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O “How can Gaussian processes possibly replace neural networkse Have
we thrown the baby out with the bathwatere” [MacKay1998]
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Bayesian Learning for Neural Networks [Neal 1996]
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Gaussian process regression network [Wilson et al., 2012]
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RMSE Runtime(s)
Datasets n d
GP DNN DKL DNN DKL

RBF SM best RBF SM RBF SM
Gas 2,565 128 0.2140.07 0.1440.08 0.1240.07 0.1140.05 0.11+0.05 0.094+0.06 7.43 7.80 10.52
Skillcraft 3,338 19 1.26+3.14 0.2540.02 0.2540.02 0.254+0.00 0.254+0.00 0.254+0.00 15.79 1591 17.08
SML 4,137 26 6.9440.51 0.2740.03 0.2640.04 0.2540.02 0.24+0.01 0.234+0.01 1.09 1.48 1.92
Parkinsons 5,875 20 3.944+1.31 0.00+0.00 0.00+0.00 0.31+0.04 0.2940.04 0.2940.04 3.21 3.44 6.49
Pumadyn 8,192 32 1.0040.00 0.2140.00 0.204+0.00 0.2540.02 0.24+0.02 0.2340.02 7.50 7.88 9.77
PoleTele 15,000 26 12.64+0.3 5.4040.3 4.3040.2 3.4240.05 3.2840.04 3.114+0.07 8.02 827  26.95
Elevators 16,599 18 0.124+0.00  0.090+£0.001  0.08940.002 0.099+0.001 0.084+0.002 0.084+0.002 8.91 9.16 11.77
Kin40k 40,000 8 0.3440.01 0.1940.02 0.06+0.00 0.1140.01 0.05+0.00 0.034+0.01 19.82 20.73 24.99
Protein 45,730 9 1.64+1.66 0.5040.02 0.47+0.01 0.4940.01 0.46+0.01 0.434+0.01 142.8 154.8 144.2
KEGG 48,827 22 0.33£0.17 0.1240.01 0.1240.01 0.1240.01 0.11£0.00 0.104+0.01 31.31 34.23 61.01
CTslice 53,500 385 7.13+0.11 2.21+0.06 0.5940.07 0.4140.06 0.36+0.01 0.344+0.02 36.38 44.28 80.44
KEGGU 63,608 27 0.2940.12 0.1240.00 0.1240.00 0.1240.00 0.114+0.00 0.114+0.00 39.54 42,97 41.05
3Droad 434,874 3 12.8640.09 10.3440.19 9.90+0.10 7.36+£0.07 6.91+0.04 6.914+0.04 238.7 256.1 292.2
Song 515,345 90 0.5540.00 0.4640.00 0.4540.00 0.4540.02 0.44+0.00 0.434+0.01 517.7 538.5 589.8
Buzz 583,250 Yt 0.884+0.01 0.51+0.01 0.5140.01 0.494+0.00 0.48+0.00 0.464+0.01 486.4 523.3 769.7
Electric 2,049,280 11 0.230+£0.000 0.0534£0.000 0.053+0.000  0.0584+0.002 0.050+£0.002 0.048+0.002 3458 3542 4881
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| Layer | convl | pooll | conv2 | pool2 | full3 | full4 | fulls | full6 |

kernel size | 5xb 2%2 HXH 2%2
stride 1 2 1 2 - - - -
channel 20 20 50 50 1000 | 500 50 2
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| Layer | convl | pooll | conv2 | pool2 | full3 | full4 | fulls | fulle |

kernel size | 5x5H 2%2 HxXH 2%2
stride 1 2 1 2 - - - -
channel 20 20 50 50 1000 | 500 50 2
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