Meta-Learning: from Few-Shot Learning
to Rapid Reinforcement Learning

Chelsea Finn Sergey Levine

Qs: slido.com/meta
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Large, diverse data
+ large models
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Figure 1: The Transformer - model architecture.

Vaswani et al. ‘18

Under the paradigm of supervised learning.

On
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What if you don’t have a large dataset?

medical imaging robotics personalized education,
translation for rare languages recommendations

What if you want a general-purpose Al system in the real world?

Need to continuously adapt and learn on the job.
Learning each thing from scratch won’t cut it.

What if your data has a long tail?
big data
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| These settings break the superwsed learning paradigm.
Qs: slido.com/meta driving scenarios

of datapoints
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training data test datapoint
Cezanne

@

By Brague or Cezanne?




How did you accomplish this?

Through previous experience.

Qs: slido.com/meta
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How might you get a machine to accomplish this task?

Modeling image formation

Geometry Fewer human priors,
more data-driven priors
SIFT features, HOG features + SVM ]
. . Great .
Fine-tuning from ImageNet features iea o SHREERS
Domain adaptation from other painters

P77

Can we explicitly learn priors from previous experience
that lead to efficient downstream learning?

Qs: slido.com/meta Can we learn to learn?
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Outline

- Problem statement

- Meta-learning algorithms

- Black-box adaptation

- Optimization-based inference
- Non-parametric methods

- Bayesian meta-learning

- Meta-learning applications
— 5 min break —
- Meta-reinforcement learning

- Challenges & frontiers

Qs: slido.com/meta
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Two ways to view meta-learning

Mechanistic view

> Deep neural network model that can read in
an entire dataset and make predictions for
new datapoints

> Training this network uses a meta-dataset,
which itself consists of many datasets, each
for a different task

> This view makes it easier to implement meta-
learning algorithms

Qs: slido.com/meta

Probabilistic view

> Extract prior information from a set of (meta-
training) tasks that allows efficient learning of
new tasks

> Learning a new task uses this prior and (small)
training set to infer most likely posterior
parameters

> This view makes it easier to understand meta-
learning algorithms
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Problem definitions

supervised learning:

argmgxlogp(qb\@) D = {§$1,y1)»---a($k,yk)}
%@ SN N

model parameters training data input (e.g., image) label

— arg mgx log p(D|@) + log p(¢)
/v '\

data likelihood regularizer (e.g., weight decay)

= arg max Z log p(yi|xi, @) + log p(¢)

What is wrong with this?

> The most powerful models typically require large amounts of |labeled data
> Labeled data for some tasks may be very limited

Qs: slido.com/meta
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Problem definitions

supervised learning:

arg max log p(¢|D) D={(z1,41),--- (@K, Yk}
. . 0
can we incorporate additional data’ Dietotrain = {D1, ..., Dy}
arg mq?X lng(Qbu), Dmeta—train) Dz — {(iji, yi), v oo (.CIZ‘,]L{, y;’c)}
D
D
Dmeta—train
Do
Qs: slido.co m/m eta ° Image adapted from Ravi & Larochelle
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The meta-learning problem

D={(r1,91)s--, (T, yr)}

Dme a-train — Dh"'aDn
arg mg?X 10gp(¢‘papmeta—train) e | { }
Di — {(aj?iv yjzl)v s ey (x/;€7 ylzc)}

meta-learning:

what if we don’t want to keep Dijeta-train around forever?

learn meta-parameters 0: p(6| Dmeta-train ) this is the meta-learning problem

whatever we need to know about Detatrain £O SOlve new tasks

A/ ASSUINE ¢ A Dmeta—train‘e
lng(Qb‘D, Dmeta—train) — log/ p(qb\D, 9)p(8‘Dmeta—train)d9 Y
© T arg mQaX log p(e‘pmeta—train)

~ log p(¢‘p, 9*) 10g p(e*lpmeta—train)

arg max log P(¢|D, Dueta-train) < arg max log p(¢|D, 0%)

Qs: slido.com/meta
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A Quick Example
D={(r1,91), -, (Tk, yr)}
meta-learning: 0* = arg max log p(0|Dmeta-train )

6 Dmeta—train — {Dla SO apn}
adaptation: ¢~ = arg mgx log p(o|D, 07) D; ={(z%,4), ..., (2}, y.)}
r h yAts < test label D
\ Vaund
BN . s qﬁ*
I | N—s| D,
(3717 yl) (51327 yZ) ($37 y3) ZEtS Dmeta—train
\ J
' \est input Dy
D °

Qs: slido.com/meta
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How do we train this thing?

D = {(3317 y1)7 JRIRE (xkv yk)}
Dmeta—train — {Dla R 7Dn}

D
T A T —s| D1
‘(9317 yl) ('/’E27 y2) ($3, yS), ths Dmeta—train
' \est input D
D o
Key idea:

“our training procedure is based on a simple machine learning principle: test and train conditions must match”
Vinyals et al., Matching Networks for One-Shot Learning

Qs: slido.com/meta
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How do we train this thing?

D = {(3717 y1)7 SRR (CUk, yk)}
meta-learning: 0* = arg max 1og p(0|Dmetatrain
5 5 v, gp( ‘ ta-t ) Dmeta—train — {Dla I aDn}

adaptation: ¢* = arg maxlogp(¢|D, 6™) D; ={(z%,4), ..., (2}, y.)}

@
(meta) test-time -J (meta) training-time
r *h yts « test label yts ) 277
Y -re —]
—] ] —] ] —- ¢ ] ) —] ] — ] —- ¢ ]
I ‘ —sr —>
‘(xl’yl) (562,3/2) (x37y3), s ‘(inqulj) ('Iﬂévyé) (337373/?3)' i w
' \est input ! \???
D D;

Key idea:
“our training procedure is based on a simple machine learning principle: test and train conditions must match”
Vinyals et al., Matching Networks for One-Shot Learning

Qs: slido.com/meta
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Reserve a test set for each task!

D
Dmeta—train
Do
R (meta) training-time
¢ yts
Deta-train = {(Dtljrv Dis)a A (szrv szs)} BN — — Q5* >‘
- ] . ] . x A A A
D" = {(x1,91)s - (), yp) } L L =l
- o ‘(%a y1) (22,Y) (23, y3), x
DES — {('Iﬂ]j_?y?i)?’(w%?y;)} !
Df,; (xts’ ytS) ~ DES

Key idea:
“our training procedure is based on a simple machine learning principle: test and train conditions must match”
Vinyals et al., Matching Networks for One-Shot Learning

Qs: slido.com/meta
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The complete meta-learning optimization

meta-learning: 6* = arg m@ax log p(0|Dimeta-train ) Dieta-train = {(Dirv DES), Ceey (fo, D},—f)}
adaptation: ¢* = arg mq?,x log p(p| D', 6%) D" = {(z1,91),- -, (@h, yp)}
‘ DES:{(ZEi,yi),,(:E;,y;)}

¢* _ f@* (Dtr)

learn 0 such that ¢ = fo(D;") is good for D;*

o* = mgX; log p(¢s| &)
where ¢; = fo(TD)

g

unobserved at
meta-test time

Qs: slido.com/meta
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Some meta-learning terminology

learn 6 such that ¢; = fo(D}") is good for D* Dinetactrain = { (D}, DY), ..., (DY, D¥)}

i At i i i
* — ] ; s D; = {(ajlayl)v SO (wkvyk)}
0 argmth; og p(¢i| D) T
E D;?S — :'E,L?y?j > ) xz7yz \7
e o — 1D D = (e (b)) N

(i.e., k-shot, 5-shot)

training data test set / (meta-training) task T;
. D,
meta-training D2 Dmeta—train

meta-testing

support (set) \

image credit: Ravi & Larochelle ‘17



Closely related problem settings

meta—learning: Dmeta—train _ {(Dir, D‘;S)’ e (Dg, D;S)}
0" = max » logp(¢|D}") D;" = {(z1,91), - (T, Uk) }
1=1
where ¢z :f@(DIr) D}L—JS — {(‘/Ef[iayfi)va(xflbvy;)}

multi-task learning: learn model with parameters 6* that solves multiple tasks 6* = arg max Z log p(6|D;)
i=1

can be seen as special case where ¢; = 0 (i.e., fo(D;) = 6)
hyperparameter optimization & auto-ML: can be cast as meta-learning
hyperparameter optimization: 8 = hyperparameters, ¢ = network weights
architecture search: # = architecture, ¢ = network weights

very active area of research! but outside the scope of this tutorial
Qs: slido.com/meta
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Outline

