R AF2# 3R ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software,2017,28(Suppl.(2)):61-69 http://www.jos.org.cn
O [E B2 Bt AF AT BT ORI A7 Tel: +86-10-62562563

55T A 4> 2 B ResLCNN %!
IRW, B, T G

(FH K% HFHE B TR (HENRESE AR, Bilg 201804)
ERAEE: %W AL, E-mail: yang.yaxing@outlook.com

i B BIASERZBENTAHMIBELIE P o) X E S22 — KALIC M % LSTM(long short-term memory)
Fa K A4 2 W % CNN(convolutional neural network):2 J~ 32 i B F 42 XA £ AT 589 AP iR 2 3 5] AR e i1 A
AT AT IR R AR TR 5 3] PR AR R B K B AN 2 W AL A LA BT 6 R R BB AR AR e ) B K E )
ILARREF I HEP AR ELET 3 & LSTM 4= CNN W 445449 ResLCNN(residual-LSTM-CNN)IR & 5 5 4£AL
ZARRAT 3 4EA LSTM RIS R 1) 4% 69 K IE B AR #4542 4= CNN 18 i3 A ARIRAE FRIC A F By Sr4F AR 69 48 0 ) B
PR EBR I EF 1 ELSTM EL CNN EX M Ae B 5 udt ik £ 2 SRR E N LR AT
WRIREFRTAS K F ResLONNARRL 6 R K58 7 8 3 AP 4R & EA5 3 5 LSTM. CNN A 40548 R gt 47 5f
Po 3B 45 R R B AR T 2 LSTM 5 CNN 2844878 ResLCNN iR EAEA £ MR, SST-2 #= SST-5 #4345 & 55|
RET 1.0%. 0.5%. 0.47%45E# % BIFT FI4504 0 KR,

KR IR F IR 48 RS K K4 U P & A AR AN 2 W 4455 2 R 4%

hoC s R ER WM W, T NG SO 4 2K ) ResLONN A5 #4511 22 41%,2017,28(Suppl.(2)):61-69. http://www.
jos.org.cn/1000-9825/17019.htm

5| #%30: Wang JL, Yang YX, Wang XM. ResLCNN model for short text classification. Ruan Jian Xue Bao/Journal of
Software, 2017,28(Suppl.(2)):61-69 (in Chinese). http://www.jos.org.cn/1000-9825/17019.htm

ResLCNN Model for Short Text Classification
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(Department of Computer Science and Technology, College of Electronics and Information Engineering, Tongji University, Shanghai
201804, China)

Abstract: The short text classification is a key task in the field of Internet text data processing. The long short-term memory (LSTM)
and convolutional neural network (CNN) are the two most important deep learning models for short text classification. The research on
the deep learning in the field of computer vision and speech recognition shows that the deep level of neural network model has better
ability to express data features. Inspired by this, a deep learning model named ResLCNN (residual-LSTM-CNN) is proposed based on the
structure of three LSTM layers and one CNN layer for text deep learning classification problem. In this model, the LSTM layer is used to
capture long distance dependency features of the sequence data and the CNN layer can extract local features of the sentence by
convolution operators. The ResLCNN model combines the advantages of LSTM and CNN effectively. At the same time, based on the
residual model theory, the ResLCNN model adds an identity mapping between the first LSTM layer and CNN layer to alleviate the
problem of vanishing gradients. In order to explore the ability of ResLCNN model for deep short text classification, some experiments are

made on several data sets to compare with LSTM, CNN and their combination models. The result shows that compared with the single
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LSTM and CNN combination model, the ResLCNN deep model improves the accuracy rate by 1.0%, 0.5% and 0.47% respectively on the
data sets of MR, SST-2 and SST-5 and achieves better classification results.

Key words: deep learning model; short text classification; long short-term memory networks; convolutional neural networks; residual

network
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Fig.1 The ResLCNN model framework
Bl 1 ResLCNN # AL HESE

3 MEEITFENS S

3.1 HiE

VP MR (movie review data) it FH Pang 25 A\ DR (1) 475 16 43 24 $ibis 4 % Ko A 00 45 A1 R 30 B (1 10 1
AR, 3L 10 662 4, 4 TFIRAT R — KA. SLI P 2R . B IE S AP SE 1 L] 2 8:1:1.

