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Local Bidirectional Long Short Term Memory for Text Classification

WAN Shengxian'?, LAN Yanyan', GUO Jiafeng', XU Jun', PANG Liang'*, CHENG Xueqi'
(1. Institute of Computing Technology. Chinese Academy of Sciences, Beijing 100190, China;
2. University of Chinese Academy of Sciences, Beijing 100190, China)

Abstract; Deep learning has shown great benefits for natural language processing in recent years. Models such as
Recurrent Neural Networks (RNNs) have been proposed to extract text representation, which can be applied for
text classification. Long short term memory (LSTM) is an advanced kind of RNN with special neural cells. LSTM
accepts a sequence of words from a sentence scans over the whole sequence and outputs the representation of the sen-
tence., However, customary practices use only the last representation LSTM produced for classification, ignoring all
other intermediate representations. A clear drawback is that it could not capture efficiently local features that are
very important for determining the sentence’s class label. In this paper, we propose the local bidirectional long short
term memory to deal with this problem, including MaxBiLLSTM and ConvBiLSTM. MaxBilL.STM conducts a max
pooling operation and ConvBilLSTM conducts a convolution operation followed with a max pooling operation on all
intermediate representations generated by bidirectional LSTM. Experimental results on two public datasets for text
classification show that local bidirectional LSTM, especially ConvBiLSTM, outperforms bidirectional LSTM con-
sistently and reaches the state-of-the-art performances.

Key words: text classification; deep learning; long short term memory; convolution
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A7 B )M A 3 T A A AL o T B 1 3R Gk
HUREHH AR IR B 2 A7 B AR AR R . KL
(long short term memory, LSTM)M 2 —Ff 5 5 2%
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STM 13 2| 4 {7 & I 1)K H 3 1T max pooling
BeAE NI B e & 3R 36 . X2 — P 1 2 19 1
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3.1 RNN

RNN 7E T SCAS 53 2 04 A i A 5 & — 1>
AR P A L) sy s ws o e vwwr 1 HH L RV g B A
ML B 4w €RYT RS i AN F YRR
one-hot ik , U1 5t /2 1% HL 18] £ 18] 28 i XF B 1Y) 4 5 19
B —4E Ry 1, HAAEFE 4 0, BERL B SeKs i in) il
i oA RGBSR IRy —A> d 4 ) &, W2
il fx A (word embedding) ,

[11 s Lo s X3 9°°° ,IT]:W([wl sy s W3 s *°* ,wT]
Hrr, o, e i & LGRS mARKE W, €
RY V) 3 op BT A B3 1) 2 3K 1) A R B 1) 26 3k
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(b) ConvBiLSTM
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4 BEMEIE LSTM

JEAE LSTM dl i 1] 9 4% il AH X T 4% 58 RNN
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() 3 AR TP AT SR R Tkt R L R AR X 45 LSTM #E
Jili A5 S 8RR AE () B AN 68 A%, T AE SCAR 4 2K
o R R IR AR B R R SR . a0 SR RE A R ) R
IRV % 3R 3K 22 W) B4 R T — 2% L IR Y A L R
224 LSTM 75 9 4 ) ik 72 v 38 3] 5 1 Jmy 38 4% 2,
BEAT DL A S5 200 4 SR R AE P, DT 3R R
SRR RS AR TP 2 B TR AR, b TR X
AR, AR SR MaxBIiLSTM #1 ConvBiLSTM,
X AR R G A M T CNN AL A B CNN g
4 UM pooling 1Y 75 2L 7E fir & BILSTM 15 3| i1y vp
) 35 b, sk sbrfi] 3235 b LSTM 434 58 3 A~ A1)
TR RIEBEAERW M, ConvBILSTM

PRI BRI 2(b) fiF 7w o

4.1 MaxBiLSTM

MaxBiLSTM E # %} BiLSTM #f 47 max poo-
ling 15 3% & F£ ik, max pooling & — Fl 7E & FL K
25 v TR pooling 75 2, AT LLA &b 4 ot A A
JR AR PE B FEAE . Max pooling B HI AL 1E &
TE A B U 1) R AR AE DR A SRR AU AE R AN )
f&4% (feedforward, backpropgation) i & AN & F
AT BB BE S8 . LR 7 2R SR, R, HEAT DR
B38h, REX) 1T L r A W, #47 max pooling,
(10)

r; —maxh ,;
1,,T

Hirpr,r o max pooling 53| iy 4] T 1k,
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MaxBiLSTM () 807 55k B3, (B2 A7 7E 1) 7]
BB A 7 ) g LSTM 15 2 A Ja) 358 457 41F 42 2 ~7 A5
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pooling Y, H #| pooling Z J& iX W 4> 75 ] B F§1iE A4
A 22 H. (interaction) , A 1, 33X F Jy =X o P AN 7 1)
() LSTM Gt = Jay 3 14 28 ., JIT LA S BUAY Jay 38 R R AE 4TS
VAN W

