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Abstract. The present work describes the automatic recognition of named enti-
ties based on language independent and dependent features. Margin Infused Re-
laxed Algorithm is applied for the first time in order to learn named entities for
Bengali language.We used openly available annotated corpora with twelve differ-
ent tagset defined in IJCNLP-08 NERSSEAL shared task and obtained 91.23%,
87.29% and 89.69% precision, recall and F-measure respectively. The proposed
work outperforms the existing models with satisfactory margin.

1 Introduction

Named entities (NEs) have a special status in Natural Language Processing (NLP)
because of their distinctive nature which other elements of human languages do not
have, e.g. NEs refer to specific things or concepts in the world and are not listed in the
grammars or the lexicons. Automatic identification and classification of NEs benefits
in text processing due to their significant presence in the text documents. Named Entity
Recognition (NER) is a task that seeks to locate and classify NEs in a text into predefined
categories such as the names of persons, organizations, locations, expressions of times,
quantities, etc. The NER task can be viewed as a two stage process: a) Identification of
entity boundaries, b) Classification into the correct category. For example, if “Sachin
Tendulkar” is a named entity in the corpus, it is essential to identify the beginning and
the end of this entity in the sentence. Following this step, the entity must be classified
into the predefined category, which is PERSON (Named Entity Person) in this case.

The NER task has important significance in many NLP applications such as
Machine Translation, Question-Answering, Automatic Summarization, Information
Extraction etc. The task of building an NER for Indian languages (ILs) presents various
challenges related to their linguistic characteristics. Some of them are: no capitalization,
unavailability of large gazetteer, relatively free word order, spelling variation, rich
inflection, ambiguity, etc. In this work, we identified suitable language independent
and dependent features for the Bengali NER task and used Margin Infused Relaxed
Algorithm (MIRA) to develop NER system for Bengali.
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2 Related Work

Bandyopadhyay[1] stated that the computational research aiming at automatically
identifying NEs in texts forms a vast and heterogeneous pool of strategies, techniques
and representations from hand-crafted rules towards machine learning approaches.Most
of the previous NER systems are based on one of the following approaches:

– Linguistic approaches
– Machine Learning(ML) based approaches
– Hybrid approaches
The linguistic approaches based NER systems ([2, 3, 4]) typically use hand-crafted

grammatical rules written by linguistics. On the other hand, ML based NER systems
use learning algorithms that require large annotated datasets for training and testing [5].
ML methods such as Hidden Markov Model (HMM) [6], Conditional Random Field
(CRF) [7], Support Vector Machine (SVM) [8], Maximum Entropy (ME) [9] are the
most widely used approaches. Besides the above two approaches, Hybrid approaches
based NER systems [10] combines the strongest point from both the Rule based and
statistical methods.

Mainly, ML and hybrid approaches were used successfully in NER for Bengali
language. The survey by [11] on NER for ILs detailed the various approaches used
for Bengali NER by researchers.

ML-based: [12],[13],[14],[15],[16],[17],[18].
Hybrid-based: [10],[19],[20].
Though a few use of MIRA was noted for English [21], but it has not been used in

NER for any Indian languages till date. This is one of the reasons to use MIRA in this
work.

3 Margin Infused Relaxed Algorithm

Crammer and Singer [22] reported Margin Infused Relaxed Algorithm is a machine
learning algorithm for multiclass classification problems. It is designed to learn a
set of parameters (vector or matrix) by processing all the given training examples
one-by-one and updating the parameters according to each training example, so that
the current training example is classified correctly with a margin against incorrect
classifications at least as large as their loss. The change of the parameters is kept as small
as possible. MIRA is also called passive-aggressive algorithm (PA-I), is an extension
of the perceptron algorithm for online machine learning that ensures that each update of
the model parameters yields at least a margin of one. The flow of the MIRA is depicted
in Figure 1.

Suppose sequence (x̄1, y1), ..., (x̄ t , yt ), ... is the instance-label pairs. Each instance
x̄ t is in Rn and each label belongs to a finite set Y of size k. It can be assumed without
loss of generality that Y = {1, 2, ..., k}. A multiclass classifier is a function H(x̄) that
maps instances from Rn into one of the possible labels in Y. The classifier is in the form
H(x̄) = argmaxk

r=1{M̄r .x̄}, where M is a k × n matrix over the reals and¯M̄r ∈ Rn

denotes the rt h row of M. The inner product of M̄r with the instance x̄ is called the
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Fig. 1. Algorithm (Crammer and Singer [22])

similarity-score for class r . Thus, the considered classifiers set the label of an instance
to be the index of the row ofM which achieves the highest similarity-score.

