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Abstract: With the rapid advancement of LLMs (Large Language Models) in recent years, the granularity of event
representation has progressively shifted from the traditional sentence level to the document level. Events are no longer
confined to single-sentence expressions but are increasingly embedded across multiple sentences or even entire documents.
While this change enhances semantic modeling capabilities, it also introduces new challenges. In particular, due to the high
degree of flexibility and widespread lexical ambiguity in Chinese, these models often struggle to accurately identify argument
roles of words within context, especially in document-level settings where explicit syntactic structures are less apparent. To
address this issue, we propose a novel method for document-level event argument representation, termed SS-EAR (Semantic-

Syntactic Feature Fusion for Document - Level Event Argument Representation). This approach begins by analyzing the
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syntactic structures within a document and constructing a dependency syntactic graph. Multi-level representations of entities

are then encoded as node features within a structure-aware graph. Finally, a GNN (Graph Neural Network) is employed to

integrate syntactic and semantic features through its message -passing mechanism. This design enables the model to better

handle complex sentence patterns and semantic ambiguity, thereby improving its performance on event argument extraction at

the document level. Experimental results on two authoritative Chinese document-level event argument extraction datasets

demonstrate that the proposed method outperforms six strong baselines and achieves the optimal F1-value, validating the

effectiveness of our approach.

Keywords: event detection, argument representation, argument extraction, structure-aware network
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Fig.1 Examples of syntactic dependency relations
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Fig.2 Framework of the structure-aware algorithm for chinese document-level event argument representation
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T3 1k v SRR IR Sy 1 Ak B 2D R R 1 B 1R A% 1
[F) R 325 B Ok = A floh i) A 0 R 8 T Al G
TH T ) RS B, B i A R - B S B AR T BERT %
AR SRR %05 vk B LT TR T
I 28 il I 2o R WL AR 65 0 R 0F8 OT Y RE
(RDEFEA 2 ) ).

DE-PPN"UZ —Fi 347 20 S04 9 5 14l L i
viig 1) I | et % A% R A A LAY L, R H SO SR
2t B 5w A ZR CSCRY SRR R AE |, 2R A5 %8 SCRYS Y % {
PR . AT R AL A O AT 4 5 0 A 2 Y
22 R0 A A g A S b AR R R AR A e T
WS IC A A TR, S fi i 2 b 3R 2 ARl R, —
HHTAE A WHBLE], SRR T R g
A A9 A MR R & 3 DR 2k pR AL
SR A U1 RS = Ry 3 L T s LY 7 5
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MAJmPfk . SC5 R, 7 DEE 88 46 T B 3510
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Doc2EDAG™ & — Ffi 1 [] v 3C 4 fl 451 35K 1) 3¢
P4 S = A ol T o 2] oty A AR, HC A0 JELABLJE: o T4
FHL AL Ry e T SR Y AT 1) 0 BR &L CRICKS =R 4 B
1T 55 Bt Ak o B 1 SR (A 1) T A R A4 ) s A
SME (8 SR RIS AT 55 T A 24 T 5 A BRI
AT AT . W, 5] AT il & 135 DR
FObR T . 7E B2 A w2 5 BHs 4 b i S50 25 R B
ERT AR

GIT™ & — P 35 F 5 44 &1 28 B =R 38 7 4%
) SCAY 2 0 e BOASE 7R S e A — S R R A
LR LU AR A W) A R0 SE A4 2 (Entity Men-
tions) Z [B] 1Y 4= JR) 22 . A B, 5] A BR B e B >k
PR O B TR S A AR T R =2 TR A DG L AR R
FUAL A TFRURAE |, GIT By F148 bR 1 22 /i A4
e

PTPCG ™" & — P I [] 3CAY 2 S 2 4ih B 17 P
WAL, [ sk — AL P il &R 4R T
AR e A, I Tz E RS A IR A A g
it 5 W% 1) v R0 12 1l BT A AT RE A SRR T
H& . HERARE, ZFENSHENN
19. 8%, I 2R AL 5 GPU /NEF Y 3. 8% , 4 P 32 )&
PETHIK 8. 5 4%, B, 72 B SR & filh & 1) 1) B dls 4R
¥R SRR FR A

ReDEE ™" j& — Fft i % £ 45 55 {436 T 1] 56 &
MR 11 SCRYS G = il JBORE 2, LA 0 2 — ol 7
B % i Transformer, B 5& & 3 5 1 & J7 Trans-
former (RAAT), H.A] LIFHiAk 2 R L 5m= i)
WIRR, FEHTFAFMERES . T
#E— R R G B EIHER R 5] A R
WA 55, R 24T 552 2 Jr i @ 34 T 35 04 il
HCPERE . 7E A AR B 4 b A 92 I U T Rk
HE P RE .

