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Abstract As a fast and high-quality tagger algorithm is a crucial task in natural language
processing, this paper presents novel language-independent algorithms based on harmony
search (HS) optimization method for handling the part-of-speech (PoS) tagging problem.
The first proposed algorithm is a framework for applying HS to PoS-tagging which is called
HSTAGger. By modifying HS algorithm and proposing more efficient objective functions,
two improved versions of the HSTAGger are also introduced. In addition, a novel class of
problematic words called erroneous as well as a method of handling them is proposed for
the first time to the best of our knowledge. To demonstrate the effectiveness of the proposed
algorithms, we have applied them on standard annotated corpus and compare them with other
evolutionary-based and classical PoS-tagging approaches. Experimental results indicate that
the proposed algorithms outperform the other taggers previously presented in the literature
in terms of average precision.
Keywords Natural language processing (NLP) · Part-of-speech (PoS) tagging · Harmony
search algorithm · Evolutionary algorithms
1 Introduction
Part-of-speech (PoS) tagging is an important fundamental analysis process in natural language
processing (NLP), where PoS tags that carry the basic syntactic features of separate words
are extracted [1]. There are many NLP tasks that can be improved by applying PoS-tagging.
Therefore, PoS-tagging plays an essential role in various NLP applications such as machine
translation, text-to-speech conversion, question answering, speech recognition, word sense
disambiguation and information retrieval [2].
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PoS-tagging is the process of assigning the most likely sequence of syntactic categories
to every word in a sentence according to its context. This task is not trivial since many
words have a number of possible tags associated with them. To give an idea, according to
[3] over 40 % of the words appearing in the hand-tagged Brown corpus [4] are ambiguous.
This ambiguity makes the tagging problem very time-consuming as the number of candidate
taggings increases exponentially with the number of acceptable tags for each word. Therefore,
efficient algorithms to effectively find out the most probable state sequence for a particular
sentence are called.
Even though several different models have been used for tagging in many languages so
far, developing fast and high-quality tagging systems is still a challenging problem. In recent
years, there has been a growing interest in data-driven machine-learning disambiguation
methods, which can be used in many situations such as tagging. Typically, there are three kinds
of approaches for automatic PoS-tagging which differ on the amount of training, their internal
model and processing of information they need. These different techniques broadly can be
classified into rule-based, transformation-based and statistical-based approaches. Recently,
there has been an upsurge of interest in statistical taggers since, in most cases, these methods
yield better results than the other tagging approaches [5]. These methods amount to maximize
a global measure of the probability of the contexts set corresponding to a given tagging of
the sentence [6]. Subsequently, we require a method to carry out the search of the tagging
which optimizes this measure of probability.
The main difficulty in applying statistical methods is that the optimization process is
complex and computationally burdensome due to the ambiguity of words. Therefore, devising efficient searching methods will significantly improve the performance of the statistical
methods. Interestingly, evolutionary methods can be used to perform the search of the tagging
which optimizes the measure of probability in an efficient way. Although these algorithms
do not guarantee to find the correct answer, they always generate a close estimation of it in a
reasonable amount of time. Results of [6] indicate that the evolutionary approaches for tagging natural language texts obtain more accuracy compared to other statistical approaches,
while improving the robustness of the typical algorithms used for the same purpose in other
stochastic tagging approaches.
Harmony search (HS) [7–9], as a derivative-free algorithm, is a new meta-heuristic optimization method imitating the music improvisation process, where musicians improvise the
pitch of their instruments searching for a perfect state of harmony. Since its inception, during
the last several years, HS has been vigorously applied to a wide variety of practical optimization problems [10–14]. Several advantages of HS with respect to traditional optimization
techniques have been presented in [15]. In fact, in optimization problems, we want to search
the solution space, and in harmony search, it can be done more efficiently.
In this paper, by modeling PoS-tagging as an optimization problem, we investigate the
application of HS algorithm in the tagging problem with the aim of studying the possible
relationship between the tags of the sentence. Statistical measurements, which are extracted
by the statistical-based taggers, are proper alternatives for using as the fitness function in
HS. Accordingly, in this paper, a novel framework for using HS in PoS-tagging problem,
called Harmony Search Tagger (HSTAGger), is presented. Then, we propose a variant of
the HS algorithm that is more suitable to tagging problem. Based on the modified HS and
different novel fitness functions, two different improved version of the HSTAGger framework
are proposed. The proposed algorithms can be applied to any training text of any language,
without making any modification to the model or without having a post-processing phase.
In order to determine the impact of different parameters of the HSTAGger algorithms on
the quality of the solutions, some empirical studies are also performed. To demonstrate the
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effectiveness of algorithms, we have applied the proposed algorithms on standard corpus
and gotten very good results compared to the other algorithms. A shorter description of the
proposed work with limited experimental results is appeared in [16]. In summary, the main
advantages of the proposed algorithms are as follows:
• Harmony search-based taggers can perform the search of the best sequence of tags to any
context-based model, even if it does not fulfill on the Markov model assumption (i.e., the
tag of a word only depends on the previous words), as it is required in a lot of automatic
taggers, such as the widely used Viterbi [17].
• The behavior of proposed algorithms is very flexible, allowing the size of the context to
be defined as bigrams or trigram or even higher N-gram.
• The improved tagging algorithms based on the modified HS algorithm are able to fine tune
the result and improve the convergence rate of tagging process. These algorithm address
the weakness of the pure HS-based tagging algorithm which is good at finding promising
areas of the search space, but not good at fine tuning within those areas, so it may take
more time to converge.
• A novel class of problematic words called erroneous, i.e., the words for them there is no
complete statistical information about their tags or some of their possible tags are missed
in the training examples, as well as a method of handling them is proposed for the first
time in this paper to the best of our knowledge.
• The proposed algorithms are language independent, and the free parameters can be tuned
for various languages to achieve more accurate solutions.
The rest of this paper is organized as follows. Section 2 provides a literature review of the
PoS-tagging problem. Section 3 provides a formal definition of the PoS-tagging problem.
Section 4 provides a detailed description of HSTAGger and its two different improved versions. Section 5 presents a brief description on the used corpus and tag set as well as the
performance evaluation of the proposed algorithms and comparison with the other algorithms.
Finally, Sect. 6 concludes the paper.

