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PLATINUM: Semi-Supervised Model Agnostic Meta-Learning using 
Submodular Mutual Information

• 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. 

• Submodular information measures have been used as 
acquisition functions for active learning in scenarios 
with class imbalance, redundancy and OOD data. 

• In this work, we propose PLATINUM (semi-suPervised 
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 
boost the performance of FSC.

• We study the performance of PLATINUM in two 
scenarios: 1) where the unlabeled data points belong 
to the same set of classes as the labeled set of a certain 
episode. 2) where there exist out-of-distribution 
classes that do not belong to the labeled set. 

INTRODUCTION

MOTIVATION and SETUP

The PLATINUM Framework

• Embedding semi-supervision on the top of first-
order MAML could boost the performance.

• Especially for small ratio of labeled to unlabeled 
samples, also works for high labeled ratio.

RESULTS

Semi-supervision in Inner and Outer Loop

CONCLUSIONS

• PLATINUM: A novel semi-supervised model-
agnostic meta-learning framework. 

• It leverages submodular mutual information 
functions as per-class acquisition functions 
to select more data from unlabeled data in 
the inner and outer loop of meta-learning. 

• Meta-learning based SSFSL experiments on 
the top of first-order MAML validates the 
effectiveness, especially for small ratio of 
labeled to unlabeled samples. 

• Future work: involve some diversity 
measurements for the selected subset to do 
quantitative analysis
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Goal: Leverage unlabeled dataset by
embedding semi-supervision in the
inner and outer loop of MAML.
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Semi-Supervised Few-Shot Classification: miniImageNet, 𝜌 = 0.01.

• Comparison under different 

number of OOD classes in the 

Unlabeled Set

• 5-shot case on miniImageNet 

Semi-supervised few-shot learning setup

• During meta-training, the goal is to iterate 
overs tasks 𝑇1 · · · 𝑇𝑁 and meta-learn a 
parametrization using the support set 𝑆, 
query set 𝑄, and the unlabeled set 𝑈. 

• During meta-testing, the learned 
parametrization is used as an initialization 
and a model is trained using the 𝑆 and 𝑈 to 
perform well on 𝑄. 

• In any task, 𝑈 may contain data points that 
are out-of-distribution.

• For a specific task 𝑇𝑖, in each inner loop and outer loop gradient update step, we select a subset from the 
unlabeled set by maximizing the per-class SMI function. 

• In each inner loop step, the selected subset 𝐴𝑖
𝑠 and support set 𝑆𝑖 are used to update model parameters 𝜙𝑖. 

• In the outer-loop of the meta-training stage, another subset 𝐴𝑖
𝑞

will be selected after inner loop selection 

according to the updated model parameters 𝜙𝑖. Meta-parameters 𝜃 would be updated based on 𝐴𝑖
𝑞

and the 

query set 𝑄𝑖.

Inner loop

Inner loop SMI selection using 

Outer loop (the j-th iteration)
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Outer loop SMI selection using  updated from the

inner loop 

task parameters adaption
meta-parameters update

 Support Set 

meta update

: meta-parameter : task-specific parameter

 Query Set 
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tieredImageNet, 𝜌 = 0.01.

miniImageNet, 𝜌 = 0.4.

• w/ vs. w/o outer selection

• Left: 1-shot, Right: 5-shot. 

• Both of them are on miniImageNet. 

Ablation


