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Introduction

e Embeddings are the basic ingredient in many kinds of natural language processing tasks.
e In multilingual tasks unaligned embedding spaces are a huge burden. [1]
e The alignment is required for two kinds of embedding models.

o

o

Embedding models separately trained on monolingual data
Multilingual models trained on parallel multilingual data

e Multilingual model training process implicitly encourages for the alignment [2, 3, 4]
e For monolingual models, the alignment has to be done as a separate task [5, 6, 7]

e Monolingual embedding alignment is still vital since,

o

o

o

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]

Pretraining or fine-tuning a multilingual model is time and resource consuming [2,3,4]

[11 A. Kalinowski and Y. An, ‘A Survey of Embedding Space Alignment Methods for Language and Knowledge Graphs', arXiv preprint arXiv:2010. 13688, 2020.

[2] F. Feng, Y. Yang, D. Cer, N. Arivazhagan, and W. Wang, “Language-agnostic bert sentence embedding,” ACL,2022.
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[51T. Mikolov, Q. V. Le, and I. Sutskever, “Exploiting similarities among languages for machine translation,” arXiv preprint arXiv:1309.4168, 2013.

[6] C. Xing, D. Wang, C. Liu, and Y. Lin, “Normalized word embedding and orthogonal transform for bilingual word translation,” NAACL, 2015.

[7] A. Joulin, P. Bojanowski, T. Mikolov, H. Jégou, and E. Grave, “Loss in translation: Learning bilingual word mapping with a retrieval criterion,” EMNLP, 2018.
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Research Problem

e Monolingual word embedding models have been there for decades. [8, 9]
e Aligned word embedding models are not available for many 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 the anchor dataset for Sinhala-English supervised word embedding alignment

e We study the classical monolingual embedding alignment techniques, novel multilingual
embeddings and hybrid embedding alignment techniques
e Further we study measurement of the degree of alignment

[8] T. Mikolov, K. Chen, G. Corrado, and J. Dean, “Efficient estimation of word representations in vector space,” arXiv preprint arXiv:1301.3781, 2013.
[91). Pennington, R. Socher, and C. D. Manning, “Glove: Global vectors for word representation,” EMNLP, 2014.
[71A. Joulin, P. Bojanowski, T. Mikolov, H. Jégou, and E. Grave, “Loss in translation: Learning bilingual word mapping with a retrieval criterion,” EMNLP, 2018. 6
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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 [11]

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])

[8] T. Mikolov, K. Chen, G. Corrado, and J. Dean, “Efficient estimation of word representations in vector space,” arXiv preprint arXiv:1301.3781, 2013.

[91). Pennington, R. Socher, and C. D. Manning, “Glove: Global vectors for word representation,” EMNLP, 2014.

[10] G. Salton and C. Buckley, “Term-weighting approaches in automatic text retrieval,” Information processing & management, vol. 24, no. 5, pp. 513-523, 1988.

[11] P. Bojanowski, E. Grave, A. Joulin, and T. Mikolov, “Enriching word vectors with subword information,” Transactions of the association for computational linguistics, vol. 5, pp. 135-146, 2017.



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  ELMOo[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.

[8] T. Mikolov, K. Chen, G. Corrado, and J. Dean, “Efficient estimation of word representations in vector space,” arXiv preprint arXiv:1301.3781, 2013.

[91). Pennington, R. Socher, and C. D. Manning, “Glove: Global vectors for word representation,” EMNLP, 2014.

[10] G. Salton and C. Buckley, “Term-weighting approaches in automatic text retrieval,” Information processing & management, vol. 24, no. 5, pp. 513-523, 1988.

[11] P. Bojanowski, E. Grave, A. Joulin, and T. Mikolov, “Enriching word vectors with subword information,” Transactions of the association for computational linguistics, vol. 5, pp. 135-146, 2017.
[12] H. T. Ng and H. B. Lee, ‘Integrating multiple knowledge sources to disambiguate word sense: An exemplar-based approach’, arXiv preprint cmp-lg/9606032, 1996.

[13] M. E. Peters, M. Neumann, M. lyyer, M. Gardner, C. Clark, K. Lee, and L. Zettlemoyer, “Deep contextualized word representations,” 2018. [Online].Available: https://arxiv.org/abs/1802.05365
[14] A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez,t. Kaiser, and I. Polosukhin, “Attention is all you need,” NIPS, 2017.



Transformer-based Embeddings

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] was 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]

[15]). Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “Bert: Pre-training of deep bidirectional transformers for language understanding,” NAACL, 2019.

[16]Y. Liu, M. Ott, N. Goyal, J. Du, M. Joshi, D. Chen, O. Levy, M. Lewis, L. Zettlemoyer, and V. Stoyanov, “Roberta: A robustly optimized bert pretraining approach,” arXiv preprint arXiv:1907.11692, 2019.
[17]1Z. Lan, M. Chen, S. Goodman, K. Gimpel, P. Sharma, and R. Soricut, “Albert: A lite bert for self-supervised learning of language representations,” arXiv preprint arXiv:1909.11942, 2019.

[18] K. Clark, M.-T. Luong, Q. V. Le, and C. D. Manning, “Electra: Pretraining text encoders as discriminators rather than generators,” arXiv preprint arXiv:2003.10555, 2020.

[19] N. Reimers and I. Gurevych, “Sentence-bert: Sentence embeddings using siamese bert-networks,” EMNLP, 2019.

[20] V. Sanh, L. Debut, J. Chaumond, and T. Wolf, ‘DistilBERT, a distilled version of BERT: smaller, faster, cheaper and lighter’, arXiv preprint arXiv:1910. 01108, 2019.

[21] K. Song, X. Tan, T. Qin, J. Lu, and T.-Y. Liu, ‘MPNet: Masked and Permuted Pre-training for Language Understanding’, NIPS, 2020.

[22]Z. Yang, Z. Dai, Y. Yang, J. Carbonell, R. R. Salakhutdinov, and Q. V. Le, ‘XInet: Generalized autoregressive pretraining for language understanding’, NIPS, 2019.

1 https://www.sbert.net/docs/pretrained models.html
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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 mBERT [23], XLM [3], XLM-R [4] etc. and for sentence
embeddings there are LASER [24, 25], 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.

[2] F. Feng, Y. Yang, D. Cer, N. Arivazhagan, and W. Wang, “Language-agnostic bert sentence embedding,” ACL, 2022.

[3] G. Lample and A. Conneau, “Cross-lingual language model pretraining,” NIPS, 2019.

[4] A. Conneau, K. Khandelwal, N. Goyal, V. Chaudhary, G. Wenzek, F. Guzman, E. Grave, M. Ott, L. Zettlemoyer, and V. Stoyanov, “Unsupervised cross-lingual representation learning at scale,” ACL, 2020.
[23] N. Reimers and I. Gurevych, “Making monolingual sentence embeddings multilingual using knowledge distillation,”, EMNLP,2020

[24] M. Artetxe and H. Schwenk, “Massively multilingual sentence embeddings for zero-shot cross-lingual transfer and beyond,”, ACL,2019

[25] . Heffernan, O. Celebi, and H. Schwenk, “Bitext mining using distilled sentence representations for low-resource languages,” EMNLP,2022
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Embedding Alignment (For Monolingual Embeddings)

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 alignment results can be achieved by assuming an orthogonal mapping between two embedding
spaces.

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

e  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.

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].

[5]T. Mikolov, Q. V. Le, and I. Sutskever, “Exploiting similarities among languages for machine translation,” arXiv preprint arXiv:1309.4168, 2013.