2 Related work
Before indulging into the detailed description of HSTAGger and its variants, we would like to
draw connections to and put our work in context of some of the more recent work on automatic
PoS-tagging methods. Typically, different approaches for automatic PoS-tagging which differ
based on the amount of training, their internal model and processing of information required
can be roughly divided into the following categories:
2.1 Rule-based PoS-tagging methods
The classical techniques, i.e., rule-based approaches [18], define how each word is assigned to
its corresponding PoS-tag employing some rules, given an input word sequence. Rule-based
approaches apply language rules to improve the accuracy of the tagging [19] and consist of
two-stage architecture for designing PoS-tagging. The first stage of these systems is to apply
dictionary and to assign all possible PoS tags to every word. The second stage employs a
number of handcrafted disambiguation rules to find out the most appropriate tag for each
word [20].
Rule-based methods are labor-intensive and time-consuming because of writing rules or
templates for each language which also makes this family of methods language dependent.
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In addition when the languages changes, the set of rules extracted in the second stage needs
to be modified accordingly which makes these methods not to be robust.
2.2 Statistical methods
In the last decades, statistical methods have become a fundamental approach in computational linguistics, bringing significant advances in issues such as PoS-tagging problem.
Statistical-based taggers generally resolve tagging problem by using a tagged corpus, i.e., a
set of texts linguistically labeled [21] to compute the probability of a given word having a
specified tag in a given context [22]. There are a lot of automatic tagging approaches based
on statistical information. PoS-tagging based on hidden Markov models [23] and its variants [24–26], maximum entropy [27], neural networks [28] and conditional random field
[29] belongs to this category. All statistical approaches are designed to identify the most
probable tag sequence based on the statistical occurrence of the tag N-gram and word-tag
frequencies.
Statistical taggers [30,31] neither require knowledge of the rules of the language nor try
to deduce them and thus, they can be applied to texts in any language, provided they can be
previously trained on a corpus for that language [6]. Statistical methods have become more
of interest in the recent years, due to simplicity, and availability of large tagged corpora. Also
recent comparisons of approaches [32,33] have shown that statistical methods yield better
results than the other taggers, in most cases [5].
In contrast to the mentioned advantages, statistical methods still suffer from efficiency
issue due to the features such as ambiguity. More specifically, since ambiguity makes PoStagging a complex search process, therefore specifically designed algorithms are required to
be efficiently tackling the searching process [6,21]. The use of heuristic methods can help to
deal with this problem as will be discussed later.
2.3 Transformation-based learning PoS-tagging
Transformation-based taggers share the features of both above-mentioned tagging approaches. On the one hand, similar to the rule-based taggers, they are based on rules which
determine the case that an ambiguous word should have a given tag. On the other hand, like
the statistical taggers, they have a machine-learning component [22].
Transformation-based taggers have a number of advantage over the manually built rulebased taggers, including obviating the need for laborious manual rule construction, and
possibly capturing useful information that may not have been noticed by the human engineer.
However, these taggers have the disadvantage that linguistic information is only capture
indirectly, in large tables of statistics [34] and computationally burdensome.
2.4 Evolutionary-based methods
These methods try to the make the search process in statistical-based approaches more efficient. Evolutionary algorithms such as simulated annealing (SA) [6] and genetic algorithms
(GA) [6,19,21] are general high-level procedures that coordinate simple heuristics and rules
to find good approximate solutions for computationally difficult combinatorial optimization
problems. These methods have been previously employed to solve the problem of PoStagging, and results showed that these methods are robust enough for PoS-tagging to achieve
near-optimal results within a reasonable time for achieving comparable accuracies compared
to other statistical algorithms [6,19,21,35,36].
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Most of the methods such as rule-based, transformation-based and statistical methods
suffer from the high computational cost in searching the solution. Stochastic nature of evolutionary algorithm and their success in locating near-optimal solution in a reasonable time
make these algorithms as a good candidate to be employed in the search process. The
evolutionary-based algorithms can be applied to any training text of any language, without making any modification to the model or having a post-processing phase [6,21,36].
Additionally, evolutionary-based algorithms allow simultaneously changing several tags of
the sequence, which can hopefully lead to explore combinations of tags very different from
those of the ancestors and then to better results [6,19,21]. Furthermore, another advantage of
using an evolutionary algorithm as the search algorithm for PoS-tagging is that these algorithms can perform the search of the best sequence of tags to any context and statistical model,
even if they do not rely on the Markov assumption (i.e., the tag of a word only depends on the
previous words), as it is required in a lot of above-mentioned algorithms [6,35]. Finally, the
evolutionary-based algorithms are very flexible, allowing the size of the context including
word and PoS N-gram, to be defined as bigrams or trigram or even higher N-gram.
The potential problem in using evolutionary algorithms is that many of them do not
guarantee to reach the optimum due to the stochastic nature of evolutionary-based algorithms
[19,21,36]. However, there exists good heuristic methods that allow us to systematically
decrease the probability of error (for instance by increasing the number of points explored
with a fine tuning of the algorithm’s parameters) [6,36].
3 Probabilistic PoS-tagging modeling
Given an input sentence S = w1 w2 . . . wn consisting of n words to be tagged, the goal of
a tagging algorithm is to determine the best sequence of tags for the sentence. The tagging
problem is to find the tag sequence T ∗ that has optimal adequacy with respect to all other
feasible candidate solutions in T = {T 1 , T 2 , . . . , T N (n) } where
n

T i = {t1 , t2 , . . . , tn }
i ∈ {1, . . . , N (n)}, N (n) =
ki
(1)
i=1

where n is the number of words in a sentence, ki is the number of valid tags for wi and N (n)
is the number of all feasible tag sequences to tag the sentence.
The Bayesian interpretation of this task starts by considering all possible sequences of
tags. Out of this universe of tag sequence, we want to choose the tag sequence which is
most probable given the observation sequence of n words [22]. In other words, from the
statistical point of view, PoS-tagging is defined as a task of choosing a tag sequence with
the maximum probability. Moreover, HMM taggers [23] make two simplifying assumptions.
The first assumption is that the probability of a word appearing is dependent only on its
own part-of-speech tag; that it is independent of other words around it and of the other tags
around it. The second assumption is the tag of a word only depends on the K previous tags
(transition probability) [22]. We search for a solution in T in a way that maximizes the
following objective function:
T ∗ = argmaxT j P(T j |S) = argmax

= argT max

n


P(ti |wi )

i=1
n


P(wi |ti ) × P(ti |ti−1 )


(2)

i=1
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where T ∗ is the best sequence of tags that maximizes (2), P(wi |ti ) denotes the emission
probability and P(ti |ti−1 ) is a bigram transition probability.
Having computed the transition and emission probabilities and assigning all possible tag
sequences to all the input words, now we need an algorithm that can search the tagging
sequences and maximize the product of transition and emission probabilities.

