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Abstract Semi-Markov conditional random fields (Semi-CRFs) have been successfully utilized in many segmentation

problems, including Chinese word segmentation (CWS). The advantage of Semi-CRF lies in its inherent ability to exploit

properties of segments instead of individual elements of sequences. Despite its theoretical advantage, Semi-CRF is still

not the best choice for CWS because its computation complexity is quadratic to the sentence’s length. In this paper, we

propose a simple yet effective framework to help Semi-CRF achieve comparable performance with CRF-based models under

similar computation complexity. Specifically, we first adopt a bi-directional long short-term memory (BiLSTM) on character

level to model the context information, and then use simple but effective fusion layer to represent the segment information.

Besides, to model arbitrarily long segments within linear time complexity, we also propose a new model named Semi-CRF-

Relay. The direct modeling of segments makes the combination with word features easy and the CWS performance can be

enhanced merely by adding publicly available pre-trained word embeddings. Experiments on four popular CWS datasets

show the effectiveness of our proposed methods. The source codes and pre-trained embeddings of this paper are available

on https://github.com/fastnlp/fastNLP/.

Keywords Semi-Markov conditional random field (Semi-CRF), Chinese word segmentation, bi-directional long short-term

memory, deep learning

1 Introduction

The lack of obvious boundaries between Chinese

words makes Chinese word segmentation (CWS) an

important and preliminary pre-process step for Chi-

nese natural language processing (NLP). Currently, a

popular framework is considering CWS as a sequence

labeling problem [1], and each character is assigned a

segmentation tag to indicate its relative position inside

the word. Therefore, conditional random field (CRF) [2]

is widely used to predict the sequence of segmenta-

tion tags. Recently, various neural models [3–6] have

introduced neural networks to learn features automat-

ically, which alleviate the efforts in feature engineer-

ing. However, these character-based methods are diffi-

cult to utilize the word-level features. Some researchers

make great efforts to incorporate word-level informa-

tion for CWS [7–11]. Among them, Semi-Markov condi-

tional random field (Semi-CRF) [12] is a very exciting

model to find the best segmentation. The Semi-CRF

directly scores the entire candidate segmentation and

can fully utilize both the character-level and word-level

information. [13] argues that any global feature func-

tions used in CRF can be transferred to its counterpart

in Semi-CRF. Therefore, Semi-CRF is strictly more ex-

pressive than CRF. Owing to great capabilities of Semi-

CRF, it has been widely applied for sequence labeling

tasks.

Despite theoretical advantage of Semi-CRF over

CRF, Semi-CRF is still not the best choice for the CWS

task due to the following two limitations.

The first is segment representation. The represen-
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tation of a segment has a significant influence on the

performance of Semi-CRF; therefore, how to design so-

phisticated features is a key to Semi-CRF. Usually, the

segment-level features are more flexible but sparse than

character-level features. To alleviate this, the CRF-

type features [13] or latent variables [14] are incorporated

into Semi-CRF to tackle the CWS problem. Some deep

learning based methods [11, 15] have also been proposed

to represent a segment with a dense vector. By in-

troducing the extra pre-trained segment embeddings,

the performance of Semi-CRF boosts remarkably. How-

ever, most of the existing models represent a segment

by composing its containing characters and lose the rich

segment-level contextual information.

The second is length limit. Semi-CRF needs to set

a maximum length of a segment, L. When L is small,

Semi-CRF cannot deal with the word with a length

longer than L. However, a larger L does not guarantee

the improvement of the performance of Semi-CRF and

results in more time complexity. For CWS tasks, a large

L is also a waste of computation resources since most

of the Chinese words are composed of single character

or two characters.

To address these two limitations, we propose a sim-

ple but effective architecture for CWS under the Semi-

CRF framework. Our model consists of several key

components: 1) a bi-directional long short-term mem-

ory (BiLSTM) [16] to capture the character-level contex-

tual information; 2) an efficient fusion layer to extract

the most valuable features of each segment; 3) a new

decoding algorithm to enable Semi-CRF to deal with

segments with arbitrary length. Experimental results

on four popular datasets show the effectiveness of our

proposed model.

Our contributions can be summarized as follows.

1) We propose a simple but effective BiLS-

TM+Semi-CRF architecture, which achieves compara-

ble results with the CRF on four different datasets.

Different with the previous models [11, 15], the BiLSTM

encoder is used on the whole sequence rather than a

single segment. Therefore, the representation of each

segment is composed by not only its intra-characters,

but also the contextual characters.

