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Abstract: Given an AMR (Abstract Meaning Representation) graph, AMR-to-Text generation aims to generate text with the same
meaning. Related studies show that the performance of AMR-to-Text severely suffers from the size of the manually annotated dataset. To
alleviate the dependence on manually annotated dataset, in this paper we propose a novel multi-task pre-training for AMR-to-Text
generation. In particular, based on large-scale automatic AMR dataset, we define three relevant pre-training tasks, i.e., AMR denoising
auto-encoder, sentence denoising auto-encoder, and AMR-to-Text generation itself. In addition, to fine-tune the pre-training models, we
further extend the vanilla fine-tuning method to multi-task learning fine-tuning, which enables the final model maintain performance on
both AMR-to-Text and pre-training tasks. With automatic dataset of 0.39M sentences, detailed experimentation on two AMR benchmarks
shows that the proposed pre-training approach significantly improves the performance of AMR-to-Text generation, with improvement of
12.27 BLEU on AMR2.0 and 7.57 on AMR3.0, respectively. This greately advances the state-of-the-art performance with 40.30 BLEU on
AMR2.0 and 38.97 on AMR 3.0, respectively. To our best knowledge, this is the best result achieved so far on AMR 2.0 while we first
report AMR-to-Text generation performance on AMR 3.0.
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15 75 X F 7~ (Abstract Meaning Representation, fij /7 AMR)!R — i B8 L RoR 7k, B HARES X
A DA TR B S B AR A IR L 1 TR, “word-017 Al “tend-027 %5 & 45 L BR AR 9 HE S (concept),
HARVE & SR A LT AMR B AR A 46 i 5 A TR I 3R s T A A 2 18D A U &R0 “:ARGO”
1 “opl” 5. AMR N T I CRR &) iz B T HLE B3R, 2 R 40P 0 B 5 2R = kb
B AR S AMR SCAZE 354 5 AMR B, B 304 OE S E— 800 B ARIE S SR K 1 TR, 1% 8] LLE
PER—AE(BI AMR B)E 75 (R SCA ) F) 55 30T 55 76 IR AR 7l HLES BN 325 H AR IE 5 e M T & P T
EWNRN A, R EE T 5 W BT AT 5 1 ST TR A A A R ST A R Ok R 32 AT 8 55
[2,3,4,5,6,7,8,9,10]

5w A ARE S A AT S5 AL AMR  SCAAE 1 1 B 52 AR TE T RIS /N 1 5 451 4, 56 1 AR [ 1 0 38
B, MG E BT 16,833 Z VIR AMRL.0 YIRS 36,521 25 IIZRFEBI AMR2.0 B, SRR 78
£ FIYERE R 25.50 BB HETEE 27.43. 1 U U I I 8 bR R TR A RUAS, RE S 0 — 2D 4R AMR SUAR A R T
B8N T AR N T hR R VB R AR A, — o ol 4T 1 A R 7 522 1 B TOUN S R 4 3 3 A R A T o v S AR 18 )
N GRIR 2 PR % 45 K, T A5 3 — LA 8 2 0 4R 0 T 2 468 10 30 2 B 4 B ) 2 0 ) Y 81 i 4 45, T A S
fl1 AMR SCAS A= AR T, 76 38 A4S0 G I 25648 8 in ELMo!'Y. GPT-2U'241 BERTUSI& i 3 AN he EL#E ] T
AMR CAA R H E B H K 7E T ELMo. GPT-2 1 BERT 25Tl £ 8 B B8 Il 25 [ K HUBE [ 4R 15 5 SOA, T 7E
AMR SCAA AT 45 H U5 o A 1 A5 M AGAS 0 AMR BLED(E BB S AMR B2k M40 A 5B IZ T B R R e
KEM AMR BRI 1 FiR bR “:ARGO”. “:mod” ZEFI4E MARZE “word-017. “tend-02” £ [K I,
EL N ZRIT B 5 A HF I B G B 5 A8 A BB A TR 30 AMR AR A T 5%

Fig. 1 AMR graph for sentence “In other words , everybody tends to mistake the part for the whole.”
K 1 AJF In other words , everybody tends to mistake the part for the whole.” %} % ] AMR &

NIRRT AMR SCARZESUE 55 A SCHR T 51248 55 M SR IO =S TN ZRAE 55 R I, D 17 RE % B0 4 4l 3¢
AMR I E R 5 SOA 2 18] (K I AL — B 3 1 BB/ 22 A 55 (K TN 0 A ) b, AR ST T 454 55 A1 AMR
SCAAE AT 55 15 R A B0 P 51 21 P SUME SR 2 T DA ELBRE PO 2R B 2 i T S 808 AMR SCARZE AR
55 T O G A% eI 7 i AU AMR SOAAE BUAE 55 0 ) Zr Sk it — P AR S 80 (HAZ WOR O
2 T BB B 5 X 2 388 S I R, B R S A R 2R 2 BN R AT 55 (0 UM 6 0, A & F T B I 4
E%5.5% Li Fil Hoiem" Wi i 6, A SCHE HH 2 AR5 I GRHESE X AMR SCA A2 AT S8 56 75 4300 R [ ef o



