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7 E: F0 § AR M IR T A E AL, SRR A TR L FEA LA, TR T 4R B
BRI R, £ P ORIERRF T THEE S EHm T SN A et s AT A A K S 87 %K
HARIF H R e 3K — P, R TF A R KR e T 2 A 4%, @it R B R 20 9E B xHfik K 18 AT IR A e i
R REFAREREMCRET FRATNLEAELIN, RASEL5F ) RATEIERE LR T AR L3 F44
fE KA Z A 0L B M. AR BT R £ R THEEZ R EOIN K s IE A7 E, FEAMERIRAR, 2
M REE. B, 42— AT LR BN 5k LG EF I RREAEARAT AANEZTNERE, &t (DM
3 MR K I BB R T R T PR AL R T8 B G A R AR B K 38 09 KA L RGBS (2) HHEAR A A A, £ R AR
& SR T A K R G AR AR LR, W AN— AT SRR B B, AT AL K T Ak 35 A AR K R 69 ) A8 40
JEEE. BT 5] vh L PAE EA B IR EAEA A AT AT Hrm. O, AR AR R KB ERBI KT P,
M IR A R AARAL . £ ACE2005 A= MAVEN #4% % 138 38 R B A2 A Hfe R-F AT T 69 29 AT4R R
TR G M, RS G A RREZ R NBEA.
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Event Detection Based on Meta-attribute Learning

HE Rui-Fang'?, MA Jin-Song'?, HUANG Xiao-Jia'?, ZHANG Shi-Qi’, BAI Jie’
'(College of Intelligence and Computing, Tianjin University, Tianjin 300350, China)

*(Tianjin Key Laboratory of Cognitive Computing and Applications, Tianjin 300350, China)
’(The 54th Research Institute of CETC, Shijiazhuang 050081, China)

Abstract: Event detection (ED) aims to detect event triggers in unstructured text and classify them into pre-defined event types, which can
be applied to knowledge graph construction, public opinion monitoring, and so on. However, the data sparsity and imbalance severely
impair the system’s performance and usability. Most existing methods cannot well address these issues. This is due to that during
detection, they regard events of different types as independent and identify or classify them through classifiers or space-distance similarity.
Some work considers the correlation between event elements under a broader category and employs multi-task learning for mutual
enhancement; they overlook the shared properties of triggers with different event types. Research related to modeling event connections

requires designing lots of rules and data annotation, which leads to limited applicability and weak generalizability. Therefore, this study
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proposes an event-detection method based on meta-attributes. It aims to learn the shared intrinsic information contained in samples across
different event types, including (1) extracting type-agnostic semantics of triggers through semantic mapping from the representations of
special symbols; (2) concatenating the semantic representations of triggers and samples in each event type as well as the label embedding,
inputting them into a trainable similarity measurement layer, thereby modeling a public similarity metric related to triggers and event
categories. By combining these representations into a measuring layer, the proposed method mitigates the effects of data sparsity and
imbalance. Additionally, the full fusion model is constructed by integrating the type-agnostic semantic into the classification method.
Experiments on ACE2005 and MAVEN datasets under various degrees of sparsity and imbalance, verify the effectiveness of the proposed
method and build the connection between conventional and few-shot settings.

Key words: event detection; type-agnostic semantics; metric learning; few-shot learning

HAFKE I (event detection, ED) 5 7E TR HE 25 ¥ A SO P 1) i A 7] (RUARACAT T8 S0 AR IR B 1) ), ke Fo o028
NTE S FAE2E R, S BT 2 5, 0 a0 iR PR i g RN 2R 5 A R P

SO R B R BRI B AR (Al CUR R SRR Y B S IN, SRS T Rt Re T ik
b, T E RLET AR, — SR R IR T T R AR BONZR G D REA T i U RIS TR kS (B
EH T [ 1D 2500 5 s N AN P18, R 2552 K 11 28 3 8 HR A A0S 00 )1 25 A R ) A S8 AT — TR B AT
% LL ACE2005 #8205, HbnvE i fi A 1] B o UG AS B BEANTE R 2% (5649/301229), Mo, — 3411251 1)
b 22 AR, 51040, <78 (attack) 285 A FIREAR RN 1629, T IEREX (release-parole)™ 5| (extradite)”
Bt (pardon)”iX 3 FhEE M@t RA 16 MEAR, SOAHTHE I 1%. FESLhRIg s, 1R ME R I3RS 2 9% B U 2R 4
AT I A0, 1% T B L T S AR M4 TR R 3 R 425

A 1K 2 B5 1R AS BEAR L7 b A e XA 1) R IR T FE AR5 A (R 2800 B A A A, PRI I 2R e
g L F 1 1) R SR RSB 28000 & B RRFAE: 90, [ 5 28 001 8 1) S A 00 77 v A FH A A RO RE AR I 2 2 R 4 0
R BIREAGEAE ) A2, JEF SRS A /D BE AR SR D7 12 2] R R 28 301 e FL i S REAR R 3, Il i
2 ¥ P AR RE U IR R AR AT RN 43 2. 2 R B A2 B B s A B S B A RE AR MR A
BITRIRENA : FEA R TVE TR AR A8 1S 5, AP (R RE AR 1] R 23 5 33 AN 43 2 18 B AR 1) SR 28 28 31 Sk [17]
R F A RIS T A T2, A 0 AR AE = 5 A TG, SR 2AE 45 2% 2] 7 i A7 E s (W e & 2%
S CAGRAR AR R B, (H 20 T SR 2 1R S 6. SRR — U IF St B 2 B 2 1A ) 6 REEAT T AR O (R
TR BR K B AN T AR AR, S 80U TR PR, 32 A AN o,

