
VARIATIONAL APPROXIMATIONS IN
SEMIPARAMETRIC REGRESSION

Matt Wand
University of Wollongong, AUSTRALIA



VARIATIONAL APPROXIMATIONS IN
SEMIPARAMETRIC REGRESSION

Matt Wand
University of Wollongong, AUSTRALIA

(joint with Peter Hall (Uni. Melbourne)

and John Ormerod (Uni. Wollongong))

1



New South
Wales

Victoria

Queensland

South
Australia

Western
Australia

Tasmania

Northern
Territory

●● Sydney

2



New South
Wales

Victoria

Queensland

South
Australia

Western
Australia

Tasmania

Northern
Territory

●● Sydney
●●

WOLLONGONG

3



4



First...

Primer on Variational Approximation
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‘Undergraduate’ Variational Approximation



‘Undergraduate’ Variational Approximation

Consider the
Bayesian Poisson regression model

[yi|β] ind.∼ Poisson(exp(β0 + β1x1i + . . . + βkxki))

Prior on regression coefficients: (β0, . . . , βk) ∼ N(0, F ).



‘Undergraduate’ Variational Approximation

Consider the
Bayesian Poisson regression model

[yi|β] ind.∼ Poisson(exp(β0 + β1x1i + . . . + βkxki))

Prior on regression coefficients: (β0, . . . , βk) ∼ N(0, F ).

Matrix notation:

p(y|β) = exp{yT Xβ−1T exp(Xβ)−1T log(y!)}, β ∼ N(0, F )
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The log marginal likelihood is (ignoring constants):

log p(y) = log
Z

Rp
p(y|β)p(β) dβ
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Next...

A Bit About Semiparametric Regression

8



9



age in years

sp
in

al
 b

on
e 

m
in

er
al

 d
en

si
ty

 (
g/

cm
2 )

0.6

0.8

1.0

1.2

1.4

10 15 20 25

●

●

●

●

●

●

●

●

●

● ●
●

● ●

● ●
●

●
●

●

●

●
● ●

●

●

● ●

● ● ● ●

● ●
●

●

● ●

● ●

●
● ●

●

● ● ●

●

● ● ●
● ●

●

●
● ●

●

● ●●
● ●

●

●
● ●

●

●

● ●

● ●
●

●

●
● ●

●

●

●

●

●

●

●

●

●
●●

● ● ●

●

●

●

●

●
● ● ●

● ●

● ● ● ●

● ●

● ●

●

●

●

● ●

●

●

●

●

●

●
●

Asian

●
●

●●
●

●

●
● ●

●
●

●
●

●

●

●
● ●

● ● ●
●

●

●

●
●

● ● ● ●
●

●

● ●
●

●

●

●

●

●

●

●

●

●

●

●

●
●

●●

● ●
●

●

●

●

● ●

●●
●

●

●
●

●

● ● ●●

●

●

●

●

●

● ●

● ●

●

●

●

●

●

●

●
●

●
●

●

●

●
● ●

●

●

●
●

●

●
●

●

●

●

●

●

●

●

●

●

●

● ●●

● ● ●

●

●

●

●

●

● ● ● ●

●

●

●

●

●

● ●

● ●

● ●

●

●

●

●

●

●

●

●

●

●
●

● ●

Black

●
● ● ●

●

●● ● ● ●●
●

● ●

● ●
●

●
●

●

●

●

●
● ●

●
●

●
●

●

● ●
●

●

●
●
●

●

●
● ●

●
●

● ● ●

●

●

●

●

●

●

●

●

●

●

●

●
● ●

●

●
● ●

●

●
●

●

●● ● ●

●●

● ●

●
● ●

●
●

● ● ●

●

●

●

●

●

●

● ●

●
●

●

●
●

●
●

●

●
●

●

●

●

●

●

●

●

●

Hispanic

10 15 20 25

0.6

0.8

1.0

1.2

1.4

●

●

●

●

●

●

●

●

●
●

●

●

● ●

●
●

●
● ●

●
●

●
● ●

●

●

● ●
●

●

●
●

●
● ●

●
●

●
●

●

●

●

●

●
●

●

●

● ●

●
● ●

●

●
●

●

●

● ●
● ●

●

●

●

●

●
● ●

●

●

●
● ●

● ● ●
● ● ● ●

●
●

●

●

●

●

●

●
● ●

● ●
● ●

● ●●

●
●

● ● ●●

●

●

●

●

●

●

●
●

● ● ●

●

●

●

●

●

●
●

●
●

●

●

●

●

●

●

●

●

●

●

● ● ●

●
● ●

● ●
● ●

●

●

● ●

● ●
● ●

● ●

●

●

●

●
● ●

●● ●

●

●
● ●

White

10



Approximate 95% Conf. Int. for Contrasts
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Mixed Model Framework

Previous analysis was done completely using
linear mixed models

y = Xβ + Zu + ε

[
u

ε

]
∼ N

([
0
0

]
,

[
G 0
0 R

])
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Tricking Mixed Models to do Smoothing

yi = β0 + β1xi +
K∑

k=1

uk(xi − κk)+ + εi
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Other Bases

We often replace (x− κk)+ by nicer zk(x):

f(x) = β0 + β1x +
K∑

k=1

ukzk(x)

with

uk i.i.d. N(0, σ2
u)

Particularly nice zk(x) are those arising from O’Sullivan Statist. Sci.
(1986) (see e.g. Wand & Ormerod, Aust. N.Z. J. Statist., 2008).
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