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● 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. 

○ Embedding models separately trained on monolingual data
○ 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,

○ 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]
○ Pretraining or fine-tuning a multilingual model is time and resource consuming [2,3,4]
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● Monolingual word embedding models have been there for decades. [8, 9]
● Aligned word embedding models are not available for many languages1. [7]

The main focus of the research is to find the best aligned word embedding 
model (find the transformation matrix) between Sinhala and English languages.

○ To facilitate the above, as an intermediate goal, we shall build a Sinhala-English parallel word dataset/ 
dictionary

○ This will serve as the anchor dataset for Sinhala-English supervised word embedding alignment

● We study the classical monolingual embedding alignment techniques, novel multilingual 
embeddings and hybrid embedding alignment techniques

● Further we study measurement of the degree of alignment

https://fasttext.cc/docs/en/aligned-vectors.html
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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.
○ One-hot-encoding
○ Count vectorizing
○ 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,
○ GloVe [9]
○ FastText [11]

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

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

● 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

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

● 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
● BERT[15] is the first transformer-based embedding generator which showed state of the art results at 

the first place.

● 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.

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

● After S-BERT many S-BERT variations were released and by now there are multitudes of1 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
● The next advancement in word and sentence embeddings is having a single model for multiple 

languages.

● For word embeddings there are mBERT [23], XLM [3], XLM-R [4] etc. and for sentence 

embeddings there are LASER [24, 25], LaBSE [2] etc.

● 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 (For Monolingual Embeddings)
● 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.

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

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

● VecMap [28] proposes a series of linear transformations to align two embedding spaces

● RCSLS by 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).

● Li et al. [29] have used the InfoNCEloss [30] (a contrastive loss) to iteratively improve weakly aligned word embeddings.

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

● 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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● Smith et al. [40] have published EN-Si alignment matrix along with 77 

other languages using procrustes alignment technique in Si→En direction

● Liyanage et al. [46] have done a study on English and Sinhala embedding 

alignment using VecMap for bilingual lexicon induction task and affecting 

factors for the alignment

Word Embedding Alignment for Sinhala
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● For supervised embedding alignment we need an alignment dataset which help to identify corresponding points 
in the two embedding spaces. These datasets are parallel datasets [7].

● For supervised word embedding alignment what we need is a parallel word dataset or a dictionary dataset [7].

● Sinhala, being a low-resource language does not have much such resources available at the moment [31].

● The dictionary Subasa Ingiya [31] is one of them which is a small dictionary that contains about 36000 pairs and 
contains not only word pairs but also phrases.

● We came across several multilingual parallel corpora that contain Sinhala as a language, such as the works by 
Guzmán et al. [32, 33], Hameed et al. [34], Bañón et al. [35] and Vasantharajan and Thayasivam [36] that are 
comprised of sentence and paragraph level parallel entries.

● 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. [32, 34].

Alignment Datasets for Sinhala Language
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Aligned Embeddings in Multilingual Models
● Unlike in monolingual models, in multilingual models the embeddings get aligned in the training 

process itself.

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

● We find two main methods of training multilingual models. 

● One type of models have used multiple monolingual models to extend knowledge for building a 

multilingual model through knowledge distillation (mBERT [23], LASER [24, 25]) while,

● Another type of models have used large corpora of monolingual and multilingual parallel datasets to 

pre-train large multilingual models using training objectives such as Multilingual Masked Language 

Modelling (mMLM) and Translation Language Modeling (TLM) (LaBSE [2], XLM [3], XLM-R [4])
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Cross-Lingual Embedding Evaluation Techniques
● There are many tasks used by the research community to evaluate the 

quality of cross-lingual embeddings. 
● One of the most popular methods is bilingual lexicon induction (BLI) or 

word translation task [38]. 
● There are other tasks as well such as cross-lingual natural language 

inference (XNLI) [39], cross-lingual semantic word similarity [27], sentence 
translation retrieval [27] and cross-lingual question-answering [4]
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BLI Benchmarking Datasets
● BLI checks from a parallel data set, how many target translations of source words can be found 

using the aligned embedding spaces  [27, 40]
● MUSE [27] is one the largest collection of bilingual dictionary collections with 110 language 

pairs. 
● One issue with MUSE dataset is that 90 language pairs consist of English as one language and 

only 20 non-English language pairs are there.
● XLing [41] is another BLI dataset consisting of 8 languages and 56 BLI directions in total.
● PanLex-BLI [42] is another large-scale BLI dataset that consists of 210 BLI directions of 15 

low-resource languages.
● None of these datasets contain Sinhala as a language
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Phase 1:
Dataset Creation
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● We created 3 large-scale Sinhala-English 

