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Introduction

« Few-Shot Classification O K|

Train data Test data point
Braque Ce;ne

By Braque or Cezanne?

Chelsea Finn, ICML 2019 Tutorial
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Introduction

« Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks

v 1X X} : Chelsea Finn

v' 34th International Conference on Machine Learning(ICML) 2017

v 018 = £3(6862]), 2% =250 BZ

Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks

1

Chelsea Finn! Pieter Abbeel !> Sergey Levine !

Abstract the form of computation required to complete the task.
We propose an algorithm for meta-learning that In this work, we propose a meta-learning algorithm that
is model-agnostic. in the sense that it is com- is general and model-agnostic, in the sense that it can be
patible with any model trained with gradient de- directly applied to any learning problem and model that
scent and applicable to a variety of different is trained with a gradient descent procedure. Our focus
learning problems, including classification, re- is on deep neural network models, but we illustrate how
oression. and reinforcement learning. The eoal our approach can easily handle different architectures and
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Introduction

MZ 2 task0 W= H&ot7| 2|t

(K2 40| AHO|ER 80| THs3h

ast Adaptatiop

Model-Agnostic Meta-Learning for( of Deep Networks

gradient 7|gFo] =4&ot E &
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Problem Description

v 825 GO|E(D)7 FOIAS I £|X o Tatn|Ef(g)2 Pohe A

D = {(x1,y1), (x2,¥2)s e, (X1, Vi) }
(x1,y1) = ( :ﬁ},:... , 1E0l)

&d

(x2,¥2)=( * , ZOFX])

input layer hidden layer 1 hidden layer 2 output layer @ — (Wl W2 W3 )
) ) ) v

https://blog.goodaudience.com/artificial-neural-networks-explained-436fcf36e75
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Problem Description

v otg HIO[H (D)7t Fo{X= W =M 2| ot2t0|E(g)S +ot= A

Train dataZt M CFH?(27H)
D ={(x1,y1), (x2,¥2)}, ® = (Wy, Wy, ws, ...)

—  Traindata(D) —— Test data
v
(xllyl) = ( % }Q».. ’ —Tl—%l:ol) ’ 4

>
oy = & Zotxl)

Meta-learning= S0l 5= R 22 AFESIH M2 HO[HEZE 522 a&50| 7t

— 1
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Problem Description

- 2 HlolHef F<

v" N-way, k-shot

Classes : N 7
Examples : k 7H
Train data(D¢ygin) Test data(Dyest) 4
bi e
A e v A -

2-way 1-shot classification
Train data= & n x k 72| data point(x, y)E O|F0{ XN U=

Test datal| 8% 7= IA 20| 2O testl] label2 St50f| AFESHA] =
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Problem Description

 Meta-learningOfl At E|= H|O|H

V' Dooratrains train datall H|==%t TaskE Meta data(Dyetq—train)

2 o s O HOHASE O|R0A /S

D
Dimeta—train = (DerZrDBr ) 1
v C}Sl classS2| HIO|E 7} 7= 5
2

Train dataQ| class”/f 7, 10| 2t
Dieta-— tram—l class= A|—X|— AI'%I- XI_‘|X|- g 7|-O D
3

H| =3t task2| Of| Al
7| & task(T) : Train dataE 0|&5}0] 7{Qt 1 A0[E & =1
Meta-task(Ty) : D;= O| 83t I =1t AMXLE 28 £ U= W20 @) E S5A17|l= A

Image : Ravi and Larochelle, 2017
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Problem Description

- dE

v HE train dataE S5 S ol{Of 5= At

v’ Train data®t B|==OrX|2F CFHE GO S(Dyerg—tram) = AFESHE &8

v H|Z=3E &8s ZHE Multi-task learningdt= O Z40| CHETL?
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Problem Description

« Multi-task learning vs Meta-learning

v B2 BIOIEH A (Drerg—tram)= AHESHE A2 s &
Multi-task 27 Meta-learning 2t
Task(Ty, Ty, ..) B Z|& 2| Tt2t0|E ¢, 7t Task(Ty, Ty, ...) B Z| A O| Mi2f0|E ¢, 7t
En— SR RELOE

HO| 2= taskE SHEY == ULt IDI7P HA:.(HIOIH %’S I 2t g, 7F Hef
II)
|

Dmeta—train% Ol-g_-cl)-l-o:l Q)% _o;l-ﬁ

Dieta—trains Ol E00] HIO|E S-d1t ¢, 2f A
O[e] SEE(0)E ots

T2 MZ2 HolH7t S0, 95 0[85t0]
O L2 &50] 7ts
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Meta-learning Algorithms