4 Harmony search-based tagger algorithms
In this section, we begin by proposing our pure HS-based tagger algorithm namely HSTAGger
for labeling each word in the sentence with its lexical category. HSTAGger uses random
selection and refines the solutions at each iteration. We then propose a new variant of HS
algorithm by introducing the concept of partial fitness that lead to better search process.
Based on the modified HS algorithm, we propose two improvements of the HSTAGger for
tackling the problem.
4.1 HSTAGger: the basic harmony search-based tagger algorithm
In order to tag a sentence using HS algorithm, we must first model the PoS-tagging as an
optimization problem that locates the optimal sequence of tags, with tagging quality as the
objective, and utilize HS algorithm to find a good tag sequence. To this end, a number of
important design decisions have to be made. Predominantly, these are the solution representation and the objective function. The following subsections describe the main steps of the
HSTAGger algorithm.
4.1.1 Representation of solutions
Let us consider a sentence S formed by n words {wi , i = 1, 2, . . . , n} in which each wi (ith
word) has ki possible tags (1 ≤ i ≤ n). Each solution is represented by a vector consisting
of n integers where each position in the vector corresponds to a word in the sentence and
its value shows its PoS-tag chosen among ki possible tags for that word. An example of
representation of solutions on a sample sentence is reported in Fig. 1.
4.1.2 Initialization
For initialization, HM (harmony memory) is filled with as many randomly generated solution
vectors as the size of the HMS (harmony memory size) as depicted in Fig. 1. Each row
of harmony memory corresponds to a specific sequence of tags in which the value of the
ith element in each row is randomly selected from the uniform distribution over the set
{1, 2, . . . , ki } and indicates the tag index number of ith word where ki is the number of valid
tags for ith word.
HSTAGger algorithm is not sensitive to initialization of HS, but an intelligent initialization
will slightly decrease the convergence time of the algorithm and improve global convergence
time. Thus, we have improved the HSTAGger by proposing an intelligent method for initialization of HM. In intelligent initialization, HM is filled as follows: For each sentence, we
traverse through all positions from left to right. The tag of each position is set to its most
frequent tag with a predetermined probability of α and is set to a random tag from the set of
possible tags with probability of 1 − α. Positions are filled with random tag numbers in order
to avoid the local minimum solutions, contribute to maintain the diversity of the population
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Fig. 1 An example sentence “This the therapist may pursue in later questioning” taken form [6] to illustrate
the main steps of the HSTAGger algorithm

and help to generate the new feasible individual. This process ensures that most of the search
space will be explored in initial stages and in the final stages enough fine tuning will be
applied to refine the solutions.

4.1.3 Improvisation step
In improvising step, we need a technique to generate a new harmony vector, namely NHV,
from all the HMS solution vectors that are in HM. If the generated vector, which is corresponding to a new tag sequence, consists mostly or entirely of assignments found in the
vectors in HM, it provides good heritability. The selection of a value for the tag label of a
word in the NHV is as follows. The tag number of ith word in the NHV is selected with
probability of HMCR (harmony memory consideration rate) from the harmony memory and
with probability of (1-HMCR) from is randomly selected from the set {1, 2, . . . , ki }. In order
to choose a value from harmony memory, instead of uniformly selecting a value from the
existing solutions, we propose a scanning method that is significantly improves the performance of the algorithm. The general mechanism for scanning is to assign a marker to each
row in HM as well as to the new harmony vector (NHV). The marker for the new vector
traverses through all positions from left to right, one at a time. In each step, the markers for
the rows of HM are updated so that in the time of choosing a value for the currently marked
element in the new vector, the row markers show the possible choices. Among the marked
positions, the value with maximum frequency is the best possible value to be chosen.
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After generating the new solution, the PAR (pitch adjustment rate) process is applied.
In the original HS algorithm, PAR is the rate of moving from current selected tag to a
neighboring tag. We propose a novel PAR process to select the most probable tag instead of
blindly choosing a neighboring tag. This corresponds to choose the tag which has the highest
frequency in the lexicon among the other tags for that word. More precisely, for each word
wi in the NHV with the label of its tag is selected from HM, the current tag of wi is replaced
with the new valid tag chosen randomly from the following distribution, with probability of
PAR:
P(t j |wi )
P( j) = Pr {tag j selected as new tag for ithword} = k
(3)
i
m=1 P(tm |wi )


freq(w ,t )

where P(t j |wi ) =  freq(wi )j , and ki is the maximum number of valid tags for wi .
i
In contrary to random tag replacement, the above modification leads to speedup the convergence of the algorithm. The detailed steps of improvisation (Algorithm 1) are shown in
Fig. 2.
To illustrate the improvisation step, we apply it to the sentence “This the therapist may
pursue in later questioning” in Fig. 1. The first table on left up shows the candidate tags for
each word in the sentence extracted from the Brown corpus [4]. The right up table shows the
initial status of the HM filled up with four random solutions. As an example the number “2”
in the first position of HM[0] indicates that the tag “DT” is assigned to the word “This” in the
sentence. The left down table illustrate the scanning procedure in the improvisation step. For
the first position in the NHV, among the marked positions, the value “2” has the maximum
frequency. The right down table illustrates the PAR process on the last word. Since the last
word is eligible for PAR process, the value “3” is chosen as the new value even though the
value “2” has highest frequency.

4.1.4 Evaluation of solutions
In contrast with the other works [6,21,35,36], which use only transition-based fitness, our
experiments lead us to believe that the lack of word-tag frequencies is a significant weakness
in evaluation of solutions and only the N-gram frequencies in the fitness metric are not
adequate. It has already been demonstrated by several evaluations of metrics that word-tag
frequencies strongly correlate with the quality of the tagger, and this feature is thus extremely
important in automatic taggers [37–39]. HSTAGger uses and emphasizes emission in addition
to transition.
Let T = (t1 , t2 , . . . , tn ) be the set of n tags for a row in HM. Fitness value of each row
corresponding to T is computed by using trigram transition probabilities, i.e., P(ti |ti−1 , ti+1 )
and word-tag frequencies, i.e., P(wi |ti ), according to the data extracted from the training
table. The fitness value of each solution is computed as follows:
Fitness(s(n)) =

n



P(wi t j ) × P(ti |ti−1 , ti+1 )

(4)

i=1

A particular sequence, ti−1 , ti , ti+1 , may not be listed in the training table, either because
its probability is approximately zero or, most likely, because there are insufficient statistics,
unless a very large training text is used. Since the HSTAGger suffers from sparse data and
the probability estimates of low frequency events lead to inaccurate estimations, to avoidnull
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Fig. 2 The improvisation step of HSTAGger

probability for those transitions, a compensation function using unigram and bigrams is
employed to calculate the probabilities of transitions as follows:

Fitness(s(n)) =

n


log( f (wi ))

(5)

i=1

f (wi ) = Ψ (transition (wi )) × emission(wi )

