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Multi-Talker ASR

« Automatic speech recognition (ASR) will contribute to:
* Solve a labor shortage (if incorporated with dialog system, text mining, etc.)

* Improve human well-being by freeing humans from simple labors
(e.g., transcription, documentation)

 Ease a language barrier (if incorporated with translation)

» Situations where we want to transcribe speech usually have multiple speakers

- Not only “what was spoken” but also “who spoke when" is essential

-

@

Call center Doctor-patient Meeting TV show Human-robot
conversation interaction 2



Speaker Diarization in Multi-Talker ASR

Speaker diarization (who spoke when) plays an essential role in multi-talker ASR

« ASR - Speaker diarization chain [Chen+'20]

% Hello. I'm calling about a coffee machine
| purchased from your Web site. It

stopped working even though | haven't
had it for very long. | expected it to last

Hello. I'm calling about a coffee machine | s k much longer than this.

purri(hased frorr;]youLW:b site: Ztopfped pea e r

working even though | haven't had it for very ° ° ° Oh, I'm sorry to hear that. Our warrant o h

AS R long. | expected it to last much longer than this. d Ia rlzatlon covers proé}L/Jcts for up to a year. Do ygu Py

Oh, I'm sorry to hear that. Our warranty covers know when you bought it? ‘

products for up to a year. Do you know when

you bought it? I've had it for a little aver a year, ﬁ I've had it for a little over a year, so the

so the warranty has probably just expired. This is warranty has probably just expiryed This

so disappointing. Well, I'll tell you what we can is so disappointing :

do. Although we can't replace it, since you're a .

valued customer | can offer you a coupon for

forty percent off your next purchase. 7 Well, 'l tell you what we can do. 5
Although we can't replace it, since aa
you're a valued customer | can offer you "
a coupon for forty percent off your next ‘
purchase.

« Speaker diarization - Speech separation > ASR chain [Watanabe+'20]

% Hello. I'm calling about a coffee machine
| purchased from your Web site. It
stopped working even though | haven't
had it for very long. | expected it to last
much longer than this.

';3; Speaker ) Speech
4l diarization separation on Imsory s e ou vy
know when you bought it?

'

ﬁ ﬁ

I've had it for a little over a year, so the
warranty has probably just expired. This
is so disappointing.

Well, I'll tell you what we can do.
Although we can't replace it, since
you're a valued customer | can offer you
a coupon for forty percent off your next
purchase.

* The conversational text was taken from TOEIC sample questions. URL: https://www.iibc-global.org/toeic/toeic_program/sample_all.ntml#L3



Preliminary

Observed signal (1-D) Time-frequency features (2-D)
X; Xt.f
frequenc
e.g., Short-time

Fourier transform
(STFT)

—

time

* Discussions in this presentation are based on time-frequency features

» We illustrates a sequence of features like :




Two Problem Definitions for Speaker Diarization

 Set-partitioning problem
« Assign a single speaker or silence to each time frame Input _m_m_wﬂ_
» Adopted by most cascaded approaches

T N 7
silence

* Multi-label classification problem
 Estimate all the active speakers for each time frame

» Adopted by most end-to-end approaches
nput A ol —
Output -




Cascaded Approach [Sell+'14] [Landini+'22]

Features  Method
L Cascade of the following:
1'S%eeCh activity 1. Speech activity detection
etection . .
PTTTTTTT 2. Speaker embedding extraction
Speech activities . . . 3 Clust.erlng .
4. (Optional) overlap detection and

‘ ‘ ‘ | ‘ | speaker assignment
2. Speaker embedding

extraction
llll ll * Pros & Cons
Speaker embeddings .z2 Z5|z, zg,.z7 28. X Complicated pipeline
(e.g., i-vectors, x-vectors, d-vectors) X Cannot handle Speaker overlap
| |3 é,uslterin; | (without additional modules)

| A A | v The number of speakers can be set
Diarization results .z2 Z3|z, 25.27 z8. flexibly in the clustering step




Direction-of-Arrival-based Approach [Araki+'08] [Ishiguro+'11]

Multi-channel features

Speech activities

DOA features
(e.g., GCC-PHAT)

Diarization results

 Method
B Cascade of the following:
1.S%eeiggtiaocrt]ivity 1. Speech activity detection

BRERRREN

2. Direction-of-arrival (DOA) estimation

. 3. Clustering

L]

stimation

» Variant of cascaded approach

1] ]

' * Pros & Cons

Zs. v/ Can benefit from spatial information

| X Speakers from the same direction

3. Clustering

TR

cannot be distinguished
!

=

Z3

Zy Zs.Z7

||




End-to-End Approach [Fujita+'19]
End-to-End Neural Diarization (EEND)

T-frame
Features F-dim. . Method
Encoder « Estimate multiple speakers’ speech activities
I simultaneously from input acoustic features
Frame-wise | T-frame
embeddings "™ H . Pros & Cons

Position-wise

foed-forward v Simple pipeline (only a single neural network)

v Can handle speaker overlap
X The architecture fixes the number of speakers

Posteriors

The details will be introduced later



Comparison of Various Approaches

Cascade-based Direction-of-Arrival-based End-to-end
approach approach approach
Pipeline X X v
P Complicated Complicated Simple
X v
Cannot handle v
Speech overlap ) i Can handle
(without additional Can handle
(Based on methods)
modules)
Number of v v X
Speakers Flexible Flexible Fixed
Clue for diarization  Spectral information Spatial information Spectral information

» End-to-end approach is superior at many points, but has difficulty on the number of speakers
» End-to-end approach has room for improvement by leveraging spatial information

« If we ignore the complexity of the pipeline, it is hard to discard the cascaded approach as long
as it can handle speech overlap



Purpose of This Thesis

1. To improve the utility of speaker diarization methods...

» End-to-end approach is superior at many points, but have difficulty on the number of speakers
- Propose an end-to-end method that even works when the number of speakers is unknown

» End-to-end approach has room for improvement by leveraging spatial information
- Propose an end-to-end method that accepts multi-channel inputs

[t (s hard to discard the cascaded approach as long as it can handle speech overlap
- Propose to use the end-to-end approach for overlap handling of the cascaded approach

2. To utilize speaker diarization for multi-talker ASR...
» How speaker diarization contributes to multi-talker ASR (s not well explored
- Propose a diarization-driven meeting transcription system

« Speech separation conditioned on speaker diarization results is quite slow
- Propose a block-online algorithm of diarization-conditioned speech separation

10



Thesis Overview

Chapter 3 Chapter 4 Chapter 5
End-to-end speaker diarization for Multi-channel End-to-end speaker diarization

unknown numbers of speakers end-to-end speaker diarization | as post-processing
[TASLP'22] [TASLP'23] [INTERSPEECH'20] [ASRU'21] | [ICASSP'22] [SLT'22] [ICASSP'21]

% Hello. I'm calling about a coffee machine
e | purchased from your Web site. It
S h & stopped working even though | haven't
had it for very long. | expected it to last
N speaker ) M- Speec
: I I i Se a ratl O n ac A R Oh, I'm sorry to hear that. Our warranty a4 h
d Ia rlzatlon p 2 I" ‘" . S covers products for up to a year. Do you A
I vy know when you bought it? ‘
" 5 o

much longer than this.

I've had it for a little over a year, so the
warranty has probably just expired. This
is so disappointing.

