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Uncertainty exists everywhere
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Classification problem: Correcting

Regression problem: High uncertaint
8 P 8 y wrong prediction when use uncertainty

when outside of training distribution

https://www.nature.com/articles/s41598—L 3_8_’)_4‘_x
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https://www.nature.com/articles/s41598-021-84854-x

Uncertainty exists everywhere
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Segmentation problem: High correlation between uncertainty and correctness
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https://www.nature.com/articles/s41598-021-84854-x

Deterministic meta-learning

* Learner’s parameter (deterministic)

p (¢ | D, 07) =~ 6(¢;)

Training Testing
Where ‘&5 """"""" Train dataset #1: “cat-bird” |
¢ = arg m¢ax log p (gbz | D}r, (9*) ' ! ' .
i CME g
* Problems:

* ¢; is a point estimate (MAP)
* There is no uncertainty in the prediction:

Y = ggr ()

where ¢ is the learner’s network

~Rwl
* Few shot learning is ambiguous, easily | 0
overfitting i bikes é% @@ ﬁ |

Can we get a distribution of » (¢: | D}",6") ?
So

¢; is a set of classifier parameters for D,

p(yte|xte7 ZDtr7 9*) — /;)p(yte|xte7 ¢)p(¢|ptr, (9*)d¢

https://lilianweng.github.io/IiI—Iog/ZOlS/ll/SO/meta-E
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https://lilianweng.github.io/lil-log/2018/11/30/meta-learning.html

Deterministic meta-learning

* Meta parameter (deterministic)
p (‘9 ‘ Dineta-train ) ~ 5<(9*)

where What information might @ contain...

0" = arg max log p (6 | Deta-train ) MAML, K=10 ...in a toy sinusoid problem?

@ corresponds to family of sinusoid functions

(everything but phase and amplitude)
* Problems:
* §* is also a point estimate (MAP)
* When the number of tasks is small, 8 . : . :
_— L . ...in multi-language machine translation?

there is high uncertainty in the meta parameters. o |

Leads to meta-overfitting D 8 @ corresponds to the family of all language pairs
* Learner’s parameters are affected by meta parameters: (0 teta peamng

p(¢: | D", 0) g is the shared latent information from Deta-train

Thus, it can also affect the distribution of the prediction.

http://cs330.stanford.edu/fall2020/slides/cs330 bayesian_meta IeanE ZViJQQ.:‘,‘o_chc
7
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http://cs330.stanford.edu/fall2020/slides/cs330_bayesian_meta_learning_2020.pdf

Why Bayesian in meta-learning?
Bayesian method can:
 give us a distribution over prediction

* prevent overfitting problem

e update model gradually by using online learning

In meta-learning scenario, it can:
* Learn safety-critical few-shot model (especially in medical imaging)
* Learn to actively annotate new samples (active learning)

* Learn to explore in meta reinforcement learning

AGILE




Bayesian tools

How ?
* Learn distribution over learner’s parameters: §(¢;) —> p(¢: | D), 6%)
* Learn distribution over meta parameters: 6(6*) — p (0 | Dueta-train )

e Can be either one or both

Bayesian toolboxes:
* Latent variable models + variational inference
approximate likelihood of latent variable model with variational lower bound
* Bayesian ensembles
particle-based representation: train separate models on bootstraps of the data
e Bayesian neural networks

explicit distribution over the space of network parameters

https://openreview.net/pdf?id=rkgpy3C5tX
http://cs330.stanford.edu/fall2020/slides/cs330 bayesian meta learning 2020.pdf
https://www.researchgate.net/publication/328757994 A Batched Scalable Multi-Objective Bayesian Optimization Algorithm

9/26/21 AGILE

An ensemble of donkey
Yy

Single donkey

output:

weights:
(with distribution)

hidden layer:

weights:
(with distribution)

input:

o X E N
Bayesian neural network 19/ )
/4

7


https://www.researchgate.net/publication/328757994_A_Batched_Scalable_Multi-Objective_Bayesian_Optimization_Algorithm
http://cs330.stanford.edu/fall2020/slides/cs330_bayesian_meta_learning_2020.pdf
https://openreview.net/pdf?id=rkgpy3C5tX
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The evidence lower bound (ELBO)

e What is ELBO?

It is an optimization function used in variational inference.

p(D, ¢)
q(9)

q(¢) = argmax ELBO where ELBO = / q(¢) In do
q o

AGILE

¢ - parameters

D - observations

q(¢) — variational distribution
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The evidence lower bound (ELBO)

e What is ELBO?

It is an optimization function used in variational inference.

p(D, ) ¢ — parameters

d
q(9) ¢ D - observations

q(¢) = argmax ELBO where ELBO = / q(¢) In
9 P

. . . q(¢) — variational distribution
* What is variational inference (VI)? (@)

Approximating a posterior distribution with some easy to manipulate distribution like the Gaussian

0.25 0.25

— 777
e p((b | D) 0.20 - /\ N
0.154 0.154
qa(¢)
0.10 1 0.10 A
0.05 1 0.05 - \
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q(¢) = p(¢|D)
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The evidence lower bound (ELBO)

e What is ELBO?

It is an optimization function used in variational inference.
¢ — parameters

B B p(D, ¢)
q(¢) = arg m(?X ELBO where ELBO = qu) In q(9) de D —observations

. - ) — variational distribution
* What is variational inference (VI)? q(¢) - variati Istribut

Approximating a posterior distribution with some easy to manipulate distribution like the Gaussian

Approx.

q(¢) = p(¢|D)

* Why do we need VI?

It is intractable to calculate the true posterior distribution

o6 D)~ PD0) _ (D1 Ope) _ p(D|9)p(o)
ne) pP) Jo P(D | 9)p(#)d¢ p(¢ | D) - true posterior distribution

because it is impossible to consider all configurations ¢ of the neural network. p(D | ¢) - likelihood
p(¢) - prior distribution 0

9/26/21 AGILE 12




The evidence lower bound (ELBO)

e What is ELBO?

