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* d-vector with phonetic-aware information[Chen2015]

« ZIESFHFESTS FEZEENM: FEURBEAFUESASER
s Rfa— 1 PREEREE j-vector

Nanxin Chen, Yanmin Qian and Kai Yu, "Multi-Task Learning for Text-dependent Speaker ", INTERSPEECHZ015.
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 Collaborative learning with phonetic-aware information][ Tang2017]

Target 1 Target 2 Target 1 N > Target 2 @ / @ | Targers | ‘ Targml | @
‘x.. : ’
Task 1 Task 2 Task 3 ( Task 1 jg N( Task 2 )
Neural model MNeural model MNeural model Neural model Neural model
Sharing Task 1 Task 2 ; Q ﬁ
Neural model Neural model Neural model

=
Sharing
Neural model

—
S

Sharing

MNeural model
C
FFOHtEﬂd Frontend 1 [« Fg::;z; | Frontend 2
T * Frcntentl 1 Ei::;'z; —>| Frontend 2
(a) (b)

(c) (d)
. SHE SRR SRR S5 RO IS

Zhiyuan Tang, Lantian Li, Dong Wang, and Ravichander Vipperla, “ Collaborative Joint Training With Multitask Recurrent Model for Speech and
Speaker Recognition”, /EEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, 2017.
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* Phonetic Temporal Neural Model for Language Identification[Tang2018]

Phonetic DNN -
— — Phonetic DNN
o T s TR 2o, S s, IR e SR = ~
t-4 2 T = = T = T = B
> t-4
L2, g |y t-2 i
. i t. i o - =2, o
N A N e[~ 2l 8 | t, bl s 2%
i t+4 = £ L+3, <
> t+zl
= / N A/ N/ N/ g * 9 W, W @)
£ = ki
=
- il - )

e e e R

-

_ LSTM memory block . Ed

LID RNN
(a)

+ ETDNNRIE R EMBIR—EETIFE
+ ETRNNAGIEMIRBINGS (5|INEERFHLE)

languages
¢:<

/ LID RNN
(b)

languages

Zhiyuan Tang, Dong Wang, Yixiang Chen, Lantian Li, and Andrew Abel, “Phonetic Temporal Neural Model for Language Identification”, /EEE/ACM
TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, 2018.
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» X-vector with phonetic-aware information[Li1u2018]

» MAERESURE!
- XIS
- IR AR E =R 5!
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° '='1
NG == P

» MBI TDNNANEH =

Yi Liu, Liang He, Jia Liu, and Michael T. Johnson, "Speaker Embedding Extraction with Phonetic "

Speaker Labels

-
Segment-level - 4
N f
Statistics Pooling
p I
= T T
Frame-level - |
|
v L=

PRS0

Sl
XIAMEN UNIVERSITY \{3"]

Phonetic Labels

AC——, L

, INTERSPEECHZ2018.
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* Adversarial training with phonetic-aware information| Wang2019]

Phoneme Loss

Speaker Loss  __________ 1 __________ T

« XATKRELURE T ﬂ ----------- n s e
y Xg&tJJ %*TL‘L i i IEVEIDcnsc Layer E : o o
= {yl, 55555 }yg} e e | : Gradimt“Rwersai ‘
Nc ____________________________
y = o embedding —e———
’ N Dense Layer
- BEMREEZE (Gradient Reversal Layer, GRL) Siatisica Pookng
- Eipl: IIHIERER T
TDNN Feature
Extractor Mg
Frame-level

- AET: MEFISAEE+ERRBIHPHE T

input segment X

Shuai Wang, Johan Rohdin, Lukas Burget, Oldrich Plchot, Yanmin Qian, Kai Yu, Jan Honza Cernock, "On the Usage of Phonetic Information for
Text-independent Embedding Extraction”, INTERSPEECH2019.
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%<1 Voxceleb1 & FMLIEZER (Voxceleb1&21)11%k)

