Journal of Computer Applications ISSN 1001-9081 2020-07-10

HHEME A, 2020, 40(7): 1879 - 1883 CODEN JYIIDU http://www. joca. ¢n
i : 1001-9081(2020)07-1879-05 DOI:10. 11772/j. issn. 1001-9081. 2019111965

HEFF=A0M% 8 Bi-LSTM & 4 CRF 1Y
iz e S R R | S = S

PEE T AR, R, E AL F R
(1. BEMR2E THRLRL 2 SHEOR 2B, BB 5500255 2. BEMIRAF HUMC TR 2%Be , 5% 1 550025 ;
3. Bt R AE KEWEGE 4Bt , 52 H 550025)
(= 5 Ve BT IB4E 2506062823@qq. com)

T AT IR coreEntityEmotion_train #5478 ARIR B Fe ks AR BT 6944, R B T A T2 E A huh
# K 42 BT A 2 P % 2 A S AR AL BE A (AuBI-LSTM-CRF) . % 4, 3 UK SE47 TR %5 , ¥ 4/ 5w 5t 4 45 % 4R
R i& G2 K5 e X s d S A S & T2 & A A4 6 KT it 2 M %4 (AuBi-LSTM) ', A R ki ¢y L F
TAZEFETEEARN M BAFLEGEAX NS E LR, BT MG (CRF) ERIEAN A7) 89 RALARE
& AttBi-LSTM-CRF £ A 5 318 K 4238404 22 ) 4 (Bi-LSTM) . AttBi-LSTM Fm 18] ¥ 42 B 72 1C 4% 22 W 24 45 & e M A AL
3 (Bi-LSTM-CRF) A A 47 5P b 2 30 . 36045 R & W, AuBi-LSTM-CRF A2 2 64 £ #4 i 5] 0. 786, B = % ik 3] 0. 756,
FIARA S 0. 771,46 T 3 AE R 304E T AttBi-LSTM-CRF /M A% 49 46 AR