BEK F AT EEH5FNNEG AMR LA LRI 3

T AMR SCAE AR ZRAE 55 25 T P> AMR Fr#fE £0d 58 AMR2.0 Al AMR3.0 ff) SE5e 45 L M, (5 B T 0.39M
B SRR ER) T, ASCRR TN G 5 VA AR RIE B 4R = AMR SCAZE U PERE, 70 Tl IA £ 40.30 1 38.97
BLEU .5 " AMR2.0 ERHERE A B AT 5 (55 PR RS, AMR3.0 BRI VERE S B A A 1 8 vk o 1 g
AR SCH TR A
(1) EF%F AMR SCAAE RAT 55, 32 7 =R SC I IO SR AT 55 R0 FL IS TN SR AT 55, 90 40 0T LU 17 %
TR GAT 5522 R OR 7 2R Rt RE;
(2) BT YIGAERL A BT LL B T R AS R i o7 2R M g
(3) T 0.39M [ H shriEA 7, A AMR2.0 fi1 AMR3.0 _E %75 B H #i (1) 0 P BE.
ARSCE 1 XA TAEAT R 28 2 W R I T 5 51 27 51 0 AMR SCAR A B 58 3 15 45 AR SCHE HE g 36
F 2 AT 5 W AMR SCA AR B3 4 5550 1H S0 I 38 o S 56 40 M1 38 W AR SO VR I AT 2801 58 5 25 22 D T ik
— M TN 2R3 AMR SCAR 43 M1 1t B A5 00 55 i s 5 4 S, 5 0 SR SR AB 73 9% 3 B 78 0 1) AT W10 R 3T

1 HxIE

ASCHIWEFE TAE F W S AMR SCAR AR AR A T 5 AN 77 T DR 0, 251 K DA T A 3 B2 K S 25 A0 5K
WP LAE.

1.1 AMRIZA4SE

AMR SCAE R — A SR [ 3 R B B AE S5 RO BT O R 20k A 2R T U B O R R i T X AN
%% Flanigan 25 A\ Mg F 5 B BEJ7 725, MR 48 25 7 &5 i (Reentrancy, BI1E A 22 AN A0 SR &5 A MM 45 250 % AMR B3R5
J 2 AR 5 A A R R ) ) 7 2 AR 5 A B P R SCAS Y 8] Song 5 N UME R Rk AR BB R R 2 ) B B
7% 5 (graph-to-string) # ).

H 1T 5 2 B0 50R AMR SCAR AR AT 55 W1 AL A8 B0 34T 25, I 38 O 5 00 Jfa il 7 Sk SR EX 26 PE AL ) AMR [
EL#, Pourdamghani %5 ABURT Ferreira 25 APVl FY 3 T 4017 B0 AL 2% B0 R B A0IG 26 P4 1L AMR BB PR 0 H2R1E &
SCAR;Konstas 26 N UR] A e 41 31 78 51 1 1 26 BL 25 B0 1 A0 2 M1 AMR I 4 F AR1E & SCAR.Cao Al
Clark!" Vs FI H bxif (87205 B4R S T 26T 77 51217 51 )5 221 AMR SCAAE P fg.

TEMEFFERE FLAMR EIZE A0 A5 2 (9 )7 51 A 7T ik e b 2 25 0k TR B R I S5 M A0 1E B o8 T b 2 PR A i A2
K WIE Bk, H AT HOR B 2 108 57 52 B 2 T B 3 5 51 (Graph2Seq) 1 28 ) 45 85 1Y f51] 41, Marcheggiani 1
Perez-Beltrachinit! V& ¥ F) B B 48 22 (0 4% (graph neural networks)K & s 4 g B S5 /)5 B F B FRE T U A
A R B 2 S BF T AN T 22 A A ) T G i s AR B T A LSTMUSL [ 4 B o 46 R 4% (gated graph
neural networks, GGNN)!"HI &5 FH 44 22 [ 4% (graph convolutional networks, GCN)? Guo %5 AR1Mii ff 7 %5 423
@ (dense connection) %%, UVFANEJZE 2 A1 FIE BT A . B4, 8 7 S8 4 Mot AMR B3 4T %W A0, Ribeiro 55 A
g G B A A T R XA B R R 5 vE Zhu 25 AU Cai A LamPPER T OAE T 45 M IR 3
Transformer® 7 % AMR 5 #15 BT 419, Zhao 25 AP HE AMR H & 5856 R, SIS B 5%
R BT B S5 EAT 0. Song 5 N POUt i 3 T PRI 45 440 1) 19 4 0, I b 4 58 i ) T 65 0 435 I 388 TR R 7 9
£ AMR 5 =04 56 2, LU /b X B AMR B 254 ) 4 2%

