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Speaker-related Tasks

Speaker Modeling

Speaker Recognition
Tradition Speaker Modeling

GMM-UBM
Joint Factor Analysis
i-vector Speaker Diarization
i Transfer
Deep Speaker Embeddings & Target Speaker VAD
d-vector
x-vector Joint Modeling
r-vector
|:> Target Speaker Extraction
pantbeakerModeling ] Multi-speaker / Zero-shot

Text-to-speech

Multi-speaker / Zero-shot
Voice Conversion
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https://speech.ee.ntu.edu.tw/~tlkagk/courses/DLHLP20/
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Embedding
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Encoder Network Decoder
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°o MET — HATRLER

o X4t R AAEEBATRA T HEAE
. k GMM-EM %] GMM-UBM (2000s)

o A HFAEL, RG2S

o I MAP i p# X EM 94

. A2 &= % i-vector (2010s)

o [kt FolZia 4M2

o REILIEARIE

- AR X E H) A X (2015- 2 4)
o IREAYZ L& T ILiE ABN
o 3 %35 ) 5 Xl 44

ER

2026 4 10 A 16 A

10 / 164
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o et (VQ): BH#AALIL; A TIEHaYITE,
o ZITRAHA (GMM): #HuFEA mAER, L EM )%,
o AFMEKMITHBRBEXIES; TIFis FEHIESH.

VQ 84 5 IR
O&ﬁ%%MT%&iEﬁ E%L%%?E%T%%o
o FZ. FLikitwmk;, ReicAE MR NATIR,

AH 2 GMM & %
o Woym Aty £ AR R ILIEAN L F .
o AR B HRMAIN 5 TH EE B &S FoiME,
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X B2 F
o @A FFARM (UBM): FrAMiEALTIWMIHIEARREEFZTN.
o MAP git i : 1 A A FRaGi%iEARIEN UBM HFii8 AR (FaEBE Fi54)).,
o MLAKILIT 4 log p(X | spk) —log p(X | UBM) A T3&4E,

S A
o B IEMMBIE T oy itk ; HUtHIZ1E 210,

o ARMARIFEELT TEN., THEGAE (Lis. ZALNEF),
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GMM-UBM & GMM-#3 5

GMM-UBM d: d =
SHIRAHER (GMM)?
GMM
_’ Q@ p(x) = KN (x| e ©) st Tha=1
o Sequence of 1 Q@ LT o A7 AR VAR L U/ B 3 5 A 44 A AL R M 2L A R AL
o M — A= Q@ Nkl GMM itis Al 5 AR ENY, BATHETIA 2k og 5
0=1[0,,0, ... 0, ... Oyl — EA
UBM
e 1 — ®AF TR (UBM)
Speech signal e ) e W
e e A o m © i, —AAMEMEFAAIR (L), AR HIED % GMM
e @ Ttk fe KK D% UBM, %538 B 4% & 3Lis Ar) 236

GMM-#2 15 &

: GMM-UBM? 3iti& A ARAR A @ EBAA BN M FRATIHIBA

. ?Reynolds et al., “Gaussian mixture models.”
?Zheng, Zhang, and Xu, “Text-independent speaker identification using

gmm-ubm and frame level likelihood normalization”.
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AT MR A AR 09335 ASEAR- MR 2
o £ GMM-UBM # %t il A MR kit T Fmag e, AE—BFAY, A
o T AA A AMRIR
Ho: Y& & BAFILIEAS
Hi: YRRk B RAFLIEAS
o AR LT A WA T A BRI R

Al L POYLH) [ 20 sk
TT 8 o(YIH) <0 #%H

b T AZEMIRE TS, 0 HFURRIT 1A
o FERIKITHET, p(Y| Ho) AiEF Yoy ied B EiLiEA S 89 GMM LayiE F A,

p(Y| H) AiEF Yaydiee 2 £ FAEHED Loy E . £ GMM-UBM Z4 ¥,

28 UBM 1% B A B R T HMiKiE 18 T B ARILIE Aa iR
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AKX 3: MAB )= F| i-vector (2010s)

I 3y 4 B K 2 2 18]
o A& & SVM: 4 gif g GMM M EHE B M IAEE Hka 6 E; RA(ETZEHA,
o BT M (T) BAE: IKERTHWH; EERELETE (i-vector) B &L Adf{ziE,
o i-vector #2I: £ N(m + Tw,X) oy gibdks, 4 %A wc R,

&3t A A ME
o k/ZJa—1t, LDA/WCCN A F£Ia /% k5 254,
o PLDA K&zt 4 A TAUERIE.
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i-vector

GMM-#8 5) = a9 &k &
e Feat @ mmEAMBHE (AFHTA), HAEHFEAF IS
A |-Vector Extractor

Al T ’l’%‘ﬂ@é‘ﬁ}ﬁﬁﬁ &4 i-vector?:

s UBM‘ ‘ S ‘ PLDA Score M(S) =m-+ TW(S)
i i Q@ M(s): it A s i) GMM-2 8
Feat Q@ m: HiEALXREE
Al ‘>| |-Vector Extractor [ I %z{ﬁ-‘r&%é%, WHRIEBERATHA TR LR (HiEAIEEfolEiE
EEES

F: & F i-vector 4itik AR A KAER O wl9): itk s i vector

?Dehak et al., “Front-end factor analysis for speaker verification”.
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T HHY i-vector iLiE AR AL

i-vector 3 ILiL A2
(1] UBM Wk AR RGN GE R H AR
Q@ YT FMsEHEING: 53 T 4%
Q E¥%iEF2: i H w= EwX]
Q@ KEVI—: Woorm = oy

[Iwll

J& 3% FMER K Wik
o LDA: ZMH|5| 4547 o PLDA: #EZ & )5 504
o HAMMERF E o EEHLiEANT M
o FIMLEAF E o PRARMEE A
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AP 2N Fe )| 45
o x-vector/TDNN, ResNet/ECAPA %% ; &% A%t fel Fot i b .
o KiZfEn KM AK (AM-Softmax, AAM-Softmax) A F#|7| XLt A=A .
o MAEMBAKAEL AT EHME (o, RE. HMAGE. 2id).

