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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. 
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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. 
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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. 
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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):  

• Character based similarity measures techniques 

• 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 s1 = ‘substring’ and s2 = ‘string’, then the longest common substring 

of s1 and s2 is ‘string’ 
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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  𝑙𝑒𝑣𝑎,𝑏(|𝑎|, |𝑏|) is given below: 

 

                                                    (2.1) 

   

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 𝑑𝑎,𝑏(𝑖, 𝑗). The equation 

can be written as: 

(2.2) 

 

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 
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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 (𝑥1, 𝑦1) and B (𝑥2, 𝑦2) are the data points and the following equation is used 

for calculating Manhattan distance between A and B: 

Manhattan distance =  (|𝑥2 − 𝑥1| + |𝑦2 − 𝑦1|)  (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 (𝑥2, 𝑦2) are the data points and the equation for calculating 

Euclidean distance between A and B is given as below: 

Euclidean distance =  √∑ (𝑥𝑖 − 𝑦𝑖)2𝑛
𝑖=1    (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. 

 

Figure 2.5: Cosine similarity for similarity measures 

The equation for calculating Cosine distance between Item1 and Item2 is given as 

below: 
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Cosine distance = 
𝐴 .  𝐵

‖𝐴‖ × ‖𝐵‖
  =  

∑ 𝐴𝑖 × 𝐵𝑖
𝑛
𝑖=1

√∑ 𝐴𝑖
2𝑛

𝑖=1  × √∑ 𝐵𝑖
2𝑛

𝑖=1

  (2.5) 

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

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 

Jaccard Similarity = 
|𝐴 ∩ 𝐵|

|𝐴 ∪ 𝐵|
    (2.6) 

Sørensen 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. 

Dice’s coefficient = 
2|𝐴 ∩ 𝐵|

|𝐴| + |𝐵|
    (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: 

SMC = 
𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑚𝑎𝑡𝑐ℎ𝑖𝑛𝑔 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑠
  (2.8) 

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. 
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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. 

Overlap coefficient = 
|𝐴 ∩ 𝐵|

𝑀𝑖𝑛(|𝐴|,|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. 

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. 
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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.  
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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. 

● DISCO1: Based on their collocation sets, this function calculates the first-

order similarity of two input terms. 

● 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. 
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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 

● 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. 

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

number in the lin [35] calculation. 

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

amount and the Least Popular consumer's information content.  

Path Length 

● Leacock & Chodorow (lch): The lch [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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● 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. 

● 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. 

● 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. 

● 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. 

● 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. 



18 
 

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], lch [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). 

similarity(S1,S2) =  
(𝑙𝑒𝑥𝑛 × 𝑙𝑒𝑥𝑠) + (𝑠𝑦𝑛𝑛 × 𝑠𝑦𝑛𝑠) + (𝑠𝑒𝑚𝑛 × 𝑠𝑒𝑚𝑠)

𝑙𝑒𝑥𝑛 +  𝑠𝑦𝑛𝑛 + 𝑠𝑒𝑚𝑛
    (2.10) 

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. 𝑂𝑡 

output gate, 𝐶𝑡 cell memory block (what information will be fed to the next neuron is 

determined by the current state.), 𝐼𝑡 input gate, and 𝐹𝑡 forget gates are the four 

components. The LSTM layer receives feedback in the form of real-valued vectors 

from the input 𝐼𝑡 Between the gates, the secret state representations 𝐻𝑡 are modified 

sequentially.  
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The upgrade steps depend solely on the 𝐶𝑡 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 (BiLSTM) [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 BiLSTM 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 (τ) 

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. 

 

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: 

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

• 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 CBoW and 

Skip-gram models are shown in Figure 2.11. The word-embeddings [55] represent a 

way of contrasting words semantically [60]. 

 

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 AI 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. 

• BERTbase – It has 12 layers (Encoders / Transformer blocks), 12 bidirectional 

attention heads with 110 million parameters. 

