BT EBARMIEZEL LR LR TTEH I
FELZ AL cmrm! ZRFELT KD Bhg 2

1. Hrh B R EALRE SHE AR, BRI 430074; 2. RN h R KRR, I 518063;
3. R RERFI AR 50, X 430074; 1 J@ifl{E#, E-mail: platanus@hust.edu.cn

TEE AP E SR B SO E Z 3 AR I, R Rh T A SR R R OO A B AR RO T
7 S8 F P N 1) R R R B T A AR R R AT R AN R, TR O A
R wE, R R OCEEE B AR BRI SURE . S N SCR E AT R s
VAN A 5 A AN T TN AR T T L (A P A 2 I 2 SO AR OB R EAT T itk . SRER A E =
N ELSEBEHE E4r 55 Char-RNNL SC-LSTM J2 MTA-LSTM 3 A 7Y %of b 36k =l §eidk 8EAT 1 i S7.BGAE40#r, 52
36 45 RO VEAE N TR BLEU B BTl 34 F SR A, A i) SO g 0% S i b U 75 32 8
X88iE CARBEINAEM: FEAR; EHRE M, KRN ICIZME, dE LS

hESES TP3II

A Research of Discourse-level Text Generation Method Based on
Topical Constraint
HUANG Yan'?2, XU Ke'?, YU Xiaoyang', WANG Tongyang", ZHANG Xinfang', LU Songfeng':?

1. School of Computer Science and Technology, Huazhong University of Science and Technology, Wuhan 430074;
2. Shenzhen Huazhong University of Science and Technology Research Institute, Shenzhen, 518063;
3. School of Computer Science, South-Central University for Nationalities, Wuhan, 430074;

T Corresponding Author, E-mail: platanus@hust.edu.cn

Abstract  To solve the topic missing problem of text generated by computers, this paper proposed a new discourse-
level text generation method based on topical constraint. Providing a short topic description, the approach extracted
several topic words from the text, then extended and clustered the keywords to form topical planning which were used
to restrain the generation of each paragraphs. The model improved the attention based recurrent neural network from
three aspects including topic distribution, attention scoring function and topic coverage generation. In experiments,
the paper compared the proposed method with benchmark models such as Char-RNN, SC-LSTM and MTA-LSTM on
three real datasets, three improvement strategies are verified and analysed independently, experimental results show
that the model is more efficient than benchmark models on human and BLEU metrics, the generated text can catch the
topic effectively.
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Fig.1 Discourse-level Text Generation Framework
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Fig.2 Text generated based on topic “home”
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