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Aggregating Differentially Private Weak Learners
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When the dataset is distributed over a number of organizations, one can
expect the improvement of data analysis by sharing the dataset each other.
However, if the dataset consists of personal information, data sharing proce-
dures must be performed under privacy-preserving constraints.

Recently, differentially private algorithms for some statistical learning prob-
lems, such as empirical risk minimization, have been considered by several au-
thors. In this work, we introduce a general framework for exponential weighting
aggregation (EWA) of differentially private weak learners. This framework al-
lows us to learn effectively from distributed dataset without leakage of personal
information. Especially in the case of the binary classification problem, we
evaluate the effectiveness of our approach on synthetic and real dataset.
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Fig.2 Framework for aggregation of private weak learners. Each organization m train a differentially
private learner f(m) on its local data D{™) and disclose them each other. Then an organi-
zation mo combines the weak learners using its local data D and obtains an aggregated

learner fagg.
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Fig.3 Average accuracies on synthetic data with n = 5,000 and M + 1 = 100.
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