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Event Temporal Relation Classification Method Based on Information Interaction Enhancement
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Abstract As a branch of information extraction, event temporal relation classification has attracted more and more attention in
recent years due to its good auxiliary effect on many natural language processing tasks. At present,the existing neural network
approaches lack of consideration for the information interaction between events. To address this issue, this paper proposes a me-
thod of event temporal relation classification based on parameter sharing to enhance information interaction between events. This
method firstly learns the semantic information and context information of sentences through gated convolutional neural networks
(GCNN) ,and incorporates them into the shortest dependency path sequence as input. Then,it uses Bidirectional long short-term
memory network (Bi-LSTM) to encode the input and capture its semantic representation. In addition,it enhances the information
interaction between event pairs by parameter sharing. Finally,the obtained semantic representation is input into the fully connec-
ted layer,and the softmax function is used for classification prediction. Experimental results on TimeBank-Dense show that the
proposed method outperforms most of the existing neural network methods in classification accuracy.

Keywords Temporal relation classification, Sentence representation, Information interaction, Shortest dependency path, Bidirec-

tional long and short-term memory network

AL PRI R R R B DDAk . LA TempEval 37 Il 4L 55

13l B HE Bl I T 58 R RIAT 55 W 51 T B B 22 F 7 3 1R SR

i

HAFE PR R A TR [ HAF R LR e m WU 8B R T
H— 3T H NI IR BN S R R R . FOE PR
PR A SR TE F Ab BAE 55 b it SR, 5 A SC R TS A
A —E RIS B, e 7R BT B, I A T DL 0
R AR [0 2 . A 3 0 ATt i2 253t ). 7
HARIE & AL BT,y T 5 R 7 R R TE SORTEZE L B s [ 2%

FH H1:2019-09-09 &EHE.2019-11-25
HETH . EE A RPIEE4 (61836007,61772354,61773276)

£ TempEval 373 £ 5 b, F 44 0 7 56 RN 0 3
A FALS - F 4 5 e A 2635 X 8] Y B F 26 &R IR (Event-
Timex) &4 5 3C 4 A1) 7 /18] 22 18] (19 B 7 26 & 3R 91 (Event-
DCT) , LA K 55 1 % 2Z 8] (1 B 5 56 R 3R 5 (Event-Event) , 7%
SC A T e =2 ] R OC R ARSI R TS . A RTY E
WK B P 56 RPN B AR S SR Y SRR BT

AR SCE A TF R4 COSID) L35 3 b0 — 4E S 3R BUkh 7o 15 .

This work was supported by the National Natural Science Foundation of China (61836007,61772354,61773276).

WG VEH 25 & (plli@suda. edu. cn)



JELHT 3 A8 < B TR S S L S Y PRI R OGR4 2

245

X X 22 ) A ) R S S G & (In f AFTER” “BE-
FORE”%) gt 47 1IE#1 /3 2% . 1E Timebank-Dense 15 ¥} 1 , il
W — D B IR AR O R B, A T S, b, F
“advanced” 5 “begin” Z [B] [ B} J¥* ¢ & J& “BEFORE”, Bl “ad-
vanced” & A4 T “begin” Z {1 »

S, :One of the scenarios widely advanced before the visit
is that through the Pope,Cuba,still led by Castro,can begin a
more productive relationship with the world.

T (1 B 56 R W AT AR S i) T4 R T AR AE TR
RIS HL & 2% 2 7 L T AE I Bl b 455 4 R D0 AL HE 3 07 vk
KT RFR T, (HIE, LT X A L i1 i FRIE B A 5
SR )M 2 o T 3K 8RR AE Y B T CARAE AR A T KA
035 3 B e S B R P AR A AR ME ST

VEAE S, B A R B ) BOR 1 R R, 4 T AS [ 1) 1 45 ) 4%
TSI A B A RIE T B, MG R R
XiF A1 AR AE 0 A0 P 8 /N B S I OR B A L 2 B T K 2 O
FEH TR . Z AT IS AR SRR R R A R T
B4 7 51 3 531 i TR 2 ST 0 A 2 ) 05 A TR R AT I R X = 4
T BT 7E T 31 22 18045 8,28 L i EE A R R R L A AR B AL R
SR B E M Z AR,

