More concentrated fine-tuning data
= a sharper loss landscape

= more curvature-driven forgetting

Curvature adds to forgetting even without gradient conflict, and its share grows with concentration.

A loss curvature account of fine-tuning fragility
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Curvature’s share grows with c Sharp along the reversion direction

Decompose each reversion step’s loss change as AL __ = = A4, = Hesslan sharpness along the reversion direction
T,+T, whereT, =g . A6 isthe gradient term, measuring AB. A, = average sharpness over all directions. ||g__|
whether the reversion step A6 opposes g, and T, = = pre-training gradient norm at the fine-tuned point.
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* Agip » At the loss is sharper along A6 than along
a typical direction, even when g__and A6 are

near-orthogonal.

. ”gpre | also spikes at c=1: high-c fine-tunes land in

a sharper region, with ~4x less degradation at
c=0.25 than at c=1.

Takeaway. The temporal structure of training shapes
durability: for durable alignment, interleave safety data
throughout training rather than concentrating it at the

end.
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