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PLiE NIEARRY & A

Speaker Modeling

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

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

Joint Speaker Modeling ]

Transfer
&
Joint Modeling

NANJING UNIVERSITY

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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WIEAIEIE: FE R E

Speaker
Embedding

.\é I”"”" ' \ > threshold?

/ Same
\ Different

AN g —_— Fa 2% < threshold?
Calculate

Similarity

scalar

B B i B 25 #e4 DLHLP20 47)7 B!
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https://speech.ee.ntu.edu.tw/~tlkagk/courses/DLHLP20/

B AREFARI M9 B AR ALY B &

Separator

Speaker T

Embedding

| Speaker Embedder
Encoder Network Decoder

Mixt:ure Reference Speech of EStilIlated
Signal Target Speaker Target Speaker

ER HReEFH AR 2025 4 10 A 13 B 7/158



WIE A ZARAG B A Gh2rd Swmemzsmmon
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Synthesized voice

vew .
"
Speaker info n

Text frontend
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KT BiEAD B
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K * Diarization labels

Vb e o e — — —

' r

: |

: Speech Activity :

; Detection - Clustering

: ' {+ resegmentation)

: bosbde

-_— _—
| |

Snmmmmd Embedding extractor Pair-wise Scoring
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1. X VQ # GMM (1980s-1990s)

o BB — HIRAEA

o K4t Athr ELEMEHAT AT HER
2. A GMM-EM %] GMM-UBM (2000s)

o EAHFAEL, RG2S

o 1 MAP f i p# X EM 94

3. KA &= % i-vector (2010s)
o [kt Anlzid M2
o 1K ZEiiE AKAE

4. AR X E]H) 5 X, (2015- 2 4)
o REANZN LA FiliE AN
o 3% |35 Xl 4k

2025 4 10 A 13 B
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AP 10 A VQ 2| GMM (1980s-1990s)

VREE E &

o mJEE (VQ): BHAARIE; A TRy,

o HITRAAA (GMM): #HLEE A mAER, Wi EM )%,
o ATFMEKuITHBRBEXIES; TAFIEF FHIENH.

VQ &4 5 IRk
o XA A AT IEAE; ElFHE AR ETITARS.
o FZ. FLikitwmk;, ReicAE NAENATR,

A4 GMM & 15
o Woym Aty £ AR R ILIEAN L F M.
o AR MR ARMAI 5 TH EE] B &S FoiME,

EX] FReiEFH R 2025 4 10 A 13 B
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B 4%, 2: A GMM-EM %] GMM-UBM (2000s)

XA
o @A H AR (UBM): FrA it AL Fayiliz ALK F F =,
o MAP R & : 4R A IRy HLiE AZAE I UBM H§-itiE AMEA (AR Fish)).
o MARIIT 4 logp(X | spk) —logp(X | UBM) A T3,

e oA
o EMHEMBIE Ty &, Rtz z1b.
0 AXMAITRESITTEN., THRMAK (Bit., EFRNET),

EX] FReiEFH R 2025 4 10 A 13 0 12/158



5 NIEAR

GMM-UBM & GMM-#2

BikE S senrsenen

NANJING UNIVERSITY o

GMM-UBM Adapted
GMM

U Sequence of
L Y observation t By
TEM T vectors
o
0=100,,0, ... 0, ... 0]
uBM I l
Training 1 Supervector
) | | n
Speech signal WMWW“ ;
Large ool m
Database

E: GMM-UBM? 3%,i& A gz A5 A5 A

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

EX)

GMM
Means adaptation |

BATRA A (GMM)?
o xzzl N (x| g, k) st Z{(ck:l

Q@ AT AT AR VAR I IUA 3 0 5 A 84 Ao AL R bk 20 A R S0

Q@ Lt GMM it Asd B o Ars ey, SR ETANA A0 5 &
E3:d)

: db B

@A AR (UBM)
Q@ i, —AAMEMIETRARE (JU4ER), R LD 4 GMM
Q@ TR XKML £ L% UBM, K 6 1E BA% 2 iLis Anh $035

GMM-#2 o) &

Q@ EEFAHIMHMDERRTILIEA

?Reynolds et al., “Gaussian mixture models.”
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WiE ANERR

GMM-UBM & GMM-#2 5 &

AT MR AR 09 335 ASEAR- MR 5
o £ GMM-UBM # %, il F A MR Rt HMGX ey k. X —BRERY, &
4o T A R ARRAR
Hy: Yk 8 BARilig AS
Hy : YR A B AFHLEAS
o AR Ao A dyvAh T AR R

A— L PO IHy) [ 20 drid,
T p(Y | Hy) <6 FHxH

Hp T AiZBEMKET s, 0 AFLE4Fe951E
o EAMKITHRY, p(Y | Hy) HiEF Y syBFiE@m 2 EiEA S 89 GMM Laylf F A,
p(Y | H)) HiEF Y yF a2 £ T AHFEE Ly E FE. £ GMM-UBM # %P,
1R UBM 15 4 B aAF AR kit HmiXiE & 18 T B ARiLis e,

