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Abstract

Recent research usually models POS tag-
ging as a sequential labeling problem, in
which only local context features can be
used. Due to the lack of morphological
inflections, many tagging ambiguities in
Chinese are difficult to handle unless con-
sulting larger contexts. In this paper, we
try to improve Chinese POS tagging by us-
ing long-distance dependencies produced
by a statistical dependency parser. Ex-
perimental results show that, despite er-
ror propagation, the syntactic features can
significantly improve the tagging accuracy
from 93.88% to 94.41%p < 107°).
Detailed analysis shows that these fea-
tures are helpful for ambiguous pairs like
{NN,VV} and{DEC,DEG}.

I ntroduction

words in both sides of the focus word. This works

quite well for English, because inflections are use-
ful and strong clues for POS tags. However, due
to the lack of morphological inflections, Chinese

POS tagging has proven to be much more chal-
lenging than English. With a typical sequential la-

beling model such as Conditional Random Fields
(CRF), the tagging accuracy is about 97% for En-
glish, while less than 94% for Chinese (Huang et
al., 2009).

NN-VV ambiguities are one of the most noto-
rious difficulties for Chinese POS tagging. Figure
1 gives two examples. We can see that the POS
tagger can effortlessly assign the right tags to both
“development” and “develop” in the English side.
However, it is very difficult in the Chinese side
since no word form inflection is available and the
context features may be too sparse or uninforma-
tive. However, the introduction of long-distance
dependencies can largely reduce this difficulty. In
the upper example of Figure 1, the coordinate re-

Part-of-speech (POS) tagging is a necessary arfation between £ %/NN" and “ f&” is a strong
important step for many natural language tasks¢lue to X f&/NN". In the lower example of Fig-
for example, named entity recognition, parsingt’e 1, it is also easy to tagik " as “VV" if its
and sentence boundary detection. In the curcoordination with 4E47/VV" is known.

rent literature, POS tagging is treated as a typ-
ical sequence labeling problem, to which many

models have been successfully applied, such as ﬁ

. _ . ._ iji 377 }FD ‘E
maximum-entropy (Ratnaparkhi, 1996), condi fa %% H o RE

Promote trade and development

tional random fields (CRF) (Lafferty et al., 2001)
and perceptron (Collins, 2002). To facilitate fast

decoding, these models make the Markovian inde- m
y 2

pendence assumption that the current tag depends Wy R ORE WE %R
on one or two previous tags. In addition, they can VW cc VW NN NN
merely consider local context features, e.g. two relations

Maintain and  develop bilateral

*Correspondence author: tliu@ir.hit.edu.cn

'DEG and DEC are the two POS tags for the frequently
used auxiliary word ffJ” (d'e, of) in Chinese. The associative
“[f]” is tagged as DEG, such asds&/father [1 IR i /eyes
(eyes of the father)”; while the one in a relative clause is
tagged as DEC, such afft/he it f¢/madelt] it 2 /progress
(progress that he made)”.

Figure 1. Examples of NN-VV ambiguities with
dependency structures. The focus wordAsf&”.

As far as we know, there has been few research
that tries to improve POS tagging with dependency
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parsing . The reason for this may be three-fold We adopt the=xponentiated gradient algorithm to
Firstly, POS tags are indispensable features for ddearn the weight vector (Collins et al., 2008).
pendency parsing since pure lexical features lead For POS tagging featurd$x, t), we follow the
to severe sparseness problem. Therefore, POS tagork of Zhang and Clark (2008a). Besides stan-
ging is traditionally considered as a supportingdard POS unigram (w; t;), bigram (¢;_1 t;) and
task for dependency parsing. Secondly, Chinesgrigram (¢;_o t;_1 ti)@ures, they explore many
dependency parsing performs not well. The accufeatures composed of Chinese characters, such as
racy is about 85% when gold-standard POS tags;  ¢; andc; _; t;, wherec; o andc; —; denote the
are given, and quickly drops to about 79% whenstart and end characters @f. These character-
using automatically assigned POS tags. Therefordyased features are very helpful for tagging accu-
error propagation may be an obstacle to researclacy. Due to space limitation, we refer to Zhang
on this idea. Thirdly, inefficiency of syntactic and Clark (2008a) for the complete feature de-
parsing may be another concern. However, we bescription. In order to distinguish these features
lieve that this problem can be relieved in the casdrom our proposed syntactic features, we refer to
of dependency parsing, since efficient cubic-timehem as thebasic features and denote them as
or even linear-time parsing models have been prof,(x, t). Givenw, we adopt the Viterbi algorithm
posed for dependency parsing (McDonald, 2006to get the optimal tagging sequence.
Nivre and Hall, 2005).