KEBIR) A0S FARIRA] B £ BN iR E AR R E KA AT 1A 2 T 4

FESES TP391. 1 MERFRERD: A

News named entity recognition and sentiment classification based on attention-based
bi-directional long short-term memory neural network and conditional random field
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Abstract: Attention-based Bi-directional Long Short-Term Memory neural network and Conditional Random Field
(AtBi-LSTM-CRF) model was proposed for the corpus core entity recognition and core entity sentiment analysis task of Sohu
coreEntityEmotion_train. Firstly, the text was pre-trained, each word was mapped into a low-dimensional vector with the
same dimension. Then, these vectors were input into the Attention-based Bi-directional Long Short-Term Memory neural
network (AttBi-LSTM) to obtain the long-term context information and focus on the information highly related to the output
label. Finally, the optimal label of the entire sequence was obtained through the Conditional Random Field (CRF) layer.
The comparison experiments were conducted among AttBi-LSTM-CRF model, Bi-directional Long Short-Term Memory neural
network (Bi-LSTM) , AttBi-LSTM and Bi-directional Long Short-Term Memory neural network and Conditional Random
Field (Bi-LSTM-CRF) model. The experimental results show that, the accuracy of AttBi-LSTM-CRF model is 0. 78, the
recall is 0. 667, and the F1 value is 0. 553, which are better than those of the comparison models. The superiority of AttBi-
LSTM-CRF performance is verified.
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P E AL, S BURFAIE 49 75 2R — R RS AR 7R 0 B b
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Viterbi A% kA5 8 B AL 5411 0 b a) 3 v 18 257 B B IURR
AERT , 5 2 25 A R RFAE BB Dy 1, N6 2 2 A I RRAE L R 0
IRJE AEAFIERE S CRE, I ZR B BOAASTAR 2 i 6 7% , 3 1 76 T3
T B Ay 0 A 09 AN O B AObR T . ATk, N TR g
(Artificial Intelligence, ADIRS T 5 MMt e, Hoh  HLER
23] (Machine Learning, ML) FIVR B 24 2] (Deep Learning, DL)
BRI N A4 T AT 5500k T 0 R, (46
G 55 SRR B 4R 35 5 AL P (Natural Language
Processing, NLP)™ . 125 [ 28 7 1A AR R A DI 25 il — A
Uity 3 0 ) B R R 1T AR AL 52 19 Pipeline , NRARAE T /2, 2
— PRI B Tk
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9% : Huang %5142 K 22 Fh i 22 R0 28 5080 37 3] B R4 5 Ab
Pt Sy DE I e o 1P ol BRI DAL B iR N v B
& % 1 BEFL Y7 (Bi-directional Long Short-Term Memory neural
network and Conditional Random Field, Bi-LSTM-CRF ) #& %l £¢
FPAUARTE b REIBUR AR 4F Y 452 , 75 CoNLL corpus i RHE i
Fr i 48 SR, FUEIEE] T 90. 10%. Ma % K S )
AR VA 2 S (Long Short-Term Memory neural network,
LSTM) & FH 48 22 9 4% (Convolutional Neural Network, CNN) .
CRF 45 4344 8 ) Bi-LSTM-CNNs-CRF 828 | If: 137 FH 7 iy 4 52
AR BT 45 |-, 75 CoNLL 2003 corpus i K} BUS F1 455 R
0.912 1 Y&, Luo S5 HEH T —A A F 1 27 1 0L ) K
12 I 2% (Self-Attentive Bi-LSTM ) 3 F il 15 25 Bkl v i %2
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28, I 5 W A 310 2 4 ) 4% ( Bi-directional Long Short-
Term Memory, Bi-LSTM) ¥ 2 7 AL A0 80 i) < A 3013042 1
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neural network, AttBi-LSTM) . Bi-LSTM-CRF &8 47 T It
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S U T A K SR R I I T B B 5 %
0.786, A FE 0. 756, FI{E 2 0. 771,
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i) ) A BUE AT TN SR LU EGE & . e, BANA T
B 2 B T 3R, d 3RoR 1A 1) 4 19 2 B2 (300) , n=
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ANV BRI TR BE o X TR TR EE/NT Max_length
o3,
1.3 HiEiRE

FEASCILE b BRI 2R AR RO AR 28 T2 20 4 5 ] AR T
X RIS AR AR A — HE A 1028, 23032 : DNll,
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B_norm s @l_norm S (]DE_normO Horp 23 HR 2 (Null) R JE
0 SR 5 B FAR A0 SRR 5 — A T 5 L3RR A0 SE A1)
] 5 B SRR A% O ST 1 B J5 — A s pos AR BRI 1Y
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Tab. 1 Labeling example
FIF br&E 741 br&Ebr
Vi B_pos 2
peg I_pos 3
I I_pos 3
£ E_pos 4
H Null 1
i Null 1
3k Null 1
H Null 1
& Null 1
& Null 1
i Null 1
B/ Null 1
TE Null 1
X Null 1
A~ Null 1
fii Null 1
B Null 1

2 A
2.1 AuBi-LSTM
AtBi-LSTM # KUK Attention ML ] "' &l & % Bi-LSTM!™
tho TREESE ST T, Avtention AL AT LA PR A b B 07 7R T
WEEAEE L, T 5 Bi-LSTM gl A Ay S A AR T8 7154
Bi-LSTM %5 ¥4 7t G i i B AR5 P 38— 11 5 4 2 1) 4 1)
RRl . AttBi-LSTM ML (1% 2 B i ) B Bi-LSTM b & %
%J/\%ﬁUE’JﬁPltﬂ&ﬁ' VAR SRS U R — R X K S i A
FTEBEE A2 2T, I HLfE A R A P 8 5 =2 R AT
9@19% [ 1 4 AttBi-LSTM FASFIHE SR |

Attention G C (& C, | |Cr C,
layer
h, h h, h, h,, h,
Bi-LSTM | <= — — — p £
layer h, h, hy h, h,, h,
— — — — s =
h, h h, h, h, h,
Embedding
layer

