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L oss curves and benchmarks

show when LLMs improve behaviorally, | ® We do not know which internal features emerge, persist, or disappear.
but not how they learn internally!

® | L Ms acquire much of their linguistic abilities during pretraining.

¢ ) e Goal: concept-level, human-interpretable description of feature changes.
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How do LLM'’s internal features emerge, strengthen or fade as they train? )
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Crosscoders and RellE reveal that linguistic features can evolve unevenly.  Scan for Paper & Code

Token-level detectors tfade, while grammatical and crosslingual teatures
consolidate later, though alignment remains limited for some languages.

This offers a new lens on how models learn, not just how well they perform.




