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CAN WE INCREASE THE BATCH SIZE
INDEFINITELY?




IN TERMS OF IMAGES / SECOND?
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IN TERMS OF STEPS TO CONVERGENCE?

There are limits
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(d) ResNet-50 on ImageNet
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(e) ResNet-50 on Open Images
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(c) ResNet-8 on CIFAR-10
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(f) Transformer on LM1B
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neural network training. arXiv:1811.03600
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IN TERMS OF STEPS TO CONVERGENCE?
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LARGE MINIBATCH AND ITS IMPACT ON
ACCURACY




IMPACT ON ACCURACY

Naive approaches lead to degraded accuracy
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0.8 ImageNet by ResNet50 without Data Augmentation 0.8
- T T I T .
— Batch=16k, LARS : : — Batch=32k, LARS : :
0.7L| — Batch=16k, no LARS| ... . b =T IO AN _ 0.7L| — Batch=32k, no LARS| ... ... . et AR _
— Batch=256 : : — Batch=256 :
06L i 06l NN A ..................... i
. U :
g 0.5L g 05k ....................
&) o .
b-{ & ;
o 04b e SIN w 04
] vl :
K A |
= 0.3F = 0.3 :
o o :
2 2 |
02 M ] o2 LN A N o ]
o T A T | O S S U ] )51 1 A U UOr 4.V L RO L1 A" 1 | DO SR | KO ..................... 1
0.0 i i i i 0.0 i
0 20 40 60 80 100 80 100

Epochs Epochs

DEEP

You, Y., Zhang, Z., Hsieh, C., Demmel, J., & Keutzer, K. (2017). ImageNet training in minutes. arXiv: 1709.05011 N> e



https://arxiv.org/abs/1709.05011

IMPACT ON ACCURACY

Naive approaches lead to degraded accuracy
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generalization gap in large batch training of neural networks. arXiv:1705.08741
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IMPACT ON ACCURACY

Why? Generalization and flatness of minima?
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Flat Minimum

Keskar, N. S., et al. (2016). On large-batch training for deep learning: Generalization gap and sharp minima.
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IMPACT ON ACCURACY

Why does it happen? Noise in the gradient update.
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Keskar, N. S., et al. (2016). On large-batch training for deep learning: Generalization gap and sharp minima.
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IMPACT ON ACCURACY
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Figure 3: The 1D and 2D visualization of solutions obtained using SGD with different weight decay
and batch size. The title of each subfigure contains the weight decay, batch size, and test error.
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