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Causality extraction from traffic accidents texts based on deep learning
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(School of Information and Electronic Engineering, Zhejiang University of
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Abstract: In response to the problem that the event boundary and chain causalities are difficult
to identify in the process of causality extraction from traffic accident texts, the causality
extraction was transformed into a sequence labeling task, in which a method was proposed to
extract the relative comma position feature. This method encoded the words and chars, then
combined them with the relative comma position features, introduced convolutional neural
networks ( CNN ), bidirectional long and short-term memory networks ( Bi-LSTM) and
multihead self-attention (MHSA ) to extract deep features and long-distance features, and
finally used a conditional random field(CRF) classifier for classification to obtain the ultimate

outputs. By comparing the model with mainstream models on the traffic accident text dataset,
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the results show that the model has a marked increase in the recall rate and F; value, by 5. 57 %
and 2. 54 % respectively, capable of more effectively extracting the causal relationship in traffic
accident texts. And it is more conducive to the analysis into the causes of traffic accidents, so it
can provide reference for effectively preventing and avoiding traffic accidents.

Keywords: causality extraction; sequence labeling; bidirectional long short-term memory

networks; multihead self-attention
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A SUAR TE 75 12 56 AR 5 & i il B0, MACL B RS g 254 I 18] 2 B . BERLA0 6 B A (i A
J2 A BRUZ R AT I SC A2 R 4 TR R 2 AR LI o e i )2  MACLE R TAR AR 40T

D]

[ ESER |
I il 1) it | N
| AT |
[ hxEohiamaE |
B2
!
i K 585 i A7 I 45
v
% L TE R S EENZ
SAEBENLIA Y 2558 SAERbLE 4> 2 8

1
elellellefefleleflelle Nl e ellellfelle] |- [

B2 MACL BRI 454
Fig.2 Model structure of MACL




%1 JR R E L R TR A > 11 583 Sl SRR O &R b 45

D WA A Z 5 A G 8 i AJZ A 2) 38 1 8 B2 B BURAE 8 S B2 3R OR R AR A
Bi-LSTM HZ 88 ¥ 2618 U5 B A A B R SCfE B3R U BE 8515 SCRRAE 5 3) fF Bi-LSTM 15 2| i) 25 5L i 1o
TR IHLE G A CRE J2, CRF FIJ AR SR 1) i 45 S - 38 2 B R ABL AR oR 850 25 05 75 310 4 A 5 1 TRR A 255
4) gy 2 B A Ay R g R ot O SR T B =R ] T AR R B R A CEV R G R A
L OPRFZ A R R
L1 #®AE

AR A R R WA TR A G IS SCAR R IR RE 7 B 5 1) i 5 U ZR g A 1) ] S L 7 B ) A
Prge . O 1] ) e B A A S U R L AT SRR T S A G Y 22 683 AR AE AL L X B i
AT . fF H Word2Vec B 1 1) CBOW (continuous bag-of-words) % 2| 2545 21|34 (1] & , % & 3t
B 0 K/NHy 10,36 [0] 5 4 B Ry 256,

T A AR 0 DR R SR 0 0 A AR e R R S 0 e RO 1 R AR AR ST R AL TR SR SR B 7 AR
A 30 S SCAS T PR R SR — R S A [] L 7 AR S 3 PR AR g ) i el B AN [m] ) 1 R A 4 A
(T 2 PRI O AS i 7 B0 b 0 P 4 1) T L i 459 21 R AR 5 7R . Chen 2502 g 78 48 4> A 7 o 40 10 4 RO =R
P o PRR 3 40 5 02 5 IR [RIAE Sy A B AR T . IR 2 Chien S5 (9 07 1% ASWF 5% 1) 2 38 gl PR SR =1
A5 E A DG AR B — X E S B i i LLIE R a KR HHT— M E S B A
PRS0 FoR 55 — A5 BAEXS BB . Rt g e i 5 A A e R TR PR

