
Named Entity Recognition In Assamese using CRFs and Rules

Padmaja Sharma
Department of Computer Science and Engineering

Tezpur University
Assam, India 784028

psharma@tezu.ernet.in

Utpal Sharma
Department of Computer Science and Engineering

Tezpur University
Assam, India 784028

utpal@tezu.ernet.in
Jugal Kalita

AI Lab,Department of Computer Science
University of Colorado at Colorado Springs

Colorado, USA 80918
kalita@eas.uccs.edu

Abstract—Named Entity Recognition (NER) is an
important task in all Natural Language Processing (NLP)
applications. It is the process of identifying and classifying
the proper noun into classes such as person, location,
organization and miscellaneous. Substantial work has been
done in English and other European languages, achieving
greater accuracy compared to the Indian Languages.
Although NER in Indian languages is a difficult and
challenging task and suffers from scarcity of resources, such
work has started to appear recently. This paper discusses
work on NER in Assamese using both Conditional Random
Fields and a Rule-Based approach which gives an F-measure
of 90-95% accuracy.
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I. INTRODUCTION

Identification of proper noun in text is an important
tasks in Natural Language Processing. Recognition and
tagging of Named Entities (NE) in text is an essential
component of tasks such as Information Extraction (IE),
Question Answering (QA) and Automatic Summarization
(AS). NER can be defined as a two-stage problem:
identification of proper nouns and further classification
of these proper nouns into a set of classes such as
person names, location names, organization names and
miscellaneous names. A few conventions for tagging
Named Entities were established in the MUC conferences
(Chinchor et al.[1]). These include ENAMEX for names
(organization, person, location), NUMEX for numerical
entities (monetary, percentages) and TIMEX tags for
temporal entities (time, date, year). For example: consider
the sentence:

Mr. Joseph purchased 100 shares of ABC Corp
in 2012.
Using an XML format, it can be marked as:
<ENAMEX
TYPE=“PERSON”>Mr.Joseph</ENAMEX>
puchased <ENAMEX TYPE=“QUANTITY”>
100 </ENAMEX> shares of

<ENAMEX TYPE=“ORGANIZATION”>ABC
Corp</ENAMEX>in <TIMEX
TYPE=“DATE”> 2012 </TIMEX>

The rest of the paper is organized as follows- Section 2
describes the morphological characteristics of Assamese.
Section 3 describes the key challenges of NER in Indian
languages. Approaches to NER is described in Section 4.
Section 5 describes our work and the results are discussed
in Section 6 and the last section describes the conclusion.

II. SOME CHARACTERISTIC OF AN ASSAMESE
LANGUAGE

Assamese is a morphologically rich language like any
other Indian languages. Although Assamese an Indo-
European language spoken by around 30 million people,
very little computational linguistic work has been done for
the language. It is written using the Assamese script. It
consists of 11 vowels, 34 consonants and 10 digits. There
are no uppercase or lowercase letters in the script. It is
a relatively a free word order language. For example the
sentence

(TF: mAi) (TF: vAt) (TF: KhAlu)
can be written in the following ways also:

1)
2)
3)

In addition, a single root word may have many different
morphological variants such as

(TF: rAmoK) , (TF: rAmoloi) , (TF:
rAmor). In fact, Saharia et al.[14] claims that a noun root
word may have 3,500-6,000 inflectional forms.

III. PROBLEMS IN NAMED ENTITY RECOGNITION AND
KEY CHALLENGES IN INDIAN LANGUAGES

In general NER is a difficult task and faces a number of
challenges. Some of the challenges are enumerated below:-

1) Common noun vs proper noun: A Common noun
sometimes may occurs as a person name such
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as “Surjya” which means the sun, thus creating
ambiguities between common noun and proper
noun.

2) Organization Vs person name: “Tata” is the name
of a person name as well as the name of an
organization, creating ambiguity between proper
noun and group indicative noun.

3) Organization vs place name: The word “Tezpur” can
be used both as an organization and place name.

4) Person name vs place name: The word “Kashi” may
be used as a person name and as the name of a place.

Besides these challenges NER faces additional challenges
in Indian Languages.

• Lack of Capitalization: Capitalization plays a major
role in identifying named entities in English and
some other European Languages. Indian languages
do not have the concept of capitalization. Acronyms
are difficult to recognize in these languages.

• Agglutinative nature - Agglutination adds additional
features in the root word to produce complex
meaning For example, in Assamese, (TF:
guwAHATI) refers to a location named entity
whereas (TF: guwAHATIyA) is not a
named entity as it refers to the people who live in
Guwahati.

