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In this article, we focus on Chinese word segmentation by systematically incorporating
non-local information based on latent variables and word-level features. Differing from
previous work which captures non-local information by using semi-Markov models, we
propose an alternative method for modeling non-local information: a latent variable word
segmenter employing word-level features. In order to reduce computational complexity of
learning non-local information, we further present an improved online training method,
which can arrive the same objective optimum with a significantly accelerated training
speed. We find that the proposed method can help the learning of long range dependencies
and improve the segmentation quality of long words (for example, complicated named
entities). Experimental results demonstrate that the proposed method is effective. With
this improvement, evaluations on the data of the second SIGHAN CWS bakeoff show that
our system is competitive with the state-of-the-art systems.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

In most natural language processing tasks, words are the basic units to process. Since Chinese sentences are written as
continuous sequences of characters, segmenting a character sequence into a word sequence is the first step for most Chinese
processing applications. In this paper, we study the problem of Chinese word segmentation (CWS), which aims to find these
basic units (words1) for a given sentence in Chinese.

1.1. Ambiguities and long words

Chinese character sequences are often ambiguous in their segmentation, and out-of-vocabulary (OOV) words are a major
source of the ambiguity. Typical examples of OOV words include named entities (e.g., organization names, person names,
and location names). Those named entities may be very long, and a difficult case occurs when a long word W (jWjP 4) con-
sists of some words which can be separate words on their own; in such cases an automatic segmenter may split the OOV
word into individual words. Named entities are hard to segment. First, named entities are typically long character strings.
In some criteria of word segmentation (e.g., MSR standard), a long named entity is supposed to be a single word, and in this
c.
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Fig. 1. An example of a complex single ‘‘word’’.
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setting we should not segment a long named entity into small segments. A typical error in word segmentation is that the
long character strings of named entities are incorrectly segmented into small segments. Second, named entities may consist
of many lexicon words, which are already registered in dictionaries. Such lexicon words can frequently appear in other sen-
tences, not necessarily with named entities. Hence, it is probable that a named entity will be incorrectly segmented into mul-
tiple lexicon words.

For example, the word shown in Fig. 1 is one of the organization names in the Microsoft Research corpus. Its length is 13
and it contains more than six individual words, but it should be treated as a single word. Proper recognition of long OOV
words is important not only for word segmentation, but also for a variety of other purposes, e.g., full-text indexing. However,
as is illustrated, recognizing long words (without sacrificing the performance on short words) is challenging.

1.2. Existing methods

Conventional approaches to Chinese word segmentation treat the problem as a character-based labeling task (Xue, 2003;
Zhao, Huang, Li, & Lu, 2010; Zhao & Kit, 2011). Labels are assigned to each character in the sentence, indicating whether the
character xi is the start (Labeli = B), middle or end of a multi-character word (Labeli = C). A popular discriminative model that
has been used for this task is the conditional random fields (CRFs) (Lafferty, McCallum, & Pereira, 2001), starting with the
work of Peng, Feng, and McCallum (2004). In the Second International Chinese Word Segmentation Bakeoff (the second
SIGHAN CWS bakeoff) (Emerson, 2005), two of the highest scoring systems in the closed track competition were based on
a CRF model (Asahara et al., 2005; Tseng, Chang, & Andrew, 2005).

While the CRF model is quite effective compared with other models designed for CWS, it may be limited by its restrictive
independence assumptions on non-adjacent labels. Although the window can in principle be widened by increasing the Mar-
kov order, this may not be a practical solution, because the complexity of training and decoding a linear-chain CRF grows
exponentially with the Markov order (Andrew, 2006).

To address this difficulty, a choice is to relax the Markov assumption by using the semi-Markov conditional random field
model (semi-CRF) (Sarawagi & Cohen, 2004). Despite the theoretical advantage of semi-CRFs over CRFs, however, some pre-
vious studies (Andrew, 2006; Liang, 2005) exploring the use of semi-CRFs for Chinese word segmentation did not find sig-
nificant gains over the standard CRF models. As discussed in Andrew (2006), the reason may be that despite the greater
representational power of the semi-CRF, there are some valuable features that can be more naturally expressed in a charac-
ter-based labeling model. For example, on a CRF model, one might use the feature ‘‘the current character xi is X and the cur-
rent label Labeli is C’’. This feature may be helpful in CWS for generalizing to new words. This type of features is less natural in
a semi-CRF, since in that case local features u(yi,yi+1,x) are defined on pairs of adjacent words.

