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Building a style alighment metric: (1) We select a multilingual
corpus X annotated for style by native speakers. (2) We train style
quantifiers C_ and C, to label style in _and L,. (3) Using these
quantifiers, we can measure style alignment A using:
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RASTA Improves Translation

Politeness results across English, Spanish, Chinese, & Japanese:
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Overall, RASTA improves translation by:

Target Target Target 1. Significantly increasing style alignment without
Failure 1: LLMs perform worst in non-Western languages. degrading translation quality.

Green indicates above average A(L,, L, ); pink indicates below 2. De-biasing translation performance by improving

alignment in non-Western languages.

Politeness Distributions: Native vs. Translated
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Failure 2: LLMs bias translations towards neutral, reducing
real-world variance.
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