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Extra linear layers improve shallow meta-learning.

Extra linear layers improve deep meta-learning.

2 3 4 6
Num. Layers

0.525

0.550

0.575

0.600

0.625

0.650

0.675

P
os

t-
A
da

pt
at

io
n

A
cc

ur
ac

y

MAML

KFO

mini-ImageNet

1 2 3 4 6
Num. Layers

0.5

0.6

0.7

P
os

t-
A
da

pt
at

io
n

A
cc

ur
ac

y

MAML

KFO

CIFAR-FS

1 2 3 4 6
Num. Layers

0.5

0.6

0.7

0.8

0.9

1.0

P
os

t-
A
da

pt
at

io
n

A
cc

ur
ac

y

MAML

KFO

Omniglot

Meta-optimizers are most effective with shallower models.

Meta-optimizers outperform MAML on 2-layer CNNs.

See our paper for more details, including:

• Theoretical analysis of 1D linear and logistic regression.

• Combining ANIL [2] with Meta-Optimizers.

• Why collapsing extra linear networks fails.
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Solutions
• Use larger deeper models: current go-to solution, undesirable in compute-

limited environments.

• Add extra linear layers on top of the mode: simple, universal, works 

decently but incurs small performance penalty.


• Move optimization parameters to a KFO meta-optimizer: best performance, 
lightweight post-adaptation, but expensive during meta-training.

Failure Mode
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Linear ClassificationMAML fails to meta-learn with shallow 
models, even though they have sufficient 
capacity to solve all tasks.


However, meta-learning succeeds when over-
parameterizing the models (with linear layers) 
without changing their original capacity.

Why?

Insights
• Theoretical analysis on 1D shallow and deep models shows that:


• deep models are required for meta-learning, because

• the upper layers of the model facilitate (meta-)optimization.


• We can interpret those upper layers as “meta-optimizers that work from the 
inside” as they learn to modify the adaptation gradient of lower layers.


• We empirically verify this theory on linear & logistic regression, and with 
deep network architectures.

Summary
We take a closer look at Model Agnostic Meta-Learning (MAML) and show  
that it requires depth — shallow models fail because they lack parameters to 
shape the gradients during fast adaptation.


• Surprisingly, MAML fails to adapt on very simple tasks even with a model  
expressive enough to solve them perfectly; but, an over-parameterized 
model succeeds.


• Our analysis shows that this is because upper layers meta-learn update 
functions for the bottom layers.


• We propose three solutions to combat this issue:

1. Using deeper non-linear models,

2. Adding extra linear (collapsable) layers at the end of the model,

3. Training with KFO (Kronecker-Factored Optimizer), a new meta-

optimizer which scales to large deep networks.

• Empirically, we compare all three approaches and conclude that adding 

linear layers is a simple solution that almost matches meta-optimizers, 
while also enabling control of the model size post-adaptation.

The MAML [1] objective is simply expressed as:


where:


•  the parameters to be learned,

•  a task index,

•  the loss associated with a task.


Intuition: MAML tries to meta-learn parameters that can be quickly adapt to 
any task from your training distribution.
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ŷ

<latexit sha1_base64="OlwHM8dZuMCs411uVApKafm+31g=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE0WPRi8cK9gPaUDbbTbt0swm7EyGE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu5nfeeLaiFg9YpZwP6IjJULBKFqp0x9TzLPpoFpz6+4cZJV4BalBgeag+tUfxiyNuEImqTE9z03Qz6lGwSSfVvqp4QllEzriPUsVjbjx8/m5U3JmlSEJY21LIZmrvydyGhmTRYHtjCiOzbI3E//zeimGN34uVJIiV2yxKEwlwZjMfidDoTlDmVlCmRb2VsLGVFOGNqGKDcFbfnmVtC/q3mX96uGy1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPH7RZj9I=</latexit>

x

<latexit sha1_base64="WHVAHPzrZdjE0jnRU9jMkSMk9QE=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIosuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt659WLu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucP/9GRJA==</latexit>

ŷ
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