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LAC-DGLU:Named Entity Recognition Model Based on CNN and Attention Mechanism

ZHAOQO Feng, HUANG Jian and ZHANG Zhong-jie

College of Artificial Intelligence, National University of Defense Technology,Changsha 410073, China

Abstract Text segmentation and word embedding are usually the first step in Chinese named entity recognition,but there is no
clear delimiter between Chinese words and words. OOV (out of vocabulary) words such as professional words and uncommon
words are severely disturbing the computation of word vectors. Model performance based on word vector embedding is highly
susceptible to word segmentation effects. At the same time,most of the existing models use low-speed recurrent neural network
which is difficult to meet the requirements of industrial applications. Aiming at the above problems, this paper constructs a named
entity recognition model based on attention mechanism and convolutional neural network: LAC-DGLU. To handel the problem of
word segmentation, this paper proposes a word embedding algorithm based on Local Attention Convolution (LAC), which alle-
viates the dependence of the model on the effect of word segmentation. For the problem of slow calculation speed, this paper uses
aconvolutional neural network with gate structure: Dilated Gated Linear Unit (DGLU) to improve the speed of model calculation.
The experimental results on several datasets show that the model can increase the F1 value by 0. 2% to 2% compared with the
existing mainstream model,and the calculation speed can reach more than 1. 4to 1.9 times of the existing mainstream model.
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Fig. 1 Overall structure of our model
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AT 7 5206, 16 S0 85 R 5 Y i fe R ABL TR AT X5 Lk, {3 LAC
M DGLU EZAE ik A2 Mgt 20647 T 20, 24 00 oo ik 45 1
B TAE A P TEiR A2 A g iS )2, I JE k% LAC 3 DGLU
BRI R T A SR e A AR LA 36 UE AR SCHE 0 T OB T A
BOME . SN TS AT 43 AT ASE AR M B L R AT 4 S 43 AT M
O30 8 % LAC-DGLU 5 11 5 U B B 3 47 % LG LABR TE
B 1 R R DB 5 Lo, R ) 7 o i LA, R T 2 iy
BiLSTM #8838 i {OF 1 A2 I 1 A B8 4 o LAC 5
UK 5 J2 1 LSTM # e Sy DGLU A48 il 48 4 75 %6 . 43 5l
BT LAC 1 DGLU (4 %k .
4.2.1 EARMEREEE

(1)MSRA ¥ ¥4

MSRA $UHE 4 1y L4 25 - 3% 3 fis. Dong %150
DR O I 55 350 w7, B2 BT T 4R B W KR AE, FL{H K
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90.95% ; Yang MV HE — 5 DL P Mg N 2 W, F1O(E K
91. 67 %6 ; Cao %17 ff ] — Fp % Bt 1 B8 24 27 48 44 o 55 3 43 1)
1145 iy & S5 1 BT 45 86 & U 26, F1 {H R 90. 64%,
Zhang 2050 $5 9 R LSTM & 4 A 19 85 005 780, 3 5t 72 15
15 VT IS A - mb ] A Y B G IR L R B A R AR B B T
Z45 1) LSTM-CRF £ #1 tf, 7 MSRA ¥4t 4 I F1 {5 K
93.18% . SLEAEHR BN, A SCHITAE MSRA B4 4 -1 3%
P T R B K P — R E T 0.22%., 7
T BE AR /N2 B T MSRA B30 48 P A9 SCAR EE B RLTE 4 1 o
FM BRI A A , PAR LSTM T 1 b B A Wi 3 17) B9 Bl 45 76

F 4 Weibo $dla sl iy sc 4o 45 2R

Table 4 Experimental results on Weibo dataset

MSRA %445 LA #iE ok,
# 3 MSRA B4 52 50 4520
Table 3 Experimental results on MSRA dataset
CBLAT . %)
#A P R F1

k[ 18] oy A 91.28 90. 62 90. 95

XR[17]d ey A 91. 30 89.58 90. 64

XAk [19] 4 eyt A 92. 04 91.31 91.67

Xwk[16]H iy Al 93.57 92.79 93.18

Our model 93.23 93.58 93.40

(2)Weibo %t &

Weibo $H4E I S28e 45 R 2k 4 fr 5, T Weibo %1

Az %)
A NE M Overall
Xk [26] 4 By # A 54. 40 62.17 58.23
XHR[17] g A 54. 34 57.35 58.70
Xk [167] 4 oy 4 A 53. 04 62.25 58.79
Our model 55. 18 62.65 59.23
(3) 5 A B I 4R