On round t the learning algorithm gets an instance x̄ t . Given x̄ t , the learning
algorithm outputs a prediction, ŷ = argmaxk

r=1{M̄r .x̄ t }. It then receives the correct
label yt and updates its classification rule by modifying the matrixM. It can be said that
the algorithm made a (multiclass) prediction error if ŷt ̸= ȳt . The goal is to make as
few prediction errors as possible.

We used miralium1 which is the open source java implementation of MIRA.

4 Features

The success of any machine learning algorithm depends on finding an appropriate com-
bination of features. This section outlines language dependent and language independent
features.

4.1 Language Independent Features

Language independent features can be applied to any language including ILs, e.g.,
Bengali, Hindi, Tamil, Punjabi, etc. The following language independent features are
applied to this work.

Window of words: Preceding or following words of the target word might be used
to determine its category. The previous m words and next n words along with target
word are considered to build the window. But, it has been observed that majority of
research works used m = n. Following a few trials we found that a suitable window
size is five with m = 2 and n = 2.

Word Suffix: Target word suffix information is very helpful to identify NEs espe-
cially for highly inflectional languages like ILs. Though the stemmer or morphological
1 https://code.google.com/p/miralium/

https://code.google.com/p/miralium/
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analyzer recognizes the suffix properly, but in the absence of those fixed length suf-
fix can be used as a feature. We used four fixed length suffixes of length 5, 4, 3 and 2
respectively.

Word prefix: Target word prefix also can be used like prefix feature. We used four
fixed length prefixes of length 5, 4, 3 and 2 respectively.

First word: First word of a sentence can be used as a feature because in most of the
languages the first word is the subject of the sentence.

Word length: It has been observed that short words are rarely NEs. So, length of
the word may be used as a feature.

Part of Speech (POS): The POS of the target word and surrounding words may be
useful feature for NER. Since NEs are noun phrases, the noun tag is very relevant.

Presence of Digit: Presence of digit in the target word is a very useful feature.
This feature is very helpful to identify time expression, measurement and numerical
quantities. Most of the cases, digit combines with symbols make NEs, e.g., 12/10/2014,
55.44%, 22/-, etc.

4.2 Language Dependent Features

Language dependent features are increasing the accuracy of the NER systems. So, in
most of the experiments they are used along with language independent features.

Clue words: Clue words play a useful role to determine NEs. They occur before or
after the NEs. For example, ‘Mr.’ is most likely present before starting a person name.
Similarly, ‘Limited’ is most likely present after an organization. List of cluewords can be
prepared for NER. In this work, we prepared two clue word lists, namely person clue list
and organization clue list under human supervision from the archive (100 documents) of
an online available widely used Bengali newspaper. Person and organization clue word
lists contain 39 and 53 words. This feature is used as binary feature. If the target word
present in the lists, then the value is set to 1, otherwise 0.

Gazetteers list: Lists of names of various types are helpful for NER. We manually
prepared four lists, namely names of months, names of sessions, Days of a week, names
of units.

5 Experiments

This section describes our study of NER using language independent and dependent
features applying MIRA and comparative study with the existing Bengali NER models.
We considered the same baseline system (i.e., name finder tool) reported in [23] which
is an open source, maximum entropy based and part of OpenNLP2 package. At first,
experiments were performed with language independent features only. Then we used
language independent and dependent features together. It has been observed that the
use of language dependent features increase the overall F-measure (3.12%).

2 http://opennlp.sourceforge.net/

http://opennlp.sourceforge.net/
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5.1 Corpus and Tagset

We used IJCNLP-08 NER on South and South East Asian Languages (NERSSEAL)
shared task data3. The shared task data is tagged with the Tagset4 which consists of 12
NE tags. Corpus statistics, tagset and tagset statistics are shown in Table-1 and Table-2
respectively.

Table 1. Corpus Statistics.

Training Testing
Sentences 6030 1835
Words 112845 38708
NEs 5000 1723

Table 2. NERSSEAL NE Tagset and Statistics.

