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Federated visualization: a new model
for privacy-preserving visualization
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Abstract: The concept, architecture, methods and applications of federated visualization were introduced. The federated
visualization framework is capable of encrypting and training a visual model that reflect the characteristics of the entire
data for specific tasks and scenarios. The federated visualization framework is an extension and application of federated
learning, which emphasized using mutual benefit and win-win federal cooperation to visually analyze multi-source data

under the premise of ensuring data privacy, towards breaking down data barriers in various fields and industries and rea-
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lizing the sharing of data and knowledge.
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