






















the two methods. We have also illustrated the behavior
of the methods for different numbers of projection
samples in Figure 8 when a projection dimensionality
of 5 was used. These results also show that while space
sampling was better in this case, the mixture method
continued to provide very robust results. These results
show that even in the contrived cases in which space
sampling is superior, the mixture method continues to
provide robust results.

4 Conclusions and Summary

In this paper, we presented methods for using point
sampled random projections for dimensionality reduc-
tion. Our results show that point sampled random pro-
jections can perform the dimensionality reduction effec-
tively when the underlying data has low implicit dimen-
sionality compared to the full set of dimensions. We also
provide theoretical results which show that point sam-
pled random projections are very effective at preserving
the underlying variance of the data. The point sampled
dimensionality reduction is not only more accurate, but
can significantly improve the efficiency of the reduction
process by requiring a number of projections which are
orders of magnitude fewer. In addition, the point sam-
pled random projection process can achieve qualitative
results which cannot be achieved by a practical num-
ber of iterations in the space sampled random projec-
tion process. We also present empirical results which
show the effects of the underlying implicit dimension-
ality on the relative effectiveness of point sampled and
space sampled random projections. The results show
that the relative effectiveness of the point sampled ran-
dom projection process is particularly high when the
implicit dimensionality of the data is low compared to
the full dimensionality. Even in pathological cases, in
which the space sampling method has an advantage,
we discussed the robustness of using a mixture of point
and space sampled random projections for dimension-
ality reduction. This mixture typically provides results
which are competitive with the best of the two methods
across a wide spectrum of data sets.
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