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Syntax-enhanced semantic parsing with syntax-aware representation
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Abstract: Syntactic information, which is syntactic structure r dependency relations between words of a

complete sentence, is an important and effective referencg, in nguage Processing (NLP). The task of semantic

parsing is to directly transform natural language sentences in ically complete and computer-executable languages. In

previous semantic parsing studies, there are few efforts

n im.p ving the efficiency of end-to-end semantic parsing by using
syntactic information from input sources. To fur ve the accuracy and efficiency of the end-to-end semantic parsing
model, a semantic parsing method was p, to utilize the source-side dependency relation information of syntax to
improve the model efficiency. As thediasic 1 of the method, an end-to-end dependency relation parser was pre-trained
firstly. Then, the middle representa of the parser was used as syntax-aware representation, which was spliced with the
original word embedding representation to generate a new input embedding representation, and this obtained input
embedding representation was used in the end-to-end semantic parsing model. Finally, the model fusion was carried out by
the transductive fusion learning. In the experiments, the proposed model was compared with the baseline model Transformer
and the related works in the past decade. Experimental results show that, on ATIS, GEO and JOBS datasets, the semantic
parsing model integrating dependency syntax-aware representation and transductive fusion learning achieves the best
accuracy of 89. 1%, 90.7%, and 91. 4% respectively, which exceeds the performance of the Transformer. It verifies the
effectiveness of introducing the dependency relation information of syntax.
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0 3% BE BRI Z 25 AATTA R TR R IR, B el Az

PEBEH 21 HE 2058 — A AR N TR B s Y K e
AT RE A D BN N TR REC 2R Y AL
B AR B Z AR O T 21 S e KRR
5 elR] S ML A N R BRI — > 77 22 Tt
FALFRH R 25 18], WO T VR 227 AR P AR 24
FIEAER DWFFEMINS G o B 2267 19 R0 , A5 176 il B 2L fE

AT, 9 NPT 0 55 s 55 . AT B REH] A
SRR AR S LA N s A7, AT E AL A el
LSS e 55 AT, S AT S fE A1

SCHRL LR i, BARTE & SR AR ML A0 1 AE S 4
LR B IR 55 1 e R 2 — o 3 SUA# T (semantic parsing) [
E SO FE—MESS o —A A SRR F IR AR AL L pLAS fiE
g BRAF BTG 5 , lE A2 AR e T AT IR, A

s B HA:2020-11-27; & B H5:2021-01-15; 5% A B #5:2021-01-19,
HETB  BHEA1H 2030—“Fr— 8T8 fig” # K I0 H (2018AA000500) ;) 444 BHE 181391 H (2017B010110011)
EE B IR (1994—) 5 7 Ak A B Lo 2k, R BRFSETT  « 3F SCA AT AL D B B |y 45 SRR 5

HORBEVEA , BI0E%, L, CCF 2 B, RO 1] HARE F AL B RS AL ) GAHILER A

AR (1984—), J,


http://www.joca.cn
http://www.joca.cn

2490 P EH A

% 41 %

MAE T EEALBEAR [ ARTE S o 8 SORBTVE S A ORI & B AR
O TEARZAE 55 PSR OGP IR o 1 U AT 2 L LS A B
SEANEEHIIPS:/ B2 8

WEE TR L 27 T B K e, VF 22 AT AL 1508 R TR 88 2 2D AL
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/E.I‘Ziﬁ?ﬁ(syntactic parsing ) J& HSRIE F A — AT
AR 55, H F bR o AT ) 1 (TR S5 M O HRoR 8 5 B
filH) 2k Gl WO RE R ) o AR AT 5 1 ST 2 A58
AFRAES , — & B SEIT7 SR AR < Ak A 9 H AR
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FErb AR A R AT 20 5 23 A 1 R v ] i) 22 (] ) A LK
LRI AR I 75 2, A5 30 8 A 1o o R ) 7 42 R 1 ) iR 2
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Short-Term Memory, Tree-LSTM) B.J0 3 Ab B A - 2544 15 &,
{EAS SCHR LS (08 Rl AV R 3R N SR AT ) M R 1 SR AT T
JnfaT e HA R, SCHRL7 PR T Rl AR 8N 3R (1 LR L 32
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nmod conj
cc