“ Well, I'll tell you what we can do. 5 ﬂ
Although we can't replace it, since A
you're a valued customer | can offer you Py
a coupon for forty percent off your next ‘
purchase.

e o e = = = - - - —— e e

Chapter 7
Block online speech separation using speaker

diarization results
[SLT'21]

Chapter 6

Speaker-diarization-driven meeting transcription
[INTERSPEECH'20]

11



Evaluation Metric: Diarization Error Rate (DER)

Reference 9 5 * Definition
r A A f&
I'vp + Tra + Tcr
_ 34242
Steve DER = T <_9+2+3+3_41.1/0>
Tony Speech
w_/ H_/
3 3 Tspeech : Duration of speech (17=9+2+3+3)
Twmi : Duration of missed speech (3)
Tea : Duration of false alarmed speech (2)
Tcr : Duration of speaker confusion (2)
Prediction False alarm
1 « Common evaluation metric of speaker diarization
Speaker 1
: por « The lower, the better
Speaker 2 1. '\ il * Not upper-bounded by 100 %
Speaker identities Miss Speaker confusion

are not considered in
speaker diarization
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Summary of Chapter 3

* Problem

« The conventional EEND assumes that the number of speakers is known in advance

* Solutions

 3-1: End-to-end speaker diarization for flexible numbers of speakers
» Core contribution: Encoder-decoder based attractors for EEND (EEND-EDA)
» Related publications: [INTERSPEECH'20] [TASLP'22]

« 3-2: End-to-end speaker diarization for unlimited numbers of speakers

» Core contribution: Use of attractors from calculated from global and local contexts (EEND-GLA)
 Related publication: [ASRU'21] [TASLP'23]

 3-3: Online end-to-end speaker diarization for unlimited numbers of speakers

« Core contribution: An extension to speaker-tracing buffer to make it compatible with EEND-GLA
» Related publication: [TASLP'23]



Summary of Chapter 3

* Problem

« The conventional EEND assumes that the number of speakers is known in advance

* Solutions

 3-1: End-to-end speaker diarization for flexible numbers of speakers
» Core contribution: Encoder-decoder based attractors for EEND (EEND-EDA)
» Related publications: [INTERSPEECH'20] [TASLP'22]
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End-to-End Neural Diarization [Fujita+'19]

T-frame
Features F-dim.
|
Transformer
encoders
v
Frame-wise T-frame
: D-dim.
embeddings m
|
Position-wise
feed-forward
Posteriors

Permutation-free
A L3
diarization loss I diar
Spk1
Labels Spk2

spks[]] e ]

v

v

v




End-to-End Neural Diarization [Fujita+'19]

T-frame
Features F-dim.
|
Transformer
encoders
v
Frame-wise T-frame
. D-dim.
embeddings dim
|
Position-wise
feed-forward
Posteriors

Permutation-free
R L
diarization loss I diar
Spk1 oo e
Labels Spk2

spks[]] e ]

v

v

v

Transformer encoder [Vaswani+'17]

Self-attention

Attention
— weights

Feed-forward
network

Key 1

v

Input

Value

Architecture to treat time-series data
(Positional encodings are omitted in this study)
High performance in various tasks (e.g., NLP, CV, audio)

16




End-to-End Neural Diarization [Fujita+'19]

T-frame
Features F-dim.
|
Transformer
encoders
¥
Frame-wise | I-frame
embeddings 2™

Position-wise
feed-forward

| 1

Frame-wise
embeddings

T-frame

Posteriors

v

D-dim.

leq, ..., er] /\

\ [p1, -- , pT]

Position-wise feed forward

z,=W e + b

i i

S AK D //;1
Learnable parameters

W eR*P b eR®
S: # of speakers (=3)

Element-wise
sigmoid operation

z, ER® » p, € (0,1)°

Posteriors
Permutation-free
L L3
diarization loss I diar
Spk1 500 -
Labels Spk2 -
Spk3 —|_| 0oo —|_ R

17




End-to-End Neural Diarization [Fujita+'19]

T-frame
Features F-dim. Permutation-free diarization loss
|
Transformer . S: lRlIumlkJ)er 01]‘c ;peakers
encoders 1 T: | umber o rame;
7 Lgiar = — min Z BCE (9, qu}’t) ®(S): Set of all the p955|ble .
F o Tl TS PHED(S) SXS permutatlon matrices
rame W_'Se D-dim t=1 P4:  Permutation matrix of ¢
embeddlngs ' | BCE: Binary cross entropy
Position-wise Permuted labels
feed-forward Pyly1, ., ¥l
I [,
. [T -, = 1
Posteriors — L BCE=0.1 < Use min. BCE for
i [yl yT] : backpropagation
Posteriors T e,
vee il *** o] <_|-> m ---m, BCE=0.5
= M- - - il mm---m
Permutation-free _ . .
diarization loss I Ldiar el el .
Spk1 m_ -~ m,
> M- , BCE=4.0
Labels Spk2 , mm  --- [,
Spk3 _|_| ] . i,




Problems of Conventional EEND

Features

Frame-wise
embeddings

Posteriors

Labels

F-dim

D-dim

Spk1
Spk2
Spk3

T-frame

Transformer
encoders

v

T-frame

Permutation-free
R . L3
diarization loss diar

Position-wise
feed-forward

v

v

v

Problem 1: Fixed number of speakers

ze=W e + b X The parameters W and b fix
i E i the number of speakers S
S D
,‘ / X Sufficiently large S eases the issue,
Learnable parameters but the performance degrades

W e RS*P peRS

Problem 2: Not speaker adaptive

w

< T'speaker X Fixed parameters regardless of the

<= 2nd speaker speakers appeared in the recording
<— 3d speaker

19




Related Work on Speech Separation

* Recurrent selective attention network [Kinoshita+'18]

Residual
mask

Feature

Separated
speech

_______________________________________________

Residual
mask
calculation
[ Speaker 1

Residual ;
mask !
calculation | |

® Speaker 2

* Extract speakers one-by-one using residual masks

v Estimate the number of speakers simultaneously

X Residual mask cannot be determined for speaker diarization

» Speech separation: 0 or 1 speaker at each time-frequency bin

» Speaker diarization: No restriction of the number of speakers at each time frame

20



Related Work on Speech Separation

* Deep attractor network [zhuo+'17]

Feature Time-frequency-bin-wise Speaker-wise Mask Separated
embeddings attractors speech
(O: Embedding)
| Neural ! #z —
LI © 1 network ! —| Kemeans L " Spk —> 0 — -0 — -
] i clustering B Spk2 T HE T ®
] [

1. Calculate speaker-wise attractors (representative vectors)
using K-means clustering of time-frequency-bin-wise embeddings

2. Estimate masks with the dot-products of the attractors and embeddings
v No need for residual masks

v/ Adaptive attractors for each speaker

X Need to set the number of speakers manually



Proposed Method: EEND-EDA

T-frame
Features F-dim.
|
Transformer
encoders
¥
Frame-wise | I_frame
embeddings 2™

> EEE Speaker-wise V

attractors

EEND with Encoder-Decoder Based Attractors
(EEND-EDA)

Core idea:

1. Calculate adaptive speaker-wise attractors
In an autoregressive manner

2. Estimate the number of speakers simultaneously
by evaluating the existence of each attractor

Posteriors
Permutation-free
L L3
diarization loss I diar
Spk1 -
Labels Spk2 ,
Spk3 —|_| 0oo —|_ R

22




Adaptive Attractors (Ex. Two-Speaker Case)

. T-frame
Frame-wise :
. D-dim.
embeddings
Visualization\\
in 2-D space

Speaker 1
exists / not exists
\
\ '
Speaker2’s Overlap
attractor o'y
Speaker2  ,e, (ideal) '-,{6.'.’
0...?&... .... °
.0.$.5~:
————— Speaker 1’s attractor (ideal)
Speaker 2 - \
exists / not exists ‘\
o \
A
%NS, \
. o:w 0.0 \
Silence oot \ Speaker 1