# Yokt Al
o A YWEMI% (4o wav2vec 2.0, HuBERT) 14 7 3% R 3% 2| 5% #0A .
o {894 7% /PLDA f& 3% £ RAFI B BN T RI TS /.
o LI MK (4o VoxCeleb) E EER/minDCF f£24 %iF 4 Fi34:42 4,
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Wik AFAES T
%R iEFiEE O = {o1,--- o7} € RT*P 2 Jufh il F IRIGHLIE A KAE:
v = F(0) € R
il
® oy HYI] t a9IZR B F4FIE
o T: M

o D: AFfEthE
o v: B EKEILIEAMN
o di N
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WiZR vs FEZRAKAL

i £% (d-vector)
o [EMZBATE L4
o NS RE

o [ e REA R

4R (x-vector)
o AEiLiEBATE L%k
o ML RAIRE
o F4FayEAE

ER

Speaker Classification: P(Speaker|X)

Classifier

— J———— |

‘ Embedding — SPeaker

: H H Embedding

H @ : H

i oo : i i
: Speakgr © H T :
i Embedding g H H :
: < i : . i
: i : Pooling :
rocessi : H I

Frame-level
Speaker Encoder

D]]] seee |:|:| Acoustic Features X
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1D vs 2D %47

CITEDITTTTTTT]

1D &4 ) Time Axis ]

o JLuYIA) 2k R a) 1D Convolution for raw wav input

o It H M AKK g 7]

o Tk KA LI :

o i FRAHM 3 >

o SRFHHA IR T Tmeaws
2D A= b) 1D Convolution for spectrogram input

o LI A0SR B A 2 (FEEES

o TAFaguTIRAAL Eies

o BHHIHIAA H|=t

o FAFHYIEARE A T e
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d-vector

Stacked filterbank
energy features. d-vector is the averaged activations
from the last hidden layer.

d-vector? B44r%:

‘ @ HRE A2 ML TFitis AE LR T R K
k) BT L i-vector 4y BA4FE AN
MBHNT ) AiEEEE: MiLiEA ID & CE Il4
$#A %%: TDNN/LSTM/CNN LudiiF it (Riz& A 4it)

P(spk,) wE: FEI AR, R TaEE, KER
Bt FH N SR KARE L x-vector 35

Fully-connected maxout hidden layers.
The last two layers drop 0.5 activations.

a\/arian " .
Output layer is removed in Varlamle.t al'., vIyi)eep neural networks for small footprint text-dependent
enrollment and evaluation. speaker verification”.

4 : d-vector %2 #4
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x-vector

Statistical Pooling Layer

D Layer 3

D Layer 2

D Layer 1

Input Frames

[4: x-vector % B &4 TDNN 224
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x-vector? ay#F%:
@ 4/ il HEE (NIST SRE) b Mt 57 i 3R iLis AR
@ 5 —AFINBE A T
@ 3% k497 tk ECAPA-TDNN®

B I s
1 L o
p=—>> h (bt €R")
Tt:l
sitiefe:
1 T
o= 4|=> (h —p)©2
Tt:l

v:[,u;a]E]RZD

?Snyder et al., “X-vectors: Robust dnn embeddings for speaker recognition”.

bDespIanques, Thienpondt, and Demuynck, “Ecapa-tdnn: Emphasized channel
attention, propagation and aggregation in tdnn based speaker verification”.
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r-vector

! [
! 1
! |
! |
! 1
! |
! 1
! 1
! |
| ReLU | o
! 1
! |
! |
! 1
! |
! 1
! |
! |
! |

- Kf
r-vector? Ay R4

@ VoxSRC 2019 A fRifi o9 Mk A %
| @ = DIHARD 2019 Fif 4 /N3R5 049 55 A% & 4 A E N

1x 1 Conv

3Zeinali et al., “But system description to voxceleb speaker recognition
challenge 2019"; Wang et al., “Discriminative neural embedding learning for
short-duration text-independent speaker verification”.

[ r-vector % i 89 ResNet 22 #j
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Supervised Loss

!

Speaker Encoder

!
fit

() Supervised Training

Contrastive Loss

)

Speaker Encoder

1
|\I||

Positive Pair  Negative Peir

Contrastive Leamning based Method

Distillation Loss

1 1

Non-Contrastive Learning based Method

(b Self-supervised Training

Ghikd
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Supervised Loss Pseudo Labeling

[ Method
Speaker Encoder
R
|[u]i H[ufip 1[n]ih o Label
i i o<
Labeled Data Unlabeled Data Unlabeled Data

(With Pseudo Label)

