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Abstract: This paper presents issues related to POS tagging for Chinese language using maximum entropy technique, in which we
introduce a novel feature selection strategy based on incremental trail and error-driven, then we describe the restricted method for model
learning in tagging task. We test our method on the simplified Chinese corpus of Peking University China and show that a significant

improvement is obtained.
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1 Introduction

Part-Of-Speech (POS) tagging is to assign each word in the text a POS tag such as Noun and Verb, which is the base of
some Natural Language Processing (NLP) tasks and helpful in improving performance of NLP applications, such as parsing,
machine translation and information extraction.

There has been a great deal of work exploring methods for automatically training POS taggers. Brill introduced laboriously
handcrafting rules for tagging [9]; many papers has reported Markov-model based tagger which has been used for both English

POS tagging [7], [8] and Chinese POS tagging [6]. But as a probabilistic generative model, Markov tagger has shortcomings
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for mining useful information latent in the long-distance dependent context due to its strict independence assumption.

In the past few years the maximum entropy (MaxEnt) approach has been recommended as effective probabilistic model for
its flexible feature selection and its novel method to smoothing. The typical and successful applications of MaxEnt for NLP are
referred in [1] and [5], used in machine translation and English language POS tag assignment and parsing.

In this paper, we apply MaxEnt model to Chinese POS tagging, and describe a novel feature selection method and restricted
model learning for MaxEnt. When tested on the corpus of Peking University, our tagger achieves tag accuracy of 97.7946% for
44 tags and 98.5944% for 20 tags, which outperforms HMM method that reported 94.86% for 26 tags [15] and other MaxEnt
model that reported 95% for 20 tags [14].

In the remainder of this paper, we first briefly describe the maximum entropy principle in section 2 and then discuss our
method of feature selection in section 3. Section 4 introduces the restricted training for our Chinese MaxEnt POS tagger.

Section 5 presents our experiments and discussion of the results. We conclude the paper in section 6.

2  Maximum Entropy Modeling

Maximum entropy model offers a measurable way to estimate the probability of a certain linguistic class , occurring with

a certain linguistic context x. It is an approach to statistical modeling using log linear distributions. According to maximum
entropy principle, we seek for a conditional distribution p(y | x) that has the maximum entropy:

(12

p*(y|x)= arg max H(p)= arg max[- X p(x)p(y|x)log p(¥|x)] )
pepP peP X,y _

In this framework, events of a given context are represented as multiplicities of weighted features latent in the contextual
predicates. In POS tagging task, to express the event that a word in some context is labeled as a certain tag, we define an
indicator function [1] with the form as follows to numerically present a feature, where cp denotes the contextual predicates of a
specific word:

lif tag=y,and cp=x
Ten)=ty ﬁthefwise
Then p(y|x) isgiven by:

@)

n
p(ylx) = exp( X 4;5;(x.2))
_ i=1

Z,{(x)

where, Z,@) is the normalizing factor:

) 3)
Z,()=Zexp( T 4f;(3)
y i=1

Some iterative algorithms [4] have been used for parameter estimation of the model. Complete review of such methods is
beyond the scope of this paper. Rather, we concentrate on the aspects of feature selection and training procedures that most

directly influence the model performance.

3 Features for POS Tagging

The model depends on the distribution of the features and the information represented by them, thus it is significant that the
features used be pertinent to the task. Much research has employed the features for POS tagging corresponding to the -

morphological and contextual evidence. Other than generating features based on the predefined template [5], we introduce our -
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. feature selection approach that bases on incremental trail and is driven by error detection.
3.1 Feature Selection Based on Incremental Trails

The POS tag of a word is not only related to the word itself, but also closely related to words surrounding it and their POS
tags, which is the context that word appears. Upon such knowledge, we choose the window length of context varies from 1 to 3
centered on the current word (i.e., the word under examination) to choose features that are most contributive for the POS
tagging.

Firstly, the feature set with narrowest window (we name it by seed features) is formed as “current word, previous word,
succeeding word”, then based on the seed features, we add or cut down features with respect to increase or decrease of the
tagging accuracy.