1.2 #RBTI)IZ

H AU 7E SR 55 A BRAT 55 10 S F A TR A 2R 1 5 B 307 AT 55 v 10 P k2 0468 P 91T 58 Y L 40 i
— P 25 . AR SR TN RS R R B0 AR =2, B — 2 2 o W A RN I TR R B B word2vecT
GloVel®™ %% &5 — K 43k 1 F OB BRI B4R 0 Covel®!, ELMol',GPT-21"2, il BERT! 4% 45 =K it 3
T 0 2 AR (0 TR 2B L, PoDARY, MASSP BARTE 14,

BT AMR 75 ZE6f B 45 K A7 S, Al E AMR AP & VF 2 RR BRI 5 A 19 05 1 AR08 & SOAR I Tl 28 7Y
TovE B E] AMR SCA A b H RT3 T 2500 AMR SCA A2 BOBE 90 85020 R i, B A 61 % AMR SCAAE R
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FE 55 AT AL T o — A s A5 HF 0 1 BB Mager %5 A VRIT Harkous 25 APHH 7E AMR SUA A AR 55 T 5
AT ZRRER, 2 25 52T 1 SCA A 1 e

A AMR SCAZE A 55 15 7 51 2 7 SIAE 55 AR 95 AMR SCAR A O 55 1O s 3R 1 T 2 R BT AMR
SCAA R TR SR AT 55, 9756 T H AT RCAR 2 (K Transformer /E I ZR B AL 55 Mager 45 AP Harkous %5 A
BT AL FH ) 0 2R R AN [ 1 2 A ST P 1 T RS 2 1 57 31 1 ) 464

2 ETFFIE|IFFIH AMR XARE L

AR B TS5 A M Re s £E 1) Transformer 751 3 7 AR RUES AMR SCAAE Jl i) 2 #EAL Y Transformer
F5E Y P 4ot R 25 L5 AR 0 9 L, 7 4 5 2% 5 ARG 2% o3 ) 22 N HE B ) SR 38 2 5 AR AT 38 2 AR S B 9% 2 LR
H ¥3: & J1)Z(Self-Attention Layer)fll 4% £ i 15t # £ W 4% (Position-wise Feed-Forward Networks, FFN), f# 65 25 ]
AR HERNZ. HiLH5MIDE1F = /12 (Encoder-Decoder Attention Layer) Rl 43 $2 5 14 42 WX 4% 4 7 T
)2 Z 4 FH 5% 75 % 4% (Residual Connection) & JZ 2% 1E W4k (Layer Normalization)4b ¥ 1 JZ [8] 4% i () Hde . 5 3 T
TEFR A 22 00 2 KL T2 AR 42 0 2% 1) 7 210 380 e A R AR L 35 22 Shids 2 UML) Transformer B AN BB 4l 3K
J7 5 22 18] (4K P 1 A %, TR IR 3 B8 AT AL BRECHE . H AT 7EMLZR B0 B . ) IEM R AT S5 41 45 1, Transformer LR
TP RE. A 9% Transformer 4588 [ 5 22 4145, 1T LA 22 (5] Vaswani S48 5.

2.1 AMRE L4 1L T 4k 38
KA F:

In other words , everybody tends to mistake the part for the whole .

B4 AMR B
(w2 / word-01
:ARGTI (t/tend-02
:ARGI (e / everybody)
:ARG2 (m / mistake-01
:ARGO e
:ARGI (p / part)
:ARG2 (w / whole)))
:mod (o / other))

LML S K AMR B
word :argl (tend :argl everybody :arg2 ( mistake :arg0 everybody :argl part :arg2 whole ) )

Fig. 2 An example of linearized AMR
B2 —4 AMR B 1Ak on 51

AR Zhu S NG b e 2R G0 BT A P 06 AL B O 1 S, A P R A 2 17 7 VA3 T AMR
IRIF LR AMR J7 51 FL 0 M BR 77 51 AR (1) 38 B b 2% 18 1)1 X (predicate senses) f5 45« wiki % 32 bR 25 FIME & 45
SR 515 25,5 BTl i /NS AR A0 I 2R M 1E AMR R A HE, ()4 AMR P o 77 75 55 5 45 o, 0 76 M Bk
A AR SR, TE 2R B I T ) — A R A R LA AMR B AR S AMR B (b) A A 45 i A A 4
5, DU B3k 12 o7 2 R 000 R 95 =5 ()M BR 2 VAL AMR &l 541 J2 I — 5 46 5 8] 2 B, ik i 2 Ak AMR 59—
NP FZ T R AFE T I AMR B 22 BRE RS AR IS AR S [AIE SRR UL 3%
TN
2.2 FiafeabE

TEAG PR 09 2504 BUARE T , 25080 45 578 0 A0 S 15 0 9 B 0% ) 8 L B R ) T R 2 ) AR R R S R AR 1 2 ST
N T AR B B 5 1) 7, K onstas 25 AUVt F BB 42 WL i1 Sk 22 7SIz o R K0 F s, (L 3K 75 B2 N A 1 k) 5 U ),
i HFE 17.Song 2 NS AT T 5 LSTM I &2 il AL LI 38 in 7 A5 70 A By 2 S fi vl vl R P 52 24 2 22 ) % T HL 288
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T AT R AR AR B 3% 1 V2, A SO SR T 4 4 i (Byte Pair Encoding, fRi R BPE)R*1J5 15 38 i #4537 3% 2>
SRR /N (R R AT IR B G, T VA BRI B SR T AR LB B IR TE N AR 2 ARG T AL B AT 55 P B B KA
AR e

