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Speaker Modeling

Tradition Speaker Modeling
GMM-UBM
Joint Factor Analysis
i-vector

Deep Speaker Embeddings
d-vector
x-vector
r-vector

Joint Speaker Modeling ]

E3T)

Transfer
&
Joint Modeling
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Speaker-related Tasks

Speaker Recognition

Speaker Diarization

Target Speaker VAD

Target Speaker Extraction

Multi-speaker / Zero-shot
Text-to-speech

Multi-speaker / Zero-shot
Voice Conversion
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1. A VQ % GMM (1980s-1990s)

o METHN — HATRLER

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

o A HFAEL, RG2S

o § MAP g it mHK EM %

3. A2 &= % i-vector (2010s)
o [kt FolZia 4M2
o REILIEARIE

4. AR X E]H) 5 X, (2015- 2 4)
o IREAYZ L& T ILiE ABN
o 3 %35 ) 5 Xl 44
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AP 10 A VQ F| GMM (1980s-1990s)

7 ik ek AE
o BJEE (VQ): BHAARIE; ATIEHay TR,
o ZHTRARE (GMM): H 4% A A, @ EM 4.
o AFMEKMITHBRBEXIES; TIFis FEHIESH.

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

A4 GMM & £ 5
o Woym Aty £ AR R ILIEAN L F .
o AR B HRMAIN 5 TH EE B &S FoiME,
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B 4%, 2: A GMM-EM %] GMM-UBM (2000s)

X B2 F
o AT FARA (UBM): B HLig AL T IEAR K EE TN,
o MAP git i : 1 A A FRaGi%iEARIEN UBM HFii8 AR (FaEBE Fi54)).,
o MARIT 4 logp(X | spk) —logp(X | UBM) A T3,

S A
o B IEMMBIE T oy itk ; HUtHIZ1E 210,
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GMM-UBM Adapted
GMM

U Sequence of
L UBM observation My Py
it vectors
o
0=100,,0, ... 0, ... 0]

uBM I l

Training 1 Supervector
) | | n

Speech signal WMWW“ —

Large ool m

Database

E: GMM-UBM? %% A gz A5 A5 A

2Zheng, Zhang, and Xu, “Text-independent speaker identification using
gmm-ubm and frame level likelihood normalization”.

EXT) EEDIEARAESE T 0 ik,

GMM
Means adaptation |

= g e
S REeRE (GMM)?
@ px) =T N (x| gy k) st Xr e =1
@ (L4 o A7 AR VAR I SUAS 3 9 A 04 Ao AL ML AL A R A AL

Q@ LA GMM x}itis Any F AR, SRS TOAILA A0 55
PEY

: b & e

il H xR (UBM)
Q@ i, —AAMEMETRA R (JU4), R LMD % GMM
Q@ Tk K MUBLIIE B L)% UBM, K /516 B 4% 2 ik And 3k

GMM-#2 ) &

Q@ EIEAA B IEE FRATFHIEA

?Reynolds et al., “Gaussian mixture models.”
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T °p(Y|H) <0 I%H,

Hp T AiZBMKET Emide, 0 AT E4Fe9 1A
o EAMKITHEY, p(Y | Hy) HiEF Y syFiam = AliEA S 89 GMM LaytrF 5,
p(Y | H)) HiEF Y yF a2 £ 5 AHF R Ly E FE. £ GMM-UBM # %P,
1 F UBM 1 4 BAE A it kg5 158 T B ARilis AR,
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AKX 3: MAB )= F| i-vector (2010s)

I 2 2 B K AR 2 1)
o BE & SVM: ¥ A&y GMM A& AEE HEMN S E; BRI ZHE .
o BT FM (T) BAE: BAERH T oM FEABETE (i-vector) B4 ILiEAFIZHE,
o i-vector 32IL: £ N(m+ Tw,Y) ¥4y GIIEIE, 4 %hay we R,

&3t Aa A ME

o ¥ /Eya—1t, LDA/WCCN A F X1 /% k7 £ 454,
o PLDA $i4izif 4 M FHURIIE.
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GMM-#2 &) & 84 5 &