In each trail, we try on one predicate that falls into the context window. If the tagging accuracy increases due to adding this
feature, we reserve it to the next pass of trail; otherwise, we delete it from the window. When predicate candidates in the
window are all exhausted, or being added into the feature set, we expand length of the window and begin a new pass of trail
until the length reaches 3. Besides words themselves that surround the center word, POS tags and POS tag sequence of the
previous words are also induced as pragmatic features, and experiments show that the POS tags information increase tagging
accuracy greatly. Table 1 shows some of feature sets the model tests in the incremental trails. In the table, curword denotes the
current word, label is POS tag of the curword, preword; denotes the i-th word before current word, and prefag; is tag of

preword;, sucword; is the i-th word succeeding current word.

Table 1. Some feature set used in our increametal trail.

Trail pass Feature set
1 label curword preword; sucword,
2 label curword preword, pretag, sucword,
n label curword preword, pretag, prewors, pretag,

preword; pretags sucword,; sucword, sucwords

Based on the incremental trail, we obtain the optimal features as in table 2, in which, feature “pretag,,” represents the joint
tag sequence of pretag; and pretag,.

Table 2. The optimal features of events based on the increamental trail.

Optimal features

Event Representing label curword preword, pretag, pretag,, sucword,

3.2  Feature Induction Driven by Error

According to the number of different POS tags that a word owns in language applications, words are clustered into two types:
words with more than one POS tags and those with single POS tag. In some sense, the former refers to trans-classed word in
traditional word morphology.

By detecting the label errors when training and testing using the features in table 2, we observe that error rate for the
multi-tag words is highest, and label being given to them is most closely related to POS tag of word previous to them. For
instance, in corpus of Peking University, word “#%i&(Report)” has three different tags of “n (noun), v(verb), va(noun verd)”.
But when taking into account tag of the previous word near to it (named by pretag, as in table 1), we observe that when pretag,
is “q”, “Report” is labeled as “n” with probability of 20.37%, of 0.15% for “v” and of 0.0% for “vn”. So we can assume that
when pretag; is “q”, the word “Report” is labeled as “#” with highest probability, and as “vn” with lowest probability. Such
probability is viewed as “discriminating feature” when choosing among the multi tags for multi-tag words.
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For multi-tag words, we computer the probability as follows:

count( pretag, =li,lag=lj) )

retag, =1t |tag =t.)=
p(p gl II g j) counl(lag=lj)

where count(lag=lj) is the number of a word being labeled as lj’ and count(pretag] =t. tag =1 )is the number of
! J

co-occurrence of pretagy =, and tag=1 -

But for sole-tag words, no matter what the pretag, is, the label for them is always be the same one. So we define the

“discriminating feature” for such kinds of words as:

p(prelag1 =ll.,i=1...n|lag=l)=1 )

Such “discriminating feature” is supplemental to features in table 2 as element “preprob”, that js, the new feature set of
events has the format as in table 3. Experiment shows that with such patticular feature, the predicate accuracy is significantly

improved, which will be demonstrated in section 5.

Table 3. The integrated features of the optimal features and probability feature.

Integrated features

Event Representing label curword preword, pretag, pretag,, sucword; preprob

4 Restricted Maximum Entropy Model

Performance of a statistical model is largely influenced by corpus and modeling algorithm. In the framework of supervised
learning, MaxEnt model is trained by the tagged corpus, which is used for tag predicating in test procedures. But tagged
training corpus is never enough to reliably specify p(y | x)for all possible (x,y) pairs, since the words in x are typically
sparse. The challenge is then to find assistance for external evidence about x and j to reliably estimate the probability
distribution.

Let Ybe a finite set of output values ever appearing in the labeled training corpus, the MaxEnt model predicates a
conditional probability p(y|[x) for every yeY given a certain linguistic context X. But in POS tagging task, the label
options for a word are usually a small subset of the whole tag candidates. That is, the probabilities should be distributed among
tags that the word ever owns, but not on the whole tag set.

In order to resolve two problems above, we introduce the external knowledge for the limited tagged corpus and construct a
sun-classifier for word to reduce the searching dimension when labeling it.

