
AI translation ・View original & related papers at
chinarxiv.org/items/chinaxiv-201810.00057

Postprint: Automatic Generation Method for
Classical Chinese Poetry Based on Sequence-to-
Sequence Neural Network Models
Authors: Huang Wenming, Wei Wancheng, Deng Zhenrong

Date: 2018-10-11T00:00:00+00:00

Abstract
Computer poetry generation is the first step toward achieving computer writ-
ing. Currently, computer poetry generation generally suffers from problems of
unclear themes and inconsistency between the poem’s content and the writing
intent. To address these issues, emulating the process by which ancient poets
composed poetry, we propose a method for generating classical Chinese poetry
that is divided into two stages. The first stage obtains a poetry outline; this
process employs the TextRank algorithm to extract keywords from user input
text and proposes a sequence-to-sequence neural network model based on an
attention mechanism for keyword expansion. The second stage generates each
line of poetry based on the poetry outline; this process proposes a sequence-
to-sequence neural network model incorporating a dual encoder and attention
mechanism for classical poetry generation. Finally, the effectiveness of the pro-
posed method is verified through evaluation of experimental results. Compared
with baseline methods, the classical poetry generated by the proposed method
exhibits more explicit thematic meaning and greater consistency between the
content expressed in the poem and the writing intent.
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Abstract: Computer poetry generation represents the first step toward compu-
tational creative writing. Existing approaches often suffer from unclear thematic
focus and inconsistency between poetic content and the author’s intended mean-
ing. To address these limitations, this paper proposes a novel two-stage poetry
generation method that emulates the traditional process of human poetry com-
position. The first stage constructs a poetic outline by extracting keywords
from user input using the TextRank algorithm and extending them through an
attention-based sequence-to-sequence neural network model. The second stage
generates each line of poetry based on this outline using a sequence-to-sequence
model with dual encoders and an attention mechanism. Experimental evalua-
tions demonstrate the effectiveness of our approach, showing that poems gener-
ated by our method exhibit clearer thematic meaning and stronger alignment
between content and writing intention compared to baseline methods.

Key words: keyword expansion; attention mechanism; sequence to sequence;
neural network model; Chinese poetry generation

0 Introduction
Classical Chinese poetry represents the essence of Chinese culture, tradition-
ally employed to extol heroic figures, beautiful landscapes, love, and friendship.
Poetry is categorized into various forms such as Tang poetry, Song lyrics, and
Yuan opera, each with distinct structural and prosodic constraints. Table 1
illustrates the most popular form—Tang quatrains. Quatrains impose strict lim-
itations: each poem consists of four lines with either five or seven characters per
line (five-character quatrains and seven-character quatrains, respectively). The
tonal pattern of each character must be either “level”(平) or “oblique”(仄),
with the final characters of the second and fourth lines sharing the same rhyme
category [1]. These rigid structural and prosodic requirements create strong
rhythmic qualities when recited.

Recent years have witnessed growing academic interest in automatic poetry
generation. Researchers have explored diverse approaches, including rule and
template-based methods [2–6], text generation algorithms [7–9], automatic sum-
marization techniques [10], and statistical machine translation (SMT) [11,12].
More recently, deep learning methods have achieved remarkable success across
various natural language generation tasks. For poetry generation specifically,
studies [13–16] have framed the task as a sequence-to-sequence problem, gener-
ating the first line from user input and subsequently producing each subsequent
line based on previously generated content. While these methods represent sig-
nificant advances, they exhibit notable limitations: user input is often restricted
to keywords or requires the first line to be provided manually, and the generated
poems frequently display ambiguous themes and misalignment between content
and writing intention.

The core issue stems from the fact that user intention only influences the first
line generation, with minimal impact on the remaining three lines. This leads
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to thematic inconsistency and unclear poetic expression. To remedy these prob-
lems, this paper proposes a novel two-stage generation framework. Our con-
tributions are threefold: First, we enable flexible user input by extracting key-
words from unrestricted text—ranging from single words to entire paragraphs
—using the TextRank algorithm. Second, we address thematic ambiguity by
introducing, for the first time, an attention-based sequence-to-sequence model
for keyword expansion, where the attention mechanism and bidirectional LSTM
enhance interconnections among expanded keywords and capture poetic senti-
ment. Third, we improve content-intention alignment through a dual-encoder
sequence-to-sequence model that generates each line strictly according to the
outline, ensuring thematic coherence and consistency with the original writing
intention.

