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Motivation — Machine Translation
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Motivation — Timeline of Machine Translation
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Language-wise training data distribution for XLM-R multiPLM (Conneau et al., 2020)
Weaver, W. (1952). Translation. In Proceedings of the conference on mechanical translation.
Koehn, P., Och, F.J., & Marcu, D. (2003). Statistical phrase-based translation.
Cho, K., Van Merriénboer, B., Gulcehre, C., Bahdanau, D., Bougares, F., Schwenk, H., & Bengio, Y. (2014). Learning phrase representations using RNN encoder-decoder for statistical machine translation. arXiv preprint arXiv:1406.1078.
Luong, M. T., Pham, H., & Manning, C. D. (2015). Effective approaches to attention-based neural machine translation. arXiv preprint arXiv:1508.04025.
Xue, L., Constant, N., Roberts, A., Kale, M., Al-Rfou, R., Siddhant, A., ... & Raffel, C. (2020). mT5: A massively multilingual pre-trained text-to-text transformer. arXiv preprint arXiv:2010.11934.Gowda, T., Zhang, Z., Mattmann, C., & May, J. (2021, August). Many-to-English Machine
Translation Tools, Data, and Pretrained Models. In Proceedings of the 59th Annual Meeting of the Association for Computational Linguistics and the 11th International Joint Conference on Natural Language Processing: System Demonstrations (pp. 306-316).
Chipman, H. A., George, E. I., & McCulloch, R. E. (2010). BART: BAYESIAN ADDITIVE REGRESSION TREES. The Annals of Applied Statistics, 266-298.
Costa-Jussa, M. R., Cross, J., Celebi, O., Elbayad, M., Heafield, K., Heffernan, K., ... & NLLB Team. (2022). No language left behind: Scaling human-centered machine translation. arXiv preprint arXiv:2207.04672. 3
Ruder, S., Sggaard, A., & Vuli¢, . (2019, July). Unsupervised cross-lingual representation learning. In Proceedings of the 57th Annual Meeting of the Association for Computational Linguistics: Tutorial Abstracts (pp. 31-38).
Xu, H., Kim, Y. J., Sharaf, A., & Awadalla, H. H. (2023). A paradigm shift in machine translation: Boosting translation performance of large language models. arXiv preprint arXiv:2309.11674.



Terminology

* Parallel Sentence-pair

Source Sentence Target Sentence

[en] Conducting Assistant Physiotherapist and Massage Certificate Course [si] wwwm ewvem OB 6 wr ©wOWE VR D ©7) NSO 5 OFO®

: . . o . [ta] QTFMBISHEH 6T BIH NS &6T LnMHMmILD 6(L0MHIEG lF) & 6L 60T
[en] Ensuring compliance with the financial rules and regulations of the Government @GOUFFEJ@& Q& WLIM LG 56060 &gu@uu@gsg;eu

* Supervised Neural Machine Translation (NMT)

o Given parallel sentences Neural Network learns to output a translation in the
target language, given a sentence in the source language

High-Resource Languages (HRLs) vs Low Resource Languages (LRLs)
o Based on the dataset and linguistic resource availability (Joshi et al., 2020)

Joshi, P., Santy, S., Budhiraja, A., Bali, K., & Choudhury, M. (2020, July). The State and Fate of Linguistic Diver:

sity and Inclusion in the NLP World. In Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics (pp. 6282-6293).



Motivation — Why NMT is challenging?

e Supervised NMT models trained on large parallel datasets using transformer architecture
(Vaswani et al., 2017) produce state-of-the-art results (Haddow et al., 2022)
 When parallel data is limited, results for the same architectures NMT results are suboptimal.
* Limited vocabulary coverage in the parallel data
* Limited coverage of vocabulary in different contexts in the parallel data
* In-adequate sequence-to-sequence mappings in the parallel corpus

* For morphologically rich languages, words inflect due to gender, number, case categories etc.
leading to more vocabulary.

* Low-resource, morphologically rich languages the parallel data scarcity problem worsens the NMT
performance

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N, ... & Polosukhin, 1. (2017). Attention is all you need. Advances in neural information processing systems, 30.
Haddow, B., Bawden, R., Miceli-Barone, A. V., Helcl, J., & Birch, A. (2022). Survey of Low-Resource Machine Translation. Computational Linguistics, 48(3), 673-732.



Motivation — Data Scarcity Problem for LRLs

* High-resource languages have large scale gold-standard parallel datasets.
e Europarl Parallel Corpus (Koehn, 2005) - 1~2 Million sentences for high-
resource languages.

* UN Parallel Corpus (Ziemski et al., 2016) manual translations for 6 languages
with minimum 16 Million sentences for each language.

* For Low resource languages s.a. Sinhala and Tamil, such gold-standard parallel
datasets are in the range of 100Kk.

* Parallel data scarcity problem is a hindrance to the progress of NMT research
among Sinhala-English-Tamil languages.

Koehn, P. (2005). Europarl: A Parallel Corpus for Statistical Machine Translation. In Proceedings of Machine Translation Summit X: Papers (pp. 79-86).
Ziemski, M., Junczys-Dowmunt, M., and Pouliquen, B. (2016). The united nations parallel corpus v1. 0. In Proceedings of the Tenth International Conference on Language Resources and Evaluation (LREC'16), pages 3530-3534.



Background

 Data Augmentation aims at alleviating the data scarcity problem by inducing parallel
data synthetically or by automatic means.

» Data augmentation techniques categorization (Costa-jussa et al.,2022; Ranathunga et al.,
2021)

Data Augmentation

Word or Phrase-
: e Parallel Data
replacement based Bitext Mining 3
5 Curation
Augmentation

Costa-jussa, M. R, Cross, J., Celebi, O., Elbayad, M., Heafield, K., Heffernan, K., Kalbassi, E., Lam, J., Licht, D., Maillard, J., et al. (2022). No language left behind: Scaling human-centered machine translation. arXiv preprint
arXiv:2207.04672.
Ranathunga, S., Lee, E.-S. A, Prifti Skenduli, M., Shekhar, R., Alam, M., and Kaur, R. (2023). Neural machine translation for low-resource languages: A survey. ACM Computing Surveys , 55(11):1-37.



Research Ga
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Data Augmentation to Induce High-Quality Parallel Sentences for Low-Resource NMT

K Existing methods limited to a single\
OOV Type; either rare words or
unseen words from a dictionary.
- Existing methods limited to
validating the synthetic sentence-
pair either syntactically or

\semantically.

- No Empirical study to analyse the
effectiveness of commonly used
Multilingual Pre-trained Language
Models (multiPLMs) for Document
Alignment and Sentence Alignment

Tasks for Low-resource setting.

J
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RO1.
Implement an algorithm to generate
synthetic parallel sentences to
augment OOV terms.
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Conduct an empirical Study to
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parallel sentences by augmenting
OO0V terms, by imposing both
syntactic and semantic features to
validate.

- Publicly release the synthetic
parallel sentences
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/multhLMs trained using parallel\
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embeddings have weak cross-lingual
alignment, especially for LRLs. Hence

retrieval tasks.

Y4

Encoder-based multiPLMs produced

hey perform poorly for sentence-

- The choice of multiPLMs in the
Parallel Data Curation (PDC) task, leads
to a disparity among NMT scores.
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RO3: )
Improve the cross-lingual
representations of existing multiPLMs

to obtain High-Quality parallel
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Kintroduce an objective masking
strategy termed Linguistic Entity
Masking (LEM), to improve the cross-
lingual representations of existing
multiPLMs.
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RO1.
Implement an algorithm to generate synthetic parallel sentences to
augment OOV termes.

Generating Synthetic Parallel Sentences

Data Augmentation

! ! !




RO1: Motivation

* Generating Synthetic parallel sentences follows a word/phrase replacement approach
* Words to augment Out-of-Vocabulary (OOV).
o Rare Words (Tannage et al., 2018, Fadaee et al., 2017)
o Unseen words, using a dictionary (Peng et al., 2022)
* Fadaee et al (2017) augment rare words and Tannage et al. (2018) improves this by validating with Part-
of-Speech and morphological agreement.
* Peng et al (2020) augments out-of-domain dictionary and validates semantic agreement only.
e Substituting sub-trees (Alam et al., 2024) or top-most word (Duan et al., 2020) from dependency parser

validates sentences syntactically.

Hypothesis : Use Syntactic and Semantic constraints to ensure syntactic and semantic correctness of
synthetic parallel sentences.

Fadaee, M., Bisazza, A., & Monz, C. (2017, July). Data Augmentation for Low-Resource Neural Machine Translation. In Proceedings of the 55th Annual Meeting of the Association for Computational Linguistics (Volume 2: Short Papers) (pp. 567-57
Tennage, P., Sandaruwan, P., Thilakarathne, M., Herath, A., & Ranathunga, S. (2018, May). Handling rare word problem using synthetic training data for sinhala and tamil neural machine translation. In Proceedings of the Eleventh International
Conference on Language Resources and Evaluation (LREC 2018).

Peng, W., Huang, C., Li, T., Chen, Y., & Liu, Q. (2020). Dictionary-based data augmentation for cross-domain neural machine translation. arXiv preprint arXiv:2004.02577.

Alam, M. M. |., Ahmadi, S., and Anastasopoulos, A. (2024). A morphologically-aware dictionary-based data augmentation technique for machine translation of under-represented languages. arXiv preprint arXiv:2402.01939.

Duan, S., Zhao, H., Zhang, D., and Wang, R. (2020). Syntax-aware data augmentation for neural machine translation. arXiv preprint arXiv:2004.14200. 10



RO1: Methodology — Rare word/Dictionary

Augmentation
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RO1: Assumptions / Design Decisions

1.  Augment both types of OOV — Rare words and Unseen words (dictionary terms)

2. Improving word embeddings to determine semantic similarity.
* Post-processing of the word embeddings was done to improve the semantic similarity between the
words.
Eg: run - running vs sing - chant
* Follow the work of Artexte et al (2018) and conducts a linear transformation on the word
embeddings using an alpha (a) value.

3. Validations done to preserve syntactic and semantic correctness?
e Syntactic constraints — POS and Morphology agreement
e Semantic constraints — Sentence Similarity and Word Similarity
* Context validation — Tri-gram replaced context is validated using Language Model

Artetxe Zurutuza, M., Labaka Intxauspe, G., Lopez Gazpio, I., & Agirre Bengoa, E. (2018). Uncovering divergent linguistic information in word embeddings with lessons for intrinsic and extrinsic evaluation. In The 22nd Conference on Computational

Natural Language Learning: Proceedings of the Conference, October 31-November 1, 2018 Brussels, Belgium. ACL.

12



RO1: Synthetic Parallel Sentence-pair

Rare Word
/Translation

B8 @D 3 sy-----parties

Original source
sent.

Eede ©38e0EHWO ¥ PedBw 88EHWO GoE BRDVST w@ABTVD e ouNw® e
518nE w@IBTVD gueend s Feen s(OFO® OB wwer EHWE & BE®

Original
target sent.