- Problem statement

- Meta-learning algorithms

- Black-box adaptation

- Optimization-based inference
- Non-parametric methods

- Bayesian meta-learning

- Meta-learning applications
— 5 min break —
- Meta-reinforcement [earning

- Challenges & frontiers

Qs: slido.com/meta
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General recipe

How to evaluate a meta-learning algorithm
the Omniglot dataset Lake et al. Science 2015

1623 characters from 50 different alphabets

Hebrew i'_Bengali ' Greek Futurama many ClaSSGS, few examples
WID[|T ]3] (e T (el LIBIRIL| [12[9]s X
Y[ an] SharEmesm (M eR[ %]V ?i?;gg the “transpose” of MINIST
yITIo|7]D] RBEEEEER] alMlole] ERE statistics more reflective
© (57D | A| RGN =
iln =S PLE(C|Y of the real world
20 instances of each character

Proposes both few-shot discriminative & few-shot generative problems

Initial few-shot learning approaches w/ Bayesian models, non-parametrics
Fei-Fei et al. ‘03 Lake et al. ‘11 Salakhutdinov et al. ‘12 Lake et al. ‘13

Other datasets used for few-shot image recognition: Minilmagenet, CIFAR, CUB, CelebA, others

-/ e JII\./IV.\JVIIII I | Nr W \AM
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General recipe

How to evaluate a meta-learning algorithm
5-way, 1-shot image classification (Minilmagenet)

Given 1 example of 5 classes: Classify new examples

meta-training

Can replace image classifi

e JIITNAIS NI TT/ TN UU

cat

on with: regression, language generation, skill learning,

held-out classes

training classes

any ML
problem
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General recipe

How to design a meta-learning algorithm
1. Choose a form of p(¢;|D;",0)

2. Choose how to optimize 8 w.r.t. max-likelihood objective using Dmeta-train

Can we treat p(¢;|D;", 0) as an inference problem?

Neural networks are good at inference.

Qs: slido.com/meta
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Outline

- Problem statement

- Meta-learning algorithms

- Black-box adaptation

- Optimization-based inference
- Non-parametric methods

- Bayesian meta-learning

- Meta-learning applications
— 5 min break —
- Meta-reinforcement [earning

- Challenges & frontiers

Qs: slido.com/meta
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Black-Box Adaptation

Key idea: Train a neural network to represent p(¢;|D;", 0)

For now: Use deterministic (point estimate) ¢; = o (Dtr) (Bayes vviII'cf;éwfﬁ'eA back later)
ts
Jo yT Train with standard supervised learning!
T T T Tt Ti (x,y)~Dtest
(r1,y1) (22,92) (73,¥3) x” o p—
— el . Tytest
D‘Pr D;}est ’C(¢’L7 Dz )

tr test
mgax;afe(@i ), D)

Qs: slido.com/meta
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Black-Box Adaptation

Key idea: Train a neural network to represent p(¢;|D;", 0)
ts

fo s
l 1. Sample task 7; (or mini batch of tasks)

— — — ¢ 99 2. Sample disjoint datasets D;*, D;**" from D;

T T T |

(5131,y1) ($2,y2) ($3>y3) " .

test
Dz’

Qs: slido.com/meta pir Ttest
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Black-Box Adaptation

Key idea: Train a neural network to represent p(¢;|D;", 0)
ts

fo g
l 1. Sample task 7; (or mini batch of tasks)
T _' T _' T — ¢ gTqb : 2. Sample disjoint datasets D;*, D;**" from D;
('xlayl) (3727:92) ($37y3) $tS ' 3. COmPUte ¢Z % f@(Dfr)
S ——l 4. Update 0 using VyL(¢p;, D;")
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Black-Box Adaptation

Key idea: Train a neural network to represent p(¢;|D;", 0)

fo

— O;

o T

(1,y1) (T2,92) (23,y3)

v
DY

Qs: slido.com/meta

Form of fy?

LSTM

Neural turing machine (NTM)
Self-attention

1D convolutions

feedforward + average
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Black-Box Adaptation

Key idea: Train a neural network to represent p(¢;|D;", 0)

Challenges
Outputting all neural net parameters does not seem scalable?

Idea: Do not need to output all parameters of neural net, only sufficient statistics
; yts (Santoro et al. MANN, Mishra et al. SNAIL)
z
T low-dimensional vector h,
— — — 9o, represents contextual task information
T 1 1 g
(331>?J1> ($2,y2) (x3vy3) th ' ¢Z { 9}
| — general form: v"° = fo(D;", 2"°)
DU D/tisest

s there a way to infer all parameters in a scalable way?
Qs: slido.com/meta What if we treat it as an optimization procedure?
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Outline

- Problem statement

- Meta-learning algorithms

- Black-box adaptation

- Optimization-based inference
- Non-parametric methods

- Bayesian meta-learning

- Meta-learning applications
— 5 min break —
- Meta-reinforcement [earning

- Challenges & frontiers

Qs: slido.com/meta
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Optimization-Based Inference
Key idea: Acquire ¢; through optimization.

max log p(D;"|¢:) + log p(¢4]0)

Meta-parameters 6 serve as a prior. ~ What form of prior?

One successful form of prior knowledge: initialization for fine-tuning

Qs: slido.com/meta
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Optimization-Based Inference

K ore-trained parameters
Fine-tuning ¢ — f — OzVQ[:(Q, Dtr)

. training data
[test-time]

for new task

Meta-learning IIlHiIl Z ﬁ(e — av9£(97 Dgr)a fDES>

task 2
Key idea: Over many tasks, learn parameter vector 0 that transfers via fine-tuning

Qs: slido.com/meta Finn et al., MAML
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Optimization-Based Inference
: - 1§r ’gS
min Z L(0—aVeLl(0,D;), D)

task 1 |
— meta-learning

9 parameter vector 9 ---- |earning/adaptation

being meta-learned

¢>l< optimal parameter
1 vector for task |

Qs: slido.com/meta Model-Agnostic Meta-Learning Finn et al., MAML
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Optimization-Based Inference

Key idea: Acquire @; through optimization.
General Algorithm:

Arrertzedappreach- Optimization-based approach

1. Sample task 7;  (or mini batch of tasks)
2. Sample disjoint datasets D;*, D;*** from D;

3. Compite-o~Fg(P Optimize ¢; + 0 — aVeL(0, D)
4. Update 6 using Vg L(¢;, DEGSt)

—> brings up second-order derivatives (more on this later)

Qs: slido.com/meta
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Optimization vs. Black-Box Adaptation

Black-box adaptation Model-agnostic meta-learning
general form: y** = fy(D;", z") y*® = fuamw (DL, )
yts p— f¢z (ths)
. . R T where ¢; = 0 — aVoL(0,D}")
i T T f MAML can be viewed as computation graph,
(z1,91) (22,y2) (w3,93) 2 with embedded gradient operator

Note: Can mix & match components of computation graph

Learn initialization but replace gradient update with learned network
where ¢; = 0 — o VgD
f(ea D}zrv Vo )

Ravi & Larochelle ICLR 17
(actually precedes MAML)

Qs: slido.conThis computation graph view of meta-learning will come back again!
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Optimization vs. Black-Box Adaptation

How well can learnin

10UV

5-way, 1-shot accuracy

performance

98 1

92 1

o procedures generalize to similar, but extrapolated tasks?

O

Omniglot image classification MAML SNAIL,
MetaNetworks
,.__——\ > 7 -
” ’/.\ g 95
o e ™ U
~ N ©
/./ \ g "
| \ , ‘
/' = MAML 80 e MAML
SNAIL 3 SNAIL
L/ — MetaNet i " -+  MetaNet
08 -06 -04 —02 e ’ 0.50 T 1.00 125
digit shear radlans digit scale

2z o ﬂ 5 O

Qs: slido.com/meta Does this structure come at a cost? Finn & Levine ICLR 18
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Black-box adaptation Optimization-based (MAML)
t tr .t
Y= = fo(D;", ™) y~ = fmame(D;, 27)

Does this structure come at a cost?