1.3. Proposals

In this paper, instead of using semi-Markov models, we describe an alternative based on latent variables and word-level
features to learn long range dependencies in Chinese word segmentation. We use the latent conditional random fields
(LDCRFs) (Morency, Quattoni, & Darrell, 2007; Petrov & Klein, 2008), which use latent variables to carry additional informa-
tion that may not be expressed by those original labels, and therefore try to build more complicated or longer dependencies.
This is especially meaningful in CWS, because the used labels are quite few: Label(y) 2 {B,C}, where B signifies beginning a
word and C signifies the continuation of a word.2 For example, by using LDCRFs, the aforementioned feature may turn to
‘‘the current character xi is X, Labeli = C, and LatentVariablei = LV’’. The current latent variable LV may strongly depend on the
previous one or many latent variables, and therefore the system can model the long range dependencies which may not be
captured by those very simple labels.

Further, we use word-level features to model non-local information. Compared with the traditional character-based
features, the word-based features can learn non-local information better. The word-based features are extracted from the
training data only, and there is no need to use extra resources like lexicons. Since character and word information have their
different advantages in word segmentation, we use both character-based features and word-based features.

Not surprisingly, learning non-local information increases computational complexity in the training. The use of latent
variables can increase the inference lattice and slow down the training speed. The use of non-local features can increase
the feature dimension and further slow down the training speed. Traditional batch training methods are very slow on train-
ing LDCRFs (Petrov & Klein, 2008; Sun, Matsuzaki, Okanohara, & Tsujii, 2009a). For example, Petrov and Klein (2008) men-
tioned both time and memory cost problems on training LDCRFs for natural language parsing. Also, Sun et al. (2009a) showed
that the training of LDCRFs is computationally expensive on large scale problems. To accelerate training speed, we further
present an improved online training method for optimizing LDCRFs. We demonstrate that the improved online training
2 In practice, one may add a few extra labels based on linguistic intuitions (Xue, 2003).
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method can arrive the similar objective optimum with significantly accelerated training speed. It is interesting to study on-
line optimization methods for non-convex log-linear models like LDCRFs, because existing studies on this topic is limited.

2. Models

2.1. Conditional random fields

Conditional random fields (CRFs) are proposed as an alternative solution to structured classification by solving the ‘‘label
bias problem’’ (Lafferty et al., 2001). Assuming a feature function that maps a pair of observation sequence x and label
sequence y to a global feature vector f, the probability of a label sequence y conditioned on the observation sequence x is
modeled as follows (Lafferty et al., 2001):
Pðyjx;wÞ ¼ exp½w>fðy;xÞ�P
8y0 exp½w>fðy0;xÞ� ; ð1Þ
where w is a parameter vector.
Typically, computing

P
8y0 exp½w>fðy0; xÞ� is computationally intractable. This summation can be computed using dynamic

programming techniques (Lafferty et al., 2001). To make the dynamic programming techniques applicable, the dependencies
of labels are chosen to obey the Markov property. This has a computational complexity of O(NKM). N is the length of the se-
quence; K is the cardinality of the label set; M is the length of the Markov order used by local features.

Given a training set consisting of n labeled sequences, (xi,yi), for i = 1 . . . n, parameter estimation is performed by maxi-
mizing the objective function,
LðwÞ ¼
Xn

i¼1

log Pðyijxi;wÞ � RðwÞ: ð2Þ
The first term of this equation represents a conditional log-likelihood of the training data. The second term is a regularizer
for reducing overfitting. Since our preliminary experiments suggested that an L2 prior performed slightly better than an L1

prior in the tasks discussed in this paper, we employed an L2 prior, RðwÞ ¼ kwk
2

2r2 . In what follows, we denote the conditional
log-likelihood of each sample, log P(yijxi, w), as ‘(i,w). The final objective function is as follows:
LðwÞ ¼
Xn

i¼1

‘ði;wÞ � kwk
2

2r2 : ð3Þ
2.2. Latent conditional random fields

Given the training data, the task is to learn a mapping between a sequence of observations x = x1, x2, . . . , xm and a se-
quence of labels y = y1, y2, . . . , ym. Each yj is a class label for the j’th token of a word sequence, and is a member of a set
Y of possible class labels. For each sequence, the model also assumes a sequence of latent variables h = h1, h2, . . . , hm, which
is unobservable in training examples.