[6] C. Xing, D. Wang, C. Liu, and Y. Lin, “Normalized word embedding and orthogonal transform for bilingual word translation,” NAACL, 2015.

[71 A. Joulin, P. Bojanowski, T. Mikolov, H. Jégou, and E. Grave, “Loss in translation: Learning bilingual word mapping with a retrieval criterion,” EMNLP, 2018.

[26] E. Grave, A. Joulin, and Q. Berthet, “Unsupervised alignment of embeddings with wasserstein procrustes,” in The 22nd International Conference on Artificial Intelligence and Statistics. PMLR, 2019, pp. 1880-1890.

[27] A. Conneau, G. Lample, M. Ranzato, L. Denoyer, and H. Jégou, “Word translation without parallel data,” arXiv preprint arXiv:1710.04087, 2017.

[28] M. Artetxe, G. Labaka, and E. Agirre, Generallzmg and improving bilingual word embedding mappings with a multi-step framework of linear transformations,” in Proceedings of the Thirty-Second AAAI Conference on Artificial Intelligence, 2018 1 2
[29] Y. Li, F. Liu, N. Collier, A. Korhonen, and I. Vuli'c, “improving word translation via two-stage contrastive learning,” ACL, 2022

[30] A.v. d. Oord, Y. Li, and O. Vinyals, “Representation learning with contrastive predictive coding,” arXiv preprint arXiv:1807.03748, 2018.



Word Embedding Alignment for Sinhala

e Smith et al. [40] have published EN-Si alignment matrix along with 77
other languages using procrustes alignment technique in Si—En direction
e 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

[40] S. L. Smith, D. H. Turban, S. Hamblin, and N. Y. Hammerla, “Offline bilingual word vectors, orthogonal transformations and the inverted softmax,” in International Conference on Learning Representations, 2016
[46]. Liyanage, S. Ranathunga, and S. Jayasena, “Bilingual lexical induction for sinhala-english using cross lingual embedding spaces,” in 2021 Moratuwa Engineering Research Conference (MERCon), 2021, pp. 579-584. 13



Alignment Datasets for Sinhala Language

e 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].

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 [31].

e 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.

e We came across several multilingual parallel corpora that contain Sinhala as a language, such as the works by
Guzman et al. [32, 33], Hameed et al. [34], Bafidn et al. [35] and Vasantharajan and Thayasivam [36] 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. [32, 34].

[71 A. Joulin, P. Bojanowski, T. Mikolov, H. Jégou, and E. Grave, “Loss in translation: Learning bilingual word mapping with a retrieval criterion,” EMNLP, 2018.

[31]1 N. de Silva, “Survey on publicly available sinhala natural language processing tools and research,” arXiv preprint arXiv:1906.02358, 2019.

[32] F. Guzman, P.-J. Chen, M. Ott, J. Pino, G. Lample, P. Koehn, V. Chaudhary, and M. Ranzato, “The flores evaluation datasets for low-resource machine translation: Nepali-english and sinhala-english,” EMNLP, 2019.

[33] M. R. Costa-jussa et al., ‘No language left behind: Scaling human-centered machine translation’, arXiv preprint arXiv:2207. 04672, 2022.

[34] R. A. Hameed, N. Pathirennehelage, A. Ihalapathirana, M. Z. Mohamed, S. Ranathunga, S. Jayasena, G. Dias, and S. Fernando, “Automatic creation of a sentence aligned sinhala-tamil parallel corpus,” in Proceedings of the 6th
Workshop on South and Southeast Asian Natural Language Processing (WSSANLP2016), 2016, pp. 124-132.

[35] M. Bafién, P. Chen, B. Haddow, K. Heafield, H. Hoang, M. Espla-Gomis, M. L. Forcada, A. Kamran, F. Kirefu, P. Koehn et al., “Paracrawl: Web-scale acquisition of parallel corpora,” ACL, 2020.

[36] C. Vasantharajan and U. Thayasivam, “Tamizhi-net ocr: Creating a quality large scale tamil-sinhala-english parallel corpus using deep learning based printed character recognition (pcr),” arXiv preprint arXiv:2109.05952, 2021.
[37] A. Wasala and R. Weerasinghe, “Ensitip: a tool to unlock the english web,” in 11th international conference on humans and computers, Nagaoka University of Technology, Japan, 2008
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Aligned Embeddings in Multilingual Models

e Unlike in monolingual models, in multilingual models the embeddings get aligned in the training

process itself.
e Thisis achieved by using alignment supportive training objective in the training process.
e We find two main methods of training multilingual models.

e 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,

e 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])

[23] N. Reimers and I. Gurevych, “Making monolingual sentence embeddings multilingual using knowledge distillation,”, EMNLP,2020

[24] M. Artetxe and H. Schwenk, “Massively multilingual sentence embeddings for zero-shot cross-lingual transfer and beyond,”, ACL,2019

[25] . Heffernan, O. Celebi, and H. Schwenk, “Bitext mining using distilled sentence representations for low-resource languages,” EMNLP,2022

[2] F. Feng, Y. Yang, D. Cer, N. Arivazhagan, and W. Wang, “Language-agnostic bert sentence embedding,” ACL,2022.

[3] G. Lample and A. Conneau, “Cross-lingual language model pretraining,” NIPS, 2019.

[4] A. Conneau, K. Khandelwal, N. Goyal, V. Chaudhary, G. Wenzek, F. Guzman, E. Grave, M. Ott, L. Zettlemoyer, and V. Stoyanov, “Unsupervised cross-lingual representation learning at scale,” ACL, 2020.
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Cross-Lingual Embedding Evaluation Techniques

e There are many tasks used by the research community to evaluate the
quality of cross-lingual embeddings.

e One of the most popular methods is bilingual lexicon induction (BLI) or
word translation task [38].

e 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]

[27] A. Conneau, G. Lample, M. Ranzato, L. Denoyer, and H. Jégou, “Word translation without parallel data,” arXiv preprint arXiv:1710.04087, 2017.

[4] A. Conneau, K. Khandelwal, N. Goyal, V. Chaudhary, G. Wenzek, F. Guzman, E. Grave, M. Ott, L. Zettlemoyer, and V. Stoyanov, “Unsupervised cross-lingual representation learning at scale,” ACL, 2020.

[38] A. Irvine and C. Callison-Burch, “A comprehensive analysis of bilingual lexicon Induction,” ACL, 2017

[39] A. Conneau, R. Rinott, G. Lample, A. Williams, S. Bowman, H. Schwenk, and V. Stoyanov, “XNLI: Evaluating cross-lingual sentence representations,” EMNLP, 2018 16



BLI Benchmarking Datasets

e BLlI checks from a parallel data set, how many target translations of source words can be found
using the aligned embedding spaces [27, 40]

e MUSE [27] is one the largest collection of bilingual dictionary collections with 110 language
pairs.

e Oneissue with MUSE dataset is that 90 language pairs consist of English as one language and
only 20 non-English language pairs are there.

e XLing[41]is another BLI dataset consisting of 8 languages and 56 BLI directions in total.

e PanlLex-BLI [42] is another large-scale BLI dataset that consists of 210 BLI directions of 15
low-resource languages.

e None of these datasets contain Sinhala as a language

[27] A. Conneau, G. Lample, M. Ranzato, L. Denoyer, and H. Jégou, “Word translation without parallel data,” arXiv preprint arXiv:1710.04087, 2017.