« Meta-learning Approach

v 02 O{EAH AtESt=X0 e 2 &
= Metric-based approach
1. Drota-train® OI310] MXIQ BZHO| Ut UE(9)S
|

2. MZ2 HO|E D 7t S0{H, MAtd 70 | Fot 7t 717h2 S22 = F

IE
e}
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u
nal

= Optimization-based approach
1. Dmeta tramE O|-9—'6|-OZ| EOX_IO'— Update HH:H( )% I:ll'l‘cla‘-l

2. M2 H|O| p7} S0 ™ = St=(adaptation)0| 7t

= Bayesian, ...
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Meta-learning Algorithms

« Metric-based approach
v' Idea : 1. Dieta—traine Ol 80 MARC = YH|E Al7|= fLE &5
2. AHlE KoM HE[& O| &3t 7ty 712 classZ2 &'

v' Prototypical Networks for Few-shot Learning

3-way 5-shot example

o exp(—=d(fe(x),cr))
Poly = k1) = Zkf exp(—d(fe(x),cr))

(a) Few-shot

Snell, Jake, Kevin Swersky, and Richard Zemel. "Prototypical networks for few-shot learning." Advances in Neural Information Processing Systems. 2017
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« Meta-learning Approach

v 02 O{EAH AtESt=X0 e 2 &
= Metric-based approach
1. Drota-train® OI310] MXIQ BZHO| Ut UE(9)S
|

2. MZ2 HO|E D 7t S0{H, MAtd 70 | Fot 7t 717h2 S22 = F
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= Optimization-based approach
1. Dmeta tramE O|-9-'6|-OZ| EOX_IO'— Update HH:H( )% I:ll'l‘cla‘-l

2. M2 H|O| p7} S0 ™ = St=(adaptation)0| 7t

= Bayesian, ...
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Meta-learning Algorithms

« Optimization-based Approach
v Idea: 1. Dpora—irains Ol 2SH0 6 E ot

2. 22 D2t 95 0|83510] MER Tasko| ¢ M= A F&t

Adaptation : argmaxlogp(©|6, D)
)

Meta-learning : argmax log (0 |Dmeta—train)
0
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Meta-learning Algorithms

« Optimization-based Approach Notation review
v Idea : 1. Dyetg—trains Ol 800 6 & F5110

2. ME2& D2t 05 0|830] MER Task?| ¢ 5 2 78

Adaptation : argmaxlogp(©|6, D)
)

Meta-learning : argmax log (0 |Diieta—train)
0

https://blog.goodaudience.com/artificial-neural-networks-explained-436fcf36e75
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Meta-learning Algorithms

« Optimization-based Approach Notation review
v Idea : 1. Dyetg—trains Ol 800 6 & F5110

2. M22 D2t 05 0|85t MZ2 Task2| ¢S WEA &

Adaptation : argmaxlogp(©|6, D)
)

Meta-learning : argmax log (0 |Diieta—train)
0

v How?

= 9= 02| weight initialization2 £ 73 2|
Adaptation: @; « 6 — aVyL(8,D}")
Meta-learning: 0 « 6 — BV ). L(Qi; DiteSt)

https://blog.goodaudience.com/artificial-neural-networks-explained-436fcf36e75
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Meta-learning Algorithms

« Optimization-based Approach
v @, « 6 —aVyL(8,D}")
6= 0;2| weight initialization2 £ A&
Dr2| 20| & 7| I 20 ML update HOZ g > g, . e etation
v 0« 06— BVy Y L(®;,Di*) I
L(@;, DIty 7k £ A Q1 AR L(g;, D) ot

=0, = 0;7I Tl dF2= 9= YHOIE

& LY
(z)* .’ o "
1 QZ

v &, 82 update 22 ¢;E 7 = UE 05 H= AO| meta-learningl| =X

>\l

Finn, Chelsea, Pieter Abbeel, and Sergey Levine. "Model-agnostic meta-learning for fast adaptation of deep networks." Proceedings of the 34th International Conference on Machine Learning-Volume 70. JMLR. org, 2017.
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« Optimization-based Approach
v @, « 60 —aVyL(6,D")
6= ;2| weight initialization2 £ A&
Dr2| 20| & 7| I 20 ML update HOZ g > g, . e etation
v 0« 06— BVy Y L(®;,Di*) I
L(@;, DIty 7k £ A Q1 AR L(g;, D) ot

=0, = 0;7I Tl dF2= 9= YHOIE

& LY
(z)* .’ o "
1 QZ

v &, 82 update 22 ¢;E 7 = UE 05 H= AO| meta-learningl| =X

>\l

Finn, Chelsea, Pieter Abbeel, and Sergey Levine. "Model-agnostic meta-learning for fast adaptation of deep networks." Proceedings of the 34th International Conference on Machine Learning-Volume 70. JMLR. org, 2017.
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Meta-learning Algorithms