X T AMR SCARAE AT 5%, B TR A A i A 6 35 K B A () 1Y) B8 0] 1) 2 B 26 P A AMR &I i ) 1
154 mistake. part. whole 254 [l F ¥ 1A, 19 60 & 40 tend A1 tends. word FI words 2 LY 1) #i1A]. T 02, A X
AU g A E A i — [ AT 1 A0 A 3 9 75 AL ¥ 58 5, L SR o AT E R i ) RV 3R, DA g SR VR s AN B i 5 1]
Z B R

3 EFZESTINER AMR STARSE R

T EIE AMR SCACAE B R B £ B RS 1) A0OR8E, AH S Bt 8 AE A B DR IS 1Y) B Slhob v s, RO 45 8
AR IR AR (FE 30) SCA R 45l TR 2 1 AMR b 2% 4 12 8004 4 P (1 2 A ) 1 5 460 D AR 87 11
AMR K. — H3RE B 3 brid B 4,1 R r80E K4k ERT Loy A28, — s O IR & B shArid 80 1N s
TSR SR 13 20T AU 2 B 42 0L, 5 — Ry 2R Se M T BhAs i Bds A2 I 2515 B IO SRR A 4R )5 A AN T
PR Bl 2 #EAT A2 R F DL L WA AE Gk, N T A FOB R B Sh AR B E S AR I T B TR
RS TN R LT 2 AT 5 T 2R ) AMR SCA AR T 7.

BT BAPREEIR S AR H S AMR SURA BRSSO B =AM GRAE S5, 73 73 & AMR [ H b |
AT REE A RIS LA AMR SCAAE AT 55 48 B B T 1R AN TR SR AT 55 B 2 T B M | G R, A1 0 o e - R
T 50BN 75 B FEE B S 0k, SR J5 T 1E AR IR AR SO BT 55 T 25 07 v DA S 22 AT 5% 0 45 07 32, B JE
2R AR S s 56 P 2 B P D 40 (Fine-Tuning) 75 5. 75 B & 0972, R SCRT A B 7 5 31 7 51 485 3L 34 %
Transformer B, 1A AR TR (16 45 2K B8 £ 45K B AR G5 452 2K (Relative Entropy Loss) 775 1H 5.

3.1 ETFFIRFHIRFERE B R TIZR

ARSCE T AMR SCAAE BAT 45 48 H 56 T 3 51 21 7 515 28 (1 e gt 9 4 B0 B3 TY TS0 A 45 B M 1 4 o A 52
T2 L 3 B B R S B SRAE T AL BT 45 DO 2% 0 N 1 4 AR BT A 5 A b A SR R S AR
LR, TR tH R 8 50 4 th AE i H bR 8 5 5 471,

RN B Y AL Y 2 R gm0 45 5 R0 38 358 4. 45 78 1A P B x = (), 7E THUA B B T 0 X 1% B0 8] 1 4 gk
A7 M 75 Ak, 753 B AL B M S B SRR T A xt = (xR RS A DL xt AR e N FE g T £ B 6 B ) BRERCIR 7 )7 B
ho={hyr s f A 2 Y Bk e 7S AR BRBOIR 25 7 31 b Yk 52 8 R A [ B 48] 5 51 o TR Ut B e 5 S A S RS T LU
VE R s W 75 2 51 Wk 2 9 T Mt 75 1 371 FE I AR

5% Devlin 2 NI AR5 &, 5378 77 51 i s A0 T =R [ (e 7 5 =X, 2300 (1) BE AL 28 39 14 )5 41
HRAE AN R A B FEBR G E A B S R e AL BAREE NI 3 AN EL.(2) B 10% FFIHERE K B iR 5 4 4 [mask [ bR
i.(3)EL 10% 128 4 B A 25 7.

R e S A5 R0 7 T B 1] x, BN K0 RS 3 B xR SO BAR T A x 1 b SOAE S kA B UE SR 2K A MR

5 p(x | x) MR AT BLAMEA p(x|x) =] [ p(x [ xhx.).
i=1
S R 0 T T 7 T W R AR T 540 T LA TR 31 B0 S A 1 0 b T S B
7 TR R 2 AR 05 25 A7 1 i PR BT 35— i R 77 DA P 2 9152 s B S A7 R
ST T T DA 7 SO BT SR
32 BESTIIG