Creating better governance through conducting impartial investigation regarding petitions ,
complaints received in connection with relevant officers to District administration and
Divisional administration

Synthetic Eedes ©38e0EHWO ¥ PedBw 88EHWO &t BI8ROBBY OIBTVD CEID B w® &y
source sent. 518nE w@IBTVD guend s Feen s(OFO® OB wwer EH W & BE®
Synthetic Creating better governance through conducting impartial investigation regarding petitions ,

target sent.

complaints received in connection with relevant parties to District administration and
Divisional administration

13



RO1: Experimental Setup

* Conducted Experiments for Sinhala-English language pair

* Datasets
Parallel Data Traing Sentences Validation Sentences
No. Sentences 54914 1623 G q in (F q | 2020
No. of Words (En) 553002 23578 overnment domain (Fernando et al,, )
No. of Words (Si) 535185 22721
Monolingual Data English Sinhala
No of Sentences 1.2 Million 1.2 Million )
No of Words 51.1 Million 48.2 Million Monolingual data (Isuranga et al., 2020)
No of No of Words / Unique No of Rare Words No of Dictionary
Sentences Words Terms

Sinhala English Sinhala | English | Sinhala English
Testset 01 (SITA-Eval) 1603 18513/4520 | 19248/4237 76 55 11 58
Testset 02 (Government) 1462 28918/5341 | 30437/4956 133 55 17 108
Testset 03 (Government) 1438 26308/5057 | 27815/4865 127 68 23 99

14



RO1: Experimental Setup

* Dictionary English-Sinhala in-house dictionary with 23660 terms

 Linguistic Tools / libraries used:

Word alignment GIZA++ (Och and Ney, 2003)

PoS Tagger English! and Sinhala TnT (Fernando et al., 2018)

Morphological Analyser Sinmorphy (Kumarasinge et al., 2021)

word embeddings Fasttext (Bojanowski et al., 2016)

Language Model SRILM Toolkit?

* NMT Architecture - RNN encoder-decoder architecture with attention (Bahdanau et al., 2015)

e Evaluation metric BLEU (Papineni et al., 2001) scores.

Och, F.J. and Ney, H. (2003). A systematic comparison of various statistical alignment models. Computational linguistics , 29(1):19-51.

Kumarasinghe, K., Dias, G., & Herath, I. (2021, July). Sinmorphy: A morphological analyzer for the sinhala language. In 2021 Moratuwa Engineering Research Conference (MERCon) (pp. 681-686). IEEE.
Bojanowski, P., Grave, E., Joulin, A., and Mikolov, T. (2016). Enriching word vectors with subword information. arXiv preprint arXiv:1607.04606.

Bahdanau, D., Cho, K. H., and Bengio, Y . (2015). Neural machine translation by jointly learning to align and translate. In 3rd International Conference on Learning Representations, ICLR 2015.

https://spacy.io/ 15
2 http://www.speech.sri.com/projects/srilm/



RO1: Experiments & Results

Rare Word Augmentation

Experiment Aug Sent, S PENBLEY) oo En o Si(BLEV)
TS TSz Tss o TTSI TSz T3 e Rare Word Augmentation Gain(max)
Baseline [train54K | - 2247 2122 26.82 - 2061 1933 24.97 . .
+U. +U.
Baseline (Fadaee et al., 2017) 10947 2276 2128 26.89 13675 2080 1895 24.62 0.91 SI%EH/ 0.74 En->Si
Baseline (Peng et al., 2020) 12447 2263 21.06 26.62 1215 2049 1930 2537
Random Duplicating o - .
Baseline+randDuplicate 10K 10000 2240 2089 2630 10000 2039 19.12 24.48 Best scores when combining syntactic and
Baseline+randDuplicate25K 25000 2265 2129 27.05 25000 2100 19.44 2538 semantic constraints. They exceed baseline
Baseline+randDuplicate35K 35000 2259 2105 26.76 35000 2025 1938 2533 scores
Random Replacement
Baseline+randRareWords 10K 10000 2226 2053 2625 10000 2067 1933 25.11
Baseline+randDictionary 10K 10000 2250 20.77 26.56 10000 2061 18.60 24.60 e Combining all constraints did not produce the
Linguistic Constraints . . . . .. . .
e best gains for Si -> En direction. Limitations with
Baseline+pos 2276 2256 2144 27.46 2587 2076 19.44 2533
Baseline+pos+morph 1560 22.40 21.50 27.43 2760 2099 1933 2535 morphological analyser (similar
Word Similarity pattern PoS, WordSim+PoS)
Baseline+wordSimy, » 8684 2218 2123 26.65 7792 2048 1878 2508
Baseline+wordSim 7667 2235 2139 2728 7544 21.08 1923 25.12
Baseline+wordSim+pos 1789 22.88 21.84 27.73 3780 2088 19.51 2556 e SentSim+wordSim vs pos+morph produce
Baseline+wordSim+pos+morph 927 2234 2147 21.55 1780 20.89 1947 25.53 com arable reSUItS
‘Word Similarity + Sentence Similarity p
Baseline+wordSim+sentSim 7518 2257 2140 27.11 6642 2097 19.07 25.13
Baseline+wordSim+sentSim+pos+morph 854 2242 2156 27.64 130 21.18 1940 25.71

16



RO1: Experiments & Results

Dictionary Word Augmentation « Dictionary Term Augmentation
Gain(max) +0.18 Si>En / +0.71 En->Si

L Aug. Si — En(BLEU) Aug. En — Si (BLEU)
Experiment Sent. | Testsetl | Testset2 | Testset3 Sent.| Testsetl | Testset2 | Testset3 I S d d H OOV H

Sent. | Tests stset2 sts Sent. | Tests stset2 st °
Baseline[train54K] 22.47 21.22 26.82 20.61 19.33 2497 noiside |Ct|0nary terms as In test sets
Bascline(Fadace) 35901 | 21.59 | 1936 | 22.70 [ 49211 | 2031 17.59| 2239 were less (TS1-11 | TS2-17 | TS3-23). Therefore
Baseline(Peng) 4856 2228 20.76 26.17 | 5709 20.85 19.24 2475 . .
Linguistic constraints gaInS marg|na|.
Baseline+pos 26940 22.37 20.84 2549 | 15201 20.63 18.41 24.15
Baseline+pos+morph 18770 22.65 21.25 26.38 | 15201 20.50 18.76 24.26 ° _ HEH H H H :
Word Similarity En->Si direction augmentation is effective.
Baseline+wordSim 32170 21.57 20.39 2496 | 57288 19.95 18.20 22.04
Baseline+wordSim+pos 18209 21.51 21.29 2§.40 25651 20.26 18.52 23.64 e  SentSim+wordSim vs pos+morph produce
Baseline+wordSim+pos+morph | 12594 22.07 20.87 26.21 | 6721 21.02 19.42 25.68

comparable results

17



RO1: Experiments & Results — Qualitative

Analysis

Rare word

s88cma (parisilanaya)

S1
Sentence

SAd0wmctoed addecmw Bae yEdnmce acwm 'HHw' BE€ae
50 guid 8¢ & onivyn 8

viniscayakaravarunge parisilanaya pinisa pustakalaya sandaha ‘nitiva’

pilibanda nava grantha mila di ganna ladi.

En Sentence (Ref))

New books on "Law™ were purchased for the library for the reference
of the judges.

Baseline[train54K] new law for the library for the library for the library was purchased.
Baseline+pos+morph new law Books were purchased for the Library reference to the Judges.
Baseline+wordSim new law Books were purchased on the Library reference for

the Library reference.

Baseline+wordSim+pos

new law Books were purchased for the Library for easy reference
of the Judges.

Fluency and Accuracy of the Translation is improved with syntactic constraints and semantic

constraints.

18



RO1: Limitations & Future Work

Limitations Future Work

The Sinhala linguistic tools (PoS Tagger, Re-evaluate the upon availability of better
Morphological Analyser, Alignment Tool) performing POS Taggers, morphological
limitations analysers

Used static word embeddings. Instead of static embeddings using

contextualized embeddings.
Eg:sinBERT (Dananjaya et al., 2022)

Context validation using tri-gram statistical LM. | Determine sentence fluency using a Neural
based l[anguage model.

Dhananjaya, V., Demotte, P., Ranathunga, S., & Jayasena, S. (2022, June). BERTifying Sinhala-A Comprehensive Analysis of Pre-trained Language Models for Sinhala Text Classification. In Proceedings of the Thirteenth
Language Resources and Evaluation Conference (pp. 7377-7385).

Feng, F., Yang, Y., Cer, D., Arivazhagan, N., & Wang, W. (2022, May). Language-agnostic BERT Sentence Embedding. In Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics (Volume 1.'19
Long Papers) (pp. 878-891).



RO1: Contributions & Publication

* Introduce an objective masking strategy termed Linguistic Entity Masking (LEM), to
improve the cross-lingual representations of existing multiPLMs.

* This has been done using sentences from a parallel corpus with 56K only.
Hence favourable for LRLs

e Publicly release the improved encoders for En-Si, En-Ta and Si-Ta language-pairs.

Publication

Fernando, A., Ranathunga, S. (2021). Title: Data Augmentation to Address Out of Vocabulary
Problem in Low Resource Sinhala English Neural Machine Translation. In Proceedings of the 35th
Pacific Asia Conference on Language, Information and Computation (pp. 61-70). (PACLIC,2021)
h5-Index: 13

20



4 RO2: )
Conduct an empirical Study to determine the impact of different

characteristics of the Pre-trained Multilingual Language Models on the

\_ Document Alignment and Sentence Alignment tasks for LRLs )

Empirical Study : multiPLMs for Bitext mining

Data Augmentation

Bitext Mining




RO2: Empirical Study using multiPLMs for
Bitext Mining - Motivation

The web contains human-created text in multiple languages at scale even for low-resource languages.
Considering content availability in multiple languages, parallel sentences can be identified — Bitext mining.

Shared tasks have taken place to encourage research in this direction BUCC2015-2018, 2024! and
WMT2016-20202.

Bitext mining pipeline
* ldentify & Crawl Web Data
* Document Alignment
* Sentence Alignment
* Parallel Sentence Filtration

Ihttps://comparable.limsi.fr/
Zhttps://www?2.statmt.org/wmt25/

22
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https://en.wikipedia.org/wiki/Sinharaja_Forest_Reserve
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RO2: Bitext Mining — Related Work

Document Alignment and Sentences alighment tasks are critical to determine the
quality of the parallel sentences

Feature-based URL (Resnik et al., 1999)

DOM Tree alignment model. Textual content by means of HTML document
structure. (Shi et al., 2006)

Machine Translation-based | Translating target to source and vice versa and measure similarity (Uszkoreit et
al., 2010)

Vectorizerizing Vectorizing considering bi-gram (Dara and Lin., 2016) and determine similarity
by means of cosine sim.

Embedding Based Similarity between document embeddings derived from sentence embeddings
(Guo et al., 2019)

Uses LASER2 to determine document similarity (El-kishky and Guzman, 2020)

24



RO2: Bitext Mining — Related Work

Document Alignment and Sentences alighment tasks are critical to determine the
quality of the parallel sentences

Feature-based Scoring functions with characters or words (Brown et al.,1991; Gale and
Church., 1993)

Machine Translation-based | Uses phrase tables from statistical MT system(Gomes and Lopes, 2016)

Embedding Based Vecalign uses bilingual embeddings (Thompson and Koehn, 2019)
Pre-trained LASER2 embeddings (Banoén et al., 2020)

Uses unsupervised multilingual embeddings for sentence alignment
(Kvapilikova et al., 2020)

Margine-based cosine similarity over LASER2 embeddings (Artetxe and
Schwenk, 2019)
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RO2: Research Questions

What characteristics in multiPLMs are influential for document
alignment and sentence alignment tasks?

multiPLM Architecture Training Data Pre-training/fine-
tuning
LASER2 (Artetxe and Schwenk, 2019) LSTM parallel Pre-training
XLM-R (Conneau et al., 2020) Transformer mono Pre-Training
LaBSE (Feng et al., 2022) Transformer Mono + parallel Pre-Training + Fine-
tuning

Can improvements using bilingual lexicons improve these results
further?

