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Motivation

Deep learning is showing outstanding performances in different areas ...

Problem:
we need many examples for training

not aligned with the learning process in the human level

(Lake, Salakhutdinov, and Tenenbaum, 2015)



Terminology
Ch.I

Distance
based
Learning

Deep K-shot Meta

Learning Learning Learning




K-shot Learning Transferring the knowledge
Ch.I

K-shot |earning: is supervised transferring knowledge

J

using previous experience

Assumption: .
we will use th:simi:ar experience Transfer Learni ng
Target by fine-tune????
Domain
Source Domain /
(e.g. ImageNet)

only k number of labeled
examples



Transfer Learning by fine-tune

CS231n Convolutional Neural Networks for Visual Recognition

Ch.I

(These notes are currently in draft form and under development)

Table of Contents:

e Transfer Learning
» Additional References

1. New dataset is small and similar to original dataset. Since the data is small, it is not a good idea to fine-tune
the ConvNet due to overfitting concerns. Since the data is similar to the original data, we expect higher-level
features in the ConvNet to be relevant 1o this dataset as well. Hence, the best idea might be to train a linear

classifier on the CNN codes.




Meta-learning for k-shot learning Gradient Descent Challenge

(k examples might not enough; overfitting problem

Ch.I

Three approaches are proposed:

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)



Meta-learning for k-shot learning Changing the training Perspective

Ch.I

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

Meta Learning

same training scenario In source domain training,
.............................................. Queryset we pI'Etend to have only N\
4 >upport set example in each iteration.
Target (Like target domain)
Domain

Source Domain
(e.g. ImageNet)



Meta-learning for k-shot learning Changing the training Perspective

Ch.I

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

1028 classes 423 classes

{ Training data } Meta Learnlng { Test data }

K_ShOt, N Way ............................................................................................................................... K_ShOt, N Way

support
query Y

support y
query 2

L U

Rk U

Ul

support y
1 query "




Meta-learning for k-shot learning Distance based approaches

Ch.I
- Matching networks (Vinyals et al. 2016)
- Prototypical Networks (Snell et al. 2017)
Parameter Update
Target
Domain
Source Domain \

(e.g. ImageNet) :
we use a non-parametric method

no update of the parameters



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

Ch.I

Snell, Swersky, and Zemel, 2017

Embedding space

/ (a) Few-shot

/1
Cy :mmz f¢(Xi)

Yi ) €Sy




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

Ch.I

O@ other classes support set
@® supportsetclassk

@® querysetclassk

Y proto (support set’'s mean)

¢ Euclidean distance )




Meta-learning for k-shot learning Approaches

(k examples might not enough; overfitting problem)

Ch.I

Three approaches are proposed:

Distance based: =) EXtending:

- Matching networks (Vinyals et al. 2016) Sem Supervised |eaming
- Prototypical Networks (Snell et al. 2017) A Active Learning

? | :
Gradient descent based: Data augmentation

- 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)
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Data augmentation by unrealistic images

Wang et al., 2018

Noise z

Extending Distance based Approach

Unrealistic images

N
Why NOT realistic data

augmentation?
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Extending Distance based Approach

Data augmentation by realistic images

BIG challenge: Meta-Learning

Training

Target
Domain

Source Domain
(e.g. ImageNet)



Extending Distance based Approach

Data augmentation by realistic images

BIG challenge: Meta-Learning

Augmentation

Augmente
Target
Domain
Source Domain

(e.g. ImageNet)
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Data augmentation by realist
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Extending Distance based Approach

Data augmentation by realistic images

Our Solution:

Augmentation

Augmented
Target
Domain

Source Domain
(e.g. ImageNet)




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

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



Extending k-shot to k-plus-shot Learning | Conditional Variational Autoencoder GAN

ﬁgjjlﬁlEI\I — ]Er XS ~p(x,x )[Zog( (X,, ))] + E,, X, X§~p(x;,x5 ), zvE (x

Consecutives Version

EKL(E) = E,, Nn(x\[KL(E(xi)HN(OIl)H

) [log (1~

D(xi, G(xj,2)))]

embedding
space




Extending k-shot to k-plus-shot Learning | Conditional Variational Autoencoder GAN

--=T T network --- o1
4 *
& O
O
&
embedding
space

Consecutives Version




Extending k-shot to k-plus-shot Learning | Conditional Variational Autoencoder GAN

| ateral Version



Extending k-shot to k-plus-shot Learning | Conditional Variational Autoencoder GAN

embedding space

| ateral Version




”

TABLE 2.1: Average classification accuracies on minilmageNet in 5
ways, 5 Shot (with 5 query) setting

Method Accuracy

MN (Vinyals et al., 2016) 55.3%

MAML (Finn, Abbeel, and Levine, 2017) 63.1%(£0.92%)
PN (Snell, Swersky, and Zemel, 2017) 63.20% (£0.04%)
Ours(Consecutive) 62.4% (£0.03%)
Ours(Lateral) 65.7 % (£0.04%)




Ch.II

~ mapping
7

~—> generative
—— duplicate
- exampleofclass1
® exampleofclass2
'@  descriptionof class1
- description of class 2.
- prototypeofclass1
- prototypeofclass2
R

a R
@ y; €
& + *

duplicate(y;)

*
® ER’Z

*



Extending Adding Decoder

II
I
|
I
AN
kShOtEncoder ‘# “ < \\
4----7T70 O X I
* % %
: K /

embedding space

L= Ee(e) + Aﬁd(qb)



