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ABSTRACT

Organising text articles into groups or clusters is known as document clustering.
Documents that belong to a cluster are about the same subject. Document
embeddings should be in the same embedding space for the cross-lingual document
clustering, i.e., similar documents should have similar vectors. Obtaining document
embedding for Tamil and Sinhala is feasible using models like Word2Vec or
FastText, however, these embeddings are language specific, i.e., these will not be in
the same vector space. Therefore, one cannot cluster documents across the languages
using the language specific models. Pre-trained multilingual language models such as
mBERT, XLM-R were introduced to solve this problem by transferring the
knowledge from high resource languages to low resource languages.

This research is conducted to cluster Tamil, Sinhala and English news articles using
XLM-R models. An adequate amount of collected documents were clustered, and the
clustering techniques and performance were evaluated. This research produces a new
baseline for cross-lingual clustering of Tamil, Sinhala, and English documents.

Keywords: Cross-lingual document clustering, Multilingual language models,
XLM-R, mBERT, LASER, Knowledge distillation
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1.0 INTRODUCTION

The process of organising text articles into groups or clusters is known as document
clustering [1]. Documents that belong to a cluster are about the same subject,
whereas documents belonging to another cluster are about different subjects. This has
to be done automatically without manual intervention. It is widely employed in
information retrieval, pattern recognition, knowledge discovery and data mining [1].

State-of-the-art performance in monolingual document clustering in English and
other languages was achieved using TF-IDF, Doc2vec [29, 30, 4], FastText [3] and
BERT [30] over the years. The advent of Transformer-based architecture and
Transformer-based pre-trained models has revolutionised the field of Natural
Language Processing (NLP) and has led to state-of-the-art performance on a wide
range of tasks. Although there has been a surge of interest in general-purpose
sentence representation, research in that area has been essentially monolingual and
primarily focused on English. Cosine similarity measure was primarily used in most
word embedding-based document clustering approaches [3, 30]. Several clustering
techniques such as Agglomerative and K-Means have been used. Surprisingly, the
one-pass clustering algorithm has provided better results than traditional clustering
approaches in few studies [3, 4].

Recent advances in NLP have led to multilingual language models (MLLM) such as
multilingual BERT (mBERT) with 104 languages from Google [29] and XLM-R
with 100 languages from Facebook [2]. Low resource languages such as Tamil and
Sinhala can benefit from these pre-trained MLLMs. M-BERT has only Tamil from
Sri Lankan local languages and XLM-R has both Tamil and Sinhala in it.
Cross-lingual document clustering can be achieved by employing one of these
MLLMs.

However, good performance from these MLLMs cannot be achieved out of the box
for low-resource languages primarily due to the following reasons.

1. Pre-trained models are trained generically, So in order to perform better in
specific tasks like Named-entity recognition (NER), sentiment analysis,
question answering, etc, task-specific fine-tuning is required.

2. Amount of low resource language data in the pre-trained model is
comparatively less. Thus, cross-lingual vector alignment needs to be done.

To the best of our knowledge, there were no studies published on cross-lingual
document clustering using pre-trained MLLMs. This research will be one of the
initial studies in this domain, especially for Sri Lankan local languages - Tamil,
Sinhala and English.



1.1 Research problem

Previously Tamil news clustering was done using monolingual embedding - fastText
[3] and Sinhala news clustering with frequency vectors [4]. However, these models
are monolingual, and each time it has to be trained for one language. Further, there
are not any implementations yet to look at similar content articles from all three local
languages at a glance.

1.2 Research objectives

The objective of this research is to implement a mechanism to form cross-lingual
clusters using pre-trained MLLM for documents that are written in English, Tamil
and Sinhala languages.



2.0 LITERATURE REVIEW

A comprehensive literature review in text representation, text clustering and
multilingual language modelling is conducted in this chapter.

2.1 Text representation

Text-based data growth is tremendous due to sources such as social media, online
forums and published articles. Text data is rich in information that contains more
valuable insights than quantitative data. The primary goal of NLP is to understand
the text in a human-like nature. Text representation has long been a focus of research
in the field of NLP. Researchers have discovered an adequate amount of Machine
learning algorithms with high accuracy. If the text can be quantitatively represented,
NLP also can benefit from the existing Machine learning algorithms. A significant
challenge in text representation is to keep the syntactic and semantic relationship
between the words even after the representation. Text has been used in a variety of
applications over the years, including document clustering, email filtering, sarcasm
detection, sentiment and opinion mining, question answering, content mining, and
many others [19]. This subsection is devoted to thoroughly researching the evolution
of text representation methodologies from their inception to the current
state-of-the-art models.

2.1.1 Classical methods

Early-stage text representation models were built on the frequency of words.

2.1.1.1 One hot encoding

This is the most basic way of representing text. The vector's dimension corresponds
to the size of the vocabulary in the text/document. Each term in the dictionary is
represented by a binary variable, such as 1 or 0. Index of the corresponding term will
be 1 and everything else will be 0. [19]

2.1.1.2 Bag-of-Words (BoW)

The BoW encoding is simply an extension of the one hot encoding. It encapsulates
the one-hot encoding of terms in a sentence. As vocabulary grows, so does the
dimension of the BoW vector. Furthermore, a large number of zeros will introduce
sparse matrix problems. [19]



2.1.1.3 Term Frequency (TF)

Term Frequency is the number of occurrences of a word calculated and divided by
the number of words in a text. Therefore, most occurred terms will have a higher TF
value compared to least occurred terms [19].

2.1.1.3 Term Frequency-Inverse Document Frequency (TF-IDF)

TF has the limitation of being biassed to most occurring terms such as stop words.
TF-IDF eliminates the limitation of the Karen [19] proposed TF-IDF in 1988. TF
stands for the Term Frequency as mentioned in 2.1.1.3. IDF stands for inverse
document frequency and plays a vital role in reducing the impact of most occurring
words such as stop words by providing higher weight to least occurring terms and
lower weight to most occurring terms. Fayaza and Ranathunga [3] and Nanayakkara
and Ranathunga [4] have used TF-IDF to set the benchmark for text representation
for the news clustering or Tamil and Sinhala (respectively).

The BoW is used to build the TF-IDF. As a result, it is unable to retain word order or
syntactic and semantic information. The TF-IDF is mathematically represented
below [6, eq. (1)].

TF — IDF(t,d,D) = TF(t,d) X zog(d]?t Y [eq. (D]

Here, t represents the terms, and d represents each document. D denotes a collection
of documents, and dft denotes the sum of documents containing the term ¢ [19].

These models, however, have a high dimensionality and do not capture the syntactic
and semantic relationships between words. Due to these constraints, research on
decentralised language models in low dimensional space has been conducted.

2.1.2 Word Embeddings

Word embedding is a method in NLP that represents the words as vectors. Similar
words would have a similar vector (The distance between both vectors is small). This
approach is a significant advancement for improved performance in NLP
applications.

2.1.2.1 Word2Vec

Word2Vec was proposed and developed by Google in 2013 [7]. This model is built
using two hidden layers in a shallow neural network. The neural network’s output is
a vector for each word. Syntactic and Semantic meaning of the word is supposed to
be captured by the Continuous Bag of words (CBOW) and Skip-gram models.



Continuous Bag of Words (CBOW): CBOW predicts the word based on its context.
Context is captured by communicating with neighbouring words.

Skip-Gram: This approach is the reverse of CBOW. The word is predicted using the
context of the central word in skip-gram.

2.1.2.2 Global Vectors (GloVe)

Word2Vec captures the semantics of the words. However, it primarily focuses on the
local context since it communicates only with the neighbouring words. GloVe is
proposed to utilise the global statistic [8].

GloVe is dependent on a token in a corpus. This has mainly two steps.
1. Formation of the co-occurrence matrix for the corpus
2. Factorisation to get vectors

GloVe and Word2Vec are excellent in performance, accuracy and semantic
understanding of the text in the large corpus. However, these models cannot work
with out-of-vocabulary words.

2.1.2.3 FastText

Previously mentioned word embedding techniques had several issues such as longer
training time and cannot perform in out-of-the-vocabulary words. FastText is
proposed to address these limitations [9]. Instead of feeding a single word at a time,
FastText feeds n-grams. N-grams allow the neural network to learn the relationship
between words and semantics. Thus, the FastText provides better results, especially
for the rare words. Facebook Al research released pre-trained word embedding for
157 languages [10], including Tamil and Sinhala. 157 FastText language models
were trained using publically available Wikipedia articles. Fayaza and Ranathunga
[3] have used FastText to embed Tamil news articles for the news clustering.

Although the models mentioned above perform well in understanding the syntax and
semantics of a document, they do not capture the full context of the document
required for many NLP tasks.