Uses bilingual lexicons to improve the semantic similarity score in determining the document similarity
and the sentence similarity (Rajitha et al., 2020)



RO2: Methodology

 Extended gold-standard evaluation benchmark dataset by Rajitha et
al. (2020) for document alignment and sentence alignment tasks.

« Conducted intrinsic evaluation for document alignment and sentence
alignment using the compiled gold-standard evaluation set.

« Evaluated the significance of bilingual lexicon based improvement (by
means of a weighting) to the distance calculation function by Rajitha
et al.(2020)

« Conducted extrinsic evaluation by training NMT systems for the six
directions (Si—En, En—Si, Ta—En, En—Ta, Si—Ta, Ta—Si)
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RO2: Document Alignment Algorithm (El-kishky

and Guzman, 2020)

dA dB

. .

[ multiPLM }

v v

Sentence Embeddings
E(SA) for S, € da

Sentence Embeddings
E(SB) for Sg € dg

| J
v

sent_pairs = {(Sa, Sg) where
Sa €edpand Sg € dB}

v

for each (Sa, Sg) in

calculate flow
sent_pairs

as min weight (Sa,Sg)

v
calculate Wa,g ‘

weight between S, and Sg

considering lexicons
le Bilingual
v Lexicons

7/
calculate

distance = distance + ||E(Sp) -
E(Sg)|| * flow * Wa g

v

Semantic distance between da and dg

Vv Vv
XLSMD(A, B) = E%ZZ?;J x A(i, J)
i=1 j=I
V V
Subject to:¥i Y T ;j=da; . Vjy T, ;=dg,;
j=l i=1

Distance calculation between two sentences

distance = distance + ||sa — sg|| X flow

New weighting Scheme (Rajitha et al., 2020)

|s4| — count )
Wa B = T |sa| = Number of tokens in sentence sy

Modification to the distance calculation

distance = distance + ||sa — sp| X flow X wa B
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RO2: Sentence Alignment Algorithm (Artetxe
and Schwenk, 2019 )

for each Sa €da

sentences
in dA

sentences
in dB

—

—>

multiPLM

»| Sentence Embeddings
E(Sp) for Sa € da

Sentence Embeddings
"  E(Sp)forSp €dp

Calculate cos_sim(Sa,Sg) for
each Sg € dg

'

Calculate Wy g weight
between S, and Sg
considering lexicons for each
Sg € dB

calculate
similarity_scorep g=
cos_simy g* Wy g for each Sg
edg

!

knn (SA ,S'B)
sentence pairs corresponding
to top 4 similarity scoreag

!

calculate margin-cosine
similarity for each (Sa,S's) in
knn

'

aligned_pairs « (Sa,S'g) with
max(margin-cosine in knn)

Aligned

> Parallel Sentences

Bilingual
Lexicons

Improvement for the distance calculation (Rajitha
et al., 2020)

similarity_scorey p = cosine_similaritys g X WA g

Weighting Scheme (Rajitha et al., 2020)

|s4] — count .
wa p = T |s4| = Number of tokens in sentence sy
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RO2 : Experiments & Results : Document Alighment

En-5i En-Ta Si=Ta
Expaeriment Wt
Hiru rre« Mewslirst Army Hiru Irm Mewslirst Ay Hiru T Mewstrst Acrmy
14 » F1 14 » F1 14 » F1 14 » F1 14 " F1 14 " F1 14 " F1 H " F1 H " F1 H " F1 H P F1 H P F1
LASEHR
BL SL & .l 15.0#1 2147 LG8
LeE ™.31 H7.082 g 14.31 ALYT 29946
SLDF 8232 a1 8 158.21 2 kA1 4744
BL+N 5L 81.1) 44,14 L i 26 18.7 28.34 2172 310 11.946 241011
L 81.849 4773 29.42 2L 1A 340 6idi WAl 28.44
SLIDF 8.} 94149 28.34 2185 31.22 12,01 HEAT 28498
BL+N+Ds sL 99,14 28.34 2172 AL i 119 2901
LeE 47.73 29.42 2LIE W13 6481 60T 35,74 2901
SLIDE 44,14 28.34 2185 31.22 a7 120K 14
BLA4N+Ds+ D 5L 35 .74 SR} 13.49 14.95
Lo 81.89 4773 L3 2886 11.24 13.05
SLIDE B4} 44149 T4 31 13.31 14.82 41 . ] 4
BL+N+Ds+MDe =L ER.A0 1] 4205 J2.08 15.84 4270 4001 9597 3343 19.32  B0D.OZ 3100
1oF B1.84 4773 116 k38 13.40 .38 3358 301 1%
SLDF 8% 44,14 4205 d2.21 4602 43497 33.43 149.32 #0622 3100
XLM-H
BL SL 1.0 A8 (K Ab A LU LT E R 4,34 98,47 F3.64
LeE 41.41 8. (W} AbAKA 03 9418 95,43 W18 i3.52
SLDE w91 A8 (K Ab A fLLUE L E R 4,34 98,47 F3.64
BL+N 2L a2, BEZ6 4016 T3 BLES A4.63 LR 3344 R
L 9783 498 4435 44.49 .34 1R G163
SLIDE BE.26 4016 0TI BEL 163 LS B34
BL+N+Ds sL BEZ6 4016 LTI BLES A4.63 i LR 3.464 .36 88,13
LeE T84 SR 9435 9449 4,34 BATH 9 W18 3.46% 3464
SLIDE BR.26 4016 T3 BLES 9463 35,40 18.74 8914 9222 LR
BLA4N+Ds+ D 5L 9826 A 16 T3  ES 4731 3. A0 341 (Wi LR U E RS 19949
L 9783 .98 35 44.49 i A . 38.62 B4 8 4297 1R
SLIDE BE.26 4016 0TI BEL 4741 . A .09 SHE S .0 4G LU
BL+N+Ds+MDe  SL 9817 .12 T3 BLES BT.45 BLOL B 16 o0.6n a0l 33T A
1oF 783 A8 G935 8449 .44 BOT5  B2ES L 98.42 3356 SME B340 8201 8742
SLDEF BR.26 4016 T3 BLES 07.45 BL01 Bl 16 .60 a0l 3376 5035 0525 B34S BEOOE
LaBSE
BL SL AT .11 4880 WTE BLER  BT.23 L G271 A G 5 54.22 LER T 922 G603 984T 9189 9507 L5 W41 8.1l BG.E4
LeE A.19 94,23 18946 AT WLBL 9718 | 856 (R} i i BE10 922 H603F 98460 94,89 o8.eT W41 GO0 H6.TH
SLDF 5 & AT .11 4880 WTE BLER  BT.23 BE10 922 H603F 8847 4507 0eT W41 #0.11  BG6.B4
BL+MN sL W42 B A1.41 448, 1) 18.84 BTIE BLER  BT.ZE T3 441,58 5 542 AT 34,15 RIE B RN 45011 T #8051 8.1l BG.Ed
L 8571 BLGE BET2 8. a.23 LR 18.84 .68 .80 9718 4 ] 4 18,65 2 U818 BT8R WL1E 941 ] 5 98.48 86.29
SLDF 9542 8144 S8.46 8 241 RER 18.84 BTE BLES  BTZE | A6 i2. AT R .25 54.27 AT.45 15 5504 9841 45041 LT .51 H0.61 BB.11L BG.B4

, Si-Ta +13%

* LASER2 baseline outperformed significantly with dictionary improvement En-Ta +44%
and Si-En +2%
e LaBSE and XLM-R outperform LASER2 results for all three language-pairs.




RO2 : Experiments & Results : Sentence Alighment

Army Hiru IT™N MNewsfirst
Experiments
Forward Backward Intersection Forward Backward Intersection Forward Backward Intersection Forward Backward Intersection
Sents R Sents R Sents R | Sents R Sents R Sents R | Sents R Sents R Sents R | Sents R Sents R Sents R
Sinhala-English
Hugalign [14] Lane 241000 LGS 11.63 AN avh INRLL
LaBSE [13] BL 11202 U867 L2555 T34 10145 U883 H148 21 07.34 07.34 2 .33 LN 2045 1844 U867 1268 OE.31
BL+Dict 112012 RN 12385 RLRL 10145 7 H148 2l 07.34 07.34 2 LK) LN 2045 1544 Oo.00 1268 DE.33
Laser BL ) 112012 : ‘.JZ.HH U817 HE H148 1!1!'."[ '..IEI.-'?-J 4 Hl'__" 2 U:.ii_.33 Had EHL? 15844 i l..-'ﬁi l!T_T ‘.J'_'f..'ﬂ
BL4Dict 11202 TS M U433 S144 21 U564 U435 2 TN R AL 2065 1844 UL A8 1263 R
CLM-R BL 11202 5.0 U714 HO6Y S144 21 UGS 114 U568 24§ HERLL RIALE 2A8 2065 1844 4 1332 b1 B i
o BL+ Dict 11202 G 67 THITE L BRI H148 21 UGS LAl U6 .6E 2 6T U 67 . 2045 1844 6. 67 1346 UhH6T
LaBSE BL 1122 900 12385 99.33 JLIEE I L A 1] H148 2l 07.34 5114 O7.34 2 0067 1 e R R 2045 15844 LR LiThH  DE.33
BLA4Dict 112112 9. 00 L2545 99,33 LRSS0 0. 00 144 2l 9734 S1iK 9734 2 99.67 0933 90,33 20K5 15844 0, 00 1372 OB 38
Tamil-English
LaBSE [1 l'!‘-J :: - L 114 ‘.J.'i..'i-.'_'i :J 1 lz ‘4,"5 67 L‘.J:_’!J Hh l'iiﬂ ,"f“.l%:_:i ‘.Hl.i?ﬂ S '.J“.IH'_l ZIE L :_’“Hl ‘..H._i Gﬂ_l 1444 1414 ”:IJE
A Dict R B LL1GED LY 67T R HEAH) 12 B H1.67 1. 61 HH 91495 Vs 20001 U567 1Y 1A LT
Laser BL L 1K1 TAGT ST 8. 124 20K 1233 7. 11 B WA 20011 T3 1944 52 il 3a
) BLA4Dict L 114 HLGT ST TH.ET 124 G1.67 TR A5 B 152 20011 Hh.30 1944 1106 TAG7
YLM-R BL ) L 114 HE ZE?E H20H) :J 1 lz HJi.ﬂ!ﬂ_l 124 E"ﬂ_ﬂ E_’hz F.'_:i. 22 S E;:_ﬂu_ 20011 ‘.J'_"..'%:_ﬂ 1444 LD WX L'H_H fabi
BL4Dict R B LL1GED LY 1.3 T, B0 R HAAT 12 [ AT, [k KT 85.10 HH Aol 2001 U267 1Y RERLL 1363 LKL
LaBSE BL L 1K1 RIS A2 .67 5447 BOGT 2 H6.d3 =i w262 B 9195 LR 20011 RS RS SH I L W 1 1414 RLRLY
BL+Dict L 1A 9700 i 0633 ST HEAS 2 H6.d3 H2.04 92,28 B U161 ] LG 20011 D667 RS SH I L W 1 LM .33
Sinhala-Tamil
LaBSE [18] BL - ‘.Jl:_’.."f . 1i|.- l_J 11} L"fl. 111 Lii '.J.'_'i..'i.‘* li“ L"f ‘.J“.T..'_:i :Jh.": N '.J-T .'i:_:i HEI ‘.JiJ.ﬁT ‘..H_i.““ E‘.J{ﬂ ?H! R
BLA4Dict 2371 0134 41.72 Lt 1141 LIRS TN [ R] 467 1N THLIN) HERIT 15 5.0 L rRLL [ o HH D667
Laser BL { 71.52 9128 AT 5745 1151 ILIRE k] B33 G 1N TN H1.43 AN 5338 ALl T S0 Fll LI
- BL+Dict 1) T4.510 0128 H1.46 S0 1{:451 LB HE.(K FLRLY o HLAA i (K} anl TL&T TN A HA.67 Wit TS
YLM-R BL 2y Hi44 9124 H1.46 HHl2 1{441 HLGT 1143 U1.1K) A7 o LA LK) 12 A7 A 67 A U583 4 02038
BL4Dict 2y A 9124 H2.45 2 1{:441 2N 1143 s RO o R sl 115 LN RERLY T3 9R.6T ok} RERLY
LaBSE BL 2l 5.0 0134 94.70 7162 D248 1141 T.AS LIRS aE.00 G.aa 1N HLAS 9867 8] HE R R G867 T V.67 T Uha8
BL+Dict u2E uho0s 0128 94,70 TISG  DAgE 1{:451 O7.67 LIRS 900 07.00 AN 00.6T D867 S T e L L T4 OB.GT S DE.GT

