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Abstract: Addressing the issue of error propagation in existing research that decomposes the event
detection process into two staged tasks of trigger recognition and classification, this paper proposes an
event detection method based on type-semantic prompts. This method uses event types as prompt
information to guide the model in extracting triggers corresponding to the event types from event text. It
enables the parallel execution of trigger recognition and classification tasks, thereby mitigating the issue of
error propagation between tasks. Firstly, the cross-attention mechanism is utilized to process the
representation of the event text and the prompt template consisting of event types, obtaining a fused
prompt representation that integrates the event text information. Then, the cosine similarity between the
prompt representation and the event context representation is computed to obtain the probability

distribution of the trigger positions corresponding to the event types in the event text. Finally, the position
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of the trigger corresponding to the event type is determined based on the probability distribution of
positions, thus achieving parallel execution of trigger recognition and classification tasks. Experimental
results on the ACE2005 and MACCROBAT-EE datasets demonstrate an improvement in the F; score of
the proposed method in event detection tasks.

Key words: event detection; prompt learning; cross-attention mechanism; cosine similarity; probability

distribution
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TP RN AR 7] A AR AT S PRI AT ) R . SRR O3S S K (Event detection, ED) RIS 448 Itk
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AT fih & 11 TR RN A3 AT 55 1 B Y, B2 A AT 55 =2 TR) 15 22 3 T A% 38 1 IR 52, 8 v S PR A I A M R . AR
X HTF BART (Bidirectional and auto-regressive transformer) Wi Il 2k 18 5 # 8, i So 3K B F B F SCE
SCFRAE AR5 0T FH 5 1 B ML Ak R S T SCERAE RN S A 28 B R R AR, AR AR A S R SR X
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Fig.1 Example of event detection
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Table 1 Event types and event subtypes in ACE2005 dataset

e i
Life Be-Born, Marry, Divorce, Injure, Die
Movement Transport
Transaction Transfer-Ownership, Transfer-Money
Business Start-Org, Merge-Org, Declare-Bankruptcy, End-Org
Conflict Attack, Demonstrate
Contact Meet, Phone-Write
Personnel Start-Position, End-Position, Nominate, Elect
Tustice Arrest-Jail, Release-Parole, Trial-Hearing, Charge-Indict, Sue, Convict, Sentence,

Fine, Execute, Extradite, Acquit, Appeal, Pardon
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RAFIZF AT BN R ) RAE . R ifb i B RIR
E;= MeanPooling( H**" [ El . El,+11]) (6)
KB R B A i AR B RAE s E L ME Lo 50 RN i A F A F R B & i 4310 5 15
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F T AR S5 3 R A ] 5] il B0 R — T 01 2 U L 1) 22 Ak & ], BN 46 U 24 24.5 %6 RFEA AT
FEZ R AT 2B NG O, AR B SRR AT B S50 7 28 BB R 2 A — b, VAR AE ™ B I 2R R
TPHFI G . R, AR SO R T 36T softmax F1 28 X 1) Z AR 283 88 R, i T Z2 RS
WL
itk % 1) S 1 A E A B A5 2 BR B0 50 Loss?, Al Lossk,,, 2 B SCHR[ 17 |47 4 S5 v] 15

Lossl,, = 1n<1+ >e” )+1n(1+ D e ) (11)

JE Qe
+1n(1+ De P) (12)
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Loss! = ln(l + z el

JE Qe
e o TS 7 28 BT A B S ik i iR RS AR 6 A B BT AT A RN R TR SR TR BT Y I
S fih 25 VS B N2 B 5 2,0 T 0,0 S0 I RN FEAR B IE SN AR 5 o
B3 S g i A 2 BT 07 A4 451 2K pRBSCHE AT SRR, 45 B B 2 A 451 2K PRUBL Looss o, TR FE N

L 0SS o = 2 Loss. .+ 2 Loss. 4 (13)