The LDCRF model is defined as follows (Morency et al., 2007):
Pðyjx;wÞ ,
X

h

Pðyjh; x;wÞPðhjx;wÞ;
where w represents the parameter vector of the model. To make the training efficient, a restriction is made for the model: for
each label, the latent variables associated with it have no intersection with the latent variables from other labels (Morency
et al., 2007; Petrov & Klein, 2008). This simplification is also a popular practice in other latent conditional models, including
hidden-state conditional random fields (HCRFs) (Quattoni, Wang, Morency, Collins, & Darrell, 2007). Each h is a member in a
set HðyÞ of possible latent variables for the class label y, and HðyjÞ \HðykÞ ¼£ if yj – yk. H is defined as the set of all possible
latent variables; i.e., the union of all HðyÞ sets: H ¼ [y2YHðyÞ. In other words, h can have any value from H, but P(yjh) is zero
except for only one of y in Y. The disjoint restriction indicates a discrete simplification of P(yjh,x,w):
Pðyjh;x;wÞ ¼ 1 if h 2 Hðy1Þ � . . .�HðymÞ
Pðyjh;x;wÞ ¼ 0 if h R Hðy1Þ � . . .�HðymÞ
where m is the length of the labeling: m = jyj. The formula h 2 Hðy1Þ � . . .�HðymÞ indicates that the latent-labeling h is a
latent-labeling of the labeling y, which can be more formally defined as follows:
h 2 Hðy1Þ � . . .�HðymÞ () hj 2 HðyjÞ; j ¼ 1; . . . ;m:
Since sequences that have any hj R HðyjÞ will by definition have P(yjhj,x,w) = 0, the model can be simplified as:
Pðyjx;wÞ ,
X

h2Hðy1Þ�...�HðymÞ
Pðhjx;wÞ: ð4Þ
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The item P(hjx,w) is defined by the usual conditional random field formulation:
Pðhjx;wÞ ¼ exp½w>fðh; xÞ�X
h02H�...�H

exp½w>fðh0; xÞ�
; ð5Þ
where f(h,x) is a global feature vector.
Given a training set consisting of n labeled sequences (xi,yi), for i = 1 . . . n, parameter estimation is performed by optimiz-

ing the objective function
LðwÞ ¼
Xn

i¼1

log Pðyijxi;wÞ � RðwÞ ¼
Xn

i¼1

log
X

h2H yi
1ð Þ�...�H yi

mð Þ
Pðhjxi;wÞ

8><
>:

9>=
>;� RðwÞ: ð6Þ
We denote log P(yijxi,w), as ‘(i,w) and we used L2 regularization. Then, the objective function will be like this:
LðwÞ ¼
Xn

i¼1

‘ði;wÞ � kwk
2

2r2 :
For details of the decoding on LDCRFs, refer to Sun, Morency, Okanohara, and Tsujii (2008) and Sun and Tsujii (2009).
Recent related work on latent conditional models also includes (Sun, Okazaki, & Tsujii, 2009b).

2.3. Improved SGD training (I-SGD)

Training LDCRFs is challenging. Traditional gradient-based batch training methods, such as Limited-memory BFGS
(LBFGS) (Nocedal & Wright, 1999), are quite slow on training LDCRFs (Petrov & Klein, 2008; Sun et al., 2009a). To accelerate
training speed, we employ online optimization methods for training LDCRFs. First, we review the literature on stochastic gra-
dient descent (SGD).

2.3.1. Stochastic gradient descent
The SGD uses a small randomly-selected subset of the training samples to approximate the gradient of the objective func-

tion given by Eq. (3). The number of training samples used for this approximation is called the batch size. The extreme case is
a batch size of 1, and it gives the maximum frequency of updates, which we adopt in this work. Then, the model parameters
are updated in such a way:
wkþ1 ¼ wk þ ckrwk
‘ði;wkÞ �

kwkk2

2nr2

( )
; ð7Þ
where k is the update counter, ck is the learning rate, and n is the number of data samples in the training data set.

