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Abstract:

Applications based on natural language processing (NLP), have uplifted the living standards of
humans in recent times. However, the lack of annotated corpora and other digital resources
poses some significant challenges to design a highly accurate NLP applications in most of the
languages in this world. Bigrams and trigrams of characters are vital components of words and
can be useful while designing NLP applications specially for languages with limited resources.
This paper reports an analysis of the bigrams and trigrams of characters in Assamese language.
It also presents a method to design parts of speech (POS) tagger for Assamese and proposes a
framework to classify words as per their POS tags based on the frequency of character bigrams
and trigrams. The paper also demonstrates the effectiveness of the method with the help of
experimental results. The methods are applicable to any language, but experiments discussed
here are based on Assamese language. Even though the accuracy is not very high, but the results
are satisfactory in comparison to limited size of required training data.
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1. Introduction

One of the key developments in computing technologies is natural language processing (NLP).
It is primarily concerned with the development of methods that enable computer systems to
understand, process, and generate natural languages [1]. It focuses on applications, such as
speech recognition, language translation, sentiment analysis, and emotion detection. Most of
the NLP applications are available in some specific languages like English that are rich in digital
resources. Such applications work with considerably high accuracy because the most of the
popular methods perform better with large amount of training data. With limited research and
limited available resources in digital form, the benefits are not visible in case of most of the
languages spoken by a large population of people in the world. Therefore, it is very much
important that researchers contribute towards developing methods to work with limited
resources. Using the hidden characteristics of language features often prove to be useful in such
cases. Bigram and trigram combinations of characters in a word represent very important
characteristics of a word. This paper contributes by analyzing the frequency of bigrams and
trigrams on a low resource Assamese language, which is a low resource language with limited
resources in digital form. The paper also proposes a framework to implement a POS tagger
based on the frequency of character bigrams and trigrams in a word. TPOS tagging is an
essential phase for subsequent processing of text in many NLP applications.

2. Literature survey
Bigrams of characters and bigram-based process models have been used for text classification
by researchers in recent times [2] [3]. N-gram-based word recognition methods have been used
recently for Polish, which is a representative of West Slavic languages [4]. Researchers have also
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assessed the performance of using character trigrams for sentiment analysis and text
classification in the Arabic language [5]. Research in the Assamese language has also been
conducted recently to understand the effect of using characters and bigrams of characters with
deep learning models in the Assamese language [6] [7]. The literature survey of POS tagging
reveals some of the popular methods for POS tagging. Some of them are briefly outlined below:
Rule-Based Method: A rule-based POS tagger depends on already defined rules. These rules
usually vary from language to language. Implementing such a rule-based approach requires
linguistic experts.

Naive Bayes Classifiers: It is a probabilistic technique that uses probability theory and Bayes’
theorem to determine the tag of elements. It helps to determine the possibility of a word
belonging to a particular tag. Khurana et al. [8] reported that Naive Bayes Classifiers are
excellent choices for tasks like POS tagging, segmentation, translation, word sense
disambiguation, document identification, opinion mining, etc.

Hidden Markov Model: HMMs are like Legos when it comes to computational sequence
analysis, as stated by Eddy [9]. [t is a prevalent approach for POS tagging and speech recognition.
The HMM uses three entities: outputs, transitions, and states. In the case of POS tagging, states
are tags, outputs observed are the words, and transitions happen from one state to another.
Martinez [10] stated that it is necessary to train such a model on a massive training dataset to
obtain high accuracy. Hidden Markov Models are very popular among researchers involved in
designing POS taggers. They perform better than rule-based methods and some other
conventional machine learning approaches.

Neural Network and Deep Learning: The popularity of neural networks has recently achieved
new heights in many fields, and POS tagging is also not an exception. Before 2010, most NLP
tasks were performed using conventional techniques. However, the use of neural networks
soon started changing the dynamics due to their capability of learning multilevel features.
However, these approaches cannot be applied effectively to low-resource languages (LRLs) due
to the lack of quality digital texts available for training. Most of the new methods that are
proposed in fields like machine translation (MT) work only with more training data [11] [12]
[13]. King [14] reported that when these same techniques are used on LRLs with few resources,
the results are often not satisfactory. It is important, therefore, to work on methods that require
minimum labeled datasets so that they can be applied on LRLs. One of the popular LRLs, widely
spoken across Assam and its neighboring states in India, is the Assamese language. Recently
significant research works have been initiated for processing low-resource languages like
Assamese [15] [16] [17] [18]. This paper focuses on attempts to achieve a better recognition
rate for parts of speech tagging of words with limited digital resources for training the model.
The method is applicable to any language, but the experiments discussed here are based on
Assamese language.

3. ASSAMESE DATASET
Alabelled Assamese dataset has been developed in-house from a large collection of 20 text files
from different genres, including stories and novels, history, law, science, music, drama, monthly
magazines, political science, reviews, and jokes. The Assamese dataset contains 5,421 sentences
consisting of 81,244 words. The words are categorized into the following basic POS tags in

Assamese: TRUFy (Noun)’, RO (Adjective)’, SENTY (Pronoun)’, "SI (indeclinable)’ and
a3 (Verb)'. The dataset reveals that most of the words in Assamese are the nouns. The verbs
and adjectives are the next two most frequent tags.