A TR M0 32, W T H 25,
2.5 fil % 17 % FE HEEE A U
X 2.4 75 A A5 2 B A R F5 1R 1 2R fh % 3R] B B 67 B2 1B A B HE A A Pl M P Ly, AR
KHR &L R 17 2
Xof AN AT 2 AR W B fish & 3R], 1S i sigmoid BRI EORE HE BA 7 AR R 2 A RN 28 1k A AR
RIYH Pl TP Ly 53 5L R T E Start .. F1End,,o, SN BIE IR E 8 0.5, THETREN
Start,,.. = sigmoid( Pl )>> 0.5 (14)
End,,.q = sigmoid( P}, )> 0.5 (15)
SRJG H R 4G TN A Start,,q K 1 BYALE LRAFAES) R b, IF POIZAL & A g K A5 BE N 19 26 0k i
WE End ., 28 1008 25 G 08 b 000 {08 B 25 41 3R D, b K00 3o 43 02 AR 40 548 45 v i A3 fih i 1)
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AR SR T A S AT BB U2 9 ACE 2005 B i 4 A B2 2 45 48 1 MACCROBAT-EE %42
SUHEFT SR . ACE2005 504 45 il = B B M & A L 35 T 2003~2005 4F ] 1815 18] 1 % A 1 4
2 AR ) SR SO RS SRR R B AR L 599 AR [R) AR 1 SCAY i 2 33 FP R
P27 . MACCROBAT-EE J& — /™I PR 3+ 4 il BUEHE 45 L 43 % K H PubMed 23 H] 1Y 200 4™ 1 AR5 5] C
Ry g SCI3MOBURZE AL . ACE2005 F1 MACCROBAT-EE ¥4 4 (19 B &1 43 Lo 4 201 42 2 s &

A SCHE BT 5 Du % T oA R B BEAY 15 AR - A %2 HIEEXS
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D32z fivk 2 1) 5 OE B R0 5 A0 SR S 2 R A 5 b o flk & ] B Wt Rirgk MR
1) S S R DT E D00 32 fink 2 1) 4 TE A 4SS o i 3] TR ACE2005 529 30 40
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3.2 HMESHIEERLKIRE ®3 XWIRE

AU BePE T BART M I 208 = #5035 F) T 95 b Table 3 Experimental environment
RRME R . b, BART -base 8% A 6 J2 i Encoder gL AN B
F Decoder 45 #4 , ifif BART-large #5571 I 5% A 12 )2 i Encoder U Windows 11(64 i)
Fl Decoder Z5 My o 7ES2 v, 8 T HE vk A/ 2k 16 B9 1 254t CPU intel(R)Xeon(R)Gald 5218
Y, A 2 ST 30 20— 5 AL B AT I 250 LA, iE IR R GPU RTX 4090(24 GB)
TR SEWL 0.01, I8 1) AddamW 4k 28 3 17 2 g g, PYioreh vk 2-1.1+CU121
A G BRI EAT T 1000 IR, ASCi s s gk CUDARCE 12.0
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(1) DMCNN" A2 T 3 45 22 b £ 35 AU 22 W 2% fof ) 2 265 22 1t J2 R AR A7 B 0 5 L

(2) JRNNY . i B T %) B9 76 36 # 22 9 % (Recurrent neural network, RNN) |, ## I £ 1 i X

(3) IMEE"™ . fifi FH [ 1 7% 77 WL A4 1 Pl o 20 00 4%, 45 TH 555 12046 00 1 o 80 236

(4) OnelE™ s BE 3 T WA bl 28 W 45 B | 235 45 SCA 1 4 Jrd 1 8L, il 3 g 3 4 Jd i A R e A7 1
.

(5) EEQA"™ 1 YO 24l B A2 5k S ) 245 /1) 35 T e ) A, L 3 390 o 14y 5 2 S0 AT 2 1R A B o

(6) DEGREE(ED)™  $8 H T — 35 F 4% {1 25 18 009 20 A 74 S 380 s 1) 80 2 12 BBORSS 980 3 ok il 45 = 1
SCAR R 7R SCAS 2 v ) {5 B E AT S 1 Al .