• Word Order: Indian languages are free word order
in nature. Most Indian languages have a dominant
word order, but depending upon the context and
emphasis, domain the word order can be violated.
Urdu is such a language. In Tamil, the word order
and sentence structure are semantically oriented and
thus it is only partially free word order. Assamese is
a free word order, yet the predominant word form is
SOV (Subject Object verb).

• Resource Constraint: NER approaches are either
rule based or machine learning. In either case, a good
sized corpus of the language under consideration is
required. Such corpora of significant size are still
lacking for most Indian languages. In English a
number of resources are available, but basic resources
such as parts of speech (POS) taggers, or good
morphological analyzers, for most Indian languages
do not exist or are in research stages. Name lists are
available on the Web in English but such lists for
Indian languages are hard to come by.

• Ambiguity: There exist ambiguities in proper names
in English as discussed earlier. Indian languages face
a more difficult problem since names of persons are
usually dictionary words, unlike Western names. For
example, (TF1:AkAS) and (TF:jon) mean
sky and moon, respectively, in Assamese, but also can
indicate person names. In fact most person names
are dictionary words, used without capitalization.
This creates ambiguities between common nouns and

1(TF:Transliterated form):We consistently use Roman Script for
transliteration from an Indian language to English throughout the paper
(http://www.tezu.ernet.in/ nlp/r2u.htm)

proper nouns. Such ambiguities occur abundantly in
Indian language texts.

IV. APPROACHES TO NER

Three broadly used approaches in NER are:
1) Rule-based
2) Machine-Learning based, and
3) Hybrid approach.

Rule-based NER focuses on the extraction of names
using human made rules. This approach lacks
portability and robustness. One needs a significant
number of rules to maintain optimal performance,
resulting in high maintenance cost. There are several
rule-based NER systems for English providing 88%-
92% F-measure ([2]). The main attractiveness of the
machine learning (ML) approach is that it is trainable
and can be adapted to different languages and
domains. In addition, the maintenance cost is cheaper
than that of the rule-based approach. The main goal
of the ML approach is to identify proper names
by employing statistical models that classify them.
Representative machine learning approaches used in
NER are Hidden Markov Models (HMM) (Bikel et
al.[3]) Conditional Random Fields (CRF) (Lafferty et
al.[4]), Support Vector Machines (SVM) (Cortes and
Vapnik [5]), and Maximum Entropy (ME)(Borthwick
[6]). In addition to these approaches, NER also makes
use of the hybrid model that combines the strongest
points from both rule-based and statistical methods.
This approach is used particularly when data is
scanty. to build an NER system.

V. OUR CONTRIBUTION

NER has made remarkable progress in European
languages but only a limited amount of work can
be found in Indian Languages such as Bengali and
Hindi etc. No work in Assamese NER can be found
till now to the best of our knowledge. Our work
on NER for Assamese language is the first such
work for the language, which is a major Indian
language (Sharma et al.[13], [11], [12]). The NER
identification approach presented here employs a
two-tier combination of a statistical approach and
a rule-based approach. We use Conditional Random
Fields. CRFs are a type of discriminative probabilistic
model used for labelling and segmenting sequential
data such as natural language text or biological
sequences. CRFs represent an undirected graphical
model that define a single non-linear distribution
over the joint probability of an entire label sequence
given a particular observation sequence. CRFs
can incorporate a large number of arbitrary, non-
independent features and are used to calculate the
conditional probabilities of values on designated
output nodes given values on designated input nodes.
Lafferty et al.[4] define the probability of a particular
label sequence y given observation sequence x to be
a normalized product of potential functions, each of
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the form
e(

!
j λjtj(yi−1, yi, x, i)+exp(

!
k µksk(yi, x, i))

where tj(yi−1, yi, x, i) is a transition feature function
of the entire observation sequence and the labels at
positions i and i-1 in the label sequence. sk(yi, x, i)
represent a state feature function of the label at
position i and the observation sequence. λj and µk

are parameters to be estimated from training data.
When applying CRFs to the NER problem, an
observation sequence is a token of a sentence or
document of text and the state sequence is its
corresponding label sequence. CRFs have been used
in NER several Indian languages such as Telugu,
Bengali, Tamil, and Urdu ([7],[8], [9],[10]).
The data used for the training of the model was taken
from the reputed Assamese Newspaper ‘Asomiya
Pratidin’ and ‘Emille corpus’ consisting of 0.15
million word forms.
Our work in Assamese NER using CRFs involves the
following steps.

– The first phase involves using a standard tool
developed at Stanford University, which is a Java
based tool of CRFs for NER.