For a sufficiently deep f, t
MAML function can approximate any function of 'Dir, X
Finn & Levine, ICLR 2018

ts

Assumptions:
nonzero
loss function gradient does not lose information about the label
. . tr :
datapoints in D,L- are unique

Why is this interesting?
MAML has benefit of inductive bias without losing expressive power.

Qs: slido.com/meta
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Probabilistic Interpretation of Optimization-Based Inference

Key idea: Acquire @; through optimization.

Meta-parameters 6 serve as a prior. One form of prior knowledge: initialization for fine-tuning

task-specific parameters

p4+OfO

g )
4 N
Cbz' Xin

3

meta-parameters

max log H p(D;|0

= logll[/p(Dﬂqbi)p(gbiW)dcbi (empirical Bayes)

~ log H p(D; |g/152)p(¢zz 0)

\I\/IAP estimate

How to compute MAP estimate?

Gradient descent with early stopping = MAP inference under

Gaussian prior with mean at in

(exact in linear case, approxi

itial para

meters [Santos "96]

mate in

onlinear case)

Qs: slido.com/meta MAML approximates hierarchical Bayesian inference. Grant et al. ICLR ‘18
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Optimization-Based Inference

Key idea: Acquire ¢; through optimization.
Meta-parameters 6 serve as a prior. One form of prior knowledge: initialization for fine-tuning

Gradient-descent + early stopping (MAML): implicit Gaussian prior ¢ < 6 — aVQE(Q, Dtr)

Other forms of priors?

A
Gradient-descent with explicit Gaussian prior ¢ < min £(¢’, D) A , 160 — ¢'||°
QS/
Rajeswaran et al. implicit MAML ‘19

Bayesian linear regression on learned features Harrison et al. ALPaCA ‘18

Closed-form or convex optimization on learned features

ridge regression, logistic regression support vector machine
Bertinetto et al. R2-D2 ‘19 Lee et al. MetaOptNet ‘19

Qs: slido.com/meta Current SOTA on few-shot image classification
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Optimization-Based Inference

Key idea: Acquire @; through optimization.

Challenges

How to choose architecture that is effective for inner gradient-step?

Idea: Progressive neural architecture search + MAML

- finds highly non-standard arc
- different from architectures t

Minilmagenet, 5-way 5-shot

Qs: slido.com/meta

nitectu

Nat wo

e (dee

(Kim et al. Auto-Meta)

0 & narrow)

"k well -

‘or standard supervised learning

MAML, basic architecture: 63.11%

MAML + AutoMeta: 74.65%
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Optimization-Based Inference

Key idea: Acquire @; through optimization.

Challenges
Second-order meta-optimization can exhibit instabilities.

. do; . .
Idea: [Crudely] approximate 2 as identity
a0 (Finn et al. first-order MAML, Nichol et al. Repftile)

Idea: Automatically learn inner vector learning rate, tune outer learning rate
(Li et al. Meta-SGD, Behl et al. AlphaMAML)

Idea: Optimize only a subset of the parameters in the inner loop
(Zhou et al. DEML, Zintgraf et al. CAVIA)

Idea: Decouple inner learning rate, BN statistics per-step  (Antoniou et al. MAML++)

Idea: Introduce context variables for increased expressive power.
(Finn et al. bias transtormation, Zintgraf et al. CAVIA)

Qs: slido c ¥akeaway: a range of simple tricks that can help optimization significantly

L] -_— T Wl
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Outline

- Problem statement

- Meta-learning algorithms

- Black-box adaptation

- Optimization-based inference
- Non-parametric methods

- Bayesian meta-learning

- Meta-learning applications
— 5 min break —
- Meta-reinforcement [earning

- Challenges & frontiers

Qs: slido.com/meta
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So far: Learning parametric models.

In low data regimes, non-parametric
methods are simple, work well.

During meta-test time: few-shot learning <-> low data regime

During meta-training: still want to be parametric

Can we use parametric meta-learners that produce effective non-parametric learners?

Note: some of these methods precede parametric approaches
Qs: slido.com/meta



http://slido.com/meta

Non-parametric methods

Key Idea: Use non-parametric learner.

ts

training data D" test datapoint &

——

Compare test image with training images

In what space do you compare? With what distance metric?
pixel-spacef-aistanee?

Qs: slido.com/meta Learn to compare using data!



http://slido.com/meta

Non-parametric methods

Key Idea: Use non-parametric learner.

train Siamese network to predict whether or not two images are the same class

Input Hidden Distance Output
layer layer layer layer

Qs: slido.com/meta Koch et al.. ICML ‘15
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Non-parametric methods

Key Idea: Use non-parametric learner.

train Siamese network to predict whether or not two images are the same class

Input Hidden Distance Output
layer layer layer layer

Qs: slido.com/meta Koch et al.. ICML ‘15
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Non-parametric methods

Key Idea: Use non-parametric learner.

train Siamese network to predict whether or not two images are the same class

Input Hidden Distance Output
layer layer layer layer

Qs: slido.com/meta Koch et al.. ICML ‘15



http://slido.com/meta

Non-parametric methods

Key Idea: Use non-parametric learner.

train Siamese network to predict whether or not two images are the same class

Input Hidden Distance Output
layer layer layer layer

o Dy

=\ 1—12 AN"')

Meta-test hme compare image Xtest to each image in Dtr

Meta-training: 2-way classification

IVIeta -test: N-way classification
Qs: slido.co.. AR Y Koch et al., ICML ‘15

Can we match meta-train & meta-test?
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Non-parametric methods

Key Idea: Use non-parametric learner.

Tt Can we make meta-train & meta-test match?
i

:

W,
SR
- i y

bidirectional LSTM Weighed nearest neighbors in
learned embedding space

k
— Z CL(ZIZ\?, xz)yz
1=1

EER

What if >1 shot?

Can we aggregate class information to
create a prototypical embedding?

convolutional
encoder

Vinyals et al. Matching Networks, NeurlPS ‘16
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Non-parametric methods

Key Idea: Use non-parametric learner.

= o L h@

(x,y) €D

exp(—d(fe(z),ck))
y — ]{:|ZE) Zk’ exp(—d(fe(f)» Ck'))

(a) Few-shot
d: Euclidean, or cosine distance

Qs: s\ido.com/meta Snell et al. Prototypical Networks, NeurlPS ‘17
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Non-parametric methods

So far: Siamese networks, matching networks, prototypical networks

Challenge

Embed, then nearest neighbors.

What if you need to reason about more complex relationships between datapoints?

Ildea: Learn non-linear relation
module on embeddings

embedding module

relation module

Feature maps concatenation

Qs: slicSung et al. Relation Net

Idea: Learn infinite
mixture of prototypes.

2
>

—
-— -
—-— -
- - -
—
—
- -

————————

adaptive number of clusters

Allen et al. IMP, ICML ‘19

Idea: Perform message
passing on embeddings

AUO0D ydeio

Garcia & Bruna, GNN
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Amortized vs. Optimization vs. Non-Parametric

Computation graph perspective

Black-box amortized Optimization-based Non-parametric
yts _ f@ (D;gr, mtS) yts _ fMAML (D?‘?r’ xtS) yts _ fPN (D:::r, xtS)
?{S = fo, (%) = softmax (1—d(f9(a?), Ci))
e e i where ¢; = 0 — aVoL(0,D;")  where ¢, = d > fol2)
(mlvyl) (x27y2) ($3,y3) " | L (m’y)epsr

Note: (again) Can mix & match components of computation graph
Gradient descent on

Both condition on data & relation net embedd|E. MAML, but initialize last layer as
£
run gradient descent. fﬁ <;t ProtoNet during meta-training
. V. -
Jiang et al. CAML ‘19 { EE-@ =0 Triantafillou et al. Proto-MAML ‘19
- K

Qs: slido.com/meta Rusu et al. LEO ‘19
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Intermediate Takeaways

Black-box amortized Optimization-based

+ easy to combine with variety of  + handles varying & large K well
learning problems (e.g. SL, RL) + structure lends well to out-of-

- challenging optimization (no distribution tasks

inductive bias at the initialization) - second-order optimization
- often data-inefficient

- model & architecture

intertwined

Non-parametric

+ simple
+ entirely feedforward

+ computationally fast & easy to
optimize

- harder to generalize to varying K
- hard to scale to very large K
- so far, limited to classification

Generally, well-tuned versions of each perform comparably on existing few-shot benchmarks!