[40] S. L. Smith, D. H. Turban, S. Hamblin, and N. Y. Hammerla, “Offline bilingual word vectors, orthogonal transformations and the inverted softmax,” in International Conference on Learning Representations, 2016

[41] G. Glavas, R. Litschko, S. Ruder, and I. Vuli'c, “How to (properly) evaluate cross-lingual word embeddings: On strong baselines, comparative analyses, and some misconceptions,” ACL, 2019

[42] 1. Vuli'c, G. Glavas, R. Reichart, and A. Korhonen, “Do we really need fully unsupervised cross-lingual embeddings?” EMNLP, 2019 17
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Phase 1:
Dataset Creation



Sinhala-English Parallel Dictionary Dataset

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

Remove words
containing ASCII
characters

Extract Sinhala
vocabulary

FastText
FastText Sinhala
Sinhala Model Vocabulary

Find corresponding
English translation
for each Sinhala
word

Remove entries that
contain multi word
English translations

Stage 1
Sinhala-English
Dictionary

Pure Sinhala
Vocabulary

Interchanged source
and target

Dictionary 1
(En-Si-dict-large)

Stage 2

Sinhala-

English
Dictionary

20

[43] K. Wickramasinghe and N. de Silva, “Sinhala-English parallel word dictionary dataset,” in IEEE 17th International Conference on Industrial and Information Systems (ICIIS), Peradeniya, Sri Lanka, Aug. 2023



Sinhala-English Parallel Dictionary Dataset

e 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

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

e We used these datasets to create the
alignment dataset for Sinhala-English word
embedding alignment tasks we carried out

e Thisis the second pipeline of further filtering
the originally built dataset into the next two

versions

Cluster Sinhala
words which have
the same English
translation

Sort the words in Extract the top 95%

g
each cluster in the Sinhala
descending order B 2 m words according to the,
according to o5 cumulative frequency
N, ’“Q -A;‘:ﬂj_ ~ of the words in each
X cluster.
Sorted Word
Clusters

Find Sinhala word
frequency analysis
using three Sinhala
corpus.

Sinhala Word
Frequencies

3 Decompose the
Keep the enfries .
Dictionary 3 where both Sinhala Dictionary 2 :;::t;::: aylam ::;:93 @%
(En-Si-dict- and English words (En-Si-dict- separate entry with the T :_-:L: -
FastText) are present in the filtered) otraagion dmg Engiah n"(r P
FastText vocabulary. word e
Pruned
Sorted Word

Clusters

21

[43] K. Wickramasinghe and N. de Silva, “Sinhala-English parallel word dictionary dataset,” in IEEE 17th International Conference on Industrial and Information Systems (ICIIS), Peradeniya, Sri Lanka, Aug. 2023



Sinhala-English Parallel Dictionary Dataset - Statistics

) : Unique%
[ ]
Followi ng table shows the Dictionary Language Hoertes w.r.t. stopwords Pr%
fet Unique Total With  Without
statistics of our datasets En-Si-dict- English 134771 546156 24.7 26.4 54.1
large-V1 Sinhala 546144 546156 99.9 99.9 100.0

o .
Ourla rgESt dataset consists of En-Si-dict- English 90988 195255 46.6 4718 44.7

filtered-V1 Sinhala 195247 195255 9.9 99.9 100.0
En-Si-dict- English 41080 136898 30.0 31.0 100.0
FastText-V1 Sinhala 136896 136898 99.9 99.9 100.0

En-Si-dict- English 915058 1368416 66.9 68.8 8.7

~1.3M translation pairs

e V1 -datasets created by translating the Sinhala large-V2 Sinhala 1030443 1368416 5.3 2 53.0
FastText vocabulary to English En-Si-dict- English 271298 332943 81.5 81.9 58.7

e V2 -datasets created by using both Sinhala and English filtered-V2 Sinhala 159405 332943 479 - 90.3
FastText vocabularies En-Si-dict- English 159361 213463 4.7 152 100.0
FastText-V2  Sinhala 88578 213463 41.5 - 100.0

22

[43] K. Wickramasinghe and N. de Silva, “Sinhala-English parallel word dictionary dataset,” in IEEE 17th International Conference on Industrial and Information Systems (ICIIS), Peradeniya, Sri Lanka, Aug. 2023



Dataset Validation

e To validate our datasets, we have defined two scoring criteria inspired by the widely used

ROUGE-1 metric [82].
e The per-sentence score is calculated as follows.

N,
score = —
N :

Where,

* N; - Total number of source sentence words present in the source side of the
dictionary
* N, - Number of target sentence words present in the word space formed from all

the respective target language words (and the 10 nearest neighbors of each target
word - for Nearest Neighbor Lookup score) of above N; source words.

En -- Sidirection

Source sentence: EVeIyone hias done Something for Expo 2020
Target sentence: ©xitics) 2020 SUEEDE ¢ ccov BUEE <

everyone - {£Bcnw, LB, LB Lgin}

has - {Sewo0) &)}

Done - {=¢3}

something - {820, B2co, uﬂﬁ, cIPOS, OAB8, =)
for - {g26R8, ceger v, e¢ed, By B&es, s, wew)

3
score = — = 0.6

23

[43] K. Wickramasinghe and N. de Silva, “Sinhala-English parallel word dictionary dataset,” in IEEE 17th International Conference on Industrial and Information Systems (ICIIS), Peradeniya, Sri Lanka, Aug. 2023
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Dataset Validation

e We have validated our created datasets using the score we have defined

e We used two parallel and aligned datasets for that

o English-Sinhala WikiMedia Dataset
o English-Sinhala TED-2020 Dataset

e \We validated these datasets in two setups

o Setup 1 - All sentences as they are (Including stop-words)
o Setup 2 - Excluding stop-words (used Lakmal et al. [45] for Si and Spacy for En)

e The scoring scheme we have defined is a ROUGE-1 like scheme

e Rule of thumb ROUGE-1
o >0.5-Good
o 0.4-0.5 - Moderate

24
[45] D. Lakmal, S. Ranathunga, S. Peramuna, and I. Herath, “Word embedding evaluation for sinhala,” in LREC, 2020, pp. 1874-1881.



Dataset Validation - WikiMedia Dataset

Dictionary Setup Source Target Average Average

simple- NN-
e Here we present the validation results il
. . . o . Setup IE_n Si 0.2552 04175
using the English-Sinhala WikiMedia EnSrdevtge VD) g B S 025520309

Si En 0.3267  0.4660

Si 0.3340 0.4546
En 0.4086 0.5053
Si 0.3417 04147
En 0.3984 0.4915
Si 0.3328  0.4535
Dataset 3-V1 En 0.4088 0.5064

sentences from Wikipedia translations EESEAENY e & ol D

En 0.3983  0.4932

dataset.

