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Abstract Language identification (LLID) accuracy is often significantly reduced when the duration of
the test data and the training data are mismatched. This paper proposes a method to compensate
language features using a denoising autoencoder (DAE). Use of denoising autoencoder-based language
feature compensation can map language features from variable length utterances into a fixed length
representation. Therefore the problem of length mismatch and unbalanced phoneme distribution can
be mitigated. The algorithm first converts the speech signal to low level acoustic features by framing
and transforming, and then estimates its i-vector and phonetic vector. These two vectors are then
concatenated and fed into the DAE-based language feature compensation processing unit. The
compensated i-vector from the output of the DAE, and the original i-vector, are presented to the back-
end classifier to obtain two score vectors. These two score vectors are finally fused at a score level to
obtain a final result. Tests on NIST-LREO07 demonstrate that this feature compensation method
improves identification performance over various test speech durations. Compared with traditional LLID
systems, the performance for 30 s test utterances improves by 3.16 %, while the performance for 10 s
test utterances improves by 2. 90%. Compared with the end-to-end LID system, the performance on

3's test utterances is increased by 3.21%.

Key words language identification (LLID) ; i-vector; phoneme vector; feature compensation; denoising

autoencoder (DAE)
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FH L AR SRS BHEITH A, £ NIST-LREO7 L6 202 R 2. 2 kg o feaM 2 L ik £
A AR KRGk LR A AR Y A 32 . A AR G 6g B AP ) A, MK E S A K h 30 s BY AL AR &
2 3.16% .M XEZ KA 10s A EAEARATIZ S 2. 90%. AR L B sk AR A% MK E S KA

3s B AR AT AF 3. 21 %.
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N JE3C % (Ngram) & 8 5 % N J0 3% 58 1 5 B
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PPRLND Y RIIEAT 3 2 Y5 25 5 42 o) 5 45 ] A5 7Y
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space model, PPRVSM )P &5 3t - 75 2 FL U AF 1
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Z %t (Mel-frequency cepstral coefficient, MFCC) |
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B 3% R

PLP)I™ & 5h 2% 43 f8] 3% (shifted delta cepstrum,
SDO™ & F 3 3 G2 A7 TR A e J0r B A — 4 Jr 5 AL
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model, GMM-UBM)™ | & it 1 [] H — 3 47 1] 2 Bl
(GMM super vector-support vector machines, GSV-
SVM) I L F 42 2% 57 %5 6] (19 (total variability,
TV) i-vector R & 45,

T JLAE, VR B M 25 ) 2% (deep neural networks,
DNNs) " A58 R 7E 75 Fp R BT 55 145 20 ek & . —
7 T AT o R AIF 45 L3 IR 9 42 4 R DNN
5 KT RF E il CRE O L B BT R BB O SRR iE (deep
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B T A HE R B AR 3 M BE. 2018 4F Jin 2 AN 4R
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TEB T 3K A ¢ AE B 5 AT 3 Fp X g ML [ AF Cal 4§
PO T — R T 2 3 1 S B T )R Y i X
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BRI i e TR R R [ R

2) WE IR R A RE RN, P
WAEME S PA ARG E RES, AT
HHF —EHRIKR . &R NI ERG A I 220,
PRI 72 38 A 0 s B A S R RRAE L T LA
KA B A A S B R /N T 10s 30
SR L T 0 3 A R AL A K R

U T R RE AE ) B I 2 S T A R A R MR e T
PN TERE. 2T DAE (91 Ff 45 AL £0 22 500% 8 e i
TE TR A RS B N 3 Bl R AR 2 ] LA B R
Ay 5 g VA 1) S I i B AN A T R I A
T R A AN A Y ) AL

1 #HXIE

ASCHEE T HATE PR R 8 2 A R R
G T 42 22 5 3 18] 1 T8 R IR 0 2R 58 R T i X g
P2 0 285 BT R U 2R B O LU AR O S B Y R 2k
ARG, H BB 2E S B AR G0 A
A 7 3k . GMML M O d e S Al I 4 1)
b PR A AR 2 A5 B 245 B )5 o 0 2R 4% TS
AR R YIS ad e v Al R o 22 I 2% AT 0
Pl PR 3 AR 2 AT AR R T 1] A A T A
L1 ETF£ERTHEAEMRMNERES

