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a b s t r a c t
The assigning of syntactic categories to words in a sentence, which is referred to as part-ofspeech (PoS) tagging problem, plays an essential role in many natural language processing
and information retrieval applications. Despite the vast scope of methods, PoS-tagging
brings an array of challenges that require novel solutions. To address these challenges in
a principled way, one solution would be to formulate the tagging problem as an optimization problem with well-speciﬁed objectives and then apply the evolutionary methods to
solve the optimization problem. This paper discusses the relative advantages of different
evolutionary approaches to handle Part-of-Speech tagging problem and aims at presenting
novel language-independent evolutionary algorithms to solve the PoS tagging problem. We
show that by exploiting statistical measures to evaluate the solutions in tagging process,
the proposed algorithms are able to generate more accurate solution in a reasonable
amount of time. The experiments we have conducted on few well known corpus reveal that
the proposed algorithms achieve better average accuracy in comparison to other evolutionary-based and classical Part-of-Speech tagging methods.
Ó 2014 Elsevier Inc. All rights reserved.

1. Introduction
One of the main building blocks in many applications such as machine translation, text-to-speech conversion, question
answering, speech recognition, word sense disambiguation and information retrieval is to extract basic syntactic features of
individual words in the sentences [1,2]. This problem which is known as Part-of-Speech tagging (PoS) has been the main
focus of many researches and different models and methods have been proposed to tackle it, but still developing fast and
high-quality tagging systems is a challenging issue.
PoS-tagging aims at assigning the syntactic categories to every word in a sentence according to its context [2] – i.e.,
relationship with adjacent and related words in a phrase, sentence, or paragraph. This task is not trivial since many words
could have a large number of candidate tags associated with them. To gain a sense of the complexity of the problem we note
that according to [3] over 40% of the words appearing in the hand-tagged Brown corpus [4] are syntactically ambiguous.
Thus, ambiguity resolution is the key challenge in tagging. Typically, there are different kinds of approaches for automatic
PoS-tagging which differs based on the amount of training, their internal model and processing of information required.2 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 [6]. We can ﬁnd several approaches to PoS-tagging based on rule-based approaches [6,7],
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statistical and machine learning techniques, including among many others: Hidden Markov Models (HMM) [8–10] and its
variants [11,12], Maximum Entropy taggers [13,14], Transformation based learning [7], and its variants [15], Memory based
learning [16], Decision Trees [17], Conditional Random Field [18], Support Vector Machines [19], and averaged perceptron
[20]. Among stochastic models, HMMs are quite popular.
The classical techniques, i.e., rule-based approaches [6,7], deﬁne how each word is assigned to its corresponding PoS-tag
employing rules, given an input word sequence. Rule-based approaches apply language rules to improve the accuracy of tagging [21] and consist of a 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 [22]. This stage is labor intensive and time consuming because of the
need to write rules or templates for each language. In addition when the format changes it is not robust and may fail.
Statistical taggers generally solve the tagging problem by using a tagged corpus, i.e., a set of texts linguistically labeled
[23] to compute the probability of a given word having a speciﬁed tag in a given context. In statistical methods the most
probable tag sequence is identiﬁed based on the statistical occurrence of the tag N-gram and word-tag frequencies. In
particular, speaking, statistical methods amounts to maximize a global measure of the probability of the set of contexts
(a tag and its neighboring tags) corresponding to a given tagging of the sentence [24]. These methods have been utilizied
in PoS-tagging. Thanks to simplicity, language independence [25] and increased availability of large tagged corpora [6],
research in this direction has grown extensively in recent years. In particular, few studies showed that statistical methods
yield better performance than the other tagging approaches [10,26,27].
Features such as ambiguity make PoS-tagging as a complex search process, which require speciﬁcally designed algorithms
to be efﬁciently solved. The use of heuristic methods can help to deal with this problem. When one deals with optimization
problems with an extremely large space of solutions, evolutionary algorithms (EAs) are among the favorable methods to be
employed. The efﬁciency of EAs algorithm in exploring the large search spaces is mostly due to their stochastic nature. This
characteristic results in the rapid location of good candidate solutions and makes evolutionary based methods appealing for
many applications where we want to optimize global function over complex search spaces.
In the evolutionary-based tagging algorithms, each candidate solution is represented as a sequence of tags assigned to the
words in a sentence. This is in contrast to statistical methods where there is a disambiguation in the assigned tags by coupling each tag with a probability. The probability of a tag indicates how likely this tag would be the correct assignment for a
given word in the sentence. Usually this probability depends on the neighboring tags on both sides of the word [21]. The
experiments conducted in [24] revealed that the evolutionary based tagging algorithms are able to attain better accuracy
compared to statistical approaches. Surprisingly, evolutionary based methods also generate more robust to the inherent
ambiguity.
In the recent years some works have been done using machine-learning approaches and, a small number of studies have
applied the evolutionary algorithms to PoS-tagging task to improve the quality of solutions. Among the different evolutionary algorithms, genetic algorithm (GA) [21,24] and simulated annealing (SA) [21] have been previously applied to solve PoStagging problem.
Recently, researchers have also proposed hybrid EAs based algorithms for PoS tagging problem which are aimed at the
cooperation of EA based methods with classical tagging algorithms (i.e, rule-based and statistical methods). Losee [28]
describes an implementation called LUST (Linguistics Using Sexual Techniques) that also uses GAs to generate an entire
grammar for a test corpus. In [29] an algorithm proposed which interpolates between evolutionary computing and inductive
logic programming (ILP). The main idea is that instead of considering the entire research space, a small subset can be examined by using ILP rules. Curran and Wong [30] have actually suggested the use of evolved transformations in the Brill Tagger.
In this paper, we show that by casting PoS-tagging problem as an optimization problem which intends to locate a solution
in the solution space which optimize a predeﬁned global objective function, we are able to utilize the harmony search (HS)
and bee colony optimization (BCO) algorithms in the scope of tagging problem. In particular, we are interested in the cooperation between evolutionary algorithms and statistical PoS-tagging to take advantages of both methods. The main intuition
behind the proposed hybrid methods stems from the observation that the statistical measurements extracted by the stochastic approaches to PoS-tagging provide an appropriate ﬁtness function for evolutionary algorithms in a natural way [23]. The
used statistical model amounts to maximize a global measure of the probability of the set of contexts (a tag and its neighboring tags) corresponding to a given tagging of the sentence.
Harmony search (HS) [31,32], is a new 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, HS has been vigorously
applied to a wide variety of practical optimization problems [33–35]. The Bee Colony Optimization (BCO) is also another evolutionary algorithm from the family of stochastic meta-heuristic optimization methods. In BCO analogous to bees, special
types of artiﬁcial bees are created which collaboratively solve complex combinatorial optimization problems. BCO has proven to be an efﬁcient algorithm in many domains [36,37]. We note that statistical measurements, which are extracted by the
statistical taggers, are appropriate alternatives for use as the function to compare the solutions which are extracted by the
EAs. Accordingly, in this paper a suitable framework for application of evolutionary techniques such as HS and BCO to
statistical PoS-tagging is presented.
One of the advantages of using an evolutionary algorithms as the search algorithm for PoS-tagging is that these
algorithms can be applied to any 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 classic search algorithms for tagging, such as the widely used Viterbi
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[38,24]. In this way, they can also be applied to other models in which the context of a word is composed of both, the tag of
the preceding words and also the tag of the following words [24].
The structure of the individual in the proposed algorithms is simply a tag with different probabilities of associated
contexts attached to it. Individuals structure amounts to a tag assignment mechanism that is statistical. The ﬁtness function
for the implementation is rather complex. By using the statistical ﬁtness function, we attempt to search for the most
probable tag for a word expressed as a component of the solutions.
In comparison to the existing algorithms, and in particular a preliminary version of this paper [39], the main contributions
of the present work can be summarized as:
 We introduce a general framework to utilize the evolutionary based optimization methods in combination with statistical methods to tackle the PoS-tagging problem. We note that [39] only considers bee colony method for this
purpose.
 We elaborate different ﬁtness measures proposed in the literature and discuss the weak and strong points of each
measure. We also propose a novel ﬁtness measure which intelligently balances the exploration and exploitation during the optimization process.
 The proposed algorithms can be applied to any training text of any language, without making any modiﬁcation to the
model or having a post-processing phase.
 We empirically evaluate how different parameters affect the performance of the proposed algorithms and provide
few hints on deciding the value of these parameters.
 We conduct experimental results on standard corpus data sets with different characteristics to demonstrate the merits of the proposed framework in terms of accuracy and convergence rate in comparison to both evolutionary based
and classic algorithms. We also evaluate the different ﬁtness measures proposed in the literature. The results show
that the proposed methods in combination with the ﬁtness function proposed in this paper get more accurate tagging
results with faster convergence than other methods.
Outline. The remainder of this paper is organized as follows: Section 2 provides a formal deﬁnition of the probabilistic
PoS-tagging problem. Section 3 provides a general overview of the harmony search algorithm and bee colony optimization
technique. Section 4 provides a detailed description of evolutionary-based Pos-tagging algorithms. Section 5 presents the
test bed of our experiments, empirical study of evolutionary parameters on convergence behavior of the proposed algorithm,
and the performance evaluation of the proposed algorithms compared to other algorithms. Finally, Section 6 summarizes the
conclusions of this work.
2. Probabilistic PoS-tagging modeling
Given an input sentence S ¼ 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. More speciﬁcally, the goal is to ﬁnd the tag sequence T  that has optimal adequacy
with respect to all other feasible candidate solutions in T ¼ fT 1 ; T 2 ; . . . ; T NðnÞ g where each T i ¼ fti1 ; ti2 ; . . . ; t in g represents a canQ
didate tagging, NðnÞ ¼ nj¼1 kj is the number of all feasible tag sequences to tag the sentence where ki is the number of valid
tags for ith word in the sentence, i.e., wi .
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 [14].
On the other hand, from the statistical point of view, PoS tagging is deﬁned as a task of choosing a tag-sequence with the
maximum probability. Moreover, in statistical methods such as HMM tagger [8–10], we need to make two simplifying
assumptions too [40]. The ﬁrst assumption is that the probability of a word appearing is dependent only on its own partof-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) [14]. We search for a solution in T in a
way that maximizes the following objective function:

"
#
n
Y
T ¼ arg max PrðTjSÞ ¼ arg max
Prðwi jti Þ  Prðt i jt i1 Þ


T2T

T2T

ð1Þ

i¼1

where T  is the best sequence of tags that maximizes (1), Prðwi jti Þ denotes the emission probability, and Prðti jt i1 Þ 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.
The complexity of this problem increases with the length of the sentence to be tagged. 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 among all the tagging sequences T and ﬁnd the tagging which maximizes the product of transition and emission
probabilities. For this purpose, by modeling PoS-tagging as an optimization problem, we propose HS and BCO based tagging
algorithms that usually provide more accurate results in a reasonable computation time.
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In the next sections, ﬁrstly HS and BCO algorithms are described and the details of the each proposed algorithm based on
HS and BCO to handle PoS-tagging are discussed. Table 1 contains a list of the basic notations we used throughout the paper.
3. Basic algorithms
3.1. The harmony search algorithm
One of the popular search methods which mimic the music improvisation process is harmony search (HS) [41]. Recent
years have witnessed a ﬂurry of research on HS to solving different optimization problems [33–35,42,43]. The main steps
of the algorithm are as follows:
1.
2.
3.
4.
5.

Initialize the problem and algorithm parameters.
Initialize the harmony memory.
Improvise a new harmony.
Update the harmony memory.
Check the stopping criterion.

These steps are described in the next ﬁve subsections.
3.1.1. Initialize the problem and algorithm parameters
In Step 1, the optimization problem is speciﬁed as follows:

minn

f ðxÞ

x2R

xk 2 ½lk ; uk  k ¼ 1; 2; . . . ; n;
where f ðxÞ is the objective function and n is the number of decision variables. The lower and upper bounds for each decision
variable are lk and uk , respectively. The HS parameters are also speciﬁed in this step. These are the harmony memory size
(HMS), or the number of solution vectors in the harmony memory, the probability of memory considering (HMCR), the probability of pitch adjusting (PAR), and the number of improvisations (NI), or stopping criterion. The harmony memory (HM) is a
memory location where all the solution vectors (sets of decision variables) are stored. This HM is similar to the genetic pool
in the GA. The HMCR, which varies between 0 and 1, is the rate of choosing one value from the historical values stored in the
HM, while 1  HMCR is the rate of randomly selecting one value from the possible range of values.
3.1.2. Initialize the harmony memory
In this step, the HM matrix is ﬁlled with as many randomly generated solution vectors as the HMS:

2

x11
6 x2
6
1
6
6
HM ¼ 6 ...
6
6 HMS1
4 x1
xHMS
1

x12
x22
..
.

...
...
..
.

xHMS1
2
xHMS
2

x1n1
x2n1
..
.

. . . xHMS1
n1
. . . xHMS
n1


3
 f ðx1 Þ


7
 f ðx2 Þ 7

7

7
..

7
.

7
HMS1 
HMS1 7
xn
Þ5
f ðx

xHMS  f ðxHMS Þ
x1n
x2n
..
.

n

The initial harmony memory is generated from a uniform distribution in the ranges ½li ; ui , where 1 6 i 6 n. This is done as
follows:

xji ¼ li þ r  ðui  li Þ;

j ¼ 1; 2; . . . ; HMS

where r  Uð0; 1Þ and U is a uniform random number generator.
Table 1
Summary of notations consistently used in the paper and their meaning.
Symbol

Meaning

S ¼ ðw1 ; w2 ;    ; wn Þ
T
NðnÞ
T ¼ ðt1 ; t2 ;    ; tn Þ
ki
HM
HMS
HMCR
PAR
NHV
B