Estimate Pseudo Label for Unlabeled Data

Joint Supervised & Self-Supervised Loss

1

Speaker Encoder

4 A
|||\|\.‘||||| | |.|.||..|. I

Labeled Data Unlabeled Data

Joint Supervised and Self-supervised Training

(c) Semi-supervised Training
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o GMM, i-vector T4k A% & MLP
@ d-vector, j-vector, x-vector: '»F 10 &
o 7 ResNet 942 % (% WiXE: 34 &, APy EE 2903 ZL £ 500+ £)
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0 JIIANBXAEUIRIFLEZL,
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%4E vs ASR (Zh#1L)

ASR (3175 #4%) PiE ATIE
o MaFHM E: FEH/FTHELELT o MerEat AR BLiE ALV AT K.
W o BRAELRE/ KT EARE oW
° ?i: f ChadT B E R KAy Rk # SEo
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83k fy k4% )2 —1t Softmax

)2 —1k

sj = scos 0},
A O & vIew ZHAE, s>0ZRE (HiBE).

e5cos 0y

ENorm-CE = - 1Og W

JUATAR B
PRFTEEEBRE EAFRDAEL, 5 v aRETFs—3
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SphereFace: #ik A E#5E

escos(mby)
E = —1 > 1.
og escos(moy) + Zj;éy escos b’ m >

) /7{’\-;?:1&};% M 01 =09 B mb = 05,

o b Faltay fEAEA K.

EEFM

AR DATRRALE, BFF LR K/ BRI,
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es(cos 0,—m)

— .
L og es(cosey—m) AL Z_];éy e56050j7 m>0

o fifFE: =K cosby, > cosbj+m (RIEZFFayFIAE).
o fh.E: MEAAZ MM L FE K,

HAFEARZTRTHATEA R FATH; AR 0 T,
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escos(9y+m)
eScos(fy+m) 4 Zj;éy escos b’

L=—log m > 0.

o fRFE BR O, +m< O (FHKAENR).
o .5 EMTAY UM B KAy AR E AL,

KIS
BRFAEALE N (F cosd R E] [—1,1]; 8L TRBEMHRE A BHIRIE).
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A 171 ArcFace & & 3% ¢

s st

HAEALE 38T (3.3 cosl. M arccos) F3IE ArcFace %A, 1212 ArcFace B [+ H %4
BRI A EARME ], LR &K e K (SphereFace/CosFace) B [+ A2 TRF I,
X HAL - F 09 B AT B R,

FAE T BB AT

R H H % arccos R 0 ¢ 2t cos O #8 3T B AR 2
CosFace % (4R cosh) 1% (R0 R YohaEIRlE)
SphereFace % (fFANXRZF) T (BEEIXFH A cos(ml) 47 /E)
ArcFace & (2LIRRIE 0) % (A0 H A#EE NaN)

@ ArcFace J& % : arccos & [44ik3R ], cos@ #3350 E BF AR % ;
o HibIAk : arccos & [Tk, BMFFRH MR, RPEI%4,
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=ArAE—YE

ik 71 3B 3%, FFRAF (L vs 2)
SphereFace A& (Fi%) cos(mby) = cos(6s)
CosFace &5z (mik)  cos(01) — m = cos(2)
ArcFace g (heik) cos(6y + m) = cos(bs)
tF Tia =
CosFace: 43z 4%, AT AL T M Fek 1826 4% ArcFace
ArcFace: P % 4%
SphereFace: FuikF 6,
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Lecenter = 5 Z ||Vi - c)’i”%‘
i

o il it B AR Y IiE AN £ K FPAAIE softmax,
*/‘11\75 L= 'CArcFace/CosFace + ACcenter; 'fim a8 él] Ao
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escos(0y+my)
L=- log escos(0y+my) escos(6—m;)
ytmy) Zj;éy j—my
L my,m; >0 HEF AERAFLHK
° %7‘\“/\-» \»' ﬁxn 5 /\ﬁaq:,;] 7 iﬁ”&éﬁiﬁ&‘%%”ﬁ

7 PR EE
°ﬁ$“”%%%&ﬁﬁkkﬁ

o XA BIESHIEIER & KR
o XMy ALA ZHah K AL A PR DR

o & AFRFIE RFHTIR) M ; ALK AL FATE
EIE B
F RGN AL MG L AR E A EIT Mkt
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o A KA AR
o B W HFI &AL
o ASR ¥R 4744 1,
o HEIIA

o AL H ik
e SimCLR/MoCo/DINO
o Btk K%
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o B WEFIGiEFAEA
o Wav2Vec?
o HuBERT?
o WavlLM¢®

o UniSpeech?

?Baevski et al., “wav2vec 2.0: A framework for self-supervised learning of speech
representations”.

PHsu et al., “Hubert: Self-supervised speech representation learning by masked prediction of
hidden units”.

€Chen et al., “Wavim: Large-scale self-supervised pre-training for full stack speech processing”.

9Chen et al., “Unispeech-sat: Universal speech representation learning with speaker aware
pre-training”.