< The Vowels in Assamese: There are eleven (11) vowels in Assamese. They are :
TEEIHTCAAL 83
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« The Consonants in Assamese: The consonants in Assamese are:

S A3 4 Sdg 2
M2 2 s

)

LY %M 3Gl STal Y
G A a4 &2 okl
s Mool Gl ol ol

Jo

4. Character bigrams and character trigrams in Assamese

Character bigrams are formed with sequences of two consecutive character symbols from the
alphabet. Similarly, character trigrams are formed with sequences of three consecutive
character symbols from the alphabet. Like many other languages, the Assamese alphabet
consists of vowels, consonants, and numeric symbols. The frequency of character bigrams and
trigrams serves as a vital parameter for any language, reflecting many hidden characteristics of
the language. This can be helpful for word classification. The Table I illustrates this with the help
of some of the common Assamese words along with their corresponding bigram and trigram
character combinations.

Table-I: Bigram and Trigram of characters for ten common Assamese words

Assamese Word Character Bigrams Character Trigrams
MR O, AN NMER

R AT, oI, o, R I, oI, 4R

e 9l «Te wle]

{49 99,949 <99

il LA 9, &

b b, P bp

k! %, 51 [REal

The Table-II below briefly describes the distribution of some of the character bigrams across

basic Assamese POS tags.

Table-II: Distribution of Character Bigrams Over Assamese Tags

Bigram- | fT*ray fRTorey R fa
POS

<P 0.18 0.00 0.00 0.00 0.82

K 0.00 0.00 0.00 0.00 1.00

Y 0.86 0.00 0.00 0.00 0.14

Y 0.88 0.00 0.00 0.00 0.12

£ 0.29 0.00 0.00 0.00 0.71

3y 0.10 0.00 0.50 0.00 0.40

Y| 0.50 0.00 0.33 0.00 0.17
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3 0.00 0.00 1.00 0.00 0.00
N 0.80 0.00 0.00 0.00 0.20
39 0.27 0.67 0.04 0.00 0.01
B 0.54 0.00 0.03 0.00 0.42
B 0.00 0.00 0.00 0.00 0.00
B 0.50 0.00 0.00 0.00 0.50
FH 0.93 0.00 0.00 0.00 0.07
& 0.07 0.13 0.02 0.47 0.31
El 0.64 0.11 0.02 0.09 0.14
* 0.45 0.03 0.20 0.00 0.32
9 0.94 0.00 0.00 0.00 0.06
o 0.68 0.00 0.00 0.00 0.32
%) 0.15 0.31 0.31 0.00 0.23

Table - II shows only a few selected samples of the possible bigram combinations of Assamese
characters over POS tags. Similar analysis for other character combinations are also
performed. Such a table contains critical information on words being assigned to a particular
POS tag.

5. Methodology for Bigram trigram extraction and parts of speech tagging
Algorithms are proposed to extract the possible combinations of character bigrams and character
trigrams. An ordered sequence of characters of a specified length can play a significant role in
determining the POS tag of the word. Rules can be defined based on the frequency of bigram or
trigram sequences of characters to determine the POS tag of a word. The following is a framework
of N-gram-based algorithms that employs a character-level n-gram-based approach for
predicting Parts of Speech (POS) in Assamese. The framework is effective even for low-resource
languages where the size of annotated corpus is limited. The overall process consists of four key
algorithms described below.

Algorithm 1: Character Bigram and Trigram Extraction
Objective: Generate all possible bigram and trigram character sequences from a given word.
Input: A word W consisting of n characters
Output: Lists of Bigrams(W) and Trigrams(W)
Procedure:
Step A.  Initialize empty lists BIGRAMS and TRIGRAMS.
StepB. Fori«<Oton-2:
append substring Wi : i+2] to BIGRAMS.
StepC.  For i « 0 to n - 3:
append substring W[i : i+3] to TRIGRAMS.
Step D. Return BIGRAMS, TRIGRAMS.
For Example:
For W = “Y<49”,
BIGRAMS = [“¥<”, “S9"],
TRIGRAMS = [“H4]"].

Algorithm 2: N-gram — POS Fraction Distribution
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Objective: Build a table representing the fractional distribution of each n-gram (bigram or
trigram) across POS tags.
Input:
e List of training words W[1..N]
o Corresponding POS tags T[1..N]
e N-gram length k (2 for bigram, 3 for trigram)
Output: Fraction table F where each row (n-gram) stores fractional probabilities across POS
tags, total summation X, F(n-gram, p) = 1.0.; Table F2 for bigrams; F3 for trigrams
Procedure:
Step A.  Initialize count[n_gram][pos] « 0.
Step B.  For each (W;, Tj) in training data:
Forj « 0 to len(W;) - k:
ng < Wifj : j+k]
count[ng][T;] +=1
Step C.  For each ngin count:
total « X, count[ng][p]
For each POS p:
F(ng, p) « count[ng][p] / total

StepD.  Add column Total = 2, F(ng, p)  1.0.
Result: Table representing P(POS | n-gram), used later for inference.