[#1  AuBi-LSTM £ BIAE 41
Fig. 1 AttBi-LSTM model framework

XT?HTI‘EUF%‘@J%EE%%U‘@E,éﬁ\ﬁﬁzﬂﬂﬁiﬁj‘i%a%ﬂ
AT D RRIE XS T 24 i S AR 4 14 T30 R AR 1 2L AR N b
HEM) LSTMJT%%‘E%%?E}EE LA HRAE . Bi-LSTM 5 80K i
] () LSTM 1 1] i) LSTM 2545 , HLA BE A3l 3K mi e 15 EAR1E
BIVE R, B, A SCSR T Bi-LSTM A5, Hodgy 4 al L3678
h, =[h, ® h;). Bi-LSTM JZ i A K1) & 45 & %" J H: [k,
h,, -, h, ] o Attention JZ & H 4 & 1 M=tanh (H) , a =

softmax(W'M) .y=Ha' () 5 XAZ5] . Ho  H e R, & Hyinl
Wl R 4E R, WOR— AR S B S H 0 W
Ji AttBi-LSTM (% 4 h'=tanh(r) .
2.2 CRF

AuBi-LSTM A 7 f5 ¢ (1 4y 11 2 A0 B 00 57 19, AuBi-LSTM
222 BT R AP E (5 B REIE , (B R S AR 1Y
ER .. CRFWJE—FFFI BB, B A TR R ] Jf
RN e KM (0 AT o B ARl 4 S UL e 471 e 00 ke 7 Fp R
AP, AT VLA A &R AT JG PAR 2S5 2R AR B 1) e 1
FRid. B, A SCAE AuBi-LSTM A% i 2 S & i — 2 2 1k
CRF AR EEAZ O I B FAR B BT 1 2851

FE AR RE Pl AuBi-LSTM Z 0%, n 72 1.2 TR E S
HEAT T 78 X, m R bR AR, PR A o i T2
WA MR . SCIRES RS MR A ) i A, 3R
TNAEESE ) — B IR] N, 5 i RS RS 258 PR ZE RO

A B A Ay K T LU 2K (1) = 3A,, 4

S Py, P softmas J7HFLHEIFAT M RAE HOMESE

2.3 Bl REIRF 5 ER S HESS
[ 2 A SC I AtBi-LSTM-CRF F SCA% U SEAARTR ) K
AN HTRERIAELE . AuBi-LSTM-CRF HEZE AL /3y 4 25 . 1) Fl
f? A BRI SR SO A AT SCA Ty AL K A
SRR RN A R S E K R . 2) WA BT
AR ] 1) 2 2 91 B A Bi-LSTM, 2 B S A K i) K 1 B A A A
3) i 13 Attention HLIf , $2HUHT A R 2 18] A AR e M b A7
BRI MR T S AR OO SRR R . 4) FHZRME CRE 2
MMTKZIH‘J HPRASSE R R B & R Btlibn 3751 .

‘ TRTuCRTEDT
layer
Attention ¢ ¢ Co| | Cm ¢
layer
h, h, h, h, h, h;
1- —
etst VS W L [
— — — — — —
h\ hz hx h4 hTfl hT
Embedding
layer
N 5 R F & - 1

B2  AuBi-LSTM-CRF BIAE S
Fig. 2 AttBi-LSTM-CRF model framework
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3.1 KIRINE

ASCH LR BRI A - A R SE Ubuntu 16. 04, CUDA 8.0,
cudnn 6; 4 FE#% 4 > CPU # 0>, 1 i Nvidia Tesla P100 5
GPU # ; W 1% 60 GB, & 77 16 GB; % i¥ F 5 Pycharm
Profession, Python 3. 5, TensorFlow 1. 5. 1,
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3.2 KWBHIRE

7R SC R FH R % 18 2R 925 (grid search) 947 3 B2 5008y,
BRI AR S B G BT S4B L s n 5% 2 e
Ao o BT S E R ROk A TEUA R T &
55, W2 3] 3R Dropout Hfil s —#8ZSH0R i B0 48 19 4 PE T
W, WA P F E BUE G BRI ) K G i 5 5] — L
SRR YFASE I N 5 RN RE 4 1) S5 A T B, A0 B4tk 308 1R/