In this paper, we propose several kinds of syn3 POS Tagging with Syntactic Features
tactic features based on the output of a statistical ] o
dependency parser. And we use these features '€ framework of our method is shown in Fig-
enhance a traditional POS tagging model so tha{'® 2- Given an input sentense we first use the
long-distance information can be explored. Ex-CRF-based model to produce a tagging sequence

perimental results show that this effort is reward-t"- Then, based on®, we use a statistical de-
ing, and the tagging accuracy is significantly im_pgndency parzer to oBtaln the syntactic t‘ﬁé
proved. Detailed error analysis confirms the usefinally, botht™ and d~ are used as additional
fulness of these syntactic features. features in the enhanced Perceptron-based model.
We use Perceptron to build our model because it
2 Basdine POS Taggers is competitive to CRF in tagging accuracy but re-
quires much less training time. During training
phase, we adopt the 10-fold cross validation strat-

egy to produce both“ andd“ for the training set.

Given an input sentence = w;...w,,, we denote
its POS tag sequence by t = ¢;...t,,, wheret; €
T,1 < i < mn,andT is the POS tag set. The

goal of POS tagging is to find the highest-scoring
sequence:

CRF-based tagger

v

. . . Dependency — —d*—»
We implement two baseline taggers, i.e., a Parser

Perceptron-based tagger and a CRF-based tagger.
As a linear model, Perceptron defines the score of Figure 2: Framework of our method.
a tag sequence to be

|
Perceptron-based tagger
with syntactic features

t = arg max pu(x, t)
t

Based on a guide POS sequentét” in this
p(x,t) =w-f(x,t) paper) and a syntactic tra& we propose three
kinds of features, as shown in Table 1. Our use of

wheref(x,t) refers to the feature vector and _ N o
is the corresponding weight vector. We use stangulde POS Featurej(x, ', t) is mainly inspired

dardaveraged perceptron to learn the weight vec- Iby sﬁacke(cji_ Ie?rnl ng, n Wdhltc h re.ZUItfh of the f':jSt'C
tor (Collins, 2002). evel predicator are used to guide the second (Co-

As a probabilistic model, CRF defines the prob-2(‘3)?)8‘5}r]|\(3|I df_ Car}[/allhoz,ozct))é)S; Nivre and McDonald,
ability of a sequence to be ' ar. Ins et al., ):
Syntactic featured(x,d,t) explore features
eWEt) related with the head and children of the focus

u(x,t) = P(tfx) = S, e Gt word. Syntactic features with guide POS tags
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Guide POS Features; (x,t’, t) || Syntactic Featured(x,d,t) || Syntactic Features with Guide POS; (x,t',d, t)
t% t; t%_ll t; t; #ZC(Z) ti wh@ t; #,Elc(z) t,; ti #,Erc(i) t;l; t; t:h(i) t;; t% d(’L) tz

ti*l tq, tl ti+1 tq, wlc(i,k) tz d(Z) tq, tlc(z,k) tl tz t’FC(l,k) tz tq, th(z) tl tq, th“) d('L) tz
t;qu ti t;‘—l t;+1 ti #T‘C(’i) ti wh(i) d(Z) ti tgc(i,k) ti t;‘c(i,k) ti t;(i) wy ti t;z(i) tfb- d(Z) ti
by~ £ (%) [ ti_q Ut t Wye(i k) ti | wi d(i) T thisy wi d(i) ti