Q@ AR MBEN GRERT ), ML E T EAA PR

e Feat
A I-Vector Extractor . .. .
bl T FrA8 01 & 4 fif A I 4 i-vector?:
APz UBM ‘ ‘ T-matrix ‘ PLDA Score M(S) =m+ Tw(s)

M(s): #itA s b9 GMM-#8 %
m: HIEAL XA G E

T ERSAERE, WREFHAT A TR (s A% A1
[EES)

w(s): HiEA s b9 i-vector

Feat i i
Al *>| I-Vector Extractor

A & T i-vector 893535 AIRM A AIER

?Dehak et al., “Front-end factor analysis for speaker verification”.
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T HenY i-vector LiE A

i-vector 3 I iL 42
Q@ UBM % A XK ZHIEV 4 A F w4
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iR 40 AR KX FI A X (2014-24)

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 GUEFI % (4= wav2vec 2.0, HuBERT) 1F A AT 3% 3% 5% 2|54 40A
o {894 7% /PLDA f& 3% £ RAFI B BN T RI TS /.
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mi#% (d-vector)
o EMBATFE LI
o %L ERA
o fijfle ik AL A IR

M|~
-
o0

L2 (x-vector)

o AiEIEHRAFE LI
o EM% T EAIAE
o TIFayttak
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Speaker Classification: P(Speaker|X)

Classifier

R |

i Speaker !
: N :
: : ‘ EaEikiing Embedding :
: [ H H :
: on : H :
: Speakgr © : T
| Embedding o : :
: < : H .
1 : : H Pooling
( ) S postprocessing || T i Segmentevel Optimization

Frame-level
Speaker Encoder

D]]] seee |:|:| Acoustic Features X
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Time Axis

a) 1D Convolution for raw wav input

b)

CEALEE

—>

>

[ ——
Time Axis

Feature Axis

1D Convolution for spectrogram input

—D>

|
VI

L —
Time Axis

Feature Axis
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d-vector

Stacked filterbank
energy features. d-vector is the averaged activations

i from the last hidden layer.
- A
® d-vector? a9ir%:
P(spk,)
9 Q R EATZM % E A TEAME LA T LK
P(nk )
O ' Q@ RFTL i-vector a4 RA4F A
@ WA AEIERE; AILEA ID &9 CE Dl
@ A% TDNN/LSTM/CNN Lufial 345kt (Ri2E A%kit)
P(spk,) Q@ k& WEIGAAL, ERFRIEE, KER
Fully-connected maxout hidden layers. @ AiRi:: FENEME: AARE L xvector 5
The last two layers drop 0.5 activations.
o Output layer is removed in 2Variani e.t al., “Deep neural networks for small footprint text-dependent
enrollment and evaluation. speaker verification”.

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

Statistical Pooling Layer

D Layer 3

D Layer 2

D Layer 1

Input Frames

[A: x-vector 3k A #9 TDNN %24

Ly s

REVIEARALS T 0 3238,

hir¥

NANJING UNIVERSITY

x-vector? agir%:
@ A fEAINEIEE (NIST SRE) k&M A5 % ik a3R i ASN
LI 2 PN R A
@ zxay% 1k ECAPA-TDNN®
o 18] A
1 & b
== 1:21 h, (h; €eRP)

switiete:

3Snyder 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
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! 1
! 1
! |
| ReLU | o
! 1
! |
! |
! 1
! |
! 1
! |
! |
! |

— Kf
r-vector? pgir%:

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

1x 1 Conv

2Zeinali 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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T Pseudo Labeling

| Method

Contrastive Loss T T T

Speaker Encoder Speaker Encoder
Supervised Loss vt § | ||| R

| e jnie 11|11 <ouso aser

T e
Positve Pair  Negallve Palr Labeled Data M“::‘:Z:"‘j:n"i;n Unlabeled Data

Speaker Encoder

et Estimate Pseudo Label for Unlabeled Data.