= )

word: show me the flight between cil and ciO
pos: VB PRP DT NN IN NN CC NN

F1 AR RSB

Fig. 1 Example of dependency relation information
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P2 ARAESE R AT I ST
Fig. 2 Process of dependency relation parsing
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TR AR, BRI SR AR 5% 2R T e B BURY A ) AR A7 G
FIEE . WE 3 PR ZKACZ BT A5 OB R LSTM 44~
IR E AR T S BRI i, 1T LUK Y
FE S 2% (encoder) Fl decoder FiANHR4 , kA JZ 1 LSTM
JZ 4 encoder #53, HoAx 120 decoder #43o B 56 , BT ) i

x;mbiﬂéﬁﬁ F.

A L] AR 4 B Y IR PE AR 1S B (part-of-speech) , 1 fi
A B A]F B3Rl % A (word embedding ) F1 38 P Fr 73 15 Bk A
(Part-Of-Speech embedding, POS embedding ) Hf 2 3 /E hy Hi
AR 22 )2 B K S 0T AE 42 )2 (Bi-directional LSTM,
BiLSTM) A3 A 13 2 R R Ans(1)~(2) :

%, = PPl (1)
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JEI\; EP :e(wox'(|—dependenry) \e("“)ﬂﬂmﬁﬁé%ﬁ@*ﬁ %gﬁ#‘ﬁé@ iﬁjﬂuﬁi\)\ﬂbﬁ ‘23‘5
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B3 ARA R AT SRS 1

Fig. 3 re of dependency relation parser

%FHM@E e VB B F S ) R, 1]
4/\%% h( edge-dep) h(lll} ad) h(llll[) ﬂut(3) (6)ﬁﬁ

Eé 1mzﬂ¢axmn XA A 1 R
STM BT AE 1 AT B 10 F 6 R AT 2 A0 B, 3

pledshead) = pNNtedsehead) () (3)
pbetest) — NNl dead) (. (4)
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Transformer 1 kil 1415 SCARATTARLHY
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LayerNorm (sub_layer_input +
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HrhZ 3k A B N BESA 244775 5 e 18 A (scaled dot-
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Concat (head,, head,, ---, head,,)‘% 3

(17)

head,; = Attention(QW ., KWX, vw (18)
QK"

Attention(Q, K, V) = softmax 14 (19)
Vi

decoder 43 M} encoder #H tb , 2 T 1> — )2 H F 4b £
encoder It P SRR 2 B BN JF BIE A WA
BEHEMA THEHLE . Transformer IR H = B EUL IR
57 1 2t (position encode ) , LRI A T B A0 ELAR B o
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sfili] }
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REFRR (encoder) (decoder)
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(PrEgmis)O™=  (frigmis) O
S Hi)
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Fig. 4 Overall structure of

Transformer a
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fusing syntax-aware representation
2.4
LR A SN HL 75 7 2 155 M P — o LG
mﬁigéﬁé%Mﬁﬁ%ﬂﬁm¢ﬁmmwﬁi%ﬂm%
REXT i SR AL 55 0O MOR LS ORI . Sy T 4%

IR £ AR A SCHER S 2730 1T ST

s% o WG 2 S i SCHR[ 29 14 Hh iy — Tl ] SR R A R

Rl T 2, B A A 1 B A TR I AR ) i A
AR H bR S AR5 T SRR TR R 45 S OB b
HEATROM . AR TR SR Rl & O 2, AN T B 2 A R [
BF 7 2R 0, 6 14 Seq2Seq ik Ff 3 B id 7 Sy £ A5 8 R ol ol
4% (beam search) (A1 | 5% S G 24 2] S Pk ad R A7 2L o5
B, AL AR AE Rl A 2o v 7 S T I o T 1 AN A 2 R T 1Y
AR B o B SRl a 2% 2 0T LU N — Rl B 2 2 =

e R G 2D il A T R R R T B A s a4 )
ABATII . X (21)~(23) RIS UESE Ml e 7E il 44
FUNGRARF RN KA TR . SR ] T BB g e A A 1 4R 11
TS A HEATHERE A5 3 5 T RUR Y A O =X (24) ~
(25) iR o R (23) PR — A TR, F & B 46
Xof FEHEA TR, ZE S i Rt e, PSR A A 7 96 TR sl R FH 28 S
USUERE A 15 S BB | IR ZAF B Ml A I AT