It is an optimization function used in variational inference.

p(D, ¢) ¢ — parameters

d
q(9) ¢ D - observations

q(¢) = argmax ELBO where ELBO = / q(¢) In
q o

. . . q(¢) — variational distribution
* What is variational inference (VI)? (@)

Approximating a posterior distribution with some easy to manipulate distribution like the Gaussian

Approx.

q(¢) = p(¢|D)

* Why do we need VI?
p(D,¢) _p@[¢)p(¢)  p(D|d)p(9)
p(D) p(D) Jo (D | #)p($)do

It is intractable to calculate the true posterior distribution  p(¢ | D) =

* Why do we need posterior distribution? p(¢ | D) - true posterior distribution
p(D | ¢)— likelihood

p(¢) — prior distribution RN

To get distribution (uncertainty) over predictions:

ply°[a"*, D) = / P(y|2, H)p($[D™)do

9/26/21 AGILE 13




The evidence lower bound (ELBO)

* Why optimizing the ELBO can help to approximate the true posterior distribution?

Look at the Bayesian rule:

Posterior ——

Likelihood _l 17 Prior

p(¢ | D)

_p(D,9) _ p(D | $)p(o)

p(D)

1

Evidence

AGILE

p(D)

4

A

q(¢#) —variational distribution

p(¢ | D)—true posterior distribution
p(D | ¢) - likelihood

p(¢) — prior distribution

p(D) - evidence
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The evidence lower bound (ELBO)

* Why optimizing the ELBO can help to approximate the true posterior distribution?

Look at the Bayesian rule:

Likelihood _l 17 Prior

_p(D,9) _ p(D | $)p(o)

Posterior -_— p(¢ | D) p(D) p(D)
Evidence
Log evidence:
Inp(D) = ELBO + KL(q(¢)||p(¢|D)) = ELBO KL(:|[) 20

Difference between the variational distribution

and true posterior distribution ¢(¢) —variational distribution

p(¢ | D)—true posterior distribution
p(D | ¢) - likelihood

q(¢) = argmin K L(q(¢)||p(¢|D)) = arg max ELBO p(¢) — prior distribution
g g

Evidence is fixed by data, thus

p(D) —evidence -

9/26/21 AGILE 15




The evidence lower bound (ELBO)

* Let’s get a closer look at ELBO

max FLBO = np(D’¢)
axELBO = [ (o)1 o

q(¢) - variational distribution
p(¢ | D)—true posterior distribution
p(D | ¢) - likelihood

p(¢) — prior distribution

p(D) —evidence [/] ,
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The evidence lower bound (ELBO)

* Let’s get a closer look at ELBO

max ELBO — / ¢(8) 1w PP:9)
)

q q(¢)
p(D|o)p(9)
= 1 d
[ ooy BE2E s

q(¢) —variational distribution

p(¢ | D)—true posterior distribution

p(D | ¢) - likelihood
p(¢) — prior distribution
p(D) —evidence [/]




The evidence lower bound (ELBO)

* Let’s get a closer look at ELBO

max ELBO — / ¢(8) 1w PP:9)
)

g q(¢)
p(D|o)p(¢)
— 1 d
[ atoym BE2E s
_ Inp(D | ¢) — 1w 49),
[ a@mp(o6) = [ ato)m L55as
q(¢) —variational distribution
p(¢ | D)—true posterior distribution
p(D | ¢) - likelihood
p(¢) — prior distribution |
p(D) —evidence [/]




The evidence lower bound (ELBO)

* Let’s get a closer look at ELBO

p(D, ¢)
q(9) .

[ 2B,

(%)
:qu)lnpwr@ /()1 ]%cw)

= ]Eq(¢) [lnp(D ’ ¢)] ( ( )"p(¢))

maXELBO:[bq(qﬁ) In

q

AGILE

q(¢#) —variational distribution

p(¢ | D)—true posterior distribution
p(D | ¢) - likelihood

p(¢) — prior distribution

o) ~eddence )

N
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The evidence lower bound (ELBO)

* Let’s get a closer look at ELBO

max ELBO — / ¢(8) 1w PP:9)
)

g q(¢)
- [ a0 m P
_ / 2(6) Inp(D | &) — / a(¢
— Eylnp(D | 6)] - KL(g(6

)in %0
()

T~

Samples from ¢(¢) to perform original tasks

AGILE

Regularization term

q(¢) - variational distribution
p(¢ | D)—true posterior distribution
p(D | ¢) - likelihood

p(¢) — prior distribution

p(D) —evidence o,

N
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The evidence lower bound (ELBO)

* More about ELBO

Inp(D) > ELBO = Ey)[lnp(D | )] — KL(q(¢)[Ip(¢))
! / Ny
evidence variational likelihood ~ prior.
distribution distribution
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The evidence lower bound (ELBO)

* More about ELBO

Inp(D) > ELBO = Ey4)|Inp(D | ¢)] = KL(q(¢)|[p(¢))

T / ~ 1N
avidence variational likelihood . p.rior.
distribution distribution

variational distribution can be any form:
a(¢) = q(9|D), q(¢]0)

Approx.

For example q(¢]0) — p(¢|D) : Inp(D) > ELBO = Eyy9)[Inp(D | ¢)] — K L(q(¢[0)[|p(¢))
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The evidence lower bound (ELBO)

* More about ELBO

Inp(D) > ELBO = Ey4)|Inp(D | ¢)] = KL(q(¢)|[p(¢))

T / ~ 1N
avidence variational likelihood . p.rior.
distribution distribution

variational distribution can be any form:
a(¢) = q(9|D), q(¢]0)

Approx.

For example q(¢]0) — p(¢|D) : Inp(D) > ELBO = Eyy9)[Inp(D | ¢)] — K L(q(¢[0)[|p(¢))

posterior can be conditioned on other variables:

p(¢|D) = p(¢|D, )
Approx.