Qs: slido.com/meta
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Outline

- Problem statement

- Meta-learning algorithms

- Black-box adaptation

- Optimization-based inference
- Non-parametric methods

- Bayesian meta-learning

- Meta-learning applications
— 5 min break —
- Meta-reinforcement [earning

- Challenges & frontiers

Qs: slido.com/meta
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| can’t believe it's not Bayesian

Recall parametric approaches: Use deterministic (¢Z|Dtr #) (i.e.apoint estimate)

Why/when is this a problem?

Few-shot learning problems may be ambiguous.
(even with prior)

v Smiling, Can we learn to generate hypotheses
v/ Wearing Hat, : :
X Young about the underlying function?
.e. sample from p(¢;|Dy*, H)
K’ j - safety-critical few-shot learning
x smiling, Important for:  (€:8- medicalimaging)
. Wearing Hat, - learning to actively learn
v/ Young
- learning to explore in meta-RL
v/ Smiling,
v/ Wearing Hat, Active learning w/ meta-learning: Woodward & Finn ’16,

Qs: slid v Young {a Konyushkova et al. ’17, Bachman et al. ’17
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Meta-learning with ambiguity

0 Np(@) logp(y;grain‘x’grainjqba
@i ~ p(¢il0) log p(y; ™" |2;°*", ¢s)

Goal Sample gbz ~ p(¢z|$tra1n7 y;cram’ \%:)

Black-Box Amortized Inference Output distribution over weights of last layer
AmOthEd Va rlahOnal Infe rence Feature extraction Linear Classifier Softmax output
ts
i = _| (] O\ Lz
/\ ?? ’ 0 o ( w® ... @ ) p(y1%,0,91)
| | |
DY a2 LB
Amortization
T Network / i ¢ N
s ho (287) ko (212))  ho (21) - ho (2f2)
Simple idea: NN produces Gaussian distribution over h;. i e
Train with amortized variational inference.

(Kingma & Welling VAE "13)

Gordon et al. VERSA ‘19

Qs: slido.com/me What about Bayesian optimization-based meta-learning?
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Meta-learning with ambiguity

lng(y,Erain ‘x’grain7 Cbz)
lng(y,}:eSt ‘QigeSt, ¢z)

train train est

Goal: sample ¢; ~ p(g;zi™®, yirain, et

What about Bayesian optimization-based meta-learning?

Model p(¢;|0) as Gaussian
Same amortized variational inference for training.

(Ravi & Beatson "19)
Amortized Bayesian Meta-Learning

Stein Variational Gradient (BMAML)

Gradi

Use SVG

ent-based inference on last layer only.
D to avoid Gaussian modeling assumption.

Ensemble of MAMLs (EMAML)
(Kim et al. Bayesian MAML "18)

Can we model non-Gaussian posterior over all parameters?

Qs: slido.com/meta
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Sampling parameter ve

0~ p(0) = N(uo, o) logp(y;"™" ;™" )

¢i ~ p(¢il0) log p(y; > |27, ¢i)
Goal: sample ¢; ~ p(¢;|ztram, 4train)
train

) o / p(8)p(4]0)p(yrm 27, 6,)d

= this is completely intractable!
)?

— now sampling is easy! just use ancestral sampling!

p(gbi‘x?ainv Yi

train

7yz'

train
/)

what if we knew p(¢;|0, x

A\

) & (i)
T~ approximate with MAP

train

key idea: p(¢;|0, wiﬁ’"ai“, Yi

this is extremely crude

but extremely convenient! f i i
Yy ¢Z ~ 8 i &ve 10gp(y/‘fram|ZE’§1"am7 9)
(Santos 92, Grant et al. ICLR "18)

. Training is harder. We use amortized variational
Qs: slido.com/meta 5

ctors

(

b ~i)

inference.
Finn™, Xu™* et al. Probabilistic MAML ‘18
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Ambiguous 5-shot regression:

Ambiguous 1-shot classification:

R DA ~

7
/7 _

// oy \

b /77 "
. I g7 W

I 1 7! \
/ \ W
WM 1y

Ll N /
35 MR\ 175

N

3.0 Sa 7
2.5
2.0 1

15"

10 v v v v - . ,
L0 15 2.0 2.5 10 LR 4.0 45

Better models ambiguous few-shot

PLATIPUS

Probabilistic LATent model for Incorporating Priors and Uncertainty in few-Shot learning

4.0 -

35

30°

2.5 1

2.0 1

137

L0

-y v Y Y Al L4 A 1 0
1.0 15 20 2.5 30 is 40 45

image classification problems:

Qs: slido.com/meta

4.0 4

3.5 1

3.0 1

2.5 1

2.0 9

151

~ —— ground truth
A datapoints

MAML

- ground truth
4+ datapoint

40

35

3.0

2.5

2.0

15"

4.0 -

15

30 -

25

2.0 1

10 15

Am‘ln)iguovus celebA (S-SHOt) |

Accuracy Coverage (max=3)
MAML 69.26 4= 2.18% 1.00 = 0.0
MAML + noise 54.73 = 0.8 % 2.60 = 0.12
PLATIPUS (ours) | 69.97 +1.32 % 2.62+0.11

Finn™, Xu™* et al. Probabilistic MAML ‘18
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Deep Bayesian Meta-Learning: Further Reading

Edwards & Storkey, Towards a Neural Statistician. 2017

Black-box approaches:
Gordon et al., VERSA 2019
Garnelo et al. Conditional Neural Processes 2018

Optimization-based approaches:

Kim et al., Bayesian MAML. 2018

Xu et al., Probabilistic MAML. 2018

Ravi & Beatson., Amortized Bayesian Meta-Learning 2019

Qs: slido.com/meta
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Outline

- Problem statement

- Meta-learning algorithms

- Black-box adaptation

- Optimization-based inference
- Non-parametric methods

- Bayesian meta-learning

- Meta-learning applications
— 5 min break —
- Meta-reinforcement [earning

- Challenges & frontiers

Qs: slido.com/meta
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Applications in computer vision

few-shot image recognition

training data

test set

¢ M
ef| &

see, e.g.: Vinyals et al. Matching Networks for One Shot
Learning, and many many others

domain adaptation

Target Domains

meta-testing

Source Domains

....................................

<>O Meta-trai
<><><><> %
<><> Q Test

"""""""" | Meta-fest =

e

see, e.g.: Li, Yang, Song, Hospedales. Learning to Generalize:
: ‘Meta-Learning for Domain Adaptation.

human motion and pose prediction

- Smoking

o

0.8

o

20.6}

4]

C «

A I 1) R B R e
=

1 2 5 1020 50100
k

see, e.g.: Gui et

(b)

Discussion

; I ] il el St et a s v alll. l””\l '\ |\ |HH| D’:Dﬁf}@

1 2 51020 50100 O%U'C’
K

S o
o

angle error

ean
& D
W H

al. Few-Shot Human Motion Prediction via Meta-Learning.

Alet et al. Modular Meta-Learning.

few-shot segmentation

Support
Features

@

O L]
> m B o
° a
Positive Negabve

Annotations

Query Image I

see, e.g.: Shaban, Bansal,
Rakelly, Shelhamer, Darre

Liu, Essa, Boots. One-Shot Learning for Semantic Segmentation.

ll, Efros, Levine. Few-Shot Segmentation Propagation with Guided Networks.

Dong, Xing. Few-Shot Semantic Segmentation with Prototype Learning.
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Applications in image & video generation

few-shot image generation few-shot image-to-image translation

3 Deployment
. Translation
‘ Few-shot
Source class ¥ — | Unsupervised

Content | Image-to-image
Translation

Source With Attn No Attn Source With Attn

Bkt i LEd B l
Glnﬂ i"d‘ i
obed g‘mo‘f{ vt e

.}2, &0 tm‘\% p,

Training

Translation

Few-shot
ima |  Unsupervised
Image-to-image

Translation

Cass
image(s)

| Class
image|s)

Source class #| 5| Target class

see, e.g.: Liu, Huang, Mallya, Karras, Aila, Lehtinen, Kautz. Few-Shot

see, e.g.: Reed, Chen Pame van den Oord, Eslami, Rezende, meals de Freltas Unsupervised Image-to-Image Translation.

