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何故この論文？
nニューラルNLGのトレンド

u「何(content)を言うか」から「どう(style)言うか」に
u制御可能性 (Controllable) というキーワード

n詩はまさにcontent + style
u厳格なスタイルの定義
u昔からのスタイル制御の蓄積
uDeep時代のNLGでは，どうやって詩のstyleを扱うのか？
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Overview
n指定したPoetic-Formで統一されたの詩の自動生成

u詩 = 何を言うか(Content) + どう言うか(Form)

n提案手法：2つの自動詩生成言語モデル
1. ContentとFormを同時に学習
2. ContentとFormを別々に学習
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弱弱強四歩格 (Anapestic tetra-meter)
“And the sheen // of their spears // was like stars // on the sea”

弱強五歩格（Iambic penta-meter）
“A horse // A horse // My king- // dom for // a horse”

Poetic-Form の例

頭文字の統一
(Alliteration)



２つの自動詩生成モデル
1. Phonetic-level Model

u発音記号を生成するRNNLM
uContentとFormを同時に学習
u暗黙的にFormを学習

2. 制約付きCharacter-level Model
u文字を生成するRNNLM
uContentとFormは別々に学習
uFormの制御部を上から入れる
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提案モデル(1)
Phonetic-level Model
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Phonetic-level Model
nContentとPoetic-Formを同時に１つのRNNLMで学習
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Sonnetコーパス (100万文字)
弱強五歩格（Iambic penta-meter）の14行詩

“A horse A horse My kingdom for a horse
,…”

éɪ </w> hˈɔɚs </w> éɪ </w> hˈɔɚs </w> mɑɪ </w> 
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Phonetic-level Model
nモデルの気持ち(1)：シラブルの強弱の繰り返しを学習
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Phonetic-level Model
nモデルの気持ち(2)：押韻を学習
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Phonetic-level Model
n問題：発音記号から単語に戻す
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発音記号から単語への変換
n問題：同音異義語の存在
n解決策：隠れマルコフモデル(HMM)
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例: míːt → (meat? meet? mete?)

άɪ míːt jʊ

meat,
meet, 
mete

w1 w2 w3
youaye,

eye,
I

P(w2|w1) P(w3|w2)

Em
iss

io
n

Em
iss

io
n

Em
iss

io
n

遷移確率:2-gram

Emission:
CMU発音辞書



Phonetic-level Model
n問題：発音記号から単語に戻す
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生成例
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And humble and their fit flees are wits size
but that one made and made thy step me lies

—————————————
Cool light the golden dark in any way
the birds a shade a laughter turn away

—————————————
Then adding wastes retreating white as thine

She watched what eyes are breathing awe what shine
—————————————

But sometimes shines so covered how the beak
Alone in pleasant skies no more to seek

• 大体、弱強五歩格 (Iambic Penta-meter)を満たしている
• 文法もそこそこ正しい
• 韻を踏んでいる

Data-drivenで、そこそこContentとFormを同時に学習できていそう



Phonetic-level Modelの限界
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弱弱強四歩格（Anapestic tetra-meter）
“And the sheen of their spears was like stars on 

the sea”…
éɪ </w> hˈɔɚs </w> éɪ </w> hˈɔɚs </w> mɑɪ </w> 
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nPoetic-Formの制御ができない
u他のForm(例えば弱弱強四歩格)の詩は生成できない
u他のFormのコーパス毎にモデルを学習する必要
u他のFormのコーパスがなければこの手法は使えない

個人的にはココが大きなResearch Issueだと思う

他のPoetic-formのコーパスが必要

でも、こんなコーパス無いゾ！



提案モデル(2)
制約付き Character-level Model
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2. 制約付きCharacter-level
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nContentとPoetic-Formを別々に学習
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2. 制約付きCharacter-level
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nモデルの気持ち(1)：ContentはRNNLMで学習