For example q(¢) — p(¢|D,0) Inp(D|0) > ELBO = Ey,)|Inp(D | ¢,0)] — KL(q(9)||p(0]0))
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The evidence lower bound (ELBO)

 Problem of ELBO:

Inp(D) = ELBO = Eqy4)[Inp(D | ¢)] — KL(q(9)|[p(¢))
R / . N\

evidence variational likelihood _ prior
distribution

distribution )

1. Cannot optimizing ¢(¢) directly, reparameterization trick is required.
* Variational distribution has variational parameters X ,i.e. ¢(¢) = q\(¢) A= {p,o*}
* Itisin general difficult to calculate the derivative V,E, )

https://gregorvgundersen.com/blog/ZO18/04/29/reparaE\\ rlz;tl“a_n[

/4
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https://gregorygundersen.com/blog/2018/04/29/reparameterization/

The evidence lower bound (ELBO)

 Problem of ELBO:

Inp(D) > ELBO = Ey4)|Inp(D | ¢)] = KL(q(¢)|[p(¢))

1 / . 1

evidence variational  l1kelihood _ prior
distribution distribution

1. Cannot optimizing ¢(¢) directly, reparameterization trick is required.
* Variational distribution has variational parameters X ,i.e. q(¢) = q\(¢) A= {p,o*}

* Itisin general difficult to calculate the derivative V,E, )
To see that, set fu(¢,D) =1lnp(D | ¢) , then

Vi, 6 [fr(6,D)] = Vy [ L (D) f2 (9, D)d¢]
_ L Vo lar(6) /(6. D)] dg
_ [b 16 D)V s (6)d6 + [D 0(0)Vrfa (6, D)do

= | BG.D)Vaap(@)d6 +E,y i [V f1(6, D)
https://gregorvgundersen.com/blog/ZO18/04/29/reparaE\\ nz;_tl“a_n[

TV
What about this?
/4

9/26/21 AGILE 25



https://gregorygundersen.com/blog/2018/04/29/reparameterization/

The evidence lower bound (ELBO)

 Problem of ELBO:

Inp(D) > ELBO = Ey4)|Inp(D | ¢)] = KL(q(¢)|[p(¢))

1 / . 1

evidence variational  l1kelihood _ prior
distribution distribution

1. Cannot optimizing ¢(¢) directly, reparameterization trick is required.
* Variational distribution has variational parameters X ,i.e. q(¢) = q\(¢) A= {p,o*}

* Itisin general difficult to calculate the derivative V,E, )

To see that, set fu(¢,D) =1lnp(D | ¢) , then
reparameterization gb — 4+ o€, where € ~ N(O, I)

6~ N(y1,0?) ) £(6:.D) = Flgn(e.D))

v/\Eq,\(¢) [fk(gﬁ? D)] - /I) f/\(gb’ D)VA(D\(Qs)dqb +EQA(¢) [V)\f/\(Qb, D)] V)\EQ/\(@ [f)\ (¢7 D)] z gffg)x[ﬁzitj g;;}

What about this?

https://gregorvgundersen.com/blog/ZO18/04/29/reparaE\\ rlz;tl“a_n[

/4
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https://gregorygundersen.com/blog/2018/04/29/reparameterization/

The evidence lower bound (ELBO)

 Problem of ELBO:

Inp(D) > ELBO = Ey4)|Inp(D | ¢)] = KL(q(¢)|[p(¢))

1 / . 1

evidence variational  l1kelihood _ prior
distribution distribution

2. Can only model Gaussian variational distribution ¢(¢)

* Variational distribution needs to be simple

* Reparameterization trick gives us Gaussian distribution

* KL divergence has analytic solution when both distributions are Gaussian

AGILE
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The evidence lower bound (ELBO)

Basic ideas: maximize ELBO to use ¢(¢) to approximate p(¢ | D)

* During training:
1. Sample model parameters from ¢(¢)
2. Maximize the likelihood of the observation p(D | ¢) while minimize the gap between the ¢(¢) and p(¢)

max Ky |[Inp(D | ¢)] — KL(q(¢)|p(¢))

* During test:

1. Sample model parameters from q(¢)
2. Use it as the true posterior distribution for prediction

ply'|z, D7) = / P2, O)p(6[D™)do

o

~ / p(y'¥]", $)a(6)do

AGILE
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Outline
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* Bayesian meta-learning evaluation
* Qualitative visualization
* Quantitative evaluation
* Active-learning evaluation
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Amortized variational inference

For dataset D, , the posterior distribution we need is: » (¢: | D;",0)

The variational distribution we used: ¢ (¢; | D*,6) ~ N(u;, 07)

Amortized Variational Inference

1. Introduce a parameterized model or function that outputs the variational parameters of the approximate posteriors.

A= {0t} = D) A= {ju.0?) = F(DI.6)

Dl}r_} neural net |—> ¢ (¢; | D", 0) ¢i—> D;?r_) f —> q(¢: | D',0) ¢i -

ts e ts
fo(:) N\ | } VAN |
I !

S S

2. \Variational parameter \ is determined by meta parameter ¢, thus optimizing variational parameter is the same as optimizing the meta
parameter. This optimization is done by doing gradient descent on the loss function for the variational inference.

http://cs330.stanford.edu/fall2020/slides/cs330 bayesian meta IearnE 020 r df

/4
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http://cs330.stanford.edu/fall2020/slides/cs330_bayesian_meta_learning_2020.pdf

Amortized variational inference

* What is the loss function for the variational inference in meta-learning?

Variational inference: Inp(D) > ELBO = E)[Inp(D | ¢)] — K L(q(¢)|p(¢))

Because of the meta-learning, we have additional meta-parameter ¢

.....

By replacing:

a(6) = q(¢/D",0)

We have:

meax ELBO = meax E

AGILE

p(¢|D) = p(¢|D, 0)

qoio) (D)6, 0)]—K L(q(¢|D", 0)[Ip(¢]0))

https://openreview.net/pdf?idE; \LL;ELX
7
31


https://openreview.net/pdf?id=rkgpy3C5tX

Amortized variational inference

* What is the loss function for the variational inference in meta-learning?