B IX 26 o) R, A SCER T — Tl B T L A L B A B
FPRFTHRTr e . BT B T A B AR 1 b 28 00 2 A 70 e
ZA HAR T F A BT 55 v B R R R 3L, AR SOR A B R
AE B AR AVE BT B N o T X IR AR AT s A 2 B R B 4y A F
15 BSOS A SR AG B RLE T B WA FRR AR
i Bi- LSTM X i A 91 2 A7 24 85 LA A MR R .
T Lk 2 ) 4 B T G b Al R 80 B A ) ) S R ) 22 ) R S
AR AR SCR AT S 803k SE U ke 1 5 =0 8 T 78 )T 91 22 )
WEEXE, .6 MA LR ERRIIF LR, #
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2 MHXIE
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#4124, Chambers 287 ¥£ Mani %1 TAE M IEAE L4098 T 4%
HEZE fa) L A T R A 9 R A O SCARAE I B WordNet H
URAE A IR R 25 24 R AE i — 23R T T 0 a2tk .
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S A R I S A )

(3D G BT J2 i R 1A) < 2 301 342 I 4% 2 > i A 3 1 4
G SCHIR A S Bk 2 L) ARG 5 = 22 8] 1 fE B
ZH.,

(DI FFRRIRGZ A BRI G5 2 B 25 R A — 2 4
R LSRG Softmax R B0 4 X 22 18] (19 1 )7 ¢ &R F
121,

3.1 RERERE

R A it AT AR 2 — i 32 7 3] 5 3] 2 () ARCAE 56 R 0 B IR
o S A AT 6 A2 T 2 AEARAF A T AR L N — AR 5 5B ) — A 1)
SRR B AR . Xu BT R B IR AR B A LR G
RO FALS RIS T 5 W RUR E T iR SR AR AR T
VIR KRB S SR A U5 B . B, A 305 A i IR A7
HE AR AR A AL A

AR A T A 2 P ) AR X 57 B 1) AS ] 5 A SCFE i B e 0 AR A

B A o TP X S g [R) ) RS A PR AR 28 B X T () ) o ) 5
PEXT S AP S50 Y S i A S B 45 1 A o o e
WA FE RS A WA F B84  NIRF M 2] A B B84, DL
AR 2] A AR, X T 88 03X, RS T
Cheng %07 s . (BB DT A B 19 4% 77 i 7 9 22 1) A7 A —
AN FEAR G 10, RS B AR A B AR 4y A T A T
PEAE N — ISR R ARG S AT S, Al
S; W F X (search, bombings) b 1], N S, B 4K 7 fi# #r
2 B 4 5] search F AR 25 #1116 1% (search, assigned)
YERZE 53 32 8 N Sy B A AT fif AT 30 o 42 BB 14 37 bomb-
ings I #R %5 &5 1Y % 42 ( bombings, link, suspect) ¥ N £ 43 32,
FoJa B e AT i Bk e i 2 SR g5 0, d O B R
e

S, : And this week, FBI director Louie Freeh assigned
more agents to the search,

S, : Freeh also ordered the investigation consolidate infor-
mation under the Atlanta task force,another indication offi-
cials suspect a link between all the bombings.

Bl 2 /R T S, F Sy ALK AF g A v, 9 T 20 8 5
2R hR T X (search, bombings) 2Z [8] 1 5 58 1K 77 15 42

assigned

consolidate | Freeh |

| another I |indicati0n| | [bombings] |

week Freeh agents [search]
| director || Louie || more || the I

| investigation ||i11f0r111ati0u| force

P2 BRAT i BT AR B e AT B A

Fig. 2 Dependency parse tree and the shortest dependency path
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B &R 43 A B AT RE X 6 RARBIA EEAEH . b T x> A
N AR SCH ) TR i SRR B AR

ZHI A CAE T H SR Bi-LSTM Rl CNN 45 8 28 B 2% X |5
GIHEAT S % . fH Bi-LSTM Il 2545 4 3% i, CNIN JU) 0 D 3 36 4
Jafg B . A, A SCHI AT Dauphin 05 38 1) 1] 5 5 R R
25 I 2% i BUSCAS 1 3 SCRRAE , HAR B an R RS A m AR
T 1A TR ANACHE X={ a1 s22 523 5" s 20 ) s s TN T HEE
i AN FE B M T 1 g S AR R AR A FIFE S TP i g — A R
T AT A R WL R A A A A A4 S ] A 5 BRI R T 51
ATV BTN 2 W 25, 5 5 8] )7 5 4 R AR R s SR i =X
(DR,

