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Abstract

This paper provides an implementation method for the 2023 CCL Chinese Framework
Semantic Parsing Evaluation Task. Because the Chinese Framework Semantic Pars-
ing Task is multitasking, considering the strong temporal and correlation between each
subtask, our method adopts the framework structure of the multitask pipeline strategy,
mainly consisting of three sub modules: framework classification, argument recogni-
tion, and role classification, corresponding to three sub tasks: framework recognition,
argument range recognition, and argument role recognition. We model framework
recognition and argument role recognition tasks as text classification tasks, and ar-
gument range recognition tasks as entity recognition tasks. Considering the strong
temporal and correlation between each subtask, the method fully considers how to
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utilize the features and information extracted from completing other subtasks in each
module. For example, when conducting role classification, the framework categories
identified by the framework classification module and the argument range identified by
the argument recognition module are utilized. Considering the importance of the tar-
get word and its contextual context, we use a pre trained language model for finetune.
The unstable performance of the model was observed, and strategies such as adversar-
ial training were used to improve the model’s performance during training. The final
score of leaderboard A reached 71.91, while the score of leaderboard B reached 70.60,
ranking second, verifying the effectiveness of the method proposed in this paper.

Keywords: Chinese Frame Semantic Parsing , Multitask , Information Extraction ,
Text classification , Entity Recognition
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WITTEE R AESS BN LR AESS, HEX 3D TAESS o AT 7 AL G B S A0 AN TR Rl
Xy}

o RLAEMRINA FESF, EoMABEMIAGER, 2 HEMA . Warm-up i
AFGMXS BLYIZRIR RO, 20T 7RSS, R T X BTl 4k ] A R A R B AE HE 2R
RANESS ERIRUR

o AAERTTILHIARITESSH, FIRESS R A 2l (I SpantriE « MRCAREFISoftmaxtr
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B (Liu et al., 2019)FIARIRIN T <t >F</t >1ENFRIM)Special Token, FHHENTRA)FHH)
HpRia E AN RASUR, DUHSR IR THET AL € B ARTA RS N A0 RERE - B B p
R LT IOESTRESR > RANER R IEHE EE, FT LUARSOR H AR A FTA Token# A7 FH11 1L
&, VENFHER B AL REFHTHE-

IR ETRE T A, DR T RN BT 2 M EZRRHIR N, ERSEE
RINZIRE D RRE - TR, AIRER NIRRT B R AT HET— MEZR,
H BRI ESR RN R, BIE— )7 £ MERRAIRE, AFHEZREAIN H bR
A -

WMRERAZIEDR, MLUFHAAR BIRARESR, BRI TG, AR TEER
G- T AR T RITHBARE L RMAREIRE K

MBI FIRIAEE, T IRSEEE B, RIMER R, A SCEVIZRF L
T LU AL S

(1) T8%UE Bh P Exponential Moving Average(EMA)
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CFN1.0(Chinese FrameNet, CFN)&HE 82 H 1L 74 K 2% DLDHE HSE 15 R 9 A 14 3 O HE 2R
T SCHER, R LR AR KRE R AR, FLE T 700 E HEZE } 200005 bRy Bl f) . H
L IRE A S RERIE100005%, KIS A S RERIE20005% - HA, JIGREHH418 T HELE
KA RFEAREU N T 108 few-shot IEZEIR S, B 66 MEZE K Fll Ezero-shot EZENR S - TEAEMR S 4>
ARG N, (EIREMBIE BRI R R AR E A AR —E . AR EFIBENR £ 46
400055 FEA .
4.2 HEZERFIRCR

ACfF FARobertat® B | 243 # FHCLS[H &1 H #rid Avg Pooling il 7028 . Hrb, fif

H B R Avg Pooling[f] & 7 KRB AR, AcctE16.3% - YNERESF FHEMA « Warm-up3&
BEFIFGMAHUIGR, Acci@TH7.7% - IHRISEES L RINT