Variational inference: Inp(D) > ELBO = E)[Inp(D | ¢)] — K L(q(¢)|p(¢))

Because of the meta-learning, we have additional meta-parameter ¢

By replacing: q(¢) = q(¢|D", 0) p(¢|D) = p(9|D, 0)

We have:  max ELBO = max Eye0)lnp(Dl6. 6)~ K L(a(dD". 6) [p(616))

Approximating the posterior of test data: p(6|D,0) = p(¢|D™, 0)

We have:  max ELBO = max Eypr g)[In p(D|6, 0)| =K L(q(4D", 6)[|p(¢]6))

https://openreview.net/pdf?idE; \LL;ELX
7
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https://openreview.net/pdf?id=rkgpy3C5tX

Amortized variational inference

* What is the loss function for the variational inference in meta-learning?

Variational inference: Inp(D) > ELBO = E)[Inp(D | ¢)] — K L(q(¢)|p(¢))

Because of the meta-learning, we have additional meta-parameter ¢

By replacing: q(¢) = q(¢|D", 0) p(¢|D) = p(9|D, 0)

We have:  max ELBO = max Eye0)lnp(Dl6. 6)~ K L(a(dD". 6) [p(616))

Approximating the posterior of test data: p(6|D,0) = p(¢|D™, 0)

We have: maXELBO max Eq (400 [lnp(Dte|¢, 0)]—K L(q(¢|D™, 0)||p(¢]0))

For all tasks, the final objective is:

ELBO for D,

https://openreview.net/pdf?idE; \LL;ELX
7
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Amortized variational inference

Different way to model ¢(¢; | D{",0) ~ N(ui,o7) (77T TTTTTTTTTTTTTmmommmommm s m e !

|
| max By [y, pp )0 p(Di°]6:,0)] (a(i|Di". 0)llp(¢:10))] i
S S
Two parametric meta-learning approaches:
Deterministic version Bayesian version
* Black-box based.
Key idea: Train a neural network to represent
q (i | D', 0) & = fo(D}) A={mi, o7} = f(D]',6)
* Optimization based (normally using gradient descent).
Key idea: Acquire ¢; through optimization on D}",
meta parameter @ serves as a prior
¢ = argmaxlogp (D" | ¢:) +logp (91 | 0) A = argmaxlogp (D" | ¢:) +logp (¢ | )

o)
:
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Amortized variational inference
* Black- boxlof]fgq?lof)_rgsic_h_(_VERSA)

 Meta Iearner has two components:

e Feature extraction network 6

e Amortization network ¢

e Meta parameter {0, ¢}

 Learner’s parameter ¢® = {W® p®} Training data D®) = {(z, y{?)}V, , and test data { (%2, i)} Me |
task specific parameters {1V} P& = (W p®)}

https://arxiv.org/pdf/1805 _21_ odf
https://jonathan-hui.medium.com/meta-learning-bayesian-meta-learning-weak- supervmonJ-m 9 2 ff
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https://jonathan-hui.medium.com/meta-learning-bayesian-meta-learning-weak-supervision-fd3d09b2eff3
https://arxiv.org/pdf/1805.09921.pdf

Amortized variational inference

* Black- box based approach (VERSA)

I tr
I A= {'u“ } f D ) Feature extraction Linear Classifier Softmax output
* Feature extraction network 6 0 “’t| “’tl T o ’
* Amortization network ¢ — P x ( ) 2 (4| D®, 8)
ortization
|7—| ¢ @ |ﬁ\—|
* Meta parameter {(9, ¢} Network . c . Collect L samples of
) i () () (42)
* Learner’s parameter ¢ = {wW® p®H} Ky train examples PN —
from class 1 from class C'

* Approximate the posterior with

D ~ g4 (| DD, 9) N

N AN

D. —_— hg() > f¢() — w —_

—_— —

o+
wn

https://arxiv.org/pdf/1805 _21_ odf
https://jonathan-hui.medium.com/meta-learning-bayesian-meta-learning-weak- supervmonJ-m 9 2 ff
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https://jonathan-hui.medium.com/meta-learning-bayesian-meta-learning-weak-supervision-fd3d09b2eff3
https://arxiv.org/pdf/1805.09921.pdf

Amortized variational inference

* Black- box based approach (VERSA)

 Meta Iearner has two components:

e Feature extraction network 6

e Amortization network ¢

e Meta parameter {0, ¢}

* Learner’s parameter % = {Ww® p®}

* Approximate the posterior with

D ~ g4 (| DD, 9)

* Objective function

Feature extraction

T *D‘ he(Z) —
(%

Linear Classifier

| |
w® ...
| |
A AN

Amortization
Network

R ) i

ky train examples

from class 1

=i Z log 7 ZP (59139, 6",60),  with vf? ~ g4(4]D®,6)

—
x}cll)) ho (mgc))

o

I p(g|§3707¢t)

Softmax output

Pt = {W(t), b(t)}

! ~ as(41D?,6)

Collect L samples of y
c
- he (x,(cc))

k¢ train examples
from class C'

ts

Yy
AN
D;l;:r_’ ho(-) =1 fo() = ¢ — T
. 0(¢7) p (¢i | D, 07)
: 5(0*) p (0 | Dmeta—train )

https://arxiv.org/pdf/1805

https://jonathan-hui.medium.com/meta-learning-bayesian-meta-learning-weak- supervmonJ-m

AGILE
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Amortized variational inference

* Black- box based approach (VERSA)

 Meta Iearner has two components:

* Feature extraction network 6
e Amortization network ¢

e Meta parameter {0, ¢}

* Learner’s parameter % = {Ww® p®}

* Approximate the posterior with

D ~ g4 (| DD, 9)

* Objective function

Feature extraction

z *D» ho(Z) —
7]

Linear Classifier

| |
w® ...
| |
A A

Amortization
Network

from class 1

e Z log 7 ZP (39129, 4°,0),  with 4 ~ 4y(41D®,0)

T
o () -

ky train examples

1
2D

o
) o () ho (212)

I p(g|§3707¢t)

Softmax output

k¢ train examples
from class C'

Pt = {W(t), b(t)}

RARTACIAN)

Collect L samples of y

ts

AGILE

VAR
tr I
D;— () = () = v — :
™
................ . 560 X (6| DEO)
tr . ! *
( (¢Z|D )Hp(qbz‘e))] : 5(@ ) v p(@ | Dmeta—train) X
https://arxiv.org/pdf/1805 _Zl_Qc
https://jonathan-hui.medium.com/meta-learning-bayesian-meta-learning-weak- supervmonJ-m 9_2 o
e/
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Amortized variational inference

e Optimization based approach (Amortized Bayesian Meta-Learning)

Recall objective function:

.