2.1.3 Contextual Embeddings

Contextual embedding was possible using Bi-Directional LSTM models. This
section explores a few popular contextual embedding models.

Generic Context word representation (Context2Vec)



Melmbud et al. [11] proposed Context2Vec in 2016 to generate context-dependent
representation. Context2Vec is again rooted on Word2Vec and CBOW, but instead of
average word representation, Bi-directional LSTM was used.

Contextualised word representations Vectors (CoVe)

McCan et al. [12] proposed CoVe in 2017. The CoVe is based on Context2Vec, but
instead of Word2Vec inside, they have used two layers of pre-trained BiLSTM for
attention to seq2seq translation.

Embedding from Language Models (ELMo)

Petars et al. [13] introduced ELMo. With deep contextualised word representations,
researchers hope to address the fluid behaviour of word use in grammar and
semantics. The word representation is based on the bi-directional language model
where ELMo gets the linear concatenation of both outputs. Linear concatenation
make that same word can have two vector representations [19].

2.1.4 Transformer-based Pre-trained Language Models

Transformers have proven that they perform more efficiently and faster than LSTM
or CNN models in language modelling. This subsection explores Transformer-based
language models.

2.1.4.1 GPT (OpenAlI Transformer)

Generative Pre-Training is the first Transformer-based language model. Radford et
al. [15] proposed GPT in 2018. Unlike ELMo, GPT models the language using the
Transformer's decoder. The decoder is an auto-regressive model that predicts the next
word and outperforms GPT in left-to-right word prediction. GPT has the limitation of
being a unidirectional model.

2.1.4.2 Bidirectional Encoder Representation from Transformers (BERT)

Google Language Al proposed BERT in 2018 [14, 16], and it has revolutionised the
field of NLP ever since. BERT is the next generation of GPT, where language
modelling is done on the large free text, and then the model is fine-tuned for specific
tasks. Instead of sequential recurrence, BERT employs Transformer Neural network
architecture with parallel attention layers. BERT is trained for the following two
tasks to promote bidirectional text prediction and sentence-level understanding:

1. Masked Language Model (MLM) - 15% of the tokens are randomly masked,

and the model predicts the masked token.
2. Next Sentence Prediction (NSP) - Pair of sentences are provided to the

model, and BERT predicts the order of the sentence.
6



BERT is trained using the English book corpus and English Wikipedia text passages,
and it is available as BERT-Base and BERT-Large. These models can be trained
further and fine-tuned for specific tasks.

Subsequently, many researchers have proposed various variants of BERT for specific
tasks. Some of the noteworthy variants are GPT2, XLNet, RoBERTa, ALBERT,
XLM and DistilBERT.

2.1.4.3 BART

Lewis et al. [57] introduced Bidirectional and Auto-Regressive Transformers
(BART). Part of the training text is corrupted and the objective of the model is to
learn and reconstruct the text. Therefore, it is naturally effective in text generation
and comprehension tasks. BART uses the seq-2-seq Transformer architecture. Text
transformation for the model training was done using multiple techniques such as
token masking, token deletion, token infilling, sentence permutation and document
rotation.

Key differences between BERT and BART are that, BART’s each layer of decoder
additionally performs cross-attention over the final hidden layer and BART does not
use additional feed-forward network before the word prediction. It achieves similar
results as ROBERTa on discriminative tasks and better performance in text generation

tasks [57].

2.1.4.4 Text-to Text Transfer Transformer (T5)

Google Research proposed T5 in 2020 [17]. TS aims to understand and generate the
language by transforming the data into the text-to-text format. Pre-training, corpus
and model architectures are systematically contrasting from the previous models.

Although these models were able to address most limitations such as syntactic,
semantic and contextual understanding of texts, they perform exceptionally well in
specific domains or tasks. After training with targeted data and fine-tuning, a new
variant of existing models should be proposed for each domain [19]. COVID Twitter
BERT (CT-BERT) is one such example [18]. Table 1 shows the comparison of
popular Language Models.



Table 1.
A comparison of popular Language Models
{Taken from [19])

LMs Release Date Architecture Pre-Training Task Corpus Used
Word2ZVec Jani-13 FCMNN Google News
GloVe Oet-14 FCMN Common Craw] corpus
FastText ]l.ll 16 FCMM Wik |||.;-._||.|
ELMao Feb-18 BIlSTM BalA Wiki-Text- 103
GrrT Jun-18 |r|i|:.l~ll:1l1,:||1|l|:1'l LM Book -Corpus
GPT-2 . Iranstormer LM Weh-Text
Decoder
BERT Chet-18 Irllmdll:”w' MLM & NSP WikiEn + Book Coarpus
sNCOELET
. Translormer Book [l'uiii.l.\ + O -News
SOEENIR | LS Encoder WELAE 1 e + Open-Web-Text+ STORIES
ALBERT |  Sep-19 franstormes MLM+ S0P same as BERT
Encoder
XL Net Tun-19 .|"'|.ll1|l-r|.'|r||'l.':b\-|'-1.' Transtormer LM \'-'L.kiT':ilﬁ-l"mllk-ll'ut“llw l:.i||'_.|H
Encoder + Clue-Web + Common Crawl
Transfi p ! L
ELECTRA | 2020 - RTD +MLM same as XLNet
Encoder
Transfi ]
UniLM 2020 e MLM+NSP WikiEn + Book-Corpus
Encoder
MASS 2020 Transformer Seq2Seq MLM “Task-dependent
BART 2020 Transtormer DAE same as HoBERTa
15 2020 Transtormer Seqiheq MLM Calossal Clean Crawled Corpus (C4)

2.2 Multilingual Language Modelling (MLLM)

BERT has proven to be a success in the English language. Hence many
language-specific BERT models were created using the same recipe, such as
FlauBERT (French) [20]. However, these kinds of language-specific models are
possible only for languages with adequate data and computational resources. The
above limitation led research on “How do we bring the benefit of such pre-trained
BERT based models to a very long list of languages of interest?” [20].

The goal of an MLLM is to learn a model that can support multilingual text
embedding in the common vector space. Similar sentences with similar contexts
from different languages should have a similar vector. mBERT and XLM-R are such
MLLMs [20]. This section discusses the architecture of MLLM in detail.

2.2.1 Architecture

MLLMs are primarily based on the Transformer architecture discussed in section
2.1.4. MLLM includes three layers as follows: Input layer, Transformer layers and
Output layer.

Input layer - Input is a sequence of tokens, and tokens are generated through a
one-hot representation approach for finite vocabulary. Vocabulary from different
languages is joined using algorithms such as Byte-Pair Encoding (BPE), wordpiece
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and sentencePiece. Exponential weights are given to the vocabulary to ensure a
reasonable representation [20].

Transformer layers - A typical MLLM contains the encoder of the Transformer
network. It has N layers, with each containing k attention heads. Each attention head
calculates the weighted embedding for each input token. This calculation includes
the weight of other input tokens from the given sentence as well. The concatenated
embedding of each token from each layer will be sent through a feed-forward neural
network to produce a d dimensional embedding for each input token [20]. Table 2
shows the N, k and d parameters for a few MLLM models.
Tahle 2.

A compansan of existing Multilingoal Language Models
{Taken from | 2}
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Output layer - It contains a superficial linear transformation layer followed by a
softmax layer. The output layer produces a probability distribution for the input token
over the tokens in the vocabulary. The output layer is only required during the
pre-training phase and can be removed during the fine-tuning and task-inference
phases. RemBERT has utilised this approach to reduce the model size [20, 21].

2.2.2 Training Objective Functions

Masked Language Model (MLM) and Casual Language Model (CLM) are the
mostly used in monolingual models, as discussed in section 2.1.4.2. MLM and CLM
both are unsupervised training functions. This section covers the Training Objective
functions specialised for the MLLMs.

2.2.2.1 Parallel-Corpora based objective functions
Parallel-corpora objectives are designed and used in MLLM to have a similar vector
for similar text across languages in the multilingual encoder space.



Translation Language Model (TLM) - Lample et al. [26], have introduced
supervised TLM along with the cross-lingual model XLM. Two similar sentences
(sequences) in different languages are fed into the model separated by the /[sep/
token. Random words in both sequences are masked with the /mask/ token. The
model needs to predict the masked words either using the first sequence context or
otherwise from the context of the second sequence translation. The objective of TLM
is similar to MLM; to minimise the cross-entropy loss of the masked tokens, but here
the masked tokens can be in two different languages. TLM enforces the model to
learn word alignments in both languages. [20]. Fig.1 depicts how TLM and MLM
works.