BT 422 5 23 () W9 07 ¥k Je B N T RS
ICTRGIME 55501 B 45 % 30 i b 3k ) 450 ds
I B AR R AT ) F2 3T 1 2 —. BEAAE SR AN A 1
FE 7

_________________________________________

1 1 1 1
1 . 1 1 1
: Background Data /;coustlc Statistics T-matrix : ' Multi-class Logistic i
: eature > Extraction Training ! .. | Regression Training '
H Extraction O Training !
| , 1| i-vector !
| X ! |
1
1 1 1 1
, : . Multi-class .
! L > [ Logistic Regression ,
: UBM Training i ! Test Classifier :
D e e S L R R 1
___________________________________________________ 1 1
: i ! Classifier & !
: Test Data Acoustic Statistics i-vector o Performance | Performance
) > ) ) .
; Eauie Extraction Extraction [ | Computation | Computation ,
! i-vector Extraction Extraction o !
_____________________________________________________ |
Fig. 1 structure of the GMM i-vector LID system
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Wi UBM A Baum-Welch 4334t .

L
N.(w) = D> plelu), (3)
t=1

L
F.(w) = > ple|u)u,—m), 4
t=1

Hor, pel o) FoR e UBM W55 o @i By s i
WEA s, RORINRTEE w (55 ¢ WIRHE . 3L L Wi m,
FRTE UBM BYE ¢ > b A 2508 0] &

o — Tl Ffy B2 BRAR . TV J7 ¥ 2 0 5 Bl i 4 4E
M7 AN A Ry B BORR IR T AN W) A 1 R L PR A A
HE B S UBM B{H 8 ] & 1Y 22 5 45 2 24 15
DX g3 P B AR 4E TR & o e AT DLl o 2 — At
T AR 5 R R S 3] — AR G 2 ] A R g
g3t

LA E W H A T DU AR A T4 25 R B
R i-vector {1 £ . IF A H 201 B 26 515
B PR T ZEXT i-vector $EAT X4 M I 25 AT LU
P58 AR R 5 s o0 28 4% » AT A5 260 % B 20k
FZ B i-vector.

1.2 ETFTmXimHEmMENEMIRANRS
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PE. T TV @A TE IS 3 43 28 & 09 I Zkoad 22 v |
A T HERARZAE S B T 052 i (] 4 40, I % s ) 2%
A VF 2] Bk A3 (8] & R RE SRR Z .

AT T SCHRL20-21 1382 Hh i — Fi8n /4 I X
AN R G B4 A T & BN W 45 (convolu-
tional neural network, CNND 7E i 4% 47 Ak _F 58 K 1Y
ZE AL HE ) AN B B O 24 9t 1k 2 (temporal average
pooling, TAP )R it ik % 4 21 5 Z ke AiE 1) 1t AL RiE
N ZFRGEHR A CNN-TAP  FEAHEZL AN 2 fr 7R,

Bk ul, CNN-TAP & — T HHZEN
il S R I B2 RS . I E R S A R IE N X
Xy s A T H xp RORHE T Wik IE Lt JE
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Fig. 2 Structure of the CNN-TAP end-to-end LID system
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Fig. 3 Structure of DAE based i-vector feature

compensation
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W A BT B A4 07 1 3 U 5 05 R A8 BAE B
F B S A [R] 3 A 18] X3

TR AG B B O T - SR T e R A A
TR 55 B S 560 R 1H — AT BT A
P I 36 MR 3 S RIS 24 40 Sy i )RR AR X L PR A
ESIE RN g

L

pCw =17 pCe L us (5)

t=1

Hdr, p Qo ZYNZRiEE w £ UBM B ¢ il b
R 0 M 38 5 ¢ s M, 3k 1L i,
2.2 ETHIEEINHELIFH i-vector ;MEF X

REMR B 2l g i 4% 2 H 3 % i 4% Cauto-encoder,
AE) W R R 15 18 BI85 IR 1) e A BOHE HE A
I RN E I NTTE 3 O F R R =R SR =8 72 dH<h]
FRAE. 7E1H &5 5 AL B, DAE 8% FH T o o8 &
55 AL W J IR e 4