EX] HReEFH AR 2025 4 10 A 13 B 14 /158



S sz sEnrR

B X 3: MAB = F| i-vector (2010s)

M 2y ¢ B K 2R 72 1)
o B& & SVM: ¥ AiEpay GMM A& AEE HEMN®E; BRI ZE .
o B FM (T) A : BERATFHM; HEHAEETE (ivector) B2 AFolZiE,
o i-vector #I: £ N(m+Tw,X) vaypiaiesz, F4 %An weR:,

&3t Aa A ME

o K /FJa—{t, LDA/WCCN A F £ /£ A F £i4H,
o PLDA K&zt 4 A FAURRIE.

EQ HiiEFH A 2025 4 10 A 13 B 15/158



Bk ANERR

i-vector

GMM-#2 &) & a4 5 &

i Feat @ B RMFHEY GREHT %), MIEHLERAIE
WH;\‘\ [l I-Vector Extractor 4%%@@%5}@@7’]'1&?& i_vector?:
ALE UBM‘ ‘ T-matrix ‘ PLDA | SR M(s) = m+Tw(s)
i $ ("] M((sﬂ).':‘i'ii%/\‘ s"h‘JEMM»%&@i‘
il ﬂﬂ I-Vector Extractor : ;%gg;rf;;@a:ﬁ%%ﬁMvﬁfrﬁ"z%rri%%i (36 Ada £ Aofz 18
(] j(s;i WiEA s #Y i-vector

{: & T i-vector 893535 AIRR A AIER

?Dehak et al., “Front-end factor analysis for speaker verification”.

e 2025 % 10 A 13 A 16/158



i-vector 3£ I 535 4L 72

T HaY i-vector iLiE Al

i-vector - ILiL 42

Q@ UBM % &M K= HIE) 4R w2 R
Q@ LT FMiEREINL: 3 T 4%

Q EihiEx2: i3 w = E[w|X]

Q KEPF—: W, = o

[Iwl

J& 3t FMEHR R o ik
o LDA: ZMF| %) 547 o PLDA: & 2% b3 5] 547
o ZAILENFE o EEPLIEAN T FIE
o mMLEAZ E o IR EFEE

EX] FReiEFH R 2025 4 10 A 13 0 17 /158



iy K 40 AR X EFIR X (2014-54)

AP 2N Fe )| 45
o x-vector/TDNN, ResNet/ECAPA %% ; &% A 443t el Tt b,
o KiZfEn KK (AM-Softmax, AAM-Softmax) A F#|7| XLt A=A .
o MAEMBAKAEBA T EHME (Ron, RE. HMEGE. Zid).

#8 W Fa bk G
o {UHEFAN L% (4o wav2vec 2.0, HuBERT) 1k 4 AT5% 358 5 58 4R .
o {894 7% /PLDA f& 3% £ RAFI BN BN T RIEE /.
o T MK (4o VoxCeleb) E EER/minDCF f£24 %iF 4 F 342424,

EQ HiiEFH A 2025 4 10 A 13 B 18 /158



REIE AN FAEF T

ik ik

Wik AFAEF T -
R iEEiEE O = {0y, ,0p} € RT*D | 570k it J 4% F RINHLIE A RAE:
v=25(0)€cR?
Lo
© o,: HYIH] t aYMIZR B F4F4E
o Tt hidk

o D: HFAEL L
o v: BlE KEIEAMAN
o di HNEE
BAR: AR HLiE ARG L IZIEIT, R B LIE AL LT 5
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MR vs BAMAL

i 2% (d-vector)
o fEMIBATS LI 44
° A BRE
o i AT ALA IR

P2k (x-vector)
o EiHIEAARE Ll
o EMT ERIE
o TIFaytiak

Speaker Classification: P(Speaker|X)

Classifier

"""""""""""""""" ,, T """""""" :

‘ Embedding — SPeaker

: ; H Embedding

H p : H

i Speaker © H T :

i Embedding g H H :

H << : H ) :

: ! : Pooling :
(1) } rocesi o |

Frame-level
Speaker Encoder

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

HiiEFH A 2025 4 10 A 13 B 20/158



Pk A A 25 R4

1D vs 2D %47

1D %4
o Lt 4 E N A
o it AR AEAK
o LAY KRB FF
o FLAH
o MEFARAIR
2D A4n
o Lut|A) FodR R 5 A
o TAFHYET IR
o T ZHayit A
o FAFHYIEARE

K AR TR

A [T 111

Time Axis

a) 1D Convolution for raw wav input

>

l—)

[ p—
Time Axis

Feature Axis
|
1Y

b) 1D Convolution for spectrogram input

—D>

|
IV

——
Time Axis

Feature Axis

2025 410 A 13 8 21/158



Uik AN i 32 2R A

d-vector

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

‘ P(spk,)

I I .