Modeling (A My [ e | sl arink [row |
+ » : +
| Transtamer
AN S ST ST S S S S S SR S
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i + " i " ¥ i L i " " i
erevatings |0 | [ 0] [2| [s] [ [s] o] [2] [a] [(o] [e] [n
srowsings Lo | [o] [=] [&] [&] [sa] [on] [&] [e] [&] [s] [on]
E;;:’Il::lgc’?lt’;?“mm D.ﬂln:l WIS | [=3] Dlaus
b4 ? t
| Transfanmes
I S S S ST S ST S ST S S W
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Fig.1. Cross-lingual language model pre-training. This compares the difference between MLM and TLM
(Taken from [26])

Cross-attention Masked Language Modeling (CAMLM) - Ouyang et al. [20]
proposed CAMLM. This approach is similar to TLM, but in contrast, CAMLM is
restricted to use only the parallel sequence to predict the masked terms in the source
sequence.

Cross-lingual Masked Language Modeling (CLMLM) - CLMLM is also similar
to TLM. However, instead of using parallel sentences, CLMLM uses the input at the
document level.
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Following are few other examples of parallel-corpora based objective functions:
Cross-lingual contrastive learning (XLCO), Hierarchical Contrastive Learning
(HICTL) and Cross-lingual sentence alignment (CLSA).

2.2.2.2 Objective functions based on other parallel resources
In addition to parallel corpora, these objective functions use additional parallel
resources like word alignments.

Cross-lingual word recovery (CLWR) - A matrix represents source language word
embedding by the target language embeddings. The goal is to reconstruct the source
language embeddings from the matrix.

Few other examples are Cross-Lingual paraphrase classification (CLPC), Alternating
Language Model (ALM), Cross-lingual word alignment (CLWA) and Back
translation masked language modelling (BTMLM). [20]

2.2.3 Pre-training data and Languages
MLLMs use two different sources of data.

1. Large monolingual corpora for each language
2. Parallel corpora between some languages

The source of data may differ for each model. For example, mBERT uses Wikipedia
data, whereas XLM-R uses a common-crawl corpus. Training data for each model is
listed in Table 2. Training with multilingual datasets will lead to data imbalance due
to high resource languages like English. In order to avoid under-representation of
low resource languages, MLLMs use an exponentially smoothed weighting of the
data while creating pre-training data. (i.e. High resource languages will be
undersampled, and low resource languages will be oversampled based) [20].

2.2.3.1 Curse of Multilinguality

Model capacity (number of parameters) is limited due to practical reasons.
Therefore, the number of parameters allocated per language also will decrease with
the introduction of new languages. Low-resource language performance can be
increased when introducing similar high-resource languages until the capacity
dilution kicks in. Therefore, as a summary, The curse of multilinguality degrades
performance in all languages [27].

2.2.4 MLLM Models

This section covers a few renowned Multilingual and Cross-lingual language models.
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2.2.4.1 LASER

Artetxe et al. [38] propose a single BiILSTM encoder-based model that has been
pre-trained for 93 languages. According to the authors, LASER accomplishes
impressive results without task-specific fine-tuning in contrast to mBERT. Model is
trained using the publicly available parallel corpus OPUS [36]. The experiments
show that LASER is effective in bitext mining, Cross-Lingual document
classification and XNLI. Tamil and Sinhala are included in the pre-trained languages.

2.2.4.2 Multilingual BERT (mBERT)

mBERT is a 12 layer Transformer (Table 2) trained on the Wikipedia pages of 104
languages, including English, Tamil but not Sinhala. mBERT is available
open-source for research [29].

Although mBERT is not explicitly trained for multilingual representation (mBERT
uses monolingual training objective function MLM - Table 2 [20]), generalising
cross-linguality has surprised the researchers. Piress et al. [25] hypothesise that
having word pieces that must be mapped to communal space in all language families
(numbers, URLs) forces the co-occurring pieces to be mapped to shared space. This
extends the effect to all other word fragments. Fig.2. depicts the similarity of
representation in two languages (i.e. 100 percent on EN-RU would mean that English
and Russian are aligned to the exact representation). Authors say that the accuracy
decreases over the last few layers, most likely because the model requires further
language-specific data to correctly fill in the missing word [25].

Wu et al. [44] compare developing cross-lingual structures in pre-trained MLLMs.
They claim that MLLMs such as mBERT and XLM enable effective cross-lingual
transfer. This means the mentioned language models are able to learn from
supervised data for one language and implement it to the next without extensive
training. Following are few hypothesised factors for mBERT to be multilingual

e Domain similarity

e Anchor points (Shared vocabularies across languages)

e Parameter sharing

e [anguage similarity

However, they found that the most important factor is parameter sharing. Joint BPE

and domain similarity contribute a little in learning cross-lingual representation and
anchor points are not necessarily effective in cross-lingual transfer.
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Fig.2 M-BERT Accuracy of nearest neighbour translation for EN-DE, EN-RLU and HI-UR
{Taken from [25])

2.2.4.3 XLLM (Cross-lingual Language Model)

Lample et al. [26] proposed XLM with a new objective function, Translation
Language Model (TLM) to provide the cross-lingual capability. Section 2.2.2.1 and
Fig.7 explain the TLM and the difference between traditional MLM and TLM. XLM
beats mBERT performance in the XNLI dataset by 4.9% after including both the
MLM and TLM in the training objective function. Table 3 shows that this model
achieves on average 75.1% for the cross-lingual sentence encoder. This handles only
15 languages [27].

Table 3
KLM resulis on cross-lingual elassification aceuracy

{ Taken from [26])
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2.2.4.4 XLM-R (XLM-RoBERTa)

Conneau et al. [27] propose XLM-R, a transformer-based multilingual masked
language model. Authors have observed that fine-tuned unsupervised masked
language modelling (MLM) training objective has achieved more than 75% average
accuracy, which was on par with XLLM’s supervised objective function - translation
language modelling (TLM). Therefore, they have decided not to use the supervised
TLM objective function.

They have used 2.5TB CommonCrawl corpus in 100 languages instead of Wikipedia
corpora since Wikipedia is too small to enable unsupervised representation learning.
XLM-R outperformed state-of-the-art models like XLM and Unicoder and obtained
80.9% accuracy (Table 4).

Tahle 4

XLM-E Results on cross-lingual classification in XNLI

{Taken from [I
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Authors have found that their MLLMs can outperform their monolingual BERT
counterparts. XLM-R is pre-trained for both Tamil and Sinhala, and the model is
available for public use.

2.2.4.5 XLM-E (XLM-ELECTRA)
Chi et al. [28] propose XLM-E in 2021, and it is at the top of the XTREME
leaderboard (Fig.5) as of September 28th of 2021. ELECTRA contains two
Transformer encoders that serve as Generator and Discriminator.
1. Generator - Takes masked sentences as input and predict the masked tokens.
The output is fed into the discriminator.
2. Discriminator - This takes corrupted sentences from the generator as input
and predicts if the generator replaces the token.
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Altogether XLM-E pre-training is focused on reducing the loss in MLM, TLM,
MRTD and TRTD (Fig.3). Fig.3 shows pre-training tasks of XLM-E. Authors claim
that XLM-E uses only 1% of the computation power required by XLM-R.

5 original? Yos Yes Yes Mo Yes Mo lsorigingl?  yes  Yes  Yes  No Yes Mo  Yes
b ] [ ¥ L] ¥ [ ] b # ¥ ¥ §
Discriminator Discriminator
L L L u L ¥ [ ] '] [ ¥ ¥
Replaced  attention I8 all we  need T Replaced  §if W N ki Hella  earth
I8 we ¥ id 2 sarth
1 1 b 1 [ p
Generator Generator
¥ § [ ] q ¥ [ ] b [ ] ¥
Masked  Attention  <M>  all  <M>  need <M Masked <m> W «M>  Helle oM
Original Antention is ol you need. Crriginal HiRkE . Hello world,
(o) Multilingual replsced token detection (MRTDY) {b) Translation replaced token detection (TRTD)
Fig.3 Overview of two pre-imining lasks of XL¥-E
i Taken from [28])

Although XLM-E outperforms XLM-R base by 0.3%, it does not match XLM-R’s
performance (80.9%) in the XNLI classification. XLM-E uses the same 100
languages CommonCrawled data by Conneau et al. [27]. However, the model and the
code is not open-sourced yet.

2.2.5 MLLM Benchmarks

The most common approach to evaluate the MLLM is to find the cross-lingual
performance on downstream tasks. MLLM is fine-tuned for the specific task in a
high resource language such as English, and then it is evaluated against other
languages. XGLUE, XTREME and XTREME-R are few standard benchmarks [20].
Following are a few downstream tasks that are evaluated in XTREME and XGLUE.