Table 1: Feature templates for our enhanced Perceptratiaggert’ denotes a guide POS sequence,
which ist® in this paperz; ~ f,(x) means that we concatenateand each feature ify(x, t) to obtain a
new one.h(i) denotes the index of the headioh the syntactic tree; while d(i) means the distance and
direction of the dependendy(i) — i. #lc(i) means the number of left-side childrenipandic(i, k) is
the index of thek!" left child of i. Analogously#rc(i) andrc(i, k) considers right-side children of

f,4(x,t’,d,t) further make use of the POS tags|Method | Token[Known | Unknown|
of the head and children of the focus word. Theg Perceptron with, (x, t) 93.82| 94.65| 81.32
effectiveness of these features will be examined inCRF withfy,(x, t) 93.88| 94.70 | 81.51
the experiments. [+£,(t7) [94.02] 94.84] 8167 |
+,(d%) 96.02| 96.85| 83.51
4 Experimentsand Analysis +£,(d)+H., (t€,d%) 96.19| 96.99 | 84.27
+f,(d9)+f,, (¢, d°)+£,(t9) | 96.26 | 97.05 | 84.37
The Penn Chinese Treebank 5.1 (CTBS) is used d5¢_ (g7, 9406] 94911 8144
the labeled data (Xue et al., 2005). We follow the| +¢,(d*)+f.,(t,d*) 9441 | 9526 | 81.67
setup of Duan et al. (2007) and split CTB5 into| +f,(d*)+fs, (t€,d*)+f,(t°) | 94.37| 95.20 | 81.95

training (secs 001-815 and 1001-1136), develop-

ment (secs 886-931 and 1148-1151), a'nd .tESt (Seq%b|e 2: Tagging accuracy on the test set (%;)
816-885 and 1137-1147) sets. Head-finding ruleglenotes the tagging sequence of the baseline CRF
are used to turn the bracketed sentences into denodel. d“ refers to the gold-standard tree; while
pendency structures (Zhang and Clark, 2008b). d4 denotes the automatically parsed tree. Note

We adopt the second-order graph-based modehat we omitx andt in £,/4/54(-) for brevity.
of McDonald and Pereira (2006) for our statisti-
cal dependency parser. Its time complexity for de-
coding isO(n3). On the test set, its parsing ac- In the fourth row, we examine our method in the
curacy is 85.01% when using gold-standard POgealistic scenario. The syntactic tree is automati-
tags, and is 78.82% when using automatic POS2lly produced by the parser trained on the training

tags produced by the baseline CRF tagger. set. The accuracy improvement is modest but sig-
nificant when only adding pure syntactic features
4.1 Main Results f,(x,d*,t) (p < 0.01).? Using syntactic features

. . - C A
Table 2 gives the final results. The first row con-With guide POS tags, i.efy,(x,t~,d", t), can
tains two baseline tagging models which only uséJQOSt the accuracy by a Iarge. margin. Corr?pared
the basic feature(x,t). We can see that the with the baseline models, the improvement is sig-

” - . )
Perceptron-based and CRF-based models achiefdicant ¢ <010 )- Then, adding guide POS fea-
comparable accuracies. turesf, (x,t~,t) slightly decreases the accuracy,

From the results in the second row, we can finoPUt somehow improves the accuracy of unknown

that using guide POS features only modestly (buyvords.
significantly) improve the accuracy. This model
can be regarded as the integrated model of bot
Perceptron-based and CRF-based models. To find out how the syntactic features help tagging,

In the third row, we explore syntactic featureswe conduct detailed error analysis through com-
based on gold-standard trees and aim to find outaring the results of different models, as shown in
the usefulness of syntactic features without errodable 3. We choose the most frequent error pat-

propagation. Obviously, correct syntactic features—; _ . ,
We adapt Dan Bikel's randomized parsing evalua-

_Can greatly help resolve tagging ambiguities. US'tion comparator to do significant test for POS tagging.
ing all the features leads to the best accuracy.  http://www.cis.upenn.edu/bikel/software.html