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

- Chapter II) Extendingk-shot to k-plus shot

Preliminary work
Zero-Shot learning
Adding Decoder

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

- Chapter IV) ReducingAnnotation AmountinVisual Learning

Motivation Active
Proposal

18



Motivation LSTM and Matching Network

Meta-learned LSTMs
- could rapldly extend to never-before-seen quadratic functions (Hochreiter, Younger, and Conwell, 2001)
- could successfully find the contextual pattern in k-shot learning (vinyals etal., 2016), and (Wang et al., 2018)

Vinyals et al., 2016

Attention

e*d( 9(%), 9(x))

Zk e—d(g(ﬁ), a(x;))

a(x,x;)=




Motivation LSTM and Neural Turing Machine

Meta-learned LSTMs TN
- could rapldly extend to never-before-seen quadratic functions (Hochreiter, Younger, and Conwell, 2001) / f . \
- could successfully find the contextual pattern in k-shot learning (vinyals etal., 2016), and (Wang et al., 2018) '”PUtj ) —> output
/\ - /\
Problems with LSTM: /
- LSTM’s memory cannot extend to the classification of examples in many situations read head write head
- LSTM’s memory is not addressable and retrievable when we need information. ) i
I  Z
| ; @
. | 3
Solution: o
~<

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




for quick adaptation (Santoro et al., 2016)

Memory-augmented model

External Memory External Memory
-2 » |2
A
/ J,/ -4
71
- ,_I_; < )
i _> T . 8 8
Backpropagated
Signal

Xt: X.'f-.-'—?i::

| v 2| |
Bind and Encode Retrieve Bound Information

—




Ch.III

&L
o
%

ol
oracle

ﬁ‘

\,’?Target Domain

Selection Module }

Unlabeled Data

Source Domain




Bachman, Sordoni, and Trischler, 2017

Learning active learning (LAL)

controller LSTM R(E, S, hy) = ( Y. logp(71%, ki, St)
: x9)€E
maxémz’ze(&gl;lwp H(ISE’E) ;R(E,Sf,ht)”
S Reward
I fast predictor Reward
D=U00e 1 A

select t» read | predict

. ‘ / :
item labels —&0 - : fort=1..Tdo
- t i< SELECT(S',,S ,h 1)

:
0 0 O . "6 :
visible [] hidden I |:| |:| attend DA
, S al LS S U (i w), SE 4 S/ ()

contextual / P held-out L? < FAST — Pred(S, S¥, Sk, ht)

encoding 1—31—04—0 tom | LY + SLOW — Pred(E, S%, Sk, hr)
OO0 —~——
support 53\)6/ A/ A EI/ matching networks

style slow-predictor



Our proposal LAL by memory augmented neural networks

learning active learning & N\ memory augmented
(LAL) Je network

By Frits Ahlefeldt



Our proposal
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Selection Module

NTM Module

Support set
gk g g = .O.ueryse.t .
——>LUUU Qe[ -1
® @
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: = query set
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read head write\fead
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LAL by memory augmented neural networks

ki ;.M
[ Ve[| M |

dij = d(ki, Mt) =
el

Y exp(ke)

Iy < Zwi(i)Mt(i)

1

- J

write

exp(d(ks i, M(i))
yjexp(d(kei, Mi(j)))

wi (i)

-
-




MAML- Background

Optimization

Algorithm 2 MAML's algorithm proposed in (Finn, Abbeel, and Levine, 2017)

1: while not convergence do > We have the answer if r is 0
2: Randomly select N number of tasks 7y from all tasks 9
3 for7; €7T;do V £3
4: Dpgse < {S, E} sample k labeled and 7 unlabeled examples from N classes
5: Gpase < VoLr, ( fg) > Compute gradient of £ at base level using Dy, V EQ
6: 0! < 0 — aGppse > Update Parameters \Vis .o 9§
7: D! ... < {S, E} sample examples for meta training 1 el
8: endfor >k ’ \\\
9: Guneta < Vo L11: LT, ( fQ;) > Compute meta-gradient using D¢, 0 {8 9*
10: 0 < 0 — bGueta > Update meta-parameters ! 2

11: endwhile




MAML for our proposed model

Algorithm 3 Adapted MAML's algorithm for memory augmented learning active
learning (changes are in red color line)

Optimization

1: while not convergence do

2: Randomly select N number of tasks 7Ty from all tasks
3: for 7, € Ty do
4: Dpase <= 1S, E} sample k labeled and 1 unlabeled examples from N classes
9: 0] < 0 — aGyp e > Update Parameters
10: Dfn o0 < 1S, E} sample examples for meta training
11: endfor
12: endfor
13: Gmeta < Vo L772 L1, ( fg;) > Compute meta-gradient using D),
14: 0 < 0 — BGeta > Update meta-parameters

15: endwhile




Chapter ITI Summary of the contributions

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

2. Two levels of gradient for memory augmented neural network
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object detection

visual place recognition

: - N
: ’ N
P | H
Lobj & : Il \\
L : / S \
BB : een
. . 1
Region 1 : >l 1
Proposal 4} : ‘\ before? ,I
Network : AN J
: S ,
E s -~y _f’
? ———— Is E
I’ \\ ¢ H
3 L4 \ .
i / N LBBE
e i Rol H :
7 K) AT _} 4} ' Pooling ':' P
-‘I ‘ ] C(O\?égl)Et \\\ /I / ,’ \\\
K " ‘ S - / \
= : I 1
Feature maps . l Place 1
\ recognition I'
\ ’
\\ Vi
~ ;l




Direction )
k-shot object recognition

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



Visual Place Recognition Learning Y HIE] Iearning
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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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