D =1 ;h;;} :y:mf] (21)
Dy = {211 (22)
sub_models = f,, f5y [« (23)

Dv-syulllelic = {(;i’fk(;i))';i €D kell,2,,K}} (24)
D ieie = (%, f3(x)lx; € D, ke {1,2,-,K}}  (25)
3 SR R
HiRsE
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3.1
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BRI BN 8] ik B dn T HRAT 6) i 30 0% 0945 SURRAT 2493

TOCHRL 15 TR HERY TIAL AR, X BERCE AR A A2 F AR TR
B R % L R lambda IR X M AAD T 51 . AESLE
WG T X SR HE AR AR UE train-dev-test K40, B £ ST G
BAER 1A,

F1 BEEZITER

Tab. 1 Statistics of datasets

B FEASK TR RO TREE R AR
PWghse g it ARE ARKE ERE ERE
ATIS 4434 491 448  10.5 44  28.2 94
GEO 600 — 280 7.4 23 19.1 51
JOBS 500  — 140 87 22 10.0 51

3.2 LWIEEFMMT
3.2.1 M4

X ATIS Hl GEO i dfs 5 5% il 5€ 2 P iE (Exact Match) FIR
HIPCHL (Tree Match ) 33 9435 1 B 5 1) 15 b ol i 2 e A5
TISEIRMAEIR . Exact Match /2 HA S BIRI TR0 5 51] ) B3] 12
A7 B 1 5 MR ES 45 78 M hR i 58 2 — B, A A2 i 1 15
5 R EERA Y o T Tree Match T 348 SCHR [ 16 ] b (Y & & 45
i, SCHRL 16 AN F0M 25 58 U5 AR T 45 R & SCAR A B AT A
RS2 A B R T 45 5 2R Tree Match 5 R 25 24 000 25 R 17
SIHIRIE G5 R F iR 4551 B R 2 BIE A ny e 254 41 m]
I} BT I B T 45 SR 2 IEAf 1 . X T JOBS Bdla 4, A
S HR H Exact Match JE TR S5 &
3.2.2 Sy AHMEKE

SEI R A Stanford corenlp-4. 1. 08X 4541 5 1) g A%

47 53-10] (tokenization ) AR (part-of-speech taggi
ﬁ?@%ﬁ?*ﬁ%ﬁ%’l‘%ﬂ(ﬂé’f%ﬂ‘]ﬁll%%%ﬁﬁ%dﬁi@
%mmm%%«gquwm@ A
FEUAF IR RTEE AR 2. 1 AR R AT 45 AR
B , DL T ZRIZARAE I R T 45

XEF PR, SEE R T AdamW VRS EAL &% , AdamW
B 2 B betas 4 (0.9, 0.999) , eps  1E-8, weight decay
coefficient A 1E-2, 3256 R FHHE HT15 11 (early stop) KBy AR TR
Ao X GEO JOBS, 52 50 M 8 SRR - 41 4 1 1Y
BERIZHY, WA T ATIS MR 7E R4 b3k, S5 i
(AT R AT 7555 2 T Transformer 1 SURMT TR (19453512
Bk B 2~3 FioR , &P DR N EFH# (Dropout Rate) , DI A
4% (DImension)

K2 KEXRBIFHNSHIRE

Tab. 2 Parameter setting of dependency relation parser

R3 BENBIRNSHILE

Tab. 3 Parameter setting of semantic parser

ZH fH 28 H
word embedding DI 128 pos embedding DI 128
BiLSTM hidden DI 256 BiLSTM output DI 512
ledgehead) DT 256 Jledgedep) D] 256
Jyllabelbead) [y 256 Jllabel-dep) ] 256
word embedding DR 0.2 pos embedding DR 0.2
BiLSTM output DR 0.25 pllbeder) DR 0.45
Jledzehead) DR 0.45 pledeeden) DR 0.45
bl DR 0.45 A 0. 025
batch size 16 learning rate 1E-4