ER

Mask Prediction Loss
Target labels
| | | | |

Transformer Encoder with
Gated Relative Position Bias

t t t t
)il ﬁ (. ﬁ )is xf
CNN Encoders

t t
Utterance
Mixing audio W

&: WavLM #2A) 22 %
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EL3

Pre-trained Model Speaker Verification

Pre-trained Models Usage Method : Part

e

Fully Fine-tuned

Partially Fine-tuned
(e.g. Adapter, LoRA)

ASV Downstream
Model
Fixed H

A

Pooling Layer +
Linear Projection

vhbd

E LS

1. HFAEdR A A8 R TR 445 4R 1E A4 A
2. BOA: 4Hatitis AR SiE B T AR
3. 345553 AR ENES

ER
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Pre-trained Model ECAPA-TDNN
",

( Transformer Layer L

AAM-Softmax

—> Speaker Embedding
FC layer

Attentive Statistic Pooling |

FEE AR IEAE 4 L 4% SSL & 452
[ Transformer Layer 2
o AT A2 44 % fE#rdk Fbank o3

( Transformer Layer 1

52 3] Ao R Fe

( CNN Feature Encoder

ECAPA-TDNN Frame Encoder

Fbank Feature

} (NI

x

a : . . STFT + Mel Filter Bank
Chen et al., “Large-scale self-supervised speech representation learning for X

automatic speaker verification”. X

[ Hidden Representations Sequence

w Learnable Weight

] AR TR AR £ AE
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ik

w2 a
s

o Az KA TR AR

FEiiE ABSE b 3 2GR 6

LA b g e

o 1% Al i& Fie 3 £ LiE ANE L SRR

?Peng et al., “Parameter-efficient transfer learning of pre-trained Transformer
models for speaker verification using adapters”.

ER
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Speaker Extractor
Back-end

x N
(_hddanom )
Feedforward Feedforward
[ Feedforward ] Feedforward
i)

Add & Norm

(awenion )
@EREY

CNN Encoder
O Learnable

Wb e O OO

Waveform
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F R TR h AR LR

KA XA g BEFAI 442 w2v-BERT 2.0, SOTA 4482

Audio () Layer-wise Weighted Average Model

1O T A

Feature Extractor

“_ . Speaker |
@ Speaker Model Embedding

Feature Projection

Positiomal ¥ ||| || T e
Embedding Layer Adapter0

3 |

Conformer Layerl “ Layer Adapter1 .~ ‘ D :
H s Linear ! H Teacher model ;

Conformer Layer2 ; Layer Adapter2 H i ' Layer|outputs i
i o i H eogeny Vo i

H i i distillation loss |

e i Speaker ! H Layerfoutputs i

: i Embedding | | @ P
Conformer Layer24 i+ Layer Adapter24 i i Student model i

A: #1 8 w2v-BERT 2.0 fofoif A48 5] 504 25 M) 1007 B8 7% 35035 A DS TE M AR

2, Cheng, and Li, “Enhancing Speaker Verification with w2v-BERT 2.0 and Knowledge Distillation guided Structured: Pruning”.
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FELiE AR AE 4 EAKE ASR AR 2P

o /Al ASR i | AT
o A itiE AMEF I At 1L

?Liao et al.,

bcai et al.,

“Towards a unified conformer structure: from asr to asv task”.

“Pretraining Conformer with ASR for Speaker Verification”.

ER

Embedding +————|  Linear+LN
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Attentive Statistic
Pooling

Linear+Swish+LN

| CTC Loss | | 2R Avenion | [mm,mm

L2R Decoder

Conformer Block | xN

T

T

|

‘ Conformer Block |xL

| Conformer Block ‘xL 1

Positional
Encoding

Convolution
Subsampling

Positional
Encoding

Convolution
Subsampling

[
Inputs ASV

ASR  Inputs

A: ASR £ #7%
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‘Within the same track = same identity but different content

s ARIELE S b MR T w0 RIL

i)

o kBRI EiER K BB T AR BLiEA N

o RATRISB0 A LET RALEA Lkl
?Huh et al., “Augmentation adversarial training for self-supervised speaker »MMW

recognition”.
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3Wan et al., “Generalized end-to-end loss for speaker verification”.
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8Li, Han, and Song, “CDMA: Cross-Domain Distance Metric Adaptation for Speaker Verification”.

gLi, Zhang, and Chen, “The coral++ algorithm for unsupervised domain adaptation of speaker recognition”.
ER

2026 4 10 A 16 A 64 / 164



Channel Loss1

—

Speaker Loss D -
| | Gradient Reversal | !

T ‘ ChamelLossZ

nbeding | < o IR TR R K B AR AE PR TR ) B
Ders v § OB R, BRI e R R KR AR A

SEEm ORI RO RRR R A AR AR

Statistics Pooling

2Chen et al., “Channel invariant speaker embedding learning with joint

TDNN Feature multi-task and adversarial training”.
Extractor

Frame-level

T

input segment X

& 1518 B4 3] 45 492

ER

2026 4 10 A 16 A 65 / 164



NANJING UNIVERSITY

RAR AR ZF AT, ks &AL ER EFIIMERA B T W R AR ARG £
JEAEBRR BN

x

m m N~ Embeddmg extractor Embedding
for unseen domain ol
J_ : + g
domai y — ] 2 &
classifier £ =3
s ‘g
embedding Vi : §-
Domain Label : (g
oacaion At 4
@ | head J d (N, D)
I [ T T . ‘ ,
) soft / hard label encoder block D BDA D EDA speaker embedding !
(b) [ BDA (c) [JEDA

(a) Model architecture

[ R T 1 e ey E 410
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P1, P2, -, PT |: Tttt
NG 'R
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Fig. 1: Implicit phonetic attention by combining LFB and
PBN features at the input layer (LFB: log filter bank; PBN:
phonetic bottleneck).

ﬂ:%’l‘ 5k

Tk A 15

Speaker embedding z

Attentive pooling

R=[r,12,...71] [hy, by, ..,hp ] =H
tttt t
CNN (2-D) CNN (1-D)
Frefeft ttitttt
X1, X2, vy X7 P1, P2, Pt

LFB features PBN features

Fig. 2: Explicit phonetic attention by routing LFB and PBN
features through separate networks (LFB: log filter bank;
PBN: phonetic bottleneck).