Joint Supervised & Self-Supervised Loss

1

Speaker Encoder

|| ] |||| Disillation Loss

1 1

4 t
|||\|\.‘||||| | |.|.||..|.

Non-Contrastive Learning based Method Joint Supervised and Self-supervised Training
(a) Supervised Training (b) Self-supervised Training (c) Semi-supervised Training
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@ d-vector, j-vector, x-vector: '»F 10 &
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g A ay Softmax 2%
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RAINRI G Softmax 45 5 [ b
° RMEHILT FAMAR Otr;a;efjfj I%T\f_@% Sk, RRRH
B N\ E = o NN DA N DIag2
o IR 4 E Tn%ﬁ$1\% PSRN
o FFAAEFRA: RG>y ILE H
R, REAREZ " bR
[ S

FINZ FHRA R ABERAHENRZ
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4 1 _Eag)a—1t Softmax

)2 —1¢
Al vl =1, [wi =1, FFLE b =0. K5

s; = scosf,

hob 0, & vAow; ZMMAE, s>0ARE (HiBE).

g5 cos 0,

L =—log —————.
Norm-CE g ZC o5 cos 0,
=1
J

JUFTALE
PRFTEREARE LEFR DAL, 5 vzt —E.
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SphereFace: #ik A E#5E

LZEN
e’ cos(mb,)

L =—lo , m>1.
g es cos(mb,) 4 Zj#y eS cos 0;

o EFMAF: A O, =0, F mb, =0,.
o & TFalEaY A A FENK,

EEER
AR A WATRTAEE, BFFLRK/HAKAL.
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CosFace (AM-Softmax): Jeik

LZEN
es(cos 0,—m)

L = —log m > 0.
s(cosf,—m) Z scosf;’
€ ! v ity © ’

o fffF: &K cosl, > cosl;+m (AIZZN P ayEHAIE).
o & MEiAT ML LFRK,

DEERZTREHAZERLT TRTH: AL 0 Eie.

ol
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ArcFace (AAM-Softmax): #eik f £ i 5B

X

es cos(f,+m)

scos(9 +m) 4 Z scost )
ity ©

L = —log m > 0.

o AR BK O, +m <6, (FHAEAR).
o .5 FUeYJUMT; SRR AT AL

EIMIE T
BpEHAEALE M (4F cos HTE| [—1,1]; #LTRBTARZ A PR,
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A4TIL ArcFace & & 7% ¢

st

HAEALE LT (T cosf. Mi# arccos) FF3E ArcFace &7, 124X ArcFace B [+t 5 1% 4%
BRI A EARME ], LR &K e K (SphereFace/CosFace) B [+ A2 TRF I,
* BT 0 BB TR T B R AL

FAE T BB AT

K FH % arccos i 0 2 3t cos 6 A8 5E B AR ¢
CosFace % (H4#A cosb) & (3850 B R #vhm ik 48 1F)
SphereFace % (fBAAKR%T) T (REEILHeh cos(mb) #/E)
ArcFace 2 (LmEIH0) % (#EE AR ® NaN)

@ ArcFace J& & : arccos & [543 |, cos@ #3830 E B AR % ;
o LAt K: arccos & [TTkA], HAFFRHFomBR, RPREI4,
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=ArAE—YE

7 ik 21 ¥B 3%, FRAR (1 vs 2)
SphereFace A& (Feik) cos(mb,) = cos(f,)
CosFace &5z (k) cos(0;) —m = cos(6y)
ArcFace g (heik) cos(6, + m) = cos(6,)
GF < 5 9%
CosFace: 43z 4%, AT AL T M Fek 1826 4% ArcFace
ArcFace: P % 4%
SphereFace: FtiF 6,
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LR

