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Abstract: Aiming at the problem of unknown words in speech recognition tasks, we proposed a
threshold based-BPE-dropout multi-task learning speech recognition method. This method adopted a
random byte pair coding algorithm. When forming sub-words, a strategy with word number threshold
was introduced. The sub-words were used as modeling units, and the encoder part adopted Conformer
structure, which was combined with link timing classification and attention mechanism. In order to
further improve the performance of the model, dynamic parameters were introduced to dynamically
adjust the loss function, and multi-task training and decoding were performed simultaneously. The
experimental results show that the proposed method can effectively solve the problem of unknown
words by using sub-words as modeling units, and further improve the recognition performance of the
model under the multi-task learning framework. On the public datasets THCHS30 and ST-CMDS,
the model achieves more than 95% recognition accuracy.

Keywords: speech recognition; multi-task learning; byte pair coding; dynamic adjustment parameter

s EH. 2023-06-16.

E—EEEN: B @998, T, UK. BLUAE . NFEE R AE S B AP, E-mail: 2703729898@ qq. com. B1E
EER . 2 #HA974—), &, FHiE, ML, AlEEE, NFES RG-S 4B, E-mail: duolin2003@126. com.

EE£TEH.: EFARFB¥ES S . 61962032).



EORE o g, 45, ETH A BPE-dropout 24T 452 21 1 i 21 35 1 35 U1 675
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Fig.3 Conformer model structure
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Fig. 4 Flow chart of DPE-dropout algorithm with threshold
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Fig. 5 Multi-task learning model process WA, FER (), AL BB BB A SR T e
B3I, JF HANBEAE B IIN S 2 rp s e, PR HOAR SR 7 3 AN 1 1) R ik TR ) A

A= ln Sig(L/\m,“l;m, - L("[‘(j) - 1 . (9)

- 1.0+ eXp{L("rc - LAncmion}
ke, g A=0 B BILSTM 2244, 4 A=18f CTC 224y, eI TTH Fahiisk, Hah&irs:
e A A b SRR A R

4 ZWESE

4.1 HIE&E

FIH PyCharm #4705 ELSC 58, {8 (9 % 4 &y TensorFlowl. 15 iit, Windowl10 #:/E & %5, 12 GB
WAF, AbERES K Intel-i5-12400F. A SC{H FH A 4l 46 02 SC8dls 48 THCHS30 Ml ST-CMDS, H o £ i
% THCHS30 At g nt a8t 30 h, RFES %N 16 kHz, REEK/N R 16 bit. HiE4E ST-CMDS &
— A~ N TR R s 28 Al & A g SCE S B 4E . 2958 100 h 9 & 58, Bl WA R E s fE LR &
WK AN e & e il 48 4. $diE 4 THCHS30 5 B4 3% 1.

F1 HXIEFTHEE THCHSI0 E2
Table 1 Information of THCHS30 Chinese speech dataset

GRS WK CIRR 3 ki
Train 25 h 10 000 198 252
Dev 2 h 14 min 893 17 743
Test 6 h 15 min 2 459 49 085

Sy AU ) B ] B S BN R S DEBE . A0 AR A L R e O o R e B gE] L R A R e O 5 1)
SRR LA o e A R B T 4 B RN O R 48 R R (word error rate, WER), AR R A WER fE R
PE FE A . IR AN

WER =

Hop S R B, D FRRMIER, TRARHA L, N RRiE8H.
4.2 HESHEE

TEASCE E RN i i LA ~J 500 S A8 0 A e DI 2 R M I 9F 5 25 >0 8 MO0 A B 3R G T2
AISZE . AR 6 Fras. & 6 ATUL, 222 AN 0,000 7 #2% F 0. 001 W, KL AR 0,000 8
I, eG4 THCHS30 Hs 8 g PR 5 v R B i, T 24 5% 20 0 0. 000 85 I, 78 % #i 5 ST-CMDS
HRRE AR B R I VAR R R T Y 2 ) R R e i, BEAL D) B A G R R AT IE
PR DUPUS fe AR 5 R 1 .

SRIE HEAT BRI GRak AR I A I3, AR ARG R, 18 7 S sk AQ A 09 55 40 2k eR B i BB G & il

%xwo%, (10)
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—e— ST-CMDS a5k
& g 157
2 S0l
0.5
I ! 0 ! i
0.000 7 0.000 8 0.000 9 0.0010 0 10 20 30 40
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B 6 AEZFES RIERED A AR EH7 SREABSHEIAAHHELXE
Fig. 6 Effect of adjusting learning rate on Fig. 7 Relationship between iteration
recognition accuracy of model period and loss function
AR Conformer A4 25 8 1, DL F i 55 45 55, FAES M LS, R ZE5%
(MO HEZE b 45 2k R 8K, 1R T+ RS Bk, 1 30 W THCHS30
ENOTINIS IV ES ORI RS LE = | 25 ¢ AT
PIAS F AR R AT B 25 R K 8 Fros. _20p
R A B X WER (0500 R . th & 8 i =5t
W M ARACHEE 0.5 0, I F BRI EIRE T |
A%, LRAREY, AL E T HERREA K sk
L 18 TR A B .
4.3 AEEETHIRR M8 oL 03 Of 0709
B F U U GMMAHMMY™ DNN- - gy e sm 2 aim 4 IR WER B R
HMM"" #1 CNN-HMM"'*! %%BIEIL: H AT B3 Fig. 8 Relationship between A value and testing
TRFJ'J*E’LFQ EEQ%%F%R%W Fbank C%?E’ﬂzj@l}:iu WER by model on dataset

