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We propose a rank-based metric learning method by
leveraging a concept of the Riemannian Potato for better
separating non-linear data. By exploring the geometric
properties of Riemannian manifolds, the proposed loss
function optimizes the measure of dispersion using the
distribution of Riemannian distances between a reference
sample and neighbors and builds a ranked list according to
the similarities. We show the proposed function can learn a
hypersphere for each class, preserving the similarity
structure inside it on Riemannian manifold. As a result,
compared with Euclidean distance-based metric, our
method can further jointly reduce the intra-class distances
and enlarge the inter-class distances for learned features,
consistently outperforming state-of-the-art methods on
three widely used non- linear datasets.

Abstract / Introduction

Riemannian Potato-based Ranking Loss (RPL)
§ Our goal is to pull positive points closer than the potato-

shaped region of acceptability (z-score) and push 
negative points out of the boundary. 
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Figure 1. Overview

Table 1. Comparison with the state-of-the-art methods 
on DEAP, AFEW, and HDM05..

Figure 2. Effect of the proposed RPL

Experimental Results

Motivation

Conclusion
We proposed a rank-based metric learning method for
learning discriminative embeddings and showed the
efficacy on classifying non-linear data, reducing the intra-
class distances and enlarging the inter-class distances for
learned features. Our next work will study the non-
stationary nature of brain activity as revealed by EEG,
which has been subject to noises from various artifacts, low
signal-to-noise ratio (SNR) of sensors, and inter- and intra-
subject variability.