The external knowledge is from Grammatical Knowledge-base of Contemporary Chinese [3] (GKCC). Besides
automatically constructed events of the words that occur in labeled training data (internal word), we also create events for
words that occur in GKCC dictionary but not appear in the training data (external word). But unlike self-contained contextual
predicates of the internal words, such kind of events is created only with one feature, that is the word itself, and other features

is deemed as null. Table 4 shows different event representations of the two different types of words.

Table 4. The Event Representing Format for Internal Words and External Words

Internal words External words
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Event Representing label curword preword pretag sucword label curword

MaxEnt model learns from events both of labeled corpus and of GKCC during training period. Meanwhile, the model

constructs a tag bag for every word w occurring in either labeled corpus or GKCC, or in both of them. Let
Tag, = {tag,..tag,}be W’s tag set leamning from labeled corpus, and Tag, = {tag,..zag,} be its tag set deducted from the

GKCC vocabulary, then w’s tag bag 745 Is the conjunction of Tag, and Tag, (Tag =Tag uTag ). When the search
W W [ v

procedure needs to tag word w and w exists in training data, only tags from w’s tag bag are considered as tag candidates for it;
if w is not in training data (w is new word), the search procedure explores all tags in overall tag set. By this way, we construct a

virtual sub-classifier for each word and restrict the model in both training and testing.

5 Experiments

To test the effectiveness of our features selection and restricted modeling method, we conduct experiments and observe the
accuracy of different models with different features and modeling methods.

We choose People’s Daily corpus of January in 1998 from Peking University (PKU’9801) as our experimental data.
PKU>9801 consists of 44 POS tag labels in total. But for validation and comparison, we combine some of the semantic related
tags, for example, vd(adverbial verb), va(noun verb), Vg (verb morpheme) to v (verb), and then obtain a new corpus with 20
tags. o

The PKU’9801 has about 1,120 thousand words (include punctuations), and is split into two disjoint sections: 80%_ of them
serve as training data, and the other 20% serve as test data. The experiments for 44 tags and 20 tags are conducted respectively.
We conduct baseline experiment on events purely from the training data with features in table 2, and other enhancing strategies
are compared with the baseline setting.

To observe the influence of each modeling factor presented in section 3 and 4, we design incremental experiments analogous
to that of feature selection. First, we conduct the baseline experiment (Baseline Model), and then we apply the restricted train
and test method to baseline model to confirm efficiency of external events and sub-classifying technique (Restricted Model).

To validate the impact of probability features on model performance, we add such “discriminating features” to events of both
Baseline Model and Restricted Model. Figure 1 shows the flow of our experiments.’

1. Baseline Model Pro% 3. Baseline Model !

(features in table 2) ty feature ﬁ (features in table 3) |

- ?

/
y N h .
2. Restricted Model | N 4. Restricted Model |
(features in table 2, | _| Probabili __| (features in table 3, :
with external events | ty feature with external events |
and sub-classifier) | and sub-classifier) |

Fig. 4. Flow of our experiments.

The tagging accuracy for 4 experiments (shown in Fig. 1) is demonstrated in Table 5 and table 6. From table 5, we can see
that, restricted model outperforms baseline model by about 1.15% with the same features. Inducing of external words from the
GKCC dictionary into the training data reduces the number of new words and decreases the error rate of them remarkably, but
increases the burden of training task due to the enlargement of training events. Even though the use of sub-classifier yields an
insignificant (0.78% of overall 1.15 by further analysis) improvement in accuracy, it is used in further experiments since it
reduces the average number of tags that are explored for each word, and thus significantly speeds up the tagger
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Table 5. Performance of the Baseline model and Restricted Model both with features in table 2

Features | label curword preword, pretag, pretag,;, sucword,

Models Baseline Model Restricted Model
Accuracy | 44 tags 20 tags 44 tags 20 tags
(%) 94.8139 96.3334 95.9601 97.2588

Table 6. Performance of the Baseline model and Restricted Model both with feature in table 3.

Features | label curword preword, pretag, pretag, sucword;

preprob
Models Baseline Model Restricted Model
Accuracy | 44 tags 20 tags 44 tags 20 tags
(%) 96.1122 | 97.4359 97.7946 98.5944
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