FHECZ R, FrA 200 IR AR A — Le L [R5 28 AR TE S R R PE T (A B % o) i SR — AN FR 2 R A
JUMEEA, EATI IR AT LA LA S B AR AR FR AL 145 B 3R . AR SCAR X Bl & M v e J8 P (meta-properties). 25 FEfill &
T RIFEAS B YE: (1) BEAM & 1EER 7] LS o — R 2R 51, Bl<gift, it e BAR R A A R B4t (2) Al kA
55 [F) 28 ) 1 fieh 1) B ARLARA, T A A2 SH A 288 31 0 fl A 3] . X 4 i i ER AN () S8 ) PRI AR S 22, AN 32 AN~ 485 40 A T 2
W), AR AR ALY SR R 8 X450 52 SR S FE AR B [F) S TRk 1O FE. O 7 SR A s R AR T B 1, AT 7T s MR R I R
S D7 e an 8 1 B, T A E SRR 25 B AR, A8 T8 2 3] RN KA ARRE (B 1(a)), %> Jol@ it
(B 1(b)) S04 53 A (1 s i 5B /N, X G B T G B 7 s FAS P45

FRl b, A SCHR Y — b G AR U1 R0 v i R I 33l 0 A AN 3048 1) e S P 2 ) SRR 7 32, 5 DA 2 P 4%
B ST X il 1m0 BRSO R PR T @R 6 TR (1), B A il R B o — MRS (R
[trigger]), TR B H 1 3¢, Hol i 2000 o382 2 1 2 2B AL (multi-layer perception, MLP) I 25 {8 fid J 1] IR Bk
5 B2 R T REARBL. X Fh 5 B 2 7R T DA 1R S fl & 18] B 28 3 TG 58 X, T AN A2 A4 28 1) 1) 2L GOREAE, X
T SCRERS T2 5 b 5 A E SR AR 38 SCRHT X 2. 0Tt (2), AR BT R 2R A M A FEAR 2 (A g Sr T —ANa] &
ST BE AR X TR AN A S, BERR IO BT R R 0 R s T B A AR A IR ANE SRR, PR AR
25 (RN B2 FR) BIE SCRIE RN AR, R38R R BTG XE B TR SRS D LR T IR R s HiE
SN B G E T T BTN A AR A, AL RN S R IS R AR R IR AR R R P, Hdad
P2, K2 G AR AR RE S BONTT AT 4325, B, 9 1 AR A5 = WA 0 SR 0038 S i B, A SR
AR TERAE SRR T 25, A e 7 e Rl G a.

© TEBREEEEIEDT  htp/ www. jos. org. cn



W
W
(o)

HAFFIR 2025 55 36 A% 2
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1 [ | . F 1
| b P w) | I |
g x 5
I P — * N
| T » (wwnses] | (s ) ® 4
| b E A
] ) ERR
! , wE
NET BN ERET X =
HAHIREA IS SIS
(@) VI Z R B 7 A K R A X (b) B 5] T R I

K1 SRS ZRoxt LE i) T0 s 2 21 on B G 5 BB R H AR T8 35 2] i)

25 ERTR, FETTIRERE: 1) $2 5T oo @ v 0 SRR I v, A8 5 2 51 2 B T B S ATt & 1R U3 A
CRARAIR GG, LA 38 I 27 S RE AR RN 22 288 30 F R A0 P R A Ml 10 2K LA S A 5308 43 AT A P 2) o
ACE2005 1 MAVEN #4411 S8 25 B UGAIE T AR S5 1R (R R0 DL BORE A B0 F LG 9] D 55 3) ol i 428 il 1
I P B0 R Ll 51 ok 8 ST A 0 1 RN D R AR 1 2 TR R B R

AR 1A GG AR T R PR, 55 2 IR T u B ST S A AR A, 5 3
P 7 I AR B AN SR A0 M BE AT T BGAIE. 58 4 STl A BN [ R RN SR A R R 3 SEIAIE T TR AR
R4 RME. f i A 4L

1 HEXIIE

L1 —RMEEHEN

ERNBERE S MBI — AN EEFALS, OF BAEGF AR 52 KRS0 LA Wi k2K, BB TR e Ak T 5%
TN 0 TR (0 7592 PO PR 3 5 B R SR ST SRR B S R 2 R S K A B TR 4
FEIRFIE A . 22, 49 Wt S Rl PEAE R AR 30000 R 4F, R ONRHIE A &, FH AL G BT LR 2 =1 7 VA S 44 i
R B FLHAF A AR SR T BN LT BB L INRHE, Bz hRe

W65 R B 5 S R, A 56 T R ARl 5 v R I TR e e BARBEE: (1) BGE CARR R
5, )P AR RN 8 T s 22 I 248 S5 0y, s U 22 R 2% (convolutional neural network, CNN)P*L fE¥R 4 22 ) 2%
(recurrent neural network, RNN)**2% & #% B f 4% (graph convolutional network, GCN)!'27=0 A g sl 47 X 4%
(generative adversarial network, GAN)"" Il 4535 5 15 ! (pre-trained language model, PLM)! 45k 3545 £ 5
1227, Wang 5 N I T 06 BT 5 7 VR AR 78 4025 ) SCAR T8 U7 RINE R S5 K, AT 58 w80 A ek % 1
WICHELERE. (2) HHEIG BRI 7V, R MBS 7 1A 5N I SR B0 DLER i i 2 () 14 B R B 45 1. Wang 45
N T HO-2 A by ke g e W B 8 b 1 5 1), Pouran 25 A PRI GPT-2 B B4 1 1 I 2Bt SR 4R i
RIFPEBE. (3) EEBLANRA I, SIS RIIR LA B AT AOAE 2., i A I VR S 6 R SR 5 SCAR,
S FRTE R F TR I, R AR HE SR B2 I 2R — AN H B 1 20 (teacher) ALK Tl 268 B 2
A: (student) BEALAE, Lu %5 A P2 —Fl Delta 87 77 72k AR i K 341 1A 40 590 U RIEZ AR 1AL Lin 25 N P H B
2, ZE A VR 31 ke A T R 94 ) AR BT SO AR B SIS 28 00, AT 7800 I SCA B SR R 2 2. Wang
25 N VO R R [ SR VE T A0, 8 A R L RS I fih A R R T, TR N PO E B A A 1A R R I R
FET T AL A1) RN 35 T P o 4 D 288 (R A7 B RS T e I B R S5 R RN S5E AN YR 7 35 T BERT
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PER RN S AR ) 22 AT 55 D kAR sl R A A I g . L D VR R R R, BN PR [ 35, I BT il s
SRS A LSRR I SRR AR,
1.2 DHEAREHEN

