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Abstract: In light of the rapid development of air transportation and information technology, the
efficient utilization of massive and heterogeneous aviation safety data in aviation emergency
management faces challenges. The problem of knowledge extraction for an aviation accident
knowledge graph was studied, specifically named entity recognition and relation extraction, and
the following methods were proposed: 1) An improved BiGRU-IDCNN-CRF model based on
bidirectional encoder representations from Transformers (BERT) was presented, achieving a
named entity recognition accuracy of 94.69%; 2) A reinforcement learning-based clustering
distant supervision relation extraction model was constructed, in which data noise was reduced by
integrating improved K-means clustering with distant supervision labeling, and the denoising
process was optimized via reinforcement learning; a combination of piecewise convolutional
neural network (PCNN) and an attention mechanism was applied to achieve a relation extraction
accuracy of 84. 16%. Experimental results indicate that the quality of information extraction for
the aviation accident knowledge graph is effectively improved, providing accurate information
support for aviation safety management.
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Fig.2 Reinforcement learning-based clustering distant supervision relation extraction
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Implementation steps of clustering distant supervision method

WA RITHEAREM={m  m,,m,, -}, KERIGRI N IR RIS AU

B SRR SRR T C={C,,C,, Cy, -+, Ci}
Fh:

W C R C=D,t=1,2,-+,K

X FREARSE MR — A m, AT
AT i m, B B W S < dis(m,,, 1)

R REET R UL

0 N AN kAW N =

. iﬁﬁfﬁ%ﬁﬂﬁc={cl, C27 C3, Y CK}

- W EELE D BEHLIEI K A FREAAE IR I T L o gt o i}

OBREA R 25 B B/ MBS dis(m,, 1, ) PR 5, TR ITEE RS> C, = C, U, )

AT KA RIS DI AL E R AR, 5 H br ek B E S, slR AR ik 2 e R N, W BkA% 22 20K 8

BT AR BREC SN T KR,
TR, A 5 v I AL ) YOG RARZE AN A
[] , T A2 of i) —AN e v 5 S ER s 1 1 /) - 3
TR AR, T T8 — K O B EHBibn
KZ ] RetEE 2 (7) M (8) #A T
OISR EARRS c e,

PEE= mpsctintcer, )
P(Cer)= zﬁce” (8)

Hr:P(e e )RR TP A] T ¢ JB TR riy
BER  P(C e r) RRBEN TR R R r R A
T ARG ME R P i KOG R AR 4 r VR E B bm i
PR 2 7 IR — B BB B T NAY G
F RS DR b A S
2.2.2 Akt g

i Ak 2% >J (reinforcement learning, RL) 73 &
PUES 73, BIAR S (state) . B 4F (action) | 3 B bR %L
(policy) LA M % Jil (reward ) . 7 SOK; B8 e 7 i
i LM A AR R R RE A (agent) PSR AF A 45
(Y 28 EL s R oF S 0N H5 i 1 [ e TR 3 ek
W BB A A 1) agent H, ) L S EB IA s A CHR
A R pREC LA B il R B W ) A TR AR
PR RS TE YA 3 B SRR A | BRAS AT A50R
FIIBEMR AR

ASCAE R AGE ] A TR TP v R ARAS 3
VE SR W pRE LA SR il B e SN

R 25, = [ regenes Mt (€15 €2)], e FE 4 T
M R] T, mlg AR TR R F (e, e,) 72 H bR
SRR A BOIRAE S T agent /F  F A0 B 1E .

AR B A] F B IE B AR, K B0 A o, I/

B B H R 20 IC B SROREAS TP AR SC 3R B X 24
SR AR 8 AR S5 B e T A

SRS pRR: F T8 R P B R A S T
TE SRS ZR R BRI OC , IF 38 1 BE LK WS 7, (s, @)
Vet s e, X (9) P

7y (s,,a;)=P(ajs;; 0). )
oot 0 AT S B Plals 0)RALH AR
s B0 MM OLF TS B a, 10
.