Algorithm 3: POS Prediction from N-gram Distributions
Objective: Predict the most probable POS tag for an unseen word using the learned bigram and
trigram fraction tables.
Input:
e Testword W
e Fraction tables F, (bigrams) and F3 (trigrams)
e Set of POS tags POS
e Equal weights a =3 =0.5
Output: Predicted POS tag for W.
Procedure:
Step A.  Extract B « Bigrams(W) and, iflen(W) = 3, T « Trigrams(W).
Step B.  For each pos € POS:
Sz[pos] « X_{beB} log(F:[b][pos] + €)
Iflen(W) = 3:
Ss[pos] « Z_{t€T} log(Fs[t][pos] + €)
StepC. Iflen(W)=3:
Score[pos] « a-(Sz[pos]/|B|) + B-(Ss[pos]/|T])
Else Score[pos] « S;[pos]/|B].
Step D.  Return POS* = argmax(Score[pos]).

Notes:

o ¢isasmall smoothing constant (e.g.,, 107°).

o If word length < 3, only bigrams are used.

e Both n-gram sequences contribute equally to the decision.

Algorithm 4: Evaluation and Accuracy Computation
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Objective: Measure model performance for different train/test splits by comparing predicted
and actual POS tags.

Input:

Training and test sets
Predicted vs. actual POS labels

Output: Accuracy metrics for known, unknown, and overall words.

Compute Detected Correct and Detected Wrong.

Separate known (seen in training) and unknown (unseen) test words.

Unknown Accuracy = (Unknown Correct / Unknown Total) x 100
Known Accuracy = (Known Correct / Known Total) x 100
Overall Accuracy = (Total Correct / Total Test Words) x 100

Procedure:
Step A.  Count total words in train/test sets.
Step B.
Step C.  For each category:
Step D. Compute accuracies:
Step E.  Summarize results across multiple train/test ratios.

Table-III shows a summary of the proposed framework

Table -I1I: Summary of the Framework

Phase Algorithm Role

Pre-processing Algorithm 1 Generate character bigrams/trigrams

Training Algorithm 2 Build fractional n-gram—POS tables

Prediction Algorithm 3 Determine most probable POS for unseen word
Evaluation Algorithm 4 Compute accuracy and performance metrics

5. Results and Discussion
The framework is implemented on small subsets of the Assamese dataset to check how it
performs with minimal training. The results are outlined in Table- IV.

Table-1V: Results

Metric Performance | Performance | Performance | Performance
Train/Test Size Ratio 50/50 80/20 80/20 80/20
Size of Train Set (no. of words) 2100 3360 3360 6720
Size of Test Set (no. of words) 2100 840 840 1680
Total Unknown Words 950 258 258 995
Unknown Words Detected Wrong 745 193 178 524
Unknown Words Detected Correctly 205 65 80 471
Total Known Words 1150 582 582 685
Known Words Detected Wrong 447 170 144 101
Known Words Detected Correctly 703 412 438 584
Total Wrong Words 1193 363 321 624
Total Words Detected Correctly 907 477 519 1056
Unknown Accuracy 21.54% 25.18% 31.18% 47.37%
Known Accuracy 61.11% 70.72% 75.27% 85.29%
Overall Accuracy 43.21% 56.73% 61.73% 62.83%

The performance of the proposed framework of bigram and
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taggers was found to be satisfactory. The experiments were conducted under four different
train-test subsets of small datasets divided into training sets and testing sets with ratios of
50:50, 80:20, and 80:20, respectively. Each of the experiments evaluated the performance on
both known and unknown words. Known words are the words that appear during training the
model or during configuring parameters. Unknown words are the ones that are not encountered
while training the model. The results indicate that the methods perform well for known words
but struggle with unknown words, which is expected with limited resources in the case of low-
resource languages. However, since character bigrams and trigrams of an unknown word may
be parts of some known words used during training, their usage is helpful in determining the
POS tag of a word. The framework shows promising results for character-level POS tagging in
Assamese, even with limited labeled data. This can be integrated with other methods to obtain
better results.

6. Conclusion

This paper analyzes bigram and trigram of characters in Assamese language. Since bigram and
trigram characters are important features for word classification, their usage in Assamese
language can be explored in future for many NLP applications. Bigram and trigrams also represent
many hidden characteristics of a particular language. This paper proposes the idea of using
character bigrams and trigrams to improve the effectiveness of Parts of Speech (POS) taggers. It
can be used to address the limitations posed by limited annotated resources for low-resource
languages like Assamese. The bigrams and trigrams of characters form the basic syntactic
structure of a word. These structures are closely related to structures, meaning and other
properties of a word. Therefore, proper use of them can enhance the efficacy of the NLP
applications. In the future, the researchers can integrate other models with this framework for
achieving better performance.
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