FUH RS T i i g it . BERLIITZRIS (Y F1(E A2 AL A [
HARAINTE 3~4 7R o 1 1AL 3 FIEL 4 AT, AR SCHR S 11 AuBi-
LSTM-CRF 584 4 F1{FL | 44 [ 58 S S50k B8 27 M A 1 e )
g5R
x5 AEERRERE . BEEMFIENL
Tab. 5 Comparison of accuracy, recall rate and F1 value among

different models

LSTM [0z ekl R e FEIEES FL{H
%2 AuBi-LSTM-CRF B8 S5 Bi-LSTM 0. 741 0. 665 0. 700
Tab. 2 Hyperparameters of AttBi-LSTM-CRF model AuBi-LSTM 0.754 0.683 0.717
Bi-LSTM-CRF 0.752 0. 691 0.720
B8 T fe ZH Ui AUBi-LSTM-CRF 0.786 0.756 0.771
EiiR @I 32 Dropout 0.9 0.8
e 128 ) AR 0. 001 saaaaaRPaR 0o R0R0 R0
e 20 S O RIE 1.0 03 oS BB ERE 5000000
Embedding dim 300 0.6
3.3 LWERTHAE o
YR AL (AR U A 1 45 SR SR SCAS X B I BR2 , 3% S2 1Y) BIE =04
FRZEXT R (IR F2 78 — AL SR, o T RE— A0 TR 4 :
A1 JLAR IR IR S8 LB SRR, B B0 M2 0.2 e AUBLLSTM
AR SR TR ST o RNBLLSTM CRE
A AR FY S BF Ak 18 AR A T A 2R (Precision) | £ 1] % 0.0

(Recall) fl F1{H (F1-score) ", A48 FRARA SRR 1915 2
AT RT3 PR 43 THE B A R R A8 AR S
BUTA FEATEFRE R X BUE e a2 R . 8B i+
B i A 15 2 AL B AR HEA 7RI, R SRk S5 2540 1
AR IEAR PR o L, P 4% S E5 A B T 25 R an 3k 3
SIS KR B FIINAR 3 408 4 7R o

Fz3  TRNERELS

Tab. 3  Predictive labeling examples

JCEID O ESLSR sk FLIL I AU %
0 a,b,c a,b,c pos, pos, pos neg,neg,neg

1 d,e,f d,e pos, pos, neg neg, pos

x4 BNES
Tab. 4 Predictive scores
YD e AR FL{H

SR R SR T S
0 1.000  0.667 1. 000 0.667 1.000 0.667

1 1.000  0.500 0. 667 0.333  0.800 0.400

3.4 LIGXFEE T
3.4.1 REIEA AT

R T YRAIE AteBi-LSTM-CRF A5 A sp A A8 (4 /R T, AR SC
BEFE T Bi-LSTM . Bi-LSTM-CRF , AttBi-LSTM jX = b A 5 17
AH TR A8 SE I8 A S U6 X IR X S8 i S 805 AuBi-LSTM-
CRF BBl I A S ORI R] o Ay 687 52 360 &4 SR B S e ]
bR AR R T A S 10 UK, FF I 10 YR SEI - {ELAE g e
A5 W 5 R .

FH 5 T, 5 AutBi-LSTM AH E , Bi-LSTM [ 45 S 4522, J
FUE WA I IR LS, o2l 4 20400 LR 2 18 (941
#1562 . AtBi-LSTM 1 Bi-LSTM-CRF 145 5402 , 14 2 141
5 1A BB S D SOAR [ K RO 56 R, 5 FBEDL A
(CRF )il 32 3R figt foe KA R A5 20 e 8 3 471, BEAR S s 13 3 471
FRZE . A SR AN AuBi-LSTM-CRF 5 U 75 fEff % 43 ] 3% |