P(rhythm | “… A house”)

rhythm識別器

言語モデルの学習には特定のPoetic-Formのコーパスを使う必要は無い

文字レベルの言語モデル
語彙が少ないから学習も効率的
ミススペリングや古風な言い方も良きに学習できる



2. 制約付きCharacter-level
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nモデルの気持ち(2)：生成された詩が指定Formかどうか識別する

弱強五歩格のRhythmパターン
rhythm1 ：弱強弱強弱強弱強弱強
rhythm2 ：弱強強弱強弱強弱強弱
rhythm3 ：弱強弱強弱強弱強弱強弱
rhythm4 ：強弱弱強弱強弱強弱強

P(rhythm | “… a house”)

Rhythm識別器

弱弱強四歩格のRhythmパターン
rhythm5 ：弱弱強弱弱強弱弱強弱弱強

…
確率 P(specified rhythm | generated poetry) が

大きい候補のみを採用する

P(rhythm1 | “… a house”)
P(rhythm2 | “… a house”)

P(rhythm3 | “… a house”)
P(rhythm4 | “… a house”)

生成された詩

A horse A horse My kingdom for a horse



生成された詩が指定Formかどうか識別する
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n問題：語順によって詩の強弱が変わる (辞書は使えない)
n解決策：重み付き有限状態トランスデューサ(WFST)

単語”kingdom”のWFST

ε:強

ε:弱

単語”my”のWFST

”my”:ε

”my”:ε

ε:強

ε:弱 ”kingdom”:ε

ε:弱
ε:強

ε:強

ε:弱

単語”for”のWFST

”for”:ε

”for”:ε

ε:強

ε:弱

WFSTをSonnet(弱強五歩格)コーパスから学習

P(弱強弱弱 | “my kingdom for”)



2. 制約付きCharacter-level
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その他のPoetic-Form制御
nTheme（テーマ）

uテーマが「愛」ならそれに関連する単語を生成したい
u生成する時に単語の生成確率をブーストする

lP(“w”)・P(“a”)・P(“n”)・P(“t”)・cos_similarity(“want”,”love”)

nRhyme (押韻)
u既に”night”を生成したら”knight”を生成したい
u生成する時に同じ文字の生成確率を適当にブーストする
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単語ベクトルの類似度



生成結果
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The crow crooked on more beautiful and free, 
He journeyed off into the quarter sea.

Is that people like things and I thought of you 
reading and then is your show or you know we 

will finish along will you play.

指定リズム：弱強五歩格（Iambic penta-meter）

指定リズム：弱弱強（Anapst）

The son still streams and strength and spirit. 
The ridden souls of which the fills of. 

指定Form：押韻ブースト

• ContentとFormを両立
• Poetic-Formの制御が可能
• Sonnet(弱強)コーパスしか使っていないがAnapst(弱弱強)が生成可



定量評価：弱強五歩格の詩を生成できるか？
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Poetry LSTM

Themed Output
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Poetry LSTM

Themed Output

Thematic Boosting

Implicit Explicit

Figure 3: Two approaches for generating themed
poetry.

4.1 Themes and Poetic devices
It is important for any generative poetry model to
include themes and poetic devices. One way to
achieve this would be by constructing a corpus
that exhibits the desired themes and devices. To
create a themed corpus about ‘love’, for instance,
we would aggregate love poetry to train the model,
which would thus learn an implicit representation
of love. However, this forces us to generate poetry
according to discrete themes and styles from pre-
trained models, requiring a new training corpus
for each model. In other words, we would suffer
from similar limitations as with the phonetic-level
model, in that we require a dedicated corpus. Al-
ternatively, we can manipulate the language model
by boosting character probabilities at sample time
to increase the probability of sampling thematic
words like ‘love’. This approach is more robust,
and provides us with more control over the final
output, including the capacity to vary the inclusion
of poetic devices in the output.