X

center = Z ”V yi H%

o it R Xum VILiE AN 37 £ KA FLAFE softmax,
o oA L= L‘ArcFace/CosFace + )‘L‘center’ C RN IR
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L = —log
¢
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AT A Y% EaypLiE ARAETF )

o FI A KA | AR
o A W HMILIEFAR
o ASR A 4451k
o HEIIA
o QJLIE 5"77]—/£
° SlmCLR/MoCo/DINO
o MMEhiE K%
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Mask Prediction Loss

o KBTI kB4R Target labels
| | | | |

Ry
o Wav2Vec?
b
o HuBERT Transformer Encoder with
o WavLM¢< Gated Relative Position Bias
o UniSpeech?
FETEE
?Baevski et al., “wav2vec 2.0: A framework for self-supervised learning of speech 21 - 25 X5
representations”. I I I
bHsu et al., “Hubert: Self-supervised speech representation learning by masked prediction of CNN Encoders
hidden units”. 1 t 1

€Chen et al., “Wavim: Large-scale self-supervised pre-training for full stack speech processing”. Utterance
d g o ) L Mixing audio ka
Chen et al.,

Unispeech-sat: Universal speech representation learning with speaker aware
pre-training”.

&: WavLM #2A) 22 %
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Pre-trained Model Speaker Verification
Usage Method : Part

Pre-trained Models
Fully Fine-tuned

i
Partially Fine-tuned
H (e.g. Adapter, LoRA) '
- ASV Downstream
: ; Model
Fixed |

A

Pooling Layer +
Linear Projection

VAL

BAAS
1. HAEAR A AR TR 245 FE1F A i N
2. HOR: AT LiE A S E BTN AR R
$1E5%5] 0 RERLEANES
B IEAFIESE ] T2k, BALER 2025 % 10 A 48/181
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Pre-trained Model ECAPA-TDNN
",

( Transformer Layer L

AAM-Softmax

—> Speaker Embedding
FC layer

Attentive Statistic Pooling |

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

( Transformer Layer 1

52 3] Ao R Fe

ECAPA-TDNN Frame Encoder

Fbank Feature

J I o EHE
. . . ( CNN Feature Encoder ) STFT + Mel Filter Bank
2Chen et al., “Large-scale self-supervised speech representation learning for X
automatic speaker verification”. X
[ Hidden Representations Sequence
w Learnable Weight

B AR AR A



FR TR A2 R LEEES

*

Speaker Extractor
Back-end
x N

wz s . = sp o SN Feedforward Feedforward
FEikis ARRE k3 AEOR B 15 B4 b i e — e
i

Feedforward

uwz g
o

o s RATI| thART
fs e g s s FF ) V)
o 1 P if fie B fE 35 AE S b 5 2GR E LOE:

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

mve u‘wm O OO Fined

Waveform
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KA KA | W EFD %A w2v-BERT 2.0, SOTA H4k2

Audio (a) 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

2L, Cheng, and Li, “Enhancing Speaker Verification with w2v-BERT 2.0 and Knowledge Distillation guided Structured: Pruning”.
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bCai et al., “Pretraining Conformer with ASR for Speaker Verification".
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3Wan et al., “Generalized end-to-end loss for speaker verification”.

4Chung et al., “In defence of metric learning for speaker recognition”.
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2Chen et al., “A simple framework for contrastive learning of visual
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bZhang, Zou, and Wang, “Contrastive self-supervised learning for
text-independent speaker verification”.
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5Qian, Chen, and Wang, “Audio-visual deep neural network for robust person verification”.
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Verification”.
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B (MB)  (bit)  EER(%)
KMQAT-ResNet348 3.45 4 0.957
PoT-ResNet349 3.45 4 1.09
TWN-ResNet3410(our impl.) 1.80 2 1.473
b-vector(adaptive)!! 0.97 1 1.72
ResNet34(binary)1? 0.66 1 5.355
CS-CTCSConvld 0.96 32 2.62
ECAPA-TDNNLite 1.2 32 3.07

8Wang et al., “Adaptive Neural Network Quantization For Lightweight Speaker Verification”.

9 et al., “Model Compression for DNN-based Speaker Verification Using Weight Quantization”.

wLi, Zhang, and Liu, “Ternary weight networks”.