Few-Shot Autoregressive Density Estimation. and many many others.

generation of novel viewpoints generating talking heads from images

":’o » - - ’

C-VAE

shot
- ;. . ™  VERSA

S
z‘t‘
¢ d N

-— e
— -
A g > G 2 v T, Ground Truth

R N T
" YY) VFRFF T v
FEY NV FFFF [ § F oo y—

Target — Landmarks — Result

see, e.g.: Gordon, Bronskill, Bauer, Nowozin, Turner. VERSA: Versatile see, e.g.: Zakharov, Shysheya, Burkov, Lempitsky. Few-Shot Adversarial
¢ and Efficient Few-Shot Learning. Learning of Realistic Neural Talking Head Models
QS 1 1 \NANJ o \J\JIIIIIII\—LU
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One-Shot Imitation Learning

Goal: Given one demonstration of a new task, learn a policy
meta-learning with supervised imitation learning

Black-box amortized inference Optimization-based inference
f ( Finn*, Yu™ et al. Meta Imitation Learning ‘17
& E | & s input demo resulting policy
1O wet i (via teleoperation)

. . ¥
' ! ! ! ! ol ) 3
, . " I l iy i
‘ ' 3 i ! 'y 4 J
1 I 4 g '
| ‘ - = ¥
- ! g » ! :
ol 33 33 h
. » A

Duan et al. One-Shot James et al. Task-
Imitation Learning ‘17  Embedded Control ‘18

""""""
.
"""""""

4
/ I
/

Demonstration
/

J W

Imitation Policy | »

Le Paine et al. One-Shot High Fidelity Imitation ‘19

Also: One-shot inverse RL (Xu et al. MandRIL 18, Gleave & Habryka '18), One-shot hierarchical imitation (Yu et al. "18)



http://slido.com/meta
https://arxiv.org/search/cs?searchtype=author&query=Habryka%2C+O

Learning to Learn from Weak Supervision

input human demo resulting policy

Qs: SlIdO'COm/meta Yu*, Finn*, Xie, Dasari, Zhang, Abbeel, Levine RSS '18
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Learning to Learn from Weak Supervision

meta-training meta-test
. Y Y /
min » | Lies (0 — aVoLimin(0)) 0" < 0 —aVeL(0)
task 2 / \ \
fully supervised weakly supervised weakly supervised

What if the weakly supervised loss is unavailable?

Yu*, Finn*, Xie, Dasari, Zhang,
Abbeel, Levine RSS 18

: 3 ] Grant, Finn, Peterson, Abbott, Levine,
Qs: slido.co m/m eta Darrell, Griffiths NIPS CIAl Workshop 17
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Meta-Learning for Language

Adapting to new languages
Adapting to new programs Low-Resource Neural Machine Translation

Meta Program Induction f\" Adapting to new personas
Learn new program from a A . \‘,_,_'_F___' Personallzmg Dlalogue Agents
few I/O examples. . Wi Wt w0
DEV//n */ BUHE/* et a/ Neur/PS /1 7 (a) Transfer Learning (b) Multilingual Transfer Learning (c) Meta Learning
| Learn to translate new language pair ‘

QPtrqgram Synthesis w/o a lot of paired data? ‘ G
[How ma.ny CFL teams are from York College?) GU Et G/ EMNLP /18 ‘ ‘ ‘
SQL:
[ e ——— Adapt dialogue to a persona
suIt: Learning new Words | W|th d feW exam QleS

Construct pseudo-tasks with One-Shot Language Modeling Lin*, Madotto* et al. ACL 19

relevance function

Huang et al. NAACL ‘18 Learn how to use a new word

from one example usage.

Vinyals et al. Matching Networks, ‘16
Qs: slido.com/meta
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Outline

- Problem statement

- Meta-learning algorithms

- Black-box adaptation

- Optimization-based inference
- Non-parametric methods

- Bayesian meta-learning

- Meta-learning applications
— 5 min break —
- Meta-reinforcement learning

- Challenges & frontiers

Qs: slido.com/meta
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Why should we care about meta-RL?

lteration 2000

m people can learn new
2 skills extremely
quickly

how?
RoboschoolHumanoid-vO

we never learn from

4000
scratch!
3000
2
M Can we meta-learn

1000 4(—» reinforcement learning
“algorithms” that are much
" / g
0

more efficient?
50M

Timestep
QS: S‘idO,CO m/m etaq graph: Schulman et al. ‘17
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The reinforcement learning problem

Markov decision process M={S,AP,r}
S — state space states s € S (discrete or continuous)
A — action space actions a € A (discrete or continuous)

P — transition function, i.e. p(sii1l|as, s¢) = P(S¢, as, Seo1)

r — reward function r:SxA—-~R

r(s¢,as) — reward

- _
mg(als) — policy with params 6 0* = arg max E,,

: Z r(S¢, at)
o L=o _

expectation under my and P

Richard Bellman

Qs: slido.com/meta
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The reinforcement learning problem

T
0* — arg m@axEM E r(s¢, at)

0™ = arg max E,, Z Yir(se, at) | - infinite horizon, discounted return

0™ = arg mQaX Eﬂe(sja) [T(Sta aJt)]

T
\ : : . pe(slaalv“ STaaT H at‘st St_|_1‘St,at)
stationary distribution ‘ 1

0" = arg mélx EWQ(T) [R(T)]

Qs: slido.com/meta
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Every RL algorithm in a nutshell

0" = arg max Ery ) [R(T))

store (St, Aty St4-1, ’I“t) in buffer B

1mprove ...

re < 1r(st, at) ...directly, via policy gradients

St+1 ~ P(St+1/5¢, at) ...via value function or Q-function

1mp11(31t1y, via model ﬁ(SH_l‘St, CLt)

Qs: slido.com/meta pick a; ~ g (az|s:)
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Meta-learning so far...
learn 6 such that ¢; = fo(D}") is good for D}* Dietatrain = { (D}, DY), ..., (DY, D)}
D;?r — {(m?b y?[)? SO (33/;@7 y,%c)}

DES — {(3371:?/1)7 SRR (x%vy;)}

Probabilistic view:

" log p(;| D
= argmpx ) log ()

where ¢; = f4(D")

Deterministic view:
0" = argmin 3 £(¢r, D
argmeln; (¢4, D)
where ¢; = fo(D')

Qs: slido.com/meta
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The meta reinforcement learning problem

“Generic” learning (deterministic view): “Generic” meta-learning (deterministic view):
*x . Dtr *x ‘ 7; Dts

0" = arg min L(0, D) 0" = arg m@mi_zlﬁ(gb ,D;")

— flearn (Dtr) where ¢z — f9 (D:r)
Reinforcement learning: Meta-reinforcement learning:
0" = arg max Ero(r) [ R(T)] 0" = arg max Z Er, ()| R(T)

i=1
= frL(M) M={S, A P,r} where ¢; = fo(M;)

\ \

MDP MDP for task 2



The meta reinforcement learning problem

0* = arg mngEE% () [R(7) My, My}

here ¢; = fo(M; \
v bi = JolMi) meta-training MDPs

assumption: M; ~ p(M) Some examples:

meta test-time:

Sample Mtest ~ p(M)a get ¢z — f9 (Mtest)

Qs: slido.com/meta
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Meta-RL with recurrent policies

0* = arg m@axz Er, ()| R(7T)] main question: how to implement fo(M;)?
i=1
: ?
where ¢; = fo(M,) what should fy(M;) do"
1. improve policy with experience from M,
- {(s1,a1,82,71),...,(sT,0a1,ST41,7T)}
t
St+1

2. (new in RL): choose how to interact, i.e. choose a;

| l meta-RL must also choose how to explore!

