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Deep neural networks extract powerful latent representations but lack explicit geometric structure for faithful
interpolation. Riemannian metric learning [3, 1, 2] addresses this by incorporating curvature, yet remains
fundamentally symmetric: dist(A, B) = dist(B,A). This symmetry fails to capture real-world directional
dynamics such as disease progression, where certain transitions are impossible (e.g., cognitive improvement in
Alzheimer’s disease).

We propose learning Finsler-Randers metrics [4] on latent manifolds to compute direction-dependent
geodesics. A Randers metric extends a Riemannian base metric G with a 1-form bias w : F.(v) = [[v|g(.) +
(w(2),v). This formulation induces locally separating hyperplanes that partition directions into preferred (low-
energy) and penalized (high-energy) trajectories. Geodesics naturally respect monotonic constraints encoded
in w while G ensures data manifold support.

Our lightweight algorithm operates on pre-extracted latent features by parametrizing wy(z) = po(2)po(2),
where ¢y encodes directional bias learned via a local hinge loss and py € [0, 1] weights asymmetry strength by
regressing local hyperplane accuracy. The metric adaptively reduces to Riemannian geometry in non-orientable
regions while maintaining asymmetry where sequential structure exists.

On Shepp-Logan phantom sequences modelling tumour evolution, Euclidean and Riemannian geodesics vio-
late monotonicity constraints—interpolated tumour sizes fluctuate non-monotonically. Finsler-Randers geodesics
enforce sequential consistency. When latent geometry lacks smoothness, asymmetric regularization alone suffices
to correct Euclidean geodesics, while Riemannian curvature corrections prove insufficient.

This work establishes that asymmetry, not curvature alone, is essential for respecting sequential con-
straints in latent interpolation. Applications span medical image analysis, time-series interpolation, and any
setting requiring interpolations consistent with monotonic processes.

Joint work with: Stéphanie Allassoniere.
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