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• Definition	from	Wikipedia:

• Meta	learning	=	“Learning	to	learn”

• All	kinds	of	learning	algorithms	that	learns to	improve	the	learning	process	itself

• Let’s	see	an	example

What	is	Meta-Learning?
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Meta learning is a subfield of machine learning where automatic learning
algorithms are applied on metadata ..about machine learning experiments. As of
2017 the term had not found a standard interpretation, however the main goal is to
use such metadata to understand how automatic learning can become flexible in
solving learning problems, hence to improve the performance of existing learning
algorithms or to learn (induce) the learning algorithm itself, hence the alternative
term learning to learn..
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• An	example	from	CUB-200	dataset:	American	goldfinch

What	is	Meta-Learning?

5*	source	:	https://en.wikipedia.org/wiki/American_goldfinch
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• Which	is	American	goldfinch?

What	is	Meta-Learning?

6*	source	:	http://www.vision.caltech.edu/visipedia/CUB-200.html
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• Which	is	American	goldfinch?

• Humans	can	quickly	learn	“unseen”	classes	with	small	number	of	examples
• Since	we	have	learned	prior	knowledge	about	visual	representations	
• This	kind	of	problem	is	called	“1-shot/few-shot”	classification problem

• Meta-learning:	“Learning	to	learn”	in	order	to	generalize	well	to	unseen tasks			

What	is	Meta-Learning?

7*	source	:	http://www.vision.caltech.edu/visipedia/CUB-200.html
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• Base	learning :	How	to	learn	a	model	to	classify	different	classes	of	birds?

• Goal	:	Learn	a	mapping																					from	input	image					to	output	(label)
• Choose	a	learner (e.g.,	a	neural	network)	and	learning strategies	(e.g.,	SGD)
• Generally	difficult	when	number	of	training	samples	are very	small	

Base	Learning	vs.	Meta-Learning
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• In	meta-learning,	we	focus	on	learning	the	learning	rules	
• Consider	each	dataset	as	a	data	sample
• Learn patterns	across	tasks

• So	that	the	the	model	can	generalize well	to	possibly	“unseen”	tasks

Base	Learning	vs.	Meta-Learning
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Meta-train	dataset Meta-test	dataset

Train

Test

*	source	:	https://lilianweng.github.io/lil-log/2018/11/30/meta-learning.html
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Learner	learns	“unseen”	tasks	with	
help	of	meta-learning	algorithms	

• In	meta-learning,	we	focus	on	learning	the	learning	rules	
• Consider	each	dataset	as	a	data	sample
• Learn patterns	across	tasks

• So	that	the	the	model	can	generalize well	to	possibly	“unseen”	tasks
• “Learning	to	learn”	that	works	well	on	any	task	from	the	distributions	of	tasks

Base	Learning	vs.	Meta-Learning
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Trained	on	task-specific	loss	
(e.g.,	cross	entropy	for	

classification)

Learner	learns	“unseen”	tasks	with	
help	of	meta-learning	algorithms	

• In	meta-learning,	we	focus	on	learning	the	learning	rules	
• Consider	each	dataset	as	a	data	sample
• Learn patterns	across	tasks

• So	that	the	the	model	can	generalize well	to	possibly	“unseen”	tasks
• “Learning	to	learn”	that	works	well	on	any	task	from	the	distributions	of	tasks

Base	Learning	vs.	Meta-Learning
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• Most	meta-learning	algorithms	consist	of	two	levels	of	learning (or	loops)
• Inner	loop:	optimizes	the	base	learner (e.g.,	classifier)

• Parameters					:	parameters	of	the	base	learner
• Objective:																				(e.g.,	cross	entropy	for	classification)

Meta-Learning in	More	Formal	Definition

12

Inner	loop
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• Most	meta-learning	algorithms	consist	of	two	levels	of	learning (or	loops)
• Inner	loop:	optimizes	the	base	learner (e.g.,	classifier)

• Parameters					:	parameters	of	the	base	learner
• Objective:																				(e.g.,	cross	entropy	for	classification)	

• Outer	loop (meta-training	loop):	optimizes	the	meta-learner
• Meta-parameters :	parameters	to	learn	the	learning	rule	(e.g.,	how	much	to	update				)
• Meta-objective :	performance	of	the	base	learner	on	the	new	task	
• Meta-optimization:	adjusting					so	that	the	inner	loop	perform	well	on

Meta-Learning in	More	Formal	Definition

13

Inner	loop
Outer	loop
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• Recently	meta-learning	is	applied	to	many	areas	such	as	
• Hyperparameter optimization
• Neural	network	architecture	search
• Reinforcement	learning
• Learning	model	initialization

• Overcome	difficulties	of	few-shot	learning	(e.g.,	overfitting	caused	by	small	#	of	samples)
• Learning	optimizers

• Instead	of	using	hand-crafted	optimizer	(e.g.,	SGD,	ADAM),	learning	the	optimizers

Applications	of	Meta-Learning

14

In	this	lecture,	we	will	focus	on	these	two	applications
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• Few-shot	learning	tackles	limited-data	scenario
• One	way	to	overcome	the	lack	of	data	is	initialization	