* meta-learned

1
(0 @)
— RNN hidden state :
M F a weights
4 o v ﬁ T \‘ 1
g% as before, ¢; = |h;, 0]
W’V mo(at|st)

S
|
use (St7 at, St41, Tt) to improve o T, (CL‘S)

—p — — h?, —

7 Y A A A

(81, ai, So, 7“1) (82, as, S3, 7“2) (837 as, sS4, 7“3)




Meta-RL with recurrent policies

* - a
0" = arg max ; Er, () B(T) ( ﬁ T
T

— h’L—>
where ¢; = fo(M,) i

—p
T A
(31,a1,32,7“1) (32,0,2,33,7"2) (3370378477”3)

T ®

s0... we just train an RNN policy” T, (als)

yes!
crucially, RNN hidden state is not reset between episodes!

" ‘ Y K x K
—) ! =) 1 —p>
+1
+ +0

+1

Qs: slido.com/meta
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Why recurrent policies learn to explore

7 A

1. improve policy with experience from M

A

(81, ai, Sa, 7“1) (82, as, S3, 7"2) (837 asz, S4, T3)

Qs: slido.com/meta

2. (new in RL): choose how to interact, i.e. choose a;

episode

{(Slaala 827T1)7 JOR

A
0" = argmgxxEm E r(S¢, at)
=0

optimizing total reward over the
entire meta-episode with RNN
policy automatically learns to

explore!

meta-episode

(STa aT,ST+1, TT)}

' meta-RL must also choose how to explore!
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Meta-RL with recurrent policies

O~ = arg mng Z; Eﬂ'qgi (1) [R(T)]

1=

where ¢; = fo(M,)

(c) (d) (e)

7'y

Y

Y

(a) Labryinth I-maze

Heess, Hunt, Lillicrap, Silver. Memory-based control with
recurrent neural networks. 2015.
Learning. 2016.

Qs: slido.com/meta

(b) Ilustrative Episode

Wang, Kurth-Nelson, Tirumala, Soyer, Leibo, Munos,
Blundell, Kumaran, Botvinick. Learning to Reinforcement

(a) Good behavior, 1st (b) Good behavior, 2nd (c) Bad behavior,

episode

episode

episode

Ist (d) Bad behavior, 2nd
episode

Duan, Schulman, Chen, Bartlett, Sutskever, Abbeel. RL2:
Fast Reinforcement Learning via Slow Reinforcement
Learning. 2016.
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Architectures for meta-RL

standard RNN (LSTM) architecture

Duan, Schulman, Chen, Bartlett, Sutskever, Abbeel. RL2:
Fast Reinforcement Learning via Slow Reinforcement
Learning. 2016.

Reinforcement Learning
at_3 at_z at_l at Actions

R (sasrh— ¢ |-V
. ¢

c)

Cl)‘l

""""""""""" attention + temporal convolution 96\

. Y— A
. y N

(s,a,s,r)N —~[ ) ]—»\I’C,(z.c.g\: )J

:

®—

\
00—
O

Mishra, Rohaninejad, Chen, Abbeel. A Simple . . .
Neural Attentive Meta-Learner. parallel permutation-invariant context encoder

----------------------

O3 O Oy O (Observations, Rakelly*, Zhou*, Quillen, Finn, Levine. Efficient Off-Policy Meta-

- o ACtlonS' ° ° ° oge . .
‘ra” ?“2 ‘rat'l Rewards) Reinforcement learning via Probabilistic Context Variables.
o t-3 2. 'pa

Qs: slido.com/meta
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Meta-RL as an optimization problem

9* = arg max Z Er, (m[R(T)] 1. improve policy with experience from M,

i—1 {(s1,a1,82,71),...,(sT,a1,SP11,7T)}

what if fg(M;) is itself an RL algorithm? standard RL:
fo(M;) = 0 + aVeJ;(0) 0" = argmax Er, ()| R(7)|
\ y ]
requires interacting with M, J(0)
to estimate Vo FE, | R(T) OF L «— 0 + aV i J(0F)

this is model-agnostic meta-learning (MAML) for RL!

Qs: slido.com/meta
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MAML for RL in pictures

s

Qs: slido.com/meta

®

\—_/

A

— meta-learning
9 ---- |learning/adaptation

VLs
VL,
ve! N\ (

0t

0« 0+BY Volil0+aVel()]
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MAML for RL in videos
after 1 gradient step after 1 gradient step

after MAML training (forward reward) (backward reward)

™ I e ™ ™

— meta-learning — meta-learning — meta-learning
---- learning/adaptation ---- learning/adaptation ---- learning/adaptation

VL;; Vﬁ;; V£3
VL, VL, VL,
VL, ou 03 vel N\ - vel N\ 05

// \\ /, \\
Qs: slidc i 03 01" s (B o

o
s
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More on MAML/gradient-based meta-learning
for RL

Better MAML meta-policy gradient estimators:

* Foerster, Farquhar, Al-Shedivat, Rocktaschel, Xing, Whiteson. DiCE: The Infinitely Differentiable Monte Carlo
Estimator.

* Rothfuss, Lee, Clavera, Asfour, Abbeel. ProMP: Proximal Meta-Policy Search.

Improving exploration:
« Gupta, Mendonca, Liu, Abbeel, Levine. Meta-Reinforcement Learning of Structured Exploration Strategies.

« Stadie*, Yang*, Houthooft, Chen, Duan, Wu, Abbeel, Sutskever. Some Considerations on Learning to Explore via
Meta-Reinforcement Learning.

Hybrid algorithms (not necessarily gradient-based):
 Houthooft, Chen, Isola, Stadie, Wolski, Ho, Abbeel. Evolved Policy Gradients.

e Fernando, Sygnowski, Osindero, Wang, Schaul, Teplyashin, Sprechmann, Pirtzel, Rusu. Meta-Learning by the
Baldwin Effect.

Qs: slido.com/meta
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Meta-RL as... partially observed RL?

First: a quick primer on partially observed Markov decision processes (POMDPs)

M={S5,A,0,B.E, r}

(O — observation space observations o € O (discrete or continuous)

£ — emission probability p(o¢|s;)
policy must act on observations o;!

@) OO

typically requires either:
> \>2) >3 explicit state estimation, i.e. to estimate p(s¢|01.¢)

policies with memory

Qs: slido.com/meta
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Meta-RL as... partially observed RL?

—t—

o (a‘g’ Z) this is just a POMDP!
\ before: M ={S, A, P,r}
encapsulates information policy - - o
needs to solve current task now: M ={S,4,0,P,&,r}

~

learning a task = inferring z =o X Z s=(s,%)
) =S8

Qo
|

from context (s1,a1,S2,71),(S2,0a2,583,72), ... O = S

key idea: solving the POMDP M is equivalent to meta-learning!

Qs: slido.com/meta
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Meta-RL as... partially observed RL?

Uy, (a‘sp Z) this is just a POMDP!

\ typically requires either:
encapsulates information policy

needs to solve current task

explicit state estimation, i.e. to estimate p(s¢|01.¢)

policies with memory
learning a task = inferring z

from context (s1,a1,S2,71),(S2,a9,53,72), ... need to estimate p(z¢|S1.¢,a1.¢,T1:¢)

exploring via posterior sampling with latent context

. . this is not optimal!
some approximate posterior o
1. sample z ~ p(z¢[$1:¢, @1:4,71:t) < (e.g., variational) whY:

2. act according to mg(als, z) to collect more data

. but it’s pretty good, both in
\act as though z was correct! theory and in practice!