The input sentence with n words to be tagged
The set of all valid taggings for a sentence under consideration
The size of T for a sentence with n words
An instance tagging of sentence S with n words
The number of candidate tags for word wi
Harmony memory
Harmony memory size
Harmony memory consideration rate
Pitch adjusting rate
A solution resulted from improvisation step of HS algorithm
The number of bees
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3.1.3. Improvise a new harmony
Generating a new harmony is called improvisation. A new harmony vector (NHV), x0 ¼ ðx01 ; x02 ; . . . ; x0n Þ, is generated based
on three rules: (i) memory consideration, (ii) pitch adjustment, (iii) random selection. In the memory consideration, the
value for a decision variable is randomly chosen from the historical values stored in the HM with the probability of HMCR.
Every component obtained by the memory consideration is examined to determine whether it should be pitch-adjusted. This
operation uses the PAR parameter, which is the probability of pitch adjustment. If it happens that the decision variable x0i to
be pitch adjusted, its value becomes x0i
r  b where b is an arbitrary distance bandwidth and r  Uð0; 1Þ. Variables which
are not selected for memory consideration will be randomly chosen from the entire possible range with a probability equal
to 1  HMCR.
3.1.4. Update harmony memory
If the new harmony vector, x0 ¼ ðx01 ; x02 ; . . . ; x0n Þ, has better ﬁtness function than the worst harmony in the HM, the new
harmony is included in the HM and the existing worst harmony is excluded from the HM.
3.1.5. Check stopping criterion
The HS is terminated when the stopping criterion (e.g., maximum number of improvisations) has been met. Otherwise,
Steps 3 and 4 are repeated.
3.2. Bee colony optimization
The bee colony optimization (BCO) which uses the basic principles of collective bee intelligence in solving combinatorial
optimization problems is the youngest Swarm Intelligence technique which has been proposed by [44]. The algorithm simulates the intelligent behavior of bee swarms. It is based on the concept of cooperation, which increases the efﬁciency of
artiﬁcial bees and allows achievement of goals that could not be reached individually. The basic idea is to create a multiagent system (a colony of artiﬁcial bees) capable of successfully solving difﬁcult combinatorial optimization problems. A
population of artiﬁcial bees collaboratively searches for the optimal solution with every artiﬁcial bee generating one solution
to the problem [37].
The algorithm consists of two alternating phases constituting single step in the BCO algorithm: a forward pass and a backward pass. In each forward pass, every artiﬁcial bee visits NC components (number of constructive moves), creates partial
solution, and then returns to the hive and start the second phase, the so-called backward pass [37]. The number of solution
components NC to be visited within one forward pass is prescribed by the analyst at the beginning of the search process.
During the backward pass, all bees share information about their solutions.
During this pass, based on the quality of the partial solutions generated, every bee decides with a certain probability
whether it will advertise its solution or not. The bees with better solutions have more chance to advertise their solutions.
The remaining bees have to decide whether to continue to explore their own solution in the next forward pass, or to start
exploring the neighborhood of one of the solutions being advertised. Similarly, this decision is taken with a probability, so
that better solutions have a higher probability of being chosen for exploration. Depending on the quality of the partial solutions generated, every bee possesses certain level of loyalty to the path leading to the previously discovered partial solution.
Artiﬁcial bees that are loyal to their partial solutions also act as recruiters, i.e., their solutions would be advertised. Once the
solution is abandoned by a bee, the bee becomes uncommitted and has to select one of the advertised solutions. This decision
is taken with a probability too, so that better advertised solutions have bigger opportunity to be chosen for further
exploration.
The two phases of the search algorithm, forward and backward passes, are alternating in order to generate all required
feasible solutions (one for each bee). The ﬁrst iteration is ﬁnished when bees for the ﬁrst time create one or more feasible
solutions by visiting all the nodes. When all solutions are completed the best discovered solution during the ﬁrst iteration is
determined. It is used to update global best solution and an iteration of the BCO is accomplished. The two phases of the BCO
are carried out iteration by iteration, until a stopping condition is satisﬁed.
4. Cooperative evolutionary and statistical PoS-taggers
In this section, we introduce the algorithms based on cooperation of evolutionary and statistical techniques to handle
PoS-tagging. The proposed algorithms largely rely on the success of statistical method to PoS-tagging. In these algorithms,
the assessment of the established solutions by the evolutionary techniques (harmony search and bee colony optimization) is
based on the statistical measurements extracted by stochastic techniques. Statistical methods have used an acceptable
benchmark for ﬁne-tuning the parameters of the algorithms and evaluating the ﬁtness function. Therefore statistical measurements which are extracted from an annotated corpus or training text are required.
The measurement of the essential elements of evolutionary algorithms, such as the ﬁtness function and the adjustment of
parameters, are done by using probabilistic models whose values are determined by statistical techniques.
In order to design cooperative evolutionary and statistical based taggers, individuals consisting of sequences of tags
assigned to each word in the sentence to be tagged plus some additional information useful in the evaluation (such as counts
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of different contexts for this tag according to the training table) are required. The structure of the individual in the proposed
algorithms is simply a tag with probabilities of various associated contexts attached to it. Individuals structure amounts to a
tag assignment mechanism that is statistical. Moreover, the probabilistic model, which assigns a probability to a sequence of
tags according to the context of each word in the sentence, provides the ﬁtness function. The evolution process is run for
each sentence in the text to be tagged.
Evolution aims to maximize the probability of the tagging of the sentences in the test corpus. So we have used the most
common statistical models for tagging which are based on assigning a probability to a given tag according to its neighboring
tags (context). Then, as in HMM, the tagger tries to maximize the total probability of the tagging of each sentence. The process ﬁnishes either when the evolutionary process has been running for a maximum number of iterations or when the ﬁtness
deviation lies below a threshold value (convergence).
In the next section preparing the statistical measurement which is commonly used in the proposed algorithms is discussed. Then two PoS-tagging algorithms based on harmony search and bee colony optimization are proposed. The details
of the each proposed algorithms have been discussed.

4.1. Preliminary data setup
In the proposed algorithms, the evaluation of solutions and ﬁne-tuning the parameters are based on probabilistic model,
therefore the tagging process requires to construct both word-PoS frequencies (lexicon) and the frequencies of the context of
the words (N-gram). We have extracted and computed this information from the Brown corpus [4].
Word-PoS frequencies are computed and recorded in a table called PoS lexicon. To be consistent with the POS tagging
literature, in order to generate the PoS lexicon, the frequency of each word in the training corpus, with an especial tag, is
computed. Finally, words and their PoS candidates are written in the lexicon format. In the next sections, we show that this
is one of the most important features of PoS-tagging. N-gram frequencies are also computed and recorded in a table called
contextual table. This table can be computed by going through the training texts of corpus and recording the different contexts (neighboring words) and the number of occurrences of each of them for every tag in the training text. The set of attributes consists of a window covering tags to the left and right. The size of this window, which is the number of tags it covers
around each word, has been determined on an empirical basis. All the trigrams (N ¼ 3) are also applied to the candidate tags
during the unknown-word PoS guessing and smoothing portion of the evolutionary based tagging process.
Table 2 shows some real examples from the contextual table where the tags are extracted from the Brown corpus. In this
table, tags correspond to the tag set deﬁned in the Brown corpus: ‘‘AT’’ stands for article, ‘‘NN’’ for common noun, ‘‘IN’’ for
preposition and ‘‘JJ’’ for adjective.

