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e Membership inference attack simpler
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e Membership inference attack simpler

e Overfitting iIs a common enemy

"YOU MUST UNLEARN WHAT Y(l\;li%HAVE LEARNT"
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e Membership inference attack simpler
e Overfitting iIs a common enemy

 Defenses against membership inference
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e Membership inference attack simpler
e Overfitting iIs a common enemy

 Defenses against membership inference Thank you for your attention!
Questions?

ahmed.salem@cispa.saarland

https://ahmedsalem?2.github.io/
@AhmedGaSalem
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