• Common	initialization	method:	pre-train	with	ImageNet	and	fine-tune
(+) Generally	works	very	well	on	various	tasks	
(-) Not	work	when	one	has	only	a	small	number	of	examples	(1-shot,	5-shot,	etc.)
(-) Cannot	be	used when	target	network	architectures	are	different from	source	model

• Learning	initializations of	a	network	that
• Adapt	fast	with	a	small	number	of	examples	(few-shot	learning)
• Simple	and	easily	generalized	to	various	model	architecture	and	tasks

Learning	Good	Initialization	for	Few-Shot	Learning

16

pre-trained	parameters

(new)	test	task
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• Key	idea
• Train	over	many	tasks,	to	learn	parameter					that	transfers	well
• Use	objective	that	encourage to	fast	adapt	when	fine-tuned	with	small	data
• Assumption:	some	representations	are	more	transferrable	than	others

• Model	find	parameter			 that	would	reduce	the	validation	loss	on	each	task
• To	do	that,	find (one	or	more	steps	of) fine-tuned	parameter from					for	each	task
• And reduce	the	validation	loss at	fine-tuned	parameter	for	each	task
• Meta-update the to	direction	that	would	adapt	faster	on	each	new	task

Model-Agnostic	Meta-Learning	(MAML)

17
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• Notations	and	problem	set-up
• Task	
• Consider	a	distribution	over	tasks	
• Model	is	trained	to	learn	new	task																						from	only		𝐾 samples
• Loss	function	for	task								is	
• Model 𝑓 is	learned	by	minimizing	the	test	error	on	new	samples	from	

Model-Agnostic	Meta-Learning	(MAML)
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• Consider	a	model							parameterized	with	

• Inner-loop
• Adapting	model	to	a	new	task

Where						is	learning	rate,	
• We	can	compute							with	one	or	more	gradient	descent	update	steps

• Outer-loop
• Model	parameters	are	trained	by	optimizing	the	performance	of								
• With	respect	to				across	tasks	sampled	from	

• So,	the	meta-optimization:

Where					is	meta-learning	rate

Algorithms

19
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Algorithms
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𝜃 that would adapt better than 𝜃
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• MAML	computes	2nd gradients	
• 1-step	optimization	example

• High	computation	cost
• Computation	cost	is	increased	with	a	number	of	inner-loop	iterations	𝑇

Meta-Gradients	of	MAML

21

Task-specificly optimized	parameters

Meta-learned	initial	model	parameters
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• MAML	computes	2nd gradients	
• 1-step	optimization	example

• High	computation	cost
• Computation	cost	is	increased	with	a	number	of	inner-loop	iterations	𝑇

• Use	1st order	approximation

• Ignore	2nd order	terms
• Empirically	show	similar	performance

First	Order	Approximation	of	MAML

22

Task-specificly optimized	parameters

Meta-learned	initial	model	parameters
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• Inner	loop
• One	(or	more)	step	of	SGD	on	training	loss	starting	from	a	meta-learned	network

• Outer	loop
• Meta-parameters:	initial	weights	of	neural	network	
• Meta-objective :	validation	loss
• Meta-optimizer:	SGD

• Learned	model	initial	parameters	adapt	fast	to	new	tasks

MAML

23

Inner	loop Outer	loop

Lmo
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• Few-shot	regression	experiments
• Regress	the	sine	wave
• Where																										,																					,																								are	randomly	sampled
• MAML	with	one	gradient	update	inner	loop
• Evaluate	performance	by	fine-tuning	the	model

• On	𝐾-samples,	compared	with	simply	pre-trained	model

Experiments	on	Few-Shot	Learning	Tasks

24
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• Few-shot	regression	experiments
• Regress	the	sine	wave
• Where																										,																					,																								are	randomly	sampled
• MAML	with	one	gradient	update	inner	loop
• Evaluate	performance	by	fine-tuning	the	model

• On	𝐾-samples,	compared	with	simply	pre-trained	model

• Adapt	much	faster with	small	number	of	samples	(purple	triangle	below)
• MAML	regresses	well	in	the	region	without	data	(learn	periodic	nature	of	sine	well)

Experiments	on	Few-Shot	Learning	Tasks

25
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• Few-shot	regression	experiments
• Regress	the	sine	wave
• Where																										,																					,																								are	randomly	sampled
• MAML	with	one	gradient	update	inner	loop
• Evaluate	performance	by	fine-tuning	the	model

• On	𝐾-samples,	compared	with	simply	pre-trained	model

• Adapt	much	faster with	small	number	of	samples	(purple	triangle	below)
• Continue	to	improve	with	additional	gradient	step

• Not	overfitted to					that	only	improves	after	one	step
• Learn	initialization	that	amenable	to	fast	adaptation

Experiments	on	Few-Shot	Learning	Tasks

26
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• Datasets	for	few-shot	classification	task

• Omniglot
• Various	characters	obtained	from	50	alphabets
• Consists	of	20	samples	of	1623	characters
• 1200	meta-training,	423	meta-test	classes	

• Mini-Imagenet
• Subset	of	ImageNet
• 64	training,	12	validation,	24	test	classes
• For	each	class	one/five	samples	are	used

Experiments	on	Few-Shot	Learning	Tasks

27*	source	:	Ravi	and	Larochelle,	Optimization	as	a	model	for	few-shot	learning,	ICLR	2017;
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• Few-shot	classification	experiments
• Omniglot