P(spk,)
Fully-connected maxout hidden layers.
The last two layers drop 0.5 activations.

Output layer is removed in
enrollment and evaluation.

[ : d-vector %2 #4

d-vector? #ytR%:
Q R EATZM %A TS AL L HARN T LK
Je® T L i-vector 44 R4F A A
BN AiEEE S AiLiEA ID & CE %
A% TDNN/LSTM/CNN Sad il ikt (i H5it)
kA MEGAR, A TREEE, KER
Bkt FH N SR RARE L x-vector 35

?Variani et al., “Deep neural networks for small footprint text-dependent
speaker verification”.
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BLIE A g AL 25 42

Xx-vector

Statistical Pooling Layer

D Layer 3

D Layer 2

D Layer 1

Y

Input Frames

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

x-vector? #giE%:
@ ¥ —AENiINHIEE (NIST SRE) k&M A% 4o ik oy iR I35 AN
Q@ YA FINBAMAH TIE
@ zxay% 1k ECAPA-TDNN®
o 4] i AL
1 & D
=7 1:21 h; (h; €RP)

gitiete:

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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PLiE At i 25 2R 44

r-vector

! [
! 1
! |
! 1
! 1
! |
! 1
! 1
! |
: | RelLU | | | 1x 1 Conv
1
! |
! |
! 1
! |
! 1
! |
! |
! |

[ r-vector % i 84 ResNet 22 #j

- K.
r-vector? a4 474 :
@ VoxSRC 2019 A~ JRifi a9 3Kk 2 %
@ = DIHARD 2019 Fi 7 4 A Fifiah AL & 56 P A 1F SN

2wang2019discriminative; Zeinali et al., “But system description to voxceleb
speaker recognition challenge 2019".

HiiEFH A 2025 4 10 A 13 B 24 /158



Bk ANERR

AR AR F 5] RARIZ A KA

ARSI
o AFIEHAE R AZ P
o 1 A HLiE AL B B I By 4 IE, 4o voxceleb, #HfEF&F419)
o voxceleb 4 iE & RAHTINE 7 M 357 19
RATIEHIE
o BHikiF
o BEF I Iz ALIIEH
o Rz Axle] A

Nepm K WRERLH/ FBH/ 0 LT

e 2025 %10 A 13 A 25158



o GMM, i-vector T4l 4 % & MLP
@ d-vector, j-vector, x-vector: 'V F 10 &
o 7 ResNet a9#2% (% WiXE: 34 &, APy EE 203 ZL £ 500+ £)

ER AiiEFH A 2025 4 10 A 13 B 26 /158



R
o

WiE ARAEF T

27 /158

2025 4 10 A 13 B

EEHAR

29
&=

s

A

E )



ﬁtﬁé/\%\@f_*’ 7 #5 AR

o MAEFFHE I itis AF AR
o AIA KA AV 4515 F A2 R 4= WavlM
o WA R KREEAWEMA
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o TN AHMNA T REIES
o LuiF AL 50y R XIRE AL
o FARAESH P ay e Xitis Ak

ER AiiEFH A 2025 4 10 A 13 B 29/158



© #5) Xitis ARIEE

FReiEFH R
2025 4 10 A 1
3 H
30/ 158



) R % H
gt O={o L, e RT*P, %35 F FARZKEHAN v=TF(0)cRY,

o A BLik ABY N IZ IR ; T\F;Ji%ﬁ;‘/\é’?ﬁ”)\/" ZIT B
o 1A HibiEnt & A ey Rix/ A e SR IR B AT,
o IIARXiA EEVA)JU?%%Z&%«(%

ER HiiEFH A 2025 4 10 A 13 B 31/158



R P

53k vs ASR (#h4L)

ASR (3175 #4%) Wit ATiE
o WHMHME: TE/FTHREALBEL o It A E: HAE ALV LT R,
9. o FRAERZ/AET RARKAFIA

o Hif: ECIiERE ERRISEEH ¥E o

EQ HiiEFH A 2025 4 10 A 13 B 32/158



s B K R

WiE A ey Softmax 2

BAV=F(0)eR?, HEEW =[wy,...,wo] € R¥C %R E b,

2025 4 10 A 13 B
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E10 S PN
¢

o KMEHIM: MEAHARE
o KB TR EMEALE
%

FINZ FH A R ABRAHENRZ

Softmax &% By Ik %
o AARfEL: REXEMHR, KEXY
SRR Fo i B
o FFAAEFRA: R IG ey ILE 1 E
R, kB D REZ RIS o R

HiiEFH A 2025 4 10 A 13 B 34 /158



s B K R

L ay)a—1t Softmax

)2 —1¢
A v =1, [wi|l =1, FF&LE b;=0. K5

s; = scosf,

Eob 0, & vAow; ZIMMAE, s>0ARE (HiBE).

o5 cos 0,

,C = — lO — N+ !
Norm-CE g ZC o5 cos 0,
=1
J

JUFTALIE
SRFT e ERRE LAFRDARL, 5 v IRETS 2

AR R A 2025 4 10 A 13 A 35/158



IR

SphereFace: i3

LZEN
e’ cos(mb,)

L = —log m > 1.
scos (mo )+Z scost’ N
ity ©

) &% /] : /\}\0 —9 ﬁ‘] m0 —920
o k& Frelbiay A AL ENX.