Table 1: A4

Model Acc

Roberta+CLS 48.51%
Roberta+Avg Pooling 64.87%
+EMA & Warm-up 68.44%
+EMA & Warm-up & FGM | 72.50%
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Table 2: BIEHE
Model Ace

Roberta+Avg Pooling 65.31%
+EMA & Warm-up & FGM | 72.33%

Table 3: A BABAE RS

AT Acc
PN 74.27%
TR 70.58%

M RE TR | 65.13%
R R 2EBE 65.86%
KX TT1%E 71.77%
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ST g ie B R A, AR L2 T Span#i i - MRCHR F(Li et al., 2019)(Li et al.,
2020)FSoftmax/F IR 773, H HSoftmax /¥ 51 bRk SR B o FH5F BUE 8 AR 2 4 1R
AN, Zid i FFocal Loss(Lin et al., 2017)## 47145, (BRI AR W E5EH -

Hr, SpanPriE FIBEISER 45 FH 221 2 1E W Language Model Head 35! Fililll Span it
WG 07 B AN B AL E - MRCYRMEN Z i E 8 A SR PHZ L ag kA A e "E
FQuery, PLA]FRAIELE SCARAE ADocument, DL EEHE R A0 77 SR M H FF I FMELS - fE
TR 3 FISpantmiE—H+E, 2N &M Z 53 B TR Span IR IR (L B A LA E - BRI AR S
HESLARED, REMRBEEER, ST EENEERLogitsix KFI—1, RIEFREIFZR . 5%
WK, FEARFEIESE £, MROFVMERRZER R, (B4 B ZEFMFUEANWSoftmax/F 515
F, BINGAHEESCEE -

THENSLIG 45 R
Table 4:  AFEMEEE
Model P R F1
Roberta+MRC 91.37% 84.56% 87.83%
Roberta+Span 89.21%  85.88%  87.51%
Roberta+Softmax 90.08% 86.60% 88.31%
Roberta+Softmax+Focal Loss | 89.98%  86.50%  88.20%

Table 5: BIFHE
Model P R F1
Roberta+Softmax | 90.37% 84.27% 87.21%
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Table 6: & FABES RN

FAR2 P R F1
b= 90.78% 82.29% 86.33%
TN R 2 89.27% 82.24% 85.61%

RE TR | 90.23%  85.39%  87.74%
[EI P 2% R 2Bt 90.47% 85.61% 87.97%
R TTIE 90.35% 84.68% 87.42%
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B XA ) g A\ SUAS A B 9l AMEZE R 701 PR 2 A5 8 F Special Tokeni#ATHZE, ARIGHIT T
THRISELS o B 5EF FHSpecial TokenH i<t >Fl</t >R HIMARZE, fH<a >H</a >¥ILTT
AEaE . KOEERSORE AR, B2IF1FMFERE T R FH Special TokeniZE 47 i AL
FRAMREHEET R, (U{ERALI4.5.

Hx, ffHSpecial TokenH <f >Fl</f >EEMELR LG FHEA B A SRS, F¥ASL
K NEZERFNER - WILABIRFNEREARE, fI{ERAL2.2

ESS sl DERE S (1

Table 7: ABEFIBEENHEE

Input P R F1
text 52.12% 52.32% 52.21%
+target word & argument span 56.58% 56.74% 56.65%

+target word & argument span & frame( ABHIIHER) | 58.76% 58.98% 58.87%
+target word & argument span & frame(BFEUIAEE) | 57.90% 55.82% 56.84%

Table 8: A FABEE RN

FAL24 P R F1
b= 59.58% 57.01% 58.27%
TR 2E 63.57% 49.27% 55.51%

S RE T R | 52.25%  52.45%  52.35%
[P 2% R 2Bt 51.12% 50.41% 50.76%
N @RrA 57.06% 55.52% 56.28%
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o BRI AE AR R BRI 58 FR 2 T I S TR QAT B8 47 R AR T 38 SURBATRE 7, BRib 2 4h, &kt
AR AN few-shot Al zero-shot HEZE AR 25 18 AENTRE 1131733 — 2P BB 4T -
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