γ
z < transmin
Ψ (z) =
trans(wi ) else

(6)
(7)
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freq(ti−1 , ti , ti+1 )
f r eq(ti−1 , t  , ti+1 )

freq(wi , t j )
emission(wi ) = P(wi t j ) = 
f or j = 1 to ki
freq(ti )
γ = λ1 P(ti |t i+1 ) + λ2 P(ti |t i−1 ) + λ3 P(ti )

transition(wi ) = P(ti |ti−1 , ti+1 ) = 

t  ∈T

(8)
(9)
(10)

where count (ti−1 , ti , ti+1 ) is the number of occurrence of the list of tags ti−1 , ti , ti+1 in the
training table, T is the set of all possible tags in this list, γ represents the linear interpolation,
0 < λ1 , λ2 ≤ 1, and transmin is a threshold value as a constraint to compensate sequences
that are listed less than transmin times in all the training table.
Using compensation function of (10) bring about no extra cost in terms of efficiency,
since the lexical and contextual probabilities for each word are computed just once when
constructing the training table at the first time. According to the mentioned facts, (5) is
proposed to evaluate the solutions which will be used in logarithmic scale. The fitness of
solution in HSTAGger is computed as the sum of the fitness of its components according
to (5). For example let us compute the fitness value of the second solution in HM in Fig. 1.
To this end, we need to compute the (6) for each word in the solution. For the seventh word
“later,” the assigned tag is “RP” which is coded as 1 in the representation. Assuming that the
context only composed of one tag after and before the tag (i.e., IN and JJ in this case) and
considering five possible tags RP, RB, JJ, JJR and B for the word in the corpus, we compute
the emission and transition probabilities as:
Emission(later) = P(later |RP) =
Transition(later) = P(RP |IN, JJ)
=

 = (RP, Later)
 = (RP)

 = (IN RP JJ)
 = (IN RP JJ)+  = (IN RB JJ)+  = (IN JJ JJ)+  = (IN JJR JJ)+  = (IN B JJ)

where # represents the number of occurrences of the context.
4.2 The first improvement: HSTAGger with partial fitness
Our motivation for improving the HSTAGger algorithm stems from the fact that better harmony vectors often carry more information than others during the evolution process [40] and
should have higher contribution in generating a new solution in improvisation step. To take
this intuition into account, we introduce a new measure called partial fitness to assess the
quality of each assigned tag in the sentence. This process stands in contrast to the randomly
uniform selection mechanism of HS algorithm and utilizes the quality of solutions in generating a new solution to increase the search efficiency. Additionally, in this algorithm, a new
termination criterion is used to avoid redundant computations. We now turn to describe how
to compute the partial fitness for each tag in the solution. Partial fitness is a single real-valued
weight, also called utility that is assigned to each element of the solution. Utility of each tag
is the combination of transition and emission as shown to be two strong indicators to validate
the tags. In order to have a flexible merging of these two measures, we combine them into a
single weight score via harmonic mean shown as below:
utility(wi ) =

m1
m1
transition(wi )

+ m2
m2
+ emission(w
i)

(11)

where m 1 is the weight of transition measure, and m 2 is the weight of emission measure.
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Having this utility computed for each word of solution, every sentence S(n) is successfully
transformed into an n-dimensional vector of indices of tags and their utilities. By using this
function along each element in the memory for choosing the next component to be used in
the new solution, we adopt a proportional selection instead of the random selection process
as done in standard HS. In particular, for the ith component of new solution, the probability
of choosing the value located at position k of harmony memory is determined using the
following expression:
utility(wik )
rik = HMS
(12)
j=1 utility(wi j )
where utility(wik ) is the utility of the ith component of solution kth in harmony memory,
which denotes the attractiveness value of component i and HMS is the total number of
solutions in memory.
It is remarkable that although by assigning variable weights along with components
depending on their utilities, high-quality components in the memory are more likely to be
selected than low-quality components; however, the worst solution in the memory has at least
a nonzero probability to be selected as the new component. This stochastic nature can aid
to avoid local optima. The proposed selection schema integrated in HSTAGger with partial
fitness function, we refer to as HSTAGger(I), is detailed in Algorithm 2 in Fig. 3.
After selection of each new component, the PAR process is applied as described in the
previous section. For each component that the label of its tag is selected from HM, the
corresponding current tag is replaced with a new tag label with probability of PAR. This new
tag is the most probable tag with highest frequency in the lexicon for that word.
In the second modification of the proposed algorithm, in order to evaluate the solutions,
the fitness score for the sentence is calculated by the following equation:
Fitness(s(n)) =

n


log(utility(wi ))

(13)

i=1

The final modification we have made to the HSTAGger algorithms is the early stopping rule.
According to the experimental results, the convergence of HSTAGger to an optimal solution
depends on the length of solution (sentence), which is the number of its decision variables.
Hence, the stopping criteria must depend on the length of the sentence. To capture a good
solution at early stages of the algorithm, the difference between the fitness value of the best
and the worst solutions in the memory is considered as the stopping criteria in the modified.
4.3 The second improvement: HSTAGger with adaptive transition
In this section, we propose a variant of HSTAGger(I) which has two enhancements: (1)
it introduces a new schema to compute the transition probabilities and (2) it replaces the
proportional selection step of the HSTAGger(I) with a new selection method. In the first
modification, we propose a different method to compute the transition for each component.
The main intuition follows the observation that flexible merging of N-grams such as using
bigrams and trigrams simultaneously in computing transition has a good effect on the accuracy
of the algorithm. Moreover, our results demonstrate that in choosing the N-gram size, the
length of the word is also playing a rule. Finally, our statistical data show that under the
conditions in which the length of the word is not greater than three, tag of the current word
usually depends more on the tag of the next word. Putting all these together motivates us to
use Algorithm 3 to compute the transition. Algorithm 3 in Fig. 4 shows the detailed steps of
computing the transition probability in HSTAGger with adaptive transition. After computing
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Fig. 3 Proportional selection step of HSTAGger(I)

the transition probability as described in Algorithm 3, the utility of each component of
solution is computed according to (11) in HSTAGger(I). We call the modified algorithm as
HSTAGger(II).
The second improvement tries to tackle the infeasible solutions in the harmony memory
consideration step. we adopt a tournament selection instead of the proportional selection
process as done in HSTAGger(I). In particular, where two solutions are compared at a time,
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Fig. 4 The stages of computing the transition probability in HSTAGger(II)