Embeddings obtained from LaBSE performing best then XLM-R and LASER2
Here the Dictionary improvement was less significant with LaBSE.




RO2 : Experiments & Results : NMT Experiments

r B 1 F B I F B 1
PMLM Exp.

Si—En Ta—En Si—Ta
ST FL ST FL ST FL ST FL ST FL ST FL ST ST ST
LASER BL 9.7 3.9 11.6 5.6 12.0 6.3 3.8 2.1 6.4 4.1 6.6 4.8 3.5 4.4 4.5
BL+Dict 9.9 4.4 122 6.6 124 6.4 5.5 4.3 TT h.bh T3 5.1 3.8 4.9 4.6
XLM-R BL 8.8 4.0 11.4 5.6 11.9 6.5 4.0 4.1 6.1 5.1 7.7 5.9 3.7 4.1 4.7
BL+Dict 9.0 3.6 11.8 6.0 12.1 6.4 46 b.5 7.0 54 77 5.8 3.9 4.7 4.6
LaBSE BL 9.5 4.3 11.9 6.3 11.9 6.6 3.8 4.4 8.1 .8 8.2 62 4.0 4.7 4.7
BL+Dict 9.3 4.1 12.4 6.5 12.1 6.6 3.9 h4 8.2 6.3 84 6.5 40 5.2 4.9

En—Si En—Ta Ta—Si
LASER BL 83 1.8 6.5 0.6 8.5 1.4 4.5 1.3 3.8 0.5 44 0.7 4.8 3.1 6.4
BL+Dict 8.3 1.6 6.9 0.5 8.6 1.5 45 1.5 4.1 0.7 4.4 1.1 6.6 3.3 6.5
XLM-R BL 8.0 1.7 7.0 0.6 7.9 1.7 4.6 1.3 4.2 0.9 44 1.4 h6 4.6 6.1
BL+Dict 81 1.8 79 0.8 8.3 1.8 4.7 1.4 4.1 0.9 4.5 1.3 5.9 4.3 5.7
LaBSE BL 8.2 1.7 74 0.8 8.2 2.0 4.7 1.1 4.3 0.8 4.6 1.2 6.9 44 6.1

BL+Dict 82 1.7 7.2 0.8 87 19 45 14 42 1.0 5.0 1.4 59 43 64

NMT scores are low due to the lack of training dataset size. le. EnSi, 25k~17k, EnTa 17k~13k and

SiTa 21k~13k _ _ N _ _ _
Improving distant scoring function (bilingual lexicons) has an impact to improve NMT results.

LASER2 and LaBSE performed well in NMT compared to XLM-R.

Using parallel data in pre-trainingor in fine-tuning stages in the multiPLM is favourable to produce
quality parallelsentences,compared to multiPLM undergoing purely monolingual data.



RO2: Limitations & Future Work

Limitations Future Work

We consider only encoder-based multiPLMs Extend this study using encoder-decoder based
sequence-to-sequence models (Ni et al., 2022)

and decoder-based generative LLMs (Sun et al.,
2025) used for cross-lingual sentence retrieval

tasks.

Ni, J., Abrego, G. H., Constant, N., Ma, J., Hall, K., Cer, D., and Yang, Y . (2022). Sentence-t5: Scalable sentence encoders from pre-trained text-to-text models. In Findings of the Association for Computational Linguistics: ACL 2022, pages 1864—1874.
Sun, S., Zhuang, S., Wang, S., and Zuccon, G. (2025). An investigation of prompt variations for zero-shot lIm-based rankers. In European Conference on Information Retrieval , pages 185-201. Springer.
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RO2: Contributions & Publication

From empirical study, identifying that pre-trained models which had undergone continual
pre-training with parallel data perform well for document alignment and sentence

alignment tasks.

Release the extended document alignment and sentence alignment evaluation set, which
was initially done by Rajitha et al., (2020)

Publication

Fernando, A., Ranathunga, S., Sachintha, D., Piyarathna, L., Rajitha, C. (2023). Exploiting bilingual
lexicons to improve multilingual embedding-based document and sentence alignment for low-
resource languages. Knowledge and Information Systems, 65(2), 571-612. (Know. And Info.

Systems, 2024) Qartile: Q2; h-Index: 100
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RO3:
Improve the cross-lingual representations of existing multiPLMs to obtain High-Quality
parallel sentences from the parallel sentence alignment task.

J

Improving Representations in multiPLMs
with Linguistic Entity Masking (LEM)

Data Augmentation

! ! !




RO3 : Motivation

A
3@%3:1@:& £58 e ofsiw et o
O mOm 6L e Under-representation of monolingual
» . . .
;“f An inquiry was established to investigate. training data durmg the pre-training
_L ,,,,, _-® stage. (Feng et al., 2022)
“r. : _ _
?ﬁgﬁﬁ” Qjmﬁfgﬁl;l_@_ e Lack of explicit training objective to
» improve cross-lingual embedding. (Hu et
al., 2020)




RO3 : Literature Review

Encoder-based multiPLM models such as mBERT (Devlin et al., 2019), XLM-R (Conneu et al., 2020) are trained using Masked
Language Modelling (MLM) objective to learn multilingual embeddings.

Masking Strategies Monolingual/ Sentence-retrieval Languages
Parallel Task Evaluation

Sub-word masking (Devlin et al., 2019) Mono 15 Languages
whole-word masking (Devlin et al., Mono x English

2019)

Entity/Phrase masking (Sun et al., 2019) Mono x English/Chinese
span-masking (Joshi et al., 2020) Mono x English
Point-wise Mutual Information-masking Mono x English

(PMI) (Levine et al., 2020)

Translation Language Modelling (TLM) Mono + Para V 15 Languages

(Lample and Connaue, 2020)

Hypothesis : The cross-lingual alignment in existing multiPLMs can be improved with parallel data in a

37
continual pre-training step



RO3: Assumptions / Methodology Decisions

1. What are Linguistic Entities ?
o Named Entities, Nouns and Verbs
2. Why masking Linguistic Entities?

o Named Entities, Nouns and Verbs contribute to defining the syntactic and
semantic structure of a sentence (Tenny et al., 2019)

I I I | I
_Jack  _walk s _towards _the _road |_f:5235; &6 _ecss O _GJ@QSF _WDCHEH

Attention Weights (Layer 0, Head 0)

Ik _jack
e ]
= [
w (=]
|
s e © o @
[= B T o
o o 9N s O

DWEDD) _wds] O 8% o6 _o&)
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RO3: Assumptions / Methodology Decisions

3. Why in a continual pre-training step?

st Continual
Pretraining Pretraining
ith monalingual data With parallel data

with
muitpLy | E— | myigpLy, | S P, XLM-Riem

S S Sy

ErC &rC

St

Stacked
monolingual
sentences

LEMmono LEMpara



RO3 : Methodology

are Ministry Programme s are Ministry of Finance
Sub T 1 1 1 T 1 7 1
word span
Masking 1 1 1 1 R 1 1 1 Masking 1 1 1 ) Tt 1 1 1
Programme s [Mask] organiz ed by the [Mask] of Finance [Mask]  [Mask] [Mask] organiz ed by the [Mask] [Mask] [Mask]
Programme s Ministry Programme organiz Ministry
Whole 1 1 1 1 t 1
Word LEMmane
Masking 1 1 1 tr 11 1 1 1 ! ! ! D e i . — LI
[Mask] [Mask] are organiz ed by the [Mask] of Finance [Mask] s are [Mask] ed by the [Mask] of Finance
N A" NE
are Ministry Qe DIALRIHT]
1 1 1 1
i
1 1 1 T T 1 1 1 1 T 1 T 1 T 1 T 1 Tt 1
Programme s  [Mask] organiz ed by the [Mask] of Finance </s> [Mask] &®523 3r0cs D33 [Mask] BodMBB 6% @ D B
Programme organiz Finance @ D1 DesD e} 2)6%)
1 T 1 1 1 1
LEMpa
1 1 1 T T 1 1 1 1 t 1 T 1 T 1 t 1 Tt 1
[Mask] s are [Mask] ed by the Ministry of [Mask] </s> [Mask] &®35) 3rocs D33 [Mask] 2303903 [Mask] @ & &
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RO3: Methodology

Linguistic Entity Masking (LEM,,,,)

X =x 225 ..7:..2,  Wherex isaword and n is the number of words in the sequence.
After tokenization: X =Ty Ty Ty Taeeeo. Tjooo. Ty

Identify Linguistic Entities: X = {{#1 T2}, ... {Z4Zs5T6)s .. {Tm}}

15% of tokens are masked from the sequence.

N
Continual pre-training objective: LLEMyons =~ z y; log(P(x;))
N
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RO3: Methodology

Linguistic Entity Masking (LEM, )

Concatenated parallel sentence pair : Z =Ty T2 Tg....... T Y1 Y2 Y3

15% of tokens are masked from the concatenated parallel sentence.

