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ABSTRACT
Many AI applications need to process huge amounts of sensitive
information for model training, evaluation, and real-world integra-
tion. These tasks include facial recognition, speaker recognition,
text processing, and genomic data analysis. Unfortunately, one of
the following two scenarios occur when training models to perform
the aforementioned tasks: either models end up being trained on
sensitive user information, making them vulnerable to malicious
actors, or their evaluations are not representative of their abilities
since the scope of the test set is limited. In some cases, the models
never get created in the first place.

There are a number of approaches that can be integrated into AI
algorithms in order to maintain various levels of privacy. Namely,
differential privacy, secure multi-party computation, homomorphic
encryption, federated learning, secure enclaves, and automatic data
de-identification. We will briefly explain each of these methods and
describe the scenarios in which they would be most appropriate.

Recently, several of these methods have been applied to ma-
chine learning models. We will cover some of the most interesting
examples of privacy-preserving ML, including the integration of
differential privacy with neural networks to avoid unwanted infer-
ences from being made of a network’s training data. We will also
discuss the work we have done on privacy-preserving language
modeling and on training neural networks on obfuscated data.

Finally, we will discuss how the privacy-preserving machine
learning approaches that have been proposed so far would need to
be combined in order to achieve perfectly privacy-preserving ML.
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