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Abstract

Abstract Meaning Representation (AMR) abstracts the semantic features of a given
sentence into a single-rooted directed acyclic graph. AMR Parsing aims to transfer
an input sentence into its corresponding AMR graph. Compared with English AMR,
research on on Chinese AMR is few. In this paper, we take advantage of the published
Chinese AMR corpus CAMR 1.0 and formalize Chinese AMR parsing as a sequence-
to-sequence learning. Specifically, we first apply the state-of-the-art seq2seq model,
i.e., Transformer to Chinese AMR parsing. Then, we explore and compare various
pretrained models to boost the performance of Chinese AMR parsing. Experimental
results on CAMR 1.0 show that we achieves 70.29 Smatch F1 score. To our best
knowledge, this is the first result reported on this dataset.
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Figure 1: CAMR1.05#—~H LAMR KR -
TR B REREZ T ST B 1R 7 SO R B b 7
: “judgementyo 8" FTANIZLTT AT R . . BT o

1 58

TG L F R (Abstract Meaning Representation, AMR), WE 107/, & —FFi4s g L
R NIER, BTENAF RS M A SORRE SR, I S5 2306 F g5 08
FE o AMRKFA)FE LSRR N — D ERRE IR, HEERE T A (concept) R ) F
HSER - JBYE S B IREHER, BUET S BIRAPREE R RN R XK & (Banarescu
et al., 2013; Zhou et al., 2016) - A[FETHAMIE ARER RBIMHEIE, 08 A AT REAF
RIS X HTERME SGHATERE, AMREREIARGHAMLZIA) « {7 - BATRE
ARSI, ZUSCRRES . NEEEE, MUETRABRAESNEER, RESIELE
PIMRIIESY -« TR, AMRBUSIIN A TIFZAES LR - W:Liao et al. (2018)FF AMRYE
ST T XA E S, F—HEL A FE AR A, PR IRAAMREENT T B A)
TR B —PAMRE T, FERTHEAMRE & H 2 — M EEIRE P, B s i
MIRE PR ZE ], &5 NP AERSRF & BIRE S SR SCURIHE; Song et al. (2019b)f#
E TR K E AR R 4% (Att-BiLSTM) A& 328 3 #1485 (GRN) AMRJm A 25 R 36 3¢
AFFN LR R TAMRE AT IR, K5 6) 715 UE BRANL S #3002 29 ; Bonial et al.
(2019) X AMRARME JT 134T T 20, IIABRANAERFRNS . E8%EEEER, JFinE
TEATAERAMRIERE, 7 HERFAMREEHEAYS & R AL T ATEENE -

HBanarescu et al. (2013)T 2013 A0 T 1 [ 2218 FAMRRIFRIE AL TG S 32 T AMRIE £
FELE, BAJE L XE 2B LA T HABIE S BFAMRIBERZE , 40 E 75 1 (Anchiéta and
Pardo, 2018)~ VI&(Li et al., 2016; Li et al., 2017)~ #1&(Choe et al., 2019)% . X T &
HAMRIE BHH T HABE 5 AAMRIE R B N a2, WM E R, RZHEEH L AR
SCAMRE B BT AMRYE UM BB 5T - (B E BIE SAMRIBRERNFE , [ m HA
B MR AMRBITIES G132 KK B RIE (Wang et al., 2018; ZZEHet al., 2019) -

Wang et al. (2018)F 4t 2 5l X 7 SCAMR#H 178 LM, FIHE T HEBMN HE
B 1558.7f)Smatch F1{E - % % et al. (2019)7F L&l 17 T — R 5 B9 etk i fiF
FA Word2Vec il Y1145 1] [a] & ~ X7 A K5 10 12 10 458 0 4% 3 47 78 5 BB TN 45 DA B R AR
FANERMATE LFRRE, LT CAMRENT HERER 2 — B IR, &ZIEF] T 618Smatch
FUE, =& BRI ICAMRIE TR IFAS R - BETEBNEEEERBAEN R Z7EHR
B — RS BNTE (action) RAEAMRE, XG5 ETEA NN AMRBENT I ITE 74H
E, BN TRINZTIE, TESRREN 5 28] RN T Rt iT B R RS A% R E . ML
T, FIEIFIERL (Sequence-to-Sequence, Seq2Seq) L A N it BARSIE, HFERC
AR R AMRIEI S AR AL 22 5], RATA] B AT P & Z AR FEER AR -

5K TGe et al. (2019)F1Xu et al. (2020)7F 5 FHAMRMNT B TA/E: BIERFAMRA Y
©2021 PEVEEZT¥ RS

R#E (Creative Commons Attribution 4.0 International License) 1FA] HkR
HEEWH: EXREBRRFEE(61876120, 61976148)
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dErE B, BEAUKIE T DUR 1S BT FIAMRIE X # BT P E - [F] B Bevilacqua et al.
(2021)f# FSeq2SeqB 2 # T AMRIE LM, 1A% T B §i 78 % IEAMRIE SLAEHT o 1) S i 45
R4SHIFIE - H I, ZRCR R R Seq2Seq i B 7E H SLAMRIE N LRI A, RN R T
RN TAREEARZRME, SRFERIFLRZ NG AEZ R E AN H - BT h
SCAMRIEEECAMRI.OFSEIG 45 R KA, JE i BlE B U ZRIR AR BUOCAR B BT SRR,
T Seq2Seq A () SCAMRAEMT AT LUAEN70.27HIF L{E BRI, %77 15K SR 1b FIAMRE
LML, BT AMRIE U R, AR TmEm A%, AB8 T RE Pet al. (2019) L
VEA B FARER
AR ICH DT AL