SR T AR B e AR B A AR SR B 4 R R, 3R
MIE BT Zhang 0 Cao %7 448 B I £ 72 25 4y 44 5L AR
BIBARSE AT TS5 . R SORBR R R R SLIR A B %
580, 5 Cao %557 A9 B AR L, AR SCHE R AT T
6.32% BB X JE T Cao 25077 Ay TR M BE ™ T 4K # T 40
ARG BB ER CAREE PR THRE L LRT &S
B4y B 245 1R s 5 Zhang S50 B AR AR LE L A SC
FERIEUAE T 2. 06 % U H2 7 . Zhang %5050 45 H Ak 485 0 % 43 1) 4l
R ] AT — 72 1 X RE 7 0 RE AL 3 C SRR, JE Tk Ab 3
5 SCAR R R A A0 TS ] O SR I Ll AR

T8 G2 4 SR 53y i 44 ST AR R A8 ST AR B R KL R AT A
Y 44 SR F1{H (NE) 2 48 924 F1fH (NMD Ll 8 4K Fl
(B (OveralDVE R IF M AL BI M GRS bR . He G142 T —Fif
F1 3R sh N k073 % FLE B3 A A 2138 2 0T
AT B2 DL F1(E 3R 3 #55 R Y 45, F1 {8 4 58. 23% . Zhang
SRS P P S AR 1Y) F1 (B 58, 79%0 . SLERAE I WOR AR
SCAE R AR F1 O L Y A1 5 O AR AL (Zhang"'™ 45 48 1 A9 4
RS T 0. 44 % 93275, Weibo BUHE 5 I 2 8045 /N /E R
A FEAE BB B BYI 25 0] [ A B B X R AR M R AT R R E
H . BR8N Weibo Bt 4 b, 7 SCRE AL H B
b A5 TR g AN W U T RSB TN AR IR R 1A 4
SRR I 33— 17 B R ph LR LT T B D B R AR
BRI 0 5 LG A, R A B DN BB S LA A
PR B0 SR A /N AL B A B AR B R JE DL S PR A 2 )
B — A58 B A AT AR AR /N IR I 25 4R N G RE AR 255 R
-4 B G 4 Bl — AL JBOK 28 B H AL R o A [ 2K S S R
Bl 2 B A R [

#5 FERIUARBIRE LRSS
Table 5 Experimental results on Military-text dataset
CBLAT . %5)

A P R F1
Xk17] dy A 58.07 61.32 59.65
Xik[16] % s A 63.50 64.33 63.91

Our model 65. 27 66.69 65.97
4.2.2 FiEAAEEIE

J T 8AE LAC 1 DGLU W F 8 77 i 09 A& bk, 36T LA
i 45 ST 0 450 4 5% 9 4T B9 1 LSTM (Bidirectional Long
Short Term Memory Network, BILSTM) #& £ Sy 5 2k 5 AU , 1%
BRI SIES O AR R R B A ) ST il LAC Rl
DGLU i it 28 b Uk A 5 o 37 45 40 1) 2k bk %ok R 2 S 0 i
WK :1) Baseline 58 3% F 35 jix A J7 ¥k AW A LSTM, fifi 1 T
S JR R YLD S A 4 SR TR 45 IR 1 3 A Y 5 2) Base-
line-DGLU #A0f% Baseline #58 ff 25 53 )2 19 X ) LSTM # e
TN T v BT, JH T 50 3E DGLU B A R 1 5 3) Base-
line-LAC #2 # $ Baseline #5 1 d1 ¢ 3] ix A J7 32 B 4 g A 3¢
P TR R BB R AT T RAE LAC
A Rk

# 6 XTI R

Table 6 Control experimental results
CEAz: %)
wn MSRA # # % Weibo # % % FEFUAHAEE
P R F1 NE NM Overall P R F1