• Mini-ImageNet

Experiments	on	Few-Shot	Learning	Tasks

28
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• MAML	outperforms	other	baselines	and	generalizes	well	on	unseen	tasks

• It	is	model-agnostic
• No	dependency	on	network	architectures
• Can	be	used	for	another	task not	only	few-shot	learning	(e.g.,	reinforcement	learning)
• Easily	applicable	to	many	applications

• Many	recent	works	on	meta-learning	based	on	MAML
• Learning	the	learning	rate	as	well	[Li,	et.	al.,	2017]
• First-order	approximation	of	MAML	[Nichol,	et.	al.,	2018]	
• Probabilistic	MAML	[Finn,	et.	al.,	2018]
• Visual	imitation	learning	[Finn,	et.	al.,	2017]

MAML

29
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• MAML	uses	the	same	learning	rate	for	all	the	task

• Meta-SGD improves	MAML	by
• Learning	the	learning	rates	for	each	task
• Here	the	learning	rates	are	vector,	so	that	adjust	the	gradient	direction	as	well

• Inner	loop	computation	becomes:
• Where	𝜶 is	a	vector	of	learning	rates

An	Extension:	Meta-SGD	- Learning	Initialization	and	Learning	Rates

30
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• Same	few-shot	regression	experiment	settings	with	MAML
• By	learning	the	hyperparameter	(learning	rates)	Meta-SGD	outperforms	MAML

Experimental	Results	on	Few-Shot	Regression

31
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• Omniglot experiments

• Mini-Imagenet experiments

• Meta-SGD	outperforms	baselines	with	a	large	margin
• Especially,	it	works	well	with	many	number	of	classes	(20-way)

Experimental	Results	on	Few-Shot	Classification

32



Algorithmic	Intelligence	Lab

• Meta-SGD	outperforms	MAML	in	many	experiments
• Learning	hyperparameter	is	useful	as	well
• Indicate	simple	hyperparameter	learning	also	gives	benefit

• In	many	meta-learning	methods	meta-networks	learn	also:
• Optimizer	parameters:	Learning	rates,	momentum,	or	optimizer	itself
• Metric	space	for	data	distribution	similarity	comparison
• Weights	of	loss	for	each	sample	for	handling	data	imbalance
• And	many	other	learning	rules

Meta-Learning	for	Learning	Various	Learning	Rules

33

Next,	learning	optimizers
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• Learning	DNNs	is	an	optimization	problem

• ℒ be	a	task-specific	objective	(e.g.,	cross-entropy	for	classification)
• 𝜃 be	parameters	of	a	neural	network

• How	to	find	the	optimal	𝜃∗ which	minimize	ℒ ?
• The	parameters	are	updated	iteratively	by	taking	gradient

• DNNs	are	often	trained	via	“hand-designed” gradient-based	optimizers
• e.g.,	Nesterov momentum	[Nesterov,	1983],	Adagrad [Duchi et	al.,	2011],

RMSProp [Tieleman and	Hinton,	2012],	ADAM	[Kingma and	Ba,	2015]

Optimizers	for	Learning	DNNs

35
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• Update	rules	of	SGD	with	momentum:

where	𝛾 is	a	learning	rate	and	𝜇 is	a	momentum

• Unroll	the	update	steps

An	Example	of	Optimizers:	SGD	with	Momentum

36

Parameters	𝜃 Optimizer Updates
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• Update	rules	of	ADAM	[Kingma and	Ba,	2015]:

where	𝛾 is	a	learning	rate	and	𝛽-, 𝛽/ are	decay	rates	for	the	moments

• Unroll	the	update	steps

An	Example	of	Optimizers:	ADAM

37

Parameters	𝜃 Optimizer Updates
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✓1 = ✓0 +�✓0
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