o HERSeq2Seq B AEH SLAMRIE UM HIN A, M ANF] 53R (0 75 785 SCAMRIE S
A BN

o AR T ZFh I GREEIE T STAMRIT £S5 EIEREMZE R
o HIRFEATFHIH LAMREFEECAMRI.0(LDC2019T07) [ SLEG H- R 545 5 -

2 MRIE
2.1 AMR5HXAMR

H i 18 LRI ESRE AR 451 (Elementary Dependency Structures, EDS) ~ ¥ i
ME &N I E R (Universal Conceptual Cognitive Annotation,UCCA) « 518 Y & /R (Abstract
Meaning Representation, AMR)Z T HE 28 T 56 FH ] 465 1 R 3808 SCAR B8 UFFAE, H
HEDSHEZE BT i FES A FH A —— X R, UCCAMEZR fr B T5 555 ) F 1 B4 FE 22 T
SIXTRIRFR; TMAEAMRA BT S A A F B Z [ E BT N R R - AMRRFA) 115 L ER
RN MR IR, AR SRR A AR SO, BT R (R R R T
FURE S Z DG R B R 3R o MR ECERHABIE LR T L, AMREA DU HIFF A

o AMRHMEET ARG AFTHATTHR ——X R, FIWE T AR S L ERZ B E et
FRTE AR VE RGP B 7 RO T

o AMRIIVMETTEH NERFE A7 R BT R, o R IEA) 7 g SCE 1FH i
W, FA) T A R RS ER LR A S SRR ok, FIRHEE — 2T m A
X ) F AR AT — > BRI A L SCHERT A1

o AMRBHT [ A FAE S ANEMMCSE RE AEALE LR, MXEITTREAFER MESF LA
ZRITEARIR, FIAMRGEE RS A RIE S W A E R A -

Banarescu et al. (2013)E Jo4e th 7 L SCAMRMIFREMN, H a4 7 41007 18 LK
AR, BFEXHAE . —BELRR HERX R - H P LK (data-entities) K F ~ FIFK KR
& o AMR¥F M PropBank 2B B TAHESE IR 2, CAMRIL.07E M & I i1 A T Chinese Prop-
bankHEZE (Song et al., 2019a) - Xue et al. (2014)& Fx 71T SLAMRM KRBT 2EE, fbf]
FFHAMRAH AN, &30 7~ VAR IR S e, N ANEE F 18 BN, DU
GG ~ DO WX =M S Z A E R EFAREE - &AL RAHEN TR wiE-5
BME, POE-REZ A ESREME . HEFEEAMRINE R RTH | OERHIE
S, DOBEAFEESUE, wohihdsty . &iF . EE& . J60 . g%, R
FIAMRAIREEWN EFETE A TR — 5 - Li et al. (2016)2L (/NEF) BIHSCEIE K,
%F R SCAMREE BHE FIPREAIE T T 5T, 3 7 — 1 3&E AT T XAAMRIRE 7% - B
JELi et al. (2017)3F—A5 I SCAMRIREMTEAATHGH, BR T QKA SR SOV LIS 5 AL &6t 57
A, WIRFAMRAH KR 5 R HFLIT T X5F . CAMRL.0S5AMRIRMEMR 2R A F B X 5l 2 — 25 T
FERIE A A 2 8] 52 RRIFRE 7716 (B0t al., 2017), FEAMRFREMR R P IUUR T D EMS:
ME& (2hand, or, contrast.01)F1HE M 5% & (4:cause, :condition, :concession, :purpose)H THf & &
FIRIPRE, B X S FE R RAERRANFE S A Z BB KRR - (E&XNT
BREFMNE, X AGEA, FIELi et al. (2019)1%E T 10 M-SR FRAT Z B HI5<
A, R SCAMRINER RBENS HIFHE A T 5 22 SGE S5 -
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2.2 AMRIE BT R ICAMRIE SUET

H Hij % FH FIAMRTE SURENT B J7 A R BT LLar LR = T #2175 V£ (transition-
based parsing) ~ Z= T K7 £ (graph-based parsing) LA T 51 21751 77 1% (Seq2Seq-based
parsing) - FETEMH AL R TAEHEE W, #id N THE—RFI5h1E (action), Wi X
BEEURA IR DR EAT T & BOHERR P A B — RIVRK - 2T BB 4ERFFAMRA
BIZE A Bl B AT MR B AR R T - fRJ5 —FOTIERETRIIEIFIIM 7%, EidE
FRAMRE LM R, FHAMREIZMEWHAMRITS, 5 H T8 55 A 31T AMRIE
SCRERT, R DL IR T AMRIE SUBAT I 751 21 7 51118 81 Transformer (Ge et al., 2019; Xu et
al., 2020; Xu et al., 2021)~ BART(Bevilacqua et al., 2021)% . f# F ¢ 5 5| 5 51| FIHE R F% K
A Rt 2 R T lgRd 2, D> AMRIE U AT AL BE AT 2R id A2 sF AT #2 5 « Barzdins
and Gosko (2016) & IXH H 758 5B 4T AMRIE BT 55 - AT ETUCE SRR,
I B HAMRAP HHBEET A - MPRwikifE M &, REN T RICHAMRFS], MR
A AMR BRI 13 5 2 B K S 4 M0 R B A FAMRIE & B 7 55845 B AL AMRF 31 5 R
BAMRINZERFFA K, WARFE T HHFIRKE - Ge et al. (2019)E %% {# H Transformerif
FTAMRIE ST, HFAERCERR 3l 7R TR 5 51 A DA — I A AERNE LB R, A BTy
IR A FiELER: Xu et al. (2020) 2800 KFUBSNMEERRAG I REA, #—4
$&TFAMRPERE; Bevilacqua et al. (2021) & 565 FH 45 257 A% 2 O T RS T 9E 7 AMRYE A%
M, REE R A EDE 5 1% T B AL SE 1 (BES) MR AL 568 11 (DFS) IR AE R 91 FH TAMRIE X
e, 15 M 4510 8 HDFSIRS 741 B 0E A T AMRIE T, #1528 T B AT fE2EHEAMRIE X
T B LI AES4. 5 HIF 1 -

