








via KPCA following the setting in [5]. Figures 2(a) and
(c) give the classification accuracy on ABALONE and
USPS, respectively. Figures 2(b) and (d) show the cor-
responding running time of KPCA (in log-scale), which
includes the time of running the factorization for our
method and of running the approximation for the Nystöm
method. From the figures, we make three observations.
First, compared to the regular KPCA using the full ker-
nel matrix, all our methods, one-level and two-level fac-
torization based on LS or KL, can reduce the wall-clock
time of running KPCA by hundreds of times while main-
taining the same level of accuracy. (Again, Figures 2(b)
and (d) are plotted in the log scale.) Second, the Nyström
method, which we intentionally forced to have almost the
same computational time as our methods, did not approx-
imate well to the regular KPCA, especially for ABALONE.
This means that more instances need to be sampled
for Nyström, which will increase its computational time.
Third, compared to one-level factorization, two-level fac-
torization indeed helps speeding up the KPCA, and still
enjoys a good approximation to the regular KPCA. For
our experiment, we also found that the factorization part
took up about 70% of the total running time, including
the time for conducting factorization and running kernel
machines. We thus believe that running KPCA on mul-
tiple smaller matrices in parallel can further reduce the
30% part of computational time (which is not reflected
in the figures).

5 Concluding Remarks
In this paper, we have presented the idea of Kronecker
factorization of the positive definite matrix to speed up
kernel machines. Specifically, we factorize a large-size
matrix A into two considerably smaller matrices B and
C, and we approximate A with the Kronecker product
of B and C. Our empirical studies showed that the
proposed method can substantially speed up KPCA while
maintaining high class-prediction accuracy. Please refer
to [9] for detailed mathematical derivations and also
the success of applying Kronecker factorization to GPs.
Our future research plans to parallelize our proposed
algorithms and apply the factorization recursively when
the matrix dimension is very large.
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Figure 3: Comparison of Speeding Up GPs. (a) and (c)
illustrate the test accuracy on Gaussian processes with
different approximate methods. (b) and (d) then illus-
trate the corresponding cpu time (in seconds) of running
factorization and GPs together. In each figure, from the
left to the right, the six bars represent the results by
running regular GPs (denoted as Regular in the legend),
GPs after a one-level factorization based on least square
error (LS (one-level)), GPs after a two-level factorization
based on least square error (LS (two-level)), GPs after a
one-level factorization based on KL divergence (KL (one-
level)), GPs after a two-level factorization based on KL
divergence (KL (two-level)), and GPs approximated by
the Nyström method (Nystrom).
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