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ABSTRACT

Sentence similarity plays a key role in text-processing related research such as
plagiarism checking and paraphrasing. So far, only conventional unsupervised
sentence similarity techniques such as string-based, corpus-based, knowledge-based,
and hybrid approaches have been used to measure sentence similarity for Tamil and
Sinhala languages. In this research, we introduce a Deep Learning methodology to
measure sentence similarity for these two languages, which makes use of Siamese
Recurrent Neural Networks techniques together with a word-embedding model as the
input representation. This approach achieved a 3.07% higher Pearson correlation
coefficient for the Tamil dataset of 2500 sentence pairs and a 3.61% higher Pearson
correlation coefficient for the Sinhala dataset of 5000 sentence pairs. Both these
results outperform that of the conventional unsupervised sentence similarity

techniques applied on the same datasets.

Keywords - Sentence-similarity, Sinhala, Tamil, Siamese neural network, LSTM,
deep-learning, fastText, natural language processing
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1. INTRODUCTION

Measuring the similarity of sentences is the basis for many text-processing related
research and applications [1]. The sentence similarity must determine how close two
sentences in a pair are in surface proximity (lexical similarity), as well as in meaning
(semantic similarity). An efficient sentence similarity technique should be able to
ascertain the semantic similarity of sentences, even if they differ in the surface

(lexical) form.

Conventionally, sentence similarity is measured using techniques such as string
based, corpus based, knowledge based and some simpler similarity measurement
techniques that make use of features such as word-order and word-length [2, 3]. To
determine the similarity of words, knowledge-based similarity measurement
approaches are utilized to acquire information from semantic networks (e.g.,
WordNet) or lexical resources. To measure semantic similarity between words,
corpus-based similarity measurement techniques use information from really massive
corpora. In addition, analyzing the co-occurrence of words in a large corpus helps to
accurately assess the similarity between these words. String based comparison focuses
on character composition and string arrangements. String based method uses two
types of similarity measures: character based similarity measures and term based
similarity measures. Other similarity measures consider word order and word length

information alone with other techniques [4].

1.1 Problem and Motivation

Tamil and Sinhala are the official languages of Sri Lanka, which are currently used by
a population of over 21 million in Sri Lanka and over 93 million all over the world.
The amount of information available in the text format of both languages is rapidly
increasing. Thus, natural language processing (NLP) applications are progressively
becoming more important and play a crucial role in facilitating the retrieval and

analysis of these data.

Numerous techniques are available for sentence similarity measurement. However,
quite a few conventional techniques experimented with Tamil and Sinhala languages.
Yet the performance of such techniques is considerably low for these languages.



String-based similarity techniques are not able to capture the semantic similarity of
sentences. Conversely, Corpus-based similarity techniques are domain-dependent,
and knowledge-based methods rely on handcrafted dictionaries. Due to the limitations
in these techniques, many preceding research works have combined two or more
similarity methods to form a hybrid similarity measurement technique to obtain a
higher accuracy [2, 3, 5, 6]. These methods calculated semantic similarity between

sentences, and the output sequence was used to evaluate sentence similarity.

Kadupitiya et al. [2] and Anutharsha et al. [3] have reported sentence similarity
measurement using a hybrid technique for short sentences in Sinhala and Tamil
languages (respectively). This research uses a hybrid approach that combines
semantic similarity (similarity information of knowledge base and corpus statistics)
techniques [5]. Due to the incompleteness of semantic networks or lexical resources
and large corpora, short sentence similarity measurement models for Tamil and
Sinhala languages have yet to reach the stage of proliferation demonstrated by other
languages. These hybrid approaches perform better compared to other conventional
similarity techniques, yet their performance is considerably lower than that of the

more recent sentence similarity measurement techniques.

More specifically, all the recent sentence similarity techniques are based on Deep
Learning. These include ConvNet [7], skip-thoughts [8], Tree-LSTM [9], BiLSTM
[10], Self-Attention-based BiLSTM [11], and MaLSTM [12]. These techniques have

shown very promising results for languages such as English and Chinese.

1.2 Problem Statement

In this research, we focus on how to use Deep Learning-based techniques to measure
the sentence similarity for low-resourced language short sentences, focusing on Tamil

and Sinhala languages.

1.3 Overall Objective

The objective of this research is to identify an effective approach that uses Deep
Learning techniques to improve the accuracy and performance of the short sentence
similarity measurement techniques for low resourced languages, specifically focusing

on Tamil and Sinhala languages.



1.4 Research Contribution

My research has contributed to the natural language text-processing domain and
presented a Deep Leaning technique for measuring sentence similarity for low-
resourced languages, focusing on the Tamil and Sinhala languages. It particularly

focused on the short sentence similarity problem.

1.5 Report Structure

The remainder of this report is structured in the following manner. The fourth chapter
examines the literature on the subject. This contains the details of the general sentence
similarity measurement methods and previous work in the areas of short sentence
similarity measurement for Tamil and Sinhala languages. The fifth chapter presents
the research methodology. The sixth chapter completes the report and reveals future

enhancements.



2. LITERATURE REVIEW

The resemblance between two sentences or expressions of the same context is defined
as sentence similarity or text similarity measurement. In the literature, there are many

approaches utilized to measure the similarity between sentences.

The common approaches used for sentence similarity range from simple word-vector
dot products to pairwise classification, and more recently, deep neural networks [13].
The following sections give brief explanations for the most used methods.

2.1 String based similarity

String based similarity measurement performs on a string’s sequences and character
structure that can measure the similarity using approximate string matching or
comparison between a pair of text strings [14]. String-based methods are simple to
calculate, but they do not capture semantic similarity. String matching can be used to

determine the similarity of words in a variety of ways.

String based similarity techniques are mainly broken down into the following

categories (as shown in Figure 2.1):

e Character based similarity measures techniques

e Terms based similarity measures techniques
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Figure 2.1: String based similarity measurement techniques [14]

2.1.1 Character based similarity measures

This similarity measurement technique is used to calculate the similarity between
characters in the text, and the output of this process is to convey the similarity
between text. The following subsections give brief explanations for the most popular

methods.

Longest Common Substring (LCS) [15] is used to discover the lengthiest common
substring between two strings. In other words, measure the similarity between two
dependent strings on the length of the adjoining characters sequence that exists in the

two strings.

For example, if s; = ‘substring’ and s, = ‘string’, then the longest common substring

of sy and sz is ‘string’



Levenshtein distance (LD) [16] is a string-based similarity measure and operates
between two strings. In other words, the LD between two words is determined by the
total number of single character edits (substitutions, insertions, or deletions) needed to

turn one word into the other word.
Let two strings a, b, and length of a = |a| and length of b = |b];

The equation for calculating Levenshtein distance lev, ,(|al, |b|) is given below:

max(i, j) if min(i,j) =0,
lm”_u b{i - l'J) +1
lev, (i, 5) = _ R . .
eva (%, 5) min ¢ levyy(i,j—1) +1 otherwise. (2.1)
levﬂ:h{i — 1,3" — 1) -+ 1(“;?%‘)

Damerau Levenshtein distance (DL) [17] is described as the smallest number of
acts necessary to change one string into another. A single character may be added,

omitted, or substituted, or two adjacent characters can be transposed.

To express the DL distance between strings a and b; function d, , (i, j). The equation

can be written as:

0 ifi=j=0 (2.2)
dop(i—1,7)+1 ifi >0
dyp (3, 4) = min dap(d,j—1)+1 ifj>0
Eia:(.{i—l,j—l)-!-l(ﬂﬁg;,j] ifi,j=0
dap(i—2,j—2)+1 ifi,j > 1 and ali] = b[j — 1] and afi — 1] = b[4]

For example, Distance between ZX and XYZ. The Damerau-Levenshtein distance LD
(ZX, XYZ) = 2 because ZX — XZ — XYZ

Jaro Similarity [14] is a similarity metric that evaluates the similarity of two strings
based on the amount and order of common characters. If the Jaro distance score is

high, then it indicates two strings are more similar.

Jaro-Winkler similarity [14] is an enlargement of Jaro distance and also commonly
used for examining the similarity between two strings. It is a similarity measure,
rather than a distance measure; the Jaro-Winkler similarity value simply indicates that

both strings are more similar.

Needleman-Wunsch Similarity [14] is based on dynamic programming and used in
biological string sequence comparison. It finds the best arrangement in the entire

string sequence of the two string sequences by performing a global alignment. This



method works well when two string sequences are similar in length and have a high

level of overall similarity.

Smith-Waterman Similarity [14] is also based on dynamic programming. It finds
the best arrangement over the protected domain of two string sequences by
performing a local alignment. It is beneficial for heterogeneous sequences of string,
which are assumed to comprise similarity regions or similar sequence of string motif

regions in their more string sequence perspective.

N-gram Similarity [14]: This method evaluates the n-grams from every word or
character in a pair of strings. The similarity is calculated by dividing the number of
related n-grams by the number of n-grams with the highest number of n-grams.

Gestalt Pattern Matching [18]: It is a string matching-based similarity approach for
determining how similar two strings are. This method divides the cumulative number
of characters in both strings by twice the number of identical characters. Recursively,
the matching characters are defined as the LCS plus the number of matching

characters in both sides of the LCS's non-matching regions.

2.1.2 Term-based Similarity Measures

Term-based similarity measurement is based on the semantic relationships between
terms to express the similarity between text. The following subsections give brief
explanations for the most popular Term based similarity methods.

Manhattan distance [19] calculates the distance between two data points (shown in

Figure 2.2) as the sum of the differences between its corresponding components.
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Figure 2.2: Manhattan distance for similarity measures.

Let A (x;,y,) and B (x,,y,) are the data points and the following equation is used

for calculating Manhattan distance between A and B:

Manhattan distance = (|x, — x1| + |y, — 1) (2.3)

Hamming distance [20] is used to compare two binary formats of strings (shown in
Figure 2.3). When comparing two binary equal length strings, the Hamming distance
is the number of bit positions of two different bits. When data is communicated
through a computer network, it is used for error detection or error correction. It is also
used to compare equal-length data in information coding theory.

Figure 2.3: Hamming distance for similarity measures

Euclidean distance [21] is the straight line distance between two data points in vector

space, as shown in Figure 2.4.
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Figure 2.4: Euclidean distance for similarity measures

Let A (x1,y1) and B (x,,y,) are the data points and the equation for calculating

Euclidean distance between A and B is given as below:

Euclidean distance = /Y™, (x; — y;)? (2.4)

Cosine similarity [14] is the cosine angle between two data points in a multi -

dimensional vectors space, as shown in Figure 2.5.

Item 2
X

Item 1

Cosine Distance

X1
Figure 2.5: Cosine similarity for similarity measures

The equation for calculating Cosine distance between Iteml and Item2 is given as
below:



A.B Yiv1Ai X Bj
lall < IBIl ) n p2
Y= A7 X |Xi=1 Bj

Jaccard Similarity /coefficient [22] defines the level of similarity between two sets

Cosine distance = (2.5)

of data. It is computed by multiplying the intersection’s size by the union's size of two
sets, as shown in Figure 2.6. The equation (2.6) shows methods for calculating the
Jaccard similarity.