28 fH ZH H
word embedding DI 512 Feedforward DI 2048
encoder layer 2 decoder layer 3
head number 8 attention DI 512
activation ReLU dropout rate 0.1
batch size 16 learning rate 1E-4

3.3 KWHER

AR SCAEA ) i 4 1 AT U2 5258

S 1 FET Transformer 1938 SARHTBL IR S S0 1) &
HEREAY (baseline) ;

S¥2 (RS I ERL AT R RS

S 3 ARSCHTEE Y A ARAE OC R AR BB R R 118
SURERTRREA ;

FEr 4 (RS 3 AR A TR R

Bl AR A7 IR RN RO (T SRR AT Y Ay S 0 8
RO, [F)I 5R T 5 S il o 2D R E— D4R 4% H ORI,
DI S L W AR & [ Rl 5 AL G 5 RO 22 5% . 78
ATIS \GEO #dli 4k S I045 R NK 4 iR . JOBS Bdla sk 1

Y S0 45 A 7, AIMIE DE TR — At T AN R
Kt Bl R e R =
3.4 So 1

o HESE G 1 LT LSTM 1Y Seq2Seq ™ T AR, 78 = 4 d

T LSTM ) Seq2Seq i 51 81 1 AU 50UR , il LA HE Transformer #ff
S X T B A Y g BT R TR o X Ll S 2 RN 1 (sl
Xof LU S 4 FISEEG 3) A SE R 25 L, v LA e Sl 2 > )
T ATIS .GEO JOBS 3 JE MU A/ IMEAR 1 52 2% B s LT 5
PR RGP RO . A PS5 3 S 1 AT LUE A
T AT IEAE BRI TR IR LA il A A5 B BRI
TAF BEHZAS SO BRI A ) 15 R O R AR -

Xt F ATIS K4l 48 , 5256 2 5256 3 A5 55 4 7 Exact match
Febr AR T 2 WO A B T W 0 AR B R AR
M, MISEES 4 7E Tree match #6451k 3] 75 Z B e 45 A0 7]
RUKHE . XFT GEO BU¥E 4 , LK 4 7F Tree match 3545 [ # i
TZHTE A AT WA ) TAE ) AR S R T TE Exact
match 5 b5 FRIALF, B 5387 00 F i, 2 B TR Y i A7
RE TR , BRI M~ 3 1 SURBIT vh i 2854 A ., DR
TE Tree match #8457 T3 R 4F , (A 7E Exact match £ #5 L H1 &
Bl—MBEo X JOBS, i F BLA Al T AER A, HAE Exact
match $8 45 TR LG, 5200 488 7 Z B2 A TAE I e fhss
M 3 WA R T HE T TR/ TRIZE R,

A LU B il AMRAE A A BRI 3R L e S 2
X 18 ST R A 280 o S s SRR WA SCHR S Ay il AR
A5 BRI ) /R A B G s A R Rl £ A fi T e el 5 2
AREOLE B REA B 5 A TARK A 2 A 58w
ERTLRGB ISR, M AR SRl G2 25 T UEZ A4
PRECE T A ARSE TAE . XETE T 7l ARERIRAE R R B
ARHE

