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Background on Empirical Risk Minimization

Given the following convex objective function:
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Background on Ditferential Privacy

A randomized mechanismMis (e, §)-DP if for two neighbouring datasets D and D’
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Example: Logistic Regression
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Background on Multi-Party Computation

Input of P1 1s not | Input of P2 1s not

revealed to P2 revealed to P1
Secure

Computation

l

{-‘ = 7(, )X\)



Diftterential Private Solutions for Single Party Setting
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Diftterential Private Solutions for Single Party Setting
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Multi-Party Setting: Output Perturbation




Multi-Party Setting: Output Perturbation

Noise Required
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Multi-Party Setting: Output Perturbation 2
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Improved Output Perturbation

Noise Required
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Multi-Party Setting: Gradient Perturbation
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Improved Gradient Perturbation
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KDDCup99 Dataset - Classification Task
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Relative Accuracy Loss

KDDCup99 Dataset - Classification Task
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KDDCup98 Dataset - Regression Task
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Key Conclusion

Generating noise inside MPC and adding 1t after secure aggregation

allows reducing the required noise in multi-party setting.

Shown via two instantiations of Ditferential Privacy:

1. Output Perturbation
2. Gradient Perturbation



Source Code

https://github.com/bargavj/distributed MachinelL.earning
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