Figure 2.6: Jaccard similarity for similarity measures

L |A N B|
Jaccard Similarity =

AU D] (2.6)

Sgrensen Dice coefficient [23] is a statistical method to compare two samples to see
how close they are. The following equation is used to calculate the Dice’s coefficient.

2|An B|
|A] + |B|

Dice’s coefficient = 2.7)

Simple Matching Coefficient (Rand similarity coefficient) [14] is a very simple
strategy used to assess the similarity and variety of sample sets. The equation for

calculating SMC is give as below:

_ number of matching attributes

SMC =

(2.8)

number of attributes

Overlap Coefficient [14] is defined as the size of the intersection divided by the
smaller of the two sets' sizes, as indicated in the following equation. To put it another

way, it is a measurement of the overlap between two sets of data.

10



The size of the intersection divided by the smaller of the two sets' sizes is known as
the Overlap Coefficient, as shown by the following equation. In other words, it is the

measurement of the overlap between two sets.

|A N B

Overlap coefficient = ——
P Min(|Al|B|)

(2.9)

2.2 Corpus based similarity

Corpus based similarity [14] calculates the similarity between words corresponding to
information obtained from larger Corpora. Figure 2.7 shows the branch of corpus
based similarity measure methods.

Hyperspace Analogue to Language (HAL) ]
p

Latent Semantic Analysis (LSA) - Generalized Latent Semantic Analysis (GLSA) ]
- J
I

Explicit Semantic Analysis (ESA) - Cross-language explicit semantic analysis (CLESA)]
. J

Corpus Based }

I
Pointwise Mutual Information - Information | Second-order co-occurrence pointwise mutual
Retrieval (PMI-IR) information (SCO-PMI)

L

N B R N

Normalized Google Distance (NGD) ]

P
DIStributionally similar words using FLDISCCH )
IS
COoccurrences (DISCO) U biscoz
. y

Figure 2.7: Corpus based similarity measurement techniques [14]

HAL (Hyperspace Analogue to Language) [24] uses word co-occurrences to
construct a semantic space. Each matrix unit is a word-by-word matrix, indicating the
strength of the relation between the row and column words. The operator of the
algorithm will then determine whether or not to hold the low-entropy column in the
matrix. The emphasis words are inserted at the start of the ten words window while
processing the text, which documents the adjacent words that are considered as co-
occurring. The co-occurrence is weighted in inverse proportion to the distance of the
same target term, and the matrix value is cumulative. Neighboring words are
weighted higher since they are assumed to represent the semantics of the target term.
HAL additionally maintains word order by treating co-occurrences differently

depending on whether they appear after or before the target word.

11



LSA (Latent Semantic Analysis) [25] is a widely used similarity based on corpus
statistics information. The Latent Semantic Analysis method believes similar-meaning
words will appear in similar-messages. A large section of text is used to create a
matrix containing the word count of each paragraph (rows represent unique terms, and
columns represent each paragraph). The Singular Value Decomposition (SVD)
mathematical procedure is used to minimize the number of columns while
maintaining the similarity structure among rows. The cosine distance measure is used

to compare terms.

GLSA (Generalized Latent Semantic Analysis) [13] This method is mainly used for
calculating text vectors and term vectors that are semantically inspired. It builds on
the work of LSA [25] by relying on term vectors rather than the double representation
of document terms. It includes a dimensionality reduction process and a test of
semantic correlation between words. Any similarity calculation on the term space can
be combined with appropriate dimensionality diminution method in the GLSA
approach. The weights in the linear mixture of term vectors are calculated using the

standard term text matrix in the final process.

ESA (Explicit Semantic Analysis) [13] is a metric for calculating the textual
similarity between pairs of texts. Words (or sentences) are described as high-
dimensional vectors in the Wikipedia technique, with each vector element showing
the TF-IDF weight between the term and one Wikipedia article. The cosine similarity

between the respective vectors reflects the semantic relatedness of two words.

CL-ESA (Cross Language - Explicit Semantic Analysis) [13] is a multilingual
generalization of ESA. CL-ESA uses a document-associated multilingual reference
list such as Wikipedia to represent a text as a language independent definition vector.
The cosine resemblance between the respective vector representations is used to

evaluate the relatedness of two documents in various languages.

PMI-IR (Pointwise Mutual Information - Information Retrieval) [26] This
method is mainly used for calculating the likelihood of two terms being identical. It
calculates the odds using the “AltaVista's Advanced Search” query syntax. The higher
the PMI-IR similarity ranking, the more likely two words appear near each other on a

web page.

12



SCO-PMI (Second order Co-Occurrence - Pointwise Mutual Information) [13]
This method measures the semantic similarity that ranks the important neighbor word
lists of target words pairs from a huge corpus based on point-by-point mutual
knowledge. SOC-PMI has the advantage of calculating the resemblance between two
terms that exist infrequently since they occur at the same time including the same

adjacent words.

NGD (Normalized Google Distance) [13] is a different way for obtaining semantic
similarity statistics based on the amount of Google hits for a set of keywords. In
Google distance units, words with comparable or equal meanings in natural language

tend to be "near,” and words with distinct meanings tend to be "far".

DISCO (Distributionally similar words using co-occurrences) [14]: Words with
similar meanings appear in similar ways, according to distributional similarities. To
determine distributional similarity, large text sets are statistically evaluated. DISCO is
a tool for measuring distributional similarity between terms by counting co-
occurrences using a basic background window of size 3 words. When DISCO
calculates the precise similarity between two keywords, it does so by obtaining their
word vectors from the indexed data. DISCO returns the second order word vector for
the provided word when the most distributionally near word is requested. The two

most common resemblance measures are DISCO1 and DISCO2.
e DISCO1: Based on their collocation sets, this function calculates the first-

order similarity of two input terms.

e DISCO2: Based on their sets of distributionally related terms, this function

estimates the second-order similarity between two input word.

2.3 Knowledge Based Similarity

These approaches are mostly used to assess similarity using semantic network
information [27]. The WordNet [28] is a widely used semantic network in knowledge-
based techniques for determining similarity. Figure 2.8 shows the Knowledge-based

similarity measure techniques.

13



2.3.1 WordNet

WordNet [28] is a lexical database of semantic relationships between words in
English. WordNet links words into semantic relations including synonyms,
hyponyms, and meronyms. Cognitive synonyms (synsets) are collections of nouns,
verbs, adjectives, and adverbs that, each expressing a distinct concept. Synsets are
interlinked by means of conceptual-semantic and lexical relations. WordNet can be

considered as a combination and extension of a dictionary and thesaurus.

2.3.2.1 Tamil WordNet and Corpus

WordNet for Tamil [29] is a lexical database for Tamil language and it is linked with
2000 synsets, but 2851 unique words are found for 1969 synsets. Tamil corpus [30]
contains 60000 random sentences. Tamil WordNet is still under construction and not

comprehensive. Therefore, it cannot produce accurate outputs in NLP tasks.

2.3.2.2 Sinhala WordNet and Corpus

WordNet for Sinhala [31, 32] is a lexical database for Sinhala language. There were
two separate research carried out for developing WordNet for the Sinhala language.
Welgama. et al. [31]’s Sinhala Wordnet consists of 1000 of the most common senses
of contemporary Sinhala usage and Wijesiri. et al. [32]’s Sinhala WordNet consists of
2000 of synsets. Sinhala corpus [33] was constructed using 10 million words collected
from newspaper articles. There are roughly 135,000 distinct words in the corpus.
However, WordNet for Sinhala is not comprehensive and is still under construction.

Therefore, we cannot produce accurate outputs in NLP tasks.

Semantic similarity and semantic relatedness measures are the two main categories of

Knowledge-based similarity measures, as shown in Figure 2.8.
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Figure 2.8: Knowledge based similarity measurement techniques [14]

2.3.2 Semantic Similarity Measures

Semantic similarity involves a broader scope and focusing the interactions between
ideas that incorporate additional similarity relations such as is-a-part-of, is-a-kind-of,

is-the-opposite-of and is-a-specific-example-of.
Information Content

e Resnik (res): The information content (IC) of the Least Popular Subsumer is
equal to the associated value in res [34]. The value's upper bound is usually
very high, though it varies based on the scale of the corpus used to evaluate

information quality values.

e Lin (lin): The Least Common Subsumer's information content is scaled by this

number in the lin [35] calculation.

e Jiang & Conrath (jcn): The jcn [36] takes the difference between this

amount and the Least Popular consumer's information content.
Path Length

e Leacock & Chodorow (Ich): The Ich [37] measure generates a score that
indicates how closely two word senses are connected. The smallest distance

between the senses and the taxonomic depth at which the senses occur.
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e Wu & Palmer (wup): Based on the depth of their Least Common Subsumer
and the depth of the two senses in the taxonomy, the wup [38] metric produces

a score showing how closely two-word senses are related.

e Path Length (path): The route metric in the is-a (hypernym/hyponym)
taxonomy yields a score that reflects how closely two word senses are related

based on the shortest path between them.

2.3.3 Semantic Relatedness Measures

Conversely, Semantic relatedness measure is a further widespread concept of

relatedness, not precisely attached to the shape or structure of the concept.

e St. Onge (hso): The hso [14] measure identifies lexical chains that connect the
two-word senses. Extra-strong, strong, and medium-strong interactions are the

three types of relationships that are considered.

e Lesk (lesk): The lesk [39] metric works by looking for gloss overlaps between
the two synsets. The sum of the squares of the overlap lengths determines the
relatedness ranking.

e Vector Pairs (vector): The vector pair [14] technique creates a co-occurrence
matrix for each word in a corpus's WordNet notes, then uses an average of

these co-occurrence vectors to characterize each gloss or definition.

2.5 Hybrid Similarity Measurement Techniques

In Hybrid approaches, two or more sentence similarity measurement techniques are
combined to form an approach of word semantic similarity to determine the sentence
similarity that helps to get better accuracy and performance. Word-to-word similarity

gives better results when combining similarity measurement techniques.

Mihalcea et al. [27] presented a combination approach that measures the semantic
similarity of text by using information derived from the similarity of constituent
words. They use two corpus-based metrics, namely LSA [25] and PMI-IR [26], and
six knowledge-based Metrics [34, 35, 36, 37, 38, 39] to analyze the semantic
similarity of words and combined the results to indicate how to use these measures to
derive a text similarity measure. They evaluate their methods based on paraphrase

recognition tasks.
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It uses eight different similarity methods to calculate the similarity of words. This is

the main drawback, and it is not computationally efficient.