Y=(X*W+bXRo(X *V-+e) @D)
Hoh W v AREB A AR B 5B b M e S8 0 0%
INBICE M ;0 TR sigmoid PREL, W AT IZ LTS PR 45 R
B 17745 800 s GCNN A% tiig A Y.
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(1) 1) 96 A « 3 080 MK A7 B8 422 v 1Y) 2R 3R) (WORD) | B3] 6]
£ (POS) ,

(2) A) R AL - BRI 25 s LE ARAF A AT ) oy 55 AL 45 i 22 )
HIAR AT OC & (DEP) Vil 2o ] 45 45 UM 28 I 46 I 2545 31 1 A
FIR (SR,

0 0 REAIE 5 258 o S e A A IR S B 7] & . Cheng
ZE00fd ] Word2 Ve e Il ki) 1] & , {8 280k % b 52 56 % 98, 4
JH Glove YN Zk iy im] [ 1 B T B ar A PERE . L, A
of Bl A% B 3 o i Glove Tl 25 3] 1) 22 30F 47 4 26 W i, X
IR P AR A 56 Z 3 3k BE ML 4 Ak 14 O 3k 38R AT S, 43 0 3R AR
WLV, JAPE RV, IRAESE R B RV, TR 2 U2
AT RNV, 53X 3 A 1w PR Ok T8 BRI Y TR
WERV,:

V.=V, ,0V,0ovV, DV, (2)

S 2 o3 BV 72 A WA 43 SR B R A A B R (Y 18] 1 RN
WK AN 22 5y P HI MR R R = (Vi Vi, o
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m Hln 53 5 R 2247 5 ST A A BE
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3.4 wEE

16 3 441 22 M) 2% (Recurrent Neural Network, RNN) J& — Ff
433 A A BT B AL BOHE 4 A 2 I % R L AE 1 AR AL BT
SUBAFR) TN . R A RNN RY BRGEZE U — IR
6] 5 ko BCOR O TR 4 A 3R R (0 Tk Ak B B AR
(R TR B Y 06 FR A3 AL 55, X T — SE 25 A i A XL
BB B BRI N EE ., Sl 25 A 8 R I R 4% 1
45 RNN (5L 6l B3 T — A8 0 o0 A ¢ SRR K
TR IR RS T] AT A i ] R A K RS e AL
7488 B b A 4 4 B B AR 15 8

1T H A i) SR 25 o500 B A 5 MR 25 03 H b i) 1 it
A2 AT BB A B O () B AT 28005 B 5 AR SO T B0l < R B IC 12 1 4%
TE T T AL 1] T A i) X A AT B R AT AR, IR BT g A
o] LSTM Y4 il 45 R PF el ok .

Z W A AT T A S 0P A 2 ST AR B X A A AN T
AR T 5 4 S AT I 2 o 3k A A BRI T A e AT B A
SRt B I E RS E . MR P 06 &R 4 AT 55 b, AR T
TEA]F 2Z B IR X T O R KB BA TEEAEM . XA~
R AR SCHRE T — b S B AL B [ — A e 4 g A
LA 258 5 5 ) 22 A5 AN T % A 7 9 HEAT U k. 7R LI 2R
(mini-batch) & 2 11, S5 — 4> batch 19 242 3 32 15 51 fig A B B
HHEAT YR, PG — A batch B A7 43 3<% 5 s A AR B o AT
Y5, SR 5 HEAT S ) A% 4% FUBUIE BE 8T . PR T2 B Im) il 28 ) 4%
RERY 76 47 43 SO AV AE YR m] LLAR Ot 9 1 ., I B 3k 6]
X AL AR B 7 A S

[ B A B A A 3] ) 1) i R R TR I T ] F
B SCAR B s — S 7 i R i S A A A2 I 8 5 15 B e A
RUSAEF] DT R 56 Z2 U B0 5 B AR
3.5 BEFEXRIRINE