AL T % SCAMRIE SCAEAT 1 SCAMRTE SCR#E BT A % BF 50 82 P B0 . Wang et al.
(2015)7F 5 FHAMRIE KL b 17 2 T H B RAMRIE LN, wit T —FIBERFIES
B tEmsh B, (5B A F M5 4514 SAMRZ 8] B S A 80  ,  HFText2 AMRAE: 55 #5245
HText2Dependency ~ Dependency2 AMRM 1> 1 2 - Wang et al. (2018) 3R bk J5 ¥ & IXE
KR A TF B SCAMRIE BHAFTAMRIE CRENT . AEETHRBAEA S, B CAMRE #ET
A% T58.7/)Smatch F1{H - /55 % Fet al. (2019)7F b F Al b5 3 WHR AR,
AN T AR R R, 5T FUIZRIA [ &Word2Vec, H 18 1 7l Il 25 18 5 #2 5K B
H SCIA FIELM (embeddings from language model), 8 3T #5 % [ o SCAMRFE BT B U0 14 BE &
#61/Samtch F11A -

3 HF A X AMRENT

Y — DA Tr, AMRAEMNT R EELE] — 15 H M LA WAMRE Ry, WIPTR . AKX
fif F Transformert{E 2 Ff SCAMRE SCIE M B 2 8 7 O 1) v o0t 72 — oHO%R#L - (H
FSeq2Seqi B To A X AMRIEAT S5 1 (LS, B A1 75 25 o il i odiE U0 2R AMRIE 1)
Woh G TR HEEA . SR2EE LG, i BRI P RS LR -
PREST A, R O S PRERAMRE -

3.1 FHE|FIER

TransformerfK§fiself-attention /L H K 1T FE i AFIH H FIR » 3T TRNNFICNNH LB 1Y
AR, WTCESEBHATI R PRS- H#TIUT RN E R 2 ERFERNNGZ K
BRI R, Transformer®h o] AR 2B IF HUME IR - Transformers 5T I J& — 1~ FH g i 2 F1 i
M ER AR AR B E R, AT DUSEIR R IR EUR 2] B PR ES S R EERH - A 280 HiFAM
BiANe = 21,29, ..., 2,, BIEETERRETENH Az, BTN &R Re?:

e/ = Embedding(x;) (1)
WoE. KRR le], ef, ... el AGmIEET . REEHIFN LT UHXE Rh;:
h; = Encoder ([e],e53,...,er],1) (2)

XL B ) FORFEIR T A IRz T S R LE R - BRITIE TN ARLESRT, S5H
HAMRFS - He, 551 AMRFS B H R R0,

0; = Decoder ([hl,hg, oyl [eY el ,ef;!_l],j) (3)

BRSSO, BT BT, A, I, 2021468 13HE15H
c 1S : - n
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Hrpe! ZRAMRF Iy T B ML BRI SHMER R . KF#Ed— N 2EEREREGEIE
5557 B BTN A AMR B3 i R

p(yjlz, y1,92, - .., yj—1) = softmax (Linear (0;)) (4)

H K AE Transformer 135 FH N HTE 5 77 (Attention ) HLHI & HARTE Z AT, 7] LLZ 183 (Vaswani
et al., 2017) -

(x7 / H-05

:arg0() (x4 / BFAR
mod() (x1 / &)
:quant() (x2 / x1)
:cunit() (x3 / 1)
:mod() (x6 / #R))

sargl() (x11 / FFHIE
:mod(x10/H]) (x9 / EA)
poss() (x8 / x4)))

(a) FREFTAMRE (b) AT AMRFS;

(B-05 :argd (A fC:mod (B) :quant (&) :cunit (1) mod (#F)) :argl (F#fiE:mod (FA) :poss (FF{R)))
(c) MBI HZAMRFFS;

Xl Tx2 /]\x3 H?J_/f—tx4 s xH %BXG ﬁ)ﬂ :/H\:x8 %ZIKXS) E/(jxlo Bf%fmlel ° x12
(d) 3 AT

Figure 2: — "% CAMRIFHITEIR T A7~ -

3.2 BIEPILE

FAMELEZhu et al. (2019)F1Xu et al. (2020) 755 L AMRAEAT H A FIAN 7 206 SCAMR
BT, nBRAMR & B A B RS AMRATTE X HIT RS TR LR 5 A a2
&, FERNEAFIE BN N IREGEECAMRE - BIRCAMRI.OK 7 B FETCAMRAY
PREREZR, (BAEROAE — L BRI 7 510 A SO WO AT T REE, B &AL
SR EEEE o A STAMRELE NS A 5 B BRAREAT T R ARXFE, Ak T O]
Fo/m— I, B EEARPRHE . » B i FEANE T8 SR TENE, (HAEH CAMREH
[FIREXT X AR BTAEAT T X657, RO B 5 “RRAE B 5 REAT VRIS t 2R <A 5 2 SRR
113555, BRI 2(a) 3 “HFRAE 0y M%mxg”o BREIARERMLTE 2 055 XHEE, FIk
TEER BRI BR T X L850 RN 57 - & 245 H T SCURSR A) - ~ 5 B AR H SCAMRIE BLK
FATAIRZ J5 ARG+ -

3.3 HIEELH

B A AMRF I 2 — M AES AT H - wikiZ & - BEILAMELEEEMNEN
LAMRF, FTEEL— RN AERKEAMRE, tE 2(c) - FHRTECEMEILAMRR G
WFEFEWE LT AwikiZ g, BEREERATEIBRESE - (HE2HT P CAMRF
NEEwikifERE, FINFERELELEAT A . HAMEEL, AR fEvan Noord and
Bos (2017)%2 fk 1 79 b 38 1 f5 4b 35 0 AO () Bty b 5% A STRARE AT L, oS in b B A
SCAMRH IR RN TFETNRE -

Ohttps://github.com/RikVN/AMR
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( H -05 :arg0d ---

O O

Transformer . Transformer

Encoder x 6 Decoder x 6
T S S S T T R TR
ScalarMix <s>  ( H -05 --.