LR, DFEAZEAERI (few-shot event detection, FSED) #4R H 71 512 1 9y, A AEA ARG I r1 4% 00 B AR
AT BN — LR, SRS R SRR (prototype)!™. B A () 4 28 51 T LAAR s HL 2R AR
T 8] AR AR SR o . 30 T AR S50 T 2803 SR R (20, 914 Deng 25 A Pl U7 D REAR FAEREIAT 55, FFIH
ENASICAZ A 28 5K 2 5] Bk F R JE B )35 YRR, Lai 2 N PR 7 #% 4 DT BC AR TR0 A5 8, DA/ RE A SRR T B 436
BLNGES. 25, RN RIRR SRS B, i3 256 & PRNEC AR U, DU S8 JE 8 (1) %R . Huang 2%
N SR R 2 M B 25 S A A 28 500 1 1 Ak s A T SRR IR (B B 28 B0 E 98, 5 B — S TR HAR R A RE A
TN RS 2 8 FRZ A TR RE, 910 Lai 25 A UOHR it B A 4515 B BEAT B, DAIR e SR O 25 1 B8 308 25 1 AL
Lai 25 A\ U FITR 2 STRR R IE A7 iR e 1 S ) (0 A A AR 25 SR R AN 192 0 10 A, 45 T sk i) 3
B HTIE A% B D RE AR 2 ) AR RIS B b, BRI )7 (0 A AR I B SR i A SO AR SRR, LASR v FX 3 S A 20
M2 AR, Zheng %5 N VIR H I 25 18] 5 129 56 20K I SR BE AR 3G 3ol BEAS G DL & I 25 55080, 3R Poincaréift
NTE TR B W 25 (Bl b B R s B KA I AR 28, T B iz A e,

25 b, KR OF TAF 32 B0 el 538 SCAR R IR, BOA ISR 45 & DK MR E1R PR 51N H1R LS AL fid
IR B AN S SRR R, T RS T 75 R 7R 5 ) R0 3 2 Ik Rt v AN (R S 2 00 2 TR B = 0 A () 22 5%, X BT VR IR )
B BE R B AN P B DR, 4R X A A1 PR O R AT AR, B TR 2 5] S R MR IR TR L (172
Tt
1.3 EMBIEHBHRNANTE

B FR A PR R 2 2] TR R A LSRG B — N 1) . b, NP Rk O R oA, A fe TR AR S A7
TEZ AR, DB G R B A ML o CBHE AR AL, R 2 & VAR AR 1 /N 435 S5
B2 8 IE AFEA R IEREA & LUARAR I T, 800 A A ) oA Bl R A A 1], Ak %3] o BARIG. AR B 2851
AN ) — FhRR IR 175 L. 2 MR AN T8 1 vk R LS (1) JE T SRR 53k, B RFE CRHREAR > F S 3k 47
HARAE) KORBE (TEREAR 2 9 HEAT 34 RAE) 25, Ren 5 AN V9% A Softmax 73 258876 4041 b i i
T B, $2 tH—Ff Meta-Softmax J5 V2R Ak 1A 50 1) e AL VI GRPE A SRAE 32, A 2R 2R 231 AR MR A 23
A1, Xu 25N EH D AR A3 8], RISk SRR, B H H 2 REA I P KA UE T 4325, (2) 2
FAR R M7, BRI P S [F) 05 4 B AR [ BCERL, 9140 Lin 256 A 2 H Focal Loss, 7 I 4kt 43 F8UR B bf
F 25 3 T BB AR PO A8 XI5 AR, Tian 25 N WL 7 —Fob R M S F2 90 48 2%, 3 3ok 9 10 U3 2%, 45 KL 3h 245 I
FAFABIK. Alshammari 25 N PORZE T K50 A 37 5 (LR SE 0, $2 H 2 A FH A8 SO0 2 25 SRR AE AN 287
35 % et 1 B AUAE FE IR MaxNorm. SR, KA AT 2 K 18 8 A0 S 56 AR 14T 55 R B 42 40 A, NI AR SC AR
GRA AR T —Fhoc B 12 o0 5, I R AR G M3 B R RS [EI AR B A B A B A AN P-4

2 REFGE

BTt B 20 8 M S D SRR I R an B 2 B, 08 (1) 2% o0 FFAloR 3 1R 0 I o 8 1 LR g e 7
B, LA (2) 2% 20 FA Tl i 43 S5 10 T IR 1 DU A P45 ELRT & . L rP il R 1] 43 S5 A b2 e 2 ) A AR
W, X G AR SRR T e ORI, 3 HLAE R T Al R R IR B AL AR, Rk, AR SCHE H 3 T 0 e P I S ARG I Y,
Sl R 1A R A S PR AT R A

TERE 2 A, 76 21380 AR TR I Rl A TR B B o 8 . A 3B AR 3 2 STl R 1A 2 S G SR . R 2R ATE P fr A
[ H B DGR A, KB ZRAE AR 358 20 T BLE DI 2R, SR Sk RoR BB HIT IR, LT kTR &l B 2
T tap RANKAN TR IE . W5 2 0] 14 e 2 7 o3 KO vERL G T 22 R 2R AR R 42 R I 28 A B8 . BT
K 2 B2 (A1 BR, transfer-money 78 N #5146 5 N transfer. A5 other RRAEF AR 5.
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The Pakistani supreme court last year [trigger] Ayub Masih. last year acquitted Ayub Masih. I

K2 BT ook I MR DA

FEARSCH, FEATR 12 B R S ok ) B AE S K BT RE A A IE fik R 3] (RN AREAR, 184 x).
E, R SCARG L FE, AT LURATAR S 3k B SCARF R BR, Bl an i) 4515 5 #% BERT8 RoBERTa 4. #1143 (1)
FioR, B SCARGR I IRI AT A BE AR R A (BN h), ARG T 5220 1%.

h = E,(x) = PLMg(X),, )

A (1) h, PLM FR 95 B8 (678 380 (432 rh 4 BERT), o 52 H B8, X FRREA x FTTE AT, i(x)
RRFERIEA) FHMIRLINE n, 5 [n] RIEFFIFECES n NILE.

