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Kiwifruit Planting Entity Recognition Based on Character
and Word Information Fusion

LI Shuqin ZHANG Mingmei LIU Bin
(College of Information Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China)

Abstract: Aiming at the problem of high complexity of real words and low recognition accuracy in the
named entity recognition task of kiwifruit planting field, a entity recognition method of kiwifruit planting
integrating character and word information was proposed. Based on BiGRU — CRF model, word level and
character level information were fused. At the word level, by introducing word set information and using
multiple self-attention mechanisms (MHA) to adjust the weights of different words in the word set. At the
same time, attention mechanism was used to ignore the unreliable word sets and focus on the important
word sets to improve the entity recognition effect. At the character level, the unsupervised bidirectional
encoder representations form transformers ( BERT) pre-training model was introduced to enhance the
semantic representation of words. Experiments were conducted on a homemade corpus in the kiwifruit
cultivation domain containing 12 477 annotated samples and seven categories of entities, and the results
showed that the F1 value of the model was improved by 1.58 percentage points compared with the
SoftLexicon model. In addition, the experimental comparison of the model ResumeNER with Lattice —
LSTM, WC — LSTM and other models in the open data set ResumeNER was carried out, and the best
recognition effect was achieved. The F1 value reached 96. 17% , indicating that the method proposed had
certain generalization ability.

Key words: kiwifruit planting; named entity recognition; word fusion; semantic enhancement; self-

attention mechanisim; pre-trained language model
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Fig. 1  Kiwifruit planting entity recognition model integrating character and word information fusion
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Fig.2  Word matching classification
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Tab.1 Kiwifruit planting field entity category
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Tab.5 Entity recognition results of different models
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Tab.7 Char and word fusion experiment results %
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ZARIE E RE TR SO B R BRI B R SRR i 4SS AR SIS 329

F1 {5535 91.02% , 518 B Glove 5 i 7] +& 1 2. 4t
i F§ BERT 45 [n] & AH e, F1 {8 43 51 2 = 0. 69 4~
A3 0. 46 A~ H 43 44, R WIE A BERT Bl 2515
R B S ) AT R A | AN RN A B A
J5 2 S AT DL AR SCRRME Bk A 45 i 44 S AR
SRR
3.4 HEEILELIE

T B UE BiGRU 2 fith J2 X 45 0 () 52 il , 43 31 ik
Fd BiLSTM .CNN . Transformer 1 BiGRU /£ N 9w 15 )2
HEAT SEE YT b, S5 SR SR 8 TR .

®8 HEEXRHER

Tab.8 Experimental results of coding layer %

A P R Fl1 fH
BiLSTM 88. 14 92.63 90. 33
CNN 79.77 90. 50 84. 80
Transformer 85.02 90. 52 87.68
BiGRU 88.77 92.48 90. 59

MK 8 AT LLFE H, BIGRU fE N i )20, 5§
BiLSTM ,CNN &}, Transformer 1 > % 5 )22 41 [t , 155 )
AP R B 4, F1OfH 3K B 90. 59% , ik B fi 1]
BiGRU fF Jy g 1 )23 B 36 45 J9R Ak Bk ol A 430 45k i 44 52
WA GIATE 55, AT LA — 25 32 5 i 48 SEAR U KO- o
3.5 BARBEAMEE

A SCHE I i MHA A1 Attention AL LA & fiff
F BERT Tl 2538 &5 A B ) 7 ik AR A T iR A2,
A DL AR TR 0 P 91 i 2 B A, B AT AT il
. 8T B UEA [ )3 51 S A5 2 7E AR SO AR v ) 3
FHPE ¥ 7 ) @B 2 1Y B2 BIGRU T4 NN, 45
BUZRECR 2, 6 KN 13 58 P 58 56 45
WINE 9 FimR,

x99 BERAMIEER

Tab.9 Performance of commonality test %

HEL Y P R F1 i
FF 0 CNN 78.25 84. 26 81. 14
SoftLexicon( CNN) 79.77 90. 50 84. 80
AR SR (CNN) 84. 02 93. 86 88. 67

FH 2 9 ] AT, A SCRE AL B U SR e A, 53T
1 CNN A1 SoftLexicon #5578 AH F K B 58 43 il 45 w5
5.77.4.25 AN EH 53 5 BB AR SCRE T BE A% B 4 R
FAAMRNCAR B, A A k. JFH S £7
HEATXE HE B, 0] DL Y g 45 J2 46 ) BiGRU i, 455 7Y
PURCR AR .

3.6 HELLIG

R T BRI AR SRR TR i A JZE 45 A 8 4 Xof A AR A Y

[ 5% M, XFES i MHA #IL | | Attention AL i F1 BERT

PRI A R0 58k 1) 5~ 4 HE A7 TH Tl S 36, S 96 24 2R A
# 10 PR

F10 HEIWHER

Tab.10 Ablation experimental results %
(%) P R F1 {f
AR A Y 90. 32 93.56 91.91
AR - MHA 90. 52 93.01 91.75
AT — Attention 89.32 93.61 91.42
A CHE R - BERT 89.22 93.45 91.29

M 10 °] LUFA 4 ] BERT il 2k ik 5 455 7
Bt 58 P A 2 8 X R R E AR T e I 4, R (R v
0.62 NE 4 s M L Z R 3 MHA BLH] i £2 T34
Sef/N B BRR A A SCHE I B A B0 R, BT
BRI PR RE A — 2 T2 BE 3R T
3.7 HWEEZEILEIAINLR S