S
: .. .. 1
Continual pre-training objective : LLEMy. =~ O 25 10g(P(xs) — n

ooooooo
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RO3: Experiments

* Language pairs- En-Si, En-Ta and Si-Ta
e Qur initial multiPLM is the XLM-R! base model.

e Evaluation
* Intrinsic Evaluation — Primary Task is sentence alignment. We use Gold standard

sentence alighment dataset 3

1 https://huggingface.co/FacebookAl/xIm-roberta-base

2https://github.com/UKPLab/sentence-transformers
3https://huggingface.co/datasets/NLPC-UOM/sentence _alignment dataset-Sinhala-Tamil-English

4https://huggingface.co/datasets/allenai/nllb

Udawatta, P., Udayangana, |., Gamage, C., Shekhar, R., and Ranathunga, S. (2024). Use of prompt-based learning for code-mixed and code-switched text classification. World Wide Web , 27(5):63.
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RO3: Experiments & Results

1. Empirical study of different masking strategies on the sentence alignment
task.

Table 4 Bitext mining Recall scores for the different masking strategies

Experiment Army Hiru ITN Newsfirst Averages
F B I F B I F B 1 F B I F B 1
Sinhala - English
XLM-R 92.33 9333 89.67 96.35 96.68 95.68 94.00 9600 9233 96.67 95.33 94.33 94.84 95.34 93.00
Sub-word Masking 88.33  93.67 5533 92.03 93.36 50,70 91.67  96.67 93.67 91.67 95.33 40,00 .92 9476 890.68
Whaole-word Masking 7.3 092.67 8533 95.02 094.01 94.02 03.00 O1.67 90.33 93.67 93.67 D1.67 02.25 9300 90.34

Span Masking BO.6T 85.00  95.02 94.02 92.03 90.35  91.67  B5.6T  93.67 92.67 00,33 Q200 9201 £8.26
Tamil - English

XLM-R 86.67 88.33 82.00 B83.00 78.33 72.67 8322 B83.56 T8.86 92.33 91.33 8933 86.31 85.39 80.71

Sub-word Masking 84.00 8600 TT6T 8033 ThO0 6233 B83.56 8221 7852 9067 9100 89.67 864 8355 T8.A55
Whole-word Masking 83.33 87.33 TT.6T TE.GT 73.33 64.33 80.20 8087 TH.84 BH.6T 91.00 H3.67 81.97 8313 TH.38
Span Masking RB2.67 83.00 Th.a3d TEGT TH.6T 659,33 33.22 82.22 T6.85 8067 G000 R5.67 B350 8297 T6.79
Sinhala-Tamil
XLM-R 344 8146 7815 90.67 9100 A87.33 91.33 00,00  AT.00 93.67 95.33 92.33 BO.TR 8045  86.20
Sub-word Masking 56.75 .02 851.96 H&.00 ®0.33 24.00 03.33 92.67 89.33 90.33 9400 2900 20.G0 91.02 B6.07
Whole-word Masking 85.76  89.73 81.46 B33 91.33 2467 00.33 00.33 BG.6GT 90.00 91.67 AT.67 RE.G1 077 #5.11
spanhlasking 85.7T8 2510 H51.79 HE.OT 91.00 ®7.00 91.00 0100 H7.33 H9.00 90.67 24.33 2861 8044 #5.11

Existing masking strategies shows reduced results compared to XLM-R baseline. Hence not favourable
for improving cross-lingual representations.
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1st Continual 2nd Continual
Pretraining Pretraining
with monalingual data With parallel data

RO3: Experiments & Results

Stacked
monolingual
sentences

2. Effectiveness of monolingual sides from the parallel data during the

LEM,. ., step.
Dataset Dataset Size Army Hiru ITN MNewsfirst Averages
F B I F B I F B I F B I F B I
Sinhala - English
S5iTa 29333 8833 9100 8533 9203 9336 8970 9167 9267 BR.GT 9167 95533 90.00  90.92  93.09 B8E.42
MADLADA4OO GOO00 2267 8833 TR.00 8505 9136 8200 8533 86.00  TO6ET 9167 09267  8T.67 0 8618 8959 51.83
MADLADA4OD 100000 =667 9167 #3330 9169 D601 9103 ss00 9033 8300 9133 9500 8900 0 8042 9325 8658
Tamil - English
SiTa S S400 =600 TT.AT O 8083 7o 6883 #1060 8221 TH.L2 0 9067 9100 5700 84.14  B3.55 TT.88
MADLADAOD GODO0 - 8167 TR.GY 6933 Tha33  GY.6T 6067 8118 7715 6977 9000 BGGT 0 8167 8205 TR04 0 TO.36
MADLAD400 oooo 8133 7967 TL6T  TT.6T  TLA3 6267 TEEBG O TGV GR.TO BR.GT 8200 8200 8163 TETO V1.28
Sinhala - Tamil
sila 2G5 86.Th S8.085  BL46 3500 8933 8400 9333 26T 8033 9053 900 2000 89.60 91.02  85.95
MADLAD400 GOO0O0 8477 =973 8046 86,00 S9.00 0 5300 DLGT 0 D200 sDOh 8900 9267 ®5.67 0 8511 90,85  54.53
MADLADAOD 100000 84.11 8808 7881 8600 8933 5133 9067 9367  BT.33 88307 9233 8500 BV.A60 9085 8312
MADLAD400 00000 82,12 8311 7507 BRGY  BR.33 TO.6T  BT.ET  91.00  BAEGT 0 8V.6T 9067 8233 BAR.TR BR2ZR B(0.21

Selecting monolingual sides from a parallel dataset improves performance in LEMmono Step.
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RO3: Experiments & Results

3.

LEM Ablation experiments to identify the impactful linguistic entity for LEM

Experiment

Army Hirn ITH Mewsfirst

¥ B 1 F B 1 F B 1 F B
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100 NE 4
LM an [ HHIENEA4 HHIS VB4
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530
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E
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wEEE a5.m
GEO0 AN
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mono

and LEM

para

- En-Si
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RO3: Experiments & Results

3. LEM Ablation experiments to identify the impactful linguistic entity for LEM,,,and LEM : En-Ta

para

Experimant Army Hirn TR Mewnfirst Average
; BwW ™ Fw BW m Fw BW Fw BW m BW ™
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RO3: Experiments & Results

3.

LEM Ablation experiments to identify the impactful linguistic entity for LEM

Experir Army Hira ITN Mewsfirst Average
BW 1 Fw BW 1 FWw BW FW BW L) FW BW 1~
Basclines
XLM-R Sl Atk
a3 Lo
BILAL f30n "

MLM
MLM

MLM
RSN N 4 155 ML
NE4 LN VE 4100 N

LM
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on 1

BILAL
TLM an 155MLM

1NN

TLM am | SRMLM)

HT.0l
K719
ET.10

mono

and LEM

para

: SiTa
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RO3: Experiments & Results

3. LEM Ablation experiments during LEM,,,,,and LEM ., : Summary

Average Gains Overall Average

FW BW IN Gain
Sinhala-Tamil
LEMmono + LEMpara vs XLM-R +2.36 +4.14 +2.90 +3.1
LEMmono + LEMpara vs MLM+TLM  +1.95 +0.48 +1.83 +1.4
English-Tamil
LEMpmono + LEMpara vs XLM-R +0.75  +1.59 +1.17 +1.2
LE‘&{TTIO'HO + LElr'lea?’a Vs I\ILI\I+rl1LI\1'I +2‘3'-l +1.84 +2.92 +2.—]:
English-Sinhala
L‘Eﬂ»’{n] ono + L‘Eﬂf’fpﬂ_f'a AU XLI\:’I—R +025 +050 +012 +01
L‘Ei“l’{?rbu"f&o + LEi'lfp(Lf(L Ve I\ILI\I—}_TLR’I +150 +J.50 +208 +J.T

e Compared to random token masking (Conneau and Lample, 2019) and LEM strategy is
effective for cross-lingual representation improvement — across language-pairs.
* Verbs and Named Entities masked contributed to produce best gains.

Conneau, A. and Lample, G. (2019). Cross-lingual language model pretraining. Advances in neural information processing systems , 32.



RO3: Experiments & Results

4. Secondary Sentence Retrieval Task - Parallel data Filtration : ChrF++ scores for NMT

ChfF++ Scores
Sinhala - Tamil English - Tamil English - Sinhala

XLM-R 33.58 38.28 30.37
MLM+TLM 35.98 45.35 39.78
LEMmonoLE Mpara 36.68 45.86 40.31

5. Fine-tuning Task -Sentiment Classification for Code-mixed En-Si Dataset

En-Si Experiment Precision Recall F1

XLM-R Ft Model 70.24% 74.28% 71.92%
XLM-R improved with TLM + MLM Ft Model 75.35% 69.24% 71.49%
XLM-R improved with LEMpara + LEMmono Ft

Model 71.55% 72.72% 72.11%

e Results consistently show that LEM improved encoder is effective.



RO3: Limitations & Future Work

Limitations

Future Work

Performance of linguistic tools/models to
identify NEs, Nouns and Verbs can limit the
improvement. (False Positives/False Negative
Examples)

Extend this study unified to train a single
improved encoder catering several language-
pairs.

Produce and
improved multiPLM for eachlanguage-pair.

Upon releasing improved NEs and POS
Taggersfor Sinhala/Tamil we will re-evaluate the
workfor improvement.
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RO3: Contributions & Publication

* Introduce an objective masking strategy termed Linguistic Entity Masking (LEM), to
improve the cross-lingual representations of existing multiPLMs.

* This has been done using sentences from a parallel corpus with 56K only.
Hence favourable for LRLs

e Publicly release the improved encoders for En-Si, En-Ta and Si-Ta language-pairs.

Publication

Fernando, A., Ranathunga, S. Linguistic entity masking to improve cross-lingual representation of
multilingual language models for low-resource languages. Knowl Inf Syst (2025).
https://doi.org/10.1007/s10115-025-02520-4 (Know. And Info. Systems, 2024) Qartile: Q2; h-
Index: 100
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Exploring Parallel Data Curation (PDC) techniques to extract high-quality parallel
sentences from web-mined parallel corpora
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J

Debiasing the Disparity in NMT systems
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Parallel Data
Curation




RO4: Motivation

 Web mined corpora is available for LRLs eg: CCAligned (El-Kishky et al., 2020), CCMatrix (Schwenk et al., 2021)
and ParaCrawl (Baidn et al., 2020)

e Confirmed by Quality audits (Ranathunga et al., 2024;Kreutzer et al., 2022, Bane et al.,2022)

* NMT Models are sensitive to noise (Khayrallah and Koehn, 2018)

PDC for LRLs has been emphasized with the introduction of WMT shared tasks (Sloto et al., 2023; Koehn et
al., 2020, 2019)

El-Kishky, A. and Guzman, F. (2020). Massively multilingual document alignment with cross-lingual sentence-mover’s distance. In Proceedings of the 1st Conference of the Asia-Pacific Chapter of the Association for Computational Linguistics and the 10th International Joint Conference on Natural
Language Processing , pages 616—625, Suzhou, China. Association for Computational Linguistics.

Schwenk, H., Chaudhary, V ., Sun, S., Gong, H., and Guzman, F. (2021a). Wikimatrix: Mining 135m parallel sentences in 1620 language pairs from wikipedia. In Proceedings of the 16th Conference of the European Chapter of the Association for Computational Linguistics: Main Volume , pages 1351—
1361.

Bafidn, M., Chen, P., Haddow, B., Heafield, K., Hoang, H., Espla-Gomis, M., Forcada, M. L., Kamran, A., Kirefu, F., Koehn, P., et al. (2020). Paracrawl: Web-scale acquisition of parallel corpora. In Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics , pages 4555—
4567.

Sloto, S., Thompson, B., Khayrallah, H., Domhan, T., Gowda, T., and Koehn, P. (2023). Findings of the wmt 2023 shared task on parallel data curation. In Proceedings of the Eighth Conference on Machine Translation , pages 95-102.

Koehn, P., Chaudhary, V ., El-Kishky, A., Goyal, N., Chen, P.-J., and Guzman, F. (2020). Findings of the wmt 2020 shared task on parallel corpus filtering and alignment. In Proceedings of the Fifth Conference on Machine

Translation , pages 726-742.