Qs: slido.com/meta

See, e.g. Russo, Roy. Learning to Optimize via Posterior Sampling.
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Variational inference for meta-RL

olicy: mo(a+|sys. 2
p y 9( t| T t) Ztf'\Jqu(Zt‘S]_’a/l,T]_,...78t7at7rt)

inference network: qu(2¢|s1,a1,71,...,S¢, G, 7¢)

(0,6) = arg max D Eevgyromg [Ri(T) — Dici(a(z] - ) [p(2))]

0,6 N 4 / \

maximize post-update reward stay close to prior @
(same as standard meta-RL)

conceptually very similar to RNN meta-RL, but with stochastic z

stochastic z enables exploration via posterior sampling

Qs: slido.com/meta

Rakelly*, Zhou*, Quillen, Finn, Levine. Efficient Off-Policy Meta-Reinforcement learning via Probabilistic Context Variables. ICML 2019.
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Specific instantiation: PEARL

policy: m(at|st, 2t) (s,a,S’,v')1—>[ ¢ ]—»\If(,)(z\cl)1 il
¢

inference network: qu(2¢|s1,a1,71,...,S¢, G, 7¢) >

: ; Ry
(S7aaSI,T)N—{ ¢ ]—"I’(p(zkizv)j

(9 ¢) — arg maX ~NT Z E2~q¢,7~7f9 (T) — DKL(Q(Z‘ c e )Hp(z))]

Half-Cheetah-Fwd-Back Half-Cheetah-Vel
2000- rf“*‘
00
—~100
£ 1500 o o e e o e F7 w800
o —200
. . . . . . o 600
perform maximization using soft actor-critic (SAC), N | N/Jl -
. . ® 500 ' e A 400
state-of-the-art off-policy RL algorithm W /" " - -~
’ 0° 10° 107 0% 10° 107 108 10° 10
Ant-Fwd-Back Ant-Goal-2D Walker-2D-Param
150 4 800
1250 B /
00 = 400 - TSR SR IP D SR I S o o B
J'v- “
v —6 400 - e e ra w a a
y
________________ _/ﬂ —~80( 20 U/j/
—~1000 -
104 10° 106 107 10 108 107 108 10° 106 107 1
time steps time steps time steps
QS : S ‘ | d O ] CO m/m eta —— PEARL (ours) —— ProMP MAML RL2 —~ final performance

Rakelly*, Zhou*, Quillen, Finn, Levine. Efficient Off-Policy Meta-Reinforcement learning via Probabilistic Context Variables. ICML 2019.
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References on meta-RL, inference, and POMDPs

e Rakelly*, Zhou*, Quillen, Finn, Levine. Efficient Off-Policy Meta-
Reinforcement learning via Probabilistic Context Variables. ICML

2019.

o Zintgraf, Igl, Shiarlis, Mahajan, Hofmann, Whiteson. Variational Task
Embeddings for Fast Adaptation in Deep Reinforcement Learning.

« Humplik, Galashov, Hasenclever, Ortega, Teh, Heess. Meta
reinforcement learning as task inference.

Qs: slido.com/meta
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The three perspectives on meta-RL

Perspective 1: just RNN it

10

-

v

_>

7 Y

_>

A

— h’L—>

A

(81, ai, S2, 7“1) (82, as, S3, 7"2) (837 a3z, 54, T3)

T

S

Perspective 2: bi-level optimization

fo (MZ) = 0 + on(;J,,;(Q)

MAML for RL

Perspective 3: it’s an inference problem!

mo(als, z)

<t N p(zt‘slzta ai:t, Tl:t)

everything needed to solve task

Qs: slido.com/meta

0* = arg mQaX Z Eﬂ'cbi (1) [R(T)]

1=1

where ¢; = fop(M,)

what should fg(M;) do?

1. improve policy with experience from M;

{(s1,a1,82,71), ..., (ST, a71,ST741,7T)}

2. (new in RL): choose how to interact, i.e. choose a;

meta-RL must also choose how to explore!
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The three perspectives on meta-RL

Perspective 1: just RNN it

-
\4
>

\
— —

— h’L —p

A A

A

(81, ai, S2, 7"1) (82, as, S3, 7“2) (837 a3z, 54, 7“3)

T

S

Perspective 2: bi-level optimization

f@(./\/l@) =0 + OéV@JZ'(Q)

MAML for RL

Perspective 3: it’s an inference problem!

7‘-9(0"372) <t Np(ztlslztaalztarlzt)

everything needed to solve task

Qs: slido.com/meta

+ conceptually simple
+ relatively easy to apply
- vulnerable to meta-overfitting

- challenging to optimize in practice

+ good extrapolation (“consistent”)
+ conceptually elegant

- complex, requires many samples

+ simple, effective exploration via posterior sampling
+ elegant reduction to solving a special POMDP
- vulnerable to meta-overfitting

- challenging to optimize in practice
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But they're not that different!

Perspective 1: just RNN it

10

just perspective 1,
but with stochastic
hidden variables!

i.e., O = Z

Qs: slido.com/meta

-

\4

_>

x

_>

Y

B —

Y

(81, ai, So, Tl) (82, as, S3, TQ) (337 as, sS4, 7"3)

Perspective 2: bi-level optimization

Perspective 3: it’s an inference problem!

mo(als, z)

f@(./\/l@) = 0 + &V@JZ’(Q)

MAML for RL

<t " p(zt‘slzta al.¢, rl:t)

everything needed to solve task

|
l

just a particular
architecture choice
for these
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Additional Topics in Meta-RL

Qs: slido.com/meta
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Model-based meta-RL

0" = arg max By [R(7)]

short sketch of model-based RL:

0 1. collect data B
2. use B to get ﬁ(8t+1|8t, Cl,t)

1mprove ... " 3. use P(St+1|5¢, a¢) to plan a

...directly, via policy gradients

...via value function or Q-tfunction why?

. . . : . + requires much less data vs model-free
...implicitly, via model p(s¢i1]|s¢, ar)

+ a bit different due to model

+ can adapt extremely quickly!

- pick a; ~ mg(a|ss)
Qs: slido.com/meta
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MOde‘_based meta_RL a few episodes

example task: ant with broken leg non-adaptive method: /

_h;h__-__::-__:':.:__:':::-':::_‘r 1. collect data B = {s;,a;, s, }
- 2. train dy(s,a) — s’ on B
: 3. use dy to optimize actions
\

t+k

at,...,0¢ ) = arg max g r(Sr,ar)
\ Aty s Atk o

S.t. St4+1 — d@(St,CLt)

adaptive method:

nice idea, but how much 1. take one step, get {s, a, s’}
can we really adapt in just R 1o
one (or a few) step(s)? 2. 0 <0 —aVylldy(s,a) — 5|
3. use dy to optimize ay,...,a;rk, take ay

Qs: slido.com/meta
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Model-based meta-RL

meta-training time meta-test time
Dinetatrain = { (D, D), ..., (DY, D¥)} adaptive method:
o o 1. take one step, get {s,a, s’}
D’pr _ ? 1 o () 7
1 {(xlayl)v a(xkayk)} 23 Q%Q—CMVQHdQ(S,a)—S/HQ
Dts {(5’371 ?fi) (x% yf)} 3. use dy to optimize ay,...,a;rk, take a;

assumes past experience has

/
T (s,a) oy s many different dynamics

generate each D", D}*: /
sample subsequence s, a¢, ..., St1k, Gtak, StLkr1 from past experience
tr
Di" < Usts at; St41)s - (Stqh—1, Gtpk—15 St4) | ~_could choose k=1, butk>1
t o. k=
D {(St+k, Wyt St—l—k—l—l)} N works better (e.g., k = 5)

Qs: slido.com/meta
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Model-based meta-RL

example task: ant with broken leg meta-test time

adaptive method:

1. take one step, get {s,a, s’}
2. 0 < 0 — aVyllde(s,a) — ||
3. use dy to optimize ay,...,a;rk, take a;

4

See also:

Saemundsson, Hofmann, Deisenroth. Meta-Reinforcement
Learning with Latent Variable Gaussian Processes.
Nagabandi, Finn, Levine. Deep Online Learning via Meta-
Learning: Continual Adaptation for Model-Based RL.

Nagabandi*, Clavera*, Liu, Fearing, Abbeel, Levine, Finn. model_based Rl_ S : |
Learning to Adapt in Dynamic, Real-World Environments with MAML

Through Meta-Reinforcement Learning. ICLR 2019. ( no ada ptatlo N )
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Meta-RL and emergent phenomena

Humans and animals seemingly learn behaviors in a variety of ways:
> Highly efficient but (apparently) model-free RL

> Episodic recall

> Model-based RL

> Causal inference

> etlc.

