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Matching networks

« Advances in Neural Information Processing Systems 29 (NIPS 2016)
* Google DeepMind

«  19673| 91€(2020.11.05 7|&)

Matching Networks for One Shot Learning

Oriol Vinyals Charles Blundell Timothy Lillicrap
Google DeepMind Google DeepMind Google DeepMind
vinyalsBgoogle.com cblundell@google.com countzercol@google. com
Koray Kavukcuoglu Daan Wierstra
Google DeepMind Google DeepMind
korayk@google. com wierstraBgoogle.com
Abstract

Leaming from a few examples remains a key challenge in machine learning.
Despite recent advances in important domains such as vision and language, the

Data Mining =. . . .
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Matching networks

“+ Embedding function

Figure 1: Matching Networks architecture
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Prototypical networks

« Advances in Neural Information Processing Systems 30 (NIPS 2017)

«  16323| 12(2020.11.05 7|&)

Prototypical Networks for Few-shot Learning

Jake Snell Kevin Swersky Richard Zemel
University of Toronto® Twitter University of Toronto
Vector Institute Wector Institute

Canadian Institute for Advanced Research

Ahstract

We propose Protorypical Networks for the problem of few-shot classification, where
a classifier must generalize to new classes not seen in the training set, given only
a small number of examples of each new class. Prototypical Networks learn a
metric space in which classification can be performed by computing distances
to prototype representations of each class. Compared to recent approaches for
few-shot learning, they reflect a simpler inductive bias that is beneficial in this
limited-data regime, and achieve excellent results. We provide an analysis showing
that some simple design decisions can yield substantial improvements over recent

Data Mining = - . . : -
.Q:Q. Quality Anaiytics == : https://proceedings.neurips.cc/paper/2017/hash/co8da676746112812ae4290eac’ cocd2-Abstract himl
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Relation Network

*  Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition(CVPR 2018)

«  8523| 212(2020.11.05 7|&)

Learning to Compare: Relation Network for Few-Shot Learning

Flood Sung  Yongxin Yang® Li Zhang®
'Queen Mary University of London

Philip H.S. Torr?  Timothy M. Hospedales®
*The University of Edinburgh

t.xianglgmul .ac.uk

Tao Xiang!
0 . N
“University of Oxford
floodsungdgmail . com

[lz, phettdrobots.ox.ac.uk {vnnqxi:_yinq, t.hDEpadaLEs}@ec.i:_uk

Abstract zero-shot [11, 3, 24, 45, 25, 31] learning.

Few-shot leamming aims to recognise novel visual cate-
gories from very few labelled examples. The availability
of only one or very few examples challenges the standard
“fine-tuning” practice in deep learning [10]. Data augmen-
tation and regularisation technigques can alleviate overfit-

ting in such a limited-data regime, but they do not solve

We presemt a conceptually simple, flexible, and general
framework for few-shot leaming, where a classifier must
learn to recognise new classes given only few examples from
each. Our method, called the Relation Network (RN), is
trained end-to-end from scratch. During meta-learning, it

learns 1o learn a deep distance metric to compare a small
number af images within episodes, each of which is de-
signed to simulate the few-shot seiting. Once trained, a RN
is able to classify images aof new classes by computing rela-
tion scoves between guery images and the few examples of
each new class without further updating the network. Be-

it. Therefore contemporary approaches to few-shot learning
often decompose training into an auxiliary meta learning
phase where transferrable knowledge is learned in the form
of good initial conditions [ 1], embeddings [ | or opti-
misation strategies [2Y]. The target few-shot learning prob-
lem is then learned by fine-tuning [ | ('] with the leamed op-

.q:q. gigixmgg‘yﬁcs =23 : https://openaccess.thecvf.com/content_cvpr 2018/html/Sung_Leaming_to Compare_CVPR_2018_paper.html
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A closer look at few—shot classification

«  7th International Conference on Learning Representations(ICLR 2019)

«  8523| 212(2020.11.05 7|&)

