV AveV)}) (A.1)
=V, {{u,v} :ueV' AveV Ao(u,v) =1}) (A.2)
= GV, (A.3)

where the definition of the overlap graph from Eq. (5.35). This proves that every induced
subgraph of an overlap graph is again an overlap graph.

Every overlap graph has at least one simplical vertex. A simplical vertex v is a
vertex whose neighborhood N[v] induces a complete subgraph. Let G = (V. &) be an
overlap graph and let v, be the vertex corresponding to the utterance with the latest begin
time in GV, Then, any two utterances in the neighborhood of vy, overlap:

Y € N|Uast] : by < by, A €y = by, (A.4)

=Vu, v € N[Vpst] 0 by < by, < €y (A.5)

=Yu,v € N[vps] : o(u,v) =1 (A.6)

=Yu,v € N|vag] : {u,v}ef. (A.7)

From this follows that the neighborhood N[uvj.s] induces a complete subgraph and thus vy,

is simplical.

A.3 Additional Decompositions for Graph-PIT

In the main text, only the most general decompositions were presented. Here, two more
decompositions of the SA-SI-SDR and the SA-CI-SDR are shown.

A.3.1 SA-SI-SDR

The SI-SDR is defined for a single pair of ground-truth and estimated signals s and s as
(compare Eq. (4.20))

LBSPR) (5 8) — —101og, H ||O‘S||AH2’ (A.8)
S J—
where the scaling factor
2 8’8
= in||as — 8||” = — A9
o = arg min |as — §| T (A.9)

scales the reference signal to match the scale of the estimated signal, i.e., to minimize the
error. It is constant over the full utterance.

When applied to Graph-PIT, we assume that the scaling factor « is constant within an
utterance but can change between utterances?, e.g., due to speaker movement. For Graph-
PIT SA-SI-SDR, we thus estimate one scaling factor for every combination of utterance and

2 This assumption is arbitrary but plausible; the scaling factor can also be optimized across multiple
utterances, e.g., a single scaling factor for all utterances of the same speaker. This would, however,
involve a more complex optimization.
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stream:
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Oéu7s =

The zeros in the padded source signal s, mask out the parts of the estimated signal outside
of the boundaries of the u-th utterance.

To formulate the SA-SI-SDR for Graph-PIT, we now write out the squared norm of
the matrix multiplication as ||SC||* = ZL I3 cts SuCusll’, where ¢, is an element of the
assignment matrix that is 1 if utterance u is assigned to stream s and 0 otherwise. Also
writing out the squared norm as [|s||* = ss, we obtain:

GP-SA-SI-SD A S5 IS Cus @Sl
L(GP-SASESDR) (g Q) — min —10 log,, —a2s= Ll Sueld w07l (A.11)
e Zs:l ||Zuel/{ Cu,sQly, 58y, — SSH
= min —10 10g10 Zf:l ZUGU Zu’eu Cu,scu’,sau75au/7sé—£§u/

CeC 23521 (Zuel/{ D ey cu7sculvsau7sau/78§2§u/ — 2> eu cwau,séZés + élés) .
(A.12)

In the numerator and denominator, we can use the fact that either §!8,, = 0 (if the utterances
do not overlap) or ¢, s, s = 0 (if the utterances overlap) to remove the sum over u':

S 2 Ty
Zs:l Zueu CU,SOéu,SSuSU

L(GP—SA-SI—SDR)(S, g> = min —10log,
CeC

f=1 (ZuEU (Cu,sai,sézéu - QCu,samsélés) + §I§S) '
(A.13)
Plugging in a,, .88, = §,8, from Eq. (A.10) and using log(a/b) = — log(b/a), we get:
S T A
L(GP-SASESDR) (g Q) — Igin —10log,y =3 Lz Duucy CusCiuo®o (A.14)
€l

T~ T A
) (Zueb{ CusOy s8,Ss + S ss)

S ATa
— 10log,, ( 21 855 - 1) . (A.15)