N S S SN TR S N S
T2 Embeddings
T N S N T S S S N
i)l 4% Tokenizer
T

T 1 T

111 ]
... IHE

1
B — 4 B
Figure 3: P32 F5F SCAMRIEATIETI L5 -

4 G55 IIYIGRAEEL B SCAMRIE U@

4.1  POIZRERIROfE

TR R TR ER 2, G fif A 1)1 SR 5 S AN R PR BOE S R 1E . FH T 2R
B B Il R AL KT I R AU E N TR SR B ES A A &S M P 51 FFIESS - Xu et al.
(2020)FE TSR A H 0T DL LR U3 AT T bR, 45 SR & I T ZR A B 3R A5 SO B A
1A [a] & 7] DURS S I AMRIE ST RE, R SCHER AR RIF71E - WA 3R, AR SUIREX
TGRS ZRE &, FERHATIIACRFIE B2/ _EF SO R RN E RN G L2 w5 25 15
N o BRI N ARz, FFP)ZR Tokenizer B U] 930 |5 FIRRIHIAL = t1,to,... th BHISET
TGRS N AL N KE F N XERG; = [g?,gil,gzz, ... ,giK]:

G; = PretrainedModel(t, i) (5)

BT BRI KRR e, gl g NIRRT L T SCHIE R, S
tHe M ER A 205N -

e; = ScalarMix (Gj) (6)
HAScalar mixi@id N2 S Ew € RF My € RBSEHDNFIOISRELAL Ak APk An - H
i SR B RE B — 20 H BB, AR R &5 2, BATE AT

s = softmax (w) (7)
K
ScalarMix (G) =y Z shgh (8)
k=0

4.2 WG

H BT £ M 4 HEZE tIBERT ~ XLnet ~ NEZHABR IR L 7 75 Fp S0 S0 AR E 47 11 45 R A
A R ZHTI R R L 2 IBERT £ it MR 4540 (a0 A7 B 4w 15 7 20) ~ ISR SRS DL I
1% 77 2 (Mask)iX LA A B AT AT AR TSR B - i RAL B RS 77 el Loy Xt B 4
T FIAR X AL B RIS, Hax) AL B SN BiA A F R M BEAE R E W&, HXALE R
DL 5 B R VT B B R U AL B - TR AL B SRS R ORI A VA N R
WAMSEE, EFHEBEERE MM BRI ERG, FEFMHESELER 55
SRR B, A 67 kR R A ) Transformerfi B FATBERT 43 B % T 28 A0

%:Jrﬁﬂfﬂfr%iﬁé‘(#)k% : 1, DPAIEES, fiE, 202148 H13H#15H
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PG | A% MERE T VIES 173
BERT FREY  SEEENAE MLM & NSP
BERT-wwm | 21A#EiE  SEEUHE MLM & NSP
NEZHA iR RECUEE  BANEEIZ% & LAMB
XLNet I PR EECAE R B I~ SCEEYIER

Table 1:  Z A FITFIIZRERL A%] L

SR XA B GRS 77 3 o DL OIS R B TS SRS S I SRR A AT A0 E . N T RATTH
SIBERT ~ NEZHA « XLNeti# 17T EAA- BRI FXT L, FHAER 1FRERE T &0 s il ot
24k o BIEEATEAE—F FERS N A B B3 R T 3 A7 ) 2 A 7 9

BERTHIIZER!  ELMot&ALEH W 1~ J7 M AH I BILS TM M 48 45 & 1M Al 52 ) FR)1E S 183047
YII%R, TMOpenAIRIGP TR B a1 i) R SURENZEH, BERT (Devlin et al., 2018)7& 55— 1%
EF SO FRIER NGRS, SRR E - L BRE  A) FRIEEINZERREERERT
i A\ F Transformer F 2w g 2 27 =] SR 1 P41 8RR 2Z (R B RS0k AR - BERTHE K pi >
YGRS, —&MLM, 8 751 911526 1) S # E #o [MASK|FRiC B ABERTHE AL, R 5
TEARLREARYE 7 371 o E A R B il B2 1R S R A 7R 3T, Sl T4 B ik B4R o AR R ST 2R P R
TR IBERTH LA AD #/E 2 DLF N BALHATHY o« F T S8 TN SR Z G A SR 3%, Cud
et al. (2019)RFFil NFE S SRS 45 B 1) 42 T8 % (Whole Word Mask)iz A 21 5 3 45
. B RLTAER B A AT R SR I R E . R A T TR T U (BERT-wwm) -
T RNSPEREW RO B A FAER RN, 2 > T AR 158 Al iE 2 S R SR R SO ) f 2
AT - BERTYERIE S RIEEIY AT LUK TSR B 4T 0918 5 RAE -

NEZHATYIGEER 15 (Wei et al., 2019)%FBERT, LATUE SCA WIS 5 £ 915 5
2 YIGRSERE < A0 775 - AL B ER A BERT AT T 2t - NEZHAH T 52 2 s #= A
KL ERAG, 1%E AT B S S A T B R SE AR IR AR % 7 A b T A B 7 B SR Y
B - BLANNEZHA T SRR F R T 2Rk B BERT H HIBENL 7R i (e, &
R A P ARSI TS Y 22 B B 0 UAE R - AN SR 24k
N B B R (FP32), HENEZHAKHIR &S EHT ISR, 7Em Bl f5 £ i
SRANE « BRRE < S R BN 2 RS B S BU(FP16) (B A SR Frd AR T WK K 77
SEFP32), BT LUESHR M TSR, TN, A B R AR KNl
%, FHEFALAMBIEILES -

