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Bitext Mining



What is bitext mining?

• Automatically retrieving parallel sentences (i.e., sentences that 
are translations of each other) from large corpora (e.g., the 
web).



Why is bitext mining important for NMT?

• Parallel sentences are crucial for the training of multilingual 
sentence encoders and neural machine translation.

• For higher resource languages, comparably large parallel 
corpora exist (e.g., United Nations Parallel Corpus or Europarl).

• Specifically for lower resource languages, there are less efforts 
to manually construct parallel corpora, creating the need for 
automatically mined parallel data.



How does CCMatrix work?
1. Text extraction from the CCNet corpus

• Parse from JSON
• Deduplicate sentences
• Perform language identification (to filter noise)

2. Get all sentence embeddings using a sentence encoder 
(storing them in a compressed from using FAISS library)

3. For all pairs of sentences for two languages
• Compute the margin-based criterion for both directions 
• Build the union of the forward and backward direction, sort the 

candidates and omit source or target sentences that are already used
• Apply a threshold (hyperparameter) to decide whether two sentences 

are mutual translations.



NMT with Large Language Models



1. LLMs vs. supervised NMT models



2. Typical errors of LLMs (removed from the paper)



3. Data Leakage

• Large language (and instruction-tuned) models might be 
trained on publicly available evaluation data

• Might inflate the performance on certain evaluation datasets
• Particularly an issue for commercial models that do not open-

source their training corpora which hinders fair comparison



4. Importance of templates for prompting



5. Importance of Parallel Data

• Traditionally, encoder-decoder MT used large amount of parallel data

• Uprise of LLMs as strong MT questioned the use of parallel data

• ALMA: Continual pretraining of English-centric LLM on multiple monolingual corpora, 
followed by instruction tuning on a few-thousand of high-quality instances

• Tower: Continual pretraining on monolingual (2/3) and parallel data(1/3), followed by 
instruction tuning on translation-related tasks

LLMs for MT use smaller fraction of parallel data (10%-50%)

Parallel data still very helpful for low-resource languages (sample efficient)

Parallel data improves performance at larger scale

Parallel data often used at the end of the training pipeline (at the end of pretraining or in 
instruction-tuning)



Additional Exercise



Decoding

We are given the following probabilities for tokens {BOS, A, B, C, 
D} at timesteps 𝑇 ௜ୀ଴

ଷ for a text generation model:
T = 3T = 2T = 1T = 0

0.1490.2480.2570.140BOS

0.3360.4020.0960.391A

0.3580.2670.3410.197B

0.1570.0830.3050.271C

Compute the probabilities for the decoded sequence for both (i) 
greedy decoding and (ii) beam search with width k=3. Show your
intermediate steps. 



Greedy Decoding

• Pick the character with the highest probability: the decoded 
string is ABAB

𝑃 𝐴𝐵𝐴𝐵 = 0.391 × 0.341 × 0.402 × 0.358 = 0.0191



Beam Search

• Use logarithm to avoid underflow

T = 3T = 2T = 1T = 0

-1.902-1.393-1.357-1.966BOS

-1.091-0.912-2.343-0.939A

-1.027-1.322-1.075-1.625B

-1.847-2.460-1.186-1.304C



Beam Search – Step 0

-1.966BOS

-0.939A

-1.625B

-1.304C



Beam Search – Step 1

CBABOS

–2.126–2.015–3.283-0.939 + -1.357 = -2.296A

–2.812–2.700–3.969-1.625 + -1.357 = -2.982B

–2.490–2.379–3.647-1.304 + -1.357 = -2.661C



Beam Search – Step 2

CBABOS

–4.504–3.337–2.927–3.408A->B

–4.615–3.448–3.038–3.519A->C

–4.756–3.618–3.208–3.689A->BOS



Beam Search – Step 3

CBABOS

-4.778-3.953-4.017-4.830A->B->A

-4.889-4.065-4.128-4.942A->C->A

-5.061-4.236-4.300-5.113A->BOS->A



Compute BLEU-4

• Reference: The quick brown fox jumps over the lazy dog
• Hypothesis: The fast brown fox leaps over the lazy dog



Unigrams

• Reference: [The, quick, brown, fox, jumps, over, the, lazy, dog]
• Hypothesis: [The, fast, brown, fox, leaps, over, the, lazy, dog]
• Matching: [The, brown, fox, over, the, lazy, dog]

• Precision: 𝑝ଵ =
଻

ଽ



Bigrams

• Reference: [(The, quick), (quick, brown), (brown, fox), (fox, 
jumps), (jumps, over), (over, the), (the, lazy), (lazy, dog)]

• Hypothesis: [(The, fast), (fast, brown), (brown, fox), (fox, leaps), 
(leaps, over), (over, the), (the, lazy), (lazy, dog)]

• Matching: [(brown, fox), (over, the), (the, lazy), (lazy, dog)]

• Precision: 𝑝ଶ =
ସ

଼



Trigrams

• Reference: [(The, quick, brown), (quick, brown, fox), (brown, 
fox, jumps), (fox, jumps, over), (jumps, over, the), (over, the, 
lazy), (the, lazy, dog)]

• Hypothesis: [(The, fast, brown), (fast, brown, fox), (brown, fox, 
leaps), (fox, leaps, over), (leaps, over, the), (over, the, lazy),
(the, lazy, dog)]

• Matching: [(over, the, lazy), (the, lazy, dog)]

• Precision: 𝑝ଷ =
ଶ

଻



4-grams

• Reference: [(The, quick, brown, fox), (quick, brown, fox, jumps), 
(brown, fox, jumps, over), (fox, jumps, over, the), (jumps, over, 
the, lazy), (over, the, lazy, dog)]

• Hypothesis: [(The, fast, brown, fox), (fast, brown, fox, leaps), 
(brown, fox, leaps, over), (fox, leaps, over, the), (leaps, over, 
the, lazy), (over, the, lazy, dog)]

• Matching: [(over, the, lazy, dog)]

• Precision: 𝑝ସ =
ଵ

଺



Geometric Mean of Precisions

• 𝐺𝑒𝑜𝑚𝑒𝑡𝑟𝑖𝑐 𝑚𝑒𝑎𝑛 = ∏ (𝑝௡)
భ

ర ସ
௡ୀଵ = exp (

ଵ

ସ
× ∑ log (𝑝௡

ସ
௡ୀଵ ))

• Plug numbers in:
• = exp(

ଵ

ସ
× (log

଻

ଽ
+ log

ଵ

ଶ
+ log

ଶ

଻
+ log (

ଵ

଺
)))

• = exp (
ଵ

ସ
× 𝑙𝑜𝑔

଻

ଽ
×

ଵ

ଶ
×

ଶ

଻
×

ଵ

଺
)

• = exp
ଵ

ସ
× log

ଵ

ହସ

• ≈ 0.369



Brevity Penalty

• Reference length: 𝑟 = 9

• Hypothesis length: 𝑐 = 9

• 𝐵𝑃 = ൝
1         𝑖𝑓 𝑐 > 𝑟

𝑒ଵି
ೝ

೎  𝑖𝑓 𝑐 ≤ 𝑟

• 𝐵𝑃 = 1



Final BLEU-4

• 𝐵𝐿𝐸𝑈4 = 𝐵𝑃 × 𝐺𝑒𝑜𝑚𝑒𝑡𝑟𝑖𝑐 𝑀𝑒𝑎𝑛

• ≈ 1 × 0.369 ≈ 0.369