Islam et al. [40] presented a corpus-based technique (SOC-PMI) for determining the
semantic similarity of sentences. and a normalized and modified version of the LCS
[41]. This approach uses a mixture of semantic and syntactic knowledge to evaluate
the similarities of two sentences. It first measured string-similarity and semantic-
word-similarity, then, applied syntactic information using an optional generic word-
order similarity function. Finally, normalization is used to combine string similarity,
semantic similarity, and general word-order similarity to extract sentence similarity.
This method obtains a good accuracy (Pearson’s r) for 30 sentence pairs in the

dataset, and the result is better than the Li et al. [5] approach.

Atish et al. [42] proposed another sentence similarity measurement method based on
corpus analysis and background knowledge. This method treats the sentences as a
word sequence and processes entire words in the sentence independently
corresponding to its semantic and syntactic structure. Before conducting statistical
analysis on the corpus, they first disambiguated the corpus words. Therefore, every
word in the corpus is appended to the WordNet [28] synset. In addition, to calculate
the similarity between words, the shortest path distance in WordNet is used. In
addition, the word depth in the WordNet hierarchy is used to indicate the specificity
level of the word.

Lintean et al. [43] introduced a semantic similarities measuring method for
calculating similarity between short texts using greedy matching and word semantics.
The method is based on the composition principle where, the overall meaning of a
sentence can be captured by condensing the meaning of each section of the sentence.
Based on this principle, the semantic similarity measure from word to word can
quantify the semantic similarity at the sentence level. First, a set of mutually exclusive
similar word pairs is constructed between two input texts. Then, these word pairs are
used to calculate the overall similarity score between the texts through a weighted
sum. Finally, the weighted length of the original text is used to normalize the
calculated sum. A greedy strategy is used to find the closest word match. In addition,

they exclude words with similarity values below a predefined threshold.
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Ferreira et al. [44] introduced a sentence similarity procedure based on a similarity
matrix that integrates various pre-processing methods to sentence representation and a
metric to determine the degree of sentence similarity by encompassing three layers:
lexical, syntactic, and semantic. The lexical layer receives a sentence as input and
outputs a list of sentence tokens that describe it. This layer has two sections: Lexical
representation and Lexical similarity. In Lexical representation, Lexical analysis, stop
word removal, and Lemmatization steps are performed. The similarity of words is
calculated using six different metrics (Path [14], LD [16], Res [34], Lin [35], Ich [37],
and wup [42]).

The second layer is based on syntactic analysis. This layer receives the token
sequence generated in the lexical layer and visualizes them into a graph representation
using Resource Description Framework (RDF) triples. This layer has two sections:
Syntactic representation and Syntactic similarity. In Syntactic representation,
Syntactic analysis and Graph creation transformation steps are followed. The relation
of the syntactic layer determined by matching the vertices of the RDF triples is used

to quantify syntactic similarity between sentences.

The final layer suggested is based on semantic study and explains the RDF graph with
sense identification and entity roles. This layer has two sections, semantic
representation, and semantic similarity. Semantic representation takes a series of
token groups retrieved in the lexical layer as input and uses Semantic Role Annotation
(SRA) to specify the functions of each entity and determine their "meaning" in the
sentence. SRA is used by the semantic layer to conduct Sense recognition and Role
annotation. The syntactic similarity between sentences is determined using the
relation of the syntactic layer calculated by matching the vertices of the RDF triples in

syntactic similarity.

Finally, the overall calculation of sentence similarity of the Ferreira et al. [44]
approach is calculated by combining the syntactic, lexical, and semantic measures
used here which is given by (2.10).

(lexy X lexs) + (syny, X syng) + (sem,, X semy)

similarity(S1,S2) = (2.10)

lex, + syn, + semy,

Li et al. [5] proposed a hybrid method for short sentence similarity calculation by
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integrating semantic similarity measures (corpus and knowledge based similarity
measures) and word order-based similarity measures. This procedure considers the
implicit semantic and word order information in the sentences. The semantic
similarity of two sentences is calculated using information from WordNet [28] and
Brown corpus statistics. The semantic similarity is first determined using the corpus
and knowledge base. The impact of word order on sentence context is then taken into
account for this method. The number of distinct words and word pairs in different
sequences was measured using the derived word sequence similarity. A sentence is
interpreted as a sequence of words in this method, each of which provides valuable
information about the context. The words and their combined structure make a
sentence to convey a particular meaning. When comparing all the previous possible
hybrid-based unsupervised techniques for English short sentence similarity, Li’s et al.
[5] method has given the most accurate results. Li et al. [5] and Mihalcea et al. [27]
hybrid approaches do not consider the string similarity, which plays a crucial role in

some situations.

2.4 Deep Learning Based Techniques

Semantic similarity approaches derived benefit from the recent advancements in Deep
Learning algorithms to improve accuracy and performance. Deep Learning techniques
such as Convolutional Neural Networks (CNN), Recurrent Neural Networks (RNN),
Long Short-Term Memory (LSTM) [45], Bidirectional Long Short-Term Memory
(Bi-LSTM) [10], Recursive Tree-LSTM [9], Gated Recurring Units (GRU) [47] and
Bidirectional Gated Recurring Units (BiGRU) most frequently being used in recent
research works. This section briefly discusses certain of the most popular Deep
Learning-based approaches to measuring syntactic and semantic similarity between
sentences. Figure 2.9 shows the most widely used Deep Learning techniques for

similarity measurement.
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Figure 2.9: Deep Learning based similarity measurement techniques

2.4.1 Convolutional Neural Networks Based Approach

He et al. [7] proposed a Multi-Perspective Convolutional Neural Networks (CNN)
called the ConvNet model. This ConvNet model has two major components: sentence
modeling, and similarity measurement. Sentence model is used to convert sentences
into a representation for similarity measurement. A CNN architecture with multiple
convolution and pooling layers is used in the sentence model to capture different
granularities of information in the inputs. The similarity measurement component
compares local regions of the sentence representations generated by the sentence
model. A Siamese structure [48] with two sub-networks that process each sentence in
parallel is used in the similarity measurement component. The sub-networks share all
their weights, and are joined by the similarity measurement layer, subsequently
followed by a fully connected layer for similarity score. This model performs without
using external resources such as WordNet or parsers, and also does not use sparse

features generated using co-occurrence of words in a large corpus.

Xie et al. [49] propose an ERCNN (Enhanced Recurrent Convolutional Neural
Network) model that learns sentence similarity with less computational sophistication

by combining more fine-grained features and the interactive results of key points in
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two sentences. Input encoding, local similarity modeling, and overall similarity
modeling are the three components of this ERCNN model. First, bidirectional GRU
(BiGRU) was used to encode the two input sentences, as well as column-wise average
and maximum pooling, and this model supports stacking an arbitrary number of
convolution-pooling blocks to extract progressively abstract functionality. Then, in
local similarity modeling, the basic component for evaluating overall similarity is
modeling local sub sentential similarity between two inputs. Between two input
sentences, soft attention is used to connect the related pieces. Finally, a concatenation
layer was created to perform similarity modeling on two sentences to determine their
overall similarity. There are two forms of concatenation in this layer. For the
interactive sentence representation, the first concatenation contains the difference and
the element-wise product. The production of the first concatenation is further

concatenated in the second concatenation.

Yin et al. [50] proposed an ABCNN (Attention Based Convolutional Neural Network)
method for sentence pair modeling. It is classified into 3 structural designs based on
the BCNN: ABCNN-1, ABCNN-2, and ABCNN-3, each of which implements an
attention framework for modeling sentence pairs. Each column represents a cluster, a
term at the lowest level and a phrase at the highest level, and it computes attention
weights directly on the input representation with the goal of enhancing the
convolutional features. ABCNN-2 reweights convolution performance by computing
focus weights on it. Convolution is influenced implicitly by attention in the ABCNN-
1, while pooling is influenced specifically by attention in the ABCNN-2. ABCNN-3
stacks the ABCNN-1 and ABCNN-2, combining their strengths by allowing the
attention system to run on both the convolution and pooling sections of a convolution

pooling block, as well as the input and more abstract output granularity.

Zhang et al. [51] suggested a convolutional neural networks (CNN) approach for
calculating sentence similarity based on semantic and syntactic characteristics. There
are two components of this model. The syntax model uses the syntactic features of a
sentence to compute, while the semantic model uses the semantic features of the
words in a sentence to compute. The model can be computed in a number of ways,
including convolution and pooling. The following procedure explains how the
similarity score between two sentences was calculated. First, given a sentence, two

matrices are created: a syntax model input matrix and a semantic model input matrix.
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The syntax model input matrix records some syntax features, while the semantic
model input matrix records some semantic features. They follow the most efficient
method of constructing the matrices by playing with various arrangements of
describing the syntactic and semantic features of the sentences in the matrices.
Second, these two matrices are fed into two neural networks, one for the sentence
model and the other for the semantic model. The neural networks of the two models
are convolutional from different angles. The outputs of the two models are merged to
form a vector, which serves as the sentence's representation. Third, given the
representation vectors of two sentences, a CNN layer computes the similarity score of

these representations.

2.4.2 Recurrent Neural Networks Based Approach

In recent times, Recurrent Neural Networks (RNN) have shown good performance in
sentence similarity modeling. But most RNNs focus on modeling the hidden states
based on the current sentence, while the context information from the other sentence

is not well investigated during the hidden state generation.

Chen et al. [52] proposed a Context-Aligned RNN (CARNN) model, which
incorporates the contextual information of the aligned words in a sentence pair for the
inner hidden state generation. Specifically, first perform word alignment detection to
identify the aligned words in the two sentences. Then, present a context alignment
gating mechanism and embed it into their model to automatically absorb the aligned
words’ context for the hidden state update.

2.4.3. Long Short-Term (LSTM) Memory Based Approach

LSTM [45] networks are a form of RNN that can learn long-term dependencies.
LSTM is a sequence modeling technique that uses several inside layers to produce
long-term sequences. The LSTM constructs a memory cell and employs gates to
determine how much material must be forgotten or pass through the time steps. 0,
output gate, C; cell memory block (what information will be fed to the next neuron is
determined by the current state.), I, input gate, and F; forget gates are the four
components. The LSTM layer receives feedback in the form of real-valued vectors
from the input I, Between the gates, the secret state representations H; are modified

sequentially.
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The upgrade steps depend solely on the C; cell memory block. These four components
determine which data is used in the model and which data is left out for final

prediction.

Tai et al. [9] presented a Tree-LSTM model that generalizes the order-sensitive chain-
structure of standard LSTM to tree-structured network topologies. The Tree-LSTM
constructs its hidden state at a given tree node from the corresponding word as well as
the hidden states of all child nodes after each sentence is transformed into a parse tree
using a separately qualified parser. The expectation is that the parse tree-structured
network, by representing syntactic properties of a phrase, would be able to spread
required knowledge more effectively than a sequentially restricted architecture. Tree-

output LSTM can be used to perform sentence similarity tasks.

Recently, Siamese recurrent neural networks are mostly used for sentence similarity
calculation. Mueller et al. [12] proposed the MaLSTM model that uses a Siamese
neural network. It has two identical LSTM networks, one per each sentence to be
compared. An LSTM model projects a zero-padded word-embedding of an input
sentence into a fixed-sized 50-dimensional vector. Each LSTM returns a vector
representation of the final hidden state of each sentence. Manhattan distance function

is used to measure sentence similarity.