11 4T H T BIiLSTM — CRF %1% Lattice —
LSTM #1765 WC — LSTM 41 %1 SoftLexicon f5i
#1'2" BERT — BiLSTM — CRF A& %1 1A S8 %1
7 SR TR AR

M 1L 0] LUE A SCHR i A A 1050 23 SR
W F H e Rm B BERT il 45 19 5 16 T 4E R
A 2B, 5 SoftLexicon £ Y A [, B 9 F 25 il
Ah, HE 6 Bl B0 S A A R 50 G R H A R 4R T,
B B BERT T I 25 1) =7 1) & mT DAAT 8504 T AR SC
i 44 SR TR o AR SO R A 28 5 U i
fH ik 96.87% , fi5 % 25 1 i B FL {H 2k
96.17% , % T SR 25 49 B 44 1 U U5 FLO(H &
ik 95.70% , 5 SoftLexicon 5 B AH b, 7 7 Fh 2 5
SEAR BRI AR AT BT EE T, BEB AL A BERT Tl
YRiE T R B SR ) AT R MBI [ 2 WO B
AL A5 7 vT LA R TR AR SO AR A R A Bk el
40 B AR PG AR, A SC B R 5 BERT —
BiLSTM — CRF LU AH L, 7F 6 Fh SE RS 5] [t A
AN [R) R BE 1 2 T, 2 — 25 R T AR SC O IR A R
L7 LT S N A€ S S S R - P
SoftLexicon #5571 A Hy, , A% SCARE AL X6} e 3 200 1) F1{i
PETHem HE T 3013 AN 43N, BRI R I B4 AR
BFRE BEETREL ERAHRERLN BT
SCHE SUA BB 25 B TN A A 80 A e TR A T
WRTRIC WK CERR R RS A
F s A5 SR B, SoftLexicon 57 H AR Y < 41
W™ RGN g AR DT 3 R S A PR 28R
25, T AR SO I ] AR HE E A 1 S
3.8 REZLMESW

T UE AR SR AL vz AR RS S M, AR SCFE
ResumeNER A FFRCPE4E LR T 5080, SCg &R
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Tab.11 Entity recognition results of different types %
TR PEMN F5 b5 i i W E Jug AL 2551 X 3, S
P 88.03 96. 05 91.13 91.59 66. 00 81.21 50. 00
BiLSTM — CRF!??] R 87.13 94.19 91.13 96.25 71.74 87.08 40. 00
F1 {8 87.58 95. 11 91.13 93. 86 68.75 84. 04 44. 44
88. 40 94. 85 91. 67 94,18 62. 68 82.95 66. 67
Lattice — LSTM'® R 89.71 93. 88 92. 40 95. 82 76.78 87.74 66. 67
F1 {8 89.05 94. 36 92.03 94. 99 69. 02 85.28 66. 67
88. 61 95. 49 92.32 94. 62 64. 82 84.43 66. 67
WC - LSTM!!] R 91.05 94. 02 93. 04 96. 60 77.16 88. 05 80. 00
F1 {8 89. 81 94.75 92. 68 95. 60 70. 45 86. 20 72.73
89.17 94. 87 91. 64 95.33 64. 00 84. 81 66. 67
SoftLexicon 2 R 91.08 95. 48 93.52 96. 92 78.26 86.72 80. 00
FI {4 90. 12 95. 17 92.57 96. 12 70. 42 85.75 72.73
91.04 93. 67 92.72 94.26 69. 63 86. 21 66. 67
BERT — BiLSTM — CRF!%/ R 91.76 95.48 95.56 97.17 72.28 85. 82 80. 00
FI {4 91.40 94.57 94. 12 95. 69 70.93 86.01 72.73
92.37 95. 87 95. 86 95. 14 69.23 85.93 80. 00
AR ALY R 92.99 96. 48 95. 54 98. 67 72.20 89. 08 80. 00
FI {4 92. 68 96. 17 95.70 96. 87 70. 68 87.48 80. 00

W12 froR o SEREW AR SO R B R4, F1{H

, 4 HHIE
K5 96.17% , 52 2% & T BILSTM — CRF #1215 AR A
Lattice — LSTM'"™® . WC — LSTM'"’ | SoftLexicon "’ . A SC AT ) A0 Bk A 40 3, B2 1 — B A o 1)
BERT — BiLSTM — CRF "' #5041 e th ¥ 45 42 71 . T UM R i 45 SR TR SIS R A e e T A Ak

ol L 1 SR iy 4% S MR 2 R 52 2 RN A R AR Y 1)
AR ] MHA 8 B ) ) AR, O i

F12 BFEBEQFHIEE LRMNHRLL

Tab.12 Comparison of recognition effect of

each model on pub]ic data set % %ﬁm%ﬂi&gﬁﬁﬂﬁiﬂ%lﬁ@igﬁg 5 @*ﬁﬂ

o P R F1 f T4 R AR I AR B, Bl A BERT I 51 5

BILSTM - CRF 93.66 9331  93.48 BOR ARG 4 SR R B AR o 2
Lattice — LSTM '8 94. 81 94. 11 94. 46 o .

‘B == =y AT = ) — A 4R

WG - LsTM!") 95. 14 94.79 94. 96 imifj{{“ B Gt 2 A BIGRU SR 3k — 2 42

Softlexicon 2"’ 95. 30 95.77 95.53 RO . T SR I, AR SR R X T Rh R

BERT — BiLSTM — CRF? 95.75 95.28 95.51 AR 4T S (IR 5 ik 91.91% L 7E AN T

A AT 96. 25 96. 08 96.17
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