EEFMN
S AR WATRRET, @FERBK/HFrRiAA,

AR R A 2025 4 10 A 13 A 36/158



BRIRE B

CosFace (AM-Softmax):

X
es(cos 0,—m)

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

o T &R cosl, > cosO;+m (AIZZN P ayEHAIE).
o & MEiAT MM RFERK,

k3
APEERZTRETHADER LT RRTH; ALRTKRR 0 ik,

W

¢

AR R A 2025 4 10 A 13 A 37/158



YK 2%

ArcFace (AAM-Softmax): #oik /i /1% 55

LZEN
es cos(f,+m)

L = —log m > 0.
scos(0,+m) }: scosf;’
2 ! v ity © ’

o fFfE: R O, +m <0; (FHAKLANR).
o fh.E: FHMAGIUFT; KA R ERE.

FEIMIET
AL (B cosO HTEH| [—1,1]; BAETETHR A JIIEE).,

EX] FReiEFH R 2025 4 10 A 13 B
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FALAE BT h1E A 4

A 171 ArcFace & & 3% ¢

B st

HAEAEE 35T (T cosf. Mi# arccos) FF3E ArcFace &7 , 124X ArcFace B [+t H 1% 4%
SRER A AR, LIRE S HAEB K (SphereFace/CosFace) B [+ H 3512 7 F ,
BB F B9 BB FARE T B R,

FAE T B BT e

K FH % arccos R 0% 2 cos 0 #85E B AR ¢
CosFace % (A4%A cosb) & (#8350 B R #5vhum ik 4R 1)
SphereFace % (IFANXL%T) + (AL EIXFH cos(mb) 47/ )
ArcFace & (LRI 0) % (#EE AR ® NaN)

@ ArcFace %7 &.: arccos & [450ik3A |, cos@ #3835 E B AR % ;
o HibHik: arccos & [TTikM ], FAAFFINHEmE R, Pk,

EQ HiiEFH A 2025 4 10 A 13 B 39/158



AR A T

=ArAE—YE

7 ik 71 ¥ 3%, F R AR (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: #7% P 4%, AT A8 Mk 4k ArcFace
ArcFace: A E ¥4k, 2%, CosFace
SphereFace: FtikF 6,

2025 4 10 A 13 B 40/158



center = Z ”V yi H%

o it R Xum b ILiE AN 37 £ KA ALAFE softmax,
o oA L= L‘ArcFace/CosFace + )‘L‘center’ C RN IR

A hiE IR 2025 % 10 A 13 B 41/158



L = —log
e
° 1%

@
b my,m, >0 A EH AE R D IREHK

o i R Rk

scos(0,+m,)

scos(0,+m,) + Zj%y es cos(0,—m;)

ATE LA G BARR LR, 551883

o HAZTVHYEANMEA ERZIR

o XN BWELZHKANLA LXK AR

o MELSH AL By K AR A KD
o .5 MIZIIERFHFIAL; 2 Ay KA AR R
EAE

FRPIN T A X RN RITE 8 A RIARE R AT T mikat
EX)

FReiEFH R

2025 4 10 A 13 B
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Fay ik ARAESE T

b W B kAR

o FI A KA TR AR
(]
o ASR #7444 1t
g

SimCLR/MoCo/DINO
o Ptk KN4k

Qe iR 2035 % 10 7 13 T



By it ARAEE T

Mask Prediction Loss

o g WEFA B4R Target labels
| | | | |

Ry
o Wav2Vec?
b
o HuBERT Transformer Encoder with
o WavLM¢ Gated Relative Position Bias
o UniSpeech?
FEEEE
?Baevski et al., “wav2vec 2.0: A framework for self-supervised learning of speech 1) - 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 1j

€Chen et al., “Wavlim: Large-scale self-supervised pre-training for full stack speech processing”. Utterance
dChen et al., “Unispeech-sat: Universal speech representation learning with speaker aware Mixing audio W‘W"

pre-training”.

[&: WavLM #2A) 22 %

e 2025 % 10 A 13 A 45/158



F R FAD kAR

) R

Pre-trained Model Speaker Verification

Pre-trained Models Usage Method ; Part

i’

Fully Fine-tuned

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

ASV Downstream
Model
Fixed H

bl

Pooling Layer +
Linear Projection |

LTS
1. 4FAERR B0 A% TR G4 AE4E A am N
2. BR AR LIE AL S BT AR R
3. 5% RERMENMES
A hiE IR 2025 4 10 A 13 A 46 /158



F R FAD kAR

7 ik

L5 AR IEAE % L 4% iR SSL &4

o JFFA| LA 04 & A2 Hr 3% Fbank
o ¥ 3] ML K Ao

2Chen et al., “Large-scale self-supervised speech representation learning for
automatic speaker verification”.