2.1 ATMAIRRAGTEMY: FR T KT ER

FEA AR B 05 2 ful 1R A R oo S v, B Al 3Rl AR T LAt o — P, B>, Toib e AT
A R A AR R ]l B A )9 S, O 2 T S Hs JE  H  T X 40 M s R RN AR A R B A RR
.

o fil 1A (11 2K 51 TG S0 VE SL: B A i 1R L B 5 S AR A DG B S, R S 2 A) T R I G RR E 1R B0 . R,
BIEAE — AN ) 7 v 2 4t EL A 0 i ], AT BATBEN X — 057 B B HH B 1] TT RIS 7n M AR R 4. TN RE =
AT AT DI I 48 i A Sl 5 11 B SR TN L BT A Ao B T R (1) I B, i R i K I R R LR T DA B TR ST
IRTFHRE 8 o7 B BRI R IR 2R R, BT fid 1R B 4 R — ANREBR A 5, A [erigger] (IE2A R(x)), fREAH LR
3, SR R IRVE AT R WAl R A7E X (EA BT ), WA (2) k.

h* = E,(R(x)) )

o BRI TR FE P, firh 217 1) 2 7 1k AR A7 28 1 T O (0 fieh 1)1 S e . RS R4 Ll 3k — AN R
RN RIHE 1 2 ZIEFIHL (MLP) K29 H il & 17 (3% 7m Ml &, = SERR 5 R A L, ina st 3) Fiw
(MLP iy Fo , Horh a M1 b 23 2 5m AN HH I 4ERL, o LS HL HRA FoR B4R SR NRoR M E
W)

I = F(h) ?3)

TR YT R Z (mean square error, MSE) $ii2k (I8 M) 1E AL B %, 1A @) Fis, BARE #2800 6 455
JZ (BN F) MBH6,, . AIEARMAALE N (BT A H AR AR 55, AR 25 T IZ0
Rk S
Ly, = M(W k") @)
o SET IR A R SRR Al R RN SR AP PR RS AR (B AR ) 34T 40 28, AR Rl RN
S AR FRE A, A (5) B, TEEAS SUBTR (o M, A ES 1 BIE T Softmax #1E) 1B Rt B AR, DL
T RBINSE LN O ). TFF L A —MERTES, WA x 2l WIE 1, BTN 0.

© HFBIERAIEIFIDN  hipsswww. jos. org. en



RiHF 5 R T ARSI EHEN 559

Ly, = CUFG2 (), (1,1 = 1)) + C(F2(h*),(0,1)) 5

FEAS x SR T 0 2B BRSOC trige), /AT (6) I, FEIB BEAEL ) 478 1 T IUEE, rig(o) 9 | I 2677 x
RAR I, Jy 0 WHET x RAR R

trig(x) = [2F ()| ()
i, I A 3 (4) A (5) B N ZRB A N, A4 d BRI 40 2R B 3L, A X (7) FTw.
L9mpﬁ:dn = L9mp + Lé?,d“ (7)

AR I 2 3] < FAE R IE RN R S0, PR AR ik S5 1] A AL SR DR i i) XA HIAL A X T AT R
RIS — 2R, et fe 1 RRLR Oy — A ] B 2R TR AR AZ R 70 2K 4.
22 RATHAIRSEHTTEM: KA LZHRINEREEEZR

FEAT v, BT B 2 S i A3 20 SR T i 2k, BRI fih ) S SR AU R 10 A 4 i ], AN 2 H A SR ) i
FCAR]. RSN T P OG TR ACRIEE AN S 2K A BLPEE P BE BT, 1 FH B R R R R 2551 BeSKE B
BRPSBIIE T, A B T s A B RE T,

o KRIMIREARTIR: 9 T VA AREARI A 2 8] AABLE, T Je R — KRBT HEA (BN x e X, ,
Horb X, FORIN k HEIREARLES) KR, IR BME A A S O ER GEN po), A s (8) Bk

1
o= D Ea) @®)

o JUNMINRERR: T R HIARAE (IE N 1) $efit T ARSI R A5 B, A B T fitrh 7e 18 SUE B,
RN T REA AR H D, oIk 7R T8 LRI, BB, B3R5 TR IR (12N by ), A (9) s,
b.= E¢(lk) )
o SN AR AR FE B THEREA x RIS & FOARUE GCA S o), BB BB 25 B3R 3 MR b,
pi by YA, 1A K (10) B, 185 [, -] 30 ) B A PFE. A (0 T 45 SR 5 FORMDLEE By O R 0. 72 R
o, TR OB HRRAE I B AR, PLEET R RIS (EH e ), AR (11) R, 755 Py 2 NMERTT,
AORAEAS x BIBREESHN &, WA 1, B 0.

S = F32 (b, pis bi)) (10)
Ly, = C(S st Prs) (11)

R, FEAS x (9203 Y(x) AT AR A AR (12).
Y(x) = argmaxS 12)

TEN FARALE FE R R, & AEARSE ) (sample-rich type, SRT) HIFEA 1] DL /D 5 /D FEA S5 (sample-
scarce type, SST) HIFEAS Z A FIARARE, [ Z 78R, IXFhill 45 H Ax o] LLE T PR EE4E350)) (SRT FT SST) SRSz
Uk, B S0 IREA S AR B I ZRIK TTRRAH 55, 4 1R 20 RO TE /)N
2.3 T EKMERIE IR NIEE

T e R S E I AR AR Y, 4 k3R R AR R 3 o 2 R, B AN RE AR R (A (3)) AR
7~ (A3 (13) BIZERITE IS X PHESIA X (12) HIEEH, DB A (10).

P=F (o) (13)
S = For ' ([, 1, pi, P b)) 14

SEREFAF R ) B TR R OB I A 30 (4) A (10) R A ISk g, TG UIER, AR (15)
FoR.