Baseline 91.37 88. 66 89.99 49.32 59.25 54.22 57.13 60. 05 58.55
Baseline-DGLU 90. 55 89.97 90. 26 49. 86 59.55 54.35 58.22 60. 27 59.23
Baseline-LAC 93.21 92.95 93.08 54.98 62.37 58. 44 64.33 66.31 65.30
Our Model 93.23 93.58 93.40 55.18 62. 65 59.23 65. 27 66.69 65.97

XF L SEB S5 RN ER 6 T A I A5 0 BOR L AR SRR [
Baseline 7€ 3 MG 4 L1 FLEIE T 3% ~7% #2550
SO, 3E A WL R N 20 S 59 AT DLk B, Baseline-LAC A Lt
Baseline JUf3 T #23F 7% 42 &, X & th T LAC fli i # i A

[l 38 1 43 ) 5 5 [R) R0, ) B 76 5 ) kR T 22 R R Y 1)
FONE B . F i a P s B Em T HI40 0 & . Base-
line-DGLU By 5255 4% 5 0 5 Baseline L4 $#37, DGLU H £
RYJERS LSTM ZhAEXT CNN #E 472l , o5 LSTM %
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AR — B, PRI XA D PR i 0 R T R SOOR R, A SR A P R 1Y
P EER I T LAC, DGLU b - #1 #: fig 19 32 71 3% X &
XF LU A ) B A B 45 5L L ] LAC # sk i $2 7H U
A —E X5, LAC 78 = F AR B 4 LR TH AR B ok, ik
BT 7.42% 3% B FE RSO B P A E R R
) S EUAF AT 55 A R 0 R R 3G K, LAC 3@ i [l 3k 43 1)
GG ) A SR W T A PEE . MSRA SR 4E I LAC W73k

N,

B4R TR /N 3 & T MSRA 4 4 i SCARTE R L 4
AE 3, et i B A DL B (EAE T LAC 15 B AY 5 1 4 He Al
P38 3 e e A A5 B B ) ] R AT R R YR UfE R R
WEAS T 3. 41 %M .

FT T all SCAR AV 22 S5 SOA v 857 i B9 R i s 1)
A SO AL T G S R Al 4R 1 AT DATRAS: o 76 38 AT SR B
EERBHR R,

F 7 MSRA Bl £ e o 20 55 3 45

Table 7 Sub-category experimental results on MSRA dataset
(AL )
3 K N HlH

HA . < -

P R F1 P R F1 P R F1
Baseline 92.52 90.03 91. 26 91.22 88. 69 89.94 89.02 85.55 87.25
Baseline-DGLU 92.61 91.01 91. 80 89. 86 89.12 89.49 86. 10 88.94 87.50
Baseline-LAC 93.68 93. 39 93.53 93.17 92.61 92. 89 92.22 92.48 92.35
Our Model 93. 86 94,25 94. 05 92.74 93.09 92.91 92.57 92. 83 92.70

H1 T Weibo 4% 48 119 0 20 48 /I HL 54 43 28 U5 5 28 5 1
FEA & /D T %2 3 S0 AR BRSNS AR AT A3 2 TR R AT
FUuF MSRA S48 4 1 1) S50 85 SRAF AT 90Kk 0 K S8 it e A
SCH5 R R [R] 28] SR AR

SCEREE RN 7 o, g R R A SCEL R 3 R A Y
SEARERAT — 7B 1Y 4 TH AR X S A 28 0 AR A A iR Y 3 N M
TE 3 AJ R, AR SRS R S ML A 24 S A A B SR SR A L 42
BT 5.45% ., XOEH THLMIE R 248, HR R &, 5 W s
AR, B — R 0 R SR SR N 4 Bk B AR LR R
T 275 {H MSRA 45 4 v i A 9S24 JLF 42350 0 1 48 28 A
Ny A0 IR 8 22 A 0 S L 43 0R) T L RE 8 K X 28 A & IE W 4
o, A SCHR T A B Baseline 5 A -4 , Baseline I 1Y 55 5 25
b, 3 ST iR A A SN A TR 25 (B R, A SO B oA
3 ST b A B SRR 4 [ SRR R B
4.3 HEEESN