r✓L(✓1)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

✓2 = ✓1 +�✓1
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

r✓L(✓2)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Gradients

✓t+1 = ✓t �
�

p
vt
mt

<latexit sha1_base64="PGgJdlWT2FoacgFp0fxM3axn2Rk=">AAACG3icbZDLSsNAFIYnXmu9RV26CRZBECUpgm4E0Y3LCrYKTQgn00k7OJPEmROhhLyHG1/FjQtFXAkufBunbRbefhj45j/nMHP+KBNco+t+WlPTM7Nz87WF+uLS8sqqvbbe0WmuKGvTVKTqOgLNBE9YGzkKdp0pBjIS7Cq6ORvVr+6Y0jxNLnGYsUBCP+Exp4DGCu2mjwOGEBa465XH1QX3/FgBLfw+SAll4etbhcVdiGUpQwzthrvvjuX8Ba+CBqnUCu13v5fSXLIEqQCtu56bYVCAQk4FK+t+rlkG9Ab6rGswAcl0UIx3K51t4/ScOFXmJOiM3e8TBUithzIynRJwoH/XRuZ/tW6O8VFQ8CTLkSV08lCcCwdTZxSU0+OKURRDA0AVN3916ABMLGjirJsQvN8r/4VOc98zfHHQODmt4qiRTbJFdohHDskJOSct0iaU3JNH8kxerAfryXq13iatU1Y1s0F+yPr4AkeJotU=</latexit><latexit sha1_base64="PGgJdlWT2FoacgFp0fxM3axn2Rk=">AAACG3icbZDLSsNAFIYnXmu9RV26CRZBECUpgm4E0Y3LCrYKTQgn00k7OJPEmROhhLyHG1/FjQtFXAkufBunbRbefhj45j/nMHP+KBNco+t+WlPTM7Nz87WF+uLS8sqqvbbe0WmuKGvTVKTqOgLNBE9YGzkKdp0pBjIS7Cq6ORvVr+6Y0jxNLnGYsUBCP+Exp4DGCu2mjwOGEBa465XH1QX3/FgBLfw+SAll4etbhcVdiGUpQwzthrvvjuX8Ba+CBqnUCu13v5fSXLIEqQCtu56bYVCAQk4FK+t+rlkG9Ab6rGswAcl0UIx3K51t4/ScOFXmJOiM3e8TBUithzIynRJwoH/XRuZ/tW6O8VFQ8CTLkSV08lCcCwdTZxSU0+OKURRDA0AVN3916ABMLGjirJsQvN8r/4VOc98zfHHQODmt4qiRTbJFdohHDskJOSct0iaU3JNH8kxerAfryXq13iatU1Y1s0F+yPr4AkeJotU=</latexit><latexit sha1_base64="PGgJdlWT2FoacgFp0fxM3axn2Rk=">AAACG3icbZDLSsNAFIYnXmu9RV26CRZBECUpgm4E0Y3LCrYKTQgn00k7OJPEmROhhLyHG1/FjQtFXAkufBunbRbefhj45j/nMHP+KBNco+t+WlPTM7Nz87WF+uLS8sqqvbbe0WmuKGvTVKTqOgLNBE9YGzkKdp0pBjIS7Cq6ORvVr+6Y0jxNLnGYsUBCP+Exp4DGCu2mjwOGEBa465XH1QX3/FgBLfw+SAll4etbhcVdiGUpQwzthrvvjuX8Ba+CBqnUCu13v5fSXLIEqQCtu56bYVCAQk4FK+t+rlkG9Ab6rGswAcl0UIx3K51t4/ScOFXmJOiM3e8TBUithzIynRJwoH/XRuZ/tW6O8VFQ8CTLkSV08lCcCwdTZxSU0+OKURRDA0AVN3916ABMLGjirJsQvN8r/4VOc98zfHHQODmt4qiRTbJFdohHDskJOSct0iaU3JNH8kxerAfryXq13iatU1Y1s0F+yPr4AkeJotU=</latexit><latexit sha1_base64="PGgJdlWT2FoacgFp0fxM3axn2Rk=">AAACG3icbZDLSsNAFIYnXmu9RV26CRZBECUpgm4E0Y3LCrYKTQgn00k7OJPEmROhhLyHG1/FjQtFXAkufBunbRbefhj45j/nMHP+KBNco+t+WlPTM7Nz87WF+uLS8sqqvbbe0WmuKGvTVKTqOgLNBE9YGzkKdp0pBjIS7Cq6ORvVr+6Y0jxNLnGYsUBCP+Exp4DGCu2mjwOGEBa465XH1QX3/FgBLfw+SAll4etbhcVdiGUpQwzthrvvjuX8Ba+CBqnUCu13v5fSXLIEqQCtu56bYVCAQk4FK+t+rlkG9Ab6rGswAcl0UIx3K51t4/ScOFXmJOiM3e8TBUithzIynRJwoH/XRuZ/tW6O8VFQ8CTLkSV08lCcCwdTZxSU0+OKURRDA0AVN3916ABMLGjirJsQvN8r/4VOc98zfHHQODmt4qiRTbJFdohHDskJOSct0iaU3JNH8kxerAfryXq13iatU1Y1s0F+yPr4AkeJotU=</latexit>

mt = �1mt�1 + (1� �1)r✓L(✓t)
<latexit sha1_base64="B1CSpI5Ab6LTJedqBB+mJl1eafk="></latexit><latexit sha1_base64="B1CSpI5Ab6LTJedqBB+mJl1eafk="></latexit><latexit sha1_base64="B1CSpI5Ab6LTJedqBB+mJl1eafk="></latexit><latexit sha1_base64="B1CSpI5Ab6LTJedqBB+mJl1eafk="></latexit>

vt = �2vt�1 + (1� �2)(r✓L(✓t))2
<latexit sha1_base64="mOiETaNbpYUepKZHjqhH8UCwdG0="></latexit><latexit sha1_base64="mOiETaNbpYUepKZHjqhH8UCwdG0="></latexit><latexit sha1_base64="mOiETaNbpYUepKZHjqhH8UCwdG0="></latexit><latexit sha1_base64="mOiETaNbpYUepKZHjqhH8UCwdG0="></latexit>

m0 = (1� �1)r✓L(✓0)
v0 = (1� �2)(r✓L(✓0))2

<latexit sha1_base64="sRIPR/YnmImOpnDKQxNXKKGFwq0="></latexit><latexit sha1_base64="sRIPR/YnmImOpnDKQxNXKKGFwq0="></latexit><latexit sha1_base64="sRIPR/YnmImOpnDKQxNXKKGFwq0="></latexit><latexit sha1_base64="sRIPR/YnmImOpnDKQxNXKKGFwq0="></latexit>