2.1 Overview
This paper divides poetry generation into two distinct phases: outline construc-
tion based on user input, and complete poem generation from the outline. As
illustrated in Figure 1 [Figure 1: see original paper], given user input, the first
phase extracts keywords and expands them into N interconnected keywords (K1,
K2, K3, ⋯, K�) that serve as the poetic outline. Each keyword K� acts as a sub-
heading for the i-th line. In the second phase, the model generates line L� using
K� and all previously generated lines L1:��1 as input, proceeding sequentially
until the entire poem is completed. This approach ensures that each line is
generated with explicit guidance from both the outline and the poetic context
established by preceding lines.

2.2 Outline Construction
To generate a poem with N lines, we construct N semantically related keywords
as an outline, with each keyword serving as the subheading for one line. The
process begins by extracting keywords from user input A, which may vary in
length. If A is lengthy, we extract the N most important keywords directly. If
A is short and yields fewer than N keywords, we expand the set to reach N
keywords.

2.2.1 Keyword Extraction

We employ the TextRank algorithm [22] to evaluate word importance within the
input text. Derived from PageRank [23], TextRank is a graph-based ranking
algorithm that constructs an undirected network where nodes represent words
and edge weights reflect co-occurrence frequency. The algorithm iteratively
computes node scores using the formula:

𝑆(𝑉𝑖) = (1 − 𝑑) + 𝑑 × ∑
𝑉𝑗∈𝐸(𝑉𝑖)

𝜔𝑗𝑖
∑𝑉𝑘∈𝐸(𝑉𝑗) 𝜔𝑗𝑘

𝑆(𝑉𝑗)
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where 𝜔𝑗𝑖 denotes the weight of the connection between nodes 𝑉𝑗 and 𝑉𝑖, 𝐸(𝑉𝑖)
represents the set of nodes connected to 𝑉𝑖, 𝑑 is the damping factor (typically
0.8 [27]), and 𝑆(𝑉𝑖) is the TextRank score of node 𝑉𝑖 initialized to 1.0. After
convergence, we select the top M keywords (M ≤ N) ranked by their final scores.

2.2.2 Keyword Expansion

Since extracted keywords M are typically fewer than N, expansion is necessary.
As the outline guides the poem’s theme and meaning, high-quality keyword ex-
pansion is crucial. We investigate three distinct approaches to achieve poetically
meaningful expansion: (1) neural network language model-based expansion, (2)
word2vec-based expansion, and (3) attention-based sequence-to-sequence expan-
sion.

1) Neural Network Language Model-Based Expansion: We utilize a re-
current neural network language model (RNNLM) [19] with Gated Recurrent
Units (GRU) [24] to capture long-term dependencies in sequential data. The
model extends keywords using the formula 𝐾𝑖 = RNNLM(𝐾1∶𝑖−1), where 𝐾𝑖 is
the i-th keyword and 𝐾1∶𝑖−1 represents the preceding keyword sequence. Train-
ing data consists of keyword sequences extracted from classical poems, where
TextRank identifies the most significant keyword from each line to form a se-
quence.

2) Word2vec-Based Expansion: The word2vec model represents words as
real-valued vectors in a T-dimensional space, where vector similarity corre-
sponds to semantic similarity. Trained on our poetry corpus with T = 100,
this model identifies the word most similar to 𝐾𝑖 in vector space as its expan-
sion candidate.