1. Classification - Here, the task is to classify the input into k classes. XNLI is
one popular dataset used for classification [20].

2. Structure prediction - Here, the task is to predict the label for every word in
the input sequence.

3. Question answering - Here, the task is to find the answer from the given
sentence context. XQuAD is the most commonly used dataset.

4. Retrieval - Here, the task is to retrieve matching sentences from the
collection of target language given the sentence in a source language. BUCC
and Tateoba are the most commonly used datasets.

Cross-lingual TRansfer Evaluation of Multilingual Encoders (XTREME) was created
to promote more study on multi-lingual transfer learning. XTREME comprises eight
tasks and includes 40 typologically different languages from 12 language groups.
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Languages for the evaluation are carefully selected to maximise the language
diversity, coverage and availability of the training data. Tamil, Telugu and
Malayalam are some of the languages in XTREME evaluation [23, 24]. Table 27
Shows the current XTREME benchmark leaderboard standings. Microsoft’s Turing
ULR VS5 tops the ranking followed by XLM-R is in 12th, mBERT is in 14th and
RemBERT in 16th.

Table 27. XTREME Leaderboard summary as of 2021 September 25th
{Taken from [23])

I =
! il Brytel - . an AR 3 Bl B 1
ISHA P
v sl A1 BE 4 3
agail i
[ RK i B Jam 1, 2027 IR B7 9 Th.E ] 99
= T DAMOMT . ibaba Mar 21 808 89.0 Td.d 3 926
Tearn 2027
B o Turing Micrasoft Oct 7, 2020 Aoy BE8 T5.4 7249 £9.3
Anorymous] Anonymousd  Jan 3, 20021 7949 ae2 T4.6 .7 20
Dyramics
365 Al Microsoft  Sep8.2020 77O B7.5 T8 £B. 5 B4

2.2.6 Multilingual Knowledge Distillation

Reimers et al. [33] propose a new approach to efficiently map languages in the
common vector space using the teacher-student model. The authors discovered that
this approach outperforms LASER by up to 40% in accuracy for low-resource
languages. They claim that the problem with XLM-R and mBERT is that they
produce poor text representation out of the box. Furthermore, the vector spaces of the
different languages are not matched [34, 33]. (In other words, phrases with the same
content in various languages are plotted to various spots in the vector space.).
Authors have used English SBERT (Sentence-BERT) as the teacher model and
XLM-R as the student model. Fig.5 shows how the teacher-student model works.
The student model learns multilingual sentence vector space with 2 critical properties

1. Across languages, vector space is aligned (i.e., sentences with similar content

should be in different languages should be plotted closely)
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2. Vector space characteristics from the teacher model are embraced and
transmitted to other languages using the actual source language.

Tepcher EN sentence vectar

Teacher
Hello World Model 080203 1

Parallel Bata ([EN-DE) MSE-Loss

Stwdent EN sentence vector

Hallo Welt )
_ o~ 0.7-0.10.3 —] MSE-Loss

»  Student
Model L+ 0.9-0.204 ]

Student DF sentence wectar
Fig.5, Goven paralle] dsta (e.g. Enghish snd Ceereman), traen the sopdent meodel such that the
produced vectors for the English and German semences are close 1o the tzacher English
SEMIECE Vechar
[Taken from [33])

According to Reimers et al. [33] MLLMs perform competitively in monolingual
tasks, However, in multilingual experiments, the results are significantly lower.
Authors say that it can be because the vector space is not aligned in mBERT and
XLM-R across languages. Note that mBERT and XLM-R are not fine-tuned for the
tasks here.

2.3 Document Clustering

The process of organising text articles into groups or clusters is known as document
clustering. Documents that belong to a cluster are about the same subject, whereas
documents belong to another cluster are about different subjects. This has to be done
automatically without manual intervention.

2.3.1 Clustering approaches

Saiyad et al. [1] summarise the document clustering approaches and problems before
the BERT era. The traditional approach is to use a bag of words with co-occurrence
frequency. The drawback is that the traditional approach does not take the semantic
representation of the words. Following are the challenges and problems in
implementing Document Clustering.

Selection of appropriate similarity measure

e Selection of appropriate clustering technique
e Finding appropriate evaluation measures
e Synonymy and Polysemy - Since this research will use pre-trained models, it

will not be a problem.
High dimensionality
Cluster labelling
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e Selection of appropriate features for clustering - Since this research will be
focused on word embedding, this will not be a problem.

To evaluate results, a few metrics such as F-measure, silhouette coefficient,
precision, recall, and entropy are widely utilised. Cosine, inter-similarity and
Euclidean distance are the commonly used similarity measures. Table 5 shows the
common clustering algorithms used in document clustering in the literature.

Table 5

Comparison of clustering algorithms used in document clustering

(source: [1])

map

Clustering Advantages Disadvantages
Algorithm
K-Means Produces hard clusters, The value of k is
particularly if the difficult to predict.
clusters are round. Do not overlap
Bisecting The cost of clustering is NIL
k-means low, and the quality of
clustering is very good.
No need to mention K
Self-organising Data mapping is simple Difficulty deciding on

to depict.

Has the ability to
organise large amounts
of data.

input weights
Mapping results into
divided clusters

Particle swarm

More stable

Too slow

optimisation Optimization is possible Non-repeatable due to
computation costs
Hierarchical Easy to implement Computationally cost
agglomerative No of cluster info is not The denogram makes it
clustering needed difficult to determine
The cluster quality is the exact number of
adequate. clusters.
CLARANS Useful for databases
DBSCAN Works faster and end up Has difficulty in
with better final results distinguishing

separated clusters if
they are located too
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close

Fuzzy c-means
algorithm

- Qreater outcomes for - Number of clusters
overlapping data and needs to be provided

comparable to k-means

One pass algorithm - Leban et al. [43] proposed (Fig.6) to cluster documents based
on their similarity, and indeed the number of clusters would be dynamically
determined based on the semantic information.

a) Asxigm the first article to the first cluster and make ifs
centrodd egual fo article s values.

by For each remaining article of the article liss,

Calculate the similarity with each of the current clusters
as: Similarity farticle, cluster centrofd)

¢ Determine the maximum similanty( Similarty Max)
value of the above calculated similarity values for a
particular article

o If Similarity Max >= THRESHOLD, add the current
article to the cluster with maximum similarity value,

Update the cluster centrord (cemtroid value was
caleulmed by taking mean value of all articles)

Determine the closest cemtroid 1o the updated
centroid ond merge them il their similarity is
above o predefined threshaold.

o [ Similarity Max < THRESHOLD, make the current
article a new cluster and update the clusiers list.

Algonthm 1, One pass algorithm for article grouping

Fig.a One pass Clustering Algorithim
{ Taken from [4])
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3.0 RELATED WORKS

This section covers the literature in document clustering where features are extracted
from language models and word embedding models (Eg: BERT, FastText)

TF-IDF and monolingual BERT

Marcinczuk et al [30], Fayaza and Ranathunga [3] compared the TF-IDF approach
against the modern approaches. Marcinczuk et al. experimented doc2vec and BERT
in the Polish language documents and they observed that BERT obtained
significantly lower results than other methods. In contrast, Fayaza and Ranathunga
experimented with FastText and they found that FastText obtained better results than
the TF-IDF approach. Marcinczuk believes that the reason for underperformance of
the BERT is that its model takes only the first 512 tokens as input, and they
suspected that might not be enough to depict the topic of the document. Also, they
said that their BERT model is not fine-tuned for document clustering, but they have
seen other researchers have obtained better results using fine-tuned BERT. M. F.
Fayaza and S. Ranathunga also found that articles with titles and bodies gave better
performance compared to just the title.

Gusev et al. [39] discuss language specific BERT model usage for Russian news
clustering. They have hosted a Russian news clustering competition with crawled
data from different sources. Authors say that most participants preferred to handle
this problem as classification rather than as clustering. An ensemble of four BERT
MLLMs trained with stochastic weight averaging produced the best results. A single
RuBERT model finished second. The best clustering-based model finished fourth
overall, used Global Multihead Pooling and contrastive loss and was based on
S-BERT over RuBERT. Fourth place participants have published a paper about their
methodology [40].