2) We propose a new decoding algorithm to allow

Semi-CRF to handle arbitrarily long segment with lin-

ear computation costs. As far as we know, this is the

first time that the Semi-CRF can handle arbitrarily

long segment without increasing computation comple-

xity.

3) The proposed Semi-CRF model can easily in-

corporate segment-level features into them. And the

combination with publicly available word embeddings

makes our model’s F1 value outperform previous word-

based models.

2 Background

Chinese word segmentation (CWS) is to segment

a sequence of Chinese characters into a sequence of

words. For the given sentence “�²?\oûm (Yao

Ming reaches the final)”, it should be segmented as “�²” (Yao Ming), “?\” (reaches), “oûm” (the fi-

nal). Currently, there are two popular approaches to

solve the CWS task: character-based and word-based

approaches.

2.1 Character-Based Approach

The character-based approach is to detect word

boundaries which usually are represented by assign-

ing labels to the characters in a sentence indicating

their positions in a word. For example, the labels

L = {B,M,E, S} are used to indicate whether a char-

acter is the beginning, middle, end of a word, or a word

with a single character. In this setting, the sentence

“�²?\oûm (Yao Ming reaches the final)” can be

labeled as “BEBEBME”. Thus, the CWS task can be

converted into a sequence labeling problem [1].

The character-based approach has been studied

with considerable efforts in the NLP community. Since

[1], this task is usually regarded as a sequence label-

ing problem. Recently, neural models [3–6, 17] have been

widely employed for the CWS task for their ability to

minimize the effort in feature engineering. These mod-

els utilize the more advanced neural models to extract

features, such as LSTM [5], and gated recursive neural

network (GRNN) [6].

The neural models are usually characterized by

three specialized layers: 1) a character embedding layer;

2) an encoding layer, such as LSTM/CNN/GRNN; 3)

an inference layer, such as CRF [2]. Fig.1 give an illus-

tration of the popular BiLSTM+CRF architecture for

CWS.

Although the character-based sequence labeling

models have achieved great success, they cannot fully

utilize the word-level information, such as word seman-

tic representation and word length. To incorporate

the word-level information, some previous work [18, 19]

extends the character sequence into a directed acyclic

graph (DAG) by adding “shortcut paths”. A limitation
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of these models is that the “shortcut paths” is added

by matching a sentence with a large external lexicon.

Therefore, their performances are easily affected by the

quality of the external lexicon.

Bi-LSTM

CRFB

Character
Embedding

E B E B M E

Fig.1. BiLSM+CRF architecture for CWS.

2.2 Word-Based Approach

The word-based approach is to directly model

the word-level feature for CWS. There are two

kinds of word-based CWS: 1) greedy transition

based methods [7, 10] and 2) global segment-based

methods [9, 11, 15]. In this paper, we focus on the

segment-based methods.

In this paper, we focus on the global segment-based

methods since it usually leads to better performance.

For the above example, its output is [(1,2), (3, 4), (5,

7)], and every interval in this array represents the start

and end of a word.

Formally, for a Chinese character sequence x1:T =

x1, x2, · · ·, xT , its segmentation is defined as s1:K =

s1, s2, · · ·, sK where sk = (uk, vk) is a segment. uk and

vk denote the start and the end position of sk with

regard to the original input sequence respectively. Be-

sides, 1 6 uk 6 vk 6 n and uk+1 = vk + 1.

The conditional probability of a segmentation s1:K

can be formulated by Semi-CRF [12]. Here, we use the

0-order Semi-CRF, since there is no segmentation label

in the CWS task.

p(s1:K |x1:T , θ) =
1

Z(x1:T )
exp

(

Fθ(x1:T , s1:K)
)

=
1

Z(x1:T )
exp

(

K
∑

k=1

fθ(x1:T , sk)
)

,(1)

where fθ(x1:T , sk) is a segment-level score function; θ

denotes the parameters; Z(x1:T ) is a partition function

which sums up scores for all possible segmentations.

Z(x1:T ) =
∑

s1:K∈S

exp(

K
∑

k=1

fθ(x1:T , sk)),

where S is all possible segmentations. The partition

function Z(x1:T ) can be also efficiently computed by

the dynamic programming algorithm.

Although Semi-CRF is effective to utilize segmental-

level information, previous Semi-CRF methods for

CWS [11, 15] suffer from the following limitations.

1) Since we need to consider all the possible can-

didate segmentations, the computation complexity of

Semi-CRF is O(T 2) for a sentence with the length of

T . Therefore, we usually set a maximum length L for

the candidate segments. Although the time complexity

can reduce to O(LT ), the segments with a length larger

than L are discarded.