3) Attention-Based Sequence-to-Sequence Expansion: We frame key-
word expansion as a sequence-to-sequence problem, introducing for the first time
an attention mechanism with bidirectional LSTM (BiLSTM) for this task. Our
model, termed keseq2seq, treats the input sequence as extracted keywords plus
all previously generated keywords, outputting a predicted keyword sequence. As
shown in Figure 2 [Figure 2: see original paper], the encoder converts the input
sequence (𝑋1, 𝑋2, …) into hidden states (ℎ1, ℎ2, …), where 𝑋𝑖 is the encoded vec-
tor of the i-th keyword. The decoder generates the output sequence (𝑦1, 𝑦2, …),
where each 𝑦𝑡 is produced based on the previous output 𝑦𝑡−1, current state 𝑆𝑡,
and context vector 𝑐𝑡. The context vector 𝑐𝑡 aggregates encoder hidden states
weighted by attention scores 𝑎𝑡,𝑖, allowing the decoder to focus on relevant in-
put words at each generation step. BiLSTM enhances this process by capturing
both historical and future context, significantly strengthening inter-word rela-
tionships. While methods 1 and 2 are commonly used for keyword expansion,
our experiments demonstrate that method 3 substantially outperforms them for
poetry generation, as the attention-based model effectively learns connections
between keywords across poetic lines, mimicking human associative thinking.
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2.3 Poetry Generation Model
Poetry generation is also treated as a sequence-to-sequence task, but with two
input sequences: the designated keyword and all previously generated lines. We
enhance the standard attention-based sequence-to-sequence model [25] to sup-
port multiple input sequences, resulting in the dual-encoder poetry generation
sequence-to-sequence model (pgseq2seq) shown in Figure 3 [Figure 3: see origi-
nal paper].

For a keyword 𝐾 with 𝑇𝑘 characters and previously generated text 𝑋 with 𝑇𝑥
characters, the encoding stage employs BiLSTM to encode 𝐾 into hidden state
vectors [ℎ1, …, ℎ𝑇𝑘

] and 𝑋 into [ℎ1, …, ℎ𝑇𝑥
]. These are integrated into a unified

vector 𝑟𝑐 by concatenating the last forward state and first backward state of the
BiLSTM:

𝑟𝑐 = [
⃗⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗ℎ𝑇𝑘⃖⃖⃖ ⃖⃖ ⃖⃖ ⃖ℎ1

]

The combined hidden representation 𝐻 = [ℎ0, ℎ1, …, ℎ𝑇𝑥
] is formed, where ℎ0 =

𝑟𝑐 represents the keyword and ℎ1 to ℎ𝑇𝑥
represent the generated text. When

generating the first line, 𝑇𝑥 = 0 and 𝐻 = [ℎ0], meaning the line is generated
solely from the first outline keyword.

In the decoding stage, another LSTM generates the most probable output 𝑦𝑡 at
each time step based on the current state 𝑆𝑡, context vector 𝑐𝑡, and previous
output 𝑦𝑡−1:

𝑦𝑡 = arg max
𝑦

𝑃(𝑦|𝑦𝑡−1, 𝑆𝑡, 𝑐𝑡)

The state 𝑆𝑡 is updated as:

𝑆𝑡 = 𝑓(𝑆𝑡−1, 𝑦𝑡−1, 𝑐𝑡)

The context vector 𝑐𝑡 is computed as a weighted sum of all input hidden states:

𝑐𝑡 =
𝑇𝑥

∑
𝑗=0

𝑎𝑡,𝑗ℎ𝑗

Attention weights 𝑎𝑡,𝑗 are calculated by:

𝑎𝑡,𝑗 = exp(𝑒𝑡,𝑗)
∑𝑇𝑥

𝑘=0 exp(𝑒𝑡,𝑘)

where 𝑒𝑡,𝑘 is computed as:
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𝑒𝑡,𝑘 = 𝑣𝑇
𝑎 tanh(𝑊𝑎𝑆𝑡−1 + 𝑈𝑎ℎ𝑘)

Here 𝑣𝑎, 𝑊𝑎, and 𝑈𝑎 are parameter matrices optimized during training. This
dual-encoder architecture allows the model to simultaneously attend to both the
outline keyword and the poetic context, ensuring generated lines align closely
with the intended theme.

