
Reducing the need for large labeled dataset 
in the learning to learn framework

Arman Afrasiyabi
Université Laval

Arman.afrasiyabi.1@ulaval.ca

Ph.D. Project Proposal



Content

- Chapter I) Introduction
- K-shot learning
- Meta learning
- Prototypical Neural Network

- Chapter II) Extending k-shot to k-plus shot
- Preliminary work
- Zero-Shot learning
- Adding Decoder

- Chapter III) Interactive fast adaptation
- Motivation
- Active Meta-Learning
- Memory-augmented model for quick adaptation 
- Proposal

- Chapter IV) Reducing Annotation Amount in Visual Learning
- Motivation Active 
- Proposal



Content

- Chapter I) Introduction
- K-shot learning
- Meta learning
- Prototypical Neural Network

- Chapter II) Extending k-shot to k-plus shot
- Preliminary work
- Zero-Shot learning
- Adding Decoder

- Chapter III) Interactive fast adaptation
- Motivation
- Active Meta-Learning
- Memory-augmented model for quick adaptation 
- Proposal

- Chapter IV) Reducing Annotation Amount in Visual Learning
- Motivation Active 
- Proposal



Deep learning is showing outstanding performances in different areas … 

Problem: 
we need many examples for training 

(Lake, Salakhutdinov, and Tenenbaum, 2015)

not aligned with the learning process in the human level

Ch.I

Motivation
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Transferring the knowledge

K-shot learning:

only k number of labeled 
examples

is supervised transferring knowledge 

using previous experience

Source Domain
(e.g. ImageNet) 

Target 
Domain

Transfer Learning
by fine-tune????

Assumption: 
we will use the similar experience 

Ch.I

K-shot Learning 



Problem
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Transfer Learning by fine-tune



(k examples might not enough; overfitting problem

‣ Distance based:
- Matching networks (Vinyals et al. 2016)
- Prototypical Networks (Snell et al. 2017)

‣ Gradient descent based:
- Meta-Learner LSTM (Ravi & Larochelle, 2017) 
- MAML (Finn et al. 2017)

‣ Black box neural network
- MANN (Santoro et al. 2016)
- SNAIL (Mishra et al. 2018)

Three approaches are proposed:

Gradient Descent Challenge
Ch.I

Meta-learning for k-shot learning



Learning to learn or Meta-learning:  a framework for k-shot learning

Changing the training Perspective 

Source Domain
(e.g. ImageNet) 

Target 
Domain

Meta Learning
same training scenario In source domain training, 

we pretend to have only “k” 
example in each iteration.

(Like target domain) 

Query set
Support set

Ch.I

Meta-learning for k-shot learning



Learning to learn or Meta-learning:  a framework for k-shot learning

Changing the training Perspective 

Meta Learning
same training scenario

5 support 
1 query 

5 support 
1 query 

5 support 
1 query 

… …

1y

2y

ny

K-shot; N way

5 support 
1 query 

5 support 
1 query 

5 support 
1 query 

iy

jy

ny

K-shot; N way

… …

Training data
1028 classes

Test data
423 classes
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Meta-learning for k-shot learning



- Matching networks (Vinyals et al. 2016)
- Prototypical Networks (Snell et al. 2017)

Distance based approaches

Source Domain
(e.g. ImageNet) 

Target 
Domain

we use a non-parametric method 
no update of the parameters 

Parameter Update 

Ch.I

Meta-learning for k-shot learning



Embedding space
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Distance based approach (e.g.)
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Prototypical Network [Snell et al.  NIPS2017)] 

Snell, Swersky, and Zemel, 2017
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Distance based approach (e.g.)

support set class k

query set class k 

Euclidean distance 

other classes support set

proto (support set’s mean)

kc
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Prototypical Network [Snell et al.  NIPS2017)] 



(k examples might not enough; overfitting problem)

‣ Distance based:
- Matching networks (Vinyals et al. 2016)
- Prototypical Networks (Snell et al. 2017)

‣ Gradient descent based:
- Meta-Learner LSTM (Ravi & Larochelle, 2017) 
- MAML (Finn et al. 2017)

‣ Black box neural network
- MANN (Santoro et al. 2016)
- SNAIL (Mishra et al. 2018)

Three approaches are proposed:

Extending:

Approaches

‣ Semi supervised learning
‣ Active Learning
‣ Data augmentation

Ch.I

Meta-learning for k-shot learning
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Unrealistic images 
in the image space???????

Why NOT realistic data 
augmentation?

