M\Eﬁf G ooale Matching Feature Sets for Few-Shot Image Classification
£ g Arman Afrasiyabi*®, Hugo Larochelle®', Jean-Francois Lalonde*, Christian Gagné*'®
ra nstitt @ Mil *Université Laval, °Google Brain, 'Canada CIFAR Al Chair, *Mila

l ntelligence ges/ IVIlIA https://lvsn.github.io/SetFeat/

JUNE
GV P H 19-24
2022

NEW ORLEANS - LOUISIANA

et données 0 \/

EVALUATIONS ABLATIONS

SET-TO-SET METRICS

e SetFeat first extracts sets of features

SETFEAT

e it is common practice to extract a single feature

. , e MinilmagelNet evaluations of SetFeat4 results in
vector per input 1image

+2.03% improvement in 1-shot

e Mapper configurations. different ways of embed-

e then, we need a set-to-set metric to compare the ding ten mappers throughout the backbone

feature set of the query with the feature sets cor-
responding to each instance of the support set of

e 515 N each class Method Backbone 1-shot S-shot SetFeatd-64  SetFeat4-512

e we propose set-feature extractor (SetFeat) to rep-
resent images as sets of feature vectors

Table 1. Evaluation on minilmageNet in 5-way. Bold/blue is
best/second, and + is the 95% confidence intervals in 600 episodes.

Table 4. Ablation of different mapper-level combinations using
minilmageNet. The results are validation accuracy with min-sum.

single feature vector
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 we take inspiration from Feature Pyramid Net-

a) Three baseline methods b) Set matching (ours)

e TieredImageNet evaluation of SetFeatl2 results

Table 6. Ablation of top-m mapper in the min-sum metric using
SetFeat4 and SetFeat12* on CUB. The results are validation set.

works to learn a richer feature space e Match-sum aggregates the distance between in +1.42% impr ovement in 1-shot SetFeatd SetFeat12*
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e for attention map, we first compute

3,, = Softmax (q(me\H%)k(mews@)T/m> ’

e illustration of our set-to-set metric

S [ SetFeat s ey SetFeat S [ SetFeat
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e CUB evaluation of SetFeat4 results in +1.83% im-

provement in 1-shot

Table 3. Fine-grained evaluation using CUB in 5-way. = is the
95% confidence intervals on 600 episodes( *taken from [54]).
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