the following criteria are always enforced. Any feasible solution is preferred to any infeasible solution; among two feasible solutions, the one having better objective function value is
preferred; among two infeasible solutions, the one having smaller constraint violation is preferred [41]. The better the utility function value of one harmony, the greater is the probability
that it will be chosen for the generation of a new harmony.
To employ tournament selection in our algorithm, with probability of HMCR, we pick k
components randomly from harmony memory and then select the best of them based on the
utility value assigned to them as a new component in NHV. The proposed selection relies on
relative utility, so it is invariant to transposition of utility function. The parameter k which
is an integer in the range [2, μ] is set to be 1/2S in HSTAGger(II). This selection scheme is
extremely simple and adaptive to the tournament size k. Probability of selecting component
i as a new component in new solution depends on the rank of component i and the size of
sample k.
4.4 Smoothing
In the tagging process, we deal with three different classes of words. The first class is “known
words” due to their complete statistical information about their possible tags. The second one
is “unknown words,” about which we do not have any statistical information in the lexicon
and no occurrence of them is appeared in the training corpus. The last class, which we report
for the first time, is named “erroneous words,” which are in the lexicon, but there is no
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complete statistical information about their tags and some of their possible tags are missed
in the training examples. In other words, erroneous words are known words that had never
been tagged with the required tag in the training text.
For example, the word “google” can have two different tags recently such as noun and verb.
If in the training examples, we do not have any record of word “google” being a verb, facing
it as a verb in the test data leads the tagger to a wrong decision and so it is an erroneous word.
Thus, it is a significant design issue to provide mechanisms for handling these problems.
In order to solve the problem of these classes, we introduce a smoothing technique with
HSTAGger.
4.4.1 Predicting PoS tags of unknown words
During initialization and evaluation phases, we may encounter problems for the situations
where we do not have any frequency of occurrence of that word in the PoS lexicon table.
Consequently, if the probability of occurrence of some unknown word is zero, then entire
observed sequence may assume a zero value, leading to data sparseness situation. To deal
with unknown words, we suggest a smoothing technique to be applied besides HSTAGger.
Introduction of smoothing technique not only yield significant improvement in terms of the
accuracy of unknown words but also increases the overall accuracy.
For unknown words, our method encounters the neighbor tags to predict the correct tag.
Thus, we have to first tag the known words. For each unknown word of a sentence (ith
word), we consider the tags of its previous and next neighbor words, which are ti−1 and
ti+1 , respectively. Then, by referring to the trigram contextual table, the rows whose first
and third columns are same as ti−1 and ti+1 , respectively, are selected and the middle column of each of these rows is considered as the candidate tag. Probabilities of selecting
these candidate tags are estimated according to the (14), which is selected after extensive
experiments.
Pti = P(ti |ti−1 , ti+1 ) = 

freq(ti−1 , ti , ti+1 )

t   ∈t ∗ freq(ti−1 , t , ti+1 )

ti ∈ t ∗

(14)

where t ∗ is the set of candidate tags. By using proportional selection, PoS tag of the unknown
word is guessed. In this method, the tag with highest probability from tag set t ∗ has more
chance to be selected as the tag of wi . Consequently, estimated probability is used as the
utility function for unknown words. Our results demonstrate that the tagging of unknown
words by using (14) leads to better results compared to selecting the most frequent tag from
the set of candidate tags. It is due to the fact that the most frequent tag may not always be
the correct choice.
4.4.2 PoS tag prediction for erroneous words
Tagging is a difficult problem by itself, since every word may have more than one possible
tag. Tackling the problem is more complicated when some possible tags of a word are missed
from the training examples and from the lexicon. In this case, assigning a proper tag for
erroneous words is considered. In this paper to handle the erroneous words, we first propose
a scanning method to distinguish these words, while the previous techniques did not consider
the erroneous words. When the extraction is done, the tag prediction mechanism is applied.
In order to recognize the erroneous words, we consider the fitness values. Each word that two
times of its utility is lower than the average fitness of the sentence, including that word, is
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recognized as an erroneous word. In addition, erroneous words are more likely of those words
that carry a greater semantic importance in a sentence. They are unlikely to be from closedclass categories such as prepositions and determiners, but quite likely to be in open-class
categories that generally convey most of the information in a sentence. Tagging erroneous
words is somehow similar to what we do with unknown words except that we consider just
open-class tags for them. In other words, for an erroneous word in position i, we select the
candidate tags which appear between ti−1 and ti+1 in the contextual table and belong to
the open-class categories such as nouns, verbs, adjective and adverb. After computing the
probability of candidate tags according to (14), the tag with highest probability is selected
as the tag of that word.
5 Experiments, analyses and comparisons
5.1 Experimental environment
In this section, the employed corpus and tag set are described and an empirical study for
determining the impact of different algorithm parameters on solution evolution is performed.
For training and evaluation, three data sets, aiming for broad coverage with different sizes
for English language, are used. Two first data sets are gathered from one of the most popular corpora in linguistics named Brown tagged corpus [42]. This Corpus is one of the
first general computer-readable corpora. It contains one million words of written American English texts published in the USA in 1961. We select two different samples of this
corpus. The first data set (BR-M), which has a medium size, consists of 75 texts, including 38 texts from books and 37 texts from periodicals. The second data set (BR-L), which
has a large size, is comprised of different categories such as natural, social and behavioral sciences. We have reduced the tag set of Brown corpus into a tag set with 47 different tags by grouping some related tags under a unique name tag, to have enough statistical information to estimate the transition and emission used in the algorithms as done in
[6,36,43].
The last data set is the Wall Street Journal (WSJ) section of the Penn Treebank corpora
[44]. It consists of approximately 1 M words which completely made up of newspaper text
and has a different structure compared to Brown corpus. We also note that the WSJ has been
tagged with a rather different tag set which is composed of 45 different tags. We select one
medium size sample of this corpus (WSJ) consisting of 20 texts. Table 1 shows the statistics
of these data sets. Table 2 shows some of the tags and their corresponding frequencies in the
training corpus of BR-M.
The data sets were subdivided into “training” and “test” sets in which 90 % of words were
used as a training set and 10 % as a test set. This guarantees the test set to be unseen during
the training. Each result is obtained by running the experiment 10 times and averaging the
final outcomes.
In order to evaluate the taggers, we compare the results of each tagger with the tagged
sentences in the test corpus. We measured the tagging performance using a standard measure,

Table 1 Data statistics

Data set
# of documents
# of tokens

BR − M

BR − L

WSJ

75

155

20

165,489

685,900

956,549
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Table 2 Sample of tag set in
BR-M

Tag

Description

# No of occurrence

NN

noun, singular, common

31464

IN

preposition

19080

VB

verb

16031

AT

article

14921

JJ

adjective

11367

PP

determiner

9968

NP

noun, singular, proper

7052

CC

conjunction

5896

BE

verb “to be”

5808

RB

adverb

5380

namely precision. Precision measures the ratio of correct tags as follows:
Precision =

# correctly tagged words
# words

(15)

5.2 Empirical study of the impact of different parameters on the performance of HSTAGger
In this section, some comprehensive experiments are performed to study the effect of the
main parameters of HSTAGger on its precision and also to determine its best setting. The
first factor is the size of the training corpus which is used to create the lexicon (Word-PoS
frequencies). This is a main factor because the quality of the lexicon greatly affects the
tagger performance, and therefore, the used corpus must be a good sample of the language.
In addition to the corpus size, another main factor is the dependency of HSTAGger to size and
shape of the contexts used for filling the contextual table. In addition to the mentioned factors,
the other factors, which directly affect the performance of HSTAGger, are the parameters of
harmony search and the fitness function. In the following subsections, the effects of these
factors are described in detail.
5.2.1 The size of training text
We believe that increasing the size of the corpus being used affects the performance of
HSTAGger in some aspects. Small-sized corpora cannot completely represent the language
that they are presenting. Therefore, increasing the size of corpus improves the quality of the
statistical data in the lexicon which is used in computing the fitness function and consequently
improves the precision of a tagger. On the other side, by using a larger corpus size, the number
of unknown words found in the test set is reduced. This allows us to find more examples of
infrequent words. As shown in Fig. 5, the percentage of unknown words decreases almost
exponentially as the size of the training data grows.
However, it may intuitively seem apparent that the larger the training corpus, the better, we
must take into account that only a significant increase in the precision can justify the increase
in the training corpus. In addition, it should be considered that when the maximum precision
for that context is reached, further increasing in the size does not improve the algorithm any
more. To show the effect of the size of the used corpus, we performed an experiment in which
learning curves are presented.
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Fig. 5 Percentage of unknown words versus training data size

