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Language Identification Method for Multi-task Learning Based on Contrastive Pre-
dictive Coding Model
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Abstract: The key of language identification is to extract useful features from speech fragments. The
time-delayed neural network (TDNN) can extract feature vectors, which contain rich context and improve
system performance effectively. This paper proposes a multi-task learning method of ECAPA (Emphasized
channel attention)"TDNN-contrastive predictive coding (CPC) network for language identification.
ECAPA-TDNN is the main network to extract the global features of language. The improved CPC model
is the auxiliary network, and the frame level features extracted by ECAPA-TDNN are compared and
predicted. Finally, the joint loss function is used to optimize the network. The proposed method is tested
on the 10 language data sets provided by the AP17-OLR data set. The result shows that the identification
accuracy of the proposed network is higher than baseline on the 1 s, 3 s and All test data sets of
AP17-OLR.
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Table 1 Accuracy of multi-task learning model

when inputting MFCC acoustic characteris-

tics
Acc/ %
8] £ H TR
1s 3s All
CPC 13.19 42.10 38.63
ECAPA-TDNN 60.69 74.56 76.69
ECAPA-TDNN-+CPC 62.61 78.25 79.49
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MFECC 75 2 R fE I, 76 1 s .3 s AT AL 48 19 52 56 2R A H F TDNN+CPC W 45 i i 28 43 1] 4
BT 10.57% . 18.52% 1 16.58% , # tt T EX-TDNN-+CPC ¥ %% #E i R 4> M2 85 7 4.9% .11.53%
9.44%

M5 ABFE A FBank 75 22 R AEIE 76 1 5.3 s AT AT 45 (9 52560 2R A H T TDNNA+CPC [ 45 i
B 2R 4 B 42 = T 16.98%.22.99% 1 24.84% , # H F EX-TDNN-+CPC M 45 o # K 5 5l 42 = T
10.78 % ,20.68 % F120.92% .

4 HRIE

AR —FPRElA CPC LRI Z2 AT 55 22 T 1B RN I M 4%, ECAPA-TDNN-+CPC #i81 , Z K7k
T+ M4 ECAPA-TDNN F it A —~ A A S, %5 ECAPA-TDNN [ 2% 45 HH i 2% 45 AF 247 % e 1
W2 39, K 3k 1F SRR AR X i i de R TE R AR X =2 8] A% AR B R T 5 /N Ak B0 RE AR X6 22 18] G AR BLRE A Ak
X 2% Ko T $2 R AE 1) — B0k . B S FE AR T IE R SE R AU 4R AP17-OLR Rl AT 500 . L a5 R &M,



296 W REBLE Jowrnal of Data Acquisition and Processing Vol. 37, No. 2, 2022

x4 AE MK BHNAMFCC = 3 5 B & x5 AEM PN FBank 5 F 5514 B B £ 7

Table 4 Accuracy of different networks when Table 5 Accuracy of different networks when
inputting MFCC acoustic characteristics inputting FBank acoustic characteristics
— Acc/ % 24 B Ace/%
1s 3s All 1s 3s All
TDNN+CPC 52.04  59.73 62.91 TDNN-+CPC 50.23 58.65  59.84
EX-TDNN-+CPC 57.71  66.72 70.05 EX-TDNN-+CPC 56.43 60.96  63.76

ECAPA-TDNN-+CPC 62.61 78.25 79.49 ECAPA-TDNN-+CPC  67.21 81.64 84.68

0 ECAPA-TDNN+CPC [ 45 n] DLbe s i 8, PR 590 i SR 0 38 0, GBS 00 4 b B R EAT 2025
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