4.2. Harmony search based tagger algorithm
In this section, harmony search based tagger algorithm namely HSTAGger is proposed. HSTAGger uses random selection
and reﬁnes the solutions at each iteration. In order to tag the sentences using harmony search algorithm, we must ﬁrst model
PoS-tagging as an optimization problem that locates the optimal sequence of tags, with tagging quality as the objective, and
use a suitable general purpose optimization method to ﬁnd a good tag sequence. When a general purpose evolutionary algorithms is used for tagging problem, a number of important design decisions have to be made. Predominantly, these are the
problem representation and the objective function. Both of these can have an important effect on optimization performance
and thus on the quality of tagger.
In all of the proposed algorithms in the rest of the paper, each word represents one component of a multi-component
sentence and each possible solution is a vector of tag values. This model offers us a chance to apply HS optimization algorithm to tag the sentence. In this section we describe HSTAGger algorithm and discuss its initialization, improvisation steps
and an evaluation and termination criteria to continue or stop the process.
4.2.1. Representation of solutions
The ﬁrst decision in solving sentence tagging problem by HS is how to represent solutions to apply harmony operations.
Let us consider a sentence S formed by n words fwi ; i ¼ 1; 2; ;ng in which each wi (ith word) has ki possible tags ð1 6 i 6 nÞ. To
represent this situation we assign a vector consisting of n integers to each row of HM, each element of the vector denoting

Table 2
Sample of contextual table extracted from the Brown corpus [4].
Tag3

Tag2

Tag1

< tag >

Tagþ1

Tagþ2

Tagþ3

# Of occurrence

NN
AT
AT

IN
NN
NN

AT
IN
IN

NN
AT
AT

IN
NN
JJR

AT
IN
NN

NN
AT
IN

47
31
48
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the tag label of a word in the sentence. In other words, 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.
Number of rows denotes the number of different tag sequences among which we are looking for the best.
4.2.2. Initialization
For initialization, HM is ﬁlled with as many randomly generated solution vectors as the size of the HM (HMS). 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 f1; 2; . . . ; ki g and indicates the tag index number of ith word (we recall
that ki is the number of valid tags for ith word).
4.2.3. 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. The new generated harmony vector must inherit as much information as possible from the 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, then it provides good heritability.
In this algorithm, each decision variable corresponds to a word and its value indicating the tag label of that word. The
selection of a value for the tag label of a word is as follows: the tag number of each word in the new solution vector is selected with probability of HMCR from the harmony memory and with probability of (1  HMCR) is randomly selected from
the set f1; 2; . . . ; ki g. After generating the new solution, the PAR process is applied. PAR is originally the rate of allocating a
different tag index to a word. In the original HS algorithm, PAR is the rate of moving from current selected tag to a neighboring tag. We have modiﬁed PAR process for our computation. In this computation, PAR is deﬁned as the rate of moving to
the most probable tag which has the highest frequency in the lexicon among the other tags for that word. PAR in the HS
algorithm is a very important parameter for ﬁne-tuning the optimized solution vectors and can be potentially useful in
adjusting convergence rate of algorithm to optimal solution.
For each word wi that 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 for that word, with probability of PAR:

countðwi ; t j Þ
PrðjÞ ¼ Pr ðtag j being selected as new tag for ith wordÞ ¼ Prðt j jwi Þ ¼ P
countðwi ; tk Þ
4.2.4. Evaluation of solutions
Designing a good ﬁtness function is a key issue in harmony search. Each row in HM corresponds to a possible sequence of
tags for input sentence which is comprised of n words. Let T ¼ ðt1 ; t2 ; . . . ; tn Þ be the set of n tags for a row in HM. Our objective function is to discover the proper sequence of tags for a sentence S.
Although few works [21,23,24,45], use only transition-based ﬁtness, experiments show that the lack of word-tag frequencies is a signiﬁcant weakness in evaluation of solutions and exploiting N-gram frequencies in the ﬁtness metric is not
enough. Word-tag frequencies strongly correlate with the quality of the tagger and this feature is thus extremely important
in automatic taggers. HSTAGger uses and emphasizes modiﬁed emission in addition to transition.
Fitness value of each row, which corresponds to one potential solution, is computed by trigram transition probabilities,
i.e., Prðt i jt i1 ; tiþ1 Þ, and word-tag frequencies, i.e., Prðwi jti Þ, according to the data extracted from the training table. The transition probabilities are extensively appropriate since they are composed of a certain number of tags on the left and another
on the right of the word at the considered position. Viterbi [38], a classical method used for stochastic tagging cannot be
applied in this case because this algorithm is designed to search the data sequence which maximizes the observed data
according to a Markov model, i.e., a model in which the current state only depends on the previous one [24]. If we consider
tags on the right of the word being tagged, our model is not a Markov process anymore and Viterbi cannot be applied [24].
This alone is a strong reason to research with evolutionary based taggers.
Having computed the occurrence probability of the tag trigram and the probability of occurrence of the word-tag and
assigning all possible tag sequences to all the input words, the solution is obtained when we can maximize the product value
of them as stated in (2).

fitnessðSÞ ¼

n
Y
Prðwi jtj Þ  Prðt i jt i1 ; t iþ1 Þ

ð2Þ

i¼1

A particular sequence t i1 ti t iþ1 may not be listed in the training table, either because its probability is approximately zero
(if the sequence of tags is forbidden for some reasons) 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 and to avoid null probability for those transitions a compensation function using unigram and bigrams is employed to calculate the probabilities of transitions as shown below:

fitnessðSÞ ¼

n
X
i¼1

log ðf ðwi ÞÞ
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a

f ðwi Þ ¼ ðWðtransitionðwi ÞÞÞ 


WðzÞ ¼


b
emissionðwi Þ
Prðti Þ

c

z < transmin
transðwi Þ otherwise
freqðt i1 ; t i ; tiþ1 Þ
0
t 0 2T freqðt i1 ; t ; t iþ1 Þ

transition ðwi Þ ¼ Prðti jti1 ; tiþ1 Þ ¼ P

freqðwi ; tj Þ
emission ðwi Þ ¼ Prðwi jt j Þ ¼ P
;
freqðti Þ
modified  emission ¼

