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Functional Representation

Permutation invariance
Flexible capacity

Within-context and context-target interaction

Encoders with Iterative Structure

Learning to update representation with feedback
is easier than learning representation directly

lterative structure may be a good inductive bias
for “the model of learning”. (Learning algorithms
are often iterative, such as gradient descent)
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MetaFun lteration

Local update funcion:
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Functional Representation MetaFun Iteration

Local update funcion:

Permutation invariance  {/ ( ®(x;))
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Both the within-context interaction and the interaction
between context and target are considered when
updating the representation at each iteration.
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Regression:
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Local update funcion:
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Classification:
With structure similar to

[3 (cross entropy loss)] T
0 (predictive logit k) lk=1:K

Incorporate label information into the
network structure rather than concatenating
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Naturally integrate within-class and
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1D Sinusoid Regression Tasks

MAML.:
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Smooth updates and
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We demonstrates that encoder-decoder style meta-learning methods like conditional neural processes

can also also achieves SOTA on large-scale few-shot classification benchmarks.
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Large-Scale Few-shot Classification

We demonstrates that encoder-decoder style meta-learning methods like conditional neural processes
can also also achieves SOTA on large-scale few-shot classification benchmarks.
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