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BLSTM_MLPCNN Model for Short Text Classification
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(School of Computer Science and Technology, Anhui University, Hefei 230601, China)
Abstract Text representation and text feature extraction are essential procedures in natural language processing and di-
rectly affect text classification performance. The major output of the present work is the establishment of the BLSTM_
MLPCNN neural network model whose inputs are character-level vector integrated with word vector. In this model,
firstly the character-level vector is obtained from character via convolutional neural network (CNN),and is integrated
with the word vector to compose the pre-training words embedded vectors (also an input to BLSTM model). Then the
combination of the BLSTM model’s forward output, word embedded vector and backward output forms the document
feature map,and finally the MLPCNN model is used to extract feature. The experiments on the pertinent datasets prove
the classification performance of BLSTM_MLPCNN model is superior to CNN model, RNN model and CNN/RNN
combinatorial model.
Keywords Character-level vector, Word vector, Convolutional neural network (CNN) , Bidirectional long short-term

memory network ( BLSTM), Multi-layer perceptron ( MLLP) ., Multi-layer perceptron convolutional neural network

(MLPCNN)
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Fig. 1 Comparison linear convolution layer and mlpconv layer
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Fig. 2 BLSTM_MLPCNN model
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Fig.3 Training model of character-level vector
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Table 1 Dataset summary
Data ¢ [ train dev test V|
MR 2 21 10662 — CV 20191
Subj 2 23 10000 — CV 21057
TREC 6 10 5452 — 500 9137

SST1 5 18 8544 1101 2210 17836
SST2 2 19 6920 872 1821 16185

MR: MR f& i Pang 1 Lee F 2005 445 i 8 A] T 1 %
P dE B AEME h— . B A N IE L B 2R
T BT S BURAE .

Subj: Subj J& WA ECIE 4R B 4] 43 g IR % W, A
5000 A4~ FE W A] A 5000 4% W AT,

TREC: TREC & [A 85 4 4E 55 Bt 45 . % AT 540 &
[T 5YR 6 A ARSI (40 5 Rl AR SE AR LA B H S BUED

SST1:SST /& th Socher % AARiE I KA, & MR 99"
R, HH BRI I 25 S Al kL R AR 4 CIE R T AR TE AR L
SEGERR AR R B . B AR I R 8544 B
BriE AL & 1101 SR80 AR AL & 2210 48098

SST2 B 4K SST1 a4 o iy b~ 3P0 L BR L IF B
AR VAR AT A A IR T A SRR AR AR B B A I A AU .
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DCNN :Kalchbrenner 28 F 2014 4F 42 13 69 {# F k &% K
AR PO o3 b LY TR

CNN-non-statics CNN-multichannel, CNN-MC : Kim % T
2014 4F 15 Kl CNN ##F 47 304 43 28 ; CNN-non-static 5 #1
T8I 25k A v X R] ) & 3 4748 20 CNN-multichannel A5 1 5%
FH 2238 18 EAT 2 B s CNN-MC B8 56 F CNN 3 17 45 11 5 B
RIG R & B EHAT 2,

CNN-Ana:Zhang 25T 2015 4E % — & CNN #4175 8% B
IR AR R T A F8 250 2 1 o A R R 9 5 T

MVCNN: Yin 45 F 2016 442 H 1) —Fhopr B G UM 45, &
G54 T R[] R A (9 B 23 ik A IR BT A8 /N 18 46 Bk
e A8 4R B 22 b i TR AR

LSTM,BLSTM #1 Tree-LSTM.LSTM # %I J& 8 ] | 4

AF e 2 ™ %, BLSTM #5823 ] < %5 B 32 12 B 4%, Tree-
LSTM BRI JE Tai % F 2015 4542 5 694 LSTM #E ) 2Bk
0o 2% [ 4H Fh 25 4

LSTM-RNN: Le %:F 2015 4F#¢ H A9 LSTM AYAE 1A,

RCNN: i Lai %F 2016 48 H, HOR 08 28 9 2% 09 115 19 %
t ) ] et S L AT ROV e U A N 4% 1 i L ) i
SR JE HEAT B KM AL BRAE L 355 R softmax #EAT 4326,