Fig. 6 Learning curve of HSTAGger

Figure 6 shows the learning curve of HSTAGger, i.e., the precision depending on the
training data size, which is the number of the words used for training. The result, shown
in Fig. 6, indicates the performance of HSTAGger, when using training corpora of different
sizes, initially starting with a very limited lexicon as few as 10,000 tokens. We gradually
increase the lexicon size toward the size of the entire corpus to see the performance of
HSTAGger. It is significant that the precision of HSTAGger is very high even with small
amount of training data.
The results in Fig. 6 clearly indicate that the trend of the increasing of the HSTAGger
precision in the linear part of the diagram is quite considerably. It can be inferred from this
diagram that by increasing the size of training corpus the difference between precision values
becomes smaller. In this situation, the precision of HSTAGger may be even reduced. Because
it must be taken into account that when tagging a sentence that each of its words requires one
of its frequent tags, appearing in a frequent context, precision will be increased by increasing
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Fig. 7 The impact of the size of context sliding window on the precision of HSTAGger

the size of training data. However, when tagging a sentence including words that adopt some
of their most rare tags, increasing the size of training data can degrade the results.
5.2.2 The size of context sliding window
The next factor is the study of the influence of the size of the context sliding window on
the performance of HSTAGger. Choosing the size of the sliding window and the way that
the context information is used by HSTAGger to predicate the tag of current word affect
its performance. To consider the impact of the length of contexts on the performance of
HSTAGger, we have conducted another experiment in which the window size is varied from
two up to five and calculated the precision of HSTAGger independently for each N-gram.
The value of precision for different context sizes and shapes is depicted in Fig. 7. It can
be inferred from this figure that a window of size two, which considers only the tag before or
after the current word does not hold enough information to make a good prediction. Another
outstanding feature of the results is that considering the right-hand side contexts such as (0w-1) leads to a slightly better performance in comparison with considering the left hand sides.
This confirms that the models, which pay more attention to the next word, may represent the
structure of language better. Results show that the performance of HSTAGger improves with
increasing the window size from two to three. As shown in Fig. 7, using a window size larger
than three results in lower performance.
Although it may be consider that larger context window provide more information to
HSTAGger, it causes the number of occurrences for many tag sequences, appearing in the
contextual table, to become less frequent. Therefore, there will not be enough statistical
data for those tag sequences which results in predicting the tag of words based on weaker
evidences. As a result, the best performance is obtained using the window size of three, such
as 1-w-1, and this window size is used in HSTAGger.
5.2.3 Empirical study of HS parameters
In this subsection, the evolution of algorithm solutions is investigated under different settings
of three important parameters, the harmony memory size (HMS), harmony memory considering rate (HMCR) and pitch adjusting rate (PAR). To study the effect of changing various
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parameters on the performance
of HSTAGger

727

Constant setting

Variable
parameter

Value

Precision (%)

H MC R = 0.9
P A R = 0.05

HMS

5

0.9512

20

0.9564

30

0.9514

|s|

0.9564

2 × |s|

0.9595

3 × |s|

0.9544

0.4

0.9481

0.6

0.9652

H M S = 2 × |s|
P A R = 0.05

H MC R = 0.6
H M S = 2 × |s|

HMCR

PAR

0.65

0.9610

0.7

0.9590

0.75

0.9582

0.8

0.9517

0.95

0.9550

P A Rmin P A Rmax
0.05

0.05

0.9652

0.08

0.08

0.9600

0.5

0.5

0.910

0.05

0.5

0.9698

0.05

0.9

0.9527

0.2

0.6

0.9512

parameters, we create different scenarios that in each of them just one parameter is changed.
The results of the performed tests on BR-M, shown in Table 3, demonstrate the effect of
changing these parameters on precision.
In the first set of the tests, as shown in Table 3, HMCR and PAR are set to 0.9 and 0.05,
respectively [45,46], and the precision of HSTAGger for different values of HMS is evaluated.
The results of Table 3 show that a small HMS is adequate for reaching significant improvements in the initial phase of a run and can achieve high value of precision. This is due to the
fact that in this problem, the sentences are tagged one by one, and therefore, a small HMS is
usually enough to depict the variety of possible tags. On the other hand, smaller HMS leads to
quicker algorithm with lower space requirements. As larger HMSs are more time-consuming
to find the optimal solution in HSTAGger, they are ignored.
Another observation is the correlation between the harmony memory size of HSTAGger
and the complexity of the sentence to be analyzed. When the sentence is more complicated,
the number of its words that has more than one possible tag increases. As a result, a larger
HMS is required to quickly reach a correct tagging. Therefore, it seems reasonable to define
the harmony memory size as a linear function of the length of the sentence. Our results reveal
that setting the HMS as two times the length of the sentence leads to higher performance.
In the second set of the tests, as shown in Table 3, HMS and PAR are set to (2×|s|) and 0.05,
respectively, and the precision of the algorithm for different values of HMCR is evaluated. As
mentioned earlier, the HMCR determines the rate of choosing one value from the historical
values stored in HM. As HMCR becomes larger, the less exploration is achieved and the
algorithm further relies on the values stored in HM. This potentially causes HSTAGger to
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Table 4 Precision of HSTAGger for Different Fitness Functions Applied on BR-M
References

Functions to be tested

[21], [6], [35], [36]

Fitness(s(n)) =

[37], [38]
[3], [38]
[39]
Proposed

Fitness(s(n)) =
Fitness(s(n)) =
Fitness(s(n)) =
Fitness(s(n)) =

Precision (%)


P(ti ti−1 , ti+1 )

94.08

i=1
n


P(wi |ti ) × P(ti ti−1 , ti+1 )

94.82

i=1
n


P(ti |wi ) × P(ti ti−1 , ti+1 )

95.48


P(ti |wi )

P(ti ) × P(ti ti−1 , ti+1 )

95.50

n

i=1
n
i=1
n

μ1 +μ2
μ2
 μ1
i=1 P(ti ti−1 ,ti+1 ) + P(ti |wi )

