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Abstract: It is difficult for traditional speech recognition models to effectively overcome the difference of different langua-
ges, and incomplete feature extraction leads to a suboptimal recognition accuracy. To address this issue, a language identifi-
cation and classification method based on improved emphasized channel attention, propagation and aggregation time-delay
neural network (ECAPA-TDNN) is proposed. Based on the ECAPA-TDNN, an encoder module for multi-head self-atten-
tion mechanism as a center is designed, the weighted aggregation of feature sequences across different time steps is performed
through parallel attention heads, and global dependencies are captured between various time steps. Meanwhile, a front-end
convolutional module based on a multi-layer residual block as a center is designed. The convolutional layer adopts a multi-
layer convolution and residual connection approach, enhancing the capability of multi-level feature extraction. For the char-
acteristics of speech signals, it performs separate downsampling in both time and frequency dimensions to generate more di-
verse features. After the input audio is preprocessed to obtain the FBank features, the data augmentation technique is fur-
ther applied and input into the optimized language recognition model. Experimental results demonstrate that the enhanced
model achieves the recognition accuracies by 92. 91% and 90. 39% on Common Voice and CSS10 datasets respectively, with
the improvements of 5.23% and 4.78% over the original ECAPA-TDNN. Also, ablation experiments are conducted on
both the front-end convolutional module and attention encoder module, verifying the effectiveness of each component. These
results indicate that based on the ECAPA-TDNN, the proposed approach enhances the extraction for both local and global
speech features, significantly improving a performance in language identification tasks.
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AR RAERE = S AR HES) T WA T F k. H
dr, ERE S (LID, language identification) J&1& & 4b
by — A OCHAT 55 . R A AT R S S R AR S5 B TE A
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B A Z B FE U R G AT E R Y U
R R e S A B R B AT SR s SR E LR B
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BIEESI %, SCOAL PR R 2 A 3k . X Rl B R R 4
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predictive cepstral coefficient) ¢ F T 4FAFFE I T2,
LB NE TR AR (GMM, Gaussian mixed mod-
e) I FHemEAHL (SVM, support vector machine) 2Z
R LG 2628 . IR, BG5S B8 2 2t 2 0
PERYIE N, X AL G J5 W AR A 4 52 2% 1) 1 R AE 5 T
WRAF AN . T RN K — PR, TR A I B,
45 & M 2 P 4% (CNN, convolutional neural net-
work) . & ¥ # 2 W 4 (RNN, recurrent neural net-
work) KM K & Wid 2 ™ 4 (LSTM, long short-term
memory) LB K A, BERA TIEY
PUNFIIEFP 73 2K 0 M RE™

T Z WEE ] kb, WHEMAE MLY% (DNN,
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Jo PR R H R AE T L TR IO RN A R
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XL R HE B
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Neural Network) """ 475 35 3 AR BT 55 H £ R 41 1Y
BERVTE A RO & B A AR ARy A H B2 R ) A L. ECA-
PA-TDNN R R ZEME LG sty i 3. 4
., FEAMFERES (BB 5EFSEES (nfl
W) IRA MRS T, TR B A5 A e DL 32 515
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715 ECAPA-TDNN ff J& & R AE S B A AB 45 5. DAk
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PA-TDNN &5 4, @il 5] A A EE S HLH 42 R R AE i3
P, i — A P TR R TR PR 2R R 2T 55 R I PR RE
1.2 gLBEENIH
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16 kHz, J#E17 & & 10—k, DL O A 2080 09 — 2
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Yo, 3AHESRBI AR 22, A5k 2 Hul i Res2Net
SEA T SE HL 1 #E AT 45 AL AL BE R 8 GE O R [l R
B~ Block [ % 3 Jm b 2§ 09 A B B Ak 25 1 .
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HENRGH2EEE, &% softmax &£ 52 B
fiorde. BARLEHINIE 5 Brs .

SE-Res2Block

SE-Res2Block

SE-Res2Block .