ﬁ.z Error Analysis
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terns made by the baseline CRF-based model, ambtation and self-training. Several methods are
presents them in descending order of frequency. proposed to handle joint word segmentation and
POS tagging of Chinese (Jiang et al., 2008; Zhang

error pattern| CRF| Gold Parse Auto Parse and Clark, 2008a; Kruengkrai etal., 2009)_
VW — NN | 456 -197 -15
NN W | 341 -180 .30 _ The most closely related work to our approach
DEC —s DEG| 227 292 66 is the one of Huang et al. (2007), which also ex-
NR— NN | 224 +1 5 plores syntactic features to boost the tagging accu-
DEG — DEC| 191 -187 -57 racy. In stead of directly using syntactic features
JJ—= NN | 135 +10 0 in a discriminative POS tagger, they adopt the
NN—NR | 84 -3 0 RankBoost-based algorithm to rerank the N-best
NN = 9 63 0 *1 output of a sophisticated HMM tagger (Collins

_and Koo, 2005). As a discriminative model, the
Table 3: The number of error patterns made by difyaranker can make use of rich features includ-
ferent models. An error pattern “X; Y” means 4 morphological features, word/tag n-grams and
that the focus word, whose true tag is X', is as-gyntactic features. Another difference from our
signed a tag *Y". "CRF” refers to the baseline \ o js that their syntactic tree is produced by
CRF-based model. “Gold Parse” and "Auto Parse’yq constituent parser of Charniak (2000) which

are two_ perceptron-based models augmented W'%intly solves POS tagging and parsing. In this
synj[actlc fegtures, and correspond to the best mo%ay, they might obtain higher-quality syntactic
els in the third and fourth rows of Table 2, respec-eatres since error propagation can be alleviated
tively. The signed numbers in the last two columns;; some extent. Their reranking approach lead to
present the change of error number. an improvement of about 1% in tagging accuracy
over the HMM tagger. In this paper, we propose
another way to incorporate long-distance informa-
Yion for POS tagging. In another perspective, our
approach may be more promising in real applica-
tions, since dependency parsing is simpler and po-
}entially more efficient than constituent parsing.

From the column of “Gold Parse” we can see
that using correct syntactic features can greatl
reduce the errors for ambiguous paif&N,
VV} and {DEC, DEG}. Especially, nearly all
ambiguities of {DEC, DEG} are correctly re-
solved.However, syntactic features are not helpfu
for ambiguities like{NN,NR} and{NN,JJ. One
common characteristic of these two pairs are th
the two POS tags play similar roles from syntac-|, tnis paper, we show that the accuracy of a
tic view. In other words, their syntactic contexts discriminative sequential POS tagger can be sub-
are usually similar, which naturally explains why stantially improved by exploring syntactic fea-
the gold-standard syntactic features fail to help. Inres We also show that the syntactic features
contrast, “NN”and *VV” (or “DEC” and “DEG")  ¢an help resolve ambiguities kENN,VV} and
usually have completely different syntactic Struc'{DEC,DEG}, which are difficult to handle when
tures. This demonstrates that our proposed syntagiyy |ocal contexts are considered. In the future,
tic features are very effective. we will investigate joint POS tagging and depen-

Using automatic syntactic features still help re-dency parsing models to further improve tagging
solve{NN, VV} and{DEC, DEG}. However, the accuracy.

error reduction is much less than that of using cor-
rect parse trees, which is obviously due to errofa sk nowl edgments
propagation. Likewise, the errors oveN, NR}

etS Conclusions
a

and{NN,JJ are not influenced. This work was supported by National Natural
Science Foundation of China (NSFC) via grant
5 Related Work 60803093, 61133012, the Natural Scientific Re-

Recently, extensive research on Chinese POS tagearch Innovation Foundation in Harbin Insti-

ging has been done. Tseng et al. (2005) enhandete of Technology (HIT.NSRIF.2009069) and the
the tagging accuracy of unknown words by usingFundamental Research Funds for the Central Uni-

rich morphological features. Huang et al. (2009)versities (HIT.KLOF.2010064).
improve a bigram HMM POS tagger by latent an-
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