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English Text Classification Model Combining Bert and Bi-LSTM

ZHANG Weina
( Xi’an Siyuan University, Xi’an 710038, China)

Abstract: As a downstream natural language processing task, text classification has very vital auxiliary value for upstream task.
Deep learning is widely used in the trend on upstream and downstream tasks of NLP in recent years, deep neural networks have very
good performances in text classification tasks. However, current model based on deep learning networks has the shortage of modeling
the long context semantic information of the text sequence, and it also does not introduce language information to assist the classifier
to classify. To solve these problems, a novel English text classification model for combining Bert with Bi-LSTM is proposed. The
proposed model can not only boost the performance of classification by introducing language information into Bert pre-training lan-
guage model, but also capture bi-directional context semantic dependency information based on Bi-LSTM network to model the display
of text. Specifically, the model is mainly composed of input layer, Bert pre-training language model layer, Bi-LLSTM layer and classi-
fier layer. Compared with baseline models. extensive experimental results demonstrate that the proposed Bert-Bi-LSTM model a-

chieves the highest classification accuracy in MR dataset, SST-2 dataset and CoLLA dataset with 86.2%, 91.5% and 83.2% respec-
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tively, which greatly improves the performance of the English text classification model.

Keywords: text classification; deep learning; context semantic information; Bert; Bi-LSTM
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SR BRI SCAR oy RAE S P PERE (8, (H
R 3k AR 1) K 22 B0 H AT B AR A b 4R K B Y
BSCE B B RO R R B AR T T A
NP T7 %6 . Yang % A HAN #8303t T — 43 2 i
FEMLPRE SCAS 43 2 ) F R0 B3] A J2 R, I B 3L RNN
PER gt s o Lei S8 AH2 (1 MEAN' KR 358 (<] i 5 7
BALHKE 3 FiH R F MR SRR EMZEM S, N
S ff X — a8, AR JE T B 2 LAY 4 B A — 7
BE R T XA, (AR IHE A R e, SRR,
R 248 R AN D) T 53 SORY B X ) 1 3R R AT 2
By, JRA B E S MRF RS EL, SECET XN
15 LB R A, #linsA] T . “Though this movie is a little bit
repetitive and vague, it really engages our senses through the
way few current movie do”, W DA & B A1 o BE A& T A
7RI IR 1 . AR A TR ET R m X B R S E S
RS AT E X L& B “through the way few cur-
rent movie do” JE3RFUAYFRIE T XL E . WERAFEIE
EH R, RN 2R 4 A B 2 S 45 R T RE
BERA . Bria TR N . XRR S AR I ERAR
REHE IR I ROCR .

R T TELF MRS PR R BN SO B DL RE SUIR B, (R
BE A E T R AR IR RMES D, ACET
Bert T 2518 F B85 Bi-LSTM #ER1ER ) T — Rl 7 #5011 3
SCCAGP R, TS, FATIE M Bere BEALAR B 1Y ik A
KFREA L IRIE %R SCIRA T 25 i Bi-LSTM KR iy
i AR AR HE— 2P B FRAE RN AR B, BRI, Bert 1
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GPT (generative pre-training) "' J& — P & T 338 J7 1k 19 B
TN ZRIE ST . TN B B, GPT i F K A5 % 4L
BRSNS £ )2 Transformer #5325 . 1i BERT £ B2 Ik
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X ="[h_ x] (D

f, = sigmoid(W , X +b,) (2)

7, = sigmoid(W X +b,) (3)

c, = f,*c.+1i,*tanh(W.X +b) (4)
o, = sigmoid(W X +b,) (5)

h, = o, * tanh(c,) (6)
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JEA ) ) 7. After watching the movie, I think it is
better than the one I saw last week.

5 )G AT After watching the movie, I think it is
[MASK] than the one I saw last week.

TSR X R R 15 06 B B iR AT HE 55 T AN T T
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1) After watching the movie, I think it is [ MASK ]
than the one I saw last week.

2) After watching the movie, I think it is no than the
one | saw last week.

3) After watching the movie, I think it is better than
the one I saw last week.
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1) MR B4R 2 BOHE 4 2 55 1 a7 2 fB 5 P30 SU AR A
A, B Pang Al Lee B A F 2005 4F 1 W A ) A 44
BE LIPS RES S, Ko, IHGEFEUES
331 5 IE T PEIE M SUBAR AR DL R 3 610 Z5IE FEA .

2) SST-2 B¥sdk: B R MR R LM E K, F
B, AR R BURORNIE 15 B SCAS B AR e A IEREAR .
7 570 T AN AR AR B A7 I 1 T A SCAS T 23 Bk i o BT R R
SR b IR 43y 8 310 S I FEAS DL T 8 610 4% IE
HFEA

3) CoLA %#E4E. Col A iEHJE R —4 " JnHm sy
54 Bl B 45 . CoLA B4 R & N TAREER,
F B R RE S B2 M. A SO IR B A T BRI
WA, o 8 551 AUl SR A HE A 1 043 AN A IE 5.
BRI 6 744 A IEFEAT 2 850 A M FEAS . 1ZEHE HE 1Y
AR KR 7.7 A in, T CoLA iR & %A i
ThRvE . BA SO YNGR 8 dr Rl 3 1 5 Yo BEAR 1R Ry 30 e 45
F{6f1 T JE 0 6 F 4 VR A k4