m1 = �1m0 + (1� �1)r✓L(✓1)
v1 = �2v0 + (1� �2)(r✓L(✓1))2

<latexit sha1_base64="vRlWhfXGv7gm1dx0+KATbus1DFM="></latexit><latexit sha1_base64="vRlWhfXGv7gm1dx0+KATbus1DFM="></latexit><latexit sha1_base64="vRlWhfXGv7gm1dx0+KATbus1DFM="></latexit><latexit sha1_base64="vRlWhfXGv7gm1dx0+KATbus1DFM="></latexit>

m2 = �1m1 + (1� �1)r✓L(✓2)
v2 = �2v1 + (1� �2)(r✓L(✓2))2

<latexit sha1_base64="PAy13ezgS9cWxoVfxo1/kXT9K+s="></latexit><latexit sha1_base64="PAy13ezgS9cWxoVfxo1/kXT9K+s="></latexit><latexit sha1_base64="PAy13ezgS9cWxoVfxo1/kXT9K+s="></latexit><latexit sha1_base64="PAy13ezgS9cWxoVfxo1/kXT9K+s="></latexit>

�✓2 = � �
p
v2

m2
<latexit sha1_base64="f/7BuvRWastidScdWWi/0Dgl2e4="></latexit><latexit sha1_base64="f/7BuvRWastidScdWWi/0Dgl2e4="></latexit><latexit sha1_base64="f/7BuvRWastidScdWWi/0Dgl2e4="></latexit><latexit sha1_base64="f/7BuvRWastidScdWWi/0Dgl2e4="></latexit>

�✓0 = � �
p
v0

m0
<latexit sha1_base64="Mc11Vtw6lZLW/jUSL2rIqw5qOpg="></latexit><latexit sha1_base64="Mc11Vtw6lZLW/jUSL2rIqw5qOpg="></latexit><latexit sha1_base64="Mc11Vtw6lZLW/jUSL2rIqw5qOpg="></latexit><latexit sha1_base64="Mc11Vtw6lZLW/jUSL2rIqw5qOpg="></latexit>

�✓1 = � �
p
v1

m1
<latexit sha1_base64="TGBdHDwI3uFcm6xbkvWMg1oDcro="></latexit><latexit sha1_base64="TGBdHDwI3uFcm6xbkvWMg1oDcro="></latexit><latexit sha1_base64="TGBdHDwI3uFcm6xbkvWMg1oDcro="></latexit><latexit sha1_base64="TGBdHDwI3uFcm6xbkvWMg1oDcro="></latexit>



Algorithmic	Intelligence	Lab

• Drawbacks of	these	hand-designed	optimizers	(or	update	rules)
• Potentially	poor	performance	on	some	problems
• Difficult	to	hand-craft	the	optimizer	for	every	specific	class	of	functions to	
optimize

• Solution: Learning	an	optimizer	in	an	automatic	way	[Andrychowicz et	al.,	2016]
• Explicitly	model	optimizers	using	recurrent	neural	networks	(RNNs)

• Cast	an	optimizer	design	as	a	learning	problem

Learning	Optimizers	for	Learning	DNNs

38

No	Free	Lunch	Theorem	[Wolpert and	Macready,	1997]
No	algorithm	is	able	to	do	better	than	a	random	strategy	in	expectation

✓t+1 = ✓t + g�(rL(✓t), ht)
<latexit sha1_base64="hXQ31T3ocUpXqRXuP18x3jDaT9s="></latexit><latexit sha1_base64="hXQ31T3ocUpXqRXuP18x3jDaT9s="></latexit><latexit sha1_base64="hXQ31T3ocUpXqRXuP18x3jDaT9s="></latexit><latexit sha1_base64="hXQ31T3ocUpXqRXuP18x3jDaT9s="></latexit>

ht = f�(rL(✓t), ht�1)
<latexit sha1_base64="N71AsYNbVPNplC8n7HGefSZUMrM="></latexit><latexit sha1_base64="N71AsYNbVPNplC8n7HGefSZUMrM="></latexit><latexit sha1_base64="N71AsYNbVPNplC8n7HGefSZUMrM="></latexit><latexit sha1_base64="N71AsYNbVPNplC8n7HGefSZUMrM="></latexit>

Outputs	of	RNN Inputs Hidden	states

�⇤ = argmin
�

L(✓T (�))
<latexit sha1_base64="OSXyJQJZ0+/Q1K8lMLM9wSyly7I="></latexit><latexit sha1_base64="OSXyJQJZ0+/Q1K8lMLM9wSyly7I="></latexit><latexit sha1_base64="OSXyJQJZ0+/Q1K8lMLM9wSyly7I="></latexit><latexit sha1_base64="OSXyJQJZ0+/Q1K8lMLM9wSyly7I="></latexit>

where	𝜃0 𝜙 are	the	𝑇-step	updated	parameters	given	the	RNN	optimizer	𝜙



Algorithmic	Intelligence	Lab

• Update	rules	of	SGD	with	momentum:

where	𝛾 is	a	learning	rate	and	𝜇 is	a	momentum

Recall:	SGD	with	Momentum

39

Parameters	𝜃 Optimizer Updates

✓0
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

r✓L(✓0)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

m0 = �r✓L(✓0)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

�✓0 = �m0
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

✓1 = ✓0 +�✓0
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

r✓L(✓1)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

m1 = µm0 + �r✓L(✓1)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

�✓1 = �m1
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

✓2 = ✓1 +�✓1
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

r✓L(✓2)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

m2 = µm1 + �r✓L(✓2)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

�✓2 = �m2
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Gradients

✓t+1 = ✓t �mt
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

mt = µmt�1 + �r✓L(✓t)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Inputs	𝛻ℒ 𝜃3 Hidden	states	𝑚3 Outputs	Δ𝜃3



