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Introduction

Welcome to the Evaluation Workshop of CCL 2023, abbreviated as CCL23-Eval.

Since 2017, the yearly CCL conference has included evaluation workshops, in order to facilitate proposal o
f important new tasks and accompanying evaluation metrics, and release of new datasets in the Chinese i
nformation processing community. We expect that participants make thorough use of state-of-the-art m
odels and propose novel approaches in order to help us understand the technique boundaries and possi
ble directions for future research.

The major change of CCL23-Eval, compared with previous ones, is that we publish selected overview repo
rts and system reports at ACL/CCL anthology, to make it easier for future researchers to read and cite the
papers. We also plan to release the talk videos and slides in the CCL 2023 website. All our efforts are aime
d at promoting technique accumulation and peer communication.

CCL2023-Eval includes 10 tasks. Each task has a organizer committee, whose jobs include defining the tas
k, providing training/dev/test data, collecting submissions and running evluatation and releasing results,
writing an overview report, etc. For each task, the organizer committee builds a separate reviewer pool, pr
obably including the committee themselves, for reviewing system reports of the same task.

Each team is encouraged to submit a system report, especially if they have achieved good results or have
attempted novel approaches. Each system report is reviewed by at least two reviewers, and is required to
make corresponding modification according to the comments. The overview reports are reviewed by at |
east two members of the CCL23-Eval committee. Finally, we have accepted 9 overview reports and 25 sys
tem reports.

Here we sincerely thank all reviewers, organizers, and participants for their hard work.

Bin Li, Zhenghua Li, Hongfei Lin
July 2023
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System Report for CCL23-Eval Task 1: Information Theory
Constraint and Paragraph based Classical Named Entity
Recognition

Xinghua Zhang, Tianyun Liu, Wenyuan Zhang and Tingwen Liu
Institute of Information Engineering, Chinese Academy of Sciences
School of Cyber Security, University of Chinese Academy of Sciences
{zhangxinghua, liutianyun, zhangwenyuan, liutingwen}@iie.ac.cn

Abstract

Named entity recognition (NER) aims to automatically detect specific entity spans with
predefined categories (e.g., person, location), and classical named entity recognition is
the important premise to explore and organize classical Chinese humanistic knowledge
by recognizing person, book and official position entity. Most existing Chinese named
entity recognition methods focus on modern literature, but classical NER possesses
significant challenges in entity ambiguity and boundary fuzziness. Due to the concise
writing style in classical text, single word expression exacerbates the ambiguity prob-
lem, and the increased difficulty of sentences and phrases makes the entity boundaries
more challenging. To solve above challenges, this paper proposes the information the-
ory constraint and paragraph based classical NER framework. Specifically, we retrieve
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Table 1: f Ml HEFLAEIRNERES. PERNVAS, OFIRRERA; BFH - “LEAFR
ETRXHERZES N, AESRH 0 AP T EHERR

the source information of classical text to inject the paragraph prior knowledge, and
perform the data augmentation via sliding window on text from the same paragraph,
introducing background knowledge and alleviating the entity ambiguity issue. In ad-
dition, we constrain the feature encoding of entity context and surface name from the
perspective of information theory to maximize the general features and reduce redun-
dant information, mitigating the entity boundary fuzziness. Experimental results show
that our method based on token-wise and span-level aware NER framework achieves
the best performance in classical NER.

Keywords: Classical Named Entity Recognition , Entity Ambiguity , Entity
Boundary Fuzziness , Information Theory , Paragraph Information
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L eneral = ~ T~ 1 m . span_ 1.span

senrat = ] 2 OB B "
HEADABANMENIEAEAIER (EFERETSSERERAERES) |, mhEREANIE
THEAREE, +HERERE R, I(s1;hi?"|se) B EFH:

Lapecific = Bsy s, Bpgren psven [Dys[p(hi™"[s1)[[p(h3™"|s2)]] (8)

H D ;oK /RISHUE (Jensen-Shannon divergence), p(hiP*"|sq)Fp(hsP*"|s2) 3@ L BEF T £
PEATZIE GRS BHIDEE) . LopecipicH) B IREBRDP" AN -

2.6 Ik R atER

WA ARHBH RS T, A Stoken-wiseH] [T 51 B1 1 B BIM yopen 2 H Rl B 58
T M5 BRI M oken prior ~ 1HBNE 0 RFER T Myopen_siige. 15 B IBTLA T HISpan-level 1
ELJ-M span_info ° :/E\: EPtOken'Wise/% yu EI(J 7]:E zj:ly--/\/ltoken > Mtoken,prior%uMtoken,slide El"]ﬁ[ﬂﬁ ?jﬁ 9% ﬂff /A\
j—:t?’»CToken s Span'leVQI@%H Eq;l:ﬁﬂ/wspan,infoﬁE{{t?Jﬁyi%ﬁSpan + Egeneral + ﬁspeciﬁc °

RS TR B R R MRS AN FEI RIS, AR SURE Mpan_info (B Rspant FE8H10)
{)H\IJ El/‘j ‘Ei E j( ﬁ: % :J:4 Em ; ’fZIS > ﬁ'ﬁM token Mtoken,prior S Mtoken,slideiFHM span_info ( Bi-i jtspanﬁ
RN BERUEREKE/DNTANSE, &EFERENBIERMNTHRANTINESR -

b R E S AU, BRI, R, P, 202368 H3H E5H.
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3 3
3.1 g

YIGREE DL« AP0 s S EERIERL, A& 13 B pI228iEkr, FENLENT N KELA100F/ A
Br, FrET A% (PER) ~ $4 (BOOK) - EE4 (OFD) =MLk, Sit1545F (GtHfr
) o YISREE 34TSR, MikEE2245% - L THERNIZRAF, FEHLEE20% HI58IE 5 H T8
SECAVELL -

3.2 SEIYHTY

AR R A B8 #) NRoBERTa(Liu, 2019), ¥ il % % %( & H FTHugging
Face? 7 o XX %t #& L Tl il 45 Hroberta-classical-chinese-large-char' = Xf T 1%
ﬂMtoken\ Mtoken,prior%HMtoken,slide7 %g$%2e‘5: batChji/J\iﬁﬁjlg]-(;? Mtoken,slideE/‘]‘]%
ohi O K/NN100, 1EBhF KR4 - Mspan,mfo@%f&%ﬁg;—Yé‘iﬁﬁﬁle-& batch K/NR32, &K
SR BB AT 10T 5158 -

3.3 LR

NG | F1{&
KDSec I1E | 96.15
A 95.82
UG R A e S AL H 5T | 95.34
N 95.08
wzjj98 94.34

Table 2: & F1FMIMERE (F1{E)

% PSR inFoR, BTN EES BN FEUS T 96.15%MFIE, — A EEANTE
R T R TR SR B A AR R, R — 7T, T ATE T AR SEIR A EZE R
Pe, M litoken-wise BN FFIAMENEZE R IR T K SCARRTIR B, Tispan-level FIFEZETR N T 1%
BRRE o

R e P | R | FI
Mioken 93.01 | 92.88 | 92.94
Token-wise Moken_prior 92.59 | 94.74 | 93.65
Mioken_slide 92.87 | 93.88 | 93.37

M pan_info(IREAEKEL) | 92.29 | 88.53 | 90.37

Span-level M span_info(IBREEKEL0) | 93.80 | 94.74 | 94.26

Table 3: 2 {FHEAYLE N SLARIARIVERE

B AR TR RE R34 T IR KR IMIRAL, R4 NS A8 RS SEAR R R
FItERE OFBHEEP, BRIERKFUE) - AILEH, [EERHMA T Span-level BS54 17 FIHEZE 4
Ref i, MYURAKEIZRE NN, HEgHI T IHE TR, FABIERTHFEMELAEEREX
TARSAE o AH B token-wise AT FIIMEBE MM open . 5N EIERAE B LR ENE
BNE OB RN T E M oken_prior TAMioken_stide SIBUG T RETEF, R T o E8 v 4 SR 51
EEH, REERMEREN.

AEIEAKE TG B5ER T token-wiseFflspan-level P SR HEZRAE A A K B 5L FAIF1{E,
HrHtoken-wise IR R B Myoren, Span-level T M span_in fo(HEijiiﬁ—‘JﬁE 10) - MEHTA]
DIEH, HEREKER/NG, WAESRMEREME Y, TiSpan-level FIHEZETEKSEiR FRRIIH T 5

"https://huggingface.co/KoichiYasuoka/roberta-classical-chinese-large-char

oA TR E R AR OUR, ’%‘Lg—’%leﬁ, IR, HE,

202348 H3H £5H .
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1 L . L Fo ¢ Token-wise
o O o g g £ Spanleve
S o E
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- SR
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ERIA
Figure 5: FISHESE RIS (K=1.23, ., 0) LAORERE

REIES, BHTEALERBCEKEERKBCR, FIEFX R ERETRE 2 T LU AN
B HEA MR -

ZEt ki) | P | R | F1

Mioken 92.25 | 92.11 | 92.18

Token-wise Mioken_prior 91.57 | 93.69 | 92.62
Mtoken_slzde 91-65 92-65 92.15

Soanlovel  Mepaniinfo(BORKAEA) | 91.40 | 87.68 | 89.50
P Mapan.in o BASEKFEL0) | 92.00 | 93.83 | 93.37

Table 4: ZZAREILLE T S A SR INE 5E

LA TR AP Rafid T & N IR B AR AL ) AR N ROPERE, SEAR R IIRAY
LA AFTERA], ABEEERE, iRl S LA Al R EIERR, FATA
BASLETUIER - 7TLUE HETE B BB AL - HRIURFIE (Mpan_info, B
REBKERENL) |, 7T —EREEE b R M8 iy 58 A o S i) S ) (]l

3.4 REIPIR

W F5FT R . M E E R B R P bR O BMoe,, A XK B H E
B Mioken_prior» Mioken_stide A M span_in o fE. 5 i 55 A L SCHE AN 0 I PE Db £ ¥5978 B
CHIMEE - WD BIFHRAE, BT Mioken NAERERENYIZRIE R H R — R ENHE XK
HHA)T, R EARER AT A IE B 7B A, TMioken_prior FHER EILIRE BT,
A LURE B A4 “B7 R R o F T30, AT IIGERPFEERE R FREZEA
AHIREA, M yopen BIR] T <2590 BE 55 HA 44 (OF D) BE IR TN O A4 (PER), Tl 451&
B 52 F—RENNGTHAER FREZEERAOER, BIREENOENE HRE,
SERAL T LRI, Moyoken_stige M TR MR T SR LR SUBES BB - B JE P10 7 7T LUR
B, MHHEMioken. EEIRTLA T HISpan-level T M 00, in o AT AGE MR SE 1430 LA BOMI 7]
A, I ENTT AR SRR IS, M ohen NRETREITHB AR SR A2 SR, (2]
5 (PERYH &7 SRR, s RS
3.5 LLM7E®FEan & SLER5 ERRI

WL SIS A, LLMAEZESS LAl LRI AR, BMRERE/IMEIBFEE
PR o AR Ie I 255098 LLILoRA (Hu, 2022) /7 R HChatGLM-6B 201 Epoch, &5 H AT
PUARI83% /e 5 HIMERE, (BT ZE K E /5 BTN 57 - Ah, ARIGHAT 7 ChatGPT
(gpt3.5-turbo-0315) FEZHEA « 1 FIFEEE AR TS FREE AR T FiFew-shot tEREMI (R VRAE A
feprompt 1 FIFI Fik B SEIFEMAERE) |, WREFTR -

oA TR E R AR OUR, ’%LZI—’%ISE, MR, PE, 202348 H3H%ESH.
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T W R

{ZRIPERMB{HIPER}HZ, HIEHZE . mEL,
Mioken BRI { B ~F|OFT} o B {1EAT|PER HE T B AN E,
DIEBT Bl EEEAE, BT x
{ZZF|PERVWA{H|PER}# 2, {HPER}IEHE. . [FEiL,
Mioken_prior R { B 5F|OF1} - B {fE1T|PER I F & ALE,
Sk D{H|PERTAB T HEEANE, BT
s U {#F7|OFT}— A\, BI{ZEBE [PER}; XH {NAMH|OF}
Mioken FI{#EILEE|PER}, JRE{IBZF|PER), {&I4H|OFT}
El{&i W Z#|PER}, {/MH|OFI}E{#EILF|PER}, &—A; x
{#I7|OFT}— A, H{Z&ImELH|OF1}; UH {NAHH|OFT}
Mtoken,slide EI{%VE\A@E|OFI}, %El{i/b\ggi%|OFI}, {E[H:WOFI}
FI{EIRZEHE|OFTY, {/MH|OFT}E{#EILT|OFT}, &—A;
AE{EEZF|OFTY, frHM{HIE|OFT} - {EH|PER}ZHE,
BIE{FABZ B |OFT}, NEH{FIE|OFT}, fififss o x
AV FIEF(EE R 5 (OF ), f790M (R OFL) . {GH1[PER)EH,
@w@ span-info BIEERE, EBERE, et
Mioken | {EWIFFPERVES: FEMEL, M{HPER} - {fL[PER}FFLI; x

Mapan_info | M PERVES: W EWAL, M{FH|PER} - {K|PER} NS

Mtoken

Table 5: ZA| 5017

UES | ROUGE-1 | ROUGE-2 | ROUGE-L | BLEU
TREAR 96.36 81.10 84.82 69.11
1 [ENREE A R ] 94.34 81.99 85.34 72.11
5 FIREE A R 94.72 84.78 87.39 75.67

Table 6: ChatGPTEAN RIS BIFEALE NHITERERIL

T LLMAE RS RAFAE — 28R WP AP B B R A — Sl R e BT TR AR R FE bR
FATVRAG o FEE RIJERFIREAIE NN, ROUGE-2+ ROUGE-L « BLEUFEFRERREZ 8500, X th
PUE T EATZ BT IEAE; (HROUGE-1ENH I 1 FARANREN, ATseimai RA, gL E=
SERRE RS ROIEREIAZ, &R RETEPRI SRR - 2

4 MXRIAE

C2H Z MR R S T 6 4 SR BIES - RN T/AEETFIIRE
e, R AT RS B tokenbRE N — M HA RS, NTIRAE HAFRIFREMRTT,
WIBIOEBIOES, %A S RAIRE, JEHIEWB-PER ~ [-PERMSEAIRE - Z J5 R fiv 44 52
AR AR S5 T Htokenfl) 43 KAESS, T4 A W EWLE %S P IIMERT - [E 5 /R A R
FIHMM (Bikel, 1999; Zhou, 2002) REWSHHIZIN G R RERTE, EXMELUHIRFIIZERGEE - &
KIFETIMEM (Borthwick, 1998; Tsai, 2004) @i &8 LI AR AV RT R N B R KRR 5
i, BEFELAER . ZHEFEYIHCRE (McCallum, 2003; Krishnan, 2006) REUHIRAHE K4
JRAAT, BCERKEEE R . FEIRE S > JTEF, BiILSTM+CRF (Huang, 2015; Lample,

%K) AChatGPTfInstruction”y “F 75 B R 78 2 1 £ iy 4 LR IR B B R, £ LU B ASCRF BT E A 4

(PER) , #%# (BOOK) , BHA# (OFD #EATHREL, 3 [E25 5RF U5 B0 58 O HESE (R K R iAo, H
FRAFEHPER ~ BOOK - OFTHRIR « ANELj HARRE , HANZR BRGSO, Uk SR G RANA], R T
M2 o [FIVRAEASR B L “an* iR B85 3R+ (7 20N g “H 2K 5] FHPER « BOOK « OFTHRIRZ J5”

B RS RISO, BT BI, E, ,

0238 H3H %5H .
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2016) 8 BERT+CRF & — M2 8 f{) i 24 SEAR IR A 284, (HHTBERT (Devlin, 2019)58 KH)_ET
CYRTGRET), CREWRMMEREM 24K, (HIEFHE A2, FIHBERT+Softmax (BRI L5 FE
EEFTEERMERERNE, FPB T BERT+CRF -

S5FIIMERNFERR, TS5 Espan )77 ER i 4 SRR SCR BB 5 R R, ©%%
N FER T EZ — - ETIIGESHEE, #HXHF5 T1E (Sohrab, 2018; Luan, 2019; Wadden,
2019) 38 1 i FespanBi R & BRIA RO, RTINS o R e FEAT SRR AW - (Y,
2020) K X555 R G LA E B F AR R HE Tspan s 2K - [N, —LLRF50 77 @ 1
AN 5 s BHE B MUE HE FspanAIMEZE o (Zheng, 2019; Tan, 2020) 81T £ 11452 > kol SE 4
5, (Shen, 2021) fEspan BTG AT A BT, T (Li, 2022) &3t T PIFHAEXS & R i Bspansy
k.

IR, U B 0 A A U BCE 2R B 2R i 4 SRR IR AR S5 8 h SOR AR iR S5, KAl F
) B FRSE RS B AT ISR RIS « (Dan, 2016) 8 508 A SEUELREEIZES . WAA)
T SRR AL E - KERIZEA . (Strakova, 2019)i8 1T F B SLARPRZ B A £ FR B fRIR
BB A LR AR . (Hang, 2021)# FBART (Lewis, 2020) &% ¥ £ M 4% 1) AR SCHH S0 44
B M R FHNHIAERL, T (Lewis, 2022) MIETT5 (Colin, 2020)E ALK FS, i@ JEA—2K
PEYNGRIITIEIR T T To e B fin 4 SLARR BRI RE ST

A OB 55 07 ¥R 2 8 AR 9 30 S A SCERR ST i) i 48 SE AR, B/ oy STAAR SR A AT
T 7 SCHE EL B ST B B8 R RSB SR B 1, R AR G T 5 A SUS E AR X E
Bk, FIFHRAE SRR AR & A U, AU SRR TR AR 5 e H R SURHE R ZREY -

5 Mk

[y

AT BN 55 a7 2 SRR RIS FIRELE, IR T 55 SC A A U SRR
EANTF, FEtoken-wiseHspan-levellEENI I FMIAEZE A £, MIATENREERFELE, FMNEELR
LA IR (WRHIE, EBRTURER, BRI EE UK SSAR R IERE - TEA R H #E UK o
FTVEIRT, FA1 & INE JLA R R AR R R T B R 1) 7] 7

o SEARNFURSMIFN R BTN AT E Z R AR SRFMES S A FHESS: SR/
ARG AN BT 4> B AT INGR, B A, 0 SR AP B B T S iR T 7
), S UEBA T v R A AR R ), SR A ARSI A oK B Kk

o [A—HA]F BEARGRME I —EE: W X A1

“GRMEFIPER), F{HFT|PER}, HFFHFA . RHAH{EW|PER}, {FEINFHM|OFI} -

H{ZH|PER}, {FH4|OFI}. H{f# 5 |PER}, {&1°FM|OFIL}. ”

HEFHREM RS, 80 BRI IR AR 2 e LAt gy e s ik

PRl 5 A A1) A Z R AR = ) SR B — IMERR IR 5T I R

o NIRAIAE AR PRI RIVE FHR ST IEANFATERT T WAL BARE, RREELAE SCARR AT

% F I REE BRI A, T HA RPN E M DA LIRS IR, 3 AR R A SRR

AR RIS, RIS & B, AR SR )0 SR BN RE v, anfef

FRFE 2B IREE, R B S o & B B S R AT S5 EEAFRS

22 3k
I, EEE, ER, %, %, 2023. CCL23-Eval 1155 1345 R : M & SRS (GuNER2023).
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AR T B B A FECCL23 8 i &4 AR IR AIEN H IR T KIS | ARG - ZESS
SEESRABE HEAF AL - B4 BEIRZEEHERMEZFE LA, H
R R S ER B KT 10b5 A FF A FEE S e - 1245, BT8R H
T EE A 5 A AT IR AN AT S5 BE FRIR T AR B AT R P05 AN O, B
7B A T EE Ay 4 SRR AR SS EROIERER I . HIKIRH T — R Tpair-wiset®
BN BT SR 0% B P RIS BB R SR, 3 o 5k SE AR R B bR SO 5 SR
AT AR ANELE . EREIEMESF, BRI RAREHNTFEFRHLE ., F1i55
$995.8727 -

KB A SERIRG, FREETIGR, SEAMEIE
System Report for CCL23-Eval Task 1: Named Entity
Recognition for Ancient Books based on Continual Pre-training
Method and Context Augmentation Strategy

Shiquan Wang, Lingling Shi, Luwen Pu, Ruiyu Fang, Yu Zhao, Shuangyong Song
China Telecom Corporation Ltd. Data& Al Technology Company
Beijing, China
{wangsq23, pulw, fangry, zhaoyll, songshy}@chinatelecom.cn
s110107@sina.com

Abstract

This article describes the entry system submitted by our team in the CCL23 ancient
book named entity recognition evaluation. The task aims to automatically identify
important entities of the basic elements of events such as names of people, titles of
books, and official titles in ancient texts, and divide them into open tracks and closed
tracks according to whether the model parameters used are greater than 10b. In this
task, we first use the domain data and task data related to ancient books to continuously
pre-train and fine-tune the open source pre-training model, which significantly improves
the performance of the pedestal model on the task of named entity recognition in
ancient books. Secondly, an untrusted entity screening algorithm based on pair-wise
voting is proposed to obtain candidate entities, and the context enhancement strategy
is used to correct entity recognition for candidate entities. In the final evaluation, our
system ranked second in the closed circuit with an F1 score of 95.8727.

Keywords: Named Entity Recognition, Continuous Pre-training, Entity
Modification

©2023 FEVTHEIETEAE
RIE (Creative Commons Attribution 4.0 International License) ¥FA] HAR
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1 58

TS i 4 AR RS B B inse BRI A8 G R A& - 4 - MM RS E SR, X
T B BT POE SO ~ R EISIE A SCEIR B EP3R (U7, 2023) - SRTT, 88 i 4% SEARiR )
(RSB Z A TR TREBDIGAEN OEIRE BTR, HIA T EARFE—D LR i, &
ﬁg%@%%&%&ﬁiiﬁQX%ﬁﬁ\ﬁi%%ﬁ@ﬁ\%w2ﬁ%mﬁ%%mﬁﬁ%%
B 241

BATIRAZ BIRGER W B SR 1 A B 7 v B8 fn 42 SRR BIESS LR, F—MBoi
o BT I AE S5 FR BRSO SR 5 SR 12 1 22 R A A 7 oy 38 i 4% SRR AR SS LT RE
W, BMBLENET LI UE B RSB SR AR T AN E S SR B A BN -

P T P 2T AL S5 FR N B A AT RO GR S0, B0y 88 SR B 2410
BE -~ AR SRR E RSUIE R, B A YRR U s R A T AR S T
Ok, WEINTIGRE S BA T i ORI HERERE ST, M RIRIEGRE R A TR SRR LTI SR, 3
DTS T2 ER R SOR P EEERE ST, FIBERAW2NER « BERT-CRFAIBERT-Span® £ f
ER i 24 SRR AR SS AT AR -

PATHIRET AR EF UG B EHATEIE, RINTWER 5 ANLERE LT XEREE
AT DAAE BT TR 4 0 g AT 40 38, R BT AR R A4 L5 5 AT E et T — M
T pair-wise?® A B 5 S TR A BIE G BTN B AR 1S4 ik, SXJE @t in AN SR fE —
TP R E R LR SCHHRBI G R ATIEIE - BT RREREE LN R85 795.8727, K
157 HHFTRE S ARG -

2 HXIIE

i 4 SRR B (Name Entity Recognition) £45 §7E HENR A H AR A%« #4 -~ #l
G ERGERRERNEEZL G . HANEEEEMEHENETHIRNNA, Flax /5%
HU(Wei et al., 2020; Li et al., 2021b) ~ &4 (Le and Titov, 2018; Hou et al., 2020)%, Ff
DLKHA LR — B2 BRE S A3 (NLP) AU A — T AESS - HRINERESHFER T ESH
POfp, 512 (1) EFFRIIFRENNER % (Lample et al., 2016);  (2) EFBEEMNER
¥ (Lu and Roth, 2015; Katiyar and Cardie, 2018); (3) ZET/FFEFFIFINER ¥ (Yan et
al., 2021); (4) ZETEERNER % (Luan et al., 2019; Li et al., 2021a) -

ETRIFRERNERTEH LT R PINERES F, &5 R SCARFF) F A8 m &AL
— AN BMPIPRE R TT, B A B — PR SRIR B SR - G IR R T IES A T &5
B (CRF) (Lafferty et al., 2001) ~ BRI (CNN) (Strubell et al., 2017) ~ {EIF
HEZEM 4% (RNN) (Tang et al., 2018)F1Transformer(Yan et al., 2019)# AV, FHE S5
AE TARRHIA R LR UEE, ~ TAMSEEHE - %7 BT T H AR e f m ikt -

ETHEERINER T 120K A A B SE(AR B 55 3R 7E 8 I b A AT e B R ARG 1 (r] L -
BE— MR T REEERIS, Ear Tt AmbEREREMAEG X R . EEEY, 81
TAFR NI, AFRRFAZERRER, MEANRRERENREGRR, TUBEBE AT
Mo BT TERBE B AE RRHER R AR L, A LUER B A 240 B R SCRIE LB R,
Bem a2 LARIRAIAMERE - LufiRoth® A (Lu and Roth, 2015) R SEENERAESS H 2 T K
7, FEEZ T IEE Wang fLus A (Wang and Lu, 2018)i#E479 BAIHE5E -

HTFFF 2 75 FINERJT VEE 5 H F 512 F 51 (Sequence-to-Sequence) 1T e fig ik
4 EEIRG (NER) £55 . 2T EM ARG S-EIE e ESE, H A 9mig ey’ A\ 771 g
[ 8 4EFE RN, T AR RD 2 AR U8 2 i 88 1 HE AR A B PR SE AR o Gillick®F A (Gillick et al.,
2016)%FSeq2SeqtE 7 & FHEINERAE S5 Y, 13 A A% 28 B 1k % B A1) A1 AL 2 SE AR S B fir
B BEREMRE.

EFEEMNERAZEE—FERAEE (Span) 1ENEARBAIITMHZLAIRSF] (NER) H
T ZEBEINEEE T RERBEAS, HXNENEEHETSE, NImEEE A L&
BB MR (Xu et al., 2017; Yamada et al., 2020) - Li% A (Li et al., 2020) 4% NER#T T HHTE
S, R EAA LR R (MRC) £S5, RS RENE RIBEHTHREL . Shen® A (Shen et
agmnfﬁT—Wﬁm&%ﬁﬁﬁE,ﬁﬁﬁﬁ%ﬁ@ﬁ%@&%ﬁ%i,#ﬁﬁﬁ%ﬂﬁ
RLAIZER H

%:+:E¢Eﬁﬁ%§#k%%i%,%ZﬁF%%§3%$ﬁ
A S

[, 202348 3H%5H.
(c) 2023 HFE A CfE H S ,
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FEARVVEM A A EZLE & T 2T FIIPNERINER T EME T B EFINER T B £ L
AFRZE S HSER, B UGS FE 5 A A -

3 A

FEAR U #E A 22 SRR A B 138 R EE A anE R, IR PR BUF A, 28
— P BB T AT A S5 FR ARSI R LU A - STUSURIR R S| R 98 A0 & A A 55
FH RO ATIBE R TR B AT FPER ISR, BT IR A RISk B T I 3. (E5550
IRFFEETIZRTE R AR PRIE BOISR SR ATRFEETISR, AR S5FAIRAE L ATU R B B A ST
PEEIMNGRRATEAR - BORR BREA R T H IR RIS ER B R A TR, 58 B B
T LR OUE B SRR RAATIELE, %M BEEER A LA LN U B AN F A T B 2R
FEERAEFEEEETRIE . & TREDBINEIM BRI EENE -

Stage One Stage Two

Data Processing i Pretraining Fine-tuning Entity Error-correction

GuNER2023 I BERT-base —>
Traditional

NEZHA —>

P —
W2NER
GU_NER_2023 BERT-wwm-ext —>
Simplified
Paiir-wise Context-based
BERT-CRF ——>»{ Ensembling Entity
MacBERT-base SR Voting Error-correction
BERT-Span

1. HRAYLER

3.1  ETHUERRAMES IR MRS TGRS R
3.1.1 TR S5 EIE M 2T 2R

F T IR A SN 2R 7 S AL AE WG FI0) R 00 R A 430 A ) i B 2R e D, AR IR RS 4R
BRI GR RN N HEE R OCERE, B FRERHITHRON, B AT HH AT
IR ZR1E S A pvE UCRAERE ST, HIRFINZRiBRE 4T 53 A7 AL S5 A A FF R R 22
S, AR LTI R AR S R I 25 AT Lod st 5| A SRS B AE S5 15 BRI M T e T IiF
1155 LRI (Gururangan et al., 2020; Yang et al., 2021) -

BHAREZTHEZRPEEAIEZEENES, B T FERHEICR, W 7 & LR
AR AN ZS « X B RN T B a4 LR EEEENSENE, KR HUEHE
TTREXRTAL - ERL - BAEFLEIHR, XEHIES AR LS 8 EHE X -
E] I FRAT 1220 12845 P 0 4% b mT DA SR 300 ) — - DU s B8 IR TN 4508 5 R A dE AT AT 22 71|
R, SAEFsTgGz e, BARARMERIGREHAITESFRETIEG, St FrEefii)l 4
TR AT DL S M IR T FE ORI SRR - LR A R BRI R, WM SRR o 5
i 44 SRR AIAESS L RIPERE -

3.1.2 ETESEIEMBERFE

FEARRVEN A, BATER T ZFAR BB SR HATHE, 55 2W2NER(LI et al.,
2022) ~ BERT-CRFAIBERT-Span -

HAW2NERE —METFRAFIERFIIMERE, ERS—FNEREK AR 51K R
3, B R R AR AREA R B 1R % R SARTE 2 [A] IAH AR e RHATE SGE, R T NERIA
#n# - BERT-CRFTIA4S A T BERTEEB AL 4FENLY (CRF) SR 1T fm 4 S 41751 -

BT E R E TR S E AR IR, F14I 5
pay

, E, 20234E8H3H%ESH.
(c) 2023 A EFfF B ES T y
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ZIRRIGEAD B BERT IS B A F I EHE R &, 2853813 CRFJZ XX LL4F1E [m] 2 341 ?ﬂ@
R IR B H A 4 SEAR A AR B . BERT-Span/j 5454 T BERTHEA FISpan /7 15
%ﬂﬁﬁ,smmmmwww,ﬁﬁﬂ%mﬁﬁ@ﬁBmw&”ﬁmﬁA?ﬂ%%ﬁm%,K
6] 2 Ab7E T BERT-Span /7 {238 13 Span /7 {A X HFIE [a] AT A0 R, 2 F P S ARk S i 1 & F0
TR B R B L A 4% SEA o 1% VR TE o OO SE AR AR 4R RN 4 SR B IR R 40 A SRR S SE AR
5, FEARIE SR R AR AR NG AL B SR E SEAR RN B o (B R, B A TR 2B
SRR R 42 5 AT R R R S B E R EE TIN5 A AL .

3.2 ET L TFXEBERELAEEE

FERANIGE RS, BATZ AR AT e S INGEIEE, T EA R KUk 5
TSR AREGER - ER RS RET, 2 R S5 R A R GRES IR B TR EE 2R L AT
FAEMTFESR, XEERIBR T REIMEELENANEGREE, ShX SN EEHEAREALL
B, BN EARRHIESS H RSt — DR i, BREIRINEIR1ITR:

B 1 E Ppair-wise B Z AN EE SRR %8
KB -
& R AL SRR B H ISR T8 [entity), entity?, ..., entity™];
& X NEIE#A Eopr MIUTTH < op_type, span(entityl,), label(entityl), label (entityk) >, H
Fop_type € {add, delete, change},

PR &span f5 2| SLAR TR A ORI AL

PR £ label {5 21| SR H 2R A,
TE S\ (opy) N Eop, BB E
Input: FBRITRINEE FANG B SR F 10 (D5

ARS =[< Ry,S) >, < Ry,8 >,...,< R,,S, >, BEELIERE

Output: [A(op1), A(op2), ..., A(opy,)]
result=]]
for SRIFEW A HBRILER (< R, i >, < Ry, Sy >) do
for j =1,...,len(Ry,) do
for k=1,...,len(R,) do
if span(entity),) == span(entity®) and label(entity),) = label(entity?) then
if

(< op_type, span(entityl,), label (entity),), label(entityk) >) not in result
then
7 Registering
(< op_type, span(entityl.), label (entityl ), label (entityr) >) to result;
8 Updating
(< op_type, span(entityl.), label(entityk), label (entityl,) >) to 0.0;

o A W N =

9 end

10 opype = getoprype(entityy, entityl,);

11 Updating A(< op_type, span(entityl,), label(entity],), label(entity®) >) by
adding S, — Sp;

12 Updating \(< op_type, span(entityl,), label(entityk), label (entityl,) >) by
adding S, — Sn;

13 end

14 end

15 end

16 end

17 Filtering the result with A(op;) smaller than 6,
18 return result;

B o T m E :.Eﬁgzz% H, 2023¢8H3E|$5El
C

r>
%H

% %14@—%22@ W AR,
s :
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HATE SERE Z D SUSAES IR FF TN SRR USSR HOOM AR R AL 25
TR, RIS T IEMEE T pair-wise 552 A B (5 56 (A 008 BTG 2 00 A B 05 00 S5 4 fi%
I, FlanhAE S, LIRSS AN TRIL, UL ERSTA o 7 #R%ER X X s et
PN FIRRZL TN 5 R P B T AR SE AR A, R A — DA EE XK BRI T
P 5 AR ] BV~ [RTR B A A R SO e XSS AT AR B I, X T A A SEAR TR, FATTHRN
FEHEHIMEE - RERE L L N CREEN - BME /Lt 5BRACEBNE - 75, ATLE
BISLARRBINPER - &/aBATRHNE LT SGHTIEIESS RUZE RANRLE A TR S -

4 SEE

AN RN BN TR RS PR LN, EREFLEELGHE - KRSE6R
B RRERS =5

4.1 HiEa-wE

AUVFMES R EIESE (GuNER2023) ORIET M4 LA R — s 30k, Hf
GRS EIE234753CA, MR B 3522458 SR, X BSOS I - 5 Ll 15 A6 P BB L 28
Wreg, KEAN007F - HAYIGRERE T XAFRHA%L (PER) « #4 (BOOK) MIEHA
(OFD) =Mtk MHXETIRIE -

T B HRER 2 TR A SO IER0E S BRA AP SR IERER 2 LU (R SO £, B TE
i F R BT R T R OPENCCIEV IR R HO R R 30, ([HRERAE, ERERERE AT
R IATER T F RO B R B 0 R, I RAE R R TION 25 S # i AR m] USRI o
o BR T AUGFIESS SR BIR RSN, BT T M4 EATFR I PSSO, A%
PR TRART A SORAR? « BT 1R E 2 B A 547 05, R o BRI 55 52 (Y
HHEE — B N FF SO SR ER .

4.2 LHRE

AT EH B IE E % S HE 28 HPyTorch, 4s 72 & & HNPython. W2NER- BERT-
CRFFIBERT-Span™ f# A ) JF & 7l Il %4k i& 5 &% %! HBERT-wwm-ext -~ MacBERT-
base - MacBERT-large - ERNIE-large - GuwenBERT-basefIMengziBERT-base%s , #H & 5
HOFEWRITR -

name value name value name value
emb_dropout 0.5 task_type crf task_type span
conv_dropout 0.5 train_epochs 10 train_epochs 10
out_dropout 0.33 swa_start 5 swa_start 5
max_epochs 500 train_batch_size 24 train_batch_size 24
batch_size 32 dropout_prob 0.1 dropout_prob 0.1
learning_rate le-3 max_seq-len 512 max_seq-len 512
weight_decay 0 Ir 2e-5 Ir 2e-5
clip_grad_norm 5.0 other_Ir 2e-3 other_Ir 2e-3
bert_learning rate  5e-6 seed 123 seed 123
warm_factor 0.1 weight_decay 0.01 weight_decay 0.01
seed 13 loss_type Is_ce loss_type Is_ce
(a) WoNerZ % & (b) BERT-CRFZHUXE (c) BERT-SpanZ4{i% &

* 1 BRSO E

4.3 SERER5HHT
4.3.1 K —

7T SHRE B A AL B R GO R B AL, BT E SEEGuNER2023% I £ L
TW2NERZRIZIR T35 TIHRTISRE SR, SKISLERINR2FTR -

https://tianchi.aliyun.com/dataset /151499
"http:/ /www.guoxuedashi.net/a/30p/
https://github.com/maxzxc0110/24-histories

E, 20234E8H3H%ESH.
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Model ‘ERNIE—largc GuwenBERT-base BERT-base MacBERT-large MengziBERT-base BERT-wwm-ext
GuNER2023split |  81.6057 85.4847 90.1980 90.6496 91.6667 92.2014

% 2: GuUNER2023%0HE 4 IR TII 4515 = AL RS2 96 45 3R

FokE R T fEGuNER2023%Y #8 5 b 2 T A [/ JF V5 1 Il 4k 75 5 % A W2NERM 14 ¢
I, GuNER2023_splitF Bl Zr EHER LR 1FI L BIRENL R I EMIIE S, HAP RS
NI IRTN 508 S A AR B AR ERE A AU € E SRS F1ES . NERGERTLE
HBERT-wwm-extfEGuNER2023E(4E 5 F RN A AE, B AR AR IR GEN A FA A ZEAEN
Jo RS ) RS

4.3.2 L

FH TBERT-wwm-ext/E T 2R i B A B KR Z AR 3, H T 3 SBERT-wwm-
ext7E T EE S AR A A HE AT i & SEAR IR BRSSO PERE R I, TR Mg EFIRA —+
PU 5 R FIGUNER 20235048 S 6z B 3 47 T SR L T Z:  (DAP) FMESSFFEL TSR
(TAP) , FAILEMIHW2NER, SEE4ERINFEIFTR -

Metric | no_trick +DAP  +TAP

GuNER2023_split_t | 90.9449 91.5805 92.9980
GuNER2023_split_s | 92.2014 92.9383  93.3400
GuNER2023_s \ 93.4394  93.8958

% 3: GuNER2023%#E4E I BT BERT-wwm-extfFEE 1| 25 1Y) S50 45

F3E T FEGUNER2023%1E £ F NI BERT-wwm-ext 4T L2 1)1l 45 (R S2 98 45 51, H
FFGUNER2023_split_t % 7~ Z & I GuUNER2023 %48 28 7+ HBENLFH B H 143 2 — BB IR 1E N 56
IE % | GuNER2023_split_s7% 7= 8 & FIGUNER2023%% ¥8 £ 3+ B a1l B+ 9 2 — B0 U
TERNFUEEE | GuNER2023_s3 7~ 42 B 1 7K ) GUNER20235UE 88 . ANHlECGEH 40 BB 1E N 3k
£ o no_trick®E 7~ 7 F A JF FIBERT-wwm-extf 7 | +DAPFR IR 7E A FF P A 5 R L ol b A
FH AR B 24 50 B0 88 3547 2 T A AR AR S T 2%, +TAPF /= 78 A3 &0 R F EE 7)1 45 J5
- GuNER2023% #& 48 35 17 2 TR S B0 FREL Tl 45 - L0645 5 38 BF 0 A\ 2 T 4508 0 3
ETAES BRI 4 E S M HERERTE TR A, EGuNER2023_split _tZ ¥& _F 2 5 K 15
70.6356/12.0531 A4 4 H FH . ZEGUNER2023_split_sE3E 4> B3R5 T 0.7369F11.1386 /) 4 %F
P o XUEBAAE A 85 1 4% LR BT S5 b AT S R SL TN SR A SRR LTI 45 2 B L B o
Brib 2 Ah, Bl R Zam T 0 -2 BEEAS R 40 56 0F 88 1) 5 Vb AT AT )1 2 . SEOG 45 SRAE PR AE %
FEMMESS 228 8dE 7 LURE E TR, XRRNEZESHEIEER D, FtE
CESUEG I A B 2 B AR TR 4R .

