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Language Identification Based on Convolutional Neural Network
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(National Engineering Laboratory of Speech and Language Information Processing, University of Science and Technology of China,

Hefei, 230027, China)

Abstract: A key problem of language identification (L.ID) is how to design effective representations which
are specific to language information. Recent advances in deep neural networks (DNNs) have led to
significant improvements in language identification. The acoustic feature extracted from a structured DNN
which is discriminative to phoneme or tri-phone states can significantly improve the performance. End-to-
end schemes also show its strong capability of modelling in recent years. A novel end-to-end convolutional
neural network (CNN) LID system is proposed, called language identification network (LLID-net) , taking
advantage of neural networks (NNs) with the capability in feature extraction and discriminative modelling,
which can extract units that discriminant to languages, and we call them LID -senones, thus can extract
effective utterance representation with pooling layer. Evaluations on NIST LRE 2009 show improved
performance compared to current state-of-the-art deep bottleneck feature with total variability (DBF-TV)
method, can achieve 1.35% , 12.79% and 29.84% relative equal error rate (EER) improvement on 30, 10
and 3 s utterances and receive over 30% relative gain in C,,, on all durations.

Key words: language identification; convolutional neural network; utterance representation; language

identification (LLID)-senone; end-to-end scheme
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Fig.2 Structure of language identification convolutional neural network
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Tab.1 Configuration of language identification convolutional neural network
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1 DNNJZ 1 (48X 21)X N FEHERL (48X 21)X 2 048
2 DNN JZ 2 2 048X N PEAER.2 048X 2 048
3 DNN 2 3 2 048X N FEFEH -2 048X 50
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RO SCRHIE . A5 TR TN AL )2 7T & 1R T8 5 Be i) 5 R OR 1Y R MU o 1R R AR DGR IR 28 0 45 T 5 B2 e
S B BAT 5P X 43P B HE A 550 LID-senone, H 481 55 B 4 b =8 FAIRASHEA 1 2 0915 R X R 1F



326 R E B L Journal of Data Acquisition and Processing Vol. 34, No. 2, 2019

B E S EATIEAMR S, —BLiE S T, LID-senone il it W4k 2 AT LL45 3] LID-senone Zi i 45 &, th T
LID-senone 4t 31 J& — 4~ [l % K B B ) e R, L AT DA 326 A 3 3 2 A 1B A 25
2.2 LID net&#o#

CNN 7£ 3H S AL A0 58 41 438 % <3 6 FH 5} 5 %% FEAE /%
N LR 5 TF WS P 30 17 4 LR 11240, 3 2 A " 075
My PE (R 2k B 2 ] 0 MG P AR 3 5 . LR AE LID- ‘ | W
net 133 WA FE1 3., 1 B G AHAE 1) B )y 2 i Tk * 2 Mo
B TR0 E R 0 AL LT it 00 % [Mois
) 22 A 44 AR 6 4 3 9 59, 76 R AE - (/% 0 0.99
BUR A 2 X TR B 10T 3 7 R 0 o
HCAR G 747 4 0TS FE 2 R 1 0 T 2 5
J5 S AE 9 0 AL T 512@1 X (N—20). Higpp,y 40 v %

N T B34 LID-senone K Hi 48 14t i 45 B I3 AR AT Ty 2 00

i T NS 1R GEBUZRR LD net, Tl i Fig.3 Covariance matrix of language dependent feature
AT a3 5 A5 2 1) L1D-senone ) 45 1w 9 16 A 4 3%
)2 TR U B LID-senone G it i HA W AP X0k o A0 I&T 4 Fros R4 T 4 Beiti & 1Y LID-se-
none 48 it i, 4 BOif 5 Y8 T Wi Ah 28 Horp 2 Boik ok B TR (Farsi) , 03 4h 2 Bl ok A ik ik
(Dari) o A TEF 4047, BEHLEER T 354 LID-senone i i3t . 1l LA H, A0 [R5 Fh A9 48 111 40 A 58 fin
ARARL, WA (R EFh B9 GE T A o TR I 22 5% .

WY A6 A A0 A — o 45 AE #8 AT AR X 89 TLID-senone , A8 4 ‘& 7E B 45 LID-senone L #4376 8 20 i 19 4
StEAMHYE. KSR T 1BHE T R 4 i LID-senone B IG5 B0, A T 5 (B ULEE , ST (L #B 5 T
Soft-max JH—4bLAbEE . M 5(2)F1 ()R] LL & BLHE 14 LID-senone #% 3575 ; B 5(c)E 7R T LID-senone [

R E

R E
OO =
oihvhowoik

1.4 1.4
12 12
1.0 1.0

%0.8 0.8

0.6 0.6

S04 0.4
0.2 0.2
0.0 0.0

URME
OO ==
oihvhoxwoik

0 5101520253035 0 5 101520253035 0 5 101520253035 0 5 10 1520 25 30 35

LID-senone4t it & LID-senone4t it & LID-senone4t it & LID-senone4t it &
(a) X BHIBEE R (b) 1X BIEEH B2 (c) WHMBEE B (d) WHIEES B2
(a) Dari audio 1 (b) Dari audio 2 (c) Farsi audio 1 (d) Farsi audio 2