2) The segment score is usually calculated from in-

ner features of a segment individually without consi-

dering the relation between segments.

3 Proposed Method

A key factor of Semi-CRF is how to construct

the potential function fθ(x1:T , sk) in (1). Generally,

fθ(x1:T , sk) can be computed by two types of features:

1) the character-level features; and 2) the word-level

(or segment-level) features which represent information

such as “the semantics of the word”.

Recently, neural networks have been proven to be

very favorable in CWS, and can significantly reduce

the efforts of manual feature engineering. Existing

methods [11, 15] use various neural models to represent

segmental features. These segmental features are cap-

tured from the internal information within a segment

and ignore contextual information of the segment.

Different from these existing methods, we pro-

pose a new model to effectively utilize the contextual

and segmental-level features. The architecture of our

method is illustrated in Fig.2, which can be divided

into three layers: 1) a BiLSTM layer to extract the

character-level contextual feature; 2) a fusion layer to

extract the segment feature; and 3) a Semi-CRF layer

for inference and decoding.

3.1 BiLSTM Layer

We first use bi-directional long short-term memory

(BiLSTM) [16] on the input sequence of characters to

model contextual information, which already becomes

one of the most common choices for neural CWS en-

coding layers.
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Bi-LSTM

Vector Concatenation

Semi-CRF

Feature Map Function

Fusion

Character
Embedding

S S S

Fig.2. Proposed BiLSM+Semi-CRF architecture.

3.1.1 LSTM

LSTM is an extension of the recurrent neural net-

work (RNN) [20], which aims to avoid the problems of

gradient vanishing and explosion, and is very suitable to

carry the long-term dependencies between characters.

Let xt ∈ R
dc denote the embedding vector of char-

acter xt. LSTM introduces memory cell c ∈ R
dh con-

trolled by input gate i ∈ R
dh , forget gate f ∈ R

dh and

output gate o ∈ R
dh . Thus, the hidden state ht ∈ R

dh

of the t-th character would be calculated as:








it
ot

ft

ĉt









=









σ

σ

σ

tanh









(

Wg

(

xt

ht−1

)

+ bg

)

,

ct = ct−1 ⊙ ft + ĉt ⊙ it,

ht = ot ⊙ tanh(ct),

where Wg ∈ R
4dh×(dc+dh) and bg ∈ R

4dh are trainable

parameters, and σ(·) is sigmoid function.

3.1.2 BiLSTM

To utilize the rich contextual information, we em-

ploy the bi-directional LSTM (BiLSTM) neural net-

work to encode the sequence of characters from both

forward and backward. Specifically, each hidden state

of BiLSTM is formalized as:

hi =
−→
h i ⊕

←−
h i,

where operator ⊕ indicates concatenation operation;

and
−→
h t and

←−
h t are hidden states at step t of forward

and backward LSTMs respectively.

The role of the BiLSTM layer is to capture the

context information. Although this information is ex-

tracted in the character level, it is enough to incorpo-

rate the context information into the following segment

representation.

3.2 Fusion Layer

A fusion layer is to extract the segment representa-

tion. For a segment sk = (uk, vk), we construct its rep-

resentation based on the hidden states of the BiLSTM

layer. Although it is possible to design some compli-

cated neural models to encode the segment representa-

tion, we prefer a simple but effective model considering

the efficiency of the model.

In order to be efficient, the segment representation

sk is a simple concatenation of the hidden state at the

end position vk and a boundary feature vector ϕ(sk),

sk = huk
⊕ϕ(sk), (2)

where ϕ(sk) has two forms ϕmax(sk) and ϕdiff(sk):

ϕmax(sk) = max(huk
,hvk),

ϕdiff(sk) = hvk − huk
. (3)

ϕmax(sk) indicates the significant features chosen from

the start and the end position of a segment with the

max-pooling operation, and ϕdiff(sk) captures the diffe-

rence between both ends. As discussed in [13], the

boundary information is essential for segmentation.

The comparison between these two boundary feature

functions will be discussed in Section 4.

Incorporating Segment Embedding. Previous

work [10, 11] found the segment embedding was also an

effective feature. Since words are one kind of segments,

it is natural to combine this information into Semi-

CRF. We concatenate the segment embedding with the

representation in (2):

sk = huk
⊕ ϕ(sk)⊕ esk , (4)

where esk is the embedding of segment sk. Since the

number of candidate segments is very large, it is unfea-

sible to model the embeddings for all the segments. In

this paper, we use the Tencent Chinese word embed-

ding to judge whether a segment is a word [21], and this

will be discussed in more detail in Section 4.

