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We consider machine learning tasks with low-rank functional tensor networks (FTN) as the learning model.
Since the seminal work by Stoudenmire and Schwab [2], FTNs have received increasing attention, see e.g. the
recent works [3, 4]. While in the case of least squares regression, low-rank FTNs can be efficiently optimized
using alternating optimization, this is not directly possible in other problems, such as multinomial logistic
regression. We propose a Riemannian natural gradient descent type approach applicable to arbitrary losses
which is based on the natural gradient by Amari [1]. In particular, the search direction obtained by the natural
gradient is independent of the choice of basis of the underlying functional tensor product space. Our framework
applies to both the factorized and manifold-based approach for representing the FTN. For practical application,
we propose a hierarchy of efficient approximations to the true natural gradient for computing the updates in the
parameter space. Our numerical experiments confirm our theoretical findings on common classification datasets
and show that using natural gradient descent considerably improves convergence behavior when compared to
standard Riemannian gradient methods.
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