. S uT A
mingcec 2321 ZuEL{ Cu,s Oy, 8, Ss

Now, only the denominator of the inner fraction depends on the assignment matrix C, so the
score matrix can be found as

uT ~
M = [t 8784 |us = [suss sTs ] . (A.16)

Instead of computing the scalar product across the full meeting length 7" with the padded
source signals, the same result is obtained by cutting the respective parts from the estimated
signal and computing the scalar product only on the region where the source signal is not
zero-padded. The outer function is

08

f(x,8,8) = 10log, —11. (A.17)
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A.3.2 SA-CI-SDR
The SA-CI-SDR is defined in Eq. (5.45) as

~ 2
SA-CI-SDR — may 10 log,, — 2 12 Cusus *Sull”_ (A.18)
CeC Zs ||Zu Cu,sau,s * Sy — SSH

with a, , = arg ming ||a  §, — 8,||°. The signal parts in 8, that lie outside of the boundaries of
the convolved utterance, i.e., starting at b, and ending at e, + dim(a) — 1, are constant w.r.t.
the optimization of a (since § is 0 there) and thus have no effect on a. The full convolution
is truncated to the length of T'. Note that the SA-CI-SDR is formulated as a performance
measure (higher value is better) and not as a loss (lower value is better), so that the goal is
here to maximize its value.

We can write the discrete convolution a * § as a matrix multiplication Ta, where T =
toeplitz(s) € RT*4m(@) i5 a padded toeplitz matrix created from 8§, so that vector gradient
rules can be used for the derivative of the convolution. The least-squares minimization then
becomes

a,s = argmin | T,a — 517 (A.19)
d Tu U, As ? ~
ITudus =87 _ oprp a0, — 2778, L 0 (A.20)
day, s ’
= T!T,a,, = T8, (A.21)

Plugging Eq. (A.21) into Eq. (A.18) yields a solution very similar to the SA-SI-SDR in
Eq. (A.15):

U STU u,S 2
SA-CI-SDR = max 10log; 2o 122 Cus T, HA 5 (A.22)
Cec Zs HZU cu78Tuau,5 - SSH
3 8T8,
=—10lo = -1 A.23
S10 <maXCEC Ds Cu,sy, LT, ( )
AT A
— —10logy, 2.:8:5: 1 (A.24)
mMax Y Cys(Ays* 8y) S5
CeC ’ ’

The decomposition is similar to the one for SA-SI-SDR, but with

M = [(au.s * 8u) 85 ]us- (A.25)



Symbols and Notation

Vectors are denoted with lower-case bold letters (e.g., s) and matrices are denoted with
upper-case bold letters (e.g., S). Row and column vectors are not discriminated in the
notation. Sets are denoted with a calligraphic font (e.g., C,P). Estimated values, i.e., at
the system output, are denoted with a hat (e.g., §) and zero-padded signals with a breve
symbol (e.g., §). If the same concept appears in different places with slight differences, it
is discriminated with a superscript text in parenthesis, e.g., L, L(©RC) " Most notation is
introduced where it is first needed.

Basic operations

a Concatenation or stacking of the two vectors or matrices a
[a, b], and b along the first or second dimension
. The dimension of vector a, i.e., the number of elements in
dim(a)
a
()7 Vector / matrix transpose

The gradient or vector derivative of the (scalar-valued)
function f(x) w.r.t. x

Shorthand notation for a tuple of vectors with consecutive
indices

Big O notation for complexity, denoting the upper limiting

o() complexity class

s 111 HH2 L1 norm, L2 norm and squared L2 norm for vectors and
A matrices

tr(-) Matrix trace

Meeting transcription All signals are represented as column vectors of samples. All
estimated quantities are marked with a hat (.).