– The second layer involves post-processing work
the output of CRFs using heuristics or rules.

In the first phase, the collected data is manually
tagged with named entities manually with three
different annotators namely person, location and
organization. The tagged data is in tab-separated
columns e.g., word is in column 0 and its label is
in column 1. We consider three classes of named
entities, namely, person, location and organization.
A word other than a named entity is labeled as NNE.
The system makes use of various features that helps
predict the named entity classes. Gazetteer lists are
also often been used to identify the NEs. The problem
that we have encountered in our experiments is that
CRFs can find only single word named entities but
no multiword named entities. Some post processing
work is performed on the output of the CRFs in order
to assign labels to multiword named entities.
Performing a rule-based analysis on the output of the
statistical analysis, shows improvement in the result.
The following pre-processing steps are performed for
the rule-based analysis-”

– Find the words that belong to a closed class part
of speech in Assamese.

– Prepare look-up table for 5 parts of speech
namely verb, pronoun, conjunction, adjective and
common noun in Assamese.

– Based on this look-up table the output file of the
CRFs is tagged.

A careful analysis has been performed on the POS
tagged corpus and rules have been derived for
identification of named entities. A sliding feature
window F = (Wi − 1, Wi, Wi + 1, Wi + 2) is
used as a feature of NE. We have also developed
several gazetteer lists for use in NER. These include

lists of surnames, organizations, month names,
measurements and suffix lists for location. 2.
Some of the rules that we have derived are:

1) If the previous and the succeeding words are
verbs then the current word is most likely to be
a person name.
Ex- .
(TF: vAt KhAi rAme KheliboLoi goice).

2) If any two/three untagged words in sequence
are preceded and succeeded by a verb then
those untagged words are most likely a person
if the second (and third) word falls under title
category.
Ex- .
(TF:teu goiciL komol deboK koboLoi).

3) If there exist a word like (TF:nogor),
(TF:jiLa), (TF:chAhar), etc., then the

previous word represents a location named
entity.
Ex- , .
(TF:kAmrup jiLa), (TF: soniTpur jiLa),

4) If the current word is a number and the next
word represents a unit of measurement such
as (TF:kiLo) , (TF:gRam) etc then it
represent NE measurement.
Ex- .

5) If the current word is a digit and the following
word is a month name then it represents NE
date.
Ex- (TF: jun).

6) If the current word is a number and the next
word is a month name followed by digit, then
it represent NE date.
Ex- .

7) If two words in sequence are both verbs, then
the previous word is most likely to be a person
name.
Ex- .
(TF: kAmole douRi AhisE)

8) If there exists a suffix like (TF:bAri),
(TF:pur), (TF:Ali), etc, then the current

word is a location named entity. And if the next
word can be found in the organization gazetteer
list, it is considered to be an organization named
entity.
Ex- , .
(TF:soNitpur, tiniAli). Ex-
(TF:Tezpur bishabidyAlay).

9) If there exists a dot between each consecutive
letters then it most likely to be an organization
named entity.
Ex . . .
(TF: b j p).

10) If there exist a prenominal word, it is always at
the beginning of a name. Now jumping over the

2If required we can provide the list in a separate mail when requested
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next word, if the second next word is a title, we
need to search forward until we obtain a value
in the title gazetteer list. Now if the next word
is not is not in a title list, we need to check
if it occurs in the organization gazetteer list. If
yes, we will put an end marked here and whole
word will represent an organization. Otherwise,
we put an end marked in the last title word and
the whole word will represents a person name.

.
(TF:kObi hiRen bhatta).

(TF:kiRori mAl kAlej).

VI. RESULTS

We have used 0.15 million word forms for training
purpose and the testing was done on 0.1 million
words and our system obtained an accuracy of 83%
using only Statistical approach, i.e. CRFs and using
both the combined approach our system gives an
improvement to 93.22% F-measure shown in Table
I.

Table I
COMPARISON WITH OTHER LANGUAGES

Language F-measure
Hindi 94%
Bengali 85%
Telugu 90%
Kannada 87%
Ours 93.22%

VII. CONCLUSION

NER in Assamese is a challenging task. In this
paper we develop an Assamese NER using CRFs
and rules. Use of CRFs helps avoid the label bias
problem. Taking into account different features of
the Assamese language, and adopting a combination
of strategies gives improved results compared to the
individual approaches. There is scope for considering
more features, beyond what have been considered
in our experiments, to get better results. We have
encountered some challenges in our language such
as ambiguity exists between a proper noun and the
other POS which makes it difficult to identify the
Named Entities which can be future work for other
researchers.
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