En
Dataset 2-V1 wewp by

(En-Si-dict-filtered-V1)

En
Setup ZSi

e The dataset contains ~7.9k parallel

En
Setup 1 Si

. . En Si 0.3666  0.5056

e |In ROUGE-1 perspective our results are in Duaset1v2  SUPlsi  En 04220 0356
(En-Si-dict-large-V2) Si 0.3772  0.4606

En 0.4068 0.5207
Si 0.3781 0.4988
En 0.4809 0.5825

En
Setup ZSi

the good and moderate regions in most of

En
Dataset 2-V2 S L

(En-Si-dict-filtered-V2) En Si 0.3854 0.4458
the cases SeWp2si  En 04620 0.5647
En  Si 03766 04443

Setup |

Dataset 3-V2 Si  En 04810 0.5658
e  Setup 1: Stopwords included for lookup (En-Si-dict-FastText-V2) Si 03838 0.4983
e  Setup 2: Stopwords excluded from lookup En 04617 0.5838

[43] K. Wickramasinghe and N. de Silva, “Sinhala-English parallel word dictionary dataset,” in IEEE 17th International Conference on Industrial and Information Systems (ICIIS), Peradeniya, Sri Lanka, Aug. 2023

En
Setup 2Si

25
s



Dataset Validation - TED-2020 Dataset

Dictionary Setup Source Target Average Average
simple- NN-
lookup  lookup
Score Score

Setup lE." Si 0.2253 0.4052

Dataset 1-V1 Si En 0.2950 0.4688

(En-Si-dict-large-V1) En Si 0.2648  0.4009

Sewp2gi  En 02828 0.4601

Setup lEn Si 0.2900 04275

Dataset 2-V1 Si En 0.3640 0.4947

(En-Si-dict-filtered-V1) Setup 2En Si 0.3385 04242

Si En 0.3501 0.4869

Setup IEn Si 0.2900 04275

Dataset 3-V1 Si En 0.3662  0.4980

(En-Si-dict-FastText-V1) Seti 2En Si 0.3385 04246

P En 03524 0.4904

Setup lEp Si 0.3296  0.5050

Dataset 1-V2 Si En 04003 0.5514

(En-Si-dict-large-V1) Sob 2En Si 0.3859 0.5121

PSi  En 03874 0.5403

Setup lEn Si 0.3269  0.4699

Dataset 2-V2 Si En 0.4329 0.5498

(En-Si-dict-filtered-V1) Setup 2En Si 0.3804 04713

Si En 04190 0.5585

Setup lEn Si 0.3272  0.4706

Dataset 3-V2 Si En 0.4368 0.5556

(En-Si-dict-FastText-V1) En Si 0.3810 04718
Setup 2.

Si En 04231 0.5638

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

Setup 1: Stopwords included for lookup
Setup 2: Stopwords excluded from lookup
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Publication

e Sinhala-English Parallel Word Dictionary Dataset

o  This paper was published in the 2023 IEEE 17th International Conference on Industrial
and Information Systems (ICI11S-2023)

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

[43] K. Wickramasinghe and N. de Silva, “Sinhala-English parallel word dictionary dataset,” in IEEE 17th International Conference on Industrial and Information Systems (ICIIS), Peradeniya, Sri Lanka, Aug. 2023
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Phase 2:
Traditional Embedding
Alignment Techniques



Embedding Alignment Techniques - Traditional

e Orthogonal Procrustes Analysis [40]
o  The orthogonal transformation matrix is approximated using SVD components of the product of the two unaligned embedding
spaces
e RCSLS[7]
o Minimize the Cross-domain Similarity Local Scaling (CSLS) loss as the optimization criterion
o  This method tries to do a symmetric alignment addressing the so-called Hubness Issue
e VecMap [28]
o Align two embedding spaces using a series of linear transformations
o Whitening — Orthogonal Mapping — Re-weighting — De-whitening — Dimensionality Reduction
e Contrastive Alignment (C1) [29]

o Align two embedding spaces by optimizes a special contrastive loss called InfoNCEloss [30]
o Ingeneral, contrastive learning tries to bring the similar points closer while pushing away the the negative points
o  Thisis the stage 1 of a two-stage contrastive alignment technique

[40] S. L. Smith, D. H. Turban, S. Hamblin, and N. Y. Hammerla, “Offline bilingual word vectors, orthogonal transformations and the inverted softmax,” in International Conference on Learning Representations, 2016

[7]1 A. Joulin, P. Bojanowski, T. Mikolov, H. Jégou, and E. Grave, “Loss in translation: Learning bilingual word mapping with a retrieval criterion,” EMNLP, 2018.

[28] M. Artetxe, G. Labaka, and E. Agirre, “Generalizing and improving bilingual word embedding mappings with a multi-step framework of linear transformations,” in Proceedings of the Thirty-Second AAAI Conference on Artificial Intelligence,

2018

[29] Y. Li, F. Liu, N. Collier, A. Korhonen, and I. Vuli'c, “Improving word translation via two-stage contrastive learning,” ACL, 2022 29
[30] A. v. d. Oord, Y. Li, and O. Vinyals, “Representation learning with contrastive predictive coding,” arXiv preprint arXiv:1807.03748, 2018.



Novel Alignment Dataset Generation Method

e We proposed a novel alignment dataset creation method where we do
not find alignment datasets for supervised word embedding alignment
e Here we make use of available large scale corpora and find the source

and target language word pairs that maximizes the coexisting probability
e The optimization criteria is as follows

— maxr
sre,tgt

P(sre,tgt)?
max [P (srcltgt) P (tgt|src)] = max (sre, tgt) ]

count(sre, tgt)?
sre,tgt srestgt | P(source) P(target)

count(src).count(tgt)
/ 3

30
[44] K. Wickramasinghe and N. de Silva, “Sinhala-English Word Embedding Alignment: Introducing Datasets and Benchmark for a Low Resource Language,” PACLIC37, 2023



Novel Alignment Dataset Creation Method

e We have generated an alignment dataset using the method we proposed

e There we find the word pairs from large corpora that maximizes the coexisting probability and
select them as translation pairs (Prob-based-dict)

e We built another alignment dataset using our large dictionary dataset (En-Si-para-cc-5k) and
compared them using an embedding alignment task

e We aligned English and Sinhala FastText embeddings using the Procrustes alignment technique

e We observed that the new dataset has performed fairly well compared to the other dataset
which assures the validity of our method

Retrieval

: NN CSLS BLI Alignment results of EN—Si direction with
Prob-based-dict 13.6 16.7 cc-Fasttext embeddings

En-Si-para-cc-5k | 16.4 20.4

Dataset
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English-Sinhala Word Embedding Alignment - Traditional Methods

e We have experimented with the available traditional embedding alignment techniques to align the English
and Sinhala FastText word embedding spaces
e Following Table shows the @1, @5 and @10 BLI retrieval score for different traditional word embedding

alignment techniques

wiki cc
Method En-Si Si-En En-Si Si-En
P@l P@5S P@I10|P@] P@5 P@l0|P@l P@5 P@I0|P@l P@5 P@I10
Procrustes + NN 114 264 332 125 29.6 37.1 16.4 357 43.6 213 399 474
Procrustes + CSLS 148 31.5 398 144 27.6 338 204 399 49.1 180 31.9 374

Procrustes+ refine + NN 1317, 255 313 15:8 33.00 393 19.3 349 423 |289 457 513
Procrustes+ refine + CSLS | 16.1 29.0 35.7 169 31.0 36.7 [209 38,6 463 |21.7 36.6 41.6
RCSLS + spectral + NN 148 29.7 36.8 13.3 337 428 |214 402 485 |[233 448 527
RCSLS + spectral + CSLS | 17.1  33.1 41.0 15.1 294 35.1 21.5 417 49.1 19.2 349 418

RCSLS + NN 153 304 375 13.2 341 433 |21.5 409 483 (233 449 532
RCSLS + CSLS 17.5 334 413 155 293 359 |226 423 49.1 194 354 42.1
VecMap + NN 132 285 373 | 457 625 68.1 18.67 379 463 |46.7 644 69.5
VecMap + CSLS 18.1 353 429 432 606 653 |[234 445 533 |[41.3 588 639
Contrastive C1 + NN 179 321 393 17.1 367 450 (220 425 574 |355 58.6 650
Contrastive C1 + CSLS 20.7 38.1 443 |233 387 445 |[247 461 59.6 |36.1 56.1 638 32