Bidirectional RNNs [53] combine both potential and past meaning by running the
input backwards into a different RNN. At each time point, the combined model's
output is simply the concatenation of the forward and backward networks' outputs.
Bi-directional LSTM (BIiLSTM) [46] tends to understand the context more cleverly
than Unidirectional LSTM and BiLSTM models have recently shown good results on
standard NLP tasks.

The Enhanced BIiLSTM Inference Model (EBIM) [54] encodes of sentence using a
bidirectional LSTM over word2vec embeddings, produces a soft alignment matrix for
the two sentences using a parameter-less attention process, and then uses another
LSTM to infer over each timestep and its alignment. The prediction was completed by

two totally linked layers.

Bi-LSTM layers are used to model forward and backward information for the fusion

of left and right backgrounds. Then, using a self-awareness layer, context words that
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are strongly associated with feature meanings are given higher weights. The polarity

class of the focused output is detected using the SoftMax layer.

2.4.3. Gated Recurrent Units Based Approach

The Gated Recurrent Unit (GRU) [47] is an LSTM variant with similar performance
and less parameters, thus it is faster to train. GRUs have been shown to exhibit better

performance on small and medium datasets.

The Skip-Thought model [8] abstracts word vectors into sentence vectors, where the
word2vec skip-gram model [55] is used to derive word vectors. An encoder-decoder
architecture with GRU activations is used as the deep learning model. The encoder
maps words to a sentence vector, and the decoder generates the surrounding of the
sentences. The skip-thoughts model is used to encode the sentence and then tries to
reconstruct the next and previous sentence. Skip-thought vectors are obtained for the
sentence pair. A logistic regression classifier is trained for sentence similarity score
prediction using features derived from absolute differences and component-wise
products between skip-thought vectors for each sentence pair.

Ichida et al. [56] proposed a siamese GRU model based on Mueller et al. [12] model
for calculating semantic similarity in a pair of sentences. The GRU architecture is
used to overcome the limited size of the available labeled data set, because the
parameters of the GRU unit are less than the LSTM unit. This model also uses

Manhattan distance.

Table 2.1: Sentence similarity for STS-2017 dataset [57].

Approach Pearson correlation (1)
BiLSTM 0.8540
Capsule - Flatten — GRU 0.8545
MaLSTM 0.8651
Attention — GRU 0.8725
Attention — LSTM 0.8743
BiGRU 0.8750
GRU 0.8792
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Ranasinghe et al. [20] compared the performance (shown in Table 2.1) of the various
Deep Learning architectures such as ConvNet [6], Skip-thought [8], Dependency
Tree-LSTM [9], and MaLSTM [12] based on an English dataset and reported that the
Mueller et al approach achieved better results for English [12][57] than the other

techniques discussed above.

Siamese Network

Siamese networks are deep neural networks that process two or more input vectors
simultaneously and merge the output vector after sub-identical neural network
computation [48]. Siamese networks tend to be excellent at similarity activities, and
they have been used for things like sentence semantic similarity, identifying forged
signatures, and many other things. Weights must be spread across all inputs to reduce
training parameters and the risk of overfitting. Since the Siamese network shares

weights on both ends, it is simpler to practice, as shown in Figure 2.10.

TARGET

PREPROCESSING PREPROCESSING

T Brom A Bram

Figure 2.10: A typical siamese neural network architecture [48]
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2.6 Sentence Similarity Techniques used for Tamil and Sinhala

Kadupitiya et al. [2] and Anutharsha et al. [3] followed a hybrid approach similar to
Li et al. [5] for the Sinhala and Tamil languages, respectively. Their hybrid approach
merged semantic similarity measures (Corpus and Knowledge based similarity) with
word order based similarity measures. Due to the incompleteness of natural language
processing (NLP) resources such as Sinhala WordNet [31, 32], a large corpus for the
Sinhala language [33], Kadupitiya et al. [2] modified Li et al. [5]'s knowledge-based
similarity measures procedure to use the Sinhala lexical resources also modified Li et
al. [5]'s corpus-based similarity computation procedure to contemplate statistical
information from glossaries of the Sinhala words. Anutharsha et al. [3] used Tamil
WordNet [29] as the lexical database for knowledge-based similarity calculation and a
Tamil corpus [30] for corpus-based similarity calculation for Tamil language. The
overall similarity of a sentence is calculated by combining the semantic and word-

order similarity scores.
2.7 Vector Representation of Words

The word vector is a number vector representing the meaning of the word. The word
vector represents a significant increase in the ability to analyze the relationship
between words. Word vectors are generated through two common ways:

e Counts of word/context co-occurrences (Co-occurrence Matrix)

e Predictions of context given word (Word embeddings)

2.7.1 Word Co-occurrence Matrix

Word co-occurrence matrix illustrates the way words collectively exist that in turn
encapsulates the relationships between words. Word co-occurrence matrix is
calculated by counting how two or more words collectively appear in a provided

corpus.
GloVe

The GloVe is based on a global word co-occurrence matrix extracted from the corpus.
It assesses similarity based on the idea that words that are similar comes together. The
co-occurrence matrix of occurrence values is generated using a single pass through
the underlying huge corpus. GloVe [59] was trained on five different corpora, the
majority of which were Wikipedia dumps. When generating vectors, words are
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employed inside a certain context window since words far apart have less value to the
context word in question. GloVe model’s loss function decreases the least-square
difference between the context window's co-occurrence values and global values [13].
To differentiate words based on context, GloVe vectors are expanded to generate

contextualized word vectors [61].

2.7.2 Word embeddings

Word-embeddings are word vector representations that keep the basic linguistic
association between the words intact. These vectors are measured using a number of
techniques, including neural-networks [58], matrix of co-occurrence words [59], and
representations in terms of the word's context. Word embeddings are created using the
unsupervised algorithms Skip-gram and CBoW. The architectures of CBowW and
Skip-gram models are shown in Figure 2.11. The word-embeddings [55] represent a

way of contrasting words semantically [60].

INPUT PROJECTION QUTPUT INFUT PROJECTION QUTPUT
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Figure 2.11: CBoW, Skip-gram models architectures [55]
CBoW

The Feedforward Neural Net Language Model (NNLM) architecture is similar to the
Continuous Bag-of-Words model [55], except that the nonlinear hidden layer is
omitted, and the projection layer is shared with all words; hence, all words are
predicted into the same position. The CBoW architecture uses context to predict the

current word.
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Continuous Skip-gram

Instead of predicting the current term based on meaning, the Continuous Skip-gram
model [55] design attempts to optimize classification of a word based on another
word in the same statement. The skip-gram is used to predict the context word for a

given target word.

2.7.2.1 Shallow Word Embeddings

Shallow word embedding is a function that maps each word type to a single vector.
The following subsections give brief explanations of the most widely used shallow

word embedding models.

Word2Vec

Word2vec [58] uses a basic Corpus to build distributed vector representations of
words. It was made with the help of the Google News Dataset, which contains over 3
million vector representations of words and phrases. The Continuous Bag of Words
(CBoW) and the Skip-gram models are two independent word2vec models. The
network’s architecture is straightforward, with an input layer, hidden layer, and an
output layer. As input, the network receives a massive text corpus, and as output, the
model produces a vector representation of texts. Word2vec models are efficient at
representing word vectors while maintaining contextual similarity. The semantic

similarity could be predicted well using word vector calculations [62].

FastText

FastText is a word vectors embedding model based on the skip-gram approach, in
which each word is represented as a collection of character n-grams. In languages like
Tamil and Sinhala, FastText [63] generates word embeddings as the average of its
character embeddings, taking into account the word's "morphological shape" and
providing useful information. In addition, non-dictionary words are classified as word

vectors based on their characters or subunits.

2.7.2.2 Contextualized Word-Embeddings

Contextualized word embedding models build a vector for each word conditioned on

its context. Contextualized word embeddings can effectively predict more? words
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than standard word embeddings. It improved the performance on an enormous variety

of text processing tasks in natural language processing [64].

Embeddings from Language Model (ELMo)

ELMo is a deep contextualized word representation introduced by Peters et al. [65]. It
learns word syntax, semantics information, and linguistic context information using
BiLSTM models. After pre-training, an internal state of vectors can be transferred to
downstream natural language processing tasks. ELMo learns contextualized word

representation through unsupervised pre-training of a language model.
Generative Pre-trained Transformer (GPT)

GPT [66] is another type of contextualized word embedding and is a massive
transformer-based model for language with 1.5 billion parameters that was trained on
a dataset of 8 million web pages that took up 40GB. GPT-2 and GPT-3 are qualified
to anticipate the next word provided all the previous words in a text. Because of the
dataset's diversity, this basic target contains spontaneously occurring demonstrations

of a wide range of activities from various domains.
Bidirectional Encoder Representations Transformers (BERT)

BERT [67] is a machine learning algorithm based on the transformer model and
mainly for NLP pre-training developed by Google. It is based on a bidirectional
transformer architecture rather than a unidirectional transformer used in Open Al GPT
[66]. In contrast to ELMo, which uses a shallow concatenation layer [65], BERT
employs a deep concatenation layer. As a result, BERT is considered a very powerful

embedding architecture.

e BERTbase — It has 12 layers (Encoders / Transformer blocks), 12 bidirectional
attention heads with 110 million parameters.
e BERTIarge — It has 24 layers (Encoders / Transformer blocks), 16 bidirectional

attention heads with 340 million parameters.

BERT is based on stacked layers of encoders. The difference between BERT-base and
BERT-large is in the number of encoder layers. The BERT-based model has 12
encoder layers stacked on top of each other, while the BERT-large model has 24
encoder layers stacked on top of each other.
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Contextual Word Vectors (CoVe)

In an attentional sequence-to-sequence (seq2seq) machine translation model, CoVe
[61] is a type of word embedding learned by an encoder. CoVe word representations

are functions of the entire input sentence, unlike conventional word embedding.

Cross-View Training (CVT)

In ELMo, two autonomous models go through unsupervised pre-training and task-
specific learning in two distinct training levels. Cross-View Training [68] puts it all
together into a single semi-supervised learning procedure. Both supervised learning
with classified data, unsupervised learning with unlabeled data on auxiliary tasks
boost the representation of a BiLSTM [46] encoder in CVT.

Universal Language Model Fine Tuning (ULMFiT)

Howard and Ruder et. al. [69] provided a novel method for fine-tuning of neural
models for inductive transfer learning. BERT is deeply bidirectional due to its novel
shielding language modeling technology. On the other hand, ELMo uses a
concatenation of right-to-left and left-to-right LSTMs, while ULMFIT uses a
unidirectional LSTM.
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3. RESEARCH METHODOLOGY

In this research, we present the first study on the use of Deep Learning techniques for
sentence similarity measurement for Sinhala and Tamil languages. We employ an
approach that was adopted from the MaLSTM model by Mueller et al. [12]. The
similarity between pairs of short sentences is measured using the Siamese recurrent
neural networks. The MaLSTM uses the Manhattan distance function to calculate the
similarity of the final hidden state of both LSTM networks in a Siamese recurrent

neural network.