&4 LID-senone%iif
Fig.4 Statistics of LID-senone

1.0 1.0 1.0 1.0
0.8} 0.8} 0.8+ 0.8}
@6t T™oet o6 o6t
=041 =041 =04 =045
0.2F 0.2F 0.2F 0.2F
0'00 4(I)0 8(I)O 1200 0'00 4(I)O 8(I)O 1200 0'00 4|(I) 8(|)0 1200 0'00 ;l(.)O I8(I)0 1200
LID-Senone4EfE D LID-Senone4kE D LID-Senone4k & D LID-SenoneE & D
(a) B W (b) iBH W2 (c) BT M3 (d) B4
(a) Audio frame 1 (b) Audio frame 2 (c) Audio frame 3 (d) Audio frame 4

K5  LID-senone 44 i (B s 2

Fig.5 Activation values of LID-senone



& B F A TAEBRAAZEMLGEAIRI EL 327

i, A5 A 1k —4> LID-senone B #7 5 (d)J& JE 18 3% Wi, %A LID-senone 8§ 1 o

A RS2 56 3 H1 ik A L1D-senone F A7 7E & & FLAY , B 1 UERAE AR A 5 H ARG W A9 LID-senone , 3
HHEG i F BB A HR Xk
2.3 LIDnetil &% 8

15 218 S R b 6 B DNIN RO 2%, e — T 27 REAF A 2 9l B S 380 6 17 9 =38 IR A I, SR T %
FiE MRS, 1 BOE S AR LA ERMARS .t T RS0 S BOREL BRI ZRiE R AL R R A S
PRt 004 B L T LID-net K20 2 50 #8 4 vh £E DNIN JZ , R Al 38 % 2 2 O k900 35 2050 1)
2% DNN JZ (2 50 4700 i Aok 22 fig s LA g, anas it , & 245 B B TiE AR gl 428 OF A
B R AAAE R 1T b A B S B AR X R A = RS BRI 2R 1A U RS SR S EUE
4 LID-net 1 DNN 2 19 2 591 i1k .

HAASR AL, B e R A T8 35 50 48 SwitchBoard® i1 45 14> 7 J2 DBN 4% 1 35 20500 25 , B A
HE 2 48 4k, F IS 457 10 Mt , R0 28 i 1 FRRR S 50 3 020, 45 14 50 4k (9 BN 2, N 4% il 25+ 2 48X 21
—2 048—2 048—50—2 048—2 048—3 020, M £& 58 WLl k)5 , # & R Bl 48 M T 3 R S 81E A
LID-net 1 DNN 2 ¥ 46 L 250, B 4T LID-net #7145 . YIZRET , 75 224 DNN 2 S50 2% > BRI,
B IE R T R 1/100 WL GR5E UG it B> 18 R S 3088 50 08 12 0 1 A 3% B B 3345 43

3 KBERKSH

3.1 HEERMEITNIER

ST B UE R R B SO 7E NIST LRE 2009 28 FFAR ERCHE 45 L iE AT A e 5286 . 28 St &
23 TE A, BEAS TR0 I R B 3 P Rl (E 1 - LS 1R 15 1 (Conversational telephone speech,
CTS) MK EZ 7 (Voice of America, VOA) AW #7518 , VI R0 7F 28 28 15 5 I s Kl (Vooice activi-
ty detection, VAD) M) 43 J& , I 291 100 he M4k, 384245 15 000 2% 46 UE £k F1 30 000 4% 2% M £ 4
Ho & 3R B35, 30 s 1 10 s AU K I35 K 3 s B9 46 Ih 38, B I AR 75 22 U1 25 60 07 A9 38 AR
2

PEA 48 BR R FH NIST 9F I 4f FH A9 25 4% 1% % (Equal error rate, EER) f1°F 34 55 32 18 4 (Average deci-
sion cost function, C,,)o HH EER & X JE % % (False alarm, FA) Fl i % % (Miss alarm, MA) A 45 i}
THE, Cu IR TR

1
C - N7 E CMiss : P'I‘arge\ . P\/Ilss ( I"I‘)+ 2{ CFA . PNon’angel : PFJ\ ( I‘NvllT) } (3)

“avg
[
NL Ly Ly

AP N BRI FFREF B E s Lo 1Ly 53 2 m BARTE R AR BAREFN 5 Cu 1 Crp 8 I F e F0
B RPN — 2518 B BN 3 P raged TP xion e 73 0 2878 H AR IEFPFIAE H AR IE R 9 SE 50 2 o AR5 NIST
LRE 2009 AR T E AT Crie = Cia = 1, Prager = 0.5, Prontanges = (1 — Prye) /(N — 127,

3.2 HXRZEX

AR SCR ARSI R G BARRAR R .

