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Introduction

Embeddings are the basic ingredient in many kinds of natural language processing tasks.
In multilingual tasks unaligned embedding spaces are a huge burden. [1]
The alignment is required for two kinds of embedding models.
o  Embedding models separately trained on monolingual data
o Multilingual models trained on parallel multilingual data
Multilingual model training process implicitly encourages for the alignment [2, 3, 4]
For monolingual models, the alignment has to be done as a separate task [5, 6, 7]
Monolingual embedding alignment is still vital since,
o  Monolingual models are lightweight
Can be run using simpler libraries and frameworks
Using multilingual models may be redundant due to supporting many languages [2, 3, 4]
Accuracy can be compromised due to the support of many languages in multilingual models [2]
The accuracy for low-resource languages can be less compared to high-resource languages due to
training data imbalance in multilingual models [2]
o  Pretraining or fine-tuning a multilingual model is time and resource consuming [2,3,4]
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Research Problem

e Monolingual word embedding models have been there for decades. [8, 9]
e Aligned word embedding models are available only for few high-resource languages’. [7]

o Tofacilitate the above, as an intermediate goal, we shall build a Sinhala-English parallel word dataset/
dictionary
o  This will serve as an anchor dataset for Sinhala-English supervised word embedding alignment
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Word Embedding Techniques

Different vector representations for words have been there from early days and they were

statistical and human crafted representations.
o  One-hot-encoding
o  Count vectorizing
o  TF-IDF[10]

The idea of generating word embeddings without direct human interaction (complex
embedding representations) was introduced in 2013 by Mikolov et al. [8] by introducing
Word2Vec.

After that two similar models were introduced,
o GloVe[9]
o  FastText [4]

The beauty of these new word embeddings is that the embeddings:
o  Gives a global representation of words (gives a fixed embedding for a given word) [8, 9, 11]
o  Perform word analogy arithmetic ( Paris - France + Rome = Italy [8])
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Contextual Embeddings

e The meaning of a word changes according to its context (where that word occurs in a sentence and
what the other words in the sentence). This is the classical sense disambiguation problem [12].

e Therefore, having a global vector representation for a word is not a good approach in cases where a
context related representations are needed

e Word2Vec [8], Glove [9] and FastText [11] embeddings are global embedding representations where
earlier TF-IDF [10], one-hot etc. do have some context representations but not powerful enough/

e ELMo[13] which is a deep bi-LSTM based word embedding generator is the first context based
embedding model that became popular

e After the introduction of transformers [14], a revolutionary improvement happened in the contextual
embedding representations, where researches could achieve state of the art accuracies and
efficiencies in embedding generation.
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Transformer based Embeddings

e BERT[15] is the first transformer based embedding generator which showed state of the art
results at the first place.

e Then so many BERT variations were released after that; such as RoBERTa[16], ALBERT[17],
ELECTRA[18] etc. where each of them showed improved results in accuracy or efficiency.

e Other than word embedding models, sentence-embedding models were also introduced as
BERT extensions of which Sentence-BERT (S-BERT)[19] were the pioneer.

e After S-BERT many S-BERT variations were released and by now there are multitudes of' word
and sentence embedding models out there that achieve better results than the initial BERT and
S-BERT. [20, 21, 22]
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Multilingual Embeddings

e The next advancement in word and sentence embeddings is having a single model for multiple
languages.

e For word embeddings there are XLM [3], XLM-R [4] etc. and for sentence embeddings there are
LaBSE [2] etc.

e The beauty of multilingual models is that they have a single embedding space for all the
languages it supports. Thus, we can perform mathematical operations on the embeddings
across languages, providing much reprieve for multilingual tasks.
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Embedding Alignment

e Aligned Embeddings are vital for multilingual tasks where embeddings of multiple languages share a single
embedding space so that multilingual tasks can be performed irrespective of the language.

e Mikolov et al. [5] aligned two Word2Vec word embedding spaces assuming a simple linear mapping between the
two embedding spaces

e Xing et al. [6], showed that better alighment results can be achieved by assuming an orthogonal mapping
between two embedding spaces.

e Joulin et al. [7] have addressed the so called hubness issue where some words appear too frequently in the
neighborhoods of other words, by introducing an improved loss function for alignment called Cross-domain
similarity local scaling (CSLS).

e All the above techniques are supervised alignment techniques which need to have a parallel word dictionary to
decide the alignment matrix.

e Unsupervised techniques, while not as prevalent, do exist. Some are based on traditional statistical methods
[23] while others are based on adversarial approaches [24].
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Alignment Datasets for Sinhala Language

e Forsupervised embedding alighment we need an alignment dataset which help to identify corresponding points
in the two embedding spaces. These datasets are parallel datasets [7].

e For supervised word embedding alignment what we need is a parallel word dataset or a dictionary dataset [7].
e Sinhala, being a low-resource language does not have much such resources available at the moment [25].

e Atthe moment a dataset suited for supervised multilingual embedding alignment for Sinhala to any other
language is not publicly and freely available to the best of our knowledge.

e We came across several multilingual parallel corpora that contain Sinhala as a language, such as the works by
Guzman et al. [26, 27], Hameed et al. [28], Bafidn et al. [29] and Vasantharajan and Thayasivam [30] that are
comprised of sentence and paragraph level parallel entries.

e They are well suited for higher-level multilingual tasks such as Machine Translation (MT) but, not for lower-level
tasks such as word embedding alignment. [26, 28].
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Aligned Embeddings in multilingual models

e Unlike in monolingual models, in multilingual models the embeddings get aligned in the
embedding process itself.

e This is achieved by using alignment supportive training objective in the training process.

e LaBSE[2], XLM[3] and XLM-R[4] uses Translation Language Modeling (TLM) task for embedding
alignment following the initial pre training tasks such as Masked Language modeling, Next

Sentence Prediction etc.
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