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Abstract: Objective Distance metric learning  which is task dependent is an essential research issue in machine learning
and image processing. As a usual preprocessing step for classification and recognition distance metric learning method
enhances the performance of machine learning methods such as clustering and k-nearest neighbor. This kind of method
aims to learn the underlying structure of distribution given the semantic similarity or labels of samples. The optimization goal

of distance metric learning is to shrink the distance between similar pairs and expand the distance between dissimilar pairs.
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With the development of machine learning many distance metric learning methods have been proposed and applied success—
fully. These methods use L2 distance to measure loss. However the 12 distance amplifies the influence of noise with the
square operation because of the unavoidable noise resulting from the complex application background. This situation may
make the observed dissimilar and similar pairs respectively appear to be further apart and closer than in fact which mis—
leads the learning. Thus the existence of noise leads to the poor performance of distance metric learning in machine learn—
ing and pattern recognition. Existing robust distance metric learning methods usually adopt L1 distance rather than 1.2 dis—
tance aiming to diminish the distance scale of pairs simultaneously and thus reduce the influence of noise. However by
adopting a kind of loss for similar and dissimilar pairs these methods neglect the different optimization directions between
intra—and interclasses. Therefore a robust distance metric learning algorithm based on L2/L1 loss with nongreedy solution
is proposed. This method adopts more discriminative loss and improves the recognition performance in the presence of fea—
ture noise. Method Based on marginal Fisher analysis ( MFA) method the proposed model adopts 1.2 and L1 distance to
measure the loss of similar pairs and dissimilar pairs respectively. In details it considers the influence of noise on intra—
class and interclass scatters separately. Affected by noise the observed similar pairs may be closer than the truth and the
observed dissimilar pairs may be further apart than the truth which may leads that the punishments on pairs is not enough.
Adopting [2/L1 loss 12 distance gives more punishments on similar samples than L1 distance does and L1 distance gives
more punishments on dissimilar samples than 1.2 distance does. However the model is nonconvex which is involved with
both minimization of L2 norm and maximization of the L1 norm. Hence the existing solution for trace ratio problems are not
suitable for the objective function. This makes the object difficult to solve thus a nongreedy solution is derived. First the
objective function which is a ratio is transformed into a difference of two convex functions during each iteration. This
process makes the object easy to solve. Then inspired by the idea of the difference of convex function algorithms ( DCA)
an iterative algorithm with nongreedy solution is derived to solve the object and a projection matrix is learned. Analyzing
the algorithm in fact an auxiliary function of the object is generated during the iteration which makes sure that the value
of objective function decreases. Lastly a theoretical analysis of the iterative algorithm is performed to ensure the conver—
gence of the proposal. Result Synthetic experiments are conducted on five UCI ( University of California Trrine) datasets
and seven face datasets with noise. The nearest neighbor classifier based on the learned matrix is used to compare the per—
formance of related methods. The proposed method outperforms other methods in terms of accuracy. First when 5%
15% 25% and 30% feature noise is added on five UCI datasets MFA-2/L1 achieves the best performance and exhibits
robustness against noise. In addition the accuracy of MFA-L2/L1 is 9% higher than the second-best method. Second
during the accuracy comparison with varying dimension of projection based on AR dataset the proposal beats MFA  which
validates that using the L1 loss for dissimilar pairs makes the proposal more discriminative. During the accuracy comparison
with varying dimensions of projection based on FEI dataset the proposal beats LDA-Ngl.1 ( non-greedy L1-norm liner dis—
criminant analysis) which validates that using the 1.2 loss for similar pairs makes the proposal more discriminative. Lastly
based on five face datasets with noise MFA-2/L1 behaves better than other methods in terms of robustness. Conclusion
This study proposes a robust distance metric learning method based on L2/L1 loss which adopts different losses for similar
pairs and dissimilar pairs respectively. To solve a nonconvex object the object is transformed into a difference of two con—
vex functions during each iteration. By virtue of the idea of DCA an iterative algorithm is derived which generates an aux—
iliary function decreasing the object. The convergence of the algorithm is guaranteed by a theoretical proof. Based on the
public datasets several series of experiments with different levels and types of synthetic noise are executed. Results on dif-
ferent datasets show that the proposal performs well and is robust to noise based on the experiment datasets. Future research
will focus on local distance metric learning in the presence of label noise because the label noise makes the observed distri—
bution deviate from the true distribution more than the feature noise does.

Key words: distance metric learning; robustness; non-greedy algorithm; marginal Fisher analysis ( MFA) ; classification

and recognition; 12/11 loss
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Fig.2  Accuracy on UCI dataset under different levels of noise
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