4.3.3 K=

T BRAN SRR 5 AL 1) JR PR AN AR R B B RO 2 A, BRW2NERSN, FRAI T EL
T BERT-CRFAIBERT-Spanii #h&l 4 R B L5 45 38 2 5121 AL SS , BRI R0R 5 SEg8 45 1
FAFTR -

Metric ‘ Precision Recall F1

W2NER 94.9200 94.0770 94.4968
BERT-CRF | 94.1942  92.8924  93.5388
BERT-Span | 94.6721  91.2142  92.9110

# 4: GuUNER2023% 5 L B RUE L5045 R

F4ER TW2NER - BERT-CRFABERT-Span = FiiAS [6] B Y 45 #4 £ GUNER 202355 75 42
FRUAE SRR R, SRR RRAE T FRAFHEFIW2NER 7] DU IF (4 3R 17 5 17 2 (6]
IR R, TR o B SR P R E B SR, [ERERRE, BAEM T W2NERK
A & B 757, B E N BGR G BERT M Z KP4 %0 H SOy BUR G — R RS, %7 RS

E, 20234E8H3H%ESH.
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T0.6010f) 22 T+ « B IRBERT-CREFIBERT-Span i fE A () £ 4% R ASUIW2NER, {HE%4
TR 45 B R RE HR AT & T = R [R) 54 BB AL T R Ee SR i R Al a5 R AR = =
4.3.4 %Y

T A RS54 R R T R SRR A B A=, 9 T A ARG MR AL 2 IR 22 57
M, BATBOT T —FET L UG BT SEBIER A, SR RIR PR -

Metric | Precision  Recall F1

W2NER 94.9200 94.0770  94.4968
+context_correction 95.1629 96.5932 95.8727

# 5: GuNER2023%( R 6 2T b F SO 7 Se B 1E i S g 45 51

FoE R TAEWSNERE Al E T X B EH#HATEHRBEM LR E R, H
H 4 context_correction® /R AEW2NERH IIA B R 3UE BAEIE 1% - 1% 5 16 H S0l 3 2 Tpair-
wise% RN B S SEAR G5 B 4L 0% 120 NS BB B4R & X, ARG AT N A ke 22
TR B G B R SSARFE AT TN, SR E 26N SHRRIR AL £ T 2L, B 195 & £
AL R BIFTWINER FILE AT S, BEIRIE T 137590058 - SEIR 2 SR AR In A SE 14
FrfER BB BN SUE BT IMGE R TSSO R BB, MR SR 7 o 8 iy 45 S04k
WAMES ERITERER I -

5 RB45RE

FEAIRCCOL23 7 #& i 44 LR A, Bl TR B FESURBIRF IR R AN B 28 LU A
LER IR TN T A — LA 2= 0t BREbdR T 2 T QU8 55 FR I RF S04 5 1l
WTEMET LN S BASE R BIE Tk, @i SUEE 55 AR B2 B 2 0 1 oy R AR DU A Y
HERE T, Wi LR E BRE RN T AEELARIAIRIRES - Ffi T8 A AR HI A
SIS ATHET AR, MARSE EF1155) 7958727 SR, FATHHGENEF AR LR
WG RS A B RS R, ARRA] DUEE IR A ROR BN E (5 55 X R SO IRk — 5 32
R AP RER I -

Bl

HATHINBAES A IR CCL23  # i 44 LR AN A 2t BER . 72 AW ST Bt RE A 2R
BT B, ARG S ER UG Tt o BA TR O P E S R A BR A RIECT R RE
BHE I A A RS AN F] BT DN BT TEEBOR B[R] ARE A 77 T80 B K T S - [RIR, BeA T2l
WEDTHLAARRIEE, AT B R AEIR SR, HEsh T 8 SR R L F0A)
H, AR T ERBIRES X -

2% SCHk
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Abstract

GuNER is the basic step for analyzing and processing ancient Chinese texts correctly,
which is also an important prerequisite for in-depth mining and organizing human
knowledge. Due to its high information entropy and difficulty, the technological re-
search progress in ancient Chinese filed is slow. To address the issues of poor anti-
interference ability and inaccurate entity boundary recognition in existing entity recog-
nition models, this article proposes a method of combining NEZHA-TCN with global
pointer for ancient named entity recognition. At the same time, an ancient text dataset
was constructed, which includes various ancient texts from the historical collection, to-
taling 87M and 397,995 texts, for incremental pretraining of the NEZHA-TCN model.
In the process of model training, in order to enhance the anti-interference ability of
the model, the fast gradient method is introduced to add interference in the word em-
bedding layer. The experimental results show that the method proposed in this article
can effectively mine the entities in the ancient texts, with an F1 value of 95.34%.

Keywords: GulNER , Incremental pretraining , Fast gradient method
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1)
HADF, oRRBMMIBRR , roq RN ILEIE - o9 T H I R R A
FEGMEITEFAE, AT B e RISk AR 4 A INAR R FSE Bh it A7 Fk

Siepl AN B E iR AR ARG NEEE -
l
Step2 HHEIKHE: rgy
J
Step3 BB, S A EMSTIAN - 8 EA0ELE-
l
Step4 KEEREGEAENELE . FEFEGHE TR SR

Figure 6: FGMX Uil Rtz Rl

XA GRS AR D LB = A B T, BT N2 152 T 2l IS N5 & 11 [7] =
55 - FERETEYRS 2 4213 embedding /2 5 1A [ &5 B AT LMEA A 125808 .«

hea = he + hadv (12)

ER(12)F, he ZRBMILINIG 17 1 B FR, h TR A BB EH0H (1 B
. rag ToRRINEREN R - BB B0 Bh S AT REREES, BFIEd XRELR
SEHRFE U BRI RH = (b1, ha, ..., ha] -

3.4 L5EHN

FEMRH, BATRI, SEPFEE—SLE e R, Linisis, SERrERHE,
T IR T LS R, AT AN OHNH TS R B I ER S o AT EEIEE D, 1
T ESH —EBIRUR -

[EI ZE AR A TN AT I R B AR S HY OB 2 T 22 Bl M IR Bl ik S AR R JE R S
B, MAERSEUEY, WEHRESS A HIE, B AERdE B ERE BT A0S HEE
BELEF IR LA, RIEER R R AR, BERTFIER . B2 EREE
Uy R E Se i B SE R R A B AT AP HE Y, R SRS R A B AT R, 2Bk
JE SR ER LR -

4 SEE

4.1 SEREIESE

IR 3 B A EE i 4 SE R IH B BURE E(FL et al., 2023) 3 ATREELAIGLE, EE R
RENGHRBEEFANGFESEMNATRE, BUBE — L8237 XK, 3FRB S, o
5. BOOK (H#4) - PER (A4%) FIOFI (BEEZR) - =TS MAALH, H
HFBOOKR ISR/« EYIGEIEGHE SRR, FHABION M E R H#HTirE, Hy«B &
IR LT, U FREERIEFF L FRF, O FRIELMATTE - N T F IS IE AR S H R

oA TR E R AR OUR, ’%23?—%33%3 G /R
A S

3 [, 202348 3H%5H.
(c) 2023 HFE (s B AL ,
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{S7|PERY{E T |PER} , {EF [PERMERM{EESE |OFT}, {SRAT|PERIESE{ES |OFTHEME |PERYS 2 {10 |PERF 422 | BOOK} , 77K
{%f |PER}4hIFEAS, B {3435 (BOOK} . /£ |BOOK}, B5%. (% |PERIER, {LIB|PERYI &% |PERYE{T R BERER [OFT}, R{AKEAE|0FT}

Figure 7: ZHBEVRERGIE]

BEERNE, AXRF, BEVLERET 20005 8 AT, JF137aREERERIESE, Ml
HHIR2245% « ZEERSE NI PNER LN E TR -

METHRI UEES], EFIRPRE S B R KRS SRR A SRS TINE, F AR R
PPRRSE R IRTE - FIRENGREGET, Fra BRI RBE BRI I, IR 5250 ik
MRS AR T, DI E R E LA AT A A 3

4.2 FriERR

FELFH, FEFEMicro-FIME MM T BE D E E A8 ¥R, 48 U R HAd AFLE -
[F] B {8 FRecallflPrecisionfE W Fi B fefr B BB B B 30 R, M fEhmit & 7 X i
= (13)~ (14)FA(15) Fis -

Recall = 1SN G| * 100% (13)
|G|
Precision = |S|2‘G‘ * 100% (14)

2 x Recall * Precision
= Recall + Precision *100% (15)
7EERARF, @ FrREGEESTITEEGES, TUERRNG = {91, 92,93, - ,gn} S FoR
AT AR PG RE S, AT LLRIR NS = {51, 89,83, ..., 80} TEE—TTTEG and S B L&
FIAH R B AR R

4.3 LRSS

R i 42 SRR A Linux RT3 AT 858, [FIEF HPythonZ #2818 5 TR AL RS
W5, ITEFIFEANGPU, BFEKRNN16g, FINEAFSLISEMNE N RTR -

%%‘Z%’K ZH1H

BIERS Linux

TIEIES Pythond.7

CPU 15-9300h

EEFNGN 16g

GPUZIS | GeForce RTX 2080 Ti

Pytorch 1.10.0
Transformers 4.9.2

Table 3: SEESIASEACE

)J\Li%ﬁp_fu\ﬁtﬂ AR SLSG A8 FH Py Torchi 5 2 S HEZE# AT IR f)ll R 5 sk, [RIRT 45 &
% =77 B FE Transformers#F AT I 2518 S BAEZR A & - ZEARTH, REIEE Lrok
Mé‘z&@ﬂﬁﬂﬂ?i@ﬁﬁ TN o

MNFEHALIEH, Batch-sizel% B H48, Max-len 7128, Num-headF/R& TR E LR 2R
AEEL . A 3 B2 ) BT SEOREE, TR R o (50 R RO SRR AT I 4R, S H
Hbe-5, ®mIEH EHEHEREIRHATSEONE, ¥ N1e-3. ERAYIGT, Xiiz>)
I EIMEZE70.25 -

F o TR ETEE S RS WS, H23T1-553371

bl &, 2023$8H3E|5e_5El
() 2023 I EPI{; BAaiEiEE
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SRAW | ZRE

Max-len 128
Batch-size 48
Type-num 3

Learning rate 1 oe-b

Learning rate 2 le-3
o 0.25
REHLEM T 42

Table 4: A ZH

4.4 SEREERASHT

AT T BN ARSI B VE AT SR IOE - AESEES FR A A BRI ATV R SESS . LIS
TSR AR AR B T H AR fO 00 55 - JHRLSER A BASEUE: LSTM « TCN -~ T4 -
SFHLFES] ~ AT o R AE R T )R B, B NEZHA-Chinese-Base+4 AR HHETE N
LA FEECINEZHA « R FERIENNRE AP UEN R ETR -

BRI R F1 (%)
NEZHA 91.15
NEZHA-LSTM 91.90
NEZHA-TCN 92.32
Nezha-TCN-+Fiil %5 93.35
Nezha-TCN+FI[Z5+-X] H127 > 94.22
ANER-IPAL 95.34

Table 5: HLALJHEISLINSE R

M EFRARATLIES], FELEA# FINEZHA-Chinese-Base AU E J i A B IS ES, H 454
5 4 R SO AR O SEAR AT TN, EFIEHRIAE] To0%LL F, 1XFEHH:NEZHA-Chinese-
BasefEARNESS FHERIFHIE LRIERE ST, 2RIt i as W REIRIF PR oy 85 45 S 51
f£55 . ZERAN ETONBEE, SAREBEIECH SR IE U REHMEE., RESBEAEFIE
ERAT117% . [FIEE AR SO A i BE RO AT AR ST SR e 05 G R TR B N i S
AHIEARIHRIZCR , FUERTTYE & T0)IZE 5 EME TR - S8 X 2> 6818
R A BB R RS, EIGREOR R DB TRABNHE - JHECISEE R R, F
FTCN « FiIIZR « XHu2s > Fh A X LR 7 15 ERRERS B SR - vt 8 diy 45 SRR B A T 25
R, BHEJEWIFE795.34% -

5 Mgk

JICh-H

ASONEIE ARG &, AU S EE ORI 2 T — &0 T il #E SUR T SR %L
P&, O T —BERTH A LRI R ETR . SR RER, ASER R T IAREY
ARHTIGIE S EA MR E T F0TR, FRHERENSH R HARS R I #E SR 5%
BEFFILAS R, R Ty R SUARSEARUB HREf 275 B AR -
Bkt

Rl N ENSY R TN S A RISy (S HT PG PO N R (3D E £

27 3R
T R ANER i EZE. 2023, CCL23-Eval E551 85 HEE i 4 LA IR A (GUNER2023).
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AR FEE, BEIRS, B, EFEE
PR REAMEEARE UK E B E A
ERREATEREN T R T A S R AL
{sukia, dzk, yanghao2008, junwang}@pku.edu.cn, ying y wang@126.com

W

F22jE P ENFEIEST % RS (CCL)IRH T H3UE B AT |10 1EAESS » HA,
FES51 R T 88 24 SRR B, LR 2R F A SO R 0 bR R AN TR
BT AR - ZAESHEZ B in 2 B ohRA o 88 AR P B AR R E R E L
P, DU i OB SOAR BT AT A B I EE At - VI & A T 7 5 2 e AR AT Y « —
TP EENEIE S, HI5ARFE, 85 A% B4 BERA=MLEETE. RN
WE T HUHFIT R A2E, RETAEIS OGS N HGE T - 25127
PARIRZ S 00 T LSS - EEFTE L, S|RAGENRE EWREEGEEE
T96.15%MF1{E; fEATFEE F, FEMREAT] T 95.48% K IF11E -

K. HPOE . mASEEIRG N ESUEE AR

Overview of CCL23-Eval Task 1: Named Entity Recognition in
Ancient Chinese Books

Qi Su'34,Yingying Wang?*,Zekun Deng?4,Hao Yang?®%,Jun Wang?34=
!School of Foreign Languages, Peking University
2Department of Information Mangagement, Peking University
3Institute for Artificial Intelligence, Peking Univeristy
4Research Center for Digital Humanities, Peking University
{sukia, dzk, yanghao2008, junwang}@pku.edu.cn, ying y wang@126.com

Abstract

The 22nd China National Conference on Computational Linguistics (CCL2023) pre-
sented 10 evaluation tasks in the field of Chinese information processing. Among them,
Task 1 (GuNER2023) focused on the evaluation of Named Entity Recognition (NER)
for Ancient Chinese texts, organized by the Digital Humanties Research Center and
the Institute of Artificial Intelligence at Peking University. The main objective of this
task was to automatically identify important entities related to the basic components
of events in ancient texts, thus providing a foundation for analyzing and processing
Classical Chinese texts. The evaluation released the Twenty-four Histories dataset,
which covers multiple dynasties and domains, including three types of entities: per-
sonal names, book titles, and official positions. Two tracks, restricted and unrestricted
tracks, were set up to assess the capabilities of pre-trained models with different specifi-
cations. A total of 127 teams registered for this evaluation task. In the restricted track,
the best-performing system achieved an F1 score of 96.15% on the test set, while in
the unrestricted track, the highest performance researched an F1 score of 95.48%.

©2023 PEVHEEZT ¥R

HR#E (Creative Commons Attribution 4.0 International License) ¥FA] HhR

AW HEEIER B AR RS EPRE A A1 E b B HR A AR EE DT (9 H 5:72010107003) HI SR

R E T S AR, S34T-SA00, MR, JiE, 202348 H3H E5H .
(c) 2023 FEFLGFGEESUHIESYLTWERS
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Keywords: Ancient Chinese , Named Entity Recognition , Evaluation , Ancient
Language Information Processing

1 5%

HEE A4 LA (Named Entity Recognition) 1E45H) H A2 Boh b B = A K
AT SRS 5, SR RBNEIE A4 ~ #4% ~ DU 4 DR M AT 8 A SERR AL, FlanEHR4
B455 (it al., 2021) o T FE SCHRAY A 2% SRR 2 TR0 3 BT A0 B oy OFE SO O SRRt AP 3R
WERREZIFHERANSENREERIE, X TEEFE ASCGME T 5 ASCEEE EM T AR
EEH BEREARMEREE L -

TR, 2REOELZWARFEFE . & Wi PESRENTEG S SEIRG, I
M3 — LA R /NI RIE BE R - SRR R R R FRE A E R, IRAITLE
=M R AT R R NSO EM TR Z MR RER, B4 - A%~ TR -
Y25 (FE1Het al., 2021; F/KiFet al., 2015; XI{LIEet al., 2022; B FE ket al., 2020; ZEH
2021; Hf¥Fet al., 2022; FRILiFet al., 2022) - SVET S, HEE a4 LEIRAESTIRERZ /T HT
BRIk DL R B A TR BR, BRRS THROREE—B AR A—JH, WIGEEARR AL
AR A 38 SO B FERFR R WAIER S L, PARATIUEE ) S, - ToA)ss
B, XARIGN T R SR A 44 SEAR IR AL S RS J AN R R B

JEI K2 N TR BER B AN I 3 K 22805 A ST AT H OB A 4128 T 2R IRy 88 SR ) i 44 5
PRRBIPHN, TR @E T E S 2 DB BAUEEIE IR, Dle a4
SR BIEIR AT SRR S B SL - 5 DAY 88 A 4 SRR IR BB AR S AE B, AR
P EA DU L

B, BN [FEA AR AU A B SCEART S Bk Y B SRS IRRHIE R R ARG T
[y 5 BGEE «  - PU S SR R ST SRR E AR R IR R, DU T B8 i 4% SRR A BT AR AN [R] 45
SEFRERME . <R R EE RS PRE N S A EE SRR, YL ERRE. EL
EERPRETNY, TEHASESUTLE, WE T PETRBUG . S5 FE B X
o~ R ISR TTHAL, B4 BT & &S 48 Al -

HIR, ARV EEE R SSR AR R R T A% - BAMEIRG =FREA . 7577 5058
., SEEMEROAY) - R ESLRERNEERMS TRBEER, B, RS 0702 K
B AR ANEEGEE, TEMERMIRRIIZE -

HIa, REKVHHE T HAMARM 1 260E, SR KR RAE T 2R &
BB 5 a4 SRR RIS TR FHBES) - B PR B R S FEANES (-8 F KA, T
JRERE B SR AN FH R S -

R FEEESWMTIAL: FH2TEENB T HEE a4 SRRAHEX TE, aFEdESE . =
PAREFI R BNESE o 3T HEMN A T ARG B E, FIanEdRSE - 1EMNTEn . FHEE
K& o FATTHEAR T ARUDGEN NS TGO - BT RASTEILT R TE, IR T B85
e &g, BT ARRPHNFAT 7 54 -

2 HHXIIE
2.1 WESARERIRSE

SEARPREXTETF A B ST IR S S AR AR E - IR E B S, BHE AN TARER
REZE S TIARDOE - —J7H 2 B i 8 SRR i8R IR >, 57— 7 2 8
EAEESTREA R RFIRERAERESNENR, FEESE—ENEDOER AR mF LinE
ERVERCERARTS, HGTRE AR ZE T« BB o B EOR 8 F Z 0 TR SR R A&
M2 SRR SRR FIANSRIR (2012)480F T REAE (BAEARLD) PRIAL, EW&EER
= 03)FNETHEMRENE (ZEE BP) +HBETHAL, BKES 015)RET (B
RRARME) PRI A %S . B RBT 508 R SSAR PR IE VO B 4 70 28 Ho A 2 P mT 8 SRR sE iR 2R
B Flan, ZEW 020)ET FEYF) WEETY - EEMRIZL - A% g 5IH% -
RiE4%, WiE% (2022)FAHABEIRTER T (EFNE) HEFRSEEIRE, HRILFE
& (2022)%5 % 2500 2R BLEETE BRI E PV BHY) SEAR AT T hRE, EIRESE (2020)8 1 M%% « 183

%:+:E¢Eﬁﬁ%§#k%%i%,%&ﬁﬂﬁmgz%$ﬁ
A S

3 [, 202348 3H%5H.
(c) 2023 HFE A CfE H AL ,
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AREEATR IO BIFABIR AR E, HXTEARRE . S B e Bl AR
H 7K am 24 ST TR - WAMDE WS 5 RS bR ERIR BRI R, A H——808 .

LZams, WA DSBS AINELSTE R EERE TR E R B MIURRISUR, NREEEZ
Al HIE S M AR B2, RERRRFMTERSE AR, A RES—EH THRE
%R Jylt, ASYRPIIGE FE Py 52 S5 « — - DU s @Al 1 B a5 2 1S (A P B 5 AU R R
ST O FE a2 SR AEEESE, HIRTHARIEOR B AUEE R -

2.2 ETHIGRE SRS E a2 SRR 77

i 2 SEAR R BT 1 G A5 2 5 i AN AT R 8 SRR, RS 2 A T 100000 SE 14 30 A
R . 2018410 A A IAIFN & fHTA0HE & RIEET— BERT (Bidirectional Encoder Repre-
sentation from Transformers) (Devlin et al., 2019), BFT115 BIRIES MHEESSIER . HEH
YIZREETE R Iatis 2 45 & NI RS HORZ 8 B IR SORIZ IR 7% - BERESE (2020) 78
B IR] B AL SR EC P S N T FIZRIERL, JFUER] TBERT (Devlin et al., 2019)7E 771858
LS EER - -

FCBERT 2 & T OC4EE B RHIZR B 6L & Tl A1 AR SO T ZRiR AL, i 1 s oa,
{ELAE TN 47 8 SUBUSUAR Y B IRE S A ARSI, HIBEMAER G52 R . il RD0E 5 ITIX
BIEEIE - B IBHATEAAERKESR - &FE a2 LR E0RE S B A U € IR TE,
PR] 0 SR B R B2 T 200 5 T Al $ oy 35 SR SRR AR B R B HOR « GuwenBERT
R B T FRAE W SOCROERREAT ISR, 515,694 L HE, BFHEORFHN.7C -
RTINS B SR T AT T AR AL IR 455 IWICPUEROBERTa (Liu et al., 2019)f(E
FRESECGER, FIATGE B 78 SRR T B2 AAPGES , 7520208 “H BAAN i1 4 52
PP L ZR KR T 5% . SHIESE (2020 X 0B A F K ERE A 25U Sk a)
MR A BB A, Bl CBEIE WA R, R o a)/ERN THftEss, REE TR
B SO RIS B — NS POBIR B E S HEA, A E P08 B oAt 55 LS2il T & is
B, AR a4 SRR IR P L 2R R T —% K . ERIESE (2022)3R HHISikuBERT
FSikuRoBERTalll 24T (HUESF) FEFEEHEBERT (Devlin et al., 2019)#IRoBERTa (Liu
et al., 2019) EFFTARSYIZRRO TR A, Hakatmm (ZEf%) BB A & SRR S5 4
%5, BRIE T SikuBERTSE PRI ZREETYAE & SCIAVE « AR RS % 2] LAKGZ AL EE ) 77 TH BB HA
AIBETT o i 45 LR B AT B FH A AR RS 2 T 15 B 1% 5% BT (Conditional Random Field,
CRF) - 1M %4 (Pointer Network) - fEEAFHZZRILE (Recurring Network) % .

WERSE Q)N HWNEPTHKRES S ELERNEH, H2F
7§ ¥t M %%(Global Pointer Network){E Jy fi# % #5 . JF 45 & T RoBERTa-classical-
chinese « SikuRoBERTa ~ SikuBERT ~ RoBERTa-wwmext - BERT-wwm-extflGuwenBERT 7S
MNGRIESER, EET (Hid) WMERAL - #2 - B B FANT [FX T 28 SRR
AT TR . LI EE R KA, RoBERTa-classical-chineseflSikuRoBERTa%E & 4 e £ M
LRI DOE R E i 44 SRR RS LREW RS RIFHIIERE - PREIRSE (2023)78H T — M DUE
S SARIRAN T, BONSikuBERT-BiLSTM-MHA-CRF - flifi TF] I Siku BERT TR 2R A (£
Fifet al., 2022), Z5AWMLSTM (Bidirectional Long Short- Term Memory) RI45H1Z% k=
TN, SEPL T HERERIFE ST o AR SR (2023) R T EE o 4% SEARIR AR S R DR A, A
FAVRIE FEoh2 S) BESCIL T s Re T, 7 Hus> TR, A SEEIR T AT -

RRAENEET I ZR0E SR RS RR T, 1B T B AR 2EE, DR RE T
YIZRIE SRR R T 88 dn 2% SRR R T B AR TE IR R 5 EAOMERE -

3 WHIE
3.1 PHEE R PR bR

YRR AL E 7 VIO 48 oy 8 iy 44 SL A 51120237 (GuNER2023),  HHEIR K2 A
SR A DAHSRRE, BRRIEE M4 B AFFRIER 5 B RE R LE 0K - BIEaEHRSRE
PR TR I GR 5 L 255, DU 2 SRR 1 RE R 3f AT B 42 - [RIR, 4%
SRR DL BT A AT N TARMEEIE RN EIRE - YIGREE DL« 170 7 S HfihE
B & 13 TP 22 BIER, REVLERT N KEN100 FHRA B, FMET A% (PER) -~ B4

2GuwenBERT https://github.com/ethan-yt/guwenbert

BT ERET RS AR W IR, H34IC 00, e IR,
Zeif :

[, 202348 3H%5H.
(c) 2023 HFE A CfE H AL ,
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(BOOK) -~ BEl%& (OFD) =MLk, Hit15.4 A% GHirs) - BUEERE SR T &
55, B/ E AR E RS F B SCAR A ATARE o« WNRAFFEFRES RA—E, BRA R
PIMEEFHAT R AR o Xl EE A ORE A dr 2 SEAER R FRE LTI RE B MR SCER -

PEMEREME S N AR, SRR IER A T EZE ST 3 . E | R 5dE
Blan R, BTN B ESCH B, B e AL {3 AR, « | P TE SRR
KA. MIXEREEA SR TN, SRINVATERATAENNRE SR B SRR R 45 5
A GIGRE - YIGEEIEIL2347E - 157 RF, MR REE 15102461 - MIAEETE
2248 - AJ1.5F -

{ JCIPER} 7L{A JCIPER}, {/ %|PER} #& M{F] £ |0F1}, {E¥E K FIPER}A & {It |0FI}{
= | PER}ESIEME{TL | PER}{1% | BOOK}, fTHMY . JE{JC|PER}ZS -

{ |PER}%h JR B8, @{|BOOK} - {/)>|BOOK}, H . {f#IPER}C. I, {X1H|PER}LI{K
|PER}{TCTEMF |OFI}, F{H B |0FI}.

AR VR A AR SR B A 20 A . BIUA R A SO, RES TR R
K SCA A (i 4 SEAREAT B BRBIAIPREE, FREEROUITE LR AELIENF &, REGH
EVMS o AU GEFERZR  (Precision) ~ AEER (Recall) MFUEIERIFMIEDR -

3.2 FEKRE

FHE « R FAIZIAS R BT 2708 5 820 7E T £ i 4% SR 1R BIAE 25 A /O B B
77, GuNER2023¥ & T FF AR E F W -3 . JF 3R 25k 2 F2PA MR 4 4 ff F Chat GPT
L—F ~ ChatGLM % KA, H P FE S IR EE 1E R KR (L dr i a7
JiLicense (WGPL-~ BSD+ MIT - Apache%s) HZ¥(&E/NT10B MBS HE . BI-FE
EAAFE RN A L, S 3BAR AT LARIRS S0/ A4 268 A1ENIEEss, hn] DLk A S mHE
H—%%E -

4 WABEBHE NG R
4.1 VRSN,

AR T2023F4 H10 A FFfgfie s, 51 71273 MLk & S5, BT 17 d 3CH
BT EEORRE . HA, 923k B EINAMZ B RHA e ALY, EFEdLm R
Ert o Rb2ERE - LG BRI R - BMEMES MR K - HERERG B TR « ARG
BITRERE . BTRE . BT IORY - EEFHAEE . XEERMSHEMMLEE T ANER
T« EBREAERE, REFITENLERESHNEETHERAN, HEEEEHE . B
B8 BEWR - RIEXE5 ANRERFRENSCERFREIRN - Hoh, BF 19N B 7178k
B AR A - AU TR . FERG . S&RENGE - JTTARN - BETER . KIERHE A
A, PLR 23 BAR R 75 M K AR B B EA R IR S 1ES %, WAMAE 1R B # E RE
E e

B AT CEE AR RS A O F2023FE4 A28 HE6 A1H A - 6 H5HE9H , PFlI#E 3
HEZ B m S HJVRIRAS T R0 E0E - RBEEER, MO EMAAT # 1T EIMEZ - RI\WD
FEME RS U N E IR, T6H15H A T H W ZE N RLHEZ FIENE 5, 0
F1. FFHEEERIF LSBT & KR AN, FH IR = . TP REGEms R Eim
ZEE SRR, HARRRETIE BN S TR BB, (HH AR LI AR FIH;
AR, KERFRHNTERTE S TCESR - SERALA BRI 5 F BINTCIEEA -

4.2 FTESHT

AU R B AZRE 6 i BRIk, HAHEs ok BHEA RIS A ZFE . ATTNE
oF 2 FEEA ML S PH 2R 8 BT 5 FH A T 0 IRARR  SE AR A T YA AT oA

oA TR E R AR OUR, ’%34?—%40%, e IR 5
A S

il E, 20234E8H3H%ESH.
(c) 2023 FEFLFEE¥ES Al
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Table 1: ] FREHE4 5155 5 AU

HE4 AR B BEEHES | BEERAST | EOAGE

1 KDSec IIE | FEFRIERE B LIEWR T 1 96.15 96.15

A TeleAl | FEBERDERAFIEFEGE 2 95.87 95.82
B A F]

3 BISTU_IIIP | JbHEBRE K 4 95.34 95.34

4 CUITIDSE | UG E LR 5 95.08 95.08

5 JZW N 3 95.68 94.34

Table 2: JFHBEER FER P45 R

RS AR R T B iS5
1 wzjj98 ChatGPT 95.48
2 R ChatGLM 95.43

B — A ST AKDSec TIEFT# H AT KA ERoBERTa (Liu et al., 2019), THill%k
ZHOR B T & CEUE L)l 2 ) Roberta-classical-chinese-large-char? , J&GuwenBERTH) 27
FRA o BEAR, ZBARIE T T Token-wise/BeHN BT 31 ARIE RIS pan-level BN 1S5 415 H1| 1 FHHEZE
RGP AEZR SR TRINEE R, R E MR IR THRRBIMERE - B, Span-level/BH1IHESE 2
55 2550 N )T PR 8 R B KSR K FE PR A 52 i Span, # 1T B &> SpanfE & SRR R AIR
BT - FES, NGB HKIA A R SEAR IR FaE, RIS R SE i 1 304
IESHEZBPEEFELR, AR MITRER -

F IS TR EE A _TeleAIZE TBERT (Devlin et al., 2019) ~ ERNIE (Zhang et al.,
2019) ~ GuwenBERT#IMengziBERT (Zhang et al., 2021)% Fill SR A3, f F R bR A«
T 0 s AR AT R R S R, SR 1 FHGUNER2023VI1 45 R AT (E SRR ST, T
FAW2NER (Li et al., 2022) - BERT-CRFFIBERT-Span (Zhao et al., 2019)#F 175V, SLga4sH
FHHEFZHFNFIEFIW2NER (Li et al., 2022) 7] LUEIF R KRG 2 [ 9B R, SR
RERET - BaZET E T XERMA Z MR IRRR SR, #— PRI TRAIERE

F =S FMBISTU AT & H B TIZR %A & NEZHA-Chinese-Basef& 2 (Wei et al.,
2019), HHECTBERT (Devlin et al., 2019)R FHAEX L B midia m &, 7] LA i iz ia SR )
FRRFR - EHFBAFEE FEREE WS H TR FREEER, FETE
PR « A DU 50 SORGHATRREETMINGR - RS 2 158 F 2 R85 W 2% DUSE R 3 A1) SE AR 7
SR SLARTIMLE SR - FIRA TR I RE ST, ERX P2 ) T R R BR BV (Fast
Gradient Method, FGM) (Miyato et al., 2016) A YIZI AR TIEE, DI A B
e - ZIAMIIER G 2 MRERBIE R, (BAEE M BAS & INIEEE T IRIR - BEFRADH L
iR, FEEAEH, RIAENSER -

0% K2 AL CUIT IDSEFTR H BB T VA 2 2 T I 2R3 BERTE R PRE ) “ —
DU 57 SO AT AU S| SR A 547 S0 )11 55 - (RIS PRI 25 mp s o BN 9702 ) DB on 1
MAE R, A PZIEES) - BRSEMEH SRR M, RGBS Z MERPIRAIEER, B
fEF T E TR R 5B 7=, B e Y DAR T BE -

FRHAMNSTRIAIZWEH T HI S EABERT (Devlin et al., 2019)3K B A XA K
FAE, FFR3EREETRR S BENPromptNERIER | K 5 LK 1A KR (A -
B BR) T EREEC G WD, BIRSHAS RKBKTE T H . BIEERA2RIEHMNE, &
T Span TR AE R &R ERMEZR 340, B AT 15 Spanih B B SR KA1 o %P RIS A8 7
PUESITEEINTIGE R, RIEE RN LR FATERE -

2 %% PN HBITE A T 7l I 45 # A!SikuRoBERTa - SikuBERT (£ 7R et al,
2022) ~ RoBERTa-classical-chinese-base-char ~ bert-ancient-chinese ~ GuwenBERT, /5 ¥%Bi-

3https://huggingface.co/KoichiYasuoka/roberta-classical-chinese-large-char

R A S A A, AT 0T, I,
e ,

47 - E, 20234E8H3H%ESH.
(c) 2023 FEF LI EESH y
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LSTMECLSTM, [R5 2 FHCRETIMI SRS B - L9025 R R A TERERITF FI A Ebert-ancient-
chinese, M T SikuRoBERTalI4E A Frig - o X 15 BA T SRR 2 B 1a] 38 K/ INKS Ty 88 i 44 58
EIRAES o EE

EATE, X6 SFINAAR A T 2 TSR 0 SEARIR B /3%, BB ) 1
) 5 SO T & B AL TR - RFRR TR ER =, {6 R R BRI SR 3 AT
PURBCE A AR BIPERE o BEJS 5 R AR AR A « 10 50 SOR AT AR L T 5, H {58 A v
YRR HATESS NG - (6200 2B Fa T P28 LUK B A v B S A4 ST 45 5% - ZERR Y
YIRS AR A SR A2 S DTG T30, BEMS IR MR T Az fLBE Ty - EAh, BlE 2 EEASE
PRI B LA BT I A PR SEAR T 1 7 2 A e T BE 7R RIS -

AN, R EE i 2 SRR AR S DR S R, SR T F8h% > e
SRR o Flan, ZFWAMAKDSec NEWRIT T W FAI R E15 B AEOR RS . —F &R e+
FIEEETEBIHEAAFEE, SINRELERER; H—MEROLEE TR -—RIEM 6 FHE
G, NEEIEShE DR, DURBCE Z80E - 2 F M RIZWiE T £ 5h 5 5] SRES R ik
FRORREAR, JREEOR B TEIEIER, LU RTERE -

5 B

AR EE 4 SLRRATEIESS (GuNER2023) Bk A TR RERF T Bafndt i k5%
FANLHARFOBEEHSR, HERNFE2EmFEITEES¥AS (CCL2023) MI10THFNAES 2
— o VAR TET B R B AT RS, HXE T FFACRE AR
i, TS ENE AR A D - SRR, EE1R2T VAR H R SR A
gi, EEMEMAEZE, ASUBR T A5 AEHER 5 T -

ET6 MBI E AN S, AT T SRR AER HFE LR ERTE,
FIETNGRE SR - SUSFFELNGR « ARSFREGRTE < XH2ES) AL~ 2RTEE W% EE
2, DUIERIEE < J5 BB R G iR S5 AR T R RE A SRS o [RIES, S5 v 8 dn 45 SRR B
RS R/ DHEARZES R, B0 SR TIRE o2 S BRI R 7% - HEFRERNS
FTARGAENNE PR RTERENFIEI6.15%, EIL T 24 5 5T 700 SR i) o 88 Ay 4% SEAR
AR PIKF -

M EEE I, BRI NF1{E95.48% - HTEHE S F )RR AR E .
Pt AFRAT TR KA AL {5 F A0 B AR BOR TR & TEiE# 1T 94T« WAB AT LLE KT B 5 3 %R
EREE/ M FAEER, (B BRI HEGFRERE - IR, LRSS RN E M DU
FARBIASRE G A - (R, Gl it B 0E T EE AT 0 18 & B R AP T Ju =0 i #E
2 SRR AL S B E R A A -

22 SCHk
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System Report for CCL23-Eval Task 2:
Chinese Abstract Meaning Representation Parsing based on
Large Language Model

Yifei Yang*, Ziming Cheng*, Hai Zhao!
Department of Computer Science and Engineering, Shanghai Jiao Tong University
{yifeiyang, kk.cheng}@sjtu.edu.cn, zhaohai@cs.sjtu.edu.cn

Abstract

Chinese Abstract Meaning Representation Parsing aims to convert natural language
sentences into abstract semantic representations, which is a complex structure pre-
diction task. Traditional approaches often utilize graph features of abstract semantic
representations to design specialized models or employ multi-stage parsing. However,
these methods typically require the design of complex neural network models. Cur-
rently, large language models have demonstrated astonishing performance on various
natural language processing tasks. In this evaluation, we attempt to directly utilize
a large language model for Zero-shot learning, Few-shot learning, and fine-tuning us-
ing LoRA and full-parameter approaches. We obtain promising evaluation results and
discuss these approaches in detail.

