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Algorithm 1: Stochastic Weight Averaging for RL

Parameters : Model parameter 6 € RP

Require : 1: Learning rate, ¢: Steps, £(0): loss
function, ¢: Cyclic period for SWA

Ensure : Initialize 0 as 6y ,and Oswa as 0o

while end of training do
// Get learning rate n w.r.t ¢
1 < LR-Scheduler(?) ;
Forward and Backward ;
// Update model parameter 6; by using gradient
Ory1 = Or —nL(6t) 5
if t mod ¢ = 0 then
// Update 6sya once every c training steps

Nmodels — 'L'/C ;

Oswa X Nmodels +01+1
6 ¢ Yowa models .
swa Niodels+1 ’
end
end
Return : Oswa
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1: Average cumulative rewards of A2C for CartPole
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