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Abstract: Chinese ancient poems have become one of the challenges in the field of automatic text generation because
of their tonal patterns, rhyming\structure, and vivid words. This paper proposes to establish an automatic poem generation
model with a recurrent neural network structure. This model is combined with Attention and is based on space vector of
two-way multi-layer conversion codec. In order to solve the problem of divergence of automatically generated poems, the
model adds keyword constraints when generating each poem. In addition, in order to enhance antithesis between verses
and semantic coherence, word embedded input of the model's two-way multi-layer conversion encoding and decoding
adds alignment vector of the poem. The experimental results show that compared with word-embedded poem automatic
generation model in which words are converted into vectors, poems generated by BERT-based aligned vector input model
proposed in this paper, not only perform better in machine and manual evaluation, but also generate poetic sentences. The
correlation between adjacent sentences and the generated verse is also the best. This also further shows that when input
vector of the model can fully express the format, content and semantics of the poem, vector representation of the two-way
multi-layer conversion codec, the Attention Mechanism + cyclic neural network construction of poem generation model can
generate poems closer to human's works.
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Fig.1 Graph of poem generation process
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Fig.2 The structure diagram of the poem generated by
the Attention Mechanism combined with BERT
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Fig.3 The structure model diagram of BERT
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Tab.1 Generation of antithesis list
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Tab.2 Generation of training set
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Tab.3 BLEU value of each model
B_AM

Model W_AM W_RM W_CM SMT NAT
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Tab.4 Similarity value of manual verses and verses based on
BERT word embedding and Word2vec word embedding

R W B_LAM M W_AM  f AL Kt
1—2  0.266 0.251 0.274

g 2—3 0.257 0.257 0.241 0.245 0.275 0.266
3—4  0.248 0.243 0.250
1—2  0.254 0.235 0.269

NZE 2—3 0.246  0.253 0.234 0.239 0.232 0.245
3—4  0.259 0.248 0.235
1—2  0.258 0.223 0.259

GlE 2—3  0.243 0.25 0.236  0.227 0.259  0.261
3—4  0.249 0.221 0.265
1—2 0.263 0.232 0.262

A 2—3 0.251 0.258 0.242 0.236 0.262 0.266
3—4  0.260 0.235 0.275
1—2  0.266 0.226 0.250

LL7K H 2—3 0.247 0.253 0.243  0.238  0.226[ 0.266
3—4  0.246 0.246 0.283

0290
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Fig.4 Similarity comparison
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Tab.5 Manual evaluation results of poems generated by

different models

ik B.AM W_AM W.RM W._CM NAT SMT
REEE 4.01 3.98 3.95 3.87 3.81 4.02
bl 743 3.96 4.02 3.94 3.88 3.83 3.98
Y 4.05 4.02 3.95 3.86 3.81 3.99
7 UM 4.07 4.08 4.06 3.98 3.88 4.06
ik 3.92 3.89 3.81 3.67 3.63 3.85

MFESTAE H, A CHIBER Tl A =% 7 B8 A1E 5
DA FEAR P ARSMT A — & ML, FE R Iy TH A 2L R B,
A HEAY R R R SMT 14 —S N I B R Rl 7, 2%
SMT 45— 4 W] R /2 BP0 S JEDL RS 2 > A sh A . (R
Word2veckf 7+ 5l Tl | E@ A ANATRAL,
BERTX F L R B I i, NATHIBUE (R PERE XA,

6 ZEit(Conclusion)

A Y R F sequence—to—sequenceZE AL B ) F S,
FGRU+Attention /L fil @ 37 R AR BUARAL . K T AT
FB LIPS HE UE B, A SCH shA s i ) B 5
SREBER T A . A f#d F 3hAE BUREAY 1 A0 ke im i,
BT HR T 1 B A ttention WL B9 3 AR OB RY, RIS AR
A REIT A R M IR T . S T G SR RR A  R) A
RLEANE LR TETTIE, TR IR B () i i 3 m T3 fL
Bt 7 F A i AV G BER TR AL stk A Ui &, 5%
TRl 1) R R R A AR B i AR IRRE D R AT A T IR A AR S
IR TR A B RR RS M, R IR SRR T i = A BY (B
AM, W_AMMW_RM)5 & $SM TR TE [A]— 3 8 FVER) #F
AT TR, FEMEZ(BLEU), ATLA TR M
ST AL o MU AR T E T A & R A 5 SR 4 mT
M, o RBLEUE SRR LLITPAL, 82 N TR T A TS
FREGIPAS , BERTX FF AR B A RBCR A . FEal iR x4
R E AR S, BERTM FHIAUL B E, (GKT
NLAEFRE; HRGEWord2veckf 74 s Word2vec U5 A1
TIEHWE LR, AR T EEAE, Xl
W, R A5 AT O T4 KR R R AR AL FEA
AL, PAKREERETXHNEELEFELS, Attention#l ]
A DA T N TR, 340, MO HEABZR(N AT) 945 7
TR DA H, 56T 20 0 285 () 0% B3 2 ) IR0 A il SCAS Y I
KEETE T8 SRR dR 8B 43, G S HL Y 4 1 il A 4
BRI AR, WERENELR, 4G Attentiontlfi], &
JESE S BRI A [ B AR B, W AR R R A PR R
SUAR, AB A TAE AT LAZABER THII G5 A0 SCA B R AR K
LT ) T S S
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