Extending Distance based Approach
Ch.II

Data augmentation by unrealistic images 

Wang et al., 2018



Extending Distance based Approach

Small challenge: Supervised Generative Models!

VAEEncoder

VAEDecoder
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Data augmentation by realistic images 
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Extending Distance based Approach

BIG challenge: Meta-Learning

Source Domain
(e.g. ImageNet) 

Target 
Domain

VAEEncoder

VAEDecoder

Training

Ch.II

Data augmentation by realistic images 



Extending Distance based Approach

BIG challenge: Meta-Learning

Source Domain
(e.g. ImageNet) 

Target 
Domain

Augmented 
Target 

Domain

Augmentation

VAEDecoder

Ch.II

Data augmentation by realistic images 



Extending Distance based Approach

Our Solution: 

VAEEncoder

VAEDecoder
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Extending Distance based Approach

Source Domain
(e.g. ImageNet) 

Target 
Domain

Augmented 
Target 

Domain

VAEEncoder

Augmentation

Our Solution: 
Ch.II

Data augmentation by realistic images 



GANG

X

cVAEE

Extending k-shot to k-pluse-shot Learning Conditional Variational Autoencoder GAN

Consecutives Version 

GAND

Inspired by:
Zhu, Jun-Yan, et al. "Toward multimodal image-to-image translation." Advances in Neural Information Processing Systems. 2017.



GANG

X

cVAEE

embedding 
space

k-shot 
network

Conditional Variational Autoencoder GANExtending k-shot to k-plus-shot Learning

Consecutives Version 



GANG

XX

cVAEE

embedding 
space

k-shot 
network

Conditional Variational Autoencoder GANExtending k-shot to k-plus-shot Learning

Consecutives Version 



EncoderG

k shot 
network
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Conditional Variational Autoencoder GANExtending k-shot to k-plus-shot Learning
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EncoderG

k shot 
network

XX

cVAEE
DecoderG

embedding space

Conditional Variational Autoencoder GANExtending k-shot to k-plus-shot Learning

Lateral Version 
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Summary of the contributions

1. Extending cVAE-GAN to meta-learning framework

2. k-plus learning with realistic and variational data augmentation

3. Zero-shot learning (k-plus learning)

4. Adding Decoder for distance based k-shot learning

Chapter II
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LSTM and Matching Network
Ch.III

Motivation

Meta-learned LSTMs 
- could rapidly extend to never-before-seen quadratic functions  (Hochreiter, Younger, and Conwell, 2001) 

- could successfully find the contextual pattern in k-shot learning  (Vinyals et al., 2016), and (Wang et al., 2018) 
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Vinyals et al., 2016
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LSTM and Neural Turing Machine
Ch.III

Motivation

input

Meta-learned LSTMs 
- could rapidly extend to never-before-seen quadratic functions  (Hochreiter, Younger, and Conwell, 2001) 

- could successfully find the contextual pattern in k-shot learning  (Vinyals et al., 2016), and (Wang et al., 2018) 

Problems with LSTM: 
- LSTM’s memory cannot extend to the classification of examples in many situations 
- LSTM’s memory is not addressable and retrievable when we need information.

Solution: 
- Neural Turing machines (NTM) (Graves, Wayne, and Danihelka, 2014)



for quick adaptation (Santoro et al., 2016)
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Memory-augmented model



Source Domain

Learning Active Learning (LAL)
Ch.III

Motivation

Unlabeled Data

Target Domain
Selection Module

oracle



Bachman, Sordoni, and Trischler, 2017
Ch.III

Learning active learning (LAL)



LAL by memory augmented neural networks
Ch.III

Our proposal

learning active learning 
(LAL) 

memory augmented 
network
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MAML- Background
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Optimization



MAML for our proposed model
Ch.III

Optimization



1. Memory augmented learning active learning (LAL) for fast adaptation

2. Two levels of gradient for memory augmented neural network

Summary of the contributionsChapter III
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Motivation

object detection

Extend interactive fast adaptation

Embed
Seen 

before?

Place 
recognition

visual place recognition



Proposal Extend interactive fast adaptation

Direction I) 
k-shot object recognition

Direction II) 
k-shot based active learning for visual place recognition



Visual Place Recognition

Place Recognizer

Hôtel Le Concorde street 415 QC-175 ????

Église Saint-Coeur-de-Marie

Labeled Data

oracle

Learning visual learning



Conclusion

- cVAE-GAN is extendable to meta-learning framework

- k-plus learning with realistic data augmentation has advantages

- memory augmented networks for learning active learning (LAL) 
with two level of gradient

- quick adaptation for real world problem is necessary 
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