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The ability to identify useful features or representations of the input data that achieve low prediction
error on test data across multiple prediction tasks is widely regarded as central to the success of multitask
and representation learning. In practice, however, comparing representations is complicated by the choice of
downstream prediction tasks and by the scarcity of labeled test data for those tasks.

In this work, we introduce a class of prediction-based pseudometrics, termed the Uniform Kernel Prober
(UKP), for comparing features or representations learned by arbitrary statistical models when downstream
prediction tasks are modeled via kernel ridge regression. For a fixed choice of base kernel, the UKP pseudometric
provides a uniform bound on the difference in prediction error over an entire class of kernel ridge regression
tasks, without requiring access to task-specific test data. We show that UKP admits an exact characterization
as the operator norm (and, more generally, a Schatten-p norm) of the difference between regularized integral
operators associated with the pullback kernels induced by the representations.

The framework yields an exact invariance theory: UKP is invariant precisely under the class of transfor-
mations that leave the chosen kernel invariant, allowing inductive biases such as rotational or translational
symmetry to be encoded directly through kernel selection. Moreover, we prove that the UKP distance between
two representations vanishes if and only if their induced pullback kernels coincide almost everywhere, providing
a necessary and sufficient condition for representational equivalence in terms of prediction behavior.

From a statistical perspective, we construct a V-statistic estimator of the Hilbert-Schmidt (Schatten-2 norm)
version of UKP that requires only unlabeled input data and enjoys a parametric O(n’l/ %) convergence rate. Ex-
perimental results on synthetic regression tasks and deep neural network representations demonstrate that UKP
effectively discriminates between representations according to their generalization performance on downstream
kernel ridge regression problems.
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