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(7)) When do latent thoughts influence predictions,

and where is that influence concentrated? §4 I Takeaway. Matched controls reproduce or invert these patterns: not evidence of mechanism.
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I3 When and Where Do Latent Thoughts Matter? RQ2
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= Graph-hopping: only the prompt recovers behavior.
= Arithmetic: all thoughts (T¢,) recover best.
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Test R? of transition maps: full thoughts vs. gradient subspace.
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