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Study on Similarity Learning with Weighted Sampling

LIU Xinvue
( Information and Engineering Faculty, Shanghai Maritime University, Shanghai 201306, China)

LIU Guang-zhong

Abstract A lot of classification algorithms get the similarity between samples according to their distance, Therefore. for
this kind of algorithms.the way for getting distance 1s very important, Studies in existing metric or similarity learning
algorithms find that most of the existing methods take use of random samples from training database for learning. This
sampling method gives an equal probability for every training samples to be used for metric learning, However, the dif-
ferent location results in different classification difficulty of samples, If those samples who are difficult classified could

be used more frequently in learning, while other samples arranged less learning time, the efficiency of learning will be
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improved, Reducing learning time 1s significant in Big-Data era,

Keywords Similarity measurement, Distance metric, Weighted sampling . Machine learning.k-NN, Boosting
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Pseudo-code of Weighting sample part in QOASIS

n=number of triplets

weights[ n|={ !

records| n|={0,0,0,,0};
lteration:
Repeat

At ith iteration.samples a triplet whose index is J;

Get loss value;
If loss ™0 then
records[j | =1;

else

weights[j:|=ﬂ;
end if
if i mod m== 0 then

err=weights % records;
err=min (0, 5,err);
ce=log((l—err}/err};
e=1{1/2) % ¢;
weights=weights, % (exp (¢ % records))”;
weights= weights/= (weights) ;
records/ n|=1{0,0,-,0};
end if

until Convergence or sumi weights}) == 0;
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