AR SCHR R TR B 3l g B 4 Y -vector A
TPk AHHE R N 4 7R, DAE Kb B2 9 45 B Ak
= IiE S B i-vector ww) M F E M p(w) BFRE
N o AL S E AR RRAE 1 B x () =[w G s
pi ) ] bR 28 R K B 3 o FPORRAE 1) B x (w) =
Cwe G s pr G . B2 22 (8] AR 1) 12 386 2ok 7 2R

X1 G =gWinxi(w)+bgiv1) s (6)

Horb, g O RIELRMERE W0, F b, HHT— B
25 )5 — B2 Z ) B AT 2 80ORUiR B 280 i
2 A RMEERRE xy () =[wy () s py () |, KR
AMEEE B wy G S AME Y i-vector, py (u) b3
J& B &R ]

d-dim Label
Training Set o 5/;]_3 _____ i

T R v i
1 1 | \ ) 1
| d-dim Output
| Long- ! ! _ X
i Long utterance | | xw(w)=g(n () i
i | Utterance —>| Feature : X T j
! (2 min) (d-dim) ! ! .
| x, (1) ! ! 2048 Nodes !
i L I ReLU i
i 1 1 (ReLU) 1
| 1 1 !
| Truncated : : T X
1 } 1 1 !
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i Utterance |—>| Feature | X T i
| (2 min) (d-dim) I | i I
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Fig. 4 The diagram for language feature compensation
B4 BEFRE M 7 25 BR
I 25 I SR — Bl A B B I 2k, 3228 A
SR AR TR A R R AL AR S

i B R S R R A RRAE . B bR ) A O KR
WERVREAE. IR E 2S5 3 1P IR

D $EOIZRES S, 1Y i-vector FIH 2 ) i, Pf
AR B H AR x(S). IR & iy K B2 0~
2 min;

2) BB S, /I 3,10 s # 30 s, %)
B E B s, FEHL ibvector FIE R ] 4t . PFEA WL
SR A sy s

3) A RINGREHE X R (x (S, xCs;;0). 18T
/M B AR R B DAE /W 45 #8471 2 800 6. H x
BRI B AT L2 H A ) it RS 0] o 22 8] A 3 O iR 2
2.3 BARE

BT G AL TR R AME AL P O 5 15 ) 2
A i-vector: JiL R i-vector FIAME )G Y i-vector. S T
Fo 3 AKX 2 ANRRAE A SCHEARR AL 5 i R T 2 b fil
B HWE < i-vector FilG FIAS 43 Al F .

i-vector fillf 7 R H A5 T R IR i-vector
FIAMEE G 1) i-vector #EAT e MERL A )5 » T 3% A S Sy
AR B B A

w(w) =1 —)wlu) +aw ™ (1) ,0Ca<1, (7)
Horp,ww) BJR1E i-vector, w™ (u) & B B # i-
vector.

1300 A Oy vE R H AR TV B 1 1453 b
AT AERL G
s =0 =) sw(w) Fas(w™ (1)) ,0<a<1, (8)
Horbr, s O Ry 50 BUG s H 5545 43 1 R EL.

3 IEMEHEAMEEL

3.1 W&

D) kA, 20 e 90 AFEARE , 38 F H % An
WEH; RBFFT BE (National Institute of Standards and
Technology. NIST) 41 41 i Ff 35U 37 I 1t 3§
(language recognition evaluation, LRE), ;1% Fl iR
SIS AL T 58— iy LA SR B A AL R
% [ [ F AR e AR R AE 2007 4F M) 4 &1 F B8 A
U PE I g 42 L X AR AR AL 14 AN B Fh . B
Hi{A1E (Arabic, AR) . & il $7 1% (Bengali, BE) \ 9%1%
(English, EN) . I #7118 (Farsi, FA) . 1% (Russian,
RU) .f#1E (German, GE) . EJ#11%E (Hindustani, HI) .
H & (Japanese, JA). 8 i (Korean, KO), ¥ X
(Chinese, CH) .VP§¥f 5 i (Spanish, SP) . Z&K /R i&
(Tamil, TA)., % [H & (Thai, TH) 1 # 5 i&
(Vietnamese, VD). Hip i SCRR T 4 & il 05 . i85



