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INTRODUCTION Semi-supervision in Inner and Outer Loop

 Unlabeled examples could also be used to boost the
performance in semi-supervised learning. Similarly can
we use unlabeled information in semi-supervised few
shot learning (SSFSL)?

 Current SSFSL: 1) transfer-learning based (pretrained
features); 2) meta-learning based.

for each task 7; = {S,. Q,;.U;},7 € [b] do
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for each inner step ¢ do
Pu,; < o0i(U;)
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 Submodular information measures have been used as
acquisition functions for active learning in scenarios
with class imbalance, redundancy and OOD data.
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inner loop

<~

1 b
mgn 3 Zl Ll(¢z, Qz) + ToutLu(¢i; Af)

Inner loop SMI selection using ¢;

<~

* |n this work, we propose PLATINUM (semi-suPervised .
E Qsz — Alg(e; Sz U .Azs) — a,rgmine Ll(H; SZ) -+ TinLu(e; Af)

model Agnostic meTa learning usiNg sUbmodular
Mutual information), a novel semi-supervised model
agnostic meta learning framework that uses the
submodular mutual information (SMI) functions to
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CONCLUSIONS

For a specific task T;, in each inner loop and outer loop gradient update step, we select a subset from the

MOTIVATION and SETUP . : : :
BRI TS | ..o sc: by moximining the per-class SMI function. . PLATINUM: A novel semi-supervised model-
Goal: Leverage unlabeled dataset by * Ineach inner loop step, the selected subset A; and support set S; are used to update model parameters ¢;. agnostic meta-learning framework.
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embedding semi-supervision in the In the c?uter Iohop of the meta trlammg stage, another subset A; W|IIHbe seIIect;ced after mrtm)er loop szlqectlon h It leverages submodular mutual information
inner and outer loop of MAML. according to the updated model parameters ¢;. Meta-parameters 6 would be updated based on A; and the functions as per-class acquisition functions
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