AP 5C 2R R 32 BE AT 45 P AR 43« 42 3% 45 2 F1 Softmax 2.
BRI 25 58 52 2 05 K P A 5 B AR 7 97 14 i o F 82 A ok JB I
I JE M R, HOE AT 4 % 2 B S UAE i A iR A Softmax
2 A R T A B RGP, AEERRN

P=Softmax(W, x h+b,) (3)
Horf W, Fl b, J& Softmax bR %Y AT 4E M4 A It 8 1 S 40

4 I

4.1 BHEMIRIEE

TimeBank-Dense 15 ¥} 2 7E TimeBank Rk 1t 354l 1
FEET Y 5 7 i e TimeBank 35 8} & o £ 75 B I P 56 &
FR1E L T8 55 09 0] B, 7F TimeBank-Dense i ¥l %, X 36
S SCREAT T AR TR EARTE I 12715 S5 P 5C R L L TimeBa-
nk TERHZE R BRI A 2 BR ® S £ L T “BEFORE” “AF-
TER” “SIMULTANEO-US” “INCLUDES” “IS_INCLUD-
ED"PA K “VAGUE” 6 FCRIM . J, “VAG-UE" M
R — e T IEF BB TR R R, B TRF X R
) 0 DT AE X BE 5E BRE  3X — 201 #E TimeBank-Dense i B} 2
E N A

i F TimeBank-Dense i 8} 22 H () SO B0 2>, HFEAR %L
ot 3 A AN S L AR SCHE BT A SRS H R SCAS Rl ok L D SRR
AR NGB IR R, KX FE L REMN S EZ M

(E-E) W Bf P 56 & 43 2, A K AL TimeBank-Dense i |2 H
A B BRI B 3k L it 6 088 AN AR, &G, & K
RPN FEAE N R 1 5,

# 1 TimeBank-Dense 188} 5 25 50 48 1T B s

Table 1  Statistics of TimeBank-Dense corpus by category
Relation Count
AFTER 1120
BEFORE 1348
SIMULTANEOUS 93
INCLUDES 276
IS_INCLUDED 347
VAGUE 2904

T SRS o b T A AR 4 M BB L % i MR AR /N Ok
B 3 A BEORR M 1] AR SR Y ) F R LT A8 SUBRIE 9 7 1
T A SR IE 2 A K 5 30 BOHE B LR 43O 5 60 A B ST B
ARFCE A T4 IR B IERE R R 8y 1 O K 4 L
TRBCE 1 I 2R B B B 5 UK SE 58 ) T 2 1 REAE O i S
05 1 PR RE A5 r

KT 5 Cheng &5 [ 1y 52 56 P REEAT X HE L A SO AR W]
AEE AR HAT 58 A SE 0 B B . TR A TS T X T AR A B
FH T Glove J7 1% T S5 1 1) [ 5t SC 04 1 A7 25 3% B A3, 15031
Y1) 1]t 09 4E R 300, 1AM a9 4 I B O 50, KRR
71 CHLTR) 45 R AE AR AT AT AR v 5 AL &85 i 22 1) AR AT DR RO o)
B AERE Ry 50, A) F RO In) & 0 4E B B R 100, G i
JZ H I 1] A R T 0 A2 I 2% BT Y /NI Ol 128, A i R
B RIYERE T E Sy 200, I i B A, AR SCSR BT At 1 25 R B
BLAS T R A 4B 3 1 (Stochastic Gradient Descent, SGD) Il %k
FERL FEARHL IR K/NE B R 64, SGD AL 2% 1 59 3h & K 7%
B 0.9, % FKEN 0.01, Mo B I BE AR SCHE
MAZ B ZEMeEEZ 5 AT Dropout #Liil, Dropout
HLARBE R 0.5,

R T HER R IR G AT R, A S O FL
i (Micro-F1) 1% 5 ) F1 {6 (Macro-F1) % 5% 5 ¥4 fig 3k 17
fili o F1{E AT 30 2 2 (P) B 44 ] 4 (RO SR A% ARG 07
s =K@ PR,

TP

P*TP+FP 4
TP

R=TpTFN (5
2% Px%R

Fl==5"0% (6)

Horr, TP IR IE ) CE SEE 2 B M AR o 4] W7 1 1 09 B AR
B, FP 3R 00 CRL SR B A 2 ) v 40 I 6 358 1) R AR 4
FN 7R IE B o 0 Wi 2 0 AR K

