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Visualization analysis ’

Research background:
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Fig. 8. Cross-genre tests with the x-vector system. The lightness of the color corresponds to the numerical value of the EER (%).
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225 wk: LiL, Liu R, Kang J, et al. CN-Celeb: multi-genre speaker recognition[J]. Speech Communication, 2022, 137: 77-91.
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Visualization analysis ’

Technical comparison

* PCA
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Visualization analysis ’
Experiments

I t-SNE, UMAP S5 52 21771k, % Acoustic embedding AT FE4ETT#1AL, 79 #T speaker factor Al genre factor <[] )73 Afi
RFTE

Single-Speaker Multi-Genre (SS-MG): ISFFRISPIENI AL ERIIEGERI
B O AR singing, ZLEH RACER interview, AR R AGEK entertainment, 7 ) £ live_broadcast.

Multi-Genre
 id00392
* id00100
%
. ,- . M&., &
P, :. -,'"-"‘." ‘ . ':§'
..i; . et ,:3i m -
PV ¥ ey e el
& = ﬁ:‘ir-’bﬁi
‘ 0 s
Sl

E1.1 PCApEHE El1.2 T-SNE[#4E E1.3 UMAPBEHE El2.1 PCARHE El2.2 T-SNE&#iE El2.3 UMAP[Z4E



IR RN i Visualization analysis

Multi-Genre
* id00500 e id00523

& "'!,'-::":-:- \"ﬁ ' & ﬁ%
Bipes | & o vy L
ab & ., “
R .

R
4{6‘ :;‘M

E]3.1 PCAREE 3.2 T-SNER§4E E13.3 UMAPE4E
e El4.1 PCAR4E [E4.2 T-SNEfg4E [El4.3 UMAPRg4E

e id00702 . 400978

p & ¥

e
g ‘g\\‘rg_l?rqadcast w W

% . L% R, 3
ks %ﬁ. ST by, et -
. o~ A kg e ’

e B S

i

B]5.1 PCAJ&4E E]5.2 T-SNE[§4E E]5.3 UMAPRE4HE E6.1 PCAIR4E [E]6.2 T-SNE[RHE El6.3 UMAPPE4E
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Conclusion
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Aware condition learning ’
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Data
K CN-Celebl Z & 2375 CHH BB E .. ZHIREC S 100002081 N, BRI ESL 5, EFF
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Vanilla-blind training:

HT x-vector fEZE, f#F] ResNet34L. ECAPA-TDNN NP F backbones, %H AM-Softmax fii 2 ki$, %H
Attentive statistic pooling WAL 5 0&; J5um A Cosine RIZFEEHAT RS FT 70 A SRR %% EER EAVENY
FEPR.

Vanilla-blind training result:

Backbone Loss function Pooling Emb_dim Backend EER(%) Ckpt

ResNet34L AM-Softmax ASP 256 Cosine 15.736 epoch=94_tr
ain_loss=0.1
1.ckpt

ECAPA-TDNN AM-Softmax ASP 256 Cosine 16.412 epoch=71 _tr

ain_loss=0.1
5.ckpt
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Acoustic-aware training :

Improvement ideas:

Layer Module Output
Input - 80x200x1
Conv2D 3x3x32, Stride 1 80x200x32
[3 x 3 x 32]
ResNetBlock1 3 x 3 x 32| %3, Stride 1 80x200x32
| SE Layer |
[3 % 3 x 64]
ResNetBlock?2 Ix3x64| x4, Stride 2 40x100x64
| SE Layer |
[3 % 3 x 128]
ResNetBlock3 3x 3 x 128 x6,Stride 2 20x50x128
SE Layer
_ ResNetBlock4 3x 3 x 256 x3,Stride2 10x25x256
2X after pooling | SE Layer |
aCDUStiC_ Pooling TSP [37] 20x256
embedding YT _ 5120
speaker embedding
eI - 256
Dense AM-Softmax [38] 5994

input

80xT

ConvlD + ReLU

+ BN (k=3, d=1)

CxT

SE-Res2Block (k=3, d=2)

CxT

SE-Res2Block (k=3, d=3)

Aware condition learning ’

SE-Res2Block (k=3, d=4)

0
[1X before pooling

A\

CxT

'

nv1D+ ReLU (k+1, d=1)

l 1536xT

O et MAttentive Stat Pooling + BN
acoustic

embedding = } s072x1
[3X speak embedding FC + BN
\ l 192x 1

AAM-Softmax

output l Sx1

3x(CxT)



Loss function

ResNet34L Before Pooling AM-Softmax

Baseline: After Pooling

15.736

At Spk Emb

Loss function

ECAPA-TDNN Before Pooling AM-Softmax

After Pooling

Baseline:

At Spk Emb

EER(%)

15.477

15.517

14.892

EER(%)

15.984

16.215

16.176

Ckpt

epoch=78_train_los

5=0.07.ckpt

epoch=83_train_los

5=0.13.ckpt

epoch=98_train_los

5=0.21.ckpt

Ckpt

epoch=89_train_los

5=0.09.ckpt

epoch=76_train_|os

5=0.10.ckpt

epoch=98_train_|os

5=0.13.ckpt

WFELSEIGLE 5, AT WA acoustic embedding HIZEIR (S5 ., 7T LL—E FR AR THE £ 4% 50 F BBl R BIR L.
2{# FH ECAPA-TDNN 1E A EFMZES, 4#ik A2 pooling layer Z B, %k loss BEFFIRE 2, [FIN EER fRFREETR T 0.428%; ik
A2l pooling layer 2 J& fll speaker embedding 2 14 BEH2 T+ IR AN &
8 H ResNet34L fE T WL, BNFE pooling layer Z BTN Ja HIRCRIETTH AR, {HZ 2k A Fl Speaker embedding 2 I
P B 1 O Bl 9 BH I
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Backbone

ResNet34L

ResNet34L

Backbone

ECAPA-TONN

ECARA-TDNN

% N\ JP] Test embedding N Speaker embedding, 1R AR IS AL T-Hi A\ 1] Test embedding A Speaker

Position

At Spk Emb

At Spk Emb

Position

At Spk Emb

At Spk Emb

embedding + acoustic embedding-
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MEEIGZE BB, Hi A\ Test embedding A Speaker embedding B}, RAIZCRTE T, X0 DAEMER], NAEZ S sUlin

Loss function

AM-Softmax

AM-Softmax

Loss function

AM-Softmax

AM-Softmax

Pooling

Emb_dim

256

256

Emb_dim

256

256

Backend

Cosine

Cosine

Backend

Cosine

Cosine

EER(%)

14.892

14.959

EER(%)

16.176

16.328

Ckpt

epoch=98_1r
ain_loss=0.2
1.ckpt

epoch=98_tr
ain_loss=0.2
1.ckpt

Ckpt

epoch=98_tr
ain_loss=0 1
3.ckpt

epoch=98_1r
ain_loss=0.1
J.ckpt

Test embedding

Speaker embadding

Speaker
embedding+acousti
¢ embedding

Test embedding

Speaker embedding
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embedding+acousti
¢ embedding
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Conclusion ’
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* Multi-task training and Genre-adversarial training
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* Working on large data sets
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