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BACKSROUND Pyl *."(% W= OBJECTIVES
Continued Pretraining (CPT) is widely used to develop We aim to better understand the CPT
state-of-the-art language models for low-resource adaptation process by analysing changes in
languages. However, how models adapt during CPT model performance and internal
\_ remains poorly understood. Y \_ representations during training. : ;
( MODELS
Encoder- ' We select PLMs with different levels of prior
Only PLMs 2 Learning exposure to our target language.
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We adapt encoder-only and encoder-decoder PLMs to 7 — , ,
isiXhosa through CPT, then analyse their downstream Finding: Models with less prior exposure
performance and cross-lingual representations. (Show the largest changes during CPT.
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\ ¥ CONZLUSIONS
'Pf-:‘ | -4 (?'D SONILUSIONS o N
e Performance improves most during early CPT for e CPT adaptation depends on model architecture,
encoder-only models. Encoder-decoder models prior language exposure, and training setup.
show limited gains during CPT. e We extend learning dynamics research, which
e Monolingual CPT improves cross-lingual alighment we hope helps inform more efficient adaptation
but can cause final-layer representational to other African and low-resource languages.
degeneration in encoder-only models. e Future work could explore actionable

interpretability, additional architectures, and
languages.

: ‘*'} e Bilingual CPT preserves grammatical knowledge in
o encoder-decoder models.
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