WOFE F1OE a2 1 5 0 T A 28 5 B 1Y fE i 2 R A (el
FARETHE L FLE, EFY FLEN G558 88—
F FLE SRR EMTBCr Y, TE )P R R AT 5 1,
W WOE Y FLAGAE Sy 2P HH8 b5 WK 2% 3 F1MEAE 4
BIEHIE AR
4.2 LWHER

T B UEAS SR G S R AR = YOG &R A3 28 bk
REICE T 3 M EREOL v 0 FEME RS EAT LA

(DMIRZA : i Mirza 2514 F 2016 4542 8% % 5 10 1%
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G RRAE 55 0% 4t 1) 400 A 25 6 O AR S Ay AR R ORHE AR 28
AR A S AR LB R AR 7R3 LA B WordNet i {5 B85 1
I s FEA% 52 5 v R U T A R

(2)CHENG: Hi Cheng 251 F 2017 4E 42 1, & 55 FL 0%
25 W 2% J7 vk 5L AT 26 RARBIE 55 (9 7 1k 2 — 5 I 7E S 44
KRNI S T ER RN REREIENRA L CRAT
A BrLSTM [ 48 i 17 4 ith 76 B A 1 FH AT AT 2 2R AiE Fi 41
AN T RUT N1 Y e ol 5 WS R AN S ECE S

(3)ZHANG : i Zhang %512 F 2018 4E42 1 MEB T £ )2
Bi-LSTM #4 2 H — Fift 3% B 3 ] < 5 913 12 B 45 (Deep Bidi-

rectional Long Short-Term Memory network,DBiLSTMs) , &

FEAR IR (9 TR 2 0 SRR L I T BT 3 b Ak 2 X YR B Bi-
LSTM A= B9 1 SRR SEATRHAE R 45 UG T R4 RCR .

1E Cheng %0 TAE R IERE b, A SCffi 1 3T Glove J7 %
TIN5 0 im] [) i, SE 96 PR REAS I T — @ Mt Ak . FEmAS R4y,
ARICMA T SHCAZHLE] B8, T WA T 42 750 2 8 15
B AR B A 2 0 0 LR . IR AR SO
P4 A B 22 0 25 1 2 ) 5 1Y ) B 3RO TR L Rl 31 A
AT AR AT 3 FERCT 8 F1 A L RAR T I i 1 3%
RCERM g R 2 o], s g R T LIk 3, T
Ve S DA AP R I 2 B T O RS MR RESR R L AR S
P& 0 IR R BT B R A M RE .

% 2 TimeBank-Dense ¥4 I #5256 1 fig

Table 2 Exprimental performance on TimeBank-Dense dataset

AFT. BEF. SIM. IS 1. VAG. Macro-F1 Micro-F1
MIRZA(2016) 0. 430 0.471 — 0. 049 0. 250 0.613 0.302 0.519
CHENG(2017) 0. 440 0. 460 — 0.025 0.170 0.624 0.287 0.529
ZHANG(2018) 0.526 0.503 — 0. 106 0.325 0.626 0. 348 0.548
Proposed 0.601 0.573 - 0.205 0.345 0.676 0. 400 0.613

4.3 EWHH

T B UEA SC TR J7 T 1A RLHE T T R B i S 56 25
W JLA FZH R AT 55047

(DfF B 38 B R am AL

TE A2 2 5 ik P L B IR 5T T VR SE R A S Y
AR 590 3ok 2 A W A B AR 0 B 3 AT I o 3k i R R T
PRSI Z R 5 B AE 5. X A Tl B, A SC i 17—
il ok 2 B S ok BRI AN F B AT 5 22 A5 B 38 HL W 7 12

AR SCKAE I Glove T iIl 58] [l it 1Y R G AE RV IR R 4
I IE R F 3N B a8 BB AR L L S AT X LS, % 3
BT A S 2 BB SR AL BT R A BT OC R KR B F1
{B . LA B 6 Bl e 2 RS _E 9 Macro-F1 {5 Micro-F1 {H .