U The set of ground-truth utterances
K,k The number of speakers and the corresponding index

The number of system outputs (streams) or the estimated

5,8 number of speakers and the corresponding index
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U The estimated set of utterances
uweld An utterance index

R The ground-truth and estimated begin time (in samples or
by, by seconds, depending on the context) of the u-th
ground-truth or estimated utterance

The ground-truth and estimated end time (in samples or
Cus €y seconds, depending on the context) of the u-th
ground-truth or estimated utterance

The ground-truth and estimated speaker labels. The
estimated speaker labels may not represent the true

Col o
o speaker identity but may represent only the system output
stream index.
- The ground-truth and estimated transcript for utterance u,
o as a row vector representing a sequence of words
. The ¢-th word in the ground-truth or estimated transcript
ot T for utterance u
y The observed speech mixture signal
n The noise signal
h, The Room Impulse Response for reverberating utterance u
S Ground-truth source signal for utterance v € U of length
u dim(s,) = e, — by
& The ground-truth source signal for utterance u € U padded
“ to the full recording length dim(y)
Su Estimated separated signal for estimated utterance u € U
S § Padded and stacked ground-truth source signals and
’ estimated signals
The overlap function that indicates whether the two
o(uy, us)
utterances u; and uy overlap temporally
- The utterance order relation, where u<,us if u; comes
" before u,
Word error rates
Cp, C1, Cs, Co Cost for a deletion, insertion, substitution or correct match
Coys Cost for a match, either a correct match or a substitution

The sub-vector of the first 7 elements or the last ¢ elements,
respectively

()<i> ()=

tail(a) The last element from a
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head(a)

L

li,jy li,s,h
C

(cat) ;(cat)
oy oty

t](:pk) ’ %gstr)

w, P

o, P*

P(K)

Q

Cu,s

M
a,f

f' f(score)

S

w
)

\]

All but the last element from a

The Levenshtein matrix or high-dimensional Levenshtein
tensor

One entry of the Levenshtein matrix or tensor
The collar for the time-constrained WER

The concatenation of the transcripts of all utterances or
estimated utterances

The concatenation of the transcripts of all utterances of
speaker k or with estimated speaker or stream label s

uPIT, graph theory and Graph-PIT

A permutation vector and permutation matrix, used
interchangeably where applicable

The optimal permutation vector or matrix

The set of all K! permutation vectors or matrices of size K
An undirected graph

The set of vertices of a graph

The set of edges of a graph

The neighborhood of a vertex v

A coloring and assignment matrix

The optimal coloring

The set of all proper vertex colorings of graph G

A row of C representing a color as a one-hot row vector

An element of C that is 1 if utterance u is assigned to
stream s and 0 otherwise

The score or loss matrix
The scale-invariance factors in the SI-SDR and OSI-SDR

The decomposed functions required for efficient
computation of the uPIT permutation and Graph-PIT
assignment

The clique number of a graph

The chromatic number of the graph G, i.e., the minimum
number of colors required to properly color G

A threshold
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BLSTM Bidirectional LSTM.
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cpWER Concatenated minimum-Permutation WER.

CSS Continuous Speech Separation.
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DER Diarization Error Rate.

DFS Depth-First Search.

DI-cpWER Diarization Invariant cpWER.
DI-tcpWER time-constrained DI-cpWER.
DiPCo Dinner Party Corpus.

DPRNN Dual-Path RNN.
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MIMO-WER Multiple Input Multiple Output WER.
MIMO-WER time-constrained MIMO-WER.
MPRNN Multi-Path RNN.

MSE Mean Squared Error.

MT-RNN-T Multi-turn RNN-T.

NN Neural Network.

ORC-WER Optimal Reference Combination WER.

OSI-SDR Optimal Scale-Invariant Signal-to-Distortion Ratio.

RIR Room Impulse Response.
RNN Recurrent Neural Network.

RPN Region Proposal Network.

SA-SDR Source-Aggregated Signal-to-Distortion Ratio.
SDR Signal-to-Distortion Ratio.

SGD Stochastic Gradient Descent.

SI-SDR Scale-Invariant Signal-to-Distortion Ratio.
SOT Serialized Output Training.

STFT Short-term Fourier Transformation.

TAC Transform Average Concatenate.
tcORC-WER Time-Constrained ORC-WER.

tcpWER Time-Constrained minimum-Permutation WER.
uPIT Utterance-level Permutation Invariant Training.

VAD Voice Activity Detection.

VAER Voice Activity Error Rate.
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