Ui, Wang, and Qian, “Extremely Low Bit Quantization for Mobile Speaker Verification Systems Under 1IMB Memory".
12Zhy, Qin, and Li, “Binary Neural Network for Speaker Verification".
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13Cai, Chen, and Li, “Exploring the encoding layer and loss function in end-to-end speaker and language recognition system”.
14Chung et al., “In Defence of Metric Learning for Speaker Recognition”.
15Xy et al., “Mixed Precision Low-Bit Quantization of Neural Network Language Models for Speech Recognition”.

16Baljan et al., “Small footprint text-independent speaker verification for embedded systems”.
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171, Han, and Song, “CDMA: Cross-Domain Distance Metric Adaptation for Speaker Verification”.
18 Li, Zhang, and Chen, “The coral++ algorithm for unsupervised domain adaptation of speaker recognition”.
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2Chen et al., “Channel invariant speaker embedding learning with joint
multi-task and adversarial training”.
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Systems | voxcelebl O voxcelebl E  voxcelebl H
- x-vector baseline 2.361 2.470 4.260
; SEG-MT 2.175 2.330 4.059
Segthent level SEG-ADV 2.154 2.198 3.923
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FRM-MT | 2.165 2.198 3.911
SEG-ADV | 2.154 2.198 3.923
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Fig. 1: Implicit phonetic attention by combining LFB and PBN: phonetic bottleneck).
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24Zhou 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

Layer 2 convid convld convld Layer4 Convld Out=512 | Out=1024 | Out=512

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

Layer1 [ convid | | com1d | [ convad kernel=5 | In=40 | In=140 | In=100
Stem Acoustic ~ Coupled  Phonetic
o 1% Triplet 3 %k #n & softmax i %k
acoustic phonetic
Acoustic Stem Coupled Stem Phonetic Stem

25

25Zheng, Lei, and Suo, “Phonetically-Aware Coupled Network For Short Duration Text-Independent Speaker Verification.”
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TR IE T AR 8y A

THALR: 5

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 Kuffi&iE L4 70% JfHFE
o AP S THARTE TH:
o Hik & %5 52-57%
o s2ut¥K: # 50-55%
e i£4% Kimi-Audio with Concat + Silence #4741

RHA ALLMs o4 SV 46 A TR — gUmitiB 7 ik
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SIMKIE S AR 8y LAL

R &
il PEF:1) ET B fEE S *fiE ik <2s Btk >6s
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 I

Q@ E kvkit: MANEE L 70% — 95%

Q HEATRAF K AL AL AR AR iR A

Q ALLM f4aaf % k24 ECAPA-TDNN! (80.90% vs 78.80%)
Q EMELMTImA ZEM 4o, HA: 95% vs 99%)

ALLMs E3RB37 o b &It g2ty | mim AL EHRoR BRI P aE .
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FMARIE TR A A

¥ RE| AR SV

BEABEIE Ak
o ;EM: [audiol], MiX: [audio2], B4R A: “Hello world”
o [FJFL: "MK HIE M= B —ANHLiE AG ¢ M AT B AR SRS 2
o KE: WA A/F, NE R/F

& LibriSpeech I a4iF1%:

A g ANERE (%) IAREHE (%) SREAE (%)
Kimi (R4 K) 62.09 89.61 52.31
Kimi (#¢3) 98.92 99.95 98.87
Whisper + ECAPA 99.08 99.75 08.83
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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
EX FEVIEARAESES] 2ib, RAL TR 2025 4 10 A
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Popular Datasets

Dataset

Year Speakers Utterances

Duration

VoxCelebl
VoxCeleb2
CN-Celebl
CN-Celeb2
3D-Speaker
VoxBlink

2017 1,251 153,516
2018 6,112 1,128,246
2020 1,000 130,109
2020 2,000 529,485
2023 10,000 579,013
2023 38,065 1,455,190

351h
2,442h
274h
1,090h
1,124h
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

REDIEARAEE T ik, BALER
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Wespeaker