MSRA 4 45 7 SCAR K B K 2 /T 100, 7] RUAE Ry 46 SCAR
AR MBI 2 5 %2 i i 48 SR B 4 v SCAR K EE £ 0l 100~
300, A LIAE K SeA i AR MR 4 . FRATT2E B3R WA 0 HR
B EHATIIE R T ISR B — A Step B4R 4b 3 —
AN YR AR I B — YRR (9 FE I, X A% Y ) T G 5 R AT
XF E AT

KA~ Step FENS T b e 8 T3, WA 1 E B T P Aok
b AR Y 5 A SO R HEAT X B, 3R 8 H I B b SR R A R
S AR B AT O . 45 R AR OB R 4 1] 25
R E T MR AR 1. 44~ 1. 87 [ INEBUR I B, 18
TER SOOI AE i sl CR O T #E MSRA £ 4 L Jin
AR X S BT A SO B B SR R A R E R K,
LSTM Jo ik ZE#E AR Py AT 31530 04 B i 78 b A T 5] b i —
BK . T Zhang 7Y [ Cao 0T BRI IE B F LSTM
SEHLAY 33X T AR A A K SO B 4R T R A 5 e SO B
£ FWFERT A R IR AR KRB T 2,06 £, I FREERSN
B BURIRE K 7] 45 2 M B T A8 1T LA IR AT 31 380, A ST A ) i i
HUA 158 5, X AS [ B 1) SCAS S0 A5 T g 1) 335 o 4

F 8 A Step FEIFAYRT L

Table 8 Time consumption comparison of single step

e MSRA # % % EFEXAHHEE
Ht/ms  #HF # # /ms #

Xk [16] % #y A A 89 1X 183 1%
SR [17] 4ty 4 AL 82 1.09 X 164 1.12%
Our model 62 1. 44 %X 98 1.87 X

ST HERR A3 BT A SCHR LA T 1 X A TR G R 1 5
FATEE T 5 M AR UE S5 36 AR [ A% % BRZH, DUGE 43 550 2 57
5341 LAC Rl DGLU Frafy sk iR . XF BEZH 504> Step #EHT Y
S HgE A 9 Bra, al L& B Baseline-DGLU #Y 3 Ji ik %)
T Baseline [ 1. 42~1. 80 ff%. i | DGLU # i LSTM 1] L)
B R B R 4 YN 45 3K . Baseline LAC A5 Y (1) 3 B R
Baseline i) 1. 21~1. 33 &%, LAC L3 n Tt & &, W T
— s 1 1 I R 3, ARLJR 3 R B ) AU S B )T
R IAGE, B BRE R DUOMT IR, B
DI B 18] A% 38 Jm 5 /0, b F TT 38 32 A B, AR ST R T
MSRA %4t 4 1- 55 Baseline [ #8 R #2235 , 0 7E % 2 SCA 4l
4 EAERF AN Baseline 19 0. 72 £, X f& 1 T LAC 1 J5) #B i
BB DGLU By I M 17145 4 Pk 5 T 48 vl LLZE R 31 B
LA B R HEAT IR 5, RE IR 23 £ B P 8 B G 38
K $2 5 L  Baseline 5 T LSTM, 78 4b B ¥ 51 i 2 88 76 )%
G — A0 E AT TR R A 1k R T A B Y 3G
P

£ 9 ARICBIR 5 X B A Step RFERT XY L
Table 9 Time consumption comparison of single step between

the proposed model and control group

wn MSRA # & & FEURHEE
# B /ms #E # B /ms # E
Baseline 64 1X 137 1X
Baseline-DGLU 45 1.42 % 76 1.80 %
Baseline-LAC 85 0.75X 166 0.83X
Our Model 62 1.03X 98 1.40X
BEWIE AR T M EE TR R BRI G TR

2, AR BB 2 46 1 S0ty 151 AT AL A Ik 6 R
FaiE T —Fh T CNIN AT 257 ML Y 6y 44 56 AR AR 2
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A ALE F T I 5 8008 78 2 1% 00 T 19 iy 44 S5 AR U 55, A
o 22 By BILSTM 8 K Y i fe £ 455 80, L F1 (B R 550 5
FEERA — o B . BBl S AR AR AR S L o B R,
Joi B T AW o A 300 ¥ 5 1 DI 2R ) 4% 4 R T BIE 9T L L
T A AR AE B S TR AR i 2 SR IRUBIMT: 55
PR
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