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Takeaway: You can read success or failure off an LLM agent’s hidden state
at every step catching reasoning drift early and steering it back on track.

Motivation & Background
LLM agents plan and act over many steps, but they stay black boxes. A task that ultimately fails may contain many correct
steps; a success may hide accidental recoveries. Static interpretability looks at single inputs—so it cannot say when an agent

drifts from success toward failure.
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Result 1 - Success & Failure Concepts are  Result 2 - Can we steer using the identified failures
Linearly Separable towards success? YES

Linear probes separate successful from failing steps with up to One early intervention (step 3, RepE, coeff. 0.025) gives +1.1%

100% accuracy (ScienceWorld))—across timesteps, layers, and accuracy—competitive with far costlier Best-of-N (+2.8%), RFT

in/out-of-distribution domains. (+4.2%), and DPO (+6.8%).

Accuracy of Linear Probes — In-Distribution Test Set (ScienceWorld)
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