« Optimization-based Approach
v @, <« 0 —aVyL(6,D}")
0= @,;2| weight initialization2 £ AtE
D2l YO0 7| 20| X2 update 22 9 -> @, — metaleamning

9 ---- |learning/adaptation

v 0« 60— Ve X L(®:,D;*")

?
L(@;, DfsYy 7t %201 BR= L(0;, DY) VLS 03
5 0= 0;7t Ele ¥R 95 AOH0|E N
1 " . ®>12<

v 5, 82 update U2 2 ¢;E 7 + U= 05 H= AO| meta-learning?| =5

Finn, Chelsea, Pieter Abbeel, and Sergey Levine. "Model-agnostic meta-learning for fast adaptation of deep networks." Proceedings of the 34th International Conference on Machine Learning-Volume 70. JMLR. org, 2017.

Copyright © 2019, All rights reserved -23/37 - ‘ Data Mining
b Quality Analytics



Meta-learning Algorithms

Optimization-based Approach
v @, <« 0 —aVyL(6,D}")

6= ;2| weight initialization2 £ A&

DITO| %0| XM 7| 20| M2 ypdate 22 9 -> ¢, 9 o E;:ﬁi_L?f;n{;ggtatiﬂn
3
o 3
v _ . _test
6 « 6 — BVp X L(B;, D) 0,/ VL
L(®;, DEest) 7 &9 AR Lo, DEest) VLY .0
=R, = T = E HI—‘CSI:_E HE O'||:-I 0] E _..“'.-'"'H '-.u.'-.‘

Mok

v &, B2 update M2 2 ¢ E 7 = U= 08 F= AO| meta-learningl| =&

Finn, Chelsea, Pieter Abbeel, and Sergey Levine. "Model-agnostic meta-learning for fast adaptation of deep networks." Proceedings of the 34th International Conference on Machine Learning-Volume 70. JMLR. org, 2017.
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Meta-learning Algorithms

Optimization-based Approach
v @, <« 0 —aVyL(6,D}")

6= ;2| weight initialization2 £ A&

Dir2| 0| 7| 20| X2 update O 2 6 >0, - earningadaptation
3
o 3

v — . ptest

6 « 6 — BV, Y. L(B;, DEeH) ) L, |

L(@;, DEesty 7t XAl ALE L(9;, D) VLT P

= 0, = 0}7F Ele W= 02 YHl0|E

— ] i o @i y . @E

Mok

v &, B2 update M2 2 ¢ E 7 = U= 08 F= AO| meta-learningl| =&

Finn, Chelsea, Pieter Abbeel, and Sergey Levine. "Model-agnostic meta-learning for fast adaptation of deep networks." Proceedings of the 34th International Conference on Machine Learning-Volume 70. JMLR. org, 2017.
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« Optimization-based Approach
0. Dmeta—train(leszDB)

Dmeta—train

D,
D
D3
Image : Ravi and Larochelle, 2017
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« Optimization-based Approach

= train test HS
1. D; & pfrein, ptest o2 gt

Dmeta—train

(5}
Ty
T3
Image : Ravi and Larochelle, 2017
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Meta-learning Algorithms

« Optimization-based Approach
2. 6 2t pireing 0|85 ¢, & FHEE at5)

Ll T~

train
Dl

Optimize @, « 6 — aVyL(0,DI")

\ 4

Optimize @, « 6 — aVyL(8, D)

v

v

Weight
initialization .
» Optimize 03 « 6 — aVyL(0,Di")
Image : Ravi and Larochelle, 2017
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« Optimization-based Approach
3. 9;2F D{**E O| 85t 6 update

<—Optimize ¢, « 6 — aVyL(8, D)

| |[«— Optimize @, « 68 — aVyL(6,Di")

«—Optimize ¢; « 6 —aVyL(08,Di")

Image : Ravi and Larochelle, 2017
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Meta-learning Algorithms

« Optimization-based Approach
4. 65 O|E5l M=F Taskd| tr=H sh=(Adaptation)dt= 1Hd
ex)5-way, 1-shot classification

.nnew new
NeW data -Dtrain' test

y = f@new(xtest)

Image : Ravi and Larochelle, 2017
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Experiments

Classification
v Omniglot dataset AH&

= 50 CHE QO{2 El 1623742 =ALE O|FRO{H
=N 212t 207H(& data points : 1623 x 20 7H)