Our system is based on the MaLSTM model introduced by Mueller et al. [12]. This
model consists of a Siamese Deep Neural Network, which has two sub-networks:
LSTMiert and LSTMrigne With shared weights. Independently, they process one of the
sentences in each pair that are passed as vector representations and return a hidden
state that encodes the semantic meaning of the sentence. The fastText [63] word-
embedding model is used to map words to vectors. Vector distance between the two
hidden states is calculated using the Manhattan similarity function to produce a

similarity score.

3.1 Dataset

We carried out this research using the same dataset from previous research by
Kadupitiya et al. [2] for Sinhala and due to the unavailability of the Tamil dataset
used by Anutharsha et al. [3], we created a new dataset for Tamil, using the same
steps Kadupitiya et al. [2] used to create the Sinhala dataset. The following sections
briefly describe dataset preparation strategies used for both Tamil and Sinhala

languages.

3.1.1 Dataset for Sinhala

Kadupitiya et al. [2] followed a similar dataset preparation approach as Marelli et al.
[70] and created a short sentence dataset for the Sinhala language. 500 images were
selected from the SICK dataset [70] and They asked to write one short Sinhala
sentence by describing each image & 5 individuals participated in this process. They
were able to collect 2500 short Sinhala sentences. Then, these sentences were
randomly paired, and a 5000 sentence pair dataset was formed for the Sinhala

language. Finally, they hired 3 human judges to manually mark the similarity score
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between sentence pairs in the dataset. The sentence similarity score was assigned

based on the gold relatedness score [71] (shown in Table 3.1).

Table 3.2 illustrates examples of sentence pairs with semantic similarity scores

(manually annotated score). We used this same dataset for our research.

Table 3.1: Gold Relatedness Score [71]

Definition Similarity score

Both sentences are entirely similar and share the same 5

meaning.

Both sentences are mostly similar, but certain trivial 4

information differs.

Both sentences are approximately similar, but certain trivial 3

information is missing.

Both sentences are not similar but refer some information to 9

the same topic.

Both sentences are entirely different. 1
Table 3.2: Manually Annotated Score for Sinhala [2]

Similarity

Sentences
measure score

A: 238667 6eecemn’ DG WRBHE BEHRHEE 5365 65
(two monitors fight in a stream of water) 0.67

B: BREsS ccecn) 1@ 38 (two crocodiles in a lake)

A: 65) 3191 @308 SIS 8dHmens’ dBG 6d (a red car
drives fast) 043

B: 9862328 525Gt 23185285 Q@65 S (A man drives a motor
bike)

A: 6@J08 SO wistBmens 8 Dwmwm cdm IO
DIOBBBS OGS 808w DER »SB (A motor mechanic aims
water to the bonnet using a hose) 0.97

B: 98623z @391 312 6@F0E S8 @e8Ie D23 L3S (A man
washes a car that is lifted up)

32



3.1.2 Dataset for Tamil

Due to the unavailability of the Tamil dataset used by Anutharsha et al. [3], we
followed a similar approach as Kadupitiya et al. [2] and created the dataset for the
Tamil short sentence dataset. We randomly extracted 100 images from the SICK
dataset [70] that included domains such as sports, entertainment, nature, wildlife, and
music. We used Google Forms to prepare a set of online questionnaires (shown in
Figure 3.1) to collect Tamil short sentences. We used these 100 images to prepare 10
questionnaires, each containing 10 images. These questionnaires were shared with
five students, and they were asked to write a short sentence about the images. 500

sentences were collected from students for the Tamil short sentence dataset.

Questions  Responses

Tamil Short Sentence Collection - 01 A

Please write one short sentence in Tamil about the pictures below
(Uze Latha font when typing the sentences)

e@eaur umalurmsuls Ueaamese. Q& smmny.

Short Sentence *

Short-answer text

Figure 3.1: Questionnaire for Tamil short sentence dataset collection
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We randomly paired the collected short sentences and got 2500 sentence pairs.
Subsequently, we shared this sentence pair dataset with three human judges via a
Google Sheet (shown in Figure 3.2). Table 3.4 shows the method used to get the final
similarity score between pairs of short sentences in the given dataset. The sentence
similarity score was assigned based on the gold relatedness score [71] (shown in
Table 3.1).

Manual-Similarity-Calculation.xlsx ¢ &)

~ B8
File Edit View Insert Format Data Tools Add-ons Help Lastedi was seconds ago
oA E PO - E % 0 00 1% Ala -1 - BISA &H Evlvlp-r o BW Y3
15
B c ] E
Similarity Score .
Senetnce ID Sentence 1 Sentence 2 Final rating
Judgel  Judge? Judge3
X Sﬁ;ﬁ;ﬁﬂ%gﬁ?gg?r;rﬂgsrmmz sser flmard @6n ALsRE . . i e
aflomand S0 S el Qs WaseT . .
2 unpeauiGRRErT B dns Bnisd 2 2 3 2333333333
. afwmand E0dg s sl Rdmams weseT efnrard elusassamaTra BU Uabusdr armear GerEs
g 3 unrmauiGREmeTT QedBeer 4 4 4 4
. aflorand Bulluss afRdanams wasar .
‘ 4 urEmAIG DT O SR SBTT 2 3 2 2333333333
5 Srf;;ﬂiﬂ%é?g%??ﬂgﬁmgww efaumpén Gamsn ouni sfiFsns 4 3 4 3.666666667
aflnmann §olluss sflSanams wesdr - e
6 unreneauud BB ermery. § sluga o ghuL G 1 1 101
; Srigziﬂ%é?g%?r;rﬂgﬁmﬁg &S eflaunpT AsTES @i Rl SaATTR 3 3 3 3
0 s Srﬁgﬁ?z‘iﬂ%é?g%?,?ﬂg\?mﬁi DEEET weuf sflorer sflusms srsrdrmerT 5 5 5 5
1 9 eflonean edn AuLsBima B0 e EBDTIseT 1 2 2 1.666666667
" eflomanh s Qe ESEmE gi.g;rgrg;.;g@%@mnraguuem:ue:ei'r UTEET GHTEE 5 ; 5 .
Figure 3.2: Manual similarity score calculation method for Tamil dataset.
Table 3.4: Tamil - Manual similarity score calculation strategy
Similarity Score
Sentence Final

D Sentence 1 Sentence 2 Judge|Judge|Judge|Score

1 2 3

el &§ 53 RO G5
1 FTaMm&LD &5 [T600T LD 4 4 4 4
L& 6T mTF&6iT |9 &R GOTOIT

smell GH &Sl Qomar GHSS
2 FTAMFLD FM&ELD 4 5 3 4
L& eTmm g6 L&\ et meoT
Rl .
5160 GH 65! 56076\).@|c,grr55u
3 |gmamsid ;rﬂ()“:mmmiﬂ? 5 | 5 | 3 |433
LAIE T Dm G SaT 3UHSHE CLOELTELI
LIMUIS eTmITi.
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srell PSS @oar sLUsE
Fmam&Ld GLeumasLl 3 3.66
L& eTmmF&6i LIMUIS 6T meoT [
5 g,;rg—ﬂmg%ggj SHMVB LTS @H6UT 4 | 466
. .. W& eTmmy. '
LS 6T I & 6T

The manual similarity score is calculated by getting the average similarity scores

collected from 3 human judges as given by Equation (3.1). Table 3.5 shows the

example of manual similarity scores for Tamil short sentence pairs.

J1score +]2 score +]3 Score

Manual Similarity Score = 3

Table 3.5: Manually Annotated Score for Tamil [3]

3.1)

Sentences

Similarity
score

@ (Heuy eIFufleL ep(B&6TMIIY.
(A person is running on the road)

€2 (1H6U1] 6219.85C\SIT6UOILG. (5 SHE6OTMITI].
(A person is running)

4.67

€2 (b LT HILUTSSHNLITED & (B H6dTII).
(A person is shooting with a gun)

SIUUTEEUNL Q(BH&I &6uuI(h CFeLEGTME).
(A bullet is coming out of a gun)

2.00

GumLiquiesrGuImg| eNUS & HL_HGl6Terng).

(Accident has happened in sports)

alemenir_(H afify&eT eNememuimL_1q.60 (LPLD(LPILOMS
- (B (B 6TTer6uTIy.

(Players play very well)

1.00

3.2 Visualization of embedding layer

We used the t-distributed Stochastic Neighbor Embedding (t-SNE) algorithm used for

doing nonlinearly dimensionality reduction and visualizing our multidimensional data

model. This algorithm helps to visualize the high-dimensional data point into a two or

three-dimensional plan [72].
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Figure 3.3: Visualization of Tamil dataset using t-SNE [72]

We wanted to know how the words are arranged in the vector space to understand our
dataset. We used t-SNE for exploration and visualizing our dataset. We randomly
selected 500 words from each 300-dimensional embedding layer and visualized them
on a two-dimensional plate using t-SNE. The word vector model visualization for

Tamil and Sinhala languages are shown in Figures 3.3 and 3.4 (respectively).
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Figure 3.4: Visualization of Sinhala dataset using t-SNE [72]

The visualization shows that our embedding models have noisy, incorrect data such as
words that are mapped together with numbers, symbols, special characters, and stop
words in vector space. It gives us insightful information as to what necessary

preprocessing steps need to be taken in order to enhance the data quality in the

embedding layer.
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3.3 Preprocessing

Preprocessing is a crucial task in any text-processing pipeline that needs to deal with
noisy, incorrect data. Proper preprocessing techniques (shown in Figure 3.5) have to
be in-place to eliminate unnecessary information and improve the quality of our

datasets before feeding into the embedding layer for word vectorization.

[ Sentences ]

Y

[ Sentence Cleanup ]

h

[ Spelling Correction ]

¥

[Stnp waords removal ]

h

[ Tokenization ]

hJ

List of words
Sequence

Figure 3.5: Preprocessing steps for short sentence dataset

3.3.1 Sentence cleanup

Our primary focus is to measure the similarity between monolingual short sentences,
focusing on Tamil and Sinhala languages. Hence, when building the fastText model,
we removed all Non-Sinhala and Non-Tamil characters. In this process, we used
regular expressions to filter out non-Tamil, non-Sinhala characters that include
numbers, punctuations, question marks, and quotation marks, symbols, and special

characters.

e Numbers

e Symbols
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e Punctuations marks
e Question mark
e Special characters.

e Strip whitespace

3.3.2 Stop words removal

In any language, words such as articles, pronouns, and certain verbs are frequently
treated as stop words. It does not deliver any unique information that can be used to
get the context or true meaning of the sentence. Stop words can be eliminated without
any harmful impact to the final model. We removed stop words since they contributed
no unique information to our model. We used the NLTK library and provided lists of
stop words for Sinhala [73] (shown in Table 3.6) and Tamil [74] (shown in Table 3.7)
languages for stop word removal. Short sentences were divided into a list of words

and then removed if it existed in the provided stop words list.

