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日本語の形態素解析 

• 入力された文を，単語に分割し，品詞と活用
を判定（原形を判定）する． 

• 単語ベースのモデルが多い 
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中国語の場合 

タグ B M E S B E 

入力 田 雅 各 的 創 作 

Tian Yage ‘s creations 
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• 活用が無いため，単語分割と品詞の推定のみ． 

• 文字ベースのモデルが多い 
– 各文字にタグを付加する 
単語の先頭:B 中間:M 末尾:E 一文字の語:S 

– 単語分割のみを扱うことも多い 



Out-of-vocabulary (OOV) 

• 日々生まれる新しい語，特定の地域，組織，コミュニ
ティのみで使われる語は解析を失敗しやすい  

 

 

• 人手による辞書の拡張やコーパスの拡張によらない
対策 
– Keyboard Logs as Natural Annotations for Word 

Segmentation  
• Fumihiko Takahashi, Shinsuke Mori 

– Can Symbol Grounding Improve Low-Level NLP? 
Word Segmentation as a Case Study 
• Hirotaka Kameko, Shinsuke Mori, and Yoshimasa Tsuruoka† 
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Can Symbol Grounding Improve Low-Level NLP? 
Word Segmentation as a Case Study 
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Neural Network (NN) を利用するモデルの発展 

• NNを利用する手法が次々と発表されている 
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(Zheng  et al., 2013) 

Figure 2: Max-Margin Tensor Neural Network

of the vector space (same with character embed-
dings). Then the tag embedding Embed(t) 2 Rd

for tag t 2 T with index k can be retrieved by the

lookup operation:

Embed(t) = Lek (5)

where ek 2 R |T |⇥1 is a binary vector which is
zero in all positions except at k-th index. The tag
embeddings start from a random initialization and
can be automatically trained by back-propagation.
Figure 2 shows the new Lookup Table layer with
tag embeddings. Assuming we are at the i-th char-
acter of a sentence, besides the character embed-
dings, the tag embeddings of the previous tags are
also considered1. For a fast tag inference, only
the previous tag t i− 1 is used in our model even
though a longer history of tags can be considered.
The concatenation operation in Layer 1 then con-
catenates the character embeddings and tag em-
bedding together into a long vector a. In this way,
the tag representation can be directly incorporated
in the neural network so that the tag-tag interac-
tion and tag-character interaction can be explicitly

modeled in deeper layers (See Section 3.2). More-
over, the transition score in equation (4) is not
necessary in our model, because, by incorporating
tag embedding into the neural network, the effect
of tag-tag interaction and tag-character interaction
are covered uniformly in one same model. Now

1Wealso tried the architecture in which the tag embedding
of current tag is also considered, but this did not bring much
improvement and runs slower

Figure 3: The tensor-based transformation in

Layer 2. a is the input from Layer 1. V is the
tensor parameter. Each dashed box represents one
of the H 2-many tensor slices, which defines the

bilinear form on vector a.

equation (4) can be rewritten as follows:

s(c[1:n], t [1:n],✓) =
nX

i= 1

f ✓(t i |c[i− 2: i+ 2], t i− 1)

(6)
where f ✓( t i |c[i− 2: i+ 2], t i− 1) is the score output for
tag t i at the i-th character by the network with pa-

rameters✓. LikeCollobert et al. (2011) and Zheng
et al. (2013), our model is also trained at sentence-
level and carries out inference globally.

3.2 Tensor Neural Network

A tensor is a geometric object that describes rela-
tions between vectors, scalars, and other tensors.
It can be represented as a multi-dimensional array

of numerical values. An advantage of the tensor
is that it can explicitly model multiple interactions
in data. As a result, tensor-based model have been

widely used in a variety of tasks (Salakhutdinov et
al., 2007; K rizhevsky et al., 2010; Socher et al.,
2013b).