XLNetfIZRER  FEXNBERTHATHUIGRES 75207 — E BE AR AT RE . X
IR AR B S SORERORE S P RATFER, X —RBERTER K452 B %
Z R A D MIFEEA—B, XA RS M EFRARIMERE . TAIH B BT I g
MGPTARS, BRI SEHY 5 Z [\ R A AT ZAE R, (EER S GERI A 8w i R 3
55 - At Yang et al. (2019)FEHAH T X HIEUH (Generalized Autoregressive) )7 2R 1R
TG - AFETIREE B EVF77%E R RIENL B A BNG B LR 5 - XLNet®f 751 1#
RO MERIR AT 28, EERER LUR RS B B VA0 2R R GER) F 5 5 B A B
A FIR TR BN M AT BAIER B T EEE B E TR, HETI%GS
ZHAREE A RS — 5 &%, XLNet/EZ PMEIESE FHUG T TBERTHIZ R - E15
—RMZE, XLNet{# H Transformer-XLIE AR EER, H A MR A7 & HiS 5 B EEA (Segment
Recurrence) L], BELEXLNet7E K77 L HERFFANEE FIRR -

BT 5T (Translation) IR K AT SRS T A2 18 i A8 KA A S0 iE L Bl
SRR R) LN SRR, RGETHRAL AMRIE SRR AT AP IR A H brii 2 [AIFE 5% R )2 ST BE
1o BT HISCAMRBET IR SO, B bnime 6 & FRIAMRTS, B T H#HHCS
YNGR A P SOOI SRS ZE S, RSO 23R A R S Bl B R T T0 R, PSR AR S 9 P 3,
Ebnu ol S SR, e F IE AMRIE BRI 7 S (fine-tuning) -

%:+E¢Eﬁ%ﬁ%%$% : 1, DPAIEES, fiE, 202148 H13H#15H
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5 SEIS

5.1  BE KR

R AEFHCAMRL.0 (LDC2019T07)3# 17555 -« CAMR1.0MCTBS8.0 14 BL #710,149> ]
T, MXLAFHTAMRNE, EFYIZRE . RS - ML S5 657,610~ 1,263~ 1,276
AT LSO B SCAMRIE o 9 1B R AR IRAVEGRE T, (RSIRZEIZR i X R B BEE AU
me, FATTRHIRYRFA B AR SO AT PR o Fofi 6 BERTHE M 117 16, T BT £ 5 5
e s, [m A TE /R S se i i 5 B BT AUH FHABPE LB 34T 1 HB - Rl
FEFALIS, AN B bRd o S SO S A R R RS T U9 - R 2 T AR TR L
Bt {3 A 7 A0S B B AR AMRIZEAT 2L B 1) 5

FifL TR 2
NoTokenizer | ZH J&4E 22l Dk SEAE IR ZAR 2 T4 -
src | BPE Zaa H o4 s Dk 2R B )@@ Bl ZAR b Taa 1§ -

BertTokenizer | Z H &£ B K R EZLALELNBZARET H -

(' 743-01 mod ( 5£7E ) :arg0 ( TIK mod (22 ) :poss (/&4 mame

NoTokenizer (name :opl ”ﬁEH” ))):mod (1% ) :compared-to (- Z/K mmod (JII&])))
tot | BPE (' T43-01 :mod (- 5£7E ) :arg0 ( ThFK mod (Z2f& ) :poss (54 mame
& (name :opl ”ZH”)) ) mod (14 ) :compared-to ( Z/AK :mod (-JI|@@ ) ))
BertToken; (7 %5 -01 mod (£ f£ ) :arg0 (T K mod (25 ) :poss (- 5& £ mame
e HOReIZCE (name:opl” 2 H ")) ) mod (1) :compared-to (-2 A mmod (JI| ) ))
Table 2: AN[EFia LA T R 5
5.2 HAEKE

AR SEES BT A5 A ACRS & LLOpenNMT-py A ZE fitt ) Transformert®& A « 5248 FH Transformer4
HER MRS ZEE R ENCZE, FEZ LER VLS HILECLE 8 - I—JH’K)\WE%HB‘—"‘M): i
PEFEFEE 512, RIS B 2048 « SEEG LA T Adam (b 25 % 2 85 gk
friede, HAB = 0.9+ By = 0.98 HLIRAK/NH81921NJEAF (Token) » BRI Z AL, SL58H BT
P (Warm up)FEL~ 231K « E 7 (Dropout)® « FRZ P 4 B 16000~ 2.0~ 0.3~ 0.1 7E
fRAS AR, SRR R (Beam seach), HATK/NEE NS o AERRIHEEERS, SHET L% L
PERE SR PR T AT I - AMRMEAT 093 458 FH Smatch(Cai and Knight, 2013) 5 et 4147 &
HOPFAIFERR? -

76 T 25 45 T B¢ SE 55 A By >k A BB B 22000« nezha-cn-base (NEZHA)? - bert-base-
chinese (BERT)?* ~ hfl/chinese-bert-wwm (BERT-wwm)®#hfl/chinese-xInet-base (XLNet)® - {3
FScalar Misctf FU SR Fey tH B AT IASCGRANASS BT FH )yt R BR800 1202 -

5.3 LT
5.3.1 SCIZEHR

# 3% ﬁ#%&TﬁT@ﬁWW?ﬁﬂ%&ﬁﬁKﬁﬁW%ﬁﬂﬁ*iMﬂ%
SRR ERTERE N ESEMAEAMI GRS SR LI, EREEFMA
ﬁW%ﬁﬁﬂutﬁﬁ%%%mmﬁ%ﬁﬁﬁﬁﬁ%%ﬁigﬁﬂou%m%%,
f# FABERTH) L4 /', AMRIE X fi# H7 fISmatch F1{H FH57.90%% F £169.96 - H o1 41 %L & 8
Fr: Unlabeled~ No WSD- Concepts~ Named Ent. ~ Negations Reentrancies ~ SRL4
BHE11.15 12.15~ 11.38~ 8.73~ 12.41~ 10.9~ 132 FUE MR F - XU, H L
SRR TR IR | R SCRAE AT DU B AR T 52 Tt P SCAMRIE SCREAT BOPE BE o U A AR SCIE fE