parallel word datasets that facilitate 

word-level NLP tasks such as lexicon 

induction and supervised word embedding 

alignment

● We have created a data generation pipeline 

for the dataset creation process

● We used these datasets to create the 

alignment dataset for Sinhala-English word 

embedding alignment tasks we carried out

● This is the first pipeline of building our 

dictionary

Sinhala-English Parallel Dictionary Dataset
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● We created 3 large-scale Sinhala-English 

parallel word datasets that facilitate 

word-level NLP tasks such as lexicon 

induction and supervised word embedding 

alignment

● We have created a data generation pipeline 

for the dataset creation process

● We used these datasets to create the 

alignment dataset for Sinhala-English word 

embedding alignment tasks we carried out

● This is the second pipeline of further filtering 

the originally built dataset into the next two 

versions

Sinhala-English Parallel Dictionary Dataset
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Sinhala-English Parallel Dictionary Dataset - Statistics

● Following table shows the 

statistics of our datasets

● Our largest dataset consists of 

~1.3M translation pairs
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● V1 - datasets created by translating the Sinhala 
FastText vocabulary to English

● V2 - datasets created by using both Sinhala and English 
FastText vocabularies
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Dataset Validation
● To validate our datasets, we have defined two scoring criteria inspired by the widely used 

ROUGE-1 metric [82]. 
● The per-sentence score is calculated as follows.
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Dataset Validation
● We have validated our created datasets using the score we have defined
● We used two parallel and aligned datasets for that

○ English-Sinhala WikiMedia Dataset
○ English-Sinhala TED-2020 Dataset

● We validated these datasets in two setups
○ Setup 1 - All sentences as they are (Including stop-words)
○ Setup 2 - Excluding stop-words (used Lakmal et al. [45] for Si and Spacy for En)

● The scoring scheme we have defined is a ROUGE-1 like scheme
● Rule of thumb ROUGE-1

○ > 0.5 - Good
○ 0.4-0.5 - Moderate
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Dataset Validation - WikiMedia Dataset
● Here we present the validation results 

using the English-Sinhala WikiMedia 

dataset.

● The dataset contains ~7.9k parallel 

sentences from Wikipedia translations

● In ROUGE-1 perspective our results are in 

the good and moderate regions in most of 

the cases
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● Setup 1: Stopwords included for lookup
● Setup 2: Stopwords excluded from lookup



Dataset Validation - TED-2020 Dataset
● Here we present the validation results 

using the English-Sinhala TED-2020 dataset

● This dataset consists of ~1k parallel 

sentences from TED and TED-X transcripts

● Here also, in ROUGE-1 perspective our 

results are in the good and moderate 

regions in most of the cases
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● Setup 1: Stopwords included for lookup
● Setup 2: Stopwords excluded from lookup



Publication
● Sinhala-English Parallel Word Dictionary Dataset

○ This paper was published in the 2023 IEEE 17th International Conference on Industrial 

and Information Systems (ICIIS-2023)

○ Introduces our large-scale Sinhala-English parallel dataset along with the dataset 

generation pipeline [43].
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Phase 2: 
Traditional Embedding 
Alignment Techniques

28



Embedding Alignment Techniques - Traditional
● Orthogonal Procrustes Analysis [40]

○ The orthogonal transformation matrix is approximated using SVD components of the product of the two unaligned embedding 

spaces

● RCSLS [7]
○ Minimize the Cross-domain Similarity Local Scaling (CSLS) loss as the optimization criterion

○ This method tries to do a symmetric alignment addressing the so-called Hubness Issue

● VecMap [28]
○ Align two embedding spaces using a series of linear transformations 

○ Whitening → Orthogonal Mapping → Re-weighting → De-whitening → Dimensionality Reduction

● Contrastive Alignment (C1) [29]
○ Align two embedding spaces by optimizes a special contrastive loss called InfoNCEloss [30]

○ In general, contrastive learning tries to bring the similar points closer while pushing away the the negative points

○ This is the stage 1 of a two-stage contrastive alignment technique
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Novel Alignment Dataset Generation Method
● We proposed a novel alignment dataset creation method where we do 

not find alignment datasets for supervised word embedding alignment
● Here we make use of available large scale corpora and find the source 

and target language word pairs that maximizes the coexisting probability
● The optimization criteria is as follows
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Novel Alignment Dataset Creation Method
● We have generated an alignment dataset using the method we proposed
● There we find the word pairs from large corpora that maximizes the coexisting probability and 

select them as translation pairs (Prob-based-dict)
● We built another alignment dataset using our large dictionary dataset (En-Si-para-cc-5k) and 

compared them using an embedding alignment task
● We aligned English and Sinhala FastText embeddings using the Procrustes alignment technique
● We observed that the new dataset has performed fairly well compared to the other dataset 

which assures the validity of our method
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● We have experimented with the available traditional embedding alignment techniques to align the English 

and Sinhala FastText word embedding spaces

● Following Table shows the @1, @5 and @10 BLI retrieval score for different traditional word embedding 

alignment techniques
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Publication
● Sinhala-English Word Embedding Alignment: Introducing Datasets and 