(7) IFPT™ — Pl A 92 A5 B SR RS B A 3R B R
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TREE SIIG A8 1E M, AR S04 ) 3k T BART-base Fll BART-large Wi illl 45 i 75 45 %4 (Pre-trained language
model, PLM) B3 T TSPAREAL, SLREERME 4PN,

F4 ACE2005HIEE XL LWL R

Table 4 Comparative experimental results on ACE2005 dataset %
- PLM fish % 1] EL 5] fink % 17 4324
P R I P R I
DMCNN — 80.4 67.7 73.5 75.6 63.6 69.1
JRNN — 68.5 75.7 71.9 66.0 73.0 69.3
JMEE — 80.2 72.1 75.9 76.3 71.3 73.7
OnelE BERT — — 78.2 74.9 74.5 4.7
EEQA BERT 74.3 774 75.8 71.1 73.7 72.4
DEGREE(ED) BART-base — — — — — 73.3
IFPT BART-base — — 75.1 — — 71.9
PromptlLoc BERT — — — 73.6 74.2 73.9
TSP(Ours) BART-base 80.6 81.4 81.0 75.2 75.9 75.6
TSP(Ours) BART-large 83.0 81.1 82.0 78.7 76.9 77.8

HY 2 4 0 SE I RO A 1 LR S8

(1) TSP J5 ¥& 7 fil i) PR3 F 53 24T 55 b a3 A 3542 T, 3R 8207 A JE R DT 55 b
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(2) 5 FUE 2] DMCNN JRNN A1 IMEE # B4 e, TSP J7 i3 78 S5 0F K AT 55 b 2 80 I
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B 30 R S 2 T 0 o SUMR BRI A B R 5 B o R 32007 ¥k (0 B AR vk BB A0 T At 3 b 1k

(3) 5%t Mo AR Y Hh vk i e A0 9 OmnelE B R AR H , TSP 736 (0 B AR PERE A B F 32 7. R THAy 2R
[KJ2& Onel E A5 70 SR H P By B AL 34 5 s ST 3 40 46 A 55,5 350l ) RS0 9 BB 1) 3R 2 A% 368 O 5% 1 fih &
A 2B BE o T TSP 7k 9 5 B b BESR W R e Tk AR 22 BB G, DT B T S O R U A o
Bk

(4) 5RF R 2 EEQA . DEGREE(ED) \IFPT il Promptloc PO AR B A kb , TSP J5 32 A H
REXA T, R T TSP AR AU i3 38 VR B ML 52 30 3 44 SCA RN 7R SCAS 22 (0] 1 B 38 B, i 75
TSP AT GE 547 i B8 22 (1918 AR R, DA Ay 5 4 D00 A 5 B2 A3 B 4 v 7 £ S, 2 0 58 B B 4 ) R0

It Ak, 3 F BART-base Ml BART-large (1) TSP 5 % 4b ¥ 45 2% FF AR (1 7 B 155 (8] 43571 R 0.014 s Fl
0.052 s, 3% F& B TSP 452 AU 7 kb AR A ] ] _F 525 06 55 i M R, 8 6% 78 ol i ] P 7 480 bt 52 B RS o R AR 11 b
T 55
3.4 HELEIG

9 T HFSE TSP )5 364 AN 21 W8 40 1V T , AR 5 78 ACE2005 508 8 b dE 47 7 Al s2 86, 4045 LR LA
LEE

(1) w/o prompt & 7 Ml Bk 28 74 AH 3¢ P £ 7 B, 1220 B8 iy S 4 ] BART g 5 g A5 3 SCAS , 75
XoF S S TR R AT b AR A 5 R FH A 2 S A SO R A R Ay S SIS TR i A6 R 4 R A Y
RO A TR R R BOT AT HERE
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(2) w/o prompt(With scattered templates) F 7844 TSPt i 245 AU AH G $2 75 A5 35 48 oy 288 Ak S7
PERIR .