In Chinese word segmentation, a proper model-
ing of the tag-tag interaction, tag-character inter-

action and character-character interaction is very
important. In linear models, these kinds of inter-
actions are usually modeled as features. In con-

ventional neural network models, however, the in-
put embeddings only implicitly interact through
the non-linear function which can hardly model

the complexity of the interactions. Given the ad-
vantage of tensors, we apply a tensor-based trans-
formation to the input vector. Formally, we use a

3-way tensor V [1:H 2 ] 2 RH 2⇥H 1⇥H 1 to directly
model the interactions, where H 2 is the size of

296

(Pei et al., 2014) 

Tensor Neural Network 

(Chen et al., 2015) (Chen et al., 2015) 



Long Short-Term Memory Neural Networks 
for Chinese Word Segmentation  

• Long Short-Term Memory Neural Networks 
(LSTM) で単語分割 

– コンテクスト幅内におさまらない，長距離の関係
を扱う 

• 結果は，ほぼ全てのデータセットで State-of-
the-art  
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Introduction 
• 離れた単語が単語分割に影響する場合がまれにある 

– 中国語では… 
• /冬天/,/能/穿/多少/穿/多少/; 

/夏天/,/能/穿/多/少/穿/多/少/。 
• 冬はなるべくたくさん服を着て、 
夏は着る服が少なければ少ない方が良い。 

– 中国語に限った話ではない 
• 晩ごはん代が，タクシー乗って /ある/か/ない/ かだ． 
• 駅まであるくか，タクシー乗って /あるか/ ない/ かだ． 

– ただし，実際に解決したとは言っているわけではない． 
• もともと，単語分割のレベルで解決するべき話ではない 

 
• コンテキストサイズを単に広くすると，うまくいかない 
• 人手で素性を作りこむのは負担が大きい 
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LSTM 

• Recurrent Neural 
Network と同様に，１つ

前の状態を入力に受け
取る 

 

• 時間的に離れた依存関
係を学習できることが
強み 
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Figure 2: LSTM Memory Unit. The memory unit

contains a cell cwhich is controlled by three gates.

The green links show the signals at time t − 1,
while the black links show the current signals. The

dashed links represent the weight matrices from

beginning to end are diagonal. Moreover, the solid

pointers mean there are weight matrices on the

connections, and hollow pointers mean none. The

current output signal, h( t ) , will fed back to the next

time t + 1 via three gates, and is the input of the

higher layer of the neural network as well.

whereσ andφare the logistic sigmoid function and

hyperbolic tangent function respectively; i( t ) , f( t ) ,

o( t ) and c( t ) are respectively the input gate, forget

gate, output gate, and memory cell activation vec-

tor at time step t , all of which have the same size as

the hidden vector h( t ) ∈RH 2 ; the parameter ma-

trices W s with different subscripts are all square

matrices; denotes the element-wise product of

the vectors. Note that Wi c, Wf c and Woc are di-

agonal matrices.

3.3 LSTM Architectures for Chinese Word

Segmentation

To fully utilize the LSTM, we propose four differ-

ent structures of neural network to select the effec-

tive features via memory units. Figure 3 illustrates

our proposed architectures.

LSTM-1 The LSTM-1 simply replace the hid-

den neurons in Eq. (1) with LSTM units (See Fig-

ure 3a).

The input of the LSTM unit is from a window of

context characters. For each character, c( t ) , (1 ≤

t ≤ n) , the input of the LSTM unit x( t ) ,

x( t ) = v( t− k1 )
c ⊕ · · · ⊕ v( t+ k2 )

c , (9)

is concatenated from character embeddings of

c( t− k1 ) : ( t+ k2 ) , where k1 and k2 represent the num-

bers of characters from left and right contexts re-

spectively. The output of the LSTM unit is used

in final inference function (Eq. (11) ) after a linear

transformation.

LSTM-2 The LSTM-2 can be created by stack-

ing multiple LSTM hidden layers on top of each

other, with the output sequence of one layer form-

ing the input sequence for the next (See Figure 3b).

Here we use two LSTM layers. Specifically, input

of the upper LSTM layer takes h( t ) from the lower

LSTM layer without any transformation. The in-

put of the first layer is same to LSTM-1, and the

output of the second layer is as same operation as

LSTM-1.