TEXT2EVENT *" J& — i ] 25 7 4l A9
Fr 81 B 25 1 A 1 =X, BB A% DL — o 21 5 9 X
T M SCAS FP i O % 203 T 4 R 2
L — 1 7 5 ) 45 4 S A B 2% A A 3 Y
Bt F SRR A 24 3R A A vk LA S R T
T2 O] ORI R 2 2 Bk il — 2B B s M e
1 ACE F1 ERE % % I 0y 525 £ W], TEXT2

EVENT 7E B 7 S AT B S i & T B A
AHRE .

3.3 ZWIRE LI AEEANEF B L 2
AR SO A T R SRR 4 v SO0 R
WOt E R FE T PyTorch 28, 78 — B NVI-
DIA Tesla V100 F #4791 255 Fim) .

x2 LHNBEHERFR

Table 2 Experimental environment configuration in-
formation
T A /AR A 28
GPU 1 X NVIDIA Tesla V100-SXM2-32 GB
20 X Intel(R) Xeon(R)
CPU
Gold 6248 CPU @ 2. 50 GHz
Memory 216 GB

Operating System Linux Red Hat 4. 8. 5-44

CUDA Version 12.3
Python Version 3.7.7
PyTorch Version 1.5.1

3.4 BEBSH BABEHESHENKEDN
3P . Horp il T A R U A N B A
i1 (Adaptive Moment Estimation with Weight De-
cay, AdamW) /2 LAk 4% , BERT A Il 2 2 $ i
%2 RUE Oy 3e—5, HoA AT I 25 2 Ky o o) &
W E K 2e—4. BERT ¥ #% 12 |2 Transformer 5
768 YEFEAE ] £ 1) Base WA, AR S m BN
768. BT A E s AU 2k e A At R/ (bateh size)
¥y 32, #6 2 B B (Gradient accumulation
steps) W B R 8, HVES B2 R RN\ D5, T — K
SR, IR T LR K /Ny 32 X8 IR AR

3.5 iFfAEAR X TR EYCR R T 5%
K H i A #E R (Micro Precision, P) | fifl #r 4

*3 REBSHIEE
Table 3 Hyperparameter settings of the model

BERAE TR &
Optimizer AdamW
BERT learning rate 3e—5
other learning rate 2e—4
BERT hidden size 768
batch size 24
Gradient accumulation steps 8
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(Micro Recall, R) 5 F1(Micro F1, F1){E AW
AN SR T BRSO B Y PE AN A L X B4R
T B % 1 R 3 Pk RE AR AT

e N2 Fil . L) A BN H, TP, 5
i LB BUNEC, FP, o 55 KRB B BN B, FN, N
S IR . PEAR SR AR AT IR R

i:TP,
P=——=
>UTP,+FP)
i=1
Nrp,
R: N —
> (TP, +FN,)
i=1
F1—2x ZXR
"7 P+R
4 RS

4.1 HHMEXE K4MERSER TR E
T HP SO B G A A A 55 00 7 1 B v i 4 1
9 SOTA HER T, 2R b FRAR 7 ROR fe (L B PERE
MR AT DL, SER S5 SR B UE 1 TR T 12 i AR
®4 ZEDuEE-FinHiEELHIWER

Table 4 Experimental results on DuEE-Fin dataset

T 7 r R Fl
EEQA™ 53.47% 35.91% 42.97%
DE-PPN! — — 17.69%
Doc2EDAG? 64.81% 49.27% 55. 98 %
GIT? 72.44% 58.41% 64.67%
PTPCG?Y 71.08% 61.73% 66.08%
ReDEE™/ 69.25% 57.48% 62.83%

SS-EAR (A& X J5k) 75.77% 61.85% 68.19%

®x5 TTECMNEEHEE LWLWER
Table 5 Experimental results on CMNEE dataset

F P R Fl1
EEQA™ 39.04% 39.13% 39.11%
DE-PPN"? 38.20% 35.09% 36. 58 %
Doc2EDAG? 39.91% 30.60% 34.64%
Gt 61.37% 43.60% 50. 98 %
TEXT2EVENT®  31.32% 41.34% 35.64%
PTPCG? 56.82% 39.94% 46.91%
ReDEE™! 60.86% 36.64% 45.74%
SSEAR (A3XTJ5ik)  50.53% 53.42% 51.92%