T g I8 S5 < T IR 19 ) 2 B 45 14 O P RR AU RN £ 5 ik

1087

) B o S AR OB R T 6 E iR A, iR
375 BB S o T EQ M A AL A 1 AL B RE T R 5 KT i
NISTO7 g Il 3o K 4l 2 BEGE & IS 4 432 305,10,
353X 3, MR 2158 5% 14 AN THMAY TR .

2) YIZRAE. YIZRiEkl 2 4f H] CallFriend %4
PEVS B PR AL & 12 ASE R BT RLAA T B
B Rl PRI VB LS L H O R S T P BE
FiE K RIE MR 1E. LRE2007 #0345 95 8
i 24~ CallFriend $48 AN & B EF . HF
I, YR 78 CallFriend 408 2 09 JE Al 1 3 75
T LRE2003,LRE2005,LRE2007 J¥ A& 4£. B b 2 4b
WAL 2008 AR U GE N B IE I LG $€ (speaker
recognition evaluation, SRE)™% Il 4 % 4 , N %
D H P RD T R - i o R o 28 [ o i)
MR 5 B PR A RS R R R I 2 AR
() A o3 A ™ AN P BT L S BT A TR ORERY
57.06%.

AR I Y I 42 R e 32 2R B NIST-LREO7
345 1 F 34184 Caverage cost, C_awvg)=* Fl 4
PR#E (error rate, ER)RIFM. AN CHE 4.2 5
TN BB p R Y R X S AR bR AR [ A
SR T 1 AR R g8 M R 0 IR L B T R N R
4. C_avg W XN
C avg = ]\%( ; Criss Prarget Prniss (Ltarger ) 1

Cro Pourorset Pra (L arger » Lnon-targer )

Z (:fa Pout*of*sc! P[a (Lrargcr ’ Lnon*targm ) ) ’ (9)
L,

Poiarger = (1= Prges — Povcorwe ) (N1 — 1) (10)
H N, HESTIEFSEGL ML, 435K R H
FrRig AP A AE B AR E Rl P (LO FRos BAREF R L,
WA % 5 P (Lo L) J& BARERN Lo B 0 %
5 Coes B Cr 3 0 52 T K A 38 B9 2B 5T Y 5 P
9 B FRTE ) SR ME S 5 Poon e HIE B AR B 55
BOME R 5 P of s A Al 11 50 00 ABE 26, AR 38 SC 5K
9 H 2% &P A2 I A 18 O B Poyeop e = 0. NIST-
LREO7 # & Coi =Cro=1,P . =0. 5.

AR 2 M HARG AL 1 ZHT TV S
] (Y i-vector ZRGE, 43 R Tl v 7 27 FEAE £ RN
GEitE B 2 FR A3 B O IS JE R SRR R B T PLP
AV 1y SDC FRAE, f5 o A A H] TV @8 )5
B TV @ @ IR 5 %0k 512, i-vector 4E40H
600, 2R B 5 0] U9 40 25 8%, L LR 2 J2 3L T S 4 g T
JEE A 28 I 2 1 1 AR R 52 5 SCiR[20-21 JAE AR

A UM 28 0 25 R JH T4 5 % 22 ) 4% resnet34, R JH 58
XA (cross entropy) i W #E 47 Il Zk , >R FH Bl HL A &
T & (stochastic gradient descent, SGD) T i %
28 %0, Mini-batch /N F 128, & 4> Mini-batch
4 i K 8 B (200, 10000, 3% 60 4> epoch, 2% 3] R
4 0. 1.