• BERTlarge – 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: 

LSTMleft and LSTMright 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 

meaning. 
5 

Both sentences are mostly similar, but certain trivial 

information differs. 
4 

Both sentences are approximately similar, but certain trivial 

information is missing. 
3 

Both sentences are not similar but refer some information to 

the same topic. 
2 

Both sentences are entirely different. 1 

Table 3.2:  Manually Annotated Score for Sinhala [2] 

Sentences 
Similarity 

measure score 

A: කබරය ෝ යෙයෙයෙක් වතුර කඩිත්තක අරගල ක නිරත යවති 

(two monitors fight in a stream of water) 
 

B: කිඹුලන් යෙයෙකු වැවක සිටියි (two crocodiles in a lake) 

0.67 

A: රතු පැහැති ය ෝටර් රථ ක් යේගය න් ධාවෙ  යේ (a red car 

drives fast)  
 

B: මිනියෙක්  තුරු පැදි ක් ධාවෙ  කරයි (A man drives a motor 

bike) 

0.43 

A: ය ෝටර් රථ  ාන්ිකය ක් කාර් එකක උවසුෙ යවතට 

බට කින් වතුර පහරක් එල්ල කරයි (A motor mechanic aims 

water to the bonnet using a hose)  
 

B: මිනියෙක් ඔෙවා ඇති ය ෝටර් රථ ක් යෙෝෙමින් සිටියි (A man 

washes a car that is lifted up) 

0.97 
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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. 

 

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). 

 

Figure 3.2: Manual similarity score calculation method for Tamil dataset. 

Table 3.4:  Tamil - Manual similarity score calculation strategy 

Sentence 

ID 
Sentence 1 Sentence 2 

Similarity Score 
Final 

Score Judge 

1 

Judge 

2 

Judge 

3 

1 
தாவி குதித்து 

சாஹசம் 

புரிகின்றாரக்ள் 

ஒருவர ்குத்து 

கரணம் 

அடிக்கின்றார ்

4 4 4 4 

2 
தாவி குதித்து 

சாஹசம் 

புரிகின்றாரக்ள் 

இருவர ்குதித்து 

சாகசம் 

புரிகின்றனர ்

4 5 3 4 

3 
தாவி குதித்து 

சாஹசம் 

புரிகின்றாரக்ள் 

ஒருவர ்

தலைகீழாகப் 

பாயும் பபாது 

மற்லறயவர ்

அவருக்கு பமைாகப் 

பாய்கின்றார.் 

5 5 3 4.33 
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4 
தாவி குதித்து 

சாஹசம் 

புரிகின்றாரக்ள் 

இருவர ்கம்பிக்கு 

பமைாகப் 

பாய்கின்றனர ்

5 3 3 3.66 

5 
தாவி குதித்து 

சாஹசம் 

புரிகின்றாரக்ள் 

தலைகீழாக ஒருவர ்

விழுகின்றார.் 
5 5 4 4.66 

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. 

Manual Similarity Score = 
𝐽1 𝑠𝑐𝑜𝑟𝑒 +𝐽2 𝑠𝑐𝑜𝑟𝑒 +𝐽3 𝑆𝑐𝑜𝑟𝑒 

3
  (3.1) 

Table 3.5:  Manually Annotated Score for Tamil [3] 

Sentences  
Similarity 

score 

ஒருவர் வதீியில் ஓடுகின்றார். 

(A person is running on the road) 

ஒருவர் ஓடிக்ககாண்டிருக்கின்றார். 

(A person is running) 

4.67 

 

ஒரு நபர் துப்பாக்கியால் சுடுகின்றார். 

(A person is shooting with a gun) 

துப்பாக்கியில் இருந்து குண்டு கெல்கின்றது. 

(A bullet is coming out of a gun) 

2.00 

பபாட்டியின்பபாது விபத்து நடந்துள்ளது. 

(Accident has happened in sports) 

விளளயாட்டு வரீர்கள் விளளயாட்டில் மும்முரமாக 

ஈடுபட்டுள்ளனர். 

(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. 

 

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.  

• Numbers 

• Symbols 
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• Punctuations marks 

• Question mark 

• Special characters.  