5Zhou T, Zhao Y, Li J, et al. CNN with phonetic attention for text-independent speaker verification, ASRU 2019
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Table 1: Network configurations of PacNet
Layer 7 Linear In=1024 Out=1000
Layer 6  Pooling In=1024 Out=1024
Layer5 Convld In=2048 Out=1024
tayer2 [ convid | [ convid | [ convid Layerd Convid | Out=512 | Out=1024 | Out=512
i kernel=5 | In=512 In=2048 | In=512
Layer3 Convld Out=512 | Out=1024 | Out=512
kernel=5 | In=512 In=2048 | In=512
Layer2 Convld Out=512 | Out=1024 | Out=512
kernel=5 | In=512 In=2048 | In=512
Layer 1  Convld Out=512 | Out=1024 | Out=512
Lover1 ol Ve kernel=5 | In=40 | In=140 | In=100
Stem Acoustic ~ Coupled  Phonetic
o 1% Triplet 4 %k ¥ R softmax i &

acoustic phonetic

Acoustic Stem Coupled Stem Phonetic Stem

16

16Zheng, Lei, and Suo, “Phonetically-Aware Coupled Network For Short Duration Text-Independent Speaker Verification.”
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R Kenny, Patrick, et al. "Joint factor analysis versus eigenchannels in speaker recognition.” TASLP 2007
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Fig. 3. The architecture of the proposed DROP-TDNN x-vector system. DROP-TDNN consists of three training procedures, including phonetic information
prediction. and speaker recognition.

20 Hong Q B, Wu C H, Wang H M. Decomposition and Reorganization of Phonetic Information for Speaker Embedding Learning. TASLP 2023
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Figure 1: Illustration of information composition of different discrete speech representations. Speech
tokens are represented as colored circles and different colors represent different information.

22Zhang X, Zhang D, Li S, et al. SpeechTokenizer: Unified Speech Tokenizer for Speech Large Language Models[J]. arXiv preprint arXiv:2308.16692, 2023.
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23Wang, Qian, and Yu, “What does the speaker embedding encode?”
24Belinkov and Glass, “Analyzing hidden representations in end-to-end automatic speech recognition systems”.
25 Raj et al., “Probing the information encoded in x-vectors”.
26Zhao et al., “Probing Deep Speaker Embeddings for Speaker-related Tasks”
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29| j et al., “Reliable visualization for deep speaker recognition”.
30 et al., “Visualizing data augmentation in deep speaker recognition”
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4.

(a)

1. similarity of /v/: 0.989

evidence 2. similarity of /t/: 0.975
= sl

inference |
target

(b)

ER

Why 0.914 score for this trial:
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Phone

segment
(Enroliment)
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Phone

segment
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(©)
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3(AH) | 6(AY) } 17(H)

Phone
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3(AH) | 6(AY) § 17(H)
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Uniform segmentation

Embeddings

Clustering:
agglomerative hierarchical
clustering,
spectral clustering, etc.

32Thanks to Mireia Diez Sanchez for the figure
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AT TS-VAD #

J" Embeddings |
Initial Labels Per-speaker ——> Labels
Recording diarization > embedding | TS-VAD —/———
system extracton ————

Binary VAD decisions are made independently for each speaker per-frame
with the same NN

25ms
P
[s1] [A]1]1]1]1
Speakers [S2] 1]1]1
P s3] 1]1 1]1]1]1
|54] 1]1[1
Time

33Medennikov et al., “Target-speaker voice activity detection: a novel approach for multi-speaker diarization in a dinner party scenario”.
34Thanks to Mireia Diez Sanchez for the figure
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35 Fujita et al., “End-to-end neural speaker diarization with self-attention”.

36 Horiguchi et al., “Encoder-decoder based attractors for end-to-end neural diarization”.

37Thanks to Mireia Diez Sanchez for the figure
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o JAGF: AN, BHKITiE. LiERF. RELH. HEIHEF.
o 5 HEBRME” AKX AERIEFTTRIAFE L,

£33
o TEIET: $AHIEARMNILIESERMRE.
o iEARS: TURS “HATHAY, TREHM “iEiay”.
o HEFHEL: KAME. fwABARENY §ILIEAZIEIRY .
o FFESIBE: A, 2 F. 2. R, ER/HFARRNE,

38He and Whitehill, “Survey of End-to-End Multi-Speaker Automatic Speech Recognition for Monaural Audio”.
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Yeah, the game? (a) Diarization-Segmented Cascade System
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Single -
oo
Did you see "'"'-l'-"II|III|III|II| I um yan e game IO

Yeah, the game?

(b) Separation-Based Cascade System

e Diarization-Segmented: %t “Hit AN, B ELiEA ASR,
@ Separation-based: & “iE&F 5B, HEiLiEA ASR,

39He and Whitehill, “Survey of End-to-End Multi-Speaker Automatic Speech Recognition for Monaural Audio”.
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(a) Single-Input Multiple-Output Framework

Speaker 1

Speaker 2

Speaker 3

Model How are you <sc> Good <sc> Fine

(b) Single-Input Single-Output Framework

o ABEMNREFMBWIEANTBET, # 72 XAIKERE TR,
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waveform Encoder embedding
. log-mel
Synthesizer L spectrogram
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phoneme —— Encoder [~|concat —| Attention | Decoder Vocoder — waveform
sequence