It is notable that the segment representation sk also

indirectly incorporates the information of its contextual

segments since its constituent characters have the con-

textual information outside itself.

3.3 Semi-CRF Layer

Finally, a Semi-CRF layer is used to model the con-

ditional probability of a segmentation s1:k over x1:T .



Nuo Qun et al.: Chinese Word Segmentation via BiLSTM+Semi-CRF with Relay Node 1119

3.3.1 Score Function

For a segmentation s1:k, the representation sk of

each segment sk captures both the intrinsic and the

contextual semantic features, and its score function

fθ(x1:T , sk) in (1) is calculated by

fθ(x1:T , sk) = wTsk + blen(sk), (5)

where w is the weight vector, and blen(sk) is the bias

term and varies based on the length of sk.

We can use the same idea as the forward algo-

rithm used in the optimization of hidden Markov model

to sum up all segmentation scores. And based on

(1), the optimization goal is to maximize the log-

likelihood over the training set. Given N training sam-

ples {x(n), s(n)}Nn=1, where s
(n) is the gold segmentation

of x(n), the objective function is defined as

L(θ) =

N
∑

n=1

log p(s(n)|x(n), θ),

where θ denotes all the trainable parameters.

3.3.2 Decoding

The decoding problem of Semi-CRF is to find the

best segmentation of an input sequence x1:T with given

parameters θ.

The predicted segmentation ŝ has the highest proba-

bility among all the possible segmentations.

ŝ = argmax
s∈S(x1:T )

p(s|x, θ)

= argmax
s∈S(x1:T )

K
∑

k=1

fθ(x, sk),

where S(x1:T ) denotes the set of all possible segmenta-

tions of x1:T .

Let L denote the maximum segment length and αt

denote the large segmentation score of the partial se-

quence x1:t among all the segmentations S(x1:t). αt

can be calculated by dynamic programming:

αt = maxLl=1

(

αt−l + fθ(x1:T , s(t−l+1):t)
)

, (6)

where s(t−l+1):t denotes the segment of x(t−l+1):t. Let

α0 = 0 and α<0 = −∞. Thus, the segmentation corre-

sponding to αT is the best segmentation ŝ.

Although Semi-CRF is effective to utilize segmental-

level information, it suffers from the quadratic compu-

tation complexity. If we do not set a upper bound for

the segment length, calculating Semi-CRF will have a

time complexity of O(T 2), while an upper bound L can

reduce it to O(LT ) (labels are not considered in the

CWS case).

3.4 Semi-CRF Decoder with Relay Node

To alleviate the computation of large L, we further

propose a new decoder, named Semi-CRF-Relay, which

also has an upper bound L of segment length but is

able to find segments with the length larger than L.

We define a special node, called relay node. If the

current position is a relay node, its subsequent L− 1

position cannot be the end of a segment. For exam-

ple, if a segment is xt, xt+1, · · ·, xt+L+1, its length is

L + 2 and larger than the upper bound L. To deal

with this case, we let xt and xt+1 be relay nodes, which

means xt and xt+1 must be merged into the segment

x(t+2):(t+L+1).

Let αt be the maximum score for a segmentation

s ∈ S(x1:t) where the last segment ends at the t-th po-

sition. Let βt be the maximum score of a segmentation

where the t-th position is a relay node.

For simplicity, let γu:v = fθ(x1:T , su:v) be the score

function for segment su:v. αt and βt can be calculated

recursively by

α′
t =

L
max
l=1

(

αt−l + γ(t−l+1):t

)

, (7)

αt = max
(

α′
t, βt−L + γ(t−L+1):t

)

, (8)

βt = max
(

αt−1 + f ′(xu:v, t), βt−1 + f ′(xu:v, t)
)

,(9)

where f ′(xu:v , t) is a score function indicating the cur-

rent position t is a relay node. f ′(xu:v, t) is calculated

by

f ′(xu:v, t) = wT(ht ⊕ (ht+L − ht)) + b,

where w is weight vector and b is bias term. Here we

set w and b to be different from (5).

By recursively computing (7)–(9), we can get the

score of the best segmentation. Meanwhile, we can keep

the segment information in Pα and Pβ , which can been

computed by

Pα[t] =
L

argmax
l=1

(

αt−l + γ(t−l+1):t

)

,

Pβ [t− L] = I
(

α′
t < βt−L + γ(t−L+1):t

)

,

where I(·) is an indicator function, Pα[t] ∈ [1, L] de-

notes the length of the segment ending at position t,

and Pβ [t] ∈ {0, 1} indicates whether the position t is a

relay node.

