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Motivation – Machine Translation
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Motivation – Timeline of Machine Translation
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Terminology
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Source Sentence Target Sentence
[en] Conducting Assistant Physiotherapist and Massage Certificate Course [si] සහයක ෙභෟත චිකිත්සක හා සම්බාහක සහතික පත්‍ර පාඨමාලාව පැවැත්වීම

[en] Ensuring compliance with the financial rules and regulations of the Government [ta]அரசாங்கத்�ன் நி���கள்மற்�ம்ஒ�ங்���க�டன்
இணங்�ச்ெசயற்ப�தைலஉ��ப்ப�த்தல்.

• Parallel Sentence-pair

• 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 Diversity 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?

• 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
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Motivation – Data Scarcity Problem for LRLs

• High-resource languages have large scale gold-standard parallel datasets.
• 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 100k.
• Parallel data scarcity problem is a hindrance to the progress of NMT research

among Sinhala-English-Tamil languages.
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Koehn, P. (2005). Europarl: A Parallel Corpus for Statistical Machine Translation. In Proceedings of Machine Translation Summit X: Papers (pp. 79-86).
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Background

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

• Data augmentation techniques categorization (Costa-jussà et al.,2022; Ranathunga et al.,
2021)
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Data Augmentation to Induce High-Quality Parallel Sentences for Low-Resource NMT

- 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.

G
ap

RO1.
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
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Data Augmentation to Address Out 
of Vocabulary Problem in Low 
Resource Sinhala English Neural 

Machine Translation.
PACLIC (2021) 8

- 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.

- Encoder-based multiPLMs produced 
embeddings have weak cross-lingual 
alignment, especially for LRLs. Hence 
they perform poorly for sentence-
retrieval tasks.

- The choice of multiPLMs in the 
Parallel Data Curation (PDC) task, leads 
to a disparity among NMT scores.
- Lacks noise class in existing error 
taxonomy to identify noise introduced 
due to bias in multiPLMs.

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

RO3:
Improve the cross-lingual 

representations of existing multiPLMs
to obtain High-Quality parallel 

sentences from the parallel sentence 
alignment task.

RO4.
Exploring Parallel Data Curation (PDC) 

techniques to extract high-quality 
parallel sentences from web-mined 

parallel corpora

- multiPLMs, trained using parallel 
data during the pre-training stage, 
are favourable for bitext-
mining task for LRLs.
- Publicly release the gold-standard 
human-annotated benchmark 
evaluation datasets for the 
Document and Sentence Alignment 
Tasks

Exploiting bilingual lexicons to 
improve multilingual embedding-

based document and sentence 
alignment for LRLs

Knowledge and Information Systems 
(2023)

- introduce an objective masking 
strategy termed Linguistic Entity 
Masking (LEM), to improve the cross-
lingual representations of existing 
multiPLMs.
- Empirical study on existing masking 
strategies
- Publicly release cross-lingual 
improved multiPLM.

LEM to Improve Cross-Lingual 
Representation of multiPLMs for Low-

Resource Languages
Knowledge and InformationSystems

(2025)

-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.
-Publicly release curated datasetsCo
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Improving the quality of Web-mined 
Parallel Corpora of Low-Resource 

Languages using Debiasing Heuristics.
EMNLP (2025)



Generating Synthetic Parallel Sentences

RO1.
Implement an algorithm to generate synthetic parallel sentences to 

augment OOV terms.



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.
• Substituting sub-trees (Alam et al., 2024) or top-most word (Duan et al., 2020) from dependency parser 

validates sentences syntactically.
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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. I., 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. 



RO1: Methodology – Rare word/Dictionary 
Augmentation
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rare words (freq. = 1) from 
Source side.
Translation of rare word
aligned parallel sentence

1

Obtain word/sent 
embeddings

2

sentSim
Select Candidate pairs

3
wordSim
Select Candidate word 
for replacement

4
Syntactic constraints
POS
Morphology agreement

5
Tri-gram LM score
Synthetic source and
Synthetic target

6



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 (α) value. 

3.   Validations done to preserve syntactic and semantic correctness?
• Syntactic constraints – POS and Morphology agreement 
• Semantic constraints – Sentence Similarity and Word Similarity 
• Context validation – Tri-gram replaced context is validated using Language Model 
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Artetxe Zurutuza, M., Labaka Intxauspe, G., López 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.



