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                                     Abstract
Trustworthy machine learning allows data privacy and a robust assessment of the uncertainty of predictions. Methods for quantifying uncertainty in deep learning have recently gained attention, while federated deep learning allows to utilize distributed data sources in a privacy-preserving manner. In this paper, we integrate several approaches for uncertainty quantification in federated deep learning. In particular, we show that prominent approaches such as MC-dropout and stochastic weight averaging Gaussian (SWAG) can be extended efficiently to federated setup. Moreover, we demonstrate that deep ensembles allow for natural integration in the federated learning framework. Our empirical evaluation confirms that a trustworthy uncertainty quantification on out-of-distribution data is possible in federated learning with little (SWAG) to no (MC-dropout, ensembles) additional communication. While all methods perform well in our empirical analysis and should serve as baselines in future developments in this field, deep ensembles and MC-dropout allow for better uncertainty based identification of out-of-distribution data and wrong classified data.
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                             Notes
	1.For simplicity we will write \(p(y|x^*, \theta )\) for \(p(Y=y|x^*, \theta )\) in the following.


	2.Sourcecode available at: https://github.com/FloLins/Approaches-to-Uncertainty-Quantification-in-Federated-Deep-Learning.


	3.Using dropout for regularization was necessary to reach a reasonable accuracy on CIFAR in our experiments. For comparison, results for the same setting without regularization can be found in the appendix in Table 6.
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A Appendix
A Appendix
The configuration for each experimental setup is summarized in Table 4. Furthermore the optimized learning rate for each individual setup is presented in Table 5.
Table 4. Hyperparameters used during the experiments.Full size table


Table 5. Learning rates used during the experiments.Full size table


Table 6. Performance of CIFAR-10 without dropout as regularisation .Full size table


Table 6 shows the results of CIFAR-10 when dropout was not applied as regularization method.
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