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Motivation

Humans learn sequentially without forgetting.
Neural networks suffer from catastrophic forgetting.
Rehearsal-based methods help but are limited by buffer size.
Goal: Improve stability of model predictions over time.
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Key Idea: STAR

Introduce STAR: Stability-Inducing Parameter-space Regularization.
Promotes consistency of model outputs under worst-case local
parameter perturbations.
Plug-and-play with any rehearsal-based continual learning method.

Naive Training, no CL

Rehearsal CL
Rehearsal CL +
 STAR (ours)

Old Data Loss

New Data Loss
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How STAR Works

1 Identify correctly classified buffered samples.
2 Apply perturbation δ that maximizes KL divergence of outputs.
3 Use this worst-case δ to regularize training:

LSTAR = max
∥δ∥≤d

∑
(x,y)∈M∗

KL(qθ(x) ∥ qθ+δ(x))

4 Final objective:
L = LCL + λLSTAR
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Results Summary

STAR improves accuracy by up to 15% across methods and datasets.
Effective across buffer sizes and baselines (ER, DER++, ER-ACE,
X-DER).
Especially beneficial when buffer is small.
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Ablations and Insights

Gradient-based perturbations outperform random ones.
Using only buffer samples in the STAR loss is best.
Empirically validate that STAR reduces local-worst case change in
distribution
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Conclusion

STAR is a simple yet powerful regularization strategy for CL.
Enhances rehearsal-based methods without needing task boundaries.
Open-sourced: github.com/Gnomy17/STAR_CL
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