8j ¼ 1; 2; . . . ; k

emission ðwi Þ
Prðt i Þ

c ¼ k1 Prðti jtiþ1 Þ þ k2 Prðti jti1 Þ þ k3 Prðti Þ;
where Prðt i jtiþ1 Þ is the transition probability, Pðwi jt i Þ is the emission probability of the ith word, count ðt i1 ; ti ; tiþ1 Þ is the
number of occurrence of the list of tags ðti1 ; t i ; t iþ1 Þ in the training table, T is the set of all possible tags in this list, ki is
the number of valid tags for wi ; c represents the linear interpolation, 0 < k1 ; k2 ; k3 < 0; n is the number of words in the sentence and transmin is a threshold value as a constraint to compensate sequences that are listed less than transmin times in all
the training table. The parameters a and b are weights and are set at 0:6 and 0:4, respectively from the earlier experiments,
which means that transition probability is more important than modiﬁed emission probability.
4.3. BEETAGger: bee colony based tagging algorithm
In this section we introduce an algorithm based on the BCO method to address the PoS-tagging problem which is referred
to as BEETAGger. The algorithm consists of an initialization step followed by forward and backward passes as done in the
BCO algorithm. However, these steps are adopted carefully to the tagging process. In the following subsections we begin
by describing the representation we have used, and then we will discuss adaptations of operations and the evaluation metrics used to guide the bees through the optimization process.
4.3.1. Representation of solutions
We now turn to describing the representation of solutions to effectively apply the BCO operations. Recall that the input
given to the algorithm is a sentence of n words in which ith word can take ki different tags as its syntactic category. We
decompose the PoS-tagging problem into the n stages where ith stage represent the i word in the sentence. The nodes at each
stage correspond to the valid tags taken from a dictionary. That is, the number of nodes at each stage is equal to the number
of tags for the word assigned to that stage. In order to handle words that are neither in the lexicon nor in the training data,
we take all the possible PoS-tags as candidate tags. At each stage, every bee must elect one node out of all nodes as the tags of
the word assigned to that stage.
In this model the value of each node is represented by an integer, which is the index of the related tag. For instance, consider the sentence in Fig. 1, extracted from the Brown corpus. Tags for the words in a sentence extracted from the Brown
corpus.
An example of representation of solutions on a sample sentence of Fig. 1 is reported in Fig. 2. Fig. 2 shows the set of stages
and also the nodes visited in each stage.
4.3.2. Constructive moves in forward pass
At every stage, each bee ﬁrst visits just one node according to fragrance (weight) of nodes. We assume in this paper that
the weight of nodes is mutually unequal and proportional to their frequencies which makes nodes to be not equally interesting for bees. The weight denotes the Fragrance value of stage i at node j for the bee, which is computed follows:

P
freqðsi ; nj Þ
j
fragrancei ¼ P
freqðsi Þ

ð3Þ

where freqðsi ; nj Þ denotes the number of times the ith word (stage i) occurs with its jth tag (node j). After sticking to a node,
each bee generates the partial solution based on the node it chooses and collects the nectar according to the weight of the
selected node. Finally, each bee returns into the hive.
We note that following the idea of TBL algorithm [46], it is more efﬁcient to choose the most probable tag, which has also
the highest frequency for that word in the lexicon. In this paper during each stage, the node selection step is modiﬁed. In our
method the jth node in the ith stage is chosen randomly by:
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Fig. 1. Different applicable tag for the words in a sentence ‘‘This the therapist may pursue in later questioning’’ [4]. Underlined tags are the correct ones,
according to the Brown corpus [4].

Fig. 2. Tags for the words in a sentence extracted from the Brown corpus [4].
j

pji ¼ Prðnode j being selected as a tag for the word in ith stageÞ ¼ Pk

fragrancei

m
i
m¼1 fragrancei

ð4Þ

where pji is the probability of selecting node j at stage i by bees and ki is the maximum number of nodes in stage i.
According to Eq. (3) the most probable tag has the better chance to be selected. Furthermore, by increasing the weight of a
particular node, the probability of the preferred solution increases proportionally. This leads to speeding -up the convergence of the algorithm in contrast to selecting tags randomly.
Let us also assume that each constructive move from one node to the next node in each forward pass has the certain
weight for the bees while ﬂying along it. The quality of each move is proportional to the partial function, called pollen of that
move. The quality of gathered pollen along each move is computed as follow:

freqðj; j þ 1Þ
pollenðj; j þ 1Þ ¼ P
j0 2T freqðj; j0Þ

ð5Þ

where freqðj; j þ 1Þ is the number of occurrences of the list of nodes j; j þ 1 in the training table and T is the set of all possible
nodes in this list.
The parameters Fragrance and Pollen are two strong indictors to be used in validating tags. Hence, ﬂexible merging of
these parameters seems to be sufﬁcient to asses nectar quantity which can be utilized in automatic tagging. These features
motivate us to combine these parameters in a single weight score. In particular, we use the harmonic mean of these parameters as a single score and call it convenience of node. As it will be discusses later, the experiments we have conducted have
demonstrated that the accuracy of tagging algorithms always receives noticeably more value when the assigned weight to
Pollen is higher than Fragrance. Therefore, we treat these parameters with unequal weights when computing the convenience. In our combination, Fragrance and Pollen of nodes contribute differently to better capture the importance of the
parameters. This novel combination departs from what has been used in the literature as summarized in Table 3 and significantly improves the performance of the proposed algorithm as we will show in our experiments. We have formulated the
nectar quantity gathered by kth bee by choosing node j, located in stage i as follows:

convinienceðsij Þ ¼

afrag þ apoll
afrag
afrag
fragranceðsij Þ

þ

j
pollenk

ð6Þ
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where aFrag is the weight of Fragrance measure, and aPoll is the weight of Pollen measure. In this algorithm aFrag and aPoll are
set to four and one, respectively, based on previous experiments. This means that Fragrances probability is more important
than pollen probability given the relatively free word order of English.
4.3.3. Bees partial solutions comparison mechanism
After all bees generate their own partial solution, they return to the hive to participate in a collective decision making
process. In particular, each be compares all the generated solutions and needs to make a decision to either abandon the partial solution or expand it in the next forward pass. To this end, we need to equip bees with a mechanism to able to evaluate
the partial solution of other bees. The following measure, which is simply the sum of the nectar quantity of the partial solution, has been introduced to be used by bees for evaluations:

Nectb ðu; zÞ ¼

u
X

log ðconvinienceðsm ÞÞ;

b ¼ 1; 2; . . . ; B

ð7Þ

m¼1

where Nectb ðu; zÞ is the sum of nectar generated by the ith bee, b is the bees number, u is the stage number and z is in
iteration number. Depending on the quantity of the gathered nectar, every bee possesses certain level of loyalty to the
tag sequence previously discovered.
Bees use approximate reasoning, and compare their discovered partial solutions with the best as well as the worst discovered partial solution from the start of the search process. In this way, ‘‘historical facts’’ discovered by all members of
the bee colony have signiﬁcant inﬂuence on the future search directions. The probability that, bth bee (at the beginning
of a new forward pass at stage u þ 1 at iteration z) is loyal to the previously discovered partial solution is calculated in
the following way:



Norm  Nectmax ðu; zÞ  Norm  Nectb ðu; zÞ
pb ðu þ 1; zÞ ¼ exp 
;
uz

b ¼ 1; 2; . . . ; B

ð8Þ

where u is the ordinary number of the forward pass, u ¼ 1; 2; . . . ; U and Norm  Nectð; Þ represents normalized value of the
quantity nectar value of the partial solution discovered by the bth bee.

