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Abstract

A POS tagger is either based on non-
structured or structured classification so-
lutions. Surprisingly, we find that both
of them are problematic on POS tagging
– non-structured classification is “under-
fitting” and structured classification is
“over-fitting” on structures. We propose
a decomposed learning method, which
is in the middle of structured and non-
structured classification. In this way, we
can easily control the complexity of struc-
tures, and find a balance between over-
fitting and under-fitting. Moreover, the de-
composed mini-samples can be naturally
used for parallel learning, and we propose
a parallel learning scheme for speeding
up the learning. Our experiments are on
POS tagging benchmark tasks in English
and Chinese. Results demonstrate that
our simple method can achieve record-
breaking accuracies in both English and
Chinese tasks, with the error rate reducti-
ons of 2.3% and 2.4% over the existing
best systems on English and Chinese, re-
spectively. At the same time, our method
is more than 15 times faster than existing
methods, accomplishing the training in 12
minutes for English and in 5 minutes for
Chinese POS tagging.

1 Introduction

Automatic part-of-speech (POS) tagging is a very
traditional and fundamental task in natural lan-
guage processing. In general, a part-of-speech re-
presents a linguistic class of words, which con-
tains the syntactic and morphological information
of the word. Automatic tagging of POS for words
plays an important role in higher level NLP ap-
plications, such as syntactic parsing, named entity
recognition, and statistical machine translation.

There have been many methods proposed for
solving the POS tagging problem. The early work
on POS tagging is using non-structured classifica-
tion methods such as the maximum entropy (ME)
method. More recently, the structured classifica-
tion methods, e.g., sequential labelling methods
such as conditional random fields (CRF), are do-
minating on POS tagging, by treating sentences
as linear chain structures for structured classifi-
cation. We argue that this trend could have been
misdirected, because our study suggests that com-
plex structures are actually harmful to model accu-
racy. While it is obvious that intensive structural
dependencies can effectively incorporate structu-
ral information, it is less obvious that intensive
structural dependencies have a drawback of incre-
asing the generalization risk, because more com-
plex structures are easier to suffer from overfitting.
Since this type of overfitting is caused by structure
complexity, it can hardly be solved by ordinary
regularization methods such as L2 and L1 regu-
larization schemes, which is only for controlling
weight complexity.

To solve this problem, we propose a decompo-
sed learning method for POS tagging, which de-
composes training samples into mini-samples with
simpler structures, deriving a model with better
generalization power. We show that the propo-
sed decomposed learning method has good theo-
retical justification – the “stability” can be impro-
ved and many prior work has shown that impro-
vement on stability can lead to improvement on
generalization power. The proposed method can
be interpreted as a back-off method from structu-
red classification towards non-structured classifi-
cation, i.e., a model in the middle of structured and
non-structured classification. In this way, we can
easily control the complexity of structures, and
can find a balance between over-fitting and under-
fitting.

Moreover, the decomposed mini-samples can



be naturally used for parallel learning. We pro-
pose an efficient parallel learning scheme, which
can improve the training speed of by more than
20 times. We perform experiments on well-known
POS tagging benchmark tasks in different langua-
ges, including English and Chinese. Experimen-
tal results demonstrate that our simple method can
easily beat the best existing systems, achieving
record-breaking accuracies on both English and
Chinese POS tagging tasks, and is 20 times faster
than existing methods (e.g., can finish the training
in 300 seconds with CRF).

The contributions of this work are three-fold:

• On the methodology side, we propose a de-
composed learning method for POS tagging,
which is in the middle of structured and
non-structured classification. Moreover, the
decomposed mini-samples can be naturally
used for parallel learning, and we propose an
efficient parallel learning scheme.

• On the application side, our simple met-
hod can achieve record-breaking accuracies
in both English and Chinese tasks, with the
error rate reductions of 2.3% and 2.4% over
the existing best systems on English and Chi-
nese, respectively. At the same time, our met-
hod is more than 15 times faster than exis-
ting methods, accomplishing the training in
12 minutes for English and in 5 minutes for
Chinese POS tagging.

• On the theoretical side, we show that the
proposed method can effectively improve the
stability of the model, and the improvement
of stability can lead to the improvement of
generalization power. This explains why
the proposed method can achieve record-
breaking accuracies.

2 Related Work

First, we review the related work of POS tagging
in English and Chinese. Then, we introduce the
related work of the proposed decomposed and pa-
rallelized learning method.

