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1. Differential Privacy
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b) Guarantees 𝜖, 𝛿 differential privacy

𝑃 𝑔 𝐷1 ∈ 𝐵 ≤ 𝛿 + 𝑒𝜖𝑃 𝑔 𝐷2 ∈ 𝐵
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Our Mechanism

𝑔(𝐷) ∼ 𝐷𝑖𝑟(𝜎𝑚1, … , 𝜎𝑚𝑐)

1. Unbiased for CR estimation

2. 𝜎 controls privacy vs. distortion

3. Guaranteed 𝜖, 𝛿 Privacy unless 𝑚𝑖 are too low 



Asymptotic Behaviour

CR Estimation Differential Privacy

1. Asymptotic consistency.

2. Skewed class ratios are good

𝑒𝑟𝑟 ∝ 𝑚𝑎𝑥𝑠𝑖𝑛𝑔( ෠𝑃)

1. Asymptotic case has guaranteed privacy 
for any 𝜖, 𝛿.

2. Uniform class-ratios are good.



Allies or Enemies?



Privacy Trade-offs



Learning with Privacy
MNIST has higher number of classes
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Related Work
1. Series of negative results by Dinur&Nissim’03, Dwork et.al’07’08 in DB settings

2. Seminal work by Blum et.al.’08 gives positive result for learning settings
a) Perturbations maintaining fractional counts

b) Mechanism computationally infeasible

3. Dwork et.al.’09 formalizes the trade-offs between privacy, utility, computational feasibility



Summary

1. Showed in what sense privacy and learning may aid or 
may compete with each other

2. Explicit bounds involving the trade-offs

3. Motivates learning theoretic formalisms for other issues:
a) Fairness

b) Compactness

c) Robustness

d) Explainability

e) Causality

f) Tractability

Learning bounds highlighting trade-offs