RO1: Synthetic Parallel Sentence-pair
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Rare Word 
/Translation

පාරේශ්වයනේ-----parties

Original source 
sent.

දිස්ත්‍රික් පරිපාලනයට හා ප්‍රාෙදේශීය පරිපාලනයට අදාළ නිලධාරීනේ සම්බනේධව ලැෙබන ෙපත්සම් සහ
පැමිණිලි සම්බනේධව අපක්ෂපාතී පරීක්ෂණ පැවැත්වීම මඟිනේ යහපත් පාලනයක් ඇති කිරීම

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 
source sent.

දිස්ත්‍රික් පරිපාලනයට හා ප්‍රාෙදේශීය පරිපාලනයට අදාළ පාරේශ්වයනේ සම්බනේධව ලැෙබන ෙපත්සම් සහ
පැමිණිලි සම්බනේධව අපක්ෂපාතී පරීක්ෂණ පැවැත්වීම මඟිනේ යහපත් පාලනයක් ඇති කිරීම

Synthetic 
target sent.

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



RO1: Experimental Setup

• Conducted Experiments for Sinhala-English language pair
• Datasets 
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Parallel Data Traing Sentences Validation Sentences
No. Sentences 54914 1623
No. of Words (En) 553002 23578
No. of Words (Si) 535185 22721

Government domain (Fernando et al., 2020)

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 
Sentences

No of Words / Unique 
Words

No of Rare Words No of Dictionary 
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



RO1: Experimental Setup
• Dictionary English-Sinhala in-house dictionary with 23660 terms

• Linguistic Tools / libraries used:

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

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

151https://spacy.io/
2 http://www.speech.sri.com/projects/srilm/

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

PoS Tagger English1 and Sinhala TnT (Fernando et al., 2018)

Morphological Analyser Sinmorphy (Kumarasinge et al., 2021)
word embeddings Fasttext (Bojanowski et al., 2016)

Language Model SRILM Toolkit2

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.



RO1: Experiments & Results
Rare Word Augmentation
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• Rare Word Augmentation Gain(max)
+0.91 Si→En /+0.74 En→Si

• Best scores when combining syntactic and 
semantic constraints. They exceed baseline 
scores

• Combining all constraints did not produce the 
best gains for Si -> En direction. Limitations with 
morphological analyser (similar 
pattern PoS, WordSim+PoS)

• SentSim+wordSim vs pos+morph produce 
comparable results



RO1: Experiments & Results
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Dictionary Word Augmentation • Dictionary Term Augmentation 
Gain(max)​ +0.18 Si→En / +0.71 En→Si

• In Si side dictionary terms as OOV in test sets 
were less (TS1-11 | TS2-17 | TS3-23). Therefore 
gains marginal.​

• En->Si direction augmentation is effective.​

• SentSim+wordSim vs pos+morph produce 
comparable results​



RO1: Experiments & Results – Qualitative 
Analysis
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Fluency and Accuracy of the Translation is improved with syntactic constraints and semantic 
constraints.



RO1: Limitations & Future Work
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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: 
Long Papers) (pp. 878-891).

Limitations Future Work
The Sinhala linguistic tools (PoS Tagger, 
Morphological Analyser, Alignment Tool) 
limitations

Re-evaluate the upon availability of better 
performing POS Taggers, morphological 
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 language model.



RO1: Contributions & Publication
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• 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.

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



Empirical Study : multiPLMs for Bitext mining

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



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, 20241 and
WMT2016-20202.

• Bitext mining pipeline
• Identify & Crawl Web Data
• Document Alignment
• Sentence Alignment
• Parallel Sentence Filtration

22

1https://comparable.limsi.fr/
2https://www2.statmt.org/wmt25/
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Identify & Crawl Web Pages

https://en.wikipedia.org/wiki/Sinharaja_Forest_Reserve
https://si.wikipedia.org/wiki/සිංහරාජ_වනානේතරය

