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Dropout: [This paper]

posterior by sampling

Multiplying bernoulli noise
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Regression: Maximum Likelihood

ylw ~ N(f(w, x), s)




Regression: Maximum a Posteriori

regularization w~N(O, s,)

ylw ~ N(f(w, x), s)
wly ~ N(Wmap, S.)
Ymn /¢ Wm




Regression: Full Bayesian

~N(O, s,)
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| heard you like priors ...

e ~ Exp(a)

w ~N(O, es,)

ylw ~ N(f(w, x), 5)
wly ~ N(Wmap, S,)
Ymn /¢ Wm
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| heard you like priors ...

multiplicative noise € ~ Exp(a)

Ymn /¢

w ~N(O, es,)

ylw ~ N(f(w, x), 5)

wly ~ N(Wmap, S,)
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Gaussian Scale Mixture, 'shrinkage prior’

Laplace distribution / L1 Reg.
w ~N(0, s,) Exp(a)

ylw ~ N(f(w, x), s)

wly ~Nw__,s)

map’ n




Dropout == GSM

Let’s assume a Gaussian prior on
the NN weights. ..

fl(hn,z—1{\le‘)

Definition of a

Gaussian Scale Mixture

¢ SWITCH TO HIERARCHICAL ¢

PARAMETRIZATION

fi(h, -1 W)
Wi 5 N(Oa)‘zz,iag)



A Generalization of Dropout

Noise Model Variance Prior | Marginal Prior
p(§) p(€?) p(w)
Bernoulli Bernoulli Spike-and-Slab
Gaussian x> Gen. Hyperbolic
Rayleigh Exponential Laplace
Inverse Nakagami =t Student-t
Half-Cauchy Unnamed Horseshoe

Table 1. Noise Models and their Corresponding GSM Prior.
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ResNet: Automatic Depth Determination
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Figure 2. Posterior Structure.



Test Set RMSE

Dropout | Prob. Backprop | Deep GP ARD ADD ARD-ADD
Boston 2.80 +.13 2.795 +.16 238 +.12 || 2.158 +.20 | 2.343 +.31 | 2.367 +.18
Concrete 4.50 +.18 5.241 +.12 4.64 +.11 3.805 +.28 | 4.084 +.34 | 3.761 +.23
Energy 0.47 +.01 0.903 +.05 0.57 +.02 0.852 +.01 | 0.867 +.11 | 0.853 +.08
Kin8nm 0.08 +.00 0.071 +.00 0.05 +.00 || 0.066 +.01 | 0.064 +.00 | 0.064 +.00
Power 3.63 +.04 4.028 +.03 3.60 +.03 3.486 +.10 | 3.290 +.06 | 3.236 +.07
Wine 0.60 +.01 0.643 +.01 0.50 +.01 || 0.561 +.03 | 0.555 +.01 | 0.538 +.03
Yacht 0.66 +.06 0.848 +.05 0.98 +.09 0.691 +.12 | 0.657 +.14 | 0.604 +.16
Avg. Rank 4.4 +1.7 2.6 £0.5 3.1 £1.8 3.0 £11 2.9 +10 2.0 +11