40 Jia et al., “Transfer learning from speaker verification to multispeaker text-to-speech synthesis”.
4L Casanova et al., “Yourtts: Towards zero-shot multi-speaker tts and zero-shot voice conversion for everyone”.
2wy et al., “Adaspeech 4: Adaptive text to speech in zero-shot scenarios”.
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[ |
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Neural Codec Language Modeling

A At TR
e S
Phoneme Conversion Audio Codec Encoder
Text Acoustic
Prompt Prompt

Text for synthesis 3-second enrolled recording

43Wang et al., “Neural codec language models are zero-shot text to speech synthesizers”.
4Dy et al., “UniCATS: A Unified Context-Aware Text-to-Speech Framework with Contextual VQ-Diffusion and Vocoding”.
4Se et al., “Voicebox: Text-guided multilingual universal speech generation at scale”.
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Semantic Speaker Semantic Speaker
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® E E o VITS Wav

Speaker

Wav

loss

FFT Blocks|

speaker
encoder

Prompt
Encoder

speaker prompt Wav Text speaker prompt Text speaker prompt Noise Text

Prompt
Encoder

Duration Text
Predicter Encoder

(a) training process (b) inference process (c) prompt encoder (d) zero-shot VITS

46Zhang et al., “PromptSpeaker: Speaker Generation Based on Text Descriptions”.
#TStanton et al., “Speaker generation”.
48Shimizu et al., “PromptTTS++: Controlling Speaker Identity in Prompt-Based Text-to-Speech Using Natural Language Descriptions”.
“9Bilinski et al., “Creating new voices using normalizing flows".
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Decoder

Positional
Encoding
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Encoder

Positional
Encoding

Input Feature

(b) SI Manipulator

(¢) Encoder and decoder architecture

NANJING UNIVERSITY

Add & Norm
ConvlD
Add & Norm

Multi-Head
Attention

N

5OZhang et al., “SIG-VC: A Speaker Information Guided Zero-Shot Voice Conversion System for Both Human Beings and Machines

51Chen and Duan, “ControlVC: Zero-Shot Voice Conversion with Time-Varying Controls on Pitch and Rhythm

52Hussain et al.,
ER

“ACE-VC: Adaptive and Controllable Voice Conversion Using Explicitly Disentangled Self-Supervised Speech Representations:
2026 4 10 A 16 A

108 / 164



T 48 A AR £EES

Synthesis

Filter
Generator

~ Perturb ~ /- Analysis —\

L PS
| f ‘—i w2y 121

S
V\;Zstv spk !
PR — |
wav £ wav
LiP:SE v‘l Energy | LaP#S E

+|z| >|] Yingram | B

\ PRV, s/

53Choi et al., “Neural analysis and synthesis: Reconstructing speech from self-supervised representations”.

54Wu and Lee, “One-shot voice conversion by vector quantization”.

55Wu, Chen, and Lee, “Vqvc+: One-shot voice conversion by vector quantization and u-net architecture”.
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56 Zmolikova et al., “Neural Target Speech Extraction: An overview”.
57Delcroix et al., “Single channel target speaker extraction and recognition with speaker beam”.

58Ge et al.. “Spex-+: A comblete time domain speak
ER
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Figure 1: (A) is the diagram of a typical time-domain target
speaker extraction method. (B) is the diagram of our proposed
method. R is an operation for element-wise product.

59Zeng et al., “SEF-Net: Speaker Embedding Free Target Spekaer Extraction Network".
6OYang et al., “Target Speaker Extraction with Ultra-Short Reference Speech by VE-VE Framework™.
ER .
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61Stan and O'Mahony, “An analysis on the effects of speaker embedding choice in non auto-regressive TTS".
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62Ren et al., “Can Audio Large Language Models Verify Speaker Identity?”
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THABR: st

1A TR ET ik pEE ik <2s Bk >6s
Kimi (C+S) 70.20 6840 6340  52.67 53.70 73.60
Qwen2 (C+S)  59.40 5860  53.87  52.20 50.60 59.10
Step (C+S) 64.20  60.40 56.80  57.47 54.60 71.80

I
o KutKiEiE L4 T0% o0 %
o B AT E TIE:
o ¥ik%&: # 52-57%
o 4EBF K 29 50-55%

e #£1% Kimi-Audio with Concat + Silence #4748
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Kimi (R4 K) 70.20 68.40 63.40 52.67 55.00 53.70 73.60
Kimi (#38) 95.07 97.00 92.40 88.20 89.00 80.90 89.50
Kimi (FEALRAF) 94.80 93.07 92.27 85.60 80.53 77.00 89.00
ECAPA-TDNN 99.33 99.27 94.13 94.67 93.00 78.80 95.60

KA

Q@ E kvt MREEE 70% — 95%
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& LibriSpeech I a4iF1%:

A BEAEAE (%) IAREHE (%) BHREHE (%)
Kimi (R4 K) 62.09 89.61 52.31
Kimi (#¢3) 98.92 99.95 98.87
Whisper + ECAPA 99.08 99.75 98.83
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Fik T Atk

Toolkit Speaker-specific SSL  Pre-trained Models Deployment
Kaldi No No No No
VoxCeleb__Trainer Yes No No No
ASV-Subtools Yes No No Yes
SpeechBrain No No No No
NeMo No No No Yes
Espnet No No Yes No
3D-Speaker Yes Yes No No
Wespeaker Yes Yes Yes Yes
o e liE AR TR LA A
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Popular Datasets

Dataset Year Speakers Utterances Duration

VoxCelebl 2017 1,251 153,516 351h
VoxCeleb2 2018 6,112 1,128,246  2,442h
CN-Celebl 2020 1,000 130,109 274h
CN-Celeb2 2020 2,000 529,485 1,090h
3D-Speaker 2023 10,000 579,013 1,124h
VoxBlink 2023 38,065 1,455,190  2,135h

#_ Representative Speaker Recognition Datasets

Performance Trends:
@ VoxCeleb performance approaching saturation
@ Need for more challenging scenarios
@ Cross-genre and far-field datasets
@ Large-scale unlabeled datasets for SSL

ER
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if [ ${stage} —le 1 ] && [ ${stop stage} —ge 1 ]; then

echo "Prepare datasets .