BEPLZE#E 5000 25 I 2R B0 Ul 25 v B TR & Hih
32 1) UBM, 42 L 32 e & 5 1] 5. HE T FE R 2 3l
it i 7 11 ) 285 B A 632 4 [n] B, HH 600 4 i-vector
32 dis F A . M IEA 4 )2, BRZT R
& 2048, 4% 1 45 4 & 632-2048-2048-632. 3K FH fix
INE T R 22 HE W HEAT I 2. 23t X HE 2 bl A R g
SCR PR AR A R e =0. 1. XFRlA R o
AR RS0, B TE 4. 2 5 S 25 R b 4 Y BRI
3.2 LBHER

R Y AR SO B B 0 A RO L AT R Al A
ZH I, 1 e L R ) AR O — AR R B R
) A B2 Y RSOR. R 1 A T ivector B i
DAE [ £ Wi 55 DL & & & In] 1 fl i-vector $f #2 /5
A € o N [ = O o7 v 2 <l N O V= A N Y S
C avg WA fbia#. & 1 H 1Y Direct Mapping 7N
PEWCH Y ivector H #2424k DAE R 4% it 4F. i
Concatenate Mapping £ /8% A DAE W £ () R 1k
JE T R 0] 5 Fl i-vector [ PF4E W) hE. 2 41 5050 A E—
AR & . DAE 2% 3 s Y I A RE AR
H1 2 min 1K B 5 FlCREAE XTI 2575 2. 525 5 o )
K 32 B8 05 4 25 2%, WO S 19 i-vector FLJE IR
ivector #£11# 0.1:0. 9 fEAS A& .

Table 1 The Results of Phonetic Vector Compensation

x1 BEEEMEMEREITLE %
Test Utterance Length/s
Different
’ 30 10 3
Systems

ER C_avg ER C_avg ER C_avg

Baseline 1 8.85 5.67 22.38 13.88 48.93 29.95
Baseline 2 8.53 5.31 21.59 12.94 50.32 29.98

Direct Mapping 8. 80 5.65 22.15 13.83 48.84 29.91

Concatenate
. 8.78 5.64 22,10 13.75 48.70 29.87
Mapping

T 1 AT LLFE A R 2R 1, ivector B BR
SHa W iR B RETE 3 Ak pd K LA T L
SEAE TR B O 10s A 3's A B B0, g AR
452 1 DAE P 28 Y1l R0 05 B 3 s Al 2 min 35 )
A B o i 3 5 5 A AR O UG R, P AR AR T T £
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HH L HELL 2. i-vector T4 B S5 R DF Hie W ) s 92 5 1
REAE 3 B9 MK I 4 bt A BT 32 T, 35 &K 1) & i
vector & I 5 . WA U M BE 7 — 2D 45 B 2 L U0 B
R A —E M AMERCR.

T T 6 TR R 9 2% 10 A AR B S [ B K
FAF ARV B B R I 25 3 RE Bl DD ) 0
394 305,10 Fl 3s S I 1 7 B IR AL 3 Aol
) S I 3 T DI R 4R s o 2 T 6 ) A A
P2, 22 2 Tk AN Tl 3 i B DI 25 B0 o3
90 U 5 A IO P b 28 0 A AN [ I T 5 R 1Y
WA R ER M C_avg MRS, 32 2 1Y 30 s
compensation 7% 7~ #b 22 W 25 (1) 11 SR 504 2 30 s Al
2 min B YN ZEXT.

Table 2 Performance Comparison on Baseline and

Compensation System

R2 ELRGMIMZRSEREILL %

Test Utterance Length/s

Different
5 30 10 3
Systems
ER C_avg ER C_avg FER C_avg
Baseline 1 8.85 5.67 22.38 13.88 48.93 29.95

Baseline 2 8.53 5.31 21.59 12.94 50.32 29.98
30 s compensation 8. 57 5.59 22.15 13.77 48.84 29.90
10 s compensation 8.67  5.61 21.73 13.61 48.75 29.89

3s compensation  8.78  5.64 22.10 13.75 48.70 29.87
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FHXTBEAR T 2. 90 %0 MK IEF I Ry 3 s AR5,
280l 3's R 4 WL S AR AR AR AN KL X R
R 3 s WS A JE I I R BE AR T B e
HAEPEHL i-vector B & A HE A AR M5 BAEW 5 5
Z B0 B R T 4% I 25 AT AE S SO 9 46 1
ANUERH. AH EERE SR 2, #0226 AE I3 iR
30s FI 10s gtk RE AT $2 T1 o (H BEAC ] LU A5 S 4 4F
MK TE E T O 3 s BURT IR R L0 3 s KM &
W B i A G R T 3. 21 V6. AR R U L A X R [
BT A B R DG JE B I 25 B 3 S DI 25 A
JO7 P AP 2 2R G RE 0E — 20 32 TH A R 28 2R ¢ 1 P BE.