Algorithmic	Intelligence	Lab

• Update	rules	of	ADAM	[Kingma and	Ba,	2015]:

where	𝛾 is	a	learning	rate	and	𝛽-, 𝛽/ are	decay	rates	for	the	moments

Recall:	ADAM

40

Parameters	𝜃 Optimizer Updates

✓0
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

r✓L(✓0)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

✓1 = ✓0 +�✓0
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

r✓L(✓1)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

✓2 = ✓1 +�✓1
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

r✓L(✓2)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Gradients

✓t+1 = ✓t �
�

p
vt
mt

<latexit sha1_base64="PGgJdlWT2FoacgFp0fxM3axn2Rk=">AAACG3icbZDLSsNAFIYnXmu9RV26CRZBECUpgm4E0Y3LCrYKTQgn00k7OJPEmROhhLyHG1/FjQtFXAkufBunbRbefhj45j/nMHP+KBNco+t+WlPTM7Nz87WF+uLS8sqqvbbe0WmuKGvTVKTqOgLNBE9YGzkKdp0pBjIS7Cq6ORvVr+6Y0jxNLnGYsUBCP+Exp4DGCu2mjwOGEBa465XH1QX3/FgBLfw+SAll4etbhcVdiGUpQwzthrvvjuX8Ba+CBqnUCu13v5fSXLIEqQCtu56bYVCAQk4FK+t+rlkG9Ab6rGswAcl0UIx3K51t4/ScOFXmJOiM3e8TBUithzIynRJwoH/XRuZ/tW6O8VFQ8CTLkSV08lCcCwdTZxSU0+OKURRDA0AVN3916ABMLGjirJsQvN8r/4VOc98zfHHQODmt4qiRTbJFdohHDskJOSct0iaU3JNH8kxerAfryXq13iatU1Y1s0F+yPr4AkeJotU=</latexit><latexit sha1_base64="PGgJdlWT2FoacgFp0fxM3axn2Rk=">AAACG3icbZDLSsNAFIYnXmu9RV26CRZBECUpgm4E0Y3LCrYKTQgn00k7OJPEmROhhLyHG1/FjQtFXAkufBunbRbefhj45j/nMHP+KBNco+t+WlPTM7Nz87WF+uLS8sqqvbbe0WmuKGvTVKTqOgLNBE9YGzkKdp0pBjIS7Cq6ORvVr+6Y0jxNLnGYsUBCP+Exp4DGCu2mjwOGEBa465XH1QX3/FgBLfw+SAll4etbhcVdiGUpQwzthrvvjuX8Ba+CBqnUCu13v5fSXLIEqQCtu56bYVCAQk4FK+t+rlkG9Ab6rGswAcl0UIx3K51t4/ScOFXmJOiM3e8TBUithzIynRJwoH/XRuZ/tW6O8VFQ8CTLkSV08lCcCwdTZxSU0+OKURRDA0AVN3916ABMLGjirJsQvN8r/4VOc98zfHHQODmt4qiRTbJFdohHDskJOSct0iaU3JNH8kxerAfryXq13iatU1Y1s0F+yPr4AkeJotU=</latexit><latexit sha1_base64="PGgJdlWT2FoacgFp0fxM3axn2Rk=">AAACG3icbZDLSsNAFIYnXmu9RV26CRZBECUpgm4E0Y3LCrYKTQgn00k7OJPEmROhhLyHG1/FjQtFXAkufBunbRbefhj45j/nMHP+KBNco+t+WlPTM7Nz87WF+uLS8sqqvbbe0WmuKGvTVKTqOgLNBE9YGzkKdp0pBjIS7Cq6ORvVr+6Y0jxNLnGYsUBCP+Exp4DGCu2mjwOGEBa465XH1QX3/FgBLfw+SAll4etbhcVdiGUpQwzthrvvjuX8Ba+CBqnUCu13v5fSXLIEqQCtu56bYVCAQk4FK+t+rlkG9Ab6rGswAcl0UIx3K51t4/ScOFXmJOiM3e8TBUithzIynRJwoH/XRuZ/tW6O8VFQ8CTLkSV08lCcCwdTZxSU0+OKURRDA0AVN3916ABMLGjirJsQvN8r/4VOc98zfHHQODmt4qiRTbJFdohHDskJOSct0iaU3JNH8kxerAfryXq13iatU1Y1s0F+yPr4AkeJotU=</latexit><latexit sha1_base64="PGgJdlWT2FoacgFp0fxM3axn2Rk=">AAACG3icbZDLSsNAFIYnXmu9RV26CRZBECUpgm4E0Y3LCrYKTQgn00k7OJPEmROhhLyHG1/FjQtFXAkufBunbRbefhj45j/nMHP+KBNco+t+WlPTM7Nz87WF+uLS8sqqvbbe0WmuKGvTVKTqOgLNBE9YGzkKdp0pBjIS7Cq6ORvVr+6Y0jxNLnGYsUBCP+Exp4DGCu2mjwOGEBa465XH1QX3/FgBLfw+SAll4etbhcVdiGUpQwzthrvvjuX8Ba+CBqnUCu13v5fSXLIEqQCtu56bYVCAQk4FK+t+rlkG9Ab6rGswAcl0UIx3K51t4/ScOFXmJOiM3e8TBUithzIynRJwoH/XRuZ/tW6O8VFQ8CTLkSV08lCcCwdTZxSU0+OKURRDA0AVN3916ABMLGjirJsQvN8r/4VOc98zfHHQODmt4qiRTbJFdohHDskJOSct0iaU3JNH8kxerAfryXq13iatU1Y1s0F+yPr4AkeJotU=</latexit>