./local /prepare_data.sh —stage 2 —stop_stage 4 —data ${data}
fi

IR 20 AR AR B I

if [ ${stage} —le 2 | && [ ${stop_stage} —ge 2 ]; then
echo "Covert train and test data to ${data_type}..."
for dset in vox2_dev voxl; do
if [ $data_type = "shard” ]; then
python tools/make_shard_list.py —num_utts_per_shard 1000 \
—num_threads 16 \
—prefix shards \
—shuffle \
${data}/$dset/wav.scp ${data}/$dset/utt2spk \
${data}/$dset/shards ${data}/$dset/shard.list
else
python tools/make_raw_list.py ${data}/$dset/wav.scp \
${data}/$dset/utt2spk ${data}/$dset/raw. list
fi
done
fi

ER
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B RAE

if [ ${stage} —le 3 ] && [ ${stop_stage} —ge 3 ]; then
echo "Start training ..."
num_gpus=$(echo $gpus | awk —F "{print NF}")
torchrun —standalone —nnodes=1 —nproc_per_node=
$num_gpus \
wespeaker/bin/train.py —config $config \
—exp_dir ${exp_dir} \
—gpus $gpus \
—num_avg ${num_avg} \
—data_type "${data_type}"” \
—train_data ${data}/vox2_dev/${data_type}.list \
—train_label ${data}/vox2_dev/utt2spk \
—reverb_data ${data}/rirs/Imdb \
—noise_data ${data}/musan/Imdb \
${checkpoint:+——checkpoint $checkpoint}
fi

dataset_args:
speed_perturb: True
num_frms: 200
aug_prob: 0.6
# prob to add reverb & noise
aug per sample
fbank_args:
num_mel_bins: 80
frame_shift: 10
frame_length: 25
dither: 1.0
spec_aug: False
spec_aug_args:

num_t_mask: 1
num_f_mask: 1
max_t: 10
max_f: 8
prob: 0.6

ER

HAEIG %

## add noise

dataset = Processor(dataset,
processor.
add_reverb_noise,
reverb_data, noise_data,
resample_rate, aug_prob

4 speed perturb

dataset = Processor(dataset,
processor.speed_perturb,
len (spk2id_dict))

# specaug

dataset = Processor(dataset,
processor.spec_aug, *x
configs [ 'spec_aug_args’

D
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ResNet % 7|
TDNN
ECAPA-TDNN
RepVGG
CAM++
ReDimNet

Pretrained
Frontend (e.g
WavLM)

ER

ATy ik
e TSTP
e ASTP
o MQMHASTP

K B H

add__margin
arc_margin
sphere

sphereface2

intertopk

subcenter

AR ELH

model: ResNet34
# ECAPA, CAMPPlus, REPVGG,
ResNet152
model_args:
feat_dim: 80
embed_dim: 256
pooling_func: "TSTP" # TSTP,
ASTP, MQVHASTP
two_emb_layer: False
projection_args:
project_type: "arc_margin”
# add_margin, arc_margin,
sphere, sphereface2,
softmax, aam_intertopk
scale: 32.0
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Wespeaker

4

i
JG 3% F A if [ S{stage} —le 5 ] & [ ${stop_stage} —ge 5 ]; then
echo "Score ...
@ Cosine local/score.sh \

—stage 1 —stop—stage 2 \
—data ${data} \

o LDA —exp_dir $exp_dir \
—trials "$trials”
o PLDA A
if [ ${stage} —le 6 ] && [ ${stop_stage} —ge 6 ]; then
° PSDA echo "Score norm ...
local /score_norm.sh \
(] Adapt—PLDA —stage 1 —stop—stage 3 \
—score_norm_method $score_norm_method \
. —cohort_set vox2_dev \
—;H‘;/f& —top_n $top_n \
Y —data ${data} \
o /7.1\21}5[93"4{ —exp_dir $exp_dir \

—trials "$trials”