K AR TR

X

Pre-trained Model

Transformer Layer L
Transformer Layer 2

Transformer Layer 1

ECAPA-TDNN

AAM-Softmax

—> Speaker Embedding
| FC layer

Attentive Statistic Pooling |

ECAPA-TDNN Frame Encoder

Fbank Feature

} (NI

x

CNN Feature Encoder

Hidden Representations Sequence

Learnable Weight

STFT + Mel Filter Bank
X

) )R FRD GAR RE

2025 4 10 A 13 B
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F R FAD kAR

R ik

FEiE ARE b 3 2GR G RS

sy ) _L’%jé@a
‘g’,‘,\;‘a

o RZEKA TR iR
o 1% JH iE B BB A8 AME S L 53R

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

Speaker Extractor
Back-end

x N
Add & Norm
Feedforward Feedforward
[ Feedforward ] Feedforward

Add & Norm

(awention )
@EREY

CNN Encoder

O Learnable
ve u‘wm O OO Fined

Waveform

2025 4 10 A 13 B

48 /158



| B F3)| 2545

R ik

KA KA g U B 4A4ER w2v-BERT 2.0, SOTA M 42

Audio
)

Feature Extractor

Feature Projection

Positional
Embedding

Conformer Layerl

Conformer Layer2

3 I
3 L

(|)L“u wise Weighted Average Model

@ Speaker Model

Layer Adapter0

Layer Adapterl

Concat

Layer Adapter2

Layer Adapter24

ST  Tougput T

__, Speaker
Embedding

ASP ; @ Struc

; knowledge dist
Linear ! : i
i
; P Layer|outputs ;
h Q@ distillation loss !
Speaker ! H Laye:Tomputs i
Embedding || @ P
i i Student model i
i H . i

& #) B w2v-BERT 2.0 #o4eif %48

HE - E

2|i2025enhancing.

LT BB RS AR b

2025 4 10 A 13 B
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F R FAD kAR

7 ik

L35 AR IEAE % L 4% ASR 47 ab

o /A ASR #iE TR EAE R
o A i1t AESI) ZAnds ik

?Liao et al., “Towards a unified conformer structure: from asr to asv task”.

bCai et al., “Pretraining Conformer with ASR for Speaker Verification".

K AR TR

2R Attention | [ ReL Attention
| CTC Loss | ’ B | ( e

Embedding +————|  Linear+LN

Attentive Statistic
Pooling

Linear+Swish+LN

Conformer Block | xN
T \:J _ T
[ N |

[ contormer Biock | L [[contormer Biock | »L ¢

Positional
Encoding

Positional
Encoding

Convolution
Subsampling

Convolution
Subsampling

Inputs Asv ASR Inputs

: ASR £ #5w %H
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B0y 58 AR AEF: 3]

‘Within the same track = same identity but different content

s ABIELE S b MR T w9 RIL°

-
o K AMMFEIEN A BB TR BLIEA N -

o kA RFEIEN N EETTRHEA ‘ﬂ--
?Huh et al., “Augmentation adversarial training for self-supervised speaker %MMWWW

recognition”.

Different tracks = different identity and different content

B Bk =E B

e 2025 % 10 A 13 A 51/158



W By 3 E ARAEF 5]

K FEE 5Tk R FAR AT L B B15 % , 4o Triplet, Prototypical, GE2E34= Angular
Prototypical*.

LTrlpIet N Zmax (0, ”X] 0 j,l”% - HX‘,O = Xg£4,1 |§ +m)
7=1
L . fj *e Y where S, = | 12
AN where S, ;. = |X; s —C
Prototypical N N esj,k ) 3,k 7, M kll2

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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AT BHaEAREST

SimCLR

A F SimCLRTER , & BitiE AMESD

o MILiE PRI AN R BT HEE {2
o ¥ B kB 7| EATHFHEFF fi 2t

2Chen et al., “A simple framework for contrastive learning of visual
representations”.

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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8Li, Han, and Song, “CDMA: Cross-Domain Distance Metric Adaptation for Speaker Verification".

9Li, 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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bXia, Huang, and Hansen, “Cross-lingual text-independent speaker verification
using unsupervised adversarial discriminative domain adaptation”.
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11 Liu, Yuan, et al. "Deep feature for text-dependent speaker verification.” Speech Communication 73 (2015): 1-13.
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13 Meng, Zhong, et al. "Speaker-invariant training via adversarial learning.” 2018 IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP). IEEE, 2018.

e 2025 % 10 A 13 A 73/158



ARG AR

Phoneme loss

Speaker loss

| ¢
tiembe dding
| .

