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Definition of meta learning

Meta-learning (learning to learn):

To learn a model that can well adapt or generalize to new tasks and new
environments that have never been encountered during training time.

Prior work (incomplete)
Bengio et al "90]

Maclaurin et al ’15]

[Vinyals et al ’16]

[Santoro et al ‘16]

'Wichrowska et al '17]

Finn et al ’17]




Meta learning setup
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Meta learning setup

Obtained from
finite training
samples
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Basis of comparison
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Baseline methods - ERM

General formulations (empirical loss)

ERM
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Baseline methods - MAML

General formulations (empirical loss)
MAML [Finn et al ’17]
L™ (60, D) = = Ze (67" (60, D), D%, )

s.t. 0. (90, DIY,) = 6o — aV, L. (60, D, )
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Baseline methods - iIMAML

General formulations (empirical loss)
iMAML [Rajeswaran et al ’19]
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Baseline methods - BaMAML

General formulations (empirical loss)

BaMAML

1 T
Eba(BOvD) - T ZET (]3 (91- ’ Ds-r,rll\flv 90)91):?11\&)
T7=1

s.t. p (0, | D ,6p) = argmin Dy, (q(6;)||p(6- | D%, 60))

q(0;)€Q
p(616,)
SR « P11D1,00) L1 AMA [Grant et al 18]
\: PLATIPUS [Finn et al ’18]
'\\ | BMAML [Yoon et al ’18]
----- p(65|D5, 6,) VAMPIRE [Nguyen et al ’20]

p(63|Ds, 6y)
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Compare the baseline methods

N =10,T = 100
4.5 T . . .

MAML MinilmageNet classification accuracy

BaMAML

Method 1-shot 5-way
MAML 48.70 £ 1.84
iMAML 49.30 £+ 1.88
3t - BaMAML | 51.54 £0.74

Test loss
i

0 1 2 3 4 5
Meta-train iterations  «10*

Sinusoidal regression

Empirically, BaMAML has better accuracy but is more
challenging to solve than MAML.
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Goal of this work

Questions:

d If and when i1s BaMAML better than MAML, provably?

d  What are the decomposable factors that make BaMAML
better?

Contributions:

First theoretical understanding for above questions.
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A unified view

£-(60, D;) = —logp(yy™ | X3, 60, Dy™)

T

= — log f p(y7 | X7, 0:)p(6; | 80, DE™)db,
\ |

J\

| |
Likelihood Posterior
Bayes rule

p(0: | 60, D) =

p(D:™ | 8-)p(6- | 6o)
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A unified view

£-(60,D;) =—log / p(y? | X3, 6,)p (6 | 60, DI™)d6;

Point estimate f e.g. MAML,
1IMAML

(0 - 9;4)

l

~A
g’r(eOa D’r) - logp(yral | Xial: 97- (907 D:-rn))

Now we are ready to compare these methods in the same framework.
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Meta linear regression — data model

Input layer Multiple hidden layers Output layer

Prior work

N [Denevi 18]

O [Gao et al ’20]
[Bai et al ’21]

» Treat this feature as input x

QOOOO
O

Data model

N (0,03) Q=E [XTXT T|.

tT :
yr = 0% "'x; 4+ €;, with €, .
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Loss function under meta linear regression

yr = 08 ' x, 4+ €., with e, SN (0,02) Q. =E[x,x] |7].

Recall £,(8y,D;) = — log / p(y¥® | X7, 6,)p(0- | 60, DI™)d0-

l Bayes rule

Assumption: Given 02, p(y, | x,,02) = N(0ATx,, 02)

p(6; | D™, 0) o< p(DE™ | 6,)p(6- | bo),
Prior is Gaussian p(0r | 6) eXP{—’YHﬁ’r - 90||§}

Y 1s the weight of the prior
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Basic assumptions

1. (Bounded eigenvalues) For any 7,0 <A< A(Q,) < A

2. (Ground truth task parameter distribution)

1) 97g.t 1s independent of X .

g : ggt.}
2) the individual entries { ™ J ield) (T

and O(R/\/E) -sub-Gaussian, where R 1s a constant.

are independent

3) |E[6F]] <M.
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Meta linear regression — Risk decomposition

Meta test risk decomposition
2
E-[W7]

~A
RA0)) =  RAUG)  +

p -

A
A
6y — 67

optimal popultation risk A
statistical error £5 (6} )

67! := arg I%in RA(6o)

Analyze optimal population risk and statistical error separately.
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Comparison of optimal population risk

—Theorem 1 (informal)—

o
0 0.5 1 1.5 2

Under Assumptions 1-2, 3 , - , O Essentially,

% ___-ERM er ( per . ma / gma., . ba ( gba,
ERM vs MAML EE vyt | RUE) > imERMEG o) > ER™ (6% )
Can find a in a range that 3 A If a not properly chosen, MAML
Rma (93“&) < R (Bgr), = can be worse than ERM, but not

£ for IMAML.

(@)
MAML vs BaMAML [ Choice of y reflects trade-off

Can find y in a range that between adaptation speed and
R ba (98&) < Rma (9611&). adaptation performance.
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Precise characterization of statistical error

Assumption 3 (Linear centroid model).

1) xTiri\(JiN(O,Id) )

R
2 gt gt = —_— R
) Covge [05] = —1a

Implications

Assumption 3 (1) assumes Q. = I, , therefore WA = w4I,.

This implies for different methods A, 6;' = E, [¢5].
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Precise characterization of statistical error

—Theorem 2 (informal)

N =10,5=0.5

Define C4 := $<E_2 [WﬁN] , E[(WfN)2}> 0

., —— —logyy T

o as higher order term.

=0
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|3 31
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= -4 -4t ) X
. . . - R R B L7t T AT i B I s heoretical Vol
Under Assumptions 1-3, the following hold with ER S Emm
high probability : (o ———
-7
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1 )) +0 log,o N logyy T

wal |

2 R? 4 = /d -

S|

Now we are ready to quantify the dominating constant exactly.
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Sharp comparison of statistical error

O Limits of dominating constants

inf lim C™ = inf lim C™=1+n.

a >0 d, N — o ¥ >0 d,N — co
s € (0,1) d/N — n s € (0,1) d/N — n
o ~1, n<1

inf lim C®® =

>0 d,N—oo <n n>1

s€(0,1) d/N—nq

U Under linear centroid model, the dominating constant in the
statistical error with optimally tuned hyperparameters satisfies,

BaMAML < MAML = iMAML

DO
DO



Concluding remarks

0 BaMAML (and iMAML) has better adaptation flexibility than one-step MAML, leading
to smaller optimal population risk.

d For statistical error, all methods have the same dependence on N, T, d, and their
difference lies in the constant. BaMAML has better constant than point estimate
IMAML & MAML) due to model averaging.

0 Under linear centroid model, the dominating constant in the statistical error with

optimally tuned hyperparameters satisfies,
BaMAML < MAML = 1MAML

Justify the theoretical benefits of
BaMAML over MAML.
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