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Problem
e Domain-specific NMT requires domain-relevant parallel data.
o  Translation models perform better when trained on data representative
of the target domain.[1]
e Large web-mined parallel corpora are available
o  These corpora are noisy, mixed-domain, and contain varying-quality
sentence pairs.
e How can we automatically identify useful domain-relevant parallel

sentence pairs from large, noisy web-mined corpora?

Objectives

° Design and implement an automated method to select domain-relevant sentence
pairs from large, noisy web-mined parallel corpora

° Determine the appropriate quantity and quality of selected domain-specific data to improve
low-resource NMT performance while minimizing noise and redundancy.
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N Domain-Specific Data Construction for Low-Resource MT
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Method 1: Domain-Relevant
Data Extraction
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Purpose:

Baseline: Cross-Lingual Similarity-Based Filtering (LASER) [2]

Identify high-quality parallel sentence pairs from the web-mined corpus based on the similarity between the
source (English) and target (Sinhala/Tamil) sentences using LASER embeddings.

o ez 8 (4] s w

Web-mined Sentence Embeddings Compute Cosine Rank and Filter Selected Parallel Data

Parallel Sentence Pair using LASER [3] Similarity Sentence Pairs (Baseline Dataset)
\

English (source) { LASER ’ Cosine Similarity (LASER) Sentence Pair Si?ci::reitv ‘
Tha govlemmfnt adnnounced Multilingual Sentence Encoder i €00 = e o \

= i = = s ~——
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. x embedding embedding [ ;1 : High-quality
Sinhala / Tamil (target) i 1 0 1 parallel sentence pairs
58 FOVBHO S CLP LT (e . k) : Filter out selected using
0 5858 g DE. €en €si/ta ngher similarity score Pairn 0.12 i aiont source-target cosine

b (d dimensions) (d dimensions) indicates a better aligned similarity (LASER).
(Sinhala example) | translation pair.
/ - = o4

"™ Key Points:

4
- - » Uses LASER (Language-Agnostic SEntence Representations) to obtain multilingual sentence embeddings for both source and target sentences.
« Filters parallel sentence pairs based on cosine similarity between the English and Sinhala/Tamil sentences.

- * This baseline focuses on parallel-data quality (translation/alignment quality), whereas the proposed methods focus on domain relevance
of the source-side English sentence.




Domain-Relevance Scoring

Methods

Category
Classification-Based

Similarity-Based

Divergence - Based

Importance / Relevance-Based

Methods
Classifier

Cosine Similarity, Weighted Cosine Similarity

Jensen—Shannon Divergence(JSD)

Data Selection for Language Models via
Importance Resampling (DSIR), Discriminative
DSIR, Commonness
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Method 2: Translation
Generated Data
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Translation-Generated
Parallel Data
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Method 3: Combining Both
Approaches
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Combining Extracted and
Translated Data
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Datasets & Experimental
Setup
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Datasets

Language Pairs:
e English - Sinhala
e English - Tamil

Webmined Parallel Corpus:
e CCMatrix Original Dataset[10]
e CCMatrix Cleaned Dataset|[11]
e CCAligned Cleaned Dataset|11]

Domain Specific Corpora(English):

e Bible [12](Dataset derived from Bible texts)
Govt(SiTa) [13](Dataset sourced from official government
publications)
e Opensubtitles [14](Dataset extracted from movie subtitles)
R e Maths [15](Dataset composed of mathematics questions
------ and answers.)