mt = �1mt�1 + (1� �1)r✓L(✓t)
<latexit sha1_base64="B1CSpI5Ab6LTJedqBB+mJl1eafk="></latexit><latexit sha1_base64="B1CSpI5Ab6LTJedqBB+mJl1eafk="></latexit><latexit sha1_base64="B1CSpI5Ab6LTJedqBB+mJl1eafk="></latexit><latexit sha1_base64="B1CSpI5Ab6LTJedqBB+mJl1eafk="></latexit>

vt = �2vt�1 + (1� �2)(r✓L(✓t))2
<latexit sha1_base64="mOiETaNbpYUepKZHjqhH8UCwdG0="></latexit><latexit sha1_base64="mOiETaNbpYUepKZHjqhH8UCwdG0="></latexit><latexit sha1_base64="mOiETaNbpYUepKZHjqhH8UCwdG0="></latexit><latexit sha1_base64="mOiETaNbpYUepKZHjqhH8UCwdG0="></latexit>

m0 = (1� �1)r✓L(✓0)
v0 = (1� �2)(r✓L(✓0))2

<latexit sha1_base64="sRIPR/YnmImOpnDKQxNXKKGFwq0="></latexit><latexit sha1_base64="sRIPR/YnmImOpnDKQxNXKKGFwq0="></latexit><latexit sha1_base64="sRIPR/YnmImOpnDKQxNXKKGFwq0="></latexit><latexit sha1_base64="sRIPR/YnmImOpnDKQxNXKKGFwq0="></latexit>
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Algorithmic	Intelligence	Lab

• Update	rules	based	on	a	RNN	𝑓7, 𝑔7 parameterized	by	𝜙

• Inner-loop:	update the	parameters	𝜃 via	the	optimizer	for	𝑇 times

RNN	Optimizer

41
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Algorithmic	Intelligence	Lab

• Objective	for	the	RNN	optimizer	𝝓 on	the	entire	training	trajectory

Objective	for	Learning	RNN	Optimizer

42

Parameters	𝜃 Optimizer Updates
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Algorithmic	Intelligence	Lab

• Objective	for	the	RNN	optimizer	𝝓 on	the	entire	training	trajectory

• Outer-loop:minimize	ℒ;<=>(𝜙) using	gradient	descent	on	𝝓
• For	simplicity,	assume	𝛻7𝛻Aℒ 𝜃3 = 0 (then,	only	requires	first-order	gradients)

Learning	RNN	Optimizer	by	Gradient	Descent

43

Parameters	𝜃 Optimizer Updates
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Algorithmic	Intelligence	Lab

• A	challenge	is	optimizing	(at	least)	tens	of	thousands	of	parameters
• Computationally	not	feasible	with	fully	connected	RNN	architecture

• Use	LSTM	optimizer	which	operates	coordinate-wise	on	the	parameters

• By	considering	coordinate-wise	optimizer
• Able	to	use	small	network	for	optimizer
• Share	optimizer	parameters	across	different	parameters	of	the	model

• Input:	gradient	for	single	coordinate	and	the	hidden	state
• Output:	update	for	corresponding	model	parameter

Architecture	of	RNN	Optimizer

44*	source	:	Andrychowicz,	et.	al.,	Learning	to	learn	by	gradient	descent	by	gradient	descent,	NIPS	2016



Algorithmic	Intelligence	Lab

• Learning	models	for	
• Quadratic	functions

• Optimizer	is	trained	by	optimizing	random	functions	from	this	family
• Tested	on	newly	sampled	functions	from	the	same	distribution

• Neural	network	on	MNIST	dataset
• Trained	for	100	steps	with	MLP	(1	hidden	layer	of	20	units,	using	a	sigmoid	function)

• Outperform	baseline	optimizers
• Also	perform	well	beyond	the	meta-trained	steps	(>	100	steps)

Effectiveness	of	a	Learned	Optimizer

45*	source	:	Andrychowicz,	et.	al.,	Learning	to	learn	by	gradient	descent	by	gradient	descent,	NIPS	2016