Keywords: Chinese Abstract Meaning Representation , Abstract Meaning
Representation Parsing , Large Language Model
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BN AR ARIES A (NLP) F— MKMW R, RV EEE L, 7
AL E R R R HEIT B, REHFRAERKEE, MEBERRZEN BRES T
%5 - 2013%F-Banarescu (2013)%F AF&H T —FAUETE K HiB RG] T8 LFRRTTHE, WAMSRIE
N F7R (Abstract Meaning Representation, AMR) o XF1iE L FR B — MR A, HWAE
FITCIAE, HASZEREEMZIE R, BE RS a) 9 18 SRS I R tH AR 53 2 (Bl Y
KFR B ZFERFAR, FEERSCREMBIE RSN AEREEHE T IFHRIRUR -

EER, BEPNFFIRRER T EESAMRBIT S AR, EFCHH, Li% A (2019)1R1E
DOBRIFF AL T HICAMR (CAMR) WUEUHRS, H 185 A (2022) 818 T I AMEEX FFHERR
R AR FTFEPRHI Align-smatchPRifE - X TAEEEE T I ILAMRBTITHHLR -

RETARIRCAMR 20237 LSS H 1 SCAMRENT LSS, B ARIFZ TIEEF TR A
BRIk 5 | SR ALSATRENT, 0. I Z R IR0 kA iR B P B A R 223K (Samuel and
Straka, 2020) ~ FFIERMAE T — 2 — B & (Damonte et al., 2016) - XA K E 25
WE I, HEHEZRIE, HHFEMNINGEEEETE RSN . 5255 CAMRBT
5t(Bevilacqua et al., 2021)f)E A, EIERE R SRR T Z0RAMRIRE FFIML, BEEA AT
FIEIF5] (Seq2Seq) FIERIEJT 2ok 52 BUSUAFIFM ST LR R ERH:, & AMRATUIS ) —
FRARTT R - ETRAVETIEM B 8, BREM B B W micHe . Hal, KEESHEE (Large
Language Model, LLM) t 247 RENLPIES EREIE TR AZE, HITERTLLMEZ S
REMS 15 %Seq2Seq IR 7 AL B M ML TIMNAESS EAG LLEA, H4aH TLLMEZ AR 23]

(Zero-shot) , /DIEAR2ES] (Few-shot) FIFLoRA (Hu et al., 2021) ~ £ZHHAZF T A
RN, MIMHEFTRTBETE AT 5 54 -

2 ik
2.1 RBEEW

A AT FEAD R BT SRR 58 A CAMRIX — & AR H 45 K6 (1 T A£: 55 -

o F|HLLMi#4T Zero-shotfFew-shot % i& F BITHM « X F Zero-shot, BEHZLLLLMEENT—1~4%
FERIAF; KT Few-shot, FJH N2> (in-context learning) (Brown et al., 2020),
EREE T BTN UHER (in—context sample) , VAT i R AT 25 8 ) T AT REAT

o FIFHLoRA (Hu et al., 2021) Al &S BRI T 20, X TRYIZRIF B LLME AT AU R0
EH AR R A LE B ) F I, i L N AR AT 45 5 - H A LoRAZ BIAE AT OB B &
R EZ —, EARINESMOERAERE, ZEVIZRE (O L Ak AERE T I IR -

2.2 EHEX

AMRE— B XM LETE (WM RAFR) |, AR EN—1PEHESER . AMRE
B IR X245 78 /Y B IR TE T U AERCES N JAMR - 58 fET 777 (Samuel and Straka, 2020;
Damonte et al., 2016)% F &K A i Z M B slon s SOREATRENT - IR1, BUE RILLMIA
H 58 K BISeq2SeqE ALRE 1, FFAMREUR ## N — MR UAFINEIEE, 7 LLEREZER
FLLM]Seq2SeqBE T 56 BAEMT - A TAER S B FH AMREIE B4 1 Al 1Y 28 SO P 37153 -

o AMREURHISUAFIR (FAK2) SR NTE S 73RN R REE AR EIFINL -

o AMREUERIZICAH (Bt sRAKI3) FIHO M HIZRATRRIT HITC R B4 B SUR T R RAMRE
FET AR AR, BT BT I -

Z Pl BRI T, BATAT LUERFCAMRAE 55 R AL B SR8 5 HISeq2Seq Al &, Bl
FILLMRF RS B SR R 5 A 751 X B o FR S L AMR R SCARFA1Y = F FLLM Oy A (s
B, AERRMERAIS, FENGLRES, B2 X5YFITHHE. RN, BT
TN GRIE R A AT BRI R, FATRAIRR LA (Prompt Engineering) #9757 Z0xH Il 4R
BRI E ] -

oA TR E R AR OUR, ’%’41?—%52%, e IR 5
A S

3 [, 202348 3H%5H.
(c) 2023 HFE s C{E H AL ,
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2.3 G

122X R 59 5306 A — B B 4850 Aprofl — BEJR 850 ARub, U HUR 10 FF BIXY =
[pres X sub], Foefr o (R A

EROABUR RS, B2 = [X0Y], ELP() = A KCE =
Snev —zilogP(2), B R B MUE AHARCE

2.4 Zero-shotflFew-shot E1&

%F TZero-shot, FATFEEM IR TR I IA 55 1018 AR 1R T 52 L CAMRAERT -
A, 5 HaRET R FX, FATEERTEARIIN CAMRIES iR des, 155 AT i
H IR out P AL AN X" = [des; X; out], FHEABLLMG, A BB HX N ATY -

% FTFew-shot, fEZero-shotfJEEA b, FATHM A LT3 B, LI SREE F2k
FEn > BRSO AR[(X, Y1), (X2, Y2), - -+, (X, Yo)] . 85 R AR R IR PP 91 X — S A0 3 Al X =
[des; X1; out; Y1; Xo; out; Yo - - -5 Xp; out; Yoy X out], HFHE R AL LLMAES B I H -

3 SIS
3.1 RRIER

%f T Zero-shot flFew-shot, Tk {11 #ChatGPT (Ouyang et al., 2022)%#f 17 ¥ fly - X
FLoRAM VA FI & 250, A1 FlChatGLM-6B (Du et al., 2022)1E & E#ER . H
I ChatGPTRA)H17501Z (175B) %%, ChatGLMEFZI60{Z (6B) S:%k. ERIFAHIIT.

o Zero-shotFFew-shotBE /7 18 & # I\ R A £ KB (R T700{2 Z %) (Wei et al.,
2022) 1B S A E A BER R I - ChatGPTS2 H B A A F Bl 17 10 mT LLfF FH 4H: 2 Th g
HILLM, fEZero-shotflFew-shot i HHERIME A, HEEG AU APIAT LA -

e ChatGLM-GBYE R 8§95 SCHOR L3 1T T BN, 65H0S 0 SR EANRHE T T L1,
£ FI AR SCRILRAFAILLMZ — - FL0IZ MBS R0 R THETS B KB 25 28 045
T

3.2 HIRHEMLLR L

BN E A 7 R P B AR SE A T INGRFI R, 20 el f ) - T A SR AR
TESEHE A Z TS SR B, AT 7N, FATEER FLLM ) 2 & =Craim) -

Z':EZero-shot$ﬂFew-shotj%%—FﬂfﬁﬁChatGPT;—E&CAMREE%HTJ-, %CTIDH/‘Q;TN‘%APL
BN B KIE KRB E Z60IK, BRI KR AKE 11524096 TMHRC (tokens) - %f T Few-shot,
HATEE LT XOHEAREEN = 5 FEMIAChatGLM-6BAf, FATE— &8 KNVIDIA V100 32G
HERERRSS #8 LUIZR T 205 epoch e HAT, A LoRAGAN, FATRHMREREFEFIRRIZ NS - TE2
SRR, Ff T Ebatch-size N8 - YIZR1HH Adam WL 2§ (Loshchilov and Hutter, 2017)7F
fil &2 > Fle-4 . FATKHdeepspeed! H1ZeRO-25KBE MNE YIE5FH P& A 55 -

3.3 Zero-shoti%E FAIChatGPT

fEZero-shotiZ & N H, FATRE Ldeshy “URBLAE FE A UM RIE SCROR BT 88, A E A
T, EXouwth EREEBHENEZ LA (TARSL B3 FETRAIXAXARS
KEXMFFHT A2 B2 FETR2) BER: . BATERITER T —PMATRE
o L PR -

MEIFEATATLLE H, B TCAMRAES f thim A S 201, B0 LT IOHEAIE NS
R OLS, BALE S IO AT H IER AR AR 3 - XA R B R T R BIT CAMRIX A 2%
AEERAL TR S5 518, LLM7EZero-shot N EAEMBHAVE R KM -

Ohttps://chat.openai.com/chat
"https://www.deepspeed.ai/

oA TR E R AR OUR, ’%’41?—%52%, e IR 5
A S

3 [, 202348 3H%5H.
(c) 2023 HFE s C{E H AL ,
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JFiarrs  RE Ml L BRES RERE FE OBt fiE

KPREA RIS P MBI SRR, BRI T EE M B BREN K
EH HE Rl A, EREERBTHETA (FAR51 Ba1 [
HE SR R RS X RN AR S 2 B2 FIETA2) TR

ﬁﬂﬁﬁﬂj (17 44%77, cm’ 0’ cm’ 0’ am) (2’ uj:[:l:?/&w’ cm’ 07 mv’ 07 cm) (3’ “?ﬁ%ﬁﬁlj”’ cm’ 0’
44777 0’ cm) (47 Lti?%i”%“ﬁn’ nm, 07 4477’ O7 4477) (5’ “ﬁﬂ’f’t*@*ﬁn, cm, 0, 44777 0’ nm)

Table 1: Zero-shot1% & N FH AR H 7= 7]

3.4 Few-shoti%E FAIChatGPT

TEFew-shot ¥ E NI, FAT15E M desHy “VRERFE R P U IE R RN a . B IRIEIRS E
HIBFErTeh 2 7, & Louwth “Haith: 7o FNIFEMZKBRIPER T — Dbl Tl 1L IAES
FE RIS, BRALRT DUt 2> REGX LB R TI H CAMR A Fy A& =X o (B 46 H A0 RIS
EERMEIRERRK - AN ERNFER EZEW A 1. IEMLLMAE
KA NS B A BRCSR R (Anil et al., 2022), T HTFCAMRAEFRE 454, E5IAEZ L
NHEARGSTIER B ERKIOREIA, WIS B B AR 2. CAMRREYH 771
T AT R Z B R RE SRR, MRS E BI5D £ COREARIR ST REIPTE R R K
A R TE TN AR TR (LB E WL R R - WHSRBRSFI R, BT LN UEARS %
A “name”iX—RFR, BRATCIELE K H A H “name” K& -

3.5 fHAChatGLM-6B

R FHLoRAFI &S H I FChat GLM-6BI , #R¥E2.377, ZEXF 1A% A T3] X 4 A\ B 28 A1
JE B3R e RS E T - BT B RIS A prehy “RZ— N XCSRIE LR RBENTSY, BAE—
N EBERATF: 7, ERsub N BRI CHMRIE LR RBNE RN 7 TATEMFCHRATF
R T — A HIR B A IR AR o RN, X F— M AEAR X, Bl T
NER XY = [pre; Xr; sub), NGREFFBERIAN 2T S, AT 3 R FICAMRZ TLAHER -

1.0 LoRAfIA -
25 HHB
0.8~
ho6
o
0.4
0.2 4
——— |
0 1 2 3 4 5
Epoch

Figure 1: loss NP %L

K FLoRAMAAM EZ G, BAEME I FE— DM EIER LTil%k, 2hles T e
AR (loss) TREMZE . WHELIFTR, BIFMRIR T SRS R BOE ST, 292 epoch)
ETFIEE ., ER2SEGARIL BT LoRARUARIMIR « AT 2 BI% B AL 77 2Bl
VAIF AL TS PR AG , AFSRDERSBTR T 17 o A AT UG i LoR AU H AR 7Y &
ETCETMIEFRICAMRE LA, EEZAHUAREE ] D - R EATEH 225800
VARERTIT TR BT T I, FRACA TN TT TN, S5RINFE2PTR -

ZHE2022F LR, FATHIMPE D RRE S HiEA B = WEAE S, (BS54 5 — R
IRFEFERA R o 20224 K7 REGARAFILLM, X1 BALLMY T CAMRX P E JRE5H (L FIAE
S5 AL BRAE TR R R -

oA TR E R AR OUR, ’%‘41?—%5223 e IR 5
A S

3 [, 202348 3H%5H.
(c) 2023 HFE s C{E H AL ,
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=g P R F,
A 47.41 46.45 46.92
B 46.44 45.68 46.06
C 62.82 58.39 60.52

Table 2: MEEE R

4 e
4.1 ESEGURARERZ T R8I XES

MR AV EREE _E X EH AT 2 SR 2™ BRI AN (L RE - ChatGLM-6B%4& 5T
O I 2 3R AR B A\ B ) F S C AMR ST I 32 25 T 78 PO 2RI BOAS 21 0038 FH SHEBE 77, Qn b
FEFEGFTR « X 1B ZESERR N A 4 A 38 B LLMZE B8 — AT i B0 E 82 AN 2 —FhadE w4 T
AR -

4.2 NEREE R T 5

WM SRARTR, ERTGREE T FILAMRII AR RN Z TTHR R - BT IR AL TTHE
R ESERE), BATERGEM T2 nAFoREN BIRFPS . Ml 2L T HF R LSS ERE
TLRER, WRTET A (coref) -~ KRGS (rid) XMBMHEAERERE, TR TR -
FATELING TR E R HURROR, AR don 2t AR TR . (BT rI3
AFTRAREFAEANSAMRARMIEN, HEEHRPBROREEIN, BORFHEIEAESETE-

5 HEE5RE
ATAEHR T LLMAECAMRBENTX — 45 LTI £55 L 1R I

o FFH&ZE M AT UERLLMEA & — E FICAMRENTRE 1, B M ORIz (it .
M LoRARAA B LLELLMAG | CAMR BT HE

o RIS 0 I\ (3 19 R ANE B B Chat GP T I 1% 55 Ml Zero-shot FICAMRAEAT - MiFew-
shot X FHEI A F I KK H B TTEF 2B AR RE, FIACAMR LRI H K
& .

o WATEMAET 2SHHG K Chat GLM-6 BT (T /oy S 45 2R, 1A% T 8oy
BHPFINEE R, (ESRETTEE —EEE -

TERFRREME LR, FATNZRET —ERAR L ERE, BNSWELESLARTIE, iR
FENR 3R 7R J7 ZUHE R IR ~ 4RSS R AMRIUAFORE N BRI L5055 -
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A  HXAMRARIRRZEE]

# ::id export_amr.2580 ::cid export_amr.2580 ::2017-02-02 17:03:12
#usnt IX JL R KT MR RES B 1F IKFE R R B T R A
#owidxl X x2 JLx3 K x4 KT x5 7 x6 fff x7 GRS x8 &4F x9 fkFF x10 R &R x11_K&
x12_ 7 x13 K xl4 #HH x15 .
(x11/ p%-01
:aspect() (x12/ 1)
-argl() (x14 /7 $oH
:arg0-of() (x13 / K-01))
-arg0(x4/%F) (x10/ KA
:mod() (x9 / 1k
:mod() (x8 / &1E-01
:arg0() (x26 / and
:0pl() (x33 / country
:name() (X5 / name :opl x5/7 ))
:0p2() (x35 / country
:name() (x6 / name :opl x6/1% ))))
:mod() (x7 / &k H%)))
:duration() (x37 / temporal-quantity
:quant() (x2/ JL)
unit() (x3/ °K)
:mod() (x1 /1X)))

Figure 2: H I AMRICAFRIRZEHS]

HoT TR P E RS %%iﬁ,%uﬁﬁwﬁz%$ﬁ, [, 2023%E8H3H%5H.
25 ;

(c) 2023 HFE s C{E H AL
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AF4iT TRT1 BEx1 FIETRL XFE REGT REXNFHE T RHT2 B2 6T 2

sid nid1 conceptl corefl rel rid ralign nid2 concept2 coref2
2580 x0 root - ‘top - - x11 Jik-01 -
2580 x11 JR-01 - :aspect - - x12 T -
2580 x11 Jik-01 - :argl - - x14 s -
2580 x11 J&-01 - :arg0 x4 *F x10 RE -
2580 x11 Jik-01 - :duration - - x37  temporal-quantity -
2580 x14 s - :arg0-of - - x13 K-01 -
2580 x10 KE - :mod - - x9 kAR -
2580 x9 fkfE - :mod - - x8 A1E-01 -
2580 x9 e - :mod - - x7 R -
2580 x8 H1E-01 - :arg0 - - x26 and -
2580 x26 and - :opl - - x33 country -
2580 x26 and - :op2 - - x35 country -
2580 x33 country - :name - - x5 2] -
2580 x35 country - ‘name - - x6 ik -
2580 x37  temporal-quantity - :quant - - x2 JL -
2580 x37 temporal-quantity - ‘unit - - x3 x -
2580 x37  temporal-quantity - :mod - - x1 X -

Figure 3: F I AMRZ JTHFE/RZEH]

B Few-shot/~i
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[FaaFes  SRE i st BREG RER HE Rl MiE

PEZER  x0 root - :top - - x2 #LHE-01 -
x2 ft#E-01 - :arg0 - - x12 country -
x2 #LE-01 - :argl - - x8 FHHE-01 -
x12 country - :name - - x1 F[H-
x8 FHHE-01 - mmod - - x7 FLAL-
x8 FHFE-01 - :argl - - x6 2H E-
x6 3 E- :mod - - x5 FEHE:[A-
x6 2§ E- :arg0-of - - x3 $1-01 -
x3 P1-01 - :argl - - x4 FRELFI-

SRR VRO R UM BIE SRR BT s . IR IR IR R4S R Bl T AT R 4

Wy ENW X mH -

Ryt

x0 root - :top - - x5 [HIFH-

x5 M- :poss - - x4 HTIX-

x5 M- :domain x2 Hx1 K-
x4 H[X- :location - - x11 city -
x11 city - :name - - x3 B TH-

REE R B BUE . B WA T
Bt -

x0 root - :top - - x12 condition -

x12 condition - :argl - - x1 APKE-

12 condition - :arg2 x6 Hx7_2 H-03 -
x7_2 H-03 - :polarity - - x7_1 - -

x7_2 H-03 - :argl - - x4 HE-01 -
x7_2 FH-03 - :aspect - - x8 |-

x4 JifE-01 - :arg0 x3 HIx2 /R-

SE W T BRES ORER FE mlit FE

i i -
BAEIH %0 root - :top - - x8 approve -
x8 approve - :arg0 - - x1 E[FH-
x8 approve - :argl x6 FFHEFx7 M1E-01 -
x6 FEEEH- :mod - - x5 BRELT-
x7 FHE-01 - :argl x3 $ix4 M E-
x7 FFE-01 - :arg0 x2 FMLAL- -

Table 3: Few-shot % & NI « i APMEEZ - 9 TS, BATUURR 7240 B IOFEAR,
FESEFRIUE FAT T T 5 A

BT m P EVEE S RS IR E, %Mﬁ—%%ﬁ: R, E, 20234E8 H3HZELH .
25 ;

(c) 2023 HFE s C{E H AL



HEEE

C ARG RG]

BMAFPS EE fE U BREN ORERN HE Al ME
FMEZEZR  x0 root - :top - - x8 approve -
x8 approve - :arg0 - - x1 E[FH-
x8 approve - :argl x6 FFHE:Fx7 FfE-01 -
x6 FZEH- mod - - x5 BREL-
x7 FFE-01 - :argl x3 $ix4d HE-
x7 FHFE-01 - :arg0 x2 FMLAL- -
WGREAR  RIER T XCMBIE SRR, SEfT: EE i i BRER &%

ERF FHE mlkie #iE, EMEZIE (TAST1 BEL AETA1IREX
RIS KA G52 #E2 MEWH2) BIhERA:

x0 root - :top - - x8 approve -

x8 approve - :arg0 - - x1 E[EH-

x8 approve - :argl x6 FZHE:Fx7 FIFE-01 -

x6 FEEH- :mod - - x5 BRE-

x7 FHFE-01 - :argl x3 $ix4 HE-

x7 FHFE-01 - :arg0 x2 FMLAL- -

Table 4: BEAAGOR & I ZREEA

Z T Et E T EE %LLI%, ﬁ f

5201, Wa/RI%,
(©) 2023 i E g B

R, 202348 H3H%E5H.
BEYTIEAS

2
it
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D LoRAMFET vs. @ZHHMFAETE

AP EE M BT BREN BRER FHE mlit i
EER x0 root - :top - - x8 approve -
x8 approve - :arg0 - - x1 E[H-
x8 approve - :argl x6 F7HE:Fx7 FHE-01 -
x6 FEEE- :mod - - x5 BREI-
x7 FHFE-01 - :argl x3 $ix4d HE-
x7 FHFE-01 - :arg0 x2 FMLAL- -
LoRAGYVAREAITIM  SEERLE T H RS E LA FhE -

2SRV BITM <0 root - :top - - x8 approve -
x8 approve - :arg0 - - x1 E[FH-
x8 approve - :argl x6 ¥ FEFEx7 MHE-01 -
x6 FEE - :mod - - x5 FREF-
x7 FHFE-01 - :argl x3 x4 HE-
x7 FHFE-01 - :arg0 x2 FMLAL- -

NG 2] WS & - ABA B A QAE &

PRUEE R x0 root - :top - - x2 J&-01 -
x2 JE-01 - :arg2 - - x1 HE-
x2 JE-01 - :argl - - x6 H-01 -
x6 H-01 - :arg0 - - x4 AJd]-
x6 H-01 - :mod - - x5 H-
x6 H-01 - :argl x8 7Ex7 AJH-

LoRABGABRITM  N[EH AE -

XANERE SRR N E U ANE BEEAE BEREAREEF E2HAEM
TESCHIFFAE -

2SR ATMN  x1 FFiE- argl - - x3 H-03 -
x3 H-03 - :arg0 - - x4 AjH-
x3 H-03 - :argl - - x5 7£-01 -
x3 H-03 - :mod - - x2 B-
x3 -03 - :location - - x4 AJE-
x4 ANJE- :location - - x4 AjE-
x5 7£-01 - :arg0 - - x4 AjB-
x5 fE-01 - :argl - - x4 AjH-
x4 AJB- :location - - x4 AJE-
x4 AJE- :location - - x3 A[A]-

Table 5: LoRATARRERL AT Lo 22U A AL 1 T

B TR E TR E AW R, RAIT-SR52TT, MUK, P, 20238 H3HESH.
(c) 2023 FEFERESTTHIBES Y
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E 22BN EMREZ LR

L TJN TRaE !

AR R R VR URIFAR S R WG [A] F AT AT ] -

OREMEREE R ERNEZ AT ARS &L R SRR R R RS KRBT SR
52 WA [FTET A2) BT A RN
x0 root - :top - - x3 VRIF-
x3 {R¥f- :mode - - x4 expressive -

Table 6: BAGZ (LPEREREMR, X TAEMEABZHMCAMRBENT, 1K T FUIZRS 2 B8 AT
ThHE

E, 20234E8H3H%ESH.
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CCL23-Eval {E552 R 54
FHT @A/ B B FE 3 B HH XAMRIE ST

FME; FMEM; e
FINKEE T REYRE SER R, L5 T3

{yanggangu, slzhou.cs}@outlook.com, zh1lil3@suda.edu.cn

W

KXNBTBNEE T ZRPETEE TSRS P U R E RR BT 258
HIZ|AG - THEIE L FE R (Abstract Meaning Representation, AMR) PUE [a] TLER
BB AR — A FHNE Lo RIS E T SO 50E L F R (Chinese AMR,
CAMR) , 2T ARNMNFEINHEHAAMRKIBHTIM , 472N CAMRETERE
A EIME ST ST S BB /X - BEERREFE - FATFEREHZ A B B IERE R 2 A
EHEFEE, RNEETERLG R 2 MR G A R Sk - &%, ATE
P FRE IS NNASE FEUS T WS —4, —IE 4 -

K HIMRESOR s BEE; dEEEYT; EREE

System Report for CCL23-Eval Task 2:
Autoregressive and Non-autoregressive Chinese AMR Semantic
Parsing based on Graph Ensembling

Yanggan Gu*, Shilin Zhou*, Zhenghua Li
School of Computer Science and Technology, Soochow University, Suzhou, China
{yanggangu, slzhou.cs}@outlook.com, zhlil3@suda.edu.cn

Abstract

This paper introduces the system we submitted in the shared task of Chinese Abstract
Meaning Representation (CAMR) at the Twenty-two Chinese National Conference on
Computational Linguistics. The participating systems need to parse not only conven-
tional AMR graphs, but also alignments between concept nodes and words, alignments
between relations and functional words, and coreference between concept nodes, which
are unique to CAMR. We use multiple autoregressive and non-autoregressive models,
and then fuse the multiple model outputs based on the graph ensemble approach. In
the end, we won five first places and one second place in a total of six test sets on two
tracks.

Keywords: Chinese Abstract Meaning Representation , Autoregressive ,
Non-autoregressive , Graph ensemble

* P L AR SCAY T AR S5
©2023 PEVHEEZT YRS
MR#E (Creative Commons Attribution 4.0 International License) 1FA] HkR
WHBE: EXREREIEES (62176173) ~ LA R HERIE S TREEBITH

B R E T S AR, 53005630, MR, diE, 202348 H3HE5H .
(c) 2023 FEFLGFGEESUHIESYLTWERS
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1 58

SR E L FE R (Abstract Meaning Representation, AMR) J&—F548TC kA0 « BRI
BAE URRTTIE, TR R BARE M T ER R R — A A 7 8918 451 (Banarescu et al.,
2013) . AMRIEN HRE S MBS EEES, % Z N T MR ES SRR E (Liao et
al., 2018; Chen et al., 2021), HLZ5EIF(Song et al., 2019), ¥R (Bai et al., 2021)%

[ mewmr )
A B2/ 2, | EE/0/E B/,

AT
x1 F&Ai1x2 Hl x3 B x4 F55 x5 2 x6, x7 BE x8 X x9 B x10 35 x11

CAMRE]

FRIESCAR:  (x10 / #755-01 CAMRER:

:domain(x5//2) (x4 / {5
time(x3//Y) (x2 / HAl)
:poss() (x1/F&AT)) time

:arg0() (x7/x1) .
x2/H i

I CAMR

(x10 / $#13%-01 :domain (x4 / {£55 :ralign (x5 / /2 ):time (x2 / H#fi :ralign (x3 /(7))
:poss (x1/F&f1) ) :arg0d (x7 / HE. :coref x1) :argl (x9 / HE. :coref x1) )

:argl() (x9/x1))

Figure 1: CAMRE S HZ&MH:10

AR E AT 55 5% A S0 518 X F R (Chinese AMR, CAMR) - 5 3 LAMRR
7], CAMREURERG = EERM .

(1) 2% E I AR S EESRE T R R (L et al., 2019) - BIARIFHIEE, B
TESRE— RS, RASHEF HER . R — ST S X B — Mg, W% iE
HI9R S ERR RIS SRS - LB R, ST A A 5E-017 K RIS 8 “x10” B3]
B, IR . WA A 01 TR A S . (AR, AT A
(ZZD%%T#@J*F%/\E’H‘E}E SR FHREATHMEIEML, RIEENTFTRR; T
AR AT A, @wme%~AﬁUm%ﬁ (1“x26 /and”)

(2) =0 EH IR R IR S 8RB TT - DOE AT R R IS — R T AL, BATE
I 2% M CAMRA IR K A& - Lﬂ‘fﬁﬁ?, CAMRZ BFPREIX X N K % - LB
B, FEIE“H A T FORETAI K R time, I IZ 1A <‘ FS) &—BInEED L,
B« time(x3/H1)” -« FLIHY, AT AR “ domain(x5/72)” -

(3) BRZIEHFEMMEEFTE, BIR— ST S e FHREMEc N, FERAFEYEMA
B DIELIRNG, «B XA S R A HE 2 T ST 5« 5-017 arg0Fflarg L I €6,
7 H 5 JIEEEI“X7”%D“X9”1_W TAE A -

FECAMRP2022 459, HEZ 5 —ISUDA-HUAWEIZR A T4k B HIHF /7%, #id
BVETIM « XFFFFM % RN E— S EITCAMRA - I LAMRENT IS+, HTHEHEZ
FEFE R, DLEBEFA T SETAMRE SN ER (Bevilacqua et al., 2021a; Lam et al.,
2021; Bai et al., 2022) - fHLBEVFE, 36 B EFIATHEEZ R llﬁf?iﬁjmﬁ @%Eﬂ‘@
ERITET R, ERMEREERN, B EEWE R . AR, B EE7 R E %ﬁpﬁ%ﬁ B 78 53
FIF ECEE, EREFVERA R EFAEY - HEOBREATEA, WEEEES, R
[ 5 R L 7555 (0] (Zhang et al., 2019) -

"https://github. com/GoThereGit/Chinese-AMR/tree/main/CAMRP2022
’https://github.com/zsLin177/camr

Fo R EEE S RSB OEE, 5300 %631\ ﬂ%ﬁﬁi’ £ 2023$8H3E|$5El
() 2023 EPIEPIG%?% EE e
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CAMR-AR @,
Models predict s
@
@ L >
@ . r &
D HD
Source Sentence )
CAMR-NAR O Target CAMR
o BB
Multiple .
Parsing Models CAMR Graphs Ensembling

Figure 2: ZF A5 EIR

WMERFTR, N T e MBEBMM A, FEARKENH, FATRE S EHZ A B B IR
A Z A AE B EAEE FMCAMRE , 285 % T KRG B % (Hoang et al., 2021)F £ P&
B g R Aok - Hep, YT EEEEE, FATE %Bevilacqua et al. (2021a),
FCAMRIE LR LY A TS, K TransformerZ8 #4 (Vaswani et al., 2017a)LLF 51 4 A HY
77 EFTCAMRA , il f5 2038 /9 J7 VA CRIE B REAT 007 A - 6T R B |, 3]
K FHCAMRP2022 SUDA-HUAWEIFT X T FICAMRAENT IR .« eoh, FATDIHRR T AEE R
SFCAMR B ENT IR0 - SRR, FATR T IEMEGT AN TIFE B2 RTERER T - JATAICHY
FHRFE https://github.com/EganGu/camr-seq2seq -

FERNICH, BATERER2T AT N ASTEAGH R AR B [EVA59E B [BIHCAMREET
WA, MEERIT N EERBEEE . MAZEINNSTERSE, RIERS TR EERERS
e B, BATTHESR6T AT B LS REARR T TAE -

2 EHT HEFATTERICAMRENT

KA T AT &89 B B JACAMRAE B B8 - 3 {11 2 T TransformerZE 14 @
1 Seq2Seqi) T AR CAMRIE LK - f§%Bevilacqua et al. (2021b), FAFHBART (Lewis et
al., 2020)1E A BT IR JEE -

B, NTERRAEMER, BATE L HCAMRIE LEFHITEMEN . F—DH, FA]
SBARTHITRA R AT HEE, AT CAMRE HH WA SR RR&E . &a, NFEEA
REAE R TERR I (BlandkEd ) |, AT T —EREXNBAEAETTE, EANRINE
SME BIHTIE TR AR A EFICAMRE -« 1A, Tl 12 8 A BILS T M & 1A P A1 7] %
FHIE, HBICAMRERIAEAL -

B [ )3 & AL R IR S f A\ 2 o R B A) 7S, B AToken® 35 1 i 5 . I~ R
W Subword%s - il tH AN &M AICAMRE TS, i Token B FEAMRAF 5 (W “argd”) ~ X
FUAK I Subword<s « EI1245 1 T JR¥mH A A) 7« HXTMAICAMRE DL ML RICAMR EIZR
il -

2.1 K&
BRI  RIAHISERE RFEHIIER RS RIRHIRER R HIE
Train 13.00% 1.74% TestB 15.42% 2.48%
Dev 12.43% 1.18% TestC 10.41% 0.30%
TestA 11.63% 1.68%

Table 1: SEIA| 53 A RE T FFAIE R [R5 00 H BRA R

HEIRERLOUE T 0450, TTIEEEN A EICAMRBIEILEH £ . B, FATERLHE
B ER CAMR BRI e AL AT 51 - RIECAMRIR: A, A TE SR REIR K R0 57 - M FTE

SR R AT RGNS SRR B, Bl RIS S5 Z Ui AR /)T «

B R E T S AR, 53005630, MR, diE, 202348 H3HE5H .
(c) 2023 FEFLGFGEESUHIESYLTWERS
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HRAE R R, BEENL . REMBECAMREFTEENDSE - %, KA FIE XK
B NG f&f&F{{E’JCAMRI

RT3 XAMR, CAMRYE N T #E& 55715 B LA 1A ( 5) KAENTFF TEE/\IT?E(Ll
et al., 2019) o WEEXTFF1E 550 A 18] B4 5 %5 19 5 B SEFIPR A3 1T e ﬂﬂ@l*ﬁ’]“&ﬂ”
TR, &EEE’@CAMRM/BE’JTE STREAE (v ) E“) 7, MAECAMRA, HTZT H5RA]
H A B4 RN R F)TL/LXT??}:E’JTE}L RN (x4 /S 7. BTSN FHAETEES
PAMRMIL R R, BATZERE THENFFER - EEWHXRNF - SEFERENMA,
BCAMRAMSHEMBREZ A . WE1FT7R, CAMRAH, KAEMHE jCAMRyT—/\ITﬁ
5, XN T ARE AT REF R IANFE, Fla0“:domain (x5 /5 ) B “x5 /2" KRR &7,
1 5 & 7E “domain” K AT, TR T REIRFIR RAIXFF - MRS %?ECAMR.
PR HIME S BEHEFMRE XEI’H‘E ST, BAREE *ﬁﬁﬁﬁhﬁﬁ MR, DFER
EATRMERE R - ZEE1H, MAECH T NS T AN N Y(xT / BE)?, HHT
T RGBT R x1/ ?‘Zm)” E’J?EE%% EOUHR], e RIS ST “(xT [ x1)7

RE T 56 RN FF ~ ME S FIFE & 0 S0 % RV RGN AR, WA ER R B B (B R et al.,
2020) - ﬂﬂi@lﬁﬁﬁ BANGE T R IE 5 RN FF « W& FFE7EAS FIEGRE K 5 i) IR - 7]
GRS, EATRMESHIH13.00% FI1.74%, BIPFH1005K R (1) H, HI3FRKAN TG
FHPFEANEIE « 1.745% K R RS FFE - XK R /X T7 « S FTE 2 — R M EAFE
(E&EI ) -

G, AT5— . BHCAMRE, HITEE T RARETHE S, FEIFX R
XF 55« Wk [F] 48 5 A AL B AR AR TR B “ralign” F “:coref’ K R o Bl UNE B, B AR R AF
ZARFFT “:domain(x5/7&) (x4 / HE55) N “domain (x4 / £S5 rahgn (x5 / &))", K
= I_JT'Q“ arg0() (x7 / x1)"E LR “argd (x7 / FAT :coref x1)7 - 4t ﬁ/_t}:E/JCAMR@/Wi
SEPENAMN#E (Patten, 1993) - #%&, FA1fE%Bevilacqua et al. (2021b), RKFCAMREF IS
¥~ BATRT S FIREFAEMEE T RAETIMER, RS MEIICAMR -

2.2 HWERY R

BARTK A FIRIHE BB E, ENoasEEZHNTERES, A ARREFMHIE
BECAMRFF S AR - B T RIS RE, FATFBARTHIR R FITHE, A 1) AMRF
S, W op’; 2) CAMREFEMINTFFRS; 3) EYIZRER HELREGE 58S 5117 E « 2R
HIRERHRIMCAMRAF 5 B R/ O RKRENLER A SE, WM FSmIEFIEN RS, FEK
FERG RS [R] B 241

2.3 AJEWEEE

ST, AT RO P (T R S T (b R B 7
BB . MTRENOESEREASINGEE, H R EER TR MBARTER . i, &
T ARAHEREBART A M HMRAR N T (F) 251 EAFTR, R A
AR LB IO, AR RIS BB AR . W TR, RAIIBUATFIAMG
% 5 EL A AR -

KR TS @ = wr,...,wn, BT Yoy € @, BATATLIS BIFRE LRI &
FR e, [RIEFFREFR el JAMEITART o, HHHPHEIEH AT RBILSTMEE)
ERAERT bV

h{¥" = BiLSTMs(ef™ @ el®* @ el*) (1)

H—JiHE, HATETBARTRGFKE w;, B ETFIXMERER hbort. Jy TR AERR
hsyngﬁ)\ hbart | A TR FPeters et al. (2018) & i fScalar Mixing /7% X THWFER, A
M TR SR v FAIREFERE cart/ oyn ., IH

hi = V(Sbarthi + Ssynhfyn) (2)
:/B\:EF(: Sbart/syn = SOftmaX(abart syn) °
BENAEEIEER by /5, &ﬂ]'{%/ﬂ\:?ﬁJ)\?ﬁJBART%ﬂ%%%':PﬂfﬁCAMRIiﬁi

" E|Cehring ot al. (017)HEK, RATHHEIN: —FEHNOGEES, EHAISMOHA (Enbedding)
KRR R R -

U ﬁﬁlﬁ ?k%»blﬁ,

53T &, 2023$8H3E|5e5El
(c) 2023 HEHC E% Al
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] Output Probabilities

T

[ Softmax ]

[ Weighted Sum

3 X BiLSTM ] ‘ BART Encoder 1 ——L BART Decoder ]

POS labels, dependencies T
| Source Sentence ] | Target Sentence ]

Figure 3: A)IAH R AFICAMR H [H] /3157

$ HE ® ARM B A nE & $
(a) AT (b) T (F) PHAIHAFH

Figure 4: MXAFRFHL - 168 87 KRR 1A NERRI I

2.4 JGAbHE

o9 T R ORIERLAE B0 E CAMRES Y, BATRIT T R A S B 5 1% - T A s
FERREENY AR, BRERNENMR, AR ENSMIEKICAMRE - R HIHHIRE
B RNWR: 1) ERT AT, SEXNFTER: 2) EREREER . EEAET, TATE
SEBUH AR A, TSR FLERECE W TR AT, B ET IR AT IR -
AT H R BOME & S 451 < N TR] B R MR 57 8 “x5”, anE1FT R, A TR A) F P T R T
Be, FREEFITTEx4” - 85, WTAREET A, FEET and” R AR HAEE T
o

3 ETFIEAMEVFN EHCAMRENT

TEAREN A, AR T EFESUDA-HUAWEIRAMG X 1T 8938 B [ AT AL - 118
#TPERIN (Samuel and Straka, 2020), SE{EHAEBEVAR T AELAMRE LEHHT A, &
ET AR S TTER, AT RZARRRER - SRE 55 R a5 FrAgid &5 i 1>
¥4y, RigEsE 4 # FRoberta (Cui et al., 2020)4RSHIAA)F, il BiLSTMEI AR FIK
FANEEE - RIS EEETI - NS <R T ~ JEVEAIE AR S - &EH T
P SCAMRARFE AT S0 57 BRI~ IRER, BATST THNAEAEERE. B 5ER
T AR AR HESR -

3.1 YRiges

Y5 2% T2 FHRobertafIBILSTMM #R4H AL« FA 1A F TSR 7E & AL Robertaf g i i
NAIFX, RGPS ARA R R R R R

r; = Roberta(z;) (3)

B Robertast AFIA AL TR, TR X B AR LS i o RS2 52 8am B DI
HIERETF— 2B p A FoR N, S2IRARIAR R -

FATAI FHAPEAR AR A)IE P A IR AN A GJVA S BB BT RR A, AT T4
— NIz, BATIT LA BTG R N AR [ & Fore! AR B R Re " « &IFHANH

oA TR E R AR OUR, ’%53?—%63%, e IR 5
A S

3 [, 202348 3H%5H.
(c) 2023 HFE s CfE B S ,
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Post-processing

Root Classifier
BILSTM Property Classifier
%B Relation Classifier
Roberta Align Classifier
T Action Classifier
(&% AR #m Az | f
E— Transformer Decoder
J NN NN W | T
{ ‘ Query Generator ‘
amod nn nsubj root ‘

Figure 5: 2T 9k HEFA77EFICAMR AT A

B, e+ e HHEE I — 2 BILS TMAS I B AL I 2 A% Hi 7 & b, -
h; = BILSTM(r; © e @ &™) (4)

3.2 RIS

TERRETS R B Tﬁﬂﬂﬁﬁpﬂﬁﬂulefﬁlﬁlﬂﬂﬁﬁ_ti)ﬁ B 1A B %TU\EEEK/I\%*T
FAT R Az LK N queryEoR: gl o, d, IR MBI ERR Sl , H P& B if 4 B
ftAE T BiRH, ?‘Zﬂ]f"i'{%%ﬁzﬁ%ﬁmiﬁltﬂmih ?EU)\?'JQuery Generatorq?o Query
Generatorjﬁ!ﬁJiK/\@Zf JZ DL B tanhig T oK £ B 2 6 R K D query B : gy ooy gl o g
R, BATEK = 3. '

g/ = tanh (MLP? (h,)) 5)

ROk, :{%i)ﬁﬂ@querymi%ﬂ?ﬁ@%%mﬁ [ &= h, i A F| = ZTransformer Decoder (Vaswani
et al., 2017b) FRFEIv! « B IRIEY], EHEIEDREE (Action Classifier) , %5750
N (Align Classifier) , k&2 (Relation Classifier) , BIESFE (Property Classifier)
FIMRTT S50 2K % (Root Classifier) , FFiillv /EAMRE F{ER 478 X1 &, %17 555575
WRELIR, % S AT AR R, T AR TR BT, DU SRR A

o BHYETIN: BhiEs 38 F L 24T 2 S T vY BOZ A AT 21 8, BARhTE R “copy”
(¥ DRl R A BT ) ~ “add-017 (Tj?ﬂxz}:(ﬁbﬂ“ 017, RAERT S, —'01> -~ “generate
[and)” (AT 5 “and”) & o HIMEE — MEIRENENULL], Romv] NERCT A,
FVITIN BB ER NULL], X X N Flquery MEAMREF, A2 52 51
S FFEETIM o ZEX R, ARG 1810F S EFRS -

o XFFFIM . [ Oy — A iE ST R AT LAY ST RIZ A, B LUK 57 43 2R 2% i HBiaffine at-
tention (Dozat and Manning, 2017) R AWV 58 NIRRT EN TR R, BRI TS
& AlignSet? -

o KATIM . X FHH A F AT s, FA153 7118 H P Biaffine attentiond | W — % 77
RZBARGHFERR, MEEMFLZARR . FRHEP LAMRF 7 E R R 5L 17 [\ B %
AREXHIREFA (Dai et al., 2020), FATRKFHEB AKX RZTEHE, BHEEIRE,
W “arg0+#” ~ “domain+s&” ~ “location+HJ" 5§ « AR T HAREZE, TEHEF S
., RRE TR HILRECR TR, SRR 2 1042k BT -

Fo R EEE S RSB OEE, 5300 %631\ ﬂ%ﬁﬁi’ £ 2023$8H35$5El
() 2023 EPIEPIG%?% EE e
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o BT AFANRE A, AT AREE (Wcopl” « “op2”) AR T %17 A0
BT A . B RESTFEN G AT o R R TR BT A, FHIXT
AERYET SINRZT SONE ML, H A ACE T SR -

o MR ARIT AR LIERFT 20 RIS 75 52 AMR B BIARTT A -

3.3 J5bH

JE AL ERR Y EB S R = A, o RRMTEAR ST - IEECRE A BOXS 5T AL E - BEESFETET A
AL T -

o MIYEALXSTT: BNERANBIREA A, 5 SR 5T 2 1B AR, T CAMRA, FELTy
SRR FFEIFE AR LD TR, 0T R 4307, XS TR “30R” B — N D FAF
Fol a5 H R TR, ARBX AR AR AN 5T o B, A EN ST IR AS £ 5T H 5
& AlignSet? J5, FAT TR TF IR & BT 2 B P A B 5T IR 7T 8, 35 7 5 54T &
TS T AT BT R, A TN TP 74T & A NERA TR S5 AFe8, JEE -1
VCRECALE, FREFRHRAIN T -

o IBECRERIXSFTOLE: ERATMA, FATHEIMKAIREH S HE SR - ERET
M E AR, FANGERZRAMEFE, BlT@d IThcr /5= E S #50%Z R 17 1 I EL AL
B B, FATSHEERIZR AN B H SR T S BN TR R RIALE - FRH, 20R
AR LB RO E,, TR Bk AR R T ) T ) — AL

o MEEEHETT AR VG B, Tl & SERELEBUEFET S B — 1 SE RO
A, HFREMERET AR OT ARSI, W1, 27 AN E, ARSI
IAMRE P EAERREE NS T 5, TAIZSR S R B O s BOPRE AOBRBR mbRas
HRe g5 B [FT ) VAR [RITE T A -

4 KERE

718512 B EEAFIZ A 3k 5 EECAMREEE | $o 015 f F Ak & 3 3 (Hoang et al.,
2021)RFA EN1F T ACAMRE, &2 H&L MM R - BAIR GBI HEZ MEEEE
EE L BRI NFRAE « FEFAROTINAE SR (Domingos, 2000), XA E & AT AR A1
TEPWZRH, FEE T RIREEI (Chen and Guestrin, 2016) - F {12 T Hoang et al.
(2021)4& H ORI & 5BE, R AR RGE I R ZETRIT 57 04 U 20 - 8 Em M AMRE§=
{g1,-- -, gm}. BEREEZEFZOBBEERIZn N ERERARTH, FiZERaErFEIER
BAMEREEge -

EREENE, HTAMREFTMET A AXANBEHEFE R, REEENZ
NAMREFHATHE - Hoang et al. (2021)3& Hi — Mz Ll@h & &% . &—ik, EmI—1E1E
NZOE, #MUZOE RS, HAE 5200 BT~ 1858, BRI EEURA T A
MinE, mEFE—IREE . X, mMEEE, 2FEm N REE . ., DI R
Mm AR A B A — M — B E N A G R - DSmatchRBg A, X TH —-TREE, it
BEm N FEIGE S HZ AIFISmatch(d, SKPHFIENZR BN ME, RERES EREIERE
Bl SR EATLIL, WAl DLREm A R A E &, B m A IR B hnm 3R & B k%
BIEWE R RAER, XM IEERU MR SR, B2t 2 Smatchit EEH# -

BRI, Hoang et al. (2021)2 T Cai and Knight (2013)%2 tH &I U ILEE B £ Smatch,
RE—1TBAXBERBIZTENRE B - BRIV GEIEEFRENTE R EFESTH—1
Ko E Mz 2RO E, Bz ORI G2 SRS MIAmERRER, BEEE
Blg, 5% xm — 1 EIRRACILES, MRIEICELS R 2 BT mR S AR SR R - e RUE
FEMERPRERSE, HFEFEEERSIIMEIEMZT A ) R%, B3 2g
DEIMEREEgL - BRI R LB MERTERNZ R A% O B BT S PR S A bR T %
=, FREEEE SR - EEBneERE, B2, ... g HEm I REE . BEEE—
TE FIERE N H SR AR A g - RAEPGERBEE MR, 5 55&Support F1Smatch 731 (Cai
and Knight, 2013) - Support (CHiE) EERHENEFEAET SML (RR) ERBEEIFFE (%
) MREEEREMMENR, TSmatchEBENEEES [Fi6 K% 65T HEF)F 5 Smatch 4

BT ERE TR S AR IR, HE3IC 63N, e R,
2 :

E, 20234E8H3H%ESH.
(c) 2023 A EFfF B ES T Al
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ekl AFEC ERC CPERTIEE BdENS TR IR PRI

Train 16576 386234 23.30 TestB 1999 36940 18.48
Dev 1789 41822 23.38 TestC 2000 18699 9.35
TestA 1713 39228 22.90

Table 2: EiEHEST

TestA TestB TestC
P R F P R Fq P R F
closed
BUPT 78.40 76.44 77.41 72.09 69.68 70.87 80.96 78.62 79.77
GDUFE 76.54 78.61 77.56 75.75 61.18 67.69 82.38 73.08 77.45
WHU 78.94 74.90 76.87 72.41 67.83 70.04 80.98 76.35 78.59
Ours 81.83 78.25 80.00 75.16 70.28 72.64 83.31 79.51 81.37
open
GDUFE 75.53 75.60 75.56 69.71 67.33 68.50 78.14 77.30 77.72
SJTU 47.41 46.45 46.92 46.44 45.68 46.06 58.39 62.82 60.52
WestlakeNLP 74.40 70.24 72.26 70.42 68.63 69.52 82.49 82.73 82.61
Ours 80.82 81.79 81.30 74.39 75.03 74.71 82.13 82.11 82.12

Table 3: PEMHEAC 45 B4 H

W m IR e EIEASER - Smatch 0 BUEE B & NEIAGEIN A BRI T A R, TG
PIEZ B ESER RIS, Smatchr BB, REIPAEEAEEL -

AFETFHILAMR, CAMRIEN THAA ISR ANTTEE, BB T EA R EE& 5%
PEATEGE, MR ARTFAE S W TRE, REGEREIINTTIA, RGN TR
M . FRF, %R Iz FHRISmatch 77 BS54 5 A& A Smatch 0 B = IR & ]
VER BRI LR -

5 SEIS

5.1 i%E

AR E T @ H G EMIT & £ LTG5S ik, RI5E= D AFRNHE
EAATHUN - BREMBEESGITERIR2. KA, CAMRP2023H74 FTest 6 & 1 K B H#1F
{72000 F5%E [F] AL A] -

T HEACAMREENT Y (CAMR-AR) , FAIRHABART-LARGE-CHINESE (Shao et
al., 202V)/E MRV R, IF B A E 77 R8RS T 4R - BALIZR30%, %5 &
M5 x 107°, LK K/ (Batch size) 91000 tokeno Xf T AJjkMasmigite A% & A9 A
HFRYER 400, BiLSTME4EE F512- K F1&%F AIEIRE B 8 Test B Test C,  Fofl 15
T SuPar® 45 T — MR ENEFTAPERR & AR E ALY, SR TIN Test BFA Test C_ LI AIEE B - HR
BEERENAGiIthub ) - T4k HEIHCAMRBFTEE! (CAMR-NAR) , EZHLES
#PERIN (Samuel and Straka, 2020)JFJREER - FIZRE S EBE D, FATRE T /T HER
fJRoberta (Cui et al., 2020), LLKEMacBERTCHIPERT (Cui et al., 2022)7 =FR NG, 1Kk
BREZHERER .