°
x , i FH & F Transformer ) Seq2Seq 15  5 m] L 14 #1) Ly K&


http://www.joca.cn
http://www.joca.cn

2494 i+ SR R % 41 &
R4 ATIS.GEO #iEE LRI AR E B %
Tab. 4  Accuracy on ATIS and GEO datasets unit: %
I S A Cro
Exact match Tree match Exact match Tree match
2C073Y 84.6 — 86. 1 —
FUBL2 82.8 — 88.6 —
[N DCS) — — 87.9 —
fEGERLE ) ik KCAZ1304) . - 9.0 -
WKZ1414 91.3 — 90. 4 —
TISP! 84.2 — 88.9 —
Seq2Seq!'] — 84.2 — 84.6
Seq2Tree ' — 84.6 — 87.1
JL16% 83.3 89.3" —
TRANX™ — 86.2 — 88.2
Coarse2Fine ] — 87.7 — 88.2
Seq2Act!2 85.5 — 88.2" —
FEF I 1 T Graph2Seq!" 85.5 — 88.9 —
AdaNSp!?* — 88.6 — 88.9
TreeGen'?! — 89.1 — 89.6
B2l 85. 1 86.2 83.2 87.5
K S5 2 86. 6 87.1 84.6 88.2
= FiH 3 86.6 87.7 85.0 87.9
i 4 88.4 89.1_ 86.8 90. 7
%A Sh3E L Bt (Denotation Match) 77 X3+ 3147 2] . 9
®5 JOBSHURBE LHAERE B % [3] BAHDANAUQ 0 K, BENGIO Y. Neural machine translation
Tab. 5 Accuracy on JOBS dataset unit: % by j leaming to align and translate [EB/OL]. (2016-05-19)
N - 202 0]. http://www. arxiv. org/pdf/1409. 0473. pdf.
TR s JOBS ° K, VAN MEﬁR[ENBOER B, (g}EL(;EHRE C, etp al. Learning
BGRB8 7C07" 79.3 hrase representations using RNN encoder-decoder for statistical
o DCSt! 90.7 . machine translation [C ]/ Proceedings of the 2014 Conference on
TISPH 85.0 4 Empirical Methods in Natural Language Processing. Stroudsburg,
Seq2Seq!'? 87 N PA: Association for Computational Linguistics, 2014: 1724-1734.
Seq2Tree! s [5] ERIGUCHI A, HASHIMOTO K, TSURUOKA Y. Tree-to-
,ql 19 . sequence attentional neural machine translation [C]// Proceedings
T AL 4 Graphzseqﬁ:g{jl 9;5 ofqthe 54th Annual Meeting of the Association for Computationil
7% P S 2 88.6 Linguistics.  Stroudsburg, PA: Association for Computational
SR Linguistics, 2016 823-833.
;z(_:\i 3(1)471 [6] CHEN H D, HUANG S J, CHIANG D, et al. Improved neural
machine translation with a syntax-aware encoder and decoder [(cly
4 %‘f’g— Proceedings of the 55th Annual Meeting of the Association for

ARSCHR T — ARl ARAT 5% 2807 5 0 i B i ) £ 3

S SUMRMTARIRY IR T s Rl A 2 S ) vk okl A AR
TE ATIS .GEO . JOBS Bl 4 I, 1% )3 B o 1 SUARATT 7 2 AN
AN R T KT BT KRS R AR R AR T A A 56 T

(=

HRMEAEBA 2id e SRl A 2 T RO 0L WAk 2] 5

AT HH O TAE KA L 28 A S b b B O T AR A 7K

E'Z‘O

Fe T RTBA P it — A U AT AN TT 1) 2T ey

T b RTEAE B, S S R R
Sk (References)

(1]

2]

W 20 ASPRICRIE Tk MRS HLas A LR HID]. &
A rp E R AR K2R, 2010: 2. (J1] M. Several ways to improve
efficiency of answer set programming and its application in service
robots [ D]. Hefei: University of Science and Technology of China,
2010: 2.)

Sefh . AT ARE T ERIR )] IR S HOR , 2020, 16
(16) : 26-27, 30. (CHAI W. A review of the constituency parsing
[J]. Computer Knowledge and Technology, 2020, 16 (16) : 26-
27, 30.)

91

[10]

[11]

Computational Stroudsburg, PA: Association for
Computational Linguistics, 2017: 1936-1945.
ZHANG M S, LI Z H, FU G H, et al. Syntax-enhanced neural

machine translation with syntax-aware word representations [(cly

Proceedings of the 2019 Conference of the North American Chapter

Linguistics.

of the Association for Computational Linguistics: Human Language
Technologies. Stroudsburg, PA: Association for Computational
Linguistics, 2019: 1151-1161.