Themes In order to introduce thematic content,
we heuristically boost the probability of sampling
words that are semantically related to a theme
word from the language model. First, we com-
pile a list of similar words to a key theme word by
retrieving its semantic neighbours from a distribu-
tional semantic model (Mikolov et al., 2013). For
example, the theme winter might include thematic
words frozen, cold, snow and frosty. We represent
these semantic neighbours at the character level,
and heuristically boost their probability by multi-
plying the sampling probability of these character
strings by their cosine similarity to the key word,
plus a constant. Thus, the likelihood of sampling a
thematically related word is artificially increased,
while still constraining the model rhythmically.

Errors per line 1 2 3 4 Total

Phonetic Model 11 2 3 1 28
Character Model + WFST 6 5 1 1 23
Character Model 3 8 7 7 68

Table 1: Number of lines with n errors from a set
of 50 lines generated by each of the three models.

Poetic devices A similar method may be used
for poetic devices such as assonance, consonance
and alliteration. Since these devices can be or-
thographically described by the repetition of iden-
tical sequences of characters, we can apply the
same heuristic to boost the probability of sampling
character strings that have previously been sam-
pled. That is, to sample a line with many instances
of alliteration (multiple words with the same ini-
tial sound) we record the historical frequencies of
characters sampled at the beginning of each previ-
ous word. After a word break character, we boost
the probability that those characters will be sam-
pled again in the softmax. We only keep track of
frequencies for a fixed number of time steps. By
increasing or decreasing the size of this window,
we can manipulate the prevalence of alliteration.
Variations of this approach are applied to invoke
consonance (by boosting intra-word consonants)
and assonance (by boosting intra-word vowels).
An example of two sampled lines with high de-
grees of alliteration, assonance and consonance is
given in Figure 4c.

5 Evaluation

In order to examine how effective our methodolo-
gies for generating poetry are, we evaluate the pro-
posed models in two ways. First, we perform an
intrinsic evaluation where we examine the quality
of the models and the generated poetry. Second,
we perform an extrinsic evaluation where we eval-
uate the generated output using human annotators,
and compare it to human-generated poetry.

5.1 Intrinsic evaluation
To evaluate the ability of both models to gen-
erate formulaic poetry that adheres to rhythmic
rules, we compared sets of fifty sampled lines
from each model. The first set was sampled from
the phonetic-level model trained on Iambic poetry.
The second set was sampled from the character-
level model, constrained to Iambic form. For com-

173

生成された詩の強弱系列が
rhythm1 ：弱強弱強弱強弱強弱強
rhythm2 ：弱強強弱強弱強弱強弱
rhythm3 ：弱強弱強弱強弱強弱強弱
rhythm4 ：強弱弱強弱強弱強弱強

弱強五歩格

に合致しているか？

単純な文字RNNLMは駄目
両提案手法はエラーが少ない

発音RNNLMは微妙な間違いが多い

とんでもないエラーが多い

1行当たりのエラー数

発音記号→単語の誤変換が原因

定量評価はこれだけ！！少ない

疑問：何のコーパスで学習したんだ？書かれてない



主観評価：チューリングテスト+5段階評価
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チューリング
テスト

5段階評価
(なんでマイナスがあるの？)

機械
人間

Supplementary material for paper “Automatically Generating Rhythmic Verse with Neural Net-

works” (ACL 2017).