Vincent ¢ A\ JEB T DAE W 45 (19 1 2L i
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AR R, SCERL22 R B — M AL T R 4E
) B Al B AL T — A B AR 4 v e th T B BT
8 0 A1 R G AR il T T DAE 9 45 7T DL
M i A4 R IE R S 21 B Oy B S i I e th i B X S
AT 4 A 1 5L T DAE (#2245 1) 3 2 AR
BB B HREAE AT DL Y AR K I RREAE 28 5
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i-vector, i i % > B2 & FEAE . A LA CE B K
W W) i-vector.
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Fig. 5 The variation of C_avg with respect to

score fusion coefficient
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Fig. 6 Classification confusion matrix

Kl 6

i FEAI R JATS A7 AR v 1) JE T 25 3 5 B 7T B Y
MR S22 P 27 A 2 T 12 VR Ay b 2 1 5 R o £ )
BIEER. AT 245 28 0] LA AR SCHE H A 4 280 A AR
BELRGEA —E PR T (Fe A7 AR R A 42
Th=s ).

AR RO 2R GE AL I ki 8 A i 5 4 AN DT
B it P E 23 H B T 9 o ™ 5 4 29 38 Al R HR
TESEBR I . 7 SCHR Y A8 T IR 1 8l i B 2% 1Y
TR RRF AR A 7 12 R A DX A~ AL £E NIST-LREO7
SR AE R AR WY BT 4 Y T B R AR AN B B T
30s,10s A1 353X 3 M A5 F T 24 Al LLARAT AN [R]
TR A MR RE AR T, X SC e 41y i E— 2P i R B
B 2R 1) e O e B ) B O B 8 0 2 4
W R R R B R REE B BORAE A 5 A
Pt — 2 B R =S ().

2 % X #

[1] Li Haizhou, Ma Bin, Lee K. Spoken language recognition:
From fundamentals to practice [J]. Proceedings of the IEEE,
2013, 101(5): 1136-1159
[2] Zissman M A. Comparison of four approaches to automatic
speech [J]. IEEE
Transactions on Speech and Audio Processing. 1996, 4(1):
31

language identification of telephone

(3]

[4]

[5]

L6l

[7]

(8]

(9]

(10]

5324 R

Yan Yonghong, Barnard E. An approach to automatic
language identification based on language-dependent phone
recognition [C] [/Proc of IEEE Int Conf on Acoustics,
Speech and Signal Processing. Piscataway, NJ: IEEE, 1995.
3511-3514

Yan Yonghong, Barnard E. Cole R A. Development of an
approach to automatic language identification based on phone
recognition [J]. Computer Speech &. Language, 1996, 10
(1): 37-54
Li Haizhou, Ma Bin,

Lee C. A vector space modeling

approach to spoken language identification [J]. IEEE
Transactions on Audio, Speech & Language Processing,
2007, 15(1): 271-284

Davis S, parametric

Mermelstein P.  Comparison of

representations for monosyllabic word recognition in

continuously spoken sentences [J]. IEEE Transactions on
Acoustics, Speech and Signal Processing, 1980, 28(4): 65—
74

Hermansk H. Perceptual linear predictive (PLP) analysis of
speech [J]. The Journal of the Acoustical Society of America,
1990, 87(4) . 1738-1752

Torres-Carrasquillo P A, Singer E, Kohler M A, et al.
Approaches to language identification using Gaussian mixture
models and shifted delta cepstral features [C] //Proc of the
7th Int Conf on Spoken Language Processing. Piscataway.,
NJ: IEEE, 2002. 89-92

Reynolds D A, Quatieri T F, Dunn R B. Speaker verification
using adapted Gaussian mixture models [J]. Digital Signal
Processing, 2000, 10(1/2/3): 19-41

Campbell W M, Sturim D E, Reynolds D A. Support vector
machines using GMM supervectors for speakers verification

[J]. 1IEEE Signal Processing Letters, 2006, 13(5); 308-311



1090

HENMR S R B 2019, 56(5)

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

(191

[20]

Dehak N, Torres-Carrasquillo P A, Reynolds D A, et al.