» Attractors are never obtained via PCA / K-means clustering.
23



Proposed Method: EEND-EDA

T-frame
Features F-dim. i EDA: Encoder-Decoder Based Attractors
Transformer : :
:ncsozlerse Frame-wise embeddings
: T_fr:me E E E E 0 0 0 0 Zerovectors
Frame-wise . Pl ! VoLl
amicddngs B e e o e ] R
7 7 7 7 -decoder
|, EEE Speaker-wise V E E E E Speaker-wise
8 attractors | attractors
Attractor existence loss: Linear
S+1 @
Posteriors Lexist = Z BCE (ps, ls) Attractor
P1 P2 DP3 DPsa existence
- * Loss to opt|m|ze the number probabilities
. of output speakers (attractors)
Permutation-free Lexistt
diarization loss I Ldiar T
abels
Spk . Total loss: . y J
Labels Spk2 . L = Lyjar + @Lexist Number of speakers
Spk3 —|_| 0oo —|_

v




Proposed Method: EEND-EDA

T-frame
Features F-dim.
|
Transformer
encoders
¥
Frame-wise | I_frame
embeddings 2™ .

> Speaker-wise
EEE attractors

Posteriors
Permutation-free
R Lo
diarization loss I diar
Spk1 X
Labels Spk2

v

Spk3 —|_| b0 T

v

Inference

Frame-wise embeddings

i B8 ~ B
vy 4

y

(L L ]

0 O O O Zerovectors
v v v v
> D”D”D—’D LSTM encoder
7 7 7 7 -decoder
E E E E Speaker-wise
. attractors
Linear

Attractor

09 0.8 0.6 0.2 existence
(< 0.5) probabilities

1. Estimate the number of speakers | 2. Use the first $ attractors

S = max(s | s € Z,\ps; = 0.5)

to calculate posteriors

ifili

25




Experimental Settings

« Model configuration
* 4-stacked Transformer encoders for the embedding extractor

* Experiments

 Fixed-number-of-speaker experiments
» Purpose: To see if the proposed speaker adaptive attractors improve the performance
1. Train & evaluate a model using the simulated 2 (or 3)-speaker dataset
2. Finetune & evaluate the model using the real 2 (or 3)-speaker dataset

* Flexible-number-of-speaker experiments
* Purpose: To see if the proposed method can treat flexible numbers of speakers
1. Train a model using simulated the 2-speaker dataset
2. Finetune & evaluate the model using the simulated {1,2,3,4,5}-speaker datasets
3. Finetune & evaluate the model using the real multi-speaker datasets



Experimental Settings — Simulated Datasets

 Simulation protocol

Utterance pool

(from NIST SRE & Switchboard corpora)

v
( Tony h

* o

S
GG

Noise pool

Sample
K speakers

7N

(from MUSAN corpus [Snyder+'15])

it
it

it

Sample N utterances

& * Mix with a random signal-to-
— Concatenate them n0|se I‘atIO (SNR:5,10,1 5,20 dB)
bruce with silences  Convolve a simulated room
1** ’ﬂ_‘*"*‘ impulse response

. /\

t..*f | \ Simulated mixture
PH— W

Sample Noise

/\W

27



Experimental Settings — Simulated Datasets

 Data sources

« Utterance
* Switchboard-2 (Phase | & Il & III)
* Switchboard Cellular (Part 1 & 2)
« NIST SRE (2004, 2005, 2006, 2008)

* Noise
* MUSAN [Snyder+'15]

 Overlap ratios are controlled by changing
the silence length between utterances

» The set of speakers in the train/test sets
are not overlapped (Open-set setting)

Sim1spk 1 100,000 0.0
Sim2spk 2 100,000 34.1

Train  Sim3spk 3 100,000 34.2
Sim4spk 4 100,000 31.5
Sim5spk 5 100,000 30.3
Sim1spk 1 500 0.0
Sim2spk 2 500 344 /27.3/19.1

Test  Sim3spk 3 500 347 /274 /19.2
Sim4spk 4 500 32.0
Sim5spk 5 500 30.7




Experimental Settings — Real Datasets

« CALLHOME

 Telephone conversation
(mostly in English but not limited to)

« CALLHOME-kspk is a k-speaker portion

of this dataset

« CSJ

 Face-to-face conversation in Japanese

* DIHARD II & Il

* Various domains, various languages

* Audiobook, broadcast, clinical, court,
meeting, restaurant, web video, etc.

CALLHOME-2spk 2 155 14.0
CALLHOME-3spk 3 61 19.6
CALLHOME 2-7 249 17.0
DIHARD Il dev [Ryant+'19] 1-10 192 9.8
DIHARD Il dev [Ryant+'21] 1-10 254 10.7
CALLHOME-2spk 2 148 13.1
CSJ [Maekawa'03] 2 54 20.1
CALLHOME-3spk 3 74 17.0
CALLHOME 2-6 250 16.7
DIHARD Il eval [Ryant+'19] 1-9 194 8.9
DIHARD Il eval [Ryant+'21] 1-9 259 9.2




Results of Two-Speaker Experiments

 Diarization error rates (DERs) (%) on two-speaker mixtures

Cascaded {
End-to-end {

« EEND-based methods outperformed cascaded approach methods

Method

I-vector clustering
x-vector clustering
EEND [Fujita+'19]
EEND-EDA

Simulated

Sim2spk Sim2spk Sim2spk
p=344% p=273% p=19.1%

33.74 30.93 25.96
28.77 24.46 19.78
4.56 4.50 3.85
2.69 2.44 2.60

p: overlap ratio

CALLHOME-2spk
P=13.1%

12.10
11.53
9.54
8.07

CsJ
p=20.1%

27.99
22.96
20.48
16.27

« EDA improved the performance of EEND even when the number of speakers is fixed to two
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Visualization

« Frame-wise embeddings and speaker-wise attractors visualized using PCA

Silence
Spk1
Spk 2
Overlap
Attractor
Origin

Silence
Spk 1
Spk 2
Overlap
Aftractor
Origin

« Embeddings of Silence, Speaker 1, and Speaker 2 are well separated

« Embeddings of Overlap are distributed between those of Speaker 1 and Speaker 2

« Attractors are successfully calculated for each of two speakers

31



Results of Three-Speaker Experiments

* Diarization error rates (DERs) (%) on three-speaker mixtures

Simulated

p: overlap ratio

Sim3spk Sim3spk Sim3spk CALLHOME-3spk

Method Pp=344% p=274% p=19.2% p=17.0%
Cascaded < x-vector clustering 31.78 26.06 19.55 19.01
EEND [Fujita+'19] 8.69 7.64 6.92 14.00
End-to-end
EEND-EDA 8.38 7.06 6.21 13.92

 Similar to the results on two-speaker mixtures, EEND-EDA outperformed cascaded and
conventional end-to-end approaches
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Results of Flexible-Number-of-Speaker Experiments

* DERs (%) on the simulated datasets

« EEND was trained to output null
speech activities for absent speakers

« EEND-EDA outperformed
conventional EEND in every conditions

Simulated dataset

Sim1spk Sim2spk Sim3spk Sim4spk Sim5spk

Method p=0.0% p=344% p=347% p=32.0% p=30.7%
EEND (Fujita+'19] 0.50 3.95 9.18 12.24 17.42
EEND-EDA 0.36 3.65 7.70 9.97 11.95

* DERs (%) on CALLHOME (with oracle speech activity detection)

