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Abstract Hyperbolic machine learning is gaining attention for its ability to represent hierarchical structures ef-
fectively. While hyperbolic kernel methods show promise in tasks like few-shot classification, they often suffer from
high computational costs. To address this, we propose Randomized Helgason-Fourier Features, extending the stan-
dard Randomized Fourier Features to hyperbolic space using Helgason’ s harmonic analysis of symmetric spaces [1].
We validated the proposed method through experiments on graph node classification and latent variable models,
demonstrating its effectiveness in reducing computational complexity while maintaining performance.
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FER7Z VD VIRET N TERINLFIETH L0, A1k
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GP-LVM B XUOREFETE R VAL EF L ETALEIT- 7.

REFE

Hyperboloid hGP-LVM
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