Tag Name Example Training Testing
NEP Person Bob Dylan 1299 728
NED Designation President, Chairman 185 11
NEO Organization State Government 264 20
NEA Abbreviation NLP, I.B.M. 111 9
NEB Brand Pepsi, Windows 22 0
NETP Title-Person Mahatma, Dr., Mr. 68 57
NETO Title-Object American Beauty 204 46
NEL Location New Delhi, Paris 634 202
NETI Time 10th July, 5 pm 285 46
NEN Number 3.14, Fifty five 407 144
NEM Measure three days , 5 kg 352 146
NETE Terms Horticulture 1165 314

5.2 Results

The performance of the system is evaluated in terms of the standard precision, recall,
and F-Measure as follows:

Precision: P = c
r

Recall: R = c
t

F-Measure: Fβ=1 = 2×P×R
P+R

where c is the number of correctly retrieved (identified) NEs, r is the total number of
3 http://ltrc.iiit.ac.in/ner-ssea-08/index.cgi?topic=5
4 http://ltrc.iiit.ac.in/ner-ssea-08/index.cgi?topic=3

http://ltrc.iiit.ac.in/ner-ssea-08/index.cgi?topic=5
http://ltrc.iiit.ac.in/ner-ssea-08/index.cgi?topic=3
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Table 3. Evaluation for specific NE tags. (NP: Not present in reference data)

Lang. Independent Lang. Dependent
Tag P R Fβ=1 P R Fβ=1
NEP 92.86 89.29 91.04 94.20 91.48 92.82
NED 66.67 36.36 47.06 70.00 63.64 66.67
NEO 73.68 70.00 71.79 78.95 75.00 76.92
NEA 37.50 33.33 35.29 42.86 33.33 37.50
NEB NP NP NP NP NP NP
NETP 82.35 73.68 77.78 83.93 82.46 83.19
NETO 80.95 73.91 77.27 84.09 80.43 82.22
NEL 89.67 81.68 85.49 91.94 84.65 88.14
NETI 84.21 69.57 76.19 88.37 82.61 85.39
NEN 88.89 77.78 82.96 92.86 81.25 86.67
NEM 88.28 77.40 82.48 90.85 88.36 89.58
NETE 87.00 83.12 85.02 88.60 86.62 87.60

NEs retrieved by the system (correct plus incorrect) and t is the total number of NEs in
the test data. Using language independent features, we obtained 89.26%, 82.99% and
86.01% precision, recall and F-measure respectively. Then using language independent
and dependent features, we obtained 91.20%, 87.17% and 89.13% precision, recall and
F-measure respectively. NE tags specific results is shown in Table-3.

Table 4. Comparative Evaluation Results.

Model F-Measure
Baseline ([23]) 12.30%
Karthik et al., 2008 ([20]) 40.63%
Ekbal et al., 2008a ([17]) 59.39%
Saha et al., 2008 ([10]) 65.95%
Ekbal and Bandyopadhyay, 2010 ([24]) 84.15%
MIRA 89.13%

5.3 Comparisons with Existing Systems

The existing Bengali NER systems reported in Table-4 used the same corpus and
evaluation metrics as described in this work; i.e., NERSSEAL shared task data and
evaluation metrics. The obtained results confirms that the proposed system outperforms
the existing models based on CRF, ME, HMM and the best performing existing
SVM-based system by 4.98%. The reasons behind the superior performance of the
proposed system are the better optimization technique of MIRA and its ability to
handle the overlapping features efficiently than the existing systems. Basically MIRA
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does not explicitly optimize any function, so there is no involvement of probabilistic
interpretation. Due to unavailability of experimental data reported in [13, 14, 15] and
[18], we were unable to compare this work with those systems.

6 Conclusions

This paper presents a system based on MIRA for an IL namely Bengali using both
language-independent and language-dependent features. The results show that the
proposed system outperforms the existing systems based on CRF,ME, HMM and SVM.
But this system was unable to identify NEA (i.e., Abbreviation) properly due to our
assumption that short words are rarely NEswhich is not true in this case. Post-processing
with heuristic patterns may be applied for that. As MIRA has been applied to neither
Bengali nor other ILs, so besides improving accuracy one of the notable contributions
of this work is to incorporate MIRA in the NER task of one of the ILs. MIRA may be
used for other ILs to enhance the performance of state-of-the-art NER systems.

The performance of this work may be enhanced further by applying post-processing
with a set of heuristics and Ensemble approaches. Also one of the extension of MIRA,
e.g., AdaGrad may be used to improve further performance of NER systems.
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