FECAMR20237FI 1, XfopenFFi&, FA1KAH T CAMR-ARFMICAMR-NARM £, [A]
I o A A SR R I SRR Y 2 (R R e, TEEIRE S T RIS 22 (LR SR AL SR - K close®®
i, FAUFEFARMIARoberta (Cui et al., 2020)FJCAMR-NARER .

CAMRFE AT # 1F #r #8 47 2% F AlignSmatch(Xiao et al., 2022), 3 F % SLAMRRK H
AISmatchf&tr, AlignSmatch’BfCAMREFH FIME S R X FFHAE R EAN XIS -

5 F R E A AR, BEIT 63, WRE, P, 202345830 E5H.
(o) 2023 T fF RS A RS
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TestA TestB TestC
P R Fq P R F1 P R Fq
Ablation
CAMR-AR 79.15 79.93 79.54 72.56 72.98 72.77 81.72 81.51 81.61
CAMR-AR(Syn) 79.54 80.04 79.79 72.90 72.97 72.93 81.43 81.06 81.25

Ensemble
6 x CAMR-AR 79.69 81.16 80.41 73.26 74.34 73.80 81.59 81.91 81.75
6 x CAMR-AR(Syn) 79.81 81.21 80.50 73.35 74.31 73.82 81.51 81.80 81.66
3 x CAMR-AR + 3 x CAMR-AR(Syn) 79.85 81.35 80.59 73.26 74.41 73.83 81.72 82.09 81.90
2 X
+ 2

CAMR-AR + 2 x CAMR-AR(Syn)
«x CAMR-NAR 80.05 81.58 80.81 73.84 74.92 74.38 82.09 82.66 82.37

Table 4: tHAYVEEN S ERI&

Num Strategy TestA TestB TestC
P R Fq P R Fi P R Fy
1 - 79.15 79.93 79.54 72.56 72.98 72.77 81.72 81.51 81.61
3 Support 78.56 80.82 79.68 72.42 74.04 73.22 81.17 81.79 81.48
3 Smatch 79.51 80.58 80.05 73.20 73.79 73.49 81.79 81.61 81.70
6 Support 78.63 81.49 80.04 72.07 74.72 73.37 80.87 82.16 81.51
6 Smatch 79.69 81.16 80.41 73.26 74.34 73.80 81.59 81.91 81.75
9 Support 79.33 81.40 80.35 72.76 74.56 73.65 81.18 81.91 81.55
9 Smatch 80.16 81.11 80.63 73.80 74.30 74.05 81.90 81.72 81.81
Table 5: CAMR-ARRIYH EIRh-& P BE > BT
5.2 45R

TR G R ANE TR, FA TR ARG ENFEFEFNARMIALE L FEEUE T e Ers: -
FEclosedFRiE I, FATHI RGBS 2 0 A ETest A L3 7244« FETestBEIRFA T71.77 -
TETestC LT+ T1.6009F 1 9%, FopenFHid [, HATH RGfETest AR TestB L HUS T & £
4, (EFETestC_E A T WestlakeNLPPAMRO0.490F 1 50 5% -« T A 11E & Bl WestlakeNLPHUE T K
T E K A baichuan-7BS R M TCAMR - X 3 BA 72 18] B 55 A1) H B ) Test C_E, RIE S BT RERS
KENE RBAERE . (HAEA)FRKEF KA Test A TestB_E, B AT WestlakeNLP 43 3132 7+
19.04F05. 1909F 7748, REAFRA TR 7 L RE RS B8 I H g AT B )+ /18 S -

5.3 T
MER TR KT HRARIEL 2T, FA 1A BIRLA FEFIE MR BN CAMRAEHT M RE AT R0 -
$FHLCAMR-AR, BATAIETE E 774 & W AEFIRPEARE FTest A £, CAMR-AR(Syn)fE
WENERTF 0.25 BIF 450 . (EAETM A 75 4 fTest B « TestC_E, AR IR AT+ A
B, EEREE TR . XATREE H TN AAERRAME R AR, H NGRS B B Al 4
.CAMRH] -

FEl4a wR4on, TATRILENS ERELE T AR A RE A T IR B3 F, ZETestA L, 1
Fi6 1 CAMR-ARFRF S A AU PEBE L BN CAMR-ARBEFGRTF T 0.54 HIRIERE (P) - 1.23 fI8
B (R) F10.87 FIF 74 Mo, SIS RRIAX TERELG, NEFEER IR A LB —F
RYEREHE LT, fETestA L, R = MR A VEREA LR MR R 427 7 0.2209F 43
¥, MHEA—ERERA S RIRTF T 0.40810.3109F 70 5. HBAEIREN & F, ANEREEH k2%
S RILE SRS LT IR AT A

WESFR, FATH— 24T T AR BB AL £ & R0 56 0 X B j & PR RE e« SEEG 45 SR
FHH, KHEG AR EREZ BRI . £ HSmatch KB EFER &K
PRI, A3 MBS IT R A&7 =N 5 _ERENS 5 A7 R0.51 « 0.72F00.0989F 1 773 %32
Tt, FHMRAIER A GENS I — S F0.36 ~ 0.31F10.0509F 1 7 HER T - 24 5 FH 6 £ pO iR i

®https://github.com/yzhangcs/parser.git

Shttps:/ /huggingface.co/hfl /chinese-macbert-large
"https://huggingface.co/hfl/chinese-pert-large
Shttps://github.com/baichuan-inc/baichuan-7B

B R E T S AR, 53005630, MR, diE, 202348 H3HE5H .
(c) 2023 FEFLGFGEESUHIESYLTWERS
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TREE, EEE R WA . SEMCMREEITREML, FHIMER A
AEHRTT0.22+ 0.25F10.06F 7085 - X Ui Rl & FORI R S, AR RESR TH 10 Fn il K
BB - BRILZ SN, FMTEERS T AN 0B Rla SR R AR, ZIMAERTE KRG+, %
FISmatch H M HI 2R & 1 BEAR 2= T Support g - X—IMBHWAFGEHR, AW NEIEWES
#hr fSmatch 2L, AHHILE T AR E LA ISupport (GCFFEE)  AENS 4TI 2% FE 2 W9 114
HIME IR -

6 ik

FE A IRCAMR2023VF AR 5 7, B AT 68 2 4> B BABR A A £ 4k B [8) V35 20
MCAMRE, #RJ5HETERAEE(Hoang et al., 2021) K EATHH RS REARE . Fo, &K
THARZR T ARG A B & SR P RE AR « 2k, BATEM M FEE S & b
WG T AR —4, —WR 4 -

HENTOTIEE AR, FIanEATA] L2 A SR AR O R E B R R TR (LR, 3%
RNIE ST AMRA SRR A B S5 5% - LAh, MR R R IR R 20 SR R e, Fedl]
ARG AL BN RF IR R AR o ARAAT LURFA R CAMREIELIEM T3, LUE LT
Mo IX A AT -
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Abstract

This paper presents our participating system in the Chinese Abstract Meaning Rep-
resentation Parsing Evaluation Task at the 22nd China National Conference on Com-
putational Linguistics. Chinese Abstract Meaning Representation (CAMR) not only
captures sentence semantics through graphical representation but also ensures the
alignment of concepts and relations. Recently, generative large language models have
demonstrated exceptional abilities in generation and generalization across various nat-
ural language processing tasks. Motivated by these advancements, we fine-tune the
Baichuan-7B model to directly generate serialized CAMR from the provided text in
an end-to-end manner. Experimental results demonstrate that our system achieves
comparable performance to existing methods, eliminating the need for part-of-speech,
dependency syntax, and complex rules.

Keywords: Chinese Abstract Meaning Representation , Semantic Parsing , Large
Language Model , Fine-tuning
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TG L F 7R (Abstract Meaning Representation, AMR) VAR A A TCEA B SR KR A F 1Y
T X (Banarescu et al., 2013) - AMRE F YT 502 0] A B9 3F B TR R R B S 9 S 2 [H]
ok ZE i B RARE R, EATREE T AR SRS R R - AMRIE U#T 7E N UK H B
BRI S E LR (Flanigan et al., 2014; Konstas et al., 2017; Lyu and Titov, 2018; Cai and
Lam, 2020; Bevilacqua et al., 2021; Bai et al., 2022a; Bai et al., 2022b) . %55 T AMRIE X#EHT
FRPIH T, AMRIE 2 N THL2813% (Nguyen et al., 2021) -~ [A]%ZF(Deng et al., 2022)~ H
IRIE S HEWT (Opitz et al., 2023) ~ FRIME(Xu et al., 2022) ~ CAHE (Liao et al., 2018) « Xf i
FR5T(Bai et al., 2021)% FiFFATH -

AMRPVE IR FIFRIEAIEE IR TR, TFER, Li et al. (2016)RFAMRIET 2 H1 30,
#1Chinese Abstract Meaning Representation (CAMR) . CAMRFE(RE T AMRE IR IE L FKIRFE
TIEERT, AR T A5 BN T E B MRS X R BIXNFFER - HEl, CAMREENT 7%
KRECTLI h =K TR £ (Transition-based) ~ 2T E 77 7£(Graph-based ) F1E: T 7
GBI P75 (Seq2Seq-based) » =T H5 1% I T VA S Red A B 7] T @A Wk TE R 20, SRJEH
it — A5 AT N AMRE - Wang et al. (2018) & FAECAMRRMNTESS HHH T & THE
FIREZE, Wu et al. (2019) AEHER 4T T — RFIBEoH - BT R TIRESERFS LT
RESTHM AR R 9 BRZFDIEAMRE - 7E E—JBCAMRBET AL S5 H #5153k EHISUDA-
HUAWEI (Zhou et al., 2022)FIPKU (Chen et al., 2022)#8 & R 771 « ETFFF2F5H 7
R A i Transformers ~ BARTS 791 2|7 7 A B 12 M 7] 715 27 FI L FJAMR - Huang et
al. (2021) B SEECAMRBENTES A T FAIBIFF 7%, 30T A&t 4780 Bt iz,
WA R T ISR FE -

T, FEETIZE SR SHEMEEEE AR, KIEE S B (KRR E ER
TEE A 2 MRS LS T BEERFERE (Zeng et al., 2022; Zhao et al., 2023; Wang et
al., 2023a; Wang et al., 2023b; Ren et al., 2023; Touvron et al., 2023) - M TEGEHINGET
B, HENSEER RO T B AR, R T /MER A B AR L AR
77 B EHESHIAMMAHAIGSERR, KRB & TN ARIES - ZIEHES - €
TEPRMES A RY - A AR RE T DL S b P K R B K 5 2 T e

ZWEA, BATRHE A GER A ) KT Baichuan-7TBI# T CAMRAENT - 7 TIT
KSR FECAMREIRIRE ST, TA IR ETIRE LB 55 LB R CAMR B L —
NERVEFPS o AEMCERAM b, T Td a0 KRR T AT R R LURE 51 21 Fe 31 i 75 20 ST AR ionst B
FICAMRE] - SEYSE5 K, TN 1A$e M AT EAE AR TR 1 - IR AR B L E Z 4]
HIRIIE T, POMAERmMF RGBS 1 [FIE TIERT RIS R -

2 Fik

HATE BRI CAMRIEATFAIME, A2 L EA Ll i3 U Baichuan- 7B T R SO ey
FILHICAMRIE « 7 A A BUE G5 TR « JRA) DL S iR H i A iRm0 A T - R
TEFILHICAMR « 9 T HPRAERAICAMRF I EIERT, BT 1 — ST HIFA ILAC
WO IRIEAT IR AL -

2.1 CAMRFFIL

AT R EE F A SOR Bt Tl W AREE M T A MCAMRE] - o T EHRIX D
A, FATHCAMREFHITFIIML, @i RCAMRE R A —DMERIEFF], FATREM @ R
RLLE B NE M &L RICAMRE - BEME, AR T & THREM LR T
FIETT R, TR 2 R B S AR5 R AL CAMR B 5 R SCROI 7 S #60 - B 1RoR T —
NCAMRE| X HFIMLRIZER, FEFFLRICAMREI R, Fofi TE T 7265 5 K03 4 B AR
A A5 5 R ICEC A A6 5 AT B SE AR -l i XMor 20, BATRE a2 (L FICAMRAGE
JFIREIECAMRA -
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#ousne Attt b 2 H ZH &
# owid x1_raett x2_Jb gt x3_+ = H x4_ = H x5_H x6_

(x5 / H-02 (x5 / H-02 :arg0() (x9 / organization :name() (x1 /
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:name() (x1 / name :op1 x1/§44t) city :name() (x2 / name :opl x2/4b 5T ))) :time()

Jocation() (x11 / city (x13 / date-entity :month() (x3 / 12) :day() (x4 / 2)))

:name() (x2 / name :opl x2/JL 5T )))
:time() (x13 / date-entity
:month() (x3/ 12)
:day() (x4 /2))

Figure 1: CAMRFFMLSEH, ZEMINCAMRE, AMHFIULEE R (SRR BAT) -

2.2 Baichuan-7B

Baichuan-7B'J& — 2 T Transformer 14 [ HH S X0E KA o B £ RA1.277 124
PRIC (tokens) EHATIIZRRY, HHE X702 24, I H BT E B KEH4096 - FEPRER) 3L
FNBE SO R I 3 (C-EVAL/MMLU) I, Baichuan-7BEUG T 5 [ERE LR AR T AE b B AE AORK
H,

Baichuan-7B B MERERZEOR B T =85, M EEUE - /0 iafIR RN - FE80E T7
T, HYIGRiERRIL G AN 2, AT HAl F S EAUE A TR SO ZR s, R = 1%
7RI 50%; FESE T, B X SentencePiece ! T I X 4 % (Byte Pair Encoding, BPE)i##
T, BATHTHRICHERE, LREMBIRIMFAN2ER; EEMNENTE, B
BFTFRE R Transformer?544, K 5 LLaMAAE R AR, (A IR U4 B % (Rotary
Position Embedding) - [FIF, R 74096/ E N3 O S EA B HSs BEmz -

2.3 KERFIE

ERE RS, A& B ALORE S ESIES - RO 1% S 05 5
FIA)F (LT3, WENGEFFEFICAMR . PLGX JLR T H RS SRR EE R R AL T R
e 7RG, DUR NAEE BB R

BT TMNGTFAERSVBLER, WEOFHAARYGFLHEBLEATE: XJLK
AT PREEOFEREXZRARTAK A, x1_ X x2_JL x3_K x4_%TF x5_F x6_# x7_&
o x8_&1F x9_MK4F x10_% & x11_m x12_7 x13_K x14_#H#& x15_.
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o TRAMGEINE: MAEMMITRES, SHINEMY AEEANEMR-, BIEKT SIS
SEGAE - Flan, BT EIPRE T, ATRES AR (R-02 :arg0() ..." B 4(x5 :arg0()
CBIEER e AR A EES, ST AN EERAVR S R, (RS R E g5 o)
T RFF—E -

R
3.1 ERE

ARV 53 H closed Flopen B 2558, FATTIEEE T S lopen®Fif - REVIZRE - A LM
MR EE Test ASE it TR MR ANEF B, BEERATEREBFOE TR H ORI H T FE a5 715

B o AUV A £ Test CHE2000 R0 (M A FERE, B FEHE 58 B RCHIE (7] A1) B £ A — A1)
Z R THE

3.2 LR

P R F1

Dev 79.24 T77.20 78.20
TestA 74.40 70.24 72.26
TestB 70.42 68.63 69.52
TestC  82.73 8249 82.61

Table 1: LLMCPTEF & SEFIMIAEE ) Align-Smatch 55>

A YR VEI B 5% FH ) Align-smatch8 AR ZESmatch A EERE B IR T HE &0 5718 B 58 R %57
R £ VIIHTHRAWAENE S - FA15EHPLLMCPE &£ FiR1E T 78.20F 1704,
HEZAMERE 9 HIRTE T72.26 « 69.5200 K82.611 198 » TestCHILE S-AH H T H A I it
SEHE, JRFEETest CRIEIR B R AE R, HAEHEN B ~ AU & 8, BT
FEXTEAG » AH LT Huang et al. (2021)FF 581751 75 1 (1% 7 HEE Test A L3RR T 70.29f0F 14
), LLMCPHUE T RERERERA, XUEH T KIRBMAECAMRENT £S5 L rvE S - Mk
THER RS, LLMCPEANEH MNP aEFIRFIE 24 N A T5E N3RS T il bRtk RE, X 3R
BHCAMRENTRENS LL—Fhum 2 i ) 7 =T A R0 .«

3.3 SRS

£ FiBaichuan-7TBZ Fii ,  F AT 2070 A [F] FOEE 680 i & Wm TSR 3047 A -
IRTM, mTHEFF & & KR I(52.3)% (% T Baichuan-7BIE R ) F IH(78.2) « X — 45 R # BH &
JE BTN T RN RO & T R, T RS T T T3 2R o B pR A5 %) 1 7 iR A B0 RE
TCAMRBTHES B EZRD) -

FA TR AR AP A RS T s 1 — A8, BIZ) % (hallucination) BRS: - H#RAI4:
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BRI AERE DA RS20 -

4 55
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SR EERFR AT T IEENMOBOAN « KA AEE B LU E Z2 HUN a5 N BUE T FH
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Abstract

Abstract Meaning Representation has emerged as a prominent area of research in sentence-level
semantic parsing within the field of natural language processing in recent years. Substantial
progress has been made in various NLP subtasks through the application of AMR. This paper
presents the third Chinese Abstract Meaning Representation Parsing Evaluation, held as part of
the Technical Evaluation Task Workshop at the 22nd Chinese Computational Linguistics Confer-
ence. The evaluation was specifically tailored for the Chinese and utilized the Align-smatch met-
ric as the standard evaluation criterion. Building upon high-quality semantic annotation schemes
and annotated corpora, this evaluation introduced a new test set comprising interrogative sen-
tences for comprehensive evaluation. The results of the evaluation, as measured by the F-score,
indicate notable performance achievements. The top-performing team attained a score of 0.8137
in the closed test and 0.8261 in the open test, respectively, using the Align-smatch metric. No-
tably, the leading result surpassed the SOTA performance at CoNLL 2020 by 3.64 percentage
points when evaluated using the MRP metric. Further analysis revealed that this significant
progress primarily stemmed from improved relation prediction between concepts. However, the
challenge of effectively utilizing semantic relation alignments remains an area that requires fur-
ther enhancement.

1 Introduction

With the growing maturity of morphological analysis and syntactic analysis techniques, natural language
processing in general has advanced to semantic analysis level. Sentence-level meaning parsing, to be
more specific, has already occupied the core position of semantic analysis research. To address the lack
of whole-sentence semantic representation and the domain-dependent problem of sentence semantic an-
notation, Banarescu et al. (2013) proposed a domain-independent whole-sentence semantic representa-
tion method called Abstract Meaning Representation (AMR) that can abstract the meaning of a sentence
with a single-rooted, acyclic and directed graph and predicts the semantic structure of the targeted sen-
tence. There have been large-scaled corpora constructed for AMR and two international conferences
held for AMR semantic parsing evaluation tasks. The latest one was CoNLL 2020, where there have
been five languages in cross-lingual track including Chinese. And yet parsing Chinese via AMR was not
flawless given that Chinese Mandarin differs a lot from English in terms of syntax and semantics. Li
et al. (2016) therefore introduced several major changes into Chinese Abstract Meaning Representation
(Chinese AMR, CAMR) so as to better parse Chinese. And similar to AMR, the corpus of CAMR has
also begun to take shape and played an important role in the stage of CoNLL 2020.

2 Evaluation Task

Our evaluation task is to parse input sentences and output AMR graphs of the targeted sentences with
data from CAMR corpus. It is noteworthy that the alignment of concept and relation are added in CAMR
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and some extra semantic role labels as well to better distinguish characteristics in Chinese. The evalua-
tion task at CoNLL 2020, however, failed to leverage the alignment of concept and relation. Therefore, in
our former CAMRP 2022 evaluation task, we adopted the newly-designed metric named Align-smatch,
which contains the alignment of concept and relation, aiming to better evaluate the performance of au-
tomatic parsing. CAMRP 2023 is a follow-up and extension of CAMRP 2022, with key difference
including the addition of a blind test set with 2,000 interrogative sentences.

3 Data Set

CAMR Corpus has been constructed and co-operated by Nanjing Normal University and Bradeis Uni-
versity since 2015 (Li et al., 2016) (Li et al., 2019). Specifically, the data provided at CAMRP 2023 is
the CAMR v2.0 released via Linguisitc Data Consortium (LDC), of which the original data was from
Chinese Tree Bank 8.0 including 20,000 Chinese sentences in total. The data sets as usual include train-
ing set, dev set and test set, and have been proven with high quality in the evaluation task at CAMRP
2022. We hereby use the exact same data sets in order to see whether there is any progression of CAMR
parsing in recent two years. Newly added blind set (Test C) including 2,000 sentences is also provided
to measure the generalization performance of parsers. Table 1 shows the distribution of each data set.

Data Set  Sentences Word Tokens

Train Set 16,576 386,234
Dev Set 1,789 41,822
Test A 1,713 39,228
Test B 1,999 36,940
Test C 2,000 18,909

Table 1: Data set distribution

3.1 Data Format

The data sets we offer are in three different formats, which include the following representations: raw
text annotations, dependency analysis results, and tuples.

# :id export_amr.2580 ::cid export amr.2580 ::2017-02-02 17:03:12
#usnt X JLR KT & 5 KBS SIEKEXE R T A,
# zwid x1 31X x2 J1 x3 K x4 £TF x5 i x6 {8 x7_ A& x8 B1E x9_ Lk x10 K&K x11 pk x12_7 x13 A x14 #ea x15
(x11 / p%-01
:aspect() (x12/ 7)
:arg1() (x14 / #Hed
:arg0-of() (x13 / K-01))
:arg0(x4/xF) (x10 / K&
:mod() (x9 / fkfz
‘mod() (x8 / &1F-01
:arg0() (x26 / and
:op1() (x33 / country
:name() (x5 / name :op1 x5/ ))
:op2() (x35 / country
:name() (x6 / name :op1 x6/f% ))))
:mod() (x7 / FXRE)))
:duration() (x37 / temporal-quantity
:quant() (2 / J1)
:unit() (x3 / X)
:mod() (x1 /X))

Figure 1: Sample of CAMR text representation

Figure 1 is a copy of CAMR text representation sample from training set, detailed with sentence ID,
word tokens, word ID, alignment of concept and relation, and the text annotation of CAMR. All files
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are encoded in UTF-8. Translation of the original sentence is “iX/this Jl/several K/day < T /about
H/China f/Russian %8 /strategy & VE/cooperation 1K t¥/companion 5 Z/relationship F/become
T Jalready K/big 5 /hot-spot”, which means “In the past few days, the strategic partnership between
China and Russian has become a hot topic”.

ID Token Part-of-Speech Head word Head word ID Dependency

1 iX DT A 11 dep
2 JL CD N 3 nummod
3 AN M iX 1 dep
4 EF P A, 11 prep
5 i NR Cee 9 nn
6 i NR fkpE 9 nn
7 i NN Pk P 9 nn
8 E1E NN Pk pE 9 nn
9  fkf NN KA 10 nn
10 KHR NN KT 4 pobj
11 A \YAY root 0 root
2 7 AS % 11 asp
13 K I PO, 14 amod
14 A NN % 11 dobj

Table 2: Sample of dependency analysis result

Table 2 is a copy of dependency analysis result. Note that in the closed modality, participants are
allowed to use dependency analysis results as the external resource for training.

AT MRS & KER  RERWT KA PAmT2 W2
sid nid1 conceptl rel rid ralign nid2 concept2

2580 x0 root :top - - x11 A-01
2580 x11 %-01 :aspect - - x12 T
2580 x11 AZ-01 :argl - - x14 FEY
2580 x11 A-01 :arg0 x4 KT x10 KA
2580 x11 %-01 :duration - - x37 temporal-quantity
2580 x14 Y= :arg0-of - - x13 K-01
2580 x10 FR :mod - - X9 CSGH
2580 X9 Pk :mod - - x8 & 1E-01
2580 X9 Pk :mod - - x7 il
2580 x8 A1E-01 :arg0 - - x26 and
2580 x26 and :opl - - x33 country
2580 x26 and :op2 - - x35 country
2580 x33 country :name - - x5 a2
2580 x35 country ‘name - - x6 (e
2580 x37 temporal-quantity ~ :quant - - x2 JL
2580 x37 temporal-quantity :unit - - x3 PN
2580 x37 temporal-quantity ~ :mod - - x1 iX

Table 3: Sample of CAMR tuples

Table 3 is a copy of CAMR tuple representation including sentence ID (sid), source node ID (nid1),
source concept (conceptl), relation (rel), relation ID (rid), relation alignment word (ralign), target node
ID (nid2), and target concept (concept2).

3.2 New Blind Test

As the predecessor of CAMRP 2022, the evaluation task this year includes a brand new blind test com-
prising 2,000 interrogative sentences, namely Test C. Original data was collected and filtered from Zhihu
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website, and presented with alignment annotations. We expect to exam the parsing potential for inter-
rogative focus in Chinese with the favor of new blind test.

4 Evaluation Design

In spirit of innovation and comparison, there are three evaluation metrics and two modalties include at
CAMRP 2023.

4.1 Evaluation Metrics

4.1.1 Smatch

As the most widely-used evaluation metric, Smatch focuses on the overlapping of two AMR graphs (Cai
and Knight, 2013). For two AMR graphs to be matched, Smatch first renames the nodes of AMR graphs
and transforms each AMR graph into a set of triples. There are three categories of triples as following:

* Node triple:

instance(node_index, concept)

where instance represents the concept nodes. node_index is the index of nodes in AMR graph
and denoted as a;. Without loss of generality, we have ¢ € 0,1, ..., n. concept is abstracted from
the word accordingly. As shown in Table 4, for example, the triple instance (ag, AE-01)
indicates the instantiation of the word “7 22" including its index ag and the abstracted concept “7y

H 017,

* Arc triple:

relation(node_index1,node_index2)

where node_index1 and node_index2 are indexes of two different concept nodes, and their
mappings are a; and aj, respectively. As always, j € 0,1,...,n. relation is the semantic role
between the index a; and a;. For example, the arc triple argl (a1, a4) means that the semantic
relation between the mapping words of the index a; and a4 is argl (Object).

* Node property triple:

property(node_index, value)

As shown in Table 4, the property triple root (ag, top) indicates that the property of the index
ap is root, in which value equals t op, implying that it is the root node in the graph.

4.1.2 Main metric: Align-smatch

With two types of information added, including concept alignment and relation alignment, Align-smatch
now transforms Chinese AMR graph into tuples (Xiao et al., 2022).

* New triple for Concept Alignment:
anchor(node_index, token num)

We name it concept alignment triple and add it into the same category with node property triple.
anchor stands for it node property. node_index remains the same as in Smatch. token_num
means the number of the word in original sentence (as we mentioned earlier). As shown in Table 5,
for example, the property triple anchor (a7, x3) indicates that the mapping concept node “%
JfE-01” of the index ar is aligned with the mapping word “/5Jf” of the token number x 3.
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Category Triple

instance(a0, A7 2-01)
instance(al, 45-01)
instance(a2, expressive)
instance(a3, 22/77)
instance(ad, KZK)
instance(as, Z0i)ll)
instance(a6, %)
instance(a7, 137J#-01)
instance(a8, 1)
instance(a9, 1“)

mode(a0, a2)
argl(a0, al)
argO(al, a3)
Arc arg2(al, a4)
argl(al, a5)
arg0-of(a3, a7)
poss(a3, a6)

Node

Node Property root(a0, top)

Table 4: Triple representation in Smatch

* New tuple for Relation Alignment:

(Word_on_Arc, token num, node_index1,node_index2)

Likewise, we name it relation alignment tuple and add it into the same category with arc triple
(tuple). Word_on_Arc represents the function word on arc for it actually matters a lot and conveys
relations between content words in Chinese. As shown in Table 5, the arc tuple “(f], x4, a3, a7)”
indicates that the function word “HJ” is on the arc from the index a3 pointing to a7, and assigned
with the token number x4 for it is the fourth word in the original sentence (after word segmentation).

* New arc triple:
relation(node_index1,node_index2)

When processing the word on the root node, we now replace the original property triple with new
arc triple. As shown in Table 4, the root node triple in Smatch metric was root (ag, top), and
has been changed into root (ag, ag) as we can see in Table 5.

413 MRP

MRP (Oepen et al., 2020), with its great compatibility, has been used as the only metric in both CoNLL
2019 and CoNLL 2020. And yet when it comes to AMR or CAMR parsing evaluation, MRP normally
returns score higher than the other two metrics mentioned above due to its comparatively loose scoring
method. For more details, please refer to their Github repository'.

With concept alignment and relation alignmetn added, Chinese AMR parsing is perfected and com-
pleted. Therefore, with full considerations, we take Align-smatch as the main metric at CAMRP 2023.
Metrics like MRP and Smatch are for reference only and can mirror if there’s any fluctuation or progres-
sion in last couple years.

"https://github.com/cfmrp/mtool
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Category Tuple

instance(a0, A7 2-01)
instance(al, 45-01)
instance(a2, expressive)
instance(a3, 22/77)
instance(ad, KZK)
instance(as, Z0i)ll)
instance(a6, %)
instance(a7, 137J#-01)
instance(a8, 1)
instance(a9, 1“)

Node

root(a0, a0)
mode(a0, a2)
argl(a0, al)
arg0O(al, a3)
Arc arg2(al, a4)
argl(al, a5)
arg0-of(a3, a7)
(7, x4, a3, a7)
poss(a3, a6)

anchor(a0, x1)
anchor(al, x6)
anchor(a2, x11)
anchor(a3, x5)
anchor(a4, x7)
anchor(a5, x10)
anchor(a6, x2)
anchor(a7, x3)
anchor(a8, x8)
anchor(a9, x9)

Node Property

Table 5: Tuple representation in Align-smatch

4.2 Two Modalities

The evaluation task includes Open Modality and Closed Modality:

* Closed Modality. Participants must use the training data, test data and pre-trained model which are
all designated in advance. No alternative is allowed. We also offer dependency analysis results of
the train set for each team under Closed Modality. HIT _Roberta from Harbin Institue of Technology
(Cui et al., 2021) as pre-trained model is highly recommended.

* Open Modality. Participants are allowed to use other pre-trained models and external resources
such as named entities and dependency analysis results with no limits. Note that all kinds of re-
sources that participants employ should be mentioned and written in detail in the final technical
report. Manual correction is forbidden in both modalities. Table 6 shows the requirements of two
modalities respectively.
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W Closed Open
Resources
Algorithm No Limit No Limit
Pre-trained Model HIT Roberta No Limit
External Resource Dependency Tree No Limit
Data Set Train Set, Dev Set No Limit
Manual Correction Not Allowed Not Allowed

Table 6: Requirements of two modalities

5 Evaluation Results

CAMRP 2023 initiates on 1st May, and data set inlucding train set and dev set are authorized and released
via LDC. Test sets are provided on 1st June via our GitHub repository?. Participants are to submit their
technical report by 25th June and Camera-ready by 28th June. The evaluation task will be hosted as part
of the 22nd China National Conference on Computational Linguistics (CCL 2023) in Harbin, China.

5.1 Participants

There are 21 teams enrolled and 6 teams stick to the end. 48 results in total are returned as shown in
Table 7 along with detailed information. Majority has chosen closed modality and a few has chosen open
modality only. Teams like SUDA and WestlakeNLP have overdue submissions which we mark with an
asterisk in Table 7. Each team is listed alphabetically here and throughout.

_ Test A Test B Test C
Team Affiliation

closed open closed open closed open

BUPT Beijing University of Posts and Telecommunications 2 0 2 0 2 0

GDUFE Guangdong University of Finance and Economics 1 1 1 1 1 1

SJTU Shanghai Jiao Tong University 0 1 0 1 0 1
SUDA Soochow University 242%  242%  242%  242%  242%  242%

WHU Wuhan University 1 0 1 0 1 0
WestlakeNLP Westlake University 0 1+1% 0 1+1%* 0 1+1*

Total 48 8 8 8 8 8 8

Table 7: Participants information overview

5.2 Overall Results

Results from 6 teams encompassing a total of 48 runs exhibit an unexpected level of parsing performance
across a broad spectrum. For the sake of better display and clearer comparison, we accordingly drew 6
tables (Table 8-13) to present all results of three test sets, in two modalities and three metrics. Precision,
Recall and F-score in each table are abbreviated as P, R and F7, respectively. Note that Test B was the
blind test at CAMRP 2022 and Test C is the new blind test. For the teams submitted more than two runs,
we hereby list their best records. Hyphen “-” marks the team submitted one run only per track. The
highest F-score in Align-smatch metric per track is in bold font, which would account for a substantial
part of final rankings.

The best record is 0.8000 in closed Test A, 0.7264 in closed Test B, and 0.8137 in closed Test C. Open
modality, on other hand, axiomatically enable participants to reach their limits even more. The highest
score is 0.8130 in open Test A, 0.7471 in open Test B, and 0.8261 in open Test C, which is around two
percentage points higher than that of in closed modality respectively. MRP metric, given its relatively
not that strict scoring method, yields better results than other two metrics. What is worth mentioning is

2https://github. com/GoThereGit/Chinese-AMR
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Team  Run Align-smatch Smatch MRP
P R P P R I P R I
BUPT 1 07774 0.7682 0.7728 0.7598 0.7539 0.7569 0.8086 0.8057 0.8071
2 07840 0.7644 0.7741 0.7529 0.7350 0.7438 0.8035 0.7947 0.7991
GDUEE ; 0.8?80 0.7_287 0.7_663 0.7_905 0.7_121 0.7f192 0.8-308 0.7_631 0.7_955
SUDA 1 0.8183 0.7824 0.8000 0.8104 0.7696 0.7895 0.8463 0.8142 0.8299
2 08185 0.7654 0.7911 0.7515 0.8104 0.7798 0.8460 0.7963 0.8204
1 0.7894 0.7490 0.7687 0.7528 0.7326 0.7426 0.8036 0.7941 0.7988
WHU ) i i ) i i i i i i

Table 8: Results of Test A in closed modality

Team  Run Align-smatch Smatch MRP
P R F P R I P R I
BUPT 1 0.6959 0.7103 0.7030 0.6999 0.7045 0.7022 0.7564 0.7527 0.7545
2 0.7209 0.6968 0.7087 0.7041 0.6872 0.6956 0.7484 0.7509 0.7497
GDUEE ; 0.7-575 0.6_1 18 0.6_769 0.7_515 0.6_1 11 0.6_741 0.7_921 0.6_617 0.7_210
SUDA 1 0.7516 0.7028 0.7264 0.7569 0.7119 0.7337 0.7964 0.7529 0.7740
2 07535 0.6968 0.7240 0.7622 0.7058 0.7329 0.8008 0.7452 0.7720
1 07241 0.6783 0.7004 0.7028 0.6823 0.6924 0.7489 0.7488 0.7488
WHU ) i i ) ) p i i i i

Table 9: Results of Test B in closed modality

that team SUDA has scored a 0.8416 in MRP, which literally outperforms the SOTA at CoNLL 2020 by
3.64 percentage points>.

In nutshell, results vary according to different modalities, metrics and test sets. Parsing performance
on open modality inevitably exceeds that of on closed modality:

Fl open > Fl closed

And three test sets, with distinct language flavor and characteristics, are too revealing a degree of
complexity. Test C comprising of all short simple sentences is the easiest, without a shadow of doubt:

FltestC > FltestB > FltestA

Lastly, the variability in scores arises when there is a change in the chosen metrics. Counter-intuitive
as it may appear, Align-smatch is not the metric with lowest scores:

Flmrp > Flalign—smatch > Flsmatch

We are to further discuss more technical details in the subsections below.

5.3 Models and Analysis

Given the significant advancements in natural language processing and the increased recognition of the
potential of large language models (LLMs), participants at CAMRP 2023 have been influenced by the
success of models such as ChatGPT (Ouyang et al., 2022). These models have demonstrated their ef-
fectiveness in various tasks, showcasing their ability to generate human-like responses and comprehend

3The test set used at CONLL 2020 is exactly the same with the Test A at CAMRP 2023.
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Team  Run Align-smatch Smatch MRP

P R P P R I P R I
BUPT 1 0.8096 0.7862 0.7977 0.7925 0.7980 0.7952 0.8354 0.8386 0.8370
2 0.8060 0.7777 0.7916 0.7780 0.7562 0.7669 0.8300 0.8072 0.8185
GDUEE ; 0.8-238 0.7_308 0.7_745 0.8?48 0.7_161 0.7_578 0.85189 0.7_653 0.8?49
SUDA 1 0.8331 0.7951 0.8137 0.8265 0.7870 0.8063 0.8652 0.8282 0.8463
2 08111 0.8050 0.8081 0.8126 0.8102 0.8114 0.8563 0.8445 0.8504
1 0.8098 0.7635 0.7859 0.7798 0.7548 0.7671 0.8313 0.8069 0.8189

WHU ) i i i i i ) i ) i

Table 10: Results of Test C in closed modality

Team Run Align-smatch Smatch MRP
P R I P R I3 P R Py
GDUFE ; 0.7_553 0.7_560 0.7_556 0.7_333 0.75103 0.7_368 0.7?32 0.7_944 0.7?87
SITU 1 04741 04645 0.4692 0.6173 0.6094 0.6133 0.5131 0.5022 0.5076
2 i i i - , , - - -
SUDA 1 0.8081 0.8174 0.8128 0.7960 0.8060 0.8010 0.8375 0.8456 0.8415
2 0.8082 0.8179 0.8130 0.7955 0.8054 0.8004 0.8376 0.8457 0.8416
Westlake- 1 0.7440 0.7024 0.7226 0.7300 0.6936 0.7114 0.7816 0.7322 0.7561
NLP 2 - - - - - - - - -

Table 11: Results of Test A in open modality

complex language patterns. Some choose to utilize the great power of LLMs, while some refer to prior
parsing systems which have proven to come in handy still. Five out of six teams have completed their
technical report, and we are to analyse their pros and cons.

