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[ Abstract] Machine learning models can be trained on a large amount of data collected from different sources, thereby
improving the prediction accuracy. However, data collection between different organizations causes privacy issues. The
Federated Artificial intelligence Technology Enabler (FATE) Federated Transfer Learning (FTL) is a secure machine learning
framework based on homomorphic encryption.However, the convergence speed is relatively low owing to the computational
efficiency of homomorphic encryption.Incthis\study, a secure multiparty computation scheme for matrix computation based
on Oblivious Transfer(OT) protocol is proposed to design a two-party machine-learning scheme to construct a more efficient
FATE FTL.In addition, the communication consumption caused by the OT protocol is reduced via OT extension and batch
processing. The performance analysis\shows that the scheme ensures security, privacy preservation, and scalability in practical
applications.On the other hand, the convergence time of the proposed scheme is approximately 25% better than that FATE
FTL framework based on a homomorphic encryption scheme in a local-area network environment. As the feature dimension
of the data samples increases, the advantage of the convergence speed of this scheme can remain stable, proving that this
scheme has a practical application significance.

[ Key words] Federated Transfer Learning( FTL) ; secure multiparty computation ; secret sharing ; Oblivious Transfer(OT)
protocol; homomorphic encryption
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scheme and FATE federated transfer learning scheme
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Fig.3 Convergence time of federated transfer learning
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under different feature dimensions
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