Automated Learning Rate Scheduler for Large-Batch Training brain

Chiheon Kim! Saehoon I<im1,Jongmin Kim?!, Donghoon Leel, Sungwoong Kim!

1 : : :
Kakao Brain, Seongnam, Korea () https://github.com/kakaobrain/autowu
L 4
Summary Experiments
* Choosing a proper learning rate (LR) and its schedule is essential in % Baseline vs. AutoWU on image classification benchmarks
large-batch training. (baseline = good-working small-batch tuning + square-root scaling law + gradual warmup)
* LR scaling rule and gradual LR warmup has been shown to be ' _ N _
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MEthOd Comparison of validation accuracy (%): LR and loss curve plots (ImageNet - ResNet-50):
AutoWU achieves a comparable performance to the baseline for all batch sizes.  Interestingly, the automatically found starting LR of the
AutoWuU: (1) Wa rmup + (2) Decay phases decay phase of AutoWU is similar to the peak LR of the

baseline.

- Warmup: Exponential schedule from a very small value (1e-5) . .
* Ablation on hyperparameters regarding the warmup schedule

- Decay: Cosine or Constant-then-cosine (cosine decay in the last 20% epochs)
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LR, loss, validation accuracy plots (baseline, linear, and exponential): Py TR e[l
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epoch t*t epoch Linear warmup schedule is sensitive to the choice of the growth rate (or Performance of AutoWU does not vary much w.r.t. p,,
. . equivalently, maximum LR) and shows unstable training dynamics, compared (which determines the growth factor), and the relation
Automatic Phase Transition: . e
to the exponential schedule. between the found LR and batch size is similar to that of
- GP-based online detection of the minimum loss: max P/(f(s) < /(1)) > 0.95 square-root scaling law.
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