Publication

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

o This was published in the Proceedings of the 37th Pacific Asia Conference on Language,
Information, and Computation (PACLIC37-2023) in 2023

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

o

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

[44] K. Wickramasinghe and N. de Silva, “Sinhala-English Word Embedding Alignment: Introducing Datasets and Benchmark for a Low Resource Language,” PACLIC37, 2023
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Phase 3:
Multilingual Embeddings and
Combined Alignment Techniques



Multilingual Embedding Alignment Evaluation

e We carried out the BLI evaluation for the currently best performing multilingual embedding models
e We selected the best model out of them for the next experiments

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

En-Lang Lang-En

Lang | Method NN CSLS NN CSLS

P@l P@5 P@I10|P@l P@5 P@I10|P@l P@5 P@I0|P@l P@5 P@I0
mBERT 36.1 744 82.0 |257 587 709 |504 725 79.7 |494 762 82.1
Es XLM-R 374 782 837 |282 627 73.1 509 714 765 |61.3 78.1 809
LASER2/3 [ 379 753 821 |[393 753 823 |576 789 85.1 56.2 782 84.6
LaBSE 40.0 83.1 89.6 |40.5 847 90.2 |653 889 921 |650 87.7 915
mBERT 232 490 569 (209 465 540 123 29.5 36.1 28.3 438 493
Zh XLM-R 309 57.0 634 |[288 546 609 13.9 319 379 |325 51.1 559
LASER2/3 [ 10.5 19.6 240 |109 212 249 |[7.1 165 1225 |79 169 220
LaBSE 27.1 648 73.7 |288 664 754 |42.1 634 69.7 |41.0 64.0 711
mBERT 345 526 604 |[246 423 515 [47.0 581 625 |[37.0 569 632
TE XLM-R 359 628 69.0 |[282 509 592 |509 628 66.0 [458 603 642
LASER2/3 [ 353 579 643 [325 506 578 |[564 678 708 |[454 656 702
LaBSE 365 71.1 785 |363 740 799 |64.0 809 843 |624 803 836
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Embedding Alignment Techniques - Multilingual and Hybrid

e |aBSE

o LaBSE is a transformer-based multilingual sentence embedding model
o 112 different languages share a common embedding space in LaBSE
o Therefore LaBSE embeddings are already in the aligned state

e Two-stage Contrastive Alignment (C2) [29]

o Thisis the second stage of C1 contanstive alignment we talked in the previous slide

o 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

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

o Thefinal 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

[2]F. Fen%:, Y. Yang, D. Cer, N. Arivazhagan, and W. Wang, “Language-agnostic bert sentence embedding,” ACL, 2022. 36
[29] Y. Li, F. Liu, N. Collier, A. Korhonen, and I. Vuli'c, “Improving word translation via two-stage contrastive learning,” ACL, 2022



English-Sinhala Word Embedding Alignment - All Methods

e Here we present all the techniques we have tried to align the English and Sinhala FastText word embedding
spaces
e Following Table shows the @1, @5 and @10 BLI retrieval score for different traditional word embedding

alignment techniques

wiki cc
Method En-Si Si-En En-Si Si-En
P@l P@5 P@l0|P@l P@5 P@I0|P@l P@5 P@I0|P@] P@5 P@I0
Procrustes + NN 11.4 264 332 125 296 37.1 164 357 436 213 399 474
Procrustes + CSLS 148 315 398 144 276 338 204 399 49.1 180 319 374

Procrustes+ refine + NN 13.7 255 313 I58 330 393 193 349 423 |289 457 513
Procrustes+ refine + CSLS | 16.1  29.0 35.7 169 31.0 367 |[209 386 463 |[21.7 36.6 41.6
RCSLS + spectral + NN 148 297 368 133 337 428 |214 402 485 (233 448 527
RCSLS + spectral + CSLS | 17.1 33.1 41.0 151 294 35.1 215 417 49.1 192 349 418

RCSLS + NN 153 304 375 13.2 341 433 |215 409 483 |233 449 532
RCSLS + CSLS 175 334 413 155 293 359 |226 423 49.1 194 354 42.1
VecMap + NN 132 285 373 | 457 625 o681 18.67 379 463 |46.7 644 69.5
VecMap + CSLS 18.1 353 429 |432 606 653 |[234 445 533 |413 588 639
Contrastive C1 + NN 177 321 393 17.1 367 45.0 |220 425 574 |355 586 650
Contrastive Cl + CSLS 207 38.1 443 |233 387 445 |[247 461 59.6 |[36.1 56.1 638
LABSE + NN 45 584 703 |359 644 739 |363 639 709 |410 69.6 755
LABSE + CSLS 57 633 745 |[27.1 558 692 [350 629 710 (318 623 713
Contrastive C2 + NN 21.6 403 485 17.6 387 472 |248 49.6 568 |362 603 677 37

Contrastive C2 + CSLS 254 448 527 |259 429 497 |273 510 60.0 |[40.1 617 66.7




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

Method language pairs

en-cs cs-cn | en-Ir fren | ende de-cn | en-ru ru-cen | en-it it-en | en-si sien | en-zh  zh-en | cn-ta  ta-en | en-j2  ja-en | en-ir  tr-cn
AdvirefinctNN | 79.1 781 | 78.1 782 | 713 696| 373 453| - - - -1 309 219 - - - - - -
Adv.trefine+CSLS | 817 833 | 823 82.1| 740 722 440 59.1 - - - -| 325 314 - - - - - -
Procrustes+NN Ti4 713| 749 761 | 684 617| 470 582|730 736| 164 213| 406 302| 147 205| 469 314 | 418 529
Procrustes+CSLS | 814 829| 81,1 824| 735 724| 517 637|765 775| 204 180| 427 367| 167 224| 526 385|473 59.7
“RCSIS+NN 1.1 849 8 ; ! 7.0 [ 755 78.7| 215 233 | 436 401 | 17.1 233 226 0.0 469 591
RCSLS+CSLS 841 863) 833 84.1| 791 763| 579 672|783 803|226 194| 459 464 193 232| 79 01| 521 61.7
VecMap+NN 705 ®48| 796 8I1O] 721 749] 504 680] 761 S08] 13 T | 396 433] 175 332] 48.1 414 467 6390
VecMap+CSLS 813 865|819 853 745 763 | 527 721|788 833| 181 432| 433 496 202 347 528 460|517 692
CI+NN 816 844 | 813 821 | 763 745| S6.1 671 77.0 81.0| 177 17.1| 415 443 | 206 263 | 300 340] 521 648
CI1+CSLS 821 861 823 844 765 765| 554 706|786 823|207 233| 478 482 231 297| 408 414| 565 676
LaBSE+NN 400 653 487 724 453 560 174 483|415 645 45 359 198 421 157 357 64 267|365 640
LaBSE+CSLS 405 650 492 713| 457 551 177 489|418 640| 57 271| 199 410|159 361| 69 256|363 624
C2+1L.aBSE+NN 849 88.1| 85.5 882 | S04 82.1| 56.1 60.0| 83.0 812 | 216 176| 540 566| 254 360 | 423 434 | 627 765
C2+1aBSE+CSLS | 833 896 | 838 890 777 819 550 70.7| 813 881 254 259 566 609| 30.1 435| 473 3528|651 793
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Study on Other Languages (cont.)

e This table has the extended results for all language pairs and all alignment techniques