HRHE AMR SCAS AR AT 55 (04 s, R0 P L 9 (BUD AMIR 350 A1 | v i (B SCAR 35 ) 35 9 RO 08, A SC 1 77 = b
AR BAT 55 TN 2R 05 6.
1. ZEFIREFF %R 494 E (Denoising Auto-Encoder based on source sequence, LA fii#% DAE(S)).
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I s S it A AL B S I AMR P91, T 2528 T 7 0 B 5 41 19 AMR [0 B 2w B A7 i id X AMR 3
A A RS R F) 2 A5 4 (encoder) BEAT I 5, 52 5 i 45 X 2R AL AMR P 1 181 45 4] 1O 35 ARFALE 22 7 0 47 3
RE 1. AHMEF X PN ZRAE S5 R I 5 AMR SCAR AR AT 5% (0 5 i A2 A TG T 19 DT b 12 P GR A 554 e
SR 18 AMR SO AR R 55 U St 4 A 45 1R R AR BE 7.
2. EF H w75 B P B RS HE 8 (Denoising Auto-Encoder based on target sequence, LA T i #X DAE(T)).
AR B A i i N 16 48] 1 40, TIN5 T e 510 B 40 1 ) 1 B e B m AL BT e X AMIR SCAR AR s
R f i 2% (decoden) HEAT VI 45, 418 i A i 25 ) SCAS 26 BB 7 SR ADUH, iZ T 254 55 1) H AR 5 AMR 3C
AR AT 55 1) B A o 2 AH UL G 1) AZ TR ZRAT: 55 e 88 372 i SO A ) e
3. ET AERESIEN AMR XA 4 Bi(AMR-to-Text, UL R fRiFK A2T).FFH K HURE B S FRTE ) AMR 5 R
TN Z5 AMR SCARAE AT 45 7 3REUCKHUBE H 3 bRiA ) AMR BB RL A SR B T Ge 2 APYISEG ot AMR
fE BT FEAERI Ry AMR AT &8, F 2 AMR AT 45 3845 KA B shARTE ) AMR 5 8L 20 5 40 3 /0
A AR SCL T BT 7 B E B ARTE AMR ERL A L RN N 25, 7T LA 2 B Ge 25 APBIZE 144 5.
TELAS A 38 10 2, TN SR AT 55 A0 3R AT 55 {58 R A T )] .
3.3 ZESMINL
T R AT DU i IR AN [FAE 55 SR SR AR 3 A [R5 R AE (W BE 70 8 7 A B 7E Tl R 7% o 45 5
SN FE o3 W ER, AR SCA & 22 AN BT 55 TN G $2 tH 2 AT 55 TN R T7 . R 2180 5 ML a8 b ik )
(zero-shot)** VA [ B R a2 1 FToR, N T X 43 S ) 6 BRI GRAT: 55 AR SCEE IR 5 H A it F 41 37 In N AR TR 14 7
HIRIRFT T
FEFE HN I SRS IR 55 5, 2 A 55 TN 5 T LAf] S i Y Transformer #HLAR EAREEME 55 B AL X
R, SR N BEAT 22 AN 55 B R0t R EE I 2R 58 36— MR S5 — NI OE E TR L S 8L 465 = A
FE 55 — AL I TR R 2 8 fn it iR AR B % 0, RT DSR4 P 2 AE S BRI, 73 il o DAE(S) +
DAE(T). DAE(S) + A2T. DAE(T) + A2T £ DAE(S) + DAE(T) + A2T.

Table 1 Symbols of beginning of sentence for the three proposed pre-training tasks

R 1 ZALS TN BRI A bR 48 1 5

TG AT 55 g i A 4R A o 2 46 1°F
DAE(S) <AMR_BOS> <AMR_BOS>
DAE(T) <TXT BOS> <TXT BOS>
A2T <AMR_BOS> <TXT BOS>

3.4 ETFTHNSGREE A RHIE

2 P e B 7 ¥k, 40 9 S A K A0 J7 9% (Vanilla: Fine-Tuning, AR fi R Vanilla 3081 2 4E 55 Wi
77 %(Multi-Task-Learning Fine-Tuning, A T &A% MTL il i).

Vanilla $808 7772 /2 28 T W oA B i 1 B 278 AMR I 2538 00 EsEAT U125 . DAL B2 ) 2 880 3L AMR
A A T OR S0 BT 1 S S S B AT I B 4 AMR SO AR B B (X bk A% R 4l R A
5 o] 2R R R B TN S5 B BT 3 21 (9 7 281 SRR AR (S B AR, 32 PR T AMR BRI U, Vanilla 08 7 VA TE
AMR YIGRIERE BSR4k TR B 1) 2 B i A7 75 78 76 11 S 0L &5 )

5% Li Fl Hoiem!" [ i3 R ASCHR T —Fh 3 T 24T 55 (400 J7 i MTL, REWE 7EHER /b AMR SCASAE AT
25 P9 IR B, 2 R TN A8 TR A TN R AT 55 1 (0 1k B 12 D ¥ v B 45 TN R A 2R 7 TN R AT 55 ROt RE T LU
PERBEAINT AMR SCASAE BOIZR ) IE ML AR 3.5 24T %6 T 25 77 AR L MTL J5 VAR 7 51 46 7 5 X/ A
FAT 55,456 AMR SCARAE 5 2 AN TR G AT 55, 0K UCIE AR ST 45 10 B0 o 158 B30 A7 I 4R o an i 3 B, ol
% DAE(S) + DAE(T) + A2T Tl Zrii B ¥ MTL 5018 J5 ¥ B 7~ 6L, 7E 54 8 DAE(S) + DAE(T) + A2T Tyl 2R A 2
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I, 1 Je U125 DAE(S)T 45— ANt Uk (1 508 5 B8 A2 (¥ 2 40, B 35 T I 25 DAE(T)AT 55— AN Ok (0 25080 I 58 37
BRI 250 55 5 I 45 A2T AT 55 (B AMR SCARAE N bR i 2508 ) — AN 0 U0 160 B0 I 5B A 284 110 2 5 koo =
AT S AT A VS AR, B 2SR AL S5 RV T 3R A3 — AN B AP PR RE I AMR SCA AR RASERL.