Norm  Nectb ðu; zÞ ¼

Nectmax ðu; zÞ  Nectb ðu; zÞ
;
Nectmax ðu; zÞ  Nectmin ðu; zÞ

b ¼ 1; 2; . . . ; B

ð9Þ

where Nectb ð; Þ shows the nectar values of the partial solution discovered by the bth bee, and Nectmax and Nectmin are the
nectar values of the best and the worst discovered partial solution from the beginning of the search process, respectively.
Using Eq. (8) and a random number generator, every artiﬁcial bee decides to become an uncommitted follower, or to continue ﬂight along already known path. The better generated partial solution (higher Nectb ð; Þ value) the higher the probability that the bee will be loyal to the previously discovered partial solution. The greater the ordinary number of the forward
pass, the higher the inﬂuence of the already discovered partial solution. This is expressed by the term u in the nominator of
the exponent.
We would like to elaborate Eq. (8) a little more. As we can see, when a bee ﬁnds a tag sequence which is a high ﬁtness
value, it sticks to that solution with probability one. In particular, the smaller the ﬁtness value, the smaller the probability
that the bee ﬂies along the same tag would be. This feature gives the bees more freedom in early stages to explore the solution space, while more forward passes they make, the less courage to explore the solution space (i.e., the bess tend to exploit
the solution found so far instead of exploring the solution space). Therefore, Eq. (8) balances the exploration and exploitation
based on the stage the bees are as desired.
4.3.4. Recruiting process
We now turn to explaining the recruiting process. As mentioned in the previous step, each bee makes decision to either
abandon the already known solution or expand it. If the decision of bee at the beginning of a new stage is to expand the
solution obtained so far, it will go into the dancing area to follow another beee. The dancing area in intended to facilitate

Table 3
Different convenience measures used in the literature to evaluate the tagging.
References

Convenience (si;j )

[21,23,24,45]
[47,48]
[49]

Prðti jt i1 ; tiþ1 Þ
Prðwi jt i Þ  Prðt i jti1 ; tiþ1 Þ

[3,48]
[49]
[49]
The present work

Prðwi jt i Þa  Prðti jti1 ; tiþ1 Þb
Prðti jwi Þ  Prðt i jti1 ; tiþ1 Þ
a

Prðti jwi Þ  Prðti jti1 ; tiþ1 Þ
Prðt i jwi Þ
Prðt i Þ  Prðt i jt i1 t iþ1 Þ

afrag þ apoll

afrag
Prðt i jt i1 ;t iþ1 Þ

a

þ Prðtpoll
i jwi Þ

b

R. Forsati, M. Shamsfard / Applied Mathematical Modelling 38 (2014) 3193–3211

3203

the cooperation between the bees in the colony. The bee-dancers (recruiters) try to advertise different partial solutions. To
this end, we need to equip uncommitted bees (i.e., who decide to choose the new partial solution) with a mechanism to
choose a advertiser bee and utilize its solution. The probability of selecting a particular advertiser bee is computed by:

Nectb
pb ¼ PRC
;
k¼1 Nectk

b ¼ 1; 2; . . . ; RC

ð10Þ

where Nectk is the nectar quantity value of the kth advertised solution and RC is the number of recruiters. Using Eq. (10) and
a random number generator, every uncommitted follower joins one bee dancer (recruiter). At the end of this path all bees are
free to independently search the solution space and generate the next constructive iteration moves.
5. Experiments, analyses and comparison
5.1. Used corpus
To demonstrate the merits of proposed algorithm, we have selected two data sets with different sizes for English language
to conduct our experiments. Both data sets are sampled from one of the most popular corpora named Brown tagged corpus.
Brown corpus contains one million words of written American-English texts published in the US in 1961. Approximately,
40% of the words are ambitious which makes the automatic tagging a challenging problem.
The ﬁrst data set (DS1), which has a medium size, consists of 75 texts, including 38 texts from books and 37 texts from
periodicals. The second data set (DS2), which has a large size, contains different categories such as natural, social and behavioral sciences. Table 4 shows the data statistics of these data sets. We have reduced the tag set of Brown corpus into a tag set
with 47 different tags. Table 6 and Fig. 3 show some of the tags and their corresponding frequencies in the training corpus of
DS1. Studying Table 5 carefully reveals that the tag NN (noun) is the most frequent tag in the training corpus of DS1. On the
other hand, the tag WQL (WH-qualiﬁer) with only 37 occurrences is the least frequent tag.After recreating the corpus with 47
distinct tags, the data sets have been split into 90% ‘‘training’’ and 10% ‘‘test’’ sets. We use 10-fold tests in which 10 different
training and test sets with the size of 90% and 10 % of corpus, respectively, are selected to test the taggers. The results of each
tagger is compared to tagged sentences in the test corpus. Each tagger is allowed to assign exactly one tag to each word in
the sentence. The measure we have used to asses the performance of tagging algorithms is the accuracy, which measures
ratio of correct tags (i.e., the proportion of correctly assigned tags to the total number of tokens in the processed corpus)
as deﬁned below:

Accuracy ¼

# of correctly tagged words
# of overall words

ð11Þ

5.2. Results and comparison
The proposed algorithms are compared with previously proposed algorithms in the literature including Genetic algorithm-based (GA) [21,23,24,45], Simulated Annealing-based (SA) [24] and CHC taggers [24]. The results reported in [24] have
shown that GA base taggers obtain the same accuracy as Viterbi [38] which has been used for stochastic tagging.
To be fair in comparing different algorithms, we need a mechanism to terminate each algorithm appropriately. In particular, the termination rule we used in our experiments is as follows. We record the current optimal solution and its iteration
for the algorithm. Then, we count the number iterations proceeds from the iteration number of current optimal solution
without any improvement. If the ratio of these iterations to the total number of passed iterations exceeds the given upper
bound ratio, we terminate the algorithm. This means that contenting the algorithms will not result in signiﬁcant improvement of the optimal solution. Obviously, there is a maximum number of iterations that guarantees the algorithm will not
proceed forever.
We would like to emphasize at this point that the results shown in the rest of the paper are the average over 10 runs of
the algorithms, in order to avoid accidental results and to make a fair comparison to be used for drawing conclusions. In
addition, to lubricate the comparisons, the algorithms are iterated 500 times in each run since the 500 generations are
enough to make converge all of the algorithms. The performance comparison between our proposed (i.e, BEETAGger and
HSTAGger) taggers with other state-of-the-art evolutionary based taggers (i.e., GA-based, CHC, and SA-based) is demon-

Table 4
Data statistics.
Data set

DS1

DS2

# Of documents
# Of sentences
# Of tokens

75
2346
165489

155
6850
685900
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Fig. 3. The percentage of different tags extracted from Brown corpus.

Table 5
Sample of tag set for DS1 data set extracted from Brown corpus.
Tag

Description

# Of occurrence

NN
IN
VB
AT
JJ
pp
NP
CC
BE
RB

Noun, singular, common
Preposition
Verb
Article
Adjective
Determiner
Noun, singular, proper
Conjunction
Verb ‘‘to be’’
Adverb

31464
19080
16031
14921
11367
9968
7052
5896
5808
5380

Table 6
Result of difference word context of BEETAGger.
Word context

Accuracy (%)