o AT QMF aytk fi

ER
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Wespea ker Gaixa

Model Params  voxi1-O-clean voxi-E-clean vox1-H-clean
ReDimNetB0 1.0M 1.128 1.181 2.008 - .
T Jit:
ReDimNetB3 32M 0.537 0.790 1.433
XVEC 4.61M 1.59 1641 2726 if [ ${stage} —le 7 ] && [ ${stop stage} —ge 7 ]; then
Res2Net34_Base 4.68M 1.234 1.232 2.162 echo "Export the best model
hon w ker/bin/export_jit.
ECAPA_TDNN_GLOB._c512 6.19M 0.782 1.005 1.824 pytho espeake /t? /e port_jit.py \
—config $exp_dir/config.yaml \
RepVGG_TINY_AQ 6.26M 0.824 0.953 1.709 checkpoint $exp_dir/models/avg_model. pt \
Gemini_DFResNet114 6.53M 0.638 0.839 1.427 —output_file $exp_dir/models/final.zip
fi
ResNet34 6.63M 0.659 0.821 1.437
ERes2Net34_Base 7.88M 0.744 0.896 1.603
CAM++ 7.18M 0.659 0.803 1.569 —%" & O n nX :
ECAPA_TDNN_GLOB_c1024 14.6M 0.707 0.894 1615
ResNet221 23.8M 0.505 0676 1213 exp=exp 7 Change it to your experiment dir
v onnx_dir=onnx
SImAM_ResNet34 (VoxBlink2 Pretrain)  25.2M 0372 0.559 0.997 python wespeaker/bin /export_onnx.py \
ResNet293 28.6M 0425 0641 1.146 —config $exp/config.yaml \
SimAM_ResNet100 (VoxBlink2 Pretrain) ~ 50.2M 0.202 0.421 0.795 checkpoint $exp/ avg_mod ell Pt
—output_model $onnx_dir/final.onnx
WavLM+EcapaTDNN 0.415 0.551 1.118

H: ZFAER 5] A

ER
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Wespeaker
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% spaces © wespeaker_demo i Fuming

Speaker Verification in WeSpeaker

WeSpeaker Demo ! Try it with your own voice ! Note: We recommend that the audio length be gre

* Record from microphone

« Record from microphone

N o~

Clear Submit

[4]: Wespeaker /&= 7 &

ER

AT

wespeaker —task embedding —audio_file audio.wav —output_file
embedding . txt —g 0

wespeaker —task embedding_kaldi —wav_scp wav.scp —output_file /path/
to/embedding —g 0

wespeaker —task similarity —audio_file audio.wav —audio_file2 audio2.

wav —g 0

Python #421% A :

import wespeaker

model = wespeaker.load_model('chinese ')
# set_gpu to enable the cuda inference, number < 0 means using CPU
model . set_gpu(0)

embedding = model.extract_embedding( 'audio.wav')

utt_names, embeddings = model.extract_embedding_list( 'wav.scp’)
similarity = model.compute_similarity ('audiol.wav', 'audio2.wav’)
diar_result = model.diarize('audio.wav’)
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63Wang et al., “Wesep: A scalable and flexible toolkit towards generalizable target speaker extraction”.
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WeSep £ 2% 035 /5 &5

UIO 1%
o A A FE LIS Aok T BAIE R
o I T7 IutiEF A
o AR /XA
o @& WeNet Fo WeSpeaker P % ¥,

Data Raw On the disk: Single speaker wav

o Yes . . .
Dynamic Mix >————>» Processor.mix_spk Processor.add_rir —» Processor.add_noise

LNO

On the disk: {mix wav, spk1 wav, spk2 wav}

Data Shard

{enroll spk wav/embed,
mixture signal,
tgt spk signal}

: WeSep &M AEFEEEE (2 HLiEATH)
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WeSpeaker %45 & B, LRSS

pip install git+https://github.com/wenet-e2e/wespeaker.git

spk_fuse_type: 'multiply’

# psudo-codes for integrating wespeaker models

from wespeaker import get_speaker_model use_spk_transform: False

# TDNN/ECAPA/ResNet/CAM++/WavLM. . . multi_fuse: False

s = get_speaker_model (spk_model_name) (**spk_args) P .. . "

m = BSRNN(x*sep_args) # Or other backbones joint_training: True

m.speaker_model = s #it##### ResNet

if use_pretrain_spk_encoder: spk_model: ResNet34
m.spk_model.load_state_dict (pretrain_path) spk_model_init: False

o FRCELEE mee el . E25eEa () #./wespeaker_models/model .pt
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3Zhang et al., “Multi-level speaker representation for target speaker extraction”.

— §
Mixture STFT Vg I Speech [":DI:I Fusion Speaker Speech iSTET Target
Spectrogram Encoder Layer Fxnactm Decoder speech
G0

query | | moooo--
nteraction

Ftf.map v F context 1 Fopie

Attention H J ‘
ker T T T d
value !

Enrollment STFT Enrollment Speaker N '

utterance Szectozany Encoder Layer

spectral level frame level utterance level

=
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= :’;:3;?0:“5255 TD-SpeakerBeam ResNet Joint 13.03 95.2 ICASSP, 2020
T | SpEx+ ResNet Joint 13.41 - Interspeech, 2020
sDPCCN ConvNet Joint 11.61 - ICASSP, 2022
Target- a
Cotfiga ResNet Joint 13.88 - Interspeech, 2022
MC-SpEx* ResNet Joint 14.61 - Interspeech, 2023
X-T-TasNet d-vector Pretrained 13.48 953 Interspeech, 2024
LD RPN Pretrained 14.01 96.1
-TD- esNef -
175 £--17.51 SpeakerBeam WavLM Pr‘etrame_d + 14.65 7.0 ICASSP, 2024
Fine-tuning
13 2 a0 & 0 100 120 120
tpocs Campplus + .
BSRNN SHuBERT Pretrained 15.39 - SPL, 2024
TF-Map (Proposed) BSRNN 1591 97.0
Training and Validation Loss Over Epochs Ecapa-TDNN Pi ined Proposed
— Training Loss BSRNN 17.99 98.6

Loss Value

RIE AR

Speaker embedding (Baseline)

Training and Validation Loss Over Epochs

Gaikd

NANJING UNIVERSITY

— validation Loss
~=- Min Training Loss
=== Min Validation Loss

f--1719

v' SOTA Performance, with simple but effective multi-
level speaker modeling

v The generalization ability is largely enhanced
(The gap between training and validation error)
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