C-LSTM: H1 Zhou 2T 2015 4E 4ty , & 5L F J CNN 42
HOws 4 38 %, AR A A LSTM 3¢ B Se A% 45 48, & ) F1
softmax 732K,

DSCNN: Zhang %5 F 2016 4 $2 i ff I U8 1 sk 36 B
25 [0 2 o ) - R SCRY R, 1B B 1 S R T LSTM X Hil il %
)i A HEAT AR 3 SR IS ) R B A0 AR 45 R AT RRAE SR B
FoJEFI A softmax BREIHEAT 402,
4.3 BHIEE

1) B A S 3 % 1 B0 AT o o4 300 E 41 1 B30 00 4 L B AL 26
10 %6 (Y GBSO 1 2 B 4 .
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250 0.1 BIEA 41 BENLEL

DINGESE FAF R w4 B2 50, Fe /D LR mini_
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MLPCNN H — 2B K/NK b+ d BRI 245
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TR TERE AR SO n g 2, B FRUZ SR /NS 1) 1 ik i 4%
AT LA BROAS () Ar B 1) Jy 3 R A A5 SO e 1 BB AR 41 A [ 44
PSR AATE T S BE 4, BREKNN b+ d
B RUZ 7= A R AR RO 100, B2 BB RN R 11 185
T2 P B R AE R B S 150 MR ES W 5.2 )., &
A Adam AT B I ZRBEEY L 2 > K] 4H 2 0. 01,22
HTREERN 0.05, ATPHILIMEG . fEEEERBEMEM
dropout HLil , dropout BU{E K 0.5,

5 LWHERKSN

ASCHE 5 AFRUETESCRPE 8 AT SE 5K, LUKS 00 S 4E R
TR HE bR . AR LRGSR INE 2 iy,
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Table 2 Accuracy comparison

A 20)

Model MR Subj TREC SST1 SST2
DCNN — — 93.00 48.50 86. 80
CNN-non-static - 93.40 93. 60 48.00 87. 20
. CNN-multichannel  81.10 93.20 92.20 47. 40 88. 10
CAN CNN-MC — 93. 20 92.00 47.40 88. 10
CNN-Ana 81.02 93.66 91.37 45.98 85.45
MVCNN — 93.90 — 49. 60 89.40
LSTM — — — 46. 40 84.90
RNN BLSTM — — — 49.10 87.50
Tree-LSTM — — — 51.00 88. 00
LSTM-RNN — — — 49.90 88. 00

RCNN — — — 47.21 —
Others C-LSTM — — 94. 60 49. 20 87. 80
DSCNN 81.50  93.20 95. 40 49.70 89. 10
Ours BLSTM-CNN 81.30 93.60 95. 20 47.80 87.50

BLSTM-MLPCNN  83.00  95.00 95.70 49. 00 88. 20
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MR 1 Subj £ 45 143 I EUAS T 83. 0 %6 1 95. 0 %6 MR ff & .
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AR AR e A I R R e T 1. 72%,1.4 0%,
0.5% 1. 2% ,0. 7% , X 156 B 22 J22 B0 45 1 45 AR AT L B 47
P2 RS RPE

AR SCAE A CNNGRNN LB H Al AR 79 04 % L A 4

15 CNN #EAUG L CNN A5 A B 82 % 37 ] 32 4 A SO AR
PEAT JR) 3 4 AE i B, T BLSTM-CNN il BLSTM-MLPCNN
B SR BLSTM #8135 15 3 B A 6 38R B LR RFAE L 98
JG M CNN #47 R S A AE SR B, A% 2 ihe] 1L A [E T DC-
NN, CNN-non-satticy, CNN-multichannel. CNN-MC, CNN-
Ana,MVCNN X 6 4~ CNN & &, A< 3¢ B # £ MR, Subj,
TREC $#R4E FHAS T B WA kE B4R 7+, 6 A CNN #1175
MR, Subj, TREC %4l 4 I WU 09 & 45 09 53 2R B 81, 1%
93.9%,93. 60 s T A SCRERIE X 3 A4 A b 0 43 280K B2 43
Wk 83.0%,95.0%,95. 7%,