L, 60 = Lo, + Lo,

o ‘meas

15)
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FER AR PR T, A S5 AFEAS RIS ) SR AR 15 ORISR Jo 5 18 SCH— B0, A Bl R ). &
IR TR AR R G SO RS I B AR SR S, SRS AR S IR 2 SO — R RS R

3 RERIMERERISSIE R A

AATIE 5 O AR AR AT R LS IR IOAIE AT H 5 v IR A . I SRR s R A S 18 )
09 250 B A DU O 5 4 1Y
3.1 HiEsE

FEWANHESCHAR S ACE2005 1 MAVENPY E3EAl 1 ACSCHR AR, ACE2005 £55 13672 MR A) 1, 446
3994 NI 2, DATLE 599 753 H. MAVEN B4 40473 AMridf]F. ACE2005 HdE4E & X T 33 Fhif2k
i, MAVEN #8258 ST 168 Fh g -200]. PN E0E 42 G 0 200 R AR H AR AR 2D . S HRFE LR AR o () 52 00 150
&, ¥ ACE2005 F 1 SCZ 00 TR 53 K 529/30/40, FT Il 25/ E /5. 5F-F MAVEN a4, A5 R A E 7
(g 43 BU,
3.2 FNIERR

ASCR W Fa bR A F1 05, HAt 855 AR (precision, P) A A B2 (recall, R) 1) 2 5 A3,
A (16) Fras. ok, $F 02T 55, HEIER (P) Fon TN IE R AR S2 bR ERE AR B LE AR, A 81 2R (R) RoRFT
A BRI R IEREAS P TN IEREAR I L), 6 F NV (N>2) 0 2RAE 55, MK — AN TRIEEA R N D =R 5%
TR UERfZR . BIEEA F1 A4 50 REAREO BF35, RO (micro-) #EFAZE . HEIZA F1 434K, #5406
FEHEHET 1, MBI (macro-) #ERAZR . H [RIZR AN F1 435 AR RO 43 55 08 A S ASs 2 S pA 1 i, 1 22 W1

73 H5T R S RS TR ST 0f AT 7 37 55 ) g
_ 2PR
" P+R

Xt F Al R 1 o 2, A SO T SRS micro-F1 43 UM macro-F1 43 4. fil % il 1) 28 RN B 5 FR i # T
BE, 7 AR T 45 SR A X T Ak R R, AR SRIGIR S T binary-F1 24

ifid 2% 2 T 4515 5 B4 BERT-base-uncased, Hi 12 27 12 MNMER 13k, RN 4EEE N 768 1) Trans-
former ZH . #LRK/NEE N 8, Z I B BN 1E-S, KT LR E Y 80. #AU/E— & NVIDIA Tesla V100
ES
3.3 XfEEAREY

N T SRRSO VE R TERE, FRATT5 DL R TLRER TR T T .

(1) AFININR IR ) 7%

o PLMEEP" 2 H I FH I 453 5 A A7 S (R AG I R0 () 3h 5cde 26 1. V2 7% 31 PLMEE HR ) 314G DA B sz o
& BERT #5854, A58 i # BBl T BERT Ron+a R/ NSk 2 —.

e CDSI (combination of dependency and semantic information)™'VF F B4 5 R 28 @Ak 1745 2, LA B9E
AR EERHE S B, IR TIPS 7 2 Bl AT A

© SS-VQ-VAE" & 1] F 2 i B i) 5 T I6 A8 5 [ B G 8 HEE 2 0K 27 ] A L R A WL 3o 248 3 ) 5 s
FANFEIR.

o M-Mode™ i —> | F SCGERBHEIGZ AR, FT323 b 1 SOy e s LA T 24 3, OB BT S b b

© MLBiNet" @&t 7 — /2 [ AFAD 35 45 40 FH T 7 Bef 4 SR 500 FE SUA5 B IR SORY R KB,

o SaliencyED (SL)"™ MKt T4 it 1 28 5 Kl 4 S fid 2 1) M B R B A A5 28 40 T IEA T B A LA 78 00 420 20 R R,

® CorED-BIiLSTM" it 1 — Rl - P ) [ 325 I 2K 4w A 28 SR Aih K S {51 G AH Sk

(2) SIS BRI T ik

o DMBERT! "4 H B2 Xt 7 VI R L) o 32 QR A A2 28 5081 S oA i 7 f 552481

F1 (16)
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o MSBERT+Entity” /5 T 3£ E2 () BERT A5 3 A A0 55 35 A8 I R S R 1A 1) 24 45 2 ST HE R,

o EKDF FH 50 iR HUHE L2 A FrameNet 5| A\ PR K18 ik % 37 50131,

o CAKDP Bt 7 —Fh I T fih 2 1) 1R 1 it A 5 A 3 T 2 8% 0 SRR D0 7 v

ACE2005 #H4E L BT B4k 245 355k B IR UG 18 50, MAVEN 562 45 5k B S0k [51].
34 EEORMEREXTEE

ACE2005 1 MAVEN _E [P AEPEREWIER 1 frs. HA, binary-F1 43 802 il &R R ML RE. FF 5+ R BT
AR BRI T 1%, B2 575 (PLMEE FRAM) HILE ok [ GG 1 g V1519203034353 048 e BNy AR R RS AR AR 5
245 B TR A R AN R 4 IR AN E A L.