E=C+W+P+1, (L

KD C Ry pm W e () & 5 P Oy A7 & 0] 5 1 oA X 2 5 A & ) i
1.2 HRE

B AJZAF 2 B ] A —4EE P B R v 2

Al LA SR BORZFRE . ASBEFE R F LR S TR 4%
S50 DR B BR R BOBALZ . TE AT B TR ﬁ
AR, PRI I8 48 B 30 AL BRI/ 3., ’uJ?K‘E{{ : : . ‘
B BUGAR BE 350 Co Sy T ) [ o 5 160 S
AAXTIZ 50 B ) i 48 B 2 D B AR R AL 3 B . E E
1.3 W@ i< Btig 12 M &

TEAL G 0 W 2% vh A A5 i A0S 2 Al 380 AH X
SEHY S AH S X S5 AR 2 L BR g DL A A B R — A4
Tl A2 B B A FRATT 5 4 T DA B R T A TR L], o
a2 M 2% (recurrent neural network, RNN) F FHiC
TR P T 3X A (] 8, 4K 17 Xof B 15 A8 14 SCA A 2 AT)
TEIEAT AN o g B L ) A O e S SCOAS 5 B B IS
1M %% (long short-term memory, LSTM) g & H . 1E N P
RNN 24, e —Fh e a0 sl 4 Fros. E3A |

B3 &R

Fig.3 Convolution procedure

3ARFIRICTI VA M — BT AT T i ] s X,
T AR 3 T B S T L KR i B4 LSTM%H
Z AT A % B 1% BB 5t 5 S AT DS T A Fig.4 Structure of LSTM

rh I PRI L 3 TT ARIA s B t 1D DU 4 24 A R S AR 7 AR 22 e e e

Ak Ol E— AN BRECIR A s C N IHATIDIRAS s x, AR ST S0 BUHE s € S 40 AR A4S 5 by R 24 1
B 20 BRHCIR S 5 f RS TROS 50, ca, B ATTEO RS 43 50, i 5 L

b B BARCR A R BB x, T sigmoid $0E BEECIE BB RS IT IO L f. . f iFE TR
mr



46 WY VLR 2 e 2 4 %34 B

fi=06W,«[h ,,x,]+b), (2)
K (20 g sigmoid FIE REGW, N REERE b, F I E .
BT ER R A 4 — B4 sigmoid G BRI A 2 L O i, 55— B4 i tanh BT BB B %
Hoa, R ARWT
ji, =W, [h_1,x,]+b);
Ia, = tanh(W, « [h_ -x,]+b,),
KO H W W, R RBUE b, b, R B0,
BRI AT A 48 SRR S T R IR C
C=f +C.,+1i +a,,
G AR TP VEE x, AL — P 5 BRGEOIR S B, S sigmoid TG R A — & 15 20 55 B o, Z HT 1S
F R HT MR A C, @3 tanh 25 5585 B o, AHTRJS 15 2 Y 5 B 21 FRECIR S R, -
jo, =W, « [h1,x,]+b,);
1h, = o, » tanh(C,),
fEs g LSTM tr, R SEBR b R E T4 g
F B L A P B RO I B L U K i 16
B LSTM 5 )5 [a] () LSTM M 45 & % 41 s Bi-LSTM,  Hiflil
FEARIL 307 (9 [ B ] DAAR B F SC7 A 8, L 4
FanE 5 prs . J& i)
TATHE BB ADFFN5ME R BA
Bi-LSTM o, §ij il LSTM 5 J5 i) LSTM 43 31 15 5| N
B AL . T 5 T, 2 A OB AR BF 82 S5 15 5. 1 =

(3

B 5 Bi-LSTM %54y

(770, 5243 %) BELSTM ik ity L=[1 .l -+.1, 1. Fig.5 Structure of Bi-LSTM
L4 ZLEENNH