2.1 English POS Tagging

Many method have been studied for English POS
tagging, including the non-structured classifica-
tion and the structured classification methods. The
non-structured classification POS tagger include

for example the maximum entropy taggers (Rat-
naparkhi, 1996; Toutanova and Manning, 2000)
and the SVM based tagger (Gimĺęnez and Mĺd’r-
quez, 2004). The structured classification methods
in POS tagging include the hidden Markov mo-
del tagger (Brants, 2000), the structured percep-
tron (Collins, 2002), the perceptron training with
lookahead (Tsuruoka et al., 2011), the bidirecti-
onal perceptron learning algorithm (Shen et al.,
2007), and the maximum entropy cyclic depen-
dency network (Toutanova et al., 2003).

2.2 Chinese POS Tagging
As a representative agglutinative language, Chi-
nese has little morphology information, thus a
number of changes are necessary in dealing with
Chinese POS tagging. While the English POS
tagging has relatively high accuracies about 97%,
Chinese POS tagging is more difficult and obtains
relatively low accuracies, ranging from 93% to
94% (Tseng et al., 2005; Huang et al., 2007; Hu-
ang et al., 2009; Li et al., 2011; Sun and Uszkoreit,
2012).

Both non-structured and structured prediction
models have been studied for Chinese POS tag-
ging (Tseng et al., 2005; Huang et al., 2007; Hu-
ang et al., 2009; Li et al., 2011; Sun and Usz-
koreit, 2012). In Tseng et al. (2005), a maxi-
mum entropy model with morphological features
are used for unknown word recognition. In Hu-
ang et al. (2007) and Huang et al. (2009), ge-
nerative HMM models are used for Chinese POS
tagging. Huang et al. (2007) proposed an HMM
model with a re-ranking scheme and additional
morphological and syntactic features for Chinese
POS tagging. Huang et al. (2009) proposed an
HMM model enhanced with latent variables for le-
arning complex dependencies. Their experimental
results on the Chinese Treebank are about 93% to
94% in terms of accuracy. More recently, Sun and
Uszkoreit (2012) proposed a method for Chinese
POS tagging by incorporating additional syntactic
structure and word clustering information, which
are extracted from additional large-scale unlabel-
led data (Chinese Gigaword).

2.3 Related Work of the Proposed Method
The related work on decomposed learning is re-
latively few, including the studies of (Sutton and
McCallum, 2007) and (Samdani and Roth, 2012)
on piecewise/decomposed training methods, the
study of (Tsuruoka et al., 2011) on a “lookahead"



learning method, and the study of structured regu-
larization in (Sun, 2014). Our work differs from
the prior work mainly because our work is built
on a decomposed and parallelized learning frame-
work, with theoretical arguments and justifications
on improving stability for structured classification,
and the detailed algorithm is quite different.

As for stochastic/online learning, stochastic
gradient descent (SGD) is a popular training algo-
rithm with rapid learning rates (Bertsekas, 1999;
Bottou and Bousquet, 2008; Shalev-Shwartz and
Srebro, 2008). Recently, a variety of parallelized
and distributed versions has been proposed, inclu-
ding the synchronous parallel SGD training met-
hod (Langford et al., 2009) and the asynchronous
(lock-free) parallel SGD training algorithm known
as HOGWILD (Niu et al., 2011). The novelty of
our work is that our parallel learning scheme is a
decomposed one, which is very natural for parallel
online learning and with very fast training speed.

On theoretical analysis on stability and gene-
ralization risk, related studies include (Bousquet
and Elisseeff, 2002; Shalev-Shwartz et al., 2009)
on non-structured classification and (Taskar et al.,
2003; London et al., 2013a; London et al., 2013b)
on structured classification.

3 Decomposed and Parallelized Learning

We first introduce the problem setting and defini-
tions. Then, we described the proposed decompo-
sed and parallelized learning method.

3.1 Problem Setting and Definitions

The observations can be indexed and be deno-
ted by using an indexed sequence of observations
OOO = {o1, . . . , on}. We use the term sample to call
OOO = {o1, . . . , on}. In POS tagging, a sample cor-
responds to a sentence of n words with dependen-
cies of linear chain structures. For simplicity in
description and analysis, here we assume all sam-
ples have n observations (thus n tags). In a typi-
cal setting of structured prediction, all the n tags
have inter-dependencies via connecting each Mar-
kov dependency between neighboring tags. Thus,
we call n as structure complexity below.

