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Background Experiments

Framework
Motivation

Ø Learning to Learn (L2L) aims at an automatic optimization algorithm 
(optimizer) modeled by neural networks to learn rules for updating the 
target objective function.

Ø Unlike hand-engineered algorithms, neural optimizers may suffer from the 
instability issue: under distinct but similar states, the same neural optimizer 
can produce quite different updates.

Our solution: Stabilize the neural optimizer with 
smooth regularization!

Experiments
Image Classification
Ø MNIST

Ø CIFAR10

Few-Shot Learning
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Key Component
★ Training the optimizer: 
Approximate the solution by 
Projected Gradient Descent

𝑠! = Π𝔹($,&)(sign(∇$!𝑅)+𝑠!)

★ Smooth regularizer: 
Minimize the gap under the 
worst-case 
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Ø Comparison with other regularizers
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`2 Regularization

Orthogonal Regularization

Spectral Normalization
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Conclusions
Ø We propose a regularization term for neural optimizers to enforce similar 

parameter updates given similar input states.
Ø Extensive experiments show that the regularizer can be combined with 

different L2L structures and consolidate its effectiveness on various tasks.
Ø Training a powerful optimizer that can generalize to longer horizon can be a 

potential future direction.

(a) & (d) show the compatibility of our proposed regularizer; (b) & (e) demonstrate 
performance for training LeNet of 200 steps; (c) & (f) extend it to 1000 steps.

(b) (c)

(d) (e) (f)

(a) & (d) show 10K-step optimization of ResNet-18; (b) & (e) show transferred binary 
classification; (c) & (f) train a ResNet-18 on CIFAR100.

(a) (b) (c)

(d) (e) (f)

Ø Comparison with Meta-LSTM

Ø Comparison with SIB


