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Classical associative memories, beginning with Hopfield’s construction [1], store vector-valued patterns and
retrieve them by descending an energy landscape whose local minima encode the memories. In many contem-
porary settings, however, information is more naturally represented by probability measures: weighted point
clouds, histograms, particle approximations of distributions, or multimodal feature sets. Extending associative
memory from vectors to measures requires a geometric framework capable of handling both displacement of
mass and redistribution of weights.

We develop a measure-valued dense associative memory based on the Sinkhorn divergence [2], an entropi-
cally regularized optimal transport metric well suited to discrete measures. Retrieval is defined by minimizing
a log-sum-exp energy over stored patterns, producing a high-capacity soft-min landscape analogous to modern
Hopfield models but intrinsically adapted to distributional data. Rather than prescribing an update rule heuris-
tically, we derive the retrieval dynamics from geometry. The space of probability measures is equipped with the
spherical Hellinger-Kantorovich structure [3], which combines transport and reaction mechanisms. The induced
gradient flow yields a deterministic evolution in which support points move according to barycentric projections
of entropic optimal transport plans, while weights evolve through a multiplicative, mass-preserving rebalancing.
For empirical measures this reduces to a coupled particle system, entirely intrinsic to measure space.

Under natural margin and regularity conditions, we establish rigorous retrieval guarantees. In particular,
we prove that Sinkhorn neighborhoods around stored patterns are invariant under the dynamics and that the
gradient flow converges geometrically to a unique local minimizer within each basin. Moreover, under a high-
dimensional random pattern model, these basins are pairwise disjoint with high probability when the number
of stored patterns grows exponentially with the ambient dimension, yielding exponential storage capacity. The
limiting state remains exponentially close to the corresponding stored pattern, ensuring faithful recall.

Numerical experiments on synthetic point-cloud memories illustrate the robustness of the approach. In
regimes where Euclidean similarity becomes ambiguous but distributional geometry remains discriminative, the
proposed Sinkhorn-based dynamics succeeds in recovering the correct pattern while Euclidean Hopfield-type
baselines fail.

This work connects dense associative memory, entropic optimal transport, and Hellinger-Kantorovich ge-
ometry, providing a geometrically principled retrieval mechanism for measure-valued data and highlighting the
role of metric structure in high-dimensional memory models.
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