A sample is converted to an indexed sequence
of feature vectors xxx = {xxx(1), . . . ,xxx(n)}, where
xxx(k) ∈ X is of the dimension d and corresponds to
the local features extracted from the position/index
k. We can use an n×d matrix to representxxx ∈ X n.
Let Z = (X n,Yn) and let zzz = (xxx,yyy) ∈ Z denote

a sample in the training data.
Suppose a training set is

S = {zzz1 = (xxx1, yyy1), . . . , zzzm = (xxxm, yyym)}

with size m, and the samples are drawn i.i.d. from
a distribution D which is unknown. A learning
algorithm is a function G : Zm 7→ F with the
function space F ⊂ {X n 7→ Yn}.

For structured prediction, a local classification
on a position depends on the whole input xxx =
{xxx(1), . . . ,xxx(n)} rather than a local window, due
to the structural dependencies. To simplify the no-
tation, we define

g(xxx, k) , g(xxx(1), . . . ,xxx(n), k)

We define point-wise cost function c : Y×Y 7→
R+ as c[GS(xxx, k), yyy(k)], which measures the cost
on a position k by comparing GS(xxx, k) and the
gold-standard tag yyy(k), and we introduce the point-
wise loss as

ℓ(GS , zzz, k) , c[GS(xxx, k), yyy(k)]

Then, we define sample-wise cost function C :
Yn × Yn 7→ R+, which is the cost function with
respect to a whole sample, and we introduce the
sample-wise loss as

L(GS , zzz) , C[GS(xxx), yyy] =

n∑
k=1

ℓ(GS , zzz, k)

Given G and a training set S, what we are most
interested in is the generalization risk in structu-
red prediction (i.e., expected average loss) (Taskar
et al., 2003; London et al., 2013a; London et al.,
2013b):

R(GS) = Ezzz

[L(GS , zzz)

n

]
Since the distribution D is unknown, we have to

estimate R(GS) by using the empirical risk:

Re(GS) =
1

mn

m∑
i=1

L(GS , zzzi)

To train a structured prediction model, the tar-
get is to find the minimizer of the empirical risk
Re(GS), and typically with an additional regulari-
zer for controlling weight complexity (i.e., weight
regularization). That is,

minimizeGS

1

mn

m∑
i=1

n∑
k=1

ℓ(GS , zzzi, k) +R(GS) (1)
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Figure 1: An illustration of decomposed and parallelized learning, which randomly decompose a training
sample zzz with structure complexity 7 into three mini-samples with structure complexities of 2 and 3 (i.e.,
with expected structure complexity of 7

3 ). The decomposed mini-samples are naturally used for parallel
learning.

Algorithm 1 Decomposed and Parallelized Learning
1: Input: model weights www, training set S of m samples and with expected sample size n, decomposi-

tion strength α
2: repeat
3: Sample zzz uniformly at random from S
4: Randomly decompose zzz into mini-samples, each with expected size n/α
5: Update in parallel for each mini-sample zzz′ such that www ← www − η∇gzzz′(www)
6: until Convergence
7: return www

The formula (1) is a general representation of
the objective function of structured prediction mo-
dels. Our proposed is a general-purpose method,
rather than depending on a specific structured pre-
diction model. Thus, the denotation of our met-
hod and the theoretical analysis will be based on
those general definitions of structured prediction
models. Below, we describe the proposal of de-
composed and parallelized learning method.

3.2 Decomposed and Parallelized Learning

Let g(www) be the structured prediction objective
function and www ∈ W is the weight vector. Re-
call that the SGD update with fixed learning rate η
has a form like this:

wwwt+1 ← wwwt − η∇gzzzt(wwwt) (2)

where gzzz(wwwt) is the stochastic estimation of the
objective function based on zzz which is randomly
drawn from the training set S.

Following prior work on asynchronous parallel
training (Niu et al., 2011), we assume a shared me-
mory machine with k processors, and a vector of
variables www in the shared memory is accessible to
all processors. Each processor can read and up-
date www, with an assumption that the component-

wise addition operation is atomic, in other words,
wwwi ← wwwi + v can be performed atomically.

The decomposed and parallelized learning met-
hod draws a training sample zzz at random from the
training set. Recall that the training set S is of
m samples and with expected sample size n. As-
sume we set the decomposition strength as α with
1 ≤ α ≤ n. Then, with a distribution (e.g., Gaus-
sian distribution), the sample zzz is randomly de-
composed into multiple mini-samples Nα(zzzi) with
sub-structures, such that each mini-sample has ex-
pected size n/α.

