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Few-shot Learning Based on Density —weighted
Prototypical Network

HUA Chao,LIU Xiang-yang
('School of Science, Hohai University ,Nanjing 211100, China)

Abstract; Few—shot learning mainly studies fast learning and induction from a small number of samples, and the prototype network
proposes a solution to this problem. The prototypical network algorithm embeds the samples into the low—dimensional space through the
network framework. In the low —dimensional space, the sample mean of each category from the support set is used as the respective
prototype,and the distance between the query set sample and the prototype of each category is calculated,and then the loss function is ob-
tained. The network framework is optimized by iterating and updating the loss function, so that the intra—class difference in the sample
through the network framework become smaller and the inter—class difference become larger. In the process of calculating the prototype
of each category, the prototype network uses the sample average of each category as its own prototype. Since the number of samples in
each category is small, there will be uncertainty when calculating the prototype. When there are outliers in the sample, the calculated
prototype will deviate from the real prototype. When judging which category the new sample belongs to,it is easy to produce errors. In
response to this problem,we propose a density—weighted algorithm, which uses a density—weighted algorithm to calculate the density of
samples in each category,to assign larger weights to samples with high density,and to assign smaller weights to samples with low density
to alleviate the above shortcomings. The 5-way 5-shot and 20-way 5-shot experiments are set on the minilmageNet dataset. The results
show that the proposed density—weighted prototype network has improved recognition accuracy compared to the prototype network algo-
rithm.
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