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Bayesian Deep Learning

Compute averages over the samples from the
posterior distribution
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Approximate Bayesian Inference

Convert Bayesian inference to an optimization
problem using Variational Inference (VI), and then
use gradient-based methods for optimization

Bayes by Backprop (Blundell et al. 2015), Practical VI (Graves et al. 2011), Black-
box VI (Rangnathan et al. 2014) and many more....
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Approximate Bayesian Inference requires more
computation, memory, and implementation
effort than MLE

natural-gradients
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Maximum Likelihood Estimation (MLE)

N
mQaX; ogp( \ ) Log-likelihood

RMSprop for MLE
0 < u

g < ﬁ Z Vy logp(DZ-]é’) Backprop on minibatches

s« (1—P5)s+ Bg? Scale vector (gradient-magnitude)
)
U< U+ o \/g T Adaptive gradient update
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Gaussian Mean-Field Variational Inference

p(@) — N(O, [/)\) Known prior precision

p(0|D) =~ q(0) = N(pu,0°)  Covariance matrix = diag(c?)

max £(p, 0%) = > Eq[log p(Dil6)] = KL |a(0)|1p(0)]

p,0 —
1=
Data-fit term Regularizer
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MLE vs Gradient-based VI

N
m@ax;bgp(l?@-\@) r;l,igcﬁ o Z]E log p(D;|0)] — KL [CI(H)HP(H)]
RMSprop for Max-likelihood Gradient-based Variational Inference
0 < u
V..
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L log p(D; |6 -
g M;Ve og p(D;|0) M%/HO‘\/;HM
(1= B)s + B¢’ o ota 2ok
i 75, +9
— U+
- a \/g +0 (Graves et al. 2011, Blundell et al. 2015)
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MLE vs Natural-Gradient Vi

RMSprop for Max-likelihood Natural-Gradient VI (khan, Lin 2017, khan, Nielsen 2018)
0 < L 0 < p+e, where e ~ N (0, Ns+ \)

g ﬁZVg log p(D;|0) g < ﬁzve log p(D;0)

s« (1 _25)5+592 s (1—B)s+ B37 > Viglogp(D;|6)

Variational Online-Newton (VON)
Khan et al. 2017
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MLE vs Natural-Gradient Vi

RMSprop for Max-likelihood Natural-Gradient VI (khan, Lin 2017, khan, Nielsen 2018)
0 < L 0 < p+e, where e ~ N (0, Ns+ \)
g ﬁZVg log p(D;|0) g < ﬁzve log p(D;|0)

i v 2
s (1—B)s + Bg s%(l—ﬁ)s—l—ﬂﬁz[Vglogp(D,;]H)

g g+ u/N
¢ <

HE BT TR HERT O TNN

Variational Online Gauss-Newton (VOGN)
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MLE vs Natural-Gradient Vi

RMSprop for Max-likelihood Natural-Gradient VI (khan, Lin 2017, khan, Nielsen 2018)
0 < L 0 < p+e, where e ~ N (0, Ns+ \)
g ﬁZVg log p(D;|0) g < ﬁzve log p(D;|0)
s (1 —Zﬁ)erﬁgZ 5 ¢ (1= B)s + B¢’
g b pta g+Au/N
u%u+a\/§+5 Vs+ AN

Variational RMSprop (Vprop)
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Variational Adam (Vadam)

Adam for Max-likelihood Vadam for VI
0 «— L 0 < p+e, where N(0, Ns + \)
g+ %Y Vglogp(D;|0) g+ 17 ¥ Velogp(D;|6)
s+ (1—pB)s+ Bg” s (1—pB)s+ Bg”
m < (1 —v)m+~g m < (1 —~)m +~y(g+Au/N)
i m/(1— (1 —7)") i = m/(1—(1—7)")
s s/(1-(1-p)") s s/(1-(1-75)"

— u+ rn — Ut mn
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Summary: Uncertainty using Adam

Perturb the weights before backprop.
Choose a small minibatch size.
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Bayesian logistic regression on

0‘—VOGN-1| | T .
“Breast-Cancer” (N=683, D=8)

—Vadam
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As we reduce the
minibatch size,
Vadam gives similar

VOGN performance as

S e | | | VOGN.

S

Error in Posterior Approximation
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1.0 - | I
] — BBVI 1 layer 64 hidden
0.8 l —— Vadam Units with ReLu on
Breast Cancer
3 0.6- —— VOGN IN=683, D=10]
o0
0.2 , WJ Wilm (T .LMHMWMW
0.0+ , ' ' ' VOGN sh
0.0 0.5 1.0 15 2.0 shows fast

Epoch convergence

ing Weight-Perturbation in Adam (Poster #190



Fast and Scalable Bayesian Deep Learning
by Weight-Perturbation in Adam

Poster tonight (Hall B #190)
Code available at https://github.com/emtivaz/vadam/

Also check out “Noisy Natural-gradient as VI” by
Zhang et al. at this conferene
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