Multilingual language models for monolingual document clustering

Stankevicius et al. [32] compared MLLMs, mBERT and XLLM-R against the doc2vec
models for Lithuanian document clustering. This research did not include
cross-lingual documents. They found that the Doc2Vec version easily outperformed
MLLMs. mBERT and other pre-trained models are meant to be fine-tuned for such a
task at hand. MLM fine-tuning on mBERT has been performed by authors with
approximately 28000 articles. Although BERT can take upto 512 tokens as the upper
limit, they found that 144 tokens yielded the best results. They also have considered
experimenting with XLM-R. However, the massive size of the XLM-R model has
limited the experiments, and authors were not able to further optimise the model due
to the high computational cost. The Doc2Vec version easily outperformed MLLM:s.
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Authors were able to see the improvement in mBERT models after fine-tuning, but
they were not sure how long further it needed to be fine-tuned.

Cross Lingual document clustering with MLLM and TF-IDF

Miranda et al. [42], Linger et al. [41], Wu et al. [44] and S.Dutta [37] worked on
cross-lingual document clustering. Miranda et al. [42] used the TF-IDF approach
whereas other authors used MLLMs. All of them used cosine value to measure the
similarity between the documents, however, Miranda used English as the pivot
language where distance for every other language is compared to English. This
approach provided a competitive F1 score of 84.0. Linger used multilingual
DistilBERT made with SBERT for batch clustering of multilingual news streaming.
Wu et al. [44] trained monolingual BERT with 10k parallel sentences to do the
cross-lingual sentence embedding. This gave good results, however, state of the art
performance is above 95% and achieved by LASER (Fig.7). They have aligned
sentences in monolingual BERT using the Procrustes approach with fastAlign. Dutta
[37] compared mBERT, DistilBERT (with S-BERT) and a newly proposed Aligned
Word Mover’s Distance (WMD-A) word alignment algorithm. He found that
DistilBERT and the WMD-A performed similarly and the mBERT performed poorly.
Therefore, it can be concluded from the above-mentioned research that DistilBERT
(with S-BERT) and LASER performs better than the mBERT. However, DistilBERT
does not support Sinhala and Tamil languages out of the box; it needs to be trained
with bi-texts. Also, XLM-R was not experimented in the cross-lingual document
clustering. Few researchers have used word alignment techniques to improve the
performance.
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Fig.7. Parallel sentence retrieval accuracy after procrustes alignment of
monclingual BERT
i Taken from [44])
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Clustering

Fayaza and Ranathunga [3] have experimented with both affinity propagation
algorithm and one-pass algorithm. They found that one pass algorithm outperformed
the affinity propagation algorithm and the affinity propagation algorithm failed to
find single document clusters. StankeviCius et al. [32] sampled 1500 equally
distributed articles in 50 clusters. Since the cluster number is known, they used the
k-means clustering algorithm. Miranda et al. [42] and Park et al. [31] developed a
novel clustering algorithm. Miranda et al.’s algorithm clusters documents in
monolingual space into cross-lingual space. Park [31] says that the downside of the
BERT is the dimensionality of the contextualised embeddings. It generates 768
dimensions for a single word token. This can cause notorious issues in the
computation of the similarity measure. Both the proposed algorithms use cosine
similarity as a similarity measure. Table 6 shows the summary of clustering
approaches conducted in different researches.

Table 6.
Summary of approaches conducted in the researches

Research | Clustering Similarity | Evaluation Dataset
method measure

[30] Agglomerati | Cosine Adjusted Mutual Manually
ve clustering Information labelled three
algorithm datasets (633,

362 and 2029
documents in
each of 3
datasets)

[3] Affinity Cosine Pairwise F-Score Crawled from 9
propagation against manual Tamil news
algorithm clustering and sites.
and Kappa statistic
One-Pass

[31] Advanced Cosine Unsupervised SQuAD 1.1 (10
document clustering accuracy | largest among
clustering (ACC) and 536 articles),
(Proposed) Normalised mutual | REUTERS

information (NMI) [ (10000 news
articles) and
FakeNewsAMT
(240 documents)
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[32] K-Means Not Matthews 1500 evenly

mentioned Correlation distributed
Coefticient (MCC) | articles for 50
clusters

Vector alignment in multilingual word embedding
Wu et.al [45] experimented on whether explicit alignments improve multilingual
encoders. According to the authors, mostly all encoders have been pre-trained with
no explicit cross-lingual goals (i.e promoting words with similar context from
different languages to have similar representations). Improvements can be made by
using explicitly cross-lingually linked data during the pre pre-training phase (E.g
bitext, dictionaries). Following alignment techniques have been experimented in
XLM and mBERT.
e Linear Mapping
e L2 Align
e Contrastive alignment (Proposed)
o Weak alignment
o Strong alignment

They found that XLM-R Large performs much better than XLM-R Base with or
without alignment. XLM-R Large has almost two fold input attributes as XLM-R
Base but is trained on the same data. This implies that increasing model capacity
makes it more possible to result in improved cross-lingual representation compared
to employing explicit alignment objectives.

3.2 Summary

Early work on multilingual clustering used TF-IDF [42]. Then MLLMs were used in
document clustering. However, their performance can be inferior without fine-tuning
[32, 37]. MLLM must be used after the fine-tuning for downstream tasks [37, 33]
(XLM-R fine-tuning requires a lot of computational resources [32]). Knowledge
Distillation (Multilingual SBERT) with distillation provided better results compared
to mBERT [33].

Researchers have used TF-IDF, doc2Vec as baseline but tend to perform better than
MLLM in monolingual document clustering [30,32]. SBERT was found to be the

23



most preferred variant to embed documents and provides better and quicker results
[37, 39, 41].

Different variations of input were used in the MLLM document clustering since the
input token count is limited (512 for BERT). Reducing the input token count
increased the performance [32, 40]. Title and body were concatenated [41] and
experimented too.

It was found that vectors are not properly aligned in MLLMs across languages
(Especially in low resource languages) [33]. Hence vector alignment is needed to
boost the performance. Bi-text or dictionaries were also employed to boost the
accuracy of cross-lingual transfer [45]. XLM-R Large performed better with or
without explicit alignment [45]. Explicit vector alignment does not improve the
performance in XLM-R Base [45]. Novel alignment approach also was discovered
and named Word Mover’s Distance [37].

Cosine has been used as a similarity measurement. One pass clustering algorithm
tends to provide better results [3] (Traditional clustering algorithms may not work
well due to the huge number of dimensions. BERT has 768 dimensions per token
[31]. Tt should be PCA-ed before the clustering). Few researchers came up with
different clustering approaches [42, 31] to tackle the cross vector space problem. F1,
Matthews Correlation Coefficient, Kappa can be used for evaluating the clusters.
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4.0. METHODOLOGY

This section covers the implementation details of the research.

4.1 System architecture

)

Documents

v

Pre-processing Evaluation algorithms » Results

Pre-processed
documents Documents &
Clusters

Document -
MLLM emhcddings_’ Clustering models

Input to the system Processing unit Output

Fig.9 System architecture

Collected documents were pre-processed initially and then word embedding was
obtained through the MLLMs. Then the documents were clustered using the
K-Means and One-Pass algorithm. Fig.9 shows the system architecture.

4.2 Models

Previous researchers have experimented with XLM-R [32, 45], mBERT [32, 37, 45],
LASER [44] and knowledge distillation [41] approaches. mBERT does not support
Sinhala language and LASER is not a pre-trained Transformer-based MLLMs.
Knowledge distillation is also not available out of the box for Tamil and Sinhala
languages. It has to be trained using a huge parallel corpus. Therefore, this research
was conducted using the XLM-R models. XLM-R Base and XLM-R Large were
experimented in this research. Related packages were obtained from the
HuggingFace transformer library.

4.2.1 Baseline

Researchers have used TF-IDF [3, 30], Doc2Vec [32] monolingual BERT [44] as the
baseline. They have also found that non-contextual word embedding methods such as
TF-IDF and Doc2Vec simply outperformed the MLLMs. This study experimented
both TF-IDF and mBERT as the baseline with One-Pass clustering algorithm. Code
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is available in the Github repository'. TF-IDF does not solve the research problem as
discussed in the Evaluation section. Therefore mBERT is used as the baseline.

4.3 Clustering algorithms

Researchers have wused Agglomerative clustering algorithm [30], Affinity
propagation algorithm [3], One-Pass algorithm [3] and K-Means [32] in their studies
of document clustering. However they all found that traditional clustering approaches
do not well due to the high dimensional vectors that are produced by the word
embedding. This study experiments both One-Pass and K-Means -clustering
algorithms.

Almost all the research [3, 30, 31] has used cosine to measure the similarity between
the documents. This research also uses cosine similarity referred to in Algorithm 2.

One-Pass clustering Algorithm [43]

Assign the first document as the first cluster’s centroid.
For all other documents:
For all clusters:
Find the cosine similarity between document and cluster centroid
If the MAX cosine similarity > THRESHOLD:

Assign the document to the respective cluster
Update the cluster centroid as the mean
Else:
Add the document to new cluster
Update the document vector as the centroid

Algorithm 1 One-Pass algorithm
K-Means
Sklearn implementation of K-Means was used in this work. Euclidean distance was
used to identify the similarity among the documents.

