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Integrated receptive field diversification method for improving
speaker verification performance for variable-length utterances
ABN ATS) SR, MalEl, K5k
(Hyun-seo Shin," Ju-ho Kim,' Jungwoo Heo,! Hye-jin Shim,' and Ha-Jin Yu'")

MEAIR St AFE kst

(Received March 16, 2022; accepted May 4, 2022)

£ B b ol Alslol A el b Zolo] ke A2 S1ehAld 4 Qi thiEA el S lofek. ol et BAIHE
KIS S1oh, B AT AT 0] 54 7B 1S of el A] Az the Aol e A the
%8 % (Receptive Field) 2 71 P4 A15-2 28 3fo] chofal 8ht 54 #5191k ol gt a5t Helstol,
£ QoA 7ha o] el A2 Melst] 913 ek e -8 ol Bht H RS FEsti o] S A
2 EUSH- 5 4§ 99 thgs /e Alokaleh AlRRHET e e 542 olelrb) AR e B
A TR 48 Gt 7P B4R A0 2 7kgste, 7R 542 e o] Zolof ujet 540 2 Sasto] sk
EAL a3 B G70] AZATE VoxCeleb2 Hlo] A E & 35590, 71 Z1o] ¢l 2hAjo]| tish A%
2 2}15}7] 913} VoxCelebl B} tlole] MIEES 15,25, 5 s o] 2 A2 WAz} 27 Zo] Aol chal 212} 3715
Seagstsic. A1 Ak B -8 9] Clast /] lo] Wlol el ] 5o 0.5 88 BHAO T 19.7% A1,
AQat 714e] b o] A2 el ofat i H5HE AT 4 93-S BHlstgick

SHABOl: B4 1%, 7HA 2o WA, AF AT, S8 3

ABSTRACT: The variation of utterance lengths is a representative factor that can degrade the performance of
speaker verification systems. To handle this issue, previous studies had attempted to extract speaker features from
various branches or to use convolution layers with different receptive fields. Combining the advantages of the
previous two approaches for variable-length input, this paper proposes integrated receptive field diversification
that extracts speaker features through more diverse receptive field. The proposed method processes the input
features by convolutional layers with different receptive fields at multiple time-axis branches, and extracts speaker
embedding by dynamically aggregating the processed features according to the lengths of input utterances. The
deep neural networks in this study were trained on the VoxCeleb2 dataset and tested on the VoxCeleb1 evaluation
dataset that divided into 1 s, 2 s, 5 s, and full-length. Experimental results demonstrated that the proposed method
reduces the equal error rate by 19.7 % compared to the baseline.
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Fig. 1. (Color available online) lllustration of EDSP and ISKConv method, (a) Left: structure of EDSP, (b) Right:
structure of ISKConv. K refer to the kernel size of a convolutional layer. i+ and o denote a mean vector and

a standard deviation vector (b: the element—wise summation, ®: the element—wise multiplication).
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Fig. 2. (Color available online) lllustration of the proposed method. (a) Left: the intergrated layer with EDSP and
ISKConv blocks, (b) Right: bottleneck based ISKConv architecture, 7 and C denote time and channel scale of

each feature maps,

Table 1, The temporal size and elements of feature
map in each resolution path, 7" denotes the number
of input feature map's time axis elements and z;
means i—th element of the input feature. .3 and
are parameters of a kernel in transposed con-—
volutional layer.

Path Temporal size Elements
Tty g
"
Low 73 Tp_gtTp_ta,
3
Original T {o), 2y 2w )}
G/_Tl, /leﬂ 'Yxlv
High T3
o B8 75 Y

Ao} 54} AL b3} Ak WA, ol 54
£ 7 ARl ool the, 3 AEe o

3 A e A=, J_—’E‘H*JE BEE EeEo] ™
AL average poollngE A}

LN

Z;
I
ol

Il
lo
>
N
Hy
LU
N oo
_}L
L
Ay
b o

o2 ete|x] Ha@E H3Z (2022)

NI
(2

oM.
ok H

74]

g n

of ©

o) A1z 8

ne 4 ¢
T op
2

%0,
£
>
oo
it o
E?i'
ox

o,

N
(i
oo
ox,
o
flo
wh
1o

in

715 7HAANE Ad e %#%
= 3719t A o] Fl t}. Table 2=
g o] YTt o, 2ot g,
o AT 6714 8 F9&
P ol A= Aol g gl 4= Stk
QFeE 7]H-& TRkt =8 P4 3r
o] 7F&shH, o]= 71 Aol Edof| A
ZE A AAHE FET 5= onlgth
ISKConv 1A+ U] 519] statistics pooling A| &2 A A
A JE S gFote] Hot HWE L} 22HUA HHE
Adste] e G AERE Y T HE=E W
ket Akt 7Hol A= e AR 3

s

fl
o off & uE I i X
ox i & U o

oN, oX ol\
R
i A

o
I o
& OH fmow

X
=

=

f
-9
A
%l'
2

s

-

i
o

o
o2
(<0
=
X

ot

It

¢

Q] A7} Z2EE] 2 2 sofimax attention A &0
AR S B33 A o] six} AR E (R} F o7 %
grgit. o] %, 7+ 7 &2 ISKConv I4He] &8 ¢



Table 2. The receptive field of each convolutional
layers in the proposed method.
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Table 3. Experimental results of various model on VoxCeleb1 test dataset.

Model Vox1-O (EER %) VoxI-E VoxI-H
full Is 2s 55 (EER %) (EER %)
ResNeXt (Baseline) 2.185 6.129 3.552 2.420 1.952 3.420
ResNeXt + EDSP 2.004 5.281 3.279 2.180 1.812 3.378
ResNeXt + ISKCony 2.259 5.684 3.478 2.468 2.038 3.871
Proposed method 1.819 4.931 2.760 1.967 1.658 3.203
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