2.3.2. Modifications
In preliminary experiments, we find the standard SGD training is still slow in this task. The reason of the slowness is from

the setting of the learning rates. The setting of learning rates often has a big impact on the convergence speed of the SGD
training. A typical choice of learning rate is as follows (Collins, Globerson, Koo, Carreras, & Bartlett, 2008):
ck ¼
c0

1þ k=n
; ð8Þ
where c0 is a constant. Although this scheduling guarantees theoretical ultimate convergence, the actual convergence speed
can be slow in practice. For the CWS task, we want a more effective scheduling of learning rates to achieve faster conver-
gence speed of the SGD training. We tested a simple exponential decay (Tsuruoka, Tsujii, & Ananiadou, 2009):
ck ¼ c0a
k=n; ð9Þ
where a is constant, with 0 < a < 1. Our experiments demonstrate that this exponential decay is more effective than the tra-
ditional decay (Eq. (8)), and arrives empirical convergence state faster.

The main reason is that the exponential decay is more ‘‘smooth’’ than the traditional decay. To achieve fast empirical
convergence, the online training should have a ‘‘smooth’’ decay on the learning rate. The traditional decay schedule drops
too quickly at the beginning and too slowly at the end. First, since the traditional decay drops too quickly at the beginning
stage, the model weights are not adequately trained in the beginning stage and it is far away from convergence. Second,
since the traditional decay drops too slowly at the end, the learning rate is not small enough at the ending stage, so that
the model weights can meet severe fluctuations (i.e., the weights are unstable) from one sample to another sample in the
online setting. On the other hand, the exponential decay can partially solve those two issues and will have faster empirical
convergence.
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There is no prior work on convergence analysis for the SGD training with the exponential decaying rate Eq.
(9). We can show that the SGD training with the exponential decaying rate has reasonable convergence proper-
ties. That is, the SGD training with the exponential decaying rate Eq. (9) is asymptotically convergent. This con-
vergence analysis statement can be derived from the assumptions and convergence analysis discussed in Sun,
Wang, and Li (2012). The SGD training with the exponential decaying rate Eq. (9) converges to a fixed point,
but different runs of the algorithm may converge to different fixed points if use random shuffling of the order
of the training samples.

When the update gradients are sparse and the overall feature dimension is high, it will be wasteful to use the standard
SGD updates, because at each update we need to apply regularization to all features, including those features that are not
used in the current training sample. To make training faster, we can use a traditional lazy regularization schedule
(Shalev-Shwartz, Singer, & Srebro, 2007) for the SGD. Nevertheless, it is interesting that we find a very simple heuristic
lazy regularization schedule (called simple lazy regularization below) has as good empirical performance as the traditional
lazy regularization. Compared with the traditional lazy regularization schedule, the simple lazy regularization is easier to
implement and has moderately faster training speed. Hence, we use the simple lazy regularization instead of the
traditional lazy regularization. Fig. 2 shows the I-SGD training method with new decaying rate and the simple lazy
regularization.

3. Hybrid word and character features

To better capture non-local information, we employ features based on words and word bigrams. To derive word fea-
tures, our system first automatically collects a list of word unigrams and bigrams from the training data. This list of
word unigrams and bigrams are then used as a unigram-dictionary and a bigram-dictionary to generate word-based uni-
gram and bigram features. The word-based features are indicator functions that fire when the local character sequence
matches a word unigram or bigram occurred in the training data. For each label at position i, we use the predicate tem-
plates as follows:

� unigram1(x,yi) [xj,i,yi], if the character sequence xj,i matches a word w 2 U, with the constraint i � 6 < j < i. The item xj,i

represents the character sequence xj . . . xi. U represents the unigram word dictionary compiled from the training data.
� unigram2(x,yi) [xi,k,yi], if the character sequence xi,k matches a word w 2 U, with the constraint i < k < i + 6.
� bigram1(x,yi) [xj,i�1,xi,k,yi], if the word bigram candidate [xj,i�1,xi,k] hits a word bigram ½wi;wj� 2 B, and satisfies the

aforementioned constraints on j and k. B represents the word bigram dictionary collected from the training data.
� bigram2(x,yi) [xj,i,xi+1,k,yi], if the word bigram candidate [xj,i,xi+1,k] hits a word bigram ½wi; wj� 2 B, and satisfies the

aforementioned constraints on j and k.

Fig. 3 presents a brief piece of pseudocode for extracting word-based unigram and bigram features.
We also use traditional character-based features. The character-based features are indicator functions that fire when the

latent variable label takes some value and some predicate of the input (at a certain position) corresponding to the label is
satisfied. For each label at position i, we use the predicate templates as follows:

� Character unigrams locating at positions i � 2, i � 1, i, i + 1 and i + 2.
� Character bigrams locating at positions i � 2, i � 1, i and i + 1.
� Whether xj and xj+1 are identical, for j = i � 2, . . . , i + 1.
� Whether xj and xj+2 are identical, for j = i � 3, . . . , i + 1.