Cosine similarity Algorithm

Get two vectors (a, b) that need similarity report

Find the similarity by getting the dot product as follow
cos_sim = dot(a, b)/(norm(a)*norm(b))

Return the similarity cos_sim

Algorithm 2 Cosine similarity algorithm

! https://github.com/VIthulan/multilingual-doc-clustering/blob/main/src/Baseline/tf-idf-baseline.ipynb
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4.4 Accuracy Algorithm

Past researchers have used Adjusted Mutual Information [30], Pairwise F-Score [3],
Unsupervised clustering accuracy (ACC) and Normalised mutual information (NMI)
[31], Matthews Correlation Coefficient (MCC) [32]. However, in this research the
collected data can belong to multiple categories at the same time. Therefore the
above evaluation metrics are not possible to use. Algorithm 3 shows the accuracy
calculation algorithm [58].

For all clusters:
Find the category by taking the majority
Calculate the the purity of the cluster
Average the purity of all the clusters

Algorithm 3 Evaluation algorithm

4.5 Optimal length finding algorithm

Trimmed content was experimented as suggested in previous research [32, 40].
Algorithm 4 implemented by me shows the way to find the optimal length for better
accuracy.

For content length in range (Min, Max):
For each One-Pass threshold steps:
Find accuracy
Find max accuracy from all thresholds
Find max accuracy from all content length
Return max accuracy, content length and threshold

Algorithm 4 Optimal content length finding algorithm

4.6 Input variations
Following criteria were largely checked in different experiments
1. Document title only - Only document title was used in the word embedding.
2. Document content only - Only document body was used in the word
embedding.
3. Document title and content - Both title and body were used when creating the
word embeddings.
4. Trimmed content - Body was trimmed before it was used in the word
embedding.
5. Title and trimmed content - Body was trimmed before it was used in the word
embedding along with the title.
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4.7 Implementation

Python was used as the programming language to implement the solution. mBERT
was used as the baseline with a one-pass clustering algorithm. XLM-R supports
English, Sinhala and Tamil and not many cross-lingual document clustering were not
experimented with it. Therefore, we have decided to continue our research in
XLM-R. Code is available in and Google Colab®. Accuracy algorithm was developed
in Google Colab and available here’.

3 https://colab.research.google.com/drive/1goGMjyiFmuC-ehWluOaxePKBOWVOFDex?usp=sharing
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5.0 EVALUATION
5.1 Dataset

Past researchers have used manually collected and labelled data [30, 32], crawled
data [9], SQuAD [31] in their studies. This study also collected 1604 Tamil, Sinhala
and English documents manually and labelled it for the clustering and evaluations.

Data quality also verified.

5.1.1 Data collection

Documents were collected manually and annotated from eighteen different sources.
Table 7 below shows the data sources and the language they belong to.

Table 7.
Data sources where the data has been collected

Data source URL Si | En | Ta
News 1st Sinhala https://www.newsfirst.lk/sinhala/ v
News 1st English [ https://www.newsfirst.lk v
News Ist Tamil https://www.newsfirst.lk/tamil/ v
Newswire https://www.newswire.lk v
Ada derana Sinhala | http://sinhala.adaderana.lk v
Ada derana English | http://www.adaderana.lk v
Ada derana Tamil | http://tamil.adaderana.lk v
BBC Sinhala https://www.bbc.com/sinhala v
BBC English https://www.bbc.com/news/topics/cywd23g v

Ogxgt/sri-lanka

BBC Tamil https://www.bbc.com/tamil

Sooriyan FM news | https://www.sooriyanfm.lk

Veerakesari https://www.virakesari.lk
Dailymirror https://www.dailymirror.lk
Island.lk https://island.lk

Ceylon today https://ceylontoday.lk
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Hiru English https://www.hirunews.lk/english/ 4

Hiru news https://www.hirunews.lk

Ada.lk https://www.ada.lk v

Documents were collected in a JSON format [46] so that further processing would be
easier. Altogether 1604 documents were collected under this process. All the
documents were committed to github and publicly available for future researchers
[47]. The collected documents were created between January-March of 2022.

All the documents were categorised into at least one category out of ‘general’,
'crime', 'political’, 'business', 'economic', 'sports', 'arts', 'entertainment’, 'education’,
'tech', 'auto', 'legal', 'lifestyle', 'health’, 'covid', 'weather'. These categories were
identified as the major classes that a document can belong to from a survey done by
Reuters Institute for the Study of Journalism [48] and a discussion from Quora [49].

Due to the nature of the documents, an article can belong to multiple categories as
shown below.

{

"title": "Power Cuts from today (18); PUSCL grants permission”,

"content”: "The Public Utilities Commission of Sri Lanka has granted
permission to impose power cuts in Sri Lanka. Accordingly, a one-hour power cut
will be imposed between 2:30 PM to 6:30 PM under 4 separate groups. In addition,
a 45-minute power cut will be imposed between 6:30 PM to 10:30 PM as well.",

"url":
"https://www.newsfirst.1k/2022/02/18/power-cuts-from-today-18-puscl-grants-permi
ssion/",

"date": "2022-02-18",

"category": "general, economy"

}

Categories were represented in a one-hot encoding method and all the collected
documents were consolidated into one single CSV after multiple rounds of reviews
by different people. Consolidated file has been committed to Github publicly for
future research purposes”.

4

https://github.com/VIthulan/multilingual-doc-clustering/blob/main/src/processed data/reviewed/docu
ments_annotated v2 1.csv
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5.1.2 Data quality
Data quality has to be rigorously verified since these documents were manually
collected. A script® was implemented and used to verify the following
1. All required fields should be available in the JSON document
All mandatory fields should not have empty values
Document content should be greater than the given value
Date should be in the given format
Category field should contain only allowed values
Should not contain duplicate documents

A

Invalid records that were identified by the script were excluded from the research
implementation.

5.1.3 Inter annotator agreement (IAA)

It is a measure to identify how well multiple annotators can make the same
annotation decision. Annotated agreements were asked to review by two people on
whether they agree or disagree with the given annotations. The reviews from the
raters are available in Github [52, 53].

Cohen’s Kappa Calculation was conducted to find the IAA. Raters were asked to
mark as ‘1’ if they agree with the annotation otherwise they added ‘0’. Cohen's
Kappa [54] score was identified as 0.87 for the annotations. This represents an
almost perfect agreement between the raters.

5.2 Data description
Totally, 1604 valid documents were collected and available publicly in Github®.

5.2.1 Language breakdown
Table 8 shows the language breakdown of the collected documents.

Table 8
Language breakdown in the collected data
Language Count
English 724
Sinhala 465
Tamil 415

> https://github.com/VIthulan/multilingual-doc-clustering/blob/main/src/data_validator.py
® https:/github.com/VIthulan/multilingual-doc-clustering/tree/main/src/data/valid_records
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5.2.2 Categories breakdown
Fig.10 shows the categories breakdown of the collected data. Most of the documents
belong to economic, general, crime and political categories.
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Fig.10. Categories breakdown in the collected data
5.3 Results

The TF-IDF model did not form multilingual clusters i.e., a cluster only contained
documents from only one language. This could be probably due to missing shared
vocabularies in the documents across the languages. TF-IDF does not solve this
research problem. Therefore, baseline was obtained using mBERT and One-Pass
clustering algorithm using both the Title and the Content of the document. It
produced the accuracy value of 0.677.

Even-though mBERT does not include Sinhala, it was noted that the mBERT formed
clusters with English, Sinhala and Tamil languages. Tables 9.1, 9.2 and 9.3 are a few
examples of mBERT based clustered documents. Therefore, the mBERT baseline is
comparable against the XLM-R performance.
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Table 9.1

A correct cross-lingual cluster with Ta and En that was formed using mBERT

Content Language | Context
“Suryakumar Yadav ruled out | En Indian cricketer Suryakumar was
of T20I series vs Sri Lanka.” ruled out of T20 Cricket match
against Sri Lanka
“@mb &I 3]637 [bT6TOTU Ta The Indian cricket team has won the
SLOHEUND Ceum toss against Sri Lanka in the second
T20 cricket match.
“3161 eV HIGITEOILIIT 61T Ta Sri Lanka is playing T20 cricket
UMD &: IS T20 against Australia today
60Tl
Table 9.2
A correct cross-lingual cluster with Ta, Si and En that was formed using mBERT
Content Language | Context
“President directs to remove En The Economic crisis and commodity
price disparity in liquid milk prices go up.
purchase.”
‘<0 B¢ @I HEs GO Si Minister of State expects increase in
cEeD commodity prices
“IHITEDANT(01) (LPSHEL 62 (1H Ta Turmeric will cost Rs.2400 from
Geolm &JITLD LDEHF 61T 2,400 tOMOrrow
erpUm” ’
Table 9.3
A correct cross-lingual cluster with Si and En that was formed using mBERT
Content Language | Context
“36 hour water cut in En Dry season and Water cut
Colombo on Friday (18)”
“Daily power cuts from En Shortage of hydro power due to the
today?” dry season. Shortage of Fuel.
Economy crisis
“0r00h s 500 PIEsTD BB Si 5 hours power cut. Shortage of Fuel.
obogdd Economy crisis
“66:5D 9D gDEIND | Si Daily demand for fuel increases.
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" Economy crisis

5.3.1 XLM-R Base and One-Pass clustering
Summary of the experiments can be seen in the Table 10.

Table 10.