« EEND-EDA outperformed x-vector
clustering and conventional EEND

« EEND-EDA is better when #Speakers<4,
while x-vector clustering is better when
#Speakers>4

#Speakers
Method p 3 4 5 (0 All
X-vector clustering 944 1389 16.05 13.87 24.73 13.28
EEND [Fujita+'19] 6.51 15.07 26.09 3647 4693 16.79
EEND-EDA 585 9.97 12.61 2404 2606 10.46
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Results of Flexible-Number-of-Speaker Experiments

* DERs (%) on DIHARD Il and DIHARD Il (with oracle speech activity detection)

Datasets
DIHARD Il DIHARD Il
Method p=8.9% P=9.2%
X-vector (TDNN) clustering [Landini+'20] [Horiguchi+'21] 18.21 15.83
EEND [Fujita+'19] 23.25 16.19
EEND-EDA 20.54 14.91

 Breakdown of the DERs on DIHARD Il

#Speakers
Method 1 p. 3 4 ) (3 7 8 9
X-vector (TDNN) clustering 130 1143 16.76 23.09 4499 26.43 25.61 35.57 2.03
EEND-EDA 280 7.52 15.79 2563 4766 31.73 3547 3819 18.73

 Limitation: EEND-EDA performed worse when the number of speaker was large
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Summary of Chapter 3

* Problem

« The conventional EEND assumes that the number of speakers is known in advance

* Solutions

« 3-2: End-to-end speaker diarization for unlimited numbers of speakers

» Core contribution: Use of attractors from calculated from global and local contexts (EEND-GLA)
 Related publication: [ASRU'21] [TASLP'23]
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Limitation of EEND-EDA

ex) When EEND-EDA was trained
using {1,2,3,4}-speaker mixtures

 Limitation 40
— 30

* The maximum number of speakers to be output from EEND-EDA £ 20

is empirically limited by the training dataset 2 10

* Which part of EEND-EDA causes this limitation?

Features

Frame-wise

embeddings

Posteriors

F-dim.

T-frame

Transformer encoders

D-dim.

v
T-frame

0
1 2 3 4 5 6

# of speakers in a mixture

@® Observed during
training

¥ Not observed
during training

EDA
v
Global

EEE attractors

T |
il il
T

Visualization of the embeddings using t-SNE

% b
| . . : i # ‘ s 4
Five-speaker mixtures e i
,.‘.. g - '{ ;‘ ’&!
Six-speaker mixtures | .. . o €
L3 T T 2

Speakers are well-separated in the embedding space
even when the input contains more than four speakers

—> EDA limits the number of output speakers
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Related Work: EEND-vector Clustering [Kinoshita+'21]

Features
v v V
Neural network Neural network Neural network
\lf—lﬁ/
Posteriors | MM, || wumcdlll, | | ol || oo, ol || T,
Speaker embedding E E E E E
= " — /
Global speaker C T g lzg ------------------- \ :
embedding dictionary | '€ E Tony E Bruce E i

_____________________________________________________________

1. Estimate diarization results as well as speaker embeddings from each short block-wise features
2. Clustering the speaker embeddings to solve inter-block speaker permutation

v The number of speakers is no longer limited

X Not speaker-adaptive posterior estimation

X Require speaker identities across recordings to construct the global speaker embedding dictionary
X Require somewhat long block (e.g., 30 sec) to obtain reliable speaker embeddings
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EEND with Local Attractors — Basic Idea

Features

Transformer encoders

Split the embeddings
1 into short blocks
(5 sec in this study)

| | | | | | r------1
Frame-wise embeddings I ] ] - i_ j
I —
Block#1 | B Iok#u' T Block#L
| . | FFH | e L
- Embeddings g . B L B Perform diarization
o[ Local EDA | localEDA || | Local EDA 2 using EDA
v i ¥ o ¥ , for each block
Local attractors | ! Local attractors | | Local attractors
E %‘— a®a® | a® a® o® g®
1 Find the optimal
' Posteriors ik, 1 inter-block speaker
i T 3 correspondence based
.................................................................................................................... 1 on the similarity of
l local attractors
** sorerilIHI],. « EDA limits the number of speakers,
Posteriors but the number of speakers in a short
** ol period is small so it is no more a problem



EEND with Local Attractors — Training

Features

Transformer encoders

v
I ¥ 1 r------1
Frame-wise embeddings I ] ] - i_ j
I —
Block#1 | B Iok#u' T Block#L
: . r------1 i r------1 i r--JL--1
. Embeddings } ] | ] | ]
: L------J L------J L------J
» Local EDA Local EDA Local EDA
v il v i v ]
Local attractors | Local attractors | Local attractors
agm agn agz) agL) agL) agL)
m Attractor Attractor um:l]][l]I[ln, Attractor
i . existence || existence | existence i
: Posteriors probabilities i; u:mmﬂ[[l]]l., probabilities | umm[dm]L probabilities |
' i Py ps” PP p? | ik, PP
O - S D - , @ W 2 W O =R O
Ldiar Lexist [’diar Lexist Ldiar ’CeXiSt
spk1 [ITTT],  Labels < Labels zpt; __ITTl, Labels
P [II]____,
spk3 __ [11 110 pkz__[TT], 10 1110

Spk3 |||

Total loss:
L
1 l l
Liocal = ZZ (Lc(li)ar + Ofﬁé)?ist) t ¥Lpair
=1
15t term:

Average of block-wise diarization
loss and attractor existence loss

L: Number of blocks

By calculating Léli)ar , the

optimal correspondence
between local attractors and
speakers are obtained



EEND with Local Attractors — Training

Block#1

Features

Frame-wise embeddings

Transformer encoders

r
Embeddingsi_

» Local EDA

v
Local attractors
a&l) ag1)

Transformer decoder

v
Relative speaker

embeddings
p® p)

Affinity matrix ~ ©\”
bV
= (1. by
R = (ru)
b, - b, b{”
L | (L)
||bl-||||bj|| b(L)

rij

v

I T | r------1

I ! 1| !

! I | | L------J
| ... Block#L
I ! 0 ! :
| RENERERS ; ; | RENEEERE
Local EDA || | Local EDA |
v I v i

Local attractors
a(Z)
1

1
Transformer decoder

v
Relative speaker

embeddings
p®

bgl)bgl)bgz) bgL)bgL)bgL)

Local attractors
agL) agL) agL)

1
Transformer decoder

v
Relative speaker

embeddings
p® p® pC )

Total loss:

L

1 l l
Liocal = ZZ (Lc(li)ar + aLg)zlst) t ¥Lpair

=1

2nd term:

Pairwise loss to make the angle
between relative speaker
embeddings of the same speaker
be zero and those of different
speakers be at least arccos § apart

1
Lpair = Z SZCiCj f(bi» bj)

L je(T.S")
f(bi, by)
(

(i-th and j-th local
1-— Tij attractors correspond
to the same speaker)

(i-th and j-th local
maX(O, Ty — 5) attractors correspond
L to the different speakers)

S: # of speakers, S*:# of local attractors
c;: # of local attractors assigned to the i-th speaker 4




EEND with Local Attractors — Inference

Block#1 Block#2

—————————————————————————————————————————————————————————————————————————————

| Posteriors Relative | | Posteriors Relati

Block#L

____________________________________________________

ve ! . Posteriors Relative

speaker | speaker | | speaker

i, embeddings | | embeddings | ... ! ardlllitm,  embeddings |

bgl) bgl)

p? [, p® pL) p@
! ) oflliew, Tt T2 T3

I L e 1 i ‘
bgl)bgl)bgz) bgL)bgL)bgL)