Koehn, P., Guzman, F., Chaudhary, V ., and Pino, J. (2019). Findings of the wmt 2019 shared task on parallel corpus filtering for low-resource conditions. In Proceedings of the Fourth Conference on Machine Translation (Volume 3: Shared Task Papers, Day 2), pages 54—72.

Ranathunga, S., De Silva, N., Menan, V ., Fernando, A., and Rathnayake, C. (2024a). Quality does matter: A detailed look at the quality and utility of web-mined parallel corpora. In Proceedings of the 18th Conference of the European Chapter of the Association for Computational Linguistics (Volume 1:
Long Papers) , pages 860—880. 54
Khayrallah, H., & Koehn, P. (2018, July). On the Impact of Various Types of Noise on Neural Machine Translation. In Proceedings of the 2nd Workshop on Neural Machine Translation and Generation (pp. 74-83).



RO4: What is Parallel Data Curation (PDC)?

Common approach for PDC : rank sentences according to the semantic similarity (cosine similarity) between
sentence embeddings obtained for the source and target sentence pair.

The sentence representations (sentence embeddings) are obtained from a multiPLM

Select top N sentence-pairs and train a NMT system (Koehn et al., 2019; Koehn et al., 2020; Sloto et al., 2023)

Before Filtration After Filtration
Rank in descending order of cosine similarity

src sents tgt sents Cosine Sim
[s4 | T4 |
[s1 | [T1 |Cos_sim (Es1, En) |
: st | LE! | Top N
[s2 | [T2 |Cos_sim (Es2 , Ex) g T Sentence-pairs
i [s2 | T2 |
si | [ni | cos_sim (Esi, E9)
sn | [Tn |Cos_sim (Esn , Ew) sj | [Tj

Koehn, P., Guzman, F., Chaudhary, V ., and Pino, J. (2019). Findings of the wmt 2019 shared task on parallel corpus filtering for low-resource conditions. In Proceedings of the Fourth Conference on Machine Translation (Volume 3: Shared Task Papers, Day 2) , pages 54-72.
Koehn, P., Chaudhary, V ., El-Kishky, A., Goyal, N., Chen, P.-J., and Guzmdn, F. (2020). Findings of the wmt 2020 shared task on parallel corpus filtering and alignment. In Proceedings of the Fifth Conference on Machine Translation , pages 726-742. 55
Sloto, S., Thompson, B., Khayrallah, H., Domhan, T., Gowda, T., and Koehn, P. (2023). Findings of the wmt 2023 shared task on parallel data curation. In Proceedings of the Eighth Conference on Machine Translation , pages 95-102.



RO4: Motivation

Existing work has reported using different multiPLMs for ranking result in a disparity
among the NMT scores. (Ranathunga et al., 2024, Moon el al., 2023)

Three language-pairs
En—Si, En-Ta and Si-Ta W LASER3 W XLM-R W LaBSE

4013
40

corpus 3 30.76 x 5?
CCMatrix , CCAligned .08 . | e
NMT models trained with top 100K ranked with |, N B

LASER3 (Heffernan et al., 2022)

XLM-R (Conneau et al., 2020) and st ge o em st ee o e
LaBSE (Feng et al., 2022)

Conducted human evaluation to analyse what type of sentences ranked by each multiPLM as high

Heffernan, K., Celebi, O., and Schwenk, H. (2022). Bitext mining using distilled sentence representations for low-resource languages. In Findings of the Association for Computational Linguistics: EMNLP 2022 , pages 2101-2112.

Conneau, A. and Lample, G. (2019). Cross-lingual language model pretraining. Advances in neural information processing systems , 32.

Feng, F., Yang, Y ., Cer, D., Arivazhagan, N., and Wang, W. (2022). Language-agnostic bert sentence embedding. In Proceedings of the 60th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers) , pages 878-891. 56

Moon, H., Park, C., Koo, S., Lee, J., Lee, S., Seo, J., Eo, S., Jang, Y ., Kim, H., Lee, H.-g., et al. (2023). Doubts on the reliability of parallel corpus filtering. Expert Systems with Applications , 233:120962.

Ranathunga, S., De Silva, N., Menan, V ., Fernando, A., and Rathnayake, C. (2024a). Quality does matter: A detailed look at the quality and utility of web-mined parallel corpora. In Proceedings of the 18th Conference of the European Chapter of the Association for Computational Linguistics (Volume

1: Long Papers) , pages 860-880.

=

=

ChiF++
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RO4: Motivation — Human Evaluation

Sinhala - Tamil English - Sinhala
CCMatrix CCMatrix
LASER3-Before 8% | 27% 2% | 37%| 14%| 14%| 34% 1% 0% 0%| 63w |LASER3-Before 17% 7% 4% | 28% T%| 10%| 55% 0% 0% 0%| 72%
XLM-R-Befare 1% | 10% 0% (| 11%( 40%| 19%| 29% 0% 1% 0%| 80% XLM-R-Before 1% 0% 0% 1% 13% 4% B80% 2% 0% 0% 99%
LaBSE - Befare 4% 6% 0% | 10%| 74% 7% 9% 0% 0% 0% 90% LaBSE - Before 13% 2% o)  15% 63%| 14% 8% 0% 0% 0%| 85%
CCAligned CCAligned
LASER3-Before 3% 24% 3%( 30%( 34% | 19%| 1/% 0% 0% 0% 70% LASER3-Before 2% 22% aup| 32% 13%| 30%| 23% 2% 0% 0% 68%
XLM-R-Before 0% 0% 2% 2% (| 48%| 49% 0% 0% 0% 1% 98% XLM-R-Befare 2%% 0% 0% 2% 72%| 20% 6% 0% 0% 0% 98%
LaBSE - Before 0% 1% 0% 1%| 69%| 26% 3% 0% 0% 1% 99% LaBSE - Before 0% 1% 0% 1% 97% 2% 0% 0% 0% 0% 9999

English - Tamil

CCMatrix

LASER3-Before 0% 3% 2% 2% 0% 0% 95% 0% 0% 0% 95%

XLM-R-Befare 0% 0% 20 2% 3% 5% 90% 0% 0% 0% 98%

LaBSE - Before 0% 9% 295 11%| 34% 7%| 48% 0% 0% 0%| 89%

CCAligned

LASER3-Before 2% 23% 18%| 43% 13% 27% 17% 0% 0% 0% 57%

XLM-R-Before 0% 8% 4% 12% 42% 16% 15% 8% 0% 7% 88%

LaBSE - Befare 0% 1% 0% 1% 7% 0% 0% 0% 0% 200 99%
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RO4: Motivation — Human Evaluation

Sinhala - Tamil English - Sinhala English - Tamil

CCMatrix CCMatrix CCMatrix

LASER3-Before B%| 27% 2% 379%| 14%| 149%)| 34% 1% 0% 0% 63% LASER3-Before 17% 7% 4% 28% T% 10% 55% 0% 0% 0% 72% LASER3-Before 0% 3% 2% 5% 0% 0% 95%% 0% 0% 0% 95%
XLM-R-Before 1%| 10% 0%|( 119%( 40%| 19%| 29% 0% 1% 0%| 89% XLM-R-Before 1% 0% 0% 1%| 13% 4%| 80% 2% 0% 0%| 99% XLM-R-Before 0% 0% 2% 2% 3% 5% | 90% 0% 0% 0%| 98%
LaBSE - Before A% 6% 0%| 10%| T74% T% 9% 0% 0% 0%| o90% LaBSE - Before 13% 2% 0% 15%| 63%| 14% 8% 0% 0% 0%| 85% LaBSE - Before 0% 9% 206| 11%| 34% 7%| 48% 0% 0% 0%| 89%
CCAligned CcCAligned CcAligned

LASER3-Before 3%| 24% 3%| 30%| 34%| 19%| 17% 0% 0% 0%| 70% LASER3-Before 20| 22% a%| 32%| 13%| 30%| 23% 2% 0% 0%| 68% LASER3-Before 206 23%| 18%| 43%| 13w 27%| 17% 0% 0% 0%| 57%
XLM-R-Before 0%| 0% 2% 2%| 48%| 49%| 0% 0%| 0% 1%| 98% XLM-R-Before 2% 0% 0%| 2% 720 20% 6% 0% 0% 0%| 98% XLM-R-Before 0% 8% 4%| 12%| 4206 16%| 15% 8% 0% 7%| 88%
LaBSE - Before 0% 1% 0% 1%| 69%| 26% 3% 0% 0% 1% 00% LaBSE - Before 0% 1% 0% 194 97% 204 0% 0% 0% 0% 00% LaBSE - Before 0% 1% 0% 1% 97% 0% 0% 0% 0% 2% 99%

MultiPLM —bias

Short Sentence (CS): Correct Translation, but the number of tokens on the Source or Target side is less

En - Si LaBSE Account Number Beaa® g-mw
En - S1 LaBSE 11 July 2015. 11 #& 2015.
En-Ta XLM-R July 21: goSemen 21:
Si-Ta XLM-R oeama: 40 /2, 40/ 3, 30 8. ereuor: 40 [ 2, 40, 3, 30 (p&edlwiest Overlapping Untranslatable Content (CCN)
Untranslated Text (UN): either in source or target side just copied from the translation counterpart En 2 September 1948 — 8 July 1994
En-S1 XLM-R  What do youmean when yousay “Yourcom- e@eni 5210 2@ 26ed =60 #m _SI 2=@m@35 1948 -8 4G 1994
ment is awaitine moderation?” o - - : En  V2.77: French Translation, finally! [August 22,
S =2" Your comment 1s awaiting moderation 2009]
En-Ta XLM-R Effective Pixels: 16.0 million (Image pro-  Llig&6v blgsoteny blyblemsuragsst Ta V277 yEpe  QmAeuwigiiy,
cessing may reduce the number of effective 5 1 ettion i - reduce @mHwurs! [gussul 22, 2009]
pixels.) ' = SI =®asioon oo eiobaest 076-826 89 14,
the number of effective pixels) infola'sandnasbadenscamping.se

Ta GlgmLiLy: Lwmenr ayewrLjervser 076-826
89 14, infola'sandnasbadenscamping.se

Hypothesis : Rule-based heuristics can be used to remove some of these noisy sentences. 58



RO4: Related Work — using multiPLMs in PDC

« WMT2023 Shared Task uses LASER2 for ranking sentence-pairs (Sloto et al., 2023)
e Gala et al. (2023) uses LaBSE during filtration of noise to train the NMT models

e Studies by Ranathunga et al. (2024) and Moon et al (2023) report disparity among
different NMT models trained using ranked parallel corpors using multiPLMs.

No systematic study to identify the biases with respective to the multiPLMs in the
top ranked parallel corpora.

Sloto, S., Thompson, B., Khayrallah, H., Domhan, T., Gowda, T., and Koehn, P. (2023). Findings of the wmt 2023 shared task on parallel data curation. In Proceedings of the Eighth Conference on Machine Translation , pages 95-102.

Steingrimsson, S. (2023). A sentence alignment approach to document alignment and multi-faceted filtering for curating parallel sentence pairs from web-crawled data. In Proceedings of the Eighth Conference on Machine Translation , pages 366—-374.

Gala, J., Chitale, P. A, AK, R., Gumma, V ., Doddapaneni, S., Kumar, A., Nawale, J., Sujatha, A., Puduppully, R., Raghavan, V ., et al. (2023). Indictrans2: Towards high-quality and accessible machine translation models for all 22 scheduled indian languages. arXiv preprint

arXiv:2305.16307 .