2) 5 RNN # R %} . LSTM #58 BUE B 5 — A B2 R &
VE M5, SR J5 A softmax bR U E 47 43 25 T A L= R+
LSTM HE R i 4 — A B 2 R A i s, IF 0 i 1k 5 % 17 3 ik A
I e F i — 5K SCARY R AR 181, MAER 2 Rl T, LSTM, BLSTM,
Tree-LSTM L) K LSTM-RNN X 4 4~ RNN # % 7 SST1 Al
SST2 H4m 4 b 4y S HLAR T f 4F /Y 43 28 0 B, B 51.0% A
88. 0% 5 4% 3¢ A6 AU HE X T A BOHE E b0 4 RS B A 9 R
49.0% 1 88.2%.

3) 5 HAb A % [ . RCNN #l C-LSTM 42 # i CNN Al
RNN & H B E s 247 BT 20 4, DSCNN 2 R )2 #i 48 ) 4%
M & 2 AT %1, DSCNN FJ 2R E 4F T RCNN 5 C-LSTM, 1E
Ay 25 B T L AR SCRE AT HF DSCNN A4S, 78 MR #4548
LW T1.5% 78 Subj $HE4E FEW T 1. 8%, 7F TREC %
P EIRE T 0.3% (HEFE SST1 M SST2 #dE4: by L
SRR 59T DSCNN B,

5.2 SEBANBEABRNERB I AN ERNZIE

Hi 3.3 WAl A, 2 B IR A 5 T2 S0 bR J2 i 4 48 CNN

HBBEM 2 BEBERERNR 1+ 1 MERZLH. A XTE
MR HUEE FHE 2 BB RN 1% 1 15 B A K
{my smy seee s, ) XTSEIREE R A0, AR p =2, 5%
CNN 4 B2 985 BUZ A B0 100, SEE 25 5k 3.% 4 fr
B, 23 ALY g, =150 W0 SRR A s th 2 4 AT,
£ m; =150 H m, =150 B, 43 SRR R, Ik, A SCBE Al
B P2 U RN R 1% 1 B A B4 A 150,

#£3 o [BHE

Table 3 Determination of m; value
my m, Accuracy/ %
50 50 82.1
100 50 81.8
150 50 82.5
200 50 82.2

* 4 mo HHHE

Table 4 Determination of m» value

mi ms Accuracy/ %
150 50 82.5
150 100 81.4
150 150 82.9
150 200 80.4

5.3 SEBHMBERENREFIA/DILHRLERNIM

AN T} R/ B A BT 10 ] AR BOA [R] KL BE 1) JR) 38 R AL 1)
WA SCHE R AR T 2 S R B R B R E 1
HAANE N Z B AL B TR B, SR S5 0% 5 gl A
HOIR X AT 7R 8] 4 TR . Horb . d 3808 B AN TR g
WK BERPIAIITERZ « R BA R FIE R s KR 3
PIHATERE.

5 BB DX S S5 R AR

Table 5 Effect of filter size on experimental results

(L2 20D

MR Subj TREC SST1 SST2

d:1,2 80. 80 94. 90 93.25 85. 88 49.00
d:2,3 83.00 94. 25 95. 25 87.65 48. 27
d:3.4 82.30 95.00 95.70 86.56 47.96
t:1,2,3 81.70 94. 38 95.00 88. 20 48.94
t:2,3,4 81.40 94. 25 94. 25 86.98 48.90
t:3,4,5 82.90 94.13 92.75 86. 64 48. 82

100.00 95.00%

Accuracy/%

Subj

95.70%

gg-g 88.20%
8500 8300%
80.00
7500
7000
6500
60.00
;g 49.00%
4500
4000
3500
3000
2500
2000
1500
10.00
500
0
MR

TREC SST1 SST2
wdl2 »d23 wd34 mtl23 234 wt345
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Fig. 4 Determination of filter size
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