BUPT and GDUFE, following the same path, both have reproduced the SOTA system of SUDA-
HUAWETI* in last year’s CAMRP 2022, which uses RoBERTa-BiLSTM as encoder and a Biaffine clas-
sifier as decoder. Both results and performance have been promising, achieving decent scores of 0.7728
and 0.7663 in closed Test A, respectively. Similiarly, WHU reproduced the CAMR parsing model of
PKU (Chen et al., 2022), which has won the second prize last year at CAMRP 2022. And yet for some
reasons, WHU failed to implement relation alignment while parsing, leading to the decrease of their final
score.

SJTU and WestlakeNLP choose to explore novel approaches with LLMs. SJITU follows two primary
ideas including (1) Predict and infer with ChatGPT in zero-shot and few-shot, (2) Fine-tune ChatGLM-
6B (Du et al., 2021) with LoRA (Hu et al., 2021). In the stage of zero-shot and few-shot modeling,
they tend to some certain prompt engineering after pre-processing so as to convert Chinese AMR parsing
into Seq2Seq task. The outcome, however, was not promising. It appears that when faced with complex
prediction tasks such as Chinese AMR parsing, the performance of ChatGPT in zero-shot and few-shot
scenarios did not meet the expectations. So is fine-tuning ChatGLM-6B, even though SJTU has tries
different strategies, the best record is 0.6052 in open Test C.

WestlakeNLP shared the same inspiration with SJTU, fine-tuning LL.Ms. Instead of relying on Chat-
GPT, they choose to utilize baichuan-7B> for the complex task of Chinese AMR parsing. This model is
renowned for its large size and impressive performance compared to alternative models. WestlakeNLP
follows the step of pre-propcessing and prompt engineering as well. They also add post-propocessing

*https://github.com/zsLin177/camr
Shttps://github.com/baichuan-inc/baichuan-7B
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Team Run Align-smatch Smatch MRP
P R " P R 13 P R Fy
GDUFE ; 0.6_971 0.6_733 0.6_850 0.6?82 0.6_778 0.6_830 0.7_394 0.7_306 0.7_350
SITU 1 04644 04568 0.4606 0.6037 0.6001 0.6019 0.5137 0.5099 0.5118
2 - - - - - - - - -
SUDA 1 07433 0.7485 0.7459 0.7505 0.7635 0.7570 0.7899 0.7963 0.7931
2 0.7439 0.7503 0.7471 0.7521 0.7669 0.7595 0.7916 0.7975 0.7945
Westlake- 1 07042 0.6863 0.6952 0.7021 0.6930 0.6975 0.7501 0.7301 0.7400
NLP 2 - - - - - - - - -

Table 12: Results of Test B in open modality

Team Run Align-smatch Smatch MRP
P R I3 P R I3 P R P
GDUFE ; 0.7_73 0.7_814 0.7_772 0.7_521 0.7_691 0.7_605 0.8?20 0.8_181 0.8_100
SITU 1 0.6282 0.5839 0.6052 0.7262 0.6840 0.7045 0.6697 0.6228 0.6454
2 _ i i - ; , , ; -
SUDA 1 0.8206 0.8212 0.8209 0.8164 0.8195 0.8179 0.8575 0.8566 0.8571
2 0.8211 0.8213 0.8212 0.8163 0.8186 0.8175 0.8576 0.8563 0.8569
Westlake- 1 08273 0.8249 0.8261 0.8143 0.8118 0.8130 0.8561 0.8549 0.8555
NLP 2 - - - - - - - - -

Table 13: Results of Test C in open modality

in order to better complement any missing information like parenthesis and nodes. The highest score of
WestlakeNLP is 0.8261 in open Test C.

SUDAS has taken the unique features in Chinese AMR parsing, information of alignment and co-
reference, for example, into consideration, therefore they use multiple auto-regressive and non auot-
regressive models and fuses their outputs based on graph ensemble method. In open modality, their
whole parsing system is on the base of BART model (Lewis et al., 2019), and fuse dependency results
and POS (Part-of-Speech) information layered with a BILSTM. RoBERTa is the only pre-trained model
allowed in closed modality, so they inherit their prior work, finally reaching a 0.8000 in closed Test A.

5.4 Fine-grained Metrics

In order to better explore the potential of each parsing systems and further promote the development of
Chinese AMR parsing, we therefore set several fine-grained metrics. On the base of prior work (Damonte
et al., 2016), CAMRP 2023 proposes 8 fine-grained metrics for Chinese AMR parsing, including CA
(Concept Alignment) and RA (Relation Alignment), and Interr. (Interrogation) especially for Test C
this year.

Table 14 is provided with detailed explanations. Neg. computes on semantic roles with :polarity, and
Con. focuses on concepts identification only. NSF makes Propbank frame identification without sense,
ie, want-01 / want-00. Reent. focuses on reentrant arcs or edges. The rest four are specially designed
for Chinese AMR parsing. Imp. denotes those concept nodes usually ending with Entity or Quantity,
for these concepts are newly asbtracted and generated, not original from the source sentence, namely
implicit. CA and RA are for the precision of concept alignment tuples and relation alignment tuples.
Interr. is proposed this year at CAMRP 2023, mainly computing on the amr-unknown concepts so as
to further explore the parsing systems’ ability and potential of finding interrogative focus and multiple

Shttps://github.com/EganGu/camr-seq2seq
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interrogations in one single sentence.

Fine-grained metric Evaluation object

Neg. Negations :polarity roles

Con. Concepts Concept indentification only

NSF  Non Sense Frames | Propbank frame identification without sense
Reent. Reentrancies Reentrant arcs only

Imp. Implicit Concepts with suffix such as Entity, Quantity

CA  Concept Alignment Concept alignment tuples

RA  Relation Alignment Relation alignment tuples
Interr. Interrogations amr-unknown concepts

Table 14: Eight fine-grained metrics

W Neg. Con. NSF Imp. Reent. CA  RA
Team
closed
BUPT 0.7219 0.8507 0.8671 0.8264 0.5060 0.9036 0.4669
GDUFE 0.7187 0.8425 0.8602 0.8196 0.4994 0.8738 0.4910
SUDA 0.7640 0.8627 0.8800 0.8347 0.5865 0.8957 0.5651
WHU 0.6416 0.8397 0.8608 0.8041 0.5063 0.9035 -
open
GDUFE 0.6825 0.8431 0.8638 0.8052 0.4695 0.8786 0.4736
SJITU 0.5719 0.7615 0.7892 0.7142 0.4165 0.3000 0.3265
SUDA 0.7537 0.8695 0.8759 0.8381 0.6404 0.9079 0.5515
WestlakeNLP | 0.6800 0.8149 0.8168 0.7852 0.5029 0.8348 0.4678

Table 15: Fine-grained metrics and subscores in Test A

Table 15-17 shows participants’ performance in each track, including two modalities and three test
sets. Fine-grained metric Interr. is only set active when scoring in Test C (for interrogative sentences
only).

Generally, subscores in metrics like NSF or Con. are apparently higher than the rest. Neg. shifts its
difficulty according to different test set. And nearly all subscores in Reent. failed to reach 0.6, indicating
that the complexity of AMR or CAMR topology structure and the exceptionally challenging nature of
the parsing task. It is evident that the utilization of concept alignment annotation in Chinese AMR has
had a noticeable impact, leading to higher subscores in metrics related to concepts, CA, for example, are
to break 0.9 almost. RA, however, still remains the lowest results among all (same at CAMRP 2022).

Noticeably, SUDA has achieved the highest subscore in the Reent., thanks to their special pre/post-
process of co-reference in Chinese AMR. Their unique treatment of co-reference resolution has allowed
for more accurate identification and representation of reentrancies within the AMR graphs. SJITU with
modeling via ChatGPT and ChatGLM-6B, yet ends up with around 0.3 in both fine-grained metrics CA
and RA. It is reasonable to argue that when it comes to the task of structural prediction and inference,
relying solely on LLMs may not be sufficient.

6 Conclusion and Future Work

This paper introduced the overview of the Third Chinese Abstract Meaning Representation Parsing Eval-
uation in CCL 2023. CAMRP 2023 uses the novel metric Align-smatch to better evaluate the parsing
performance of each participating parsing system. There have been six teams in total submitted their
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W Neg. Con. NSF Imp. Reent. CA  RA
Team
closed
BUPT 0.5784 0.7880 0.8003 0.7098 0.5366 0.8460 0.4125
GDUFE 0.5562 0.7622 0.7699 0.6521 0.4609 0.7894 0.4138
SUDA 0.6002 0.7999 0.8161 0.7154 0.5734 0.8351 0.5031
WHU 04863 07752 0.7781 0.7018 0.5288 0.8455 -
open
GDUFE 05309 0.7799 0.7892 0.6508 0.4728 0.8164 0.4120
SITU 04771 07261 0.7408 05703 0.4531 03131 03174
SUDA 0.6285 0.8116 0.8071 0.7393 0.6334 0.8447 0.5025
WestlakeNLP | 0.5538  0.7831 0.7775 0.6696 0.5612 0.7967 0.4516

Table 16: Fine-grained metrics and subscores in Test B

W Neg. Con. NSF Imp. Reent. CA RA  Interr.
Team
closed
BUPT 0.6364 0.8414 0.8284 0.7004 0.4719 0.8551 0.4904 0.9242
GDUFE 0.6116 0.8173 0.8039 0.6517 0.4019 0.8098 0.4564 0.8839
SUDA 0.6621 0.8479 0.8361 0.6959 0.5165 0.8391 0.5023 0.9379
WHU 0.6230 0.8181 0.8153 0.7054 0.4604 0.8556 - 0.9127
open
GDUFE 0.6054 0.8352 0.8183 0.6651 0.3616 0.8428 0.4578 0.8775
SITU 0.5156 0.7873 0.8159 0.5922 0.4054 0.4620 0.3609 0.5833
SUDA 0.6481 0.8493 0.8256 0.7347 0.5637 0.8321 0.4614 0.9562
WestlakeNLP | 0.6402 0.8589 0.8399 0.7265 0.5588 0.8405 0.4680 0.9527

Table 17: Fine-grained metrics and subscores in Test C

results, which are inspiring and motivating. Some has advanced prior works and found creative orienta-
tion. Some has probed into LLMs thoroughly. In MRP metric, SUDA has scored a 0.8416, surpassing
the best record at CoNLL 2020 by 3.64 percentage points. Semantic parsing for interrogative focus in
Chinese seems fairly promising. Significant achievements and continuous progress have been made in
Chinese AMR parsing, accompanied by notable advancements and innovative approaches. However, it
is important to acknowledge that relation prediction and its alignment continue to pose challenges, acting
as bottlenecks in the development of Chinese AMR parsing. Despite the remarkable breakthroughs in
various aspects of Chinese AMR parsing, accurately predicting and aligning relations remains a criti-
cal area that requires further improvement. The complex nature of relation identification and alignment
within AMR structures demands focused attention and innovative techniques.

In our future endeavors, we are committed to dedicating extensive efforts to advance Chinese AMR
parsing. This includes hosting evaluation tasks to facilitate the assessment and benchmarking of parsing
models. Additionally, we aim to construct and refine parsing models that are specifically tailored to the
intricacies of Chinese AMR, ultimately driving forward the field of semantic analysis. By focusing on
relation prediction and alignment, we aim to overcome the current challenges and enhance the overall
performance and understanding of Chinese AMR parsing. Through continuous research, collaboration,
and innovation, we aspire to contribute to the development of robust and accurate parsing models, push-
ing the boundaries of semantic analysis further.
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System Report for CCL23-Eval Task3: SUDA CFSP System

Yahui Liu, Zhenghua Li, Min Zhang
School of Computer Science and Technology, Soochow University, Suzhou, China
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{zh1i13,minzhang}@suda.edu.cn

Abstract

This paper introduces the model we submitted in the shared task of Chinese Frame
Semantic Parsing (CFSP) at the Twenty-second China National Conference on Com-
putational Linguistics. Frame Semantic Parsing (FSP) is an important task in Natural
language Processing, aiming to extract the frame semantic structure from the sentence.
This work uses end-to-end frameworks to parse the three sub-tasks of CFSP (Frame
Identification, Argument Identification, and Role Identification), and employs Data
Augmentation and Voting Technique to further improve the accuracy of prediction. In
the end, we achieved second place in the testA set and third place in the testB set.

Keywords: Chinese Frame Semantic Parsing , Data Enhancement , Voting
Technique, End-to-End

1 EEZINE

PUBHEZRIE X fEAT (Chinese Frame Semantic Parsing, CFSP) &—FELZ K& L EITE
55 (Rffet al., 2022), HFAPGENEZEM (Chinese FrameNet, CFN) (You and Liu, 2005) 5 J&E{E

©2023 PEVHEEZT ¥R

IR#E (Creative Commons Attribution 4.0 International License) ¥FA] n':l:'xﬁ)f(
TiE®%B: ERERBEES (62176173) - [LAEKE TR TRERTBIH

B TR E TR E AW R, SReATI-SR93TT, MUK, P, 2023F8H3HESH.
(c) 2023 FEFERESTTHIBES Y
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HEZRRESL: | R R EEHSE . R FSERENRR -
LAE BRFRASXANHANEE N LE

SRl S5k BESER KRR EL K

Sik2 5REIEESER KRR ELE

M AW RERRRERAA
TEEH PR Fo TR VT A LAl B B PR FOFEZR ST R R TG SURR 7,
AR BREAIREN (ARFTRE, RME, MRbH) | HEiEE (ZE,
KEH) , MSEAEIRE— 8L (FERHH)

A SRR R B SR K AR BRI

Table 1: POEHESRTE SUM A KT 4% 0«55 [ HIMEZR R {51

N, BTEIRA AT P 4E € B AR BTl R BIHESR S EON B FOREZR T R (EREEet al., 2022) -
ZAESS 5 1338 # (Guo et al., 2020b; Guo et al., 2020a) ~ XAHE (Guan et al., 2021) « &
B{(Zhao et al., 2020)55 FiFEFSBEAIEFEEZRE L.

CFN#& | Ll 7§ K 2% DUCharles J. Fillmore$g Hi FJREZE1E X 2% (Frame Semantics) 5 ¥
WA, LA3E S FrameNet(Fillmore et al., 2003)4% B, PR B E 5K 3Bk 0 (K38 14 22
A . CENZ—FEEMMARERR R, BB TRICMB S Z MAEREXR . BMEREE TS
Fr EMLSHHRIE B R - RIBH T CPNR & SR AHESR, ZHEZERIA BN 1> 58
WEAEMSE - MHE - FSEREMRR, NREAFETTAE S8~ “h7 & O R AIE TR
SANER EARA) o HEZRAPAIREZR TR A TR A7 SHEZRM R 1015 LE B - ARIBIHEZRTT
FEWRT AR E L, Lkl #on5 LR BEER KRR, A RREIEZ AIER
S5 [m] K ZR HOHN ] -

AR R OB RETRE SUBAT 43 0 =TS HEZRIRS] ~ e e BR BIAIE 7T /A (81
B o HEZRIRBIESS B NRIE B ARATEA) 7 F A& SCNPTEREZR A 2 B RIAYHESR - FEZR T
ZWW AT, FEATFHIRTTARER — DA, AR — "B, WL ERAEIEEA T
PR HAEZR TR AL E . HEEIRITTRI S - MieTo A iR AN iR B HAHESR TR 7
FCHERAHESR TR AR (U AE LA BERE) - WIImERAIFIS T A ERAN M ES &
RRIR B TCIRBIESS - LB (a) ], FERIT&IOL & RiEW £ #8587 B 28 Z
— i, g HARA R, 1% B VRN N AHEZR IR 1P B “SE [ o« EAF WA SHESRME R
FREZRITZ, BBl A RETIEEIMEE E S Z—, BB R T8 A EFRE «SE
R A sk 27

FEARRFUAESS H, AFHRESGRANES, FATE% Zhou et al. (2022)7VE, RFE LHEZR
AT — DT R 55, TR S i A HEZE foRs H AR R FREZR RIS R T & — i 1R 5
R, HIEMREREESMEE, A B SI8ITZ B BERIRG - (HIZERT
WICIRBIMES MR E BB, BA1E% Zhang et al. (2021)FI77 45, 8 IS TC A B
EREER, RFEET i BUAIR TCIR A S5 o — IR AT A 55 SR B SRR 8 TT V. B AR 7T 1 £
FIREST « BATHRIS L A #Ehttps: //github. com/yahui19960717/CFN-FINETUNE. git -

2 MXIE

PEAE 45 SemEval2007 Task-19(Baker et al., 2007) 1 K H T HELLTE LM THEUESS, &
& BARERA] - HEZEIRA] ~ R TTIRAISEESS - B Al O A MIEZRE SUBIT RS nT DL Aami s &
THHE LA B T2 A A7

STHEZNRAES, FIAFTRA RS RINES > 7, AN TH@RHE, {3 &R (257
Htet al., 2011; Z=E Eet al., 2013) ~ 3FF[a] &1 (Johansson and Nugues, 2007) %A #HTHEZR
AR5 X TIRTTIRANES, FEAHSRA A TH@EARHE, 8/ S 4RETLI AL (25 et al.,
2010)F e RIERAL(EFEFAK, 2010)REHILTTHIRA] - FBoh, BEEet al. (2016)FHE8h25]

B R E T S AR, 845030, MR, JiE, 20234E8H3HE5H .
(c) 2023 FEFLGFGEESUHIESYLTWERS
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Figure 1: PUBNEZEIE SN~

TR TTRNRRIEE ] - (B EGTENETEEEHER TR 2 ), BRHER AR -

BEERE S IME R, L TVER A MG THESE SURNT - SFTFESRIRGIES, #4
4T 3Heet al. (2016)F2E H{F FHDNNZEFG 24 >] HFRIA ) - B SCRHEHTHEZRAIRA]; 5K 7) et al.
(2017)FE A FCRAEAEA |, 32 5T B B A TR (LU RERE 17 CFN _E FIHEZE IR Su et
al. (2021)3d 5 T FHHEZR & R AN E SORFE BIIEZR RSN - {H LA TAEERASZ | T B bRid e =
For, NTAFBEIIES], You et al. (2022)FTGONA IHLHIF] FH A)7E(E B BIAEZL AR
Ao STFIRTCIRANESS, Z5ritet al. (2010) HBIOKIE B CFNEALIA Z H LM FIFRE, K
FA 46 - BEN LA RO SEIE TE AR S - fESHESEE W ESHMUEIE LA EREES L,
SERF 5 22 i0R 2 T B RO A\ BS is B)5 AE A (Tan et al., 2018; Ouchi et al., 2018) « FRiFet
al. (2022)7EMLEER E, 5] Aself-attention L K3 A CFN _FiR TTiR A ATHERE -

ZERIMERTESERGEEANA SRR, RUELESRLES FZhou et al. (2022)F177
%, E— DB AR SS FREZR T R AESE — RS IR A Hi ok, H7ERRID AR 3R] B B ARiR FIAE
ZRITE 2 B H R ARG BIEZR ARG « XTIRTCIHBNES . Z BRI TAEEE % et i B
ERLERS o FEVE LA EFRE (Semantic Role Labeling, SRL) 11451, Zhang et al. (2021) Z/R%f
WA Bt AT AT R T TC IR BIROPERE - SRLAESTIELEVE BT RS AEHARLL, BT
FEX A7 HE AE BRI ARRE « A SCE % Zhang et al. (2021)A0757%, BT B TTH B
FIPRER 2 2R A5 BIREZRE ST B Teie BB ARSI A R B R SS -

3 HENE

XS —EZRIRRIAESS , AR FBESH EIR /R R BT v B i SUHEZR I pT i 462
FEE TR O R ATAE S5 - BESRE — PR /) THR L — D RS USRS ARIMC A 7 AYI8
Teo MIRITCHEZ MAR, BRI B, ERRISICH BRI, MR Toh BT )
FHSHATHRC -« £ T Zhou et al. (2022), 7R I HE R L A) 7 7 B ARIAXS B AOHEZR A8
TUAE—IRA, TEMRDIN Z R L AR R, FIH BARARIRTTE B R B HAEZR AR A -
BHME, MEE— AT RHRREIN—1“Root” kT A, RERHS G)F 1 HIRAMEE,
FZhou et al. (2022)R[F, ZAICIHFZhou et al. (2022)H B FRiA S “Root” Z [A AT FRZ “PRD” 4
AT S (R, BiRd—BEEfia) . AT RRARRESR . 3T BiRafe T [
MIFREE, WRIBTCR A, WA St MEIRTHEEZ MAHER, B2 FF HIRE SRS
IO B IR RIS FOAME R, 9 B “B-r? R B-r /B AR, HAp v £oR B FRAHEL
ZIRBURIRRIITOARE, WEL(b)FT7R - BEAN SRR TN EMALH), FrE e Il
FEVEE RGO, B0 R S TEAREAL T “B-r" 8B, IR AR 348 F — 4> 32 FR A

BT E TSRS AR IR, HBATC 3N, e /R,
2 :

E, 20234E8H3H%ESH.
(c) 2023 A EFfF B ES T Al

86



HEESY

Qi
MFVI layers |
etV
s(i, ) s«(i,k, ) s(h — m) s(h — s,m)
1 } 1 I
Biaffine Triaffines Biaffine Triaffines
r?/\r}”r?'(“‘iwri"" r?/\r?r?(“i\r}”\
MLP" | MLP™ | MLP" || MLPY | MLP™ MLP" | MLP MLP MLP® || MLP™ ||
””” b1 T b R T
PLM PLM
1 T
X Xk X X; Xk X
(a) HEZLRAIESS AT (b) WITTLEFIE LA BIRFIES

ipr kel

Figure 2: 1HAYHEZR

YRR LU R BRI RN - T VAR BAR SRR 2% Zhou et al. (2022) -

W1 (a), AIFH BFRIARISICATRER AN, WATREH 2 MAAEA, B EEIL TT N
LEM P REXTRESEMBENT B HE B o EIRHRITIRAI RS ZAMES = GRITEBEIR A RIS IC A iR B
£55) , 1% Zhang et al. (2021), AICKFET F BAUHESEE SURRATH ML B — DI IR AT A1 55
AR PR TE BN 4540 - BRI S, R F RN — 1 “Root” ki, KHE5H]F
) EAMAMEE, HHPRDENEAN RO - XT8N RIS T B 5 BLiE LA RS,
ST ZMARSTE, FETERBERLITFIER BVRAfER, BIFI2EHie T BT E rTRER T
R H A Eisner B % (Eisner, 2000)3% H @155 0975, Fla0E1(c), B2 5k B 4H A Y
P B T MBEF R IR BN RSG5 B, CFZeTe i BriE U bR 5 BL 2 B FriA
MFHAIRSL <z — Z | pph b, &ER B E RSRRANSTTRTER, IR B iniaf
A3k Z [ RIRR SRR T A B IFRAS

4 PR

AT E T X IRPEN BT p R 50« BART S, FATE % Zhou et al. (2022), FIH
MEZE T E 5 HbRiA 2 18] 30 - 35 B B AR A AEZR IR FIMESS - AT BMRAREN T, A
%7Zhang et al. (2021)FI 5V, TTHRAFMESRET], EHETN AP TTEBEM AR - XA
TERVER > NGRS as FIE R 3R 4, ENTRRIEEs AR, (IR -
4.1 YmiEss

WERATR, i ey b2 I R R BERT (Devlin et al., 2018)4mi3ii AN A)F . 4HE—
MIFx = xo,21,. .., Tn, N TE =z, FHABERTHSG M2 AU FIE R & &
Ah;:

ho,hl,...,hn:BERT(IE(),.’El,...,SUn) (1)

4.2 VESRER

4.2.1 HEZEHFMES

AW - WNTFE—Fbi - j, BEFETE M0 ogity;, X MED 2 H—MED M
B mE S . A2 2 BN (Multilayer Perceptron, MLP) 4330355 M AERN H
Wi R R e PR E BRI A R oRe™, SRJ5 {# F— 1 Biaffine/Z (Cai et al., 2018)K K15 — 15

©2023 FEVTHEIET¥AE
RE (Creative Commons Attribution 4.0 International License) ¥FA] AR

BT P ETEES S RSWSE, B84TI-HI3TL, MUK,
= \

i E, 20234E8H3H%ESH.
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o HAwW ¢ R(d+1)xd

rl: r® = MLP" (h;) ; MLP™ (h,)
(2)

m
I']

s(i,j) = [ 1 ]Twr?

ST RSy, RS S H = AMLPs B RSN EE R LT Sl RET e
VT B! RN o O35 (€ - TriAffine(Zhang et al., 2020))35{639'51??1‘5@ W?@m 115 4) /\
Bl2/s, (i, k, 7) SR T ZMp9i5E5, EH s« € {sib, cop, grd}.

et e p8 = MLPY/™"/8 () (3)
sib(i, j, k) = THAFF g (e}, e ") (4)
Seop(is J, k) = THAFF o (r ?”,r;n",rg”) (5)
sgra(i, j, k) = THAFF g q(cl, r™" r¥) (6)

i Je 1 F 1293728 53 T (Mean Field Variational Inference, MEVI)#—15 4 logltT g1 -
i3 QL HTEE S

<

Mf;l = Z lezlssib(@j? k)
ki,
Qk] Scop('l jvk)
. k Q
+Q]k Sgrd(lvjv )
logitf; = s(i, j) + M '
;?j = U(logitfj)
Her, ¢ e 1,T] ZEUHKREL My BEB MBS FEZER, ¥IREQ)ZEE L
B Sigmoid BREI N FH T (4, ) BRIV R - T GERE RAB 2 TINE \logitg; %Mﬁ}f%@f o

PRET - AT —B SRRl R T P BN IMLPs I — 4 Biaffines AR5 -

r e = MLPY (h;); MLP™ ()
rm/ T rh/
. - | j label i
s(i,7,0) { 1 ] W; [ 1 } (8)

exp (s(i, j, £))
> e exp(s(i,j,0))
Hrb s(i, 5, 0) 203, ) BIFRERS, p(li,j) REFTERZ 5 Hsoftmax K15 AR -

WEREPR - BRSOk BIARPRZERI T - 455 A7 X AR IEFMANEG, CRRXIEE
A, iﬂ%ﬂh‘ﬂ’ﬁm%ﬁ%ﬂﬂ?
—Zlog@% - Zlog(l

p(f]i,j) =

(4,7)€G (i,7)eC\G
N (9)
== logp(lli, )
(3,5)€G

He gRBERSE, C\GERPERNMES, (FREFBMIRE - BRI X
PER A BIIIA Z A, BN = 0.06:

L(6) = AL(8) + (1 — \)Le(9) (10)
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4.2.2 wILVBERFIFRITTHA EIRFMES

WH - ZER AT A E T ZE R - R — A R D B ZE Ry A R
HEF P IRR 2 0L, 3T B ZEm HR R Sk 7 S BT S5 h — m, B MLPsHl—
M Biaffine ZHATHE 155, FIAF2ELL . SREFH = PMLPsITEE MAERNL - KEM L
HHER, REH— P TriAfineEi1E N TR AV1E4

el — MLph/m/s ()
. (11)
s(h — s, m) = TriAFF (rh, ro, ri)
HrfsFlm EhEIIRE, sTEmAIhZ I
—M I E RS Z e, AR DURTS B B My 1G4, it — 4 BRI R ) Tree
CRFEEITEERME, EfZ(x) 23— 1LT:

s(oy) =Y _ sth—om)+ D s(h—sm)
h—m h—s,m (12)
Py | z) = exp (s(z,y))

Z(@) = % ey () ¥ (5@, ¥)

PRETI  - BAELEE ARSI MLPsHIZ 1 Biaffines RAKAF TR b — mZ AR ER S, &
AmmmﬁfWNMﬁKMTﬁﬁ

™ = MLPY (h;); MLP™ (h;)
T rh/
(Z ],E) |: :| Wlabel |: i :|

Pl|xz,y) = H Pl |x,h — m)

}—twg

(13)

WEEHIR - KA HEIRE IR AN B IRy FIEAR 5L 2 AR
P(t|z)=Py|z) P(l|zy) (14)
NIRRT, Bl TR ED BV R em e Bir, iTREWT:
L=-) logP(T,| x) (15)

p

HAP(T, | x) ATARAELT:

P(T, | x) = ZPy\:I: Pl |x,vy)
teT, P

ZeXp s(z,y)) - P(L| z,y)

t€7¥ exp(s(@,t))

(16)

4.3 BIEHRABELA

IR G R — PRAENLER 22 ST FIVR B 2 3] P 2 08 A B BOR, B 70 8 1k 3 JR IR I SR 3k 47
— RIFEHL AR BB R R KR i) Z AR I FI SR (Feng et al., 2021) » ZARUIENA, T Tdd
MCoNLLO09(Haji¢ et al., 2009)&HE5HE I —E EREIE, N5 FHIIZRT AT, R
TG AR FEENNGREIRE, SRR Z MR E, DO RE S Bz (L e
01, R RERE

FENL &8 2% SR 2 )RR EBORE H TR E MER AT 45 R (Gandhi and
Pandey, 2015), HfgEBARIERERIMERER A SCE S (8 H AR TG 2 MR A FINESE & -
TEfE AR BRI B, ARIE ZECERIE RTINS 5L, AR Sy A R

B T ?ﬁk%

W, &, 2023$8H3E|%5El
(c) 2023 FEFL E% Al

89



HEESY

#sent Train Dev TestA TestB Frame

CFN 10000 2000 4000 4000 695

Table 2: CFNEUIESIT

5 SEES
5.1 SLRRE

BRMEMEIR R R, AR T E ARG EMBIEE NGRS, Ao, &
M CoNLLO9H BENLIME S5 iII8R AN A /100001 A)F ~ 2000071 A)F F FEU IR 34 .

PR A B g 28 A0 5 FH T bert-chinese-based™ , fEMEZRIRFIMES T, ELYIZR60%
B> B 5e-5, 2 0=0.06 - WITIHANESS T IISEA] LA B (Zhang et al., 2021) -

5.2 VTSR
RRVE A = 5 SRR PEFE bR, HEZRIRAESS R A IEFRACC, 18I0 RIS
TCAERIMESRAERERP . BEIERMFUE, iTEARWT:

e Eﬁﬁugg@ﬁ\%& a7
P W (18)
A B
F1::2;iT;§ (20)

Hrh, goldfipred s AR RESLGERMIMLE R, ST IRITTTEEIRANES, Count(x)RREER
Fitoken®l, X TIRTCA TIRBIES Count () ZRITEE G TR IR -

5.3 EISE R

T SHFNER L, RIRFIH T ARIKIENES FHE AL ES, SREEE/NEUE G
fr, VAR EESTRBMRES - s LUES|, AU TTIELE RS 29 5 BUS 5
TS =S o FETestAF, FISE—ZNAHZE. TSR 5L, task3FIGE R ERET 75 —4,
{HTask2 EHIA EIR KK . fETestBH, FIE _ZH, 98K T 1.5, HEHFENLH5EE
H2.7.

FABoR T NE T EETest B ISR - ZFRHH A “EMA fORAY R LR B 77 fe it
FIEERE TSR, Hop GRS T 2 185 8 SUNEZE AT B 6 Al 2 98] 1 B AT A1 55 1
B A UEHEERTTIRANES EREBE S EETRER P RIK . MR- ot T h
B NEREE M Ay ] DL B E Rl DR AR AE R T IR A EAIPERE o A R R A <2
AR AT A HE SRR BT S5 “EE AR B - R AT FF IR TOIR AT S I LE R o 7E “FERBIR A4
AL, BAVER T8 EMEIEIEE 7 ORI AT RE -

CHELR R R B3 B AR E T = A AN E R F(seed=1, 33, 777)IK1E MR A o5 B 1T
EERN, TUEHESEA T25, VAR ERESEAERENREAER . R
3H-100007 & $5 K CoNLLO9%Y #i& = B A1 #h BX A100004% £ #8 8 F iR Fm 2 5, B¢
BN SGRE T EIE G R 0 77 1% - BAVERR IR A A KB R, & i Task2M Task3 1 45
SRR bb B A 8 T 04 BLAE o <SR 1S 98-200007 11 2 1 I CoNLL09H200001™ A] - # 17 £ 48 34
3, b HUF 100007 ) F /O 4 E0050.52 0 1 BF BHE B 5 ) RO AU AL E R O .
B 14 58-20000-3" 52 T8 7ECoNLLO9HI200005% £ #& 7 17 £ ¥R ¥ sm iy B b, S AN F i Fh 7

“Thttps://huggingface.co/bert-base-chinese

oA TR E R AR OUR, ’%84?—%93%, e IR 5
A S

3 [, 202348 3H%5H.
(c) 2023 HFE s C{E H Ao ,
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Team Taskl Task2 Task3 PN

ACC P R F1 P R F1
TestA
SCU 73.05 89.62 86.82 88.20 60.68 61.24 60.96 72.76
SUDA 72.50 88.72 83.74 86.16 68.60 54.97 61.03 72.01
BLCU 72.90 90.09 86.61 88.31 58.77 58.98 58.88 71.91

HIT 70.05 89.41 87.67 88.53 57.47 5840 57.93 70.75
UIR-ISC 69.70 90.20 87.90 89.04 56.61 57.07 56.84 70.36
TestB

SCU 73.87 90.83 82.88 86.68 59.58 57.41 58.47 T71.55
BLCU  72.34 90.37 84.28 87.22 5790 55.83 56.84 70.60
SUDA 70.42 89.44 82.08 85.60 64.14 49.57 55.92 69.18
HIT 64.36 90.22 84.89 87.47 52.37 52.28 52.36 66.48
UIR-ISC 65.14 90.41 85.60 87.94 51.31 50.39 50.85 66.26

Table 3: 7EMIXEATINIXEB £, SFMNLHHI LA RED

TRIZ R Taskl (ACC) Task2 (F1) Task3 (F1) J=%a
AT AT 67.62 69.87 46.95 60.11
FERRRET T T - 83.54 51.66 -
FERHAEY 67.62 83.54 51.66 66.01
EMEAL R -3 69.78 84.07 55.83 68.58
FEHETE-10000 68.62 79.78 51.48 66.33
R 35-20000 68.51 84.66 52.24 66.85
FRAYHEEH-20000-3 69.15 84.49 54.47 67.88
[ERith 70.42 85.60 55.92 69.18

Table 4: AR FIAAENHEB LREER

(seed=1, 33, 777) REINMEAFHITHE, HEGRTEEMBERHENMRREE. &
F& B A 7 8 55-20000-3” AT 5200 45 J m — L8 P DL SO S i R TR R M A 5 R T
HITIRE, B 2R XEIUE, BATLZI, EHIEEMBERY (seed=1, 33) - “SUIEH
TE-10000” (seed=1) FA“EIE H 38200007 (seed=1) PUNEER F TR E R4S R IT, 1T
55 27F “EUHE 1 35-20000”  (seed=1, 777) FOKEERHEEIAL” (seed=1, 33) DU HEA EHITHE
M85 R o MAESS37E = MBI BT (seed=777) ~ “BUIBHETH-10000" (seed=T777)
1 EPEIETE-20000" (seed=777) FHATH EAILE R T, B BERIHE R 5% 247 FO45 R o VAT
T, BURE IR AR T AN AR RO TN R RE AR E B B, AR I T VA RIS B AR K

6 45iE

FEAIRCFSP2023 LSS 7, FTTHE T A BepiE SCHESR AT e il — > 2= TR A0 [ i
Britss, EmumtESR T T IRB 67 4 B AR R RHEZR, R AS BRI B PRI A1 R 18
TUZIAI )R A A B B PRiA AHESR AR ESS - wie niRAIESS, BATHRET A B HESRIE S
Brie g pl W BT (£55, BEILICNERAILEHY, LUE I RBR TR 5 - FAMER T HdEsg
SRABCEE AR AR P RE - BRABUSARESE — 4, BEE =4S -

EERANOEITIRERKHIANE, FIAESS 2004 BIR 5 HAMRAE R - AN
SRR B AR DU SR B 7 AT R, R8T URFT A FRRR A5, SRR BRI ATER
o, BIRRZESEIER, ARSI S E &, LDUEFH SRR BT - = MESSH
T -
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CCL23-Eval fE553R 5k : T ek sVl B Gl L8 0 RAEDOE
REZRTE SUAEAT B Rz

D, FREERY, FTFEA, RE
(LU N AR B R AR, WA AT 610023)

W

PUEHEZRIE AT (Chinese Frame Semantic Parsing, CFSP) Z&H XX HRIE S 4 HH
AP — I E EAESS, B ERR NG T IRBUEIRTE A5, SCIRa) 7 i K E]
ME M EFERIRE R . A EEM R TESESRR e TAEIRG, BRIES
SE PR PR FH BT IEAERE SRR A AR Te A BLR B & K B bRiA 5 B R a) 7 Z R B
SRRXAUNBIRANERGE R, XA SRR T e R 2L & S i i 52 44 4y R
SFSEARZ AT BE R TR e #7038, HFAER M “CCL2023-Eval PUEHESRIE ET I
M b FE EARIGA - BEEE—Z RIS -

REE . HESRVESURRAT o SR E ekt EmiY

System Report for CCL23-Eval Task 3: Application of Entity
Classification Model Based on Rotary Position Embedding in
Chinese Frame Semantic Parsing

LI Zuoheng', GUO Xuanzhi', QIAO Dengjian!, WU Fan!
(1. JIU YUAN YIN HAI, Sichuan, Chengdu 610023, China)

Abstract

Chinese Frame Semantic Parsing is an important task in the Chinese Natural Language
Processing (NLP). The goal is to extract the frame semantic structure from sentences
and get deep understanding of the events or situations involved in sentences. This paper
mainly studies sub-tasks Frame Identification and Role Identification. The common
classification methods in NLP will lose the position information relationship between
the target word and the whole sentence as well as the internal information of the target
word in Frame Identification and Role Identification. In response to this, this paper
proposes Entity Classification Model Based on Rotary Position Embedding to calculate
attention between entities and then classify them. We achieved first place on the A and
B rankings in the ” CCL2023-Eval Chinese Framework Semantic Analysis Evaluation”
on Tianchi platform.

Keywords: Frame Semantic Parsing , Entity Classification , Rotary Position
Embedding

"https://tianchi.aliyun.com/competition/entrance /532083 /introduction
©2023 FETHEEF SRS
RHE (Creative Commons Attribution 4.0 International License) ¥FA] AR

b E U S AR, S4TSR 10401, WK, thlE, 202348 H3HE5H.,
(c) 2023 FEFLFEESUFIETHLNERS
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1 58

POBHESETE SR NTJ& — PP LIMEZEIE X 24 (Charles J. Fillmore, 1982) 3, - FPUEHE
ZER (Chinese FrameNet, CFN) (Xl FBE, 2008)f3E R /RFIFRE, i a) FHRBEZEE
N #E ) (Daniel Gildea et al., 2002), MTIEEE AT HRIRE S 50071 - HEZRTE LT
FE7E %] 3 fi# (Shaoru Guo et al., 2020; Shaoru Guo et al., 2020)~ SUAHH 2 (Yong Guan et
al., 2021; Yong Guan et al., 2021) ~ & RZIHE (Hongyan Zhao et al., 2020)% NF{ESHEE
BE . EHIE BT EAFIRREW T TR ARXBEIMMERSREANEEZRELS
B, B R a2 AE AR BE N M ESR it e2 57 o RTEZR T BT
RN B A E, RITRNE XIS NBEER BN A THERS 5, 1E
RN S S 5F0T, ELETR - FESRTE SR RERS R L ERR RS0 A1) 7 A%
DB, R BERES A (Natural Language Processing, NLP) 8 B —MiE LT AL -

RE St fig
xEbESE (B) AEEZRAL 2 B
KRS E B AEHEFELL BE

A 251 55
() tEmsts . W TCIE

Figure 1: CFN1.0Z3E R

POBEREZR M (FREIEE et al., 2007) & —MEIEDOE B SRR T BEAL A DOETE SLETR
., H DUFillmoredE H FIHESRIE S22 R Bl 2 BT 0 M K 2218 52 F) 53 42 B FrameNet (Charles
J. Fillmore et al., 1998) T.1& - POENEZEMHHAESRE « A FEMIATCEAR, N T BEIFHIEEAEX
TENEZRIE LT, NEEZENAMESRE; RER BR—SRUEMESEE B — 1 S LR
A, REFEARNRLREPEEESR; ERITE XA, HERREERKIE
N 25% . HEZRITE PN N BRTTHIR IR Te - SR MER FE HEZRFAEIR TR
BARTE VAR . RN S5 HESRHAT T R A -

AR S DUETEZRE ST 555 HEZEiR%] (Frame Identification) ~ 1RICILHE
A (Argument Identification) FIETCAEIRA] (Role Identification) . HEZRIHFI (£S5 EME
ZRE PR P R OMESs, BESRRIR S € 6]+ 9 BhRA R BT 0ES, AEIFH—PATL
BOEAIMEZE o« HEZEIR IR SS FT DA BT BRI H A) 7 T B SRR B AN TS SUHEZE T BE 47 4t
HfE AT RS S WITTEERRB E5S5R%A E — & DGER) 7 X BiRAE, 78 HVRA CARAG T,
WAEIFH BBhiRA H BARA TSRS LA BRAR - MESHFEEENERER FHEE
VR e (RIHEZETLR) EAFHAAE; winAaiRal (55 5EmmErFHhe e
TCX N HHEZE LR, RIE MR ITAE B ER T AE LA E - It A BIRAES Y T E BRE
SAHESZEHEEREEN, FIUNERRE - XAMBFIVLEEIFES . ©r LIS BV E T
HEREA) TR E S, TS R SR A RS R, TR B AT A B SO

2 MXIIE

MEZRTE SRR EZ 5 Z — & SemEval-2007 E Fr i UM 21 2 T FrameNet FE£HERE
Hi fY “frame semantic structure extraction”f£%5(Collin F Baker et al., 2007), BIHEZEE 4514
FHEUESS - C. A. Bejan% (Cosmin Adrian Bejan et al., 2007) %] FHSVMA G AR B AL SCEL T —4
B X EEMIHEUARYE; D. Das(Dipanjan Das et al., 2013)15 FH#EHE o R B IE S 7 iR .