The decoding algorithm is depicted in Algorithm 1

and Fig.3.
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4 Experiment

4.1 Datasets

We evaluate our models on four popular CWS

datasets from SIGHAN 2005 [22].gBasic dataset statis-

tics are displayed in Table 1. The number of sentences

is different from [22] because we randomly picked 10%

samples as the development set. All continuous num-

bers and letters are replaced by special tags. The

datasets PKU and MSRA are in simplified Chinese and

CITYU and AS are in traditional Chinese. We map

CITYU and AS into simplified Chinese.

As shown in Table 1, the MSRA dataset has a

significantly higher ratio of long words. It is because

that in MSRA name entities are viewed as one of the

taxonomies of Chinese words. There exist very long

name entities in this dataset. Therefore, the MSRA

dataset is very challenging for Semi-CRF based CWS

methods.

4.2 Experimental Configuration

We adopt the same hyper-parameters for all of our

architectures and datasets. Adagrad [23] with learning

rate of 0.037 is used. The models resulting in the high-

(a)

(b)

Path Achieving the Highest Score

Shift to Next Time Step to Start a New SegmentSegment Boundary

Relay Node

Fig.3. Decoding process for (a) Semi-CRF and (b) Semi-CRF-Relay.

Table 1. Details of Four Datasets in SIGHAN 2005

Dataset Sent# (×103) CharType# (×103) BigramType# (×103) ROOV (%) R>4 (%) R>5 (%) R>6 (%)

PKU Train 19.6 4.7 196.9 – 0.30 0.09 0.05

Test 1.9 – – 3.33 0.20 0.07 0.03

MSRA Train 78.4 5.2 343.4 – 1.25 0.76 0.48

Test 4.0 – – 2.24 1.05 0.69 0.42

AS Train 638.1 5.9 558.5 – 0.15 0.04 0.02

Test 14.4 – – 3.92 0.28 0.14 0.06

CITYU Train 47.8 4.8 263.4 – 0.22 0.08 0.04

Test 1.5 – – 6.32 0.32 0.13 0.07

Note: Sent#, CharType# and BigramType# represent the numbers of sentences, unique characters and unique Bigrams respectively.
ROOV is the out-of-vocabulary ratio in test set. R>4, R>5, R>6 are the ratio of words longer than 4, 5, 6 respectively.
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est F1 score in the development set are used for evalua-

tion. All embeddings are subject to a dropout layer

with drop probability of 0.3 [24]. Parameters are initial-

ized by Xavier uniform initializer [25]. Every experiment

has been repeated at least five times, and then average

performance was reported.

The rest hyper-parameters are shown in Table 2.

Table 2. Hyper-Parameter Settings

Hyper-Parameter Value

Character/bigram embedding dimension dc 100

Word embedding dimension dw 200

BiLSTM hidden size dh 200

Gradients clip 5

Batch size 32

Character Embeddings. As previous work [4, 5] re-

ported, the bigram embeddings could significantly

boost the performance of CWS. Following their work,

we also represent each character xi by concatenating its

character embedding and adjacent bigram embeddings

xt = ext
⊕ e(xt−1,xt) ⊕ e(xt,xt+1).

The pre-trained character embeddings are exten-

sively used in CWS tasks [4, 5, 11]. Besides the char-

acter embedding, we also pre-trained bigram embed-

dings. We pre-train unigram and bigram embeddings

in Chinese Wikipedia corpus by [26] which improves

standard word2vec by incorporating token order infor-

mation. For a sentence with characters “abcd...”, the

character sequence is “a b c ...”; the bigram sequence is

“ab bc cd ...”. To quantitatively study the effect of pre-

trained embeddings, we present experimental results in

the four datasets with and without pre-trained embed-

dings in Table 3. Results show that pre-trained embed-

dings have positive effect in the performance. There-

fore, we use pre-trained character and bigram embed-

dings through all experiments, and both embeddings

are fine-tuned during the training process.

Segment Embeddings. Segment embeddings or ex-

ternal dictionaries are two widely used external data for

word-based features [10, 27]. And [11] argues that pre-

trained segment embeddings greatly benefit the per-

formance of Semi-CRF. We adopt Tencent pre-trained

word embeddings [21], whose entries are not guaranteed

to be a legal word. The model has to learn how to ex-

ploit this kind of information. For example, “�®” has

a vector, “��®” also has a vector, although “��®”

is not word. If a segment has its corresponding entry in

the pre-trained embedding, then esk will be assigned as

that vector. If a segment is not in the embedding, then

a shared randomly initialized vector will be assigned to

esk . In the Semi-CRF-Relay-Word scenario, if there ex-

ists at least one word longer than L in the embedding,

a shared randomly initialized vector will be assigned to

esk when calculating relay scores; otherwise it is the

same vector as a segment not in the embedding. Word

embeddings are fixed for all the experiments.