T FastText+NN FastText+CSLS VecMap+NN VecMap+CSLS CI4NN C1+CSLS C2+NN C2+CS1LS LaBSE+NN LaBSE+CSLS
P@1 P@s P@I0| P@1 P@5 P@10| P@l P@5 P@I0| P@1 P@5 P@I0| P@l1 P@5 P@I0 | P@1 P@s P@I0| P@1 P@s P@10| P@1 P@s P@I0| P@l P@s P@I0| P@1 P@5 P@I0
En-lis 814 O18 04.1] 840 925 045 795 902 919 813 915 035| 81.6 909 920 82.1 922 939| 849 937 95.5| 833 936 953 | 400 831 86| 405 847 902
Es-En 842 937 959|859 941 957 848 938 955|865 948 959 844 937 957 861 948 958| 88.1 961 97.5| 896 963 97.0| 653 889 92.1| 650 877 915
En-Ir %03 019 U390| 828 929 041 1.6 893 916| 819 913 036 | 813 907 920 | 823 91.6 9U3.7] 85.5 942 U55| 838 945 95.7| 487 S6.1 09| 492 869 916
Fr-En 809 918 939|841 925 941 819 913 933 | 853 930 48| 821 917 943 844 931 948|882 957 972 890 959 97.0| 724 921 941 | 713 909 940
En-De 76.6 909 93.0| 787 911 935| 721 889 913 | 745 897 927 | 763 907 934| 765 908 9U3.6| 804 936 959 777 938 959| 453 767 829 457 783 839
De-En 728 871 909| 757 887 911| 749 864 895|763 896 917 745 879 907| 765 885 909| 8201 921 94| 819 923 94| 560 749 786|551 743 782
En-Ru 554 771 830 57.1 788 846| 504 75.1 803 | 527 769 8I8| 56.1 775 82.7| 554 782 84.1| 561 772 829| 550 783 835 174 651 767 | 177 677 78.1
En-Ru(Pruned) | 555 772 830|575 786 842|500 750 801 | 526 766 814 559 775 827|555 780 837| 568 774 829 557 782 831|438 693 96| 437 709 797
Ru-En 625 809 839|661 821  857| 680 814 852 721 835 866|671 816 853 706 833 869 660 818 858| 707 846 877 483 783 835| 489 797 843
En-It 755 899 927| 7183 910 930 76.1 882 910 | 788 903 92.1| 770 893 924 | 78.6 903 924 | 83.1 937 95.7| 813 937 954| 415 719.1 852 418 814 865
It-En 787 905 927 803 904 924|808 906 933 833 925 939 810 911 937| 823 917 938| 872 949 959 881 954 965 645 863 903 | 640 857 896
En-Si 153 304 375| 175 334 413 | 132 285 373 | 181 353 429 177 321 393 | 20.7 381 443 | 216 403 485 | 254 448 527| 45 o84 703| 57 633 745
En-Si(Pruned) | 153 305 377 175 335 417|132 285 373 181 355 429/ 177 321 394|207 381 447|219 405 489 261 454 534|466 T09 774|477 727 789
Si-kn 132 341 433]| 155 293 359|457 625 68.1) 432 606 653 171 367 450| 233 387 445| 176 387 472|259 429 497|359 644 739 271 558 692
En-Zh 433 614 681 354 579 643 | 39.6 60.7 666 | 433 645 703 | 415 635 6U.6 | 478 688 754 | 549 772 83.1| 566 809 864 | 198 447 63.1] 199 565 719
En-Zh (Pruncd) | 484 682 745| 402 633 697|427 651 707| 463 674 733 473 687 744|517 712 775| 594 793 845 593 803 855| 27.1 648 737 288 664 754
Zh-En 89 200 271|237 435 509 433 643 711 496 696 759 443 643 707|482 685 749|566 770 826| 609 804 845|421 634 697 410 640 711
En-Ta 155 289 34.1| 174 312 372| 175 300 348 202 347 40.7| 206 333 385| 23.1 370 425 254 429 493 | 30.1 484 547| 157 571 673| 159 613 713
En-Ta(Pruned) [ 171 319  374| 193 344 411 193 334 387|225 380 444| 228 364 423 253 403 462|272 454 521|317 502 568) 362 609 672] 369 626 702
“la-En 233 425 499|232 405 473|332 506 561|347 519 573|263 458 547 207 503 573|360 596 672| 435 648 710 357 583  659| 361 594 664
En-Ja 6.1 389 515| 49 196 294| 481 673 733 | 528 724 772| 300 500 595 408 635 709| 423 694 77.1| 473 1758 810| 64 415 570| 69 526 658
En-Ja(Pruncd) | 226 465 563 79 238 337|487 679 742|554 732  780( 309 507 60.1| 434 640 711 451 694 772 542 760 81.8| 378 613 688 401 633 705
Ja-kin 01 01 01| 01 01 02| 4914 555 600|460 609 652 340 507 568| 414 600 647]| 434 606 67.1| 528 703 753 | 267 433 492 256 446 Sl
En-Tr 469 700 762 | 521 733 784 | 467 679 753 | 517 742 193 | 521 721 785| 565 762 814 627 827 873| 65.1 843 S885| 365 711 785| 363 740 799
Ir-En 59.1 784 820| 617 769 812| 639 800 834 692 824 860 648 804 849| 676 823 856| 765 895 921|793 909 929| 640 809 843 | 624 803 836
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Improvements to BLI

e We measure the degree of alignment between two embedding spaces
using Bilingual Lexicon Induction (BLI)

e BLItry to retrieve target translations of given source words from two
aligned embedding spaces

e 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

e We propose two amendments for BLI in above two cases

40



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

e Here we present how our proposed vocabulary pruning for BLI is effective especially when it

comes to multilingual embedding models

e We observe a massive improvement in LaBSE embeddings when vocabulary pruning is used
e The minimum @1 improvements for LaBSE embeddings are Ru-145%, Si-736%, Zh-36%,
Ta-130%, Ja-480%

Method RCSLS+NN RCSL! ‘NN CIl1+CSLS | C24NN C2+CSLS
:::::3 _— ggg Language | LaBSE+NN LaBSE+CSLS Zg; ggg gg; 22(7»
En-Si 15:3 En-Ru 1 50% ] 45 % 17:7 2():7 21 :6 25:4
e En-Si 935% 736% s sie %%
e En-Zh 36% PP e———
e € ol L 1329 28 ol 22 24
En-Ja (Pruncd) 2.6 En-Ja 490% 480% 309 34| 451 542
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Improvements to BLI - Vocabulary Pruning (cont.)

e Following chart shows the same results graphically
e We can see that LaBSE embeddings ({314 and BFEER) have gained a

huge improvement compared to other techniques after the pruning

B RCSLS+NN [ RCSLS+CSLS [ LaBSE+NN W LaBSE+CSLS WM Supervised-VecMap+NN W Supervised-VecMap+CSLS M Contranstive C1+CSLS M Contranstive C1+CSLS Contranstive C2 LaBSE+NN

YT PIRT

En-Ru En-Ru(pruned) En-Si En-Si(pruned) En-Zh En-Zh(pruned) En-Ta En-Ta(pruned) En-Ja En-Ja(pruned)

Method
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Improvements to BLI - Stem-based BLI

Algorithm 1: Algorithm to perform stem-based BLI
) ) ) ) Data: datasct Path < BLI evaluation set location
e Languages such as Sinhala (Si) are highly inflected [8] 1 dataset « read(datasctPath);
and therefore contain many variations for a given 2 countyy < 0;
3 counteorrect < 0
4 while datapint # None do

single word.