Poet Title Human Readability Emotion Form

Generated Poem 4 0.66 0.60 -0.77 0.90

G. M. Hopkins Carrion Comfort 0.62 -1.09 1.39 -1.55

Generated Poem 1 0.62 -0.54 -1.49 1.56

J. Thornton Delivery of Death 0.60 0.26 -1.38 -0.65

Generated Poem 5 0.55 -0.06 1.23 -0.30

Generated Mean 0.54 -0.28 -0.30 0.23
Generated Poem 6 0.53 0.79 -0.09 0.30

M. Yvonne Intricate Weave 0.53 2.38 0.94 -1.67

E. Dickinson I’m Nobody 0.52 -0.46 0.92 0.44

G. M. Hopkins The Silver Jubilee 0.52 0.71 -0.33 0.65

Generated Poem 7 0.51 1.25 0.67 0.11

R. Dryden Mac Flecknoe 0.51 -0.01 0.35 -0.78

Generated Poem 8 0.50 -0.51 -0.71 0.63

Generated Poem 0 0.48 -1.40 -1.38 -1.14

A. Tennyson Beautiful City 0.48 -1.05 0.97 -1.26

W. Shakespeare A Fairy Song 0.45 0.65 1.30 1.18

Generated Poem 2 0.45 -0.78 -0.91 0.72

Generated Poem 3 0.40 -1.36 0.67 -1.17

Table 1: Proportion of people classifying each poem as ‘human’, as well as the relative qualitative scores
of each poem as deviations from the mean.

生成された詩 ：人間ぽくて，Poetic-Formが良い
人間が作った詩：読みやすくて，感情的

人間が作ったか機械が作ったか
見分けがつかない

70人の平均



Most human-like generated poetry
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(a) Poem 0 — No Theme
The crow crooked on more beautiful and
free,
He journeyed off into the quarter sea.
his radiant ribs girdled empty and very -
least beautiful as dignified to see.

(b) Poem 1 — No Theme
A thrilling flash of wind waiting to fall,
with summer sun and vapor and worn rock.
A violent landscape for this world and all,
slipped from the hill or by a ticking clock.

(e) Poem 2 — No Theme
Man with the broken blood blue glass and
gold,
tell me that story that my mother told.
The story started with your perfect smile,
just after you began to come awhile.

(c) Poem 3 — No Theme
It was five years ago,
the secret children bore my homely hand,
puffed out the harmless clothes that
cleared
my thighs and ribs and veins.

(e) Poem 4 — ’Desolation’ Theme (Best)
The frozen waters that are dead are now
black as the rain to freeze a boundless sky,
and frozen ode of our terrors with
the grisly lady shall be free to cry.

(f) Poem 5 — ’Wind’ Theme
Beach billowing by the cemetery past,
clear breeze the fountain lines have left the last.
The walls remain. The wind that went grey in,
it shakes the windy sheets that spit him in.

(e) Poem 6 — ’Forest’ Theme
To bloom hence by a distant vine,
high twigs descend and stream up round again,
fat to the tendrils near the ground align,
the vines do throw their fruit along the air.

(e) Poem 7 — No Theme
Bright sea among birch mills and incandescent eyes
all muffled, strengthened, steady
to aught they do and there so many
brilliant stars their arms arriving down the side
of lichen; flocks of sheep and gardens gently spend
years since on a hill.

(d) Poem 8 — ’Fire’ Theme
The burning yew that blooms through counter such,
it falls in like a frowning English flame.
Clear red and burning outward fields and roof
wrought fire and seen the calling end.

Figure 1: The nine poems generated by the constrained character-level model that were used in the
extrinsic evaluation, together with their theme (if any).



まとめ
1. Phonetic-level Model

u発音記号を生成するRNNLM
uContentとFormを同時に学習
u暗黙的にFormを学習

2. 制約付きCharacter-level Model
u文字を生成するRNNLM
uContentとFormは別々に学習
uFormの制御部を上から入れる

nPoetic-formが制御可能 + 人間と同等の詩を生成
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評価不足！！



何故この論文？何がメッセージ？
nニューラルNLGのトレンド

u「何(content)を言うか」から「どう(style)言うか」に
u制御可能性 (Controllable) というキーワード

nこの論文から見えてくる重要な視点
u大体の関連研究はStyleが統一されたコーパスが必要．(汎用性に欠ける)
uコーパスに依存しないで多様なスタイルを抽出・制御する方法が欲しい
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統一スタイル
コーパス学習

下から入れるか？ 上から入れるか？ 暗黙的に入れるか？


