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4r&ARsk1: Softmax with cross-entropy loss
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4&$Rsk2: Angular softmax
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Huang et al., Angular softmax for short-duration text-independent speaker verification. in Interspeech, 2018

Cai et al., Exploring the encoding layer and loss function. in end-to-end speaker and language recognition
system, in: Proc. Odyssey, 2018
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aIEsk2: Angular softmax
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TRARR3:

Decision Boundary
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Xie et al., Utterance-level aggregation for speaker recognition in the wild, ICASSP 2019.
Liu et al., Large margin softmax loss for speaker verification, Interspeech 2019.
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Cai et al., Exploring the encoding layer and loss function in end-to-end speaker and language recognition
system, Odyssy 2019,

Liu, et al., Large margin softmax loss for speaker verification,Proc. Interspeech 2019

Li et al., Gaussian-constrained training for speaker verification, in: ICASSP 2019
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End-to-end SV

» Design a training loss

» Define a similarity metric

Select and construct training trials

AN NN D N N N

AN NN

Pairwise loss
Triplet loss
Quadruplet loss

Prototypical network loss

PLDA-based similarity metric
Cosine similarity metirc
Squared Euclidean distance

hard negative
semi-hard
Partial AUC

12
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FiAIisL1: Pairwise loss

Binary cross-entropy loss
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%%j{ﬁk Heigold et al., End-to-end text-dependent speaker verification, in: ICASSP 2016
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Triplet loss
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* Lietal.,, Deep speaker: an end-to-end neural speaker embedding system, arXiv preprint arXiv:1705.02304.
» Zhang et al., Text-independent speaker verification based on triplet convolutional neural network embeddings,

IEEE/ACM TASLP 2018
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faIAFi%L3: Quadruplet loss

|

y

pAUC

© True positive rate

0 a B 1
False positive rate

pAUC =1 — % Z Z []I(Si < sk) + %H(Si - Sic)]

Vi:s; EP Vk:sp €Ny
P = {(Si,li = 1)|Z = 1,2,--- ,I}

N = {lspslpy = D)k = 1;2;554 K}

T
xn yﬂ

Sn = f(xn7Yn) = Hxn||||YnH

E{qmge(z) = max(0,0 — 2)2

.1 2
min — Z Z max (0,6 — (8; — sk))

Vi:s; EP Vk:sp, €Ny

% % iﬁk Bai et al., Partial AUC optimization based deep speaker embeddings with class-center
= learning for text-independent speaker verification, in: ICASSP 2020

15



=, inBlimfEAR R

BaiANfi3: Quadruplet loss Y33 S E %
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Fig2: a,Class-center learning; b, Random sampling.

; Bai et al., Partial AUC optimization based deep speaker embeddings with class-center
SE B

learning for text-independent speaker verification, in: ICASSP 2020 6
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BaiIAffik3: Quadruplet loss RYSEIG {4 &E

Table 1. Results on SITW.

Name Loss EER(%) | DCF10~* | DCF10™*
Softmax (kaldi) 3.0 - -
Softmax 3.04 0.2764 0.4349
Dev.Core ArcSoftmax 2.16 0.2565 0.4501
: pAUC-R 3.20 0.3412 0.5399
pAUC-L 2.23 0.2523 0.4320
AUC-L 4.27 0.4474 0.6653 - -
Softmax (kaldi) 3.5 - -
Softmax 3.45 0.3339 0.4898
Eval Core | ArcSoftmax 2.54 0.3025 0.5142 10 ¢
: pAUC-R 3.74 0.3880 0.5797
pAUC-L 2.56 0.2949 0.5011 5L
AUC-L 4.76 0.5005 0.7155

Table 2. Results on the Cantonese language of NIST SRE 2016.

False negative rate (in%)
N

Back-end Loss EER(%) | DCF10-2 | DCFL0-° 1+ Sofimax .
- rcSoftmax
Softmax (kaldi) 7.52 - - i pAUC-R
Softmax 6.76 05195 | 0.70% 0.5 PAUG-L
No-adantation ArcSoftmax 5.59 0.4640 0.6660 AUC-L -
P pAUCR 15.25 0.8397 0.9542 02 r
pAUC-L 6.01 0.5026 0.7020 ‘ - . ‘ . .
AUC-L 792 0.5990 0.8072 01 02 05 1 2 5 10 20
gogmax (kaldi) jgg - S False positive rate (in%)
oltmax . R .
Adaptation ArcSoftmax 4.13 0.3564 0.5401
pAUC-R 8.65 0.6653 08715
pAUC-L 4725 0.3704 0.5471
AUC-L 536 0.4439 0.6480

Bai et al., Partial AUC optimization based deep speaker embeddings with class-center
learning for text-independent speaker verification, in: ICASSP 2020 (7
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HaINIRsk4: Prototypical network loss

—mini-batch | S = {(x,,L)ln = 1,2,--- N}

—MQueryset | Q = {(x,.l)lg = 1.2,---,0}

EEHAL | = Y %, j=12,d
T B SIS,

exp( —d(xy, c;q))

Lpn = — log
(Xq%EQ Z;’:l exp( - d(Xq’ c]'))

%% j[ﬁk Chung et al., In defence of metric learning for speaker recognition, in: Interspeech 2020.
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HaINIRsk4: Prototypical network loss

Table1: Equal Error Rates (EER, %) on the VoxCeleb1 test set, where CHNM denotes curriculum hard negative mining

10.14%0:20

Softmax

AM-Softmax
AAM-Softmax
Triplet

GE2E

Prototypical

Angular
Prototypical

m=0.1,s=30
m=0.2,s =30

m = (.2, CHNM

M=3

M=2

M=2

4.76X0.10
4.64X0.04
4.67x 0.06
4.40%0.08

4.591+0.02

4.29%0.07

5.82%0.47
2.59%0:09
2.36X0:04
2.60X0:02
2.52%0:07

2.3410:08

2.21%0.03

6.46£0.06
2.41%0.01
2.38%0.01
2.71X0.06
2.37%0.10

2.3210.02

2.22%0.05

%% j[ﬁk Chung et al., In defence of metric learning for speaker recognition, in: Interspeech 2020.
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