XLM-R Base and One-Pass clustering experiments summary
XLM-R Base and One-Pass clustering experiments Accuracy
Title and content 0.543
Title without text preprocessing 0.624
Title with text preprocessing 0.647
Content only with text preprocessing 0.642
Title and trimmed content with text preprocessing 0.694
Trimmed content with text preprocessing 0.71
Baseline (mBERT with Title and Content) 0.677

Title and content was experimented with the XLM-R Base model as well. XLM-R
Base model produced 0.543 accuracy with multilingual clusters. It was noted that
XLM-R Base has formed a lot of single document clusters at higher threshold values
of the one-pass clustering algorithm.

Then only the title of the document was experimented with the XLM-R Base model.
This method obtained the accuracy of 0.624 at the threshold 0.7. This approach has
improved the accuracy compared to the accuracy of title and content in XLM-R
Base.

Document title was pre-processed before the experiment. Text pre-processing has
improved the accuracy by 2.3%. Hence, all of the following experiments were
conducted on top of preprocessed text.

Only the content also experimented with XLM-R Base. This method obtained the

accuracy of 0.642 at a very lower threshold 0.3. Content based clustering was
forming a lot of single document clusters even at a smaller one-pass threshold values.
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Since previous studies [32, 40] suggested that MLLM models performed better in
smaller text documents, this research also conducted on trimmed content and
trimmed content with title based experiments.

Trimmed content was able to produce better accuracy under content length less than
200. Beyond that it decreases the performance. Title and Trimmed content produced
better results under 150 content length. Table 11 shows the accuracy comparison
against the content length. As observed in the literature, XLM-R also performed
better in smaller text lengths [32]. Similarly, in this research too XLM-R
outperformed the mBERT baseline by 3.3% in shorter texts.

Table 11.
Accuracy comparison against the content lengths in XLM-R Base

Content Accuracy of trimmed Accuracy of Title and trimmed
length content content

75 0.604 0.585

125 0.626 0.695

175 0.71 0.585

225 0.493 0.650

Though the performance is fluctuating with content length, one cannot clearly say the
optimal content length for better performance. It depends on the content the
document has in the selected first n characters.

5.3.1.1 XLM-R Base and One-Pass clustering summary

Best performance was obtained with a trimmed content approach. Also, it was
observed that the XLM-R base performance increases as the document length
decreases. Tabe 10 shows the summary of XLM-R Base and One-Pass clustering
based experiments.

The performance of XLM-R has increased from 0.543 to 0.71. It has surpassed
baseline in two approaches:

1. Trimmed content and Title

2. Trimmed content.
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5.3.2 XLM-R Base and K-Means clustering
Since the number of classes is known prior as sixteen, K-Means clustering can also
be experimented. Table 12 shows the summary of the results.

Table 12.
XLM-R base and K-Means clustering accuracy summary
XLM-R Base and K-Means experiments Accuracy
Title only 0.305
Content only 0.507
Title and content 0.536
Trimmed content 0.308
Title and trimmed content 0.313
Baseline (mBERT) 0.677

It is visible that K-Means clustering does not perform better than the one-pass
clustering algorithm with XLM-R Base nor the mBERT baseline. It can be due to the
curse of dimensionality that comes with the XLM-R word embedding. In contrast to
the one-pass algorithm, here K-Means provide comparatively better accuracy with
longer text values.

5.3.3 XLM-R Large and One-Pass clustering

Table 13.
Summary of XLM-R Large based clustering approaches
XLM-R Large and One-Pass clustering experiments Accuracy
Title and content 0.543
Title 0.683
Content only 0.642
Title and trimmed content 0.695
Trimmed content 0.745
Baseline 0.677
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Similar to XLM-R Base experiments, Title only experimented with the XLM-R
Large model as well. XLM-R Large with title has produced higher accuracy than the
XLM-R Base title method (0.64). It also outperformed the mBERT baseline. XLM-R
Large and content only approach did not improve from XLM-R Base or the mBERT.

XLM-R Large with trimmed content method obtained an accuracy of 0.745 at the
threshold 0.775 and content length 75 characters. This accuracy has outperformed the
XLM-R base model and also the mBERT by 6.8%.

XLM-R Large with title and trimmed content method obtained an accuracy of 0.695
at the threshold 0.6 and content length 125. This did not improve the accuracy of the
XLM-R base model. Both produced similar results. This approach also improved the
performance from the baseline.Table 14 below shows the accuracy comparison
against the content lengths.

Table 14
Accuracy comparison against the content lengths in XLM-R Large

Content Accuracy of trimmed Accuracy of Title and trimmed
length content content

50 0.710 0.668

75 0.745 0.684

100 0.734 0.612

125 0.722 0.695

5.3.3.1 XLM-R Large and One-Pass clustering summary

It was observed that XLM-R-Large performs better than XLM-R-Base version and
sometimes, both the versions perform equally well. XLM-R-Large trimmed content
approach outperformed both the baseline and the XLM-R-Base. Summary can be
seen in the Table 13.

Following are a few sample documents from the clusters. Table 15 and 16 show few
sample multilingual clusters with similar context were formed together.

Table 15.
A correct cross-lingual cluster with Ta and Si, that was formed using XLM-R Large
Content Language | Context
“2_ WIPGIL UL 608 6T(LPGID | Ta Special announcement for students
UIf L &MI& &5 6155560t
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aNGEL MaNGHev”

who are to take advanced level
examinations. - Education

“Gbudo o093 @56],@?1@55@ Si Scholarship answer scripts are in the

DOGEY GOUID FEASG:: final stages of evaluation -
Education

“@/oeeo gugdod B §ed Si Call for O/L application ends today -

gowH”

Education

Table 16

A correct cross-lingual cluster with Ta, Si and En, that was formed using XLM-R Large
Content Language | Context
“@BHIHW STNEG 184 Ta Indian cricket team needs to get 184
PLL M6 tleumil Q606" to win - Sports.
“@IbSHIU! 36007 [HTETOTLLI Ta Indian cricket team won the toss -
&LOMHAUNL Qeumml” Sports
“o9® 9EE) HIDO PEBAS Si Sri Lankan Cricketer Bhanuka
EIEEREEER o) demands protest in front of Cricket

Institute - Sports

“QIBTL 6 mSLILIMHMILIZ) Ta Indian cricket team won the tour -
QS Sports
“SL tour of India to begin on | En Sports
24 Feb. with T20I series”
“96:6¢0 HEND AOS 584 Si Super catch by West indies - Cricket,
CRehgD” Sports

5.3.3.2 Language-level performance breakdown

Table 17
Language level accuracy breakdown in XLM-R Large
Approach (XLM-R Large) En Si Ta
Title and content 0.506 0.274 0.446
Title 0.473 0.541 0.631
Content only 0.642 0.313 0.333
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Title and trimmed content

0.557

Trimmed content

0.684

It can be seen in Table 17 that XLM-R Large provides better performance in longer
text for English language and better performance in shorter text for Tamil and

Sinhala languages.

5.4 Discussion

Table 18
Summary of the accuracy scores among different approaches
Comparing different word | mBERT XLM-R XLM-R XLM-R
embedding and clustering Base Base Large
techniques
One-Pass One-Pass | K-Means | One-Pass
Title and Content 0.677 0.543 0.536 0.543
Title only - 0.647 0.305 0.683
Content only - 0.642 0.507 0.642
Title and trimmed content - 0.694 0.313 0.694
Trimmed content - 71 0.309 0.745

Summary of the accuracy results can be seen in Table 18.