REDDY S, LAPATA M, STEEDMAN M. Large-scale semantic
parsing without question-answer pairs [J].
Association for Computational Linguistics, 2014, 2: 377-392.
REDDY S, TACKSTROM O, PETROV S,

semantic parsing [CJ/ Proceedings of the 2017 Conference on

Transactions of the

et al. Universal
Empirical Methods in Natural Language Processing. Stroudsburg,
PA: Association for Computational Linguistics, 2017: 89-101.
REDDY S, TACKSTROM O, COLLINS M, et al. Transforming
dependency structures to logical forms for semantic parsing [J].
Transactions of the Association for Computational Linguistics,
2016, 4: 127-140.

BERANT J, CHOU A, FROSTIG R, et al. Semantic parsing on

freebase from question-answer pairs [ CJ// Proceedings of the 2013


http://www.joca.cn
http://www.joca.cn

3

% 9 WHAEME S BRON &) B B R AT 4) 038 R 0945 SURAT 2495

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

(20]

(21]

[22]

(23]

[24]

Conference on Empirical Methods in Natural Language Processing.
Stroudsburg, PA: Association for Computational Linguistics,
2013: 1533-1544.

MATUSZEK C, FITZGERALD N, ZETTLEMOYER L, et al. A
joint model of language and perception for grounded attribute
learning [ CJ// Proceedings of the 29th International Conference on
Machine Learning. Madison, WI: Omnipress, 2012: 1671-1678.
ZETTLEMOYER L S, COLLINS M. Learning to map sentences to
logical form: structured classification with probabilistic categorical
grammars [ C ]/ Proceedings of the 21st Conference on Uncertainty
in Artificial Intelligence. Arlington, VA: AUAI Press, 2005:
658-666.

WANG A, KWIATKOWSKI T, ZETTLEMOYER L. Morpho-
syntactic lexical generalization for CCG semantic parsing [C ]/
Proceedings of the 2014 Conference on Empirical Methods in
Natural Language Processing. Stroudsburg, PA: Association for
Computational Linguistics, 2014: 1284-1295.

DONG L, LAPATA M. Language to logical form with neural
attention [C// Proceedings of the 54th Annual Meeting of the
Association for Computational Linguistics. Stroudsburg, PA:
Association for Computational Linguistics, 2016: 33-43.
MALHOTRA P, VIG L, SHROFF G, et al. Long short term
memory networks for anomaly detection in time series [C]//
Proceedings of the 23rd European Symposium on Artificial Neural
Networks, Computational Intelligence and Machine Learning.
Bruges, Belgium: [s.n. ], 2015: 89-94.

ZAREMBA W, SUTSKEVER I, VINYALS O. Recurrent neural
network regularization [ EB/OL]. (2015-02-19) [2020-09-11].
https : //arxiv. org/pdf/1409. 2329. pdf.

MNIH V, HEESS N, GRAVES A, el al. Recurrent models of®
visual attention [CJ/ Proceedings of the 27th International
Conference on  Neural Information Processing
Cambridge: MIT Press, 2014: 2204-2212.

XU K, WU L F, WANG Z G, et al. Exploiti

Natural Language Processing. Stroudsburg?PA: Association for
Computational Linguistics, 2018: 918-924.

CHEN B, SUN L, HAN X P. Sequence-to-action: end-to-end
semantic graph generation for semantic parsing [ C ]/ Proceedings
of the 56th Annual Meeting of the Association for Computational
Linguistics. ~ Stroudsburg, PA: Association for Computational
Linguistics, 2018: 766-777.

SUN Y B, TANG D Y, DUAN N, et al. Semantic parsing with
syntax- and table-aware SQL generation [C ]/ Proceedings of the
56th  Annual Meeting of the Association for Computational
Linguistics. Stroudsburg, PA: Association for Computational
Linguistics, 2018: 361-372.

DONG L, LAPATA M. Coarse-to-fine decoding for neural
semantic parsing [ C ]/ Proceedings of the 56th Annual Meeting of
the Association for Computational Linguistics. Stroudsburg, PA:
Association for Computational Linguistics, 2018: 731-742.

YIN P C, NEUBIG G. TRANX: a transition-based neural abstract
syntax parser for semantic parsing and code generation [C]//
Proceedings of the 2018 Conference on Empirical Methods in
Natural ~ Language  Processing:  System  Demonstrations.
Stroudsburg, PA: Association for Computational Linguistics,
2018: 7-12.