(3) w/o crossattention( With relevance template) 78 i B T & /- BOAR AT ¢4 1 F SCiy s B 138
o, BV R SR R AR SOAR RAE AT AR XA T . I s AR Sy R AR MR

(4) w/o cross-attention( With scattered templates) #& 7~ M Bx T #& /R BEAR AT B F MBS E N3
o BV R PR RAE S SCAR RAESEAT AR XA THA . I PR AR AR Sy R Ny MR

(5) w/o multi-label loss 22713 ¥ 22 45 %5 15 2% pRBORF 8y — o058 SUM B K PR S

(6) TSP R4 SCHT 4 1% 56 Re R AL | feff T 04 $2 7R A0 Sy 28 ARUAH DG PR AR -

XFFRL b SAN S5 B, 43 i A [R] G S50 56 PR B T R AT S0, SR A R AR S TR o

K5 ACE2005#EEHRLIEER

Table 5 Results of ablation experiments on ACE2005 dataset %
i & ) 1) fiih & 3w 43 2
A PLM
P R F, p R F,

BART-base 773 80.9 79.0 720 754 73.7
BART-large 80.3 8.1 81.7 755 782 76.8
BART-base 789 769 779 746 727 73.6
BART-large 76.1 749 755 728 1.7 722
BART-base 824 744 782 78.6 71.0 746
BART-large 79.8 80.1  80.0 76.0 76.4  76.2
BART-base 76.1 80.6 783 714 757 735
BART-large 76.1  79.7 77.8 727 76.2 744
BART-base 79.8 794 796 741 741 746
BART-large 80.5 839 821 755 787 77.0
BART-base 80.6 814 81.0 752 75.9 756
BART-large 83.0 81.1 82.0 787 76.9 778

w/o0 prompt

w/o prompt(With scattered templates)

w/o cross-attention(With relevance template)

w/o cross-attention(With scattered templates)

w/o multi-label loss

TSP(Ours)

H 2 5 P AL IR 45 SR A5 1 DL R 4598

(1) ZERUAH M AR /R B AR X 45 S ) 2 ma 38 i 2 . w/o prompt Al w/o prompt( With scattered tem-
plates ) 15 AU (1) A 2 24 A W] G T B, AR I T 28 AR DG MRS AR ) RRARAE ] o I BE AR AE LR 4 11> S R 2
Sy P 0 TR I S B S Y ) 1 3 SCAE L, X b A2 AT B T A A B ot A AR TR A O 1), 2 T 4
et S A 0 Y A R

(2) AN FEEIEXT S RWAFAE B E W . w/o cross-attention( With relevance template ) 54 (1) F,
A BT T KL X 02 h T R0 i SOA RAE 5 4 7s A AR R AR [ 19 125 3 = ) & L, R BB B i 15 B AC L
JI R, #4h, w/o cross-attention( With scattered templates ) 155 Y ¢ i iy 3 N [ 0@ 25 58 g 0 |, X &
Jpf A TR BUR L&A FA TR BUR AT R B, S BOURT I8 SCIE B DT AR T AR
P fi o

(3) ZhRB M pRE T 25 BB A AE R RZ IR . 3T BART -base A w/o multi-label loss # %1 f) I, i [%
I, 33X 2 T A SO A D 5 Ry 22 55 28 3 AT 55 (T 22 28 40 2K o 50 RE 41l 2 4 285 ) 149 AH G 14 AN
FEAR R Z e 30 TR AE . M3k T BART -large (R 8 7E filh & 1dl iR 54T 55 B9 FfE#RTF0.1%,
X2 A BART -large (4458 BB F 2 50 AR, 48 B 1z AL g D ALV E T
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3.5 HEEZMIGIE KR

ST B AIE TSP LA 77 AL RE J) , A SCHE B2 27 4038 ) MACCROBAT-EE 48 4 1 #E 47 1 X% L K2 3
SIS v BT AT A B R B MACCROBA T-EE 4 42 vh a2 SCAY 13l Bl 285 750 (9 9 42 S0 Ak
3.5.1 strikie

SCHG FI A Lu 2T 60 5 51 B 45 0 00 A R R Text2Event, LA S 21 35 (9 77 20 0E 47 25 18 4l U Ma
AESHL Y LT A R Y Y Vanilla DICE J5 5 , 38 i $5 K 33 0B R U AT 382 Koy FLARU o % S B 485
W 6 Frs .