Affinity matrix
RI

b{"
bS"
b

ﬁﬂ Clustering the relative speaker embeddings

bV
by
b

. " _ based on the affinity matrix
Clustered relative speaker embeddings

bgl) bgl) b§2)

.. b b b

l

i

Posteriors

| 1]

i,
T




EEND with Local Attractors — Inference

Blodk# . Bled#2 . (Block#L . 1. Estimate the number of speakers
. Posteriors  Relative | | Posteriors  Relative | | Posteriors  Relative |
' speaker | speaker | speaker | _ g ey
m embeddings | | embeddings | .m::|]]]]]]]m> embeddings ! 1-1. Apply TEA decomposmon
p@ p | el y@ | p® O p@ | ;
mmnlIl]]L L7z 1 o oillew, Tt T2 T3 1 A; = -+ = Ag+: Eigenvalues

V: Eigenvectors

‘ e 1 ‘ i R' =V
bgl)bgl)bgz) bgL)bgL)bgL)

. : bi”‘ r Eigenvalues are good indicators ]
©) 000 .
Affinity matrix 2@ ﬁ of the size of clusters
R’ BT TR .
bgwﬁ---ﬂ 1-2. Estimate the number of speakers
by
A A

l $= i, 50

Clustered relative speaker embeddings PR

bV b5V b .. bY b b
l 2. Apply CLC-Kmeans clustering [Yang+'13]
Ml T To satisfy cannot-link constraints
Posteriors (The attractors from the same block must be

assigned to different clusters)




EEND-GLA: EEND with Globa and Local Attractors

Features

Transformer encoders

v
I T | r------1
Frame-wise embeddings I ] - i_ j
| E— l
_________ ‘oo Blodt [ Blod#L Y
] ] | ] I - | |
i L------J i i L------J L------J L------J
> Local EDA | | Local EDA Global EDA
i v P v : v :
| Local attractors ! Local attractors Global attractors |
%“ ol LD el el e o aa;

local attractors

Posteriors based on [

#Speakers

Switch based on

Ml - o, %
M i

________________________________________

Posteriors based on
global attractors

506 ﬂjl]]]]h]]]h:l.;
M - il

Global-attractor-based diarization is still
powerful when #Speakers is small

- Use both global and local attractors

Training:
L= Lglobal + Liocal
Loss of EEND-EDA

Inference:
When EEND-GLA is trained using at most N-
speaker mixtures
» If the estimated #Speakers > N

—> Use the results based on global attractors
» If the estimated #Speakers < N

—> Use the results based on local attractors



Experimental Settings

* Model configuration
« EEND-GLA-Small: The proposed method with 4-layer Transformer encoders
« EEND-GLA-Large: The proposed method with 6-layer Transformer encoders

« Datasets
Simulated conversational datasets Real conversational datasets
Overlap Overlap
Dataset #Spk #Mixtures ratio Dataset #Spk #Mixtures ratio
SimT1spk 1 100,000 0.0 % CALLHOME 2-7 249 17.0 %
Trai Sim2spk 2 100,000 34.1 % Adapt DIHARD Il dev 1-10 192 9.8 %
rain
Sim3spk 3 100,000 34.2 % DIHARD Il dev  1-10 254 10.7 %
Sim4spk 4 100,000 31.5% CALLHOME 2-6 250 16.7 %
SimT1spk 1 500 0.0 % Test DIHARD Il eval 1-9 194 8.9 %
Sim2spk 2 500 344 % DIHARD Il eval 1-9 259 9.2 %
Sim3spk 3 500 34.7 %
Test )
Sim4spk 4 500 32.0 %
Sim5spk 5 500 30.7 % . .
fm = ) Not observed using training
Sim6spk 6 500 29.9 % 44




Results on the Simulated Datasets

#Speak
- DERSs (%) : 2 : peakers :
T 4 5
» EEND-GLA significantly reduced DER of -
unseen numbers of speakers X-vector clustering 3742 774 1146 2245 31.00 38.62
EEND-EDA 0.15 3.19 660 8.68 2243 33.28
EEND-GLA-Small 025 353 679 898 12.44 17.98
EEND-GLA-Large 0.09 354 574 6.79 1251 2042
\ v J \ N J
Observed during training Not observed
. during training
. Speaker counting accuracy
_ EEND-EDA: Acc. 71.9% EEND-GLA-Small: Acc. 80.8%
* The number of speakers was predicted Reference #Speakers Reference #Speakers

more accurately when the number of
speakers is five or larger

500 O 0 0 0 0

0 482 O 0 0O O
17 435 5 1 0
65 447 224 139
0 48 268 337

2 474 O 0 0

6

498 O 0 0 0 0
0

25 451 17 2 0

1 1T 33 412 78 30
0 0 10 62 361 183
0 0 0 7 24 0 6 7 47 229
0 0 0 0O O 0 0 2 12 57

N J\ v J N J\ v J 45

Y Y
Observed Not observed Observed Not observed

1

p

3

Predicted |7}
#Speakers

5

6




Results on the Real Recordings

« EEND-GLA performed better #Speakers
than EEND-EDA when the CALLHOME 2 5 o ¢
number of speakers is large X-vector clustering [Landini+21* 044 1389 1605 13.87 2473 13.28
EEND-EDA 783 1229 1759 27.66 37.17 13.65
EEND-vector clustering [Kinoshita+'21]  7.96 1193 16.38 2121 23.10 1249
EEND-GLA-Small 6.94 11.42 1449 2976 2409 11.92
EEND-GLA-Large 711 1188 1437 2595 21.95 11.84

* Oracle speech segments were used for x-vector clustering

#Speakers #Speakers
DIHARD II e DIHARD Il T
S <4 >5 All S <4 >5 All
X-vector clustering + overlap handling 2134 3985 2711 X-vector clustering + overlap handling 1638 4251 2147
[Landini+'20] : ) ' [Horiguchi+'21] ) ) '

X-vector clustering + overlap-aware X-vector clustering + overlap-aware

2141 36.93 26.25 1532 35.87 19.33

resegmentation [Bredin+'21] resegmentation [Coria+'21]
EEND-EDA 2209 4766  30.07 EEND-EDA 1555 4830 2194
EEND-GLA-Small 2224 4492 2931 EEND-GLA-Small 1439 4432 20.23

EEND-GLA-Large 2140 4362 2833 EEND-GLA-Large 13.64 4367 1949




Summary of Chapter 3

* Problem

« The conventional EEND assumes that the number of speakers is known in advance

* Solutions

 3-3: Online end-to-end speaker diarization for unlimited numbers of speakers

« Core contribution: An extension to speaker-tracing buffer to make it compatible with EEND-GLA
» Related publication: [TASLP'23]
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Related Work: Online Cascaded Speaker Diarization

Features

Speech activities

Speaker embeddings

(e.g., i-vectors, x-vectors, d-vectors)

Diarization results

Online Speech activity
detection

BRERRREN

.

Online Speaker
embedding extraction

Ll

l

Zy

Online Clustering

TR

!

[zl

Zy

2Nz

||

« Each module needs to be replaced to the
online one

* Especially, online clustering causes a severe
performance drop
* High performance offline clustering methods
are often two-staged [Landini+'22] [Bredin+'21]

» Therefore, it is not applicable to online
processing, i.e., we need completely different
clustering algorithm for online processing

Offline x-vector

: . 26.25 19.33
clustering [Bredin+'21]

Online x-vector

- ., 34.99 27.55
clustering [Coria+'21]
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Related Work: Online EEND

 Speaker tracing buffer (Frame-wise speaker tracing buffer; FW-STB) [xue+'21]

Input e Infer : Output
i X(buf) IX- E Spk 1
X, Concatenate ! n_l noo 7
il = LT = - R
: feenn )
. N Update buffer
Speaker tracing buffer . [/:Leave X:Remove| Speaker tracing buffer
Solve permutation
L — : J' : SIS RIS XS (buf)
o0 [0 pmet | s | e [T
Yo, Lo ! Spk 1
bul k , ! H (buf)
i 3 5 — w0 sk

* Assume block-wise input features X,, (n = 1,2, ...)