FERHIPEAN TR HR A B b, AR SC R R Accu-
racy M 5RTAR BT 3% 1 09 A58 8 DL B S AR A Y A1
PERE, Accuracy Al TN T A X ATIHR

TP + TN
TP + TN + FP + FN

Hr. TPRITN 433 LT A BT830 F 9 ETH
b TFAST Sy LE R A 1) B8 R B % A Oy T RE AR Y B
i FN FTN 5y 5I4R 3 T 8 45 158 1 304G b SR A &
VA B Bk 1 0t A A SRR AR RO B
4.3 EEITLER

KT FEAT MG AR SCHT B Y Bert-Bi-LSTM 43 28 4

Accuracy =

JE SRR E T MU AR BRI R AR 2 R i = g bR SGE U
LAV ZBAL G 2 A FL R AT T X LAl 52 86 . B
TRA Bert T GRiE 5 1A B H2 0 T 06 S0 30A 43 K 4E:
%5 A SCRTEICT JUASAH G 00 I8 BE 2 7 ) 2% 185 A Ry R
BT AT X0 L 52 0 o 3G T 308 B s v A5 B 104 T 40 4 2 U0 W
L

1) SVM.: Ryt L SE g iy A I AR SCRP s L T
G 4 JBET SVM A g — A FEAEXS LAY,

2) MLP: {&GeRiR £ FIR AL R 2 8oy 2, 4y
S 512 #1100 D ERBCEATT, ZIRABLE T 248 TF id
AT f) 18] 48 ] 42t

3) CNN-non-static: ZW R85 A 5] & Fl MLP #4855
— 2, [ AR SR BB R I I RS EL

4) LSTM.: Bert 551114 [ J2 i i 1) 5 2 5 ] 4 55 930
AL RS OE TN

5) Bi-LSTM. B[ LSTM [ £ i) i A R B [ i) ) 15
—3,

6) Bert: FEASCHYSER A, FATHE A H G 1 I
45 Bert i,

AT ARUE XS LY S 5
TFiE Ik
44 RRER

ARSCAEFR 1 RAET B & A B EXT LA MR $ifE
£, SST-2 #ifi e 5 Col. A Hdli 5 FiER R 45 . WK 1
HBH A SIS A R AT LR B, B R A 3] Y A R A 3
AR AR b TR BE XY — B0E TAE e 1 T L 2T Ry 20 28
B, RAEZENE, KSR AT LR B, AR SO Y
454 Bert 5 BirLSTM Ay #5214 fE B 1 BT A 1 B XT L
(e I I P N e =t e 7 i 2 A
Bert A1 Bi- LSTM P 2% 25 SE L AF M IB0L . X445 3358 1
G AN SRR RR AL AR, e ZE MR OR ) BR
SCHE AR B A2 8 i 0 FOBL ] < B 5 40 04 412 R

F 1 OARFEBARITE 3 A B 5 iy e 45 21

A W BEA RO 2 KB

i 700 MR SST-2 CoLA
SVM 0. 745 0.794 0.572
MLP 0.759 0.808 0. 608
CNN- non-static 0. 815 0.872 0.617
LSTM 0. 804 0. 859 0.612
Bi-LSTM 0.813 0.882 0. 625
Bert 0.816 0.912 0.811

A% LT AR AR R 0. 862 0.915 0.832

AR B R 38 8 AR BB 22 v, Bert #5170
T SVM, MLP 5§ LSTM #£5, 4k, Bi-LSTM Ry
PEREAH L T B (19 LSTM #5287 fir 42 7+, X 74 28 T Bi-
LSTM [RGB 42 80 T /IS A5 1 i BN Scfg 2. dE ],
Bi-LSTM A1 7F MR £40% 4 - 9 1 A J& i K F CNN- non-
static BEARURY, HRAELS A Bert MUUIZBE TR Z 5. XA
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v Bert
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L Bert-Bi-LSTM

epoch

B 7 BRI SRt £k

4.5 HBLSSIE

R T RIFEAS TR B £ v SCAR I A [m) Y A R BE X AR AR
PERERYZ IR, A SCH BT ) 1) Bert-Bi-LSTM £ERITE 3 4K
PEE LR T IHME R, N3 2 haf LIgE R, BEE
AmAKRKERK, RICHRMBAAE 3 ASEEE L HERe
IR EA —, (AR EMS 150 oF, BAEMRER
WEA/N, EERATRMTENRS, B T 768
B PERE 51T B AR 22 (R A0H BEF  AA . AR SCRE R T 150
E R B IR R RKBEE.

F 2 AR A R KA T X AR S 4 A Y RE 14 5

A e KK MR SST-2 CoLA
120 0.858 0.912 0.828
130 0.859 0.912 0.829
140 0. 860 0.913 0.830
150 0.862 0.915 0.832
160 0.861 0.916 0.831
170 0. 861 0.915 0.832
5 4RiE
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EESEH T — MO A T Bert-BELSTM 73 R . ML T
AW KTTE . S ERE NS Bert BUIZRIA F BRG] A
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