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- VX'st. d(X,X') = 1and user j’s data changes, j € [n], we have
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Distinction from standard DP jpmnsio61; Under Joint DP,
A’s output for user i can depend arbitrarily on i’s input.

Consequence: Better personalized recommendations!
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First non-trivial generalization error guarantees with Joint DP
— FW rank-1 updates = Non-trivial utility via DP

Local update rule for (¢t + 1)5 iteration:
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