Ty AT AT R B0y B B TR AR 1 I A A 2 SST (stanford sentiment treebank) Fi Socher 4%
B SST-5 KA iFe 28 5 MRS ARH fuli. ol sPory IEW . AEH E L SCR N, JIZREE . 5610E
B MRRAEHCR A0 8 544, 1 101, 2 210.5% 25 7 57 (K VP i, B4 42 34 nT LA 43 24 S 0 A0 I 1 9 B T SST-2 38
IR 6 920 ZAUIZRAE . 872 A HAIFSE L& 1 821 ZMIRAE.

Ak, ResLCNN AB A4 FH F i {043 AT 45 A0 FH A0 2 ) 4 28 A 40405 £ TREC(text retrieval conference)™.
WA RN A A 6 AN RBLAEE L SR, Rk AL oS o o IR 500 4,5 452 &l 44
i 10%15E A 4 UE 4R
32 WESHRE

PR P 25 ) 35 7] &2 Word2vece F1 GloVe Z1)i T A SCBEBS ) RUEE T N3 )= LSTM 11 a8t = K /IR A



66 Journal of Software #4334k Vol.28, Supplement (2), December 2017

300,CNN 8RN A 3,808 4 100. /1 KrizhevskyPI0f JE 2k 1 3500 B8 5t ReLu F19%3H Sigmoid 28 B8 B 1)
Xof BTG Y ReLu bR B0 73 4% 30 TR OKOK 4 2556 TR RN 40026 AR SCR AR £ ME 075 3 ReLu. 0 T 11 )0
b, K T JR B i 4k (batch normalization)#1 Dropout #4452 Dropout 176 LSTM %t 2, BUE A 0.5. %4 18
LIRS NS HAR AL Adadelta B2 B 5023, de /N0 TR AN 2L S 28 1 BR 28 1A A8 AR 2K bR 400 70 90 TE AR
TR S BURAF T BT 5 R I T 5 B0 4, A 8 S 4505 B AE R T A S0 B #0010 KRS
T3 g 3.

S 2 I T TensorFlow HEHL, 4l i Python SZEL 1. IZ 1T 4E Linux 7 & £, % GPU, M5 %) GTX1080.2L MR #{
P 5 0 141, ResLCNN HEBY KR 43 i Ab 2 3 864 4% SUA.
3.3 AL

£ MR, TREC. SST-2 LA} SST-5 iX 4 FH#i 4 I ResLCNN #5525 L1 CNN Al LSTM Jy 2647
HEAT A A RS R AT T S8 20 T A0 LR e 2 56 45 SR LR 1 PR REFR AR S MR 4R 1K 0 2R UE R 2, DL T 45 D S Air.

F 1 HEE A2 CNN T LSTML R 2 #1437 CNN. LSTM #H 4 )2 .CNN+LSTM 5 LSTM+CNN #f§
FRHZ CNN 502 LSTM M40 & B0 84 AN [ ¥ 2 Hi # 2& CNN 2 AEHT, 5 2 & LSTM JZ 75 /. 1f iLSTM+CNN
MEIR i )= LSTM J5#—J2 CNN,ie {2,3}.58 3 i/ & A 30 H ) ResLCNN A2 J% Ho AR Fij ResLCNN+res J2: 6
JEURBE P28 A5 B E ResLCNN BERUILRY |- 7E CNN J2 2 i R In— )25k 22 2 Jk 2= B P4 d% 2 /2 LSTML

Table 1 Classification accuracy of different models

=1 BRI AER R

J7 MR SST-2 SST-5 TREC
CNN 80.31 83.67 43.05 92.46
LSTM 81.16 84.90 44.71 90.08
CNN+LSTM 79.30 82.37 41.81 89.40
LSTM+CNN 81.29 84.95 45.03 92.64
2LSTM+CNN  77.45 81.39 40.44 89.34
3LSTM+CNN  76.93 80.35 32.85 88.54
ResLCNN 82.29 85.45 45.50 92.08
ResLCNN+res  79.56 83.17 41.45 90.94
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