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In this article, a new approach to the testing for independence between two random
objects is proposed. So far, a variety of independence tests have been developed, but
a challenge lies in the nonstandard nature of their asymptotic distributions under the
null of independence. The asymptotic null distributions generally depend on second-
order Wiener chaos, and obtaining p-values from such distributions is computationally
demanding.

To mitigate computational difficulties, the authors propose the random-lifter method.
Suppose that we are interested in testing independence between two random objects
X and Y. Also suppose that there is another random variable or a random lifter Z,
which is independent of (X,Y). A key idea for the random-lifter method is that test-
ing independence between X and Y is equivalent to testing independence between X

and (Y, Z). Due to independence between X and (Y, Z), the new dependence measure
involving nonparametric kernel weights of the random lifter Z takes the form of a de-
generate U-statistic. The martingale central limit theorem applies to the random-lifter
test statistic, which can be obtained through a suitable Studentization of this depen-
dence measure, and as a consequence, the test statistic has the standard normal limit
under the null. Accordingly, p-values can be obtained directly from the standard normal
table, and it is unnecessary to compute percentiles of asymptotic null distributions.

Moreover, it is demonstrated that the random-lifter test statistic has a minimax
property. Implementation details for this independence test including algorithms and
bandwidth selection are also discussed. Monte Carlo results indicate that the null
distribution of the test statistic can be well approximated by the standard normal
distribution for sample sizes of 500 or more, and that power properties of the proposed
test are comparable to those of existing independence tests. Masayuki Hirukawa
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