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Vi T R A RRHIE . — e H P Y2 max pooling,
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WOCA I, FAJZ R 0 A BRI B 0 A k
P a] ) Ry F IR B B HE S T 8 A S R
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5 FL A A1) 58 4 I TR, R AR D Bt b P Y
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propagation through time , BPTT) ,{H & i1 T [ [a] f£ 4%
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BB AR , R LA fine-tuning J7 125 52 BUAR B
555 o fine-tuning 77 V538 10 45 & A 55 A B30 4R
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4.1 BURKRE
AR T2 B R b T TR

1 2019 4R A4 L 1 T B KO HUHR A A PR A O R

AR 1B

®1 BEEERENELYE

pAETTES Fr%s 0 br%s 1 br4s 2 bR 3
ST AR 780 83 3773 1194
UFZ S 91 46 232 198

RREA 871 129 4005 1392

Bl — LA 6397 MEEA, B AR5 40
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36, KN 6689, V- K FE N 270, J& TR SUA K o
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T BRI . R TR AN 4946 ) R FH A A
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R2 WIEEFEHR

¥if4  LightGBM  Bi-LSTM-Attention BERT
1 0.73 0.86 0.95
9 0. 69 0.89 0.97
3 0.72 0.88 0.99

BERT #EI7E 3 AN S UEAR b R 2R A] 43 1] 35 5
0.95.0.97 #10.99, HHF{iiH 1 A|A] transformer 42
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LightGBM 0.71 0.73 0.71
Bi-LSTM-Attention 0.88 0.89 0.88
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JAFE 3 IR G 4 45 SR T L L BERT £
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The realization of intelligent judgments of the work order

responsibilities based on transformer

Wang Jiajing” , Fan Wei ™
( * Hubei Branch of China Telecom, Wuhan 430022 )
( ™ College of Engineering, Huazhong Agricultral University, Wuhan 430070)
Abstract

In the era of explosive growth of images, texts, videos, voice and social network data, how enterprises extract
and transform effective information from massive unstructured data to improve the production efficiency and realize
the process automation has been an urgent concern that needs to be solved. Taking the electronic work order auto-
matic responsibility judgment scenario of the Telecom Operator Group as the starting point, the bidectional encoder
representations from transformer ( BERT) based on the transformer architecture is used as the text categorization
model to automatically collect feedback information from provinces and make intelligent judgments of the work order
responsibilities of each province. The comparison and analysis of the BERT model, the LightGBM model and the
Bi-LSTM-Attention model indicate that the prediction accuracy of the BERT model on all types of work orders is
over 96% , showing excellent practical effects.

Key words: intelligent judgments of the work order responsibility, text categorization, transformer, bidirec-

tional encoder representations from transformer( BERT)
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