A
4

Wespeaker & —/~ A 50 ok = B 9% it a9 itis AN E S TR 6, His %
o 12-F B E

e SOTA 4%

o F)3) X A= SSL & X,

o EATHY /IRF k¥

o o E) Fo R FF 4L K A

'7; : aker-voxceleb-resnet34-LM T| @ like
WeSpeaker T [ 5 5t A1 Tk 3 8 o O Pylorch  ® voxceleb pyannote  pyannote-audio-model
HREARIESITR

RO SRR
M B20005% ittt
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Wespea ker U fl i f\»-,; >\ ER 2 SN2

%— 1/0 A%
o #L7& wenet ASR T A&, P kA

Unified 10 System (UIO)

Kaldi-style < = N
rexis | [ ‘ s i e webdatasetFetfrecord 3 %
(feats) aw, .
48
NN NN
Local files ] | Local files Local files Cloud(S3/0SS/HDFS/...)

o Raw: M hodk wav Foim e XA (N 33E)

e | | v @ Shard:
aa m o W—t/ AT R IR H

i b o AT IRIAeff 4G 7 LA
o Feat: # 7% kaldi M A&aY 4% 4E 1

A %—1/0 %% ° _
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n ry P}"
Wespeaker Gaixa

B

B 1 T IR AR

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
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Wespeaker EEET

NANJING UNIVERSITY

HER )|

g fE E
FIE 3 % B e EHE

HAEIG %

dataset_args:
if [ ${stage} —le 3 ] && [ ${stop_stage} —ge 3 ]; then speed_perturb: True t+ add noise
echo "Start training ..." num_frms: 200 dataset = Processor(dataset,
num_gpus=$ (echo $gpus | awk —F '," '{print NF}") aug_prob: 0.6 processor.
torchrun —standalone —nnodes=1 —nproc_per_node= # prob to add reverb & noise add_reverb_noise,
$num_gpus \ aug per sample reverb_data, noise_data,
wespeaker/bin/train.py —config $config \ fbank_args: resample_rate, aug_prob
—exp_dir ${exp_dir} \ num_mel_bins: 80
—gpus $gpus \ frame_shift: 10 4 speed perturb
—num_avg ${num_avg} \ frame_length: 25 dataset = Processor(dataset,
—data_type "${data_type}"” \ dither: 1.0 processor.speed_perturb,
—train_data ${data}/vox2_dev/${data_type}.list \ spec_aug: False len (spk2id_dict))
—train_label ${data}/vox2_dev/utt2spk \ spec_aug_args: 4 specaug
—reverb_data ${data}/rirs/Imdb \ num_t_mask: 1 dataset = Processor(dataset,
—noise_data ${data}/musan/Imdb \ num_f_mask: 1 processor.spec_aug, #**
${checkpoint:+——checkpoint $checkpoint} max_t: 10 configs [ 'spec_aug_args’
fi max_f: 8 1
prob: 0.6
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Wespeaker

SOTA #A % #

NANJING UNIVERSITY

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

Pretrained
Frontend (e.g
WavLM)

ATy ik
e TSTP
e ASTP
o MQMHASTP

jﬂéitﬂﬂ

REVIEARALS T 0 3238,

add__margin
arc_margin
sphere
sphereface2
intertopk
subcenter

SR L =k

AR E

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

E5

CEEE S
o Cosine
o LDA
e PLDA
e PSDA
o Adapt-PLDA
H A
o SAA—1L
o X F QMF a9izik

NANJING UNIVERSITY

o
if [ ${stage} —Ie 5 ] && [ ${stop_stage} —ge 5 |; then
echo "Score
local/score.sh \
—stage 1 —stop—stage 2 \
—data ${data} \
—exp_dir $exp_dir \
—trials "$trials”
fi
if [ ${stage} —le 6 ] && [ ${stop_stage} —ge 6 ]; then
echo "Score norm
local /score_norm.sh \
—stage 1 —stop—stage 3 \
—score_norm_method $score_norm_method \
—cohort_set vox2_dev \
—top_n $top_n \
—data ${data} \
—exp_dir $exp_dir \
—trials "$trials”
fi
BiiE ANRAESE D] 26, RAL SR 2025 4 10 A 146 /181