The following list of Sinhala stop words was used in preprocessing for Sinhala short
sentences and was created as a by-product of “Word Embedding Evaluation for

Sinhala” research done by Lakmal et al. [73].

Table 3.6: List of Sinhala stop-words

0] Beso amo 0] 194 R
00! Besoedsy | B&sy e300 ¢ e®xI5
B8O OO BO® @) @®d C@¢e
&0 D) 8ecd | od Ot 8o
) D5y B8Eae ® By e3€0
& O DE ) r{e] &oRwWo
Rewd O 29 2 Ses Besa
eosy ) ) 20 o] OB
it & ®» DI BO ON Oy
RICISRIT) ®®o e®® Of>) BO DItk
agoed ®» @8 SDCE e &3 @By
gBewd s®en @® RO ®si¢ @
&t3 s | 00D o®ed @HOs @®
cold SIok) DA sY D& @BNEDIB | (D

9 05 CI3}19) NI 1O) &325%0 am®
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0®xy ) o) &y O =o7d

@ eEe 8 @B @e¢ 5 G
OB ¢ BEae S By eH1S)
Dle Dnews’ | Sews OB Y r) DE=Y
O BB O &80 SO Ol
Felestel] eBEI densy 8o SO Sralola
&3@3sY OlGr-] e®ewsl | 805y @DE Oed
e ©@®I ooy Yoy ® 0®xsY
D& [oto)) ooy &30 D298 e

& & ® €50 »E 38

0 O® »OY 507 oY lel) Sletola
@ ¢ =13) 13k~ 353

The following list of Tamil stop words were used in preprocessing for Tamil short

sentences and was created by the TamilNLP?! team [74] using Wikipedia Tamil text

corpus? using TXM Corpus Analysis Tool.

Table 3.7: List of Tamil stop-words

6(H GUMETM | Sj6U6T QBSL @\ SH6UTMEL | 6T60TEYLD
6T6OT M) 6TH & 15} 6TEDILD l6m6ll eTeoTLILI(HILD
DM MILD b S &G W GLoev 365 eT6vfl€BILD
Qb5 @ &6t @obHsas | Ler ey60T ECY:Y:3

@ & |3l 2 gitemeor | GFIHSH (pemm ©) &6t 60T
6T60T M 3|61 60T b AHCWTT | Wy @65
Guy SITeor @®HS 61608 (& 6T60TLIENS | QIS TeiTer
TS | Ueu@d | WS lh | @)eTElh | eTeVeuMd | @SS
Liev CTEOTEID | QRIS SibHSL LLGGL | QTS

1 https://github.com/AshokR/TamilNLP/wiki/Stopwords
Z https://github.com/AshokR/TamilNLP /wiki/Wikipedia-Tamil-Text-Corpus
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QL&D GLsyILd Sl 60T @QmICs 9|5 60TIT6V
Sj6vevgl | Lletteory | QG SMmIGs gelliy
leury Q&MevoTL. | @ 6mel Tl @LLD Gurmev

B ITe0T QGSGL | QHsES | ARG QLSS | euemyuiley
o _eTerr 560 LMl LeLGeuml | H6v FmHol
B 2 6Temgl | QU@HLD NG BITLD 6T6OTEs
@eury Gumgl Geuml QUL 3HNS 6T60T

6T60T GTEOTOID | @B 0] 6TeoT GG 6UED T
PSH6Y ST | @Flev LHmlw K1y LG
6TGOT 60T 55607 GUMmev o 60T Fm Q& mevor(h)
@oba | UnG QUGUITSl | 4B\ LD Geueuor(hLD
Flev IUFTHET | eUTS AHS&H 5 el

3.3.3 Spelling correction

Spelling correction is the preliminary task of detecting and correcting spelling errors
or misspelling in the dataset in the preprocessing phase. It is a crucial task in any
major NLP pipeline, especially in text-processing tasks that need to deal with noisy,

incorrect data in the dataset.

Mainly there are two types of spelling correction that are performed in our dataset in
order to correct spelling errors and improve the sentence quality in the datasets.
e Traditional spell correction

e Contextual spell correction
3.3.3.1 Traditional spell correction

Traditional spell correction is a process of identifying and correcting the spelling
errors and misspelled words in the sentence. We used the tamilspellchecker python
library for spelling correction for Tamil®.

Example:
This library returns the correct word or list of possible correct words for given

spelling error word or misspelled word.

3 https://pypi.org/project/tamilspellchecker/
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>»>» from TamilSpellinglAutoCorrect import TamilSpellingfutoCorrect

>>>» spellchecker = TamilSpellingAutoCorrect ("tamil bloom filter.txt","tamilwordlist.txt")
>>> from spell checker list = spellchecker.tarr.il_correct_spelling(”G‘IEQLIEI'_@@@T[DW&"J

»»> print (from spell checker list)

[OFs1sm&Earmmy']

»>»» from TamilSpellinghutoCorrect import TamilSpellinghutolorrect

»>» spellchecker = TamilSpellingAutoCorrect ("tamil bloom filter.txt","tamilwordlist.txt")
> from spell checker_ list = spellchecker.tamil correct_spelling ("GFMenm&F")

»>» print (from spell checker list)

[Germemm&, '@Fmams, 'QFhanml’, 'QBMeanns, 'QFnms, 'GFnms, 'GFmeanms, 'Fmmenme']

This library is unable to correct certain words due to the incompleteness of this tool.
The accuracy of the Tamilwordchecker library depends on the number of unique
words in the wordlist. To improve the accuracy, we need to add more unique words to

the wordlist.

»» from TamilSpellingiutoCorrect import TamilSpellingautolorrect

>»> spellchecker = TamilSpellingAutoCorrect ("tamil bloom filter.txt","tamilwordlist.txt")
>»>> from spell checker_ list = spellchecker.t,arf.il_correct_spelling("glsi‘r@@mmmj'")

»>» print (from spell checker list)

3.3.3.2 Contextual spell correction

Contextual spell correction is the process of identifying and correcting contextual
spelling errors or the use of an incorrect word, even though it is a valid word in a
particular sentence or context. Traditional spell correction checks and corrects
misspelled words, but they fail to distinguish words that are erroneously placed in a
sentence. Due to the unavailability or incompleteness of contextual spelling correction
tools, we manually analyzed and performed contextual spelling correction in our

datasets.

Example in Tamil sentence:

Before correction:
o QUMSS ST GevEiemndsemni N iflH 5L &Teor 1LIHS 60TM S
(The duck is seen spreading its Sri Lanka)

After correction:
e QUMSS H60T @m&EenSESenit NiflG LI &Teor LGS 60TM S
(The duck is seen spreading its wings)

Example in Sinhala sentence:

Before correction:
o DIBEH B16€ 62501B B)G1EH0SH e To B)E0D DB

(Shirtless man becomes skating)
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After correction:
o 2IWBEH B1E€ 62501B BG5S e To B)END OB

(A shirtless man is skating)
3.3.4 Tokenization

Tokenization splits the raw text into individual words or terms called tokens. These
tokens assist in identifying the context of text and improving the NLP models.
Through evaluating the series of words, tokenization assists in reading the context of
the language. We used the Python split() function to tokenize each sentence into

vectors of words.

After performing all the aforementioned preprocessing actions, data quality improved

due to the abolition of noise and avoidable information.

3.4 Architecture and Implementation

We experimented with cosine similarity as a baseline technique and measured the
similarity between short sentences. And then we used our proposed Siamese networks

approach for measuring the similarity between short sentences.

3.4.1 Experiment with Siamese networks

We adopted the MaLSTM model by Mueller et al. [12] and implemented a sentence
similarity measurement method using Deep Learning techniques. Since this
methodology is mostly language-independent, it can be utilized for Tamil and Sinhala
languages with suitable preprocessing techniques and word embedding models.

MaLSTM has been trained on short sentence pairs to learn a highly structured space
of sentence representations that captures rich semantics. The simplified architecture of

our MaLSTM model is shown in Figure 3.6.
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Embedding ‘ S Embedding
{ [0,0,0,0,...... 48, 256, 453] | { [0,0,0,0,...... 48, 256, 453] |

Figure 3.6: Simplified architecture of MaLSTM model

The overall goal of MaLSTM is to assess a pair of short sentences to determine
whether they are semantically similar or not. As shown in Figure 3.7, our MaLSTM
model consists of a Siamese network that has two identical LSTM networks: LSTMieft
and LSTMiight with shared weights. Each LSTM network is responsible for processing
the sentences and updating the hidden states. Sentences are passed as word vector
representations and return a hidden state encapsulating the sentence's semantic
meaning. The zero-padded sequences of word indices are given as input to the LSTM
network. These inputs are vectors of fixed-length where the first zero is disregarded,

and non-zero is the index that uniquely identifies the word.

The fastText [63] word-embedding model is used to map words to vectors.
Subsequently, the Manhattan similarity function is used for comparing the final
LSTM networks’ hidden states and output a similarity score. The process is shown in
Figure 3.7. Our model comprises four main layers: preprocessing layer, word-

embedding layer, hidden layer, and sentence similarity measurement layer.
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Figure 3.7: System for short sentence similarity measurement [12]

3.4.2 Experiment with Cosine similarity

Cosine similarity is used as a baseline technique for measuring similarity between
pairs of short sentences in both Sinhala and Tamil languages. The cosine similarity
score is compared with manually annotated similarity score, previous hybrid
approaches, and finally with Siamese Networks based approach.

3.5 Embedding Layer

Deep Learning models understand input in the form of vectors. In order to input our
dataset into Deep Learning models, every sentence in the dataset needs to be
tokenized into a list of words and then vectorized.

The Embedding layer accepts sentence pairs as word sequences from the pre-
processing layer and vectorizes words into vector representation. We utilized fastText
as the word-embedding model, which builds word vectors using the skip-gram
approach, with each word represented as a string of n-grams characters. The fastText
model is used to learn word embeddings as the average of its character embeddings,
which accounts for the morphological makeup of the word, demonstrating its efficacy
in Tamil and Sinhala languages. Word vectors are allocated to even words with no

lexical match based on their characters or subunits [63, 75].

45



Zero Padding

Sentences are in different lengths in a sentence dataset. However, deep neural
networks require inputs of the same size. Zero-padding is done for this purpose. Zero-
padding is a simple process where zeros are added to the end of a sentence to expand
its length. Zero-padding is done in a pair of short sentences and makes sure that

sentences have equal lengths before passing them into the deep neural networks.