FUEE DAL B4R sz Bz B SR B T A @
SRIE AL F A 25 FIAE 55 o i A bR IR VB O R

T VR LR E1 TR R R A

BT 35 LG4 0 B M WA . Vaswani 07 S04k T W*@%—]
SLEEAYLE, MUK 6 Bt s, 21 (Query, Q) | 4 l
(Key,K) ff (Value, V) e 4o ad — AR A8 e . SR 5 i 1 (
WA SR B — A3k B0 h A3k, PR — R S [ : T4 }Bh
PEATLR A BB B L5 M, ABFF0K 204 B LSTM 25
P25 SR A B LR 2 B 22 3k 1 O L =R 4y
BAUTE B2 A 0 3. FHFERE R T = - £

LW LWE LW — £ (M)LW [éﬁf&&ﬁ%ﬂj [?iafi}iiﬂeﬂ—] [&ﬁﬂ%iﬁ&]ﬂ

(LW . LW! , LW . NS v
H;, = f,(LW! JWE LW “ I
v K 0

M= f.(H, .H)OW’,
AW W W W SRR de 9 L EERE; f.
N Softmax pREL: £ IBAR RUBLREL: [0 PHE R AL
L5 FHRENG
SRAFREAL - 2 — b 53 =X JC 1) PR AL T LA 6 5 8000 9 b TR AR S LS T 2™ R 1 2 7
ARBE » AT LA A 280 AR T i 5 458 T A R O A 98] e A 1 R iy 44 2 0 TRU3 56 7 90 A TR AT 55 b il A5 B A 4

B 6 ZEIIHLHIEN

Fig. 6 Structure of multihead self-attention



%1 JR R E L R TR A > 11 583 Sl SRR O &R b 47

MR . EORTES E — A A BB 5 A5 0F T o5 — 4L i Bl B AS B 09 2% 00 HE SR 20 A 5 L HC A o 78 A
B R R BEALY . (A A EL R PR — e S RDER RS . S X = {2 2y, ) RN
SF AN QAR SE R UL 55 PRI AT T Y = (o s ye e o A BRARZS 19 48 45 CR) i B A4S D05 BT X R
B E) B PY X0 W RAMEHE & FBEIL AR BN Y 2R FRE R

n

JZ(I) = Zexp(zzhfk(y,ﬂ ay,,VX,n)>;
= n=1 &

. (5
1PO’X>1mm(§]§]mfay”“y”xym>o
Z(x) —

O fi Qs yn s X)) FFAE BRE A D9 B Y ALEE 5 Z o) g BB AL IR 7o ik e 250 1) AU AT L il
AR AR5 DI R A5 21 P A FIAT 20 A 4% PR A A R R AT TN

2 HES5RR

2.1 REEIE

AT A ) B 2 B S SCEUHR AR S R U T BURE T 10 3k i A Y A e S A 4 i 2 4 L
R P IR ZR A . e 4 A S S AR A T B SRS A Y T R R O O B AT B T A
Ry A OB A o R SR B T B AR SR FE O L O DR IR AR T A5 R B B OULPE L R 4 AR B R AT
PR, PR AR TE — B 45 AR i A A5 R . IR X R X MR &I X5 SCITE %dls £ — 3%, Bk briE
Jran

<Zitem id="1" label="Cause-Effect((el,e2),(e2,e3))">

<sentence> /L Fi it <Tel >RNG </el >, B e2 >R ¥ </e2 >, 53X 1] 1E H 17 3 1) K 5%
<e3>AHTE< /e3>, < /sentence>

i AR 2 X <<el></el >k T IR K 2514 | 3% 8 I R 25 F 50 45 R 35 14 . label = Cause-Effect ((el ,
€2),(e2,e3)) AR LR FHF M Z AR . (el s e2) Ram i el ZFlF e2 BRI, (e2,e3) R P €3
JT e2 T E . b al A el SR R A e2 B R F A e3 HE R F

H1 T AW R F e 90 b T8 AT 55 19 5 X0k 58 At B, PR 0K b 48 5 16 S B BRSO 00T 4 54> 7
FRIEAT HARAR I . FRIEFEBIANIEL 7 BTN

CGMHBOENEBE, SKEFER, SHAEROREAKEAA.

