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How to make an LLM multilingual?

Speech and Language Processing (3rd ed. draft)

SUrprisSing aNSWEer  oanunstsky and James H. Mari

Just throw all the languages data in a big file and
pretrain on it!

#4 The Tower of Babel problem

o 2 a8l Same collaboration structure different communication languages.

All English

All agents communicate in English.
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Mixed languages

Same agents, different languages.
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The lowest resource languages
create a clear separation
between model providers.

Model providers SHOULD publish
language-level evaluation cards.

Multilingualism SHOULD be a
training objective, not incidental.
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More RESULTS

Machine Translation

English » 203 languages: answering is not the same as translating well

1. Models rarely
refuse

2. Many answers miss 3. Correct language #
the target language high-quality translation
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Five-run means; whiskers = £1 SD. Panel 2 conditions on non-refusal; panel 3 also on LID match and reference coverage. chrF++ is a 0-100 score.
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203 languages: answering is not the same as functional code

1. Models rarely 2. Most answers can 3. But parseable #

refuse still be parsed functionally correct
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Five-run means; whiskers = £1 SD. Parseability and functional correctness are separate rates over evaluated requests; no record-level nesting is asserted.
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Refusals >> low-quality/incorrect
responses !!

Even more RESULTS =i