#* 6 MACCROBAT-EE# & FHIXTLE S ER

Table 6 Comparative experimental results on MACCROBAT-EE dataset %
" ik 42 371 51 i 2 1R 43 2
Fi PLM
p R F, P R F,
Text2Event T5-large — — — 66.6 60.5 63.4
DEGREE(ED) BART-large 71.9 66.3 69.0 67.5 62.5 65.0
Vanilla DICE T5-large 65.0 74.0 69.2 60.5 70.2 65.0
TSP(Ours) BART-large 67.7 77.9 72.4 63.8 73.5 68.3

H1 22 6 B9 BCHE T 0 TSP 7 75 MACCROBAT-EE U4 4 | % 52 56 45 52 0 Ak T %F g | 2
IR A v T G T R R R A T AR T AR R TP R B AR A 19 Vanilla DICE #55Y , TSP J7 2 75 firh & 4]
PUIME S L F AT T 3.2% , 76 filk & 1) 4y KA1 55 109 FE$ETH T 3.3%, R B TSP ik B A @
ZAkRE ) .
3.5.2 ERRIRE

AHTTEMACCROBAT-EE #ls 8& b #F AT Ml 295, 1 A (9 IC 5 3.4 A TR . Sesm g Rk 7
JiR o

%&7 MACCROBAT-EE#{B& FR LRI04 R

Table 7 Results of ablation experiments on MACCROBAT-EE dataset %

" fink 2 1) 5] fink 2 1) 43 2%

50 PLM
P R I, P R F,

w/o prompt(With scattered templates) BART-large 62.2 81.3 70.5 58.2 76.0 65.9
w/o cross-attention(With relevance template) ~ BART-large 65.0 7.7 70.8 61.1 73.0 66.5
w/o multi-label loss BART-large 64.0 80.0 71.1 60.2 75.2 67.2
TSP(Ours) BART-large 67.7 77.9 72.4 63.8 73.5 68.3

122 7 1 (R BN T 0 AR BE X TSP Jr 6 HEAT I 9 Rl S5 56 o1, 4 8% B 0 1 A DG MR 4R AR AR A L 58 TR
FIHLH A Je 2 bR 88 1 Rk BB 3B D A PE T RN I PE RE S I B T S TR RR BE A R [ . X — SR A5 R
AT HEAIE T TSP 2 v 25 A Hk 1 4 T = 4 0 A 55 v 236 1 A Ak o
3.6 DHEATZHEIRIELRE

J T ARIE TSP AEDREANG LT B2 AL BE 1, A8 SCHk 2 ACE2005 89 4 1 b4T T/ REAR 5236, 52
35 {d F BART -base #5278, Jf- 43 52k FH 1% .2% 5% .10% .20 % .50 % .80 %6 1 100 %6 A~ 7] B 71 1) Y1l 25 £k
P, L 25 R 3 TR
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55 LR RERZ 4R T o A f /N BN ZRBOE LB (100) T, RS0 0 1k B B8 AE 5 24 I 4 M dl LU 4938 22 1024
I, R A PERE S B T BB T 5 U R R — AP 2 2000 I BERY PR BE R AEAS B TR LAY B T
X — RIV SR AL GEN] T TSP BRI D REA 27 o] i i R P, g — 2P IE S T HAE D AREAR NS BT 19
RIFzeae s .
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Fig.3 Experimental results with different sample proportions on ACE2005 dataset
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