Language i-vectors and dimensionality

reduction [C] //Proc of the 12th Annual Conf of the Int

recognition  via

Speech  Communication Association. Baixas, Florence:
International Speech and Communication Association, 2011
857-860

Hinton G, Salakhutdinov R. Reducing the dimensionality of
data with neural networks [J]. Science, 2006, 313(5786):
504-507

Jiang Bing, Song Yan, Wei Si, et al. Performance evaluation
of deep bottleneck features for spoken language identification
[C] //Proc of the 9th Int Symp on Chinese Spoken Language
Processing. Piscataway, NJ: IEEE, 2014, 143-147

Lei Yun, Scheffer N, Ferrer L, et al. A novel scheme for
speaker recognition using a phonetically-aware deep neural
network [ C] //Proc of IEEE Int Conf on Acoustics, Speech
and Signal Processing. Piscataway, NJ: IEEE, 2014. 1695—
1699

Lopez-Moreno 1, Gonzalez-Dominguez J, Plchot O, et al.
Automatic language identification using deep neural networks
[C] //Proc of the 39th IEEE Int Conf on Acoustics, Speech
and Signal Processing. Piscataway, NJ: IEEE, 2014, 5337—-
5341

Garcia-Romero D, McCree A. Stacked long-term TDNN for
spoken language recognition [C] //Proc of the 17th Annual
Conf of the Int Speech Communication Association. Baixas,
Communication

International Speech  and

Association, 2016 3226-3230

France:

Gonzalez-Dominguez J, Lopez-Moreno 1, Sak H, et al

Automatic language identification using long short-term
memory recurrent neural networks [C] //Proc of the 15th
Annual Conf of the Int Speech Communication Association.
Baixas, France: International Speech and Communication
Association, 2014; 2155-2159

Geng Wang, Wang Wenfu, Zhao Yuanyuan, et al. End-to-
end language identification using attention-based recurrent
neural networks [C] //Proc of the 17th Annual Conf of the
Int Speech Communication Association. Baixas, France:
International Speech and Communication Association, 2016
2944-2948

LID-senones and their

IEEE/ACM

Jin Ma, Song Yan, McLoughlin I.

statistics for language identification [J].
Transactions on Audio, Speech and Language Processing,
2018, 26(1): 171-183

Cai Weicheng, Cai Zexin, Liu Wenbo, et al. Insights into
learning scheme for language identification
[C/OL] //Proc of IEEE Int Conf on Acoustics, Speech and

Signal Processing. Piscataway, NJ: IEEE, 2018 [2018-05-

end-to-end

20]. https://scholar. google. co. uk/scholar? hl = en&.as _
sdt=0% 2C5&.q = Insights + into + end-to-end + learning +
scheme-+ for+language +identification & . btnG

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

Cai Weicheng, Cai Zexin, Zhang Xiang, et al. A novel
learnable dictionary encoding layer for end-to-end language
identification [ C/OL] //Proc of IEEE Int Conf on Acoustics,
Speech and Signal Processing. Piscataway, NJ: IEEE, 2018
[2018-05-20]. https://scholar. google. co. uk/scholar? hl =
en&.as_sdt = 0% 2C5&.q= A + novel + learnable + dictionary +
encoding+ layer + for + end-to-end + language + identification +
&.btnG

Cai Weicheng, Chen Jinkun, Li Ming. Exploring the
encoding layer and loss function in end-to-end speaker and
/|Proc
Odyssey. 2018 [2018-06-01]. https://scholar. google. co. uk/
scholar?hl = en&.as _sdt = 0% 2C58&.q = Exploring + the +
Encoding + Layer + and + Loss + Function + in + End-to-
End+ Speaker + and + Language + Recognition + System -+