0 10 20 30 40
R %L
3 AR R FLEAS L

Fig. 3 Change of FI value during model training

0.8
o 0 00 0 0 i
0.6 ,a‘_’:.p,ov 5o
o 7
o
N £
E 0.4 oo
R 7
!
9 -~ Bi-LSTM
0.29 /1 ‘ ' --e-- AttBi-LSTM
£ —— Bi-LSTM-CRF
4 —o— AttBi-LSTM-CRF
0.0
0 5 10 15 20 25 30 35 40
ELRY €3

P4 R G 7 A A
Fig. 4 Change of recall rate during model training
3.4.2 Attention B3k
NFE 5 ] LLFE Y AuBi-LSTM #5235 [ HE T 38k 0. 754,
A E2 R 0. 683, F1{H R 0. 717, AHHLE Bi-LSTM AL F 1A =5
0. 017, HERH AN M A AR I EE T o LA Bi-LSTM AT
AT AuBi-LSTM A% 0 () 52 55 i 9% 7T 41, AuBi-LSTM £ B 7¢
coreEntityEmotion_train 7B} 4% 0 S TR 51 K HAR B4 BT
%5 LRYRIELF . K& B TR Bi-LSTM AR B A7 AE— A7)
R TR A SR A B — A~ T A B A ) 1 R X
AR AL TR A AT A 24 SRR AR 2 . T Attention AL 1)
IR T ARG, B R Attention 5 H BE g5 R 23 BE AT PR Y
TR IR A R MR R B R M E S L
AL Ay o 2 S P b L T 2 R A A R o g s B AE G 1R
B FREUNE B A B RS20 Y 45 SRR A
3.4.3 LM CRFAR
F 5 L5 H T Bi-LSTM B8 il Bi-LSTM-CRF #5541 fit 52 56 &%
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PEHREF R T2 S AMUE 69 Bi-LSTM 25 4~ CRF 69 37 4 % 2R 17 3 B L B 4 % 1883

Xt EE . Bi-LSTM-CRF A5 50 ) 512 56 4% SR K0 9 2 o o o
0.752, 0K 0. 691, F1 {4 0. 720, FH % Bi-LSTM £ %! F1
A 151 0. 020, ¥ B 2 A0 3 [0] 3R AL A5 A0 L A4 38 T, 26 I 2R 1
CRE BT LIRS AT RIS . 4tk CREF J&2— R P H b s
B BRI LSTM 453 38 bn B R BUA TR, B 25 IR AN B K
LSRR ERIFIEAE ] P A R AR A
JFH (2 B R o

3.4.4 AuBi-LSTM-CRF #: 7!

T A S 06 2 SRR 6 AT DL B, A SO Y AuBi-
LSTM-CRE R 7 A 45 A5 48 1 Bi-LSTM , 40> 2R B 1R 51 K
T A ER A T MR B A B2, AR T 7E Bi-LSTM 3%
fill = H 300 Attention BUE 26 VE CRF AT & — PP AL A5 AY |
BHIERRESHR,

4 HiE

X AR coreEntityEmotion_train TE R} U SRR S Fl %

O SRR ST BT 55, ARSCHR T AuBi-LSTM-CRF #8

Bi-LSTM [ 2% AT AR IR ZE FY) 1T SCE BN SCARBR TR AR5

Wi, A Attention A5 T LM g A H 3R IS i i i b 147 5%

9T 25 R, 76 AuBi-LSTM J2 /5 il _E 2tk CRE J2 AR BURE A

NEAARIE o FEFE AR coreEntityEmotion_train R E T R

BB 5 SR T, A SO A9 AuBi-LSTM-CRF AR 7 A% 00 52

PRI A L SR B 19 18 BT A 55 L BB T 40 s AR T £

A1 F1E , M8 Bi-LSTM |, AttBi-LSTM , Bi-LSTM-CRF =

TR AL — & LB . 5T Devlin 554 1y T3 T BERT

B T B AL T 10 R AR E F AR S P EUS T

HRAFRIEESE, R, AT UG PR SO Bt % BERT #E4 732 A% 9)1

i I DO i U B T 2 AR R AT AR O S AR Y TR 5 1 U

K.
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