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Private Data Acquisition Mechanism

Central & Local Differential Privacy From Mechanism Design to Optimization

e Advances in Al = demand for data is increasing! e How (g;)’_, are endogenized?

e An algorithm &/ is (¢;);_,-centrally DP if: e We characterize the payment that satisfies IC & IR.

e Companies collect data in various ways: e A user’s privacy sensitivity: per unit cost of privacy loss.

- offering payments, e.g., Nielsen.

- collecting it as a - '

e Plugging it back, we simplify the optimization problem:
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