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>R 2T % (Gradient Descent)
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loss function value in training

Training ResNetl18 on CIFAR100 dataset with Algorithm 1
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Algorithm 1 Implicit Graduated Optimization

Require: ¢,z € B(mg :301),m1 > 0,b1 € [n],v>0.5
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form=1toM + 1do
if m # M + 1 then
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Algorithm 2 Gradient Descent

Require: Tm,d‘:gm), ﬁgm,n >0
fort=1to T, do
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end for
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