&.btnG

language recognition system [C/OL] of Speaker

Vincent P, Larochelle H, Bengio Y, et al. Extracting and
composing robust features with denoising autoencoders [C] //
Proc of the 25th Int Conf on Machine learning. New York:
ACM, 2008: 1096-1103

Lu Xugang, Tao Y, Matsuda S, et al. Speech enhancement
based on deep denoising autoencoder [C] //Proc of the 14th
Annual Conf of the Int Speech Communication Association.
Baixas, France: International Speech and Communication
Association, 2013 436-440

Ishii T, Komiyama H, Shinozaki T, et al. Reverberant
speech recognition based on denoising autoencoder [ C] //Proc
of the 14th Annual Conf of the Int Speech Communication
Association.  Baixas, France: International Speech and
Communication Association, 2013: 3512-3516

Yamamoto H, Koshinaka T. Denoising autoencoder-based
speaker feature restoration for utterances of short duration
[C] //Proc of the 16th Annual Conf of the Int Speech
Communication Association. Dresden, Germany: International
Speech and Communication Association, 2015 1052-1056
Yang I, Heo H, Yoon S, et al. Applying compensation
techniques on i-vectors extracted from short-test utterances
for speaker verification using deep neural network [ C] //Proc
of the 42nd IEEE Int Conf on Acoustics, Speech and Signal
Processing. Piscataway., NJ: IEEE, 2017. 5490-5494
Muthusamy Y K. A segmental approach to automatic
language identification [ D]. Portland, Oregon, USA: Oregon
Health &. Science University, 1993

Hasan T, Saeidi R, Hansen ] H L, et al. Duration mismatch
compensation for i-vector based speaker recognition systems
[C] //Proc of the 38th IEEE Int Conf on Acoustics, Speech
and Signal Processing. Piscataway, NJ: IEEE, 2013 7663—
7667

Dehak N, Kenny P, Dehak R, et al. Frontend factor analysis
for speaker verification [J]. IEEE Transactions on Audio,

Speech &. Language Processing, 2011, 19(4); 788-798



T g I8 S5 < T IR 19 ) 2 B 45 14 O P RR AU RN £ 5 ik

1091

[31]

[32]

[33]

[34]

[36]

Dehak N, Dehak R, Kenny P, et al. Support vector
machines versus fast scoring in the low-dimensional total
variability space for speaker verification [C] //Proc of the
10th  Annual Conf of the Int Speech Communication
Association.  Brighton, United Kingdom: International
Speech and Communication Association, 2009: 1559-1562
Dehak N, Torres-Carrasquillo P A, Reynolds D A, et al.
Language recognition via i-vectors and dimensionality
reduction [ C] //Proc of the 12th Annual Conf of the Int Speech
Communication Association. Baixas, France: International
Speech and Communication Association, 2011 857-860
Yang Jinchao, Zhang Xiang, Suo Hongbin, et al. Language
recognition with language total variability [C] //Proc of the
2011 Int Conf on Innovative Computing and Cloud
Computing. New York: ACM, 2011: 6-9

Martin A F, Le A N. NIST 2007 language recognition
evaluation [ S/OL]. Gaithersburg, Maryland: National Institute
of Standards and Technology. [2017-09-20]. https://catalog.
Idc. upenn. edu/docs/L.LDC2009S04/L.RE07 EvalPlan-v8b-1. pdf
CallFriend Corpus. Linguistic data consortium [S/OL].
[2017-09-20]. http://www. ldc. upenn/ldc/about/callfriend.
html

National Institute of Standards and Technology. The NIST
Year 2008 Speaker Recognition Evaluation Plan [S/OL].

Gaithersburg, Maryland: National Institute of Standards and

Technology. [ 2017-10-20 ]. https://www. nist. gov/sites/
default/files/documents/2017/09/26/sre08 _ evalplan _ release4.
pdf

Miao Xiaoxiao, born in 1994. PhD
candidate. Her main research interests
include language identification, speaker

recognition and deep learning.

Xu Ji, born in 1986. PhD, associate
professor. His main research interests
include speech recognition, deep learning

and ocean acoustics.

Wang Jian. born in 1977. Master,
associate professor. His main research

interests include speech signal processing.