FI& . fF MaxBILSTM fy 3 At L, 38 A1 ik — 28
21 ConvBILSTM, ConvBiLSTM 4 % % FL Y
Jr S AE BB R WA 5 1) LSTM () )5 38 3% 34
IR —AFMRE . HTFEBMLE X AR
A3 SR T A 2L A A BRI A B A5 R TR U
B2 JE 2238 0T LAIA R S LOZ AL & e 14 JR) 3
ik, R)E, AT 8 3 max pooling 1 77 =
AN 2R k.

R EEBEN T AN E LA, T
XFWAS I ) LSTM 15 8] Y 3 38 i — 4~ JE & pE AR
e, B

l,:g(WuK+Wz,-/T+b;) (1)
W, eR!L TR W, eRIGIITT e RIG

BERBENSEGLRE: (E L RER, 53
Fr AL E R ER R (L, - L) Z )5 X AT
max pooling, Hf!

ri:r]naTx(Z/;) (12)

B b R 78 ) T 2 3K 2 U . 3R A4
softmax J2 475 3 1512 J1 G 5 L 1)

s = Wor+b., (13)
b= (14)
> e

Hp,w, e R i, € R Sl softmax 2R
BRG] IERIEL. po s i DB,

4.3 #EEIZ%

FATAE P fe I A8 2% v B, OF AR BR BT R Gk 2
S FEAth i A R 2 5 b T P AR ek (weighit
decay) KX ZHHEATIENAL . 5% pR BN

N ¢
Loss :*%2 E vilog pu + 2 |0]3 (15

Horp N N RREAE ¢ Dy Bodl 2R 40 3 1 28 51
B HIEWALREL0 WA S 8. AR SCh 3RATE
FH B ) 18] ££ #% (back propogation through time,
BPTT) K% b 28 A7 2k . X 2 %% RNN # H 1)
MIrd. LSTMMEITmRFE BRI E R A
PR AT L2 DL SCRRE6 ]

S XLy

FRATAEPIAS 28 T 0B SCAS 73 S Bl 4 14 LE

T A 2B 4L HE FT AR 1) BILSTM , MaxBilL-
STM, ConvBiLSTM. LI & A Ji 5 RNN Jg A<
(BiRNN, MaxBiRNN, ConvBiRNN) , & T 5 4 %k
o R AT AR 2 6] i 6T b FRATTAE BRd i T Ak B K
A ) 5256 3 B R RTRE SR H TR SCk (2] 2L
.

5.1 HiE&E

FATIE 2 3E1E (Movie Reviews, MR) O )
TRECOV P A SCA 4y K H0 i 4 Bk 47 1750 56,
MR S 15 B H B0 4 XA B B T LY
PEIE 9 3l | 2R 48 2 00 W B2 R I8 B . X BE IS i A
S B R AR AR FZ TS [ B & A B P AT LR Y 3
rUER) . TREC B 48 J& — > 0] 3 28 B 46
2R — A B ) g AR e ) Y 2 Y o £ A 26
B, M MR BUHE8E IF %A V)4 4 10 U1 25 48 A
BRAE S DRI A B 4 1 FRATSR A T 9 58 R IE
(7 201 B e 2 4 1 AR ) 4y O 2R Sk [2] —
. WA 2 5 WA L UL ER 1.

%1 MR TREC A4 HIBEMAXESR

TS B3Ik SCREEL | R RN | e
MR 2 10 662 18765 | &8 X5 IE
TREC 6 5952 9592 500

5.2 UFEESHIRE

RNN J LSTM A4 % & 50, 38 H 4
FE B R B /N B 3RAK XA BEN S ROUR B2
HERE B E R KME S B4 . A5 0% RNN i
LSTM 243K T #7 T4, & B 50 2 2 J5 2800 i
A B HETE N AR A 50 k. G TARTAL
YIZh 7 =20, AT R T Sk L2 v il FH 9 AdaDel-
ta k. X B O A AR T AL G B BE AL B R B
D7 LA S R 2 S SR AR IO AL S
SGD HE i m5k 5 . BatchSize & 1E ML N F 2 iR
UFHE LRI TR . R T IR 2 2D fE /N
PWELEFFEG LA WA W R T early
stopping #7730, M4 B UE 4R b A SR te 2 I 2R
1-AIRF 2,