7£ DuEE-Fin 5§ CMNEE %t ## % b, A& S0y
B G T S5 B SRR R BRI B
FIPERE DL 3 . 7 DUEE-Fin B 2 b, A SC 5 ¥ 1)
F1=168.19%, ¥ EEQA 1 GIT &8 | J5 &
R 25 4 5 FRIE MR B Al A R 2 e DL flf PS5 R. 7F
CMNEE ¥4 48 I, A F1=51.92%, [F]
FEML T EEQA fil DE-PPN % | ifif PTPCG # Re-
DEE %5 8 R K 25 04 5 B8 & Rk, 5 P 5 R K
Ml . AR ST VR ok R R LA A5 R B S8 SRR
fiE, B4 5 A E 18 o0 ok A B T 34 18 ou il BULE
% AEWIA B SE LT PY R B, T4
B0 UE T 45K 5 RRAE AT B Rl 6 R0 o0l Y
VIR
4.2 HRBAEI 7RSI L KAL) OR
[F] B A 2 4B 1 SO B bR T A TR A AE 25 R
{H MLP,GCN, GraphSAGE %58 % % [X 4341 &
BME R A TTER LS . AL Z T, GAT it
F = L Sl 42 2 S R, B AR 48 48 &
WE AR T AU . 6 R T I Rl SR Y
iR R BARTF RN R R . R, S
g KRBT X — 2 5 7€ DuEE-Fin 5 CMNEE %(
W4 b, AR S %R FL 4 )ik 68.19% Al
51.92% ,f F4EH GCN (65.17% #150.95%) 5
4-head GAT (65.09% #151.39% ), 54 T sh &
FEE ML 6T 385 58 38 T R m 52 )
4.3 FRESSH IR B ] DL B WA [\ 4
THEE X B S B RE A — s SR, R A
A 7] — = AN [R] 7 1 ) -, G R S A ) A
B EWE AT ORI

B X6F S TR S 2 Al s R 0y [l g
I S = N[5 Ry S 1 B U s o 68 = )
B AT LA [] — SCRYS H A (] = A AH G SE A TE SC
AR S TE] A3 A O F& L AN, an SR AN S s
T AF R S 0 SR AR I A B B AT, B AT AE
SCAHE IR v KB A O B T A2 A S O A
EAE N

FE AL 3 Z2 A SCRY I 3 ) BE B AT T LR
(5] SCA T AR AL = A7 1 8 34 O =X AR T) SR e AR
[Fi] 288 740 S 0 (1% SIS (1] 1 /) R 2 A DL =X, AT
FIE R IR B 3 S SR X 32 T 1 4 1 AR 3 R A O 5 I
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Table 6 Ablation experiments

DuEE-Fin CMNEE
ARy ik
P R Fl P R Fl
—w MLP 76.97% 60.22% 67.57% 60.31% 44.43% 51.16%
—w GCN 73.06% 58.81% 65.17% 53.71% 48.46% 50. 95%
—w GraphSAGE (mean) 74.90% 61.94% 67.81% 53.23% 49.26% 51.17%
—w GraphSAGE (pool) 74.05% 62.50% 67.78% 56. 34 % 47.97% 51.82%
—w l-head GAT 75.01% 59.73% 66.50% 55. 54% 47.33% 51.11%
—w 4-head GAT 72.12% 59.30% 65.09% 54.41% 48.69% 51.39%
AT 75.77% 61.85% 68.19% 50.53% 53.42% 51.92%

2,25 SRR IS ) BE B AR T B R e A 3R
e F T B R

& 5 M £ 5 1 f2 Mt T DuEE-Fin 8085 4 R
Ivi) 2 7 28 R ) A 26 18 G ()1 ) B 5 DA B0 /) B
BT T B AR TT B 55 MR RE 1 S I

(DM . Qi 5 s, 7 3007 F 000 1 B A 42
%, SR WY A —SCRY 555 BT S 440 A0 56 09 SE A& 43
AR v, 2R Y s ) R SRR X —
S RE IR Tz 35 R 1005 SCRRAE , B 5 B 7 S R
VS B — I W 55 48 B AR By, FL e JsE B AR D B
AR AR 18 f v AR R SRR L K R SCAR SRR 1 B R
TE T T G 18 T R 1 AR REAL T R
TCAH LA X, e AR IZ B SR A T
b= 2T = A FL

ELS BE7R Al 777 S5 19 AH G 52 4R 4y
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Fedk . Al il Ve S e A R oo 240 T
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Fig. 5 Sentence distance and corresponding F1 for different event types in DuEE-Fin dataset
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