MHSABlock
ASP+BN

_Softmax
Bl 5 7S SURL R (9 45 4 7R

2.1 FEimBRER

Ry T A AR S 4 SRy A 5 DX A v o B RRAE
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GRIZRAIX3IMERZ, LiER A, D, K AE
B 1Y R 32, HhFAEE RS R [Batch, 32, 80,
T1, W5 . FRAERGE TP E R 2, BREE WA
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HIEIENNRAEE R E R 2, B A 4E R +F 1. 83 Ik
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A S W R AR, Y A S E O DT
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Ja . WABRERM 3X3 B, P E 1w A 4 B &%
B2, PR RE 1, K )L RO A R R A
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T/8], HiT A I A0 % 55 00 8 4 B, A eI 5 4
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HHAE B . FRAETE 2 00 FR A 4 13 16 )5 S 455 B i 47 2 455 A
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PRI, FR2ZEBHL R D)2 o) W R E K B RRAE R, TR I Ok
Ga o BETH R BB KE Y ) 8, R B BUZRA T2 K
B &2 WA TE S RRAE . B A R A R IE R OR

BeAh, FCM B de — @ f % b nl DL i i A 3z 4k
fE 1. FCM fifi Ff — 4k 5 AU A A s 500 05 AE a0 47 2 458
LI T 18 A5 5 A s B R R A 0 R A A (3R
Ve, R AN SRR o R ERRR AR R R 2 E A, 5 Bk
BE . UL ANFIIREE IO G, PR A 78 AT AR 47 1 32 Ak 3]
RSB S SiESEA, FCM il Z )2k 2580, @
1 3% 2 1 26 R R R B 22 3 B2 3R BOAS [R) 2 R I R AE K
JEHEAE EERE S E S SRR EEE, s, 2
R AE D050 B B A 2 A R A DG 2 . )2 IR A I R AE 2R
AT LA 4 YT b A i A . DA T B TR AR X 2 A Ak K
T (14738 N BE 77
2.2 FE NG ESEEDR

AR T — AR T G 2, % o R )
B oK. BRESHA S B0 B It T AL, DLIE B
SRR 1) 4 Jr) Al AE B SR O 78 43 R 42 Jm 5 Jm 3 0 B ) 15
B, ZHERETHSNZZEE R amait, BikxR
W2 giS a8 . B2 o 23k B TR 1AL AR5 28 M
AN . ZRVUHIRENE HATIEIUE B 1 5R X) 5F 24 & 0
FRAE R EEAERE ). RIB . BHUREAE 4 B2 55 5 A B R vk
—3, R ESURER R . HhESEOEE IR 1 PR,

o dopa WA FRIELERE . 55 T 10 B A B
BEE 3 fi5, BP channels X 3, m,. 83 F H 13k 4K
HL,OWE N 8. BEUE R R AL PR KR AE Y 2 4B,
AT ecatorra B 75 T I 245 1) B TR )22 208 22 128 O 2 048,
TR RS AR R BE Ty dopon IR E N 0.1, T 1L
TG numy,. 2208 G 45 )2 10 HE & 5L

*1 O OEENGMSRSRE

Py & EAE
dour channels X 3
Micad 8
diMecdtorward 2 048
oot 0.1
UM g 2

iw, WERN 2.

B G e B L T Transformer 2248, 2 Wi
Uity 5 BB B 1 PEERRAE OB R [Batch, channels
X3, T/8D) ., WiABE, FREE % E N [Batch, T/
8, channels X 3], DLi& Bt Transformer @4 ¢ 51 4b B 4%
Ko B N WEHE SN Transformer i 482, &
BAEZLATENIG SArmmameE, Z2LAER
TIHLTRE R AE 4350 kg 8 S F2s ) FFAT I3 B ] 25
B () 2 R AR DG & o B ARHL, B4 25 Al i 4k PR Y
A (Query) . # (Key). fH (Value) %[, If
FET RO FE B IR E, B4 s AT Mk
o AT 2% P A R A . BROEZ 4R
2 048, WG BN ReLU, Z 11 B BYFE T 30 5 R 1Y)
JOTRAE S M RN BE ST . B2 GRS A 00 o O O B 25k
5ZH—4k (LayerNorm) fl& . PhAR & I ki 72 9
IS, B, FeAEFE A [Batch, channels X3, T/
8], RS ESMAZEMIAEE.