"https://tianchi.aliyun.com /competition /entrance/532083/information
oA TR E R AR OUR, %94?—% 4T, MR, E, 20238 H3HESH.
= g A

(c) 2023 [E b SOfE B2 2 ik 4
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&
78 % 5 (Participation)
HENELESE5E . FRENHT, 242555 RSESLMA I,
F | BUBEBINSE5EENEENHALN. IRS5E 25 XHELEE
Y| B, BaESESEEY AEEIEE— M ERBR . R, GRHTE
KRB RERTE5%1
ST ﬁ@%ﬁ%ﬁﬁ%%%iﬁﬁﬁ%ﬁ%ﬁ%%gm
LA (Institution) REBIE G, SEEMEE L, BT, BN
S 5% (Partioipant 1) | VB ENFIRN, BEEIEREEELESE
Z P FHPERHTS5EENEE L.
M i i3 CEE -t
%gﬁﬂ%mmez),&M%Lﬁ,ﬁgéﬁgéigf?%%%%$#¢
% | 2521 (Participants) 55 5 S )\ S (e
* > 5 KX B5£15 5HEERE.
(Degree of involvement)
5t = . IAEETERA [ 2 E BBENNAEE CBEE
i & (Duration) AN T I
% N T ET—EE AR E R T R TR E i E
#\(Manner) (SR RO -
7 (Means) %5%1%?5%2% ;ﬁngﬁ VAT HERT
R (Place) X245 5%55 5 0BT & £ R 25 -
FEERE S E AR BT S BT
= E/‘](Purpose) Sk E G -
BF 5] (Time) BE 455555 MM % 4 R A .

Table 1: “Z 57 {EZRHIHEIATE #

FPUBHELZRE SURAT, XueZE(N Xue et al., 2005)i#id 5 AR5 234718 SUbRE; %@z/ﬁ(
Bk, 2010) &8 “OBIEUE KR bRt g B R R R AR, e (AL et
al., 2014)5% A “OBIEHE F B “PRIFAIEET 51 O SIS AR AEDe e B200e HY A I RF AR ASEAR -

x B S & X B émﬂﬂ;kiﬁ EE ﬂ:.lll.
0O O 0O O O o 0]

0O O O
Figure 2: “OBI" % #E

EBRIETOHEEST, “EZRRF ALt A IR B T TR AR 1ES, b
TCYEELR G B T5 T SR B B 4RSS - ST RTE, DAIZGEABERT (Devlin et al.,
2019) A%, B X A F 855 Ftoken: [CLS|FEAT £ 43 2K T A1 5% 5L ftokendr FEFE A7 FILMI - %
FICLS)r 2K, &% BFRARMERIE, W “XEIEXHGLSEANTEZREL< t >TE<
Jt >V WTFHBUFE, B OB BUEWE Ktoken TN I B A 1A HT “span” BUEHE 13k JB& FHN #h X
FESE o OB BEUREX A F I U733 BFRIERE FAE R “Blabel”, B FRIAR

B EET R Eﬁj:%mxﬁ FIAT-HII04 0T, Ma/RiE, HIE, 2023%E8J3HA5H.
(c) 2023 FREF(EEZESTHE 4 B
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HA AT FARE S “Ilabel”, A FHHRFIRERN O, WE2F7R - “OBI" ZUERE A9 TN 2
SRR F HtokenH T2 43 RKTHM, NREIRE L7 K EIRE, NEtokenH “2L + 17 K45
%o OB BUEHE A TIN 75 1% F AOREA S “Embedding + BiLSTM + CRF(Zhiheng Huang et
al., 2015)7% o “span” IR 2 pE— Dk RBHEME . H-T, Hr BIRiE A k-BAARE R XS
B “label_index” , FFEAH E AL AR E R <07, AR BLAMART LA bR : X F
HL MabelXFEAE, S ELNKREMAME, X H IR BT 7E 2R 28 “label index” T35 FE B k- B 4b
PRiE“r, HAALE D EAREREFRE N <07, W30 (e) TR« “span” BUEHE BTN 77 {55
FBIE2H Global Pointer (Jianlin Su et al., 2022)5% -

X A X G E(AE)ANE 2 X 4L (5 RE
X |ojojo|loOo|O|lO|O|O|O|O|O|O|O|O|O]|O
J& ojo|lo|lo|o|Oo|O|O|O|O|O|O|O|O]|O
4 ojo|jo|o|O|lO|O|O|O|O|O|O|O]|O
1 ojofo|lo|loO|O|O|O|O|O|O|O]|O
'd o|o|jlo|o|O|O|O|O|O|O|O|O
5 ojlo|o|o|o|lo|O0|O|O|O|O
& ojo|o|lo|oO|O|O|O|O|O
1]lolojojo|o|o|lo]oO
Vay ojlolo|lo|o|o0o|o0O]|O
H ojo|lo|lo|o|oO0]|oO
% ojlojo|o|o]o
=K oj{o|lo|o0]|oO
1 o|jo|lol|o
Mk 0|0]|0
% of2
B 0

(a)
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RFTFHEZGRRIFIRTC A EIRBI L R LA RAESS, SEFIEF I MIRE 2SI HBIAFLL,
7 GIBERTHIFI 2515 B R B KRR &= 7 0 RACR - AECH TIEF, “9RRi+a) 79
KSR RETTIE S B SE R SBR AT ARG RIENEE, (RS T LR TR -
AR « T “Eiftokensd KTIEE, HRAEE Etokens? 3K + LA E EtokenHUFH 703K
PAB SEAR B token P24 2, H” CCL2023-Eval POEHESLE SUARHTITIN “E 77 baselinefi kK
FIT SR Etoken» KBTI, WRITIES AT RAIL TSR EG R, IR T SRR
ETFXHER, BEARZAAETEE T RIS NER A 510 2 R AR - TR K
AN Z BE B R RHIFIA, ASGRE THRISEA 2 RERL, H4E” CCL2023-Eval JUEHE
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DRIE SURRMT PPN “ HUBR AR HUS T A - BEESE — B HIRGT - ASCRAE SR AT RHZ SR 7 AR A7 14
Moiren, FHAEFCT 5 OHHEMITIAI TR S -
3 DUBHEZRIE BHTESS Hak

REZRRR: LREA)Ts =< wi,wo, -+, w, >LLRBANRTL, WHIHEERESGF =

{f1. fos- - s fm}, FEVRADE— M G@EHE EZR f,, BIECL Hs, tHRIKME T, WA £
BRPREAR, BAEART

ft arg max. (fjls,t)

WICTLERA: G Ts =< wi,w, - ,w, >HAVRAGIERf, FEETFHITEIRILE
BT = {t1,ta, -, tnPTIRAIHIS TR AT, BEAZFA
t eT, if P(i|s,t,f)>6; .
. ) ,teT.
t ¢T, if P(f|s,t, f) < 8.
B (A -

WIATIRA . RECS BRI BRI, AR P R AEZR TR &
BR={ri,ro, -,y TIRFEREGH], HIHLE EEHSRPHRA, BERAH)

ry = arg max P(ri|s,t,1).

4 FET e\ L B ST i SE Ak o R

ek R AL E SIS (RoPE) (Jianlin Su et al., 2022)f4Z% 0 BARR A A) T IR INEF IR AL B
GiY, AE N tokeniNINXT N BILENT L BAEE , H H A B IS 7E T BIE R A AT IR ELH
Hitoken 5 token IR L B E - DIBERT |, BERT#HiH — T hidden_token:

[ [CLS], tokengy, tokeni, ---, token,,[SEP] ]
Hr
[CLS), [SEP], token; € R, i <n, d=T768.

Fhidden_tokeni i 214 25 #1521 4 B Ninner dimA £ 4 B W&, H A9 R EUBGR T H NAE
Flabel 1533250 H :

0 40 40 0 .0
[C ) tlv t27 T tn,S ]
1 41 41 1 .1
[t b, ooty st ]
VY ) Il
[07 tla t27 T tn,S ]

g

d, 8t e RImerdim <G <L

®Ji. 51 A\RoPERELS 7 4R AL ' '
R(t]) = Rqt],

Si(t],t)) = R(t]) x R(t},) = (Rit])" (Ryt],).
HTFRoPEMEFE:, AILIEE|

1771

ZIT R B A EZR N EAPTR

’%iﬂ“iﬁqﬂﬁﬁiﬁ(%#k%i@i%, FAT-H104 77, W/RIE, [, 202348H3H%5H.
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5 BUAKERINE

5.1 FAHESREA

FRES: WTHFs =< wi,we, -+ ,w, >~ BIRAFISRIRES, p(f|s, t)FRFAMLHIZEH
HFIMEER, BARRECH

% p(fls,t).

WMBES: STAFs =< wy,we, -, w, >~ HIMEFBARAEIZRF, HEr2HH A T<
Wiy wi >, Y(< wgy e wy > st )RR T Fw, Blw; BT A R E S T RR LA, B
{EROFIL, BAReERECH

Y(<wg,- - w; >|s,t, f) =1, <w,- - ,wj >€P;
Y(<ws, - w; >|s,t, f) =0, <w,---,w;j >€ Q.

HAPRIFRERIALE, QuHEAMILAIALS -

5.2 BERAGITER

KT RAESS, ASOCRMW N 5 EE UG T BER K& (f]s,t): X T HIRiE, &8
B B T8 Bwyfilwy, 853 Embedding B A0S 57 5 5 45 R51E 23 7] 5 315 B 1E 1) Bw! =
E(wy, s, f)Fiw! = E(wy, s, f), RETEHNERIwW], wl), BREEp(f|s, o)A 40 F it

b E U S AR, S4TSR 10401, WK, thlE, 202348 H3HE5H.,
(c) 2023 FEFLFEESUFIETHLNERS
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=
eXp(I(E(wtiasvf)v (wiz, s, f) ))

ZGXP(I( (wii, s, f) E(wy;, s f)))

p(fls,t) ~

ST MEES, AR ﬁﬁi‘ﬁ(ml ileiﬁﬁykﬁglrﬁﬂ%%mmﬂ’]ﬁ% S FAEE—% 2k
BR5 ARSI 4,5, BiL5EE ﬁsﬁ‘ﬁﬂ‘ﬁiﬂ , TR R ALY (< wyy - wj >
s, t, f)RI AN RiTE:

Y (< wg,--,w; > |s,t, f) = Boolean(S(E(wi,s,f),E(wj,s,f)) > 9),

HApomESEHE, Boolean( VAR IR PREL -
ARSOR F TR 2505 5 AIPLM. + f0E” fIRAYLER, (# FIPLM{E NEmbedding i %L . T
T AR R RAE S A BUE S T -

5.3 FESKRNEFE

LRGN . ZESEIRC A T B E R, RHAETRoPEMSEMESRTTIE. MT %S
HA) BFRiE, BN B bRiE R ﬁﬁ?ﬁ?%‘ltarget,start %ta'r’get,end, T8 H T R A 38

Sj (t{z'rget,start’ tflrget,end)v ] € dframe'
:/B\: qjdframeﬂgj:gglg%qj;éﬁ °

target_frame = argj en(rilax [Softmax(S(targetfsm,«t, target,end))]-
frame

Hrp

_ 0 0 J J
S(tm“getfsmrt? target,end) - [SO (target,sta'rt? targetend)? o S (target start’ target,end)’ T ]

12Kk B9 H CrossEntropyLoss. H

Losspr = CrossEntropyLoss (S(target,start, targetend) targetlabels).

wItia R XT BEARA, ZERABERTHIZEIIARRIA< t >HF< \t >T BN,
¥ EmARRIARNA) FE ABERTHATITE « M FIHES, BRERHISICHAEIRRTEE,
Blrole_startFirole_end - SR 1 14 K GlobalPointerfE B /E ) P FFIRAY .

S(ti, ty), i <i' < max_len.

HFmax len hidden_token K&, & HiH -

1, if S(t;, tiy) >0
H_TZ i/ == . . (1)
’ 0, if S(ti, ti’) <0

2K B 1R Global Pointert6 78 fr4 2K bR 44

Lossar = log (1—1— Z S, t’))—i— log <1+ Z S(ti, t’)

(i3")eP (3,¢)€EQ

HPATESHERRIIHMNE S, QhHMIELFERE
WITA IR HE'JJH)\%ETﬂE’J”??iﬁU)\BERT}:TEﬁFJﬁ%ﬂ:RoPEEI’bHZIS PR TTIEN S
TLHHAT R -

Lossg; = CrossEntropyLoss <S(tmlwmrt, trole_end)s role,labels).
bR E RWRIEE, FEIATI-ER104T0, W/RUE, PfE, 202348H3HZ=E5H.

(c 2023 *I*Iﬁ%?%ﬁ'%m% T ZE R4
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6 SERSHT

F2H“CCL2023-Eval X & MEZE 8 LT W E 7 & i X T taskl (HE 48
)~ task2 GRICIEEIRA]) AN task3 (BTCAEIRR]) ZEMNKEE F Hbaselineil]iZ4h & -
AR (Ri5&BAME) DA ST 42 238 BN AR LRSS SRxT I, HA

\lﬂi So

score = 0.3 * taskl-acc + 0.3 * task2-f1 + 0.4 % task3-f1.

Type score taskl-acc task2-fl task3-fl
baseline 67.42 65.10 87.55 54.07
our_model 71.49 74.28 86.33 58.27

team_1 70.27 7177 87.43 56.28
team_2 69.07 70.59 85.62 95.52
team_3 66.81 65.14 87.75 52.36
team_4 66.46 65.87 87.98 50.76

Table 2: MR L5

PG R T UE H, AL 1A 5 AR A task 1 Mltask3 B & BT HIRICR «

6.1 LEbaselinefJ*TH,

X FtasklFltask3, ‘E fbaselineX% FBERTH “BertForTokenClassification” X H #x 18 #)
BHtokeni# T4 K o NHIFATRFAELUESE EXT L LU =Fh 7 -

1. TokenClassification, baseline;
2. SequenceClassification + prompt, BIXF B Fria i (il #4027~ 17 ;

3. RoPEClassification, T ez B IRADHISEAR 2K .

Type taskl-acc task3-acc
TokenClassification 74.00 72.16
SequenceClassification + prompt 72.00 73.03
RoPEC]assification 75.45 75.12

Table 3: 73 FRALSEFUESE _FAIXT L

FH#3 LIEH, RoPESRINEMRER 55—, XILAI5ETT¥E, tokens EFIRoPES
REFERET BWARSIER, B0 T HAa) im0 TSk & A o X Htokendr K
HA A EtokenfE ., RoPE4S KT IEM HFFIARI Attention 2 A H LA EF B SN EE
SRR RS, BT B B AN EME B AIE A BN E R, TR R 7 5 m B
RS B

6.2 i RAESE

STFBERTHIGIH, ARG T =M BN &5—2, &ENE, F—E+&EF—Z.
ST HCUNER TR -

ST RES: task U L1+ L2+ L3+ LAk H R B 1T, task3(H LU H AU BB 1T - X
THEES: task2fEAF1I+L1% HAEFIZRE S, FALI+L2+ L3+ L4 B E R E 5, ff
ML H P EES

A E E R SRS, HIATUFI04T], WURE, HIE, 20238 A3HE5H.
(c 2023 [ T S B2 o o B 5 S LR S
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task?2

Type taskl-acc task2-p task2-r task2-fl tasks-acc
L1 75.45 81.35 79.99 80.66 75.12
L1+L2+L3+L4 75.95 79.94  80.89 80.41 74.84
F1+L1 74.25 81.89  78.85 80.34 73.68

Table 4: ®&J5—/Z (L1) - &/5ME (L1+L2+L3+L4) ME—E+&E—F (F1+L1) %
UL ST

6.3 HRAIHR

SHNGR. AR TFGM(Miyato et al., 2016) B IES R II AT HLI%R - FGMPEAEN
fEembedding/Z X B [ [ (B REAIREEE . 78 FRERI T M AIA—"DRHIE , T EEEE)
G X HUIER AR, HAp s HiseE fit B =0

g
[lgll2

Tadv = €

Bkt & . AR # I Noisy Tune(Chuhan Wu et al., 2022) 77 IEN BRI SRt A7 B i #L &
A0 o Noisy Tune BN EPLMBITHUAZ BT, X S EFEREE i — 1~ $L50:

W=W+U <—; ;) x std(W).

HAU(a, b)) B0 5 040, NRBSEL, std(-) WIREZE.

FEXF AR = RS, WA EABEA (model) -~ JIAFGM (FGM) -~ M
ANosiyTune (NosiyTune) F[FEEIIIAFGMANoisyTune (FGM + NosiyTune) , FERIESE b
IR R g6 pon, HA I H Z4EH Ntaskl: L1+L2+L34+1L4; task2, task3: LI.

Type taskl-acc task2-p tsglil;i task2-f1 task3-acc
model 75.95 81.35 79.99 80.66 75.12
model + FGM 75.30 82.03 79.51 80.75 73.66
model + NoisyTune 75.65 79.95 80.87 80.41 74.79

model + FGM + NoisyTune 74.75 81.37 80.58 80.97 74.41

Table 5: FEAMEA! I AFGM, I ANoisy Tunefl [F B i1 AFGMFINoisy Tune 5% 1iE 5 25 B X
e

% T task1Ffltask39 FESS ., IIAFGMAINoisy Tune S R AIRUR T, XEHETHA
SRAESHEEG EXIE . BIEEYIG BRI MtokenFIAH X ZEL, MFGMAFINoisyTune%
STEEAR S B AT AR AL VAR . TR AR S5 | &%) B FRrifltoken™ 4 T4 o ¥ Ftask2f BUE
%5, IMAFGMES IR E S, 1M1 ANoisy Tunef/f 154 FIRE &, [N & SWinsiE
PRI b LA, WM AR AR .

6.4 Hi

BERTHEZ 25015 F chinese_bert_wwm_ext:
https://huggingface.co/hfl/chinese-bert-wwm-ext /tree/main
RoPEf# /] #IGP Linker 7 fIRoPEXR ST :
https://github.com/xhw205/GPLinker_torch
B TEPETEE S EARWICE, HAT-H10470, MR, E, 202348H3H%E5H.

(c) 2023 HEHSCfE B A B S LB RS
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7 MEE
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ATLLLEAT SE o AT SLAR N R F BRI AN TE 7 BBk o0 ML, 3R T R e =X
37 B G 00 5 S P P T A B R B S AR 7 SRR, NS LSRG P B U T B RORCR I B
IIRALZ A T “CCL2023-Eval PUEHEZRE SUREHT I HL2E BIHESGR AR TC A 5 1R5 (155
b, B TIXIES B — RS - AU Z A TR0 T80 R IFRoPESE (R 73 RELRL ) {1t
%, HRICTLERBNES EER T EME T EAAARRBCR R E, FH R RoPESE 47> KR
5 H AR L (SRR SE & 52 (BRI SR 1 -
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CCL23-Eval fE553 254 HTEZHESpipeline RIS HDOEHELEE
SFEHT
WA AR

AEUE S K2 /5 EREEAR,
[ 2% T 5 B I 5 5~ AR AL,
AL X £ BEH 155, 100083
shutan20220163.com yqshaol63@163.com liweitj47@blcu.edu.cn

W

K R 20238 CCLYUEBNELZR TR SUBNT ML SSER ML T SCI 7% « BT DUBHEZRE
RNTES R L ESHE S, ZRIKTESZ R EGEERN FIHEMEBE, HiER
T Z4E%pipeline K BE FINELR L5, EBEMMEZR S, witiRA, AERSE=1TF
MEHRE AL, S BI% MAESRIRA], SITTERLRS], WA aiRE =N FAES « RSUHE
ZRHF RS TC A IR AL S BN IR RS, FLTTTE BIRBIME S R SRR
BIMES - ZERP| & FES I8 BEE BRI FPIEF BN HIEES MR 759 %
F& T anAaT A1 58 Al E At AT S B BT BB AR E RS B« HLUndEd AT A B o 2R, R
F T HEZR A3 BRI H FFEZR 251, DAL TOIR AR ELR B H e T E Bl . %R
| BPRiA e E B OCERMEZEN, AR OUEA TN E S A T finetune - ME2E]
RV RIATRE, YIGRATE A T XTIl R S R MG IR TR AU B - SR AR S BUEIA
F]71.91, BESEUERE]70.60, HEASE2, Wik T A A ERERE -

R DUSIEAOE RN . S5 EEME ORA% . SRR

System Report for CCL23-Eval Task 3: Chinese Frame
Semantic Parsing Based on Multi task Pipeline Strategy

Shutan Huang Yangiu Shao” Wei Li
Information Science School, Beijing Language and Culture University,
Language Resources Monitoring and Research Center,

15 Xueyuan Road, HaiDian District, Beijing, 100083
shutan20220163.com yqshaol1l63@163.com liweitj47@blcu.edu.cn

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
* SEWAEHE  Corresponding Author

©2023 FEVTHEIETEAE
RIE (Creative Commons Attribution 4.0 International License) ¥FA] HAR

B TR RS A SRR, BI05TC-M120T, WUk, hE, 202348 H3HE5H.
] - 2 A
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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

1 5|5

MEZETE SUEAT (Gildea and Jurafsky, 2000)5& BIAE & AE A P A — M EHEESS, HE
PR M A) AR SR BHEZR ¥ L 24, SEEIN A) 7 P KB A s S IR Z B R DU T
Z(Guan et al., 2021a)(Guan et al., 2021b) ~ K RHHL(Zhao et al., 2020)FAHLIRE (Guo et al.,
2020a)(Guo et al., 2020b)%E N ESHHEEER L - DOFNESRTE UAENT & 2 T UPOERESRIE LB
TRAVTE ENTAESS . RS LT =155 HEZRIRA « R ITye R AR T A EiRA -
MEZRRANESS B B AR iR 7] 7 45 7€ B PRIABOE FIREZR , R Teii IR ANESS 8 B AR iR 5 A
T 25 E BARA T SCRCIR TR YO, eI A EIRANESS R B ARE TRIe o ERA AL S5 B
AR TS SUFA AR -

B BT THEZETE BT IR EZH LN T ZMERE 2SI« 255 Mpipeline g
METRELRFNARE A - FIRDOERESRIE BT ES RS ESHFA, HERIEN T
55 2 Al BB AR FPPERI SRR TE, AR T — T 255 pipeline KIS AU DUEHELE S
Wik HERA T 2 5Spipeline KBS AIEZRLEM), FEHMEZS K, Wik, fAeask=
DTFRERERL, A NAEZR AR ~ R ITiEERBI T A BIR A =D F 1% -

Hrr, REZR S RBRARIE 25 E A7 B B ARE B B R CESR, HESH— A ISR
HEZE, SEHLTHEZRIRGN, THECH THEZEFHE - WRITIRBIRERTE BVRIA A mIse T, WA+
BENRGIH B AT AE LA AR, SSEL TR iEERA], HEGH TR E . A
o RARERTE S H T HEZR 73 AR AN B T IR AR B i R B RORE R AL AR TUAFAE, € T A
THEMETCN NATHES TR, SE T IiRTT A iR -

EE S ES 1 2h s ES iE7TiRal

FRE

Avg Pooling

Figure 1: ALK
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o ARIH2023MCCLYEE IR E SCREMNT F AL S5 it T SR 3E, HIERHA T 2 4E
SpipelineSK Mg FINEZR S5, RAAESLIR B AL T A AR BIE S B N A RS,
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
0, T TRALERESES, UERH T SoftmaxhiEE AR GTIESS FRCR & i+

o AHERITTACIRGTEFSF, X THREMASTRRIARRE « SAMPHE LA, #1577
THRLSESS, WER T AR A SRR AEZRRAIEE - BisAEEAL TR EE B Al LA R
RTHBTC A BRI RCR

2 HHXRIAE

IR FEPGENEZRIE UEITESS R OihLas 2 o) Bk I S R B LI AT (2R ¢ et
al., 2010)FlE KM (FREAR, 2010)FREAEEFIRCR - IRE2S) BIEF M 45 (£ et al.,
2014), PAAEICER EFEA R ARG BRIITEGLINE, 2015) HBUS T AR -

BT KA 4 Bi-LSTM (5K B et al., 2018)FIE L H N TH % B E] T A]F
KB REE S, I T Self-Attention Ll FIHEZE (FEBRIE, 2022)HFKE T f)F & 18 )
HER, BT DOEHESEE LA BMRERARITERE, 153 T BHIFME EITEE S -

ASCEH R POBNEZRTE BTSSR 2RSS, KA T Z1E5pipeline KBS FITEZE S5
[R5 BA SR A TE U RE ) T 2718 5 A ZUBERTHATHE JUENT, AL 78 5 2% R &
FAHES5 Z (R BER BI PR FA SR B, 7850 A1 FH S A B AR 55 15 B BRI AR ERNE B, #F T
PR T HEBRAIE LAERNTRE

3 hE
AEHNBHREAOER TR, OFEEESSK, TR, AESKSAES . 4RI
ROEZRR], STETEEWRE], ST EIRR = A TS .

3.1 SR

% B HIMANER B S HE RN A TBIEIER . H T RAMAEEAIR, A BertiR
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)

BRI B P EMA R — il 28 T BIE E R A, YR SHECFIR L, HEREES
B S — BB R A B0 SR BB 5%, P AR A S e S Y & i -

(2) 2> ZEFFAWarm-up

B TR RS A SRR, BI05TC-M120T, WUk, hE, 202348 H3HE5H.
] - bzl
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number of frame categories
A
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Linear Multi-Class Classifier

t

Average Pooling Layer
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Pre-trained Language Model
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Figure 2: HEZE 53 RAEH

YIGRI BE T T 22 5] B Warm-up 5B, AEYIGRITIA I B 60 — DB/ 22 3] R AT — € BE IR
R, DAERHEALZ HNE M AR R AR, R RA R E B TS, B IIZRRS RE  AN
ARRENE, MR T RIZRECR -

(3) PLE S E EFast Gradient Method(FGM)

YIRS A T FGM (Miyato et al., 2017)% 01114k, Xfembedding/Z 7E86E 77 R INELE, FIA
MR XM B S TR LEE ), RS TR SR .
3.2 WItiRA|

FEEE A piplinetd YEMTHEZEH , WITIHAIEEZE R EEZNEH - HTREMZENE, BF
RN AR BITE T SEARNT 5 B2 A 8 40 R VERR R i K - Rk, fEI4Rd R H AR SO S AR IE A [|]
K ARGEA B R R AR .

BRI ESRA T FFAIBMERRTL XT3 A SR DL Token B AL 4T BIOARE, FRiE HIBTT
o - HAF, ZER A E A SCAFESRE KRB AR, 2FH<t >F</t >/ERNEFH
fISpecial TokentriA H | B FRialyu Bl A F -

(o] eI I Y S P I I (= [ @ [ e [ e J[e ][@ ]
L I S S S e S A A O N

Linear Multi-Class Classifier

L0 e A S N N O e S O S A R O O )

Pre-trained Language Model

1‘1‘1‘1‘111‘1‘1‘1‘1‘11‘

cs| w2 (R 8 I &8 ® & R <t S

Figure 3: 1 ICIRBIEA

%:Jr:EEPhLﬁ%:.%jc%@Iy’% F05VT-51120T, Me/RIE, I, 202348 H3H®5H.
(c) 2023 B I bl
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3.3 AR
FH 85 RIEHE NpipelinelEZR i f5 —8R4>, N T BEFE I FIHELE 4 RAEHFIL TE IR AR
RTINS B, AR SOTIE BT BB AR SO .

number of role categories

R R SR

Multi-Layer Perceptron

Max Pooling Span Extractor

L L)

Tttt

Pre-trained Language Model

t
totetee ttittttttees

<a> W |</a>| <a> | E | = </a>‘<f>H f‘ HE ‘<If>‘ <t> <Jt>

Figure 4: 5 KA

B, AEEERBert AR <t >F</t >HTIRHRERRIA, Bil<a >Hl</a >HTF
FRRWTCIERE, W<t >F</f SHATIMRERGEER - RE, KESR S BB TS RIEN
MEZEAFIE « 18 TOIR B ER BTN &5 SRAE e TTRE A B A SR « BARSIHE RAESE K
AIEAZ HIRAR, WEEA<t >F</t >EEEWNA, fH<a >H</a >BELIC, FH<S
>Hl</f >EEERER . B5, XIEICLISpany BAL##FTMax Pooling, 5 1S EHHE [H &
R IBAIE BN Re LUK & Z T 02K .

tan, BT SUR “FRER TAESWERB I, AR Z AT FIHEZE L 5 2 HE 1
AEBHARAEF R, AR e R it TESWAERZHEG A7, I B8 ASpecial
Token4> Bl 122 HFrinl « 18 TCFIHEZEZRFI)

4 £
4.1 BUEH

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%

%iﬂ—iﬁqﬂﬁﬁiﬁ%%k%%i?ﬁ, L0500 S 11200, /i, i, 20234881 3H %5H.
0 ARSI S S 7
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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%

4.3 WITIBRERABER

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%

B R E A F AR WS, 1050511200, MEARIE, HiE, 20234E8H3H 25
(c) 2023 HEPERFLHHBEFTFLUERR
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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%

4.4 WILATRBIRE

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%

5 4w

PR DOBMESRTE SURENT S5, ARSCEI N B 8RR SR RE T T 4518 ST BERT R
I AT U, ERLER L, FERDOEREGRIE SIS S ARSI A, AROCRAT
% % pipeline K BE FINEZELENY, (A FTE A T FE HAD 1R S50 B i BRI AR E B,
FIUE T T ERE R -

B2, KNTELGFEENE, BARTNGIESEAGER AR, 15 ETEE T L
B RFFIERACRIZS 8] o B3 E0HE 5 HF few-shot flzero-shot FIHEZERRES | 25 5 4 REE R B 1H
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 -

22 ik
Daniel Gildea and Daniel Jurafsky. 2000. Automatic labeling of semantic roles. In 38th Annual Meeting

of the Association for Computational Linguistics, Hong Kong, China, October 1-8, 2000, pages
512-520. ACL.

B R E A F AR WS, 1050511200, MEARIE, HiE, 20234E8H3H 25
(c) 2023 HEPERFLHHBEFTFLUERR
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CCL23-Eval 1£553 585 5 : DOEHEZETE MU AT VE

RV, AEEY, BEIELS, DEMLL Gt St o
LIPE R RN EEBORFERE, 17 K 030006
21079 K2 T RAERES TP U BB E R E R LA =, WP ORI 030006
ST TAERSR R A BRI AR, L7 A 030609
i{202122407024, 202022408073, 201912407008, 202222405024}@email.sxu.edu.cn
202222407058 @email.sxu.edu.cn ;*liru@sxu.edu.cn

W

DOBHESRIE AR AT W55 BUN TR T DL s iR B B R AR 2 15 U5 BIIAE ST « 1%3F
T E Y 6 B 45 20000 FRIE FORESRTE SRR AT 1) A FIIZ 700 MEZR(E B, - WFIESS 70 i
ZRRG ~ R TTIEER A AR T A BIRA = RS, RESTREX = MES NG
DEEVTE - AR Z ] TALFFEARTRH 2 RIE, ARG ST, H
123 NIRRT 4R, BA RGOS AR TR B, f2ok B #2=1E
EUTLAO D EHEA F— - BESHEZEE, BFAGHRL - PSSR LUETE BT
IR, FINCCL-2023 0B ESGE SURMTRFIIESS 1L B -

KEEIE:  POENEZER ; HEZRIRF ;. POBHEZRE SUENT ; tEZR A EInE
Overview of CCL23-Eval Task 1:Chinese FrameNet Semantic
Parsing

Juncai Li*"*, Zhichao Yan'?, Xuefeng Sub3t, Boxiang Mabt, Peiyuan Yangl’i, Ru Lit% *f
1School of Computer and Information Technology, Shanxi University, Taiyuan, Shanxi 030006, China
?Key Laboratory of Computational Intelligence and Chinese Information Processing
of Ministry of Education, Shanxi University, Taiyuan, Shanxi 030006,China
3School of Modern Logistics, Shanxi Vocational University of Engineering Science
and Technology, Jinzhong, Shanxi 030609,China
J;{202122407024:, 202022408073, 201912407008, 202222405024}@email.sxu.edu.cn
1 202222407058@email.sxu.edu.cn ;*1iru@sxu.edu.cn
Abstract

The Chinese Frame Semantic Parsing Evaluation Task aims to enhance the ma-
chine models’ ability to understand fine-grained semantic information. The evaluation
dataset consists of 20,000 annotated examples of frame semantic parsing and nearly 700
frame annotations. The evaluation task is divided into three subtasks: frame identifi-
cation, argument identification, and role identification. This evaluation has attracted
wide attention from both industry and academia, with a total of 55 teams participat-
ing, and 12 teams submitting their results. We selected models from 5 teams for result
reproduction, and ultimately, Li Zuoheng from Sichuan ranked first with a score of
71.49. More information about this task, can be found on the website of the CCL-2023
Chinese Frame Semantic Parsing Evaluation Task.

Keywords: Chinese FrameNet , Frame Identification , Chinese Frame Semantic
Parsing , Frame Role Labeling

MESMHE: https://tianchi.aliyun.com /competition/entrance/532083 /introduction
T JEHE#E Corresponding Author
©2023 PEVHREZT¥ RS
RPE (Creative Commons Attribution 4.0 International License) ¥FA] kR
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1 HREML

BT HIRNE S O EMESS (Kate et al., 2005), &R HARES RBBITAHEHL
BN ERRHE R . EREAAF B IRNIE S BRI AE AR SSRHE — R R OCHE, X TR
HH# (Guo et al., 2020b; Guo et al., 2020a; £ 5et al., 2016) ~ XA ZE (Guan et al., 2021a;
Guan et al., 2021b) ~ K ZIHE(Zhao et al., 2020) ~ AL A (Eet al., 2018)F N TS HER
R -

B EBORNATHE D, A RRBRRLE — 2B U TR S (WHAMEARE « IREFEAIE ST - 1B
M AERE) RS TREAMEE . 104 ChatGPTHIGPT-4% KRRk HEL, 7EiX 1155
i) Zero-Shot FlFew-Shot 75t T #FEUIG T IRIFAVRR, (BAEAIR BTG oA 7T, X SR T i 15
M2 ERE S IR INAEE -

HEZETE Y fEHT (Frame Semantic Parsing, FSP)#z - H GildeaflJurafsky2E T 9 SCHEZE [ £
PEFrameNet$E Hi (Gildea and Jurafsky, 2002), s&—F4H EE L2155, Baker7E20074F
fISemEval(Baker et al., 2007) T IEZ(H2 HHEZEIE SUENTPENIESS - HEl, FSPEH KENFR,
FE S FrameNet 5 & (FN1.5&FNL.7) BFF o tNETlIIZRI) 714 (Tan and Na, 2019; Jiang
and Riloff, 2021) « ZETFELA 23] 7715 (Chen et al., 2021; Peng et al., 2018)FI%:THELLANIHf
BRI J71%(Su et al., 2021b; Zheng et al., 2022; Zheng et al., 2023) -

TEPOBENELRTE S#EHT (Chinese Frame Semantic Parsing, CFSP)J7 I, L PH R 2% H20044F 2
SR DUEHESL M (Chinese FrameNet, CFN)(You and Liu, 2005) 3 JF BAH KIS « QiZEFTHtE
AETCRFECFNEIESE F #1718 LA B RE (ZEFFitet al., 2010), BFEIEEARH —MET
F AT IEH RS — E FRCR (B % ket al., 2016), ERRIER HET BIEE IILHIFIPOEHE
ZEVE S BT T 1R DREUA]) F B BE B (5 8 (Wang et al., 2020) -

AR UK VT RHE HDCEE HEZR O B0 B8 192 Hh DUE HEZR TG MU 155 - CFSPYE AR E
ST —FOTI, BRI POEE EZRAR LA, 1R T —FhRIR AR LRSS E
B, XMEMEEERRIAT), R IF AR )7 008 R R AR EE R -

2 MRBEERAES R

2.1 HMRME

MEZRTE S 2 RINFE S ¥ — 1 EE S, &R HFillmore fEHIFEST:, HEIRIE LB HE
ZE X — MRS BN EER 5 I GE 2, PR S ) LA E S R TIAZ T L A%
B, 7RSS ENLERE S AR B .

POBHEZE W & IHEZRIE Y 2 MR EEA, DIDUE TR L N KB 2 A DOBHEZRIE L H1iR
. BHED, DOBHEZEM AP A41322 MEZE, HEZEITTE1000 M. FEDGEEZRMF, HLUTFIL
NEEWS .

REZE. HEZRAEZRE iANEAE1E S B & KM Irsds =0 a5t R EEme A E
= W S AISh A (e et al., 2007) . WIRIHFH [ZEHE] HEZE, ZEZRFOREENE T — R
AN SE BT S5 TH AR AE VT RIBS [ RO AL BT 4 4

REZRBIR | ZHE
REZRRE 3L | Mish& AT — RS AHE FUESS (8 R PEAETT RIS RIMAL P & 2 -
ERTLRAWR REZRTLE R
i SES AR — I RIAAE BT & A TS ZHERA -
e Tt B e H 2 HER A -
T SIS ] Tt Bl 24 HE S5 FORSS ] -
ST S TN WRHAEZ A
AbFr TS S HEEE A A AL P AL B -
B} Tt B % HESE A R BIL -
Fsf 8] RHESRTT R AR T 5 2RI 1R]

Table 1: fE28 [Zff] MHEPrESHERTERFER

REZRILER: ERFNANE R FRNZ 5%, WNTEXAE CRIEREIRRESRE LA
BIREZRTER) | Flan (ZeHE] HEZR T B shE FIE A2 X ERRIEZR TR, AT RN K

B TEPETEE S SRR, BIBT-51230, g
T

SR1I3TI-5812370, MG/RVE, P, 202348 H3HZE5H.
(c) 2023 FEPLFEEFLITHIES? 7
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WEE T AT BAfBA R ELER -

WIC: TICRTE AT LIS CFN HEZR A S AMEZRATA)E - & M Tl A LIS — P e
ZNMER, EEBENENGTH, FMATC AR TR EMER . EARRIIRG]
i, MEZR (4] EERRTohR 7B LIS, EE T ED . 275 .

o Ei%%é’ﬂFﬁ]#ﬁﬁiﬁﬁm%ﬁ%%ﬁ%%#ﬂi@?ﬁ%o
e s 7 /

R 7 R A T
[ZHE] [FEE] - PERHEE BAR - HEEhE  DEA e

Figure 1: HEZRTE LENTIESRE

BRI RS HRLE )T AT LR R HOVIE , A AL A T« L), 4
o5 BB REAREY FL AR

2.2 RS

POENEZRE RN AR S5 9 WHEZE R B (Frame Identification, FI) - 18 7070 B 1R #
(Argument Identification, AI) FIETLAEIRA] (Role Identification, RI) =/T4FE55 -

REZRRH . HEZRIRAES E R BUEEZR R Hinia, RIE LN GES, WNEZ A EiESRH
WBUERAT 6% B vRiaiE SR A 1E CEZRIIAESS - a1 REZRIR AR S B, B bniA “4H2437 T
(2] DL [fHg5A ) HESR - BARIE LT SGER AT s [(ZHE] HEZR -

RSB E S HERE BInAMAITFS . 1EHS = (w,w, ..., wy,), HFw,H
ARA TR, HA <i <n. FFHEBBRECHw, w, € S ZRl B XHE L
NG ERELREE = {f1, fo, ... fu TR A& IHEZR f,, 2R

fi = argmaxP( f;|S, wy) (3.1)
fieFweS
WICTERR A : FEREZEE ENTESS S, 0 ICyu BRI 2 5 1 € 18 T2 A F H A RE 4R L
BMERMERNFHES - BB E—FAF kBN, EHMACRNSEET, NaFF E3)
SFUH i BT 3B 018 SLA (S i - R, R E S I T 6 4 HER M
o SR RSB ENMERT 27, TR ST -
WITTEEIRB BB AN E X S TEERTFS = (w1, w2, ..., w,) X EHIRAw, € S, ZIE
SHBREHITar € (ar,as,.... a) I TR T (o, = w;s,..w
WILARIRR: WInAEIRRNES EERE LT RSP RE—F - 1S EEHER
FHE MO N AREZRTTE, e MenEfEBERTIE LA . BT “Sin 5z
TR &7 BB LA BN <
VARSI E LN TR EAITFS = (wy, wa, ..., wy), FITFH Binidw, € SLAK B IR
FRBUE FREZR fI, T EEIAFTEE IR TCar = wis, ..wie, AERFIHIEFRAARE (HE
WETE) 1, Hfar € o1 an.an}, 1r € Ry, Ry WSS A & MFTEERTE, 55N
WAEN
r; = argmax P(r;|S, wy, ft,ar) (3.2)
ri€Ry,wE€S,

3 VEEE

AR FF BICEN2.0FRE I T LU P K2 A S3UfE B AL BN POEHEZE W (CFN) « CENEHRE
£ H2004F AN AR, B4 BT T AEFI A 5E BT 1077 &P RAEETESE - CFN2.0%L
PR HAEZEE B ARG IS0 A R, HBE R B X 2 FhASF AT 111002 5 8 [ R i
FRiE N A FE B RIS POREZR DL B FRIA BT LR LA e, B ETMER A E 0 W E IF
T~ WEH AR TR EEPNERE, HUAREREEIE R E -

CEN2.0EUREMBE IR 2R - WEERIE, EFITEBEF, I THEMG ), HHEH
FRIAANE, RN AR A6 A AT 5

B R E A F AR WS, 30512300, MEARIE, HiE, 20234E8H3H Z5H
(c) 2023 WA BF ARG A
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BIEER S | Train | Dev | Test_A | Test_B | ALL
REEA 10000 | 2000 | 4000 4000 | 20000
HEZREL 671 | 354 432 504 695
MEZRILZEEL | 947 | 649 711 796 987
AERTTEL | 2359 | 670 931 572 3132

Table 2: CFN2.0%3E 8 H2

MG BT RS F, AFREREEESEAFRMELER, FRNEERTENHSGH
BB IREHE, X SO HESE U TR T Rm Bk - BRItz b, AEREZR S BIfIH
WNRFRE, KREERNEEDEGIG), E2PrR, @RISR H 205 LUT 6 A,
SEHARE, flaREEERNEE7205%66), RRERKEASMAR, B ARELT
HIRE S RS R BISC AL, XA RIE N T B B 20t

[101,00) - 8.5%

(61,90 - 1.3% —_
(71,80} - 20% —
161,70] - 1.7%
( N\
(51,601 - 42% — ANSONG
[41,50] - 4.5%

[31,40] - 5.6% .