Q

—~
&
Sl
. L]
>
~—
>
Q

O

=.
M

<

(gy)

(O
(@
<

(V)
)
O
)

5

—

>
@

=)

D

Q

)

Q

>

(ON
<

Q

.
Q

>

(@)

()

o

L.
>
oa
N.S

I\ = arg m)\axlogp (D}" | ¢:) +logp (¢ | 0) : q0 (¢z‘

D) = & (60, 24)

* SGD:

1. A@) — \nit)

2. fork=0,...,K —1,set
AEHD) = AE) _ oV, Lp(AF), 6)

A@nit) js 9 like MAML, SGD is the inner loop optimization

https://openreview.net/pdf?id=" _ﬁQSt_X
https://ionathan—hui.medium.com/meta—Iearning—bavesian—meta—learning—weak—supervisionJ-m 09@"31‘&

U
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Amortized variational inference

Optimization based approach (Amortized Bayesian Meta-Learning)

0(¢7) p(6i| D", 0%)

Algorithm 1 Meta-training

5(9*) p (0 | Dmeta—train )

Input: Number of update steps K, Number of total episodes M, Inner learning rate a,

Outer learning rate 3
1: Initialize 6 = {pg, 03}

2: p(0) = N (1;0,1) - [, Gamma(i; ao, bo)
3: for:=1to M do

4 D= {D® D@}
55 ug‘)eug,azg‘)eag
6: fork =0to K — 1do
7. AE) {”( ) (k)
8: p,g‘k+1) — ;Lg‘ ) o avy‘gk)ﬁ,D(S) (/\("),0)
9: 02§k+1) — 0‘25\,0) - avoz(@ ED(S) (/\(k), 0)
A i
10: end for
11:
12: AE) {ug‘K) o g‘K)}
132 q(0) = 1{pu = po} - 1{o? =07}
14 po < po — BV, [L, (A, 0) + KL(q(6)p(6))]
15:  og+ 05— Vo2 [L,(A5),0) + 7KL (q(6)]Ip(9))]
16: end for

SGD

Algorithm 2 Meta-evaluation

Input: Number of update steps K, Dataset D = {D(5), D(@)}, Parameters § = {pq,03},
Inner learning rate «
(0) 2( )

1;1, — Ug; O (—0'9
fork ()toK—ldo
k k

)\(k)<_{p,() g‘)

[J,g\k-i_l) < [J,g‘ ) s Ozvug\k)ﬁp(S) ()\(k), 9)

02&k+1) — ng\k) — avo_2§\k)£p(5) ()\(k), 0)
end for

0 (¢|D(S)) (¢ ”(K), 2(K))
Evaluate D(@) using qu(¢|D(s)) [ (D(Q) |¢)]

O o O Lhe o W0 D

https://openreview.net/pdf?id=" _ﬁCStX
) ||

https://ionathan—hui.medium.com/meta—Iearning—bavesian—meta—learning—weak—supervisionJ-m szuff?,

7/
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Amortized variational inference

Optimization based approach (Amortized Bayesian Meta-Learning)

6(¢;) p(#:|D"0%)

Algorithm 1 Meta-training

X
5(9*) X p (0 | Dmeta—train) \/

Input: Number of update steps K, Number of total episodes M, Inner learning rate a,

Outer learning rate 3
1: Initialize 6 = {pg, 03}

2: p(0) = N (1;0,1) - [, Gamma(i; ao, bo)
3: for:=1to M do

4 D= {D® D@}
55 ug‘)eug,azg‘)eag
6: fork =0to K — 1do
7. AE) {”( ) (k)
8: p,g‘k+1) — ;Lg‘ ) o avy‘gk)ﬁ,D(S) (/\("),0)
9: 02§k+1) — 0‘25\,0) - avoz(@ ED(S) (/\(k), 0)
A i
10: end for
11:
12: AE) {ug‘K) o g‘K)}
132 q(0) = 1{pu = po} - 1{o? =07}
14 po < po — BV, [L, (A, 0) + KL(q(6)p(6))]
15:  og+ 05— Vo2 [L,(A5),0) + 7KL (q(6)]Ip(9))]
16: end for

SGD

Algorithm 2 Meta-evaluation

Input: Number of update steps K, Dataset D = {D(5), D(@)}, Parameters § = {pq,03},
Inner learning rate «
(0) 2( )

1;1, — Ug; O (—0'9
fork ()toK—ldo
k k

)\(k)<_{p,() g‘)

[J,g\k-i_l) < [J,g‘ ) s Ozvug\k)ﬁp(S) ()\(k), 9)

02&k+1) — ng\k) — avo_2§\k)£p(5) ()\(k), 0)
end for

0 (¢|D(S)) (¢ ”(K), 2(K))
Evaluate D(@) using qu(¢|D(s)) [ (D(Q) |¢)]

O o O Lhe o W0 D

https://openreview.net/pdf?id=" _ﬁCStX
) ||

https://ionathan—hui.medium.com/meta—Iearning—bavesian—meta—learning—weak—supervisionJ-m szuff?,

U/
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Amortized variational inference

* Optimization based approach (Probabilistic MAML)

6(¢i) v p(e|DET) X

How about approximating posterior distribution directly on 6 ? )
5(0 ) X p (0 | Dmeta—train) \/

Original graphical model

r .
s
&

For example, in MAML,

If we know how to infer

p(¢z |9’ xgrain, y;:crain)

p(¢:|x¥,y¥,0) ~ §(¢; = ¢¥) where ¢} is obtained via gradient descent starting from 6.