HHARHE. GMM I 2R B, m 2 RN (H IR A W B R SCfF B B — B A i i 1y
R s DNN BEFH LT SCAF S, L TE A D s 45 858 B 4 AT AE 55 5 CNN-HMM 25 DNN-HMM #J ik
AR, CNN - HH At 28 X 25 B BE 4l B B R AE I AN A2 M. AR SCRH L Conformer-CTC-Attention
AT 55 F 2 B 5 AR R B R, 0 7 41905, B 0E Conformer-CTC-Attention 24T 45 % >
BRI PUIMNROR . 2B 45 R T3k 2.
F2 BWIYEBEEEFREEETH WER
Table 2 WER of two datasets under different models

P~ ‘ WER/ % :

THCHS30 ST-CMDS
GMM-HMM 20. 75 20.19
DNN-HMM 18. 87 18.18
CNN-HMM 17.95 16.92
BiLSTM-CTC/ Attention 11. 25 11. 64
Transformer-CTC 9.14 10. 78
Conformer-CTC 7.95 8.35
Conformer-CTC-Attention-MTL 6. 26 6. 88

2 77 W, CNN-HMM #i It T GMM-HMM,DNN-HMM # %1, 75 W54 F R il s %
3 T 2.80,0. 92 A 43 AR 3. 27,1, 26 A 43 AL

BiLSTM-CTC/Attention #5551 Hy 45 5 25 1 25 X 26 2 i, 2wt b 3 J2 %) LSTM Ml 4 i 42
JRALN, R EH CTC M2 ki AT B G I 2 ig. 2 2 o WL, AH LT CNN-HMM FiRl,
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TEPI RBP4 AR plER R 4L = T 6. 70,5. 28 N 43 . Transformer-CTC L BT SR H 4 5
PRI AR 45, Transformer il a8 tH £ 3KEE J1. AU M FIEH—L ML H . Conformer-CTC #5
TR C200 [ B R P G 2 - AR D 28 25 44 . Conformer A% S N & 23 N . BRI 4 | B4, 15—
2. —F 8 LUEE I Y 40 28 CTC VR0 il 2% . i ok B b ok AR 8 R B 1. Conformer-CTC-
Attention-MTL B SR FH 24T 55 S HEZR, SR 39 4 Mel ¥R 1E4E Jy % A, LA BPE-dropout 77 ¥ i
FIAAE R AT 55 AR B0, S AR AR R . DU A b 3 N B AR AT 55 sOROE S AR . AT S5 AR
HEFBIAT S5, R Conformer Z5F1E Ky i, LABE I e 43 2 R R B8 0 WL AT 6 & Mg i, 51 A3l
BAE L R TR AR, SIS R R, AR S F IR AR B = TR SRR, A
T GMM-HMM #5#, FER 3 BN T 14. 49,13, 31 N A0 A. XE il THEE S s
25 W4, RE A I B K I B AN IR AR AR B

F 35 T AR EE IR RE (WER) BRI, 38 3 AT L, BB S0 A0 2 2 B ry 3 m . B R i

BRI Y 2R ) S B W BE 2 3, B85 I 0 G RO M BE T .
x 3 WEREIRS S (WER) BT
Table 3  Effect of model depth on recognition performance (WER)

Bom : WER/% :
THCHS30 ST-CMDS
MLT(L=3) 7.64 8. 05
MLT(L=6) 6.26 6. 88
MLT(L=9) 6. 87 7.32

# 4 50 T BPE Fl BPE-dropout J& i Y £ A 0 50 % R 50 PR BE (WER) B2 . 3% 4 AT UL, ]
BPE-dropout J5 ¥4 Y TRl A/ S dE A B 0T, R I PE R AL UF. A L T 3% 38 19 7 1Y gk A% 5575 (BPED
BPE-dropout J7 ik fE AN A R4 AR ER R 05 B FE T 1.98,0. 75 DN E Jp . MEAh, 38 R PUI Ak fiE
WA — JE 152 0.

% 4 BPE #1 BPE-dropout 2 B &Y 2 4% 58 5T 3312 3 1% 88 (WER) B9 &2 g
Table 4 Effect of modeling unit formed by BPE and BPE-dropout on recognition performance (WER)

HAE T e WER/7 P ——
THCHS30 ST-CMDS
BPE 8.24 7.63
BPE-dropout(0. 001) 6.26 6. 88
BPE-dropout(0. 01) 12.51 10. 45

i LRI, BEXS R SCTR U P 2 R BOR B SR A IR A, AR SCHR T — R T R A
BPE-dropout Z4F 55 ¢ >J B i 21 3 1 75 LRI RS . 2068 8 SR JH AT B AL 57 35 %) 4 5 550 1%, 708 1 1)
IF ST A7 7 50 (L ) SR o 1) R A O e B B DT R AT AT 55 U G R A5, b AT 55 1 O il D
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