3.1 Data Processing
We collected 76,475 classical poems from the internet, randomly selecting 2,000
for validation and 2,000 for testing, with the remaining 72,475 used for training.
All poems underwent word segmentation, after which TextRank scores were
computed to identify the most significant word in each line as its keyword. This
yielded 289,900 keywords from the training set, forming sequences as shown
in Table 2 and Table 3 for training the keseq2seq model. For pgseq2seq train-
ing, each poem was formatted with its lines and corresponding keywords as
illustrated in Table 4 .

3.2 Model Training
Both the keseq2seq model for keyword expansion and the pgseq2seq model for
poetry generation were trained following Wang et al.’s [13] sequence-to-sequence
training methodology. The training objective minimizes the cross-entropy loss
between predicted and true data distributions using minibatch stochastic gradi-
ent descent, with the AdaDelta algorithm [25] adjusting learning rates. Model
parameters were selected based on perplexity performance on the validation set.
While pgseq2seq employs dual encoders, both models share identical encoder
architectures.

3.3 Evaluation Method
Currently, no specialized automatic evaluation metric exists for poetry gener-
ation. Although BLEU has been adopted in prior work [13,26] and correlates
moderately with human judgment, it cannot fully capture generation quality.
Human evaluation remains the most effective assessment method. Following es-
tablished practices [10–12], we evaluated poems across four dimensions: rhyme
consistency, linguistic fluency, content coherence, and semantic meaning, each
scored on a 5-point scale. We invited 20 scholars with master’s degrees or higher
to score 20 five-character quatrains and 20 seven-character quatrains generated
by each system, with final scores averaged across all dimensions.

3.4 Experimental Results Analysis
We compared our approach against four baseline methods: SMT [11], RNNLM
[27], RNNPG [12], and ANMT [23]. Table 5 presents the manual evaluation
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results, with Figures 4 [Figure 4: see original paper] and 5 [Figure 5: see original
paper] visualizing the scores.

Our method outperformed all baselines for both five-character and seven-
character quatrains. SMT surpassed RNNLM in rhyme consistency, confirming
that translation-based approaches better capture inter-line rhyming patterns.
ANMT performed better than SMT, RNNLM, and RNNPG but fell short of
our approach. Both ANMT and our method utilize attention-based sequence-
to-sequence architectures; however, our approach generates each line according
to a pre-constructed outline. The comparison reveals modest improvements in
rhyme and fluency but substantial gains in content coherence and semantic
meaning. These improvements stem directly from our outline construction
process, where the dual-encoder model receives both outline keywords and
preceding lines as input, ensuring thematic consistency throughout the poem.
Furthermore, the semantic connections among outline keywords significantly
enhance the poem’s expressive meaning and thematic clarity, resulting in
considerably higher average scores compared to ANMT and all other baselines.

3.5 Generation Examples
Table 6 presents two poems generated through human-computer interaction. For
inputs “清明怀古”(Qingming Festival, reminiscing the past) and “看明月，思故乡”
(gazing at the bright moon, missing home), the system first extracted keywords
“清明；怀古”and “明月；故乡”, then expanded them into outlines “清明；怀古；酒；
萧然”and “明月；故乡；惆怅；感伤”. The expanded keywords demonstrate clear
semantic connections and emotional resonance with the original intent. The final
poems vividly express nostalgic sorrow and homesick melancholy, respectively,
confirming that our method produces thematically coherent and emotionally
expressive poetry.

4 Conclusion
This paper proposes a two-stage approach to classical Chinese poetry genera-
tion. The first stage constructs a poetic outline of N interconnected keywords
extracted from user input and expanded through an attention-based sequence-
to-sequence model. The second stage generates N lines of poetry using a dual-
encoder attention-based sequence-to-sequence model, where each line is guided
by its corresponding outline keyword and previously generated content. Experi-
mental results through manual evaluation demonstrate our method’s superiority
over existing baselines, achieving significant improvements in thematic clarity
and content-intention alignment. This research contributes valuable insights to
poetry generation and broader natural language generation tasks. Future work
will incorporate topic models such as PLSA and LDA into the outline extrac-
tion stage and explore applications of our framework to other natural language
generation domains.
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