Benchmark for a Low Resource Language
○ This was published in the Proceedings of the 37th Pacific Asia Conference on Language, 

Information, and Computation (PACLIC37-2023) in 2023

○ Present the traditional word embedding alignment results obtained for Sinhala-English  

pair

○ The novel alignment dataset generation technique using large-scale parallel corpora [44].
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Phase 3: 
Multilingual Embeddings and 

Combined Alignment Techniques
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Multilingual Embedding Alignment Evaluation
● We carried out the BLI evaluation for the currently best performing multilingual embedding models

● We selected the best model out of them for the next experiments

● From the results we selected LaBSE as the candidate multilingual model for rest of the experiments

35

Phase 3



Embedding Alignment Techniques - Multilingual and Hybrid

● LaBSE
○ LaBSE is a transformer-based multilingual sentence embedding model

○ 112 different languages share a common embedding space in LaBSE

○ Therefore LaBSE embeddings are already in the aligned state

● Two-stage Contrastive Alignment (C2) [29]
○ This is the second stage of C1 contanstive alignment we talked in the previous slide

○ Here, using the alignment dataset and the stage 1 aligned embeddings, positive and negative 

pairs are selected for contrastive fine tuning of a multilingual embedding model

○ The C1 embedding space is then re-mapped onto the fine tuned C2 space

○ The final aligned embedding representation of an input word is calculated as a linear 

combination of its C1-based vector mapped to a C2, and its C2-based vector
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English-Sinhala Word Embedding Alignment - All Methods
● Here we present all the techniques we have tried to align the English and Sinhala FastText word embedding 

spaces

● Following Table shows the @1, @5 and @10 BLI retrieval score for different traditional word embedding 

alignment techniques
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Study on Other Languages
● We extended our experiments to 8 other languages to ensure the 

consistency of the results
● Following table shows the @1 BLI scores for 10 language pairs
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Study on Other Languages (cont.)
● This table has the extended results for all language pairs and all alignment techniques
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● We measure the degree of alignment between two embedding spaces 

using Bilingual Lexicon Induction (BLI)

● BLI try to retrieve target translations of given source words from two 

aligned embedding spaces

● We observed the standard BLI task lacks giving a good measure of the 

degree of the alignment specially for inflected language case and 

multilingual model embedding case

● We propose two amendments for BLI in above two cases

Improvements to BLI
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Improvements to BLI - Vocabulary Pruning
● The vocabulary of any embedding model is not pure. 

● It contains words/tokens of some other languages as well due to the mixed usage of different languages together 

(code-mixed). 

● We wanted to evaluate how good the alignment is considering only that exact language.

● When it comes to BLI, code-mixed usage can negatively affect the results if we consider only the top-1 match. This 

becomes even worse in multilingual model cases since multilingual models could give the top-1 match from any 

language.

● The simple solution we propose for this issue is pruning the vocabulary by removing tokens that do not belong to 

the language of interest before BLI evaluation. Therefore vocabulary pruning idea removes the unnecessary burden 

added by code-mixed vocabularies.

● This can be simply done for languages that have different character sets than English alphabetical characters.

● For that, we simply removed all the ASCII characters from the FastText vocabularies of Russian (Ru), Sinhala (Si), 

Chinese (Zh), Tamil (Ta), and Japanese (Ja) and conducted the evaluation.
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Improvements to BLI - Vocabulary Pruning
● Here we present how our proposed vocabulary pruning for BLI is effective especially when it 

comes to multilingual embedding models

● We observe a massive improvement in LaBSE embeddings when vocabulary pruning is used

● The minimum @1 improvements for LaBSE embeddings are Ru-145%, Si-736%, Zh-36%, 
Ta-130%, Ja-480%
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Improvements to BLI - Vocabulary Pruning (cont.)
● Following chart shows the same results graphically

● We can see that LaBSE embeddings (Yellow and Green) have gained a 

huge improvement compared to other techniques after the pruning
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Improvements to BLI - Stem-based BLI
● Languages such as Sinhala (Si) are highly inflected [8] 

and therefore contain many variations for a given 
single word. 

● Even though the model alignment happens properly 
it may not be properly reflected through the BLI task 
due to not having exact matches as expected in the 
test sets. 

● Therefore we experimented with a soft matching 
rather than performing an exact match. 

