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(Snoek et al. 2012) URENE bl (Cully et al. 2015)
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et al. 2017; Gardner et al. 2017)
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(Kandasamy et al. 2018; Ramachandram et al. 2018; Jin et al. 2018)
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et al. 2017; Gardner et al. 2017)
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(Kandasamy et al. 2018; Ramachandram et al. 2018; Jin et al. 2018)
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A4+ 4 3 B B FAY 2 M 2% (Graph Convolution
Networks)?
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22 M) eGR4k
Parameters Ranges Optimal
# GC layers {1,2,3,4,5} 5
# FC layers {1,2,3,4,5} 5
# units of GC [10, 100] 48
# units of pooling [10, 100] 50
# units of FC [10, 100] 45
o(.) of GC {ReLU, tanH} tanH
o (.) of pooling {Identity, ReLU,tanH} Identity
o(.) of FC {Identity, ReLU, tanH } tanH
Learning rate [1e-4, le-1] le-4
Dropout [0, 1] 0.0
Penalty coefficient [1e-5, le-1] le-5

Table 1: The optimal surrogate architecture.
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RIRE A AER SRR E

Method CIFAR10 (error)

Rand 0.1342
EA 0.1411
TreeBO (Jenatton et al. 2017) 0.1533
NASBOT (Kandasamy et al. 2018) 0.1209

Ours 0.1078
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