« FW-STB stores the features and corresponding estimated results

(buf).
« X, , i Features

Yﬂ‘if): Previously estimated diarization results




Related Work: Online EEND

 Speaker tracing buffer (Frame-wise speaker tracing buffer; FW-STB) [xue+'21]

Input e Infer : Output
i X(buf) IX- E Spk 1
X, Concatenate | n—1 noo .
il g : 7. s
: feenn | E
. 1 I — Update buffer .
Speaker tracing buffer l/ : Leave  X: Removel Speaker tracing buffer
Solve permutation ! :
X ou) — P J' i SR YA RS A el
o LT . v ' g L [T - LT
' ' Spk 1
hu k ! : ! (buf)
L s : I — " o

1. Estimate diarization results from [Xgiulﬂ Xn]

2. Align the order of speakers to maximize the
correlation between the new results and Yﬁ‘if)

3. Output the estimated results Y,




Related Work: Online EEND

 Speaker tracing buffer (Frame-wise speaker tracing buffer; FW-STB) [xue+'21]

Input ceeoreeaeaet Infer : Output
. x(bub) X, Spk 1
X, Concatenate | n_l noo 7
1] = (IO + = At
feenn ) :
N Update buffer
Speaker tracing buffer § § . [/:Leave X:Remove| ! Speaker tracing buffer
Solval ermutation i
x0T - _ J, 5 L Lesssxssssaxs o xe® [ [[]]]
- (bu) o == LT
(buf) Spk 1 = - _— Spk 1
A | — 4 e

FW-STB is updated by sampling informative frames
« The frames where only one speaker is dominant are selected

« The features and corresponding estimation of those frames are
stored in the buffer

X The frames are not consecutive - Not compatible with EEND-GLA
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Proposed Method: Online Extension for EEND-GLA

 Block-wise speaker tracing buffer (BW-STB)

Input oo Infer Output
i (sampling) (FIFO) E Spk 1
X, Put X, to FIFO bufferi X, Xn 4 Sgk 5
' ] ~ Spk3
feenn , ]
Speak o buff i : Update sampling buffer
eaker tracin urier : : T — " Speaker tracing buffer
P ) g- : ! ! ‘ v/ :Leave X:Remove ‘ ; P , g _
X(banlnplmg} X(F‘IFO) ! ' ! ' X{f,amplmg) X(F‘IFO}
n— n— A ' 1 T T
(buf) ] Solve permutation . . y X p (buf)
X 1 ! ! T
" I “-(samplin ' “ (FIF E 7] o E | T i
Yn(fl'lmplingj i Yfffil pling) Y?;(,FIFO} : : . Kgbdmplmg)
b f S k l I 1 [ 11
Yoy sgkz ! : ! —+— v, """ spk2
! ' ! ' Spk 3

Block-wise speaker tracing buffer consists of two types of buffers

* Block-wise sampling buffer:
« Consists of multiple blocks

« Each block stores features and corresponding results of consecutive frames

* First-in-first-out (FIFO) buffer:
« Consists of a single block
« Stores recent features




Proposed Method: Online Extension for EEND-GLA

 Block-wise speaker tracing buffer (BW-STB)

[nput

Xn

Speaker tracing buffer

X(sa.n'lpling} X{F‘]F‘(_))

n—1 n—

) (sampling) (FIFO)
Put X, to FIFO buffer, —n—1 Xon

JEEND

1

x0TI

Solve permutatilon

(sampling)
Y,

(buf) Spk 1
Yo Spk 2

}"/{Hmﬂpling) }’/‘,(F"IF'O} E

n—1 71

Update sampling buffer

—_—

é Y-n(,bllf) Spk 2

%

Output

Sp!
Sp!
Sp!

k1

k2

k3

Speaker tracing buffer
X;[Tsampling) XT(IF‘IF'O}

(buf)
n

Spk 1

Spk 3

Y, &

amp

ling)

Put the input feature X,, to the FIFO buffer

Estimate diarization results and solve speaker permutation in the same

manner as FW-STB
Finally, output the results that correspond to X,
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Proposed Method: Online Extension for EEND-GLA

 Block-wise speaker tracing buffer (BW-STB)

Input oo Infer Output
i (sampling) (FIFO) E
X, Put X, to FIFO bufferi X, Xn 4 ggté
; ) g  Spk3
! feenn ; ]
_ i : Update sampling buffer .
Speaker tracing buffer : : ! \./L """"" XR\ Speaker tracing buffer
. ‘ : ' : : Leave . Remove| | : \
X.,(:_m;phng} X.j,{le:FO) : ! : E X;[;samplmg) XT(IF‘IFO}
x0TI oo permutaton ek x(w
" : enmmoling) | ooy TN —_ ——
Yéf"{nplingj i erf:’il pling) }/;?ETITO} E : : Kgbamplmg)
: : i ' Spk 1
b i'} S kl 1 1 1 1 11
ik sgkz | : : — " spk2
! ' Spk 3

Block-wise sampling to update the buffer

v BW-STB can be used with EEND-GLA because each block in BW-STB
stores features and the corresponding results of consecutive frames

v Use of the FIFO buffer together enables low-latency processing

54



Experimental Settings for Online Experiments

* Model configuration
« EEND-GLA-Small: The proposed method with 4-layer Transformer encoders
» EEND-GLA-Large: The proposed method with 6-layer Transformer encoders

- Datasets (same as the offline experiments)

« Simulated datasets
 Training set: Sim{1,2,3,4}spk
 Evaluation set: Sim{1,2,3,4,5,6}spk
» Real datasets
« CALLHOME
 DIHARD I
« DIHARD Il

- Settings for online experiments
 Features are input every second (=10 features)

 Set the buffer length 100 seconds
« BWH-STB: Block-wise sampling buffer of 95 seconds length (5 seconds * 19 blocks) & FIFO buffer of 5 seconds



Results on the Simulated Datasets

#Speakers

* DERs (%) on the simulated mixtures

. . R 4
- EEND-GLA with BW-STB improved = 5 6
DERs of unseen numbers of speakers BW-EDA-EEND [Han+"21] 1.03 6.10 1258 19.17 N/A N/A

compared to EEND-EDA with FW-STB ~ EEND-EDA + FW-STB [xue+21]  1.50  5.91 9.79 1185 26.63 37.25
EEND-GLA-Small + BW-STB 119 518 941 1319 16.95 22.55
EEND-GLA-Large + BW-STB 1.12 4.61 8.14 11.38 17.27 25.77

N J N J
Y Y
Observed during training Not observed
. during training
- Speaker counting accuracy
EEND-EDA + FW-STB EEND-GLA-Small + BW-STB

« The number of speakers was predicted
more accurately when the number of

Reference #Speakers

Reference #Speakers

6 6
speakers is five or larger M3 0 0o o0 o0 o 411 0 0 0 0 0
1120 244 0 0o o0 o0 84 343 0 0 0 O
| 4 249 252 1 1 0 5 156 370 3 0 O
Predicted 7 o 7 245 449 271 172 0 1 109 302 16 O
#Speakers
1o o 3 50 222 314 0 0 20 181 364 38
o o o o 7 14 0O 0 1 13 114 385
1o o o o o o0 o 0 0 1 6 77
I\ JAN J N\ J\L J