it A G W B i b I %) B3] 3 3k e X M

@ http://www. cs. cornell. edu/people/pabo/movie-review-
data/
@  http://cogcomp. cs. illinois. edu/Data/QA/QC/
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B R AT ) 46 A R — A R B AR G R AR D
i B e IR R ORI T, AR E
FAEE ] word2vec ™ 20 FF & i 1) 300 2 B 1 H 1)
T gt 2 2R 5 6 540 A v () FL 3R B A E word2vec
fR R e b B, FRATT X HEAT BERL B 4R Ak . T A B
0] 2 T TE AR I L it v RS A At 2 5 — A []
PR
5.3 LWHR

A FEX T LR R E T

(1) NBSVM HI MNBM ;. {ifi i§ uni-gram HI bi-
gram V&R FRAE (9 AR R DL SVM 2 2 35 A 3R
DUt g AL

(2) SVM® . {fi {§ T uni-gram. bi-gram. tri-
gram, LA & 60 Z A~ N T4 Ry R AE Il 2R 1) SVM
BEAL

(3) MV-RyNNUUY. 3t F i 3 i 19 Matrix-
Vector Recursive Neural Network #5581 |

(4) CNN™ HA BAE FUR pooling J2 19 45
TR 28 0 25

(5) DONN- . I F 3CA 352 2] 1 R 2= 45 B
i E I

x2 BHESLEHWAERE

PGS MR/ % TREC/ %
NBSVM 79. 4 —
MNB 79.0 —
MV-RvNN 79.0 —
SVM; — 95.0
CNN 81.5 93.6
DCNN — 93.0
BiRNN 79.9 91.8
BiLSTM 81.5 93.4
MaxBiRNN 80. 4 93.0
ConvBiRNN 81.2 94. 6
MaxBiLSTM 81.9 93.6
ConvBiLSTM 82.3 95.2

NEE B R] DU Y R B 2 S AR O B 4
TF 4R 8 AL G2 (0 L F AR HLES 24 2 i . Rk
LSTM Fl RNN fy 4R — Bk F JAd i s — 4
FEM L, Hrb, ConvBILSTM £ BB Ry 5 i,
M T4 CNNLRNN K LSTM, Conv-
BiLSTM &7 TREC %dls 48 M 7 5 T & 44
fETRER 36 UG T e e s 3. X 58 4 ik

B Jr) #RRAE XF T SCAR - W B, X T
BiRNN, BiLSTM #9 45 5 A & K i 4& A, X #1 B 6
A S S G 5 B — B, X B BB LSTM
()R 22 T 45 A T DL A 52 IR RNIN B e o5, A X
F CNN,BILSTM /8 7 M3 i 45 5 52 50 H
TR 4R TE D S 8, M T MaxBil-
STM, ConvBiLSTM it — 4 B /5 T 22 $2 7t i B
ConvBIiLSTM #h i) 5 FHUJZ RE 0% A %0 4 7 4 75 ]
) LSTM 2% 3k ik 17 41 & Wi 45 21 58 45 1 Jm) 3 1k
xik,

6 HEEFKFEIIE

LSTM Hiij & £ i B 2R 15 7 Ab #4050 %
FHRERY , JF 438 W0 5 B0 BLs B3 B SO A 2 5
N R B AR G OCR . T SOAR r 2EEE  AR 5
1) LSTM AL 45 X ) LSTM) il # %} 8 A 4] - i 47
FG I HE 45 B ) 3R K AE R RS ) I 3R Gk
iy N B 432 A% L XFP A IF WA T8 0 R A R
15320 0y Rl FR A L PRI I AS il e 250 Hl B JC— 26 5% 43
BN S S I IS N NI - T O O
LSTM 7 LSTM iy ] %3k [k — 2P i 174
TR pooling #2fE , (X Fp ik 454 T LSTM Al CNN
(AR A5, T LAAT 280 5 IR 3R () R, FRATT A AN B8
£ B SEE A5 R R B L X R RO 1Y — BB T
G MOE T A . MER T — 2 TR, AT
3K Fofr 235 4 187 FH 1 B 22 1) SCAS AH 5@ 1 B R, 3 X
FCNERAL I 2T TR A 5317

£ % Uk
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