ET Transformer B AMR—to-Text &L’

KA R, k!
L. THENRE SRR ERE, TR, LA M 215006)

BE: wRE XA TE LA (AMR-to-text) £ R AAEH 24 Z AMR B, £ 840F & LA TR, T et
5 S m— AR/ AMR B 2] B ARo% 6) T a8 5. ARd, HAMFTIE F ) (seq2seq, # AR S2S) 497
e, A% BB IR )3 ) 26 BEAT S A, HF TR AR ARAT 69 R e K AT BRI 69 IP) AL o % AT SR AT A9 1 A 2 18 21 5 71 (graph2seq,
BAR G2S) M Al, 4 AT BALA A AMR BEMTHhA, 2t T ABMENT SRADME KRN
MM L. AT R FIRE, AT seq2seq B, BT —FABERA K AMR-to-text £ R ik, XA I
P, FINT L AT RS seq2seq #E A Transformer 48 4 A A, HF H4E B F T 4 %45 (4 #& BPE) A= Fi8 %
09 7 kRS R IT AR FiE (AR OOV) &9 AT A, ARA QAL FEIAREMEE L, FHeERHRF
TRFGRSA, BB THORSME,

XHER): AMR-to-text £ 5k; FPIEFFIBA; FHRD; L3k, AKRE;

hESES: TP39L SCHRFRIRTE: A

AMR-to-Text generation based on Transformer
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Abstract: Abstract semantic representation to text (AMR-to-text) generation is the task of generating text of the same
meaning for a given AMR graph. This task can be viewed as a translation task from the source AMR graph to the target
sentence. However, traditional sequence-to-sequence (seq2seq) models use a recursive neural network for encoding,
but do not solve the problem of long-term and short-term dependencies well. The current best performance is a
graph-to-sequence (graph2seq) model that uses a graph model to directly encode the AMR graph structure. Although
the problem of non-local semantic information loss can be solved to a large extent, the model is relatively complicated.
Aiming at the above problems, based on the seq2seq framework, a direct and effective AMR-to-text generation method
is proposed. In this work, the current optimal seq2seq model Transformer is introduced as the benchmark model, and
the problem of out of vocabulary are processed using a combination of byte pair coding (BPE) and shared vocabulary.
On the two English benchmark datasets, the experimental results show that our performance is significantly improved,
and reaches a new state-of-the-art.

Key words: AMR-to-text generation; Sequence to sequence model; BPE; shared vocabulary; out of
vocabulary;
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Some Nonproliferation Experts stated the IAEA was ceding too much to Iran.
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:ARGO (a/ agree-01)
:ARG1 (a2 / and
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:prep-for (c / center
:mod (r / research-01)))
:0p2 (f/ fund-01

:prep-for c)))

Ref: the agreement will provide staff and funding for the research center .

Seq: agreed to provide research and institutes in the center .

G2S: the agreement provides the staff of the research center and the funding .

Z<3C: the agreement provides staff for research centers and funding for center .

(2) Ref: idont tell him but he finds out ,
Seq: idid n’ttell him but he was out .
G2S: idon’ttell him but he found out .

ZA3Z:  idon’ttell him but he found out .

(3) Ref: ifyou tell people they can help you,
Seq: ifyou tell him, you can help you !
G2S: if you tell them, you can help you .

Z32: ifyou tell people , you might help you !

(4) Ref: i‘drecommend you go and see your doctor too .

Seq: i recommend you go to see your doctor who is going to see your doctor .

G2S: i recommend you going to see your doctor too .

Z32: i would recommend going to see your doctor too .

(5) Ref: tell your ex that all communication needs to go through the lawyer .

Seq: tell that all the communication go through lawyer .

G2S: tell your ex the need to go through a lawyer .

Z32: tell your ex you need to go all the communication by lawyer .
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