96.95

get stuck in a local optimum solution strongly depends on the initialization. On the other
hand, choosing HMCR too small decreases the efficiency of HSTAGger and the algorithm
behaves like a pure random search with less assistance from historical memory. Most of the
published HS-based applications [12,47] have used a range of values between 0.7 and 0.95
for HMCR, while our results show that increasing the value of HMCR more than 0.65 does
not improve the performance of HSTAGger. Using small values for HMCR (e.g., 0.4) usually
increases the diversity; however, in the other side, it makes HSTAGger to act as a pure random
search. As a result, using a moderate value for HMCR is recommended, since in PoS-tagging
problem, which has usually high dimensions (words), it improves the exploration capability
of HSTAGger. Results show that HSTAGger has the best performance when HMCR is set
to 0.6. In the last set of the experiments, as shown in Table 3, HMCR and HMS are set to
0.6 and (2 × |s|), respectively, and the precision of the algorithm for different values of PAR
is evaluated. According to the results, using relatively small values for PAR improve the
performance of HSTAGger. The experiments demonstrate that using a very small value for
PARmin (e.g., 0.05) and a moderate value for PARmax (e.g., 0.5) improve the performance of
HSTAGger. According to these results, the best precision is obtained as 96.98 % by setting
the parameters to optimal values, which are shown with bold-faced style in Table 3.
5.2.4 The impact of different fitness function
In this subsection, various previously reported functions are investigated and a new equation
is proposed for our tagger. We have tested these functions and evaluated the results which
are shown in Table 4.
The equation of [21] has not considered the emission probability, which means that the
dependency of the word on its tag has been ignored. As our experiments show that using this
equation has not led to desired precision in HSTAGger, we believe that the lack of emission
within fitness is a significant drawback. In addition, by comparing the equations of [37] and
[3], it has been obtained that the equation of [3] led to higher performance. This is due to the
fact that equation of [37] gives more priority to common tags, while a data set may contain
both common and unusual tags with any probability. On the other side, because ti is very
larger than wi , P(wi |ti ) in equation of [37] becomes extremely small and difficult to be
estimated. As equation of [39] is equivalent to including the factor P(ti ) in the equation of
[3] and no significant improvement of tagging performance was obtained when equation of
[39] was used, we prefer to propose evolutionary tagging model based on equation of [3].
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transition on the performance of
HSTAGger

729

m1

m2

Precision (%)

1

1

0.9500

1

2

0.9550

2

1

0.9580

1

3

0.9560

3

1

0.9661

4

1

0.9695

5

1

0.9590

The proposed evolutionary tagging model is a modification of the standard equation of [3]
which improves the lexical and transition probabilities. It has already been demonstrated by
several evaluations of metrics that transition strongly correlates with the quality of taggers,
and it is thus an extremely important feature component in HSTAGger.
On the other hand, our results demonstrate that to some extent, the emission probability is
an important metric in computing the fitness. Hence, we assign different weights to transition
and emission parameters, corresponding to their importance. The effect of this modification
on emission parameter is that the probabilities of common word tags are decreased, by means
of that making it easier for HSTAGger to choose lexically less probable tags. Therefore,
proposed evolutionary tagging model was finally selected as the fitness function in improved
versions of HSTAGger, after extensive experiments using the above-mentioned five equations.
By tuning the free parameters of this fitness function (m 1 and m 2 ), the tagger results can be
optimized for various languages. This key innovation makes the proposed taggers able to be
utilized for different languages. The results of tuning m 1 and m 2 on the described English
data sets for determining the best values of parameters, which maximize the performance of
HSTAGger, are depicted in Table 5. Our experiments have demonstrated that the precision
of tagging algorithm always receives noticeably more value when the assigned weight to
transition is higher than emission. This means that transition probability is more important
than emission probability given the relatively free word order of English.
5.3 Results and comparison
In this section, performance of the proposed algorithms is evaluated in many aspects. First of
all, the precision is measured using different data sets of different sizes. This is motivating,
since after training the tagger, it could be used on other text rather than the training text.
Moreover, it is interesting that it deals properly with the words that do not appear in its
training text. Secondly, the precision and coverage of erroneous words are measured. Since
usually erroneous words are much more difficult to process than known words, they are
evaluated separately. Finally, the proposed algorithms are compared with conventional and
state-of-the-art tagger algorithms.
Figure 8 demonstrates the convergence behavior of the proposed taggers on BR-M and
BR-L data sets, respectively. Each of the algorithms reaches a near-optimal solution, but the
result that is obtained by the second improved version of HSTAGger is better than the results
of the other two proposed algorithms. It is obvious from Fig. 8 that the improved versions of
HSTAGger have better convergence and they significantly increase the quality of HSTAGger.
The results in Fig. 8 reveal that the second improved version of HSTAGger outperforms the
other algorithms in all data sets. This experiment verifies the effectiveness of these improvements, as shown by the significant increase in performance from the first to the third version of
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Fig. 8 The comparison of the proposed algorithms. a on BR-M. b on BR-L

HSTAGger. It is worthy of mention that all of the algorithms start with the same initialization
of HM, except the smartly initialized version of HSTAGger(II). As expected, by initializing
the second version of HSTAGger smartly, the algorithm converts to the good solution faster.
To demonstrate the superiority of the proposed taggers, we compare them with the conventional and contemporary algorithms previously proposed in the literature. To demonstrate
how proposed algorithms improve the PoS-tagging accuracy in comparison with the best contemporary evolutionary methods, we have implemented two known evolutionary-based algorithms namely genetic algorithm-based (GA) [6,21,35,36] and simulated annealing-based
(SA) [6]. For GA, for each data set, the population size is set to be the same as the size of
harmony memory size in HSTAGger, crossover and mutation rate are set to 0.5 and 0.05,
respectively.1 In order to have a better comparison, performance of the proposed taggers and
CHC evolutionary-based tagger [6] is also evaluated in the same experimental conditions. We
would like to emphasize that due to the stochastic nature of the algorithm and to have a fair
comparison, the result we report in the rest of the paper are the average over 10 independent
runs of the algorithms. In addition, to ease the comparisons, the algorithms are iterated 500
times in each run since the 500 generations are enough to convergence of all of the algorithms.
To compare the algorithms fairly, we have employed the following termination rule. In
all of the mentioned algorithms, the current optimal solution is always recorded. For the
current optimal solution, we record the number of continuous iterations without improving
it. Then we calculate the ratio of this number to the total iteration number. If the ratio exceeds
the given upper bound ratio, it means that the continuous running of the algorithm will not
contribute any improvement to the solution and then the search process ends. In addition, the
maximum number of iterations is also given to guarantee that the algorithm will be stopped
after a certain number of searched solutions. It can be inferred from the results of Fig. 9 that
HSTAGger algorithms outperform other evolutionary taggers significantly in all data sets.
In addition to the evolutionary-based taggers, the proposed algorithms are also compared
with baseline, statistical-based and transformation-based taggers. The baseline models use
either a selection of completely random tags (Random) or a selection of the lexically most
likely tag among the potential tags (LexProb)2 for the words. Hidden Markov model (HMM)3
1 We have used the values proposed by [6] for crossover and mutation parameters.
2 We have used our own implementations of the Random and LexProb algorithms for evaluation.
3 Java implementation of this system is freely available at ftp://ftp.cis.upenn.edu/pub/adwait/jmx/.
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Fig. 9 Comparison of the performance of the evolutionary taggers on BR-M and BR-L
Table 6 Performance
comparison of the taggers on
brown