4 1(LIDnet) : A SCH AR GE . IRJE 22 RRAE R ] 48 4 PLP FRAE (13 4 FR1IE + 3 4 5 &5 i %
FRAE IS — BRI B 25 43 ) ] 2.3 95 TR A ik DNN 2 U I 28 40 75 6 4> 5 B o i
5IEBBUMIERCH 512,55 6 2 B FURHE £l 32748 (L B 512 /F R s % e o &I 2Rk AR 1558, 91 bR 2
2R 0.05, B 5 U 2T W 1045 . 48 Hir i 2% o T2 I A sX B B AR

RS 2(DBF-TV) AU EMWEL RS, IKEFERIES RS 18I0 1.1 A 2.3 ik



328 R E B L Journal of Data Acquisition and Processing Vol. 34, No. 2, 2019

9 DBN M 2% $2 HU 50 4 DBF ##4iE . TV & 48 & W % i Kk (Expectation maximization, EM )5 1% 2% A%
SEYIZE 1A B 400 (9 THFE , SR 5 #E B i-vector, R F LDA Rl WCCN #EFT ME 75 M2 5 fff F A 3% B
BT A AR AR BRI A

%% 3(DBF-TV-Ferrer) : CHA[14 R H (18R 5 DBF-TV R 40, 1F 4 BS54l A
3.3 XWHERRSMW

KW BRERTX R G MEREZ

h T AE A — AN g A PR T8 R X 3 BT LID-senone , % 35 B 109 RSP HEAT T AHSE S5, RSF M
1@50 X 1784 3| 1@50 X 26, IR ROT K FEIG /N 5. 24 1 {ff LID-senone TER V8 15 F b o BB A AT 1 X 43
P, 7E NIST LRE 2009 #5048 4 th s B T 6 4~ 55 By IRV I 78 Fh HEA T AR 258, 438 347 & 4, o il ik B
18 (Dari) Ml 1% (Farsi) 15 (Russian) #1155 58 22 15 (Ukrainian) | EJ #1318 (Hindi) A1 2 /R R 1 (Urdu) 28,
M2 HAL 5 1B IUZ G IERUE 1024, RERPEREH EER(Y0) #EATIFAY , HEREXS LL 48] 6 FT 7 .

10.4 13.0 19.0

10.2 12.8 F\ e 185
x O3 X 124 X
E 9.6 ; : : . E 175 b it
m B 122 kb m :

9.4 : ; ; : :

: : : 170
9.0 11.8 16.5
Y T el o i W | ool i i &
0 5 10 15 20 25 0 S5 10 15 20 25 0 5 10 15 20 25
HEPKE ERRAKE EREKE
(a)30s (b)10s (©)3s

F6 [l AUZ R ) R G RE X LA

Fig.6 Performance on different convolutional filter sizes
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Tab.2 Performance comparison on different language identification systems

- . N 3s 10s 30's
RGEATE #5612 B 1t 1 L
EER Civg EER Civg EER Covg
32 7.67 6.02 2.74 1.54 1.49 1.05
64 7.76 5.99 2.92 1.64 1.54 0.75
LID-net 128 7.58 6.15 2.89 2.00 1.55 0.91
256 7.57 5.05 2.66 1.46 1.46 1.21
512 7.79 6.64 2.81 1.49 1.50 0.74
DBF-TV N/A 10.79 7.48 3.05 2.14 1.48 1.10
DBF-TV-Ferrer" N/A N/A 6.82 N/A 1.98 N/A 1.15

SERFW], LID-net B2 6> 4 FRUZ 18 38 B0 B8 BRI, 0 18 BOK /I 23 X 22 G2 1 B 3 5 i), i A Rl
ES R SUR /S

4 HRIE

AR SO XPE R R IME 55 £ T — 38 45 BB 28 X 485 174 it Xo) iy 18 PR 0 R B8, 4% 2 BURS IR HL EL 358
B 38 5 DNN JZ AT DU 21 35 Bl SC AR AE 5 7538 2 45 FR )2 15 2] LID-senone ; &5 3 2o i £k 2 45 2] L1D-
senone e i Ik AP R AR B PN R . T3 R E A B TSN, 1 DNNJZ A K i FF Il 2k
SR, ISR 148 o024 R 3E 7 28006 8 DNN 201 R S50, 85 I 2k LID-net M 4% o XF
L BB B B DBF-TV &4, EER £ 30 5, 10 s fl1 3 s F K& E 20 AR R I T 1.35%,12.79% #1
29.84% , Cog FE T AT BHE LB HHXS FRE T 3000 &£ 47 o #RT07, LID-net f it 4k 22 HUEXT LID-senone i T fif
BB, 8 T R B o BRI, Andef 72 43 A LID-senone (945 E0H 2 R ok TAE R H A
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