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Abstract: Recently, anew manifold learning algorithm, LTSA (local tangent space alignment), has been proposed.
It is efficient for many nonlinear dimension reduction problems but unfit for large data sets and newcome data. In
this paper, an improved algorithm called partitional local tangent space alignment (PLTSA) is presented, which is
based on VQPCA (vector quantization principal component analysis) and LTSA. In the algorithm, the sample space
is first divided into overlapping blocks using the X-Means algorithm. Then each block is projected to its local
tangent space to get local low-dimensional coordinates of the points in it. At last, the global low-dimensional
embedded manifold is obtained by local affine transformations. PLTSA is better than VQPCA in that it gives the
global coordinates of the data. It works on a much smaller optimization matrix than that of LTSA and leads to a
better-scaled algorithm. The algorithm also provides a set of transformations that allow to calculate the global
embedded coordinates of the newcome data. Experiments illustrate the validity of this algorithm.
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