LSTM-3 The LSTM-3 is a extension of LSTM-

1, which adopts a local context of LSTM layer as

input of the last layer (See Figure 3c). For each

time step t , we concatenate the outputs of a win-

dow of the LSTM layer into a vector ĥ
( t )

,

ĥ
( t )
= h( t− m1 ) ⊕ · · · ⊕ h( t+ m2 ) , (10)

where m1 and m2 represent the lengths of time lags

before and after current time step.Finally, ĥ
( t )

is

used in final inference function (Eq. (11) ) after a

linear transformation.

LSTM-4 The LSTM-4 (see Figure 3d) is a mix-

ture of the LSTM-2 and LSTM-3, which consists

of two LSTM layers. The output sequence of the

lower LSTM layer forms the input sequence of the

upper LSTM layer. The final layer adopts a local

context of upper LSTM layer as input.

3.4 Inference at Sentence Level

To model the tag dependency, previous neural net-

work models (Collobert et al., 2011; Zheng et al.,

2013; Pei et al., 2014) introduced the transition

score Ai j for measuring the probability of jump-

ing from tag i ∈T to tag j ∈T . For a input sen-

tence c(1:n ) with a tag sequence y(1:n ) , a sentence-

level score is then given by the sum of tag transi-

tion scores and network tagging scores:

1200

実験では

m1 = 2
m2 = 0

黒矢印は行列をかける

点線の矢印は対角行列をかける

白矢印はなにもかけない

Φはhyperbolic tangent

δはシグモイド
x(t):Input 

h(x) :Hidden state 



LSTM-1 LSTM-2 

• 時刻 t では 文字unigram と 文字bigram の
embedding が入力 
– unigram embeddingの初期値は word2vec, bigram で
は２単語のembedding の平均 

• X(t)にそれ以前の文字の情報は含まれていない 
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x(t) 

C(t) 

… 

…
 

C(t+1) 

…
 

C(t+2) 

…
 

Concatenate 
Character 
embedding 

Character 

C(t),C(t+1) 

…
 

C(t+1),C(t+2) 

…
 

タグ 

PKU: 95.7 (F1)  PKU: 94.8 (F1)  



Result 
Models PKU MSRA CTB6 

(Tseng et al., 2005) 95.0 96.4 - 

(Zhang and Clark, 2007) 95.1 97.2 - 

(Sun and Xu, 2011) - - 95.7 

(Zhang et al., 2013) 96.1 97.4 - 

(Pei et al., 2014)* 95.2 97.2 - 

(Chen et al., 2015)*  96.4 97.6 95.8 

提案手法 96.5 97.4 96.0 
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* は単語ベクトルの初期値を提案手法と同じ方法で初期化した場合の結果 

Tensor Neural Network  

CRF ベース 

CRF ベース 

Averaged Perceptron 

CRF ベース 

Gated Recursive Neural Network 

• コンテクスト幅内の組合せ明示的に考える 
Pei+, Chen+ の手法と比較しても，PKU, CTB6 
では少しずつ上回っている 

(F1) 



Morphological Analysis for Unsegmented 
Languages using Recurrent Neural Network 

Language Model  
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Semantic knowledge of language 
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Problem 
In unsegmented languages, language models are learned from 
automatically segmented texts and inevitably contain errors.  

• A language model trained by incorrectly segmented  
“外国(foreign)/人参(carrot)/政権(regime)” just supports that 
incorrect and semantically unnatural word sequence.  

Solution 
• Semantically generalized language model 

– The generalized model reduces influence of errors on 
automatically segmented corpus 

• Retraining using manually labeled corpus 
– The retraining aims to cope with errors related to 

function word sequences 



Recurrent Neural Network  
Language Model (RNNLM) 
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Example: “外国人参政権” 

外国 

0 
 

0 

1 

0 

: 

p(人|外国) 

p(人参|外国) 

= 0.399 

= 0.002 

人 

0 
 

0 

1 

0 

: 

p(参政|外国,人) 
0 

= 0.00003 

人参 

0 
 

0 

1 

0 

: 

p(政権|外国,人参) 
0 
: 