"https://github.com/rsennrich /subwordnmt.git
https://github.com/mdtux89 /amr-evaluation
3https://github.com /lonePatient/NeZha_Chinese_PyTorch
“https://github.com/huggingface/transformers
Shttps://github.com/ymcui/Chinese-BERT-wwm
Shttps://github.com/ymcui/ChineseXLNet
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\ ' None BERT BERT-wwm
TIERRE P R F1 P R F1 P R F1
Smatch 65.63 51.80 57.90 | 76.16% 64.70* 69.96* | 76.38* 65.09* 70.29%*
Unlabeled 72.90 57.07 64.02 | 82.19 69.25 75.17 | 8240 69.64 75.48
No WSD 66.45 5245 58.63 | 77.05 6546 70.78 | 77.28 65.86 71.12
Concepts 71.98 5853 64.56 | 81.45 T1.13 7594 | 82.00 71.62 76.46
Named Ent. | 73.90 4541 56.25 | 80.61 54.43 64.98 | 8145 54.67 65.43
Negations 53.97 51.31 52.61 | 67.79 6246 65.02 | 65.38 60.98  63.10
Reentrancies | 34.30 32.00 33.10 | 43.00 45.10 44.00 | 42.80 46.00  44.40
SRL 59.70 4980 54.30 | 72.10 63.40 67.50 | 71.70 63.80  67.50

s - NEZHA XLNet Translation
IR P R F1 P R F1 P R F1
Smatch 77.04%  64.08*% 69.96* | 73.49* 61.20% 66.78% | 71.50* 61.89*%  66.35*
Unlabeled 82.74 6825 74.80 | 79.86 65.95 7224 | 78.11 67.05 72.16
No WSD 77.94 6482 70.78 | 74.29 61.86 67.51 | 72.50  62.75 67.28
Concepts 82.05 70.22 75.68 | 7894 67.37 72.69 | 79.50 70.74 74.86
Named Ent. | 82.46 54.03 65.28 | 80.02 54.03 64.51 | 80.27 51.64  62.85
Negations 66.31 61.31 63.71 | 65.27 58.85 61.90 | 6248 57.87  60.09
Reentrancies | 44.00 45.20 44.60 | 40.50 42.20 41.40 | 38.40 41.80  40.10
SRL 73.00 63.10 67.70 | 69.50 59.80 64.30 | 66.20 59.90  62.90

Table 3: NETFIZREILANRENERE, H P FoRE B2 Hp < 0.005, EFUIZRRERL )1
e A M RE R B TR .

FIBERT-wwm «~ NEZHA -« XLNet># $#& BUJR 4 89 18 SCRAE, AN [R] A1 25482 2 30 A A A
Y EF RN SR SR B A N HE R, R AR TR B AMRE AT £ 55 L RIS AHE - XF
ILBERT ~ BERT-wwm ~ NEZHA « XLNetfJPEGER] A& BL, ZEBT F @t A BERT-wwmH) b
N RAEE S LAMRE BT AES BRI, &ML rEee T LLIA E]70.2000F 1, H
7EUnlabeled -~ No WSD -« Concepts~ Named Ent. 25 447 B 5 b5 #4158 &0 H8 B 1 45 FH H At 7l
YGRS P RE -

AN, B AR A T AR G B R E O R B B Scalar mixE /N E #i A A — A E s Y
AL EE SR FrE U T SR 2 () 58 — 2 o HE ROR BN R & i R, 33383 T20% L L,
HIXNBI4ERFE7-102, /a5 E R H SRR N . NEZERRE R E G
R T e N REE AR R

1 2 3

4 5

6 7 8

9 10

11

12 1 2 3

5 6 7 8

9 10

11 12

S S S S S S S S S S S S S S S S S S S S S S S
|19.7| 8.7 I 8.8 |10.0| 3.4 | 5.6 |10.9|14.1| 9.2 | 4.9 | 4.2 | 0.5 | |20.2| 9.0 I 8.9 I 9.6 | 3.0 | 5.6 |10.7|13.5| 9.3 | 5.2 | 4.5 | 0.6 |
(a) BERT (b) BERT-wwm

8.7 I 8.1 I 9.2 I 7.0 | 3.4 | 9.0 |11.8| 9.8 I 6.5 | 3.9 | 0.1 | 3.5 | 6.5 I 6.8 | 5.0 | 6.7 | 5.9 |10.3| 4.4 | 9.4 | 0.9 | 0.5 |

5.3.2

(c) NEZHA

(d) XLNet
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& LT ALY ORI T o AT AR ] 45 B AE R R R 73R AL T IR A SCAMRAETIERE
I F 718 (0 T5 VR R AT BRI -

NoTokenizer BPE BERT-Tokenizer
word avg. len. avg. oov | word avg. len. avg. oov | word avg. len. avg. oov
src | 16272 22.120 7.841% | 14889  24.621 3.715% | 3599 32.996  0.404%
tgt | 18788  78.404 2.710% | 17438  81.861 1.326% | 3882 100.600  0.151%

Table 4:  ZET AR TR T Z ARSI H

T AEH T HERAANERF IR T IERRR KN  SPEE KR FIRE T (ovv) i -
A HITEf# FIBERT-Tokenizer 5 (83 1T A0 B 2 5, BT B3 R A/ MBET AT FiR 1L 7 1% 8L
= fEABPEF T AN KRB, (ONAHIT AR B AR R A1 /4 . BARB SR EEZETR
vt A B s A 7.841% ~ 2.710% R FEE0.404% ~ 0.151%  FHIL AT WA L BT B F R4
T HE ] LU L D H SCAMRIE R AR B SRR R, 48/ MRS B PR e 2 HE

