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Variationnal Inference

Given data y , a model p(y ,z) with latent variable z , we want to
approximate the distribution p(z |y). Given a variational distribution qλ, the
following decomposition can be obtained [3]

logp(y)= E
z∼qλ

[
log

p(z ,y)
qλ(z)

]
︸ ︷︷ ︸

ELBO L (λ)

+KL(qλ(z)‖p(z |y))︸ ︷︷ ︸
KL-divergence

. (1)

Using the reparametrization trick [1] with noise parameter X ∼ q and
denoting Xλ = hλ(X ), the inference problem can be rewritten as finding λ∗

such as
λ∗ ∈ argmaxEq

[
f (Xλ)

]
. (2)
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Optimization Procedure

Given a sample (X1, . . . ,XN) of size N, typical Monte Carlo Variational
Inference (MCVI) consists of a Gradient descent at each step k

λk+1 =λk −αk
1
N

N∑
i=1

∇λf
(
Xλk

i

)
︸ ︷︷ ︸

ĝN
MC

. (3)

Gradient descent descent speed crucially depends on the following quantity

E|g |2`2
= trVg +|Eg |2`2

. (4)
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Optimization Procedure

Our approach consists of considering alternative sampling instead of the
traditional MC. Precisely, we consider the optimal quantizer [2] at level N,
XΓN ,λ, resulting in the following gradient descent scheme

λk+1 =λk −αk∇λ
N∑

i=1
ωk

i f
(
XΓN ,λk

i

)
(5)

with ωk
i =P

(
XΓk

N ,λk = xk
i

)
.
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Experiments

104

103

EL
B
O

Frisk( = 5e-02)

107

106

Forest Fires( = 4e-02)
1012

Metro( = 5e-03)

0 50 100 150
time(s)

101

102

103

104

105

106

107

108

109

1010

|g
| 2

0 50 100
time(s)

109

1010

1011

1012

1013

1014

1015 QMCVI
RQMCVI
QVI
RQVI
MCVI

0 200 400 600
time(s)

1013

1014

1015

1016

1017

1018

1019

Figure: ELBO (first row, log scale) and expect gradient norm (second row, log
scale) during the optimization procedure for various models: Poisson Generalized
Linear Model (left), Bayesian Linear Regression (center) and Bayesian Neural
Network (right) as function of time.
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