ZHANG X, HE S Z, LIU K, et al. AdaNSP: uncertainty-driven
adaptive decoding in neural semantic parsing [ C ]/ Proceedings of
the 57th Annual Meeting of the Association for Computational

Linguistics.  Stroudsburg, PA: Association for Computational

Linguistics, 2019: 4265-4270.

[25] VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all
you need [ C ]/ Proceedings of the 31st International Conference on
Neural Information Processing Systems. Red Hook, NY: Curran
Associates Inc. , 2017: 6000-6010.

[26] SUNZ Y, ZHU Q H, XIONG Y F, et al. TreeGen: a tree-based
transformer architecture for code generation [C ]/ Proceedings of
the 34th AAAI Conference on Artificial Intelligence. Palo Alto,
CA: AAAIT Press, 2020: 8984-8991.

[27] DOZAT T, MANNING C D. Simpler but more accurate semantic
dependency parsing [ C]// Proceedings of the 56th Annual Meeting
of the Association for Computational Linguistics. Stroudsburg,
PA: Association for Computational Linguistics, 2018 : 484-490.

[28] DOZAT T, MANNING C D. Deep biaffine attention for neural
dependency parsing [EB/OL]. (2017-03-10) [2020-09-12].
https ://arxiv. org/pdf/1611. 01734. pdf.

[29] WANG Y R, WU L J, XIA Y C, et al. Transductive ensemble
learning for neural machine translation [CJ// Proceedings of the
34th AAAI Conference on Artificial Intelligence. Palo Alto, CA:
AAAI Press, 2020: 6291-6298.

[30] MANNING C D, SURDEANU M, BAUER J, et al. The Stanford
CoreNLP natural language processing toolkit [ C ]/ Proceedings of
52nd Annual Meeting of the Association for Computational
Linguistics:  System  Demonstrations.  Stroudsburg,  PA:

utational Linguistics, 2014 : 55-60.

OLLINS M. Online learning of relaxed CCG

grammars f@s to logical form [C]// Proceedings of the 2007

JointgConfer@i€e on Empirical Methods in Natural Language

oc ® and Computational Natural Language Learning.
Strgudsburg, PA: Association for Computational Linguistics,

07: 678-687.

Association for Co,

[31] ZETTLEMOY

9 KWIATKOWSKI T, ZETTLEMOYER L, GOLDWATER S, et al.

Lexical generalization in CCG grammar induction for semantic
parsing [ C ]/ Proceedings of the 2011 Conference on Empirical
Methods in Natural Language Processing. Stroudsburg, PA:
Association for Computational Linguistics, 2011: 1512-1523.

[33] LIANG P, JORDAN M I, KLEIN D. Learning dependency-based
compositional semantics[J]. Computational Linguistics, 2013, 29
(2): 389-446.

[34] KWIATKOWSKI T, CHOI E, ARTZI Y, et al. Scaling semantic
parsers with on-the-fly ontology matching [ C ]/ Proceedings of the
2013 Conference on Empirical Methods in Natural Language
Processing.  Stroudsburg, PA: Association for Computational
Linguistics, 2013: 1545-1556.

[35] ZHAO K, HUANG L. Type-driven incremental semantic parsing
with polymorphism [C]// Proceedings of the 2015 Conference of
the North American Chapter of the Association for Computational
Linguistics: Human Language Technologies. Stroudsburg, PA:
Association for Computational Linguistics, 2015: 1416-1421.

[36] JIA R, LIANG P. Data recombination for neural semantic parsing
[C1/ Proceedings of the 54th Annual Meeting of the Association
for Computational Linguistics. Stroudsburg, PA: Association for
Computational Linguistics, 2016: 12-22.

This work is partially supported by the Major Program for
Technological Innovation 2030 - “New Generation Artificial Intelligence”
(2018AAA0100500) , the Guangdong Province Science and Technology
Program (2017B010110011).

XIE Defeng, born in 1994, M. S. candidate. His research interests
include semantic analysis, machine reading comprehension, named
entity recognition.

JI Jianmin, born in 1984, Ph. D., associate professor. His
research interests include natural language processing, deep
reinforcement learning, cognitive robotics.


http://www.joca.cn
http://www.joca.cn

