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Privacy in Machine Learning

• ML models are trained on sensitive data

• Main focus is performance

‣ Largely overlooked
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Towards a Data Independent Attack
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Srivastava, Nitish, et al. ”Dropout: a simple way to prevent neural networks from
overfitting”, JMLR 2014
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Thank you for your attention! 
Questions? 

ahmed.salem@cispa.saarland 
https://ahmedsalem2.github.io/ 

@AhmedGaSalem

https://ahmedsalem2.github.io/