Wespeaker hiks

o

R Fofy 6] /- ety ik R

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
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147 /181




Wespeaker

Fody 6 jF bk B

NANJING UNIVERSITY

% spaces © wespeaker_demo ke 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 &

Ly s

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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F—A @6y B ARiE SRR TR LA 6,7

FRHR

o i T WeSepTFiR LR &, 2T B Hikis ARI
e Xt 7T %ttt NEARAE

o LI T EARMIBEAEI AT bt

o MET TEN I Aot E f

PFARKFE
e 5 WeSpeaker f# 4£ pX,
o 4i— 1/O Ak & FZHLH
o FHAVIEARSL Rk
o LAtERG T ik XA

72Wang et al., “Wesep: A scalable and flexible toolkit towards generalizable target speaker extraction”.
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WeSep £ & 44 &%
UIO 1%
o A A FE LIS Aok T BAIE R
o XM T ItiEE A
o AR /XA
o @& WeNet Fo WeSpeaker P % ¥,

On the disk: Single speaker wav

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

Data Shard
[

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

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

: WeSep &M AEFEEEE (2 HLiEATH)

REEARIEET T 2ib, BASER 2025 4 10 A 150/ 181



T & H B A

%7 ik A

o TR IZHIE Ak
o R TIIHH K
o Mk S AEMA TR

TE BRARIAIE

o K BHETIR

° €J5\§ ALl 4# E &l
o R &k
Oxéﬁﬂ%i&

o ik, (A7 RIR R4 + Heik REALIT ML)

o HEHEANRES

EX])

LS

REVEARAES ) 26, BALER 2025 4 10 A 151 /181



~ Aah }3"
WeSpeaker %45 & B, LRSS

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

# psudo-codes for integrating wespeaker models spk_fuse_type: 'multiply’
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 .. . "

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

m

m.speaker_model = s ####### 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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@ ConvTasNet
o HY3RARAF a9 B ARAT 2N 24
o ¥ A&t Bk
o X ¥ Spex+ TR

@ BSRNN
o IR 4 B HRILAY 22 I 2%
o X F|IERF| RE Hw
o AL EAR

© DPCCN
o FREZELFITAMRML
o 754 DenseUNet. TCN #o DenseNet 4% 4E
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Q@ TF-GridNet
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2E ik AHN e, Fe Pl H = {h;, hy, - hp}:
@ Concat: HIEH 4 e, FHH4:

Q Add: #%¥ E&RTE AN

© Multiply: % ¥ BRLEME

Q FiLM: AFfEZR 2% k3R H

hzi/ = ’Y<es) ©) ht =+ ﬁ(es)

FiLM %3

o v Fo B ZILiEAHN e, #h T
° O R TFRALERE

o 3Bty 5 at Tk
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?Zhang et al., “Multi-level speaker representation for target speaker extraction”.

— §
Mixture STFT ez I Speech I [": 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
key T1T™r y
value '

Enrollment Enrollment Speaker ) Pooling '

utterance S Spectrogram Layer

spectral level frame level utterance level

=
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\‘I ~ 24. ﬂ
% ERHiE NIERE LEEES

Speaker embedding (Baseline) ——

Training and Validation Loss Over Epochs

[T ning Loss TD-SpeakerBeam ResNet Joint 13.03 95.2 ICASSP, 2020
B — Validation Loss.
in Taining Loss. . n
[T da[?on ] SpEx+ ResNet Joint 13.41 - Interspeech, 2020
sDPCCN ConvNet Joint 11.61 - ICASSP, 2022
Target- a
e one 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
-150 LT - 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
Epochs 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
= BSRNN 17.99 98.6

-2 — validation Loss
~=- Min Training Loss
=== Min Validation Loss

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)

Loss Value

SHERCES Y 2025 4 10 A 156 /181
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