FEAIHE, BT AMR SCAR AR T 2R AT 55 5 300 I T AT 45 A2 AR [E] 1,48 5C MTL 74N dE T P ZR4E
2% AN, LEA$ ] MTL 77 547 300 I 2R 8 DAE(S) + DAE(T) + A2T I Y 2 {7 #5111 25 DAE(S) 1 DAE(T)
BT ZRAT 55,0 A2T AL & B 4 N IR A AMR SCAR A2 AT 45 Uk A0 76 8 MTL oA RS 3547 AMR SCAA: i
T B Y5 o P 0 N AT AR 75 0 UM <AMR_BOS>.  H bty I N 46 FF A AUA<TXT_BOS>, 5 AMR SUAE
TR ZRAT 55 — 51

[ Transformer Encoder ]—P{ Transformer Decoder J—V
A

1 1
DAE(S): <AMR BOS>S, - DAE(S): <AMR BOS>T, -
2 2
DAE(T): <TXT BOS>S, - DAE(T): <TXT BOS>T, -
3 3
A2T : <AMR BOS>S, - A2T : <TXT BOS>T, -

Fig. 3 Illustration of MTL Fine-Tuning for multi-task pre-training
P 3 MTL flif 75 327 i B (BA 2 AL 55 T 2k D9 451

4 I

AT E S ARSI T A B DAR VAN AR SR 5 BT SR 6 A ST U5 ik HEAT 6 E I X S 45 R AT 2>
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Table 2 Statistics on AMR2.0 and AMR3.0
#2 AMR2.0 Al AMR3.0 i85 2

(g S HlEES & S RS
AMR2.0 36,521 1,368 1,371
AMR3.0 55,635 1,722 1,898

42 HEHKRE

A AEH Open-NMT 15y Transformer A5 7 () Sz H1 A5 Y 25 30 2 W SCBRPYH) Transformer-base 57 ()2 %5
TEAZZ B Y i 25 RS 25 2 B0 W B N 6,2 ER IHLEI R L B By 8,1 ) & K /N R ESGBUIR 25
RNV Dy 512 4, [F) I R 1 o 2 000 245 o 1) JERAR 28 /N BE L D 2048 4k AR SUBEAY o ] Adam HA4L 33140, 9% H.
PE B ALY N 0.9 1 0.98.2% > RANTHHE H(Warm up step) 73 7] ¥ B M 2.0 Al 16000. LT 37 A B A7 14k
REFR RN CE N 4096, 5T AR AL B )12k 25 T3 GEAR, I HAR 9 news-commentray-v1l BREEW T R Sk B
P,

FE ORI B S 40 5 00 B TN SR R S 40k B — 3
4.3 TFNEE

Table 3 AMR-to-Text performance on AMR2.0 and AMR3.0
£ 3 AMR AL RTE AMR2.0 1 AMR3.0 MR 4 A1 RS

‘ o AMR2.0 AMR3.0
# T 25 el
BLEU Meteor chrF++ BERTScore BLEU Meteor chrF++ BERTScore
1 None None 28.03 3408  61.35 93.19 31.40 36.48  64.20 94.00
2 Vanilla 3138 35.84  63.62 93.80 32.15 3671  65.04 94.03
DAE(T)
3 MTL 3359 3698  65.51 94.28 3458 3771  66.61 94.61
4 Vanilla 31.12  36.02  63.59 93.79 3254 37.09 6523 94.19
DAE(S)
5 MTL 3453 3798  66.40 94.48 3472 3807  66.79 94.41
6 A2T Vanilla 3877 39.86  67.12 94.65 37.64 3920  66.60 94.63
7 DAE®S) + Vanilla. 3295 3678  64.80 94.10 3442 3764 6628 94.45
g DAE() MTL 3458 37.76  66.13 94.52 35.41 3842  67.12 94.73
9 DAE®S) + Vanilla 39.63 4037  68.48 94.97 38.17 3959  66.86 94.74
10 A2T MTL 39.82 4034  68.51 95.03 39.23 4020  67.12 94.84
11 DAE(T) + Vanilla. 3921 39.97  68.58 94.52 37.46 3927  65.85 94.56
12 AT MTL 39.37  40.06  68.31 94.97 3735 3926  66.06 94.50
13 DAE(S) + Vanilla 40.35 4057  68.52 95.04 38.11 39.65  65.00 94.37
DAE(T) +
14 po7 MTL 4030 40.66  68.82 95.11 38.97 40.10  67.07 94.73