It can be seen that XLM-R-Base outperformed mBERT in “Title and trimmed
content” and “Trimmed content” based input variations. The XLM-R-Large model
outperformed mBERT in following input variations:

e Title only,

e Title and trimmed content

e Trimmed content

XLM-R-Large model performed on par to XLM-R-Base in 2 occasions and
outperformed XLM-R-Base model in other 3 occasions. Overall best performance of
0.745 was obtained by XLM-R Large with trimmed content approach. Fig.11 shows
the XLM-R performance of comparison against the baseline mBERT model.
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Comparison with the baseline

0.7 i

0.7 Baseline

0.6 1

0.5 1 Il Title
o mm Content
g 0.4 - EEE Title and content
§ EE Trimmed content

0.3 1 I Title and trimmed content

0.2

0.1

0.0

MBERT XLM-R Base XLM-R Large
Method

Fig.11 Performance comparison of XLM-R models against the baseline

Best performance with XLM-R Base was obtained with a trimmed content approach
using 175 word tokens. Also, it was observed that the XLM-R base performance
increases as the document length decreases.

It is visible that K-Means clustering does not perform better than the one-pass
clustering algorithm. It can be due to the curse of dimensionality that comes with the
XLM-R word embedding. In contrast to the one-pass algorithm, K-Means provides
comparatively better accuracy with longer text values (Eg.Title and content,
Content). Fig. 12 depicts the accuracy comparison against One-Pass and K-Means.

Comparison between clustering methods

-
B 04 = One pass
B mm Kmeans
2

Title

Content

Title and content
Timmed content

Title and trimmed content

Method

Fig.12 Performance comparison for KMeans and One Pass
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It was observed that XLM-R Large performs better than XML-R Base version and
sometimes, both the versions perform equally well. XLM-R Large trimmed content
approach outperformed both the baseline and the XLM-R Base. Similar to XLM-R
Base, XLM-R Large also performed better with shorter texts like title and trimmed
contents. Fig.13 shows the comparison between XLM-R Large and XLM-R Base.

Comparison between XLM-R Base and XLM-R Large

mm XLM-R Base
m XLM-R Large

Accuracy

Title

Content

Title and content
Timmed content

Title and trimmed content

Method

Fig.13 Performance comparison between XLM-R Base and XLLM-R Large models

Table 19.
Language level performance breakdown with XLM-R Large and One-Pass
Approach En Si Ta
Title and content 0.506 0.274 0.446
Title 0.473 0.541 0.631
Content only 0.642 0.313 0.333
Title and trimmed content 0.650 0.557 0.548
Trimmed content 0.608 0.684 0.691
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It can be seen in Table 19 that XLM-R Large provides better performance in longer
text (Content only, title and trimmed content) for English language and better
performance in shorter text (title, trimmed content) for Tamil and Sinhala languages.

Park et al. [31] shows that traditional clustering algorithms cannot perform better
with the MLLM generated word embeddings due to the high dimensionality. This
justifies the lower performance of the K-Means clustering algorithm seen in this
research. Few researchers [32, 40] observed that MLLM performed better with lower
number of tokens, and similarly XLM-R performed better with smaller number of
tokens in this research as well.

5.4.1 Error analysis
Following documents were grouped in a single cluster and the order of the
documents shows the order of documents that the cluster was formed.

Table 20
Erroneous cluster formed due to order of the documents
Content Language Context
“police in sialkot have submitted a challan to the prosecution , En Police, Crime

naming 88 suspects in the killing”

“a police constable has been killed after being assaulted by a group En Police, Crime
of individuals in tangalle.”

“minister namal rajapaksa emphasises the need for sri lanka to 'go | En Political

digital "

“health minister keheliya rambukwella has long - overdue electricity | En Political, Power
bill arrears for a colombo 77 shortage

“the electricity supply will be interrupted across the island in two En Power shortage

slots today ( february 18 )”

“the haliela police launched investigations after a school girl had En Police, Crime
been axed to death at uduwara”

“parts of the country may experience interruptions to the power En Power shortage
supply from today”

As shown in the above Table 20, the cluster was formed with police and crime
related documents. Then somehow a political document was added into the cluster.
That caused the addition of another political document with power crisis related
information. That made intaking a couple more power crisis related documents into
the cluster. This reduced the quality of the cluster. One-Pass algorithm groups the
documents iteratively in an order and the centroid is updated as the mean of all
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documents. Correct and incorrect documents which are classified into the cluster
have an equal weight in determining the centroid. Hence the order that the
documents are clustered plays a major role in cluster quality.

Table 21

Erroneous cluster with shared word
Content Language | Context
“&JeUCHE SMUGLTL Sleurld ( Ta PM Mahinda Rajapakshe to attend
international mother language day ) International mother language day
HI7gLo) aihs TTRLGee
SI6UTS6M6T &emevemLouilev..”
“Q&EW BT (H&6Me6T Lo6NG Ta 49th UN human rights council to
2_flenLo&ei GLTeneuUTI6H 49 commence in Geneva
SboUG| Fal L HLSTLT ABHS
UMD Qg evileumaned
SLTIDLILDT&HE 6T S..”
“SIRIGLIL 6L HewL QUMD Ta Indika Dissanayaka is to participate in the
gIeUGHE LEhGHNESSHE0 , International weight lifting competition
GI_IrrI_L_q.u_‘HG\) 73.@(:6.\)”@U"LD under 73kg category
sTemL_ L1 1N flaNed Qs
SEMBTLS..”

As shown in the above Table 21 three Tamil language documents were grouped into
a cluster because of the term “&jeuC&&” (International), though, these documents
don't share the same subject to be in the same cluster. Second document doesn’t
explicitly say “international”, however, it was added into the document due to its
context.

Table 22

Erroneous cluster with shared context
Content Language | Context
“geQuIm — Ta Ukraine-Russia war continues in 2nd day
2_&60J60)|&&l60L_LLI6LIT6TT
GLomg 60 @6aTm| @\T6TUIL_TEUS)
BIETTSEYLD CGHTLJHETMS) .
Jeguimexlest )
BL_6)Iq 6N & EH5HS..”
“53PeN0ce ,, BHHW §6¢@53§@66§8 Si A shooting took place in the Kinniya area
Ded) 25)(9@’5 BeS DG | e {®)] 838@)5)( in Trincomalee.
©u06 863 (07) OHEeCS..”

Table 22 shows that the documents were grouped together based on ‘“shooting”.
However, the first document is about international war and politics whereas the latter
one is a local crime.
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6.0 CONCLUSION

Pre-trained MLLMs such as mBERT, XLM-R were used in this research to employ
cross-lingual document clustering for news articles written in Sinhala, Tamil and
English languages. 1604 annotated quality verified data has been collected in
Sinhala, Tamil and English languages from 16 sources. The data is publicly available
in the Github repository’ ® for anyone to continue the research with the Cross-lingual
documents. Sixteen categories have been identified and the collected documents
were annotated. Inter annotator agreement was calculated using Cohen’s Kappa
Statistic. This provided the statistical value of 0.87 which translates into almost
perfect agreement. Research was conducted using mBERT as baseline, XLM-R base,
XLM-R large for word embedding and, One-pass and K-Means for clustering. 5
different input variations were used. Baseline score was set as 0.677 with mBERT.
XLM-R Base provided best results of 0.71 accuracy using the trimmed content and
one-pass clustering algorithm. XLM-R Large provided best results of 0.745 accuracy
using the trimmed content and one-pass clustering algorithm. Both have
outperformed the mBERT based baseline (Table 13).

Even though mBERT does not include Sinhala, it was able to produce correct
cross-lingual clusters. It shows the zero shot capability of the mBERT. K-Means
clustering algorithm did not perform well and provided inferior results against
one-pass based solution. It could be due to the curse of dimensionality. XLM-R
Large provides better performance in longer text (Content only, title and trimmed
content) for English language and better performance in shorter text (title, trimmed
content) for Tamil and Sinhala languages. Performance of the model was impacted
due to the order of documents that were clustered using the One-pass algorithm. It
was noted that documents that contain similar words were added into the same
cluster even though they don’t share the same topic.

For the best of our knowledge, there are no other MLLMs that support Sinhala,
Tamil and English. Therefore 0.745 can be set as the novel baseline for the
cross-lingual document clustering for Tamil, Sinhala and English documents.

Research can be extended with classification methods since the classes are known.
Knowledge distillation with teacher-student architecture can be implemented for the
word embedding. Vector alignments can be experimented with XLM-R Base and
XLM-R Large.

7 https://github.com/VIthulan/multilingual-doc-clustering/tree/main/src/data/valid_records
8

https://github.com/VIthulan/multilingual-doc-clustering/blob/main/src/processed data/reviewed/docu
ments_annotated v2 1.csv
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