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Abstract: To reduce the dimension of the nonlinear high-dimensional data in the big data environment, a
parallel ISOMAP algorithm based on Spark is proposed, where a Spark-based parallel block Davidson
method is designed and implemented to quickly solve eigenvalues and eigenvectors of the large scale
matrices. Simultaneously, a row-block matrix multiplication strategy based on RDD partition is proposed
for the difficulty of computation and transmission of the large scale matrices, which converts the matrix
rows in each partition into block matrices. The row-block matrices are not restricted by the map operator
to RDD calculation one by one, and can treat operations at the matrix level by using linear algebraic
Library in Spark. The experimental results show that the row-block matrix multiplication strategy
effectively improves the efficiency of matrix operations; the parallel block Davidson method can quickly

solve the eigenvalues and eigenvectors of the large scale matrices and effectively improve the performance
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of parallel ISOMAP algorithm; and the parallel ISOMAP algorithm can adapt to dimensionality reduction

in the big data environment.
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Tab.4 Comparison of run time of parallel block Davidson

method on Swiss Roll dataset for two environments (s)
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Tab.5 Comparison of run time of parallel block Davidson

method on S-curve dataset for two environments (s)
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Tab. 6 Execution time of parallel ISOMAP

on Swiss Roll for two cases (s)
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Tab.7 Execution time of parallel ISOMAP

on S-curve for two cases (s)
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