VAL AR ST AR I R R, AR S 2 AN PRI AR bR, 6045 BLEUMY. Meteor\ chrF++*#1 BERTScore!*. 15
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4.4 SIWHER
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o PIANEE AR BB TN ZRE AR S TR, 3 — 3B 3 1 AMR SCAR A R 14 B 451 G A4 EE T
A2T ¥ AE4% k& DAE(S)F DAE(T) 2 Ji,AMR2.0 _E (¥ € BLEU 18 1 38.77 &7 £ 40.30.

e MTL fUAES L Vanilla 0 58 4 (01 R 490 1, 24 T DAE(S)F1 DAE(T) AN FAT 45 MTL i 2

HE— 53R = MTL SR A8 358 AR 15 R i 2.
. T AMR3.0 % AMR2.0 A ¥ 2 Fil 238 R AR EE, 2 RS AMR3.0 EIMEREIES
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F 4 U TAYTHESHX TIERMER. HF Reconstructor [ AEFE Song % AP Loss 2
Reconstructing Linearized 75 1% 341148 F Song 25 AP FFJ510RD, & S i F A SC 0.39M H Bhbsid iE kAT B
S5 9K 5 B AMR2.0 15 RLEEAT B0 J5 SR HUME . Mager 25 APPSR Harkous 25 A PH5) 5145 F 7 K BUAE 19011 £
B GPT-2!"f1 RoBERTaM . & i A LA Hi:

Table 4 Performance comparison of our approach and related studies

K4 RITTIES R IR K B

BRAN G IR BLEU Meteor chrF++ BERTScore #ZH
Our 0.39M 40.30 40.66 68.82 95.11 54M
Reconstructor!®® 0.39M 38.27 38.47 66.08 94.20 62M
Mager % A\ B GPT-2 33.02 37.68 63.89 - 762M+
Harkous 25 A\ 34 RoBERTa 35.6 37.3 - - 355M+

o TE{UEF AMR2.0 [N TARTE £ T, 56 T B 45 #) 1) Reconstructor J7 5 BRI A SCHEE R L UAS T
U P P R SR T, It 5 KRR 1 Bl b 3 48 R A A5 FH AR SO 38 F 24T 45 TIN5 1 77 VA% Reconstructor 7
542 2.03 4~ BLEU {8, °] WL & 2% B A /2 K B TE b o R 1A 343 A8 19 8 B 5. 1) B, A BG5S
17 51 21 7 5 B o A8 A 4 RS R AT R [ sl b v 1R I R R o T e R R

o AT Mager % AP3F0 Harkous %5 NP4, BAR AR SO 2R A58 4 (1) 50 4fs ASEIZE IR T GPT-2 A1 RoBERTa
F At P 0 TR 2R 5080, A o P 2 IR T 7.28 1 4. 7BLEU {H.3X 1t Bl £F 4 AMR SCA AL AT 45 A
By ] 58 A3 R TI ZRAE 45 2 L B

. TE A S H005 T, A SCAE A 18 28 K/ BLAR & Reconstructor 18] 38 [ 7 £i%,1H H1 T~ Reconstructor J7 ¥E A4S



10 Journal of Software #.A+54R

B BUNE IR ARSI PR SRR T 538 40 ML AN AR SCO7 1R IR A5 Y 2 B B e i T T KRB
WIZRAEL () Mager %5 AVRT Harkous 5 APy 7572

5 o5itie

RATARILLL AMR2.0 A1, 2 J5 T3t — 2 43 B I ZRonf AMR SCA AR P B IR s H i AT TR AE
F5 A8 ] Vanilla o 773, 10 H Al U 2R 55 266 0 MTL ol 77 i

5.1 TRUNZREHEER K/ 3T AMRSC A 53 471 B2 B 520

M 0.39M [T 25 BdE 45 R BE AL 20%. 40%- 60%FI1 80%AE Jy Il 4R A 704 1 B 4 4, 4R I R )N 4%
A 0 A LA A A 7 7 R AMR SCACZE B P 4 25 T TR B AR /INKE AMR SCAR 43T 1 R R
Wi F BT 28 BN 4 BT DUE
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Fig. 4 Learning curve over the number of instances in pre-training datasets
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Table 5 Performance comparision of AMR-to-Text generation when using pre-training datasets of different qualities

K5 AEMHAAFGE AMR B 3brE RN, AMR SCAS A s B8 1 ELAL

Wil 4 AMR 7 H7 #8 BLEU Meteor chrF++ BERTScore
73.21 38.77 39.86 67.12 94.65
A2T
81.40 40.14 40.55 67.45 94.73
DAE(S) + 73.21 40.30 40.66 68.82 95.11
DAE(T) +A2T  gj 49 42.22 41.49 69.35 95.13

