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Context & Motivation

e Local Difterential Privacy (LDP) allows users to privatize data before sharing

 Widely deployed in large-scale systems (e.g., frequency monitoring in Big Tech)

e State-of-the-art LDP frequency estimation protocols are:  User value M i
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_* No unified evaluation of privacy-utility-attackability trade-offs y
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Our New Perspective for LDP Protocol Analysis o, PveeyBudget)
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From Analysis to Joint Optimization (ASR-MSE)
Insight: Some protocols have tunable parameters — we can re-optimize them analytically
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e Protocol design becomes a controllable trade-off, not a fixed choice Variance (MSE) y
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Results & Takeaways
e Standard protocols become adaptive via parameter tuning (ASS, AUE, ALH, ATHE)
e Our adaptive protocols strictly dominate standard protocols on the Pareto frontier
e Our framework naturally extends to other risks (e.g., data poisoning)
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