A CLOSER LOOK AT FEW-SHOT CLASSIFICATION

Wei-Yu Chen Yen-Cheng Liu & Zsolt Kira

Carnegie Mellon University Georgia Tech

welyuclandrew.cmu.adu {ycliu, zkiralégatech.edu

Yu-Chiang Frank Wang Jia-Bin Huang

Mational Taiwan University Virginia Tech

yowangintu.edu.tw Jbhuang@vt . edu
ABSTRACT

Few-shot classification aims to learn a classifier to recognize unseen classes during
training with limited labeled examples. While significant progress has been made,
the growing complexity of network designs, meta-learning algorithms, and differ-
ences in implementation details make a fair comparison difficult. In this paper,
we present ) a consistent comparative analysis of several representative few-shot
classification algorithms, with results showing that deeper backbones significantly
reduce the performance differences among methods on datasets with limited do-
main differences, 2) a modified baseline method that surprisingly achieves com-
petitive performance when compared with the state-of-the-art on both the mini-

Data Mining o .
o.:.o Quality Analytics == : https://anv.org/abs/1904.04232
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** Models

 Baseline

 Baselinet++
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A closer look at few—shot classification

+»» Baseline

* Simple fine—tuning model

Meta—train dataset

Class 1 Class 2 Class 3 Class 4 Class 5

Ik 3 £ o 5
Example 1 w %@N;a X< v’
o g, @0
R 4

Meta—-test dataset

Support set Query set

New New New
Class 1 Class 2 Class 3

T S

Class ? Class ?

X meta—train

Xmeta—test

AFEI: https://medium.com/ai%C2%B3-theory—practice—business/what-is—few-shot-leaming-4b2842646b47
Quality Anailytics =8 : htins://fandiv.org/abs/1904.04232

Embedding
function

Classifier
(Linear layer + Softmax)

fo

Freeze

> C > Ymeta—train

New classifier
(Linear layer + Softmax)

fo

*Y meta—test

Fine—tuning
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A closer look at few—shot classification

+»» Baseline++

* Simple fine—tuning model

Embedding Classifier
Mata—train dataset function (Cosine similarity+ Softmax)
Class 1 Class 2 Class 3 Class 4 Class 5
Example 1 W ?im.u
e Xmeta—train f (7] > C *Y meta—train
Freeze
Meta-test dataset N lassif
Support set Query set - eW Ca-SSI ler
New New New (Cosine similarity + Softmax)
Class 1 Class 2 Class 3 A 4
‘ | z Class ? Class ?
5 Xmeta—test fg > *Ymeta—test
Fine—tuning

Q.. Data Mining AFEL': https://medium.com/ai%C2%B3-theory—practice—business/what-is—few-shot-leaming-4b2842646b47
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A closer look at few—shot classification

* Datasets

* mini—lmageNet
= 100 Classes (64 base, 16 validation, 20 novel)
= 2 3eiAE 600
= ISt classZ 0|F0IM US

- CUB
= 200 Classes (100 base, 50 validation, 50 novel)
= ZI2diAE 60%

= MER0| 3t classZ O[F M US
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A closer look at few—shot classification

“* Re—implementation
« mini-lImageNet dataset, Conv-4 AlE

* ¥ > augmentation O|HE

&N

Data Mining
Quality Analytics

1-shot S-shot

Method Reported Ours Reported Ours

Baseline - 42.11 £0.71 - 62.53 £0.69
Baseline*’ 41.08 £0.70 3635+£0.64 51.04+0.65 54.50£0.66
MatchingNet’ 43.56 +£0.84 48.14 £0.78 55.31 +£0.73  63.48 +0.66
ProtoNet - 44.42 + 0.84 - 64.24 +0.72
ProtoNet” 4942 +0.78 4774 £0.84 68.20 +0.66 66.68 +0.68
MAML 48.07 £ 1.75 4647 +£0.82 63.154+091 62.71 +0.71
RelationNet 50.44 +0.82 4931 +0.85 65.324+0.70 66.60 +0.69

=2 : https://aniv.org/abs/1904.04232
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A closer look at few—shot classification

