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Application on Supervised Learning: Few-shot Learning
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Popular Approaches

Optimization-based
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Optimization-based: MAML o leaming/adaptation
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Algorithm 1 Model-Agnostic Meta-Learning o
Require: p(7): distribution over tasks T b
Require: «, 3: step size hyperparameters :

1: randomly initialize 6
2: while not done do Algorithm 2 Generic First-order Model-agnostic Meta-learning algorithm
3: Sample batch of tasks 7; ~ p(T) Require: p(7) : Distribution over tasks

: , Require: «, 3 : step hyper-parameters
4: for all 7; do . Initialisation : Random 6
5: rEvaluate VoLt (fg) with respect to K examplesj 1: fori=1,2..n do
6: Compute adapted parameters with gradient de-| 2:  sample tasks 7; ~ p(7)

£ 0, L 0 - V ,C, (f ) Inner Loo 3. for all T; do .
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. 6: end for
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9: end while \ / 8: end for
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Bi-level Optimization First-order Version

I\ModeI—Agnostic Meta-Learning for Fast Adaptation of Deep Networks. https://arxiv.org/abs/1703.03400. ICML 2017.
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Optimization-based: Reptile

Algorithm 1 Reptile (serial version)

Initialize ¢, the vector of initial parameters

for iteration = 1,2,... do
Sample task 7, corresponding to loss L, on weight vectors ¢
Compute ¢ = U*(¢), denoting k steps of SGD or Adam
Update ¢ + ¢ —I—(G@— gb))

end for
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On First-Order Meta-Learning Algorithms. https://arxiv.org/abs/1803.02999. 2018.
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Metric-based: Matching Networks

Matching Networks for One Shot Learning. https://arxiv.org/abs/1606.04080. NIPS 2016.
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Metric-based: Prototypical Networks

Prototypical Networks for Few-shot Learning. https://arxiv.org/abs/1703.05175. NIPS 2017.
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How to Enhance Metric-based Methods

® Feature Extractor
® Prototypes
® Distance Computing

* Additional information (Cross-modal)



Metric-based: TADAM
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TADAM: Task dependent adaptive metric for improved few-shot learning. https://arxiv.org/abs/1805.10123. NIPS 2018.



https://arxiv.org/abs/1805.10123

Metric-based: EPNet
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Embedding Propagation: Smoother Manifold for Few-Shot Classification. https://arxiv.org/abs/2003.04151. ECCV 2020.
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Metric-based: Negative-Margin Softmax Loss
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Negative Margin Matters: Understanding Margin in Few-shot Classification. https://arxiv.org/abs/2003.12060. ECCV 2020.
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Metric-based: FRN
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Few-Shot Classification with Feature Map Reconstruction Networks. https://arxiv.org/abs/2012.01506. CVPR 2021.
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Metric-based: DeepEMD
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Earth Mover’s Distance

DeepEMD: Differentiable Earth Mover's Distance for Few-Shot Learning. https://arxiv.org/abs/2003.06777. CVPR 2020.
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Metric-based: AM3
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Adaptive Cross-Modal Few-5Shot Learning. https://arxiv.org/abs/1902.07104. NIPS 20109.
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Metric-based: TRAML

Task-Relevant Margin Generator
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Boosting Few-Shot Learning With Adaptive Margin Loss. https://arxiv.org/abs/2005.13826. CVPR 2020.
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Metric-based: OTAM (Video Classification)
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Few-Shot Video Classification via Temporal Alignment. https://arxiv.org/abs/1906.11415. CVPR 2020.
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