BNl A S F1AR OS5 3 A [ R A 9
TP 24800 A g 22 il 308 3k 548 s A 32 X SRS W o 50
PEAT AL e 2 BB T A b 25 R T il
1B, DABR 5 OC Z2 41l BBURSE A ) A afy 3 R A B3
RCRINMES FUEZEEIE 38 i 5 5
V25 FLUER TS5, LA BEALYE . 22 )5 R,
= (10) R .

R =B(F1'=F1"). (10)
v B g2 5 il 446 T 2 K, e T o R b 3R
WA PZ AL AL SRS PR, I3 it Reward AT 2R E0HN
N LASE 5im i /D sl 9 4 A 450k R B R e ik 5
e

L(@)z—%zR(r)log 7, (7). (11)

Hr . e={s,a.s,.a,, " 5,a,} BT AWRETF I ;
() A2 1T B E & A I E R 5 R(e) & 3R LR (1)
2R .

SEE B A BR  IERE A R AR 433
3 RN GREEFICAR | I 38 2ok ik A Qs A v J BT 43
BUFEASR AR | e 245 B0 FUE 25 (A AE 2%
Jil , F LA R 5w . [l 2 1 2 N EE AR



94 RAKFFHR(AEAHFIR)

% 47 %

TFE R BB, 205k QM Q, |, FmF i N3t
PUNR A 5 B R 45 R84, LALAE agent

Y SR
Q=yi . —WwNy. ), (12)
Qi=yi—,Ny. ), (13)

L(O)= ilog 7(als; 0)+ inlog 7(als; 0). (14)

For sy, R AR5 i R R BRI L0 5 0w
FEORAE I A FE U RT — > 58 UC P i BORS B
LA
2.2.3 APCNNA

ARG M5 BE M= {m |, m},m, - A

B G R Pl UL A 3R 47 OC R 4 B PCNN 7RI 72
W R MBO R T RAFrYPERE , BRI 4
SCAH G JRE UE B IR B S A R S
HE )28 G B 2 A CHE ) APCNNA G & il
WAL AN &) 3 s , B R iR T

B2 2.2.2 15 R HUE] 1 2 Mgk s 4 RN S
RXTEEAAE R X R A, % B R A 2 35
SCATE 2 W J5 AT BEAEAE — S8 T G TRl FIAT
PR | AT 2 LR E nii SCSAARTE A
(5 L e SR SRRy H Ain] , 8 i 2
JIRLHAS BN AR R IR AR, R A5 3
I BE TR EA TA & W=[w,w,, wy, -, w, ]

——— e ———— — —— — —— — ———

Sev=waLi/Ni|

]

[OOOTOOO]
OO0 00OO0O0

E3 APCNNAREIE
Fig.3 APCNNA model diagram

APCNNA # L g & i PCNN FITHG )23 8
LI AL . — 2B AL R A S a1
i 2 D7 ML e A% Dk 2D I G TR 1 TG, P AR
HPUER SR A BB ) £ . 53— )2 7E PCNN A it
2 I8 BGE A2 T ARBUR RIS SCRFIE
FOCZR Z 0] AR DG L X HE B A% 1S S AH DCRRIE 1Y
VEFE A AF AR, BT () 3 BBOSCR .

2o i B IR R R ) R A BB RUZ T,
W) FREER L BB R g, MK R g-1, B
JE5 R RRE 0] 52 e FE AL Z B RUZ Y
fiE ) € 5 R ) i RIFE AR , 15 3 7E
BRE M i e, 811K e F1 Wik 17 8 B AR
B ) i ¥, ST AL ERAVEAS B BE R 3 Y ) ft L R
2N 43 B AL iy PRI 28 5 tanh BT PRETS
B L th 2 BRI AL E

ceR" ' c=gq, .., 1<j<l+g—1, (15)

e,=softmax(C,FR,), (16)
Y=e¢/ W, 17
py=max(¥;), 1<i<n 1<j<3, (18)
Pi=PusPsPi s (19)
z=tanh(p,,),z € R*. (20)