M=
. MZo DS CHE ARZO| RS

2 o0 19 13 9 u= 9
AR WL T &

Aurek-Besh Futurama  Greek Hebrew Korean Latin Malay Sanskrit

https://github.com/Goldesel23/Siamese-Networks-for-One-Shot-Learning

Copyright © 2019, All rights reserved -31/37 - ‘ Data Mining
b Quality Analytics



Experiments

e Classification

v' Meta-train : 1200 characters, test : 423 characters

v' Matching nets 1f & &%t architecture At&

S-way Accuracy

20-way Accuracy

Omniglot (Lake et al., 2011) 1-shot S-shot 1-shot S-shot
MANN, no conv (Santoro et al., 2016) 82.8% 94.9% — —
MAML, no conv (ours) 89.7+1.1% | 97.5+0.6% — —
Siamese nets (Koch, 2015) 97.3% 98.4% 88.2% 97.0%
matching nets (Vinyals et al., 2016) 98.1% 98.9% 93.8% 08.5%
neural statistician (Edwards & Storkey, 2017) 08.1% 99.5% 93.2% 98.1%
memory mod. (Kaiser et al., 2017) 98.4% 99.6% 95.0% 08.6%
MAML (ours) 98.74+04% | 999+ 0.1% | 95.8+0.3% | 989+ 0.2%

v HFEo 2ES0| g2 =S LIEWAIZ O SM 71 T2 ds= £

Finn, Chelsea, Pieter Abbeel, and Sergey Levine. "Model-agnostic meta-learning for fast adaptation of deep networks." Proceedings of the 34th International Conference on Machine Learning-Volume 70. JMLR. org, 2017.
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Experiments

« Regression
v Meta train : £1=(0.1~0.5), ¥4 (0~m) Q! sine 2=

v’ Test : meta train0f] X8 L|X| Z= sine D=
v Data point : x : (-0.5~0.5) 0| A| MEZ (K7 THF ALE)

v Task:x 7} FOREZ M y & 0|F5t= A

v Model : 407} unit(activation function : RELU)2| 2 hidden layers& 4= Q1544 Y 2 &

v Loss function : mean squared error

Finn, Chelsea, Pieter Abbeel, and Sergey Levine. "Model-agnostic meta-learning for fast adaptation of deep networks." Proceedings of the 34th International Conference on Machine Learning-Volume 70. JMLR. org, 2017.
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Experiments

« Regression

MAML. K=5 MAML. K=10 pretrained, K=5, step size=0.01 pretrained, K=10, step size=0.02

pr-r;-upd;te lg;rads;ep -- lﬂ-agrad;tepsu— Jgrnun‘dtrutt: iﬁ u5ed'forgr;d -{.- prie-upd;te --'ﬁ- lg;radst;p D--- lzﬂgrat; stept-"j
- GFM . MAML update T(9) == : MAML update Z(@), 7t - A 2t
- Ot=Ak : pretrained model update &, T2HM - pretrained model update
. AT SHEMO| HO| ZE -> MAMLS| YOIOIE £=71 =M HiHE
+ MAML 229 42 OOl ZQIEJ} fl= XE 0= 7ts

Finn, Chelsea, Pieter Abbeel, and Sergey Levine. "Model-agnostic meta-learning for fast adaptation of deep networks." Proceedings of the 34th International Conference on Machine Learning-Volume 70. JMLR. org, 2017.
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Experiments

« Regression

MAML, H=5 MAML. K=10 pletrained, K=5, sl:ep size=0.01 pretrained, K=10, step size=0.02

-t ] -1 ] 2 4 —& -4 -1 [] 2 i [] ] 4 ] L] 2 B G 4 2 o 2 4 ']

pre-update -+ | 1grad step ==+ 10 grad steps — groundtruth 4 ysedforgrad | pre-update ++ 1gradstep ==« 10 grad steps

ZEM . MAML update 2 (@), &M - HX| gt
, LF2tAH - pretrained model update
v AEAMN St=MO0| AHO| €& -> MAMLE| RIHIO|E ST SN WhE
v MAML 229 B2 H|O|E Z2IET} gl= Xk o5 7ts

Finn, Chelsea, Pieter Abbeel, and Sergey Levine. "Model-agnostic meta-learning for fast adaptation of deep networks." Proceedings of the 34th International Conference on Machine Learning-Volume 70. JMLR. org, 2017.
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Conclusions

 Contributions

v 2R 3[09| ypdate Tt Z target task Ol A =2 B E H = QURALE (fast adaptation)

v Gradient descentBt AFESHY| I20f ZICHSt, &l D3O AXE 5 /ot/| 20 =7tA

1L o
ol 2EE 180 28 Bl

0
ojo
A
q
®
Q
q
®
wn
2.
®)
=
o
o
nn
L
]
Q)
Y
=
®)
=

v gradient-based® StEE|l= BE RHO HES
=

reinforcement learning =
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