All feature templates were instantiated with values that occur in positive training examples. The aforementioned word
based features can incorporate non-local information naturally.

In addition, we found that using a very simple heuristic can slightly improve segmentation quality. Two operations, merge
and split, are performed on the LDCRF/CRF outputs: if a bigram A B was not observed in the training data, but the merged one
AB was, then AB will be simply merged into AB; on the other hand, if AB was not observed but AB appeared, then it will be
split into AB. We found this simple heuristic on word information moderately improved the performance.
Fig. 2. Improved SGD Training with exponential decaying learning rate and simple lazy regularization.



Table 1
Details of the corpora. W.T. represents word types; C.T. represents character types.

#W.T. #Word #C.T. #Char

MSR 8.8 � 104 2.4 � 106 5 � 103 4.1 � 106

CU 6.9 � 104 1.5 � 106 5 � 103 2.4 � 106

PKU 5.5 � 104 1.1 � 106 5 � 103 1.8 � 106

Fig. 3. Pseudocode for extracting word-based unigram and bigram features.
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4. Experiments

4.1. Data and metrics

We used the data provided by the second International Chinese Word Segmentation Bakeoff to test our approaches de-
scribed in the previous sections. The data contains three corpora from different sources: Microsoft Research Asia (MSR), City
University of Hong Kong (CU), and Peking University (PKU). The detailed properties of the there data sets are shown in Table
1. We did not use extra resources such as common surnames, lexicons, parts-of-speech, and semantics. For the generation of
word-based features, we extracted a list of word unigrams and bigrams from the training data.

Four metrics were used to evaluate segmentation results: recall (R, the percentage of gold standard output words that are
correctly segmented by the decoder), precision (P, the percentage of words in the decoder output that are segmented cor-
rectly), balanced F-score (F) defined by 2PR/(P + R), recall of OOV words (R-OOV). For more detailed information on the cor-
pora and these metrics, refer to Emerson (2005).

4.2. Experimental settings

Since the CRF model is one of the most successful models in Chinese word segmentation, we compare LDCRFs with CRFs.
We make experimental results comparable between LDCRFs and CRF models, and have therefore employed the same feature
set and optimizer. We employ the feature templates defined in Section 3, taking into account those 3.0 � 106 features for the
MSR data, 2.6 � 106 features for the CU data, and 1.9 � 106 features for the PKU data.

As for numerical optimization, we adopt the Limited-Memory BFGS (L-BFGS) optimization technique (Nocedal & Wright,
1999), standard SGD training (SGD), and improved SGD training (I-SGD). The SGD and I-SGD training methods are online
training methods, as have been introduced in previous sections.



Table 2
Results from LDCRFs, CRFs, semi-CRFs, and other systems.

Rec-OOV Pre Rec F-score

MSR data
LDCRF (�) 72.2 97.3 97.3 97.3
CRF (�) 72.0 97.1 96.8 97.0
Zhao’10 Zhao et al. (2010) N/A N/A N/A 97.35
Zhao’11 Zhao and Kit (2011) N/A N/A N/A 97.58
Andrew’06 Andrew (2006) N/A N/A N/A 96.8
Gao’07 Gao et al. (2007) N/A N/A N/A 97.2
Zhang’06 Zhang et al. (2006) 71.4 96.5 96.3 96.4
Zhang’07 Zhang and Clark (2007) N/A N/A N/A 97.2
Best05 Tseng et al. (2005) 71.7 96.2 96.6 96.4

CU data
LDCRF (�) 68.8 94.7 94.4 94.6
CRF (�) 65.8 94.3 93.9 94.1
Zhao’10 Zhao et al. (2010) N/A N/A N/A 94.76
Zhao’11 Zhao and Kit (2011) N/A N/A N/A 96.10
Zhang’06 Zhang et al. (2006) 73.6 95.0 94.2 94.6
Zhang’07 Zhang and Clark (2007) N/A N/A N/A 95.1
Best05 Tseng et al. (2005) 69.8 94.1 94.6 94.3

PKU data
LDCRF (�) 77.8 95.6 94.8 95.2
CRF (�) 76.8 95.2 94.2 94.7
Zhao’10 Zhao et al. (2010) N/A N/A N/A 95.15
Zhao’11 Zhao and Kit (2011) N/A N/A N/A 95.40
Zhang’06 Zhang et al. (2006) 75.4 94.3 94.6 94.5
Zhang’07 Zhang and Clark (2007) N/A N/A N/A 94.5
Best05 Chen et al. (2005) 63.6 95.3 94.6 95.0
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Since the objective function of the LDCRF model is non-convex, we randomly initialized parameters for the training.3 To
reduce overfitting, we employed an L2 Gaussian weight prior (Chen et al., 1999).

