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X-vector
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F—— Speaker label 0 Xevector
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osine (E2E) vs PLDA (Domain

Objective: Samples belonging to the same class [ SOftinaX ] ‘ ( ) ( )
are pulled together while pushing apart samples - §
from different classes. [ Hidden Layer ]——> Segm ertf;;teu‘;i speech

Segment-level speech A - /

feature extraction [ Hidden Layer ]——7 Speech feature vector
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Objective: Highlight segment-level
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Frame-level speech Deep Neural Network
fﬁg&‘;{e extraction Objective: Highlight frame-level
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Data Augmentation
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Pre-Trained model
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e e st 7 Figure 1. WavLM: Large-Scale Self-Supervised
Pre-Training for Full Stack Speech Processing [1].
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1 Self-supervised learning
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Experimental Results
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0 Preliminary Results on Voxcelebl

ol

Vox1-H

Vox1-E

Vox1-O

ECAPA-TDNN |2] 1.010 1.240 2.320
HuBERT Base 0.989 0.822 1.678
WavLM Baese+ 0.840 0.928 1.758
HuBERT Large * 0.585 0.654 1.342
WavLM Large* 0.383 0.480 0.986

0 Preliminary Results on CN-Celeb

EER (0 minDCF (%)

Fbank + ECAPA-TDNN 8.7920 0.4976
WavLM Large + ECAPA-TDNN 8.3980) 0.4762
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[ T : 1 Multi-task and multi-scale feature extraction :
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([ Conv1d+Rel U+ BatchiNorm1d | : [0 Multi-layer feature aggregation and summation |
| $Q Positional : I
l , Encoding . 1 CBAM-dependent statistics pooling ,'
[ SE-AttentionAug Convolution ] vV vV N 7
[ Multi-Head Attention ]
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; , [ Add&Nom o
[ SE-AttentionAug Convolution ]

[ Feed Forward ]

A4 v
[ SE-AttentionAug Convolution ] [ Add & Norm ]4—

v
[ Attention bottlenecks ]

Y

[ CBAM-dependent statistic pooling ]

[ BatchNorm1d+FC+BatchNorm1d ]

DEPARTMENT OF 50y [ Audio Feature ]
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Ien%rr%‘;'ﬁi;"ﬂ #,. Figure 2. High-level illustration of Our proposed model.
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Attention Augmented

0 CBAM: Convolutional Block Attention Module

( Convolutional Block Attention Module \

Channel

Refined Feature

Input Feature Attention Spatial
Module Attention
S =)\ S

'® ®—

Figure 3. The overview of CBAM. The module has two sequential sub-modules: channel and spatial [3].

20770)
Convolution | | SelfAttention
Aggregation Aggregation

Figure 4. Attention Augmented Convolution [4].
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Contrastive learning
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; I:I Objective: Clusters of points belonging to the same |
Sample positive key \ Sample negative key . . .
for given query Sample query ~a for given query class are pulled together in embedding space, while

|
I
|
p(q@) | from dataset : ] )
qu\t ﬂk Iq) t . simultaneously pushing apart clusters of samples from
k |

 different classes [6-9].
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Encoder Encoder Encoder
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Head © Head \ Head / : O Sampled Data q (querY) :
\ \ \ i : I
\/ . O Data for comparison k (key) |
~ - : o . . :
© Contrastive loss . 0O (k*,q), positive pair :
4 I :
. O (k™,q), negative pair :
/

Figure 1. High-level illustration of contrastive learning [5]. T =e e oo m o mmm oo
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Contrastive learning
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] Encoder

= _ Figure 2. High-level illustration of contrastive learning for speaker verification.
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O Motivations: :
|
1 Robust representation :
. ) ) I
1 Effectively leverage label information |
[
1 Positive samples will be more closely aligned ,I
N d
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Contrastive Loss

Anchor Negatlves Anchor Negatwes

€

Positive /
= <

Self Supervised Contrastive Supervised Contrastive

Figure 3. Self-supervised contrastive loss vs supervised contrastive loss Loss [ 10].

O Self-Supervised Contrastive Loss: O z;is anchor. z,,2;; augmented data,
pself =Z£felf Zlog exp (2;* 2j(4)/7) Z, 1s negative s:em?ples, P(i) is thg set of
=y ~ 2 )eXp (2i+2a/T) positive data, A(iQ) is the set of negative data.

OO Supervised Contrastive Loss:

L5UP sup o exXp (zi * zp/T)
ol = 2 Lol = 2 ] <>| 2 18 e ezl

el aCA(3)
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Summary

______________________________________________________________________________

/ [ Data Cover as much data as possible and use data augmentation strategies. \
0 Model Robust speech features representations from different aspects.
O Pooling Highlight segment-level speech features

] Loss Clusters of points belonging to the same class are pulled together in embedding space, while

simultaneously pushing apart clusters of samples from different classes.

o e e e e e e e e
[ SN UUCS U U U USRI U U ——

. O Verification Cosine (E2E) vs PLDA (Domain), adversarial domain mismatch, score calibration ,
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