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Outline of the DeepFace architecture. A front-end of a single convolution-pooling-convolution 
filtering on the rectified input, followed by three locally-connected layers and two fully-

connected layers. Color illustrates feature maps produced at each layer. The net includes more 
than 120 million parameters, where more than 95% come from the local and fully connected 

layers.

Source: DeepFace
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model MSE (train) MSE (test)

mlp (200 iters) 108.5 1185.1

mlp (converged) 24.0 1338.2

gp 59.2 1095.4

deep gp (2) 146.2 833.7

deep gp (3) 182.5 843.6

One hundred hidden nodes, one hundred inducing points
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two Gaussian processes: apply bound recursively



data set 𝑛 𝑝 GP Sparse GP Deep GP

housing 506 13 2.78±0.54 2.77±0.60 2.69±0.49

redwine 588 11 0.72±0.06 0.62±0.04 0.62±0.04

energy1 768 8 0.48±0.07 0.50±0.07 0.49±0.07

energy2 768 8 0.59±0.08 1.66±0.21 1.39±0.49

concrete 1030 8 5.26±0.67 5.81±0.62 5.66±0.62

Regression
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Example: Motion Capture Modelling
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