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1. Computer vision (CV) Proposed Simulation Techniques
2. Natural Ianguage processing (NLP) RF channel are combined in dataset.  As % B increases, accuracy increases.

InSta nce-based tra nSfer Iea rnin Two .Cities ex.?.mined: . . . Training speed of 100% A -> B in different proportion
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location C location D i, B et l 1. Assign a set of learning rate (LR) for used channels in each location
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location . . .
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 Experiments verify the performance
 Useful when time and data are scarce
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The knowledge gained from Beijing (City A) can transfer to Philadelphia (City B).



