Why Weight Averaging ?
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Stochastic Weight Averaging

n & NN weights {wy, w,, ..., w,,}
« Weight averaging: w = %Z’{‘:l w;
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« Output ¥¥19: f = =31, f(wy)
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Algorithm 1 Stochastic Weight Averaging

Require: v
weights w, LR bounds:a:l, uz:
cycle length ¢ (for constant Iéarning rate ¢ = 1), num-
ber of iterations n
Ensure: wqwa
w <— w {Initialize weights with w}
wswa < W
for: < 1.2....,ndo
o <— (i) {Calculate LR for the iteration}
w — w — aV.L;(w) {Stochastic gradient update }
=~ ~if mod{# c) = 0 then
Figure 2: Top: cyclical learning rate as a function of Mimodels ¢~ /¢ {Number of models}
iteration. Bottom: test error as a function of iteration WSWA % {Update average}
for cyclical learning rate schedule with Preactivation- end if
ResNet-164 on CIFAR-100. Circles indicate iterations end for

corresponding to the minimum learning rates. {Compute BatchNorm statistics for wsws weights}
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PyTorch 1.6 now includes Stochastic Weight Averaging

from torch.optim.swa_utils import AveragedModel, SWALR
from torch.optim.lr_scheduler impoxt CosineAnnealinglR

loader, optimizer, model, loss_fn = ...
swa_model = AveragedModel (model)
scheduler = CosineAnnealinglR(optimizer, T_max=100)

swa_start = 5

swa_scheduler = SWALR(optimizer, swa_lr=0.05)

for epoch in range(100):
for input, target in loader:
optimizer.zero_grad()
loss_fn(model (input), target).backward()
optimizer.step()
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DNN weights ® if epoch > swa_start:
swa_model . update_parameters(model)

swa_scheduler.step()
else:
scheduler.step()
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torch.optim.swa_utils.update_bn(loader, swa_model)
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preds = swa_model (test_input)
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Figure 5: Ls-regularized cross-entropy train loss and test error as a function of a point on the line connecting SWA
and SGD solutions on CIFAR-100. Left: Preactivation ResNet-164. Right: VGG-16.
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Support in PyTorch and Lightning

« £, 1 AE2E1EL SWA 1l

- B ¥ pre-trained model F§ SWA 8 241 epochs HioJ !


https://pytorch.org/blog/pytorch-1.6-now-includes-stochastic-weight-averaging/
https://pytorch-lightning.readthedocs.io/en/stable/api/pytorch_lightning.callbacks.StochasticWeightAveraging.html
https://github.com/wenet-e2e/wenet

