














costs and memory requirement of many dimensionality re-
duction algorithms including PCA, Isomap, and LTSA,
while at the same time it gives low-dimensional represefi4l

geometric framework for nonlinear dimensionality reduction.
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tations/parameterizations as accurate as those based on theLAB toolbox for term-document matrix generation. In I. S.

original datasets. DPDR can be widely applied to many data
analysis problems where the number of data points is much
smaller than the number of features.
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