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Federated learning optimization algorithm for industrial entity extraction
FU Shengze

(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract; Artificial Intelligence ( AI) technologies have been widely used with great success in the industrial, healthcare and
financial sectors. The industrial entity extraction task is a key part of achieving digital transformation in the industrial sector, yet its
realization often requires the support of a large amount of data, which is often distributed among various institutions or organizations.
All industries generate huge amounts of valuable data, but in actual application scenarios, security, privacy, laws and regulations,
and industry competition often lead to the formation of so—called " data silos" where data cannot be shared. To address this problem,
Federated Learning provides a solution that can effectively solve the problem of data silos, but Federated Learning is still facing a
number of problems and challenges, the most typical of which is the problem of data heterogeneity. Aiming at the data silo problem
existing in various industries and the data heterogeneity problem of federated learning itself, this paper studies the heterogeneity
problem of federated learning with the entity extraction task in the industrial domain as the object, proposes a federated learning
algorithm FedAmend based on local correction from the perspective of local optimization, improves the performance of this federated
learning framework in the face of the non-independent and homogeneous distribution of the data in the industrial domain and verifies
the performance of this federated learning algorithm on industrial equipment failure data of an automobile group. The feasibility of
FedAmend is verified on the industrial equipment failure data of an automobile group.
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