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Model's
predictive Posterior
distribution distribution

p(y/Data) = [ p(y|0)p(fIData)d)  Inference algorithm
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Model's
predictive Posterior
distribution distribution
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a-divergence

Da(pllq) =

[Amari, 1985].

Jo (ap(6) + (1 — a)a(6) — p(6)*4(0)'"") d6

a(l —a)
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a-divergence

Jo (ap(6) + (1 — a)a(6) — p(6)*4(0)'"") d6
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[Amari, 1985].
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q tends to fit a mode of p q tends to fit p globally
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Figure source: [Minka, 2005].
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a-divergence

Jy (ap(8) + (1 = a)a(6) — p(6)*q(6)'~*) dB

Da(pllq) =

a(l —a)
[Amari, 1985].
«
q tends to fit a mode of p q tends to fit p globally
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Variational Expectation
Bayes (VB) propagation (EP)

KL(q|lp) KL(pllq)

Figure source: [Minka, 2005].
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Figure source: [Minka, 2005].

13



Variational Bayes

Jlim Da(pllg) = KL(q|lp) = —Eqllog p(6)] — H[g]
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Variational Bayes

lim Da(pllq) = KL(qllp) = —Eqllog p(6)] — HId]
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Variational Bayes

lim Dao(pllq) = KL(ql|p) =
a—0

<Eqllog p(6)]

Approximated
by Monte Carlo

H(q]
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Variational Bayes

Approximated
by Monte Carlo

—Eg[log p(0)])- H[q]

lim Da(pllq) = KL(gllp) =

There are automatic (black-box) tools for minimizing this objective using
e Stochastic optimization.
e Automatic differentiation.

[Kucukelbir et al., 2015, Ranganath et al., 2014, Salimans et al., 2013].
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Variational Bayes

Approximated
by Monte Carlo

—Eg[log p(0)])- H[q]

lim Dao(pllq) = KL(ql|p) =
a—0

There are automatic (black-box) tools for minimizing this objective using
e Stochastic optimization.
e Automatic differentiation.

[Kucukelbir et al., 2015, Ranganath et al., 2014, Salimans et al., 2013].

Can we have similar tools for other values of &?
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Local a-divergence minimization (Power EP)

Approximates

[Minka, 2004]

p(8) o< po(0) [Ty f(6)

with

q(0) o< po(0) [T, #(0)
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Local a-divergence minimization (Power EP)

Approximates

p(8) o< po(0) [Ty f(6)

with

q(0) o< po(0) [T, #(0)

[Minka, 2004]

p(8) < po(0)

f1(0) f2(0) f3(0) q) < po(0) f1(8) f2(0) f3(0)
CCOeIcH I ™




Local a-divergence minimization (Power EP)

Approximates | p(8) o po(8) [TN_; () | with | q(8) o po(0) TV, 7(8)

[Minka, 2004]

p(0) < po(0) f1(0) f2(0) f3(0) q®0) o< po(0) f1(0) f2(0) f3(0)
[ —r S e v R | 1L Il Il ]

The f, are tuned by minimizing the local a-divergences

pn(0)

D f =1,...,N h
a[anq] orn ) ) 9 wnere q(e)
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The Power-EP approximation to the evidence is given by

N
1 f(0)\
log Zpep = log Z4 + —logE4 KN ) ] ,
nz::l a ()
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The Power-EP approximation to the evidence is given by

o Zoen = o Zy+ 3 Llog, [ ()]

n=1

The power-EP solution for g can be obtained by solving

N
max min log Zpgp subject to (@ H

q iy n=1
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The Power-EP approximation to the evidence is given by

o Zoen = o Zy+ 3 Llog, [ ()]

n=1

The power-EP solution for g can be obtained by solving

N
max min log Zpgp subject to q(0) = po(O H

q iy n=1

Solved with double-loop algorithm  [Heskes et a., 2002].
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The Power-EP approximation to the evidence is given by

o Zoen = o Zy+ 3 Llog, [ ()]

n=1

The power-EP solution for g can be obtained by solving
N
max min log Zpgp subject to q(0) = po(O H

9 f,..fy

Solved with double-loop algorithm [Heskes et al., 20021. ToO slow in practice!