Segmentilevel
|
‘

mee%le» el

NANJING UNIVERSITY

£, = CE(M,(My(X)),y*)
N
_ % ; CE(M,,(M(x;)),¥?)

’Ctotal N (”s +£p

‘voxce]ebl_O voxcelebl _E voxcelebl _H
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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
Segrient-level SEG-ADV 2.154 2.198 3.923
fs
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Systems | voxcelebl O  voxcelebl E  voxcelebl H
frame-level  x.vector baseline |  2.361 2.470 4.260
FRM-MT 2.165 2.198 3.911
TD]?N s SEG-ADV 2.154 2.198 3.923
SR COMBINE 2.013 2.030 3.819
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t ottt

CNN (2-D)
PBN features
P1, P2, - PT [ WAt
MLy
X1, X2, v, XT
LFB features Input feature maps

Fig. 1: Implicit phonetic attention by combining LFB and
PBN features at the input layer (LFB: log filter bank; PBN:
phonetic bottleneck).

P

Speaker embedding z

Attentive pooling

R=[r,12,...,71] [hyhy, ...,hp ] =H
tttt

CNN (2-D) CNN (1-D)
Frefeft ttitttt
X1, X2, s 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).

15Zhou 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 | | covid | [ convad kemel=5 | In=40 | In=140 | In=100
Stem Acoustic ~ Coupled  Phonetic
e 1% Triplet 3 %k ¥ <& softmax i %k
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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17 Kenny, Patrick, et al. "Joint factor analysis versus eigenchannels in speaker recognition.” TASLP 2007
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19Yang Y*, Wang S*, Gong X, et al. Text adaptation for speaker verification with speaker-text factorized embeddings.-1CASSP2020
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The architecture of the proposed DROP-TDNN x-vector system. DROP-TDNN consists of three training procedures, including phonetic information

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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Figure 2: Illustration of SpeechTokenizer framework.
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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".
25Raj et al., “Probing the information encoded in x-vectors”.

26Zhao et al., “Probing Deep Speaker Embeddings for Speaker-related Tasks".
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28Wang, Qian, and Yu, “What does the speaker embedding encode?”
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(a) Mel-spectrogram
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(b) Grad-CAM++ generated saliency map
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10) Score-cAm generated saliency map

d) Layer-CAM generated saliency map

2)jetal, "
301 et al.,

Reliable visualization for deep speaker recognition”.

“Visualizing data augmentation in deep speaker recognition”.
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il —{ e, - e
Al
Did you see... I I
Yeah, the game? (a) Diarization-Segmented Cascade System
||||||||||||||”||-|||||||||||
Speech Single -
i

did you see that

(b) Separation-Based Cascade System

Did you see...
Yeah, the game?

@ Diarization-Segmented: %,

@ Separation-based: & “iE&F 45 &7, HE3LiEA ASR,

K AR TR

um yeah the game

“DLs A", BEILEA ASR,
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Prediction Label
™
Speaker 1 ine. Permutation
Speaker 2 —{ SIMO how are you Invariant
Mode Taining
Speaker 3 L

(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 ABEMREFMBWIEANTBNET, # 72 XAIKEREZ TR,
o XIFIAMM GEEM” H “HTH AT,
° 22406 X SIMO (PN S 4 ) SISO (s N,
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N3EAR

rz’:;zt;; Speaker speaker
waveform Encoder embedding
log-mel
Synthesizer T spectrogram
grapheme or
phoneme —— Encoder [|concat —~ Attention [~ Decoder Vocoder — waveform
sequence
31Jia et al., “Transfer learning from speaker verification to multispeaker text-to-speech synthesis".
32Casanova et al., “Yourtts: Towards zero-shot multi-speaker tts and zero-shot voice conversion for everyone”.
3Bwu et al., “Adaspeech 4: Adaptive text to speech in zero-shot scenarios”.
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Personalized
Speech
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VALI_- E Audio Codec Decoder

A
[ |

, S S S Y S 2 Nl N
Neural Codec Language Modeling

T [ S
Lk P+t
Phoneme Conversion Audio Codec Encoder

Text Acoustic
Prompt Prompt

Text for synthesis 3-second enrolled recording

34Wang et al., “Neural codec language models are zero-shot text to speech synthesizers".
35Dy et al., “UniCATS: A Unified Context-Aware Text-to-Speech Framework with Contextual VQ-Diffusion and Vocoding”.

30L ¢ et al., “Voicebox: Text-guided multilingual universal speech generation at scale”.
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Wav
Semantic Speaker Semantic Speaker
p . " p i i Speaker | Docoder

Posterior
Encoder

resample T
vITS Wav

Wav
Linear Spectrogram

gﬁ

loss

speaker
encoder

Prompt
Encoder

speaker prompt Wav Text speaker prompt Text speaker prompt Noise Text

Prompt
Encoder

Duration
Predicter

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

37Zhang et al., “PromptSpeaker: Speaker Generation Based on Text Descriptions”.
38Stanton et al., “Speaker generation”.
39Shimizu et al., “PromptTTS++: Controlling Speaker Identity in Prompt-Based Text-to-Speech Using Natural Language Descriptions”.

