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A tiger is a powerful big cat with a
distinctive coat of dark orange with
black stripes.
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Few-Shot Learning
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Classical deep supervised learning
Train data Test data

Bridge Beach Airplane Island

Test classes = Train classes
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Support Set

Query Set

Few-Shot Learning

Meta-Training Meta-Testing

Episode 1 Episode 2 Episode 1

- Support set = Train set.

* 1 Episode = 1 classification problem
- Query set = Test set.

* Train— Known classes; Test — Novel classes.




Introduction

Few-Shot Learning

+ Focused only on visual information.

* Zhang et al.[1] proposed a pre-training step + cosine distance metric.
* Cheng et al.[2] proposed a Siamese-prototype network (SPNet) with prototype
self-calibration (SC) and intercalibration (1C).



Introduction

Few-Shot Learning

+ Focused only on visual information.

— Semantic knowledge.

Text[3] Attributes Knowledge Graph[4]
Polar b
A tiger is a powerful big ﬁ ho
cat with a distinctive coat o
A White: yes
of dark orange with black Brown: o
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Introduction

Objectives:

* Few-shot Remote Sensing Scene Classification.

* Semantic knowledge: class hierarchy.
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3-way 5-shot

Prediction probability:

exp(—d(fo(xq), p9)
Y oec, exp(—d(fo(xg), p))

pCD(}’q = Clxq) =
Function to be optimized:
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A Hierarchical Prototypical Network for FSIC
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Class hierarchy
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Experiments




* 5-way 5-shot classification.

* Remote sensing dataset (NWPU-RESISC45):

® 45 classes.
¢ Feature extractor: ResNet12.

¢ Evaluation metrics:
* Accuracy per level.

* Hierarchical precision:

11



Results

Table 1: 5-shot classification results computed on the test set of the NWPU-RESISC45 dataset
at different levels of the class hierarchy.

Method hyp-param overall acc L3-acc L2-acc hp

ProtoNet [5] / 83.76 £0.13 84.80 +0.04 85.62+0.09 84.72+0.08
c-ProtoNet [1] 10 80.21+£0.59 82.11+1.80 84.81+4.08 82.38+2.16
Soft-labels [6] 4 84.22+0.25 85.35+0.23 86.19+0.23 85.25+0.23
h-ProtoNet (ours) 0.5 84.90+0.25 86.01+0.22 86.72+0.23 85.88+0.22
h-ProtoNet (ours) 1 85.11+0.23 86.10+0.22 86.81+0.22 86.01+0.21
h-ProtoNet (ours) 2 84.95+0.23 85.93 +£0.22 86.65 +0.20 85.85+0.22

12
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