Maximum Segment Length L. For the Semi-CRF

models, the maximum segment length of L is a very

important hyper-parameter. To overcome Semi-CRF’s

inability to cover long segments, we try to increase

L. The variation curve between the F1 score and the

maximum length of L for Semi-CRF is shown in Fig.4

in dotted line. Results are averaged from five experi-

ments. The F1 score increases with the increment of L,

and it plateaus between L in [10, 12]. While the Semi-

CRF-Relay can achieve better results even with small

L, which is depicted in solid line in Fig.4. Based on this

observation and the dataset statistics, we use L = 4 for

all of the Semi-CRF-Relay experiments, and L = 6 for

all of the Semi-CRF experiments. Since the Semi-CRF

cannot deal with the segment with a length larger than

L, we drop the samples with a word longer than L in

the training phase of BiLSTM+Semi-CRF model.

Boundary Feature Function. As discussed in Sub-

section 3.2, we test two kinds of feature functions.

And the results are presented in Table 4. Although

the preponderance of ϕdiff(sk) is subtle, it outperforms

ϕmax(sk) in all scenarios. Therefore we use ϕdiff(sk) in

all experiments.

Table 3. F1 Score with or Without Pre-Trained Character and Bigram Embeddings

PKU MSR AS CITYU

CRF 94.90(−0.02) 96.89(+0.03) 95.15(+0.21) 95.33(+0.02)

Semi-CRF 94.72(+0.31) 96.08(+0.21) 95.12(+0.40) 95.21(+0.44)

Semi-CRF-Relay 94.80(+0.19) 97.00(+0.01) 95.46(+0.12) 95.38(+0.26)

Note: Values are averaged from five experiments, and the number in the brackets indicates the improvement made by introducing
pre-trained embeddings.
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Fig.4. Average F1 score for different Ls in the development set
of the MSR dataset.

4.3 Main Results

We compare our models with several previous neural

CWS models, which can be categorized into the follow-

ing two classes.

• Character-Based Models. This kind of models

mainly uses various neural models to encode the fea-

ture for each character, and then assign a label with an

MLP or CRF classifier. The compared models include

max-margin tensor neural network (MMTNN) [4], gated

recursive neural network (GRNN) [6], LSTM [5], and our

implemented BiLSTM+CRF model.

• Word-Based Models. This kind of models mainly

directly assigns scores (or probabilities) to different seg-

mentations, in which various neural models are used to

calculate the score of each segmentation. The compared

models include segmental RNN (SRNN) [15], neural

Semi-CRF [11], and neural segmentation scoring model

(NSSM) [9].

By comparing the above models, we verify the effec-

tiveness of our proposed model. Since some of the above

models use the character-level features only, we also

investigate the effectiveness of our models with both

character-level features and additional word-level fea-

tures, and their segment representations are (3) and

(4) respectively.

The main results (F1 scores) are shown in Table 5.

We first discuss the models in each sub-block, and then

give an overall analysis.

Upper Block. The upper block lists the performance

Table 4. Comparison of Different Feature Functions

Model PKU MSRA AS CITYU Average

Semi-CRF (max) 95.00(0.16) 96.19(0.19) 95.41(0.17) 95.55(0.18) 95.54

Semi-CRF-Relay (max) 94.82(0.13) 96.95(0.14) 95.54(0.09) 95.60(0.09) 95.73

Semi-CRF (diff) 95.03(0.07) 96.29(0.13) 95.52(0.02) 95.65(0.05) 95.62

Semi-CRF-Relay (diff) 94.99(0.11) 97.01(0.06) 95.58(0.04) 95.65(0.07) 95.81

Note: “max” and “diff” indicate two different methods to represent the segment embedding. Numbers in the brackets are standard
deviation of five experiments. Bold results indicate that better performance than its counterpart.