• 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 

සහ නිසා අතර සහ පවා ඔන්න 

සමග නිසාවවන් විසින් දක්වා ද වමන්න 

සමඟ බවට සමග ට වහ ෝ‍ උවදසා 

අහා බව පිළිබඳව වේ වත් පිණිස 

ආහ ් බවවන් පිළිබඳ එ විනා සඳහා 

ආ නම් තුළ ක හැර අරබයා 

ඕවහ  වැඩි බව ක් මිස නිසා 

අවන් සිට වැනි බවත් මුත් එනිසා 

අවඳ  දී මහ බවද කිම එබැවින් 

අවපායි මහා වමම මත කිම් බැවින් 

අවප  මහ වමහි ඇතුලු ඇයි වහයින් 

අයිවය  පමණ වම් ඇතුළු මන්ද වස්ක් 

ආයි පමණින් වවත වමවස ් වහවත් වස්ක 

ඌයි පමන වවතින් වඩා වනාවහාත් ගැන 

චී වන වවතට වඩාත්ම පතා අනුව 
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චිහ ් විට වවනුවවන් නිති පාසා පරිදි 

චික් විටින් වවනුවට නිතිත් ගාවන විට 

වහ ෝ‍ වම් වවන නිවතාර තව වතක් 

වද  වමවෙස ගැන නිතර ඉතා වමවතක් 

වද වහ  වමයින් නෑ ඉක්ිති වබාවහ  වම්තාක් 

වමන් ඇති අනුව දැන් වහා තුරු 

වස් වෙස නව යලි වසද තුරා 

වැනි සිදු පිළිබඳ පුන සැනින් තුරාවට 

බඳු වශවයන් විවශ්ෂ ඉතින් හනික තුලින් 

වන් යන දැනට සිට එම්බා නමුත් 

අයුරු සඳහා එවහන් සිටන් එම්බෙ එනමුත් 

අයුරින් මගින් වමවහන් පටන් වබාෙ වස ්

වෙස වහ ෝ‍ එවහ ් වතක් නම් වමන් 

වැඩි ඉතා වමවහ ් දක්වා වනාහි වෙස 

ශ්‍රී ඒ ම සා කලී පරිදි 

හා එම තවත් තාක් ඉඳුරා එවහත් 

ය ද තව  තුවක් අන්න 

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

sentences and was created by the TamilNLP1 team [74] using Wikipedia Tamil text 

corpus2 using TXM Corpus Analysis Tool. 

Table 3.7:  List of Tamil stop-words 

ஒரு ப ோன்ற அவள் இந்த ் இதனோல் எனவும் 

என்று எந்த நீ எனும் அவவ என ் டும் 

மற்றும் வந்து ஆகிய பமல் அபத எனினும் 

இந்த இதன் இருந்தது பின் ஏன் அடுத்த 

இது அது உள்ளன பேரந்்த முவற இதவன 

என்ற அவன் வந்த ஆகிபயோர ் யோர ் இவத 

ப ர ் தோன் இருந்த எனக்கு என் வத ககோள்ள 

என் து  லரும் மிகவும் இன்னும் எல்லோம் இந்தத ்

 ல என்னும் இங்கு அந்த ் மட்டுபம இதற்கு 

 
1 https://github.com/AshokR/TamilNLP/wiki/Stopwords 
2 https://github.com/AshokR/TamilNLP/wiki/Wikipedia-Tamil-Text-Corpus 
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ஆகும் பமலும் மீது அன்று இங்பக அதனோல் 

அல்லது பின்னர ் ஓர ் ஒபர அங்பக தவிர 

அவர ் ககோண்ட இவவ மிக இடம் ப ோல 

நோன் இருக்கும் இந்தக் அங்கு இடத்தில் வவரயில் 

உள்ள தனது  ற்றி  ல்பவறு அதில் ேற்று 

அந்த உள்ளது வரும் விட்டு நோம் எனக் 

இவர ் ப ோது பவறு க ரும் அதற்கு என் 

என என்றும் இரு அவத எனபவ வவர 

முதல் அதன் இதில்  ற்றிய பிற மட்டும் 

என்ன தன் ப ோல் உன் சிறு ககோண்டு 

இருந்து பிறகு இ ்ப ோது அதிக மற்ற பவண்டும் 

சில அவரக்ள் அவரது அந்தக் விட 

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. 

• Traditional spell correction 

• 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 Tamil3. 

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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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. 