Rl brdER o B B B X L SRR AL SR 25 IR (%)

ITEFA PROTIRS micro-£1 r‘:i]ij_o;) 15 binary-F1 micro-F IMAVEIjnacro-F 1
PLMEE"” 74.7 48.0 79.8 65.0 53.7
CDsI 73.9 N/A 76.3 N/A N/A
FCIEN SSVQVAE™! 76.7 N/A 80.2 N/A N/A
SRR M-Model™! 74.8 N/A N/A N/A N/A
K7k MLBiNet*" 78.6 N/A N/A N/A N/A
SaliencyED (SL)®” 75.1 N/A N/A 66.5 59.2
CorED-BiLSTM™ 77.5 N/A N/A 67.5 60.3
DMBERT!** 75.1 N/A N/A 67.1 N/A
PN S MSBERT+Entity""* 76.5 N/A 79.2 N/A N/A
17 i EKD* 78.6 N/A N/A N/A N/A
CAKDP7* 78.1 N/A 79.4 N/A N/A
Ours (Full) 78.1 52.6 85.2 66.9 59.9
AT —w/o TAS 76.8 50.4 81.3 66.5 58.8
T2 B AL R —wlo LR 76.5 49.4 80.7 66.2 56.0
—w/o Both 75.5 48.7 80.1 65.6 53.3

A LLE W, AR SCATHR H (00 58 BRI BUAS T LB i e A, LR PR RE A T2 T R A — 4 2R U v,
JER R AT B8 A2 AR SC BT 4t AR 28 T D) PR ik 25 1 114 G S 1 SR v i A ) R R 2 R R MR R A ST TR L 11 e B R A
R 7 VR T — e I 2 (HIA B T ALK B, Bl ACE2005 L) EKD Al MAVEN %54 - [f) DMBERT,
JE BRI AT B R L 52 T X LS 0 = & AN IR S T BB R (A T SRR 3 K1 bateh-size).

AL H AR B TR 2 AR Hp R T 80A 2 T 2R A Mg, X RIA T B A 20k, B T H PLM 1k
Rt AR R A, 2 111K 22 0T A 25 AR A A 1A VAR 9% [0 R L, B 08 SORA A L3 1/ A 1) R ) 4R
1M, BT REBSH R LR SUE R, MU 2515 5 BB et 7 SRRl R, JF B DLAT B CAEAH LS T A AL B8 4
. I, 5T AR &, 35T PLM R9#57% DMBERT. M-Model FFTE H AR T K 233 T LSTM
FAE A (FL 5 35T Elmo ¥ Delta) AL BB 5iX 43+ PLM MIBLAIAE L, A SCATHE M 4E F1 3k
e T BUER] T AR RS, X R IZITIEN A SR o B M S R, AR — A5 4 5 H.

5 PLMEE. DMBERT Hll M-Model b, 43¢ (1 T AT 2= FEAE o 78 Qe e ik 4 A 50 A T4 ) e 42 v Mk . 4
SCHTER AR EAS T LR R M RS, W R AN IR IAL: 1) BRI AT UK 2R S Bk RIE RN E FEASSE R F D
FEARZS, 73 I T 8 FEARSE AR 3, DTSR = T Al &1 3 38 kv e, 2) B — 2B R T 3538 MLP 72548
TE & FEARZE E AR A ATE D FEAZS B AT 22 ) i, SREL T 2T 1 B0
3.5 RS

T BRUEA ST AR A A AN BRI S, AN SR BnE T LU LN IR A R AT IR A S B
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(1) Ours (Full): SEHEERL, AFESITEIIE S, FERI AR SRR AR 2 ) F 5

(2) —w/o TAS: M (1) HMHI R 28 AT AT X

(3) =w/o LR: M (1) HHIBRZE A bR R .

(4) —w/o Both: [ iU Al 5 2V S R 2R AR 20 s S 7 i R AN 445 ] f.

FUME T IR AR, AHIRIF T LU A R

o R KILHZHIMER: FTLUE W, SIA AT R B L, e BB ARG T B AT LR, RF 2 TE
fisk R AR M R 5 T, G R B T ik A ] A 0 T DG 1R SRS B . S DR T R S T O TR AL 2
BRI G — A, B R AE SR A DG T SRR 5 R T S AR Al R R R ) IS B, A BT G A A R T
HAF R IR R,

o WRZFRINMER: AT LAE Y, SE B AR LI bR R FAS AR A3 SEAF IV R, R T AR B3R {8 B 10l
Rk, RN T R R FR A S R E A, A S A B O S B BT AT R R R — AN ST
&, AR —/ME R AR ZAE LR, PRI 258 T IR il UE R
3.6 ERFEAR AR

ARSI VT TS B micro-F1 1 macro-F1 348, W58 1 Fi7R. 0 F1 AR 53 52 5008 A48 1) 5 5K
ARSI A ST I SE AR 5 AN SR 2R AT LA PLMEE 584 fl—w/o LR #5154

ZERFUA, A SCHTHE 0 2 AR R ] B S T RO F1 SR R R SR, SR T HNE BEAK D
FEARZGT R 2. R W62 1) PLMEE B8 Joyk & S S8 50 Z M 3L RITa §. 8 T 1R m Sk 2O, &
50 ) TR AR AR IE B 7 R B A A b, BETEDFEASE B BEAEXT AR, 2) —w/o LR HEBL@ I Ap 2% 3] (1) &
B, 2 LR RE )8 REAR AN D REAR R 3 A BLARE. SR, W IR KA MR FR, BT D REARRREAR
1 2 FEMEBUK, I A RIEAL NHE. 3) fEu BB i i BRI RRE S b R 3 5 7 3658, JE3RE T Hx &=
JRER ) UK, R RS DR AT AL

4 JEMBERIRHTRAAS TR A AR IIE

AR 3 A EUSRIGIE BT B 7 VR A R

o [/ 12 2 ) A 1A 0 8 P X 2 A o RS 48 ) A 7 B2

o [ /8 2: A ASEURIAE A L A5 dar 1] 52 M) e 24 P S A2 A0 U REER 2

o [0 3: ARSI 56 4 B S UG R B RN /D R AR S G T BB R A A DR ER?