For s kSl A BRAZ A B s ot i SCRY AR 1]
R, A SO n=T5 p,., o B BB AL S
t p AT DR IS RO MAL 2 B 5 F o 2500 o
W, R )AL ]

By 1 2 < 41 FH softmax pREI, W 25 S 4% AL Ak
RO e o, BARFREXNF

o =soft max(w'z+b). 21)

Hor o w T AT b Fon i &



%14 b

BT F ARG S n IR Ty AT L 95

18 o A B O R RS 1A FLE
YERVPA FEAS , B 45 R S 4 oAb 2 2 B o A T
oAk, e Jmy 3 e A0 O . [R) s) E ad o B s
BB O R EBURI AL RS B R B Ik PG,
5] A Dropout 5 i , i AL B 28 0015 04, , $2 i At
B3z AL BE 1 . 5 & Dropout 5% W& {E 4 0.5, 58 1%,
AR PN it 72 L B 2t DI S g R AR TR s
(3R TS &N PE i)

2.3 XAMEERITFMHE

FE5E ISR XS 2Z ] 18 56 R AU | 2% 4RI
FA SR S R 3 i = oo 4T 0Ok 58 BCEE 1)
B G R A Neod Pl 1 5 (B X 58 UG
08 B2 FBOUR 25RO R BUS 15 211
SRR TN 5 R BAIR L 45 1 csv RAK B , 4301
fir 44 A Air.csv Fll Relation.csv, 53X 2 4> csv #%
HIELHE T A BTS2 15 B 2S FE0 FR I

3 S5

ASCHY BT AT 5256 #R 3L T Ubuntu 18.04 (34
245, N1Fh 512 GB, 2. K A NVIDA RTX 3090,
A7 24 GB. ARSI BT 04 85 s 42 R o A
o] ] B 25 e 2R B RG2S 24 A R
RH ARG E AT S L Ok A R
J¥ 3T Python3.6 & TensorFlow1.14.0 Y1745 E. .
3.1 % T BERT #& A\ 9 % i# BiGRU-IDCNN-

CRF#&EEFE ST
3.1.1 P 4EdR

BT (4 P 8 b5 AT < K B % (precision, it Ky

P) . A [l R (recall, it & R) M F1 {H (F1-

measure ) , 2 F AT ¢
TP

P=TpFp’ (22)
TP

R=1pFN’ (23)
2PR

Fl= 5 (24)

Hor s TP F7R 3L RN IE 2 (M REA B 1E i b 432y
IEZE B s FP 3R SCBR ok £ S MR At 158 4t
O3 2 R TEZE BB 3 FN 7R 92 BR o8 IE 28 Y REA
B DM 2325 11 S A B
3.1.2 ZRE SR

SRR LAY 1) 280 B 40T : BERT base
JZ%00 12, BERT base [22 4 768, it KT F1 K
h 128, B2 K/ R 120, 24 2] %4 0,005, Dropout
B4 0.5, Ak 771 R A Adam 532 .

DatasetQ $it4fs 42 #4 A 3L b [ [ I 28 &6 4
15 B R G Mk ff 2 2 4 [ RIS R G M 1
A THE BB 4, 8 i 0 R A SCAR BT I e
FRiE B R E R B IS 2R E R T T
B BE Y B 3G 9 FE - 5B — B BE R EDA
(exploratory data analysis) 77 ¥ LA 3 Jin B4 1) 2
FEME 5 55 B Bege dbSE Al b, i — 25 5 H TF-IDF
Dy A TR B 1 SUZ T Y 785 A2 i, e Y
T EHIE 43 224 800 B 48 B SR A
411 [ EL R 43 I R4 S 4L IR 22
ALY 25 5 P BRI IE .
3.1.3  R[RISEAREEAY X L S5

R T BEAS B b A B AR SR G R S A R
PEBE K H 43515 CRF, GRU, IDCNN, BiGRU %
O PR AU A TRE b, 7E A 2% RS AR R A 5L
fi FH DatasetQ $i4# £ 20 56 UF A SCHR s A A AY . 512
55 & IS E R R SE R AR ORI A B 1 S
IR AL R INFR 2 PR .

