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Memory neural network and Conditional Random Field

Abstract: Attention-based Bi-directional Lo
(AtBi-LSTM-CRF) model was proposed for th
coreEntityEmotion_train. Firstly, the t re-fained, each word was mapped into a low-dimensional vector with the
same dimension. Then, these vec
network (AttBi-LSTM) to obtai
label. Finally, the optimal label of

term context information and focus on the information highly related to the output
e 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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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 HMAME
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 éﬁ*@ﬁéﬁﬁ@ﬁ%ﬁf%‘ﬁfﬂﬁ?dﬂﬁﬁ—/\lmkfﬁiEJ

%JAT??UE’JFPIQ%' Ve SR G I G — A B SR X g
ATEPEVERY 24 2T, I HLAE A TR g o s i o P
aéﬁaé [#] 1} AuBi-LSTM Y IHE LS

FRHl . AttBi-LSTM ML (1 52 B2 i & B Bi-LSTM éﬁﬁ%%ﬁﬁ\

Attention ¢ G, ¢ N\ ¢
layer
h, h h, h, h,, h,
layer h, h, h, h, h,, h,
— — — — — —
h, h hy h, hy, I,
Embedding
layer
% # F o® - i ®

[#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 HOSEMEIRG 5 ER S IESR
[ 2 A S 1 Aud-LEM-CRF 730400 SE AR 5
STM-CRF HEZE L3Ry 4 . 1) Tl

@Mﬂﬁaﬂm%
A ) SCA B AT SCAR AL A A
a

1| K FCA

G R E KR I 2) A

B A Bi-LSTM , 48 B SC A B i) < B AR BRRATE o

ttention HLH , $2 Bk A H =2 18] A9 R Sk A7 B

PV 0 AR T B AR CSCAR IR AR AE . 4) FHER % CRF 2
MMTKZIH‘J MPRAE K R A3 2 R AR 731

‘ 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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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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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 [t 22 B T4 R R ELEES FI{H
#2 AuBi-LSTM-CRF g8 5% 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
e Wi 2 M AuBi-LSTM-CRF 0.786 0.756 0.771
E[RV AN 32 Dropout 0.9 0.8
LSTM size 128 I RE 0.001 aoaaeaBePe ot L Y )
- 20 5 ) R, 1.0 G OERBEE0
Embedding dim 300 0.6
3.3 IWHERITMHAE o
IR Gt RS TR AT 1 485 L IR SCAS X R i 5 28, 3% 22 1Y) BIE £ 04
TR A8 Xk IO AR 3R 7R — AN A0 A J ey AT R — MO SR 2% :
A7 JURIR IR 15 JEebR 2% SN G835 SRR, B850 A % 0.2 o RBLLeTM
X B S N A NS L e ---¢--- Bi-LSTM-CRF
ﬁﬁﬂﬁl&f*@m%gﬁﬁ? LT L eRE
AR SCASE Y A S PEAL HE AR A T ) 2% (Precision) | A 7] 2% 0.0
(Recall) #1 F1{H (F1-score)"™ s BRS843R #R AT 54438 (19 45 53 ' ﬂ;ﬂ}& 30 40
N = 2 N Sy — N — (N
AN A I TR O3, TR A REA B SR AR B, SRS e
B FEASE VB IY T- B E iR 5 i s 3t . A8 i 4 R o .
. o p PSR o Change of F1 value during model training
BB R SEAR A2 A LB bR A E AT R0, A SR 515 Jﬁ‘%‘fﬁﬂ?‘
WA BEE TR . 30T, D3 A BB R B e 2 3 O
Jr7ss Ok 2 Y BOIAR 53 AR 4 s RS ENTE ¢
0.6 AP
F3 TMERESH . g °,79
Tab. 3  Predictive labeling examples 3 £ /d'
- N =04 it
JCEID  ESSR BNSk HIUER Ra 23
0 a,b,c a,b,c PpoS neg,neg,neg 0 I._{l e BIi-LSTM
1 ef ) . . : ; ‘ C e AUBI-LSTM
doe doe bl e 4 —+ Bi-LSTM-CRF
x4 WNES 9 —o— AttBi-LSTM-CRF
Tab. 4 Predictive scores 0.0 0 5 10 15 20 25 30 35 40
s A Pl Hetkd
- BTN ERIN Y R P4 AT GRet i 4 Il A2 4k
0 1. 000 0. 667 1. 000 0. 667 1. 000 0. 667 Fig. 4 Change of recall rate during model training
1 1. 000 0. 500 0. 667 0.333 0. 800 0. 400 3.4.2  Attention A3
3.4 SEITEESAT NS AT LA HY - AuBi-LSTM A5 L (14 i % 0. 754,
3.4.1 REVEEAL 69 M AL ST I A E12H 0. 683, F1{H K 0. 717, 1%L Bi-LSTM KRS F1{H &5

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
il 5 AREA S gt SCAR ] A4 MR 56 &R, 5 1AL
(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. 017, HEB R AA [l 24 L EETE . L4 Bi-LSTM ALY
1 AuBi-LSTM A5 7Y (1% 52 56 04 1T A1, AuBi-LSTM 45 7Y 7
coreEntityEmotion_train 7B} 4% 0 S TR 51 K HAR B4 BT
% FIRBUELT o X H TR A M Bi-LSTM B AE — ™[]
R ANV T A S R L 0 B — A [ K B [ R L X
R X K A AT 8 92 S SRR 2% 5 1T Attention AL I
TR T IR , BRI Attention A5 B BE I UMb 23 O A FR 119
TR ITUR A e Mol T R B R S I R 8 L 7
AL TR 1 o 2 3 R b T 2 B A TR X e A O AR
Bo ARIUNME BN R R, SC506 0 25 ik by
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F 545 T Bi-LSTM A58 il Bi-LSTM-CRF A5 14 [ 52 86 4%
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