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Joint dimensionality reduction and dictionary learning
on symmetric positive definite matrices

HIrROYUKI KAsA1T!:?)

Abstract: Sparse representation based classification with dictionary learning from the training data has
lead to promising results in many computer vision task. Dimensionality reduction also makes the computa-
tional cost lower and highlights the buried discriminative feature of high-dimensional data. However, data of
interest are sometimes not characterized by simple vector features, and often originate from a manifold. One
representative of them is symmetric positive definite (SPD) matrices that have been widely used in many
computer vision tasks. In this paper, we propose a Riemannian joint dimensionality reduction and dictio-
nary learning on SPD matrices for classification tasks. The joint learning considers the interaction between
dimensionality reduction and dictionary learning procedures by connecting them into a unified framework.
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