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Background

• The continued significance of parallel corpora cannot be overstated in ensuring optimal
performance of NMT models.

• Even Pretrained Language Models (PLMs) fail to close this gap in performance in data
scarce settings (Lee et al., 2022).

• This situation becomes a curse for low resource languages (Ranathunga et al., 2023).

• Web-mined parallel corpora (bitext) s.a. CCMatrix, CCAlign, WikiMatrix, NLLB, and
ParaCrawl represent a beacon of hope due to their vast quantities and coverage of
hundreds of languages, including numerous low-resource languages.
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Limitations of Web-mined Corpora

• Kreutzer et al. (2022) analyzed a sample of 100 sentence pairs from some of these corpora
and showed that these web-mined corpora have serious quality issues, especially for low-
resource languages.

• NMT performance exhibited a decrease when trained on 100k random samples sourced
from CCAlign, as evidenced by Lee et al. (2022).

• Injecting common noises (identified through random samples from web-mined parallel
corpora), into clean parallel corpora resulted in a decline in NMT performance, as
demonstrated by Khayrallah and Koehn (2018).

• BUT, above studies simply utilized a very small random sample from web-mined corpora
for their analysis, operating under the assumption of consistent quality throughout the
corpus.

• In our work we challenge this assumption.
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Outline of Our Work

We show that analyzing a random sample of such a large web-mined corpus can be misleading.

• We selected parallel corpora for two low-resource languages, Sinhala and Tamil, resulting in
three language pairs: English-Sinhala (En-Si), English-Tamil (En-Ta), and Sinhala-Tamil (Si-
Ta).

• Instead of evaluating the quality of a small random sample from a web-mined corpus, we
employed a ranking mechanism based on a similarity measure. This allowed us to extract the
top 25k, bottom 25k, and a random 25k subsets from each corpus.

• We conduct comprehensive evaluations on these datasets, which can be broadly categorized
into two groups:
• Intrinsic Evaluation: We improved the error taxonomy of Kreutzer et al. (2022) and carried out a

human (intrinsic) evaluation on a random sample of 250 from each of these portions.
• Extrinsic Evaluation: We separately trained NMT systems by using these top, bottom, and random

25k samples of the corpora as well as the full corpora, and tested them with two different evaluation
sets.

• Furthermore, we manually cleaned the top 25k of the NLLB corpus in order to see whether
there is any positive impact from human involvement.

4



EACL 2024 Quality Does Matter: A Detailed Look at the Quality and Utility of Web-Mined Parallel Corpora

Data Filtering Pipeline
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Intrinsic Evaluation Results
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Error Taxonomy
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NL at least one of source and target are not linguistic content

WL Source OR target in some other language, but both still linguistic content

UN Most part of the source/target has been copied to target/source

X Correct source and target language, but the translation is completely wrong.

Error (E) Codes

CS Correct translation but very short sentences

CB Correct translation but boilerplate or low-quality. Requires considerable
effort to derive the correct translation.

CN Near-perfect translation (minor grammar or spelling mistakes). Requires
minor effort to derive the correct translation

CC Perfect translation (no modification by the human is needed)

Correct (C) Codes
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Human Evaluation Results
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Extrinsic Evaluation Results
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NMT Model Evaluation Experimental Setup

• Dataset

• Web-mined corpora: NLLB, CCMatrix, CCAligned and WikiMatrix.

• For each corpus, we trained separate NMT models using the top, bottom, and random 25k
portions of each of the web-mined En-Si & En-Ta corpora.

• We used two separate datasets for testing: FLORES-101 (Goyal et al., 2022), and the test set
of the SITA parallel corpus (Fernando et al., 2020). FLORES was created from Wikipedia
articles, and SITA from government documents of Sri Lanka.

• Models

• Vanilla transformers.

• Ablation study with: NLLB (Team et al., 2022) (henceforth referred to as NLLBm, to
distinguish from the NLLB dataset), mBART (Tang et al., 2021) and M2M (Fan et al., 2021)
were selected as our base models.
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Evaluation of Vanilla Transformer Model Trained on Top, Bottom 
and Random 25k of Four Web-Mined Corpora (En-Si)
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Evaluation of NMT Models Trained on Top, Bottom and Random 
25k Portions of CCMatrix (En-Si)
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NMT Results of Vanilla Transformer Model Trained on CCMatrix 
En-Si in Jumps of 100k
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En-Si Direction En-Ta Direction

Vanilla Transformer Results for Original NLLB Top 25k, NLLB Cleaned Top 25k, 
NLLB Cleaned Full (27k+), SITA Top 25k, and SITA Random 25k on Language 
Directions En-Si and En-Ta
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Ablation Study on Embedding Models for Measuring Similarity 
Between Parallel Sentences
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Our Findings

Our findings can be summarized as follows,

• Intrinsic Evaluation
• There are significant quality differences between the three portions.

• Quality of the top 25k portion is much better than the other portions.

• Noted major variations of quality across web-mined corpora belonging to different language pairs.

• Extrinsic Evaluation
• NMT models trained with the top 25k portion are significantly better.

• NMT models trained with the full version of some of these corpora were even lagging behind models trained
with their top 25k portion.

• The NMT model trained with the top 25k portion of the En-Si and En-Ta parts of the NLLB corpus
performed even better than a model trained with a human-curated corpus.

• We show that addressing translation issues in the top 25k of the NLLB corpus using human
translators resulted in a slightly cleaner corpus, achieved in slightly less time than translating from
scratch. Although the NMT model trained with this cleaned corpus outperformed the uncleaned
corpus, the resultant gains were meager and cannot justify the time and financial investment in the
translators.
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Key Take Aways

• We showed that the quality of such web-mined corpora significantly varies across different portions.

• Simply ranking a web-mined corpus beforehand and subsequently utilizing only the high-quality 
portion can lead to improved accuracy within significantly less training time.

• Our findings also suggest that utilizing only the highest quality portion of a web-mined corpus can 
lead to NMT results comparable to those obtained from human-curated corpora in certain cases.

• Our results serve as a cautionary note to researchers against indiscriminate use of web-mined 
corpora through random sampling alone.

• Project artefacts are released and the details are shared in the project Github
(https://github.com/nlpcuom/quality-matters)
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