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Conclusion

FLRML and M-FLRML can better employ low-rank constraints to further reduce the complexity and 

matrix size, based on which optimization is efficiently conducted on Stiefel manifold. This enables 

FLRML and M-FLRML to achieve good accuracy and faster speed on large numbers of high-

dimensional data.

Experiment

Table 3: Mini-batch FLRML compared with 3 metric learning methods without SVD preprocessing. 

Left: classification accuracy. Right: training time (seconds).

* M: out of memory. E: fail to converge.

Table 2: FLRML compared with 6 metric learning methods with SVD preprocessing. 

Left: classification accuracy. Right: training time (seconds).

* M: out of memory.

Table 1: The dimensions and number of samples of the datasets used in the experiment.

Introduction

Low-rank metric learning aims to learn better discrimination of data and reduces the time cost and 

memory usage in metric learning. However, it is still a challenge for current methods to handle 

datasets with both high dimensions and large numbers of samples. To address this issue, we present 

a novel fast low-rank metric learning (FLRML) method. FLRML significantly reduces the complexity 

and memory usage in optimization, which makes the method scalable to both high dimensions and 

large numbers of samples.

4. Mini-batch version of the algorithm is proposed to further reduce the memory usage and speed up 

the calculation, which makes the method scalable to larger datasets.

Method

Input: dataset , triplet constraints 

Output: so that  where 

1. Embedding the triplet constraints into matrices, and modeling the problem as an unconstrained 

optimization: , 

where

3. Converting the optimization of positive semidefinite matrices into optimization on the Stiefel

manifold： , where

By adding L2-norm for     , it will have a closed-form optimal solution     , so that     can be 

eliminated from the objective. The new objective can be efficiently optimized on the Stiefel manifold.

2. Reducing the size of involved matrices, while ensuring the existence of optimal solution in the 

reduced matrices：

where and are constant matrices, , 