Y Y Y Y 56
Observed Not observed Observed Not observed



Results on the Real Recordings

« EEND-GLA + BW-STB improved the DERs from EEND-EDA + FW-STB when # of speakers is large (>5)

« EEND-based methods suppressed the degradation due to online processing

Offline

X-vector clustering [Bredin+'21]

EEND-EDA
EEND-GLA-Small
EEND-GLA-Large

<4
21.41
22.09
22.24
21.40

#Speakers

=5
36.93

47.66
44.92
43.62

DIHARD Il dataset

All
26.25

30.07
29.31
28.33

+8.74%

+3.30%

v

+2.16%

v

A

+1.91%

A

Online

X-vector clustering [Coria+21]
EEND-EDA + FW-STB [Xue+'21]
EEND-GLA-Small + BW-STB
EEND-GLA-Large + BW-STB

#Speakers

<4
27.00
25.63
23.96
22.62

=5
52.62
50.45
48.06
47.06

All
34.99

33.37
31.47
30.24
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Results on the Real Recordings

« EEND-GLA + BW-STB improved the DERs from EEND-EDA + FW-STB when # of speakers is large (>5)

« EEND-based methods suppressed the degradation due to online processing

Offline

X-vector clustering [Bredin+'21]
EEND-EDA

EEND-GLA-Small
EEND-GLA-Large

<4
15.32
15.55
14.39
13.64

#Speakers

=5
35.87

48.30
44.32
43.67

DIHARD Il dataset

All
19.33

21.94
20.23
19.49

+8.22%

+3.15%

v

+1.77%

v

A

+1.24%

A

Online

X-vector clustering [Coria+'21]
EEND-EDA + FW-STB [Xue+'21]
EEND-GLA-Small + BW-STB
EEND-GLA-Large + BW-STB

#Speakers

<4
21.07
19.00
15.87
14.81

=5
54.28
50.21
47.24
45.17

All
27.55

25.09
22.00
20.73
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Real Time Factor

0.5
« Computing environment: —— 20 frames / s
* Intel Xeon Gold 6132 CPU @ 2.60 GHz using 7 threads 0.4 L 10 frames /s
* No GPU was used 8
8 0.3F
O
- Dataset =
atase = 02}
* Sim5spk i
0.1F
0'00 5I0 1(I)0 150 200
time (s)

* Real time factor increased linearly until the buffer was filled
* The time complexity of EEND-GLA is 0(n®), but not constrained by it at least for buffer length of 100 sec.

 After the convergence, the real time factors were 0.16 (10 frames / sec) and 0.38 (20 frames / sec)



Summary of Chapter 3

* Problem

« The conventional EEND assumes that the number of speakers is known in advance

* Solutions

 3-1: End-to-end speaker diarization for flexible numbers of speakers
» Core contribution: Encoder-decoder based attractors for EEND (EEND-EDA)
» Related publications: [INTERSPEECH'20] [TASLP'22]

« 3-2: End-to-end speaker diarization for unlimited numbers of speakers

» Core contribution: Use of attractors from calculated from global and local contexts (EEND-GLA)
 Related publication: [ASRU'21] [TASLP'23]

 3-3: Online end-to-end speaker diarization for unlimited numbers of speakers

« Core contribution: An extension to speaker-tracing buffer to make it compatible with EEND-GLA
» Related publication: [TASLP'23]



Thesis Overview

Chapter 3 Chapter 4 Chapter 5
End-to-end speaker diarization for Multi-channel End-to-end speaker diarization

unknown numbers of speakers end-to-end speaker diarization | as post-processing
[TASLP'22] [TASLP'23] [INTERSPEECH'20] [ASRU'21] | [ICASSP'22] [SLT'22] [ICASSP'21]

% Hello. I'm calling about a coffee machine
s | purchased from your Web site. It
S h . stopped working even though | haven't
had it for very long. | expected it to last
W speaker ) oM Speec
\ I I i Se a ratl O n ac A R Oh, I'm sorry to hear that. Our warranty A h
d Ia rlzatlon p 2 I" ‘" . S covers products for up to a year. Do you A
I vy know when you bought it? ‘
" 5 o

much longer than this.

I've had it for a little over a year, so the
warranty has probably just expired. This
is so disappointing.

“ Well, I'll tell you what we can do. 5 ﬂ
Although we can't replace it, since A
you're a valued customer | can offer you Py
a coupon for forty percent off your next ‘
purchase.

e o e = = = - - - —— e e

Chapter 7
Block online speech separation using speaker

diarization results
[SLT'21]

Chapter 6

Speaker-diarization-driven meeting transcription
[INTERSPEECH'20]
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Chapter 4: Multi-Channel End-to-End Speaker Diarization

* Problem

« EEND / EEND-EDA / EEND-GLA only utilize spectral information from single-channel inputs
» Existing multi-channel methods highly depend on spatial information

* Solutions

* 4-1. Multi-channel end-to-end speaker diarization that also handles single-channel inputs

» Core contribution: Co-attention encoder that not rely on cross-channel attention
» Related publication: [ICASSP'22]

« 4-2: Training method of single- and multi-channel end-to-end speaker diarization

« Core contribution: Iterative operation of transfer learning and knowledge distillation between two
» Related publication: [SLT'22]



4-1: Co-Attention-Based Multi-Channel EEND

« Method: Co-attention

* Process multi-channel input

 Equivalent to the conventional self-attention when the number of channel is one
- Not heavily rely on spatial information

Self-attention Co-attention
i Query  attention | | Query __— Attention |
. weights ! . =  — weights !
Tch ! i Multi-channel |
input | Key input | Key |

Value

B i Stack A
— —> | —> 1 ——> —>




4-1: Co-Attention-Based Multi-Channel EEND

* Datasets
 Two types of simulated 10-channel two-speaker datasets 2/ & \e &
» Sim2spk-multi: Two speakers are at the different positions & ¢ & &
« Sim2spk-multi-hybrid: Two speakers are at the same position Sim2spk-multi Sim2spk-
multi-hybrid

* Results

 Co-attention-based model improved DER by utilizing spatial information

« Co-attention-based model did not degrade even when spatial information is not available
* Sim2spk-multi (1ch) & Sim2spk-multi-hybrid (1, 2, 4, 6, 10ch)

Algorithm

1ch + posterior avg.
Spatio-temporal [Wang+'21]

Co-attention (proposed)

5.13
6.34
4.68

Sim2spk-multi Sim2spk-multi-hybrid
2ch  4ch  6ch
4060 431 419 410 6.0/ 568 542 538 5.33
302 1.56 1.28 1.07 811 823 698 6.72 640
252 171 140 1.23 573 534 5.05 518 535
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4-2: Mutual Learning of Single and Multi-Channel EEND

* Method: Mutual learning

* |teratively conduct the following:

* Knowledge distillation from multi-channel to single-channel EEND

* Finetuning from single-channel to multi-channel EEND

* Results

* Proposed method improved DERs of both single- and multi-channel EEND

® DER (1ch)

@ DER (4ch)

—> Knowledge distillation (multi to single)
—> Finetuning (single to multi)

5
4 o411
< ® 334
X 3 =4 .
2 ® ® @
) 217 2.08
1
Without Mutual Mutual
mutual learning learning

learning (1 iter) (2 iter)




Summary of Chapter 5

* Problem

« While the end-to-end approach is promising, cascaded approaches are still powerful
« Cascaded approaches require overlap detection and speaker assignment as the last step

* Solutions
« Use end-to-end speaker diarization for overlap detection and speaker assignment of cascaded
approaches