3 A B A E G IR AT P25 R AT
Table 3 Comparison of experimental results before and after

adding information interaction enhancement mechanism

Relation Without Added
AFTER 0.538 0.590
BEFORE 0.507 0.544
SIMULTANEOUS — —

INCLUDES 0.146 0.210
IS_INCLUDED 0.379 0.394
VAGUE 0.652 0.669
Macro-F1 0.362 0.401
Micro-F1 0.574 0. 604

SRR AW AR TR A AR R A LI SR AL B 46
ARG AEAR R 10 92003 BT 8 AR S 32 H R SR AL TR 9 R R AE
Macro-F1 {1 Micro-F1 {f I 4 B3 T 3. 9%l 3% 1y
Th AR T A SR

AR Sy R FF 1 “ said” 5 “forecast” 22 [A] fY) B % 56
0 AFTER” , s SR AF B AR 10 22 53 307 81 0 Csaid) 47 43 32
J¥ 51k (forecast, far,added . said) . i F {5 B 3¢ . 3% 58 ALl 1Y
TR AR AR B T 44 18] “ said” B A F5 44 18] “ forecast” BT #E 43 32 1
AR 25 00X — 15 B 5% 5 M B =5 14 X6 ) B B 5% 3R 0
“AFTER?”, T % {8 FH {5 2. 32 HL 1 50 ALt 100 450 250 D0 468 o5 o I
WA “VA-GUE”,

S, : The Bureau of Labor Statistics said the economy ad-

ded 358000 jobs last month,far above the 235000 forecast by
economists.

WA R RER W FEAR R KB, “ V-AGUE” 28 8
FEA G T SRR — 2 A 45T B 2 {5 1) T 0 A A T Ry
“VAGUE R, IS 5 28 F9000 19 A JE2 45 R 5% Wi, 1 L 1 Joe
25 BRI T AR B 3 TR SR AL T DL BT b i P I A ]

(DHFFoR

H A3 Ao 0 ) A B AR o A b S o B R G R A
AR EX TP R RS T, (HE, M a7
2 I 7 % 3 ) T R S 4 B E] T X B % 5 Y FRLIE) AT
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Table 4 Comparison of experimental results before and after

adding sentence representation information

Relation Without With With With
Bilstm Bigru GCNN
AFTER 0.590 0.595 0.602 0.601
BEFORE 0. 544 0.565 0.572 0.573
SIMULTANEOUS - - - -
INCLUDES 0.210 0.191 0.169 0.205
IS_INCLUDED 0.394 0.395 0.401 0.345
VAGUE 0.669 0.661 0.662 0.676
Macro-F1 0.401 0.401 0.402 0.400
Micro-F1 0.604 0.602 0. 606 0.613
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Table 5 Confusion matrix on TimeBank-Dense corpus

AFT. BEF. SIM. INC. IS 1. VAG.
AFT. 613 45 1 6 9 400
BEF. 50 694 0 4 14 546
SIM. 18 12 0 1 0 56
INC. 9 23 0 36 1 206
IS 1. 13 25 0 0 93 202
VAG. 247 310 1 22 58 2170

A EE T DL R AR B S ELHE SR AL RE TR —
FEBE b B AR 40 A5 A X 4857 Ok 5 L (12 “ VAGUE” 26
{9 BHRE AT K SR 5 M AR AR S W 1) R SR K i B ) T BUHE
BEARB AR R IR,
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KRRGHRT Y. EHE T A TR A 248 09 26 3 B A~ ) F
B SR B BV A ) T3R8 . SRR Al IO 3R 22 18] Y de g
AT BEAL R I 20 B A 1 AR e SUAE S B A L 5 K
H]F R LA B dw KA B AR T 5 P A B Y )RR
LA i 0 PV R SR VA LTSRN = = ST e R R )
BRBUHAR SCFIR I A S B3t 52 L0 ok 18 38 0 A% 51 1] Y
RRACH. , I W it 2 2R3 0 1 SR A i 82 2 il
F Softmax #8800 = 4 X 18] 1 B 7 56 R AT 43 T . 7E
TimeBank-Dense 158+ ZE I 19 5250 45 5L & B 7R 3077 ik B 19
RORIKB| T KT,

WP DGR A X 2R S B 1 — 2 ME K IR 2 FF
A B N AR M 3 . AT R N 0GB 2R AT 55 B
RPEREAD AL TBAR K. 724 S5 1 TAE 2225 B0 5 7
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