%2 REAASARBEE LT 4R

Table 2 Comparison results of different named entity

recognition models %
F A P R F1
CRF 83.68 84.76 84.22
GRU 85.48 86.62 86.05
IDCNN 83.23 79.56 81.35
BiGRU 86.56 87.23 86.89

BiGRU-CRF
IDCNN-CRF
BERT-BiGRU-CRF

88.80 87.16 87.97
87.39 81.64 84.41
92.20 91.00 91.59
BERT-IDCNN-CRF 91.80 88.10 89.91
BERT-BiGRU-IDCNN-CRF 93.15 90.39 91.74

BERT-#(#f BiIGRU-IDCNN-CRF 94.69 91.72 93.18

U« MR R ST T

G AE R BT 4 1 SR U
PR T AL 2 B RO A RS AR
M FUEA BT, o 2 N 45 g2 2] B 22
5 B IR IRCHORS B ()RR AE . LA, BiIGRU W 45 1Y
BORBS AT GRU, o B REAE W] H 25 18 A) 719 1
T SCfF B SEEUT UE A 42 JR FEAE $ B . CRF A5
RIREASHE THEIRIZLIR | I R CRF REAS fiff e i 28 1)
2 i AR B RS LA 0] 8, 48 RS RN (.
71 A BERT 15 BU G 6% ) 25 4 R L AU A RS B % 13
[ %1 F1E . 4% BiGRU M %% 5 IDCNN W 25 45 4
I A v Bk B 2 IS, B 4 BERT- 2 i
BiGRU-IDCNN-CRF # 7 e 8i HH AR - i PERE , K
W R B T 1.54%, AH LU A% 48 CRF BEARL 4R & T




96 R K FFIR(A A FHR) % 47 %
11.01%, F1 ([ GRS T 8.96%, e A A ST,
B S PR AT AT Micro R= — - 26)
TP.+FN.
314 Rtk QTP+,

4 T 38 UF BERT- 4 #F BiGRU-IDCNN-CRF
Y 4 B RE 1, BEAILE B 6 000, 8 000, 10 000,
12 000, 14 000 & I 2B Hm #6475 55, Wi EcH
Bt—1 10 000 F5E . XA PREE TR A SCH
B 45 U 5 BERT-BiGRU-CRF #% 4 L) }2 BERT-
IDCNN-CRF BRI HEAT T X L, SE g0 45 5 L& 4.

92t
90 |
N
= 88
Ry
86
——BERT-BiGRU-CRF
gal -=- BERT-IDCNN-CRF
—+— BERT-H#BIGRU-IDCNN-CRF

& & é 9 1I0 lll 12 13 14
BIER <1074
B4 REMFXELERITLL
Fig. 4 Comparison of stability experimental results
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Table 3 Comparison of different performance of
models with and without attention

mechanism %

i) Micro_P Micro R~ Micro_F1
PCNN 75.27 70. 18 72.48
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Table 4 Effect of clustering distant supervision method

‘, i Bt )
ik Micro_P/%  Micro_R/% Micro F1/%  t/h Micro_P/% Micro_R/%  Micro F1/% t/h
Mintz 39.80 35.20 37.36 2 40. 15 38.23 39.17 2.2
MultiR 54.20 40. 15 46. 13 1 50. 16 48.74 49. 44 1.2
MIMLRE 42. 60 36.90 39.54 4 45.20 40. 10 42.50 4.2
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Table 5 Comparison results of different models
%

HiAY Micro_P Micro R Micro_F1

MultiR 50. 16 48.74 49. 44
MIMLRE 45.20 40. 10 42.50
BGWA 69. 46 71.24 70. 34
PCNN+ONE 72.56 74.92 73.72
PCNN 75.27 70. 18 72.48
APCNNA 81.59 83.26 82.42
APCNNA+RL 84.16 83.41 83.96
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