[21,30] - 9.6%

—[1,10] - 43.3%

[11,20] - 18.0%

Figure 2: HEZ8 N7l A& X A R H A H

4 P FERS

FEXFPOBEREZRE AT ) = D FAES5, A IRGEN BV AT 5 40 = ZE B B EZR R B IE T =
(Accuracy, Acc) , WITJLRIRFIFIE (Fl-score) FETCAHEIRGFIFIE (Fl-score) , &G
R = FESBESIMBERT, G2 &L PEN 7% -
REZE A MELZLH B IER R B v B A ERR B I f) A3 E S S ARG a8 2 A F B
BIRIT 8, BT EAR .

taskl_acc = correct/total (4.1)

Hr, correct WA IEF AR, total WEHE & -
WITTERELRA: ZAESHIEN 7 20 EAREALR A H #18 TTiE B AR LR e TTitE 2
AIFLE, BEEITEAZN:

task2_precision = InterSec(gold,pred)
Len(pred
__ InterSec(gold,pred
task2_recall = ——7—F 70— 3 (4.2)

_ 2xtask2_precisionxtask2_recall
task2 fl = task2_precision+task2_recall

Hrr, gold Fpred 5 Al TR E LGRS HIMELE R, InterSec(x) T~ it B ZF £ Mtoken
&, Len(+)FRITHtokenZ(F -
WILABIRA: ZESTRAEE— MR TRIA R AR, FEUFER IR

B R E A F AR WS, 30512300, MEARIE, HiE, 20234E8H3H Z5H
(c) 2023 HEPIFERFEHHIETFLIERA

i
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Count(gold,pred)
Count(pred)

_ Count(gold,pred)
task3 recall = =720y — (4.3)

_ 2xtask3_precisionxtask3_recall
task3_fl = task3_precision+task3_recall

task3_precision =

Hr, gold Mipred 7 BRI RELEG R STMEERANE L ABES, Count(x) RREESHTITEDN
% o]
WARG: RPN RAR D A=A TSR, BAerEr =08
final _score = 0.3 * taskl_acc + 0.3 * task2_f1 + 0.4 * task3_f1 (4.4)

5 BAXER

EVFEA ], P53 AR E S5, B2 RS 5A8 9% A H 19X S TR
ABBEERE - Bk, BALEECT B8 ST 5 24 AR AR AT 45 SR 2 T -

A | BEAL/AA | MRS | oot teE L S final
1 | FFEE(TA) Team.l | 74.28 [ 90.79 82.29 86.33 | 59.59 57.01 58.27 | 71.49
2 | dLiE(BLCU) Team.2 | 71.77 | 90.35 84.69 87.43 | 57.06 55.53 56.28 | 70.27
3 | 7AK(SUDA) Team.3 | 70.59 | 89.27 82.25 85.62 | 63.57 49.28 55.52 | 69.07
4 | BT KRB Team.4 | 65.14 | 90.24 8539 87.75 | 52.25 5246 52.36 | 66.81
5 | EX(UIR) Team.5 | 65.87 | 90.47 85.62 87.98 | 51.12 50.41 50.76 | 66.46
6 | Baseline 58.02 | 89.74 83.89 86.72 | 49.12 47.87 48.49 | 62.81

Table 3: ZFRFAHBREE IS

R3PS TiX5 X SN LR EL NGB (B0 IEMGER M) |, DIEED
HOVHERARTE - HAES2MESIFEAMS T & NS MMIERR . ARZMFLE, F3CH
FATR IR P ENRSR 5 Ros A FIRIBA R LUE T R85k -

XS R RARE AT B, BT ESTCIAS ) BIMES VNS 3R IR IR - 40k
FERESER, i, MXTELE, X5 AR S BSERIRTT - MELEES2 ARG R
MELYF, ZFMBIRMEIRTG BERRE -

6 TR

1S X 5 S BRI A IR IR & AT 04 DLUBOS B R AT S5 RS I, S T H S
TN A EZ T, DT ARIAES EA NIV BB RIS o BETeam 15 NIER
P B gREIATRESG AR BACR B3 Team. 208 F 2 ML SRS AR T 7L 51 55 O R INARH —
ERTH; Team 3R CFSPHESS AL BB £S5 H BUS AN RIS - Lo, Bl TR FAESS
FEChatGPT_EHHATSRIE T,  LOFAG KRR AEDUBHESRTE ST (55 L IIRE

6.1 ET el B Ym i IRESR T %

HXAEER R F2ZREANASEENTZRMNMERSEXANMB, 223
ATeam HEH T —FE TR 7 BRI (Su et al., 2021a) T ERITTE LR Z [HFEEE
BRI 40 KR, 120 ok 0 PR AP 0t B P, WIS B et (8 e
MEIA BIER A, WA INEBETR - $HREIR, EFIATERANM ERY LUS, HA%T
THEZNRA SRS BN BE IRTT -

B E R E A EARIRSCE, H1I3T-512300, /R, PE, 202348 3H%5H.
(c) 2023 HEPLFERFLHHIBEFTFTUWER
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6.2 ETEZFICALIKEE I TTE

PFFETIATRE MR, AT GBI, Team 27E SRR T ZFI0ILHEES
BT - R T MR INshE T, BDVIGNES, REEERZ LA

BEMEIFY: 1580589 F (Exponential Moving Average, EMA )& — 45T i FAE IR 5
EAE, MR SEMCF IR TS, R SR E S — B RN R EEBER R, AT
RTINS E BB -

Warm-upsE#: YIZRAHEH T %> BWarm-up R B, 7EVIZRIT 1R FI 568 — 5/ 2
SJRPAT—EHNERIREL, DUEIS T R i N AR R AL, (RS T A = R -
o, BOIIGRN RRG IR E N -

ETHRERE LA IING: I {EH TFGM(Miyato et al., 2021)%f L1145,
Sfembedding/ZAEFBEE T MAINEEEN, FIAMERE , XM A B TEBAZLEET .
R TR B

6.3 ZET A E@IT T

Team 37 TRIVEMEL A TS LIRS, HHE A TE LS mt XL, RA
TBESHIE £ R4 (Zhou et al., 2021) - HATH 5T A BEAOTE SHESRMRAT Bo o 7 — 1> 2
FAARIEMRNT LSS, AR SRAES A ) 77 EBRANT B AR RS TE IR IR — i -

P 4-a 1 Bl A-DHIA T 3% 77 SR AT FR 2R SURAT A PR AS SR - 228, 7660 FIFIAMIE R
PIT “root” B, SRIEIGES EFRAME, B TR B AR SIBTOAE . S F BFHAS8TE
RIBTEBEA M, 230 TT R BAMAR, S BATIERE, B, (A B B 5 BIE
BV T R T G B B SR 3

B ZE P EIE S A ARIRSCE, FIBH-E12300, Wa/KEE, i, 202348 H3HZESH.
(c) 2023 PP FEERU BT ELTWER
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() 64D
ol R (REW & W RE M B4 2 -
(a) DUBHERAHTE TH B R

Root & R REW & WS #E 0 Hm Z2— -

(b) DUBIESREAT T BESF RIIFRESE R

D
PR — R
ST e \
Root &Mk R KEW 7 #Hh #&E K #4 Z— -
\ 9 7

(c) DOEREZRARAT R T5R 50 T WA FEORBOPRIESS R

Figure 4: DUBHEIRIE SRR I EEF AT (£ 55 7= Bl

[N, Team.39&H, FXTIRTCIRAMMES2MNES3, EECATERIR TT N ET 45 AT BEXT HE SR
ENTER B . RIS —M A ERE T £ (Zhang et al., 2021), K& T span FIHEZRE W ENTE 1t
R GERENTIESS . REFFIE RIS T A 454 (B 4-c), NTZ ARSI, RKrEE
TERIRTTFIVE N HARA RS, I 9 H A HEisner B % (Eisner, 2000)#% H & @45 90 1 71,
Rz oo i B riE SUA AR o B2 B AR R AL I g3e Sk <2 — Z [\ 850 b, e A A
WEEAORIRANCITTHITE R, HR B RAANTE L Z B BAR S BN 18 TT PR -

6.4 ETEZAESTIIGRRITTE

KB RE T KERTeam.4, BTS2 £535FGHINERES ML, F AT
GRRAIHAT I — DB ZINVIRH Z RS TSR R R g MR A R TERE, BARR), XL fE
FLERT (Cui et al., 2022)EA TN ZRETY, Br T IRIGHIBert ISR 1ES55h, LERTEEAT T iAE
#iE  (Part-of-Speech tagging, POS) , 45 5{&iR%] (Named Entity Recognition, NER)
FKAFE 4T (Dependency Parsing, DEP) - LERTTEA[RIFINGE HINIE 5 B LSS T R I H
RERRE, EARUGTNF FESS2ESS3 L5 AIBUS T 88.53F157.93/IF11H -

6.5 ETHIHHMK I

FECFN2.05UE S AN RIFEZR BT 1 & ) ) (0B I H BRI R A, 4 WA (PR ]
HESRIE BT 30045 f),  SRTTEA T R ISR AE Y SR 88 B Bl -0k, D RIHESE
i (ENERAR] BRAMIT —ik. B, SEZGRAIME, KA ERTEARTFEZ R
AT o NRRRILIAE, Team 5K M T B3 & G A1 DAHESRRIEURS T 54, %5 IRRF
PRAEL0120 Z A EE EE 3, F IR/ DT 10MEIRER 10K - T R EHES
K226,000 M PRESEG] - WEBFTR, 585 HIETREEINTE, KB R EE S R 26
5 o XK LRI T 5 RAES RIS -

B R E A F AR WS, 30512300, MEARIE, HiE, 20234E8H3H Z5H
(c) 2023 WA BF ARG A
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Figure 5: EHEHY 30 Fif f5 HEZRAF) 7] 40 A1 K]

Team. 3N MCoNLLO9(Hajic et al., 2009)%#E & H I — & 2 %R, e AIGT
AL ATTI , R FIIF AOER Y R B R B 88, 300 TR AR ZRErEREE , DA R
B SBERZLRE T, EREAIVEREE et -

6.6 ETHHBAE M IE

o T AR BUEREAR ) 5 (E 55 T A 50 R ] B PRIABOE ), A AR b bt
AFIE R, Team.45| N 7T FRH“Gloss data augmentation” FIEIEIG R 7720, WNFAFTR, %S
15T H A SR H FRiE AR S E BN -

Target Word Example of Gloss

T FBRFIEMER, AR BEEHERS -
SR (Bh) FHBER: ~EH-—~ NERIE -
5 (Bh) 1BE: ~pst—BER-

Table 4: Gloss data augmentation 715

FoR T IZ IR R S B S IRA R BIRE BES &, Team aff ] T — MEMERARSS
aEmREERE, e T - DiREHRE, RS TS BRI R RS
B SBEILXMTE, AT LLEZERRE RO A R R BERIE LA R AR, REOEEREX
51 BRI BT B HE SR O RE

output

Linear Layer

LERT ‘ LERT

input gloss

Figure 6: Gloss Enhanced LERT 57 ¢

6.7 KiBFEEI ST

ST AR IPEMAESS . A TRIBE T SE MR T KT AR AR/ TAESS D ARE ST - Fedl]
MR B T ER ARG, B AR R E R, HHAChatGPT (gpt-3.5-turbo-16k)
SERUAH R B FAESS - BRSNS FHEZEIRFBIMES, FATMR T ChatGPTTEZero-Shot FlFew-

B E R E A EARIRSCE, H1I3T-512300, /R, PE, 202348 3H%5H.
(c) 2023 HEPLFERFLHHIBEFTFTUWER
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Shot¥ & FHILER (85) - AT RITEEIRBIANSITTACIRAIES, BTl s B 52
RITE, HChatGPTHHTZRNE, FISHAMMEMATRNLSER (Fo) -

HHIRE | TR | EAE
Zero-Shot THEZEE X | 40%
BEEEXL | 3%
THEZEE S | 54%
BEEEX | 53%

Few-Shot

Table 5: ChatGPTHEFIESS HSE%G 45

task Precision | Recall F1
T ICTE A B 60.98 2252 | 32.90
WIT A BT 6.38 759 | 6.93

Table 6: ChatGPTZEAIESFIRITESSH L0455

SLRLERERNY], ChatGPTAEDUEMESE T I = T1E55 LRMERERII AT, AR
HERERISI ST, ChatGPTHRIRTIEIRIF A MMEZR « 18 TT RAEZE TR A0 A AR B A DO, M
DA 38 B POBEHESR T LT RS TR 22 -

A=V -

JIChEH

AR TA0RL B8 XA B EEE S, RIRHIE] T RE R B 2A AR F e Tk FAIEA
kA 2% . AT FNES MRS - 75 SCRLEEA, /IMETY I K& AOREZR 1 SCHREHE ) AN
2, FEATIRERTTEARNY KR AERR, RIS HESRE SR, M LUERR R 6T
FHRETTAE, XRBRHIZES TR ERMZ RIS . BEME, ARGFE S IE R
RLEETE SCo AT T AN R AL, LADUERESR T SRR AT A S5 AR B (137 32 % 181 e ) AT 9
ARFBIFHU AT LIS B KRB s AU, B B2 BN R, e B 4R
BN R EEGE T, PRI DOBREIR I & R -

o

O E R AR RS EATE (61936012) FIRHE G13#72030- Hi— RN TEf8” 8 AT H
(2020AAA0106100) FISZHE. BOF CCLIFMAEZT ST HE -
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Abstract

Chinese Frame Semantic Parsing (CFSP) is a semantic parsing task based on Chinese FrameNet
(CEN). This paper presents a solution for CCL2023-Eval Task 3. We first attempt various pre-
trained models for different sub-tasks. Then, we explore multiple approaches to solving each
task from the perspectives of feature engineering, model structure, and other tricks. Finally,
we provide prospects for the task and propose potential alternative solutions. We conducted
extensive comparative experiments to validate the effectiveness of our system.

1 Introduction

Chinese Frame Semantic Parsing (CFSP) is a semantic parsing task based on Chinese FrameNet (CFN)
(Gildea and Jurafsky, 2002). To gain a thorough understanding of the events included in the sentence, it
aims to extract the frame semantic structure from the sentence, including identifying the frame activated
by the target word, Frame elements, etc. In downstream tasks like relation extraction (Zhao et al., 2020)
and reading comprehension (Guo et al., 2020b; Guo et al., 2020a), FSP is extremely important.

1.1 Task Definition

A5 F R
A A

T RA R, BN R R, TAE
LAY, RUTLAIA BT,

v v
EYY s

Figure 1: Example definition of three sub-tasks

Frame Identification is a large-scale text classification task that seeks to identify the activated frame
based on the target word in the sentence. There are numerous frame types, but there are few sentences
that fit into each class, which presents a challenge. Given a sentence including a target word, this task
requires to identify the activated frame. The target word is showed as in the Figure 1. The input
is the sentence, and the output is the identification result of the activated frame indicated by the
solid arrow in Figure 1.

The goal of Argument Identification is to indentify the range of argument spans in a sentence that are
controlled by a certain target word. We model this task as a sequence labeling task, which is to identify
the arguments that are present in the sentence, namely their start and end positions. The input is the
©2023 China National Conference on Computational Linguistics
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sentence and the target word, the output is the starting position and ending position of every identified

argument span , which is showed as 7T in Figure 1, and each sentence may have one argument at
least.

The goal of Role Classification task is to identify the semantic role of the argument that was identifid
in the Argument Identification task. Additionally, we model the Role Classification as a large-scale text
classification task. There are several potential argument spans and semantic roles inside various frames,
and each argument may take on different semantic roles in different sentences. The inputs include the
sentence, the target word, frame information, and the positions of the argument spans. The output is the
argument Role Classification result indicated by the dotted arrow in Figure 1.

1.2 Contribution

Our main contributions can be summarized in the following two points:

1. We propose our own solution for the three sub-tasks, which improved more than the baseline in
evaluation metrics like accuracy and F1-score.

2. We explore a number of approaches to the three sub-tasks from the perspectives of feature engineer-
ing, model structure, and tricks. We also provide an analysis of the experimental results.

2 Related Work

The FrameNet is a taxonomy of manually identified semantic frames for English(Fillmore et al., 2012).
Listed in the FN with each frame are a set of lemmas with part of speech that can evoke the frame, which
are called lexical units (LUs). Accompanying most LUs in the FN is a set of exemples annotated for
them. Moreover, there are a set of labeled relations between frames(Liu et al., 2016).

Frame Identification can be abstracted as an event extraction task. Certain approaches employ pat-
tern matching techniques by learning patterns from annotated corpora to extract information from docu-
ments(Riloff and others, 1993; Kim and Moldovan, 1995). Subsequently, machine learning-based event
extraction treats event category classification and event element extraction as classification problems,
aiming to categorize event-triggering words into their respective event types(Chieu and Ng, 2002; Ahn,
2006; Llorens et al., 2010). In recent years, the remarkable feature representation capabilities demon-
strated by deep learning methods(Nguyen and Grishman, 2015; Chen et al., 2015; Nguyen et al., 2016)
have yielded impressive results in event extraction. By fine-tuning pretrained models on downstream
tasks(Peters et al., 2018), these methods have significantly enhanced overall performance.

Since event detection benefits many NLP applications (Cheng and Erk, 2018), intensive efforts have
been devoted to identifying their arguments. Several studies use dependency parsers to obtain features
(Li et al., 2019), or use sequence labeling as a viable solution (Strzyz et al., 2019; Du and Cardie, 2020;
Veyseh et al., 2021). Meanwhile, argument Identification has been recently addressed by end-to-end
event extraction models, (Wadden et al., 2019; Lin et al., 2020; Li et al., 2021). Lately, some works
reformulated the task as a Question Answering problem (Wei et al., 2021; Lyu et al., 2021; Sulem et al.,
2022; Du and Ji, 2022))or as a constrained text generation problem (Dai et al., 2022) using predefined
prompts or templates. Role Classification is a subtask of argument extraction, the goal is to identify the
semantic role assumed by argument. Researchers usually model this task as a text classification problem.
Meanwhile, Using the interaction between argument roles can improve the performance of argument
extraction (Ding et al., 2022).

FrameNet is a typical method for frames emantic parsing. It consists of mapping a predicate into a
frame, and analysis of the frame’s elements. FrameNet has been applied to many downstream tasks,
such as Machine Reading Comprehension and Text Summarization (Guan et al., 2021b; Guan et al.,
2021a). Chinese FrameNet is a frame semantic resource refer to FrameNet, and based on Chinese corpus,
including frames, frame elements, lexical units and frame relations. Chinese framenet is increasingly
important in Chinese information processing.

Proceedings of the 22nd China National Conference on Computational Linguistics, pages 124-138, Harbin, China, August 3 — 5, 2023.
(c) Technical Committee on Computational Linguistics, Chinese Information Processing Society of China

125



Computational Linguistics

3 Background
3.1 Dataset

The dataset utilized in this evaluation is the Chinese FrameNet (CFN) dataset. It is a frame semantic
resource constructed by Shanxi University based on Chinese real-language corpus. The data consists of
frame knowledge and annotated example sentences, including nearly 700 semantic frames and 20,000
annotated examples.

In the annotated example sentences, the information includes example sentence ID, frame element
annotations, activated frame name, target word and its position, part-of-speech, annotated text, tokenized
text with part-of-speech information.

In the frame information, it includes the English and Chinese names of the frame, frame definition,
English and Chinese names of frame roles, abbreviations, definitions, and other information.

In the CEN dataset, there is a significant long-tail effect in the frame information. We sorted the
frames in descending order of their frequencies and collected one sample every 8 frames to plot a bar
graph. As shown in Figure 2, the most frequent frame is “ffRiA” (statement), which appears 343 times.
The least frequent frames, such as “/NEF7E” (no longer exist), “AE7S{# > (whether it can be used),
“[E] B4 (simultaneity), etc., only appear once. Frames with frequencies below 20 account for more
than half of all categories. This reflects the difference between the head and the tail, indicating that a
few high-frequency frames occur repeatedly, while the occurrences of numerous tail frames are more
scattered.

@i’w#&i*:}@ﬁ@@a@e&@iﬁ%ﬁq@?&&?@&ﬁé F& ﬁﬁtgwﬁi ’f:‘ﬁ ﬁy%@i:g gmm.«%% @v’ﬁ&;&@m&w&y s @,«: é&g\:&i gm:x?«
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Figure 2: Long-tail effect of the frame distribution of the original dataset

Due to the scarcity of data samples for low-frequency frames compared to high-frequency frames, they
are difficult to classify accurately. Therefore, we consider enhancing the dataset to mitigate the problem
of poor classification performance caused by the long-tail effect.

3.2 Evaluation Metrics

¢ Frame Identification
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The evaluation metric for the framework identification task is accuracy.

number of correctly identified frames

taskl_acc =

ey

total number of frames

* Argument Identification

The evaluation metrics for argument span identification are precision (P), recall (R), and F1-score
(F1).

InterSec(gold, pred)

task2_precision = Ten(pred) @
InterSec(gold, pred)
task2_ — ;
e Len(gold) (3)
2 27 - g 27
task2_f1 = x task2_precision x task2_recall @

task2_precision + task2_recall

In this context: gold and pred represent the ground truth and predicted results, respectively. Inter-
Sec() refers to the calculation of the number of tokens shared by both the ground truth and predicted
results. Len() refers to the calculation of the total number of tokens.

¢ Role Classification

The evaluation metrics for argument Role Classification are precision (P), recall (R), and F1-score
(F1).

. Count(gold N pred)
task3_ — S
ask3_precision Count(pred) )
Count(gold N pred)
task3_ ll = 6
aeie-rec Count(gold) (6)
asks.f1 — 2 task-precision x task3.recall o

task3_precision + task3_recall

In this context: gold and pred respectively represent the ground truth and predicted results. Count(*)
indicates the calculation of the number of elements in a set.
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3.3 Model Overview
« BERT

BERT (Devlin et al., 2018) is a deep pre-trained language model based on the Transformer archi-
tecture. It leverages large amounts of unlabeled data for pre-training through tasks such as Masked
Language Model (MLM) and Next Sentence Prediction (NSP). This allows the model to learn rich
language representations. After pre-training, BERT can be fine-tuned on specific downstream tasks,
enabling training for various specific tasks.

* LERT

LERT (Cui et al., 2022) (Linguistically-motivated bidirectional Encoder Representation from Trans-
former) employs the Linguistically-motivated Information Pre-training (LIP) strategy, which incor-
porates three types of linguistic features and the original MLM pre-training task. These linguistic
features include Part-of-Speech (POS) tagging, Named Entity Recognition (NER), and Dependency
Parsing (DEP), among others. This strategy enables faster learning of foundational language knowl-
edge. Experimental results on ten Chinese natural language understanding tasks demonstrate that
the LERT algorithm significantly improves the performance of various pre-trained language models.

* ERNIE3.0

ERNIE 3.0 (Sun et al., 2021) (Enhanced Representation through Knowledge Integration) is pre-
trained on a 4TB corpus that includes both plain text and a knowledge graph to enhance knowledge
integration. To address language understanding and generation tasks through zero-shot learning,
few-shot learning, and fine-tuning, ERNIE 3.0 introduces a unified pre-training framework that
integrates autoencoder networks and autoregressive networks. Experimental results demonstrate
that ERNIE 3.0 consistently outperforms state-of-the-art models across 54 benchmark tests and
achieves first place in the SuperGLUE benchmark test.

3.4 Loss Function

Loss function is used to evaluate the extent to which the predicted and true values of the model are not
the same. In this task, the Focal Loss (Lin et al., 2017) function is used to better alleviate the problem of
unbalanced number of sample categories.

The goal of Focal Loss is to address the issue where traditional cross-entropy loss contributes less to
the loss of positive samples when there is a large number of easily classified negative samples. Traditional
cross-entropy loss tends to focus on the majority of negative samples and neglects the minority of posi-
tive samples when dealing with highly imbalanced datasets. By introducing Focal Loss, the model can
better handle class imbalance problems and pay more attention to difficult-to-classify samples, thereby
improving the performance of classification tasks.

1 . . . ,
loss(o,t) = —g(Z(t[z] x log(o[i]) + (1 — t[z]) x log(1 — ol7]))) )
i
As shown in formula 8, we use balance factor to deal with unbalanced samples in Balance Cross
Entropy loss(BCEloss).

FL (pt) = —ay (1 — py) " log (py) ©)

Focal loss is specially designed for the one-stage detection algorithm, which reduces the loss weight of
easy-to-distinguish negative examples. It increases the dynamic adjustment factor based on BCEloss to
achieve the effect of difficult sample mining. We make the model more focused on hard-to-learn samples
by setting v value as 2 in the formula 9, thus the network will not be biased by too many negative
examples.
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4 Model

4.1 Dataset processing

In our approach to data augmentation, we treat all fields at the same level as sentence_id, along with their
corresponding subfields (such as sentence_id, cfn_spans, frame, target, text, word and their respective
subfields), as a single data unit. Since there are 695 frame categories shared among 10,000 training data,
the frame field may be the same across different data units. Hence, we tally the occurrences of the frame
field. If a data unit exceeds a certain frequency threshold, we create duplicates of that unit. Specifically,
for frame frequencies between 10 and 20, we replicate the data unit three times, while for frequencies
below 10, we replicate it ten times. Consequently, the augmented dataset comprises around 26,000 data
units, compared to the original dataset of 10,000. Following data augmentation, the dataset becomes
smoother, alleviating the long-tail effect that was pronounced in the pre-augmented dataset(Karimi et al.,
2021). This, to some extent, reduces the difficulty of the classification task(Wei and Zou, 2019).
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Figure 3: The frame distribution after data augmentation

4.2 Frame Identification

The long-tail effect of the dataset influences the performance in large-scale text classification tasks. The
class with few examples is inadequately modeled, even be suppressed, and the model can only learn the
properties of the category with enough samples. To reduce the long-tail effect, we choose to use the
dataset after data augmentation and focal loss as the loss function.

We choose BERT as the pre-trained model, and the model input is [C'LS] + sentence + [SEP]. After
extracting features from the hidden layer of BERT, the [C'LS] vector is concatenated after the average-
pooling target word vector, and then classified by MLP. A special [C'LS] vector will help the model for
classification. The model process is shown in Figure 4.

We use the training dataset as an extra-domain knowledge base at the same time because the target
word and the activated frame are a one-to-one single-label text classification task. After getting the
predictions of the trained model, we integrate them using the rule matching method, mapping the target
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Figure 4: Frame Identification process

words into the appropriate frames. The same target word can be directly matched if it appears during the
test. This method can enhance and correct the model’s predictions and increase the model performance.

4.3 Argument Identification

We model the Argument Identification as a sequence labeling task, using LERT integrated with linguistic
knowledge as the pre-trained model. And we use the original dataset with focal loss as the loss function.
The model process is shown in Figure 5.

The model input is [C'LS] + sentence + [SE P| and the target word with special token < ¢ >< /t >.
This allows the model to learn where the target word is located. The model classifies each token and
identifies whether the token is part of the argument span, that is, to identify whether the token is the start
position, end position or middle position of the argument span.

As shown in Figure 5, when the classification result is 0, it means that the token is not part of the
argument; when the classification result is 1, it means that the token is the start position of the argument,
and when the classification result is 2; it means that the token is in other positions of the argument except
the start position.

4.4 Role Classification

The goal of the Role Classification task is to identify the semantic role of the argument in the sentence
based on the argument extracted by Argument Identification. We also model Role Classification as a
large-scale text classification task. The model process is shown in Figure 6.

We use ERNIE as the pre-trained model, and use the augmentation dataset. The model input is
[CLS| + sentence + [SEP], the target word with special token < t >< /t >, frame information
with special token < f >< /f > and argument spans. This allows the model to learn the location of the
target word and the frame that it activates.
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As shown in Figure 6, the Maxpooling Span extractor is to max-pooling the argument span vectors,
and get the arguments features. The model classifies each argument, and identifies the semantic role that
the argument assumes.

S Experiments

5.1 Environmental Setup

We train on Nvidia RTX3090-24G. It takes about 2 hours to train 20 epochs for the Frame Identification
task; about 1 hour for 30 epochs for the Argument Identification task; about 1.5 hours for 30 epochs for
the Role Classification task.

5.2 Results

We give the result of different models and methods including the two ranking lists of A and B.

Table 1: Frame Identification Experimental Results

Ranking List Model Method Acc(%)
dataset_aug 62.35
Focal loss
BiLSTM 893
dataset_aug
concat_CLS p3.33
concat_CLS
Focal loss 63.45
BiLSTM
dataset_aug
concat_CLS 64.40
A BERT R-drop
concat_CLS 64.55
baseline 65.10
- concatCLS
Focal loss 66.15
dataset_aug
concat_CLS 66.30
Focal loss
dataset_aug
concat_CLS
Focal loss 69.70 (14.6)
rule matching
ERNIE / 65.90
dataset_aug
concat_CLS 60.12
Focal loss
B BERT dataset_aug
concat_CLS
Focal loss 65.14

rule matching
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As shown on Table 1, in the Frame Identification task, we compared the BERT and ERNIE models.
Since ERNIE is not significantly improved compared to BERT, in order to reduce model parameters, we
choose to use BERT as the pre-trained model.

At the same time, we adopt a data augmentation strategy, introduce the [C'LS] vector, use focal loss
as the loss function, use the rule matching algorithm, add BiLSTM layer, R-Drop and other tricks to
improve the classification accuracy.

Table 2: Argument Identification Experimental Results

Ranking List Model Method F1-score
BERT baseline 87.55
dataset_aug 87.67
Focal s 6793
A LERT dataset_aug 38 12
Focal loss
/ 88.13
CRF 88.46
Focal loss 89.03(71.48)
B LERT Focal loss 87.94

As shown on Table 2, in the Argument Identification task, we compared the BERT and LERT models.
Since LERT has a greater improvement than BERT without any other tricks, we make a series of attempts
on LERT, including data augmentation strategies, focal loss, adding BiLSTM layers, adding CRF layers,
etc.

Table 3: Role Classification Experimental Results

Ranking List Model Method F1-score
BERT baseline 54.08
/ 55.56
Focallos ST
A ERNIE dataset_aug
Focal loss 56.09
Focal loss 56.51
dataset_aug 56.71(12.63)
LERT / 55.18
LERT / 50.65
B ERNIE / 50.85

As shown on Table 3, in the Role Classification task, we compared the three models of BERT, ERNIE
and LERT. Since ERNIE and LERT have a higher improvement than BERT without any other tricks,
and ERNIE has the best improvement effect, we have made a series of attempts based on the ERNIE,
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including data augmentation strategies, focal loss, and adding BiLSTM layer, etc.

5.3 Analysis

In the Frame Identification task, we found that the method of choosing BERT as pre-trained model, using
the augmentation dataset, concatenating [C' LS| vectors, using focal loss as the loss function, and using
the rule matching algorithm achieve the best performance.

After data augmentation and using focal loss as the loss function, the unbalanced distribution of dataset
problem is well alleviated. The introduction of the [C'LS| vector, that is, the introduction of the overall
features of the sentence, and the integration of sentence-level features will be useful for the model to
classify tokens. It is worth noting that adding the BiLSTM layer will reduce the accuracy of the model.
We guess that it is because for the Frame Identification task, the model needs to distinguish the target
word features, and the BiILSTM layer will instead make the model pay attention to the semantic infor-
mation of other words in the sentence, introducing unnecessary noise. In order to reduce the influence
of dropout on the model, we try to enhance the robustness of the model through R-Drop. R-Drop limits
the K L divergence between the output distributions of the two sub-models sampled by dropout, so as to
alleviate the problem of inconsistency between prediction and training, but from the results it seems that
the performance is not as expected.

In the Argument Identification task, we found that choosing LERT as pre-trained model and using the
original dataset with focal loss works best. Since the sequence labeling task often requires the model
to pay attention to the semantic information of the context, we add the BiLSTM layer and the CRF
layer. Although there is a certain improvement compared to the baseline, it does not improve greater
than directly using focal loss as the loss function.

In the Role Classification task, we found that choosing ERNIE as pre-trained model works best with
only the augmentation dataset. Similar to the Frame Identification task, the Role Classification task is
also a large-scale text classification task, so adding the BiLSTM layer and CRF layer will not help the
model much, and may introduce unnecessary noise.

Sub-tasks 1 and 3 can be abstracted as classification tasks, and the utilization of data augmentation
methods can be highly effective in improving the performance of these text classification tasks. The
reason behind this lies in the fact that data augmentation enhances the model’s capacity to generalize
by introducing a broader diversity of training data(Shorten et al., 2021). By augmenting the dataset,
models can expose themselves to a wider spectrum of language patterns, enabling them to gain a better
understanding and proficiency in handling diverse types of textual data(Bayer et al., 2022). As a result,
the application of data augmentation leads to a significant improvement in classification accuracy.

6 Future Work

Due to limited evaluation time, we have some unfinished attempts on the three sub-tasks.

* For the Frame Identification task, we think that we can try to use methods such as copying the target
word and adding synonyms to make the model pay more attention to the target word in the sentence
and increase the semantic information of the target word.

* For the Argument Identification task, we think that we can try to model the task as an Machine
Reading Comprehension task, so that the model can better understand the semantic information of
the sentence.

* For the Role Classification task, since there are only several possible roles in the frame activated by
target word, we think that we can try to let the model only classify the role of the argument under
the activated frame to reduce the interference of other classes. Furthermore, since different roles
have different meanings under different frameworks, we can also try to integrate the role description
information of arguments, so that the model can better understand the meaning of argument roles
under different frames, thereby improving Role Classification performance.
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7 Conclusion

Experimental results have proved that our proposed solution has achieved greater improvement com-
pared with the baseline in the three sub-tasks of Frame Identification, Argument Identification, and Role
Classification. At the same time, we have made a variety of attempts to solve each task from different
perspectives, and give an analysis of the experimental results. Modeling the task as one certain problem
is the key to solving the task. When using complex methods to solve traditional tasks, returning to the
essence of the task and simplifying it is often a good way to break through the bottleneck.
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Abstract

This article introduces the technical approach adopted by the participating system
in the 3rd Chinese Spatial Semantic Understanding Evaluation (SpaCE2023). For
the spatial semantic anomaly recognition task, an extraction method was proposed,
and combined with a generator to further complete the spatial semantic role labeling
task. The spatial scene similarity judgment task used a large language model for
generation. This article further explores the application of large language models on
the evaluation dataset and finds that instruction design is a key and challenging area
for future work. The code and models of the participating system can be found at
https://github.com/ShacklesLay/Space2023.
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TS5 A 2 18] )25 A R R
2.2 SpaCEZRJ|EN

SpaCE2021F = FAE55, 45223 (8135 UIE R AW - 25 (638 58 U3 B A 22 1 A0 Fn
ZAE AW 5 AR E £ - ENTRREEE ZnHIM 8, SpaCEW @A 2 T il Fr i
BIBERT (Devlin et al., 2018)& 3. T —EEL RYr, MU RIFTE 2 FREIAER T FHK
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RIFERER LTI, BECIHZEERIEPIA LR » = 2 A ysfE ke £ ma
ORI FERFIBEP2MIAT LU 7 22 Z AR A G AR 17 -
PIFIP2F & S HIZ BISEAINR: " =27 7K .

RIEPIFIP2HIHHIA , ENIFTHR RS F LA 227 3 JIMFTARKAMAE, PLEAKRE
ééﬁﬁ@%ﬁﬁ*ﬁﬁ@iﬁ, T P2FAR K2 = ZShfE KT T 77 - Bk, EN1TARI=
YEA—E.

Input:

AR Z RS R > AU R, R ENTER#RAETE & F, fantsB e E
YRR T U AL

1. & Hcontext1Flcontext21ZEF AR C1FIC2;

2. HHCIFC2FE M SE B FIEPIAIP2 . AR {UFEZEF AN B LA 2 B A R A
7], PRI EATT R T =S 1Al

B TR RS A SRR, B30T R 14000, W/RiE, hE, 202348 H3HE5H.
] - bzl
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3. FHPURIP2H A1 & B2 (R SE 44

4. PRI R,

5. RO AT R -

FEFRREZIE, BTN T ARG, 3R m AR 2 8 S 7 AR R RS R RS
oL G RBR TSR M) | HFErefl P T 7 g B4ERET A, Bl Thought#Fs) -

4 FMIERE 4R

4.1 FES1HTEMRUE

TAES1 KA A GIRBERIEE RN, RS T:

DTN FHRE Mresults. (RN FHRIT) | 55 5ERF Mrosults (1“5 %)
PEATEAN AL W FRARIUF A Prole HHIEENFAT (idxes FB) , (XHAZH IR Frole
FHRE T T, AVONETF AR IER M 74T

@O LAPMETERRIE B TOCRIFL H, AT

F1=(2xPxR)/(P+R)

P = IEBIRHFATEL RIS T4, R = IR H ALY S5 7L

ORENG BRI, DULIUG 1% A iR ERR T RS -

TAESS1 FIRFR BRI BNER N E N S 2 1805 - LIRS IR F R B Hrole, A ZAES
FIHERrole FHEN TIZFAF, MALZERKE HAFAF -

4.2 FHES2MEM bR

TAESS 2L T AP EG 7, (E RN TR

O A NS ERINR A E R TR B results TLEBE, WHSHEAMFHFREA, HHH
BOICHED AN ZEITTAMERITH, TTHF Krole 7RI ANZ%E AEFFHRA D,

O R ITEMS B ITTHIATILES - M TR/ATTAY, ZRUTEFITEFRITAHNE
5 Hrole & “ZEAI SR B S FSLAAT B, T Fidxes FBIVFL (B X THM UK 7 Be2R 0
&, WHtext FBIFL H; X THRERMAE, MEML 2, AR 7. BEAE 6 5H
) AREANARE, WERE, BB TENSE. ASFEAENERACEHEANHI, 1T
AEAts .. SZEAGMERACHE DAL, KAGHATD . WRERELFERAE
(1-2 5ff) FRANLE, WENFRITART 7, BUXFrE R A ERESKM, 1Eh
FrQICH S

O FHEHRREEMSEB A, WP R, FEAFQEET T R
TTHREBRRIRR ST - UEMERE&RAE

ONTHEIRETEEEITEFL E, FATES2 MREES -

4.3 THS3HIFMIRHE

FAESS3 B ERIEjudge FEMIGFIEN RIFHINT & B IER, WREIR, ZEE o Wk
1ER, SRF A LA Sreason 7B A BOUAR BT REREMERTE RT3 - 8IS, FoRAINT =
(B3 5 A U EE RSB 2L - S 275 GBI 10038 @45 R 31T AN TiF4y -

4.4 R
2 BoR T BHATESNFES LIS 25

- Table 2: Eﬂﬁiﬁ%%ﬁ?”ﬂ@%/l\ﬁﬁ%ﬁ
ﬁ?gl}éﬁgﬁﬁ %(BFTT; j;;iljéﬁg;; T(BFTT; task2 (F1) task3 (&40l
0.5782 0.6526 0.4739 37.40

B TR RS A SRR, B30T R 14000, W/RiE, hE, 202348 H3HE5H.
] - bzl

146



5 WERSHGH
51 PRSHGH

FATSS 1R FHEX 18] 0 7 2R IR B S5 ORI E SARER T T« BTFZATSS R
BOREFAE R B AT BEANELLR B L, A ER X 18] B9 77 20 R RE e S X (a), [A] b FhHR X A
B TR TE N AR L [X (R R I H S 25 o 9118 24 Fp 0 SR A T A

GO ER I TR —BEWLE, GE—ERFNFRFITT, MR N RR IR LE L
&, SRR - FRIFICHIR P EELLEAREE LI /N K, PRE LR R ZE EL AD4EEE .