Moon, H., Park, C., Koo, S., Lee, J., Lee, S., Seo, J., Eo, S., Jang, Y ., Kim, H., Lee, H.-g., et al. (2023). Doubts on the reliability of parallel corpus filtering. Expert Systems with Applications , 233:120962.

Ranathunga, S., De Silva, N., Menan, V ., Fernando, A., and Rathnayake, C. (2024a). Quality does matter: A detailed look at the quality and utility of web-mined parallel corpora. In Proceedings of the 18th Conference of the European Chapter of theAssociation for Computational 59
Linguistics (Volume 1: Long Papers), pages 860-880.



RO4: Related Work on Heuristics used in PDC

* Deduplication
o Remove identical duplicates (Costa-jussa et al., 2022)
o Deduplicate after removing non-alpha characters and punctuations (Bala Das et al., 2023)
* Length-based
o Removing short sentences (Gala et al., 2023; Aulamo et al., 2023)
o Short sentences hinder NMT in two ways firstly, they have insufficient syntactic and semantic
information secondly or can lead to overfitting (Koehn and Knowles, 2017)
e LID- based
o Sentences with partial/full translations is a hindrance for learning seq-to-seq mappings
* Ratio-based

o Can remove sentence-pairs with structural imbalances. Eg: source-to-target length ratio (Rossenbach et
al., 2018; Gale and Church, 1993), alpha words-to-sentence length Ratio (Aulamo et al., 2020), alpha
characters-to-sentence character ratio (Hangya and Fraser, 2018)

Costa-jussa, M. R., Cross, J., Celebi, O., Elbayad, M., Heafield, K., Heffernan, K., Kalbassi, E., Lam, J., Licht, D., Maillard, J., et al. (2022). No language left behind: Scaling human-centered machine translation. arXiv preprint arXiv:2207.04672 .

Bala Das, S., Biradar, A., Kumar Mishra, T., and Kr. Patra, B. (2023). Improving multilingual neural machine translation system for indic languages. ACM Transactions on Asian and Low-Resource Language Information Processing , 22(6):1-24.

Gala, J., Chitale, P. A., AK, R., Gumma, V ., Doddapaneni, S., Kumar, A., Nawale, J., Sujatha, A., Puduppully, R., Raghavan, V ., et al. (2023). Indictrans2: Towards high-quality and accessible machinetranslation models for all 22 scheduled indian languages. arXiv preprint arXiv:2305.16307 .
Aulamo, M., De Gibert, O., Virpioja, S., and Tiedemann, J. (2023). Unsupervised feature selection for effective parallel corpus filtering. In Proceedings of the 24th Annual Conference of the European Association for Machine Translation , pages 31-38.

Aulamo, M., Virpioja, S., and Tiedemann, J. (2020). Opusfilter: A configurable parallel corpus filtering toolbox. In Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics: System Demonstrations , pages 150-156.

Koehn, P. and Knowles, R. (2017). Six challenges for neural machine translation. In Proceedings of the First Workshop on Neural Machine Translation , pages 28-39.

Rossenbach, N., Rosendahl, J., Kim, Y ., Graga, M., Gokrani, A., and Ney, H. (2018). The rwth aachen university filtering system for the wmt 2018 parallel corpus filtering task. In Proceedings of the Third Conference on Machine Translation: Shared Task Papers , pages 946-954.

Gale, W. A. and Church, K. (1993). A program for aligning sentences in bilingual corpora. Computational Linguistics , 19(1):75-102. 60
Hangya, V . and Fraser, A. (2018). An unsupervised system for parallel corpus filtering. In Proceedings of the Third Conference on Machine Translation: Shared Task Papers, pages 882-887.



RO4: Methodology — Parallel Sentences
Categorization Taxonomy

Improvements to the existing parallel Sentences Categorization Taxonomy (Ranathunga et al., 2024)

Final Taxonomy

| Description

| Revision

| Ranathunga et al., 2024

Quality Classes

CC Perfect Translation pair Same
CN Near Perfect Translation Pair Same
CB Weak Translation pair We included over/under translations on the source or target to be included into the same category
Noisy Classes

The perfect or near perfect translaion pairs with more than 30% of the overlapping content is
CCN Number/acronym/URL/email overlaps numbers/acronymns/URLs/email addresses (which cannot be translated/ transliterated) New
CS Short Sentences (Max 3 words) Less than 5 words on either side Modified
UN Untranslated/Copied Text from source/target | Specifically define untranslated text as content which could have been translated/transliterated. Modified
X Mis-aligned sentence pair Same
WL Wrong Language (source/target) To distinguish between UN defined an acceptable threshold as 30% for source/target Modified
NL Non-Linguistic (source/target) Same

Examples for CCN

Ranathunga, S., De Silva, N., Menan, V ., Fernando, A., and Rathnayake, C. (2024a). Quality does matter: A detailed look at the quality and utility of web-mined parallel corpora. In Proceedings of the 18th Conference of the European Chapter of the Associati

for Computational Linguistics (Volume 1: Long Papers), pages 860-880.

En 2 September 1948 — § July 1994

Si 2 e @2l 1948 — 8 & 1994

En  V2.77: French Translation, finally! [August 22.
2009]

Ta V27T NyEps  ClomleluwifiLy,
@miHwns! [ el 22, 2009]

Si SE2mam: Ral eadam 076-826 89 14,
info/@sandnasbadenscamping.se

Ta Q&TLIY: LWmedr 24600TLoro6sr 076-826

80 14, info(@sandnasbadenscamping.se
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RO4: Methodology — Heuristic Selection

Mapping between the Noise category and the Heuristic Classes

Short Label Noise Category Heuristic Class

NL Non-Linguistic LID, sentWRatio/sentCRatio

WL Wrong Language LID

UN Untranslated LID

CS Short Sentences sLength

CCN Number/acronym/URL/email overlaps LID, sentWRatio/sentCRatio

X Wrong Translations **STRatio (with length difference)
CB Weak Translations - Over/Under Translations STRatio




RO4: Experiments

* Conduct the study across language pairs En-Si, En-Ta and Si-Ta

* Use two web-mined parallel corpora CCMatrix (Artetxe and Schwenk, 2019b) and CCAligned (EI-

Kishky et al., 2020)
 MultiPLMs — LASER3, XLM-R and LaBSE proven for cross-lingual tasks.

e Conduct Ablation studies Longuegepair  CCMatrix

* Find most impactful individual heuristic En-Si 6,270,801

CCAligned dev deviest

619,711 997 1.012

En-Ta 7,291,119 BR0.547 997 1.012
260,118 997 1.012

* Find optimal heuristic combination Si-Ta 215,966

 Evaluate the impact of the heuristic-based PDC on the disparity among NMT models

* Conduct Human evaluation to quantify the noise after heuristic based filtration

Artetxe, M. and Schwenk, H. (2019b). Massively multilingual sentence embeddings for zero-shot cross-lingual transfer and beyond. Transactions of the Association for Computational Linguistics , 7:597-610.

El-Kishky, A., Chaudhary, V ., Guzman, F., and Koehn, P. (2020). Ccaligned: A massive collection of cross-lingual web-document pairs. In Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing (EMNLP) , pages 5960-5969.

Imani, A., Lin, P., Kargaran, A. H., Severini, S., Sabet, M. J., Kassner, N., ... & Schiitze, H. (2023, July). Glot500: Scaling Multilingual Corpora and Language Models to 500 Languages. In Proceedings of the 61st Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers) (pp.

1082-1117).

Devlin, J., Chang, M.-W., Lee, K., and Toutanova, K. (2019a). Bert: Pre-training of deep bidirectional transformers for language understanding. In Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies,

Volume 1 (Long and Short Papers), pages 4171-4186.
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RO4 : Heuristic based PDC Experiments

Each heuristic applied to Source (S), Target (T) and both sides (ST)

* Deduplication — Different granularities of de-duplication
Identical de-duplication (dedup)
de-duplication by removing numbers (nums)
De-duplication by removing both numbers and punctuations (punctNums)
N-gram deduplication (ngrams) where n=4,5,6,7

* Length-based (sLength = 3,4,5)
e LID-based : LID and LID with Threshold 0.7

* Ratio-based : STRatio 0.79-1.39 (EnSi), 0.87-1.62 (EnTa) and 0.85-1.57 (SiTa) were selected as thresholds for
En-Si, En-Ta and Si-Ta respectively. sentWRatio and sentCRatio were taken as 0.6.

Finally, we train vanilla transformer-based NMT models with top 100k sentences from eachcorpus
(CCMatrix, CCAligned), each Language pair (EnSi, EnTa, SiTa). Report NMT score usingChrF++ (Popovi et al., 2017).
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RO4 : Experiments and Results.

| Simhala- Tamil English-Sinhala gl Tammil
Heurisgicis Side
| ©CMatrix CCAligned CCMatrix CCAligned
| LASER  XLM-R  LaBSE LASERS XLMR  LaBSE | LASER} XLM-R  LaBiSE LaBSE LASER} XIM-R  LaBiSE
Hanzhine 3108 Mmes  Jied 3538 3597 B 5.55 1449 0 013 1740 3600
) 5 15 T 3n.dil Jal 198 33 1468 T a5 1947 30
T e LTI PO T 3 1586 3596 (] bi1 7] 1758 a3 1w nm
ST 313 i 3138 ndl 08 332 1380 8K 1753 056 193 3001
Di>-dgram 5 037 Mas  MS3 3574 B M 850 1305 1950 3554 M6k 3049
T KT F ] Inns 1508 a4 1380 iss nn 983 N4 s
ST %6 MA3 oS0 3538 56 Ml 1517 mas 237 241
L Sgram 5 .90 3504 1581 1587 704 1351 iTie 2407
T 358 3n.n RLE 1) .23 1m 2 IS78 302
ST 3153 LEE A5 1884 1287 107 xnn bk
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RO4 : Experiments and Results.

1. De-duplication Ablation Experiments

o) De-duplicating both Source and Target (94%) out perform de-duplicating Either Source (89%) or Target (83%)
sides.

o Conducting dedup+ngram (n=4,5,6,7) produced best result compared to dedup. Mostly it was n=5,6. However n is
dependent on corpus characteristics.

o dedup+punctNums outperforms dedup+nums or dedup. (dedup+punctNums vs dedup+nums 78%
and dedup+punctNums vs dedup 67%)

2. sentLength
o SLength = 5 as optimal sentence for filtration
o) SentLength filtrering both Source and Target is effective 56% of the time.

3. LID-based Heuristics
o LID wih Threshold outperforms LID in 72% of the times. Therefore LID with Threshold recommended

4. Ratio-based Heuristics

o) Out of the three, (STRatio, sentWRatio and sentCRatio), sentWRatio performs best compared to its counterparts
in 67% of experiments
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RO4 : Experiments and Results - Summary

1. What is the best performing individual heuristic?

O

LIDThreshold 44%, de-dup experiments 33% and sLength 17%. Therefore the individual heuristic is dependent on
the corpus characteristics

2. Impact of the combined heuristics on the NMT results

O

Highest NMT scores observed for combination except with CCMatix-SiTa language pair. Filtration produced less
than 100k sentences.

dedup+punctNum+(n)gram+sLength+LIDThresh performed best while the ratio-based heuristic varied.