O

Evaluation - Basic Configurations

Evaluation Datasets:

Bible

Govt
Opensubtitles
Maths [16]

Evaluation Metric

Chrf++ [17]
Bleu [18]
SpBleu [19]
Chrf[20]

Evaluation Task:

Vanilla NMT - Fairseq [21]

General Purpose NMT - NLLB [22]
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Domain-Relevance Scoring Methods (k=25k,
Cleaned CCMatrix)

Domain En-Si: Best chrF++ En-Ta: Best Domain-Relevance Method
Domain-Relevance Method

Bible Disc. DSIR + Cosine 18.8,,; Disc. DSIR + Weighted Cosine XLMR /
XLMR XLM-R Cosine

SiTa Disc. DSIR + Cosine 238,,, DSIR n-gram (n=2)
XLMR

OpenSubtitles  Djsc. DSIR + Cosine 34.0,,,; DSIR n-gram (n=2) / XLM-R Cosine
XLMR /JSD

Math XLM-R Cosine 33.0",,, XLM-R Cosine

Discriminative DSIR-based approaches showed the strongest or near-strongest performance
across most experimental settings.
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Extracted Data vs. Translation-Generated
Synthetic Data(EnSi)

Data Type Size Bible Govt (SiTa) OpenSubtitles Math
Extracted 25K 18.8 23.8 34.0 33.0
Extracted 50K 49.3 57.0 47.3 42.8
Translated 25K 50.9 46.0 30.0 45.3
Translated ~50K 27.5 30.8 46.0 48.9
Translated 100K — — 53.1 54.5

Neither approach is universally best;
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Extracted Data Size for Combination Experiment

Domain Base Data
Bible 47K
SiTa / Govt 53K
OpenSubtitles (50K base) 50K
OpenSubtitles (100K base) 100K
Math (50K base) 50K
Math (100K base) 100K

G
L, SN

+25K

27.5

30.8

51.2

54.8

52.7

54.0

+50K

28.7

35.3

54.6

56.2

54.7

54.8

Selected for combination experiment: 50K extracted

+75K

28.1

35.1

52.7

54.8

56.2

55.1

+100K

243

34.3

54.5

55.7

55.0

56.6

+125K

26.2

32.9

53.5

53.9
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Domain

Bible
SiTa
OpenSubtit

les

Math

N
SN

EN—SI CCMatrix

49.3 ., — Disc. DSIR +
Weighted Cosine (LASER3)

57.0,, — Disc. DSIR +
Commonness

47.3,,, — DSIR 2-gram

42.8 , , — Cosine Similarity
(LASER3)

Top 50k Results

EN—SI CCAligned

50.6,,, — Disc. DSIR +
Weighted Cosine (LASER3)

65.9 , , — Cosine Similarity
(LASERS)

48.4, . — DSIR +

+0.2
Commonness

56.3 ,, — Disc. DSIR +
Cosine (LASER3)

EN—TA CCMatrix

38.0 ., — Disc. DSIR +
Weighted Cosine (XLM-R)

36.1_; , — Cosine Similarity
(LASER3)

62.1,,, — Disc. DSIR +
Commonness (LASER3)

41.2,,— Disc. DSIR +

Weighted Cosine (LASER3)

EN—TA CCAligned

46.3,, . — DSIR 2-gram

63.0,, — Disc. DSIR +
Commonness (LASER3)

64.2,{1‘2 — Disc. DSIR +
Commonness

67.9,, , — Disc. DSIR +

Commonness (LASER3)
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Translated Data size for Combination Experiment

Training Data Bible
Baseline (Top 50K) 46.0
Translated 25K 50.9
Extracted 50K 49.3
Translated 25K + Extracted 50K 55.4
Translated 50K + Extracted 50K 28.7

Translated 100K + Extracted 50K —

SiTa / Govt

57.1

46.0

57.0

63.4

35.3

OpenSubtitles
48.3
30.0
44.3
53.6
54.6

56.2

Math

51.0

45.3

42.8

55.2

54.8
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Progress Since Last Review

v' Extended experiments to CCAligned

v Completed dataset-size optimization (25K—125K)

v Completed translation-generated synthetic data experiments
v Compared extracted vs. translated domain-specific data

v Completed combined-data experiments

v Identified 50K extracted + 25K translated as the strongest
overall configuration

v’ Completed final EN-SI / EN-TA experimental evaluation

v Completed analysis, thesis writing and revisions

v Thesis ready for submission
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