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Input: Training set § £ U, {(2:,¥:)}, Loss function
1: W x X x ¥ = Ry, Batch size b, Step size
> 0, Neighborhood size p > 0,
Output: Model trained with SAM
Initialize weights wo, ¢ = 0;
while not converged do
Sample batch B = {(z1, ), ...(xs, w) };
Compute gradient V., Ls(w) of the batch's training

loss;
Compute &€(w) per equation 2;
Compute gradient approximation for the SAM
objective (equation 3): g = Vi Le(w)|wri(w)i
Update weights: wes = wy — ng;
E=t+1;
end
return w;

Algorithm 1: SAM algorithm

X2 SAM O 7 L= Y X A[4]
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