3.6 Hidden Layer

LSTM networks are good at handling variable-length sequential data such as
sentences. LSTM updates its internal states such as input vector x;, memory state c;,
and hidden state h, by performing calculation using the equations (3.2) — (3.7):

i, = sigmoid(W;x; + U;hy_; + b;) (3.2)
fr = sigmoid(Wyx, + Ush_y + by) (3.3)
¢ = tanh W.x, + U hi_q + b.) (3.4)
=i OCG+fi ©cq (3.5
o; = sigmoid(W,x; + Uyhi_1 + b,) (3.6)
h: = 0,® tanh(c;) (3.7)

where, i;: input, o;: output, and f;: forget gates, and memory state c; at t,: time,
respectively. The LSTM weight matrices parameters are W, U, and the bias vector is

b, foreach k in {i, f, ¢, 0} and an element-wise product of matrices is denoted by ©.

The LSTM algorithm learns a mapping from a space of variable length sequences and
encodes the input sequences into a fixed-dimension hidden state representation.
Expressed differently, each sentence is represented as a sequence of words (e.g.,
sentencel is represented by w;, w,, ws), and words vector sequence (e.g., sentencel
is represented by x;, x,, x3) is input into the LSTM network. It is updated at each
index sequence, its hidden state. The final hidden state of LSTM for each sentence is
an n-dimensional vector, which holds the semantic meaning of the sentence. The most
important feature of the Siamese architecture is its ability to share weights across the
two LSTM sub-networks, which reduces the total number of parameters, and the

tendency of over-fitting in turn.
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3.7 Sentence similarity measurement layer

Similarity between words is measured in metrics in vector space using various
distance measurements such as Manhattan distance, Euclidean distance, Cosine
distance, and Hamming distance. When the data has high-dimensionality, Manhattan
distance is usually preferable to the Euclidean distance, while distance between
unqualified variables is calculated using the Hamming distance, and the cosine

distance is mainly used to determine the similarity between two data points.

The final hidden states of two LSTM networks are compared using the Manhattan
distance function as given in Equation (3.8). Alternatives such as Euclidean or cosine
distance can also be used, but Mueller et al. [11] used the Manhattan distance for

English, and it marginally outperforms other sensible alternative similarity functions.

SiMmannattan = exp(— 1" = h9™1) (3.8)

Manhattan similarity function outputs the similarity scores as values between 0 and 1,

due to the exponent of a negative in function.
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4. SYSTEM EVALUATION AND RESULTS

This chapter explores the experiment results comparing the performance of different
features and similarity measurement algorithms. Furthermore, it compares experiment
results with existing short sentence similarity measurement research for Tamil and

Sinhala languages [2, 3].

4.1 Baseline experiment

Kadupitiya et al. [2] and Anutharsha et al. [3] carried out sentence similarity
measurement research for short phrases for the Sinhala and Tamil languages
(respectively). These research works use unsupervised hybrid approach techniques
that combine knowledge based and corpus based similarity measures (called semantic
similarity) and similarity measures using word-order information [2, 3]. These are the
only existing short sentence similarity measurement research in Sinhala and Tamil

languages.

Table 4.1 summarizes the results of Anutharsha et al. [3], and Kadupitiya et al. [2].
We used the same dataset in our experiments for direct comparison of results from
both approaches.

Table 4.1: Baseline experiment results

Language Pearson correlation coefficient | Mean Squared Error
Sinhala 0.832 0.145
Tamil 0.815 0.195

4.2 Effects of preprocessing

Preprocessing is an important step for text processing tasks in NLP. It transforms text
into a more digestible form so that Deep Learning algorithms can perform better. We
decided to conduct a few experiments to understand and analyze the effects of

preprocessing in a short sentences’ dataset with our model.

e Effects of cleanup
e Effects of stop word removal

e Effects of spell correction
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4.3.1 Effects of cleanup

We identified the list of commonly occurring punctuations, numbers, symbols, and
special characters while skimming our sentence dataset. Punctuations mostly carry
specific information in the sentences while others add noise to the data. Even though
full stop, comma, question mark, exclamation mark, and colons are important
punctuations in sentences, introducing noise when building the fastText model, we
decided to remove all non-Sinhala/non-Tamil characters. We conducted a few
experiments to understand the behavior of sentence cleanup. The following datasets

were used to analyze the importance of sentence cleanup.

e Without sentence cleanup in Tamil dataset
e With sentence cleanup in Tamil dataset
e Without sentence cleanup in Sinhala dataset

e With sentence cleanup in Sinhala dataset

Table 4.2: Sentence cleanup experiment results

Without sentence cleanup * | With sentence cleanup
Language Pearson Mean Pearson Mean

correlation | Squared correlation | Squared

coefficient Error coefficient | Error
Tamil 0.823 0.196 0.841 0.187
Sinhala 0.834 0.189 0.862 0.175

* Performed all preprocessing steps except sentence cleanup.

4.3.2 Effects of stop word removal

Stop word removal is one of the most commonly used preprocessing steps in NLP
text-processing applications. Stop words are usually eliminated from sentences before
Deep Learning models are trained since they are commonly uttered and hence do not
contribute any unique information that can be utilized to calculate sentence similarity.
Also, by removing stop words, the dataset size decreases, and less time is taken to
train the model. Stop word removal can potentially help in improving performance
because there are fewer and only significant tokens left. Thus, the classification
exactitude could be enhanced. The idea is simply removing the words that occur

commonly across all the documents in the corpus.
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We provided lists of hand-curated stop words for Sinhala [73] (shown in Table 3.6)
and Tamil [74] (shown in Table 3.7) languages. Short sentences were divided into a

list of words and then removed if it exists in the provided stop words list.

We conducted a few experiments to understand the behavioral effects of stop words
removal. The following datasets were used to analyze the importance of stop word

removal in the sentence datasets.

e Without stop words removal in Tamil dataset
e With stop words removal in Tamil dataset
e Without stop words removal in Sinhala dataset

e With stop words removal in Sinhala dataset

Table 4.3: Stop words removal experiment results

Without stop word removal * | With stop words removal
Language Pearson Mean Pearson Mean

correlation Squared | correlation Squared

coefficient Error coefficient Error
Tamil 0.813 0.209 0.841 0.187
Sinhala 0.827 0.193 0.862 0.175

* Performed all preprocessing steps except stop words removal in sentences.

4.3.3 Effects of spell correction

Spelling correction techniques are used for text processing to achieve better results.
We decided to conduct a few experiments to understand the behavior of these spelling
corrections. The following datasets were used for testing the importance of spelling

correction:

e Without doing spelling correction in Tamil dataset
e With the spell correction in Tamil dataset
e Without doing spelling correction in Sinhala dataset

e With the spell correction in Sinhala dataset

We identified the following spelling errors or misspelled words (shown in Table 4.4)

while skimming the Tamil dataset. Similarly, the following spelling errors or
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misspelled words (shown in Table 4.5) were identified while skimming the Sinhala

dataset.

Table 4.4: Spelling errors or misspelling words in Tamil dataset

Spelling errors word Correct spelling words English Translation
QEFENGL_SIRTMTT QENGSIHTMITT Pay, Drive
SIS 8RN N&ATS SIS ST S Chasing
SI6TEH & 0T SITEBHR T Leaps

L L el L Run

@)\ WLIM60) 5 60) L @\ WIM60) 860U Nature
Q6] QM A person
QFMHME GFmem&F Mud

Sy iy Player
LOL6DL Ta ] ]I Bat

6685 LILIML_LY 6V Unknown Unknown

* English Translation some words might not be the same meaning as in Tamil

Table 4.5: Spelling errors or misspelled words in Sinhala dataset

Spelling errors word

Correct spelling word

English Translation

D5523616D%) 538361605 Judge or umpire in sport
2312025} 3B Used to describe color.
9EeMOEOGHERS 3EDHEEGHERS A person

©OS REH ©O%55 S Traveling

O3 O3 Placing / Putting
6! RIS A ship

Yelo))] 623 Doing

e®6des ebJe Wheels

2200 6@ ALONRIMCIO] Sportswoman's.

o1




B35S 3833 Jumps

* English Translation some words might not be the same meaning as in Sinhala

We experimented with the above scenarios with our model and compared the results

as shown in Table 4.6.

Table 4.6: Sentence spelling correction experiment results

Without spelling correction * | With spelling correction
Language Pearson Mean Pearson Mean

correlation Squared | correlation Squared

coefficient Error coefficient Error
Tamil 0.8452 0.187 0.841 0.185
Sinhala 0.8636 0.175 0.862 0.172

* Performed all preprocessing steps except spelling correction in sentences.

Observed that performance gain with the spell correction was comparatively small
and it did not improve the accuracy much. This behavior shows that datasets have
fewer spelling errors or misspelled words. Reason might be the datasets for Tamil and
Sinhala were constructed using a well-organized team (5 participants & 3 judges) and

had a rare chance of spelling errors in these datasets.

4.3 Model evaluation

We split datasets into three sections for training, validation, and testing, where 80% of
the dataset is used for training, and 10% is used for validation, and the remaining 10%
used for testing. In the training phase, system performance was evaluated based on the
accuracy (Pearson correlation coefficient) and loss function (Mean Squared Error)
against the manually annotated score. This approach measures the similarity of short
sentences based on the gold relatedness score (shown in Table 3.1), same way as
Mueller et al [12] used in their approach.

We tried out various parameters (shown in Table 4.7) and repeated testing by
changing values until our model achieved a better performance with a combination of

these parameters with optimistic values.
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Table 4.7: MaLSTM model parameters

Parameters Values

Number of hidden states of LSTM cells 50, 100

Activation function of LSTM cells Sigmoid

Model optimizer Adam with learning rate 0.001
Batch size 16, 32

Number of epochs 50, 100

We used Intel® Core™ i5 Processors 7200U, CPU @ 2.50GHz 2.70 GHz, and 16GB
RAM for training. As a result, for Sinhala (shown in Figure 4.2), it has reached
91.44% training accuracy & 86.79% validation accuracy after 50 epochs. For Tamil
(shown in Figure 4.1), it has reached 86.53% training accuracy & 84.90% validation

accuracy after 100 epochs.

