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In many fundamental machine learning problems, the Euclidean distances between data
points do not represent the desired topology that we are trying to capture. Kernel methods
address this problem by mapping the points into new spaces where Euclidean distances may
be more useful. An alternative approach is to construct a Mahalanobis distance (quadratic
Gaussian metric) over the input space and use it in place of Euclidean distances. This
approach can be equivalently interpreted as a linear transformation of the original inputs,
followed by Euclidean distance in the projected space. This approach has attracted a lot of
recent interest [2, 3, 4, 5].

Some of the proposed algorithms are iterative and computationally expensive. In this
paper, We propose a closed-form solution to one algorithm that previously required expen-
sive semidefinite optimization. We provide a new problem setup in which the algorithm
performs better or as well as some standard methods, but without the computational com-
plexity. Furthermore, we show a strong relationship between these methods and the Fisher
Discriminant Analysis (FDA)[1]. We also extend the approach by kernelizing it, allowing for
non-linear transformations of the metric.
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