IER A A =TT NIZ N -

{"role”: ”S1”, "text”: "fHLE", "idxes”: [0, 1, 2]},
{"role”: "P17, "text”: "EI&ILT", Yidxes”: [4, 5, 6, 7]},
{"role”: "E17, "text”: " &—RELLIIE” "idxes”: [3, 9, 10, 11, 12]}

ZZICHR N B — AR R, BAFESUR A BONESIRIL - 2% SO L P Al E
X E A AR AE R0 R -

{"role”:  7S17, 7text’: "MHE R EE LT E — BN, Tidxes”: [0, 1,
2,3,4,5,6,7,8,9,10,11,12]},

{"role”: "P17, "text”: " T HI—ELLIE, BE—IEHF NP EFIF", 7idxes”: [7, 8, 9, 10,
11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26]},

{"role”: "E1”, "text”: "HIFF, MILIETARIDAHELELE, SE—% K- 7, "idxes”:
[23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45]}

AT ER XA 7 SR BE R LE XA, I E AR SR — AR o = SO A B, T
HEEREIEN B R A Bl R, SEUSEE R T HEXR B o REFLLIEE
HREPNERTEC, DA ECE X B A A AN SR X (R R B ) (R R0 -

THESS 23R 2T A A T IEAI BN L A 7%, HEHFEEHEETMREE, A2
PAUERAR BN & R T AR R A & - FIRF, 2RSSR H TR ABZRIKARKR, W
TEUR, BRI RETER -

15 F o <28 [B) SEAR” BAzoly, W EFRTE -
25 At S REA H5155 A H PR R I .
6-145 ABEAS 5155 A AR HI

RAT] LI EANTE 2RI T, DR 7 H 45 R AT 20

5.2 XREFEEHER

FERIMMES L, BAZFAEARESFER (FZREMOSSHMChatGPT) HEATAER, K48
TR AP AR A SR AR

BRI A RRCRIRE « XERAEIATES 1L, BAIRBEREB LT & 2R W
B Ag a0, (ER U R SOR R B AR I S R LR . AR EERNA RS
K RIFEFEEAGFIEX - TIRREGPTARIEE, LZEMOSS, ETES3 EHEUG T A
BRORIL, B EEIARMI R = TAESERTRER, I AT LU R 0E 5 B2 H 5877 R BT
DTS o BTN 2 AR TR < BT B o FEFRSSOT B, AT T DR
RRAEREMSLAEFH LU & RS2 M7, BN DR AR 2 f0 s 20 Bt e 1L KR SR
RYAE R H B AR A ey AR S o (B BERE TR 1)t 25 (A3 SR 1 0 TR« Ff TRE B FH TR b AT 58
Wk, ZRHIAESERERAZZRECRF OFL, eI EER S N SRR
EER

B TR RS A SRR, B30T R 14000, W/RiE, hE, 202348 H3HE5H.
] - bzl
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R RERIAH, REZRNE R A B . ]

A B R AE S REOE BAR T 2 R = MIE R, TAELAE AT L - a0 = A LL
B NEE

i MAEARAR AR TR, B KGR . iEAR RIS ISR BOER T £, A TR - X
EEN, e kgn EEA, — A mARER - BEANEIME, SBESGH, —3)
WAEh, P IELERR, HEARBERIKETT -

R AT BEFh H A AL 25 B SO BRSO 7 BOR
I FEAR A S S B SO T L, T 2k -

HRGE AT A B B B (R - T ISR & e ET430K, B &
RIEFEA R SGRE - RIS RA R A SO R DAIVE (B A B A e /IR ) -
BRI AR A OB T LU FETE & DA Z MR ASURRSE T, 28T, KRiESEA MR A K
JERRE] TR QRS TEARIAEE, HABAZ MHRASCRNER A —ELGREFHmARNIL
A RHEEAE T, FERAE R SCREE DR A R - TEMREIEER E, MOSSH BRI IRAR
AR AT B YRR T A BB [E] A2 B A R, FEL-1090 BN EE . H B FER S Fl i
IR, ERMERE S B FTRES - MGPT3.5MGP T4 LR, HFHZEEEAPIHA
FH AR

PR T Z A A R B R A R R T 2, BT 2 T ROAMOSS F i B A B U5 %
H T HAMOSSTF E R & N Z KR m, ] ZZ IXLoRARA(Tang et al., )FIQLoRAf
W (Dettmers et al., ) 7% - ST, HUAMOSSE MG 5 Z Ai AR HER, Bl an A it 4l
WEERROXTIE o SOAEARRHERLITIE S, — DR AR AR T ES 5 (E 15182 A Al
[/ DREARTIE S HINE - BT FRURAGE A RE St AME, JofE AR SUER AT -

TEEBRWRZ, EES= ERATTES ORI, —J7 2R N1t BRI H G B
T AT AR R, AT EERMARNREAEERIICR, B R R FRHW FEZETH
BOURZ R ER IR, X{EREIAEW AT ZE R AT RS H], FR T — i .

6 S5 RE

FEAIRSpaCE202355 = i o 3028 [A] 75 SCER AR PRI A, BAT 15 P ey B R 5 Y P e BRI A6 R
FERRRATP DTS, SERRE SRR IR B = T1ES .« BIp DT ESSHISEE
BOTHER RN, F BTRE DFRRE 5 EAEXH MES LN - f890T & KIE
SRR A B DM R, AT HEECHT A DTSSR S URGE T R 2 BUES 1l H e
LRBANNRATZ SR OHERRIPIFTT A -
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] -

FeRRIE. PO ETE SRR . RIS . RIEEEA
Overview of CCL23-Eval Task 4: The 3rd Chinese Spatial
Cognition Evaluation

Liming Xiao%?>* Weidong Zhan'%3"* Zhifang Sui>*’ Yuhang Qin®>t

Chunhui Sun®?" Dan Xing!’?* Nan Li%*®*T Fangwei Zhu®* Peiyi Wang?*
'Department of Chinese Language and Literature, Peking University
2Center for Chinese Linguistics, Peking University
SMOE Key Laboratory of Computational Linguistics, Peking University
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Abstract

The 3rd Chinese Spatial Cognition Evaluation Task (SpaCE2023) aims to test the
machine’s spatial semantic understanding capabilities, including three subtasks: (1) to
detect and identify spatial semantic anomaly in a sentence; (2) to label the spatial roles
and relations for spatial entities in a sentence; (3) to judge whether two spatial scenes in
a pair of sentences are the same or different, then give a reason. Based on SpaCE2022,
this year’s evaluation optimized the task designs of subtasks 1 and 2, and proposed
subtask 3 as a brand new evaluation task. 1 team submitted the results of test set and
exceeded the baseline model on subtask 1. This paper also reports the performance
of the large language model ChatGPT on SpaCE2023 dataset, and provides directions
for improving prompt design combined with the issues raised.

Keywords: Chinese Spatial Cognition Evaluation , Evaluation Task , Large
Language Model
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HEESY

VO 2 AN P EER LM, RELEFEEFETERES AT . f£H
HRANERRER B, SENE CEBRE AR ST —E0 o 7 PFIALES A9 23 (88 SO AF RE
71, A E TR ROA R BT 5T, BTSN E 2 T o 30 B R R AR S5

(Spatial Cognition Evaluation) %ZH8s 25185 LEAERET) (B T Ret al., 2022) - 7E55—
JEIEM (SpaCE2021) H, FAT@E Bk e 77 A0 im0 77 2UAE A T = RGBSR B3O, it
FHEAMES, ERVLSHM ARG AL RERRE LR E VIR LT « 5 2 m e

(SpaCE2022) ¥ K THESFRE, N T EEIEES, ERVEGSESEIE B H RSUERHIR
RS B, EAS A BRI AT 4L B 38 SR R - 4% & SpaCE2022914 R4E
FIAS, 2 AfE BIERAIRAE S FIERR R (Accuracy) fxmih0.7992, S UFFE 5 IR 55 A1
S5 IF LER 706748, T8 LA BRI AESS HIF LE & 55 90.5069, BEEANLASHIE S # B ivRe
T RS S AE B RIBE B ik -

SEMRIES T TR ERTEE RS CCL2023, Ffi128 70 T 5 = Ja i U= (Al L f#
PHIESS (SpaCE2023) . HIELUF3NFESS: (1) ZEMERFHIRBIES. ZRILEHAR
HXAPZSEGFEERERFE:,  (2) FEELABKREES, ZRILEGETZRE BTN
0, W OICARHAT S BISARRNRA S S BT R RZIRNE;  (3) DRGSR FREAMAES, R
ER AT EE 0 EAR U P SO 2 A AT DA A R R =S (B3 5%, FFUdRA A B - !

FHETSpaCE2022, A @vHll it 7 ESS kit AR REANRRI —EBHERIRE =5 A
WSS, PRE T ARRI—BUER & W 7 H R BIE S A AT S B BOR 1018 A B PREAESS -
BXAOEABER 75—, NISMEXABEEHID . thFh, SpaCE2023#1E L T “=S A
YRR AT X —E RS, BRI NOR RS [ RS R ERGES - W
W, “UEAEFRERAT R A Cuh A AT 55 BURGER T ANRIR AL, (B B SR <R 5 5T AL
FEROZAENS K BLX I SRR T Rl — D2 A R, RIS 7E AT A B E o BR T 1ES5H
A, SpaCE2023:MEVT T [FEIEEL, @ TEEIRE: ¥ R TST|EARWIEE, arERXR
RS . HZEHIXSTRNOLRACLE R -

ARICRR & SpaCE2023 K SV A IE I - B2 A IME S RIEARNE, B3N ABEIRER
FITEREMEREER, FATEREEZRY - Z2TWARU KRB TUES ERFRIN, 57
BEEVEIRESL, R T IS (AR SO AR S R A 8 -

2 PEMIMESS

2.1 ?E%_‘: §l‘ﬁl%‘/§\j§‘ﬁiﬂ%“

TS —HMAR— MFEEZEE BRFHSUR, W RIERE AR, SHEE Dl
WS R, FEREERE T, ‘M rsSm A NEERE - mEEIR, ARG ERY%
PR B A0 DX 88, T BEAE AL AR AT IR < L 2% 7 22 6 I S-P-EAREE 5 8348 I B th 57 B SUA R
By, STafd 7= WU AE BRI, PIRSRISCARSRITAER, IR MR- & 7
[SEER, EIRSEHREMSE, At anr, Rk TSz TPRIT . BREURR, an[sft,
PRSI R, Ev] . SURFBRNEDSERZ6T, AW ZBAS-P-E=TH; &1,
AIS-P-EFFEATLER - K1 on [ MEEMIREREA RG], S1. P1. E1. S2- P2 E25%
B R PR -

2.2 TAES . ZSENE XA

TS AR —BRERERRAREFOR, WBiEREARBSH, BiEER
BB AE R AT T, FRIEERE P, #R T3 “t . SKEMZREER . PlasFmEE
HSTEPHRE & R R H 5t RS HRIFTEZRE R, STEPPRE R RTES-P-EFRETE H) Al
BN TREEE (T) M=EELE (F) BIIRE, MROEETHRE . =R LA
B, SEHFEES, STEMEETARR, X—adlEESE AR/ - ZERLT11 T
R, R ZEBIPILENE L.
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EVERIRIEE, FES—RTES I RS MR FRIBRER - £5 29 MES0E
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i, FEGFEAR . RN, FIHS5ZFESFEEROZMEER, RGN~ 8~ 205 -
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BRFES =X TEMSIAEERAER, BhHTHSRINAEBES Bir, TIh%
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B 1 2 3 4 5 6
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R T TS —BISUR R BosBUE L

FHES RS RIS ITR, —IHIIT 386631k, K8 RATREIEFHES _HURET 1 H
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s =2 A Bim B BE O OBR O EHEL4R
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8 THES HIPRE HILIREL
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4 VNS
4.1 FENFERR
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Zighr, REFFEMNGNER, LUFUENER BRS%5% R0 B 5 R T AL HIRE T ;
FEFR@RHEZTENR, BERFAMIIEE LR, DFIENERBESE AR EES-P-EFREER
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FAESS BRI AR e E R, BT EHN N — & EE BARE, 80 a 50
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8, 1ERNEEESD
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B04y; MHRIER, SR AT M LIRS £ A SCR TR A RUE AT 4 - DGR, FoRH)
W2 (B8] 5 e [R)  HE FH AR RS S 28 - B BRI N0-536 SR, ROFIH THRS L H
S5y BRI AL, AT S ARG B RS 88 AE AL A SOR AT ML FT 43 - B m B 4% 794
IS #1005, 1ERREE S .

SR | FPE X

59 | WHIDURLIGM R R SRR, XSRS R T E A -

49 | MEERTHE, NERYFHTER.

3 | BERERTHHEIMENED, RITHE, BENZHGREITER-
25 | BERRS =R AR, HEERTFHEIENZRRIR -

150 | PR s =S e X -

07> | RIEREE, AL A URER -

® 9 THEFS=H AL

4.2 PSSR
SpaCE20233H 127 ARSI MBI TMRALE R - REH TR T FES—H
FHES RS RS, HERK T KESHEEIGPT-3.5 A B8 FH ChatGPTHE = MESS FRIE

3https://github.com/2030NLP /SPaCE_Baseline_2023
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B, LR IR0

=05 FHEE— (F1) TFHES - TRES=

S XAWERYE AR (F1) (B4 Hl)
HEHX¥* 0.6526 0.5782 0.4739 37.40

Ho 0.6236 0.5547 0.4803 -
ChatGPT 0.4639 0.2521 0.1378 40.40

% 10: WENLE

421 FREFS—HBER5T%

5B R¥ 228 R5ME FH R BB AL S5 RTE ZOR e FAESS —, RS E L 7S 4
SO BRI, B SO A BN BT — M REE - TR A T deberta-chinese-large(He et al.,
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T BAECE A RS, SRR SO E S W SO LR B RIARL - B ARG T IR
BIYBERT (Devlin et al., 2019), R T FIIFREESHTEZ, &E T —MFIIPREZRA M &
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BHAGWFUER S TEEZRS . BERCHERRE L, ZHEARBR . SCHER -
BSCURA - RESOAR DL R HAth R ZE L4 F 5 5, HAEMBEER -, EHRGHE
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IPCOXXXX /N 22 Yy 2 X H 18 s R R (] PR AT B 28 JRIB B I AR G 827 R ], G B B
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MR FIPREZ B & RGAREFE T ALK RIEIL T, BTS2 23 B T30, trlk
TU9X7 BRI A . CRETEABGAR A . A, 46D ERBE L, EERGitHT
MTFEERG . 6B, BEAGTNHILT6IR, MEBRGHILT 2121k L, JF
FUBRE BT N SO 7 B AN E SRR G L AT BE R — E RIIE S, an<ZE R 22 2 A2 e A DU T Y
A BESINE, BERGUARKIXEERE T NP EEM, BERGEE T 24N
H”, EARELESR.

P RGER SO TR AR S ERR IR AR 20,6, AR R - FATER T 130 EW TR
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REFEIERENFR R H IR - X LR AL AR ERIE &I -

4.2.2 TS _HIRAELS Tk
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e &, B —CPTA AR (Shao et al., 2021)RAAF EKHITE - BRRKHTFESM
NEMMBUESS, el A, BIEATER, FESMA RS B EAb T E -

HERGHFUERLERBIEELERG - WD RGPERATNERZE R AR =S (B S5 4L
2ER L, BERGUSEISHE OB ITER, BB 172468125 [A1SEE, ML RS
HEAPOMBEM TR, AT DA IR TTAH, PORBI T 1808 M2 A S 44 o i 5
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BERGMNEERFBEMTTER, ZBHERTR, WHRHESMITE - RS MR
%o B ARGINNE F N RIS SR R R E RS RSB ITTR - RRATH—P0
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4.2.3 FHES=HIELEHTE
BHR2PER T RESHEEDRTERFES =, a1 ECOT (chain of thought,
FYERE) (Wei et al., 2022)Fllfew-shot /7 ¥ (Brown et al., 2020), @it COTH| S H 5 4F
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BB LIRHAA R ERFHFCIMC2; 2. HER T TR 725

FIEPIAIP2 . HE(URER AN ELAIMIE R R R FE, Bred & 7AW, 3.4
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g, IX5FREFIRGE T oMIERIRIRAICRI SCAR 7 BL . TS5 “RIFE S UL T 151 T HIHEE
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Overview of CCL23-Eval Task 5: Sentence Level Multi-domain
Chinese Ellipsis Resolution

Wei Li, Yanqiu Shao, Jialu Qi
Beijing Language and Culture University
School of Information Science
15 Xueyuan Rd., HaiDian District,
Beijing, 100083
liweitj47@blcu.edu.cn, yqshaol63@163.com, jialuqi983@163.com

Abstract

Ellipsis is a linguistic phenomenon that occurs in various languages, including Chinese.
Although humans can generally understand text with omissions correctly, it can have
an impact on machine understanding in terms of syntax and semantics. Therefore, the
automatic recovery of omitted elements is of significant importance for automated text
analysis and comprehension. This task proposes a computationally feasible omission
recovery task that aims to restore omitted constituents that occupy valid positions in
the syntactic structure of a sentence while playing a semantic role. The task is divided
into two subtasks: ellipsis position detection and ellipsis content generation. Baseline
methods that have achieved good results in both subtasks are described. Additionally,
to advance research on large language models, this study also attempts to utilize the
approach of in context learning using ChatGPT to perform this task and conducts
relevant analysis.

Keywords: Ellipsis Detection , Ellipsis Restoration
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text BRI RIARCE, W EFERIEREN S HEERS S, WEREERE T
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1 5§

B E —FEBEF CENPSMEST T ZHIME IET IR - BRAKIHERX
FREREAFHI, (B2 AZGE T 7] LUEN BN SOENT BB ALY - SR THLER
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£ RS MEMFWEN MRS (W#R3) - b, BATUERRNEARREES, A8
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ANERAR B IRE UK

o TATEAM T B NG E RSN KRR Chat GPTOE N K2 A IR IK S B A . B
F ChatGPTHTIEIES AR IFER1E, LU ST SR AR A S B 5 (K 2
AETT - ABTS A BEAENS O KRR A AN 245 5 B IS IR )t — P T 5T SR (L2l

2 RS

BATEB RIER B S AR BT E B - U B, DU 3R IE S RIS R T
WL - MELMCER(QI et al., 2022)f0EdE, FEZHIN T MBI EGE, S50 = kT
LR SRR E HIRIIEOL . Eorr, R 07 (8 5 82 B SUIRAE 20 BT 1 7 5 06 48 kb 4 1 i St
Y8R, BT b /N RIS U REGR AOIE R R IR 5 CCL2020H SUHE SR Z E 4 i i 55
VI A 25 HEPR SE AIERRIEAEE] - ATCALA) @ T, BEE— 11— 1L LA
SRIEN], BAARRIFE59530)H H A B AL B RN B N A HIFRIE -

AU B AR ) FEE AN L iR 2 N TR o A] DUE BIEE S A DU B B A B 5
m, AAER T ERSCRFEHEIERCOR - B AR R 2F R T AN RS AS i SO K 5 1
AIUER S ARKERE, Bt FERERKER, XS EZRBHESE . MZEFEe0
PRI, s SR m s B E A H R HE -

W EE MR RIA ERT e Iz TrE WiKE EE
2463 1774 471 232 579 434 3,606 602 883 862

Table 2: /N[FIATUAE G %= Table 3: ZIRER] 5

FERIP RN R T LB P EIE R TR o AN FIRR 5y TR, AR LB HEA 1%
RE MR R -

FEEBFRBAEIR T AN F S A B N AR AT, AT DUR H ISR BRI #E5 DL
W, BRI A A SRR E R, XA LS e IR B R BE I N L 7 i
FLTiTE, MHXEREAEER KA R - MIMEIAR SR EEN B, FERDERFE,
XATRES A B RIS NA Z N E A A, A2 K E— B A K -

FEEAFBATRR T ANF U 20 N o0 A, W] LUR A MRS 8 — 24, B
ANFESUHERAZIRK -

2.1 BEESRESRE
BATOBER PR R FE S AN TARER —IRIGEH 55 .

%http://chat.openai.com/

B TR RS AL, BI0T-M166TT, MR, HhE, 202348 H3HE5H.
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Figure 3: AN]SR 0E N A K JE 940 Figure 4: /N[R] M0 A4 B& 8 & 5317 L A7)
FEZR A FEER A

NTHREW B St bR R E AR AT 50 Bl Tt ot b AR e A A S
KR ALTE R A AR S B LIRS, HE B SIOREAL, WPREATE T R . 5
BERIES, Foi Tt R A B R R AR S5 B TR T, XSG B 5 IE R T 45
RAEERIHS, SEARIE, HEBXLLNE LR — A= E] R A R T it
— B, B A A SRS A A KA X . EAPRER T, R AR B
4, AR SR T — AR TERE, LU R TR B0 KR -

FE— IREMTEL, Bl AR MR A R IR MORRE A R AT L, EP BRI
RTINS, HEERRE, EE R AR BRI RA R B -

3 15
FEARTTH AT AN TAESS LR T ESSBUS BT SR R H R AT HE A
3.1 THS—

] 00000000100 | Prediction

Output Matrix

12X

Figure 5: FFIPRETT 20T A WAL B IR 7 2R B

NFFAES—, EFSHEA N ARG, WE Ay FEIA T H & W

S T m e E T E S AR SR, 1590516600, M/RE, di[E, 202348 3HE5H .
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FEPY X HESERA AT N SRR L Z I S R ER . BN S, HAAE IR AL
BN B TR, HARESEHERSCE N B FEL AT TR, AT IR T
F8MLE -

TEMFAES T, AR S0 B B e AR TR AT 55 AR BT AR R 55, th BDX T
ANXAENENMLEHTAHETN, AT EMERT N, HEMERE N £ 7
e CEBEDFEXTN B S EAR L, HRALE 0. W EsH R H H PR ETOR o ARAE S5k Y
SEH 7 3 A Transformers! « X T % 9 28 8B 40 R i, AR 4 5 2 B TBERT (Devlin et al.,
2019)FRoberta(Liu et al., 2019b) - i t FE R RF 22 50 2 B 2 Z 5 O 8 1> 7 3 %58 R FR) B ) 2 %
B "o R o FHAEFH S SURIE R AL B PReR &L -

3.2 TS

Start/End Span
C WMC

e W4Q WNQ  Wisep) W,

BERT

[CLS] HEIXIRELLEWS [SEP] BEAREHLEZEWSER
t 1

Question | Context
BEARERENSER

Figure 6: [AJ& 7 2T RIS N B4 2T B R B A

T TS, ESHEATONHE A IS B SOREG), bR 5 R O R B A
BRE . I TS T, ATLLEREHFIE TSR TR, R LURAESS A N
N, DA AR BE N2 BRI NIRRT (Lewis et al., 2020) - {ER I ITIERISERRRURE, FIA
SCEE A SR PR SRR T - DS TR 2T TR i N R A & R R R _E R 3
PR (AnEeRTR) . R [SEPIFEIT o HA A E A [CLSRF SCREEIRIE LR - ET%
}%Eﬁﬂﬂ@%%%ﬁ%J:?ﬁi%%iﬁﬁthii, 7 RIRIGE SRITIRTIGE AL E, 6 28 XU

NAL R -

4 HER

4.1 I IERR

ST FAES— KU, AMESEFREHE (Precision) -~ AHEZE (Recall) FFUEHITIF
iy, BATUFVEE RN FAES — B FEZFEMIE o« X TFES kU, BRI &N e
NEEHEE, ERELEZIM, AES51875FE T Rouge-1 ~ Rouge-2 Rouge-Lﬁ'iﬁW%{iﬁﬁ?
P o« FAESS ZRIERZATAN S B RE R DL S ORI Rouge S0 EUIIACKR A5 21) -

scorey = 0.4 x Exact-match 4 0.3 * Rouge-L + 0.2 x Rouge-2 + 0.1 x Rouge-1 (1)
— LS TN TR S TS TN T AR — 2

4.2 KSR
KT EHER Y ESFARFESHRE REFSERMRIESEFHBER%>] (in context
learning) 5 ¥ETEE WAL E BRI FIE BE N AR EALSS LRSS HIRCR, ASCETH T R R E R

"https://huggingface.co/docs/transformers/model_doc/bert#transformers.
BertForTokenClassification

B R E A F KR WS, F 1590516601, MGARIE, i, 20234E8H3H %5
(c) 2023 HEAHIMEE LIRSS bl
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FEFHRSALAREALE (R4) FIET[MASKIM AR MHAIRAZ (K5 o 7ERRIE
b, BATE S SOARIAESS B, ZRIRE=DEEERwA - WX rE T, FEURR
wJa R Mt MR SOAR, FRoRIRBAE “hr 7 5 2 BRI 45 T A5 2R -

BRG] FPHEIEETE LR AR - EZE LN, DAEA RIS B IR AL
H o

o MEHFAEERN, AERERMREE—TABETMHMPAE, DOXFEEXK
R — PR BRI 5

Wit MPFATEERM, ARRERIDEEE—HB TMMBGRE, AL EEX
KA — b ik 53 -

BN BE R —RONRGLE EE, FATEDEE. ..

Wit ANBE KR —RARLZE EF, AT LEOE. ..

BN RERTRE LT TR

B RERTREE T EAER -

#i/\: sentence

Fan H -

Table 4: E MG EHN Chat GPTHR/RE

BEEFEA)F BV EE U A B o LU 7R [MASK) FmiX — (L& 24 B H )
B, BEZHEXERY, A FREHREEEP RS SR MASKIF 5, EEATE
W B3 D AR ) B PR -

BN MHIFEAEEFEBRM, MASKIA 2 EHBEMEEE — 1 RE T MM a0 R
B, [MASK]LUX R K s — MR il 43 -

e R KR

BN MASK|BEE KM ARGEE B2, BATHZEDEE. ..

B FA

BN FERTEHE L Z TN F [MASK] 2R -

By

#i\: masked_text

i

Table 5: W& N2 #h 2 Chat GPTHR /R 1E

4.3 ZFAMLER

FEFR6F, BATER T AR LM FELL 75 1% LN KIE S A Chat GPTHE FAESS
—HBRIPEER . Hi, BEEEFABERTIENIE LFRREA .

Al LAE B H SR AE TS — LS SR RN FEAR, RIA B A SCHEL ALK - TifEL
PSR YL, ChatGPTHUS AIEE RN TE % o 3B X Chat GPTHE AV 2087, HATLI,
EEMERR62 MG, BT11 M REFIChatGPTH A4 T ARRBEEREIR. i, EEES
K465 TG, ABE R SPRMEE R ANITEL -

AT Precision Recall Fl-score
Baseline 81.29 81.11 81.20
ChatGPT 39.99 46.49 42.99

EFES K% | 59.55 70.06  64.38
KRIEH TR 67.01 75.99 71.22

Table 6: TS5 —ZFNMEMLER

FEETH, HflGH T ERERBEARGUE AT ES —HREINF1o 8, TLUEEIRE
SR, BT E U BRI AL E I S R L, R T H e . BT XA RES #

B TR RS AL, BI0T-M166TT, MR, HhE, 202348 H3HE5H.
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Figure 7: AR 75— BTG EIF 154

B SORK AN BAE R (LE2) | s p s A B AR 45 R EZ N T 2 A H R A AR
BK o TH TR EIEE T E MR & EEm ., RIS RFLD £ 55X 58U 7
BN BRI -

FERTH, BAVER T R EE AP SMIAE — LS B EIRIEE R - FTLIRRIGEM T
RAFEPRIRG RSN T AL 7B T R R GTE L, (B2 AR S B2 M AR B A R
A AEE LAY o T H BT 6E A A2 T Chat GPTHIRRBLAE — (A UAR S5 45 R 5 PSR EERCK,
WA T ChatGP TR B K S AT 75 ZEARSLH AT 50 -

AT Rouge-1 Rouge-2 Rouge-L. Exact Match ZE&71559
ChatGPT 20.02 12.21 19.99 15.15 16.50
Baseline 69.27 46.91 69.27 64.20 62.77

JEHREE R | 35.96 20.15 35.91 23.94 35.39
KEF TR | 55.05 30.80 55.04 48.17 55.37

Table 7: —RUAESSFTAAE NS R

HTEWNEMLE, Z2RMILIE B TFIES SR (TES—TRIARMLES B
BN B AR RS 45 H B M Chat GPTEE FAES ZHHIERI - ATUEH, &
IRChatGPTRAEMMREL, (HEAEMRIRELEMEREST, SETIIGRRERIRI L)
HRRER -

Tk Rouge-1 Rouge-2 Rouge-L Exact Match ZR&7155>
Baseline 82.32 54.98 82.29 75.15 73.98
ChatGPT | 39.61 22.03 39.57 30.16 30.30

Table 8: T1E55 “HLTTIELR

5 HwHEE

FEARSCH, AR T B Al A 001 H S04 BEVE g PR B AT 2515 8 RIS SCR K B Y
BETE, URSEINOMGER - NERFKE, SEIAEN DT FES LRENERMER
KA A, A TIHRRKIES RGBS IR ERERE 1, A ER Y R0
£ Chat GP TR FE M AESS -

FEARN, ARIOANATLIKTIE LT 588K E 2 A F1% BT, LUK E 275 L
T AN Al BENS EE B R U T BUS B AORICR, - bAh, RSO KB SR A SIS E IR A R
WATESY, TEARKMFRF, BATAN AT LIER ESHE T ERAS TR E AR R SR
5 NRER AT HEE IS —E5E 71 -

B TR RS AL, BI0T-M166TT, MR, HhE, 202348 H3HE5H.
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AR A RATSVE R BIRIE T A BRI A AT 55, 7ETH 7] FL 15 W 485 VE Bin A8 1 R4
FRPMEEZRBENAC, N THEBLRERGITEEERE CRFEZZm . K
RS 1 H BN 44 € R SURHIT 2, BUESURE & X R4 M2 a2
J& BEEARIEA o BT 8 58K Ernie T SRR R XS = 44 U 2 AT 0 B0 7 IR 15 381
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KU SURE; MSTERR ; TOISRERT ; OvbnE ; BAEE

System Report for CCL23-Eval Task 6: Classification of
Telecom Internet Fraud Cases Based on Deep Learning

Chengyang Lil*2, Long Zhang'?,Zhongjie Zhao'2,Hui Guo'-?
Frontier Information Technology Research Institute,
Zhongyuan University of Technology, Zhengzhou 450007 China
2Henan Key Laboratory on Public Opinion Intelligent Analysis, Zhengzhou China
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Abstract

As the basic task in the field of Natural language processing, text classification plays a
crucial role in the case classification in the field of telecom Internet fraud, and has great
significance and far-reaching impact on intelligent case analysis. The purpose of this
task is to classify the given case description text, which contains the overall description
of the case after being desensitized. We first used Ernie’s pre training model to fine tune
the case content to get the category of each case, and then used pseudo tags and model
fusion methods to improve the current F1 value. Finally, we won the second place
in the CCL23-Eval task 6 Telecom Internet fraud case classification evaluation. The
evaluation index F1 value of this task is 0.8628, achieving a more advanced detection
effect.

Keywords: Text classification , Internet fraud , Pretraining model , Pseudo label ,
Model fusion
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N FEENESE, —FHERETSITINR, BT A ZEREE Y i B E NEERR 4+
B ARE A, BETRERE XS AR 2R A FVESR R E R TS « MR~ Hilik - T ETETE,
A EWETERMBEARFT RIEERRIVEE S - RHEMAE . R/, AToERTER
EERTFE ST, BRGZBIANENRZRI T, SRGERELLAREEER . £t S, B
BEMBIERBHMEEL . FIEBER, ATHRMTIECEMLIHETFRK . mx A TEREER
A RPN, SF TR W B39 R I7 iSRRI FE - Ak, CCL2023%
T IREEIRE I AR IIX — AT - HESRUEPEIEER AL VEREIETE S
H, BUREEGI BT R, 8221055 IR E 1027655 MR B4 . BT R, BEETEHRZR
IS - RIGHHR - BIFRBISE AR - BIFSURNENREE R, BIAZENESF, 256
25 BN EE L R NRBRAEBUBYE B - R R AR A& RERETEF & 5 H121 %
B, RBIERZRFIRT VERESE P& 100 FhniE, FEMRIERE AR MILTR S TR F i
T3 o RS TR EE N AR P Z A N AR TN T8 RAFAIEA « EETERERT, FERA
FFUEIE R MIRE, BIXE Rt EFE, BEITEEECFIE-

{

"EfHRS " 48788,
e "20221E111H1H, BHREFHICESR, TN RS A RSB AT 27 BRI A A 5 BRI
Wb R s R A, R R T A SR A S APP, JE BRI R ERAT RUREE T, SRR S IR TR B A R LAY IR
b, Hexbdr oy i 71999970, (G H A S mbisE AR 19999 0> (isE AR GEERED
"R " E AR A

" S 56818,
"R T "20226E11 1 28 H 16304 422022111 H 28 HLTIN40%, TR A/, (B PR Fehisir ), sl L
il m] BHFREH 2 Rl PR A w, B A R R A E E R, BRARM AERIE O, BB IRa 20000k, )RR

I FEA BEAR S T IE W A B TR b, A AT R 999760, R A X RER, Uik e AR AL,
SR, BURALRLT99976 0. CEEMNRI B o BREEA RS, s v,
mEARHN s ORISR
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K 1. BRERE

2 HMXIIE

SRy RAE BIRTE S MBSO B EEAER i AN ) SORRHAEZE AT 7
DR, HEEDTEOPIR P EEE T EEAE UM MME (Minaee et al., 2021)  FHHIC
Ao RRFETHLEE ¥ J51% (Cheng, 2020), BFESCFFMEN] - RN - MR I, HiX
SETTVRER A R T AL R AR, TIE R R ) A R BRI A 22 8] 3 SORE SRAE AR 2 18 U
iE -

TR, REZLIBARET BN B REIES LE ARG T EERERE . £
HRESLHESS, ETHREZINIOR > KRR & X REMPIF, WCNN (Wan et
al., 15) (Wang et al., 2017)~ RNN (Le et al., 2017) (Cui et al., 2019)~ GNN (Yao et al.,
2018) - Attention (Kim et al., 2018)FATHYIZRETY « EAFE ARG K56 B IRE T AL S5 T #T
RIH TIRFRRR - FrAl R PUNGETL, BT ARG B LA KR SRR, Fit
REF IR MEERNE ER, MHASRD REESH EE EmrERTEAZ (LG

3 REENGE

Bert-wwm (Cui et al., 2019):& P& /R{E L R ZFIRH WIS Z AT ) — 1 Bert FHRUA,
FEH T SR IO GRAEUT A ISR A A OR R « M T Bert, Bert-wwmHIEUH & Fmask bR
B — D SRR T AR T - R ICRIZ O], S 30/ tokens® — > B3], 771 H1 S0/
HitokenA 2 ¥, WH— P EHEZ M FHK, BEMAZAREHENSE, GSHEZEENE
o MHETFIEE, BTSSR ERE L EEER -

B R E A F AR WS, 16T - 17200, ARIE, HiE, 20234E8 H3H Z5H
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BT, ARl SRR AR FR B A R BB R E EIZREE] - a2 R, R KA ANR
B33 m*%%g%kﬂ@lﬁﬁ%ﬂﬁ%AﬂﬁW%ﬁi@ﬁﬁ%A%ﬂw#,ﬁﬁ?%m%
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BRTRNME R AT . B XA, EERBEERIG I ZRE e 5 TR 4
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4 SEBAIA
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HURTALE REVEFE REVI% RERS
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SETREY Bert-wwm S EEE
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AEEY ERNIE tricks
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T Ernie i 2R R e A BRI B KK 512, N FREAIAE IR P R 38 ZA54E, Tl
FES12 N R, SR BRI I SUAH AT BT AP 5T -

4.2 BRI

T AAES DR TINGRER TR BREE, FIbRATIER9: 1 HFE GRS E R
SRNINGREFIGUESE - N T R G S0P B a] DS R B 2R & Sk S i 7 q ], 3AT]
TR A T HIREMREYLR 5, HEIEREYIFF 42 R IR, FATERC T HaEiE
WEITOIGETY . A HEBert, BertfIZM AR Ernie, F I IEA T4 AMERIHTHOE . NE
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# 1. BHERENF19%8
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(SR ]

B 4. KRAEBEGTNAFE
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2021), T 3G K E PR & AT AR TRER o X7 VA S TS R ARG L o O F A s
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Zi 2Rt EIg G, TRk H RS SO ESRr, REEILEE T HIAFIRE,
I BT R LRI T AR IR AN E N FUE . T 2BATRABEAE & 177
K —PRRAFIE - XTEARE, FEEBIRONERYE]—TPiRs]: SRR A FETm
ANFE, BRI EREOR, AR - FATINM TR INE R, — @& AR AR5
74 BertFlErnie . — & B HTRI)IIEREEFNGE UEEE R AR AT BaI N o B8 FH X A 2 s it
HATTIR,, FA 1V E B E IR RR, Mkl T RAIRME, R R
MR B R AT SR, 15 HERES G iR, &EEREE &R A RMIE—1
RAWER T EE R - HAFATH%0H0.86165FF40.8628 -

5 SKENASR

nF2fR, FATFIH T A TR E M D B LA Bert-wwm A Ernie/E AT E LT ~ 4L
HEIGIR - TIR TR & J7VE TR LE, X TS E 7 IR 20.8503, FA 178 LAl
EFRTTT0.012589 0% o X EHRIER T BA VT EERTERUE -

A F1
Bert-wwm 0.8506
Bert-wwm-+£HE 455 0.8300
Bert-wwm-+ 3% 0.8608
Ernie3.0 0.8512
Ernie3.0-+53E #6558 0.8410
Ernie3.0+fhFR%: 0.8616

Bert-wwm-+HHRZ +Ernie3. 0+ A4 0.8628

2. HAENIREFIRIIEE T FIF 1%L

WR3PTR, R T HATHIREL B AASE

it Max-len Batch-size seed epoch Learning-rate
Bert-wwm 512 18 42/43 5 2e-5
Ernie3.0 512 22 42/43 5 2e-5

* 3. HASH

6 B4

B KEERAI, W TARESEIEE, RESEEEBTN LR EHE, H BEHTAE
SSEPREENE I ANE /N, R SR T 2R (LRl ML 3 A\ R 8 AL R B 5583 a7 o M 75 e SE Ao
WRR P T IEN AAESHE R - T, SRR ET DS AR £ AAUEE, $2 A4
IR0, FEIMER Rz et . RS EREE, FEmESHNMRE L FASE
ol SERRB P REAN AR o XA LR AR AR, MERRKHZMER, &
a$?$E%ﬁA,@ﬁ%ﬁﬁﬂZ@iﬂ%ﬂﬁ@%Kﬁ,ﬁﬁﬁ%%ﬁﬁﬁﬂuﬁﬁ%%
&, RmETERE -

ST, X IIGEFERT LA S, 7T L% BRI G E ISR 1T
BIRM o RS VRN, 2R R TINS5 SR Sy A TIOM M 2R AT B (T, R BUE R
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Abstract

The proliferation of telecom internet fraud cases has brought huge security threats to
society, so it is urgent to classify and detect telecom Internet fraud accurately and
efficiently. The purpose of this study is to explore a series of optimization strategies for
the classification of telecom Internet fraud cases, and rank first in the technical evalu-
ation contest of ”telecom Internet fraud case classification evaluation”. This study is
based on a text classification model and employs techniques such as BERT’s continuous
pre training, FreeLB’s adversarial training, and model fusion. Through the continu-
ous pre training of BERT, the model has better semantic understanding and feature
extraction capabilities. Through FreeLB’s adversarial training, the robustness of the
model is enhanced, enabling it to better cope with noise and interference. In addition,
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this article adopts the method of model fusion to fuse the prediction results of multi-
ple models, further improving the accuracy of classification. The experimental results
show that the optimization strategy in this paper has made significant achievements
in the competition, which proves its effectiveness and superiority in the classification
of telecom Internet fraud cases. The results of this study are of great significance for
improving the classification performance of telecom Internet fraud cases, and provide
a useful reference for research and practice in related fields.

Keywords: pre-training , adversarial training , model fusion
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