 

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:  
• வோத்து தன் இலங்கைகை விரித்த டி கோண ் டுகின்றது  

(The duck is seen spreading its Sri Lanka) 

After correction:  
• வோத்து தன் இறை்கைகை விரித்த டி கோண ் டுகின்றது     

(The duck is seen spreading its wings) 

Example in Sinhala sentence: 

Before correction:  
• කමිෙ ක් පැළඳ යො ැති තරුණ ා ස්යක්ටිිං ක්‍රීඩාව වෙයි 

(Shirtless man becomes skating) 
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After correction:  
• කමිෙ ක් පැළඳ යො ැති තරුණ ා ස්යක්ටිිං ක්‍රීඩාව කරයි 

(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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 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: LSTMleft 

and LSTMright 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]. 
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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 𝑥𝑡, memory state 𝑐𝑡, 

and hidden state ℎ𝑡 by performing calculation using the equations (3.2) – (3.7): 

𝑖𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑖𝑥𝑡 + 𝑈𝑖ℎ𝑡−1 + 𝑏𝑖)   (3.2) 

𝑓𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑓𝑥𝑡 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓)  (3.3) 

𝑐̃𝑡 = 𝑡𝑎𝑛ℎ (𝑊𝑐𝑥𝑡 + 𝑈𝑐ℎ𝑡−1 + 𝑏𝑐)   (3.4) 

𝑐𝑡 = 𝑖𝑡 ⊙ 𝑐̃𝑡 + 𝑓𝑡 ⊙ 𝑐𝑡−1    (3.5) 

𝑜𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑜𝑥𝑡 + 𝑈𝑜ℎ𝑡−1 + 𝑏𝑜)  (3.6) 

ℎ𝑡 =  𝑜𝑡⨀ 𝑡𝑎𝑛ℎ(𝑐𝑡)     (3.7) 

where, 𝑖𝑡: input, 𝑜𝑡: output, and 𝑓𝑡: forget gates, and memory state 𝒄𝒕 at 𝑡,: time, 

respectively. The LSTM weight matrices parameters are 𝑊𝑘, 𝑈𝑘 and the bias vector is 

𝑏𝑘 for each 𝑘 in {𝑖, 𝑓, 𝑐, 𝑜} 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., 

sentence1 is represented by 𝑤1, 𝑤2, 𝑤3), and words vector sequence (e.g., sentence1 

is represented by 𝑥1, 𝑥2, 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. 

𝑆𝑖𝑚𝑚𝑎𝑛ℎ𝑎𝑡𝑡𝑎𝑛 = 𝑒𝑥𝑝(− ‖ℎ𝑛
𝑙𝑒𝑓𝑡

− ℎ𝑛
𝑟𝑖𝑔ℎ𝑡

‖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. 

• Effects of cleanup 

• Effects of stop word removal 

• 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. 

• Without sentence cleanup in Tamil dataset 

• With sentence cleanup in Tamil dataset 

• Without sentence cleanup in Sinhala dataset 

• With sentence cleanup in Sinhala dataset 

Table 4.2:  Sentence cleanup experiment results 

Language 

Without sentence cleanup * With sentence cleanup 

Pearson 

correlation 
coefficient 

Mean 

Squared 

Error 

Pearson 

correlation 
coefficient 

Mean 

Squared 

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. 

• Without stop words removal in Tamil dataset 

• With stop words removal in Tamil dataset 

• Without stop words removal in Sinhala dataset 

• With stop words removal in Sinhala dataset 

Table 4.3:  Stop words removal experiment results 

Language 

Without stop word removal * With stop words removal 

Pearson 

correlation 
coefficient 

Mean 

Squared 

Error 

Pearson 

correlation 
coefficient 

Mean 

Squared 

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: 

• Without doing spelling correction in Tamil dataset 

• With the spell correction in Tamil dataset 

• Without doing spelling correction in Sinhala dataset 

• 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 

கேலுதட்துகின்றோர ் கேலுத்துகின்றோர ் Pay, Drive 

துரத்துகிறகனது துரத்துகின்றது Chasing 

துள்ளுகுின்றோர ் துள்ளுகின்றோர ் Leaps 

ஓடட ஓட்ட Run 

இயறவகவய இயற்வகவய Nature 

ஒருவுர ் ஒருவர ் A person 

கேற்வறே ் பேற்வறே ் Mud 

வீரர் ் வீரர ் Player 

மடவட மட்வட Bat 

வ்ல௲ ் ோட்டில் 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 

වින්සුරුයවකු විනිසුරුයවකු Judge or umpire in sport 

පැහති පැහැති Used to describe color.  

