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BACKGROUND

Federated learning (FL) is a method of building collaborative
predictive models between clients without sharing any original
data. FL is actively used in privacy-sensitive domains such as
medicine and finance.

Challenges of FL:
* Low interpretability
* Low robustness to systemic bias between datasets.
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OUR SOLUTION

XxDISCO adapts interpretable “prototypical part learning” to an
FL setting, where each client learns which parts of its images are
most important for the task.
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In every communication round:
1. Each client k learns m local prototypes P;, = {pkj}}’l:l on

its dataset and sends them to the server.
2. The server aggregates and averages local prototypes to
obtain the global ones and sends them back to N clients.
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* Quantifying the privacy risk of Client = =.

sharing prototypes.

changes in presence of data bias.

 We hypothesize that with personalization layers, it would be
possible to identify and correct bias in federated learning in a

privacy-preserving way.