Exception CCAligned-SiTa performed best without LIDThresh. However results were compared to above
combination (lags by —0.19 ChrF++).

dedup+punctNum+(n)gram+sLength+LIDThresh+sentWRatio produced best gains in 80%
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RO4 : Experiments and Results - Summary

3. Impact of the heuristics on the disparitv

LASER3 vs XLM-R LASER3 vs LaBSE
(Cers) vt Baselin () (ChiEvs) wnt Baseline () . _
- CcMatrx LASER3 produce highest baseline NMT score.
Ba;eline 25.21 16.27
cetonen Lomgt s e e o0 i Baseline disparity (A) = baseline,,., - baseline y; ¢/ .ase
LID -based 18.76 25.59% 16.64 -2.27%
w o o o | o
Engish - Tamil Disparity (%) after each individual/combined heuristic
ty
Dispari 13.16 4.82
Reduction in disparity (dedup) 13.33 -1.29% -0.39 108.09%
Reduction in disparity (sLength) 13.12 0.30% -2.28 147.30%
LID 14.35 -9.04% 4.26 11.62% . . .
s s san o s Disparity Reduction (%) = A ,ceiine = Dheuristic
s ccAligned Abase“ne
I;B)ZZZI;Tiialion Best ljzj 62.06% Z;g 47.48%
Reduction in disparity (sLength) 5.33 58.81% 1.38 71.01% ° D|Spa nty among NMT scores |n XLM‘R'VS'LASER3 and
LID 2.76 T8.67% 2.85 40.13%
Ratobases 42 ser 290 N LaBSE-vs-LASER3 reduced drastically with combined
ST heuristics
Redeton i eparty o ong) e o 06 e S e CCMatrix-EnSi and CCMatrix-EnTa reduction is around
Rato-based 117 50.06% 628 55.56% 50%. Which means there's still noise in the top ranked

corpus.
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RO4 : Human Evaluation

Sinhala - Tamil English - Tamil

CCMatrix CCMatrix
LASER3-Before 8%| 27% 206 37%| 149%( 14%| 34% 1% 0% 0% 63% LASER3-Before 0% 3% 2% 5% 0% 0% 95% 0% 0% 0% 95%
LASER3-After 16%| 68% 1%| 85% 1% 4% | 10% 0% 0% 0% 27% LASER3-After 6% 61% 20%| 87% 0% 3% 10% 0% 0% 0% 13%
XLM-R-Before 1%] 10% 0%| 11%| 40%( 19%| 29% 0% 1% 0% 89% ¥LM-R-Before 0% 0% 2% 2% 3% 5% 90% 0% 0% 0% 98%
XLM-R - After 0%| 32% 206 34% 1%| 29%| 35% 0% 1% 0% 78% XLM-R - After 0% 39% 31%| 70% 1% 3% 21% 4% 0% 1% 30%
LaBSE - Before 4% 62 0%| 10%| 74% 7% 996 026 0% 0% 90% LaBSE - Before 0% 9% 20 11% 34% T%| 48% 0% 0% 0% 899%
LaBSE - After 29%| 33% 0%| 62% 206 32% 496 026 0% 0% 38% LaBSE - After 36% 53% 4%| 93% 1% 3% 2% 1% 0% 0% 7%
CCAligned ccaAligned
LASER3-Before 3% 24% 3%| 309%| 34%( 19%| 179% 026 0% 0% 70% LASER3-Before 2% 23% 18%| 43% 13% 27% 17% 0% 0% 0% 57%
LASER3-After 506 79% 206| 86% 026 9% 496 1% 0% 0% 14% LASER3-After 3% 67% 100| 80% 0% 8% 129 0% 0% 0% 20%
XLM-R-Before 0% 0% 206 2%| 48%| 49% 0% 0% 0% 1% 28% XLM-R-Before 0% 8% 4% 12%| 42% 16% 15% 8% 0% T% 88%
XLM-R - After 20%| 33% 49| 57% 1% 22%| 19% 0% 1% 0% A3% XLM-R - After 6%| 46% 30%| 82% 0% 9% 9% 0% 0% 0% 18%
LaBSE - Before 0% 1% 0% 1%) 69%| 26% 3% 0% 0% 1% 994 LaBSE - Before 0% 1% 0% 1% 97% 0% 0% 0% 0% 2% 99%
LaBSE - After 15%| 34% 0%| 49% 206 43% 6% 0% 0% 0% 51% LaBSE - After 19%| 45% 30| 67% 0% 2205 11% 0% 0% 0% 33%

English - Sinhala
CCMatrix
LASER3-Before 17% 7% 4% 28% 7% 10% 55% 0% 0% 0% 72% . . . . . o
LASERSAfter | awo| aom| o] @5%| o] 7| aw| ow| o] om| usw * After applying heuristics qualitative improvement
XLM-R-Before 1% 0% 0% 1% 13% 4% 80% 2% 0% 0% 99% . . . .
XLVR - After wo| | 2e%| 379 ow| o] swe| | o] o ea%  Residual Noise CCN, UN which had not been filtered
LaBSE - Before 13% 2% 0% 15% 63% 14% 8% 0% 0% 0% 85% . . .
LaBSE - After 87% 7% 3% 97% 0% 1% 2% 0% 0% 0% 3% u S I ng h e u rISt I CS
CCAligned
LASER3-Before 2% 22% 8% 32% 13% 30% 23% 2% 0% 0% 68%
LASER3-After 13% 58% 14%| 85% 0% 0% 13% 2% 0% 0% 15%
XLM-R-Before 2% 0% 0% 2% T2% 20% 6% 0% 0% 0% 98%
XLM-R - After 18% 18% 20% 569 0% 6% 34% A% 0% 0% 44%
LaBSE - Before 0% 1% 0% 1% 97% 2% 0% 0% 0% 0% 99%
LaBSE - After A5% 27% 3% 75% 1% 19% 5% 0% 0% 0% 25%




RO4: Limitations & Future Work

Limitations

Future Work

LID models sub-optimal performance for
LRLs has an effect on filtration. le. UN sentences
was to be removed from LID-based heuristic

Extend this work on how to eliminate specific
noise categories, CNN and UN by means of
training a classifier

We could not consider NLLB corpus into this
analysis due to the computational limitations
(NLLB EnSi-24M, EnTa-42M, SiTa-1.4M)

Heuristic filtration reduces 60% - 70% of dataset
size. How best to use this filtered data into
improving NMT results further(Steingrimsson et
al., 2023)

Steingrimsson, S., Loftsson, H., and Way, A. (2023). Filtering matters: Experiments in filtering training sets for machine translation. In Proceedings of the 24th Nordic Conference on Computational Linguistics (NoDaLiDa) , pages 588—600.
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RO4: Contributions & Publication

* Empirically find heuristic combination leading to optimal NMT results and on the disparity
among NMTmodels using multiPLM ranked parallel data.

* Improve existing taxonomy and conduct a comparative human evaluation to quantify noise
before andafter heuristic-based filtration.

* Publicly release curated datasets CCMatrix and CCAligned for the three language-pairs

Publication

Fernando, A., Ranathunga, S., de Silva, N. Improving the quality of Web-mined Parallel Corpora of
Low-Resource Languages using Debiasing Heuristics. arXiv preprint arXiv:2502.19074. (Accepted.
EMNLP 2025) Core Rank: A*/ h-Index: 193
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Conclusion



Contributions:

RO1. Propose and implement an algorithm to generate synthetic parallel sentences to augment OOV terms.

* Algorithm to generate synthetic parallel sentences by augmenting OOV terms, by imposing both syntactic
and semantic features to validate.

* Publicly release the synthetic parallel sentences.

RO2: Empirical Study on the impact of the multiPLMs in the Document Alignment and Sentence Alignment
tasks for LRLs.

* From empirical study, identifying that pre-trained models which had undergone continual pre-training with
parallel data perform well for document alignment and sentence alignment tasks.

* Release the extended document alignment and sentence alignment evalution set, which was initially done
by Rajitha et al., (2020)
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Contributions:

RO3: Improving the cross-lingual representations of multiPLMs to identify High-Quality parallel sentences for
the parallel sentence alignment task.

* Introduce an objective masking strategy termed Linguistic Entity Masking (LEM), to improve the cross-lingual
representations of existing multiPLMs.

* This has been done using sentences from a parallel corpus with 56K only. Hence favourable for LRLs

* Publicly release the improved encoders for En-Si, En-Ta and Si-Ta language-pairs.

RO4 : Exploring parallel data filtration techniques to extract high-quality sentences from web-mined parallel
corpora.

* Empirically find heuristic combination leading to optimal NMT results and on the disparity among NMT
models using multiPLM ranked parallel data.

* Improve existing taxonomy and conduct a comparative human evaluation to quantify noise before and after
heuristic-based filtration.

e Publicly release curated datasets CCMatrix and CCAligned for the three language-pairs
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Publications:

Fernando, A., Ranathunga, S. (2021). Title: Data Augmentation to Address Out of Vocabulary Problem in Low
Resource Sinhala English Neural Machine Translation. In Proceedings of the 35th Pacific Asia Conference on
Language, Information and Computation (pp. 61-70). (PACLIC,2021) h5-Index: 13

Fernando, A., Ranathunga, S., Sachintha, D., Piyarathna, L., Rajitha, C. (2023). Exploiting bilingual lexicons to
improve multilingual embedding-based document and sentence alignment for low-resource languages.

Knowledge and Information Systems, 65(2), 571-612. (Know. And Info. Systems, 2024) Qartile: Q2; h-Index:

100

Fernando, A., Ranathunga, S. Linguistic entity masking to improve cross-lingual representation of multilingual
language models for low-resource languages. Know! Inf Syst (2025). https://doi.org/10.1007/s10115-025-
02520-4 (Know. And Info. Systems, 2024) Qartile: Q2; h-Index: 100

Fernando, A., Ranathunga, S., de Silva, N. Improving the quality of Web-mined Parallel Corpora of Low-
Resource Languages using Debiasing Heuristics. arXiv preprint arXiv:2502.19074. (Accepted. EMNLP 2025)
Core Rank: A*/ h-Index: 193
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https://doi.org/10.1007/s10115-025-02520-4

Other Publications

Velayuthan, M., Jayakody, D., De Silva, N., Fernando, A., & Ranathunga, S. (2024, November). Back tothe
Stats: Rescuing Low Resource Neural Machine Translation with Statistical Methods. In Proceedingsof the
Ninth Conference on Machine Translation (pp. 901-907). (WMT, 2024)

Ranathunga, S., De Silva, N., Menan, V., Fernando, A., & Rathnayake, C. (2024, March). Quality Does Matter:

A Detailed Look at the Quality and Utility of Web-Mined Parallel Corpora. In Proceedings of the 18th
Conference of the European Chapter of the Association for Computational Linguistics (Volume 1: Long
Papers) (pp. 860-880). (EACL, Best Paper Award Low Resource)

Ranathunga, S., De Silva, N., Jayakody, D., & Fernando, A. (2024, August). Shoulders of Giants: A Look at
the Degree and Utility of Openness in NLP Research. In Proceedings of the 62nd Annual Meeting of the
Association for Computational Linguistics (Volume 2: Short Papers) (pp. 519-529). (ACL, 2024)

Fernando, A., & Dias, G. (2021, December). Building a linguistic resource: A word frequency list for Sinhala.
In Proceedings of the 18th International Conference on Natural Language Processing (ICON) (pp. 606-610).
(ICON,2021)

Fernando, A., Dias, G., & Ranathunga, S. (2021). Data augmentation and list integration for improving
domain-specific Sinhala English-Tamil statistical machine translation.
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