?

https://arxiv.org/pdf/1806 8_17_0_chc
https://ionathan—hui.medium.com/meta—Iearning—bavesian—meta—learning—weak—supervisionJ-m\ 09Q'QL
7z
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Amortized variational inference

* Optimization based approach (Probabilistic MAML)

0 ~ p(0) = N(ue, o)

A

key idea: P(@\Q, xtzgrain’ y;:rain) ~ 5(¢z) qu ~ 0 1 OZVQ logp(yzt'rain|x’;rain’ 6)

What does ancestral sampling look like?
]" 6 ~ N(MQ) 29)
2. P ~ p(¢@‘9, x‘;rain’ ygrain) ~ éz — 0+ aVy logp(ylgrain|m'grain’ 9)

1 E((ba Dtrain) o ’U/0_>

miling, young

smiling, ha

¥

https://a rxiv.org/pdf/lS[ QJL‘@‘
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Amortized variational inference

* Optimization based approach (Probabilistic MAML)

Algorithm 1 Meta-training, differences from MAML in red Algorithm 2 Meta-testing
Require: p(7): distribution over tasks Require: training data D% for new task 7
1: initialize © := {po, 05, Vg, Yp, Yo} Require: learned ©
2: while not done do 1: Sample 6 from the prior p(6|D")
3: Sample batch of tasks 7; ~ p(T) 2: Evaluate Vo L(0, D")
4: for all 7; do 3: Compute adapted parameters with gra-
5: PE D= dient descent:
6: Evaluate V., L(pg, D*) ¢i =0 —aVeL(0,D")
7 Sample 0 ~ ¢ = N (o — gV o L(po, D), vq)
8: Evaluate Vo L£(6,D") - Posterior distribution
9: Compute adapted parameters with gradient descent: on test data ¢(6|D*")

qbi =0-— aVeL',(O, Dtr)
10:  Letp(8]D") = N (1o — 75V iy L(120, D), 73))
11:  Compute Ve ( >, L(¢i, D)
+Dx(q(6]D") || p(6]D")))
12: Update © using Adam — ———_, Minimize the gap

between two
posterior distribution

_—

https://a rxiv.org/pdf/lS[ j&]i df
7.
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Amortized variational inference

* Summary

e Latent variable models + variational inference (approximating » (¢: | D}*,6"))

approximate likelihood of latent variable model with variational lower bound

ts 9 ts
fo(-) N\ : | VAN !
D;Fr—> neural net |—> ¢ (¢: | D", 0) ¢i—’ T Dfr—> f —> q(¢; | D}, 0) ¢i—> I
s By (B o Inp(D116:0)] — K LoD O)(616)]
- P

+ can represent non-Gaussian distributions over yts
+ produces distribution over functions
Cons:

- Can only represent Gaussian distributions p(¢; | 6)

Not always restricting: e.g. ifp(y;.[S Ein (/bl, 0) is also conditioned on 6.

http://cs330.stanford.edu/fall2020/slides/cs330_bayesian_meta Iearn[, 2f_f;df
9/26/21
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Amortized variational inference

* Summary

* Latent variable models + variational inference (approximating P (0 | Dmeta-train ))

approximate likelihood of latent variable model with variational lower bound

L. 9 ~ N(MQ) 29)
2. ¢; ~ p(qbz‘@’ xtraln’ y;cram) ~ sz =0+ aVy logp(y"frain|x‘zgrain, 8)

Pros: Non-Gaussian posterior, simple
at test time, only one model instance.

Con: More complex training procedure.

http://cs330.stanford.edu/fall2020/slides/cs330_bayesian_meta Iearn[, 2f_f;df

AGILE 46



http://cs330.stanford.edu/fall2020/slides/cs330_bayesian_meta_learning_2020.pdf

Outline

* Introduction
* Why Bayesian meta-learning?
* The evidence lower bound (ELBO)

* Bayesian meta-learning approaches based on

 Amortized variational inference
* Black-box
* Optimization

* Bayesian ensembles

e Bayesian neural networks

* Bayesian meta-learning evaluation
* Qualitative visualization
* Quantitative evaluation
* Active-learning evaluation
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Bayesian ensembles

* Key idea: train separate models on bootstraps of the data

* Ensemble of MAML (EMAML)
Train M independent MAML models then take the average

Does not work as the ensemble members are too similar

* Bayesian Meta-Learning with Chaser Loss (BMAIIL)

Use stein variational gradient descent (SVGD) to push the particles away from one another

Use chaser loss to improve the generalization ability

K=5, |T|=100 K=5, |T|=1000 K=10, | T|=100 K=10, |T|=1000
3.0 3.0 2.0
5.0 Sivi 7 _sae% S - = «s MAML
N 55 19 - +++ EMAML (M=10)
45 18 = « == EMAML (M=20)
. v = BMAML (M=10
w 40 2.6 17 e ( )
: e s BMAML (M=20)
%) e
= 3.5 2.4 1.6
. 15
3.0 99
14
25 2.0 1.6 13
B i) i
0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000 0 20000 40000 60000 80000 100000
Meta lterations Meta lterations Meta lterations Meta lterations

Figure 1: Sinusoidal regression experimental results (meta-testing performance) by varying the number of
examples (K -shot) given for each task and the number of tasks | 7| used for meta-training.

http://cs330.stanford.edu/fall2020/slides/cs330_bayesian meta_learnine OZ")@Q‘
https://proceedings.neurips.cc/paper/2018/file/e1021d43911ca2c1845910d84f40a¢ as‘_rVJQ‘

e/
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Bayesian ensembles

* Notations

* Meta parameter 6 = 0
* Learner’s parameter ¢ = 0,

 Stein variational gradient descent (SVGD)