Document Alignment

Sentence Alignment

English Sinhala

Parallel Data Curation

English Sinhala English Sinhala

Parallel Sentences

https://en.wikipedia.org/wiki/Sinharaja_Forest_Reserve
https://si.wikipedia.org/wiki/%E0%B7%83%E0%B7%92%E0%B6%82%E0%B7%84%E0%B6%BB%E0%B7%8F%E0%B6%A2_%E0%B7%80%E0%B6%B1%E0%B7%8F%E0%B6%B1%E0%B7%8A%E0%B6%AD%E0%B6%BB%E0%B6%BA


RO2: Bitext Mining – Related Work

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

24

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)



RO2: Bitext Mining – Related Work

Document Alignment and Sentences alignment tasks are critical to determine the
quality of the parallel sentences
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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 (Bañón et al., 2020)

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

Margine-based cosine similarity over LASER2 embeddings (Artetxe and 
Schwenk, 2019)



RO2: Research Questions

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

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



RO2: Methodology
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• 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)​



RO2: Document Alignment Algorithm (El-kishky
and Guzman, 2020)
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Distance calculation between two sentences

New weighting Scheme (Rajitha et al., 2020)

Modification to the distance calculation



RO2: Sentence Alignment Algorithm (Artetxe 
and Schwenk, 2019 )
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Improvement for the distance calculation (Rajitha 
et al., 2020)

Weighting Scheme (Rajitha et al., 2020)



RO2 : Experiments & Results : Document Alignment
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• LASER2 baseline outperformed significantly with dictionary improvement En-Ta +44%, Si-Ta +13% 
and Si-En +2%

• LaBSE and XLM-R outperform LASER2 results for all three language-pairs.



RO2 : Experiments & Results : Sentence Alignment
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• 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

• NMT scores are low due to the lack of training dataset size. Ie. EnSi, 25k~17k, EnTa 17k~13k and 
SiTa 21k~13k

• 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
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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 llm-based rankers. In European Conference on Information Retrieval , pages 185–201. Springer.

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.
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• 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



Improving Representations in multiPLMs
with Linguistic Entity Masking (LEM)

RO3:
Improve the cross-lingual representations of existing multiPLMs to obtain High-Quality 

parallel sentences from the parallel sentence alignment task.
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• Under-representation of monolingual 
training data during the pre-training 
stage. (Feng et al., 2022)

• Lack of explicit training objective to 
improve cross-lingual embedding. (Hu et 
al., 2020)
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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/
Parallel

Sentence-retrieval
Task Evaluation

Languages

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

whole-word masking (Devlin et al., 
2019)

Mono English

Entity/Phrase masking (Sun et al., 2019) Mono English/Chinese

span-masking (Joshi et al., 2020) Mono English

Point-wise Mutual Information-masking 
(PMI) (Levine et al., 2020)

Mono English

Translation Language Modelling (TLM) 
(Lample and Connaue, 2020)

Mono + Para 15 Languages

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

38
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3. Why in a continual pre-training step?

39

LEMmono LEMpara

XLM-RLEM
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Linguistic Entity Masking (LEMmono)
where xi is a word and n is the number of words in the sequence.

After tokenization:

Identify Linguistic Entities:

15% of tokens are masked from the sequence.

Continual pre-training objective:



RO3: Methodology
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Linguistic Entity Masking (LEMpara)

Concatenated parallel sentence pair :

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

Continual pre-training objective :



RO3: Experiments
• Language pairs- En-Si, En-Ta and Si-Ta
• Our initial multiPLM is the XLM-R1 base model.
• Evaluation

• Intrinsic Evaluation – Primary Task is sentence alignment. We use Gold standard 
sentence alignment dataset 3

43

1 https://huggingface.co/FacebookAI/xlm-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, I., 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.

https://huggingface.co/FacebookAI/xlm-roberta-base
https://github.com/UKPLab/sentence-transformers
https://huggingface.co/datasets/NLPC-UOM/sentence_alignment_dataset-Sinhala-Tamil-English
https://huggingface.co/datasets/allenai/nllb


RO3: Experiments & Results

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

44

Existing masking strategies shows reduced results compared to XLM-R baseline. Hence not favourable
for improving cross-lingual representations.



RO3: Experiments & Results

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

45

Selecting monolingual sides from a parallel dataset improves performance in LEMmono step.