40Bilinski et al., “Creating new voices using normalizing flows".
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1 2
COl':Cﬂl '—|
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(a) Proposed System

Output Feature

t

| Mel Linear

Transformer
Decoder

E Positional
Encoding

Transformer |
Encoder

Positional
Encoding

Input Feature

(b) SI Manipulator

L

Add & Norm

L

ConvlD

|

Add & Norm

{

Multi-Head
Attention

N

(c) Encoder and decoder architecture

41Zhang et al., “SIG-VC: A Speaker Information Guided Zero-Shot Voice Conversion System for Both Human Beings and Machines”.

42Chen and Duan, “ControlVC: Zero-Shot Voice Conversion with Time-Varying Controls on Pitch and Rhythm”.
43Hussain et al., “ACE-VC: Adaptive and Controllable Voice Conversion Using Explicitly Disentangled Self-Supervised Speech Representations’:

BAEIE SR
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aa
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=I] Yingram |

L.P.S (]
L__ Generator __i
S
| 4BaS B
P.5 | [ Source™
L.-Generator i

44Choi et al., “Neural analysis and synthesis: Reconstructing speech from self-supervised representations”.

45Wu and Lee, “One-shot voice conversion by vector quantization”.

46Wu, Chen, and Lee, “Vqvc+: One-shot voice conversion by vector quantization and u-net architecture”.
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i-vector @ & q bmoio
- he §

= =

@\@? T Embedding Backpropagation

77 )\ Classifier
et UBM Adaptation
NN-Based Jointly Learned

s (| (- Speech

: Extraction
, Module

UBM Embedding
Learning EI;fraat:tirzn Extractor NN Auxiliary NN I

r I P

© - © -whn © e

Enrollment Enrollment Enrollment

(@) (b) ©)

47Zmolikova et al., “Neural Target Speech Extraction: An overview”.

48 Delcroix et al., “Single channel target speaker extraction and recognition with speaker beam”.

49Ge et al. “Spext: A complete time domain speaker extraction network”.
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Reference
Wave Speaker
|

Embedding
Extractor

Speaker
Embedding

(A)

———»{  Encoder

Mixed Wave

Reference

Wave
B)  —

Mixed Wave

Figure 1: (A) is the diagram of a typical time-domain target
speaker extraction method. (B) is the diagram of our proposed
method. ® is an operation for element-wise product.

50Zeng et al., “SEF-Net: Speaker Embedding Free Target Spekaer Extraction Network”.
51Yang et al., “Target Speaker Extraction with Ultra-Short Reference Speech by VE-VE Framework".
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Adriana STAN % A (2023) 49 =24 I,

Q HANEFTH w3 A2
o MULE N HLiEAFM, RibHINLIFLfT
o FABZMENEALR

Q LIEARZ EETTHEE
o M SHREATEI AT AL HIEAL L
o fi) FFMLRZART EMAT

Q@ T itHE R—%
o MW 45 3] AR AE
o BEMTILEAS I TIEE

52stan2023analysis.
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9 3R R
QO »i: lﬁj/ﬁ%‘fﬁ%’ﬂ?ﬁ%ﬁiffﬁ)\
o R “FIM 1: [audiol], &4 2: [audio2]. EAIR AR —ABLiEAL "

o R "BAFMAFA S IAWEAL"
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RAEALER: WG

1A TR EE R € ik <2s Bk >6s
Kimi (C+S) 70.20 6840 6340 5267 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 KkntkitiE L4 70% AR
o MMM T IALRE TIF:

o Pk % # 52-57%
o 42t #4 50-55%

o %1% Kimi-Audio with Concat + Silence i

AT A
i
T A ALLMs a5 SV 56 A4 R — SUMHGR 7 ik
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A Qe iEE b € it ik <2s Bk >6s

Kimi (R4 K) 70.20 68.40 63.40 52.67 55.00 53.70 73.60
Kimi (fiiR) 95.07 97.00 92.40 88.20 89.00 80.90 89.50
Kimi (ALK A) 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 kit MRIEEE 70% — 95%

emﬁﬁmﬁ%% AL AR AR 3 22 4- T

© ALLM fr4znf ¥ L4234 ECAPA-TDNN! (80.90% vs 78.80%)
Q LML TIA ZEM 4, HA3): 95% vs 99%)

ALLMs X% P I £ keg Stk , g EN LW RRFEIRFTPaHA .
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FMARIE TR AL

¥ RE| L AR SV

BEABEIE Ak
o JEM: [audiol], M)iX: [audio2], B4R A: “Hello world”
o [F]FL: "MK HIE M= B —AN3LiE ACE ¢ M AT B AR SRS 27
o KE: WA A/F, AE R/F