e Even though the model alignment happens properly s | wordse, wordy = datapoint.split();
it may not be properly reflected through the BLI task 6 | tgtipn ¢ GetTopN(word,,,, N);
due to not having exact matches as expected in the 7 | Mwordiy in iyt then

8 | count correct ¢ COUNE porrect + 13
test sets. o | Sk

e Therefore we experimented with a soft matching 10 wordgt—stem < stem(wordig);
rather than performing an exact match. > tGteopN—stem < stem(tgtipy);

. . . . . 12 t.qtfull o t.qttopN U t.qttopN—stem;

e Here instead of finding the exact Sinhala translation 13 if wordygy in tgt gy 1| WOrdyg,_ e in tgt s,y then
for a given English word from the test set, we query 14 | countoorrect ¢ countogprect + 1;
for the stem of the expected Sinhala translation word 15 | countiu ¢ countioa + 1;

e We referred to this as Stem-based BLI 16 | datapint < next(datasct);

17 scoregry < COUNt popreet | COUNT 111
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Improvements to BLI - Stem-based BLI

e Here the impact of our proposed Stem-based BLI (given as soft in the table) has been presented
e The table shows how stem-based BLI is appropriate for evaluating inflected languages like Sinhala
e We observe 23%, 9%, 6% minimum improvements for @1, @5 and @10 BLI scores respectively

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

language [45]

Metl Method wiki En-Si cc En-Si
wCs P@l P@5 P@I0|P@l P@5 P@I0
RCS RCSLS+NN 39% 21% 6% | 43% 25% 22%

RCS

3.2
32
rcs RCSLS+CSLS | 34% 31%  14% | 43% 22% 21% 2
s
1.3
1.3

LB ] aBSE+NN 24% 9% 6% | 4% 16% 11% =

o8 LaBSE+CSLS | 23% 9% 6% | 45% 17%  13%

45
[45] M. S. Mau“cec, Z. Ka"ci’c, and B. Horvat, “Modelling highly inflected languages,” Information Sciences, 2004




Improvements to BLI - Stem-based BLI (cont.)

e Following chart shows the graphical representation of the results.

B wiki- P@1 B wiki-P@5 © wiki-P@10 B cc-P@1 M cc-P@5 M cc-P@10

75 )
50
25 | |

0 - _ gl
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Method
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Publication

e Aligned or Multilingual: A Comparative Study in Word Embedding
Paradigms (under review)

o This is our next paper which we are willing to propose in The 2024 Conference on
Empirical Methods in Natural Language Processing (EMNLP-2024).

o  This paper discusses how good traditional monolingual alignment techniques,
multilingual embeddings, and hybrid alignment techniques in terms of the different
criteria.

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

measure the degree of alighment more realistically in certain scenarios.

[44] K. Wickramasinghe and N. de Silva, “Sinhala-English Word Embedding Alignment: Introducing Datasets and Benchmark for a Low Resource Language,” PACLIC37, 2023
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Summary

e Built large-scale Sinhala-English dictionary dataset with ~1.3M translation pairs

e Achieved the best available Sinhala-English FastText word embedding alignment
results so far

e Proposed a novel conditional probability statistics based alignment dictionary
building technique using large parallel corpora

e Experimented embedding alignment with 10 language-pairs

e FEvaluated the traditional word embedding alignment techniques, multilingual

embeddings and combined alignment techniques
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Summary (cont.)

e Study the effectiveness of using BLI for measuring the degree of the

alignment of embedding spaces

o Found that standard BLI does not measure the True Degree of Alignment in certain cases
o Proposed a vocabulary pruning for BLI which gives better insight when evaluating
multilingual word embeddings

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

- Sinhala-English Parallel Word Dictionary Dataset

o  This paper was published in the 2023 IEEE 17th International Conference on Industrial and Information Systems (1CI1S-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

o  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)

o  Thisis 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.

o  Also, we introduce two novel modifications for the standard Bilingual Lexicon Induction to measure the degree of alignment
more realistically in certain scenarios.

[43] K. Wickramasinghe and N. de Silva, “Sinhala-English parallel word dictionary dataset,” in IEEE 17th International Conference on Industrial and Information Systems (ICIIS), Peradeniya, Sri Lanka, Aug. 2023
[44] K. Wickramasinghe and N. de Silva, “Sinhala-English Word Embedding Alignment: Introducing Datasets and Benchmark for a Low Resource Language,” PACLIC37, 2023
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Computation Cost

e 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.

e 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.

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

the relevant information

Machine Type e2-highmem GPU NVIDIA Tesla T4 Machine Type g2-standard-8
vCPU 8 GPU Memory 16GB vCPU 8
Memory 64GB Memory 12GB GPU NVIDIA L4
GPU No Computation hours ~ 24 GPU Memory 24GB
. Memory 32GB
Computation hours ~ 150 - Y
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ROUGE-N

RECALL = Qverlapping number of n—grams Candidate 1 : Summarization is cool
Number of n—gramsinthereference $ % { S
Reference 1 : Summarization is beneficial and cool

PRECISION = Ovwerlapping number of n—grams

Number of n—gramsin the candidate Recall = 3/5 = 0.6

Precision = 3/3 = 1
Recall and Precision Equations

Rouge_1= 2#Recall*Precision/(Recall+Precision)= 2*(0.6)*(1)/((0.6)+1) = 0.75

To finalize calculation we also need to calculate F1 scores (Harmonic mean) :

Fl = 2 X Precision X Recall
~ (Precision +Recall)
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Masked Language Modelling
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Alignment Optimization Criteria

Linear Criterion

n
f Py CW ’ 2
min z |\Wx; — i
1=1
Orthogonal Criterion 77%‘%1’5 Z(le)Tyz
7

min |[WX =Y|?=0VvT

Orthogonal Procrustes Criterion WeO,

Where ULV = SVD(Y XT)
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Alignment Optimization Criteria (cont.)
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Previous Work for Sinhala

Dataset SEOLES

@] @5 @10
Smith et al. (2016): On their original eval dataset” 22 40 45
Smith et al. (2016)+NN: On our eval dataset’ 25 44 50
Smith et al. (2016)+CSLS: On our eval dataset’ 26 43 49
our work best results 20 42 51

Table 5: Si—En Embedding Alignment Results with previous alignment work

* From Smith et al. (2016) official repository © Aligned using alignment matrix given in Smith et al. (2016) official
repository and evaluated using our evaluation set. The scores can be overestimated since we do not know the exact
alignment dataset used by the authors. If there is an intersection between the alignment dataset and our evaluation
dataset, the scores may not represent the exact alignment accuracy.
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Al Language Study

e This table has the extended results for all language pairs and all alignment techniques