BRI, ASHT S T — 4 PAT SRS, e 45 AN SR AR AR R S A LG SR SR M R 1 2 S
4.1 BURESIFMIEHR

AAE AT B EAEAT T SEIRIRAE, 252 ACE2005 $4E4E M MAVEN $i4£ P N T MR R M
PEFGERANAS P45 B0 0, AR SEIGARHE LR i I 258 Rl 4y T a4k,

o ISTEAR i R A Ko A 2 T AT ), RIS 8 A IR EOR — N B (189 New ) SR R —FP 28 AR A
Z WA GO F1 438, TTREAGS D S B 2 5 0 F1 4040

o VIZREE RN R k IREARSL AR NE, ) IITHREA SR NE . = n(NE, — N™ — No) + N i, 0<p< ]

e AN E I ELB, BRO9T 8 R E, NE, 220 ke AERRTE R AR A S, Nmin AN SRR A B B [ E A

total train
ME. 7 B BRI ZRRE A S HOBRAIR, (EREAS 23 A7 5014

o FEAKUNT Neya + N (SA R LA ROt I AITEAl, K e 57

2 R VIR BRI 5 B B REARUS, BARIIREACK BERLE 5, IR MIRIELSE 2 A1 BCA
HAHE.

ARSI AR E T O (micro-, F TR 143 28) A 432 (binary-, FI Tl iR 00) ERRZE . H I F1 53
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A 0 SR ik e R PR A3 AN B bR AT IR, DU IA D T 45 SR I 1. B e 3R A O R 5 R 10 JUs AT 1
P, AR A T AEARHER 2 SR TR BRI S E (WA 3.1 799).

wE ACE2005 MAVEN
T CFAFEL 33 168
SRR AR L 10 45
SN =N 2 5
E STk 4 18

42 E&75%

A b, BT ou R FE AR R — R T AR R A Y (R, AR SRR S DL L AR R SR
(PSR L RIRY AT LA, X e SR LR A B T AR R k.

o TR+ KA RO, FERIFREARIF R G, 1% 7154 ] MLP+Softmax £ 43 84 JL 2 N Fih 20 2 —
AR 2.

o KR+RHI+5r 28 (RIAC), U f# ] MLP+Softmax 2 2R 8 BEAR 3 2R — R 200, = B8 ifie
SE A AR

o FORHFEAI ML (RP)W, il TS AL AR R 55 2R BIREAR R R (0 38 2 1] (R A 52 M LS, B REA 32K
HARE . — AR AR,

o FR+UHIHE RN 45 (RIAP), 818h RP, RAGREA 3 08 — P4k 3800, il it — 7 2R3 0 2 © = B £ it
K.

BhAbh, ARSI T DL IR AL,

® —w/o Proj: M FRZETNTC AT R AF, BIMIBR A3 (14) R ) B F p) , (UEFT A0 (9) I A.

® —w/o Label: #f—2 J\—w/o Proj 154 HR Ml B AR 25 R ORI, BIHIBR A 20 (9) HH 1 b, .

JE 8 J2 B R /N 35 2L (0 T o s I T A R AR 4K

AR S BGHG fl R R R A (B 2.1 ) SR T IR+ 43288 (K08 Tdn) M5 RHEIT T LB BB S0 R
T2k BERT 4% BERT-base-cased f T 3 A gmhd.
43 LIERK A

F 3 FNEE 4 43 B Ml IR 43 AR AR B I 25 5. 3T 5 BN B, Ours (Full) oA SCHE H 1 fi & 7]
ST MR RAR R BB A R A R 23R 4, TR g BB, Ours (1) B il & IR A AL MR LR
AH AL I R 25 1. A, ARSI S A NI IS FEARSUIN TP REAR BRI S BIRR A D RE A S (SST), 77
WFR A & FEAZEA] (SRT). 31X BL <78 &R FRbh 2 AR 1. 38 5 ey 7 WA 2851 (451324 Rich A Scarce)
micro-F1 78I R EE B ARSI A T AN T S T3, it TR AR B IR AR LU AR AL ) s
43.1 JTiEMAPIRTE

XFF a8 1, AT 3-3 5 FIRE MR AR,

o NFIRARFE— I, A SCHTHR H T VEAE F1 a0 R REA T A 7732, TE I8 2 B A A 2 fl R 3l R

o ASCHTHE H IR B LEEE ACE2005 $UdE 42 L R IR B 4F, 3R 42 T SR s o & thah, AT
2t 0 58 B AR R —wi/o Proj B AL AR R RE B 47

o ZRITATHE H I 5E B L —w/o Proj AU SEIL T BE R A A B 26, IX R IAAE BT GE LR B T, fE 42l
T2 AT DA R 0 B 22 0 ik % 3R], 3K T AR R B A ) S S E

o ST IRMI L, AR ZHUEIL T, AT K5 AR D REA S RN S REA S B 2 18] (Y 22 BB, o HLAE
T LR AR ST T R AR S R IR 2 AT

o LI RITC R NIINE SURFRZEFR7N, RAR S f (a7 SR (Y, & (104K L BE 28 7 v 1 e B8 4. 3 IE BA SSUE AR B
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HAFFIR 2025 55 36 A% 2

o il A R K S5 SR EL B AT ACE2005 Hodidl i 58 4kl 45 R X R W, AF 8 =20 2K, Ml A IR 2 —

TRA B IEAIAESST, JR R )

A1

RUMEAR SR 48— AR, JUHRAE B ER S 0L .

R3 DA EIRREL T 0058 BE AL BEXT L (%)

\ ACE2005 MAVEN

n 1k P R Fl P R Fl
Ours (Full) 86.7 85.6 86.2 78.1 76.6 772
—w/o Proj 89.6 78.5 83.6 76.5 68.4 722
—w/o Label 85.9 742 79.6 72.6 64.7 68.4
1.0 RC 81.7 59.2 68.7 70.5 582 63.8
RIdC 83.7 45.9 59.3 712 493 582
RP 43 60.5 8.0 6.1 51.0 10.9

RIdP 53.0 39.0 44.9 40.1 382 39.1
Ours (Full) 78.0 64.6 70.6 714 69.8 70.6
—w/o Proj 78.7 59.5 7 71.1 66.5 69.0
_wi/o Label 747 56.3 64.2 70.8 64.5 67.5
0.1 RC 80.2 483 60.3 68.5 53.9 60.3
RIdC 81.1 38.6 523 69.2 47.0 56.0
RP 41 60.4 7.6 6.1 50.9 11.0
RIdP 495 38.0 43.0 39.4 39.6 39.5
Ours (Full) 613 4538 524 603 55.0 574
—w/o Proj 69.9 39.4 50.4 61.7 54.0 57.5
—w/o Label 69.3 40.0 49.9 61.0 517 55.9
0.01 RC 83.8 274 413 65.8 48.0 55.5
RIdC 86.4 24.1 37.7 66.2 41.1 50.7
RP 3.0 45.8 5.7 5.7 478 102
RIdP 339 294 315 375 353 36.4