1 M

O 4 O, + exp(6:) where ¢(6:) = - [k(ei,et)veg log p(87) + vggk(ez,et)] ,

* MAML vs. MAML with SVGD

Algorithm 1 MAML

Sample a mini-batch of tasks 7; from p(7)
for each task 7 € 7; do
0, GDn(HO; Dt;n, a)
end for
0o < 6o — BV, 2, c7; L£(07; DY)

j=1 l
keep M positive-definite push the models away
models kernel from one another

Algorithm 2 Bayesian Fast Adaptation

Sample a mini-batch of tasks 7; from p(7)
for each task 7 € 7; do
©,(0¢) < SVGD,,(©¢; D™, a)
end for
B¢ < ©9 — BVe, ). 7, Lora(O7(O0); DG

M
where Lgra(©-(60); D)) = log [% > p(Dfﬂl@T)l

m=1

https://proceedings.neurips.cc/paper/2018/fi|e/e1021d43911ca2c1845910d84f40a£ a €;‘r.J5 f

Lt
AGILE 49



https://proceedings.neurips.cc/paper/2018/file/e1021d43911ca2c1845910d84f40aeae-Paper.pdf

Bayesian ensembles

e Bayesian MAML with Chaser loss

Algorithm 3 Bayesian Meta-Learning with Chaser Loss (BMAML)
1: Initialize ©
2: fort = 0,... until converge do
3:  Sample a mini-batch of tasks 7; from p(7)
4: foreachtask 7 € T; do
5 Compute chaser O7(0y) = SVGD,,(0¢; D™, )
6: Compute leader ©75(0() = SVGD,(07(0y); D™ U DY, )
&
8
9:

end for

©p + O — BVe, 2.7, ds(O7(O0) | stopgrad(©7°(6y)))
end for

* Chaser loss

M
Lomame(©0) = ) ds(O7 | ©77%) =Y ) [l6p™ — 673

TET: TET: m=1

6(97) p (¢ | D}, 07)
5(9*) p (‘9 | Dmeta—train )

https://proceedings.neurips.cc/paper/2018/file/e1021d43911ca2c1845910d84f40a¢ apg/r)pdf
).

http://cs330.stanford.edu/fall2020/slides/cs330_bayesian meta_learnine TOZ‘)_.pﬂ
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Bayesian ensembles

e Bayesian MAML with Chaser loss

Algorithm 3 Bayesian Meta-Learning with Chaser Loss (BMAML)
1: Initialize ©
2: fort = 0,... until converge do
3:  Sample a mini-batch of tasks 7; from p(7)
4: foreachtask 7 € T; do
5 Compute chaser O7(0y) = SVGD,,(0¢; D™, )
6: Compute leader ©75(0() = SVGD,(07(0y); D™ U DY, )
&
8
9:

end for

©p + O — BVe, 2.7, ds(O7(O0) | stopgrad(©7°(6y)))
end for

* Chaser loss

M
Lomame(©0) = ) ds(O7 | ©77%) =Y ) [l6p™ — 673

TET: T€T: m=1
* | DY _p*
Pros: Simple, tends to work well, Con: Need to maintain M model instances. 6(¢i) X p (gbz | Di', 0 ) 4
non-Gaussian distributions. (or do gradient-based inference on last layer only) 6(0) x p(0 | Duetactrain )

https://proceedings.neurips.cc/paper/2018/file/e1021d43911ca2c1845910d84f40a¢ aper.hdf
).

http://cs330.stanford.edu/fall2020/slides/cs330_bayesian meta_learnine rozq_.pﬂ
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Outline

* Introduction
* Why Bayesian meta-learning?
* The evidence lower bound (ELBO)

* Bayesian meta-learning approaches based on

 Amortized variational inference
* Black-box
* Optimization

* Bayesian ensembles

e Bayesian neural networks

* Bayesian meta-learning evaluation
* Qualitative visualization
* Quantitative evaluation
* Active-learning evaluation
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Bayesian neural networks

* Key idea: explicit distribution over the space of network parameters

* Monte Carlo dropout in neural networks can be used to perform variational inference to make it Bayesian
model parameter is sampled by dropping different neurons
q(w) :
W, = M; - diag([z; ;]/2;)
z; j ~ Bemoulli(p;) fori = 1,...,L, j =1,..., K;_;
Easiest way to get a distribution approximating the
posterior distribution

Approx. .
¢(w) = p(w[D")

https://www.hvnguyen.com/bayesian léa/ning.
7

https://arxiv.org/pdf/1506 El-’l;o_df
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Bayesian neural networks

Combine the SGD with Bayesian neural networks (AGILE)

(szu)tr )_>p(¢z|ptr 0)

Initial learner’s parameter with 6
Calculate the inner loop loss on DY using model with dropout parametrized by ¢;

Update parameter ¢; using SGD

B w N~

Go back to step 2 for more gradient descent steps

Loss function:

* Inner loop loss for optimizing @i: A = arg maxlog p (D" | ¢:) +1logp(¢: | 6) , \i =M, is aset of complete parameter (no dropout)

 OQuter loop loss for optimizing 9 : M
P g &9 0* = argmax | | p(Di°|D}", 6)
0O z:l
M
= argmax (/ p(Dfe‘gbZ)p(gbZlDfr, G)dgbz)
S -
Ml
~ argma (T > ) - where 6 ~ g(oDY 0) 1)
b0 t=1 https://arxiv.org/pdf/ZOE G09).p)df.
L
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Bayesian neural networks

Combine the SGD with Bayesian neural networks (AGILE)

e Dropout as well during test

p(yte‘xte’Dtr70) — p(yte|Xte7¢)q<¢|Dtr79)d¢

—~

N

t
1
~ = p(ylat,¢'),  where ¢ ~ g(¢|D",6)
t=1

8

Not the complete
parameter set M

Pros: Simple, only one model instance Cons: Can only model Gaussian distribution (Bayesian neural network),
need to finetune the hyperparameter dropout rate

o(¢7) X p(¢i| DI, 0) v
5(9*) \/ p (9 | Dmeta—train) X

https://arxiv.org/pdf/ZOJ:\ oO“J_r‘}i
7
AGILE 2



https://arxiv.org/pdf/2007.05009.pdf
https://www.hvnguyen.com/https:/www.hvnguyen.com/bayesiandeeplearning

Bayesian meta-learning approaches summary

e Latent variable models + variational inference
approximate likelihood of latent variable model with variational lower bound

Approximating p(¢: | D, 0%) P (0| Dimeta-train )

Pros:
Pros: Non-Gaussian posterior, simple

+ can represent non-Gaussian distributions over yts
at test time, only one model instance.