පුෙගලය ක් පුද්ගලය ක් A person 

ගම්නන් ලරෙ ග න් කරෙ Traveling 

ෙ ම්නන් ෙ මින් Placing / Putting 

යෙවක් ෙැවක් A ship 

අරමින් කරමින් Doing 

යරෝො යරෝෙ Wheels 

ක්‍රීඩිකාව කයේ ක්‍රීඩිකාවකයේ Sportswoman`s.  
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පනිය් පනියි 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 

Language 

Without spelling correction * With spelling correction 

Pearson 

correlation 
coefficient 

Mean 

Squared 

Error 

Pearson 

correlation 
coefficient 

Mean 

Squared 

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. 

 

Figure 4.1: Model training and validation performance for Tamil dataset 
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Figure 4.2: Model training, validation performance for Sinhala dataset 

 

Table 4.8:  Tamil - Short sentence similarity score comparison 

Sentences 

Manual 

Similarity 

Score 

Hybrid 

Approach 

[2] Score 

Cosine 

Similarity 

Score 

Our 

Approach 

Score 

A: ஓட்ட ் ந்தய 

கோகரோன்று சிறிய 

வவளகவோன்றில் 

கேல்கின்றது (A racing car is 

going into a small curve) 
 

B: ஓட்ட ் ந்தய 

கோகரோன்று 

வவளகவோன்றில் 

கேல்கின்றது (A racing car is 

going into a curve) 

0.91 0.82 0.96 0.94 

A: வீரர ்ஒருவர ்மவலயில் 

ஏறுகின்றோர ்(A player 

climbs the mountain) 
 

B: ஒருவர ்

கயிற்றிவன ்பிடித்தவோறு 

மவலயில் ஏறுகின்றோர ்(A 

person climbs the mountain 

holding a rope) 

0.55 0.45 0.67 0.47 
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A: கோல் ் ந்தோட்டத்தில் 

வீரகரோருவர ் ந்வத 

அடிக்கின்றோர ்(A player hits 

the ball in football) 
 

B: கோல் ந்து வீரரக்ள் 

 ந்வத ஒருவரிடம் இருந்து 

ஒருவர ் றிக்க 

நிவனக்கின்றனர ்(Football 

players try to snatch the ball 

from one another) 

0.20 0.02 0.73 0.12 

A:  னி ேறுக்கல் வீரர ்

 றந்து ேோகேம் 

கோட்டுகின்றோர ்(A 

Snowboarder fly and shows 

adventure) 
 

B:  னி மவலயில் 

ேறுக்கியவண்ணம் ஒருவர ்

கேல்கிறோர ்(A person is 

sliding on a snowy mountain) 

0.48 0.41 0.57 0.51 

A: நோன்கு சிறுவரக்ள் 

கூவட ் ந்தோட்ட 

விவளயோட்டில் 

ஈடு டுகின்றனர ்(Four 

children play basketball 

game) 
 

B: கூவட ் ந்தோட்டத்தில் 

பிள்வளகள் 

ஈடு டுகின்றனர ்(Children 

are engaged in basketball) 

0.62 0.48 0.77 0.53 

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: කබරය ෝ යෙයෙයෙක් 

වතුර කඩිත්තක අරගල ක 

නිරත යවති (two monitors 

fights in a stream of water) 
 

B: කිඹුලන් යෙයෙකු වැවක 

සිටියි (two crocodiles in a lake) 

0.67 0.55 0.39 0.71 

A: රතු පැහැති ය ෝටර් 

රථ ක් යේගය න් ධාවෙ  

යේ (a red car drives fast)  
 

B: මිනියෙක්  තුරු පැදි ක් 

ධාවෙ  කරයි (A man drives 

a motor bike) 