F 4 ZPATHEREE T R A AR PEREXT HE (%)
N ACE2005 MAVEN

1 ik P R Fl P R Fl
i Ours (I) 70.8 55.6 623 748 727 737
Idn 76.8 47.9 59.0 78.0 673 722
o Ours (I) 69.5 54.6 61.4 728 745 73.6
: Idn 72.7 49.7 59.0 76.5 69.2 72.6
ool Ours (I) 612 515 55.9 74.9 712 73.0
Idn 74.6 36.2 488 76.8 67.9 72.0

2 FATR, A28 153 H g5 2% 21 2R TE 518 SCHI T @ A B AR W S5 s g vl L, Tk — 25 2 SR S i
F9 G 8 1 AT BT A 8 B AN 717 ]
432 FEARZERLLEI R

XTI AR 2, N3R5 TP OISR A R AT

o FEAL X Rk EL 57 LRI AR 5T A AR TR 3R 5 SRR T, B 1180 5 00 R B, RC AN RIP (45 2R EEA ST

PR IR A B R, R R AR AR B (00 B IR s T REA KR .

o SFEAKE AT RN, SEI BB A2 A (1. il 1 2 ) B, i 0 A SE N ARSI (A AR L A7)
T, FEOZIITERE T . BARDFEAS A I REA RIS A /D, (EREA B BT, A SRR (77110
PEREFF A AT A BOE.

o NPT RS, R R, AR M. B T RGN, SRRSO A SR 2, (B
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AETE KGR D AEA SR IR A G 1%, (LR e KA T AR, SRR AT A2, B A R ARSI R R AR (1 b A1 A1
MUK, ERE LN, HEA T I R FEASCR IS I R IUE 4. [N, SRR AL 2, 615
Yt D FEA S 1 BB PEAR, S BUR AR PR REAR 2. IXB R TR IL G M AS R, 15 A S A Hdfs o A ST -1 i A
.

RS EHALE DRSNS RN (%)

N ACE2005 MAVEN
n 1k Rich Scarce Rich Scarce

Ours (Full) 83.8 87.5 78.6 74.6

—w/o Proj 83.8 83.2 74.8 70.5

—w/o Label 80.5 79.2 70.0 65.0

1.0 RC 67.8 69.2 64.3 62.6
RIAC 62.5 57.1 59.7 55.8

RP 13.1 6.6 14.9 7.8

RIdP 50.2 42.6 41.5 34.8

Ours (Full) 69.0 71.6 71.8 68.2

—w/o Proj 69.1 65.9 69.7 67.7

—w/o Label 62.3 65.3 68.7 65.5

0.1 RC 62.7 56.7 61.6 57.6
RIAC 55.5 51.7 57.7 51.9

RP 10.8 6.5 15.5 7.3
RIdP 45.1 42.4 42.4 35.0

Ours (Full) 51.9 52.7 60.1 51.5

—w/o Proj 51.8 49.7 59.1 54.5

—w/o Label 50.5 49.5 57.9 51.9

0.01 RC 452 355 56.5 49.1
RIdC 41.2 32.8 52.7 44.7

RP 11.0 4.5 16.3 6.4

RIdP 36.6 36.2 39.9 31.7

4.3.3 MmO REABE T IR

XTI 3, RSEIE R, B n — 0, SEEBCE AL G B VAR A/ D REARBE, Horh BT 00 R A RN
RIIZREEA. ASCIG RS T A FIBCR RV R T RIVERE, €45 5 28, 15 SRAPA 0, AT HE— 25 0 M BEA A
Pty 5 R LU B AR . 25 SRR 6 B, Horh, #N RoR N 432K,

R o MDHEARBE T 2 ARA B LIk REXT L (%)

. ACE2005 MAVEN
1k #5 #15 #All #5 #15 #All
Ours (Full) 57.9 50.8 434 62.4 58.1 496
—w/o Proj 57.1 477 411 61.9 56.6 488
—wlo Label 56.4 46.6 385 60.1 54.7 483
RC 46.8 328 238 55.2 50.5 46.0
RIdC 44.9 30.8 8.2 52.1 472 4.7
RP 25 42 5.1 1.0 22 9.5
RIdP 30.4 315 27.9 16.1 26.7 334

LA ), eI VA L JEIRAE ACE2005 K £ EHEAT AT R A SIS I, JF ELRE G S 1F 2R i3, 1%
REARA T T B TR R IR D HOREAAS 2 LAY ZRA R SR IR 2R 5 LAt T A B, A SO H AR 7 ik sl 1
Gy P RE, IF HLEEE RSB M, YERE T R AR . I AT e A RO BE 2 AR R I T 2 BOREAS, T A
SCPTR I 7 VA AT AT SRk 32 2.
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5 B %

AR T — P2 T 0 (KA AR G gt S A v (K B R i M A AS T A . 8 DA I 26 )2 S i T 5
SRR P A ) ) R o e i 12, L P A ] PR 20 T 5 il B SCROR AN SR P BB IR 48— AR LU R, s L
PR A IG5 B AR, SIS AEAS R ROR B P RS TR B R IS8, 90IE 1207 R A R E, @7 1 e ELA
OREAR B E Z B AR, BT ZR G SERA 3 AR IR (1) 2 SRR o & PEAT B 5 vt ik A 3] (14 1R ) A 23
2K, MR AR R G AEAAT B4 (2) X TAEAAT BRI, 8L 3E 249800 At & AR AR I AN AL A LE A5 m] A
S RHAERE; (3) WL I HIREA IS B A LB, 7T LAGE— F AN D REA SR IS W
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