6
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Main contribution

p(0) < po(6)

COeB ~ l

p(0) <  po(6)

C e ~ |

f1(0) f2(0) f5(0)

f1(0) 12(0) f5(0)

q(0) o< po(6)

f1(0) f2(0) f3(0)

We tie the factor
approximations

q(0) o< po()

b
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Main contribution

p(0) o< po(8) f1(0) f2(0) f3(6) q@) o< po(8) f1(0) f2(8) f3(0)
| — S e v [ [ Il 1l ]

‘We tie the factor
approximations + + +
p(0) o< po(8) f1(0) f2(0) f3(6) q(0) < po(0) fen

COecBc ~ [ ][ ][ ][ ]

e max min problem — max problem, no double-loop needed!
9 f,.fy q
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Main contribution

p(0) o< po(8) f1(0) f2(0) f3(6) q@) o< po(8) f1(0) f2(8) f3(0)
| — S e v [ [ Il 1l ]

‘We tie the factor
approximations + + +
p(8) o< po(8) f1(0) f2(0) f3(6) q(0) < po(0) fen

COecBc ~ [ ][ ][ ][ ]

e max min problem — max problem, no double-loop needed!
9 f,.fy q

e Memory saving scales as O(N).
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log Zy + SN | LlogE,

l

log Z, + SN 1 = log Eq
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0,...
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Stochastic estimate of the objective for automatic, scalable inference.
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Stochastic estimate of the objective for automatic, scalable inference.

Biased estimator!



Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian

Alpha = -1.00
\L VB EP
T T T T T
-1.0 -0.5 0.0 0.5 1.0
Alpha
Predictive distribution Example with 2D Gaussians
o — Ground truth — Exact Posterior
] —— Mean predicitions — Approximation
3 standard deviations
9‘,
S,
o~

Z7] 5
- E

=N

1

IS

1

(=]

3

1

o

$-

-4 -2 0 2
X Weight 1

9/13



Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian

Alpha = 0.51
VB EP
T T T T T
-1.0 -0.5 0.0 0.5 1.0
Alpha

Predictive distribution

—— Ground truth
—— Mean predicitions
~~~~~ 3 standard deviations

Weight 2

Example with 2D Gaussians

— Exact Posterior
— Approximation

Weight 1

9/13



Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Regression with neural networks and 2D Gaussian
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Harvard clean energy project. Data from 60.000 organic photovoltaics.

Bayesian neural networks, 2 hidden layers with 400 units each.
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Harvard clean energy project. Data from 60.000 organic photovoltaics.

Bayesian neural networks, 2 hidden layers with 400 units each.

Table: Average Test Error and Test Log-likelihood.

a=1.0 (EP) a=0.5 a=0 VB
Avg. Error 1.2840.01 1.08+0.01 1.13+0.01 1.14+0.01
Avg. Log-likelihood -0.93+0.01 -0.74+0.01 -1.394+0.03 -1.38+0.02
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|0a=1.0(EP) @a:as @®a=0(VB) X VB

-3.08 -0.73
-2.50 -3.09 4
-0.74
-3.10 4
-3.11 4 -0.75
-2.55 4
-3.12 4
-0.76

-3.13 4

The value ao = 0.5 seems to
be consistently better than
a=1(EP) or a =0 (VB).

-2.60 - -3.14 -0.77
-3.15 4
-0.78
-3.16
-2.65

average test log-likelihood

-3.17 -0.79
boston concrete energy
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a=0.>5 Variational Bayes

Training Data for Bi-modal Problem Predictions alpha = 0.5

Predictions alpha = 0
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Depeweg et al. [2016]
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Take home message

Black-box a-divergence minimization...

@ generalizes VB and an EP-like algorithm.
@ better than any of them in prediction problems with neural nets.

© straightforward to apply in very complex models.

e Important applications in
probabilistic programming to
go beyond MCMC and VB.
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Average Bias in the Gradient.
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Multi-class classification

Bayesian neural networks, 2 hidden layers with 400 units each.

Table: Average Test Error and Test Log-likelihood in MNIST.

MNIST a=1.0 a=0.5 a=0 VB a=—1.0
Error 0.0151+0.0001 0.0144+0.0001 0.0136+0.0001 0.0136+0.0001 0.0133-£0.0001
Log-likelihood -0.0551+0.0004 -0.0509+0.0003 -0.0468+0.0002 -0.0468+0.0002 -0.0447-+0.0002
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