3
2
1
1
2
3
1

94.49
94.16
95.64
94.7
94.25
94.0
96.68

word
word
word
word
word
word
word

before (1-1-1-w-0)
before (1-1-w-0)
before (1-w-0)
after (0-w-1)
after (0-w-1-1)
after (0-w-1-1-1)
before and 1 word after (1-w-1)

strated in Fig. 4. It can be inferred from the results of Fig. 4 that BEETAGer algorithm outperforms the other evolutionary
based taggers signiﬁcantly in all data sets.
The obtained results were very competitive when compared with the results of SA [24]. As shown in Fig. 4, SA provides
worse results than any of the evolutionary algorithms. This proves the advantage of the evolutionary approach. The results
obtained for SA are very poor, indicating that SA is not able to solve Pos-tagging problem adequately.
The performance of taggers depends on not only the speciﬁc parameters of each tagger but also some general factors such
as the language, the used corpus (for training and testing), the size of tagset and also the size of training and testing sets [50].
Different corpora and even different subsets of a unique corpus may generate different results due to features such as word
patterns they contain or the percentage of unknown words or the word ambiguity ratio they have. For example experiments
show that the results of testing taggers on Wall Street Journal corpus is usually better than testing the same tagger on Brown
corpus [4]. So although there are interesting results announced on Wall Street Journal (WSJ) such as SVM (97.2%) citeref17,
the traditional Brill (97.0%) and GA (96.63%) [24], we compare our results with those who have reported their work on Brown
corpus or those whose works are re-generated by us in our test environment. In other words, for comparing the performance
of different taggers we should test them in the same environment or rely on the results achieved in situations close to ours.
Even though a great number of researchers have dedicated their efforts to developing or improving POS taggers in the last
few years, the state-of-the-art performance of a single POS tagger (96–97%) still leaves a little room for improvement [51].
Hidden Markov Model (HMM) [8] and Maximum Entropy (MXPOST) [52] taggers are the well-known statistical tagging
methods and Brills model taggers is a conventional transformation-based learning (TBL) method [23]. We also deﬁne a
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Fig. 4. Comparison of the performance of the evolutionary based taggers.

random and the most frequent tag (MFT) baseline on the Brown corpus. The random baseline is calculated by completely
randomly picking one of the tags of each word and it also represents the amount of ambiguity in the corpus. The MFT baseline simply selects the most frequent PoS-tag of each word from the used corpus. If the target word does not exist in the
training set, the MFT baseline randomly picks one of the possible tags of the unknown word.
Fig. 5 presents a comparison between HMM, MXPOST, TBL and our algorithms as well as two standard baselines. As
shown in Fig. 5, we have achieved some improvements in terms of accuracy. In this way, the heuristic nature of harmony
search is shown to be useful for tagging where traditional algorithms have low accuracy. As there are very few parameters
to be tuned in the proposed algorithms, they are very easy to use. In addition, the behavior of them is 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. Some
classical approaches cannot be applied with two more complex contexts because they are designed to search the data
sequence which maximizes the observed data according to a Markov model, i.e., a model in which the current state only
depends on the previous one. If we consider tags on the right hand of the word being tagged, our model is not a Markov
process anymore. This is a strong reason to further researches with evolutionary based approaches [24].
Another key innovation of the proposed algorithms is the ability of tuning free parameters within the metric in order to
optimize them for various languages. It has been successfully applied to English without a priori knowledge other than a
tagged corpus. Compared to state-of-the-art PoS taggers reported up to date in the Brown corpus, it exhibits a very interesting accuracy (over 96. 65% for English on Brown corpus) in the reasonable time. The ﬁnal advantage is that the greedy search
used by the other algorithms can be avoided in the proposed taggers. In each generation of the proposed algorithms a number of possible solutions to the tagging problem are tried. There is the possibility of ﬁnding a solution with less effort than a
greedy search.
5.3. Comparative analysis of our proposed algorithms
In this section we present a number of experiments to compare the performance of the proposed algorithms. The experiments in this section focus on the comparison of the convergence behavior of the proposed algorithms.
5.3.1. The size of the training set
Increasing the size of the corpus being used affects the performance of the proposed taggers in some aspects. Small sized
corpora cannot completely represent the language they are presenting. Therefore, increasing the size of corpus improves the
quality of statistical data in the lexicon which is used in evaluation mechanism and consequently improves the performance
of the tagger. On the other side, by using a larger corpus size, the number of unknown words found in the test set is reduced.
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Fig. 5. Results of different methods.

This allows us to ﬁnd more examples of infrequent words. Fig. 6 shows the occurrence of unknown words versus the size of
the training set. As the ﬁgure shows, the percentage of these words decreases almost exponentially as the size of the training
data grows. To show the effect of increasing the size of the used corpus on the performance of the proposed taggers, we have
trained proposed taggers on increasing amounts of training data from DS2 of Brown corpus. Fig. 7 shows the learning curve
of the proposed taggers, i.e., the accuracy depending on the size of the training data.
The taggers outputs have comparable accuracy growth curves, although the initial growth is much higher for BEETAGger.
The curves for BEETAGger and HSTAGger appear to be leveling out towards the right end of the graph. However, it would
seem that the accuracy level at the optimal size for that context (around 225K words), is a good approximation of the eventual ceiling and it will be saturated further than this size. It is signiﬁcant that the accuracy of the proposed taggers is very
high even with small amount of training data. As we will see, the increase in training set size indeed results in better performance. This phenomenon becomes stronger in the BEETAGger where the accuracy of the estimation (which is used in
both selection and comparison mechanism of the algorithm) is proportional to the word and the tag frequency of occurrence
in the training text. Thus, similar to the all statistical taggers a larger training text can be used in order to minimize the error
rate of taggers. It can be inferred from this diagram that by increasing the size of training corpus the difference between
accuracy values becomes smaller. In this situation, the accuracy of them 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,
accuracy will be increased by increasing 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.

Fig. 6. Percentage of unknown words for various sizes of the training data.
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Though, it may intuitively seem apparent that the larger the training corpus, the better, we must take into account that
only a signiﬁcant increase of the accuracy can justify the increase of the training corpus. In addition, it should be considered
that when the maximum accuracy for that context is reached, further increasing of the size does not improve the algorithm
any more. On the other hand, the increased amount of data also increases time and space requirements.

5.3.2. Convergence behavior
Proposed taggers run with a number of generations, and in each generation a number of possible solutions to the tagging
problem are tried. Our objective is to identify the correct PoS-tag for each word. However, an important question here is how
to determine the number of iterations that give the best result. The convergence behavior of the proposed taggers is demonstrated in Fig. 8. Fig. 8 shows clearly that the value of accuracy to be commensurate with number of iteration. Each of the
algorithms reaches a near optimal solution but the result that is obtained by the BEETAGger is better than the results of the
HSTAGger algorithm. With the same features, BEETAGger algorithm is better than HSTAGger, but the difference is not much,
less than 1% in accuracy. The performed experiments reveal that BEETAGger can obtain the optimal solutions faster than
HSTAGger and it converts to the good solution faster. In other words, the BEETAGger was able to produce optimal solutions
in a reasonable computation time. The preliminary results obtained are considered to be very good.
Our experimental results show that if a constant number of iteration is speciﬁed for all sentences, the optimum solution
may be found at a relatively early generation; nevertheless, many redundant computations will be performed. However,
according to the experimental results, the convergence of proposed algorithms to an optimal solution depends on the length
of solution (sentence), which is the number of its decision variables. Due to that we introduce a new termination criterion.
When the difference between the best and the worst solution in each run is lower than a pre-speciﬁed convergence criterion,
the algorithms are said to have reached to the expected convergence.
Furthermore, because the best tagging in BEETAGger algorithms can be accomplished with a few iteration steps, the best
tagging can be reached with small populations and just a few generations. Experiments show that although HSTAGger works
better than most of the other systems in our study but BEETAGger has better results yet. In the rest of this section we study
the impact of various parameters on the performance of BEETAGger.

