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Takeaway 1. In continual distillation, loss can fall while performance crashes then recovers; We term this

phenomenon Imitation Shock.
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Takeaway 2. Pre-bottleneck updates are not
necessary for effective continual distillation;
keeping only post-bottleneck updates works

better.

Table 1. Recovering-residual transfer extracted from the Imita-

tion Bottleneck. AAvg denotes the average perfor

nance change

relative to the BASE model. Standard distillation leads to degrada-
tion, while retaining only the post-bottleneck updates converts the

drop 1nto consistent gains.
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4. Main Results
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Takeaway 3. Direct continual distillation fails not
because reasoning is absent, but because it is
systematically delayed by imitation anchors.

Takeaway 4. Effective continual distillation

Model
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(a) ALoss on other tokens

requires clearing the optimization path for yet-to-
learn tokens.
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Figure 5. One-step intervention on Imitation-Anchor Tokens.
Panel (a) reports A Lomer after one gradient step that optimizes only
anchor tokens at each checkpoint. Panel (b) shows the correspond-
ing anchor-token loss Lanchor at that checkpoint.




