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Bayesian deep learning

Notations:

e D: Dataset
e O: Neural network parameters
e x: Inputs

e y: Outputs

We want to compute p(y | x,D) = [ p(y|x,0)p(0|D)d 6,
D[6)p(6
where p(0| D) = %.



Anchored ensembles [Pearce et al., 2020]

Training: Ensemble of N neural networks such that 87 ~ p(@|D).

Prediction: p(y|x,D)~ L >V p(y|x,6).



Anchored ensembles

Idea: Inject noise in the training procedure for the optima
to be sampled from the Bayesian posterior

Anchored Ensembling
for iin1,..,N do
Oanc.i ~ p(0) (Sample anchor)
Oinit,i < init() (Initialize NN)
GT < arg maxg p(D l 0)panc,i(0)
end for

where panc.i = N (Oanc,is Lprior)-



Anchored ensembles

Hypotheses:

e Normal prior: p(0) = N (Kpiers Zprior)

e Normal likelihood p(D | 0) (also works for classification in practice)

f Bane ~ p(6) then 6° = arg maxy p(D | 0)panc(68) ~ p(6 D)
(approximately).




Anchored ensembles

Training an ensemble is computationally expensive.
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Sequential Anchored ensembles

’ If @anc,i is close to @anc,i—1, then 67 is close to 6} ; ‘

Sequential Anchored Ensembling (SAE) Allow to build larger
[ W ul

Oanc.1 ~ p(0) (Sample first anchor) ensembles that AE

Oinit,1 < init() (Initialize NN)
HI — train(ganc,l; Binit,l) (Long)
for i in2,..,M do

Oanc,i < mcme_step(Banc,i—1)

e SAE ensemble's
members are correlated

e Can run SAE multiple

Oinit.i — 07, times to benefit from
) I—

07 « train(Banc.j; Oinit.;) (Short) different initializations
end for



Train loss

ored ensembles
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Guided-walk Metropolis-Hastings

For SAE to work well, we need:

e O.nci+1 close to Oync ;i (short training)

® Ounc(1,..,m) covers p(@) well

Guided walk Metropolis-Hastings [Gustafson, 1998]
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Guided-walk Metropolis-Hastings

Guided walk Metropolis-Hastings
y <~ eanc,ifl + d,',1|2|, z ~ N(O, Ustep)
Q< min (P(ol;(c},/i)fl)-/ 1)
u~Uu0,1)
if u <« then
Oanc,i < Y
d,' — d,',l
else

oanc,i — 0anc,i—1
di < —di_1
end if



Guided-walk Metropolis-Hastings

e Should be as
small as
possible

e Should span
the prior — we
can verify this!

How to choose ogtep ?

() ostep = 0.01 (b) Tetep = 0.02

(C) Ustep =0.03 (d) Ustep = 0.05
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Order of magnitude

Number of members in the ensemble

(a) 1000 epochs (b) 10,000 epochs
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Cifar10 Resnet | Cifarl0-C Alexnet IMDB DermaMNIST | UCI-Gap

Ag. TV Ag. TV Ag. TV Ag. TV Wa
1000 AE | 0.849 | 0.201 | 0.726 0.262 0.892 | 0.109 | 0.877 | 0.104 | —0.148
epochs | SAE | 0.856 | 0.176 | 0.772 0.212 0.887 | 0.110 | 0.880 | 0.098 | —0.178
10,000 | AE | 0.862 | 0.199 | 0.746 0.236 0.926 | 0.086 | 0.897 | 0.089 | —0.137
epochs | SAE | 0.903 | 0.133 | 0.787 | 0.200 0.916 | 0.099 | 0.893 | 0.086 | —0.185
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Summary

Mail: a.delaunoy@uliege.be Twitter: @ArnaudDelaunoy
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