Table 5. Comparisons Between BiLSTM+CRF, BiLSTM+Semi-CRF-Relay and Previous Models

Model PKU MSRA AS CITYU Average

MMTNN [4] 95.2 97.2 - - -

GRNN [6] 94.5∗ 95.4 - - -

LSTM [5] 94.8∗ 95.6 - - -

BiLSTM+CRF (our implementation) 94.88(0.13) 96.92(0.07) 95.36(0.10) 95.35(0.04) 95.63

Neural Semi-CRF§ [11] 93.91 95.21 - - -

NSSM [9] 95.5 96.5 - - -

SRNN [15] 91.3 90.7 93.7 93.5 92.3

BiLSTM+Semi-CRF§ 95.03(0.07) 96.29(0.13) 95.52(0.02) 95.65(0.05) 95.62

BiLSTM+Semi-CRF-Relay§ 94.99(0.11) 97.01(0.06) 95.58(0.04) 95.65(0.07) 95.81

BiLSTM+Semi-CRF+SE 95.69(0.01) 96.99(0.01) 95.90(0.04) 96.22(0.04) 96.20

BiLSTM+Semi-CRF-Relay+SE 95.75(0.06) 97.54(0.01) 95.87(0.03) 96.27(0.05) 96.36

Note: The first four rows are the character-based models. The fifth row to the eighth row are the previous word-based models. The
rest are our models. The number in the brackets is the standard deviation of five repeated experiments. We set the maximum length
limit L = 4 for all of the Semi-CRF-Relay experiments, and L = 6 for all of the Semi-CRF experiments. § indicates models without the
segment embedding esk

. ∗: for a fair comparison, we use the results reported in [9], in which the preprocessing phase in the original
work is not adopted. SE means “segment embeddings”.
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of the state-of-the-art character-based models.

Middle Block. The middle block lists the perfor-

mance of the word-based models without utilizing word

embeddings. These models use the character embed-

dings only. The segment representation is composed of

its constituent characters without explicitly modeling

the segment embedding.

Without utilizing word embeddings, the previ-

ous word-based models give relatively lower perfor-

mances than the competitor character-based mod-

els, such as the BiLSMT+CRF. However, our pro-

posed BiLSTM+Semi-CRF is comparable with BiL-

STM+CRF on average and worse than BiLSTM+CRF

on the MSR dataset. The behind reason is that the

MSRA dataset has a high ratio of long words, and Semi-

CRF cannot deal with words with length larger than

L = 6. Increasing the maximum segment length L does

not improve the performance for datasets without long

words, but results in higher computation.

By introducing the relay node, BiLSTM+Semi-

CRF-Relay outperforms its BiLSTM+Semi-CRF coun-

terpart in the average F1 score. The boost mainly

comes from the MSR dataset, and the coverage of arbi-

trarily long segments of Semi-CRF-Relay improves its

F1 score notably, from 96.29 to 97.01.

Besides, BiLSTM+Semi-CRF also outperforms neu-

ral Semi-CRF model [11] even without complex segmen-

tal feature functions, which shows the effectiveness of

the contextual segment representation in our architec-

ture.

Bottom Block. The last two rows of Table 5 gives

the F1 scores for our proposed models with extra word

embeddings. As it shows, word embeddings are also

beneficial to word-based models. The average F1 scores

of our models are significantly improved by utilizing the

extra word embeddings. Not like [11], the word embed-

dings used in our case are publicly available and do not

need a trained baseline model to do CWS in unlabeled

data first.

Overall Analysis. The incorporation of word-based

features into CWS has been widely studied. But gene-

rally, although the word-based models can utilize the

word-level features, the previous word-based models

have not shown their superiority to the character-based

models. For example, the neural Semi-CRF [11] with-

out the pre-trained word embeddings just has a lower

performance than most of the character-based models.

But our proposed BiLSTM+Semi-CRF achieves com-

parable results with the character-based models. By

introducing the relay node, our model can further im-

prove its performance. Besides, the pre-trained word

embeddings can be effortlessly added to our proposed

Semi-CRF models to further enhance the performance.

4.4 Performances on OOV and Long Words

A main drawback of Semi-CRF is its inability to

deal with arbitrarily long segments in linear time.

Therefore, we propose Semi-CRF-Relay to tackle this

issue. In this part, we would like to investigate the

performance on the recall of long words and out-of-

vocabulary (OOV) words of the BiLSTM+Semi-CRF-

Relay when L is restricted to a small value.

As shown in Table 6, there are two noticeable facts.