Perhaps each of these is a separate “algorithm” in the brain

But maybe these are all emergent phenomena resulting from meta-RL?

meta-RL gives rise to model-free meta-RL gives rise to
episodic learning model-based adaptation
A
oy v L~ o e ionadh .ok
— write WIS ey — A1 28 - S1 ’ -
Episodic § s < N ...n_ ,o'.' ...'v_ .,"'
LSTM Ch PCha Cha)-(Ch. H he (P (P (P () _sel_
peteLoaring EEEl‘ EEEI‘E@EI‘ oo J oo oo, EE? E@EI‘E@E‘ o R N
fosk fosk Repet?t?os: 3f Task 1
Ritter, Wang, Kurth-Nelson, Jayakumar, Blundell, Pascanu, Wang, Kurth-Nelson, Kumaran, Tirumala, Soyer, Leibo,
Botvinick. Been There, Done That: Meta-Learning with Hassabis, Botvinick. Prefrontal Cortex as a Meta-
Episodic Recall. Reinforcement Learning System.

meta-RL gives rise to
causal reasoning (!)

p(A) p(A)

A A
/ g \ g—, E \
E > H

E N H
p(E|A) p(H|AE) d(E—e) p(H|AE)

Dasgupta, Wang, Chiappa, Mitrovic, Ortega, Raposo,
Hughes, Battaglia, Botvinick, Kurth-Nelson. Causal
Reasoning from Meta-Reinforcement Learning.



Contextual policies and meta-learning

0* = arg mgX;E% () [R(7)] > 0 = arg meax;Em [R(7),
where ¢; = fo(M,;) To(ae|St, $1,a1,71, .., St—1,Qt—1,Tt—1)

context used to infer whatever we need to solve M;
i.e., z; or ¢; (which are really the same thing)

in meta-RL, the context is inferred from experience from M; mo(ag|se, di)
in multi-task RL, the context is typically given \
“context”

¢: stack location  ¢: walking direction  ¢: where to hit puck
Qs: slido.com/meta
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Outline

- Problem statement

- Meta-learning algorithms

- Black-box adaptation

- Optimization-based inference
- Non-parametric methods

- Bayesian meta-learning

- Meta-learning applications
— 5 min break —
- Meta-reinforcement learning

- Challenges & frontiers

Qs: slido.com/meta
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Let’s Talk about Meta-Overtitting 5:;‘)? ’
R

e Meta learning requires task
distributions

e When there are too few
meta-training tasks, we Cadhn after MAML training after 1 gradient step
meta-overfit

e Specifying task distributions
is hard!

e What can we do?

Qs: slido.com/meta
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Which algorithms meta-overtit less?

black-box adaptation optimization-based non-parametric

Y — meta-learning
— ‘ ---- learning/adaptation

oW \
*
N 0 R ts iy “S - 93
CE :U* C J .CE /,¢
S o \ D) OV
| " ol \ 9*
DZ 1. ’ 2
+ simple and flexible models + at worst just gradient descent + at worst just nearest neighbor
- relies entirely on extrapolation of - pure gradient descent is not efficient - does not adapt all parameters of
learned adaptation procedure without benefit of good initialization metric on new data (might be

nearest neighbor in very bad space)

Definition: a consistent meta-learner will converge to a (locally)
QS: S|IdO.CO m/m eta optimal solution on any new task, regardless of meta-training

Finn. Learning to Learn with Gradients. PhD thesis, 2019.
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Empirical Extrapolation?

How well can learning procedures generalize to similar, but extrapolated tasks?

O

Omniglot image classification MAML SNAIL,
1UU 10U - M Eta N EtWO rkS
> - > '
§ 98 - ” /'\ . E .
Y 3 - "N O
O O P . U 90
- S % ya Y B
g0 s : \ _8 85
é LY. / Y v .
LE : / e MAM L — 80 e MAML
C 8. ; SNAIL o SNAIL
79
Q A : —* MetaNet i | -+ MetaNet
NN A — I
08 - 04 02 ‘03 050 T 1.00 125
digit shear radlans digit scale

L ﬂ 5 O

Qs: slido.com/meta task variability Finn & Levine ICLR ’18
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What else can we do?

e When there are too few Definition: unsupervised meta-learning refers
meta-training tasks, we to meta-learning algorithms that learn to solve
can meta-overfit tasks efficiently, without using hand-specified

e labels during meta-trainin
e Specifying task 5 5
training data test set

distributions is hard! SE—— -

Nno true
L. |abels
at all!

e Can we propose new tasks
automatically?

meta-testing

Qs: slido.com/meta
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Example: stagewise unsupervised meta-learning

unsupervised learning > task proposals > meta-learning
training test minilmageNet: 5 shot, 5 way
Class 1 images images
Class 1
MAML with labels 62.13%
Class 2 BiGAN kNN 31.10%
- BiGAN logistic 33.91%
training test
images images BiGAN MLP + dropout 29.06%
. - Class 1 — BiGAN cluster matching 29.49%
each image: point in R"
BiGAN CACTUs MAML 51.28%

Class 2
DeepCluster CACTUs MAML  53.97%

Clustering to Automatically Construct Tasks for Unsupervised Meta-Learning

Qs: slido.com/meta (CACTUS)

Hsu, Levine, Finn. Unsupervised Learning via Meta-Learning. ICLR 2019
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Example: unsupervised meta-reinforcement learning

Unsupervised |/-‘ Meta-RL M t | d FaSt
Task Acquisition |eg. _ ~ elar ela-learne Adaptation i Ce B
environment — —®| environment-specific reward r:lixmlzmg
Unsupervised Meta-RL RL algorithm | poOTicy
reward _'/‘
function

—225 A ‘

— ,I — UML-Random

— UML-DIAYN

=275 1 —— VPG (RL from scratch)

Qs: slido.com/meta N

some proposed tasks

Gupta, Eysenbach, Finn, Levine. Unsupervised Meta-Learning for Reinforcement Learning.
Eysenbach, Gupta, Ibarz, Levine. Diversity is All You Need.
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More on unsupervised meta-learning

e Unsupervised meta-RL: Gupta, Eysenbach, Finn, Levine. Unsupervised Meta-
Learning for Reinforcement Learning.

e Unsupervised meta-few-shot classification: Hsu, Levine, Finn. Unsupervised
Learning via Meta-Learning.

 Unsupervised meta-few-shot classification: Khodadadeh, Boloni, Shah.
Unsupervised Meta-Learning for Few-Shot Image and Video Classification.

e Using supervised meta-learning to learn unsupervised learning rules: Metz,
Maheswaranathan, Cheung, Sohl-Dickstein. Meta-Learning Update Rules for
Unsupervised Representation Learning.

e Using supervised meta-learning to learn semi-supervised learning rules: Ren,
Triantafillou, Ravi, Snell, Swersky, Tenenbaum, Larochelle, Zemel. Meta-
Learning for Semi-Supervised Few-Shot Classification.

Qs: slido.com/meta
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Memorization

Related to meta-overfitting, but subtly different. What will happen if the task data isn’t

Computation graph view: y** = fy(D}", x"%) strictly needed to learn the task?

Examples
\\ /7’ Meta-training tasks: Cat/dog classifier. Meta-training tasks: Grasping different objects.
* "' Goal: Learn to quickly recognize a new breed as a cat. Goal: Learn to quickly grasp a new object.

Learn single classifier that doesn’t adapt. Memorize how to grasp the training objects.

The tasks need to be mutually exclusive.

l.e. not possible to learn single function to learn all tasks

What you want the learner to glean from the data must be not present in x.

Challenge: can we learn to trade off information from the data

Qs: slido.com/meta vs. the input based on amount of data
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What task information should be in the input vs. data?
> ERRE

So far: The input contains no
information about the task.

For broad meta-RL task distributions,
exploration becomes exceedingly challenging.

One option: Provide demonstration (to
illustrate the task goal) + trials

Zhou et al. Watch-Try-Learn: Meta-Learning
Behavior from Demonstrations and Rewards, ‘19

Other options: [anguage instruction?, goal image?, video tutorial?
Qs: slido.com/meta
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The Ultimate Goal

Meta-Learning More realistically:
Given i.i.d. task distribution, learn learn learn learn learn learn learn
learn a new task efficiently = N Ja ?' ‘\o_ ’# k
w ﬂ k/ v Olo >

time
rapid learning

slow learning

Initial work: Finn*, Rajeswaran™ et al.
Online Meta-Learning ICML ‘19

one step of adaptation continual learning and adaptation



Outline

- Problem statement

- Meta-learning algorithms

- Black-box adaptation

- Optimization-based inference
- Non-parametric methods

- Bayesian meta-learning

- Meta-learning applications
— 5 min break —
- Meta-reinforcement learning

- Challenges & frontiers

Thank you!

Questions?