7 LibriSpeech I a4i%1%:

FEA JiEANERE (%) IAREHE (%) LREAE (%)
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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iR T A e stk

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 F e iE AR TR LA A
EX] AiiEFH A 2025 4 10 A 13 B
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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

AR R A 2025 4 10 A 13 A 123 /158



Wespeaker

A
4
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o 2-F B E

o SOTA 4%

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

o EATHY/3RF L IF

o AN &) Fo R B0 4% A

aker-voxceleb-resnet34-LM 0| @ like

weSpeakel' %m‘ ﬂﬁﬁﬂlﬂk%g‘ io O PyTorch ® voxceleb pyannote pyannote-audio-model
HIPEARES I TA % S ey Cyr—
- {’L = T ?ﬁg”a;]'zant ‘i’ﬂﬁlliik o'Modbicard 2 Flles «mt) @ Communlty
Tv R HE e A*ﬁﬁ;g L’g% s RRTRISEE B /\/‘\f”‘/‘*
FHRIB0005K
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Localﬂes] | Local files Localfiles Cloud(S3/0SS/HDFS/...) - ’_’_ .
o Raw: MEZFEwa wav Fedr % i () 403%)

e | | v @ Shard:
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Wespeaker

RS

B 1 T HIR 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

PR 20 H )| Ao X A

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

HER )

g fE E
FIE 3 % B g EHE

BRI 3%

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: # 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 % #

R R Ay - ATy ik K FF

o ResNet % 7| e TSTP @ add_margin
e TDNN e ASTP @ arc_margin
o ECAPA-TDNN o MQMHASTP @ sphere
@ RepVGG @ sphereface2
o CAM++ @ intertopk
@ ReDimNet @ subcenter
@ Pretrained

Frontend (e.g.

WavLM)

K AR TR

AR B 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

£

i
& 3% F 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} \
L /7.1\’71}5[93"{{ —exp_dir $exp_dir \

—trials "$trials”

o AT QMF agyt fi
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Wespeaker

Model Params  vox1-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 1.9 164 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/ex jit.
ECAPA_TDNN_GLOB_c512 6.19M 0782 1.005 1.824 pytho espeake /b, /e port_jit.py \
—config $exp_dir/config.yaml \
RepVGG_TINY_AQ 6.26M 0.824 0.953 1.700 — checkpoint S$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 1.608
CAM++ 7.18M 0.659 0.803 1.569 —%" & O n nX :
ECAPA_TDNN_GLOB_¢1024 14.6M 0.707 0.894 1.615
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_modgl P\
—output_model $onnx_dir/final.onnx
WavLM+EcapaTDNN 0415 0.551 1.118

) AR 7] £
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Wespeaker

Fo iy 6] 7 Suf ik H

“ spaces © wespeaker_demo ik 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,
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')

number < 0 means using CPU

2025 4 10 A 13 B
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UIO 1%
o M AT LIG A Aok F BB
& N el
o WK F /UMK
o @& WeNet Fo WeSpeaker P % ¥,

On the disk: Single speaker wav
/
av . 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 & AE £ EEE (2 HLiEATH)
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WeSpeaker 4% % &,

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

# psudo-codes for integrating wespeaker models

from wespeaker import get_speaker_model

# TDNN/ECAPA/ResNet/CAM++/WavLM. . .

s get_speaker_model (spk_model_name) (**spk_args)

m BSRNN (x*sep_args) # Or other backbones

m.speaker_model = s

if use_pretrain_spk_encoder:
m.spk_model.load_state_dict (pretrain_path)
m.speaker_model. freeze ()

spk_fuse_type: 'multiply’
use_spk_transform: False
multi_fuse: False
joint_training: True

#i#t##### ResNet

spk_model: ResNet34
spk_model_init: False
#./wespeaker_models/model .pt
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Speaker embedding (Baseline) ——

Training and Validation Loss Over Epochs

e s TD-SpeakerBeam ResNet Joint 13.03 95.2 ICASSP, 2020
Py Validation Loss.
Min Taining Loss. . n
e SpEx+ ResNet Joint 13.41 - Interspeech, 2020
sDPCCN ConvNet Joint 11.61 - ICASSP, 2022
Target- a
Chnfusion’ 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 S
175 £--17.51 SpeakerBeam WavLM Pr‘etrame_d + 14.65 7.0 ICASSP, 2024
Fine-tuning
13 2 a0 & 0 100 120 10
tpochs Campplus + .
BSRNN SHuBERT Pretrained 15.39 - SPL, 2024
TE-Map (Proposed) BSRNN 1591 97.0
Training and Validation Loss Over Epochs Ecapa-TDNN Pi ined Proposed
— Training Loss BSRNN 17.99 98.6
-2 — Validation Loss
-~ Min Training Loss
-4 === 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
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