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i E: AAEXAKGH T FPAENFEFRE, — @ SA R ETIXKRAEEVFEA, B —FRE
T BERT-BiLSTM (bidirectional encoder representations from transformers - bidirectional long short-term memory ) #9
# K B FHFHA . 4£F BERT (bidirectional encoder representations from transformers ) #& & 42 2 F 91| 2: K AL
ARIEAT B ] 478 R 5 5 035 U AR, 8 i TR 447 69 BERT 3% 5 B A F0R F i A ARME - a9 R LR HE R
S 4342 AR 3B AT AR Ae K A8 45 4 3L, il ad BiLSTM (bidirectional long short-term memory ) 4 3 2% B K
LT XX E, e AR 8 F N Softmax W )ABA HAT B F3F 5. FILERKA, *FLCNN
(convolutional neural networks) . CharCNN (character-level CNN) ., LSTM (long short-term memory ) #= BERT % &
AAEAL, JE T BERT-BILSTM #4942 UK B )+ AL AL AT 3K 09 — K An K kappa & 2-F 34 1E A .

KEW: 55145848, ARETLAE; BERTEZTHEAE;, BXKAFHTL; KEHIZILAL; =
KA kappa % %
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Short text automatic scoring system based
on BERT-BILSTM model
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Abstract: Aiming at the problems of sparse features, polysemy of one word and less context related information in
short text automatic scoring, a short text automatic scoring model based on bidirectional encoder representations from
transformers - bidirectional long short-term memory (BERT-BiLSTM) is proposed. Firstly, the large-scale corpus is
pre-trained with bidirectional encoder representations from transformers (BERT) language model to acquire the
semantic features of the general language. Then the semantic features of short text and the semantics of keywords in a
specific context are acquired through the short text data for the pre-fine tuning downstream specific tasks set pre-
fined by BERT. And then the deep-seated context dependency is captured through bidirectional long short-term
memory (BiLSTM). Finally, the obtained feature vectors are input into Softmax regression model for automatic
scoring. The experimental results show that compared with other benchmark models of convolutional neural networks

(CNN), character-level CNN (CharCNN), long short-term memory (LSTM) and BERT, the short text automatic scoring
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model based on BERT-BiLSTM achieves the best average value of quadratic weighted kappa coefficient.
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automatic scoring; long short-term memory net; quadratic weighted kappa coefficient
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Fig. 1 The architecture of the BILSTM model
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Fig.2 The architecture of the BERT model
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Fig.3 The architecture of the Transformer encoder
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Fig.4 Input of the BERT model
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Fig. 5 The architecture of the short text automatic scoring model based on BERT-BiLSTM
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2 SEE 5O

2.1 KWigE
2.1.1 #HER

S50 i P 94 Rt SCAS i 4 A0 A5 I R AR R
5, M Hewlew R ox e fit. I Zrde A4 73 51
A5 17 207 f M5 224 R © TP R JRESOA, 52
5o VIR Hh BEALA R 20% (14 50 SCARAE AR ER 4R
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Table 1 Short text dataset

+ X CARRCR G TIRE 1853
IARFE o
% Ytk A% Rk o
1 B 1672 557 50 0~3
2 Bl 2 1278 426 50 0~3
30 EAEIEE T 1891 406 50 0~2
4 WEEEFSCFE2 1738 295 50 0~2
5 ER7/ES 1795 598 60 0~3
6 Y2 1797 599 50 0~3
7 B 1799 599 50 0~2
8 HiE 2 1799 599 50 0~2
9 Wi 3 1798 599 40 0~2
10 Bl#3 1640 546 60 0~2

2.1.2 FMdstclE Aok R

AT R H IR INAL kappa (quadratic weighted
kappa, QWK) R « PPAL TN 7340 5 L AT 401
—&HME, Ho<k<1. k=0EREXREETZ
[ — Sk S ML k= 1 FRRVESCRFEZ
() f8) — SR 58 AR TR . AR ZRGF /Y BERT #5184 1k
fili b, SR Adam D640 A5 006 SCA B8 A2 20 4T TGl
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2.2 EWHER5ITIE

FEABEFE BERT-BiLSTM # AU 1) i {1 5 HEAER A

CharCNN (character-level CNN) . CNN. LSTM Al
BERT #EATXI L, 2RI 2. A7 A8 2 ff T AH
[l B, IR A Y J A 5k ).
%2 BERT-BiLSTM &2 5E AR « EXTEL Y
Table 2 The quadratic weighted kappa coefficients
comparison between BERT-BiLSTM model and

benchmark models

BERT-

T CharCNN  CNN  LSTM  BERT .
BiLSTM

1 0. 68 0.68 0.70 0.79 0.85
2 0.58 0.67 0.66 0.70 0.79
3 0.29 0.27 0.28 0.37 0.31
4 0.56 0.55 0.59 0.69 0.69
5 0.72 0.75 0.78 0.75 0.83
6 0. 80 0.74 0.74 0. 84 0.83
7 0.55 0.58  0.60 0. 66 0.65
8 0.43 0.50 0.54 0. 60 0. 64
9 0. 67 0.64 0.70 0. 80 0.82
10 0.61 0.67 0.71 0.74 0.75
bt} 0. 60 0.62  0.65 0.71 0.72

S 0.70 0.73 0.75 0.79 0. 80
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