 Core contribution: An algorithm to use EEND to refine the results from cascaded approaches
(EEND as post-processing)

» Related publication: [ICASSP'21]



Chapter 5: End-to-End Speaker Diarization as Post-Processing

Initial results
(from

cascaded method)

-

Results after
Update #1
(Speakers 2 & 3)

-

Results after
Update #2
(Speakers 1 & 3)

Do

Results after
Update #3
(Speakers 1 & 2)

frame index

Speaker 1
Speaker 2
Speaker 3

frame index

Speaker 1
Speaker 2
Speaker 3

frame index

Speaker 1
Speaker 2
Speaker 3

frame index

Speaker 1
Speaker 2
Speaker 3

123456 78 9101112

123 456 78 9101112

123 456 78 9101112

123 456 78 9101112

* Method: EEND as post-processing (EENDasP)
For each speaker pair:
1. Select frames not containing other speakers
2. Process the frames using two-speaker EEND
3. Update the results of the frames

* Results on the DIHARD Il dataset
v" Consistently improved DERs on both datasets

v" Can be used with other overlap detection and
assignment methods

DIHARD Il baseline [Sell+'20] 40.86
DIHARD Il baseline + EENDasP 37.90
BUT system (w/o OVL) [Landini+'20] 27.26
BUT system (w/o OVL) + EENDasP 26.91
BUT system (w/ OVL) [Landini+'20] 2711
BUT system (w/ OVL) + EENDasP 26.88

OVL: Heuristic-based speaker assignment



Summary of Chapter 6

* Purpose
» To show how speaker diarization is important for meeting transcription ‘
using distributed microphones (e.g., smartphone / tablet device) ® o
without any special devices (microphone arrays, omnidirectional cameras) - ] 0\ ==
o o
dh D a

* Solutions

« Speaker-diarization-driven meeting transcription using distributed microphones

« Core contribution: Demonstration of the effectiveness of the diarization-driven ASR on the realistic data
+ Related publication: [INTERSPEECH'20]



Chapter 6: System Overview

Synchronization

Mic 1

MiCZWJ J 8 .1

. shift ]
LA ||| v “ \d

Synchronization using
signal correlation

Diarization

Speech enhancement

Mic1W W_}“w

Mic 2. —orot-ilobt— i St ot AN
- G

Spk 1 [#1 ] [#3]

Spk 2 [ #2 | [#4]

Cascaded diarization
with oracle number
of speakers

uide| 3 *.,
L
Ll m

Diarization-guided
speech enhancement
[Boeddeker+'18]

Speech recognition

#1 v — (wy, kq, t5,t7)
#2**_’("’2;]‘213»@)
#3 *’ — (W3, k3, t3, t3)

#4 '* — (Wy, kg, t5, t5)

ASR system [Kanda+'18]

Duplication
reduction

—— (wq, ky, t7,t7)
(W2, ke, t5,85)

——> (Wy, ky, t5,t5)
Similar results with

highly overlapped
segments are merged
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Chapter 6: Result Summary

* Dataset
* ~2 hours of meeting consists of 8 sessions
* 5-8 participants
« 11 smartphones for recording
» Each participant wore a headset microphone

* Results

 Using multiple microphones successfully reduced the ASR performance
measured using the character error rates (CERSs)

* If the oracle diarization results were given,
the system achieved nearly headset-level CER
- Highly accurate speaker diarization is important

 Limitation: Diarization-guided speech separation is super slow

o o ®
- - -
e [] 0 0
-
S |00000
- | [] 0 0
o o o
- Y Y
1 38.2
2 314
3 33.7
6 30.2
11 28.7
11 yvit.h o.racle 218
diarization
(Headset) (19.2)




Summary of Chapter 7

* Problem

» Diarization-guided speech enhancement (guided source separation [Boeddeker+'18]) is too slow for
real-time applications

* Solution

 Block-online algorithm of guided source separation

 Core contribution: Real-time operation of guided source separation without performance degradation
» Related publications: [SLT'21]



Chapter 7: Related Work

pre-context post-context

« Guided source separation (GSS)

» Utterance-wise separation that utilize pre-context and I'z:; E?OLS%)
=2 (Sp

post-context of the target utterance (~15 sec for each) k=3 (Spk 2)
k=4 (Spk 3)

 Use diarization results for conditioning in the separation step o
Processing interval

v Perform well under unstable conditions (e.g., distributed microphones, moving speakers)

X High computational cost due to redundant calculation (Almost the same processing interval > redundant

(85.44 hours to process 4.46 hours of CHIME-6 data)
X Latency depending on utterance/post-context length E E

Processing interval Processing interval )
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Chapter 7: Proposed Method L1 Block input I 4 Processing interval

=1 (Noise)
=2 (Spk 1)
3 (Spk 2)
4 (Spk 3)

k
=1k
* Proposed method: Block-online GSS " .

* Process block-wise inputs with their pre-context only B
k=1 (Noise)
n = 2 k=2(pk 1)
v Avoid redundancy of utterance-wise processing k=3 (Spk 2;

k=4 (Spk 3
v Latency depending on the block length -

k=1 (Noise)
. k=2 (Spk 1)
. n =3 .3 pk2)
* Experiments k=4 (Spk 3)
» Dataset
* Two sessions (S02 & S09) of the CHIME-6 dataset
* S02: 8,902 sec
* S09: 7,160 sec
« Computational environment

* |Intel Xeon Gold 6132 CPU @ 2.60 GHz with 1 thread

Execution time (sec)
Session S02 S09 S02

 Similar ASR performance in word error rate (WER)

: L Offline GSS
« 32x faster calculation, which is fast enough for Boeddekers g 022 o1.1 183529+9567 1240547114

real-time operation

Blocé—sosnllne 50.6 533 6135 +93 3418+ 66
3




Conclusion

 Part 1: Study on speaker diarization

* End-to-end speaker diarization for unknown numbers of speakers (Chapter 3)
« EEND-EDA: A method of overlap-aware diarization of flexible numbers of speakers
« EEND-GLA: A method of overlap-aware diarization of unlimited numbers of speakers
 Block-wise speaker-tracing buffer: A method to enable online decoding of EEND-GLA
* Multi-channel end-to-end speaker diarization (Chapter 4)
« Co-attention encoder: An encoder that can treat any numbers of channels
* Mutual learning: A training method to improve both single- and multi-channel diarization
» End-to-end speaker diarization as post-processing (Chapter 5)
« EEND as post-processing: A method to use EEND for overlap detection of cascaded approaches

* Part 2: Study on applications of speaker diarization
» Speaker-diarization-driven meeting transcription (Chapter 6)
* Meeting transcription system based on distributed microphones

 Block-online speech separation conditioned on speaker diarization results (Chapter 7)
+ Block-online guided source separation: Fast and accurate speech separation method
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Future Work

* Joint modeling of speaker diarization, speech separation, and ASR
 Speaker diarization is informative for speech separation and ASR
« Speech separation / ASR is also informative for speaker diarization [Xiao+'21] [India+'17]

One model / Co-training

Speaker
diarization

Speech
separation

 Hop -

QW_ ASR

:@e

Hello. I'm calling about a coffee machine

| purchased from your Web site. It
stopped working even thou

had it for very long. | expected it to last
much longer than this.

Ohlms orry to hear that. Our warranty
s products for up to a year. Do you
kowwh n you bought it?

—>I€ﬁ

I've had it for a little o the
warranty has s pro b b|YJ t p d This
o disappointin

Well, I'll tell you what we can do.
Although we can't replace it, since

you're a valued customer | can offer you
t off your next

a coupon for forty percen
purchase.
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