Linear-time Learning on Distributions with Approximate Kernel Embeddings
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Learning on Distributions Homogeneous Density Distances 3: Embedding RBF kernels on R” into R” Experiment: Image Classification
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We’'ll embed: {u =1 Illf()f% a@(ij) T on, ;::1 9004(7%) p)\j(uz)°
Distribution K | o dinto Lo(X)*M (based on [1]). Experiment: Scene Classification
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where p. g are densities on X .
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