System EER% minDCF(0.01) minDCF(0.1)
TDNN x-vector 3.73 0.389 0.192
baseline
FRM-MT 3.38 0.357 0.180
FRM-GRL 5.24 0.502 0.269
SEG-MT 3.71 0.327 0.175
SEG-GRL 3.35 0.332 0.159
COMBINE 3.17 0.336 0.163
(FRM-MT&SEG-
GRL)

e FRM-MT v.s. FRM-GRL: S|AIMZKRBINET=ZXTHESEE2E=M
« FRM-MT v.s. SEG-MT: kBN SENH=EEEEER
« FRM-MT v.s. SEG-GRL:AEANZ BIZ =X SH e EEXEEEEITURIER

« COMBINE:

EEVELEE

mﬁé&%ﬂtﬁgﬁ%ﬁ S FHPH

Shuai Wang, Johan Rohdin, Lukas Burget, Oldrich Plchot, Yanmin Qian, Kai Yu, Jan Honza Cernock, "On the Usage of Phonetic Information for

Text-independent Embedding Extraction”, INTERSPEECH2019.
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s IRFIEFMRBIFEZE(OLR Challenge 2018) e =
* Ta

=
=
3

sk1 (JEEEEMIRG) 55— R
- Task2 (GRIBEESIEMIRA) B3 s os
» Task3 (FFERIEFMRA) =3 ' s e —
- RAIETRBITEE(OLR Challenge 2019) B
° --as (1 ( Eig%ig*q]i/m\%l_ ) ﬁgz Task 3: z_riga-sresource
- Task?2 (EB(EEIEMAR]) = Raniing|Team Name | institute | Participants — Cavg | cR |
_ R . 1 xmuspeech EXF FH, BEH FH BPZE FH 00113 113
ask3 (gﬁ;}ﬁf&ﬂhﬂ%l) ﬁ%—% 2 Roulfush  ALCHORIR% gre Tp 00777 757

Ping An Technology _ . :
Paic-LiangpiXishi Ruizhang Wang. Yangli Wang.

 IRFIEFRBIEEE(OLR Challenge 2020)

0.1098 10.7

: Shaik Mohammad Rafi,Sri Rama
4 Siplab-IITH Technology Murty Kodukula,Gundiuru Ramesh 0.1837 18.98

-aS (1 (E% %Eiﬁ*l:lji/q%U) 5  madeinchina :ef:::c# BRE. B3Z&. BRE 02129 215
- Task2 (FELFIRA)
- Task3 (THIRIEFMRS!)
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. RS R RS RN A SR FXR

Input Input
” \ 4 < Phonetic P y N }
Frame-level B IECBI‘C_SG_ntEtiBH_ o I 1 Frame-level ]_
ASR rame-1eve
. ¢ o \
\ 4 Stats Pooling
Phone Stats Pooling ASR ) ! )
p v 1 Seg\? :ln * = X-vector
X-vector <€— Selgme;.'l 3 v — v
e:l:e . Phone Language
Language
(a) with the phonetic representation (b) multi-task learning for the language
from ASR network(PN) classification(MTL)

Miao Zhao , Rongjin Li, Shijlang Yan , Zheng Li, Hao Lu , Shipeng Xia , Qingyang Hong, and Lin Li, "Phone-Aware Multi-task Learning and
Length Expanding for Short-Duration Language", APSIPA2019.



BESHH——BWRYTH “SESE"  anxe()

%<3 OLR2018%Z1EZ M & M4 BEEERY

* Oriental Language Recognition Datasets Baseline | PN | MTL
Eval 692 | 662 | 6.50
- 10MZRTDIET, BREBRDER(ERE | (AP18-OLR-TEST-Taskl)
Dev-all 172 | 164 | 150
« B HETHCH30h N EUERE (AP17-OLR-TEST)