Firstly, even the maximum length limit L of Semi-CRF-

Relay is 4, which means it can only model words with a

Table 6. Comparisons Between BiLSTM+CRF and BiLSTM+Semi-CRF-Relay in Recall for Long Words and Out-of-Vocabulary
Words

Model PKU MSRA AS CITYU Average

BiLSTM+CRF F1 94.88 96.92 95.36 95.35 95.63

OOV 56.69 62.10 56.73 66.40 60.48

R>4 78.47 80.88 56.10 66.15 70.40

R>5 78.07 78.90 41.27 64.20 65.61

R>6 79.63 75.43 23.19 66.67 61.23

BiLSTM+Semi-CRF-Relay∗ F1 94.99(+0.11) 97.01(+0.10) 95.58(+0.22) 95.65(+0.30) 95.81(+0.18)

OOV 59.82(+3.13) 60.88(−1.23) 62.09(+5.37) 69.55(+3.15) 63.08(+2.61)

R>4 78.15(−0.32) 81.26(+0.38) 56.77(+0.67) 67.50(+1.35) 70.92(+0.52)

R>5 79.39(+1.32) 79.58(+0.67) 42.66(+1.39) 62.75(−1.44) 66.09(+0.48)

R>6 79.63(−0.00) 76.84(+1.41) 28.02(+4.83) 65.56(−1.11) 62.51(+1.28)

Note: OOV means out-of-vocabulary recall. R>4, R>5, R>6 are recalls for words longer than 4, 5, 6 respectively. Numbers in the
brackets are improvement relative to the BiLSTM+CRF model. ∗: the maximum segment length limit L = 4.
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length smaller than 5 without the help of the relay node.

However, the recalls (R>4, R>5, R>6) show that Semi-

CRF-Relay has the ability to recognize long segments

and overcomes the limitation of the segment length.

Compared with CRF, Semi-CRF-Relay has better per-

formance on OOV and long words.

Secondly, considering the F1 score and OOV recall,

Semi-CRF-Relay is better than corresponding CRF

models in most datasets. We assume the higher OOV

recall is a sign that Semi-CRF-Relay learns a better

representation of words.

To illustrate the effectiveness of Semi-CRF-Relay to

handle the segment with an arbitrary length, we take

seven example sentences from the test set of the MSR

dataset. The model used to predict these sentences is

BiLSTM+Semi-CRF-Relay with L = 4. The segmenta-

tion results of these sentences are shown in Fig.5. Diffe-

rent segments are separated by “·”, and the underlined

segments are longer than 4, which demonstrates Semi-

CRF-Relay’s ability to segment words longer than L.

Especially, in the 7th sentence, Semi-CRF-Relay can

even handle the long segment with length of 23.

5 Related Work

Semi-CRFs have been widely used in NER [28, 29]

and Chinese new word identification [30].

There are two concerns about applying the Semi-

CRF to solve the CWS task: the segment representa-

tion and restriction of segment length.

1) For the segment representation, various neural

models, such as RNN [11, 15] and CNN [11], are utilized to

encode the segment features. The segment representa-

tion is composed from its contained characters, ignoring

the segment-level contextual information.

Different from the above models, we propose a more

simple but effective architecture to encode the segment

representation. We first use BiLSTM to capture the

character-level contextual information, and then use

a fusion layer to extract the segment representation.

Thus, each segment can indirectly contain the informa-

tion from its adjacent segments.

2) For the length limit, [28] combines the word

phrase into segment units, in this way the word phrase

can be in any length; however, the number of segment

units in one segment is still restricted. [30] uses the

NBest method to filter out a lot of segmentation before

Semi-CRF finds the best one.

Different from the above methods, we design a new

decoding algorithm to handle segments longer than the

maximum length.

6 Conclusions

In this paper, we revisited the utilization of Semi-

CRF in CWS tasks and proposed a simple but effec-

tive architecture BiLSTM+Semi-CRF, which obtains

comparable results with CRF. To alleviate the perfor-

mance decay caused by long segments, we introduced a

new model named Semi-CRF-Relay, which is the first

Semi-CRF based model that can be applied to arbi-

trarily long segments without causing quadratic com-

putation complexity. The contrasts between the BiL-

STM+CRF model and the BiLSTM+Semi-CRF-Relay

model showed the latter slightly improves performance

for all datasets and display similar performance in re-

calls for long words. Besides, the inherent ability of

Semi-CRF to model segments makes word embeddings

can be easily integrated into CWS models. Experi-

ments revealed that this simple combination is quite

fruitful.y·Ǒ·H®�Æ�¬ÆX·ù�·§·3�·Æ¬)·"òS½·´·;.·�·�èp�·£)·�a·«·§·Yè6�·¡È·Ó·z©�Ô�l:o ·§�·3·�·>·�·�³t�°úi�6o��Ü ·§·´·�·m·��·�·å·�·¹Ä·²�·"¥�¥
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Note: Different segments are separated by “·”. Examples are taken from the MSRA dataset, and the model is
BiLSTM+Semi-CRF-Relay with the maximum segment length limit L = 4.

Fig.5. Case study of BiLSTM+Semi-CRF-Relay.
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