Tagger algorithms

Presicion (%)

Random

67.05

LexProb

93.22

ME

95.56

TBL

95.6

HMM

95

HSTAGger(II)

96.91

[31] and maximum entropy (ME) [48] taggers are the well-known statistical tagging methods,
and Brill’s model taggers is a conventional transformation-based learning (TBL) [49] method.
Results of Table 6 ease the comparison of the above-mentioned algorithms and authenticate
the superiority of HSTAGger(II) compared to the other taggers, despite the fact that nonevolutionary taggers have been designed specifically for PoS-tagging problem.
We now turn to evaluate the proposed algorithms on the Wall Street Journal corpus [44].
The comparison of the proposed algorithms and evolutionary-based taggers is demonstrated
in Fig. 10. We notice that the algorithms show a similar behavior to the one presented
in previous experiments, i.e., the HSTAGger(II) outperforms the other evolutionary taggers.
These results confirm the conclusions made in the previous experiments on the Brown corpus.
We can observe that proposed algorithms have a better behavior when they use more complete
information, i.e., using tags on the right of the word being tagged.
In addition to the evolutionary-based taggers, we compare the proposed algorithms to
random, LexProb, ME [48], non-lexicalization hidden Markov model (NLHMM) [23],
transformation-based error-driven learning (TBLE) [18], memory-based learning (MBL)
[50] taggers and also unsupervised learning-based methods such as Naiıve Bayes4 (NB) [51]
4
The package is available at http://research.microsoft.com/en-us/downloads/25e1ecf0-8cfa-4106
-ba25-51b0d501017d/default.aspx.
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Fig. 10 Comparison of the performance of the evolutionary taggers on WSJ
Table 7 Performance
comparision of the taggers on
WSJ

Tagger algorithms

Precision (%)

Random

65.91

LexProb

94.37

ME

96.40

TBLE

96.31

MBL

96.35

NLHMM

96.41

SVM

96.48

NB

95.9

HSTAGger(II)

96.98

and support vector machine (SVM)5 based taggers [52,53]. We can observe that proposed
algorithms offers better results with respect to the methods presented in Table 7. Moreover,
our algorithms allow extending those models with new features such as right-hand contexts,
what can lead to further improvements. High performance of the proposed algorithms can
interpreted the quality of the described corpuses and usefulness of harmony search algorithm
for PoS-tagging problem. Furthermore, because the best tagging in HSTAGger algorithms
can be accomplished with small HMS and a few iteration steps, they are on the whole fast.
To see the performance of handling the erroneous words precisely, the overall precision,
as well as separate precisions for erroneous words is measured on BR-M. In order to improve
the used corpus when the tagging is done, the tag is checked manually. Afterward, corrections
are done on the erroneous words with incorrect tags and they are then entered into the lexicon.
When the erroneous words analyzer meets an erroneous word, it is important to first detect
whether it is erroneous or not, because sometimes an erroneous word can be incorrectly
processed as a known one. Once the erroneous word is detected, the correct PoS-tag needs
to be estimated. For evaluation the quality of erroneous word handling results, we also use
5 www.lsi.upc.edu/_nlp/SVMTool.
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Table 8 Performance comparison of the taggers appling the erroneous word analyzer
HSTAGger

HSTAGger(I)

HSTAGger(II)

Other taggers

GA-based

erroneous overall erroneous overall erroneous overall erroneous overall erroneous overall
Modified BR-M
Precision 0.5325
Recall

0.932

0.46909

0.5724

0.941

0.4932

0.6441

−

−

0.4562

−

−

−

−

−

0.6445

−

−

−

0.9459 −

−

0.4745

−

−

−

0.952

0.5510

0.935

Modified BR-L
Precision 0.6215
Recall

0.941

0.4263

0.6682

0.942

0.4723

0.7052
0.4210

0.947

0.94

Modified WSJ
Precision 0.543
Recall

0.402

0.935

0.565

0.938

0.395

0.568
0.41

0.941

Recall metric, which is defined as follows:
Recall =

# correctly detected erroneous words
# erroneous words

(16)

Although the Recall and Precision metrics can be considered as the criteria, fulfilling the
requirements, there is neither an erroneous word analyzer nor a gold standard evaluation
data set for erroneous word analysis. As both the test and training sets are made up of very
similar text drawn from the Brown corpus, only about 0.1 % of the words of these test sets
are erroneous words.
We would like to be able to test the proposed erroneous analyzer on a corpus from a
different domain, since this is a kind of application where erroneous analyzer should perform
the best. Unfortunately, there is not such a corpus that is substantial enough for this purpose.
Therefore, to create a better test case, we reduce the amount of the tags of known words in
the described data sets, which increase the proportion of erroneous words.
Table 8 demonstrates the results of the erroneous words analyzer applied on the modified
data sets. In addition, GA-based [6] denotes a modified version of GA-tagger, in which the
proposed erroneous words analyzer is applied. The results reflect a very accurate guessing,
considering the wide range of PoS tags to be estimated.
As known words may be incorrectly considered erroneous, the performance of the taggers
is degraded in comparison with the case that the erroneous words are not considered. Because
in this situation, the erroneous word analyzer is used to handle the known words instead of
looking up the lexicon accurately. Hence, using erroneous word analyzer is specifically
helpful for the cross-domain applications and small lexicons. The results confirm that the
lack of algorithm for handling erroneous words is a significant weakness and PoS-tagging is
an open task. We made a preliminary algorithm to handle the erroneous words and developing
more robust taggers to adapt statistical models for cross-domain tagging is a future work.

6 Conclusion
In this paper, we have studied the problem of assigning lexical categories to words constituting a sentence and proposed novel algorithms based on a framework named HSTAGger.
HSTAGger is designed based on harmony search algorithm by modeling tagging problem as

123

734

R. Forsati, M. Shamsfard

an optimization of an objective function. It operates with a memory including population of
possible taggings for each input sentence in the text. The evaluation of individuals is based
on a training table comprised of contexts extracted from an annotated corpus. In situations
that appropriate tagged corpus are not available for training of HSTAGger, by generalizing
the tags for each word, the most suitable tag can be predicted, when sufficient information
is gathered from the text to be tagged. In addition, by using the proposed partial fitness, we
modify some steps of harmony search optimization method including random selection, PAR
and termination processes to better fine tuning the algorithms which significantly improve
the performance of HSTAGger.
Additionally, in this work, a new class of troublesome words in tagging process, called erroneous, as well as a solution to handle them has been proposed. Our experimental results on different data sets showed that HSTAGger algorithms produce better solutions with high quality
considering Precision measure in comparison with other known algorithms, and the difference
is tremendous. It could be also interesting as a future work to perform tagging the text from different domains of application, since the tagger may be trained in a specific domain but tested
on a different domain. In this case, erroneous words problem becomes more highlighted.
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