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Normalization layer is widely-used technique



Scale-invariant weight
In network with the normalization layers, 
many parameters are scale-invariant.
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Since the normalization removes scale of inputs, 
norm value of some parameters cannot affect output of network.



Scale-invariant weight

Effective step-size

Norm matters: efficient and accurate normalization schemes in deep networks (NIPS 2018)

Norm value of scale-invariant params controls 
effective step-size of optimizers



Auto rate-tuning

Theoretical Analysis of Auto Rate-Tuning by Batch Normalization (ICLR 2019)

Lemma 2.1 (Norm growth of gradient descent) For a scale-invariant
parameter 𝒘 and the vanilla gradient descent with learning rate 𝜂
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where 𝒑 = ∇𝒘𝑓(𝒘), gradient descent

Orthogonality of a scale-invariant parameter

Norm values of scale-invariant parameters slowly increase

It automatically slowdowns effective step-size of scale-invariant params



AdamP
A momentum update with parameter 𝛽 ∈ (0, 1) follows:

Lemma 2.2 (Norm growth by momentum) For a scale-invariant
parameter 𝒘 updated via momentum optimizer, we have
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Norm growth is larger than optimizer without momentum

Significantly slowdowns training of scale-invariant params



AdamP

0

Remove rapid norm growth with projection operation

Projection operation



AdamP
SGD version Adam version



Toy problems
Momentum = 0.9 Momentum = 0.99

• Momentum is beneficial, but norm growth slowdowns step-size
• Our projection enables to use momentum without slowdown problem



Experiments : 6 tasks and 14 datasets



Image recognition
ImageNet classification (Accuracy)

MS-COCO object detection (mAP)



Minimax optimizations
Adversarial training (CIFAR-10)

ReBias training (9 class ImageNet)

ReBias training (Biased-MNIST)



More experiments
Audio classification tasks.

Image retrieval



More experiments

Language model (WikiText-103) Large-batch training (ImageNet)

EfficientNet & ReXNet (ImageNet)



ClovaAI/AdamP: Open source for SGDP / AdamP.

from adamp import AdamP, SGDP

# Usage is exactly same as torch.optim library!
optimizer = AdamP(lr=0.001, betas=(0.9, 0.999), weight_decay=1e-2)
optimizer = SGDP(lr=0.1, weight_decay=1e-5, momentum=0.9, nesterov=True)

• https://github.com/clovaai/adamp

• Easy to use (just replace your Adam to AdamP)

• Works well with the same parameters as default optimizer

• Question & discussion

Poster session 10: May 6, 1 am (PDT)

pip install adamp

Github

https://github.com/clovaai/adamp
https://github.com/clovaai/adamp