Model Accuracy

— Train
Validation

0.80 - /
0.75 -

0.70 1

0.85

Accuracy

Epoch
Model Loss

0.25 Train
Validation

0.20 +

Loss

0.15 ~

0.10 -

0 10 20 30 40 50
Epoch

Figure 4.1: Model training and validation performance for Tamil dataset
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0.20 - Validation
8 0.15 1
0.10 4
0 10 20 30 40 50
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Figure 4.2: Model training, validation performance for Sinhala dataset
Table 4.8: Tamil - Short sentence similarity score comparison
Manual Hybrid Cosine Our
Sentences Similarity | Approach | Similarity | Approach
Score [2] Score Score Score
A el LLILBSW
STQImeTm Sl
AUEm TG U TeoT Ml 6V
QFeuHeTmal (A racing car is
going into a small curve)
. 0.91 0.82 0.96 0.94
B:eel L LiLbBsWw
&M T MeoTMI
AUEm BTG U TeoT Ml 6V
QFeHeTmI (A racing car is
going into a curve)
A: efTT e@@eul eneuuiev
goi&ermry (A player
climbs the mountain)
B: @@y 0.55 0.45 0.67 0.47
SUlmmleneor 1919858 6ummi
wemevWileh gmiGermmy (A
person climbs the mountain
holding a rope)
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A: &meulILBSTL L &F 60
STQIIeUF Lbens
g &R ety (A player hits
the ball in football)

B: smeLbasl efyee 0.20 0.02 0.73 0.12
LB el LD QGHI
@malf U&HS

e eors: & esrmeot iy (Football
players try to snatch the ball
from one another)

A: ueofl #Fmisse0 efy T
LUMbBS FMNHFLD
ST &R ermmy (A
Snowboarder fly and shows
adventure) 0.48 0.41 0.57 0.51

B: Lieof] nemevuilev

&F M55\ ULI6) 6TOT600T LD 6 (H6U T
QFL® M (A person is
sliding on a snowy mountain)

A BTeT@& Sl mieuysser
Fn6M L LILIBSTL L
aflememwimL_Lg.6v
TFOuUbB & ermeory (Four

children play basketball
game) 0.62 0.48 0.77 0.53

B: gmem L LILIBSTL L &FH6V
LN 6Tem6mas6iT
FhOUGSermeori (Children
are engaged in basketball)

4.4 Results summary

We evaluated our system with a 10% short sentence datasets and reported results in
Pearson correlation coefficient (Pearson's r) and Mean Squared Error (SME). Table
4.8 shows a comparison of similarities between manually annotated score, previous
hybrid approach [3], cosine similarity and our approach for Tamil short sentence

pairs.

As shown, our approach is able to measure the similarity score that is closer to the
manually annotated score and outperforms the cosine similarity technique and
previous hybrid approach for Tamil. We obtained Pearson correlation coefficient of
0.841 and SME of 0.187 (shown in Figure 4.4).
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This result shows that the Pearson correlation coefficient is 3.07% higher than what

was reported by Anutharsha et al. [3].

Table 4.9: Sinhala - Short sentence similarity score comparison

Sentences

Manual
Similarity
Score

Hybrid
Approach
[2] Score

Cosine
Similarity
Score

Our
Approach
Score

A 2V66ET  BeeeEemR
RS WABBDZ $SHRB
BoOm @d2% (two monitors
fights in a stream of water)

B: BRCH eceer) DO®
€338 (two crocodiles in a lake)

0.67

0.55

0.39

0.71

A O BB @308
SIEE DGRBS DIDBIS
®d (ared car drives fast)

B: 986282 @56 31828
2D’ EB (A man drives
a motor bike)

0.43

0.51

0.37

0.48

A: 6®308 SO 51255802
8 Dz 3D’ 6O
DOBELS DBYS 306% DEE
26 (A motor mechanic aims
water to the bonnet using a
hose)

B: 98eess ®esdd
6®J08 Edwsn  eesledss
€338 (A man washes a car that
is lifted up)

0.97

0.83

0.38

0.94

A SO € DB
5@ BBEEE)
ez (An athlete who
plays in a motor bike racing
competition)

B: 63501 318 DIDWEEHS
DD  DoI® BB

(motorcycle rider turns left on
a bend)

0.87

0.81

0.67

0.93

A: BD066% e s 82552
®e3dB (An athlete lifts his
bat)

0.77

0.92

0.45

0.82
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B: Bmecny) 628 6aIE
)60 038 €3 (An athlete
plays baseball)

Similarly, for Sinhala 10% of the dataset was used for testing. As shown in Table 4.9,
our approach is able to measure the similarity score that is closer to the manually
annotated score and outperforms the previous hybrid approach for Sinhala. Our
approach obtained an SME of 0.175 and Pearson correlation coefficient of 0.862
(shown in Figure 4.3). This result shows that the Pearson correlation coefficient is
3.61% higher than the result reported by Kadupitiya et al. [2].

Table 4.10: Performance comparison using Pearson correlation coefficient.

Monolingual Sentence Similarity
Measurement using Siamese Neural
Hybrid Networks for Sinhala and Tamil
Language
Approaches [2, 3] Languages
Cosine Similarity | Siamese Networks

Sinhala 0.832 0.217 0.862
Tamil 0.815 0.091 0.841

As can be seen in Figure 4.3 and 4.4, our approach is mostly able to predict a
similarity score that is closer to the manually annotated score for both Sinhala and
Tamil. But in certain circumstances, it was unable to predict a similarity score close to
the manual score. This may be due to the influence of loan words. It is briefly

discussed in the following error analysis section.
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Figure 4.3: Model evaluation performance for Sinhala.
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4.4: Model evaluation performance for Tamil.
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4.5 Error Analysis

A loanword is a word that has been borrowed from one language and used in another
without being translated. Sri Lanka was colonized by the Portuguese, Dutch, and
English and as a consequence, a significant number of loanwords from Portuguese,
Dutch, and English have been borrowed for use in both languages. The majority of
these loanwords is used in the text contents on the internet and became part of the
Tamil/ Sinhala language.

Table 4.11: Loanwords in Tamil dataset

Tamil loanwords Tamil word English Meaning

DeE@d WiEleuctng, F@a], Bicycle
3160 &5 8 85761 600TLq.

SllbeTmevs & & FmLmUuIme Gymnastics

GL_6dTent 161 S5LOUUDBS), Tennis
aufllIUBSTL L LD

Qe V&S, ([Hfle)ars. Dive
WGy

LIM LAl 60T (7607 WUILBSTL L LD, LB S Badminton

GLIeVLIM6Y STeuEmI6Y, 5.GT585L®L' Baseball
L& L LD

6B L1 Ml FMI&HG, L6l FFmIsHE Skating

Y0l BT LDLIGITET @)60)8 885 ([H 6N Guitar

Some sentences in our datasets were constructed using loanwords that are not the
actual Tamil/ Sinhala words, but are directly borrowed from other languages (EX:
English). Following Table 4.11 and Table 4.12 shows a list of loanwords from the
dataset for both Sinhala and Tamil languages (respectively).

Table 4.12: Loanwords in Sinhala dataset

Sinhala loanwords Sinhala word English Meaning
88625530 3Bes @) Bedesn 2@ Skating
BO %8892 286 8Eae 9 Gymnastic
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1890 eI 3183a353¢, Basketball
MOeIE 2322353¢, Football
KRRl 199D A Jacket
IOl D7)Eesr06 882532303 A Pyramid
231680 D15De8%5)5 Parachute
SRR ME o1 Boxing

‘enF&&lar is a loanword for ‘Bicycle’ whereas actual Tamil words are
‘iAGleusvoriq’ or ‘e or ‘ GeNIFFESETeUevOTIY . Similarly ‘MOedIF is a
loanword for Foothall whereas the actual word is ‘es>eszie’

Since loanwords are treated as the actual word and used in the same context and carry
the same meaning in the sentences, we are expected to have the same similarity score

when we measure the similarity between actual word and the loanword. The similarity

score has to be equal or mostly equal to 1 but in a real scenario, it is not.

We checked the similarity between the actual word and loanword using both cosine
similarity and our siamese network based approach. Our model was able to calculate a

similarity score slightly better than the cosine similarity function.

The following example shows a similarity calculation between the actual word and

the loanword in the Tamil language using cosine similarity function.

>>> similarity = fasttext.similarity( ‘som&&&laT, 'S16lFF5% % 61600719 )
>>> print(similarity)

0.532845

>>>

>>> similarity = fasttext.similarity(‘sm&&s&lar, ‘(fGleusvorig )
>>> print(similarity)

0.6419646

>>>

>>> similarity = fasttext.similarity(‘sm&&s&lar, ‘mraperl)
>>> print(similarity)

0.33304918

The following example shows a similarity calculation between the actual word and

the loanword in the Sinhala language using cosine similarity function.

>>>

>>> similarity = word2vec.similarity(‘'de/5’, ‘es:e520s)
>>> print(similarity)

0.54812344

>>>




Loanword problem was not considered in the preprocessing and no cleanup or
modifications were done for the loanwords in the previous hybrid approaches for
Tamil and Sinhala languages. We need to use the same dataset to compare the
performance of both approaches. Hence, we did not consider them into the

preprocessing steps for clean up or replace these loanwords with actual words.
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5. CONCLUSION

We implemented the pioneering Deep Learning based system for estimating the
semantic similarity of short sentences in the Tamil and Sinhala languages. We
obtained the best results that could beat the cosine similarity and previous research

based on a hybrid approach for the Sinhala, and Tamil languages.

The previous hybrid similarity calculation approaches for Tamil and Sinhala
languages depended on its individual techniques and it required NLP resources for
similarity measurement. Unlike the previous hybrid approaches, our approach is
independent of the language and domain. Thus, our method outperforms the hybrid
method used in previous research without the use of lexical resources such as

WordNet or dictionaries.

We observed that our system obtained the best results when we used the fastText

model. It could be due to the following feature of the fastText model.

e The fastText model ideally deals with highly inflectional languages such as
Sinhala and Tamil. It is able to identify inflectional variants of words and

allows the embeddings to understand suffixes and prefixes.

e The fastText model worked well with the rare words, and it was able to get
vector representation of the words that were not found in the model dictionary

during training.

e The lexical database used in hybrid approaches is limited to one to one
mappings of similar words. The fastText model was able to accurately identify

similar words, even words with different lexical forms.

Also, we observed that Manhattan distance performed better than conventional
distance metrics because this metric calculates the sum of the absolute differences in
each feature, rather than their squares. Manhattan distance is most preferable when

dealing with high dimensional data.

Our approach is able to identify the similarity between a loanword and an actual word
better than cosine similarity, but still accuracy is considerably low, which needs to

improve in future work.
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Despite the fact that numerals, full stops, commas, and question marks have a distinct
meaning in sentences, our findings did not support this. As a result, all characters
other than Sinhala and Tamil were removed. After conducting the sequence of
preprocessing processes, we were able to get the best results by removing extraneous

information and therefore improving the data quality of sentences.

Our system achieved 3.07% better results than the previous hybrid approach for Tamil
and 3.61% better results than the previous hybrid approach for Sinhala. Both system
performances were evaluated based on Pearson correlation coefficient and means

squared error.

In addition, we have created a dataset for the Tamil language that contains 500 short
sentences and 2500 short sentence pairs. Each short sentence pair is manually
annotated with similarity scores by human judges. We have contributed this Tamil

short sentence dataset for the community, which can be used for further text analysis.

5.1 Future works

There are several possible ways to enhance the current system performance. The
following list of possible future enhancements and improvements can be

experimented with the discussed model.

e Contextualized word-embedding models (Ex: BERT, ELMo, etc.) can be used
to obtain additional syntactic and semantic information of the languages.

e Current dataset contains limited numbers of sentence pairs and is limited to
certain domains, when dataset size increases with a variety of data, it will
enable many new avenues.

e Different word embedding methods and combinations of word embedding and

traditional features can be experimented.
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APPENDIX-I

Visualization of Tamil word-embedding model using t-SNE algorithm
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APPENDIX-II

Visualization of Sinhala word-embedding model using t-SNE algorithm
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