+»» Baseline++

« Baseline / Baseline++ 2| X{0|= OFX|2 2|0|07} linear layer / cosine similarity 21X[2] X0

* Baselinet+ = ==0i|A] XA |ot HHO|H, Ms0| £2 0|F= Intra—class variations =0|7| HiZ
CUB mini-ImageNet

Method 1-shot 5-shot 1-shot 5-shot

Baseline 47124+ 074 64.16 071 4211 +0.71  62.53 +0.69
Baseline++ 6053 + 083 7934+ 061 48244075 66.43 +0.63
MatchingNet 6052+ 088 7529+ 0.75 48.14+0.78 63.48 +0.66
ProtoNet 5046 + 0.88 7639+ 0.64 44424084 6424 +0.72
MAML 54734+ 097 75775+ 0.76 4647 +0.82 62.71 +0.71
RelationNet 6234+ 094 77.84+0.68 49314085 66.60 4+0.69
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A closer look at few—shot classification

“+ Backbone depth
Backbonel| ZO|7t HOE+E, d5 X0/} 0=

« O|OJEA (CUB/mini-ImageNet dataset)0f| [Cf2t HIE} 2129 S 17t X0

—— Baseline —#— Baseline++ MatchingNet ProtoNet =#— MAML  —#— RelationNet
CUB mini-ImageNet
| 1-shot - 5-shot 1-shot 5-shot
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A closer look at few—shot classification

“+ Backbone depth

* BackboneQ| 7107t ZOE+E, ds A0} 20= - Intra—class variance
e [|O|E4Al (CUB/mini—ImageNet dataset)0| [Cf2} HIEL 2142 2107t X{O|h - Domain difference
—&— Baseline —#— Baseline++ MatchingNet ProtoNet =#— MAML  —#— RelationNet

CUB mini-ImageNet
| 1-shot 5-shot 1-shot 5-shot
75% % 55% 809%
65% 80% , 75%
- 50% /s T
| ® L 70% / :
55% 70% 45%
: 65%
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s 5 § & ¢ s § & 88 9o 9o ®FEF 9 9 F 7 Z
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A closer look at few—shot classification

¢ Intra—class variance
« Backbone?| Zi0|7} Z0{&I4=, Intra—class variance’} ZHE - ClassE2 & RS

—&— Baseline Baseline++ ProtoNet MatchingNet

Base class feature Novel class feature

Davies-Bouldin index
(Intra-class variation)

L i : 3
5 n

e
=
—-—

Conv-4 Comv-B Besnet-10  Resnet-18  Resnet-34 Conv-4 Conv-6 Fesnet-10  Resnet-18  Resnet-34
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A closer look at few—shot classification

*»* Domain difference

- LHQIo] HIHE, 7IES| HO|EE=2

Jon

el 2 ==0| =X =

B Baseline M Baseline++ M MatchingNet ™ ProtoNet B MAML M RelationNet

minilmageNet ~ minilmageNet -> CUB

Smau T Large
Domain Difference
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A closer look at few—shot classification

“+ Domain adaptation

«  DOFX|2} JayerZt fine—tuning X1

N Without Adaptation B With Adaptation
CUB mini-ImageNet CUB—mini-ImageNet
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B Conclusion

“* Metric—based approaches to meta—learning| &7
« Tieolid 2A0|0{A Ofslol”| 12
- YHIZS 01Zo}/| =0l Al2f=folr| Motil, O 0| YOLE=X| offMol7| +=
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B Conclusion

< Metric—based approaches to meta—learning?| =&

Adaptation0| 01Z7| IHZ0|, Domain HZ| F<f

Metric/Embedding0| &0 B2 ek F=t, 28|17t 28X &3

Distance= Zittol/| W20, G017} S7tet+= ARtH0| Bis

Classification 2|2| Task¥l= X&25}17| HZiS
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B Conclusion

*» Comments

n] o]
Ls O

= E0 Many-shot learning...
Fol= OfO[C|0=0]

Few-shot learning=
20| ZL Self-supervised / Semi—supervised S 0§24 2t
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