4.3. Segmentation quality

The results are shown in Table 2. The results are based on convergence of batch training. The results are grouped into
three sub-tables according to different corpora. Each row represents a CWS model. For each group, the rows marked by ⁄
represent our models with hybrid word/character information. Best05 represents the best system of the Second International
Chinese Word Segmentation Bakeoff on the corresponding data; Andrew’06 represents the semi-CRF model in Andrew
(2006), which was also used in Gao, Andrew, Johnson, and Toutanova (2007) (denoted as Gao’07) with improved perfor-
mance; Zhang’06 represents the sub-word based CRF model (Zhang, Kikui, & Sumita, 2006); Zhang’07 represents the
word-based perceptron model in Zhang and Clark (2007).

More recent development of Chinese word segmentation included the work in Zhao et al. (2010) and Zhao and Kit (2011).
Zhao’10 (Zhao et al., 2010) had similar accuracy level compared with our results. Zhao’11 (Zhao & Kit, 2011) shared a similar
idea with this work by trying to find non-local information to improve the performance of word segmentation, and achieved
good performance. Zhao’10 (Zhao et al., 2010) and Zhao’11 (Zhao & Kit, 2011) used more complex labels/tags than our meth-
od. Their methods used six labels while our method used two labels. Using more labels will increase the segmentation accu-
racies, but its disadvantage is the slowing down of the training speed. The slowing down of the training speed has a quadratic
relation with the number of labels.

On the MSR corpus, the LDCRF model reduced more than 10% error rate over the CRF model using exactly the same fea-
ture set. We also compared our LDCRF model with the semi-CRF models in Andrew (2006) and Gao et al. (2007), and the
results suggest that the LDCRF model achieved slightly better performance than the semi-CRF models. Andrew (2006)
and Gao et al. (2007) only reported the results on the MSR Corpus.

We also performed cross validation on the training data sets to compare the performance of CRFs and LDCRFs. The exper-
imental results are shown in Table 3. As we can see, the LDCRF segmentation method (without tuning on the weight initial-
ization) already outperformed the CRF segmentation method on all of the three datasets with the cross validation setting.
This confirmed that the LDCRF model, even not fully optimized, is better than the CRF model in word segmentation. With
multiple random initialization for weight vectors and choosing a good one, the performance of LDCRF can be further
improved.
3 For a non-convex objective function, different parameter initializations normally lead to different optimization results. Therefore, to approach closer to the
global optimal point, it is recommended to perform multiple experiments on LDCRFs with random initialization and then select a good start point.



Table 3
Comparisons between LDCRFs (without multiple random initialization on weights) and CRFs via 4-fold cross validation on the training sets.

CV1 CV2 CV3 CV4 Overall F-score

MSR data
LDCRF 95.4 95.1 95.5 95.8 95.4
CRF 94.9 94.8 95.0 95.4 95.0

CU data
LDCRF 94.9 96.3 96.1 94.2 95.4
CRF 94.9 96.3 95.9 94.1 95.3

PKU data
LDCRF 95.2 95.1 95.4 94.8 95.1
CRF 95.2 95.1 95.4 94.6 95.0
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In summary, tests for the Second International Chinese Word Segmentation Bakeoff showed competitive results for our
method compared with the best results in the literature.

4.4. Accelerated training

Here, we perform experiments on optimizing objective functions of CRFs and LDCRFs on different data sets. We compare
the improved SGD (I-SGD) training method with the L-BFGS batch training method and the standard SGD training method.
For the online training method, we need to set the value of c0 and a. Typically, the setting c0 = 0.1 and a = [0.85,0.95] works
well for online training.

The curves of the objective functions by varying training iterations are shown in Fig. 4. As we can see, in all cases com-
pared with the L-BFGS batch training method, the I-SGD method achieved the same level of objective values on convergence.
Most importantly, the I-SGD method converges much faster than the L-BFGS batch training method and the existing SGD
training method.

