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Not All Routing Drift Is Harmful: Trust-Region Projection for Class-Incremental Learning

Motivation
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Setting: class-incremental learning with router-
selected adapters on a frozen backbone
Routing drift: expert switching for the same
input over tasks, a cause of forgetting
Limitation of prior work: freezing or ignoring all
drift alike

Open question: whether all routing drift is
harmful

Contribution

Instance-level analysis: forgetting concentrated
in high-drift inputs

TRPR: selective correction of only excessive drift,
with a provable KL bound

Consistent gains: up to +3.06%p accuracy and
-2.48%p forgetting over 9 PEFT baselines on 4
CIL benchmarks

When Does Routing Drift Hurt?
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Setup: Task-1 inputs split by drift size, routing restored per
instance or per class

Result: loss concentrated in high-drift inputs, nearly recovered by
class-level restoration

Insight: correction of only large drift, toward class-level references

Overview of Trust-Region Projected Routing (TRPR)
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* Class reference bank: per-class routing anchor, EMA-updated,
retrieved by nearest class

* Trust-region projection: small drift kept, large drift projected

* Instance-adaptive path: per-sample flexibility via a learned gate

Experiments
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* Main results: highest accuracy and lowest forgetting in all 6 settings

* More results: gains on 50-task streams and over 5 mitigation methods

Routing stability: suppressed routing drift
across tasks with TRPR
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