F 5 HANFE AT FE F SCAMRIE ENT S 45 1 . ML E M B #7%, {F FIBERT-
Tokenizer# 1718 {4 7] DL BY B AS 5 = P RIFLE , JF ELYE BT A 40k B $8 s b AR EUAS B 1T
FIgE R, HH7EConcepts - Named Ent.FlNegations FERHE R T 1% A L o JEH Z7ENegationsTi
Fr, BN ERRRANE E_E 55 H LU AL FIBPEF iR OS5 s HH T 4.22%F14.67% - H
AR Z T AT FiAib b3, BPE AR E 18 LAIRA LRI FE E . kA 1 AR RIAR
FE, TR0 5 4 R A AT B SCAMRIE SURENT BV E SR -

NoTokenizer BPE BERT-Tokenizer

P R F1 P R F1 P R F1
Smatch 63.66 51.63 57.02 | 62.37 53.05% 57.34 | 65.63* 51.80 57.90*
Unlabeled 70.81 56.95 63.13 | 69.31 58.47 63.43 | 72.90 57.07 64.02
No WSD 64.39 52.23 57.68 | 63.13 53.70 58.04 | 66.45 5245 58.63
Concepts 69.37 57.34 62.78 | 68.31 59.24 63.45| 71.98 58.53 64.56
Named Ent. | 69.38 44.85 54.48 | 64.26 47.65 54.72 | 73.90 45.41 56.25
Negations 51.48 45.74 48.44 | 50.36 45.74 47.94 | 53.97 51.31 52.61
Reentrancies | 31.70 34.60 33.10 | 30.80 34.20 32.40 | 34.30 32.00 33.10
SRL 58.00 49.10 53.20 | 57.00 50.00 53.30 | 59.70 49.80 54.30

Table 5: AFTFHMALXMEREER, EHRRERZRZEENIKXHp < 0.005, R AR
BNoTokenizerf A FIPERE R BE MR

HEWTRTRERI SRR - SO BRG] LG o BRI R & i - B AR LA
E—NEE, WA, RN F AN EMERR . B8 T 2 MERE SR
RERGE, Wmegia e, mAITHEZ MEREB—ENAERS G HTEE . SR0AES
SCANEH R R KA G, R U RER 410 v LR R 2 B RE A . BT
VERIETIE N P FEA AL, AT DULE AR B 1538 0 X 18 28 10 2 S SRR 1RHE A B A .
[F A 3t BE R 1y £ 2 AT Ry B AT T 1A 40 RE 5 LR AT B I IR 1 5 8 78 - R R &
BYFEEES A GEEFEIBERFITRIE . BREHITHEN, XL EBEE
F o5 HMERIITESMBE SR, WARR - JEE R RS o X IR SRR SUR
HRAE R LA B, 7T BPERHBA TR m) T1E R — AR tH B - PR TR M DL 2 )
A R YR XEREBENG L, NS T EBERHETIEMNEREEELHEN
TAFIAREFIAN SR M R OERTMANET -

b ok

IChEH

R 75 B 730 AL 3 AT H SCAMREE SURERT, JEZECAMRIL.0 (LDC2019T07) b3k
18 T57.900IF 1A - HEHER b AP SCHI SR, Sl i ST SRARB R B A SCAR )
TICRAE, HFScalar Mix#15F b FCRIAEMRAIERE, FHIZITERTE T 70.20/F 1A - 7E

5.4

H ot ﬂ'%?&%‘(ﬁ)ﬁ% ISk,
C

HEITATI-5538501, MPANYEAE,
2021 HEHCE B S HIE S T

E, 202148H13H&15H.
HES¥TUVERS



HEESY

T—BITIEF, BRI MALZ AN FFRICAMRLOER, AR RETHmEL
WO T 15 Bt — B 5 T SCAMRIE SUR AT HOPERE -

22 SCHR

Rafael Anchiéta and Thiago Pardo. 2018. Towards amr-br: A sembank for brazilian portuguese language.
In Proceedings of the Eleventh International Conference on Language Resources and Fvaluation.

Laura Banarescu, Claire Bonial, Shu Cai, Madalina Georgescu, Kira Griffitt, Ulf Hermjakob, Kevin
Knight, Philipp Koehn, Martha Palmer, and Nathan Schneider. 2013. Abstract meaning represen-
tation for sembanking. In Proceedings of the 7th linguistic annotation workshop and interoperability
with discourse, pages 178-186.

Guntis Barzdins and Didzis Gosko. 2016. Riga at semeval-2016 task 8: Impact of smatch extensions and
character-level neural translation on amr parsing accuracy. In Proceedings of the 10th International
Workshop on Semantic Evaluation (SemFEval-2016), pages 1143-1147.

Michele Bevilacqua, Rexhina Blloshmi, and Roberto Navigli. 2021. One SPRING to rule them both:
Symmetric AMR semantic parsing and generation without a complex pipeline. In Proceedings of the
35th AAAI Conference on Artificial Intelligence.

Claire Bonial, Lucia Donatelli, Stephanie Lukin, Stephen Tratz, Ron Artstein, David Traum, and Clare
Voss. 2019. Augmenting abstract meaning representation for human-robot dialogue. In Proceedings
of the First International Workshop on Designing Meaning Representations, pages 199-210.

Shu Cai and Kevin Knight. 2013. Smatch: an evaluation metric for semantic feature structures. In
Proceedings of the 51st Annual Meeting of the Association for Computational Linguistics (Volume
2: Short Papers), pages T748-752.

Hyonsu Choe, Jiyoon Han, Hyejin Park, and Hansaem Kim. 2019. Copula and case-stacking annota-
tions for korean amr. In Proceedings of the First International Workshop on Designing Meaning
Representations, pages 128-135.