= 0.0021 

参政 

0 
 

0 

1 

0 

: 

p(権|外国,人,参政) 
0 

= 0.909 

p(外国,人参,政権, <eos>) 

    = 0.252 x 10-8 

p(外国,人,参政,権, <eos>) 

 = 0.761 x 10-7 

Input 1:  外国/人/参政/権 

Input 2:  外国/人参/政権 



Semantically Generalized Language Model 
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(analysis error) 

オランダ,イギリス,  
ヨーロッパ 

外国 : foreign 

じゃがいも, キャベツ 
人参 : carrot  

野党, 官僚, 与党 
政権 : regime 

家, 女性, 
者,社員 

人 : person 

領有, 黙秘, 叙任 

参政 : suffrage 
権,免許, 
資金,力,  

権 : right 

オランダ/人 (The Dutch) 
ヨーロッパ/人 (European) 
                    : 女性/参政/権 (Women suffrage right)  

(聖職)/者/叙任/権 (Right of investiture) 

外国/人参/政権(foreign – carrot - regime)  
 

On semantically generalized level, natural and correct 
semantic sequences are supported  by many other 
similar word sequences.  



Proposed Method 

• We trained Base model for morphological analysis using manually 
labeled corpus. 

• We train RNNLM using auto segmented web texts, and retrain the 
model using manually labeled corpus 
– The retraining aims to cope with errors related to function word 

sequences 

About 45K sentences 
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About 10M sentences 

Pre-trained 
RNNLM 

RNNLM Retrained  

Base Model 

Labeled Corpora Auto segmented 
corpus Proposed Model 

Training Training 

Retraining 



Experiment and Results 
Experiment 

+ huge lexical knowledge 

98.1	

98.3	

98.5	

98.7	

98.9	

単語分割＋品詞推定	(F値)	

新聞テキスト	

JUMAN	

MeCab	

JUMAN	(＋大規模語彙)	

MeCab	(＋大規模語彙)	

SRILM	(＋大規模語彙)	

RNNLMretrain	(＋大規模語彙)	

JUMAN 

MeCab 

JUMAN* 

MeCab* 

Traditional 
language model* 

*with huge lexical knowledge 

Proposed model* 
97.3	

97.4	

97.5	

97.6	

97.7	

97.8	

単語分割＋品詞推定	(F値)	

Webテキスト一般  	

JUMAN	

MeCab	

JUMAN	(＋大規模語彙)	

MeCab	(＋大規模語彙)	

SRILM	(＋大規模語彙)	

RNNLMretrain	(＋大規模語彙)	

Word segmentation 
 and POS tagging  
(F-value) 

+ Semantically generalized 
language model 

Newspaper Web text 

Result 
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10 million raw sentences  
crawled from the web 

Kyoto University Text Corpus (Newspaper), 
Kyoto University Web Document Leads Corpus (Web text) 

Dataset for training RNNLM: Dataset for training base model and evaluation: 

Baseline: 
JUMAN, MeCab : Japanese popular morphological analyzer 
a model using conventional language model (SRILM)  



Example 
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Score of RNNLM 

Score of SRILM  - 2.87 

- 5.61 - 5.34 

- 3.69 

＜ 

<< 

羽田/皓/市長/と/両/市/の/交流 

Proposed model 

羽田/皓市/長/と/両/市/の/交流 

JUMAN, Base Model 

自民党/の/森/喜朗/幹事/長 

Proposed model 

東京/千駄ケ谷/の/党/本部 

歴史/の/流れ/と/なり/、/未来/の … 

自民党/の/森/喜/朗/幹事/長 

JUMAN 

東京/千/駄/ケ/谷/の/党/本部 

歴史/の/流れ/となり/、/未来/の … 

解析結果の比較 

○ × 

○ × 

○ × 

○ × 

感想/や/ご/要望  … 感想/やご/要望 … ○ × 



まとめ 

19 

• OOV （未知語）の対策に，新しいリソースを利
用する手法が現れた． 

 

• （特に中国語の）形態素解析でニューラル
ネットベースの手法が従来のCRF ベースの手
法を上回ってきている． 

 


