The 2019 Conference on Computational Linguistics and Speech Processing
ROCLING 2019, pp. 310-324
©The Association for Computational Linguistics and Chinese Language Processing

PA=TeaE BRI S R e IR A B L sE B PR AR

Time Delay Neural Network-based Speaker Embedding Function

Fine-tuned with Triplet Loss for Distance-based Speaker Recognition

BER07E Chih-Ting Yehn, T-{H% Po-Chin Wang,
sR#AEs Su-Yu Zhang, 5z ¢ Chia-Ping Che
BT RS E R AR 2
Department of Computer Science and Engineering

National Sun Yat-sen University
M063040008@student.nsysu.edu.tw, M063040058 @student.nsysu.edu.tw,

M073040069@student.nsysu.edu.tw, cpchen@mail.cse.nsysu.edu.tw,

Fa== Shan-Wen Hsiao, Zf#H7K Bo-Cheng Chan, = {}# Chung-li Lu
G Tk
Chunghwa Telecom Laboratories, Taoyuan, Taiwan
swhsiao@cht.com.tw, cbc@cht.com.tw, chungli@cht.com.tw

e

AT TAERHDAGEE BEET x (18 (x-vector) ZEfERHE » 7 —EEEIER A
G o BRI > FMITRHAIH =JcaliRsk (triplet loss) 2RHL B [FI5E#& 5 AIHA R
B2 FEIHVEERE o BT o NS B RE R FHER R PR RS R AL 5 2 BN A 2 fEiA
CUERYEN > LA NEEEERRE M EE & R PRasas R - FMILI NS (VoxCeleb) 5
EWERE PRSP HAY R - A ERERS 1251 B NEEEER -
FIFTR A 2 S B — i (top-1) AYPRSRIEREREy 59.57 % » AU FL(EHHE (top-5) (Y
P R AT AT DLZER] 80.32% »

Abstract

In this research work, we build a speaker recognition system based on the x-vector framework
for speaker verification. During training, we propose to use the triplet loss to increase the
distance between the embedding vectors from different speakers in high-dimensional space.
During recognition, we use the European distance between test-utterance embedding vector
and enrolled-speaker embedding vector for similarity measure, thus predicting the enrolled
speaker with the minimum distance. The proposed system is evaluated with VoxCeleb speaker

recognition dataset. The test set consists of utterances from 1,251 test speakers. The proposed
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model achieves the top-1 recognition accuracy of 59.57% and the top-5 accuracy of 80.32%.
[BASEGE © FFAERRAEAEES ~ FEE PR - =JTaHIRk
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[ - AR > FAMEL x AR [1] A48 AEE > WA EREERE (Representation
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A EEAGETREE AT AR RS ~ (EH VoxCelebl Bizg 7y IRV EAGEI TREE W
o 0 SE PRI R SRR e N R R S R R EAHRE -

(=)~ BB e

HFMIERH &G SR (Data Augmentation) HYFMT - BFERHIIALRS ~ BUEEEREIIAL
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ARG H0EHE A D B A D AR A M o PR SRS AR IRHER AV LR EEE L ERSRAVRH M - Rt
eSS R E B % (Fast Fourier Transfrom, FFT) i aHsft {EiHE(E ST A HIS(E
5t b ARE Bk EZE - FHRHMS BIRVAREL e L2040 = fmr iy s - 19 51— (R
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FEREZ&R T - (EH] 30 4ERHY MFCC Rl A > BHE (Frame) RER 25 20 - X
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1E softmax FISEISELEE T » RATINIREDEES 10 ESEHAREE - B
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HAEAEEL R ISR e & (= uaiak 2 fny 2251 (BaAE LT =74
GRPEER) » SIS A softmax FHIISRIHAAIS = TaHRAINGKTTE (BEAEL
THY softmax FIIGRFEEL) HYRZEE - PRaTiEd = esHIBRAED T softmax HYMRMF T > 25
(EEPHE R R A R E A = 42 [ PR - A = TR AR B A P IR MR EUB H -
sl SREAZ RS AE T AR A R A IRV EE R - {Edk/ ) (6 R AR &R A TR RE
(IANAE = TCAH A RS o AR S LA AN B R PR A i/ AT AR AN B RS 2 AT EE
BEFVIORE > FTLAAE/V T softmax B - /D 7 (E[FIFHERI NEAVEE S - (BB =JTdHiAk
TEAEERHEERELRE S AE RIS RER B HEU AR S 5 L RE AR AR 2
EEEHRETHIRE -

B4 RRAE VoxCelebl Bisg oy EIHVHIEE R A FHE T2 AL trials #ETEREEAVE

Bt iR R e =R R YRR B RIAVAER - B8 40 fzsEE 4L 37,720 %
trials » target : nontarget 5 1:1 « #{ff%: 7 EER >4} » {5 F minDCF (Minimum Decision
Cost Function)sKEF il 247t - SBEELLIR [14] ATLLZE IR E (A softmax I EER £y 9.64%
i = oA ia R M AR A softmax THA/SRIEAIEF - EER RIB&SZRE] 10.39% » A iE{HE

FH = 4B BN L softmax FHA SR AEL4aMEEEAYEE - EER HRHEZE 6.84% >

minDCF H1 25 (& » 5 0.6278 -

%=~ 1 VoxCelebl ¥ %R BB R

PG Vags EER minDCF
Softmax 9.64 % 0.7174
Triplet 10.39 % 0.8919

Softmax + Triplet 6.84 % 0.6278
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BEAR > 7S Ry Sl SR 7 AT RE S s by By o lE - Rl Ry trials HrDE HAHIRYER
PR PEHE - Tl QR PSS SR Rz eE B BRIV R E > AL 5 target trials HY 7T 81K
it B5 10, By nontarget trials HY 73 8o i 1750 - T MR Z2HYEE R4S —  — 2 target B2 nontarget
Sy BBy - AR T RE S SR ERAVEN () - BB IR A NE R AT RE N [EIRE
YRR ZERRIREE A - FEE AT LAEE R Softmax+Triplet [HifE A/ » FIFF AL E
Bt AP IR 5 55 T target il nontarget S3-fiHE0, 0 7F Softmax F & SRR
B RE AR, - (HA R =JT4HFHM% - target ¥ nontarget HY /3 1.0 R A RLFA L Z
EIFEREAIS I 28R BB = rAH R B R [EIEE < R AR -

(a) Softmax (b) Triplet (¢) Softmax+Triplet

&7 ~ 1£ VoxCelebl sEEERE Z BT i

HERBEYIA I ML Top-1 AERESRET Top-5 R AEFAE IR » Top-1 SEHkFoR I
AT AR RS 8 P WIS S PR #64 FIERE - Top-S HERESHIR AEHIERT
TR A B 2T B BV P I

EREFRNTR= > HTEIA softmax |G HE=TTaliBAHE 2 1% - FESEEPES L
HAFTES - HEHAMEF softmax FI|% Top-1 HEFEREETT T4 5% » Top-5 HEREREF
749 6.3% - (HEEEEREE R P88 - )2 A softmax TR SRERIAYEEAE &R
KAV - SRR PR LI -

= ~ 1F VoxCelebl :EE Y% B EnssH

BT % Top-1 EpEE  Top-5 EHEE

Softmax 54.59 % 73.67 %
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Triplet 23.68 % 45.58 %

Softmax + Triplet | 59.57 % 80.32 %
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