Yiming Cui, Wanxiang Che, Ting Liu, Bing Qin, Ziqing Yang, Shijin Wang, and Guoping Hu. 2019.
Pre-training with whole word masking for chinese bert. arXiv preprint arXiv:1906.08101.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. 2018. Bert: Pre-training of deep
bidirectional transformers for language understanding. arXiv preprint arXiv:1810.04805.

Donglai Ge, Junhui Li, Muhua Zhu, and Shoushan Li. 2019. Modeling source syntax and semantics
for neural amr parsing. In Proceedings of the Twenty-Eighth International Joint Conference on
Artificial Intelligence, pages 4975-4981.

Bin Li, Yuan Wen, Weiguang Qu, Lijun Bu, and Nianwen Xue. 2016. Annotating the little prince with
chinese amrs. In Proceedings of the 10th Linguistic Annotation Workshop held in conjunction with
ACL 2016, pages 7-15.

B Li, Y Wen, L Song, L, Bu, W Qu, and N Xue. 2017. Construction of chinese abstract meaning
representation corpus with concept-to-word alignment. Journal of Chinese Information Processing,
31(6):93-102.

Bin Li, Yuan Wen, Li Song, Weiguang Qu, and Nianwen Xue. 2019. Building a chinese amr bank
with concept and relation alignments. In Linguistic Issues in Language Technology, Volume 18,
2019-FEzploiting Parsed Corpora: Applications in Research, Pedagogy, and Processing.

Kexin Liao, Logan Lebanoff, and Fei Liu. 2018. Abstract meaning representation for multi-document
summarization. In Proceedings of the 27th International Conference on Computational Linguistics,
pages 1178-1190.

Li Song, Yuan Wen, Sijia Ge, Bin Li, and Weiguang Qu. 2019a. An easier and efficient framework to
annotate semantic roles: Evidence from the chinese amr corpus. In Proceedings of the 20th Chinese
Lexical Semantics Workshop, pages 474—485.

Linfeng Song, Daniel Gildea, Yue Zhang, Zhiguo Wang, and Jinsong Su. 2019b. Semantic neural machine
translation using amr. Transactions of the Association for Computational Linguistics, 7:19-31.

H R E R RSSO, FITAT- 385, IPAINERE, dilE, 2021458 13HE15H
(c) 2021 HEPEEYRTEIES ¥ T LZ RS



R

Rik van Noord and Johan Bos

periments with abstract meaning representations
Journal, 7:93—108.

2017. Neural semantic parsing by character-based translation: Ex-

Computational Linguistics in the Netherlands
Conference on Neural Information Processing Systems, pages 6000-6010

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez, Lukasz
Kaiser, and Illia Polosukhin. 2017. Attention is all you need. In Proceedings of the 31st International

Chuan Wang, Nianwen Xue, and Sameer Pradhan. 2015. A transition-based algorithm for amr pars-
ing. In Proceedings of the 2015 Conference of the North American Chapter of the Association for
Computational Linguistics: Human Language Technologies, pages 366-375

Chuan Wang, Bin Li, and Nianwen Xue. 2018. Transition-based chinese amr parsing. In Proceedings of
tics: Human Language Technologies, Volume 2 (Short Papers), pages 247-252

the 2018 Conference of the North American Chapter of the Association for Computational Linguis-
Junqgiu Wei, Xiaozhe Ren, Xiaoguang Li, Wenyong Huang, Yi Liao, Yasheng Wang, Jiashu Lin, Xin
Jiang, Xiao Chen, and Qun Liu. 2019. Nezha: Neural contextualized representation for chinese
language understanding. arXiv preprint arXiv:1909.0020

Natural Language Processing, pages 2501-2511

Dongqin Xu, Junhui Li, Muhua Zhu, Min Zhang, and Guodong Zhou. 2020. Improving amr parsing with

sequence-to-sequence pre-training. In Proceedings of the 2020 Conference on Empirical Methods in

Dongqin Xu, Junhui Li, Muhua Zhu, Min Zhang, and Guodong Zhou. 2021. Xlpt-amr: Cross-lingual
pre-training via multi-task learning for zero-shot amr parsing and text generation. In Proceedings of
the Joint Conference of the 59th Annual Meeting of the Association for Computational Linguistics
and the 11th International Joint Conference on Natural Language Processing

Nianwen Xue, Ondrej Bojar, Jan Hajic, Martha Palmer, Zdenka Uresova, and Xiuhong Zhang. 2014

Not an interlingua, but close: Comparison of english amrs to chinese and czech. In Proceedings of
the Ninth International Conference on Language Resources and Evaluation, pages 1765-1772

Zhilin Yang, Zihang Dai, Yiming Yang, Jaime Carbonell, Russ R Salakhutdinov, and Quoc V Le. 2019
Information Processing Systems, volume 32, pages 5753-5763
natural language processing, pages 680-689

Xlnet: Generalized autoregressive pretraining for language understanding. In Advances in Neural
with an incremental joint model

Junsheng Zhou, Feiyu Xu, Hans Uszkoreit, Weiguang Qu, Ran Li, and Yanhui Gu. 2016. Amr parsing

In Proceedings of the 2016 conference on empirical methods in
Jie Zhu, Junhui Li, Muhua Zhu, Longhua Qian, Min Zhang, and Guodong Zhou. 2019. Modeling graph
on Natural Language Processing, pages 54595468
ZP, B, RRAE, 4EE, 2K, and B
iR, 33(4):1-11.

*=E

structure in transformer for better AMR-to-text generation. In Proceedings of the 2019 Conference
=
5 R, 31(6):93-102

on Empirical Methods in Natural Language Processing and the 9th International Joint Conference

2019. ETHBMHEMLEHF Lamr BT, PUEE¥
20, [E%, K, NIE, fi4EYE, and BEEIC. 2017, BRE R FHE BRI amr WERIZE M. F3C

+ e e H‘%i%?i)ﬁ%
C

2k,
2021

202148 H13H #15H