0.43 0.51 0.37 0.48 

A: ය ෝටර් රථ  ාන්ිකය ක් 

කාර් එකක උවසුෙ යවතට 

බට කින් වතුර පහරක් එල්ල 

කරයි (A motor mechanic aims 

water to the bonnet using a 

hose)  
 

B: මිනියෙක් ඔෙවා ඇති 

ය ෝටර් රථ ක් යෙෝෙමින් 

සිටියි (A man washes a car that 

is lifted up) 

0.97 0.83 0.38 0.94 

A:  තුරු පැදි ධාවෙ 

තරඟ ක ය යෙෙ 

ක්‍රීඩකය ක් (An athlete who 

plays in a motor bike racing 

competition)  
 

B:  තුරු පැදි ධාවකය ක් 

ව ට විංගුවක හැයරයි 

(motorcycle rider turns left on 

a bend) 

0.87 0.81 0.67 0.93 

A: ක්‍රීඩකය ක් ඔහුයේ පිත්ත 

ඔෙවයි (An athlete lifts his 

bat)  
 

0.77 0.92 0.45 0.82 
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B: ක්‍රීඩකය කු යේස් යබෝල් 

ක්‍රීඩායේ ය දී සිටී (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. 

Language 
Hybrid 

Approaches [2, 3] 

Monolingual Sentence Similarity 

Measurement using Siamese Neural 

Networks for Sinhala and Tamil 

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. 

 

 
Figure 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 

வேக்கிள் 
மிதிவண்டி, ஈருளி,  

துவிேே்க்கரவண்டி 
Bicycle 

ஜிம்னோஸ்த்திக் சீருடற் யிற்சி Gymnastics 

கடன்னிஸ் 
தட்டு ் ந்து, 

வரி ் ந்தோட்டம் 
Tennis 

டிவ் 
முழுக்கு, (நீரில்)மூழ்கு, 

முக்குளி ்பு 
Dive 

 ற்மின்ரன் பூ ் ந்தோட்டம், பூ ் ந்து Badminton 

ப ஸ் ோல் 
எல்வல,  தளக்கட்டு ் 

 ந்தோட்டம் 
Baseball 

ஸ்பகட்டிங் ேறுக்கு,  னிேே்றுக்கு Skating 

கித்தோவர நரம் ள்ள இவேக்கருவி 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 

ස්යක්ටිිං අයිස්  ත ලිස්ො  ා  Skating 

ජිම්නොස්ටික් ෙරඹ පිළිබඳ වූ Gymnastic 
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බාස්කට් යබෝල් පැසිපන්ු Basketball 

ෆුට්යබෝල් පාපන්ු Football 

ජැකැට්ුවක් බාච්චුව A Jacket 

පිරමීඩ ක් චතුර්ුජාිංශ ස්ූප  A Pyramid 

පැරෂුට් වායුච්චඡත්‍ර  Parachute 

යබාක්සිිං ගුස්ති Boxing 

'லசக்கிள்' is a loanword for ‘Bicycle’ whereas actual Tamil words are 

‘மிதிவண்டி’ or ‘ஈருளி’ or ‘துவிேே்க்கரவண்டி’.  Similarly 'ෆුට්බෝල්'’ is a 

loanword for Football whereas the actual word is 'පාපන්දු'. 

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. 

 
 
 

 
 

 

 
 

 

 
 

 

 

 

 

 

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

the loanword in the Sinhala language using cosine similarity function. 

 

 

 

>>> similarity = fasttext.similarity('லசக்கிள்', 'துவிசச்க்கரவண்டி') 

>>> print(similarity) 
0.532845 

>>> 

>>> similarity = fasttext.similarity('லசக்கிள்', 'மிதிவண்டி') 

>>> print(similarity) 
0.6419646 

>>> 

>>> similarity = fasttext.similarity('லசக்கிள்', 'ஈருளி') 

>>> print(similarity) 
0.33304918 

>>> 

>>> similarity =  word2vec.similarity('ෆුට්බෝල්', 'පාපන්දු') 

>>> print(similarity) 
0.54812344 

>>> 
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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. 

• 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. 

• 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. 

• 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. 

• Contextualized word-embedding models (Ex: BERT, ELMo, etc.) can be used 

to obtain additional syntactic and semantic information of the languages. 

• 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. 

• 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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