5.4. Empirical study of the impact of different parameters on the performance of BEETAGger
In this section we present a number of comprehensive experiments to evaluate the performance of BEETAGger in many
aspects. First of all, we analyze the effect of the size and shape of the context used for ﬁlling the contextual table. Then the
effect of changing the BEETAGger parameters and the parameter of its evaluation function are studied. By studying the effect
of the main factors of BEETAGger on its performance the optimal setting of used parameters is determined.

Fig. 7. The accuracy of proposed taggers on DS2 as a function of the number of tokens of training material.
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Fig. 8. The comparison of the proposed algorithms.

5.4.1. The size of word context sliding window
In our deﬁnition, we used the notion of N-gram by putting a sliding window on words of the sentences to determine the
number of constructive moves in each forward pass. From the hypothesis better use of context will improve the accuracy, we
set up an experiment to ﬁnd out which context is best suitable for BEETAGger. To consider the impact of the length of contexts on the performance of BEETAGger, we have conducted an experiment in which the window size is modiﬁed from one
up to six and computed the accuracy of BEETAGger independently for each N-gram. In this experiment, we only use the word
context surrounding the current word. Results are depicted in Table 6.
It can be inferred from this table, that a window of size one, 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 left hand side contexts such as (1-w-0) leads to a slightly better performance in comparison with considering the right
hand sides. This conﬁrms that the models, which pay more attention to the previous word, may represent the structure of
language better. On this dataset, we found that if we take one word before and one word after the current word, the result is
higher than taking more preceding and succeeding words.
Although it may be considered that larger context window provide more information to BEETAGger, 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 result in predicting the tag of words based on weaker evidences.

5.4.2. Empirical study of BEETAGger parameters
In this subsection, the accuracy of the BEETAGger is investigated under different number of artiﬁcial bees. The results of
the performed tests to demonstrate the effect of changing the number of bees on the accuracy of the BEETAGger on DS2 is
shown in Table 7. Table 5 shows that a small number of bees is adequate to achieve high value of accuracy. This is due to the
fact that in this problem the sentences are tagged one by one and therefore a small number of bees is usually enough to depict the variety of possible tags. On the other hand, smaller number of bees leads to quicker algorithm with lower space
requirements. As larger numbers of bees are more time consuming to ﬁnd the optimal solution in BEETAGger, they are
ignored.
Another observation is the correlation between the number of the bees and the complexity of the sentence to be tagged.
When the sentence is more complicated, the number of its words that has more than one possible tag increases. As a result, a
larger number of bees is required to quickly search for the correct tagging. Therefore, it seems reasonable to deﬁne the number of bees as a linear function of the length of the sentence to be tagged. Our results reveal that setting the number of bees
as three times the length of the sentence (3  jSj) leads to higher accuracy in comparison with others.
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Table 7
Impacts of the number of bees on the performance of BEETAGger.
Number of artiﬁcial bees

Accuracy (%)

5
20
30
jsj
2  jsj
3  jsj
8
10
12

94.8
95.74
95.74
95.15
95.95
96.65
94.92
94.9
95.25

Table 8
Accuracy of BEETAGger for different ﬁtness functions applied on DS1.
References
[21,23,24,45]
[47,48]
[49]
[3,48]
[49]
[49]
The proposed method

Functions to be tested
P
FðsðnÞÞ ¼ ni¼1 log ðPrðti jti1 ; tiþ1 ÞÞ
P
FðsðnÞÞ ¼ ni¼1 log ðPrðwi jt i Þ  Prðt i jt i1 ; t iþ1 ÞÞ


P
FðsðnÞÞ ¼ ni¼1 log Prðwi jt i Þa  Prðti jti1 ; tiþ1 Þb
Pn
FðsðnÞÞ ¼ i¼1 log ðPrðti jwi Þ  Prðt i jt i1 ; t iþ1 ÞÞ


P
FðsðnÞÞ ¼ ni¼1 log Prðti jwi Þa  Prðti jti1 ; tiþ1 Þb


P
i jwi Þ
FðsðnÞÞ ¼ ni¼1 log Prðt
Prðt i Þ  Prðt i jt i1 t iþ1 Þ
!
P
afrag þ apoll
FðsðnÞÞ ¼ ni¼1 log
afrag
apoll
Prðt i jt i1 ;t iþ1 Þ þ Prðt i jwi Þ

Accuracy (%)
91.98
92.12
95.18
95.28
95.89
96.20
96.65

5.4.3. The impact of different functions to compare the partial solution in the BEETAGger
In this subsection various functions are investigated. We have tested these functions and evaluated the results which are
shown in Table 8. The functions used in ([23]) has not considered the lexical probability, which means that the dependency
of the word on its tag has been ignored. As our experiments show using this equation has not led to desired accuracy in BEETAGger, we believe that the lack of lexical probability within evaluation function is a signiﬁcant drawback. In addition, by
comparing the function of [3,47], it has been obtained that the equation of [3] led to higher performance. This is due to
the fact that function of [47] 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 ; Prðt i Þ in equation of [47] becomes extremely
small and difﬁcult to be estimated. As Equation of [49] is equivalent to including the factor Prðti Þ in the equation of [3] and no
signiﬁcant improvement of tagging performance was obtained when equation of [49] was used, we prefer to propose evolutionary tagging model based on equation of [3]. The proposed evolutionary tagging model is a modiﬁcation of the standard
equation of [3] which improves the lexical and trigram tag transition probabilities. As we can see in Table 8, by using the
proposed function, the performance of the BEETAGger increases by 4%–5%.
It has already been demonstrated by several evaluations of metrics that trigram tag transition strongly correlates with the
quality of taggers, and it is thus an extremely important feature component in BEETAGger. On the other hand, our results
demonstrate that to some extent the lexical probability is an important metric in comparing the extracted solutions. Hence,
we assign different weights to lexicon and trigram transition parameters, corresponding to their importance. The effect of
this modiﬁcation on lexicon parameter is that the probabilities of common word-tags are decreased, by means of that making it easier for BEETAGger to choose lexically less probable tags. Therefore, proposed function was ﬁnally selected after
extensive experiments using the described seven equations.
6. Conclusions
This paper proposed schemes to design evolutionary algorithms devoted to tasks concerning statistical PoS-tagging. The
statistical measurements extracted by the stochastic approaches of PoS-tagging provide an appropriate ﬁtness function for
the evolutionary algorithms in a natural way. In this paper the problem of assigning lexical categories to words is studied and
novel algorithms based on harmony search and bee colony optimization named HSTAGger and BEETAGger, respectively, are
proposed. The proposed algorithms are designed by modeling tagging problem as an optimization of an objective function.
The evaluation of individuals is based on a training table comprised of contexts extracted from an annotated corpus. In situations in which there is no appropriate tagged corpus available for training of proposed taggers, 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. An
evolutionary algorithm can be used as the search algorithm for PoS-tagging and can be applied to any statistical model, even

3210

R. Forsati, M. Shamsfard / Applied Mathematical Modelling 38 (2014) 3193–3211

if they do not rely on the Markov assumption which is required in classic search algorithms for tagging, such as the widely
used Viterbi [38]. Our experimental results on different data sets show that the proposed algorithms produce better solutions with high quality considering accuracy measures in comparison with other known algorithms.
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