RO3: Experiments & Results
3. LEM Ablation experiments to identify the impactful linguistic entity for LEMmono and LEMpara : En-Si

46
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3. LEM Ablation experiments to identify the impactful linguistic entity for LEMmono and LEMpara : En-Ta
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3. LEM Ablation experiments to identify the impactful linguistic entity for LEMmono and LEMpara : SiTa



RO3: Experiments & Results

3. LEM Ablation experiments during LEMmono and LEMpara : Summary

49

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

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%

• Results consistently show that LEM improved encoder is effective.



RO3: Limitations & Future Work

51

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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• 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.

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

https://doi.org/10.1007/s10115-025-02520-4


Debiasing the Disparity in NMT systems

RO4.
Exploring Parallel Data Curation (PDC) techniques to extract high-quality parallel 

sentences from web-mined parallel corpora
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• Web mined corpora is available for LRLs eg: CCAligned (El-Kishky et al., 2020), CCMatrix (Schwenk et al., 2021) 
and ParaCrawl (Bañón et al., 2020)

• 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 Guzmán, 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 Guzmán, 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.
Bañón, M., Chen, P., Haddow, B., Heafield, K., Hoang, H., Esplà-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 Guzmán, 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., Guzmán, 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.
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).
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Common approach for PDC : rank sentences according to the semantic similarity (cosine similarity) between 
sentence embeddings obtained for the source and target sentence pair. 

Top N
Sentence-pairs

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)

Koehn, P., Guzmán, 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 Guzmán, 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.
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.
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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

Corpus
CCMatrix , CCAligned

NMT models trained with top 100K ranked with
LASER3 (Heffernan et al., 2022)
XLM-R (Conneau et al., 2020) and
LaBSE (Feng et al., 2022)
Conducted human evaluation to analyse what type of sentences ranked by each multiPLM as high
Heffernan, K., Çelebi, 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.
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.
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MultiPLM –bias

Overlapping Untranslatable Content (CCN)

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



RO4: Related Work – using multiPLMs in PDC

• WMT2023 Shared Task uses LASER2 for ranking sentence-pairs (Sloto et al., 2023)

• Gala et al. (2023) uses LaBSE during filtration of noise to train the NMT models

• 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.
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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.
Steingrímsson, 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 
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)
• 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)
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Costa-jussà, M. R., Cross, J., Çelebi, 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 ., Graça, 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.
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.
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Categorization Taxonomy
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Improvements to the existing parallel Sentences Categorization Taxonomy (Ranathunga et al., 2024)

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

Kishky et al., 2020)
• MultiPLMs – LASER3, XLM-R and LaBSE proven for cross-lingual tasks. 
• Conduct Ablation studies

• Find most impactful individual heuristic
• Find optimal heuristic combination

• 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 ., Guzmán, 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., ... & Schütze, 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.



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)

• 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.
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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).

Popovi ´c, M. (2017). chrf++: words helping character n-grams. In Proceedings of the second conference on machine translation , pages 612–618.
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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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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.
o dedup+punctNum+(n)gram+sLength+LIDThresh performed best while the ratio-based heuristic varied.
o Exception CCAligned-SiTa performed best without LIDThresh. However results were compared to above 

combination (lags by –0.19 ChrF++).
o dedup+punctNum+(n)gram+sLength+LIDThresh+sentWRatio produced best gains in 80%
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3. Impact of the heuristics on the disparity

LASER3 produce highest baseline NMT score. 

Baseline disparity (Δ) = baselineLASER3 - baselineLM-R/LaBSE

Disparity (%) after each individual/combined heuristic

Disparity Reduction (%) = Δbaseline - Δheuristic
Δbaseline

• Disparity among NMT scores in XLM-R-vs-LASER3 and 
LaBSE-vs-LASER3 reduced drastically with combined 
heuristics

• CCMatrix-EnSi and CCMatrix-EnTa reduction is around 
50%. Which means there's still noise in the top ranked 
corpus.
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• After applying heuristics qualitative improvement
• Residual Noise CCN, UN which had not been filtered 

using heuristics
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Steingrímsson, 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.

Limitations Future Work
LID models sub-optimal performance for 
LRLs has an effect on filtration. Ie. 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(Steingrímsson et 
al., 2023)
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• 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



Conclusion
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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. 

• Publicly release curated datasets CCMatrix and CCAligned for the three language-pairs
74
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