+ produces distribution over functions
Cons: Con: More complex training procedure.
- Can only represent Gaussian distributions p(¢; | 9)

* Bayesian ensembles

particle-based representation: train separate models on bootstraps of the data

Pros: Simple, tends to work well, Con: Need to maintain M model instances.
non-Gaussian distributions. (or do gradient-based inference on last layer only)

e Bayesian neural networks

explicit distribution over the space of network parameters

Pros: Simple, only one model instance Cons: Can only model Gaussian distribution (Bayesian neural network),
need to finetune the hyperparameter dropout rate PR
http://cs330.stanford.edu/fall2020/slides/cs330_bayesian_meta Iearn[, GZU_H)d_f
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Outline

* Introduction
* Why Bayesian meta-learning?
* The evidence lower bound (ELBO)

* Bayesian meta-learning approaches based on

 Amortized variational inference
* Black-box
* Optimization

* Bayesian ensembles

e Bayesian neural networks

* Bayesian meta-learning evaluation
* Qualitative visualization
* Quantitative evaluation
* Active-learning evaluation
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Qualitative visualization

Qualitative Evaluation on Toy Problems with Ambiguity

(Finn*, Xu*, Levine, NeurlIPS "18)

Ambiguous regression:

2 0 2 4 4 2 0 2 4 -4 -2 0 2 4 4 2 0 2 4 4 2 0 2

e Y Na
\\s‘ 'L:—/’// 4’ \\\\\
g ' )
- 2 \\\\ \\g_) ’ )
o == MAML
- ground truth . . 7
+ datapoint // ,\\\\;‘\
I S T R T T R T ) S ) )
http://cs330.stanford.edu/fall2020/slides/cs330_bayesian_meta Iearn[, G20).5)df
=7
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Quantitative evaluation

Evaluation on Ambiguous Generation Tasks

L

shot

(Gordon et al., ICLR’19)

S g remag g i @ =y W, VERSA
F¥YVIFFFF 0§ § o
FEY ) VFFFT [ §F v
FHEY NV FFFF [ commo

| % Fl L J
N YT YOIy Y1 W Y7 VERSA

‘.—.,]\' *-\.__’ i ‘__/ ‘/l‘-—,w \ 1 3 |(d ‘/' Ground Truth

Model MSE SSIM

C-VAE 1-shot  0.0269 0.5705
VERSA 1-shot 0.0108 0.7893
VERSA 5-shot  0.0069 0.8483

Table 2: View reconstruction test results.

http://cs330.stanford.edu/fall2020/slides/cs330_bayesian_meta IearnE,\JQ\O_.ruj_f
Z
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Quantitative evaluation

Accuracy, Mode Coverage, & Likelihood on Ambiguous Tasks

(Finn*, Xu*, Levine, NeurlPS '18)

+'ve -'ve +'ve -'ve +'ve -'ve +'ve -'ve
example example example example example example example example

Ambiguous celebA (5-shot)
Accuracy Coverage (max=3) | Average NLL
MAML 89.00 + 1.78% 1.00 + 0.0 0.73 + 0.06
MAML + noise 84.3 +£1.60 % 1.89 £+ 0.04 0.68 £+ 0.05
PLATIPUS (ours) (KL weight =0.05) | 88.34 4+ 1.06 % 1.59 + 0.03 0.67+ 0.05
PLATIPUS (ours) (KL weight =0.15) | 87.8 +1.03 % 1.94 + 0.04 0.56 £+ 0.04

v/ Mouth Open v Mouth Open + Mouth Open X Mouth Open
v/ Wearing Hat X Wearing Hat + Wearing Hat + Wearing Hat
v Young v Young X Young v Young

RN
http://cs330.stanford.edu/fall2020/slides/cs330 bayesian meta Iearn[, G
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Quantitative evaluation
Reliability Diagrams & Accuracy

(Ravi & Beatson, ICLR ’19)
minilmageNet: 1-shot, 5-class

10
ECE: 0.0471

0.8
MCE: 0.1104

MAML £
minilmageNet 1-shot, 5-class
: ECE: 0.0472 MAML (OllI'S) 47.0 +o0.59
B P Prob. MAML (ours) 47.8 Fo0.61
Probabilistic - Our Model 45.0 +0.60
MAML
: ECE: 0.0124
Ravi & Q:S MCE: 0.0257
Beatson §

\\
03 0.4 0.5 0.6 0.7 o~ \
Confidence

http://cs330.stanford.edu/fall2020/slides/cs330 bayesian meta Iearn[x 0“
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Active-learning evaluation

Finn*, Xu*, Levine, NeurIPS ‘18 Kim et al. NeurIPS’18
Sinusoid Regression MinilmageNet
70
Few-Shot Active Learning Experiment e+ EMAML STRE
e MAML = PLATIPUS (ours) 65 { —— BMAML g ,
25 \\ Both experiments:
gzo \ 32 60 1 - Sequentially choose datapoint with
rgé) § . maximum predictive entropy to be labeled
< = = - or choose datapoint at random (MAML)
210 o) 50 1
g <
g 9 45 1
° 40
' - . : y 0 5 10 15 20

number of additional datapoints labeled Number of Queries
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Take away

* Uncertainty is important when study meta-learning as few annotated samples are provided for each tasks
* Uncertainty can exist in either meta parameter or learner’s parameter or both

* There are several tools to make the meta learning algorithm Bayesian:
* Latent variable models + variational inference
* Bayesian ensembles
e Bayesian neural networks

e Learn different ways to evaluate the Bayesian meta learning algorithm
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