000000000CCO00TTTITOO000000000O0EEDO

B 7 JFIAREATE 5 BRI A B
Fig.7 Labeling sample of a sequence labeling task

BN C FRom DR 8 RS E 3R A IS BUUR F AR T 2R - AL TG SR SCAR T O 2R

G RPARES R E AR BIEET S AERRLRN AT ®1OBIREM
1084 . H IR & 975 &, MR 4 & 109 R Bd; M gt Table 1 Dataset composition
TAERF 3 003 A4 MR SH 300 4. BAREMRIE 1, PR YIggE Wikg
2.2 EEISTRAYIERR C 14 128 1943

PRI R PoA R ROF, (EAE M A bR 0B AT . E 3 844 336

p—_ L I 4992 758
T, +Fp’°

T, 0 38 236 7 423

R=1 17 6 it 61200 10 960




48 WY VLR 2 e 2 4 %34 B

6 T Ty Sy SEB 2 IEHIBCR 1E AR 2500 Fo O SEBR iy 0l R IF 9 AR 2550 Fx g 92 B 1E AR FlCH
bR 255K

R H 2 MBURE C 458 E AESE R T, Bt B X HE 4R O REAR KB CEWES. mT
SCAS TS A R I TIE O SUAS L A LA TS AR AR U 2 % 45 SR AR S . R AE TSRS e AR D O
P RCHEHERR TS PRV, M T Hed COETARZE MR ZE . th3 1 n 3 et vl 0, B T3¢
O B R R M B AF AR AN S B B G S IR bR 45 208 0 1) B0 1 25 BR AR OK L PO R (9 (B TG 125 42 1 A &2
PR AR A 5% o E A By E I R/ .
2.3 TLEERMERE

SRy B8 UE AR BT 1) A 80P s AR SCHE S RS R A ] — B 4 T AT LA AR SR MERR T LSTM, LSTM+
CRF . Bi-LSTM, B it Z A0 A A 55 1 F A A

1) BirLSTM+CRF™ , B (1 J§ 5 AR {1 BT ff Bi-LSTM 5 CRF 4 K28 454 - 24 F iF £ 75
P T AT 55 #10 S ik L Al ASS 2R 1 JR T 1Y

2) Bir-LSTM+sel-ATT 44 Bi-LSTM 5 [ {E = I WLHIAI S5 & - 5 R 7 o (135 SCFf G bs T 1B
A S AR SR HEAT LR .

3) BERT+Bi-GRU+CRF""™ , H F R 5 58 & = 44 B JELARE A8 v i b 8 48 o hy AR SCBT 7 B T O 86 1%
B P T A8 5O TR G RS 5 AR 1 45 SR 21T L3R

4) Attention-based Bi-LSTM"™", 3 58 Sy ALk A9 31 LSTM o 4% , i 58 70 4 42 1 ) F R A7 2R &
S A O R A Al L R 2R TR ] T A2 3 S CSOAR R 6 RIS 5 AR 1 45 SR AT LR

5) BERT+Bi-LSTM+MHSA+CRF ¢ BERT Fil| i #1 5 Bi-LSTM ., £ 3k 7 & S #L#l . CRF 4y
FERAHLE G5 W BT T 28 38 S5 0SS 2R DG R A S 5 AR B (Y 25 SRR T A
2.4 RBWERSHH

IR YINZER 100 ANFE UG B A SORE RS 55 T AR R R ME A 2% 4 [0l 36 Fy (B AR R 4 b A500F L, 45 51
%2,

F2OARSCREI M A RE ) X AR L
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Table 3 Comparison between MACL model and other models on every label
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Table 4 Sample of model prediction error results
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