In other words, Nα(zzzi) randomly splits zzzi into
α mini-samples {zzz(i,1), . . . , zzz(i,α)}, so that the
mini-samples have a distribution on their sizes
(structure complexities) with the expected value
n′ = n/α.

Then, based on the multiple mini-samples and
the multicore computing machine, the algorithm
update in parallel for each mini-sample zzz′ ∈
Nα(zzzi) with SGD update

www ← www − η∇gzzz′(www) (3)

As we can see, the proposed method is very
simple. The algorithm is summarized in Algo-
rithm 1.



4 Theoretical Analysis

Then, we analyze the stability and generalization
risk of structured prediction based on our trai-
ning algorithm. We show that a proper setting of
the decomposition strength α can effective reduce
the stability and generalization risk of structured
prediction, thus giving a reasonable expectation
that our algorithm can improve the structured pre-
diction accuracy in testing on new samples.

4.1 Stability and Generalization
To state our theoretical results of overfitting risk,
we must describe several quantities and assumpti-
ons following prior work (Bousquet and Elisseeff,
2002; Shalev-Shwartz et al., 2009).

We assume a simple real-valued structured pre-
diction scheme such that the class predicted on po-
sition k of xxx is the sign of GS(xxx, k) ∈ D.1 Also,
we assume the point-wise cost function cτ is con-
vex and τ -smooth such that ∀y1, y2 ∈ D, ∀y∗ ∈ Y

|cτ (y1, y∗)− cτ (y2, y
∗)| ≤ τ |y1 − y2| (4)

Also, we use a value ρ to quantify the bound
of |GS(xxx, k) − GS\i(xxx, k)| while changing a sin-
gle sample (with size n′ ≤ n) in the training set
with respect to the structured input xxx. This ρ-
admissible assumption can be formulated as ∀k,

|GS(xxx, k)−GS\i(xxx, k)| ≤ ρ||GS −GS\i ||2 · ||xxx||2 (5)

where ρ ∈ R+ is a value related to the design of
G.

Theorem 1 (Stability and generalization) With
a training set S of size m, let the regularized
objective function g have the minimizer f :

f = argmin
g∈F

Rα,λ(g)

= argmin
g∈F

( 1

mn

mα∑
j=1

Lτ (g,zzz′j) +
λ

2
||g||22

) (6)

where α is the decomposition strength with 1 ≤
α ≤ n. Let the point-wise loss function ℓτ is
bounded by ∀k, 0 ≤ ℓτ (GS , zzz, k) ≤ γ. Let R(f)
and Re(f) be defined like before. Then, for any
δ ∈ (0, 1), with probability at least 1− δ over the
random draw of the training set S, the generaliza-
tion risk R(f) is bounded by

R(f) ≤ Re(f) + 2τ∆̄ +

(
4mτ∆̄ + γ

)√
ln δ−1

2m
(7)

1Many popular structured prediction models have a con-
vex and real-valued cost function (e.g., CRFs).

where ∆̄ denotes the function stability of f for
∀zzz ∈ Z with |zzz| = n, which is bounded by

∆̄ ≤ dτρ2v2n2

mλα
(8)

The proof can be extended from (Bousquet and
Elisseeff, 2002) and (Sun, 2014). For the limit of
space, we omit the full proof here. We can see
from (8) that the structure-decomposition factor α
can linearly improve (make it linearly smaller) the
function stability term ∆̄. Furthermore, we can see
from (7) that smaller function stability ∆̄ leads to
smaller generalization risk between the empirical
risk and the true expected risk.

Since the γ is typically with small value (in nor-
malized loss, we have γ = 1), and the number
of training samples m is typically with big va-
lue (especially with data-intensive tasks), the term
4mτ∆̄ is dominating compared with the term γ.
We can see that the number of training samples m
and the regularization term λ also can reduce the
generalization risk.

To summarize, by theoretical analysis we show
that the proposed decomposed learning method is
theoretically sound, because it can linearly im-
prove the stability and generalization power (i.e.,
reduce the generalization risk) in structured pre-
diction. In next section, we will show in experi-
ments that our decomposed learning method can
achieve much better accuracy than existing struc-
tured prediction methods, which empirically con-
firms our theoretical analysis.
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Kazama. 2011. Learning with lookahead: Can
history-based models rival globally optimized mo-
dels? In Conference on Computational Natural
Language Learning (CoNLL).