PR Z DR Z S BEEIILE . REUEE T
J7 51 v B A 5 Ta) 25 5 At B[] 25 Y 06 3R A B K B AR
i N PR TR U L NG S (a1 S I
A 3 ASFas], T AR A6 () 25 5 H A B Je) A5 109 A 5%
5380 (Attention Score) » H-J T3 £L 43 BN AUR A 4
fiE o BERLEERRAEAERE 3 5L 8 A>T a5 ), A S () Y 4t
BER 192, PRALIFRERESIAE DA R A W] 15 A
TETE Z A 25 6] R BRI ¢ R . 2 K AL R 0% I 47 $2 I
5 YR S SRR IR I EE AR T .

iy A A 2 5 B i o B4R B S AR B (batch size,
512X3, W) BYRRAEE . FRAEE o 8 8 T fiE &
JG. MIABEENZEWNE RN (batch size, B[] 25,
1536), HoptiLREEREREEHEME. AT
Xof JR FR R AL AT A S Pk WG R B AR  AE R A B R] 2P ST
R 2 4% (FNND L fy 54> 42 3% 32 )2 Il ReLU
PG PR B B, FNN S A AT DL FHERRAE 19 R 38 68 T,
R 1 TR R B A LA R ) . A B U R A
HAER 2 S FEF, @ TE BRI Z M FEN 2R
HE E % (Shortcut Connection) , L4264 A BR1E 5
By AR, G2 MR AR BEH R RO R E I G B, IFE
NF 2GR AL . B ORARAE 2 A — Bk . R T IRSL
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R RE B R

TR AR B e Wi b T o A ARURE B i 0 R E BT
WIETEAR Hy (batch size, FIEEL. BRI, 76H A%
Pz wir, FFAE WS 4 (batch size, W) [A] 25, ¢ AE 4E
). HE—)Z2EFEEImEaET, 2% aFEE NI E
SRR R . BA B RFRRAE ;s B a2 X R
FRFFAE HEAT AL LM WL S A 3 5 WG AR 22 i E AR I —
b, RERMEREIFRIINAR T, 222 HS. &
AR IE A S E 2R LT SCE SR R R R
P BeJE . PR B W R IR B AR (batch size, 8 JE AL,
pE) 26D T 5 S i A AR A Or 2R i — 2P AR B
3 ZWRERITIL
3.1 HIE&EMMEEITEMIEF

AL IS A 2B MR E 4 Common Voice 5 CSS10
RHEATEY . BB R B R T A DUE . R, ik
W EE . HGEIL S RE SN RS U . 3L 17 500
SoE R B, DAJLLE— M Le i X A I 2R 45 S0 AE . O
41, Common Voice Z{#EEH 9 000 I ZRE P F1 1 000
ZRMA R . CSS10 F i &£ A 6 750 A5 2 B4l A 750
S B . A OB B DL RN R . D 4 B R AR A
£ 2R,

2 B %

BRgE | DUE | Bl |08 |0 | J0h | UIZRE | ik4e | Bat

Common-
Voi 2 000|2 000(2 000({2 000|2 000| 9 000 | 1 000 |10 000
oice

CSS10 |1 500(1 500]1 5001 500{1 500| 6 750 750 7 500

AR SR ] 22 08 b U IE A AR AN FR bR, R GK
EAWA
SR
Acc = ’A/\l]
Forpre R R A0 R r SR E B8 N i AR R
B, G iR
3.2 ZWIEEMEIEGRE
VIO AR o3 B AR AR AR . A3 I B
P o KB RNy AR 3 AR AR . XHE RO O £
AbFE L WG A B, R RO AR A e A Ol float32
KAV IE SR s E RO SR AR R BE O 16 kHz,
X E ARG AT H A, B r A DR R
—20 dB, LAESIE & 5 Dk 8 5 s 6l O 8l
T Y & G R T B, RS R T B E N 0.9,
10y 1.1 H BB B £ — A 8 BE o) 1 J1 7 & Ja B, filf
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