● Here instead of finding the exact Sinhala translation 
for a given English word from the test set, we query 
for the stem of the expected Sinhala translation word

● We referred to this as Stem-based BLI
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Improvements to BLI - Stem-based BLI
● Here the impact of our proposed Stem-based BLI (given as soft in the table) has been presented

● The table shows how stem-based BLI is appropriate for evaluating inflected languages like Sinhala

● We observe 23%, 9%, 6% minimum improvements for @1, @5 and @10  BLI scores respectively

● The stem-based matching is not needed for Si-En direction since En is not a highly inflected 

language [45]
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● Following chart shows the graphical representation of the results.

Improvements to BLI - Stem-based BLI (cont.)
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Publication
● Aligned or Multilingual: A Comparative Study in Word Embedding 

Paradigms (under review)
○ This is our next paper which we are willing to propose in The 2024 Conference on 

Empirical Methods in Natural Language Processing (EMNLP-2024). 

○ This paper discusses how good traditional monolingual alignment techniques, 

multilingual embeddings, and hybrid alignment techniques in terms of the different 

criteria. 

○ Also, we introduce two novel modifications for the standard Bilingual Lexicon Induction to 

measure the degree of alignment more realistically in certain scenarios.
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Summary
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Summary
● Built large-scale Sinhala-English dictionary dataset with ~1.3M translation pairs

● Achieved the best available Sinhala-English FastText word embedding alignment 

results so far

● Proposed a novel conditional probability statistics based alignment dictionary 

building technique using large parallel corpora

● Experimented embedding alignment with 10 language-pairs

● Evaluated the traditional word embedding alignment techniques, multilingual 

embeddings and combined alignment techniques
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Summary (cont.)
● Study the effectiveness of using BLI for measuring the degree of the 

alignment of embedding spaces
○ Found that standard BLI does not measure the True Degree of Alignment in certain cases

○ Proposed a vocabulary pruning for BLI which gives better insight when evaluating 

multilingual word embeddings

○ Proposed a stem-based BLI technique for evaluating the alignment of inflected languages

50



Publications
● Sinhala-English Parallel Word Dictionary Dataset

○ This paper was published in the 2023 IEEE 17th International Conference on Industrial and Information Systems (ICIIS-2023) 

which introduces our large-scale Sinhala-English parallel dataset along with the dataset generation pipeline [43].

● Sinhala-English Word Embedding Alignment: Introducing Datasets and Benchmark for a Low Resource 

Language
○ This was published in the Proceedings of the 37th Pacific Asia Conference on Language, Information, and Computation 

(PACLIC37-2023) in 2023 which introduces a part of our Sinhala-English embedding alignment results and a novel alignment 

dataset generation technique using large-scale parallel corpora [44].

● Aligned or Multilingual: A Comparative Study in Word Embedding Paradigms (under review)
○ This is our next paper which we are willing to propose in The 2024 Conference on Empirical Methods in Natural Language 

Processing (EMNLP-2024). This paper discusses how good traditional monolingual alignment techniques, multilingual 

embeddings, and hybrid alignment techniques in terms of the different criteria. 

○ Also, we introduce two novel modifications for the standard Bilingual Lexicon Induction to measure the degree of alignment 

more realistically in certain scenarios.
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Computation Cost
● For monolingual embedding alignment tasks, we used Google Cloud Platform (GCP) Virtual 

Machine (VM). 1st table shows the specifications and the computation cost of the environment.

● For multilingual model experiments, we used Google Colab Free Tier GPU environment. The 2nd 

table shows the specifications and the computation cost of the environment.

● For C2 combined alignment, we used a GCP VM equipped with an Nvidia GPU. The 3rd table has 

the relevant information
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Masked Language Modelling
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Alignment Optimization Criteria
Linear Criterion

Orthogonal Criterion

Orthogonal Procrustes Criterion

61



Alignment Optimization Criteria (cont.)
RCSLS Criterion

Contrastive Alignment (C1) - InfoNCE Loss

Contrastive Alignment (C2)  - paper
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All Language Study
● This table has the extended results for all language pairs and all alignment techniques
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LaBSE vs LASER
● Extended results 

comparison 
between LaBSE and 
LASER
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● We created 3 large-scale Sinhala-English parallel word datasets that facilitate word-level NLP tasks such as lexicon induction and 

supervised word embedding alignment

● We have created a data generation pipeline for the dataset creation process

● We used these datasets to create the alignment dataset for Sinhala-English word embedding alignment tasks we carried out (animate 
properly to fit the figures to height)

Sinhala-English Parallel Dictionary Dataset
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ICIIS Paper Submission
● Conference: ICIIS Conference 2023
● A dataset paper
● Presents three Sinhala-English parallel word datasets
● Auxiliary task of the main research - Creating an alignment dataset for 

supervised word embedding alignment
● Notification of outcome: 7th June 2023
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