5 ASR

« SXFHTHCH301)|

* (EFHGMM-HMMERISIERBIXITTER

° féﬁ#ﬁﬁé LRﬁ%‘éﬁ%

Miao Zhao , Rongjin Li, Shijlang Yan , Zheng Li, Hao Lu , Shipeng Xia , Qingyang Hong, and Lin Li, "Phone-Aware Multi-task Learning and
Length Expanding for Short-Duration Language", APSIPA2019.
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Task Laguages Uttrances Hours Channel
Training Set Mandarin, Cantonese, Indonesian, | 282,855 140.2 Mobile
(AP16-0OL7, Japanese,Russian, Korean,
AP17-0OL3) Vietnamese,Kazakh, Tibetan,
and Uyghur
Short Utterance | Mandarin, Cantonese, Indonesian, | 21,456 5.8 Mobile
(AP18-Test) Japanese,Russian, Korean,
Vietnamese,Kazakh, Tibetan,
Test Set and Uyghur
Cross-channel | Cantonese, Indonesian, Japanese, 10,800 8.9 Unknown
(AP19-Test) Russian, Korean, and Vietnamese

FHNTEFR: Cavg, BER

{:" —
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L: LTL

1
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25 BMIRR B S F SRR B A EEIEEIGHASRIMERE 24

System Short Utterance Cross-channel

Cavg EER% Cavg EER%

TOP1 Primary Sys. 0.0462 459 0.2008 20.24

TOP2 Primary Sys. 0.0499 5.01 0.2713 27.69

TOP3 Primary Sys. 0.0512 5.19 0.2741 27.44

E-TDNN 0.0540 5.64 0.2694 26.94

x-vector baseline

FRM-MT 0.0411 4.19 0.1785 18.07
(THCHS30)

FRM-MT 0.0411 4.19 0.1633 16.57
(Librispeech)

« THCHS3059 X EUEE 2= WHEpdf TREE

e LibrispeechTe S EUEZE) |2 WHEpdf TRE
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Language Labels

@ OT )

. Y ~
Fully Connected Layer

Segment-level —< \j

s “

Language Embeddings <= Fully Connected Layer

h f >— Frame-level
* FRM-MT Statistics Pooling Layer
* SEG-MT - 5
 SEG-GRL [ E-TDNN Layer ]
« FRM-MT&SEG-GRL Frame-level — \ -
g Co T . N
: : Shared Layers:
I
: [ E-TDNN Layer ] !
\ |
Lin Li, Zheng Li, Yan Liu, Qingyang Hong, “Multi-feature Multi-task Learning for Language f
Recognition”, Submitted to Neural Network, 2020. s
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FRM-MT v.s. SEG-MT':

« MKBIHIBERNFTEEEER

FRM-MT v.s. SEG-GRL:

- EEMRBIEREIFSIEIE
BERERERIEUAIXER

COMBINE:
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EESSRR=E Ik
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26 BRI R ERISLIR AR

System Short Utterance Cross-channel
Cavg EER% Cavg EER%

E-TDNN 0.0540 5.64 0.2694 26.94

X-vector baseline

FRM-MT 0.0411 4.19 0.1633 16.57
SEG-MT 0.0426 4.42 0.2148 21.67
SEG-GRL 0.0418 4.24 0.2007 20.16
COMBINE 0.0380 3.81 0.1517 15.04

(FRM-MT&SEG-GRL)
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726 IEFR S MK EEembedding BB E15R

o K =3

KWEE'I:E‘I' System Short Utterance Cross-channel

o _ AN

FRM-MTEHZR %= Sw Sb Sw Sb

. N/ |\

\MCONEINEHIJE&J E-TDNN 10.867 | 119.124 | 11.313 | 324.398
° %E]EE% x-vector baseline

o Bk HTETML FRM-MT 4.995 | 24687 | 5319 | 72.034

« I E=FRERED SEG-MT 6.634 | 47533 | 6.408 | 131.601
. XHELRGIHAMNE SEG-GRL 6288 | 4721 | 6.064 | 122.626

o TREFENIES COMBINE 1.862 | 10.024 | 1.808 | 28.213

(FRM-MT&SEG-
GRL)

-3k FLibrispeech)/l|Z:ASRZF Z X575 B
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The visulization of language embeddings
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The visulization of language embeddings

0.0 0.2 0.4 0.6 0.8

(a) E-TDNN x-vector baseline

1.0 0.0 0.2 0.4 0.6 0.8 1.0

(b) FRM-MT

B XS

XIAMEN UNIVERSITY

The visulization of language embeddings

0.2 0.4 0.6 0.8

(c) FRM-MT&SEG-GRL
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