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 Definition:

> Access to a base dataset of images in class set C

> Very small support set of images in class set C’

> The goal is to classify queries in C’

> C and C’ belong to the same domain

 Motivation for a new setting:

> In domain data (base dataset) can be scarce

> Does not take advantage of the large scale dataset available

Few-shot learning
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 New few-shot paradigm:

 Model pretrained on a large-scale dataset, with classifier on a prior class set 𝐶0

 Only few or zero examples per base class 𝐶

 3 stages:

 Domain adaptation (base class dataset)

 Novel classes adaptation (few-shot novel data)

 Classifying queries into novel classes 𝐶′

 Introduction of a simple attention mechanism that improves classification in this setting

Overview
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Base class training

 In case base class training data is available

 Copy of a pretrained network

 Fine-tuning of the few last layers with dense classification1

4 1Dense Classification and Implanting for Few-Shot Learning, Lifchitz et al., CVPR 2019
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Spatial Attention

 For each pixel of the feature map is computed a 

prediction on the prior classes 𝑪𝟎

 No ground truth (ground truth in 𝐶′)

 For each location we compute the entropy of 

the prediction

 Low entropy indicates  discriminative region

 High entropy  background

 Entropy is normalized to produce weights maps

 Pooling function is global weighted average

pooling (GwAP)

Novel classes images, overlaid with entropy-based spatial 

attention maps

5



Ce document et les informations qu’il contient sont la propriété de Safran. Ils ne doivent pas être copiés ni communiqués à un tiers sans l’autorisation préalable et écrite de Safran.

Novel class adaptation

 Original pretrained network used to produce attention weights

 Global average pooling is replaced by global weighted average pooling

 Same forward process at inference
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Results: CUB

 Effect of base training

 Very important for large domain gap

 Effect of novel class 

adaptation

 More significant for small base 

datasets

 Effect of spatial attention

 More significant for small base 

datasets

 Appears to be domain independent

 Attention and adaptation can

be combined for the best 

results
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Thank you for your attention
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