It is noteworthy that the weights produced by the I-SGD and the L-BFGS training are similar when the two methods opti-
mized the objective function to the similar optimum. Hence, in spite of the significant acceleration of training speed, word
segmentation accuracies are similar when we use the I-SGD training instead of the L-BFGS training.
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Fig. 4. Convergence speed of different training methods on LDCRFs.
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4.5. Effect on long words

One motivation of modeling non-local information for CWS is to use non-local information to learn long range dependen-
cies, as we argued in Section 1. In the test data of the MSR Corpus, 19% of the words are longer than three characters; there
are also 8% in the CU Corpus and 11% in the PKU Corpus, respectively. In the MSR Corpus, there are some extremely long
words (e.g., Length > 10), while the CU and PKU corpus do not contain such extreme cases.

Fig. 5 shows the recall rate on different groups of words categorized by their lengths (the number of characters). As we
expected, the LDCRF model performs much better on long words (Length P 4) than the CRF model, which used exactly the
same feature set. Compared with the CRF model, the LDCRF model exhibited almost the same level of performance on short
words. Both models have the best performance on segmenting the words with the length of two. The performance of the CRF
model deteriorates rapidly as the word length increases, which demonstrates the difficulty of modeling long range depen-
dencies in CWS. Compared with the CRF model, the LDCRF model performed quite well in dealing with long words, without
sacrificing the performance on short words. This indicates that the improvement of using the LDCRF model came from the
improvement on modeling long range dependencies in CWS.

4.6. Error analysis

Fig. 6 lists the major types of errors collected from the latent variable segmenter. We examined the collected errors and
found that many of them can be grouped into four types: over-generalization (the top row), errors on named entities (the
following three rows), errors on idioms (the following three rows) and errors from inconsistency (the two rows at the
bottom).

Among the four types of errors, co-allocated organization names are difficult for segmentation. The example shown in
Table 6 is a case that those two organization names are independent to each other, and therefore should be segmented. There
are also many cases that two organizations names should be annotated into a single word. For example, when the two orga-
nization names have a relation of ‘‘B is a branch of A’’. We found the LDCRF model is not suitable for disambiguating such
cases. Compared with CRFs, the LDCRF model is more likely to merge co-allocated names.

For the human names, they are wrongly segmented because we lack features to capture the information of person names.
A collection of common surnames can be helpful, but such extra knowledge sources are currently not used in our system.
Correctly segmenting transliterated location names is also difficult and it requires the technique on recognizing transliter-
ated location names. In the future, such errors can be solved via using extra resources.
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Fig. 5. The recall rate on words grouped by the length.

Fig. 6. Error analysis on the latent variable segmenter. The errors are grouped into four types: over-generalization, errors on named entities, errors on
idioms and errors from data-inconsistency.



Fig. 7. Examples of annotation inconsistencies between training and evaluation data.
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Our system can successfully recognize many new idioms consisting of four characters. Nevertheless, there are still a num-
ber of new idioms that failed to be correctly segmented, as listed in the table. Finally, some errors are due to inconsistencies
of the data itself, i.e., the annotation errors in the training and testing data. The annotation errors are illustrated in Fig. 7.

5. Conclusions, discussion, and future work

We presented a non-local information based model for Chinese word segmentation. Non-local information are learned via
latent variables and new features including word-level features. From experimental evaluation, we found that modeling
non-local information can better capture long range dependencies and improve the word segmentation quality. Our system
is competitive with the state-of-the-art methods.

On the other hand, we showed that learning non-local information can slow down the training speed. To solve this prob-
lem, we further presented an improved online training method for training the segmentation model with non-local informa-
tion. We showed that the proposed online training method has significantly accelerated training speed.

There are different segmentation standards among different datasets. Even with different segmentation standards, long
words are expected to be important. There are different kinds of long words. For example, some transliterated names, loca-
tion names, human names, and Chinese idioms. Those long words are not compound words because they contain no sub-
words. In such cases, modeling non-local information is also meaningful.

Most recently, Sun, Wang, and Li (2012) presented a very accurate and fast online training method for Chinese word seg-
mentation. Although the experiments in Sun et al. (2012) were based on CRFs, the proposed feature-frequency-adaptive on-
line training method in Sun et al. (2012) is a general purpose algorithm and can be applied to different machine learning
models and different tasks. As the future work, we will consider applying the feature-frequency-adaptive online training
to latent conditional models with non-local features for word segmentation and other natural language processing tasks.
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