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Formulation Compression Results on CIFAR-100  Choice of the Objective Function
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Reward Function
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7. MAXPOOL
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10. RELU
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Search with Bayesian Optimization (BO) t evaluated architectures.
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% Gaussian Process (GP) Prior: p(:) : X = R k() : XXX =R

Mean Function Kernel Function Algorithm SketCh SearCh Space Teacher: ResNet-18 Compressed on CIFAR-10 Compressed on CIFAR-100
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