L(✓) = kX✓ � yk22
<latexit sha1_base64="Id2jpZPKbwBD/wQdKd3OunFpddI="></latexit><latexit sha1_base64="Id2jpZPKbwBD/wQdKd3OunFpddI="></latexit><latexit sha1_base64="Id2jpZPKbwBD/wQdKd3OunFpddI="></latexit><latexit sha1_base64="Id2jpZPKbwBD/wQdKd3OunFpddI="></latexit>



Algorithmic	Intelligence	Lab

• Generalization	to	different	architecture	models
• Learn	LSTM	optimizer	for	MNIST	dataset	

• With	1	hidden	layers	(20	units)	of	sigmoid	activation	MLP
• Test	generalization	ability	of	a	LSTM	optimizer	for

• Different	number	of	hidden	units (20	à 40)
• Different	number	of	hidden	layers (1	à 2)
• Different	activation	functions (Sigmoid	à ReLU)

• When	learning	dynamics	are	similar,	the	learned	optimizer	is	generalized	well
• Different	activation	function	significantly	changes	the	problems	to	solve

Generalization	of	a	Learned	Optimizer

46*	source	:	Andrychowicz,	et.	al.,	Learning	to	learn	by	gradient	descent	by	gradient	descent,	NIPS	2016



Algorithmic	Intelligence	Lab

• Generalization	to	different	datasets
• Learn	LSTM	optimizer	on	CIFAR-10
• Test	on	subset	of	CIFAR-10	(CIFAR-5	and	CIFAR-2)

• Learn	much	faster	than	baseline	optimizers	
• Even	for	different	(but	similar)	dataset
• Without	additional	tuning	of	the	learned	optimizer

Generalization	of	a	Learned	Optimizer

47*	source	:	Andrychowicz,	et.	al.,	Learning	to	learn	by	gradient	descent	by	gradient	descent,	NIPS	2016



Algorithmic	Intelligence	Lab

• Previous	works	have	have	difficulties	in:
• Large	problems	(e.g.,	large	scale	architecture,	large	number	of	steps)
• Generalizing	for	various	tasks

• To	tackle	these,	hierarchical	RNN	is	proposed	[Wichrowska et	al.,	2017]

• It	generalizes	to	train	Inception/ResNet	on	ImageNet	for	thousands	of	steps

An	Extension:	Hierarchical	RNN	Optimizer
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TensorRNN and	GlobalRNN allow
ParameterRNNs to	have	few	hidden	units

TensorRNN aggregates	local	information
from	a	subset	of	ParameterRNNs

GlobalRNN aggregates	global	information
from	all	of	TensorRNNs

*	source	:	Wichrowska,	et.	al.,	Learned	Optimizers	that	Scale	and	Generalize,	ICML	2017
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• Meta-learning	is	a	study	about	learning	the	learning	rules
• Make	learner	perform	better	without	hand-crafted	learning	rules

• Learning	model	initialization
• Learning	initialization that	transfer	well	with	small	number	of	samples

• Learning	optimizers
• Optimize	the	problem	faster	and	better
• In	the	distribution	of	the	problem	that	optimizers	are	meta-trained

• It	is	applied	for	many	other	fields	as	well
• Hyperparameter optimization
• Neural	network	architecture	search
• Reinforcement	learning

Summary
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• Meta-learning	differs	from	base-learning	in	the	scope	of	the	level	of	adaptation
• Instead	of	focusing	on	learning	a	specific	task,	learn	the	learning	rule

• Considering	dataset	as	a	data	sample
• Learn patterns	across	tasks	
• Consider	distribution	of	tasks

• Learning	to	learn	that	works	well	on	a	task	from	the	distribution
• Generalization	for	new	tasks	(not	only	new	data	samples)	from	the	same	distribution

• Examples
• Learning	optimizer	itself	that	works	well	for	specific	class	of	problems

• Instead	of	using	hand-crafted	optimizer	(e.g.,	SGD)
• Learningmetric that	works	well	for	the	purpose	of	a	comparison

• Instead	of	using	some	hand-designed	metric to	compare	two	samples
• Learning	initializations	that	is	effective	on	a	specific	task	(e.g.,	few-shot	learning)

• Instead	of	pre-defined	model	initialization	(e.g.,	pre-trained	weights	on	ImageNet)
• Detail	algorithms	of	those	examples	are	in	later	slides

Meta-Learning
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• Key	idea
• Train	over	many	tasks,	to	learn	parameter					that	transfers	
• Use	objective	that	encourage					to	be	fast	adapt	when	fine-tuned	with	small	data
• Assumption:	some	representations	are	more	transferrable	than	others

• Problem	set-up	for	few-shot	learning
• Task	
• During	meta-train

• Consider	a	distribution	over	tasks	
• Model	is	trained	to	learn	new	task																					from	only							samples
• Loss	function	for	task							is	
• Model						is	learned	by	considering	how	the	test	error	on	new	samples	from	
• The	test	error	of					is	used	as	the	training	error	of	the	meta-learning

• During	meta-test
• New	tasks	are	sampled	from	
• Model					is	trained	for	new	task	with						samples	
• Measure	model’s	performance	(i.e.,	measure	meta-performance)

Model-Agnostic	Meta-Learning	(MAML)
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