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• Goal : Aims to pull positive points closer than the potato-shaped 
region of acceptability (z-score) and push negative points out of the 
boundary.

• Contribution
• We propose a new ranking loss to learn discriminative embeddings on non-

Euclidean spaces exploiting the structure of non-linear embedding spaces. 
• We achieve new state-of-the-art performance on three popular benchmarks, 

reducing the intra-class distances and enlarging the inter-class distances for 
the learned features. 
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• Motivation 
• Riemannian Potato : Provides a measure of dispersion using the distribution 

of distances between covariance matrices and a reference matrix and rejects
epochs whose covariance matrices lie out of a region of acceptability defined 
by a z-score threshold. 
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• Riemannian Potato-based Ranking Loss (RPL) 
• A rank-based metric learning method for learning discriminative embeddings 
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• Public Datasets
• Emotion Recognition (DEAP, AFEW), Skeleton-based Human Action 

Recognition (HDM05)
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• The effect of RPL
• Batch size, Parameter 𝜆

Recall@1 results of different batch size on the 
three datasets (DEAP, AFEW, and HDM05). 

Recall@1 results of different λ on the three 
datasets (DEAP, AFEW, and HDM05). 
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• A rank-based metric learning method for learning discriminative 
embeddings 
• Given a query covariance matrix, our RPL splits its positive and negative sets 

and forces a margin between them on a SPD manifold.
• Non-trivial samples mining and negative examples weighting are exploited to 

make better use of all informative data points. 
• The proposed method achieves state-of-the-art performance, 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
• subject to noises from various artifacts, low signal-to-noise ratio (SNR) of 

sensors, and inter- and intra- subject variability.
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