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TL;DR

We find evidence that reasoning fine-tuning reorganizes a model’s internal dynamics into a few persistent, stage-specific latent modes. We infer these modes, propose why reasoning fine-tuning reorganizes model internals into these
stages, and use the modes to both 1) steer base models and 2) prune bad reasoning steps.
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® These models can be practically actionable. For instance, latent modes can serve
as a unit for monitoring and steering reasoning behaviour.