T FastText+NN FastText+CSLS VecMap+NN VecMap+CSLS CI4NN C1+CSLS C2+NN C2+CS1LS LaBSE+NN LaBSE+CSLS
P@1 P@s P@I0| P@1 P@5 P@10| P@l P@5 P@I0| P@1 P@5 P@I0| P@l1 P@5 P@I0 | P@1 P@s P@I0| P@1 P@s P@10| P@1 P@s P@I0| P@l P@s P@I0| P@1 P@5 P@I0
En-lis 814 O18 04.1] 840 925 045 795 902 919 813 915 035| 81.6 909 920 82.1 922 939| 849 937 95.5| 833 936 953 | 400 831 86| 405 847 902
Es-En 842 937 959|859 941 957 848 938 955|865 948 959 844 937 957 861 948 958| 88.1 961 97.5| 896 963 97.0| 653 889 92.1| 650 877 915
En-Ir %03 019 U390| 828 929 041 1.6 893 916| 819 913 036 | 813 907 920 | 823 91.6 9U3.7] 85.5 942 U55| 838 945 95.7| 487 S6.1 09| 492 869 916
Fr-En 809 918 939|841 925 941 819 913 933 | 853 930 48| 821 917 943 844 931 948|882 957 972 890 959 97.0| 724 921 941 | 713 909 940
En-De 76.6 909 93.0| 787 911 935| 721 889 913 | 745 897 927 | 763 907 934| 765 908 9U3.6| 804 936 959 777 938 959| 453 767 829 457 783 839
De-En 728 871 909| 757 887 911| 749 864 895|763 896 917 745 879 907| 765 885 909| 8201 921 94| 819 923 94| 560 749 786|551 743 782
En-Ru 554 771 830 57.1 788 846| 504 75.1 803 | 527 769 8I8| 56.1 775 82.7| 554 782 84.1| 561 772 829| 550 783 835 174 651 767 | 177 677 78.1
En-Ru(Pruned) | 555 772 830|575 786 842|500 750 801 | 526 766 814 559 775 827|555 780 837| 568 774 829 557 782 831|438 693 96| 437 709 797
Ru-En 625 809 839|661 821  857| 680 814 852 721 835 866|671 816 853 706 833 869 660 818 858| 707 846 877 483 783 835| 489 797 843
En-It 755 899 927| 7183 910 930 76.1 882 910 | 788 903 92.1| 770 893 924 | 78.6 903 924 | 83.1 937 95.7| 813 937 954| 415 719.1 852 418 814 865
It-En 787 905 927 803 904 924|808 906 933 833 925 939 810 911 937| 823 917 938| 872 949 959 881 954 965 645 863 903 | 640 857 896
En-Si 153 304 375| 175 334 413 | 132 285 373 | 181 353 429 177 321 393 | 20.7 381 443 | 216 403 485 | 254 448 527| 45 o84 703| 57 633 745
En-Si(Pruned) | 153 305 377 175 335 417|132 285 373 181 355 429/ 177 321 394|207 381 447|219 405 489 261 454 534|466 T09 774|477 727 789
Si-kn 132 341 433]| 155 293 359|457 625 68.1) 432 606 653 171 367 450| 233 387 445| 176 387 472|259 429 497|359 644 739 271 558 692
En-Zh 433 614 681 354 579 643 | 39.6 60.7 666 | 433 645 703 | 415 635 6U.6 | 478 688 754 | 549 772 83.1| 566 809 864 | 198 447 63.1] 199 565 719
En-Zh (Pruncd) | 484 682 745| 402 633 697|427 651 707| 463 674 733 473 687 744|517 712 775| 594 793 845 593 803 855| 27.1 648 737 288 664 754
Zh-En 89 200 271|237 435 509 433 643 711 496 696 759 443 643 707|482 685 749|566 770 826| 609 804 845|421 634 697 410 640 711
En-Ta 155 289 34.1| 174 312 372| 175 300 348 202 347 40.7| 206 333 385| 23.1 370 425 254 429 493 | 30.1 484 547| 157 571 673| 159 613 713
En-Ta(Pruned) [ 171 319  374| 193 344 411 193 334 387|225 380 444| 228 364 423 253 403 462|272 454 521|317 502 568) 362 609 672] 369 626 702
“la-En 233 425 499|232 405 473|332 506 561|347 519 573|263 458 547 207 503 573|360 596 672| 435 648 710 357 583  659| 361 594 664
En-Ja 6.1 389 515| 49 196 294| 481 673 733 | 528 724 772| 300 500 595 408 635 709| 423 694 77.1| 473 1758 810| 64 415 570| 69 526 658
En-Ja(Pruncd) | 226 465 563 79 238 337|487 679 742|554 732  780( 309 507 60.1| 434 640 711 451 694 772 542 760 81.8| 378 613 688 401 633 705
Ja-kin 01 01 01| 01 01 02| 4914 555 600|460 609 652 340 507 568| 414 600 647]| 434 606 67.1| 528 703 753 | 267 433 492 256 446 Sl
En-Tr 469 700 762 | 521 733 784 | 467 679 753 | 517 742 193 | 521 721 785| 565 762 814 627 827 873| 65.1 843 S885| 365 711 785| 363 740 799
Ir-En 59.1 784 820| 617 769 812| 639 800 834 692 824 860 648 804 849| 676 823 856| 765 895 921|793 909 929| 640 809 843 | 624 803 836
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e _ LaBSE+NN LaBSE+CSLS LASER+NN LASER+CSLS
P@1 P@5 P@I0 | P@1 P@5 P@I0|P@1 P@5 P@I0|P@1 P@5 P@I0

L B SE L ASER En-Es 400 83.1 896 405 847 902 379 753 82.1]| 393 753 823
a VS Es-En 653 889 921 650 877 915|576 789 851 | 562 782 846
En-Fr 487 86.1 909 | 492 869 91.6 | 468 783 84.1| 469 779 83.1

Fr-En 724 921 941 | 713 909 940| 635 827 864 | 629 825 863

En-De 453 767 829 | 457 783 839 425 699 775| 419 703 79.0

e Extended results De-En 560 749 786|551 743 782 | 486 661 729| 485 657 723
. En-Ru 174 651 767 | 17.7 67.7 78.1| 10.7 585 668 | 103 562 67.6
comparison En-Ru (pruncd) | 43.8 693 79.6 | 437 709 79.7| 336 607 672 308 60.1 689
Ru-En 483 783 835 489 797 843| 347 638 706| 344 629 703

between LaBSE and En-It 415 79.1 852 | 41.8 814 865 | 403 709 778| 399 70.8 783
LASER It-En 645 863 903| 640 857 896|519 751 810 529 745 808

En-Si 45 584 703| 57 633 745| 29 278 345| 7.1 297 360

En-Si(pruned) | 46.6 709 774 | 47.7 727 789 | 21.1 349 387 202 347 399

Si-En 359 644 739|271 558 692 193 348 406 122 276 350

En-Zh 198 447 63.1| 199 56.5 719 199 290 334 | 197 295 343

En-Zh (pruned) | 27.1 648 73.7| 288 664 754 105 196 240| 109 212 249

Zh-En 421 634 697|410 640 71.1| 71 165 225| 79 169 220

En-Ta 157 57.1 673 | 159 613 71.3| 135 274 319 115 235 28.1

En-Ta(pruned) | 362 609 672 369 626 702| 9.1 208 245| 74 166 216

Ta-En 357 583 659 361 594 664| 9.1 208 245| 81 202 216

En-Ja 64 415 570| 69 526 658 6.1 204 287]| 6.1 295 379

En-Ja(pruned) | 37.8 613 688 | 40.1 633 70.5| 223 363 41.1| 260 41.6 478

Ja-En 267 433 492 256 446 511|111 237 293 | 102 21.8 278

En-Tr 365 71.1 785 363 740 799 353 579 643 325 506 578

Tr-En 640 809 843 624 803 836|564 678 708 454 656 702




Sinhala-English Parallel Dictionary Dataset

e  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

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

e  We used these datasets to create the alignment dataset for Sinhala-English word embedding alighment tasks we carried outj{@Rilnate
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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

e Notification of outcome: 7th June 2023
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Limitations
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