VE: A 73.21 1 81.40 43 TR X R AT AMR 43T 28 7E AMR2.0 R4 _E A1 B8 Smatch F1 1H.
53 AEIEZEAMRBISTAE oM RERV RSN
— R, AMR P R ] R, ST AR R M BRI T, S 2 R ZE R Tt — 25 4 B U SR AR T 6 AN R R 4k
AMR [ 3C A A B M e 1 S A S 187 B i 43 ) DL AMR 45 A 50R AMR R B &5 B 2 /01y AMR 5 2% B2 1)
7 5 S R AR P AR AR B AMR 45 5 BORVEE R 45 /S B0 T 4 41 R PG 5 G RS BLEU B 5 A TR
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Fig. 5 Performance (in BLEU) on the test set with respect to the reentrancy numbers (a) and node numbers (b).
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BUHE A BT AR 2 v R 40 FURE AR G 0] R, 9 ELTE AR ) SCAS HRaR A4 51N T FEA ], i “Fact™ 56 AH HU I 5, 4 507
TRAE R SCARAENE X R IETEIE I 15 F R A T 5 /A 6(3),Reconstructor 755 5 RS H I T AN



hhs E AT SESTIIEE AMR XA LR L i

TR 1) S AR A A % T AR SCOTVE BRI LU R ik Y AMR I35 SC BT &, 5 25 T LY. Reconstructor
R YU AE B GUAR PO, AR SCTT VR AR B STA BE DRy 3 B, 1 SCFE D W .

Table 6 Case studies on AMR-to-Text generation
6 AMR A RE M5 b

1) (d / distribute-01
:ARG1 (d2 / document
:ARGO-of (o / outline-01
:ARGI (p / propose-01
:ARGO (c / country :wiki "Israel"
:name (n / name :op!l "Israel")))))
:ARG?2 (p2 / person :quant 45
:ARGO-of (h / have-org-role-91
:ARG1 (02 / organization :wiki "Nuclear Suppliers Group"
:name (n2 / name :opl "Nuclear" :0p2 "Suppliers" :op3 "Group"))
:ARG2 (m / member)))
:time (d3 / date-entity :year 2007 :month 3))
Reference documents outlining the israeli proposal were distributed to the 45 - member nuclear suppliers
group ( nsg ) in march 2007 .
Reconstructor in march 2007 a document outlining israel 's proposal was distributed to 45 members of the
nuclear suppliers group .

Baseline in march 2007 an document outlining israel 's proposal was distributed from 45 members of the
nuclear nonproliferation group .
Our documents outlining the israeli proposal were distributed to 45 members of the nuclear suppliers
group in march 2007 .
2) (s / say-01

:ARGO (a / accord-03)
:ARGI (r/ remain-01
:ARGI (a2 / and
:opl (i /issue-02 :polarity -
:ARGO p)
:0p2 (a3 / ambiguity :polarity -)
:ARGO-of (12 / regard-01
:ARG1 (a4 / and
:opl (p / program
:mod (n / nucleus)
:poss (c2 / country :wiki "Iran"
:name (n2 / name :op1 "Iran")))
:0p2 (a5 / activity-06
:ARGO c2
:mod n))))))
Reference the accord said that there were no remaining issues and ambiguities regarding iran 's nuclear
program and activities .
Reconstructor according to the accord , there remains no issue and no ambiguities regarding iran 's nuclear
program and nuclear activities .

Baseline the accord said it remains a fact that the program did not issue and is not ambiguity regarding
iran 's nuclear program and iran 's nuclear activities .
Our according to the accord , there remains no issue and ambiguity regarding iran 's nuclear program

and activities .

3) (t/ tell-01
:ARGO (n / newspaper :wiki "Richmond_Times-Dispatch"
:name (r / name :opl "Richmond" :0p2 "Times-Dispatch"))
:ARGI (12 / tale
:topic (i / impact-01
:ARGI (12 / road :wiki -
:name (h / name :opl "Huguenot" :op2 "Trail")
:location (c / county :wiki "Powhatan_County, Virginia"
:name (p / name :opl "Powhatan" :0p2 "County")))))

‘time (t3 / today))




14 Journal of Software #.A+54R

Reference the richmond times - dispatch tells the tale today about the impact on the huguenot trail in

powhatan county .
Reconstructor today , the riche timeline tells a tale of the impact on the huffington trail in politburo county .

Baseline richmond times-dispatch newspaper today told that the tale about the impact of huguenot trail at
polt an county .
Our today , the richmond times-dispatch tells a tale about the impact of the huguenot trail in

powhatan county .

6 RESKRFKIE

A UK 5B Fr 5 B GRAE 55 51N B AMR SCAZE AT 55 Hp 4R H T = b B 2R TN 2R AT 55 R
TR 7 i S0 4 SRR WYL AR SCIR T VR RERS A 2R T AMR SCAR A= Ji (9 P e, O HLAE P9 6y AMR $i 46 b 2438
BN 7 H A4S I, I 208 R R ) B bR R RN S0 TR /E AMR2.0 R B 45 RIA B T 42.22.

FEAS TR 2R B8 B I A SO AR A B0 22 45 i) AMR B HR AR TH A LI 142 v £ P e (EL 76 B85 45 0 1 30
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